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Abstract. A benchmark score cannot say whether a medical foundation
model reads a disease or merely a correlate of it. The common recourse
is attention faithfulness, which scores a model’s attention against expert
annotations and reads agreement as evidence of grounding. On coronary
artery calcification (CAC), that agreement conflates patient-specific ev-
idence with the patient-independent anatomical prior. We freeze three
ViT-L encoders and train a shared attention-MIL head on the features
of each. Their detection intervals overlap, whereas faithfulness ranges
from 0.554 to 0.909; read against the chance baseline of 0.5, that range
would suggest that only the 3D medical encoder localises the disease.
Calcium occurs throughout the thorax. The Agatston score, however,
counts only what lies in the coronary arteries, so every annotated lesion
sits on the coronary tree, and every volume shares a resampling grid.
A patient-independent prior built in the encoder’s own instance space
therefore reaches 0.937 against the 3D encoder’s 0.909, and no encoder
beats it. Replacing a patient’s attention with the leave-one-out attention
prior changes the 3D encoder’s faithfulness by +0.001. In this cohort, the
attention—annotation agreement conventionally reported as faithfulness
is largely explained by where lesions typically occur rather than by addi-
tional localisation of an individual patient’s lesion. This does not mean
the 3D encoder ignores calcium. Grafting a donor lesion into a CAC-
negative volume raises its predicted probability by 0.733 and flips 85%
of those patients, with a response already visible at 4 voxels, while the
2D encoders show weaker responses. Where lesion location is anatomi-
cally constrained, as for CAC, faithfulness should be reported alongside
its gain over a patient-independent prior, rather than interpreted against
chance alone, so that what attention adds beyond anatomical expectation
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is visible, and grounding claims should be complemented by controlled
intervention-based evidence.

Keywords: Interpretability - Foundation models - Attention - Evalua-
tion - Cardiac CT.

1 Introduction

Medical foundation models are usually compared by a single benchmark score.
However, a score describes a model’s output rather than its representation, and
cannot distinguish a model that has learned a disease from one that has learned
a correlate of it [12]. The distinction matters when a model is deployed on a new
scanner fleet or population, where correlates may shift. Attention faithfulness is
increasingly used to supply the missing evidence. The model’s attention is scored
against expert annotations, and agreement is interpreted as evidence that the
representation is grounded in the pathology.

We argue that on CAC this interpretation conflates two things, because it
depends on a baseline the measure does not state. Scoring attention against
annotations with an AUC compares the result to 0.5, the value expected when
attention falls on the lesion by chance. That comparison implicitly assumes a
spatially uniform null distribution of lesion locations. Calcium occurs throughout
the thorax, including the valves, the aorta and the skeleton, but the Agatston
score counts only calcium in the four coronary arteries, so every annotated lesion
lies on the coronary tree. When volumes are resampled onto a common grid, that
tree occupies approximately the same position in every patient. A model that
always attends to that region therefore scores highly for localisation without
identifying an individual patient’s lesion.

Coronary artery calcification (CAC) is a demanding setting for the measure.
Lesions occupy a few voxels of a volume whose non-zero signal is dominated by
bone, and COCA provides the per-lesion annotations that make the evaluation
possible.

We freeze three encoders and train a shared attention-MIL head on the
features of each. Their detection intervals overlap, whereas faithfulness ranges
widely and identifies the 3D medical encoder as the one that localises what it
detects. That inference does not follow, because an attention map that has not
seen a patient can rank that patient’s calcium, and because such maps order the
three encoders exactly as the raw score does. A lesion grafted into a patient who
had none, however, moves that same encoder strongly while the others barely
respond. Its frozen representation therefore carries information responsive to the
calcium-containing signal, and its attention did not reveal this.

The difficulty is not the familiar one that attention weights need not describe
the computation, which is what motivates scoring them against annotation in the
first place. It is that on CAC the score brought in to settle the question inherits
the anatomy, so a high score certifies grounding that has not been shown, and
a score at the prior does not deny it. Earlier work reads a failed explanation as



grounds for distrusting the model. Here the graft indicates otherwise, because
the encoder the metric favoured is the one whose prediction responds to the
inserted calcium, so on this task the metric does not reveal the calcium-sensitive
information accessible through the representation.

Frozen encoders from self-supervised and supervised pretraining rival su-
pervised transfer in natural images [10,22,26] and in medicine [5, 15,20, 34],
including volumetric ones [35,27], most recently 3DINO [31] on ~100k med-
ical volumes. Probing reports what is linearly accessible rather than what a
model uses [3, 7], and attention, the more common explanation for vision trans-
formers [1,11], has long-contested faithfulness to the computation [18], which
motivates scoring it against annotation rather than inspecting it qualitatively.
That practice has itself been audited, and repeatedly found wanting against
baselines that ignore the patient. Adebayo et al. [2] show saliency maps can
be insensitive to model randomisation; Arun et al. [4] evaluate eight saliency
methods for medical-image localisation and find that the methods often perform
no better than simple baseline measures across their trustworthiness criteria.
Bigolin Lanfredi et al. [8] register chest radiographs to a common frame and
construct a lung-location center-bias baseline, showing that such anatomical bias
can substantially affect saliency-gaze similarity metrics. Closest to us, Harvey
et al. [14] benchmark attention-MIL on 3D neuroimages with frozen ViTs and
find a centre-focused Gaussian that ignores the image entirely outperforms every
learned attention method on instance-level localisation, attributing this to the
typical neuroanatomic distribution of the lesion. Our contribution is therefore
not the observation that patient-independent anatomical priors can outperform
learned explanations. It is that we construct a leave-one-out attention prior di-
rectly in each model’s own instance space, without using the evaluated patient’s
annotation, so as to quantify the component of attention localisation that ex-
ceeds the patient-independent anatomical prior, and that we pair this diagnostic
with lesion transplantation to ask a separate question of whether pathology-
sensitive information is present in the representation when attention provides
little patient-specific gain. We study this distinction for CAC, where pathology
is anatomically constrained on a shared coordinate system and diseases with
more variable spatial distributions may strike a different balance between the
anatomical prior and patient-specific information.

Grafting a donor’s lesion into another patient is likewise established machin-
ery [25,32,28], as are counterfactual editors that perturb pathology to expose
shortcuts [23]. Unlike the insertion-deletion family [24], which perturbs an image
under the guidance of the saliency map in order to score that map, we graft anno-
tated pathology into a patient who had none, in order to score the representation.
Mechanistic interpretability relates internal computation to human-interpretable
structure [21,9] and has so far been applied mainly outside medical imaging.
Coronary calcium scoring is itself well studied as a supervised pipeline [30, 29,
33]. We train no detector, reading frozen encoders out with attention-based
multiple-instance learning [16, 19, 13] and using calcium as a probe.



2 Method

2.1 Data

COCA (Stanford; 786 gated cardiac CT with expert per-artery calcium ROIs) is
the annotated cohort. ROIs are rasterised by sorting slices on ImagePosition—
Patient and reading the XML ImageIndex as a 0-based index into that order.
Matching on InstanceNumber instead, as some public code does, puts only 1.8%
of ROI pixels on calcium above 130 HU, against 66.9% here. Volumes are HU-
windowed from [130, 800] to [0, 1] and resampled to 64 x 128 x 128, so every voxel
below the Agatston threshold is zero and the non-zero signal is calcium together
with bone. The Agatston score from the ROIs defines presence, meaning any
calcium versus none.

2.2 Encoders and read-outs

Three frozen ViT-L encoders span pretraining domain and input dimensionality.
They are DINOv3 (2D, natural-image self-supervision), 3DINO (3D, medical
self-supervision on ~100k volumes), and ImageNet-sup (2D supervised control).
The 2D encoders embed each axial slice independently and emit 64 per-slice CLS
tokens; 3DINO encodes the volume and emits 256 patch tokens on a 4 x 8 x 8
grid. Nothing in the encoders is trained. Patient-level prediction uses a gated
attention-MIL head [16] over these instances, so all cross-slice aggregation for
the 2D encoders occurs in the head rather than the representation. All arms
share an 80/10/10 split (seed 42), where the head trains on the 80%, the epoch
is chosen on the validation split, and the test split (N=79, 45 CAC-positive) is
scored once. One trained head per encoder and seed supplies every number we
report about that encoder. Point estimates are means over five seeds; intervals
are 95% bootstrap intervals over test patients, since at N=79 patient sampling
dominates seed noise.

2.3 Faithfulness, and the baseline it needs

Each MIL instance corresponds to a region of the volume, and the expert mask
records whether that region contains calcium, so we can ask where the attention-
MIL head attended. Faithfulness is the per-patient AUC of the attention weights
ranking the calcium-bearing instances, averaged over CAC-positive test patients.
It is conventionally read against 0.5, the value expected when attention is un-
related to the location of the calcium. We use the term as the medical imag-
ing literature does, although Jacovi and Goldberg [17] distinguish agreement
with annotation from faithfulness, reserving the latter for correspondence to the
computation. We retain the term for comparability with prior medical-imaging
evaluations, but interpret the measured quantity only as attention—annotation
agreement unless further evidence links attention to the computation. We there-
fore separate four things throughout. Attention—annotation agreement is the raw



overlap score. Patient-specific localisation gain is the component of it that ex-
ceeds the patient-independent anatomical prior, which AF (Eq. 1) measures.
Representation sensitivity is the prediction response under lesion intervention
(Sec. 2.4). Grounding is the stronger interpretation, requiring evidence that links
the computation to the pathology. AF does not by itself establish representation
quality or computational faithfulness, and conversely a AF near zero does not
imply that the representation lacks pathology information. We show that at-
tention—annotation agreement and representation sensitivity come apart in both
directions.

Testing against 0.5 asks whether attention knows anything, when the question
is whether it knows anything about the patient being scored. We ask the second
question using two baselines, each built in whichever instance space the encoder
uses, so that neither depends on the token grid. The leave-one-out prior replaces
a patient’s attention with the mean attention over the other test patients, giving
a map that has not seen them. The population-frequency prior instead ranks
instances by empirical calcium frequency across the other patients. It is a label-
informed reference for the patient-independent anatomical prior in this cohort
and provides a complementary comparison to the leave-one-out attention prior.
In contrast, the leave-one-out attention prior uses only the model’s own atten-
tion, so it can be computed at evaluation time for any saliency method without
access to the patient’s annotations. Neither prior is used to train, select, or tune
anything and both are computed after the encoder and head are frozen, leaving
one patient out at a time, so no patient contributes to the prior it is scored
against.

The leave-one-out attention prior gives the quantity we argue should be re-
ported alongside the raw score as a patient-independent anatomical reference
when anatomy is strongly constrained. Let a, be the attention the model pro-
duces for patient p, let a_, be the mean attention over the other patients, and
let F(-) be faithfulness. The patient-specific localisation gain is then

AF =E, [F(ap) - F(d,p)L (1>

which measures the patient-specific component of attention—annotation agree-
ment that remains after accounting for the patient-independent anatomical prior.
Positive values indicate a patient-specific localisation gain over the patient-
independent anatomical prior, whereas values near zero indicate that localisation
can be explained almost entirely by the shared anatomy. Computing it costs one
further evaluation pass, and it supplies a more appropriate null when lesion
locations are anatomically constrained.

2.4 Intervening on the calcium-containing signal

Attention indicates where a read-out looks, not what it requires, so we also
edit the input and re-encode. Deletion sets the annotated lesion to zero in a
CAC-positive volume. Transplant does the converse, grafting a donor’s annotated
lesion into a CAC-negative volume at the donor’s coordinates. It is the more



Table 1. Patient-level CAC on the COCA test split (N=79; faithfulness over the
45 CAC-positive patients). Frozen encoders, shared attention-MIL read-out. Entries
are means over 5 seeds, & half the 95% bootstrap interval over patients. The leave-
one-out prior replaces a patient’s own attention with the mean map over the other
patients, so AF (Eq. 1) is what looking at this patient adds. The population-frequency
prior ranks instances by how often calcium occurs across the other patients, and is
computed in each encoder’s own instance space, so it is directly comparable to the score
beside it. Detection intervals overlap and faithfulness appears to rank the encoders, yet
no encoder’s attention exceeds its own patient-independent prior: AF' is statistically
indistinguishable from zero for 3DINO and negative for the 2D encoders. No encoder
exceeds its corresponding population-frequency prior.

Presence Faithfulness (AUC of attention ranking calcium)
Encoder AUC F(ap) ‘ F(a—p) ‘ AF population-frequency prior
DINOv3 (2D) 0.773+0.102{0.617 £0.058 | 0.703 | —0.086 4-0.063 0.787
ImageNet-sup (2D) |0.752+0.108|0.554 £ 0.056 | 0.639 | —0.085=+0.072 0.787
3DINO (3D) 0.907+0.073{0.909£0.029 | 0.908 |+0.001=+0.021 0.937

recipient, CAC-negative (P=0.02) graft where calcium concentrates (P=1.00) ~same graft, displaced (= 0.60)

Fig.1. A transplant and its control. A donor’s annotated lesion (left, 48 voxels) is
grafted into a CAC-negative recipient where coronary calcium concentrates, and, iden-
tically, at a non-coronary cardiac site. 3DINO goes from P=0.02 to 1.00 in the first
case but only 0.60 in the second.

informative of the two because it does not need the annotation to be exhaustive
(Sec. 3). A graft is accepted only when at least 80% of its voxels fall inside
the calcium-prone region, the union of the training positives’ lesions dilated by
three voxels, which rejects 35 of 136 pairings. That region is a cohort envelope
rather than the recipient’s own vessel, which a CAC-negative patient does not
have annotated. Displacing out of it therefore moves the graft to a non-coronary
cardiac site, although this does not guarantee exclusion from every coronary
structure. Donors are binned by lesion size and all accepted pairings are retained
for analysis.

3 Results and Discussion

Detection performance. Linear probes on the encoders’ frozen final-layer CLS to-
kens predict CAC presence at 0.79 (3DINO), 0.77 (DINOv3) and 0.66 (ImageNet-
sup) AUC, so different amounts of CAC information are linearly accessible from
their features, and the three are not equivalent representations. Under the shared



Table 2. Grafting a donor’s lesion into a CAC-negative volume, by donor lesion size
(the median COCA lesion is 17 voxels). Entries are the change in predicted CAC prob-
ability, mean over 5 seeds, &+ half the 95% bootstrap interval over recipients. In (a)
the graft lies where coronary calcium concentrates, and 3DINO responds substantially
more strongly than the 2D encoders, particularly at realistic lesion sizes. (b) The iden-
tical graft at a non-coronary cardiac site, where valvular or annular calcium would
sit and which the Agatston score excludes; only location changes. (¢) The difference.
3DINO is location-sensitive: displacing the graft reduces its response at every size, with
intervals excluding zero, which indicates the response is not solely attributable to the
edit. The reduction is far from complete, and (b) remains most of (a). The 2D encoders
show no difference, so their smaller responses in (a) cannot be told apart from the edit.

change in predicted CAC probability, Ap
DINOv3 (2D nat.) ‘ ImageNet-sup (2D sup.) ‘ 3DINO (3D med.)

(a) graft where coronary calcium concentrates

Grafted lesion

4 voxels +0.017£0.014 +0.027 £ 0.039 +0.229 £0.128
10 voxels 40.043£0.035 +0.006 £ 0.007 40.406 £0.142
53 voxels 40.042 £ 0.030 +0.084£0.048 +0.706 £0.125
189 voxels +0.182+£0.058 +0.271 £ 0.095 40.733 £0.109

(b) same graft at a non-coronary cardiac site

4 voxels +0.015+£0.014 +0.024 £ 0.036 +0.117+£0.091
10 voxels +0.031£0.029 +0.007 £ 0.006 +0.210£0.116
53 voxels +0.038 £0.029 +0.060 £ 0.041 +0.317+£0.131
189 voxels 40.162 £ 0.053 +0.231£0.093 40.459+£0.120

(c) difference, (a) — (b), the part th

at needs the location

4 voxels +0.002 £ 0.003 +0.003 £ 0.004 +0.112+0.084
10 voxels +0.012+£0.012 —0.001 +0.005 +0.196 £0.178
53 voxels +0.004 £ 0.006 +0.023 £0.031 +0.389 £0.137
189 voxels +0.020 £0.022 +0.040 £0.072 +0.275 £ 0.095

attention-MIL read-out, however, patient-level detection intervals overlap (0.907,
0.773 and 0.752; Table 1), so detection performance alone cannot determine
which representation is better grounded, which is the setting where attention
faithfulness is typically invoked.

Attention—annotation agreement (“faithfulness”). Faithfulness ranges from 0.554
for the supervised control, whose interval contains 0.5, through 0.617 for DI-
NOv3, to 0.909 for 3DINO. Read against chance, this ordering suggests that the
3D medical encoder attends to the calcium it reports while the control does not.

Comparison against a patient-independent prior. That reading assumes a spa-
tially uniform null distribution of lesion locations, and the annotated calcium is
not uniformly distributed. On the common grid only 55 of 256 patches ever con-
tain any, the twenty most frequent hold 71%, and the median patient contributes
3. Most of the answer to where a patient’s calcium lies is therefore available before



the patient is seen. Paired over patients in each encoder’s own instance space, the
population-frequency prior has a higher mean attention—annotation agreement
than each encoder’s attention, by +0.028 [+0.002, +0.056] for 3DINO and by
+0.170 and 40.233 for the 2D encoders (sign-flip permutation p = 0.049, 0.0001
and < 0.0001). The 3DINO margin is narrow, and the population-frequency
prior leads in only 51% of individual patients, as expected for a population-level
spatial prior that need not match any particular patient’s lesion. The leave-one-
out attention prior, which replaces a patient’s attention with the mean attention
map over the other patients, changes 3DINQO’s faithfulness from 0.909 to 0.908,
a gain of AF = 40.001 [—0.020, +0.021], while the 2D encoders score 0.086
and 0.085 below it. The claim therefore does not rest on the narrow population-
frequency prior margin: AF' is tightly concentrated around zero, so within this
cohort we find no evidence of a patient-specific localisation gain over the patient-
independent anatomical prior. This does not depend on the prior being estimated
from the evaluation cohort. Re-estimated from the 351 CAC-positive training pa-
tients, or from the 38 held-out validation patients, the leave-one-out attention
prior gives 3DINO AF = —0.003 [—0.025, 40.016] and —0.002 [—0.024, +0.020],
and places the 2D encoders further below their priors (—0.152 and —0.220 against
the training prior). The leave-one-out attention prior preserves the same encoder
ranking as the raw attention score (0.908, 0.703, 0.639), so the ranking is recov-
erable from maps that never saw the patient scored. 3DINO’s attention varies
between patients (mean pairwise cosine 0.24 to 0.36) and correlates with the
calcium frequency map (Spearman p 0.42 to 0.56), so it is neither idle nor con-
stant. It is nonetheless largely explained by a patient-independent anatomical
prior concentrated on the coronary tree, and carries little additional information
about the individual lesion.

Lesion transplantation. It does not follow that the frozen features carry no cal-
cium information. Grafting a donor’s annotated lesion into a CAC-negative vol-
ume moves 3DINO in proportion to the graft, from +0.229 at 4 voxels to +0.733
at 189, where it flips 85% of these patients to “present” (Table 2, Fig. 1). Four
voxels already flip 28%. The prediction is therefore strongly sensitive to the in-
serted calcium-containing signal, indicating that calcium-sensitive information is
available in the frozen representation. This response occurs despite essentially no
patient-specific localisation gain: the head already assigns substantial attention
to the region expected under the patient-independent anatomical prior before
any graft is introduced. The 2D encoders are substantially less sensitive across
sizes, moving by 4+0.017 and +0.027 where 3DINO moves by +0.229, so the in-
tervention most clearly distinguishes 3DINO from the two 2D encoders, where
detection performance could not. We therefore do not generalise the transplan-
tation result equally across all three encoders.

Location control. A graft is an edit, so the response might be a reaction to
the edit rather than to the calcium. Repeating the identical paste at a non-
coronary cardiac site addresses this, because only the location changes. That
site is also the clinically relevant one, since calcium on the aortic valve or mitral



annulus is common and excluded from the Agatston score, so a CAC model
should discount it. 3DINO loses part of its response at every size, from +0.112
at 4 voxels to +0.389 at 53 (Table 2), providing evidence that the response is
not solely attributable to the edit and that location influences it. It does not
discount non-coronary calcium enough, since 40.46 of its +0.73 response to the
largest grafts survives displacement, so calcium excluded from the Agatston CAC
definition still drives its prediction most of the way up. The 2D encoders lose
nothing (4+0.002 to +0.020), so a response that does not depend on location
cannot be told apart from the edit, which limits what we can say about them.

Calcium outside the coronary arteries also explains why deletion is inconclu-
sive. COCA annotates only the four coronary arteries, so erasing the annotated
lesion leaves valvular and annular calcium untouched, and that residue keeps
3DINO’s prediction high. It falls by only 0.026 [—0.007, +0.067], with a median
of 0.001.

The result does not depend on the graft being a hard paste. Under the
LesionMix soft-mask rule [6], which feathers the boundary, 3DINO gives +0.211,
+0.261, +0.705 and +0.737 across the four sizes, against 4+0.229, 4+0.406, +0.706
and 40.733 for the paste, and the 2D encoders are unchanged.

What the score does and does not support. 3DINO scores 0.909 yet sits at its
prior and is the encoder a graft moves most, so the score is neither sufficient
evidence of lesion-specific representation nor, at the prior, evidence against it.
A practitioner would select 3DINO and the graft suggests the choice is correct,
so the ranking was sound while the mechanism it implied was not. What it
ranks is how closely each encoder’s average attention follows the coronary tree,
which here happens to order them as their detection performance does and, most
clearly for 3DINO, as their intervention sensitivity does; the score itself does not
establish that this ranking reflects pathology-specific computation. The central
dissociation is therefore between attention localisation and representation sensi-
tivity. 3SDINO gains essentially nothing over the patient-independent anatomical
prior in attention localisation, yet responds strongly and location-dependently
to an inserted lesion.

Scope. We claim nothing beyond coronary calcium, having tested one pathology
on one cohort, and AF removes only the anatomical confound identified here.
The effect should be strongest when the annotated pathology occupies a con-
strained distribution on a shared image coordinate system, as coronary calcium
does on a common resampling grid; diseases with more variable or multifocal
locations may behave differently. What we offer is therefore a condition, check-
able in a dataset before any model is trained, under which attention—annotation
agreement should not be read as patient-specific grounding, rather than a claim
that AF universally replaces conventional faithfulness evaluation.

Limitations. The prior control concerns attention rather than the representa-
tion, so we do not claim these encoders fail to localise calcium, only that atten-
tion—annotation overlap cannot establish whether they do. The transplantation



experiment does not isolate calcium from all effects of the edited image, and both
it and the faithfulness analysis rest on one annotated cohort of 45 CAC-positive
test patients, so our intervals quantify uncertainty within this cohort rather than
external validity. Our conclusions also concern one attention-MIL read-out, and
whether the same anatomy-driven confound appears across other pathologies,
datasets and explanation methods is an important direction for further study.

4 Conclusion

On coronary calcium, attention-mask agreement conflates patient-specific evi-
dence with the patient-independent anatomical prior. A map that never saw
the patient out-scores every encoder’s attention, yet the graft shows that the
encoder it favours is strongly sensitive to the inserted calcium-containing sig-
nal, despite showing essentially no patient-specific localisation gain. The result
concerns interpretation rather than a verdict on attention. Where pathology is
anatomically constrained, attention—annotation agreement should be reported
together with its gain over a patient-independent anatomical prior, and evi-
dence for grounding should be complemented by controlled interventions that
test representation-level sensitivity.
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