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ABSTRACT

Drawing meaningful conclusions from inherently multimodal clinical data (including med-
ical imaging) requires coordinating expertise across the clinical specialty, radiology, pro-
gramming, and biostatistics. This fragmented process bottlenecks discovery. We present
VERITAS (Verifiable Epistemic Reasoning for Image-Derived Hypothesis Testing via Agentic
Systems), a multi-agent system that autonomously tests natural-language hypotheses on
multimodal clinical datasets while producing a fully auditable evidence trail: every sta-
tistical conclusion traces through inspectable, executable outputs from analysis plan to
segmentation masks to statistical code to final verdict. VERITAS decomposes the workflow
into four phases handled by role-specialized agents, and introduces an epistemic evidence
label framework that mechanically classifies outcomes as SUPPORTED, REFUTED, UNDER-
POWERED, or INVALID by jointly evaluating significance, effect direction, and study power.
This distinction is critical in medical imaging, where non-significant results often reflect
insufficient sample size rather than absent effects. To evaluate the system, we construct a
tiered benchmark of 64 hypotheses spanning six complexity levels across cardiac (ACDC,
150 subjects) and brain glioma (UCSF-PDGM, 501 subjects) MRI. VERITAS reaches 81.4%
verdict accuracy with frontier models and 71.2% with locally-hosted open-weight models
(8-30B), outperforming all five single-model baselines in both classes. It also produces
the highest rate of independently verifiable statistical outputs (86.6%), so even its failures
remain diagnosable through artifact inspection. Structured multi-agent decomposition thus
substitutes for model scale while preserving the verifiability clinical research demands.

Keywords Multi-Agent Systems - Large Language Models - Hypothesis Testing - Medical Image Analysis -
Statistical Inference

1 Introduction

Medicine advances when clinicians translate bedside observations into formal hypotheses that are tested
and validated in observational studies. Such studies require coordinating special clinical domain knowledge,
patient data curation and analysis, programming, and biostatistics. In the data domain, medical images are
indispensable; they encode rich clinical information, including volumetric measurements, morphological
features, and their associations with patient outcomes. Yet turning these image data into statistically
valid insights, i.e., the gold standard for scientific 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 reflected in larger contrast-enhancing tumors compared to lower-grade gliomas must
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coordinate image segmentation, metric extraction, statistical test selection, and result interpretation across
multiple software tools and disciplinary boundaries. This pipeline bottlenecks discovery and limits who can
participate in image-based research.

Recent advances in large language models (LLMs) and multi-agent systems offer a path toward automating
such workflows. However, applying these systems to medical imaging hypothesis testing poses three chal-
lenges: (i) the pipeline must bridge complex and distinct tasks, including cohort definition (selecting the right
patients from a given dataset), vision (segmenting anatomical structures), computation (deriving biomarkers),
and statistics (selecting, 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 effect detected” from “insufficient power to detect an effect.”

Our main contribution is VERITAS (Verifiable Epistemic Reasoning for Image-Derived Hypothesis Testing
via Agentic Systems), a multi-agent framework inspired by clinician-scientist workflows. With role-
specialized agents (PI, Imaging Specialist, Statistician), VERITAS addresses the above challenges and reaches
the following capabilities:

1. Fully autonomous clinical hypotheses 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, including promptable segmentation models, to derive
quantitative biomarkers directly from raw image data.

3. Auditable and verifiable at each step. VERITAS produces a complete, transparent execution trail.
All results are derived from executable Python scripts and verifiable 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 cardiac 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.

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 categorize/systematize our agentic systems conclusions, we propose the Epis-
temic evidence label framework. Here, we introduce a four-label classification SUPPORTED, REFUTED,
UNDERPOWERED, INVALID that mechanically resolves the epistemic status of a hypothesis from observed
statistics and a smallest effect size of interest (SESOI), without relying on agent judgment. This distinction is
essential for medical imaging benchmarks, where mistaking underpowered subgroup analyses as refutations
inflates apparent accuracy (Sec. 3.3).

A central question is whether a multi-agent system like VERITAS can deliver correct conclusions and verifiable
evidence across increasing complexity; to answer it, we contribute a tiered Evaluation benchmark spanning
six complexity levels, from metadata-only queries (L1) to multivariate survival models (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-effect, 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 [1], cardiac MRI, 150 subjects) and
neuro-oncology (UCSF-PDGM |[2], brain glioma MRI, 501 subjects).

2 Related Work

Recent advances span medical image foundation models, agentic scientific systems, tool-augmented lan-
guage models, and statistical best practices. While each of these directions addresses a component of the
scientific workflow, they have largely evolved independently. Systems that jointly provide vision-grounded
measurement, executable statistical validation, and power-aware evidence calibration remain limited. Our
work aims to unify these elements into a single auditable hypothesis-testing framework.
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Figure 1. VERITAS architecture and evidence flow. Given a natural language hypothesis and dataset, three role-
specialized agents (PI, Imaging Specialist, Statistician) with a Critic collaborate through four phases: (1) collaborative
analysis planning producing a structured plan; (2A) neural segmentation, grounding all evidence in image-derived
masks; (2B) sandboxed code generation and execution yielding statistical outputs; and (3) interpretation of the Phase 2B
statistical outputs in the context of the accumulated workflow history to produce a verdict. The Evidence Classification
Operator (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.

Medical image analysis and vision-language models. Foundation models have greatly advanced medi-
cal image understanding by enabling promptable and generalizable segmentation across anatomies and
modalities. The Segment Anything Model (SAM) [3] introduced a flexible segmentation paradigm using
spatial prompts, subsequently extended to video and concept-based prompts [4, 5]. This paradigm has
been adapted to the medical domain through MedSAM [6], MedSAM2 [7], among others [8], enabling cross-
modality segmentation of anatomical structures. SAT [9] and VoxTell [10] extend prompting beyond spatial
inputs by allowing segmentation targets to be specified using natural language. These text-promptable
models contrast with specialist architectures such as nnU-Net [11], which self-configure per task but require
dedicated training for each new target structure, precluding the flexibility needed for analysis across diverse
anatomical targets.

In parallel, biomedical vision-language models (VLMs) enable multi-modal reasoning over images and
clinical text. BioViL-T [12] exploits temporal relationships in longitudinal radiology data, while LLaVA-
Med [13] supports conversational question answering over biomedical images. BiomedParse [14] unifies
segmentation, detection, and recognition across nine imaging modalities via natural language, and Voxel-
Prompt [15] uses language-guided code generation to analyze 3D medical images—the closest prior work
to an agent-driven imaging pipeline. Despite these advances, prior work primarily operates at the level of
perception (segmentation, retrieval, or question answering) rather than cohort-level scientific inference. In
particular, no existing system derives statistically validated conclusions from image-derived measurements
across patient populations.

LLM:s for scientific discovery and hypothesis testing. Large language models are increasingly used in
scientific workflows, including literature synthesis, hypothesis generation, and experimental planning [16,
17, 18], generally termed the Agentic Science paradigm [19]. Complementary work treats Al scientists as
collaborative systems that combine LLM reasoning with domain-specific tools [20]. Several systems attempt
to automate full research cycles: the Al Scientist [21] automates the ML research lifecycle from ideation
to manuscript; Al Co-Scientist [22] uses multi-agent debate for hypothesis generation with experimental
validation; Robin [23] integrates literature analysis with wet-lab experiments; and DiSciPLE [24] discovers
interpretable programs for scientific visual data. Popper [25] is particularly related: it employs agents for
rigorous hypothesis validation through sequential falsification with formal error control, but operates on
tabular and text data without integrating medical imaging or epistemic power analysis.

A complementary line of work augments language models with external tools and executable programs.
Toolformer [26], ViperGPT [27], ToolLLM [28], CodeAct [29], and Gorilla [30] enable LLMs to call APIs and
write executable code, while the ReAct paradigm [31] interleaves reasoning with tool use. More broadly,
programmatic reasoning, where models generate and execute code rather than reasoning purely in text, has
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been shown to substantially improve reliability for quantitative tasks [32, 33, 29], motivating our code-first
approach to statistical analysis.

In the medical domain, agent-based frameworks such as RadFabric [34], MedAgents [35], MedAgent-
Pro [36], MDAgents [37], AgentMD [38], Agent Hospital [39], and MAI-DxO [40] apply LLM collaboration to
diagnostic reasoning and clinical decision support. MedAgent-Pro [36] is most closely related: it integrates
segmentation tools with coding agents for computing clinical quantitative indicators from images, but targets
per-patient diagnosis rather than population-level hypothesis testing with statistical rigor. None of these
systems address vision-grounded hypothesis testing, which requires bridging image-derived measurements
with cohort-level statistical analysis and epistemic classification.

Multi-agent systems for scientific reasoning. Multi-agent systems structure complex scientific workflows
by decomposing tasks across specialized roles. In the scientific domain, Virtual Lab [41], Virtual Biotech [42],
Agent Laboratory [43], VirSci [44], ResearchAgent [45], and SciAgents [46] organize teams of agents that
collaboratively plan, code, and execute experiments. General-purpose multi-agent frameworks such as
AutoGen [47] and MetaGPT [48] provide infrastructure for such agent orchestration, with MetaGPT’s
insight that structured intermediate artifacts reduce cascading hallucinations being directly relevant to our
design. Nevertheless, a recent independent evaluation of several such Al research frameworks, including
AgentLaboratory [43], AutoGen [47], MOOSE-Chem?2 [49], SciAgents [46], ScIMON [50], and Virtual Lab [41],
found that none successfully completed an end-to-end research cycle [51] on two real-world tasks, with
agents frequently hallucinating results during implementation [51]. This highlights the importance of
executable, code-grounded reasoning [29, 32] for bridging the gap between planning and reliable analysis.

MESHAgents [52] is a closely related multi-agent system: it orchestrates specialized LLM agents for auto-
mated phenotype-wide association studies in cardiovascular imaging, identifying which imaging phenotypes
and confounders to include. However, MESHAgents reasons over pre-extracted tabular phenotype data
rather than deriving measurements from images within its pipeline, and does not provide epistemic classifi-
cation of evidence strength.

Statistical evidence and epistemic classification. Interpreting statistical evidence is a central challenge
in empirical research. The American Statistical Association’s landmark statement cautioned against using
p-value thresholds as the sole basis for scientific conclusions [53], while others have argued for redefining
significance thresholds [54] or shifting focus to effect sizes [55]. Low statistical power further compounds
these issues, inflating both false-positive rates and effect-size estimates [56, 57]. Equivalence testing via the
TOST procedure and the smallest effect size of interest (SESOI) provide a principled way to distinguish
“no meaningful effect” from “insufficient power to detect” [58]. Lakens et al. [59] formalized this into a
four-outcome decision framework, which is the direct conceptual precursor of our evidence label taxonomy
(SUPPORTED, REFUTED, UNDERPOWERED, INVALID). In medical imaging, reproducibility is additionally
influenced by variability in segmentation and feature extraction pipelines, motivating standardization efforts
such as IBSI [60] and PyRadiomics [61]. VERITAS operationalizes power-aware evidence classification within
an automated pipeline: the Evidence Classification 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.

VERITAS tackles these challenges by integrating vision-grounded measurement extraction, executable statis-
tical analysis, and multi-agent reasoning within a unified and auditable pipeline. By linking segmentation
outputs, statistical code, and final conclusions through verifiable artifacts, VERITAS enables autonomous
hypothesis testing on medical imaging datasets while maintaining transparent and reproducible analysis
workflows.

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.
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3.1 Problem Formulation

Given a dataset D = {(z;, m;)}, where z; represents medical images for patient i and m; denotes patient
metadata (including cohort variables, clinical covariates, and outcomes such as survival endpoints), together
with a natural-language hypothesis #, we seek to autonomously determine whether # is SUPPORTED,
REFUTED, UNDERPOWERED, or INVALID given the available evidence.

Unlike traditional computational pipelines that require explicit metric definitions and test specifications,
our framework interprets H semantically, checks feasibility against available data, designs an appropriate
analysis plan, and executes it end-to-end with an auditable artifact trail.

3.2 Framework Architecture

VERITAS operates through four sequential phases, each producing structured, inspectable outputs that
feed into subsequent phases (Fig. 1). Three role-specialized agents collaborate: a Principal Investigator
(scientific validity, feasibility), a Medical Imaging Specialist (segmentation targets, imaging protocols), and
a Statistician (test selection, effect sizes, power analysis). A separate Critic agent operates by default in
execution phases (2A/2B). We evaluate two model deployments with the same workflow and prompts:
(i) a local open-weight team (GPT-OSS-20B [62] for PI/imaging, Qwen3-8B [63] for discussions and critic,
Qwen3-Coder-30B [64] for coding), and (ii) a frontier team (GPT-5.2 [16] for PI/imaging/coding and GPT-5
Mini [65] for discussions and critic).

Dataset API abstraction. To keep the framework dataset-agnostic and auditable, agents never access
raw files directly during analysis. Instead, they interact through a constrained API layer that exposes
cohort discovery, per-patient metadata, observation identifiers, segmentation masks, and geometry-aware
measurement utilities. This API boundary standardizes provenance and enables automated checks for
off-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 fields),
the agents collaboratively produce a structured analysis plan specifying the target cohorts, population
restriction, required anatomical structures and observations, derived measurements, and the planned
statistical 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 execution. If marked untestable, the run terminates as INVALID. The
Statistician also computes a priori power from the queried cohort sizes under a fixed planning SESOL

Phase 2A: Segmentation. When the hypothesis requires image-derived measurements, the Imaging Spe-
cialist generates a segmentation request specifying the relevant patients, target structures, and observations.
A segmentation backend (SAT [9]) 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 retrieves the required masks
and metadata through the API, computes the planned measurements, performs the statistical test, and
reports effect size §, 95% confidence interval Clys, p-value p, and sample sizes. The code is executed in a
sandboxed 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.

Phase 3: Interpretation. Agents synthesize the prior workflow 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 summaries (Fig. 2). Validity checks enforce consistency at each boundary, and the final
statistical output is retained in a form that enables independent re-verification (see the evidence grounding
metric in Sec. 3.4). The supplementary material provides the full list of per-phase validity checks.
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statistics via the Evidence Classification Operator (ECO; Sec. 3.3), independent of agent judgment.
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Table 1. Evidence label definitions. Labels are mechanically derived from Phase 2B statistics—no agent judgment is
involved.

Label Condition Interpretation
SUPPORTED p < aA direction matches Evidence confirms hypothesis
REFUTED (p>anmt>0.80) Adequate power, no effect

V (p < aA opposite dir.) Significant opposite effect
UNDERPOWERED p > a A7 < 0.80 Insufficient power to conclude
INVALID Untestable or execution failure Results unreliable

3.3 Evidence Label Framework

A central contribution is our four-label evidence classification that jointly evaluates statistical significance,
effect direction, and study power:

Here, m denotes statistical power computed at a smallest effect size of interest (SESOI) and a = 0.05.
This functions as a decision-theoretic epistemic operator: given observed statistics (p, §, n) and a pre-specified
SESOI 4y, the evidence label is a deterministic function—fully removing subjective judgment from the
classification. The epistemic distinction between REFUTED and UNDERPOWERED is critical for medical
imaging benchmarks: a non-significant result with power 7 = 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-effect controls
(17), and underpowered or untestable controls (10). 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 specifications are in the supplementary material.

Unless stated otherwise, all accuracy metrics are computed on testable hypotheses (L1-L5); LO feasibility
accuracy is reported separately. We evaluate with:
¢ Evidence-label accuracy: agreement between evaluator-computed evidence labels (SUPPORTED,
REFUTED, UNDERPOWERED) and ground truth, requiring executable statistical output.
® Verdict accuracy: agreement between final verdicts (YES/NO/INCONCLUSIVE) 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 classified as INVALID, reported
separately from testable hypothesis performance.
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Table 2. Tiered hypothesis bank. Six complexity tiers probe progressively harder capabilities. Neg. includes negative
and no-effect controls. Undp./Unt. = underpowered (7 < 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 4 2

L2  Singleimaging 23 Vision-to-statistics pipeline 15 8 -

L3  Engineered feat. 6 Feature engineering 6 - -

L4 Mixed 16 Multi-modal integration 8 5 3

L5 Multivariate 5 Advanced statistical reasoning 5 - -
Total 64 37 17 10

For repeated runs, we report both run-level (micro-averaged) and majority-vote (hypothesis-level) metrics.
Evidence-label and verdict accuracy are each computed over runs producing valid output for that metric;
these pools may differ when a run yields a verdict but incomplete statistical output. We report completion
rate separately for VERITAS to quantify execution reliability. We additionally report diagnostic rates across
three categories: conclusion quality (overclaim, false refutation), analysis integrity (hallucinated significance,
synthetic data, literal p-value assignment), and auditability (evidence grounding rate, measuring whether runs
report the four core statistical outputs required for independent verification). Complete metric definitions
are in the supplementary material.

4 Experiments

41 Experimental Setup
4.1.1 Datasets

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

ACDC [1] contains 150 subjects (100 training + 50 testing) with short-axis cardiac cine MRI across five
diagnostic groups (30 per group): dilated cardiomyopathy (DCM), hypertrophic cardiomyopathy (HCM),
myocardial infarction (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 ventricle (RV cavity), and myocardium. Patient metadata includes height, weight,
and cardiac timing parameters. Hypotheses span L0-L4.

UCSF-PDGM [2] is a preoperative diffuse 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, are available for 495 subjects.
Patient metadata includes age, sex, overall survival (395 with survival data; 229 events), and extent of
resection. The SAT model 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.

4.1.2 Baselines

We compare VERITAS against a structured ablation of five single-model baselines (SMa-SMe) that isolate the
contribution of each key capability.

Single-model baselines (SMa-SMe). To disentangle the contributions of code execution, data access
strategy, iterative self-correction, and structured phase guidance, we define five baselines forming an
ablation progression:

¢ SMa — Direct reasoning: The model receives per-group summary statistics pre-computed from
ground-truth segmentation and produces a verdict without any code. Tests pure statistical reasoning
from tabular numbers.
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Table 3. Main results on the 64-hypothesis tiered benchmark. Each cell shows accuracy (%). Evidence accuracy requires
executable statistical output (not applicable for SMa). Metrics are computed on testable hypotheses (L1-L5); LO feasibility
is reported separately. Compl.: fraction of runs completing all workflow phases (Sec. 3.4); baselines 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. LO feasibility: VERITAS 74.0% (local), 100% (frontier); all baselines
100% except SMb-frontier (98%).

* 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. Tests one-shot code generation when the vision extraction step is pre-handled.

* SMc— Code via API: The model receives only the hypothesis and API documentation. It writes a
single end-to-end script covering patient discovery, mask loading, metric computation, and statistical
testing. Tests one-shot code generation with full raw data access.

* SMd — Agentic (iterative): Same API access as SMc, but the model operates in an iterative loop
(up to 3 rounds): write code — execute — observe output — refine or conclude. Tests whether
self-correction improves over single-shot generation.

* 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. Tests whether phase structure alone provides value without multi-agent discussion.

These baselines isolate four capability dimensions: (i) code execution vs. pure reasoning (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 contribu-
tion of multi-agent discussion over a single model following identical phase instructions.

Model and fairness. We evaluate all five baselines with two model families: frontier (GPT-5.2 [16]) and
local/open-weight (GPT-OSS-20B [62]). For fairness, all baselines that use the API (SMc-SMe) receive
identical APl documentation to VERITAS agents, extracted directly from the same prompt templates. The
full dataset-specific 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 final verdict.

4.2 Main Results
4.2.1 Owerall 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).
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Table 4. Stratified 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. LO = feasibility detection. Full per-method table
in supplementary.

ACDC UCSF-PDGM Evidence by tier
Method Ev. Vd. | Ew vd. Lo | L1 L2 L3 14 L5 | Al

VERITAS (local) | 91.0 879 | 36.7 490 | 74 | 544 870 517 494 30.0 | 634

SMc: Code (GPT-5.2) 79.0 851 | 277 60.9 100 | 75.6 709 433 344 0.0 | 529
SMd: Agentic (GPT-5.2) | 95.9 96.6 | 34.7 53.9 100 | 944 852 55.0 425 0.0 | 647
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 | 90.0 904 73.3 45.0 16.0 | 70.0

Key findings. 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 baselines 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, confirming that pure LLM reasoning over summary statistics is insufficient. Adding code
execution (SMb) lifts verdict accuracy by 8-15 percentage points.

Iterative self-correction helps selectively. The SMc—SMd gain is modest for verdict accuracy (+2.8
local/open-weight, +3.8 frontier) but more pronounced for evidence accuracy (+7.3, +11.8), suggesting
that self-correction primarily improves statistical analysis quality rather than final interpretation.

Multi-agent decomposition adds value. Comparing SMe to VERITAS isolates 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.

Per-dataset gap. Evidence-label accuracy drops sharply from ACDC to UCSF-PDGM across all methods
(Table 4), reflecting genuine complexity differences (survival analyses, multivariate regression, molecular-
marker stratification). 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; while local VERITAS achieves competitive performance, with highest scores on
the L5 tier, despite much smaller model capacities. VERITAS’s advantage emerges on harder UCSF-PDGM
hypotheses, where it leads in both evidence (+16pp over SMd) and verdict accuracy (+29pp).

4.2.2  Stratified Results

Table 4 provides complementary breakdowns by dataset and by complexity tier, comparing both VERITAS
configurations 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 configurations), while all single-model baselines score 0%
on L5 despite achieving up to 92% verdict accuracy on these hypotheses—indicating they produce correct
YES/NO guesses without valid statistical backing. The small L5 sample (5 hypotheses) limits precision, but
the qualitative gap (non-zero vs. zero) is robust.

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—survival model specification, covariate adjustment, and appropriate test selection—
capabilities that benefit disproportionately from larger model capacity. By contrast, L2 hypotheses (single
imaging metric comparisons) rely on more mechanical code generation that local models already handle
effectively.

4.3 Diagnostic Analysis

Table 5 reports diagnostic rates that characterize how methods fail, beyond aggregate accuracy. SMa is
excluded because it produces no executable statistical output, making code-level diagnostics inapplicable.
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Table 5. Diagnostic rates (%) for code-producing methods on the combined benchmark. Conclusion quality — Over-
claim: YES verdicts where evidence is not SUPPORTED. False ref.: predicted REFUTED labels disagreeing with ground
truth. Analysis 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: significance threshold hard-coded
in analysis code (code-level). Auditability — Verif. (1): fraction of all runs reporting the four core statistical outputs (test
type, sample sizes, effect size, p-value) required for independent verification.

Conclusion quality Analysis integrity Audit.
Method Overcl. Falseref. Hall.sig. Synth. Lit.p Verif.1
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 15 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 22 4.1 82.8
SMc: Code 454 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

One-shot baselines (SMb, SMc) show high overclaim rates (35-65%) and hallucinated significance (9-12%),
producing YES verdicts unsupported by their own statistical outputs. Iterative and structured baselines
(SMd, SMe) largely eliminate hallucinated significance (<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.

Local VERITAS achieves the lowest overclaim rate (7.2%) but shows higher false refutation (24.2%) and
synthetic-data violations (10.9%)—a conservative error profile where the system under-claims rather than
over-claims. Frontier VERITAS shifts this balance: overclaim rises to 20.0% while false refutation drops
to 12.6%, indicating a more aggressive interpretation style. The literal p-value rate also increases (15.0%),
suggesting that frontier code-generation agents more frequently embed result values directly. Both VERITAS
configurations maintain low hallucinated significance (<2.7%), confirming that the phased pipeline prevents
the most egregious failure mode.

The verifiability column (Verif.) quantifies auditability: the fraction of all runs that report the four core
statistical outputs required for independent verification. Among methods operating on raw data (SMd, SMe,
VERITAS), VERITAS achieves the highest verifiability (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. This confirms that VERITAS’s phased decomposition not only improves accuracy but also
produces more inspectable outputs, directly supporting the claim that its failures are recoverable through
artifact inspection.

4.4 Ablation Studies

Table 6 reports ablation results using the local VERITAS configuration (10 runs/hypothesis). We evaluate
context window size, critic removal, and temperature zero decoding. Vision source ablations (GT masks,
SAT-Pro) are reported in the supplementary material.

ACDC evidence remains stable across all ablations (~90-91%), indicating that cardiac hypotheses are
effectively solved by the base architecture; sensitivity 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 UCSF evidence by —7.7pp, as complex multi-step analyses (survival, regression) cannot fit
within a tighter working memory, while expanding to 32k provides no uplift (—5.0pp), suggesting additional
context introduces noise without benefit. Deterministic decoding (7'=0) similarly hurts UCSF evidence
(—9.0pp), consistent with complex hypotheses benefiting from stochastic exploration during code generation.
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Table 6. Ablation results for VERITAS (local, 10 runs/hypothesis). Default: 16k context, critic enabled in execution
phases, T'=0.2. Per-dataset split shows the ACDC vs. UCSF-PDGM gap across configurations.

ACDC UCSF-PDGM Combined
Configuration Evid. Verd. | Evid. Verd. | Evid. Verd.
Default (16k context) | 91.0 87.9 36.7 49.0 63.4 714
Context 8k 914 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

Critic removal has minimal impact (+1.8pp combined verdict), indicating the 8-attempt code revision loop
already provides sufficient error correction.

4.5 Analysis

4.5.1 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% evidence accuracy on L5), confirming that VERITAS's verdicts remain substantially grounded
in computed statistics rather than prior knowledge alone.

4.5.2  Epistemic Label Analysis

The four-label evidence framework is essential for fair evaluation. Without the UNDERPOWERED label,
several UCSF-PDGM hypotheses with small subgroups would be conflated with true negatives: glioma_31
(1p/19q codeletion, n=13 vs. n=86, power=0.38) is correctly classified as UNDERPOWERED rather than
REFUTED; glioma_14 (IDH-mutant Grade IV, n=28 vs. n=368, power=0.72) is similarly borderline. In a
binary evaluation, a system that conservatively labels every non-significant 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 framework for autonomous, auditable hypothesis testing inspired
by clinician-scientist workflows. Its design targets three bottlenecks highlighted in the introduction: the
fragmented coordination of clinical, imaging, programming, and statistical expertise; the lack of reproducible
analysis trails in image-derived studies; and the misinterpretation of underpowered findings as true neg-
atives. Our agentic system decomposes the workflow into verifiable phases and code, making every step
auditable and reproducible. This auditability-by-design means that VERITAS's failures are recoverable in a way
that baseline failures are not. Furthermore, we introduce an epistemic evidence label framework that distin-
guishes refuted from underpowered hypotheses. VERITAS achieves excellent performance, even compared
to baselines that receive human assistance (e.g., pre-computed per-group statistics or per-patient feature
tables). By its design, VERITAS enables small, locally-deployable models to perform complex reasoning that
typically requires frontier models.

Beyond accuracy, the evidence label framework functions as a mechanistic decision rule: given observed
statistics (p, 0, ), the label is a deterministic function with no free parameters beyond « and the SESOI 6.
This eliminates evaluation ambiguities common in agent benchmarks. We view this as a contribution beyond
medical imaging: any benchmark involving statistical testing could adopt this framework to avoid conflating
negative results with underpowered designs.
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Most agent evaluations report only end-to-end accuracy. For scientific applications, how a conclusion is
reached matters as much as whether it is correct. Our evidence grounding metric (Verif., Table 5) quantifies
this: among methods operating on raw data, VERITAS produces the highest rate of fully verifiable outputs
(86.6% frontier), meaning even its incorrect conclusions can be traced, diagnosed, and corrected through
artifact inspection.

We are convinced that VERITAS can accelerate clinical research by reducing the coordination overhead and
execution burden of tasks such as patient selection, image analysis and biomarker extraction, and statistical
testing. Ultimately, a clinical observational study should always be finalized 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 segmentation quality. While we
quantify the difference between ground-truth segmentations and the SAT model in the supplement, the
framework treats segmentation as a point estimate without uncertainty propagation. Future work should
incorporate segmentation uncertainty into the statistical pipeline.

Benchmark scope. Our evaluation covers two clinical domains that use MRI images analyzed by a specific
segmentation model. Extending to other clinical domains and modalities (CT, histopathology) requires new
segmentation models, which however are widely available. Furthermore, the hypothesis bank does not yet
cover longitudinal analyses or causal inference which would enhance VERITAS's applicability to other types
of studies.

Ground truth. Our ground truth verdicts are established from the given datasets using expert-validated
reference computations. This was strictly necessary to ensure mechanical verifiability in our evaluation;
however, this may lead to a ground truth that reflects dataset-specific effects differing from population-level
effects.

Code and Data. Code, prompts, hypothesis bank, and evaluation pipeline are available at https://
github.com/Luczot/veritas.
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A Example Workflow Walkthrough

This section illustrates the end-to-end VERITAS pipeline on two representative hypotheses: one imaging-
based group comparison (ACDC) and one multivariate survival analysis (UCSF-PDGM). For each, we show
the artifacts produced at each phase and demonstrate the full audit trail. Both examples use the frontier
model configuration (GPT-5.2). The colored phase boxes below follow the phase decomposition in Figure 1.

A.1 Example 1: Cardiac LVEF Group Difference (L2)

Hypothesis

“DCM patients show significantly lower LVEF than normal
controls.”

Clinical Dataset
D)
This is an L2 (imaging-only) hypothesis requiring LV cavity segmen-

tation at two cardiac phases and a derived metric (ejection fraction).

Phase 1 — Planning

The three-agent team aligns on the analysis plan in
a structured discussion. The PI confirms the target
quantity (LVEF = ((LVEDV — LVESV) / LVEDV) X

100), rejects proxy substitution, and recommends an un-
adjusted primary analysis. The Imaging Specialist queries
the Imaging Analysis API, confirms structure "left

heart ventricle" is available, and retrieves cohort
sizes (DCM: n=30, NOR: n=30). The Statistician pro-
poses a Welch two-sample ¢-test (two-sided, a=0.05) and
computes planning power (7=0.48 at the fixed Phase 1 reference SESOI d=0.5), flag-
ging the study as underpowered for a medium-effect planning target. This does not stop
execution: Phase 1 power is advisory and only affects interpretation if the subsequent
result is non-significant. In the benchmark, cardiac_01 carries the evaluator SESOI
profile Loose (dy=0.8), for which the ground-truth power is 0.86.

The Phase 1 output is an executable JSON plan contract:

"feasibility": {"status": "TESTABLE"},

"groups": ["DCM", "NOR"],

"structures": ["left heart ventricle"],

"observations": ["ED", "ES"],

"metrics": ["LVEF"],

"statistical_test": "Welch two-sample t-test",

"a_priori_power": {"d": 0.5, "nl": 30, "n2": 30, "power": 0.478}

Phase 2A — Segmentation

The agents construct a segmentation request
specifying the LV cavity structure at both ED
and ES frames. The SAT backend segments
all 60 patients (30 DCM + 30 NOR), produc-
ing per-patient binary masks. Figure 3 shows
exemplary segmentation overlays on short-
axis cine MRI slices.
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(a) (b)
DCM (patient001) — ED, mid-slice NOR (patient071) — ED, mid-slice

Figure 3. Our system’s LV cavity segmentation (red overlay) on short-axis cardiac cine MRI at
end-diastole for (a) a DCM patient (patient001) showing marked LV dilation and (b) a normal
control (patient071).

Phase 2B — Statistical Analysis

The coding agent generates a Python script that:

1. Iterates over all patients, loading LV rC d : d ]
masks at ED and ES via the Imaging ode generation and execution

Analysis API O¢

Sandbox
2. Computes voxel-level volumes using L

sat.calculate_volume (mask, Code Agent
spacing) |

3. Derives per-patient LVEF from the exact l
formula @
4

. Applies five prespecified QC checks (fi- « .
nite volumes, EDV > 0, ESV > 0, ESV < analysis.py  results.json

EDV) b g
5. Performs a Welch t¢-test and
saves complete statistics to

statistical_results. json

Key excerpt from the generated code:

1 for pid in patients:

2 md = sat.get_patient_metadata (pid)

3 if md.get ("group") not in ["DCM", "NOR"]:

4 continue

5 obs_map = sat.get_observation_identifiers (pid)

6 for obs in ["ED", "ES"]:

mask = sat.load_structure_mask (

8 results_db_path, pid, "left_heart ventricle",
9 source_image_contains=obs_map[obs])

10 vols[obs] = sat.calculate_volume (mask[0] ["mask"], mask[0] ["spacing"])
11 lvef = ((vols["ED"] - vols["ES"]) / vols["ED"]) * 100

The analysis produces a boxplot visualization (Figure 4), and the following statistical
output:
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Statistic Value

Test Welch two-sample ¢-test
n (DCM / NOR) 30 /30

Mean LVEF (DCM)  18.6% =+ 8.2%

Mean LVEF (NOR)  61.2% + 5.3%

Mean difference —42.6% (95% CI: —46.1 to —39.1)
t-statistic —23.83 (df = 49.6)

p-value 7.33 x 10727

Cohen’s d —6.15

LV Ejection Fraction by Group

100 -
[p=7.3e -29, Cohen's d=-6.26|
80
—~ 60+ .
[
w —_
> 40
20 ® e
]
-
't'
0 -
DCM NOR

Figure 4. LVEF distribution by group, generated by the Phase 2B analysis code, showing clear
separation between DCM (mean 18.6%) and NOR (mean 61.2%), p = 7.33 x 10~2°, Cohen’s
d= —6.15.

Phase 3 — Interpretation

The agent team reviews the Phase 2B output. Given the highly (asesen s
significant result (p < 0.001), large effect size (|d| = 6.15), and ef- ve""mss'm"gmws“
fect direction consistent with the hypothesis (DCM < NOR), the 8 G Ze
team reaches a unanimous verdict: YES with evidence label SuP- P Spocjaisy Satistican
PORTED. This matches the ground-truth label, demonstrating I_’ ’
correct end-to-end execution for a straightforward L2 hypothe-
sis.

A.2 Example 2: MGMT Methylation Survival Analysis (L5)

Hypothesis

“In Grade IV glioblastoma patients, MGMT promoter methy-
lation is associated with longer overall survival after adjust-
ing for age and extent of resection.” Clinical Dataset

(H,D)
This is an L5 (multivariate) hypothesis requiring Cox proportional @ @ @
hazards modeling with covariate adjustment—the most complex
analysis tier in the benchmark.
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Phase 1 — Planning

The PI restricts the analysis to Grade IV patients only
and confirms the outcome variables (survival_days,
survival_status). The Statistician specifies a Cox
PH model with mgmt_status as primary predictor and
age + extent_of_resection as covariates, and rec-
ommends complete-case analysis with Schoenfeld resid-
ual checks for the proportional hazards assumption. No
imaging structures are required (st ructures: []).

script using 1ifelines:

Phase 2B — Statistical Analysis

The coding agent generates a survival analysis

KaplanMeierFitter

EOR (ref=GTR)
3 cph = CoxPHFitter ()

1 from lifelines import CoxPHFitter,

Sandbox
2 # Restrict to GradelV, encode MGMT, one-hot Execution

4 cph.fit (df[["survival_days","survival_status
"
'
5 "mgmt_methylated", "age","
eor_Biopsy","eor_STR"]],
6 duration_col="survival_days",

event_col="survival_status")

The script also generates Kaplan-Meier survival
curves stratified by MGMT status (Figure 5) and
performs Schoenfeld residual tests for PH as-
sumption validation. Key results:

p-value (MGMT)
Events per variable
Schoenfeld (MGMT)

Statistic Value

Test Cox proportional hazards

Cohort Grade IV (n = 378, 217 events)

Primary predictor MGMT methylation (methylated = 1)
Covariates Age, extent of resection (Biopsy/STR vs. GTR)
Hazard ratio MGMT)  0.712 (95% CI: 0.532-0.954)

0.023
54.25
p = 0.277 (PH satisfied)

Grade IV GBM: Survival by MGMT promoter methylation

1.0 1

0.8

0.6 -

0.4

Survival probability

0.2

0.0

Unadjusted log-rank p=0.0129

—— Methylated (n=273)
—— Unmethylated (n=105)

0

yields HR = 0.712 (p = 0.023).

500

10'00 15’00 20’00
Days

Figure 5. Kaplan-Meier survival curves by MGMT methylation status in Grade IV glioblastoma
patients (methylated n = 273, unmethylated n = 105), generated by the Phase 2B analysis code.
Unadjusted log-rank p = 0.013; the Cox PH model with age and extent-of-resection covariates
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Table 7. Artifacts produced per phase in a VERITAS run. All artifacts are saved to disk and available for post-hoc

inspection.

A.3 Artifact Trail and Auditability

Table 7 summarizes the complete set of artifacts produced by a single VERITAS run. Every
phase produces human-readable, inspectable outputs that enable post-hoc verification
of the entire analysis pipeline.

These artifacts collectively satisfy the auditability criteria defined in Section D.4: a reviewer
can trace from the natural-language hypothesis through the analysis plan, verify which
imaging structures were queried, inspect the generated code line by line, check the
statistical output against the code, and evaluate whether the interpretation correctly
reflects the numerical evidence.

Phase Artifact Format Enables

Phase 1 Team discussion transcript Markdown  Review of scientific reasoning
Phase 1 Analysis plan contract JSON Verify test selection, feasibility
Phase 1 Power analysis JSON Assess statistical adequacy
Phase 2A  Segmentation request JSON Verify correct structures/observations
Phase 2A SAT execution log JSON Confirm data provenance
Phase 2B Generated analysis code Python Full reproducibility

Phase 2B Statistical results JSON Verify p, effect size, Cls

Phase 2B Visualization plots PNG Visual sanity checks

Phase 2B Execution logs Text Debug failures

Phase 3 Interpretation transcript Markdown  Review verdict reasoning
Phase 3 Final verdict + evidence label ~ JSON End-to-end conclusion

The agents interpret the hazard ratio (HR = 0.712 < 1) as indicat-

ing that MGMT-methylated patients have ~29% lower hazard of | & esheiReaetsve: "
death after adjustment for age and extent of resection. The PH 3 §§ L_=.|
assumption holds for the primary predictor (p = 0.277). Verdict: el =
YES with evidence label SUPPORTED. This example demon-
strates VERITAS's ability to handle the most complex analysis
tier (L5), including correct covariate specification, assumption Tt

Image
Specialist Statistician

checking, and multivariate interpretation.

B Additional Experimental Results

B.1 Full Per-Method Stratified Results

‘Complete provenance trail
from hypothesis to conclusion

B plan.json
B segment.json
g Masks

@ analysis.py
B results.json

verdict.json

Table 8 extends Table 4 to all methods and both model families, reporting non-L0 evidence-label and verdict
accuracy per dataset.

Key observations:

¢ Performance on ACDC dataset is near-saturated for frontier baselines: SMd and SMe exceed
96% verdict accuracy on the relatively straightforward cardiac dataset, leaving little room for
improvement. VERITAS's lower ACDC verdict accuracy (78.9%) reflects pipeline completion failures
rather than reasoning errors—completed runs achieve high accuracy (see Table 14).

e UCSF-PDGM differentiates methods: On the more challenging neuro-oncology dataset—which
includes survival analyses, multivariate models, and metadata-based group filtering—VERITAS
frontier achieves the highest evidence-label (50.7%) and verdict (83.2%) accuracy, outperforming the
best baseline by >16pp (evidence) and >29pp (verdict).

* Open-weight gap: Switching from frontier to open-weight models reduces UCSF-PDGM evidence
accuracy by 10-20pp across methods, reflecting the difficulty of survival analysis and multivariate
modeling for smaller models.
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Table 8. Per-dataset non-LO evidence-label (Ev) and verdict (Vd) accuracy (%) for all methods and model families.
Completion rate shown for VERITAS (baselines always produce output). Best per column in bold.

ACDC UCSF-PDGM
Method Family Ev vd

Ev vd Compl.

Local/Open-weight models

SMa: Direct local 0.0 83.0 0.0 30.1 -
SMb: Features  local 769 727 | 40.0 55.2 -
SMc: Code local 762 679 3.0 58.5 -
SMd: Agentic  local 783 875 | 153 38.5 -
SMe: Pipeline  local 924 907 | 19.0 26.2 -
VERITAS local 91.0 87.9 36.7 49.0 78.1
Frontier models (GPT-5.2)

SMa: Direct frontier 0.0 85.2 0.0 27.7 -
SMb: Features  frontier | 779  84.1 | 50.0 57.7 -
SMc: Code frontier | 79.0 85.1 | 27.7 60.9 -
SMd: Agentic  frontier | 95.9  96.6 | 34.7 53.9 -
SMe: Pipeline  frontier | 90.3 969 | 32.3 35.1 -
VERITAS frontier 90.0 78.9 50.7 83.2 87.5

® SMa confirms code necessity: Pure reasoning from summary statistics (SMa) achieves 0% evidence-
label accuracy across all conditions, confirming that producing verifiable statistical outputs requires
executable code generation.

¢ Full autonomy: VERITAS is the only method that executes the complete pipeline—from hypothesis
intake through image segmentation, code generation, and statistical interpretation—without any
human intervention or pre-computed inputs. All baselines rely on at least one shortcut: pre-
extracted features (SMa, SMb), a single-shot prompt (SMc), or a simplified agentic loop without
vision grounding (SMd, SMe).

B.2 Additional Ablation Experiments

The main paper reports the five highest-impact ablations (GT masks, context 8k/32k, no critic, temperature
zero). We place the remaining ablations here to keep the main narrative focused.

The structured multi-phase pipeline design makes VERITAS robust to component-level changes: swapping
vision backends, adjusting critic scope, or substituting model variants produces relatively moderate accuracy
shifts, whereas the overall architecture consistently drives performance.

* Vision source: GT expert masks show a notable evidence drop (—16.5pp combined) driven by UCSF-
PDGM (—23.7pp), while SAT-Pro is closer to default (—6.8pp combined). On ACDC, GT masks
slightly reduce evidence accuracy (—8.9pp) compared to SAT-Nano—most ACDC hypotheses are
insensitive to segmentation quality, and the different data format may introduce minor integration
friction. On UCSE-PDGM, where most hypotheses are metadata-driven, all vision sources perform
similarly at low levels.

* Critic scope: Extending the critic beyond code execution into planning and interpretation phases
degrades combined evidence accuracy (—10.2pp) and verdict (—4.9pp). Qualitative inspection
reveals three failure modes: (i) the critic raises spurious feasibility concerns during planning,
causing the PI to mark testable hypotheses as UNTESTABLE or to substitute proxy metrics; (ii) it
advocates covariate-adjusted tests (e.g. ANCOVA) over simple group comparisons, changing the
test family and triggering evaluation mismatches; and (iii) the additional discussion rounds inflate
the context passed to downstream code-generation phases, degrading statistical code quality. These
patterns suggest that the structured multi-phase pipeline already provides sufficient guardrails, and
an additional adversarial critic during deliberative phases introduces noise rather than actionable
corrections.

* Model capacity (all 8B): Replacing 20B/30B models with 8B variants causes a large evidence-
accuracy drop (—44.4pp combined) while verdict accuracy degrades only modestly (—5.5pp). Smaller
models can still infer correct binary verdicts from partial outputs but lack the capacity to generate
complete, well-formed statistical code.
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Table 9. Complete ablation results for VERITAS (local, 10 runs/hypothesis). Default: SAT-Nano masks, 16k context,
critic in execution phases only, 7=0.2, standard model assignment (20B PI/imaging, 8B statistician/critic, 30B coder).
All metrics are non-L0 evidence-label (Ev) and verdict (Vd) accuracy (%).

ACDC UCSF-PDGM | Combined

Scope Configuration Ev Vd | Ev vd Ev Vvd
Vision source

Default (SAT-Nano) 91.0 879 | 36.7 49.0 634 714

GT expert masks 82.1 85.7 | 13.0 47.3 469 772

SAT Pro masks 92.1 909 | 223 38.2 56.6 70.6
Context window

Default (16k) 91.0 879 | 36.7 49.0 634 714

8k context 914 91.7 | 29.0 45.7 59.7 72.0

32k context 90.0 87.1 | 317 51.8 603 727
Critic

Default (execution phases) 91.0 879 | 36.7 49.0 634 714

No critic 90.7 90.1 | 32.0 50.5 60.8 732

Critic in all phases 81.4 85.6 | 26.0 39.2 | 532 66.5
Decoding

Default (T=0.2, uniform) 91.0 879 | 36.7 49.0 634 714

Temperature zero (1'=0) 90.3 88.7 | 27.7 47.5 585 726

Role-specific T'/top-p' 914 892|323 443 614 704
Model assignment

Default (20B/8B/30B) 91.0 879 | 36.7 49.0 634 714

Small model (all 8B) 338 66.1 | 4.7 64.7 19.0 659

General coding (no coder model) | 90.0 88.5 | 29.5 62.8 59.5 80.0

t Role-specific T'/top-p: PI/imaging T'=1.0/top-p=1.0; statistician/critic T=0.6/top-p=0.95; coder T=0.7/top-p=0.8.

* Coding specialization: Replacing the coding-specialized 30B model with a general-purpose 30B
model yields comparable evidence accuracy (—3.9pp) but notably higher verdict accuracy (+8.6pp),
suggesting that the general model produces simpler, more robust code that completes more often.

* Role-specific decoding: Assigning model-recommended temperature and nucleus sampling param-
eters per role (PI/imaging: 7'=1.0; statistician/critic: T=0.6/top-p=0.95; coder: T'=0.7/top-p=0.8)
yields a marginal ACDC uplift (+0.4pp evidence, +1.3pp verdict) compared to the uniform 7=0.2
baseline, but degrades on UCSF-PDGM (—4.4pp evidence, —4.7pp verdict), consistent with the
pattern observed for temperature zero. Complex multi-step reasoning tasks appear to benefit from
conservative, low-variance sampling rather than role-tailored diversity.

B.3 Run-to-Run Reproducibility

To characterize the stochastic variability of VERITAS, we repeat two hypotheses 100 times each under default
settings (open-weight, SAT-Nano, 16k context, 7'=0.2):

1. cardiac_01_dcm_lvef_lower (L2, positive control): a straightforward LV ejection-fraction
group comparison.
2. glioma_25_mgmt_survival_ longer_adjust_age_eor (L5, positive control): a multivariate
Cox regression with confound adjustment.
These span the easiest (L2, single imaging metric) and hardest (L5, multivariate survival) testable tiers, one
per dataset.

The L2 cardiac hypothesis exhibits near-perfect reproducibility: 100% verdict accuracy, 95% evidence-
label accuracy (5 runs assigned UNDERPOWERED instead of SUPPORTED due to minor power estimation
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Table 10. Run-to-run reproducibility over 100 independent runs per hypothesis (open-weight, default settings).
cardiac_01 is a straightforward L2 group comparison (DCM vs. NOR LVEF); glioma_25 is a challenging L5 multi-
variate Cox regression with covariate adjustment—the hardest testable tier. Majority %: fraction of runs returning the
most common verdict. p-value and effect size statistics are computed over successful runs only.

| cardiac_01 (L2) glioma_25 (L5)
Ground truth label SUPPORTED SUPPORTED
Runs (success / total) 95/100 68/100
Verdict accuracy 100.0% 37.7%
Evidence-label accuracy 95.0% 20.0%
Majority verdict (%) YES (95%) YES (26%)

7.3x10729 [7.3x10729,3.0x107 ']  0.050 [0.034, 0.70]
—6.15[—6.26, —1.00] 0.99[0.71,1.24]
215 [192, 244] 418 [306, 571]

p-value (median [IQR])
Effect size (median [IQR])
Runtime (median [IQR], s)

Table 11. Phase-level pass rates and dominant failure modes for VERITAS (combined ACDC + UCSF-PDGM). Pool:
number of runs entering that phase; runs that fail in an earlier phase do not enter subsequent phases. Phase 2B (code
generation and execution) is the primary reliability bottleneck.

Open-weight Frontier (GPT-5.2)
Phase Pool  Pass% Top failure Pool  Pass% Top failure
Phase 1 (Planning) 640 97.3 Schema (2.5%) 640 98.0 Schema (2.0%)
Phase 2A (Segmentation) 604 97.8 Obs. mismatch (1.0%) 587 100.0 —
Phase 2B (Statistics) 591 85.1 Synthetic (8.8%), Schema (3.9%) 587 95.7 Schema (3.7%)

differences), and extremely tight p-value concentration (< 10~28). The L5 glioma hypothesis is substantially
harder: only 68 of 100 runs complete successfully, and verdict accuracy drops to 37.7%. The difficulty
stems from the multivariate Cox regression, which requires correct covariate specification, Grade IV cohort
filtering, and proper survival data encoding—each introducing independent failure modes absent from
simpler analyses. Despite this, the majority verdict remains correct (YES), and median runtime roughly
doubles from 3.6 to 7.0 minutes. These results quantify the reproducibility—complexity trade-off inherent in
agentic scientific workflows: simple analyses are highly reliable, while complex multivariate designs remain
a frontier challenge.

B.4 Phase-Level Reliability

Table 11 reports phase-level pass rates for VERITAS under both model families, combining ACDC and UCSEF-
PDGM results. A phase “passes” when its output satisfies the programmatic validation checks (schema
correctness, no synthetic data, valid sample sizes).

Phase 2B is the primary bottleneck: open-weight models fail 14.9% of the time, predominantly due to
synthetic data generation (8.8%, fabricating values instead of using the SAT API) and results schema
violations (3.9%, incomplete JSON output). Frontier models reduce Phase 2B failures to 4.3%, primarily
schema issues, and achieve perfect Phase 2A pass rates. Phase 1 is highly reliable across both model families
(>97%), confirming that the planning phase’s structured output format is well-handled.

B.5 Coding Trial Efficiency

Table 12 reports the number of code execution attempts per phase. Each coding round permits up to 8
executions; phases may span multiple rounds, so the effective per-phase limit is higher (observed max: 19).

Phase 2A typically requires 1-2 attempts regardless of model family, reflecting the constrained nature of the
segmentation request task. Phase 2B shows greater variation: open-weight ACDC averages 1.6 attempts
(simple cardiac metrics), while frontier UCSF-PDGM averages 6.4 (complex survival analyses with covariate
adjustment). Notably, frontier models use more iterations than open-weight on average—not due to higher
failure rates, but because the iterative code execution environment enables them to refine analyses across
rounds (e.g., adding diagnostic plots, checking distributional assumptions, refining covariate encoding),
whereas smaller models tend to terminate after fewer, less sophisticated attempts—partly due to lower
model capacity and partly because their shorter context windows limit how many iterative rounds can be
sustained before truncation.
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Table 12. Quantification of code execution attempts per phase (mean / max across all runs). Phase 2A writes the
segmentation request; Phase 2B performs statistical analysis.

Phase 2A Phase 2B Total
Configuration Mean Max | Mean Max | Mean Max
Local (ACDC) 1.4 13 17 8 29 13
Local (UCSF) 1.4 10 37 8 47 13
Frontier (ACDC) 1.1 4 4.9 16 5.8 17
Frontier (UCSF) 1.4 6 6.4 17 7.3 19

Table 13. Evidence-label (Ev) and verdict (Vd) accuracy (%) by hypothesis control type for VERITAS (combined ACDC +
UCSF-PDGM). n: number of valid evaluation instances.

Open-weight Frontier
Control type Ev n | vd n Ev n | Vd n
Positive (37 hyps) 584 370 | 720 300 64.6 370 84.0 349
Negative (12 hyps) 767 120 | 802 106 775 120 589 112
Underpowered (6 hyps) 65.0 60 | 54.0 50 81.7 60 98.1 54
Untestable (5 hyps) 74.0 50 | 50.0 16 | 100.0 50 55.6 9
No-effect (2 hyps) 100.0 20 | 75.0 20 70.0 20 89.5 19
Nonsense (2 hyps) 35.0 20 | 40.0 10 90.0 20 | 100.0 18

B.6 Accuracy by Control Type

Table 13 stratifies accuracy by hypothesis control type, combining both datasets. Control types reflect the
intended role of each hypothesis in the benchmark: positive controls should yield YES/SUPPORTED, negative
controls should yield NO/REFUTED, underpowered controls are designed to have insufficient sample size,
untestable controls require data not present in the dataset, and nonsense/no-effect controls test obviously false or
null hypotheses.

Key observations: (1) Positive controls are the hardest for evidence accuracy (58-65%), because generating cor-
rect statistical outputs with proper effect sizes and confidence intervals requires successful end-to-end code
execution. (2) Negative controls exhibit a counterintuitive frontier—-open-weight reversal for verdict accuracy
(59% vs 80%): frontier models more frequently produce hedging INCONCLUSIVE verdicts for reversed-
direction hypotheses, whereas open-weight models issue decisive NO verdicts more often. (3) Untestable
controls achieve 74-100% evidence detection, with frontier models achieving perfect L0 identification (100%)
and open-weight models correctly identifying most cases (74%), validating the feasibility-checking mecha-
nism. (4) Underpowered controls are reliably identified by the frontier model (82% evidence, 98% verdict),
confirming that the UNDERPOWERED label captures genuine statistical ambiguity that a binary scheme
would miss.

B.7 End-to-End vs. Completed-Only Accuracy

Table 14 contrasts two accuracy measures: completed-only accuracy (excluding runs with execution failures)
and end-to-end (E2E) accuracy (treating failures as incorrect). The gap quantifies the “execution tax”—how
much accuracy drops when pipeline reliability is factored in.

The execution tax is most severe for open-weight models on UCSF-PDGM (—15.3pp), where complex
survival analyses frequently fail to produce valid outputs. Frontier models substantially reduce the gap
(5.4pp combined vs 12.6pp), indicating that improved code generation directly translates to higher effective
accuracy.

B.8 Underpowered Label Sensitivity

To assess the importance of the UNDERPOWERED evidence label, we re-score all runs under a binary scheme
that collapses UNDERPOWERED ground-truth labels to REFUTED (i.e., treating low-powered null results
identically to adequately-powered null results). Under this binary scheme, combined evidence accuracy
increases by +3.6pp for open-weight and +1.7pp for frontier. The modest improvement confirms that (1) the
UNDERPOWERED category captures genuine ambiguity that would otherwise inflate the REFUTED bucket,
and (2) the accuracy cost of maintaining this distinction is small, while the scientific benefit (distinguishing
“no evidence of effect” from “insufficient power to detect effect”) is substantial.
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Table 14. Non-L0 verdict accuracy (%): completed runs only vs. end-to-end (E2E, counting execution failures as incorrect).
A: accuracy penalty from incomplete runs, quantifying the “execution tax” imposed by pipeline reliability on effective
accuracy.

Open-weight Frontier
Dataset vd Vdeoe | A vd Vdee | A
ACDC 87.9 84.8 -3.1 78.9 772 -1.7
UCSF-PDGM | 49.0 33.7 —15.3 83.2 74.0 —9.2
Combined 714 58.8 —12.6 81.0 75.6 —54

Table 15. Effect of SESOI profile on ground-truth evidence-label distribution across the 64-hypothesis benchmark.
Stricter profiles demand more power, shifting borderline hypotheses from REFUTED to UNDERPOWERED. SUPPORTED
and INVALID counts are invariant. Flips: number of label changes relative to the standard profile used as default.

SESOI Profile | Supported Refuted Underpowered Invalid | Flips
Strict (d = 0.2, 7 = 0.2) 32 14 13 5 5
Standard (d = 0.5, r = 0.3) 32 19 8 5 -
Loose (d = 0.8, r = 0.4) 32 23 4 5 4

B.9 SESOI Sensitivity

The number of SUPPORTED labels is invariant across profiles (32 of 64), because support depends only on
p < o and correct direction, both independent of SESOI. Similarly, the 5 INVALID labels (LO untestable)
are fixed. All 9 label flips occur exclusively on the REFUTED/ UNDERPOWERED boundary: a stricter SESOI
demands more power to declare a null result “adequately powered,” pushing borderline hypotheses from
REFUTED to UNDERPOWERED. No hypothesis changes to or from SUPPORTED under any profile, confirming
that the evaluation’s sensitivity to SESOI choice is limited and well-understood.

B.10 Per-Hypothesis Detailed Results

Table 16 reports per-hypothesis results for both the frontier (GPT-5.2) and open-weight VERITAS configura-
tions. For each hypothesis, we show the majority-vote verdict and evidence label across 10 runs. Correct
results (matching ground truth) are shown in bold. Hypothesis IDs are abbreviated for space; full descrip-
tions are in Section E.

Table 16. Per-hypothesis results for VERITAS under frontier (GPT-5.2) and open-weight configurations. Majority-vote
verdict (Vd) and evidence label (Ev) across 10 runs. T = hypothesis tier (LO-L5), C = control type (P = positive, N =
negative, U = null, L =low-n, X = untestable), GT = ground-truth label. Y = YES, N = NO, I = INCONCLUSIVE, — = not
completed. Correct results in bold.

Frontier Open-weight

Hypothesis T C GT Vd Ev Vvd Ev
ACDC — Cardiac MRI
C27: LA volume HCM L0 X Inv — Inv. N Inv
C28: GLS lower DCM L0 X Inv — Inv. N Inv
C32: SBP higher DCM L0 X Inv — Inv N Inv
C24: Height-weight corr. L1 P Sup Y Sup Y Sup
C25: ED frame-weight corr. L1 U Ref N Ref N Ref
C26: Num frames-weight corr. L1 U Ref N Ref N Ref
C01: DCM LVEF lower L2 P Sup Y Sup Y Sup
C02: LV mass DCM L2 P Sup Y Sup Y Sup
C03: DCM LVEF higher L2 N Ref I Ref N Ref
C04: RV volume similar L2 N Ref N Ref N Ref
C07: DCM LVEDV higher L2 P Sup Y Sup Y Sup
C08: DCM LVESV higher L2 P Sup Y Sup Y Sup
C09: HCM LV mass higher L2 P Sup Y Sup Y Sup
C10: HCM LVEF > DCM L2 P Sup Y Sup Y Sup
C11: MINF LVEF lower L2 P Sup Y Sup Y Sup
C12: RV RVEF lower L2 P Sup Y Sup Y Sup
C13: HCM LV mass lower L2 N Ref N Ref N Ref
C14: DCM LVEDV lower L2 N Ref N Ref N Ref
C15: DCM LVESV lower L2 N Ref N Ref N Ref
C16: RV RVEF higher L2 N Ref I Ref N Ref
C19: HCM LVEDV < NOR L2 P Ref I Ref I Ref
C20: HCM LVESV < NOR L2 P Sup I Ref Y Sup

N
(o)
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(continued)

Frontier Open-weight

Hypothesis T C GT Vd Ev vd Ev
C30: RV RVEDV > NOR L2 P Sup Y Sup Y Sup
C31: RV RVEDV < NOR L2 N Ref I Ref N Ref
C21: ESV/EDV ratio DCM L3 P Sup Y Sup Y Sup
C22: HCM mass/vol > DCM L3 P Sup Y Sup Y Sup
C23: DCM mass/vol < NOR L3 P Sup Y Sup Y Sup
C05: Weight-LVEF corr. L4 L Undp I Undp N Undp
C06: Height-LV volume L4 P Sup Y Sup Y Sup
C17: NOR weight-LVEF L4 L Undp I Undp I Undp
C18: DCM height-LVEF L4 L Undp I Undp 1 Undp
C29: LVEDVi (BSA-indexed) DCM 14 P Sup Y Sup Y Sup
UCSF-PDGM — Glioma MRI
G30: ADC-survival assoc. L0 X Inv — Inv I Inv
G32: Frontal location-IDH LO X Inv I Inv I Inv
G11: MGMT surv. longer L1 P Sup Y Sup I Ref
G13: GTR surv. longer L1 P Sup Y Sup N Ref
G14: IDH surv. longer (G4) L1 L Sup Y Sup Y Inv
G16: GTR surv. shorter L1 N Ref N Ref N Ref
G28: Men surv. longer (G4) L1 U Ref N Ref I Ref
G29: Men older (G4) L1 U Ref N Ref I Inv
GO01: Volume by grade L2 P Sup Y Sup Y Sup
G05: G2 more enhancement L2 N Ref N Ref N Ref
G07: G4 more enhancement L2 P Sup Y Sup Y Inv
G08: G4 more necrosis L2 P Sup Y Sup Y Sup
G09: G4 more edema L2 P Sup Y Sup Y Sup
G19: Enh. fraction G4 higher L3 P Sup Y Sup I Inv
G20: Nec. fraction G4 higher L3 P Sup N Ref N Ref
G21: Edema fraction G4 higher L3 P Ref N Ref N Inv
G02: IDH-enhancement L4 P Sup N Inv I Inv
G03: Enhancement-survival L4 P Sup Y Inv N Inv
G04: IDH-mut more necrosis L4 N Ref I Inv I Undp
G06: Age-volume corr. L4 N Ref N Ref N Ref
G10: IDH-wt more necrosis L4 P Sup N Inv. N Ref
G12: CET vol. surv. shorter L4 P Ref N Undp N Inv
G15: Enhancement surv. pos. L4 N Ref N Inv. N Inv
G17: G2 IDH-wt enhancement L4 L Undp I Undp 1 Undp
G22: Enh. frac. IDH-wt L4 P Sup I Inv Y Sup
G24: Nec. frac. surv. neg. G4 L4 P Ref N Inv I Inv
G31: 1p19q enh. fraction L4 L Undp I Undp I Undp
G18: CET surv. adj. EOR L5 P Sup Y Inv I Inv
G23: Surv. IDH adj. multi L5 P Sup Y Inv I Inv
G25: MGMT surv. adj. age L5 P Sup Y Inv Y Inv
G26: Age surv. adj. MGMT L5 P Sup Y Inv Y Sup
G27: IDH enh. adj. grade L5 P Sup Y Sup I Inv

B.11 Baseline Summary

Per-method aggregate metrics (evidence-label accuracy, verdict accuracy, completion rate, and L0 feasibility)
are reported in Table 8 above. All four coding baselines (SMb-SMe) use the same API documentation,
and all five single-model baselines (SMa-SMe) use the same hypothesis bank as VERITAS, ensuring a fair
comparison surface. SMa (direct reasoning) requires no code execution; SMb (pre-computed features), SMc
(one-shot code) and SMd (agentic loop with up to 3 iterations) generate and execute analysis code; SMe (full
pipeline) receives the same four-phase agenda structure as VERITAS but executes all phases within a single
model context. Per-hypothesis baseline breakdowns are omitted for space; the evaluation scripts and all raw
run directories are included in the supplementary code release for full reproducibility.

B.12 Comparison to agentic systems for scientific discovery

In this section we are qualitatively comparing our work to agentic systems developed for scientific discovery.
These works operate in a similar research space but are distinctly different in their objectives, implementation
and autonomy. Most notably, the Virtual Lab [41] is a multi-agent framework in which a PI and domain
expert agents conduct structured discussion meetings and produce analysis code. However, a human
operator must manually extract, execute, and debug all code between phases, relaying execution results back
to the agents. Table 17 summarizes the key architectural differences between VERITAS and the Virtual Lab.
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Table 17. Architectural comparison: VERITAS vs. Virtual Lab.

Capability VERITAS (Ours) Virtual Lab [41]

Code execution Sandboxed, closed-loop Human extracts & runs
Data access Direct API queries (SAT) Textual descriptions only
Critic Phase-aware (schema, logic, direction) Generic Scientific Critic
Tool integration MCP servers (segmentation, datasets) PubMed search only
Models 8-30B local (Ollama) GPT-40 (API)

Output validation Programmatic (JSON schema, CI checks) Free-text summaries
Human intervention None Per-phase code execution

C Failure Case Analysis

We analyze two distinct failure modes using a single hypothesis—“IDH-wildtype tumors have significantly
larger enhancing tumor volumes than IDH-mutant tumors” (glioma_02, L4)—which exhibits one of the strongest
ground-truth effects in the benchmark (Mann-Whitney U p = 9.67 x 10729, rank-biserial » = 0.71). Despite
this large effect, the frontier VERITAS configuration produced incorrect results in all five runs, through two
qualitatively different mechanisms: one execution-level and one reasoning-level.

C.1 Execution Failure: Schema Validation Mismatch

In run 000, the coding agent generated statistically valid analysis code but populated the
variables_tested.predictors field of statistical_results.json with ["idh_status",
"group"]. The Phase 1 plan specified only idh_status as the predictor (with group as a covariate).
The schema validator caught this discrepancy (P2B_RESULTS_SCHEMA_INVALID) and the pipeline termi-
nated after 6 coding trials without reaching Phase 3.

Auditability value. The full code and all 6 correction attempts are preserved in the run directory, enabling
a researcher to identify the exact JSON key mismatch and either fix the schema or re-run with a relaxed
validator.

C.2 Reasoning Failure: Mediator Adjustment (Table 2 Fallacy)

In runs 001-004, the pipeline completed all phases but reached the wrong verdict (NO/Refuted). During
Phase 1, the agents correctly identified tumor grade as a potential confounder and chose OLS regression on
log-transformed enhancing volume with grade adjustment:

log(1 + ET_ml) ~ idh_status + grade

After adjustment, the IDH coefficient was 5 = —0.137 (p = 0.593, 95% CI: [-0.643, 0.368]), leading Phase 3 to
conclude “no significant association.”

Root cause. IDH status and tumor grade lie on the same causal pathway: IDH-wildtype tumors are
predominantly Grade IV, and Grade IV tumors exhibit the most enhancement. Adjusting for grade blocks
the biological mechanism through which IDH status produces enhancement differences—a classic mediator-
adjustment error (“Table 2 fallacy” [66]). The unadjusted analysis shows one of the strongest effects in the
dataset (r = 0.71), but the grade-adjusted model sees no residual signal.

Auditability value. Because VERITAS saves the complete Phase 1 plan, generated code, and statistical
output, a domain expert reviewing the artifacts can immediately identify the covariate adjustment choice
as the root cause—and re-run the analysis without grade adjustment to recover the correct result. A
single-model baseline producing the same wrong answer would offer no such diagnostic trail.

Implication. This case exposes a fundamental limitation of current LLM-based statistical agents: they
apply generic epidemiological heuristics (“adjust for potential confounders”) without causal reasoning
about whether a covariate is a confounder, mediator, or collider on the causal pathway between exposure
and outcome. Integrating causal graph reasoning [67] into the planning phase—for instance, by prompting
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agents to construct and evaluate directed acyclic graphs before selecting covariates—is a promising direction
for future work.

D Framework Details

This section provides detailed specifications of the framework components summarized in the main paper,
including agent roles, phase-level design decisions, the imaging analysis API contract, and evaluation criteria.
All hyperparameters and resource limits are listed in Table 18.

Table 18. Framework hyperparameters and limits.

Parameter Value Description

Max discussion rounds 3 Phase 1 and Phase 3

Max code executions per round 8 Phases 2A and 2B (2 rounds per pass)
Phase timeout 20 min  Wall-clock per phase
Temperature (discussion) 0.2 Phases 1 and 3

Temperature (coding) 0.1 Phases 2A and 2B
Significance level (o) 0.05 All statistical tests

Power threshold () 0.80 Underpowered classification
Standard SESOI (dy) 0.5 Group differences

Standard SESOI (rg) 0.3 Correlations

Loose SESOI (dy) 0.8 Large-effect hypotheses
Strict SESOI (do) 0.2 Small-effect hypotheses

D.1 Agent Roles
We instantiate three specialized agents with distinct expertise:

¢ Principal Investigator (PI): Oversees scientific validity, adjudicates feasibility and confounds, and
validates conclusions. Serves as team lead in discussion phases.

* Medical Imaging Specialist: Specifies segmentation targets, validates imaging protocols, queries
cohort sizes, and interprets structural measurements.

* Statistician: Selects appropriate statistical tests based on data characteristics, computes effect sizes,
performs power analysis, and assesses statistical validity.

Each agent is implemented as an LLM with role-specific system prompts encoding domain expertise. A
separate Critic agent is enabled by default in execution phases (2A/2B), with optional ablation settings to
also enable Critic participation in planning (Phase 1) and interpretation (Phase 3).

D.2 Phase Details

Phase 1: Feasibility Checks. During planning, the agent team must emit a structured feasibility block
(status, invalid_subtype, missing_requirements). A deterministic validator then checks plan
contract consistency against dataset metadata (groups, observations, metadata fields, and required plan
keys). If the team marks a hypothesis as UNTESTABLE, the workflow terminates early with INVALID. This
keeps feasibility decisions explicit and auditable while preserving agent flexibility for testable analyses.

Phase 1: A Priori Power Analysis. The Imaging Specialist queries actual cohort sizes using
list_dataset_patients (). The Statistician computes a priori power using a fixed planning SESOI
(do = 0.5 for group differences, ro = 0.3 for correlations). This planning power informs test selection
and sample-adequacy assessment, but it is not the benchmark’s final evidence-label power whenever a
hypothesis carries a non-standard SESOI profile.

Phase 2B: Test Selection. The framework supports parametric (t-test, Pearson correlation, OLS regres-
sion), nonparametric (Mann-Whitney U, Spearman correlation), and survival analysis (log-rank test, Cox
proportional hazards) tests. Agents select tests based on distributional assumptions and outcome type. For
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nonparametric group differences, rank-biserial correlation serves as the effect size; for survival analyses,
hazard ratios with confidence intervals.

Phase 2B: Code Execution. Code execution occurs in an isolated sandboxed environment with timeout
constraints. Each phase permits up to 16 code execution attempts with a 20-minute wall-clock timeout.
On each failed attempt, the Critic feeds error output back to the coding agent for revision. The number of
attempts is logged as a measure of agent autonomy efficiency.

Phase 3: Direction Verification. For group difference tests, direction is verified from observed group
means—not from the effect size sign, which is convention-dependent for nonparametric tests. For correlations
and survival analyses, the effect size sign is used directly.

D.3 Imaging Analysis API

All analysis phases operate through a constrained Imaging Analysis API rather than direct filesystem access,
ensuring data provenance and enabling automatic detection of off-contract data loading. The API provides
cohort discovery, metadata lookup, segmentation retrieval, and quantitative measurement utilities. Agents
receive tool documentation, dataset-registry metadata (groups, observations, patient fields), and structure
catalogs. The sat . namespace used in code examples is an implementation detail. Core API calls are:

® sat.list_patients (results_db_path) for cohort enumeration from segmentation outputs

* sat.get_patient_metadata (patient_id) for group labels and clinical covariates

* sat.get_observation_identifiers (patient_id) for timepoint/modality mapping

® sat.load_structure_mask (...) for structure-specific masks

¢ sat.calculate_volume (mask, spacing) for geometry-aware volume extraction
This contract gives agents sufficient autonomy to engineer derived metrics (e.g., ejection fraction from

end-diastolic and end-systolic volumes) while preserving provenance and enabling automatic detection of
synthetic-data substitution.

D.4 Auditability Criteria
We define six auditability criteria that each ground-truth record and pipeline output must satisfy:

1. Test-family correctness: the statistical test matches the hypothesis type (group difference — Mann-
Whitney U; correlation — Spearman; survival — log-rank/Cox PH)

2. Cohort restriction correctness: the correct subpopulation is selected before group splitting (e.g.,
Grade IV only for GBM-specific hypotheses)

3. Censoring correctness: survival analyses correctly encode time and event variables
4. Variable correctness: the metric, group definitions, and covariates match the hypothesis specification

5. Reporting completeness: full statistics are reported (sample sizes per group, effect size with CI,
p-value, power at SESOI)

6. Plan—execution consistency: the executed analysis matches the Phase 1 plan

D.5 Validity Checks

The evaluation pipeline performs automated validity checks:

Feasibility validation: required fields/structures/observations exist
Numeric validation: p € [0, 1], effect sizes finite

CI consistency: bounds ordered, effect size contained

Sign consistency: effect size sign matches mean difference direction
Logic consistency: verdict aligns with statistical evidence

SANRLEE S

Confound handling: mixed-group correlations require adjustment or stratification
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Violations trigger warnings or INVALID labels, ensuring only well-formed results contribute to evaluation
metrics.

D.6 Evaluation Metric Definitions

Table 5 reports six diagnostic metrics organized into three categories. Below we define each metric and the
additional diagnostics reported in this supplement.

Conclusion quality.
e Overclaim rate: fraction of YES verdicts where the evidence label is not SUPPORTED—the model
claims support that its own statistics do not provide.
¢ False-refutation rate: fraction of REFUTED evidence labels disagreeing with ground truth.

Analysis integrity. These metrics detect “dishonest” analyses at increasing severity: claiming significance
without valid evidence (output-level), fabricating data (code-level), or hard-coding the decision threshold
(code-level).

¢ Hallucinated significance: YES verdict with p > 0.05 or missing p-value (output-level).

¢ Synthetic-data violation: code generating mock, random, or simulated data instead of using real
measurements via the SAT API (code-level). Benign stochastic utilities (e.g., plotting jitter, bootstrap
resampling) are tracked separately as non-blocking warnings.

* Literal p-value assignment: significance threshold (p = 0.05) hard-coded in the generated analysis
code, detected via static regex analysis of Phase 2B Python files (code-level).

Auditability.

¢ Evidence grounding rate (Verif.): fraction of all runs that report the four core statistical outputs
required for independent verification: statistical test type, per-group sample sizes, effect size, and
p-value. This metric captures both execution reliability and output completeness in a single number.

Additional diagnostics.
¢ L0 feasibility accuracy: fraction of untestable (L0) hypotheses correctly labeled INVALID, with subset
accuracy excluding early Phase 1 stops.

¢ Execution reliability: early feasibility stops (Phase 1 UNTESTABLE) reported separately from true
parse/runtime failures.

* Phase 2B alignment: fraction of Phase 3 verdicts consistent with Phase 2B statistical outputs.
¢ Coding trial count: mean and maximum code execution attempts per hypothesis.

* Sample-size consistency (n mismatch): checks whether reported total n equals the sum of per-group
sample sizes.

D.7 Implementation Details

Models. We evaluate two model deployments. Open-weight deployment (local, via Ollama [68]):
gpt-oss:20b for PI and imaging roles, gqwen3:8b for statistician discussion and critic, and
gwen3-coder: 30b for coding. Frontier deployment (remote, via OpenRouter [69]): openai/gpt-5.2
for PI/imaging/coding and openai/gpt-5-mini for statistician discussion and critic. All other workflow
settings are held fixed.

Segmentation. The SAT backend [9] provides neural segmentation across domains: cardiac structures (LV,
RV, myocardium) for ACDC, and brain tumor subregions (whole tumor, necrotic core, edema, enhancing
tumor) for UCSF-PDGM following BraTS label conventions.

Statistical Libraries. Code execution phases have access to numpy, pandas, scipy, statsmodels, and
lifelines [70] for survival analysis.
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Agent Orchestration. The workflow is implemented using LangGraph [71], a graph-based state machine
framework that enables conditional routing and state persistence.

D.8 Power Analysis Details

Power is computed in two independent contexts to avoid the post-hoc power fallacy [72, 73]:

Agent-side (Phase 1). During planning, the Statistician computes a priori power from queried sample sizes
and a fixed planning SESOI. This informs study feasibility and test selection but is not used for evidence
labeling.

Evaluator-side (evidence labeling). After Phase 2B completes, the evaluation pipeline independently
recomputes power from realized sample sizes:

= P(lT‘ > ta/2 | §= 60,711,7’12) (1)

For evaluator-side evidence labeling, SESOI is hypothesis-specific. = Each hypothesis stores a
sesoi_profile in the benchmark JSON, and the evaluator resolves this to a profile-specific target by test
family: for group differences, Cohen’s d € {0.2,0.5,0.8} for strict/standard/loose; for correlations,
r € {0.2,0.3,0.4}; for regression, standardized effect sizes € {0.2,0.3,0.4}; and for survival analyses, hazard-
ratio departures from the null corresponding to {1.2, 1.5, 2.0}. Evaluator-computed power is used solely for
evidence labeling and is never revealed to Phase 3 agents.

Power calculation formulas. For two-sample group differences, power is computed using the noncentral

t-distribution:
7= P (|Tustna—2] > tajzming—2)s A= doy | —2 @
} e ni + ng

where dy is the SESOI (Cohen’s d) and ) is the noncentrality parameter. For correlations, Fisher-z transform
power:

1 ™ T
z. = arctanh(rg), se = T3 =30 (:—e — za/2> +o (—z—e - za/z) 3)
For survival analyses (log-rank and Cox PH), power is approximated via the normal method with the

number of events:

log(HR .
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where d is the total number of events and p1, p; are group proportions. For OLS regression, F-test power
via the noncentral F-distribution:

m=P(F> Fopani1|A=n-f) ®)

where f? = 0.15 (medium effect per Cohen) and pes; is the number of tested predictors.

D.9 Compute Infrastructure

Local open-weight experiments used single NVIDIA L40 or A40 GPUs.

E Complete Hypothesis Bank

This section provides the complete 64-hypothesis tiered benchmark with per-hypothesis specifications,
ground-truth labels, and clinical rationale. Table 19 summarizes the per-dataset tier distribution.

E.1 Hypothesis Bank Design Principles

Each released hypothesis record contains both a sesoi_profile and a dataset-derived ground-truth block
with power_at_sesoi. Throughout the per-hypothesis descriptions below, quoted power values refer to
this evaluator-side, hypothesis-specific SESOI unless explicitly marked as Phase 1 planning power.

The bank is designed to probe five distinct capabilities:
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Table 19. Evaluation datasets and tiered hypothesis coverage.

Hypotheses per tier
Dataset Modality Subj. Total LO L1 L2 L3 L4 L5 Analysistypes
ACDC [1] Cardiac cine MRI 150 32 3 3 18 3 5 0 GD, Corr
UCSF-PDGM [2] Brain MRI (multi-seq.) 501 32 2 6 5 3 11 5 GD,Corr, Surv, Reg
Combined 651 64 5 9 23 6 16 5

GD = Group Difference; Corr = Correlation; Surv = Survival analysis; Reg = Regression with covariates. ACDC has no
survival endpoint (no L5). UCSF-PDGM covers all six tiers including Cox PH and OLS regression.
1. Positive controls: well-established clinical findings that should be SUPPORTED (37 hypotheses)
2. Negative controls: reversed-direction hypotheses that should be REFUTED (12 hypotheses)

3. No-effect / nonsense controls: hypotheses with no biological basis, testing false-positive propensity
(4 hypotheses)

4. Underpowered controls: plausible hypotheses in small subgroups where power < 0.80 (6 hypothe-
ses)

5. Untestable controls: hypotheses requiring unavailable data, testing feasibility detection (5 hypothe-
ses)

E.2 ACDC Cardiac MRI Hypotheses (32)
E.2.1 LO: Untestable (3)

cardiac_27: HCM have larger LA volume than NOR. INVALID (untestable). Left atrium not in ACDC label
set (only LV, RV, myocardium).

cardiac_28: DCM have lower GLS than NOR. INVALID (untestable). Global longitudinal strain not
derivable from static segmentation.

cardiac_32: DCM have higher systolic BP than NOR. INVALID (untestable). Blood pressure not in ACDC
metadata.

E.2.2 L1: Metadata-Only Correlations (3)

cardiac_24: Height positively correlates with weight. Spearman correlation, all 150 subjects. Positive
control (well-known anthropometric relationship). SESOI profile: standard (rg = 0.3). Power: 0.96.

cardiac_25: ED frame index correlates with weight. Spearman correlation, all 150 subjects. No-effect
control (no physiological link between cardiac timing and weight). SESOI profile: standard (rp = 0.3).
Power: 0.96.

cardiac_26: Cine frame count correlates with weight. Spearman correlation, all 150 subjects. No-effect
control (frame count is protocol-dependent). SESOI profile: standard (rg = 0.3). Power: 0.96.

E.2.3 L2: Single Imaging Metric (18)

All L2 hypotheses use Mann-Whitney U tests with 30 vs 30 subjects. Each carries SESOI profile 1oose
(dp=0.8), yielding power 0.86.

E.2.4 L3: Engineered Features (3)

cardiac_21: DCM have higher LVESV/LVEDYV ratio than NOR. Mann-Whitney U, 30 vs 30. Positive
control. Inverse of EF; reduced systolic function elevates ratio. SESOI profile: 1oose (dy = 0.8). Power: 0.86.

cardiac_22: HCM have higher mass-to-volume ratio than DCM. Mann-Whitney U, 30 vs 30. Positive
control. HCM: thick walls + small cavity; DCM: dilated cavity. SESOI profile: 1oose (dg = 0.8). Power: 0.86.
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Table 20. ACDC L2 hypotheses: single imaging metric group comparisons.

ID Hypothesis Groups Control Label
cardiac_01 =~ DCM have significantly lower LVEF than NOR DCMvs NOR  Positive Supported
cardiac_02 ~ DCM have significantly higher LV myocardial mass than ~DCMvs NOR  Positive Supported
NOR
cardiac_03  DCM have significantly higher LVEF than NOR DCMvs NOR  Negative  Refuted
cardiac_04  NOR have significantly larger RVEDV than DCM NORvs DCM  Negative  Refuted
cardiac_07  DCM have significantly larger LVEDV than NOR DCMvs NOR  Positive Supported
cardiac_08 = DCM have significantly larger LVESV than NOR DCMvs NOR  Positive Supported
cardiac_09  HCM have significantly higher LV myocardial mass than ~HCM vs NOR  Positive Supported
NOR

cardiac_10 ~ HCM have significantly higher LVEF than DCM HCMvs DCM  Positive Supported
cardiac_11 ~ MINF have significantly lower LVEF than NOR MINF vs NOR  Positive Supported
cardiac_12 RV patients have significantly lower RVEF than NOR RV vs NOR Positive Supported
cardiac_13 ~ HCM have significantly lower LV myocardial mass than NOR ~ HCM vs NOR  Negative = Refuted
cardiac_14  DCM have significantly smaller LVEDV than NOR DCMvsNOR  Negative  Refuted
cardiac_15 DCM have significantly smaller LVESV than NOR DCM vs NOR Negative Refuted
cardiac_16 RV patients have significantly higher RVEF than NOR RV vs NOR Negative ~ Refuted
cardiac_19  HCM have significantly smaller LVEDV than NOR HCMvs NOR  Positive Refuted
cardiac_20 ~ HCM have significantly smaller LVESV than NOR HCM vs NOR  Positive Supported
cardiac_30 RV patients have significantly larger RVEDV than NOR RV vs NOR Positive Supported
cardiac_31 RV patients have significantly smaller RVEDV than NOR RV vs NOR Negative ~ Refuted

cardiac_23: DCM have lower mass-to-volume ratio than NOR. Mann-Whitney U, 30 vs 30. Positive
control. DCM dilation increases LVEDV more than mass. SESOI profile: 1oose (dy = 0.8). Power: 0.86.

E.2.5 L4: Mixed Metadata + Imaging (5)

cardiac_05: Weight correlates with LVEF in DCM+NOR. Spearman, n = 60. Underpowered control
(weak/confounded relationship). SESOI profile: standard (ro = 0.3). Power: 0.65.

cardiac_06: Height correlates with LVEDV. Spearman, n = 150. Positive control (body-size scaling). SESOI
profile: standard (ro = 0.3). Power: 0.96.

cardiac_17: In NOR: weight correlates with LVEF. Spearman, n = 30. Underpowered control. SESOI
profile: standard (rg = 0.3). Power: 0.36.

cardiac_18: In DCM: height correlates with LVEE. Spearman, n = 30. Underpowered control. SESOI
profile: standard (rg = 0.3). Power: 0.36.

cardiac_29: DCM have higher LVEDV/BSA than NOR. Mann-Whitney U, 30 vs 30. Positive control. BSA
= \/hem X wig/3600. SESOI profile: 1oose (do = 0.8). Power: 0.86.

E.3 UCSF-PDGM Glioma MRI Hypotheses (32)

E.3.1 LO: Untestable (2)

glioma_30: Mean tumor ADC associated with survival. INVALID. ADC/DWI modality not available
through the Imaging Analysis APL

glioma_32: IDH-mutant gliomas more often frontal. INVALID. No tumor location or atlas features
available.

E.3.2 L1: Metadata-Only (6)

glioma_29: In GBM, men are older than women. Mann-Whitney U, M (239) vs F (157) in Grade IV
(n = 396). Nonsense control (no biological basis for sex—age shift in GBM). SESOI profile: standard
(dg = 0.5). Power: >0.99.

glioma_11: MGMT methylated GBM survive longer. Log-rank + Cox HR, methylated (274) vs unmethy-
lated (105), Grade IV (n = 395, 229 events). Positive control. SESOI profile: 1oose (HR-scale target 2.0).
Power: >0.99.
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glioma_13: GTR patients survive longer than STR. Log-rank + Cox HR, GTR (227) vs STR (127), Grade IV.
Positive control. SESOI profile: 1oose (HR-scale target 2.0). Power: >0.99.

glioma_14: IDH-mutant Grade IV survive longer. Log-rank + Cox HR, mutant (28) vs wildtype (368),
Grade IV. Underpowered control (few IDH-mutant in Grade IV). SESOI profile: standard (HR-scale target
1.5). Power: 0.72.

glioma_16: GTR patients have shorter survival. Log-rank (reuses glioma_13). Negative control (reversed
direction). SESOI profile: 1oose (HR-scale target 2.0). Power: >0.99.

glioma_28: In GBM, men survive longer than women. Log-rank + Cox HR, M (239) vs F (157), Grade IV.
Nonsense control. SESOI profile: standard (HR-scale target 1.5). Power: >0.99.

E.3.3 L2: Imaging-Only (5)

All L2 hypotheses use Mann-Whitney U tests, Grade IV (n=396) vs Grade II (n=>56). Each carries SESOI
profile Loose (dy=0.8), with power >0.99.

glioma_01: Grade IV have larger whole tumor volume than Grade II. Positive control. Well-established:
higher-grade gliomas grow more aggressively.

glioma_05: Grade II have larger enhancing tumor volume than Grade IV. Negative control (reversed
direction). Enhancement is a hallmark of high-grade tumors.

glioma_07: Grade IV have larger enhancing tumor volume than Grade II. Positive control. Contrast
enhancement reflects blood-brain barrier disruption in GBM.

glioma_08: Grade IV have larger necrotic core volume than Grade II. Positive control. Necrosis is a
defining feature of Grade IV (GBM).

glioma_09: Grade IV have larger edema volume than Grade II. Positive control. Higher-grade tumors
cause more peritumoral edema.

E.3.4 L3: Engineered Features (3)

glioma_19/20/21: Grade IV have higher enhancing / necrotic / edema fraction. Mann-Whitney U, Grade
IV (396) vs Grade 1II (56). Positive controls. Each uses SESOI profile standard (dy = 0.5). Power: 0.94.

E.3.5 L4: Mixed (11)

glioma_02: IDH-wildtype tumors have larger enhancing tumor volumes than IDH-mutant. Mann-
Whitney U, all grades (n=495), grouped by IDH status. Positive control. SESOI profile: 1oose (dy = 0.8).
Power: >0.99.

glioma_04: IDH-mutant tumors have more necrotic core than IDH-wildtype. Mann-Whitney U, all grades
(n=495). Negative control (reversed direction). SESOI profile: 1oose (dy = 0.8). Power: >0.99.

glioma_06: Age correlates with whole tumor volume in GBM. Spearman, Grade IV (n=396). Negative
control (no expected relationship). SESOI profile: standard (ro=0.3). Power: >0.99.

glioma_10: IDH-wildtype tumors have larger necrotic core than IDH-mutant. Mann-Whitney U, all
grades (n=495). Positive control. SESOI profile: 1oose (dy=0.8). Power: >0.99.

glioma_17: In Grade II, IDH-wildtype have more enhancement than IDH-mutant. Mann-Whitney U,
Grade II only (n=>56; IDH-wt n=10, IDH-mut n=46). Underpowered control (very small IDH-wt subgroup).
SESOI profile: 1oose (dy=0.8). Power: 0.61.

glioma_22: IDH-wildtype tumors have higher enhancing fraction than IDH-mutant. Mann-Whitney U,
all grades (n=495). Positive control. SESOI profile: standard (dy=0.5). Power: 0.99.
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glioma_31: In lower-grade gliomas, 1p/19q codeleted tumors have lower enhancing fraction. Mann-
Whitney U, Grade II/III (n=99; codeleted n=13, intact n=86). Underpowered control. SESOI profile:
standard (dyg=0.5). Power: 0.38.

glioma_03: Enhancing tumor volume negatively correlates with survival in GBM. Cox PH / log-rank,
Grade IV (n=395, 229 events). Imaging predictor: ET_ml. Positive control. SESOI profile: standard
(HR-scale target 1.5). Power: >0.99.

glioma_15: Enhancing tumor volume positively correlates with survival in GBM. Cox PH / log-rank,
Grade IV (n=395). Negative control (reversed direction of glioma_03). SESOI profile: standard (HR-scale
target 1.5). Power: >0.99.

glioma_24: Higher necrotic fraction correlates with worse survival in GBM. Cox PH, Grade IV (n=395).
Positive control (expected but borderline). SESOI profile: standard (HR-scale target 1.5). Power: >0.99.

glioma_12: CET volume >10mL associated with shorter survival in GBM. Log-rank, Grade IV (n=395).
Derived binary grouping: ET >10mL vs <10mL. Positive control. SESOI profile: standard (HR-scale
target 1.5). Power: >0.99.

E.3.6 L5: Multivariate / Advanced (5)

glioma_25: MGMT protective after adjusting for age + EoR. Cox PH multivariate, Grade IV (n = 379,
229 events). Primary: mgmt_binary (methylated=1). Covariates: age, eor_binary (GTR=1). Positive control.
SESOI profile: standard (HR-scale target 1.5). Power: >0.99.

glioma_26: Older age worsens survival adjusting MGMT + EoR. Cox PH multivariate, Grade IV. Primary:
age (continuous). Covariates: mgmt_binary, eor_binary. Positive control. SESOI profile: standard (HR-
scale target 1.5). Power: >0.99.

glioma_27: IDH-wt increases enhancing fraction after grade adjustment. OLS regression, all grades
(n = 495). Dependent: enhancing_fraction. Predictors: idh_wildtype + grade dummies (ref=Grade II).
Positive control. SESOI profile: standard (f? target 0.3). Power: >0.99.

glioma_34: ET volume predicts survival adjusting for EoR. Cox PH multivariate, Grade IV. Primary:
ET_ml (continuous). Covariate: eor_binary. Positive control. SESOI profile: standard (HR-scale target 1.5).
Power: >0.99.

glioma_35: IDH protective in full multivariate model. Cox PH, all grades (n = 494, 248 events). Primary:
idh_binary (mutant=1). Covariates: age, grade_III, grade_IV, mgmt_binary, eor_binary, ET_ml. 7-covariate
model. Positive control. SESOI profile: standard (HR-scale target 1.5). Power: >0.99.

F Ground-Truth Computation Pipeline

F1 Methodology

Ground-truth evidence labels are computed independently of the agent pipeline, using the same imaging
data and statistical conventions. For each hypothesis, we:

1. Load ground-truth segmentation masks (expert-annotated for ACDC; BraTS-convention masks for
UCSE-PDGM)

2. Compute metrics using the same analysis-interface functions available to agents
(calculate_volume, calculate_mass,calculate_ejection_fraction)

3. Execute the canonical statistical test (Mann-Whitney U for group differences, Spearman for correla-
tions, log-rank/Cox PH for survival, OLS for regression)

4. Record complete statistics: sample sizes, effect size with 95% CI, p-value, group medians/means
5. Resolve the hypothesis-specific sesoi_profile and compute power at that SESOI
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6. Assign the evidence label mechanically using the rules in Table 1

Power is computed per test family using the formulas in Section D.8. The implementation uses
statsmodels power functions for group differences and regression, and analytic normal approximations
for correlations and survival analyses.

G Agent System Prompts

All agents are defined as structured objects with four fields: title, expertise, goal, and role. The
system prompt for each agent is rendered as: “You are a {title}. Your expertise is in {expertise}. Your goal is
to {goal}. Your role is to {role}.” Below we reproduce the complete role definitions; expertise and goal fields
are shown inline.

G.1 Principal Investigator

Expertise: running a science research lab. Goal: perform research that maximizes scientific impact.

Principal Investigator Role Prompt

Lead a team of experts to solve important scientific problems. Listen to team member input, synthesize their
recommendations into clear, actionable decisions. Make decisive choices when there are trade-offs. Follow
any output format requirements specified.

G.2 Medical Imaging Specialist (Discussion)

Expertise: medical image analysis, image segmentation, and SAT foundation model usage. Goal: provide
expertise on imaging analysis capabilities and segmentation approaches.

Medical Imaging Specialist (Discussion) Role Prompt

Provide imaging expertise for research planning. Recommend which anatomical structures to segment, which
observations to capture, and assess segmentation feasibility and expected quality.

Available tools:
- list_dataset_patients (dataset, group=None, metadata_filters=None):
Discover cohort sizes. Returns: {patients: [{patient_id, group}], total_count}
— list_available_structures (category): Verify segmentable structures.
Categories: cardiac, abdominal, vascular, spine, brain, urogenital, etc.
— check_sat_status(): Verify SAT model availability

Use tools to gather information needed for recommendations.

G.3 Medical Imaging Specialist (Interpretation)

Expertise: medical image analysis, segmentation quality assessment, and technical limitations. Goal: interpret
segmentation results and assess their impact on study conclusions.

Medical Imaging Specialist (Interpretation) Role Prompt

Interpret imaging results from a technical perspective. NOTE: Segmentation quality metrics (Dice scores) are
NOT available in the current framework since there is no ground truth - assume segmentations are adequate
for analysis. Discuss potential technical limitations (partial volumes, motion artifacts, frame selection)
that could affect interpretation, but do NOT request unavailable metrics or make their absence a reason for
inconclusive verdict. Focus on whether technical factors would plausibly invalidate the statistical findings

G.4 ML Statistician (Discussion)

Expertise: statistical experimental design, power analysis, hypothesis testing methodology. Goal: design
rigorous statistical experiments and provide methodological guidance.
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ML Statistician (Discussion) Role Prompt

Provide statistical guidance for research planning. Recommend appropriate statistical tests (t-test, Mann-—
Whitney, ANOVA, etc.), assess sample size adequacy, and discuss study feasibility.

Focus on TEXT-BASED discussion. The meeting output is a PLAN, not code.

+xPower analysis (REQUIRED in Phase 1) :*x
Use the sample sizes reported by the Imaging Specialist to compute a priori power. Run this ONCE and report
your conclusion:

from statsmodels.stats.power import TTestIndPower
analysis = TTestIndPower ()
power = analysis.power (effect_size=0.5, nobsl=<nl>, alpha=0.05, ratio=<n2/nl>)

For correlation hypotheses, use NormalIndPower with effect_size=0.3.
State clearly whether the study is adequately powered (threshold: 0.80).

G.5 Coding ML Statistician

Expertise: statistical analysis, ML, Python programming with scipy, numpy, sklearn, matplotlib. Goal: test
hypotheses through code-driven statistical analysis.

ML Statistician (Coding) Role Prompt

Execute statistical analysis using Python code. Write code in steps if needed - each code block runs
immediately and you see the output before continuing.

**Pre—loaded SAT API:x*x

- sat.list_patients (db_path) -> list of patient_ids

- sat.get_patient_metadata (patient_id) -> dict with ’group’, etc.

- sat.load_structure_mask (db_path, patient_id, structure,
source_image_contains=observation) -> list of {mask, spacing}

- sat.calculate_volume (mask, spacing) -> float (mL)

+*xData requirements:xx*

- Use REAL data from sat API only (no mock/random data)

— Do NOT use raw filesystem crawling as a substitute for sat API

— Prefer the planned hypothesis test; switch only if assumptions violated

**Statistical standards:x*x*

- Sign convention: positive effect = groupl has HIGHER values

- Cohen’s d = (meanl - mean2) / pooled_std

- Mann-Whitney U effect size: rank-biserial r

— CI: bootstrap for nonparametric, parametric CI for t-test

— Survival: logrank_test or CoxPHFitter, effect size = hazard ratio

*xRequired outputs:*x
- data/statistical_results.json (exact schema in agenda)
- plots/*.png (at least one visualization)

G.6 Phase-Aware Critic

Expertise: providing phase-appropriate critical feedback for multi-phase research workflows. Goal: ensure
work meets the specific goals of the current phase without demanding out-of-scope analysis.

Phase-Aware Critic Role Prompt

Provide phase-specific critique only. Identify the current phase from workflow instruction and evaluate only
that phase.

General critic behavior:

— Prioritize blocking errors first, then high-value warnings.

— Cite concrete evidence for each issue and give one actionable fix.
- Do not request extra analyses outside the plan.

PHASE 1 (planning):

— Verify plan feasibility reasoning is coherent.

— Verify core contract fields: groups, structures, observations, metrics.
— Do not demand code execution in Phase 1.

38



VERITAS A PREPRINT

PHASE 2A (segmentation request):

— Verify code writes segmentation_request. json.

- Verify structures/observations align with Phase 1 plan.
- Do not demand statistical testing in Phase 2A.

PHASE 2B (statistical analysis):

Blocking checks:

1) No fabricated/synthetic/mock data

2) No off-contract primary data loading

3) No manual sample capping/subsampling

4) data/statistical_results.json must exist with required keys
5) No silent deviation from planned groups/test/adjust_for

6) If plan requires adjustment, verify implementation

Test policy: Prefer the planned test. If assumptions invalidate it, allow one valid alternative when
justified.

PHASE 3 (interpretation):

- Verify interpretation uses Phase 2B results (no re-analysis).
— Verify final verdict is clear and supported.

— Verify final verdict JSON block is present.

H Phase Agenda Templates

Each phase begins with a structured agenda that is dynamically generated from the dataset configuration,
hypothesis text, and outputs of preceding phases. Below we reproduce the core template for each phase, using
angle-bracket placeholders (<. . . >) for values injected at runtime. These agendas are the actual prompts
given to agents—no additional instructions are provided beyond the agent system prompts (Section G) and
the agenda below.

H.1 Phase 1: Planning Agenda

The planning agenda provides the hypothesis, dataset context, and role-specific instructions for the three
discussion agents.

*xResearch Question:x* <hypothesis>

*xDataset Context:xx*
<dataset_info_text>

*xTask:x* produce one executable analysis plan.

*xCore rules (all agents) :xx*

— Keep the target quantity exact; no proxy substitution unless hypothesis explicitly allows it.

- If prerequisites are missing in principle, mark UNTESTABLE with subtype + missing requirements.
- Use only dataset observations/timepoints in observations; never place metadata there.

**xImaging specialist:xx

— Choose exact structure names via list_available_structures() .

- Query cohort/sample sizes with list_dataset_patients() for planned groups.

- If hypothesis is metadata-only (no image-derived measurements), set structures: [].

*xStatistician:*x*

— Choose one primary test that matches the hypothesis.

- Compute a priori power using queried sample sizes (d=0.5 group tests, r=0.3 correlations); report
adequacy at 0.80.

— Survival: use analysis_type: "survival"; use log-rank for unadjusted two-group survival and Cox PH for
adjusted/continuous-predictor survival.

- Mixed-cohort correlation/regression: consider confounding control via adjust_for or stratify_by.

- For correlation/regression, declare exact tested variables in target_variables (one outcome +
predictors) .

**PI synthesis:*x
- Use only metadata fields listed in dataset context.
- Metadata-value groups belong in groups; use grouping_field and restrict_to when needed.

— Derived groups require group_spec: {type: "derived", rule: "..."}.

**xOutput:x+x a valid Phase 1 JSON plan block with feasibility + analysis contract fields.
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The PI then produces a structured JSON output containing: feasibility status, groups, structures, observations,
metrics, statistical test, analysis type, grouping field, predictors, covariates, and target variables. The full
output schema is defined in build_phasel_summary_instructions ().

H.2 Phase 2A: Segmentation Request Agenda

Phase 2A translates the Phase 1 plan into a concrete segmentation request by querying the SAT API for
patient identifiers.

Segmentation Phase Prompt

Build segmentation_request.json from the Phase 1 plan.

**xPlan contract:«*x

— Dataset: <dataset_name>

- Groups: <groups>

— Structures: <structures>

— Observations: <observations>
— Cohort mode: <cohort_mode>

**Rules:xx

— Use exact structure names from plan, unchanged.

— Build identifiers in format <dataset>:<patient_id>:<observation>.

— Include only plan observations.

- If groups are ["ALL"], iterate real dataset groups; never pass "ALL" to API.
- For metadata-group hypotheses, map plan labels to canonical metadata values.

**API (pre-loaded) :*x
result = list_dataset_patients("<dataset>", group="<group>")
meta = get_patient_metadata ("<dataset>", "patientOO1l")
for obs_name in <observations>:
identifier = meta["identifiers"].get (obs_name)

**Required output (segmentation_request.json) :*x
{
"identifiers": ["<dataset>:patient00l:<obs>", ...1,
"structures": <structures>,
"results_database": "<results_db>",
"modality": "<modality>",
"model_variant": "nano",
"chunk_size": 64

}

Write complete code now and save as segmentation_request.json.

H.3 Phase 2B: Statistical Analysis Agenda

The statistical analysis agenda is the most detailed, specifying the exact analysis contract, SAT API usage,
hard constraints, and required output schema.

Statistical Analysis Phase Prompt

Execute Phase 2B statistical analysis using Phase 2A outputs.

*xPlan contract (must match exactly) :xx

— results_db: <phase2a_results_db>

— groups: <groups>

— structures: <structures>

— observations: <observations>

— metrics: <metrics>

— statistical test: <test>

- analysis_type: <group_difference|correlation|regression|survival>
— cohort_mode: <groups|all>

— predictors: <predictors>

— adjust_for: <covariates> -- REQUIRED |RECOMMENDED |OPTIONAL
- stratify_by: <variables> —-- REQUIRED|RECOMMENDED | OPTIONAL
- target_variables: {outcome: "<var>", predictors: ["<var>", ...]}

— available metadata fields: <metadata_fields>

*xHard constraints:*x
— Use SAT APIs as primary data source; no synthetic/mock placeholders.

40



VERITAS A PREPRINT

— Use full eligible cohort after planned restrictions (no slicing/sample caps) .

— Prefer the planned primary analysis. If assumptions invalidate it, switch only to a statistically valid
alternative and document the reason.

- Implement planned adjustment/stratification in code and in statistical_results.json.

- If any planned group has n=0, raise an error and fix loading/filter logic.

- Before finishing, ensure data/statistical_results.json exists.

*xAnalysis track (strict):xx
<track-specific guidance based on analysis_type and adjustment level>

«*xTask:x* Write Python code to:

Load segmentation results via sat.list_patients (results_db_path)
Filter patients by group (<group_filter_instruction>)

Load masks for structures at observations

Calculate metrics from segmentation masks

Perform <statistical_test> according to analysis_type=<type>
Create visualizations

Save results to data/statistical_results.json and plots/x.png

oUW N R

**SAT API (pre—loaded) :*x

— sat.list_patients (results_db_path) -> all patient IDs

- sat.get_patient_metadata (patient_id) -> metadata

- sat.get_observation_identifiers(patient_id) -> per-patient obs map

- sat.load_structure_mask (results_db_path, patient_id, structure, source_image_contains=...)
— sat.calculate_volume (mask, spacing)

xxRequired output (data/statistical_results.json) :xx
{
"analysis_type": "<type>",
"test_performed": "<test>",
"p_value": <float>,
"effect_size": <float>,

"effect_size_type": "<cohens_d|rank_biserial|hazard_ratio|...>",
"n_total": <int>,

"sample_sizes": {"<groupl>": <int>, "<group2>": <int>},
"variables_tested": {outcome: "<var>", predictors: ["<var>"]}

}

Write complete analysis code now.

H.4 Phase 3: Interpretation Agenda

The interpretation agenda provides the results snapshot from prior phases and guides the discussion toward
a final verdict.

Interpretation Phase Prompt

x«Hypothesis:»x <hypothesis>

x*Results from Previous Phases:*x
<results_snapshot>

x*Task:*x Interpret the results and reach a verdict.

x*Discussion Focus:*x

This is an INTERPRETATION phase - focus on TEXT-BASED discussion.

- Review what was found in Phase 2A (segmentation) and Phase 2B (statistics)
- Discuss implications, limitations, and confidence in the findings

— Reach a final verdict: YES (supported), NO (rejected), or INCONCLUSIVE

x«Verdict Guidelines:*x

— YES: p < 0.05 AND effect in direction claimed by hypothesis. Verify direction from group_statistics
means (NOT effect_size sign).

- NO: Not statistically significant, OR effect direction is opposite. Non-significant result in
adequately powered study (power >= 0.80) is evidence AGAINST the hypothesis.

— INCONCLUSIVE: ONLY when BOTH: (1) Phase 1 found study underpowered (power < 0.80) AND (2) result is not

significant (p >= 0.05).

— INVALID: fundamental methodological failures (NaN results, p=1.0 exactly, completely wrong analysis

type) -- not for assumption violations.

x*Required output:x*x*
{
"verdict": "<YES|NO|INCONCLUSIVE>",
"evidence_label": "<SUPPORTED |REFUTED | UNDERPOWERED | INVALID>",
"p_value": <number from Phase 2B>,
"effect_size": <number from Phase 2B>,
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"test_used": "<test name>",

"sample_sizes": {"groupl": N, "group2": N},
"confidence": "<high|medium|low>",
"reasoning": "<one sentence conclusion>"

I Ethics and Broader Impact

1.

Research acceleration, not clinical deployment: VERITAS is designed to accelerate hypothesis
screening in research settings. It produces evidence labels, not medical advice, and human expert
oversight remains essential before any clinical or policy decision.

Generalization: Our evaluation spans two MRI modalities (cardiac cine and brain MRI) with a single
segmentation backend. Performance on other imaging modalities, pathologies, or segmentation
models requires future validation.

Statistical assumptions: The evidence-label framework relies on conventional SESOI thresholds.
Domain-specific calibration of these thresholds may be necessary for applications where clinically
meaningful effect sizes differ substantially from Cohen’s conventions.

Code correctness: While code-driven execution eliminates natural-language statistical hallucination
(fabricated p-values), agents can generate syntactically correct but methodologically flawed code
(e.g., the mediator-adjustment error in Section C). The automated validity checks (Section D.5) catch
many but not all such errors.

Automation bias: Users may over-trust automated conclusions, particularly when the system
produces detailed statistical outputs and visualizations. The auditability framework (Section A.3)
mitigates this by making every reasoning step and code artifact inspectable, but appropriate training
on system limitations remains important.
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