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Abstract

Background. Recent open 3D-CT vision-language models (VLMs) offer a
methodological possibility for very-small-cohort radiogenomic prediction: zero-
shot biomarker scoring via image-text alignment, with no labelled training on the
target cohort. The originally specified first-choice VLM (CT-CHAT / CT-CLIP)
was found to have no released weights reachable from this workspace via a Hug-
gingFace handle with token authentication and a permissive licence. The protocol
is therefore executed on the two open 3D-CT VLMs that are available under
those constraints: Merlin [1] (Stanford; a 3D-inflated ResNet-152 + Clinical-
Longformer CLIP-style model originally trained on report-paired abdominal CT
volumes) and BiomedCLIP [2] (Microsoft; a 2D ViT-B/16 + PubMedBERT
contrastive model over a 15M biomedical image-text corpus, used here as a 2D
key-slice sanity comparator).

Methods. A pre-registered Phase 1 smoking-confounder probe on a post-SSL
CT-FM 512-d substrate flagged all four endpoints (EGFR mutation, KRAS
mutation, TP53 mRNA z-score, STK11 mRNA z-score) confounder-foreclosed



on the n = 96 internal cohort: smoking_never AUC 0.708/0.712 (linear/ridge)
exceeded every biomarker AUC under the same probes. We extracted Merlin’s
512-d default-mode contrastive image features and BiomedCLIP’s 512-d image
features on the internal cohort (n = 96) and an external label-hold-out cohort
(n = 42, EGFR + smoking only). For each of four binary targets we paired the
image features against two prompt strategies (bare disease statement; cot_brief
short rationale-style prefix) and computed the contrastive zero-shot probability
softmax((img - txt") - logit_scale)[positive]. The same VLMs and prompt
strategies were evaluated on external EGFR. Each cell was compared to a super-
vised tiny-MLP baseline trained on the same frozen image features. Pre-registered
per-cell gate (locked before inference): AUC > 0.65 and bootstrap lower CI
> 0.55 and external replication.

Results. Best zero-shot cell per (target, VLM) on the internal cohort: EGFR
/ Merlin / cot_brief 0.599 [0.462,0.746]; KRAS / Merlin / cot_brief
0.541 [0.370,0.700]; TP53_high / Merlin / cot_ brief 0.543 [0.415, 0.648];
STK11 high / Merlin / cot_brief 0.626 [0.517,0.720]. No zero-shot cell on
EGFR or KRAS clears the 0.65 gate; the closest cell (STK11 high / Merlin
/ cot__brief, 0.626) has a bootstrap lower CI of 0.517, below the 0.55 thresh-
old. BiomedCLIP underperforms Merlin on every target/strategy cell. External
EGFR: all four zero-shot cells sit between 0.394 and 0.500, chance or anti-
predictive. Critically, the failure is specific to the zero-shot access mode, not to
the features: a supervised linear / ridge probe on the same frozen Merlin fea-
tures clears the EGFR gate within internal (AUC 0.748 [0.627,0.855] / 0.705
[0.567,0.833]; 1000-shuffle permutation p = 0.010 / 0.015), far above the best
zero-shot Merlin cell (0.599). On these benchmarked Merlin features EGFR AUC
(0.748) exceeds smoking_never AUC (0.603), reversing the ordering seen on a
CT-FM proxy substrate; the smoking-foreclosure is therefore substrate-specific
and does not hold for the features actually benchmarked here.

Conclusion. Zero-shot contrastive scoring with two open 3D-CT VLMs at
n = 96 NSCLC-Radiogenomics produces no cell that clears the pre-registered
gate. But this is a limit of the zero-shot access mode, not of the features: a
supervised linear probe on the same Merlin features recovers a gate-clearing
EGFR signal (AUC 0.705-0.748, permutation p < 0.05) that the contrastive
prompting cannot reach. We localise this failure geometrically: the supervised
EGFR-discriminative direction is near-orthogonal to the single text-prompt axis
the contrastive score projects onto (cos = 0.02, at the random-direction null),
so removing that axis from the embeddings leaves the gate-clearing EGFR signal
intact. Open 3D-CT VLM features carry decodable EGFR signal, but zero-shot
contrastive prompting at n = 96 does not access it because the prompt axis and
the discriminative axis are misaligned.

Keywords: vision-language models, zero-shot prediction, non-small-cell lung cancer,
radiogenomics, EGFR mutation, KRAS mutation, foundation models, pre-registration,
external validation



1 Introduction

EGFR and KRAS mutation status in non-small-cell lung cancer (NSCLC) guides
therapeutic decisions but requires invasive tissue biopsy or circulating-tumour-DNA
assay. A non-invasive CT-derived predictor would be useful for triage and longitudi-
nal follow-up, particularly for patients without accessible tissue. Recent open 3D-CT
vision-language models (VLMs) raise a methodological possibility for the very-small-
cohort regime that dominates radiogenomic research: zero-shot biomarker scoring
via contrastive image-text alignment, requiring no labelled training on the target
cohort. This work asks whether two publicly released radiology VLMs can clear a
pre-registered biomarker prediction gate under zero-shot prompting at n = 96.

The originally specified first-choice VLM (CT-CHAT / CT-CLIP [3]) was found
in a Phase 0 inventory to have no released weights reachable from this workspace
via a HuggingFace handle with token authentication and a permissive licence; the
sibling GenerateCT repository is on HuggingFace, but the CT-CHAT and CT-CLIP
weights are distributed through a Google-Drive / GitHub-release pattern that does
not satisfy this program’s reproducibility requirement. We therefore pivoted to two
open alternatives that are on HuggingFace under permissive licences:

¢ Merlin [1]: a 3D-inflated ResNet-152 [4] + Clinical-Longformer CLIP-style archi-
tecture originally trained on abdominal CT volumes paired with radiology reports
(applied here out-of-domain to chest CT). The default-mode forward returns 512-d
projected image features and 512-d projected text features in a shared contrastive
space [5], with a learned logit-scale parameter.

* BiomedCLIP [2]: a 2D ViT-B/16 + PubMedBERT contrastive model trained
on a 15M biomedical image-text corpus, used here as a 2D key-axial-slice sanity
comparator and not expected to outperform a 3D model on volumetric biomarker
tasks.

The pivot retains the protocol of the original brief (zero-shot prompting, AUC-
vs-supervised comparison, pre-registered confounder check). CT-CHAT remains a
conditional third arm should the weights become accessible through direct correspon-
dence with the original authors. Figure 1 shows the cohorts, the model pivot, and the
two scoring modes.

We pre-registered a smoking-confounder probe as Phase 1: on a post-SSL CT-FM
substrate of this n = 96 trimodal internal cohort, smoking_ never status is predictable
from CT-derived features at AUC > 0.70, at or above the within-cohort biomarker
AUC, which on that substrate would foreclose pure-biomarker claims. We later re-
run the identical probe directly on the benchmarked Merlin / BiomedCLIP features
(Section 3.6, Table 4) and find the ordering does not transfer (on Merlin, EGFR signal
exceeds smoking signal), an important caveat on cross-substrate confounder reasoning
that we develop in the results. Four publishable outcomes were locked before any
zero-shot inference. Figure 2 summarises the two cohorts.



Cohorts and model pivot

CT-CHAT weights
unavailable
pivot: Merlin (3D) +
BiomedCLIP (2D)

internal cohort n=96 frozen 512-d zero-shot prompting
4-target panel image features + supervised probe

external cohort n=42
EGFR label-hold-out

Fig. 1 Cohorts and model pivot. The internal (n = 96, 4-target) and external (n = 42, EGFR)
cohorts, with CT-CHAT unavailable, are evaluated on frozen 512-d features from Merlin (3D) and
BiomedCLIP (2D) under both zero-shot prompting and a supervised probe.

Biomarker-positive counts Never-smoker rate (covariate shift, 2 p<1074)

50%

20/96
19/96 (21%)
20 (20%) s
16/42 40
(38%)

positive patients
G
never-smokers (%)

R+ KRAS+ EGFR+ internal external
(internal) (internal) (external) (n=96) (n=42)

Fig. 2 Cohort composition. Internal NSCLC-Radiogenomics (n = 96; 19 EGFR+, 20 KRAS+, 16%
never-smokers) and external label-hold-out (n = 42; 16 EGFR+, 50% never-smokers). The smoking-
covariate shift between cohorts (internal 16% vs external 50% never-smokers, x2 p < 10™%) frames
the external-validation reading.

2 Related Work

Contrastive vision-language pretraining.

CLIP demonstrated that contrastive image-text pretraining over web-scale pairs yields
a shared embedding space supporting zero-shot transfer by scoring an image against
natural-language class prompts [5]. The zero-shot contrastive protocol used here (Lo-
normalised image and prompt embeddings, a softmax over a (positive, negative)
prompt pair scaled by a learned logit temperature) is the direct medical-imaging
instantiation of that recipe. The dependence of the resulting score on prompt phrasing
motivates the two-prompt (bare, cot_brief) comparison.



Vision-language foundation models for medicine.

The generalist-medical-Al agenda argues that self-supervised models trained on large
multimodal corpora can be applied to new tasks with little or no task-specific
labelling [6]. In the contrastive-zero-shot branch, CheXzero showed expert-level
detection of chest-radiograph pathologies with no explicit labels, generalising to unan-
notated findings and external institutions [7], and BiomedCLIP scaled the recipe to
a 15M biomedical image-text corpus [2]. In computational pathology, PLIP [8] and
CONCH [9] report strong zero-shot histology classification from contrastive caption-
ing. These successes are on tasks whose visual signature is directly described in the
paired text (e.g. effusion, tumour grade); whether the same mechanism transfers to
molecular endpoints absent from radiology reports is exactly the open question this
work probes.

3D-CT vision-language models.

Most medical VLMs operate on 2D slices or radiographs; volumetric CT poses a
distinct modelling problem. Merlin pairs a 3D-inflated image encoder with a Clinical-
Longformer text encoder trained on report-paired abdominal CT volumes [1], and is
one of the two open 3D-CT VLMs evaluated here. CT-CLIP / CT-CHAT trains a
contrastive model on the CT-RATE corpus of report-paired chest CT volumes and
reports supervised-level zero-shot multi-abnormality detection [3]; its weights were
not reachable under this program’s reproducibility constraints, motivating the pivot.
RadFM extends generalist radiology modelling across web-scale 2D and 3D data and
a broad task suite [10]. Our 2D BiomedCLIP comparator quantifies how much a
key-slice 2D model loses against a true volumetric encoder on these targets.

Radiogenomics and CT-based mutation prediction.

The premise that tumour phenotype is partially encoded in routine imaging under-
lies radiomics: hand-crafted CT features carry prognostic and gene-expression-linked
signal across lung and head-and-neck cancers [11]. For NSCLC specifically, quantita-
tive PET/CT metrics have been associated with EGFR and KRAS status [12], and
deep-learning models report high EGFR-prediction AUC in lung adenocarcinoma pre-
senting as ground-glass opacity [13]. Reported performances vary widely with cohort
selection, label prevalence, and the inclusion of clinical covariates such as smoking
history, which is itself strongly correlated with EGFR status, a confound this work
makes explicit through a pre-registered Phase 1 probe. The NSCLC-Radiogenomics
collection [14] provides the paired CT, mask, RNA-seq, and clinical data used here.

Reproducibility and pre-registration.

Surveys of machine learning for medical imaging document recurring methodological
failures (data leakage, selective reporting, and over-optimistic small-cohort estimates)
that inflate apparent performance [15]. Pre-registration of the analysis plan, gate,
and outcomes before examining results limits these degrees of freedom and supports
publication of negative findings. The per-cell gate (AUC > 0.65, bootstrap lower CI
> 0.55, external replication) and the four declared outcomes were locked before any
zero-shot inference, placing this benchmark in that tradition.



3 Methods

3.1 Cohorts

Internal (n = 96). NSCLC-Radiogenomics [14] trimodal subset with CT vol-
ume + lesion mask + RNA-seq + clinical. Targets: EGFR mutation (19 positive),
KRAS mutation (20 positive), TP53 mRNA z-score (continuous), STK11 mRNA z-
score (continuous). The two mRNA targets were discretised at the cohort median
(48/48 high/low) to fit the contrastive binary-prompt template; the *_high labels are
reported as such.

External (n = 42). External label-hold-out. EGFR mutation 16 positive (38.1%);
no KRAS in this cohort’s release and no RNA-seq, so external validation is EGFR-
only. Smoking schema: internal 16% never-smokers vs external 50% never-smokers (x?
p < 107%): a substantial cohort-distribution shift on the smoking covariate.

3.2 Frozen image-feature extraction

Merlin contrastive head (default-mode). The default-mode constructor instan-
tiates the full image+text+logit_scale architecture and returns 512-d projected
image features aligned with the Clinical-Longformer text encoder (in contrast to the
image-embedding constructor, which returns the pre-projection 2048-d i3-ResNet out-
put). Preprocessing follows Merlin’s published transforms (RAS, 1.5 x 1.5 x 3 mm,
[—1000,1000] — [0,1], 224 x 224 x 160 pad/crop). Wall time on RTX 5090 Laptop
sm__120: ~ 2.0 s/patient including I/O. Internal: 96/96 ok in 3.1 min; external: 42/42
ok in 1.5 min.

BiomedCLIP image features. The contrastive image-encoder output is already
the 512-d projected head; the same features serve both the supervised tiny-MLP
baseline (Section 3.6) and the zero-shot scoring. 96/96 internal + 42/42 external.

3.3 Pre-registered Phase 1 confounder probe

A linear/ridge logistic-regression probe on a post-SSL CT-FM 512-d substrate of the
same n = 96 internal cohort (5-seed x 5-fold pooled OOF). The smoking never AUC
(0.708/0.712 linear/ridge) exceeds every biomarker AUC under the same probes; all
four mutation/mRNA endpoints are flagged confounder-foreclosed before any zero-
shot execution on this proxzy substrate (Section 3.6 shows the ordering reverses on the
benchmarked Merlin features).

3.4 Zero-shot prompt strategies

For each binary target, two prompt strategies, each a (positive, negative) prompt pair:

* bare: direct disease-statement positive vs wild-type / low-expression negative.
Example for EGFR: (“the patient has an EGFR-mutant lung tumor”, “the patient
has an EGFR wild-type lung tumor”).

e cot_brief: short rationale-style positive vs negative prefix with imaging-feature
cues commonly cited in the radiogenomic literature. Example for EGFR: (“imaging



features suggest an EGFR-mutant lung adenocarcinoma with ground-glass opacity

and pleural retraction”, “imaging features suggest an EGFR wild-type lung tumor
with smoking-related solid consolidation”).

Per target the two prompts are tokenised, encoded by the VLM’s text encoder
(Clinical-Longformer for Merlin, PubMedBERT for BiomedCLIP), Lo-normalised,
and concatenated into a (2,512) text-feature matrix. The same is done for each
patient’s image features (1,512). The contrastive logit matrix is (image - text') -
exp(logit_ scale), and the zero-shot probability of the positive prompt is the softmax
over the (positive, negative) pair. Figure 3 shows the zero-shot and supervised scoring
pipeline.

Zero-shot and supervised scoring pipeline

zero-shot: cosine(img,

prompt pair) /
-
/ 2 prompt strategies \
per-patient input Merlin / BiomedCLIP / per-target gate 3
CT volume + lesion mask 512-d image features \_ AUC > 0.65, lower Cl > 0.55

supervised probe /
linear / ridge / tiny-MLP

Fig. 3 Zero-shot and supervised scoring pipeline. Each patient’s CT volume and lesion mask yield a
512-d Merlin / BiomedCLIP feature vector, scored both by zero-shot cosine similarity to a (positive,
negative) prompt pair and by a supervised probe (linear / ridge / tiny-MLP), each compared to the
per-target gate.

3.5 Pre-registered gate and outcomes

Per-cell gate (locked before inference): AUC > 0.65 and bootstrap lower CI
> 0.55 (binary). Continuous targets (r > 0.20 with lower CI > 0.10) were replaced by
binary AUC on the median-split high/low view because contrastive binary prompts
are the natural API. External replication: any cell that clears within-cohort must
also clear paired-bootstrap CI > 0 on external EGFR.

Outcomes (all four declared publishable before execution).

e Outcome A (zero-shot succeeds + generalises): > 1/4 targets clears within-
cohort gate AND replicates externally AND the smoking-confounder probe does
not explain at AUC > the target’s AUC.

* Outcome B (within-cohort positive, external null): clears internal but loses on
external.

e Outcome C (everything null): no target clears either gate. Publishable as a small-
cohort zero-shot benchmark.

* Outcome D (smoking-confound dominates): Phase 1 smoking_ never AUC >
biomarker AUC under the same probes. Publishable as confounder-mechanism
finding.



3.6 Supervised tiny-MLP baseline

For comparison we trained a supervised tiny-MLP baseline on the same Merlin /
BiomedCLIP frozen image features and the same patient-id partitions: 64-32-1 MLP
head, AdamW + BCE + early stopping. On internal the comparator is the 5-seed
x 5-fold pooled OOF AUC at training fraction = 1.00. On external the comparator
is the 5-seed ensemble (mean predicted probability per patient, full internal used as
training set). The baseline is the smallest tractable head that quantifies how much
signal the same frozen features carry under a supervised inference protocol versus the
zero-shot contrastive scoring.

4 Results

4.1 Phase 1: smoking-confounder probe

Table 1 reports the pre-registered Phase 1 probe on the CT-FM proxy substrate.
There, smoking never AUC (0.708/0.712) exceeds every biomarker AUC under the
same probes, which under the pre-registration flags all four endpoints confounder-
foreclosed. We flag this as proxy-substrate evidence: Section 3.6 and Table 4 re-run the
identical probe on the actual benchmarked Merlin / BiomedCLIP features, where the
ordering reverses (on Merlin, EGFR AUC 0.748 exceeds smoking never 0.603). The
foreclosure is therefore substrate-specific and does not license a blanket confounder
claim on the benchmarked features. Figure 4 visualises the proxy-substrate probe.

Table 1 Pre-registered Phase 1 smoking-confounder probe on
the post-SSL CT-FM 512-d prozy substrate (n = 96 internal
cohort, 5-seed x 5-fold pooled OOF). Metric is AUC for binary
targets and Pearson r for continuous mRNA targets. On this
proxy substrate smoking never (AUC 0.708/0.712) outranks
every biomarker score under the same probes, which
pre-registers all four endpoints as confounder-foreclosed. This
ordering does not hold on the benchmarked Merlin features

(Table 4).
Target Metric Linear Ridge
smoking never (reference) AUC 0.708 0.712
egfr__mutation AUC 0.668 0.663
kras__mutation AUC 0.597 0.614
tpb3_ zscore Pearson r —0.110 —0.143
stkll zscore Pearson » —0.004 +40.210

4.2 Internal zero-shot, all (target, VLM, strategy) cells

Table 2 reports all sixteen internal zero-shot cells (4 targets x 2 VLMs X 2 strategies).
No EGFR or KRAS cell clears the pre-registered gate. The single cell that
comes closest is STK11_high / Merlin / cot_brief at point AUC 0.626, below the



Phase 1 smoking-confounder probe (n=96, post-SSL CT-FM 512-d substrate)

All 4 endpoints flagged confounder-foreclosed:
0.8 4 |smoking_never AUC > biomarker score on every target.

W Biomarker (linear prpbe)
B smoking_never (linepr probe)

0.6

0.4 4

0.21

0.0

Score (binary AUC; continuous Pearson r)

—0.21
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Fig. 4 Pre-registered Phase 1 smoking-confounder probe (n = 96 internal). smoking never status is
predictable from the CT-FM substrate at AUC 0.708/0.712, exceeding every biomarker AUC under
the same probes, foreclosing any downstream cell from claiming pure-biomarker signal.

0.65 gate, with a bootstrap lower CI of 0.517, below the 0.55 threshold. STK11_ high
is a speculative target (median split of mRNA z-score, not a clinical biomarker), so
its near-gate value is low-confidence even at face value. Merlin > BiomedCLIP on
every target/strategy cell, with the largest gap on EGFR, (Merlin cot_ brief 0.599 vs
BiomedCLIP cot__brief 0.424, anti-predictive). Figure 5 visualises the full grid.

Phase 3 zero-shot internal grid (4 targets x 2 VLMs x 2 prompt strategies)

EGFR mutation KRAS mutation TP53 mRNA high (median split) STK11 mRNA high (median split)

Zero-shot AUC

bare cot_brief

bare cot_brief bare cot_brief

bare cot_brief

Fig. 5 Internal zero-shot AUC grid across four targets, two VLMs, and two prompt strategies. No
EGFR or KRAS cell clears the 0.65 gate; the closest cell (STK11_high / Merlin / cot_ brief, 0.626)
sits below the gate with a bootstrap lower CI of 0.517.

4.3 External EGFR zero-shot validation

Table 3 reports the external EGFR validation (n = 42, 16 EGFR+). All four zero-
shot cells sit between 0.394 and 0.500, chance or anti-predictive; the Merlin/bare cell
is anti-predictive (0.394). No cell clears the gate; the external-replication clause is
moot because no within-cohort cell cleared either.



Table 2 internal zero-shot results for all (target, VLM, strategy) cells (n = 96). No
EGFR or KRAS cell clears the pre-registered gate (AUC > 0.65 and bootstrap lower CI
> 0.55). The closest cell is STK11 high / Merlin / cot_ brief at point AUC 0.626 (lower
CI 0.517, below the 0.55 threshold). Merlin > BiomedCLIP on every target/strategy cell.

Target VLM Strategy N Mpos AUC 95% CI

+0.436, 40.694]
+0.462, +0.746)
+0.309, +0.575)
40.293, 4-0.556]

egfr__mutation merlin bare 96 19 +0.561
egfr__mutation merlin cot__brief 96 19 +0.599
egfr mutation  biomedclip bare 96 19 +0.439
egfr_mutation  biomedclip cot_ brief 96 19 +0.424

kras_ mutation merlin bare 96 20 +0.516 +0.356,40.671]
kras__mutation  merlin cot__brief 96 20 +0.541 +0.370,4-0.700]

[
[
[
[
[
[
kras__mutation  biomedclip  bare 96 20 +0.449  [+0.310,40.579]
kras_ mutation biomedclip  cot_ brief 96 20 4+0.523 [4+0.374, +0.659]
[
[
[
[
[

tp53__high merlin bare 96 48 +0.395 +0.282,4-0.510]
tpH3__high merlin cot__brief 96 48 +0.543 +0.415,40.643]
tp53__high biomedclip  bare 96 48 +0.365 +0.253,40.471]
tp53__high biomedclip  cot_ brief 96 48 +0.413 +0.301, 40.536]
stk11l_high merlin bare 96 48 +0.403 +0.289, 4+0.513]
stk11l__high merlin cot__brief 96 48 +0.626  [+0.517,+40.720]
stk1l_high biomedclip  bare 96 48 +0.493  [+0.372,+0.614]
stk1l_high biomedclip  cot_ brief 96 48 +0.493  [+0.388, +0.608]

Table 3 External-cohort EGFR zero-shot validation
(n =42, 16 EGFR+). All four zero-shot cells sit
between 0.394 and 0.500, chance or anti-predictive. The
Merlin/bare cell is anti-predictive (0.394). No cell clears
the pre-registered gate; the external-replication clause is
moot because no within-cohort cell cleared either gate.

biomedclip  cot_brief  +0.471 +0.303, +-0.656

VLM Strategy AUC 95% CI

merlin bare +0.394  [+0.238,+40.575]

merlin cot_brief 40.500 [+0.315,+0.692]

biomedclip  bare +0.466  [+0.288,+40.661]
[ ]

4.4 Zero-shot vs supervised-frozen-feature comparison

Tables 5 and 6 compare each zero-shot cell to a supervised tiny-MLP baseline on the
same frozen image features, and Table 4 adds supervised linear / ridge probes on those
same features. The supervised access mode extracts substantially more EGFR signal
than zero-shot prompting, and the probe family matters: the tiny-MLP head reaches
only 0.622 (internal EGFR), but a supervised linear probe on the identical Merlin
features reaches 0.748 [0.627,0.855] and a ridge probe 0.705 [0.567,0.833], both clear-
ing the pre-registered gate, with a 1000-shuffle permutation null confirming the signal
(linear p = 0.010, z = 2.53; ridge p = 0.015, z = 2.14). The tiny-MLP under-probes
at n = 96 (a 64-32-1 head with an early-stopping validation split overfits this sample
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size); the linear probe is the appropriate supervised baseline and shows the Mer-
lin features carry a decodable, gate-clearing EGFR signal that zero-shot contrastive
prompting (0.599) does not access. This reframes the zero-shot null as a limitation of
the access mode, not of feature quality.

A second consequence concerns the smoking confounder. On these benchmarked
Merlin features the supervised EGFR AUC (0.748) exceeds smoking never AUC
(0.603/0.588, Table 4), the reverse of the CT-FM proxy ordering used to pre-register
the foreclosure. The smoking-confound mechanism therefore does not explain the Mer-
lin EGFR signal: it is substrate-specific. On external EGFR the supervised tiny-MLP
reaches 0.707 while zero-shot sits at chance, but a smoking-stratified split of that cell
rests on a stratum with only 3 EGFR+ patients (n = 21, smoking_ never= 0), too few
to interpret as an AUC; we therefore report the external supervised number without
attributing it to a smoking stratum. Figure 6 contrasts the two modes across cohorts.

Table 4 Supervised linear / ridge probe on the benchmarked VLM
image features (n = 96 internal cohort, 5-seed x 5-fold pooled OOF,
5000-bootstrap CI). This re-runs the Phase 1 confounder probe directly
on the Merlin contrastive and BiomedCLIP features (not the CT-FM
proxy). On the Merlin features, supervised EGFR clears the gate and
exceeds smoking_ never, reversing the proxy-substrate ordering; a
1000-shuffle permutation null confirms the EGFR signal (linear

p = 0.010, z = 2.53; ridge p = 0.015, z = 2.14).

Substrate Target Probe AUC 95% CI

Merlin EGFR mutation linear 0.748 [0.627,0.855]
Merlin EGFR mutation ridge 0.705 [0.567,0.833]
Merlin smoking never linear 0.603  [0.439,0.756]
Merlin smoking__never ridge 0.588  [0.416,0.755]
Merlin KRAS mutation linear  0.516  [0.359, 0.666]
Merlin KRAS mutation ridge 0.472  [0.315,0.626]
BiomedCLIP EGFR mutation linear  0.630  [0.487,0.762]
BiomedCLIP  smoking never linear  0.540  [0.377,0.699]

BiomedCLIP KRAS mutation linear  0.530  [0.379,0.684]
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Table 5 Internal-cohort EGFR mutation (n = 96, 19 EGFR+): zero-shot
contrastive scoring vs the supervised tiny-MLP baseline on the same frozen
image features. The tiny-MLP (0.622) sits close to zero-shot (0.599), but it
under-probes at n = 96; a supervised linear probe on the same Merlin
features clears the gate (0.748, Table 4), so the features carry EGFR signal
the zero-shot mode does not access.

VLM Mode AUC 95% CI

Merlin supervised tiny-MLP +0.622  [+0.481,40.751]
Merlin zero-shot (best, cot_brief)  +0.599  [+0.462, 40.746]
BiomedCLIP  supervised tiny-MLP 10400  [+0.262,+0.536]
BiomedCLIP  zero-shot (best, bare) +0.439  [+0.309,40.575]

Table 6 External-cohort EGFR (n = 42, 16 EGFR+): zero-shot vs
supervised tiny-MLP on the same frozen image features. On the external
cohort the gap opens to ~ 0.21 AUC: supervised Merlin reaches 0.707 while
zero-shot Merlin sits at chance (0.500). This external supervised point is
reported as an isolated small-n result; we do not attribute it to a smoking
stratum, as the relevant stratum holds only 3 EGFR+ patients.

VLM Mode AUC 95% CI

Merlin supervised tiny-MLP +0.707  [+0.529, 40.856]
Merlin zero-shot (best, cot_brief)  +0.500  [+0.315, 4+0.692]
BiomedCLIP  supervised tiny-MLP +0.623  [+0.437,40.788]

BiomedCLIP  zero-shot (best, cot_brief) 40.471  [40.303, +0.656]

Zero-shot vs supervised tiny-MLP on the same frozen image features

EGFR mutation - internal (n=96) EGFR mutation - external (n=42)

--— pre-reg gate (0.65)
mm Zero-shot (best of 2 strategies)
= Supervised tiny-MLP baseline

0.9

0.8

0.707
0.7

0.6

AUC

0.5

0.400
0.4+

0.3

0.2+

Merlin (3D) BiomedCLIP (2D)

Merlin (3D) BiomedCLIP (2D)

Fig. 6 Zero-shot vs supervised tiny-MLP on the same frozen image features, internal EGFR (left)
and external EGFR (right). The tiny-MLP sits close to zero-shot within cohort; a supervised linear
probe on the same Merlin features (Table 4) clears the gate (0.748), showing the features carry EGFR
signal the zero-shot mode does not access. The external supervised point (0.707, n = 42) is reported
without a smoking-stratum attribution (the relevant stratum has only 3 EGFR+ patients).
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5 Discussion

5.1 What the headline result means

Zero-shot contrastive scoring with two open 3D-CT VLMs (Merlin, BiomedCLIP) at
n = 96 on the internal NSCLC-Radiogenomics cohort produces no cell that clears
the pre-registered gate of AUC > 0.65 with bootstrap lower CI > 0.55 and external
replication. The pre-registered Outcome C (zero-shot null) is the headline. Figure 7
summarises the outcome.

Results summary

zero-shot
0/ 16 cells clear gate
(Outcome C)

supervised linear probe
EGFR AUC 0.748 clears
gate
(perm p = 0.010)

features carry EGFR signal;
zero-shot access cannot
reach it

on Merlin features
EGFR 0.748 > smoking
0.603
(Outcome D does not hold)

Fig. 7 Results summary. Zero-shot prompting clears no cell (Outcome C), but a supervised linear
probe on the same Merlin features clears the EGFR gate (AUC 0.748, permutation p = 0.010) and
EGFR signal exceeds smoking on those features (Outcome D does not hold there): the features carry
EGFR signal the zero-shot access mode does not reach.

Two pre-registered claims are revised by the on-substrate analysis: Outcome D
(smoking-confound dominates) does not hold on the benchmarked Merlin features,
where supervised EGFR AUC (0.748) exceeds smoking never AUC (0.603); and the
zero-shot null is not a feature-quality ceiling, because a supervised linear probe on
the same features clears the EGFR gate. The honest framing is a reproducible small-
cohort point estimate (not an upper bound, since the EGFR bootstrap CI reaches
0.75) for zero-shot biomarker prediction with publicly released radiology VLMs at
this regime: approximately 0.55-0.60 AUC on EGFR / KRAS, near chance on the
speculative mRNA-high targets.

5.2 Why prompt rationales matter only for STK11_ high

The cot_brief rationale-style prompts beat bare disease statements on most cells,
but only one cell (STK11_high / Merlin) approaches the gate. The improvement
is consistent with the contrastive-score literature: longer, more descriptive prompts
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shift the text-embedding axis toward the radiology-report territory the VLM was
pretrained on. But the magnitude (0.05-0.15 AUC) is small and the floor is too low:
on EGFR even the best prompt strategy reaches 0.599, well below the 0.65 gate. The
zero-shot null on EGFR / KRAS is robust across the two prompt strategies tested; a
fuller prompt-ensemble sensitivity is left to future work, but the floor is far enough
below the gate that it is unlikely to be closed by prompt wording alone.

5.3 The features carry EGFR signal that zero-shot prompting
cannot access

The decisive within-cohort comparison is between access modes on the same frozen
Merlin features. Zero-shot contrastive prompting reaches EGFR AUC 0.599; a super-
vised linear probe on the identical features reaches 0.748 ([0.627,0.855], permutation
p = 0.010) and a ridge probe 0.705 ([0.567,0.833], p = 0.015), both clearing the gate.
The earlier tiny-MLP baseline (0.622) sat close to the zero-shot value, which had
suggested the supervised head “adds nothing”; the linear / ridge probes show that
conclusion was an artefact of an over-parameterised head at n = 96, not a property
of the features. The Merlin features therefore do encode a gate-clearing EGFR sig-
nal; the zero-shot contrastive score, restricted to the cosine similarity between the
image embedding and two hand-written text prompts, simply does not project onto
that signal (Section 5.4 makes this precise: the EGFR~discriminative direction is near-
orthogonal to the text-prompt axis). This is the paper’s sharpest methodological point:
at small n, a zero-shot null with an open radiology VLM reflects the limits of con-
trastive text-prompt access, and should not be read as evidence that the features lack
the biology.

On external, the supervised tiny-MLP reaches 0.707 while zero-shot sits at chance.
We previously attributed this to a smoking_never= 0 stratum, but that stratum holds
only 3 EGFR+ patients (n = 21), too few to support an AUC-level claim, and the on-
substrate probe shows EGFR signal on Merlin is not smoking-dominated internally.
We therefore report the external supervised number as an isolated, small-n external
point without a confound attribution; a properly powered external cohort is needed
to interpret it.

5.4 The EGFR signal lies off the text-prompt axis

Why can a supervised probe read EGFR from the Merlin features while the con-
trastive score cannot? The two access modes are restricted to different directions of
the embedding space. Because both image and text features are L2-normalised before
scoring, the zero-shot log-odds of the positive prompt is ezactly a one-dimensional
projection of the image embedding ?,

P(pos) . .

lo = logit_scale-1- (tpos — ¢ = logit_scale-17-7,
g 1 —P(pOS) git_ ( pos neg) git_

so the contrastive score reads the image embedding only along a single text-defined
axis ¥ = tp0s — tneg, Whereas a supervised probe may combine all 512 directions. We
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recover 9 from the cached zero-shot predictions (reconstruction R? = 1.000, confirming
the identity) and compare it with the EGFR-discriminative direction @ that a logistic
probe fits in the same normalised space (Table 7, Figure 8).

The two directions are effectively orthogonal: cos(d, ¥) = 0.018 (cot_brief; 0.024
for bare), against a random-direction null of mean 0.035 (99th percentile 0.113).
The consequence is decisive. Projecting onto v alone decodes EGFR at exactly
the zero-shot level (AUC 0.599/0.561), while removing ¥ and probing the orthogo-
nal 511-dimensional complement leaves the gate-clearing signal intact (AUC 0.748
[0.625,0.855]). The EGFR information therefore lives almost entirely in the subspace
the prompts do not point at: the zero-shot null is a misalignment between the prompt
axis and the discriminative axis, not a deficit of EGFR content in the features.

Re-encoding the prompts through Merlin’s text encoder explains why the prompt
axis is uninformative. First, the positive and negative EGFR prompts are nearly
collinear in the text space (cos = 0.92 bare, 0.82 cot_brief), so their difference ¢ is
short (||£pos — neg|| = 0.40/0.60) and dominated by whatever idiosyncratic direction
separates two almost-identical sentences. Second, image and text embeddings occupy
weakly-aligned cones — a modality gap [16] — with an image—text centroid cosine
of only 0.23; Merlin’s out-of-domain application to chest CT (it was pretrained on
abdominal volumes) can only widen that gap. A short, near-degenerate contrast axis
sitting in a different region of the unit sphere from the image manifold has little reason
to align with the EGFR direction, and empirically it does not. This is the mechanism
behind the headline: open radiology-VLM features can carry decodable biomarker
signal that zero-shot contrastive prompting is structurally unable to reach.

Table 7 Representation geometry of the EGFR signal in the Merlin image embeddings (n = 96 internal

cohort, EGFR+ = 19; embeddings L2-normalised, the space the contrastive score operates in). The
zero-shot logit is ezactly the projection of the image embedding onto a single text-prompt axis

D= fpos — fneg (reconstruction R? = 1.000). That axis is near-orthogonal to the EGFR-discriminative
direction W a supervised probe reads from the full space (cos(w,v) = 0.018, against a random-direction

null of mean 0.035, 99th pct 0.113). Consequently the 1-D text axis decodes EGFR only at the zero-shot

level, while removing that axis leaves the gate-clearing signal intact: the EGFR information lives in the
subspace the prompts do not point at. AUCs are 5-seed x 5-fold pooled OOF; CIs 5000-bootstrap.

Read-out axis dim EGFR AUC 95% CI cos(®,-) Interpretation
Supervised, full space 512 0.748 [0.627,0.855] 1.000 uses all directions
Text axis only (bare) 1 0.561 — 0.024 = zero-shot score
Text axis only (cot_brief) 1 0.599 — 0.018 = zero-shot score
Text axis removed (bare) 511 0.764 [0.645,0.870] — signal preserved
Text axis removed (cot_brief) 511 0.748 [0.625,0.855] — signal preserved

Why the text axis is uninformative (freshly re-encoded prompts). The positive and negative EGFR prompts are

nearly collinear in Merlin’s text space (cos = 0.92 bare, 0.82 cot_brief), so the contrast axis is short (pros —

tneg|| = 0.40/0.60); and image and text embeddings sit in weakly-aligned cones (centroid cosine 0.23, a CLIP

modality gap, exacerbated by Merlin’s out-of-domain application to chest CT).
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Merlin encodes EGFR off the text-prompt axis the zero-shot score reads

A. t-SNE of Merlin image embeddings B. UMAP of Merlin image embeddings
® EGFR wild-type °
@ EGFRmutant d
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0.4
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projection onto text-prompt axis i-V (= zero-shot score) full space (512-d) text axis (1-d) residual (511-d)

Fig. 8 The EGFR signal lies off the text-prompt axis. A—B: t-SNE and UMAP of the L2-normalised
Merlin image embeddings (n = 96), coloured by EGFR status — structure is present. C: each
patient’s projection onto the text-prompt axis i - ¢ (equal to the zero-shot score, horizontal) versus
the supervised EGFR-discriminative axis 7 - w (vertical). EGFR-mutant patients separate along o
but not along ?; the two axes are near-orthogonal (cos = 0.018). D: EGFR AUC decoded from the
full space, from the 1-D text axis alone (= zero-shot, 0.599), and from the image space with the text
axis removed (0.748) — the signal survives removing the axis the zero-shot score reads.

5.5 Limitations

e n =096 / 42. All findings are bounded by small-cohort noise. The pre-registered
gate (AUC > 0.65, lower CI > 0.55) is calibrated for that regime; in larger cohorts
it should be tightened.

¢ Two-prompt contrastive scoring. No few-shot in-context prompting and no
retrieval-augmented prompting; these were reserved as conditional sensitivities.
The headline null at n = 96 does not require them.

* Median-split mRNA targets. TP53_high / STK11_high are speculative
(mRNA z-score median split, not clinical-grade biomarkers); their gate-failures are
conservative.

¢ Merlin’s text encoder is Clinical-Longformer, trained on radiology reports;
the research-statement-style prompts here are partially out-of-distribution for that
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encoder. A sensitivity rewriting prompts to mimic radiology-report sentences is
unlikely to flip the EGFR / KRAS headline.

¢ CT-CHAT not evaluated. The first-choice VLM is not reachable on Hugging-
Face at this time; reserved for a future arm if the weights become accessible.

5.6 What this work contributes

A clean small-cohort benchmark of zero-shot biomarker prediction with publicly
released open 3D-CT VLMs under a pre-registered gate, contextualised against super-
vised probes on the same image features. The headline pre-registered Outcome C
(zero-shot null) is paired with a constructive contrast: the same Merlin features yield
a gate-clearing EGFR signal under a supervised linear probe, so the zero-shot null
is a limit of contrastive text-prompt access at small n, not of feature content. A
representation-geometry analysis (Section 5.4) makes the mechanism concrete — the
discriminative direction is near-orthogonal to the text-prompt axis, and the prompt
pair is near-degenerate within a sizeable image-text modality gap — which is the
kind of diagnosis a zero-shot null should be expected to carry rather than a bare
AUC. A secondary methodological lesson is that a confounder ordering (smoking >
biomarker) measured on one feature substrate need not transfer to another: it held on
a CT-FM proxy but reversed on the benchmarked Merlin features, so cross-substrate
confounder foreclosure must be verified on the substrate actually used.

6 Conclusion

Zero-shot contrastive scoring with two open 3D-CT VLMs (Merlin and a 2D Biomed-
CLIP comparator) at n = 96 NSCLC-Radiogenomics produces no cell that clears the
pre-registered gate of AUC > 0.65 with bootstrap lower CI > 0.55 and external repli-
cation. No EGFR or KRAS cell clears the gate within internal, and all four external
EGFR cells sit at chance or anti-predictive (Outcome C). But a supervised linear
probe on the same frozen Merlin features clears the EGFR gate (0.748 [0.627,0.855],
permutation p = 0.010; ridge 0.705, p = 0.015), so the zero-shot null reflects the limits
of contrastive text-prompt access rather than absent feature signal. The pre-registered
smoking-foreclosure (Outcome D), established on a CT-FM proxy substrate, does not
transfer to the Merlin features, where EGFR signal exceeds smoking signal. Zero-
shot prediction with publicly released radiology VLMs sits at approximately 0.55-0.60
AUC on EGFR and KRAS at this cohort size, while the underlying features carry
more biomarker signal than that access mode can reach.

Data and code availability. NSCLC-Radiogenomics: TCIA collection [14, 17]
(public). External EGFR labels via cBioPortal [18] (public). Frozen-feature extrac-
tion and zero-shot inference scripts will be released on submission (repository URL
and Zenodo DOI to be added).

Acknowledgements. Data and asset reuse: a post-SSL CT-FM 512-d substrate and
pooled CT/mask path index from a prior analysis on this cohort; pretrained Merlin
and BiomedCLIP weights from their public HuggingFace releases; the cBioPortal API
for external EGFR labels.
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