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Abstract

Background: Breast imaging ends in a management decision, from routine return to biopsy,
yet most models are evaluated by accuracy alone and say nothing about when they may be
wrong. We present a trust-aware multimodal model that reads paired mammography and
ultrasound, recommends one of three BI-RADS-derived management actions, and returns
to the radiologist the cases it cannot call. Methods: Two foundation encoders are adapted
with low-rank adapters and combined by a mask-aware fusion head. A trustworthiness
layer adds calibration, conformal prediction sets, selective deferral, and an atypicality flag.
We evaluated our method on the Breast Cancer Multimodal Imaging Dataset (BCMID), com-
prising 332 cases from 323 patients at a single centre. The reference standard is a three-class
management grouping we derive from the reporting radiologist’s BI-RADS assessment, so
performance is in concordance with that derived label rather than with pathology, observed
patient management or longitudinal clinical outcome. Results: Macro AUROC was 0.759
and balanced accuracy was 0.556. Isotonic calibration reduced calibration error from 0.088
to 0.052, and prediction sets reached an empirical coverage of 0.934 at a mean set size of 2.32.
Deferring the least confident 30% by a retrospective ranking of the pooled cohort raised
balanced accuracy to 0.631. Two of 63 positive-management cases were under-triaged and
15 routed to additional imaging, with a recall of 0.730; freezing the encoders left macro
AUROC at 0.756 but raised the under-triage count to twelve. Conclusions: Error rate
and error direction are separable properties, and neither accuracy nor macro AUROC
records the direction. The system therefore pairs each recommendation with calibrated
probabilities, a conformal set of plausible actions and an explicit defer option, so uncertain
cases return to the radiologist. These results establish an internally validated operating
profile for radiologist-facing support; clinical safety, deployment readiness and benefit to
patients still require external and prospective evaluation.

Keywords: breast cancer; multimodal deep learning; trustworthy and interpretable AI;
conformal prediction; clinical decision support

1. Introduction
Medical artificial intelligence has advanced quickly in accuracy, yet adoption at the

point of care is limited by trust, not accuracy. Most models return only a prediction, with
no calibrated sense of how likely it is to be right, no principled measure of uncertainty, and
no signal of when a case should be handed back to a clinician. Modern neural networks
can be substantially miscalibrated, although how badly depends on the architecture and

BioMedInformatics 2026, 6, 74 https://doi.org/10.3390/biomedinformatics6050074

https://crossmark.crossref.org/dialog?doi=10.3390/biomedinformatics6050074&domain=pdf&date_stamp=2026-09-15
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/biomedinformatics
https://www.mdpi.com
https://orcid.org/0000-0002-5275-0933
https://orcid.org/0000-0002-2433-2793
https://doi.org/10.3390/biomedinformatics6050074


BioMedInformatics 2026, 6, 74 2 of 31

the training recipe [1,2]; post hoc methods can reduce the mismatch [3]. A model that
is accurate on average but silent about its own reliability is therefore difficult to deploy
responsibly, and consensus guidance now treats trustworthiness, not accuracy alone, as the
central requirement for clinical AI [4].

Trustworthy AI names a set of properties a model should expose rather than a single
accuracy figure. The FUTURE-AI consensus sets fairness, universality, traceability, usability,
robustness, and explainability as guiding principles [4], and a growing statistical toolbox
makes several of them operational. Conformal prediction converts any predictor into a
set-valued output, returning a set of plausible labels rather than one, with a finite-sample,
distribution-free coverage guarantee under exchangeability [5,6]. Several variants trade set
size for stronger conditional or per-class coverage, or for control of a chosen risk [7–11],
and Mondrian conformal prediction has been used to flag uncertain radiologic cases for
review [12]. Selective prediction lets a model defer selected inputs to an expert [13–15].
Calibration makes the probabilities reported to the reader interpretable, while selective
deferral can rank on a separate uncertainty score; in our implementation, that score is the
raw ensemble margin.

Together, these components turn a black-box predictor into one that exposes its un-
certainty and failure modes and knows when to defer, which is what radiologist-facing
evaluations ask for: local validation, clear role definition, reproducibility, robust eviden-
tiary standards, and user trust [16,17]. Assurance then becomes a recurring, local process
rather than a one-time external check [18], and a large real-world screening deployment
reported higher cancer detection in a workflow that routed selected high-risk examinations
to additional radiologist review [19]. What is still rare is a single system that carries these
ingredients through end-to-end, with a defined and auditable per-case behaviour and an
architecture that still forms a prediction when one modality is absent.

Breast imaging management as a case study. We study these questions in a decision where
trust matters acutely. Among women, breast cancer is diagnosed more often than any other
cancer worldwide [20], and recent United States statistics document a substantial burden of
the disease [21]. Detection rests mainly on mammography, with ultrasound used as supple-
mental imaging, particularly in women with dense breasts [22]. A standard mammogram
comprises up to four views, the craniocaudal and mediolateral-oblique projections of each
breast, so a finding can be confirmed across projections, and the ultrasound is captured
as a short sweep of frames over the lesion. From the paired read, the radiologist records
a Breast Imaging Reporting and Data System (BI-RADS) assessment category and, with
it, a management recommendation: routine return, short-interval or additional imaging,
or biopsy [23,24]. It is this recommendation, not the description, that sets the next step in
care, and its costly error is under-triage, returning a case whose reference calls for biopsy
or definitive management to routine surveillance [23,25]. That class and the indeterminate
one are also the rarest, so accuracy alone is not the obstacle at this point of care. Breast
imaging management is thus a natural, high-stakes case study for trustworthy AI. Figure 1
frames the task: a recommendation that arrives with a calibrated probability, a prediction
set of plausible actions at a stated coverage level, and a choice to act or defer.

Breast imaging AI and multimodal fusion. A substantial body of mammography deep-
learning work is single-modality [26], and the large public benchmarks are themselves
modality-specific [27,28]. Because a radiologist reads mammography and ultrasound
together, a growing line of work fuses the two for malignancy prediction [29–33]. Recent
paired same-patient studies are sizeable and clinically framed. A dual-centre fusion network
built on 1283 women improved radiologists’ diagnostic performance on its external test
set, especially when the ultrasound and mammography BI-RADS reads disagreed, and
reduced their unnecessary biopsy recommendations [32]. A multimodal screening model on
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790 patients improves specificity over single-modality baselines [33]. A related system, TDF-
Net, handles incomplete multimodal ultrasound by recovering the missing modality and
weighting the modality evidence [34]. These systems target the benign versus malignant
diagnosis rather than the three-way management recommendation, and they do not report
calibration or conformal coverage for the recommendation itself.

Figure 1. Overview of the proposed trust-aware multimodal system for BI-RADS-derived management.

Foundation models and adaptation. Foundation models now provide rich breast imag-
ing features: mammography-specific models [35,36], the universal ultrasound model
USFM [37], and the medical image encoder MedSigLIP [38]. Low-rank adaptation fine-
tunes such encoders at low parameter cost [39], and in a chest-radiography evaluation,
low-rank tuning outperformed full-parameter fine-tuning on 13 of 18 transfer tasks while
updating a small fraction of the parameters [40]. To our knowledge, these encoders have
not been combined into a trust-aware multimodal system for the management decision.

Report circularity and shortcut risks. Two data risks specific to this setting also shape
the design. First, a report that states the radiologist’s own assessment makes report-based
prediction circular. Second, ultrasound images can contain sonographer callipers and text
overlays [41], visible annotations that are potential shortcut features. Saliency alone does
not rule this out [42,43], so we include a controlled occlusion audit to test it directly.

This work. These threads have rarely been brought together for the decision that matters.
The management recommendation is seldom the prediction target, same-patient paired
datasets are scarce, and trust mechanisms are rarely combined with mask-aware multi-
modal fusion. We bring them together in a trust-aware multimodal system for the BI-RADS
management recommendation. Two foundation encoders, one for mammography and one
for ultrasound, are adapted end-to-end with low-rank adapters [39] and combined by a
mask-aware fusion head that can be scored with either modality masked. A trustworthiness
layer then wraps the prediction with calibrated probabilities, conformal sets, a deferral
rule, and an atypicality flag. We evaluate at the safety-critical error rather than by accuracy
alone, and that choice turns out to carry the paper. Changing whether the encoders are
adapted moves macro AUROC by 0.003 but changes the number of positive-management
cases sent to routine return from 12 to 2. The two models are separated by significance
tests pointing in opposite directions: the frozen one is significantly more accurate at the
operating point; the adapted one is significantly better on that error, on the same cohort.
Overall error rate, discrimination and error direction are distinct properties; macro area
under the receiver operating characteristic curve (AUROC), the ranking metric the field
leads with, measures discrimination and does not record the direction of the thresholded
errors at the operating point.
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Two features of this decision shape what a model for it must provide. The first is that
its costs are asymmetric and the rare classes carry them. An under-triaged case may have a
recommended workup delayed; a benign case sent for further imaging costs an examination.
A model trained and selected on overall accuracy tends to optimise the common class and
absorb its losses in the rare one, which is the reverse of the clinical priority.

The second is that the reading itself is uncertain, and the model inherits that un-
certainty. Scarring and architectural distortion after surgery can mimic malignancy on a
mammogram [44]. Dense tissue lowers mammographic sensitivity, motivating supple-
mental ultrasound in selected settings [22]. And ultrasound is operator-dependent: its
acquisition and annotation vary with the sonographer, and the callipers and text written
onto the image are part of what the model sees [41]. What a reader needs alongside the
recommendation is therefore some indication of which of these situations a case falls into,
and of how far the recommendation can be relied upon.

The property that matters at this point of care is therefore not how often the model is
right but where it is likely to be wrong, and in which direction. That property is invisible
to aggregate discrimination metrics when reported alone; it becomes visible when error
direction, calibration, coverage and deferral are measured together at a single operating
point. The argument does not depend on a high absolute level of discrimination; the
discrimination observed in this cohort is modest, and its uncertainty is reported explicitly.

2. Materials and Methods
2.1. Study Design

The model is developed and evaluated within a single retrospective cohort, and we
report it as a development and internal validation study following TRIPOD+AI [45]. We
set the design out here because it governs how the results should be read.

The unit of analysis is the case, one paired mammography and ultrasound examination.
The unit of grouping for every split is the patient. The reference standard is a three-class
management grouping we derive from the reporting radiologist’s BI-RADS assessment, so
the estimand throughout is in concordance with that derived label rather than diagnostic
accuracy against pathology, observed patient management or clinical outcome.

The primary outcome is the number of under-triaged positive-management cases, that
is, positive cases routed to routine return. Discrimination, calibration, conformal coverage
and set size, concordance with the BI-RADS-derived reference class, and behaviour under
deferral are secondary outcomes. All are reported at one operating point, so that they can
be read against one another rather than each at its own best setting.

The cohort is a fixed public release rather than a recruited series, so no a priori sample-
size calculation was performed; every eligible case in the release is included, and the
resulting size bounds the precision of every estimate reported here. Three comparisons
are designated as confirmatory (Section 2.5) and the remainder are exploratory. Model
selection, decision thresholds, calibration maps, and conformal quantiles are fitted on
inner-validation folds only.

2.2. Cohort and Task

The Breast Cancer Multimodal Imaging Dataset (BCMID) [46], collected at one hospital
in Alexandria, Egypt, releases 332 case records, each in its own folder named by case identi-
fier and holding a paired mammography and ultrasound examination. These records re-
solve to 323 distinct patients, nine of whom carry two case records each. The case is the unit
of analysis and the patient the unit of grouping, and we hold that distinction throughout.

The report-derived treatment-status audit identified many post-treatment follow-
up examinations, a setting in which surgical scarring and architectural distortion can
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make mammographic appearance harder to interpret than in screening [44]. Figure 2A
summarises the composition, an imbalanced split with a rare positive class, and Figure 2B
the patient-grouped, patient-disjoint nested cross-validation used throughout.

Each case carries one paired mammography and ultrasound study and one manage-
ment class (Section 2.3); we do not merge or recompute labels across cases. Mammography
follows up to four canonical views (craniocaudal and mediolateral oblique per breast). The
cohort holds 951 mammography images and 1050 ultrasound frames, with per-case counts
varying widely. The model masks any absent view and aggregates the available ultrasound
frames, so a case with fewer images is still scored without imputation. Laterality is recorded
per study, and an era is taken from the year suffix in the case identifier; both are used in the
subgroup audits. Polarity, predominantly the inverted Fuji convention, is recorded to drive
the preprocessing correction. Treatment status is unavailable for twelve cases: eleven have
no radiology report, and one report did not parse. The report itself is never a predictive
input, since it states the assessment the label is derived from (Section 2.7).

0 50 100 150 200 250 300
cases, each row partitions the same cohort (n = 332)

Management

Treatment

Polarity

A Cohort composition

217 52 63

Negative 217 (65.4%)   Indeterminate 52 (15.7%)   Positive 63 (19.0%)

131 111 78

Post-mastectomy 131 (39.5%)   Post-lumpectomy 111 (33.4%)   Treatment-naive 78 (23.5%)   Status unavailable 12 (3.6%)

305

Inverted Fuji 305 (91.9%)   Standard 26 (7.8%)   Unknown 1 (0.3%)

fold 1 fold 2 fold 3

fold 4 fold 5

held-out test fold training fold

Each case tested once per initialisation; all cases from one patient stay in the same fold.

B Nested cross-validation

Figure 2. Cohort composition and validation design. (A) The cohort partitioned by management,
treatment, and acquisition polarity. (B) The patient-grouped, patient-disjoint nested cross-validation
used throughout, in which each inner split fits the decision thresholds and the calibration and
conformal maps.

To our knowledge, BCMID is the only public collection that pairs mammography
and ultrasound for every case and carries a BI-RADS label mappable to the three-way
management decision. Other public datasets fall short in one of two ways. They are either
single-modality, as with the mammography collections CBIS-DDSM [47], INbreast [48]
and EMBED [49], and the ultrasound collection BUSI [50], or only partly paired, as with
KAU-BCMD, which adds ultrasound for a subset of its mammography cases [51]. The
larger same-patient paired cohorts that do exist sit inside individual institutions and are
labelled for benign-versus-malignant diagnosis rather than for a management class [32,33].

Dataset challenges. Two properties of the source data could bias an unguarded model
and are handled explicitly. First, the mammography frames follow two display-polarity
conventions, a dominant inverted Fuji convention and a minority standard one. Leaving
the inversion uncorrected would be a trivial spurious feature (Figure 3a). Second, the sono-
grapher marks noted above are neither removed at training time nor assumed harmless; we
test their influence directly with the controlled occlusion audit in Section 3.7. More broadly,
the cohort is left unmodified as a deliberately difficult test of robustness. Most of these
breasts are post-surgical, two display-polarity conventions are present, the sonographer
marks are retained, and the number of views and frames varies from case to case. We treat
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that heterogeneity as the operating condition the method must handle rather than curating
it away.

Mammography preprocessing follows standard steps (acquisition-border removal,
polarity correction, CLAHE contrast normalisation, and resizing). Ultrasound frames
are padded and resized, and otherwise left as acquired. No lesion mask, report text, or
BI-RADS category enters any preprocessing step, and sonographer annotations are audited
rather than removed (Section 3.7).

Figure 3. Mammography polarity conventions on de-identified BCMID examples. Left pair (a,b): the
dominant inverted Fuji convention; right pair (c,d): the minority standard one. Within each pair the
raw frame is left and the normalised frame right (amber inset enlarged), giving a consistent display
polarity before training.

2.3. From BI-RADS Category to Management Class

The reference target is a management class derived from the reporting radiologist’s
BI-RADS assessment [23,24]. The dataset supplies no management class, so the three-way
grouping into management classes is our own. We model these classes rather than the
seven BI-RADS categories because the management action is what determines the next step
in care, and because the per-category counts are too small and too unevenly distributed for
a reliable seven-way model at this cohort size. Negative covers categories 1 and 2 (routine
return). Indeterminate covers categories 0 and 3 (additional imaging or short-interval
follow-up). We group these two because both call for non-routine management rather than
immediate routine return or biopsy, and we keep each case’s original BI-RADS category
so the grouping stays auditable. Positive covers categories 4 to 6 (biopsy or definitive
management). Category 6 is a known malignancy already under management rather
than a new biopsy recommendation, so the positive-management under-triage results are
also audited by the original category. Neither grouping is beyond dispute. Categories
0 and 3 differ in kind, an incomplete workup against a completed workup with a low-
risk finding. We group them because both remove a case from routine return without
committing it to biopsy, which is the only distinction the three management classes are built
to carry. Category 6 raises the opposite objection, that those cases are already-diagnosed
malignancies and could make the positive class easier than the clinical decision it is meant to
stand for, which would flatter the under-triage result specifically. Both choices are therefore
tested rather than assumed. Section 3.8 reports the routing under the nearest alternative
boundary, and repeats the under-triage analysis on the 39 positive cases that represent a
new biopsy decision with the 24 category 6 cases removed; the under-triage result holds
there, so it is not an artefact of the already-diagnosed cases. Routine return therefore
denotes routine surveillance imaging rather than a screening interval. As the target comes
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from the radiologist’s assessment, the task is in concordance with that reference rather than
a pathology diagnosis.

2.4. Architecture

The predictive model is multimodal, with two imaging encoders and a mask-aware
fusion head (Figure 4). Training such encoders from scratch is not viable at this cohort size,
so we start from foundation models and adapt them with low-rank adapters. The baseline
ladder in Section 3 reports what each of these two steps contributes.

Preprocessing

Mammo-FM
(shared per-view encoder)

Mammography views 1–4
CC-L | CC-R | MLO-L | MLO-R

Preprocessing
MedSigLIP

(shared per-frame encoder)

LoRA adapters (rank 16)
Same 

patient

Ultrasound frames 1–16

Mean over available views
(present views only)

Masked mean over frames
(padded slots excluded)

Mask-aware fusion

Trim frame | polarity | CLAHE | resize

RGB | overlays retained | resize

Fused embedding

Defer / Act
(uncertain cases)

Atypicality
(distribution flag)

Evidence card

(a)

(b)

LoRA adapters (rank 16)

Multimodal model

Trustworthiness layer

Raw probabilities Calibrate
(reliable probabilities)

Conformal set
(plausible labels)

Indeterminate

Negative

Positive

(fused embedding)

Figure 4. Multimodal model (a) and per-case trustworthiness layer (b). Paired mammography
and ultrasound feed two LoRA-adapted foundation encoders and a mask-aware fusion head. The
trustworthiness layer then wraps the raw prediction with calibration, a conformal set of plausible
actions, a defer-or-act decision and an atypical-input flag, ending in a per-case evidence card. Act
means the case stays in the standard radiologist workflow.

Mammography and ultrasound encoders. The mammography encoder is a breast-specific
foundation model with an EfficientNet-B5 backbone [35], chosen because such models
are pretrained on large mammography collections and transfer well to small downstream
cohorts [35,36]. The up to four standard views for a case are encoded and pooled to a single
embedding zmg ∈ R2048.

The ultrasound encoder is the MedSigLIP-448 medical image encoder, released as part
of the MedGemma effort [38], a vision transformer in the sigmoid contrastive family [52].
The two modalities deliberately use different encoder families, each matched to what is
mature for that modality. Mammography has a dedicated foundation model pretrained on
large mammography collections, so we adopt it as the mammography backbone, adapted
end-to-end with low-rank adapters. For ultrasound we prefer a broad medical encoder
over an ultrasound-specific model such as USFM [37], for its wide pretraining and for a
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preprocessing interface that is fixed and reproducible. Each of the up to sixteen ultrasound
frames for a case is encoded and reduced to a per-frame embedding by taking the first
vision token of the sequence, our choice of pooling rather than a property of the released
encoder. The frame embeddings are then mean-pooled into a single ultrasound embed-
ding zus ∈ R1152. Mean pooling is a deliberate, conservative choice. Frame weighting
would have to be learned from this cohort, so we keep the pooling fixed rather than add
parameters a cohort of this size cannot support. Because each view and frame is encoded
independently and averaged, the model accepts any number of views or frames with no
architectural change, and the masked average keeps batching zero-padding out of the
pooled embedding. Within each pretrained encoder only the low-rank adapter parameters
are trained and the backbone stays fixed, which retains the original representation while
still allowing task-specific adjustment; the modality projections, the fusion module and the
classification head are trained jointly with the adapters. Throughout, “adapted end-to-end”
means gradients reach both encoders and the fusion head through these adapters, not full
backbone fine-tuning.

Low-rank adaptation. Fully fine-tuning either backbone would risk overfitting at this
sample size, so each adapted weight matrix W ∈ Rd×k is replaced by the frozen weight
plus a small trainable low-rank update [39,40],

W ′ = W +
a
r

BA, B ∈ Rd×r, A ∈ Rr×k, r = 16, (1)

where only the rank 16 factors A and B are trained, with a fixed scaling a = 32, so
a/r = 2. The same rank is used in every run. This is the single change that unfreezes the
representation relative to the frozen-encoder baseline, and it keeps the trainable-parameter
count low relative to the available training data.

Mask-aware fusion. Each embedding is first mapped into a common space, and the
two are then merged by a mask-aware average. Writing bm ∈ {0, 1} for the availability bit
of modality m and hm for its projection,

f =
bmg hmg(zmg) + bus hus(zus)

max
(
bmg + bus, 1

) ∈ R512, (2)

and a linear classification head maps f to the three management logits (Figure 5). The
averaging form drops an absent modality from both the numerator and the denominator,
so the head can still form a fused vector from a single modality.

Figure 5. Mask-aware fusion. Present-modality projections are averaged, and a masked modality
drops out, so the head still receives a same-scale fused vector.
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2.5. Training and Evaluation

The two encoders and the fusion head are trained together with a class-balanced
focal objective [53,54],

L = −∑
c

wc (1 − p̂c)
g yc log p̂c, (3)

Here, p̂c is the model’s probability for class c. The weights wc come from the effective-
number class-balancing scheme (b = 0.9999), with the class counts taken from each fold’s
inner-training split alone, a close proxy for inverse-prevalence weighting that stops the rare
positive class from being overwhelmed by the negative majority. The focusing parameter
g = 2.0 down-weights easy examples. Training batches are additionally drawn with
a class-balanced sampler. Both modalities are present for every case, and we do not
use modality dropout. A masked-modality input at test time therefore falls outside the
training distribution.

Evaluation uses five-fold patient-grouped, patient-disjoint cross-validation, with a
fixed inner-validation split in each fold for early stopping and for fitting the calibration
and conformal maps. The procedure is repeated for three random initialisations, giving
fifteen trained models (Figure 2B). Training uses AdamW (learning rate 10−4, weight decay
0.01) with cosine annealing and early stopping on the inner-validation macro AUROC. We
report the spread across these runs rather than a single number because it characterises
model stability across random initialisation. The primary operating rule throughout is the
three-initialisation ensemble argmax, and all headline classification and under-triage results
use it. We report the raw argmax rather than the better-scoring alternatives because the
deferral ranking and the under-triage count are both defined on it, and those calibrations
reach their agreement by transforming the score distribution that the ranking depends
on. Per-class threshold optimisation on the inner-validation fold is reported as one of the
calibration-strategy comparisons. Its per-class multiplicative weights are fit per fold on the
inner-validation split, never on pooled validation that would overlap the test cohort.

Throughout, we lean on trust-relevant metrics rather than overall accuracy. Macro
AUROC captures how well the three classes are ranked, where 1.0 is perfect and 0.5 is
chance. Balanced accuracy averages the per-class recall, so the rare positive class is not
swamped by the negative majority; on three classes, its chance level is one third. The
expected calibration error measures whether a stated probability matches how often the
prediction agrees with the reference class. Conformal coverage is how often the prediction
set contains that reference class.

Evaluation protocol and integrity. The protocol is built so that a patient cannot appear
on both sides of a split. Writing π(c) for the patient who contributed case c, every split is
grouped on π rather than on c. For each outer fold k, with training and test cases Tk and Ek,

π(Tk) ∩ π(Ek) = ∅, (4)

so the nine patients who contributed two cases have both of their cases in the same fold.
Two guards enforce this every time a split is built. The first evaluates Equation (4) on patient
identifiers at the outer and the inner level and raises an error on any overlap. The second
checks that the five outer test sets partition the 332 cases, so each case is tested exactly once.
Each fold is trained from a freshly initialised model, so no fold begins from weights that
have already seen its own test cases. Every fitted quantity, meaning the decision thresholds,
the isotonic map, and the conformal threshold, is fit on that fold’s inner-validation split
and applied only to its held-out test, never on a pooled set that would overlap it. The
nearest-neighbour explanation retrieves only from the training cases of the same fold, so a
case cannot retrieve another case of the same patient. The 30% deferral point is obtained
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by ranking the held-out cohort, so we report it as a retrospective analysis rather than a
deployed threshold.

Differences in AUROC are read from the cluster-bootstrap intervals, and paired pre-
dictions use McNemar’s test. Confidence intervals come from a cluster bootstrap that
resamples patients rather than cases (ten thousand resamples), so that a patient’s two cases
are drawn together, and agreement with the reference is a linearly weighted Cohen’s kappa.
Only the three confirmatory comparisons carry a Holm correction: the incremental value
of ultrasound (paired against mammography-only), the ensemble gain measured against
the best single initialisation, and the selective-deferral gain. Their effects and p-values
come from the same patient-cluster bootstrap, via its normal approximation. The subgroup,
decision-curve, boundary, uncertainty, and additional under-triage comparisons are ex-
ploratory. We designate these three as the confirmatory set, correct them jointly with the
Holm procedure, and report each as it comes out, including the one that fails.

2.6. Trustworthiness Layer

The trustworthiness layer leaves the trained model unchanged. For each outer fold,
the calibrator and the conformal threshold are fitted on that fold’s inner-validation predic-
tions and applied once to its untouched test cases. The margin threshold for the fold-wise
deferral analysis is set the same way, and the atypicality centroid and its 95th-percentile
distance threshold are computed from the fold’s training embeddings. Out-of-fold test
predictions are pooled only afterwards for evaluation, and the 30% pooled deferral sweep
is explicitly retrospective. It uses those outputs and the cached embeddings (Figure 4b). Its
starting point is the model’s raw per-case class probabilities, averaged over the three initial-
isations so that no single run dominates. On these it layers four individually established
components, reported as complementary components: calibration, conformal prediction
sets, selective deferral, and an atypicality flag.

Per-class isotonic regression (a monotonic recalibration) is applied to these ensemble
probabilities, and the three per-class outputs are renormalised to sum to one. The calibrated
probabilities are what the system reports. They are not, however, what the deferral rule
ranks on, and the two are kept deliberately separate for a reason given with the result in
Section 3.3. We summarise calibration with the expected calibration error

ECE = ∑
b

|Bb|
n

∣∣acc(Bb)− conf(Bb)
∣∣, (5)

computed over 15 equal-width probability bins, the average gap between confidence and
accuracy across equal-width probability bins Bb on the held-out test predictions. We also
report the multiclass Brier score, which does not depend on binning. Conformal prediction
builds prediction sets with the least-ambiguous set-valued classifier (LAC) score. We chose
it over the adaptive prediction set score, which over-covered: on this three-class problem
it produced near-complete sets (coverage 1.0 at a mean set size of 2.99) and was therefore
uninformative. Using a nonconformity score s(x, y) = 1 − p̂y(x) and a threshold q̂ equal to
the

(
⌈(n + 1)(1 − a)⌉+ 1

)
th smallest nonconformity score, the prediction set is

Ca(x) = { y : p̂y(x) ≥ 1 − q̂ }, a = 0.10, (6)

which targets marginal coverage of 1 − a under exchangeability of the calibration and test
scores. We do not take that exchangeability as exact, because the same inner split is reused
for early stopping and for fitting the calibration and conformal thresholds. We therefore
report the empirical marginal coverage achieved under our protocol rather than a formal
finite-sample guarantee and cite cross-validation-based predictive inference [55] only as
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related methodological context. We use conformal prediction because, under standard ex-
changeability conditions, it provides a finite-sample coverage framework that approximate
Bayesian and Monte Carlo dropout uncertainty do not. The class-conditional Mondrian
variant applies the threshold within each class stratum to balance per-class coverage.
Because these thresholds come from small class strata, we report it as an empirical class-
coverage audit. We also report the conformal set’s retention of the positive-management
label directly, as a clinically relevant property, rather than running a separate conformal risk
control procedure. Selective prediction ranks cases by the margin between the two largest
raw ensemble probabilities and defers the least confident fraction to the radiologist. Rank-
ing on the calibrated probabilities instead gains nothing, for the reason we give with the
result (Section 3.3); the two scores serve different purposes, and we do not force one to
do both jobs. The atypicality flag comes last. It marks cases whose fused embedding falls
far from the training distribution, measured as the Euclidean distance to the centroid of
the training embeddings. A held-out case is flagged when this distance exceeds the 95th
percentile of the training-set distances. Table 1 summarises the cumulative effect of the
calibration, conformal, and deferral stages.

Table 1. The base prediction and the trustworthiness layer, stage by stage; each row adds a property
the previous one lacks.

Stage What It Adds Key Result

Mean of three single-initialisation
models, pooled across folds a point prediction macro AUROC 0.731 †, balanced

accuracy 0.522

+ensemble one fixed operating point macro AUROC 0.759, balanced
accuracy 0.556

+isotonic calibration reliable probabilities ECE 0.088 to 0.052, Brier 0.604
to 0.391

+conformal sets, marginal empirical coverage coverage 0.934, mean set size 2.32

+Mondrian, class-conditional per-class coverage negative 0.959, indeterminate
0.865, positive 0.937; set size 2.34

+selective deferral,
30% (retrospective) a defer decision balanced accuracy 0.556 to 0.631;

under-triage 2 of 63 to 1 of 50

50 of the 63 positive-management cases are retained at 30% deferral; † the mean of 0.709, 0.716 and 0.768.

2.7. Report Exclusion

Why the report is not a predictive input. The purpose of the model is to recommend a
management action from the imaging itself, so the reference label must come from a source
the model cannot read. The label is derived from the reporting radiologist’s BI-RADS
assessment, which the report states directly: radiology reports can be mined for structured
information [56]: a BI-RADS category can be inferred from the findings alone [57], and the
written score extracted directly [58]. A model that reads the report would therefore recover
the label rather than predict it from the image, a direct form of target leakage [59]. The
report is excluded from the model’s inputs entirely, and every prediction is made from the
paired mammography and ultrasound alone.

2.8. Interpretability

The primary explanation is case-based retrieval, following the case- and prototype-
based tradition [60,61]. For each test case, we return its five nearest neighbours in the fused
embedding space, with their management classes. The neighbours are drawn only from the
training cases of the same outer fold, so a case can retrieve neither itself nor the other case
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of the same patient. This presents comparable prior cases in the learned embedding space;
it does not identify the examples that caused the prediction. Visual saliency is a secondary
check. A last-layer class-activation map would be degenerate here, because the ultrasound
encoder pools only the first transformer token. We therefore attribute with Integrated
Gradients [62] on the ultrasound input, smoothed over noisy copies of that input. The
sonographer-annotation shortcut is tested separately, with the controlled occlusion audit of
Section 3.7.

3. Results
What follows establishes an operating profile rather than a single score: how well the

three actions are separated, how far the reported probabilities can be trusted, how often the
system knows to stand back, and where its errors fall.

The primary outcome is the safety-critical error: of the 63 positive-management
cases, two are routed to routine return. Every other figure in this section is reported at
the operating point that produces that count, the raw argmax of the three-initialisation
ensemble. Where a result carries a cost, the cost is given beside it. The evidence builds in
one direction, each result resting on the last. The model discriminates modestly, and the
baseline ladder shows where that discrimination comes from. It also shows what macro
AUROC does not record: two models whose macro AUROC differs by 0.003 are far apart on
the error the task is built around. The probabilities are then calibrated, and the prediction
sets cover the reference class. The model defers its least certain cases, and the errors it
sets aside first are the ones that matter for safety. Each modality alone is weaker than the
pair. Subgroup variation, concordance with the reference class, and illustrative case-level
explanations are then examined.

3.1. Discriminative Performance, and What It Does Not Record

We hold the fusion head, classifier, loss, and patient-grouped splits fixed and vary
the encoder family (Figure 6C). Replacing a generic ImageNet convolutional encoder with
a domain-pretrained foundation encoder held frozen raises macro AUROC from 0.655
to 0.756. Adapting those same encoders end-to-end with low-rank adapters raises it to
0.759. The change of encoder family therefore accounts for almost all of the discrimination,
and the adapters add very little to it. That macro figure averages three unequal classes,
and the ordering matters for this task: one against rest; the model reaches 0.871 on the
positive-management class, 0.755 on routine return, and 0.650 on the indeterminate class. It
discriminates best on the class whose error is costly and worst on the class that groups an
incomplete workup with a low-risk follow-up.

The adapters do change the model, but not in a way that macro AUROC records.
On the error the task is built around, the assignment of a positive-management case to
routine return, the three models are far apart: the convolutional baseline under-triages
27 of the 63 positive-management cases, the frozen foundation encoder 12, and the adapted
model 2, and recall on that class follows the same order (Figure 6A,B). A difference of 0.003
in macro AUROC thus accompanies a 12-versus-2 gap in the safety-critical error count,
and plotting the two quantities against each other separates the models that discrimination
alone leaves on top of one another (Figure 6D). Validation guidance has long made this
point. A metric chosen for convenience rather than for the clinical question can rank
models in an order the clinic would not endorse, and calibration and net-benefit analyses
exist precisely because ranking quality alone does not settle whether a model is fit to act
on [63–65]. This is why the rest of this section is organised around the trustworthiness layer
rather than around accuracy.

https://doi.org/10.3390/biomedinformatics6050074

https://doi.org/10.3390/biomedinformatics6050074


BioMedInformatics 2026, 6, 74 13 of 31

Majority Conv
(non-FM)

Frozen
FM

Proposed

0

10

20

30

40

50

60

70

po
si

tiv
e-

m
an

ag
em

en
t c

as
es

 s
en

t t
o 

ro
ut

in
e 

re
tu

rn
 (o

f 6
3)

63

27

12

2

A Under-triage falls, 63 to 2

Majority Conv
(non-FM)

Frozen
FM

Proposed

0.0

0.2

0.4

0.6

0.8

1.0

po
si

tiv
e-

m
an

ag
em

en
t r

ec
al

l

0.000

0.381

0.603

0.730

B Positive recall climbs

Majority Conv
(non-FM)

Frozen
FM

Proposed
0.0

0.2

0.4

0.6

0.8

1.0

m
ac

ro
 A

U
R

O
C

0.500

0.655

0.756 0.759
+0.003

C Discrimination separates only the lower rungs

0.50 0.55 0.60 0.65 0.70 0.75 0.80 0.85 0.90
macro AUROC

0

10

20

30

40

50

60

70
po

si
tiv

e-
m

an
ag

em
en

t c
as

es
 s

en
t t

o 
ro

ut
in

e 
re

tu
rn

 (o
f 6

3)
Majority

Conv (non-FM)

Frozen FM

Proposed

12 to 2

similar discrimination,
12 vs 2 on

the error that matters

D Discrimination does not order the top two; error direction does

Baseline ladder: error rate and error direction are not the same quantity

Figure 6. Baseline ladder across the encoder families. (A) Positive under-triage, from 63 at the
majority floor to two. (B) Positive-management recall. (C) Macro AUROC. (D) Under-triage against
macro AUROC.

Ensembling the three initialisations buys something different from a confirmatory
discrimination gain. Pooled over the cohort, the individual runs reach 0.709, 0.716 and
0.768, and the ensemble reaches 0.759. That is above the mean initialisation (by 0.028, CI
0.012 to 0.043) and within the spread of the best single run, so we treat the ensemble as
insurance rather than as a source of discrimination. The spread across initialisations is
0.059 wide, the best one cannot be picked without the test data, and the ensemble lands
near the top of the spread without having to choose. It also fixes one operating point for
the trustworthiness layer to be built on.

The two models reach a similar macro AUROC but make errors of a different kind, and
the direction is what separates them. The frozen encoder distributes its errors on both sides
of the decision boundary. The adapted model concentrates them on one side, escalating
routine-return cases to additional imaging, and that is what lowers its overall accuracy,
0.455 against 0.651. It leaves two positive-management cases in routine surveillance rather
than twelve. Overall accuracy is the wrong scoreboard for that trade. On this cohort the
trivial rule of answering routine return every time scores 0.654, and it returns all 63 positive-
management cases to surveillance. A higher accuracy here need not mean a better decision.
Neither model matches that rule on accuracy: the frozen encoder falls just below it at 0.651,
the adapted model well below at 0.455. Accuracy on a cohort this unbalanced rewards
whatever leans hardest on the majority class, and the trivial rule leans on it completely.
Error rate and error direction are separate properties of a classifier: accuracy counts how
often it is wrong at the operating point and macro AUROC measures how well its scores
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rank the classes, and neither records which way an error falls. In a management task whose
costly error is under-triage [23,25], it is the second that determines whether the model is
usable; the class-balanced objective limits the majority-class domination behind it, and the
direction of the remaining errors is evaluated explicitly at the operating point.

The trustworthiness layer is then built stage by stage on these ensemble scores (Table 1).
Per-class isotonic calibration cuts the expected calibration error from 0.088 to 0.052 and
the Brier score from 0.604 to 0.391 (Figure 7A,B). Before calibration the adapted model
carries the largest top-label calibration error of the three: 0.088, against 0.083 and 0.063.
Calibration is therefore a necessary part of the layer rather than an optional refinement [65].
The reported probabilities depend on it. The conformal sets and the deferral ranking, by
contrast, are built on the raw ensemble scores. The sets avoid stacking a fitted probability
map onto the conformal score, and the ranking needs the gradations that the isotonic map
compresses away (Section 3.3).

Figure 7. Calibration and empirical conformal coverage. (A) Per-class reliability after isotonic
calibration. (B) Top-label calibration error, before and after. (C) Per-class conformal coverage for the
marginal and Mondrian sets against the 0.90 target. (D) Prediction-set size composition.

3.2. Empirical Prediction-Set Coverage

A prediction set is useful only if it contains the reference class at the intended rate.
The prediction sets are built on the raw ensemble scores; because the inner-validation split
also served early stopping, coverage is reported as an empirical property of this protocol
rather than as a finite-sample guarantee. They reach an empirical marginal coverage of
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0.934 against a 0.90 target at a mean set size of 2.32 of the three actions, close to the target in
each class (Figure 7C).

What the set conveys is how strongly a case supports a single recommendation and
where a reader is still needed. The distribution is 48 single-label sets (14.5%), 130 two-label
sets (39.2%) and 154 sets holding all three actions (46.4%) (Figure 7D). Where the set
collapses to a single action, that action agrees with the BI-RADS-derived reference class
89.6% of the time, and for the 17 whose set is {biopsy} alone, it agrees 94.1% of the time.
Where the set holds all three, the model’s own top choice agrees with the reference class
34.4% of the time, close to chance on a three-class problem. The set size therefore marks out,
without reference to the label, where the model separates the three actions and where it does
not, and it does so at a coverage that is measured rather than assumed. A single actionable
recommendation is therefore the minority outcome: about one case in seven receives a set
that collapses to one action, and close to half receive a set holding all three. At a coverage
target of 90%, sets this wide are what the observed score separation supports. Narrowing
them at the same coverage would take better-separated scores or a weaker target; a larger
calibration cohort would mainly tighten the coverage estimate. The wide sets are not
noise in the design but its output. The two uncertainty signals overlap substantially but
incompletely: no single-label set is ever deferred, and 66 of the 100 deferred cases carry all
three labels. For a deferred case, the set then makes the residual uncertainty visible to the
reader. Read that way, the prediction sets are an uncertainty signal rather than a routing
device, which is the role a deferral-based system needs them to play. The point prediction
supplies the recommended class, the raw-margin rule decides deferral, and the set size
says how broadly the three actions remain plausible.

Per class, the marginal set covers 0.945, 0.885, and 0.937 for routine return, the indeter-
minate class, and positive management. The class-conditional Mondrian variant covers
the same three classes at a mean set size of 2.34, at 0.959, 0.865 and 0.937 in that order, so
it neither tightens the sets nor lifts the indeterminate class to the 0.90 target (Figure 7C).
The two indeterminate figures come from different methods: 0.885 is the marginal cover-
age, 0.865 the Mondrian one. We report it as a per-class coverage audit rather than as an
operating mode.

3.3. Selective Prediction and Deferral

Uncertainty is only useful if the system acts on it. Selective prediction turns the
per-case uncertainty into a deferral decision, and we rank cases by the margin of the raw
ensemble scores. The calibrated margin is the weaker signal here. Isotonic regression
compresses the probabilities towards zero and one. That improves calibration but flattens
the ordering a deferral rule depends on, so deferring on the calibrated margin gives no gain
up to a third of the cohort (Figure 8A). We therefore calibrate the probabilities we report
and rank on the scores we do not.

Deferring the least confident 30% of cases to the radiologist, ranked retrospectively
over the pooled cohort, raises balanced accuracy on the retained cases from 0.556 to 0.631,
and 50% raises it to 0.690. More to the point of the task, deferral removes the safety-critical
errors before it removes the others. Among the retained cases, the under-triage count falls
from 2 of 63 to 1 of 50 at 30% deferral, and recall on the positive-management class rises
with the budget. Neither baseline behaves this way at the same budgets. Both baselines
shed positive-management cases about as fast as they shed the errors on them, which is
what an under-triage-oriented deferral rule should avoid. Reading the deferral curve with
under-triage rather than accuracy as the risk, the area under it is 0.026 for the adapted
model against 0.160 for the frozen encoder and 0.443 for the convolutional one (Figure 8C).
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The adapted model has lower under-triage at its operating point and across the evaluated
deferral budgets, and it is its uncertainty ranking that makes that true.

0.0 0.1 0.2 0.3 0.4 0.5
deferral fraction

0.0

0.2

0.4

0.6

0.8

1.0

sc
or

e 
on

 re
ta

in
ed

 c
as

es

defer 30%

A Selective prediction

accuracy, raw margin
balanced acc, raw margin
balanced acc, calibrated margin

0.0 0.2 0.4 0.6 0.8 1.0
recall

0.0

0.2

0.4

0.6

0.8

1.0

pr
ec

is
io

n

prevalence 0.190

AP 0.746

B Positive-management precision-recall

0.0 0.1 0.2 0.3 0.4 0.5
deferral fraction

0.0

0.1

0.2

0.3

0.4

0.5

un
de

r-t
ria

ge
 ra

te
 a

m
on

g 
re

ta
in

ed Conv (non-FM)
area 0.443

Frozen FM
area 0.160

Proposed
area 0.026

C Selective risk: under-triage as cases are deferred

0.06 0.08 0.10 0.12 0.14 0.16 0.18 0.20
threshold probability

−0.02

0.00

0.02

0.04

0.06

0.08

0.10

0.12

0.14

ne
t b

en
ef

it

D Decision curve

model
treat all
treat none

Selective prediction and decision-curve utility
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The 30% figure above comes from ranking the held-out cohort, which a clinic cannot
do in advance. We therefore repeated the analysis with the threshold fixed in advance, on
data the test cases never touch. Within each fold, the margin threshold is set at the 30th
percentile of that fold’s inner-validation margins, the same split already used for early
stopping and calibration, and is then applied unchanged to that fold’s test cases. The five
thresholds it produces are 0.051, 0.168, 0.090, 0.065 and 0.130, and they are reported here so
the rule can be checked rather than taken on trust. They differ because the inner-validation
margin distributions do. Fold 2’s cutoff of 0.168 is the 30th percentile of a distribution that
sat higher than the rest. Whether that reflects ordinary sampling variation or the fitting
itself, early stopping included, splits this small cannot say. The timing is what the protocol
fixes: the cutoff is set before any held-out case is scored, and the share it then defers runs
from 24.2% to 35.8% across folds. The deferral rate is no longer imposed but emerges at
30.7% (102 of 332 cases). On the retained cases, the balanced accuracy and under-triage
figures move as they did under the retrospective sweep (Table 2). The fold-wise inner-
validation-fixed rule therefore performs slightly better than the retrospective sweep, and it
is the form a deployment would fix in advance, although this remains internal validation
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within one retrospective cohort. That ordering is not a contradiction. Neither rule is an
oracle for balanced accuracy, since both rank on the margin rather than on correctness,
so neither bounds the other. The retrospective sweep imposes one cut on the pooled
cohort while the inner-validation-fixed rule applies a threshold within each fold, and the
two therefore set aside different cases. Two limits should be read with it. Independent here
means a held-out fold of the same cohort, not a second site. The procedure can therefore
be applied without touching a fold’s test labels. Whether one threshold transfers across
folds or institutions is a separate question. And the 30th percentile is itself a choice; the full
risk-coverage curve lets any budget be read off, and a deployment would fix that budget
from its own tolerance for deferred workload. A separate atypicality flag marks the cases
whose fused embedding lies farthest from the training distribution, surfacing them for
review rather than acting automatically. How much each modality carries on its own is the
next question.

Table 2. Two ways of setting the deferral threshold: by ranking the held-out cohort, and by fixing the
threshold beforehand on each fold’s inner-validation split. In the second, the rate is an outcome, not
a setting.

Rule Deferral Rate Retained Cases Balanced Accuracy Under-Triage

No deferral — 332 0.556 2/63

Retrospective,
cohort ranked 30.1% (imposed) 232 0.631 1/50

Threshold fixed
on
inner-validation

30.7% (emergent) 230 0.642 1/49

Imposed, the analyst sets the rate; emergent, the threshold is set on inner-validation data and the rate follows.

3.4. Modality Contribution

For a paired-input model, the next question is how much each modality carries on its
own. We train the same architecture on mammography alone and on ultrasound alone,
under the identical patient-grouped splits, giving macro AUROC 0.682 and 0.731 against
the paired model’s 0.759. The 0.731 here is the ultrasound-only model, not the pooled
figure that shares it in Table 1. Neither single-modality model matches the paired system,
and mammography alone is the weaker of the two. This ordering fits the cohort, which
is predominantly post-treatment: 242 of the 332 cases follow lumpectomy or mastectomy.
Surgical scarring and architectural distortion degrade the mammographic signal in such
breasts [44], and here ultrasound alone scores higher than mammography alone. We
read that as a property of this cohort, not a ranking of the two modalities. That the joint
model exceeds either modality is the expected direction for paired breast imaging, where
fusing mammography and ultrasound has improved lesion assessment over either alone,
especially when the two disagree [32,33]. In the intended workflow, both modalities are
present for every case.

3.5. Under-Triage and Decision-Curve Analysis

The task is asymmetric: the costly error is routing a positive-management case to
routine return, so we report the model at that error directly, using the same ensemble-
argmax rule as the headline metrics. Of the 63 positive-management cases, the model routes
two to routine return (Figure 9). It routes 46 to positive management and the remaining 15
to additional imaging, so 61 of the 63 leave the model with either a positive-management
recommendation or a further examination. Recall on the positive-management class is
0.730 (46 of 63; 95% CI 0.617 to 0.838, cluster bootstrap over patients). On this rare class, the
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average precision is 0.746 against a prevalence of 0.190, and the sensitivity available at high
specificity is reported in Table S6.

The two under-triaged cases are the ones to look at, and the trustworthiness layer
treats them differently. In the first, a BI-RADS 5 lesion, the model splits its probability
almost evenly between routine return and biopsy (0.429 against 0.384). Its conformal set is
{routine return, biopsy}, so the biopsy label is retained, and its margin of 0.046, computed
on the unrounded probabilities, places it in the lowest-confidence third of the cohort, so
it is deferred at a 30% budget. Both mechanisms flag it. The second, a BI-RADS 4 lesion,
is assigned routine return with a probability of 0.559 and a margin of 0.328. Its conformal
set is {routine return} alone, and it is not deferred within the evaluated deferral budgets.
Neither mechanism flags it, and we report it as the failure it is. The two mechanisms
are complementary rather than redundant. Across the whole cohort, the conformal set
retains the positive-management label for 59 of the 63 positive cases, and confidence-based
deferral discards the under-triage errors ahead of the rest (Section 3.3). A case that is both
confidently and narrowly wrong, however, will pass through both.
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Figure 9. Safety-critical under-triage: the two positive-management cases routed to routine return.
Each panel shows the raw ensemble probability over the three classes, the quantity the operating rule
uses, with conformal-set members outlined and the reference class starred.

Beyond this single operating point, a decision curve [64] shows that acting on the
model’s positive class carries a net benefit at least as large as the treat-all and treat-none
references across the threshold region where a biopsy decision is set. Above a threshold of
0.05, it is larger than both (Figure 8D). The curve is defined against the derived positive-
management reference label and measures concordance utility at each threshold, that is,
utility against the derived label. The margin over treat-all widens with the threshold,
from 0.000 at 0.05 to 0.111 at 0.20. That is the expected shape. Where a false positive-
management decision costs almost nothing relative to a miss, treat-all is already close to
optimal, and a model has little room to improve on it. The model earns its benefit where the
threshold is high enough for that false positive to carry a real cost. Because the reference
is the label derived from the reporting radiologist’s assessment, this measures the utility
of concordance with that derived label. The selective-prediction mode above turns the
residual uncertainty into radiologist workload.
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3.6. Robustness and Agreement with the Reference

Performance across the treatment spectrum. Because treatment status can affect image
appearance, we stratify the out-of-fold predictions into treatment-naive, post-lumpectomy,
and post-mastectomy breasts (Figure 10D; treatment status was inferred from report text
and used only for exploratory subgroup analysis). Discrimination falls as surgical alteration
increases: macro AUROC is 0.792 in the treatment-naive cases, 0.738 after lumpectomy,
and 0.626 after mastectomy. That is the expected direction, since scarring and architectural
distortion make the post-surgical breast harder to read [44].
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Figure 10. Agreement, routing, and subgroup behaviour. (A) Confusion matrix at the ensemble
argmax. (B) Routing of positive-management cases by BI-RADS category. (C) Share routed to routine
return by BI-RADS category. (D) Macro AUROC and conformal coverage by treatment stratum.

Conformal coverage does not follow it down. It holds at 0.923, 0.937 and 0.931 across
the same three strata, against a 0.90 target, and the model defers a larger share of the
altered breasts than of the unaltered ones. Where discrimination falls, the system says
so. That is the behaviour a deferral-based design is built for, and a discrimination-only
evaluation would not have shown it. The strata hold 78, 111 and 131 cases; the remaining
12 have no recoverable treatment status, eleven with no report and one whose report did
not parse. Of the 63 positive cases, the three strata hold 37, 9 and 6, so 11 fall outside
the audit for the same reason. We therefore treat all the subgroup estimates, coverage
included, as exploratory: a coverage estimate is only as precise as its stratum is large, and
the missingness is differential.
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Agreement with the reference class. Because the reference is the BI-RADS-derived
class, this measures concordance with that reference rather than agreement between two
independent readers. The linearly weighted Cohen’s kappa is 0.299, and the quadratically
weighted kappa is 0.380. This figure belongs to the raw argmax, which is the operating
rule the whole paper reports, and it is not the highest agreement these scores can reach:
recalibrating them lifts the linearly weighted kappa to 0.434 under isotonic regression or
0.440 under threshold optimisation. We keep the raw rule because the deferral ranking
and the under-triage count are defined on it, and 0.299 should therefore be read as the
agreement that accompanies that under-triage profile rather than as a ceiling. The under-
triage counts are what make the raw rule a choice rather than a concession: it under-triages
2 of the 63 positive-management cases at a positive recall of 0.730, against 27 at 0.556 under
isotonic regression and 10 at 0.619 under threshold optimisation. The agreement is not
uniform across the three actions, and its shape is the point. Concordance is highest on the
positive-management class, lower on additional imaging (0.596), and lowest on routine
return (0.341), because the routine-return cases that the model calls wrongly are called into
additional imaging rather than into biopsy or the reverse (Figure 10A). A single kappa
averages that structure away. Concordance with the derived reference class is highest
precisely where a disagreement would be dangerous, the positive-management class, and
lowest where a disagreement costs an additional examination, the routine-return class.
Table 3 gives sensitivity and specificity for the three classes.

Table 3. Sensitivity and specificity by reference class at the ensemble argmax.

Reference Class n Sensitivity Specificity

Negative (routine return) 217 0.341 0.861
Indeterminate (additional imaging) 52 0.596 0.543
Positive-management (biopsy or definitive management) 63 0.730 0.862

The cost of that profile. Seen from the other side, the same behaviour is over-triage. Of
the 217 cases whose reference label is routine return, the model keeps 74 there, sends 113
to additional imaging, and 30 towards positive management, so 143 of 217, or 65.9%, are
escalated. Read as clinical workload, the larger share of that is a recall for further imaging
rather than an intervention: 113 additional examinations against 30 cases entering a biopsy
discussion. The precisions are 0.554 for the positive-management recommendation, 46 of
83, and 0.195 for additional imaging, 31 of 159. This is the price of the operating point,
and it is a price we chose rather than one we discovered. At this operating point, the low
under-triage count is accompanied by substantial escalation: 143 of the 217 routine-return
cases, predominantly to additional imaging. On a cohort holding 217 routine cases against
63 positive ones, that trade falls heavily on precision. The point is not that this balance is
the right one for every setting, but that it is visible and adjustable. The risk-coverage curve
in Figure 8 lets a site read off the deferred workload it would accept for the under-triage
it wants, and the decision-curve analysis in Section 3.5 shows the threshold region over
which acting on the positive class carries net benefit. Reporting both sides at one operating
point is what makes that choice available to a reader; reporting the favourable side alone
would not.

Confirmatory comparisons. Deferring the least confident 30% under the retrospective
ranking raises balanced accuracy significantly by 0.075 with a cluster-bootstrap 95% interval
of 0.035 to 0.118 that excludes zero (Holm-adjusted p = 0.001). The paired model’s gain
over mammography alone, +0.077 in macro AUROC, likewise survives the Holm correction
across the three confirmatory comparisons (adjusted p = 0.022), while the ensemble shows
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no statistically detectable gain over the best single initialisation (−0.010, adjusted p = 0.63).
The ensemble is used as insurance against a poor initialisation rather than as a source of
discrimination (Section 3).

Exploratory operating-point comparisons. The baseline ladder was tested on the same
folds. Against both baselines, the proposed model makes significantly fewer under-triage
errors, by an exact paired test (p = 0.006 against the frozen encoder and p < 0.001 against
the convolutional one). That is the reduction the discrimination metric does not register.
Against the convolutional model the adapted model’s macro AUROC gain of 0.104 is
significant (cluster bootstrap, 95% CI 0.056 to 0.153). Against the frozen foundation encoder
no statistically detectable difference in macro AUROC was found; the point estimates differ
by 0.003, and this should not be interpreted as demonstrated equivalence. It is what makes
the next comparison informative. The two models have very similar macro AUROC point
estimates while their thresholded error profiles differ, so what remains between them
is where their errors fall. Two tests then run in opposite directions, and both are worth
stating. On the accuracy of the argmax decision the frozen model is significantly better
(McNemar, p < 10−8). On the number of positive-management cases sent to routine return,
2 against 12, the adapted model is significantly better (exact paired test, p = 0.006). A
model can be significantly more accurate and show significantly higher under-triage at the
same operating point, as demonstrated here. These comparisons describe the thresholded
error profile, not clinical safety or global superiority of either configuration. Table 4 sets
them beside the confirmatory three.

Table 4. Statistical comparisons and interval estimates reported in the main text.

Comparison Effect p or 95% Interval

Confirmatory, Holm-corrected
Incremental value of ultrasound (paired minus
mammography-only), macro AUROC +0.077 0.011; adjusted 0.022

Ensemble minus best single initialisation,
macro AUROC −0.010 0.63; adjusted 0.63

Selective-deferral gain (retrospective ranking),
balanced accuracy +0.075 <0.001; adjusted 0.001; 95% CI 0.035 to 0.118

Exploratory, unadjusted
Proposed minus convolutional baseline,
macro AUROC +0.104 95% CI 0.056 to 0.153

Proposed minus frozen encoders, macro AUROC +0.003 95% CI −0.037 to 0.043
Under-triage count against the
convolutional baseline — <0.001, exact paired test

Under-triage count against the frozen encoders — 0.006, exact paired test
Argmax accuracy against the frozen encoders — <10−8, McNemar
Ensemble minus mean initialisation,
macro AUROC +0.028 95% CI 0.012 to 0.043

Recall on the positive-management class 0.730 95% CI 0.617 to 0.838

3.7. Attribution, Retrieval and the Annotation Audit

Attribution and the annotation audit. The primary explanation is case-based: for each test
case the five nearest neighbours in the fused embedding are returned with their manage-
ment classes, so a clinician can see the comparable prior cases alongside a recommendation.
Retrieval is constrained to exclude the querying case’s own patient, so a patient with
two cases cannot retrieve itself. Saliency is less conclusive: Integrated Gradients on the
ultrasound are diffuse rather than lesion-localised, and a controlled occlusion audit did not
detect annotation-specific sensitivity beyond matched random occlusion. With nine cases
the audit is exploratory and cannot establish absence. What it shows is that occluding the
annotated region did not change the score more than occluding an equal area elsewhere,
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which is not the pattern a calliper-driven shortcut would give. We report it as a pilot
audit rather than as evidence that the shortcut is absent, and the larger purpose-designed
audit that would settle the question is set out among the limitations. Figure 11 shows
four example evidence cards, the object a radiologist would see at read time. Each card is
one case.

Left · CC · standard

Mammography

Ultrasound

PER-PATIENT OUTPUT

Recommendation

Biopsy

Negative 0.06

Indeterminate <0.01

Positive 0.94

Prediction set: { Positive }

set contains the true label

ACT

Decision: act on this call

Atypicality:  in distribution

Reference label:  Positive

a Confident biopsy recommendation correct call

Right · CC · inverted-Fuji

Mammography

Ultrasound

PER-PATIENT OUTPUT

Recommendation

Routine return

Negative 0.95

Indeterminate 0.05

Positive <0.01

Prediction set: { Negative }

set contains the true label

ACT

Decision: act on this call

Atypicality:  in distribution

Reference label:  Negative

b Confident routine return correct call

Left · CC · inverted-Fuji

Mammography

Ultrasound

PER-PATIENT OUTPUT

Recommendation

Additional imaging

Negative 0.26

Indeterminate 0.72

Positive 0.02

Prediction set: { Indeterminate }

set contains the true label

ACT

Decision: act on this call

Atypicality:  in distribution

Reference label:  Indeterminate

c Correct additional imaging correct call

Left · CC · inverted-Fuji

Mammography

Ultrasound

PER-PATIENT OUTPUT

Recommendation

Routine return

Negative 0.86

Indeterminate 0.07

Positive 0.07

Prediction set: { Negative }

set MISSES the true label

ACT

Decision: act on this call

Atypicality:  in distribution

Reference label:  Positive

d Under-triaged (biopsy to routine) missed

Figure 11. Four evidence cards on de-identified BCMID cases: a confident biopsy recommenda-
tion (a), a confident routine return (b), a correct additional-imaging call (c), and an under-triaged
positive-management case (d), which is the BI-RADS 4 case of Figure 9. All four cards show the
calibrated probabilities.

3.8. Boundary Sensitivity and Error Analysis

The three management classes merge seven BI-RADS categories, so the routing should
be robust to where those boundaries are drawn. We resolve the predictions against the
original BI-RADS category, under the same ensemble-argmax rule used for the under-triage
audit. The share sent to routine return drops from 54% at BI-RADS 1 to none at 6. One
step runs the other way, because a single case moves a small denominator (Figure 10C).
One category 4 case and one category 5 case are routed to routine return, and none of the
24 category 6 cases is (Figure 10B). Most routing disagreement therefore sits in the lower
categories, while the two under-triage cases remain visible in categories 4 and 5.

Re-binning category 3 into the negative class leaves the positive-management decision
untouched: recall on the positive-management class, the under-triage count, and the
positive-versus-rest AUROC are all unchanged. Balanced accuracy rises from 0.556 to
0.620. Re-binning leaves only the five BI-RADS 0 cases in the indeterminate class. Four of
them are called correctly, so a five-case recall now carries a third of the average. The
under-triage result is invariant to this boundary, which is the property that matters for a
management task.

Restricting the audit to the 39 cases that call for a new biopsy decision, BI-RADS 4
and 5, recall is 0.769, and the two under-triaged cases are both in this group, so the count
is unchanged while the rate rises from 2 of 63 to 2 of 39. Recall is defined here exactly as
in the headline: positive cases the model routes to the positive-management class, over
positive cases. The headline 0.730 is 46 of 63 over the whole positive class; 0.769 is 30 of 39
over this subset. Of those 46 correct calls, 30 fall in this subset and 16 in category 6. The
recall definition is unchanged; the analysis population, numerator and denominator differ.
The 24 category 6 cases are already-diagnosed malignancies under management rather
than new recommendations, so their inclusion is worth testing separately. Excluding them
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leaves the under-triage count at two and raises recall from 0.730 to 0.769, so the under-
triage result holds while the recall estimate does not stay the same. An estimate resting on
39 decisions is imprecise, which is why we report it beside the full-class figure rather than
in place of it.

4. Discussion
Trustworthiness has become the organising question for medical AI, and the reason is

practical rather than philosophical. A model that is right on average still has to be used case
by case, by a clinician who cannot see which cases it is right about. What a reader needs
from a model is therefore not only a prediction but a statement of how far that prediction
can be relied on, and a defined behaviour when it cannot.

Breast imaging is a fair place to test that, because the decision is already structured.
BI-RADS turns a reading into an action, the actions carry very different costs, and the
two modalities a radiologist uses are complementary rather than interchangeable. It is also
a setting where accuracy is a poor guide: the common action dominates the cohort, and a
model can score well while making exactly the error the pathway exists to prevent.

This is a proof-of-concept study, and the concept it tests is a design rather than a score.
Two models here have almost the same macro AUROC and differ sixfold in the under-triage
count, and no discrimination metric records that difference.

What the trust layer adds is that the model’s own uncertainty becomes part of the
output. A calibrated probability says how strongly a case supports its recommendation,
a conformal set says which other actions remain plausible, a deferral rule says when the
case should go back to the radiologist, and an atypicality flag says when the input is unlike
what the model was trained on. Measured together at one operating point, these four
turn a single number into a profile a reader can interrogate. In a clinical setting, that is
the difference between a tool that answers everything and one that also knows when to
stand back. The rule sets aside the model’s lowest-margin cases for a second read, and the
retained ones carry a stated confidence rather than an implied one.

A claim should be matched to the evidence behind it. The claim here is about that
operating profile on one retrospective cohort, not about clinical benefit, and the sections
that follow set out what the profile shows and where it stops.

The system is designed as a radiologist-facing triage and workflow-support tool for
BI-RADS-derived management concordance. For each case, it returns a management class,
a calibrated probability, a conformal prediction set, and an atypicality flag for inputs far
from the training distribution, together with a confidence ranking from which uncertain
cases can be deferred to the reading radiologist. Because the target is a grouping we derive
from the radiologist’s BI-RADS assessment, and not pathology or longitudinal clinical
outcome, the output should be interpreted as concordance with that reference management
class rather than as a diagnostic statement about the breast.

In this post-treatment setting, three findings matter most for decision support. The
first is the safety-critical error, which we measure rather than assume. Two of the
63 positive-management cases are routed to routine return, and both are audited indi-
vidually in Figure 9. The conformal set keeps the positive-management label for one of
them, and the deferral rule returns that same case. The other is caught by neither. Across
the positive class, the set drops the positive-management label for four of 63 cases.

The second is the cost of that profile. A model reluctant to call routine return will
under-triage rarely and over-call the middle class often, and the confusion matrix shows
exactly that (Figure 10). The two are the same fact seen from opposite sides, and we report
both at the same operating point.
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The third is what happens on the harder strata. Macro AUROC falls from 0.792 when
the breast is untreated to 0.738 after lumpectomy and 0.626 after mastectomy. Conformal
coverage does not follow it down: it holds at 0.923, 0.937, and 0.931. With nine positive
cases after lumpectomy and six after mastectomy, these estimates are imprecise, and we
claim no stability from them. The coverage result is the narrower one and the more useful.
Where the model loses discrimination, empirical coverage holds near target and both
post-surgical strata defer more than the treatment-naive one, rather than the model staying
confidently wrong.

A single three-class accuracy figure treats the three errors as one quantity, and clinically
they are not. Read by class, the model withholds a positive-management recommendation
in 232 of the 269 cases whose reference label is not positive management, a specificity of
0.862, while its specificity for the intermediate class is 0.543 (Table 3). Those two numbers
describe different clinical situations. This profile concentrates false escalation more often
in additional imaging than in biopsy; whether that trade-off is acceptable depends on
the workload and risk tolerance of the intended clinical setting. Balanced accuracy, being
an average across classes, reports neither. The same logic governs the deferral rule. We
adopt it not because it raises accuracy but because, at the evaluated budgets, its uncertainty
ranking removes the under-triage errors first. We report that behaviour directly rather than
as an accuracy optimisation.

The finding this cohort supports is a structural one: discrimination and error direction
are different properties of a classifier. In this cohort, models separated by 0.003 in macro
AUROC differ sixfold in the primary under-triage count, and no discrimination metric
reports the second. The distinction itself does not depend on cohort size; the magnitude
and precision of the observed difference do. What the cohort governs is the precision of
the individual estimates, which is why the under-triage comparison is carried out by a
paired test rather than by a difference in means, and why the subgroup results are reported
as exploratory.

The baseline ladder separates two things that are usually reported as one. Domain
pretraining carries the discrimination: a conventional encoder reaches 0.655, and freezing
the pretrained encoders already reaches 0.756. Adapting them gives 0.759, which is not
a discrimination gain, and we do not present it as one. What adaptation changes is the
direction of the errors. Under-triage falls from 27 to 12 to two across the same three rungs.
On accuracy, the frozen model is better (McNemar, p < 10−8); on under-triage, the adapted
model is better (exact paired test, p = 0.006). Scored on discrimination alone, the two upper
rungs show no statistically detectable difference, which is not demonstrated equivalence.
This is why we report the under-triage count beside every discrimination figure.

We keep the ensemble, though not because it beat the comparator in the confirmatory
analysis. Pooled over the cohort the three initialisations span 0.059 in macro AUROC,
and the ensemble lands above their mean but not above the best, which is what the
confirmatory comparison was against. What the ensemble does provide is insurance: the
best initialisation cannot be identified without the test data. It also fixes the single operating
point that the calibrator, the conformal quantile, and the deferral ranking are all built on.

The modality contrast is reported in Section 3.4. Trained in isolation under the same
splits and recipe, neither modality reaches the joint model (0.682 for mammography and
0.731 for ultrasound, against 0.759 for the pair), so neither alone suffices. The ordering
follows the composition of this cohort rather than any intrinsic ranking of the two modal-
ities: most of these breasts are post-surgical, which degrades the mammographic signal
while leaving ultrasound comparatively informative. The number of views and frames
also varies from case to case, and the masked pooling absorbs that without imputation, so
a sparse study is scored on what it has. Because training uses complete pairs only, a case
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arriving with a single modality falls outside the training distribution. Bringing such inputs
into scope, for example through modality dropout during training, is the natural extension.

For the visual explanation we deliberately avoid a class-activation heatmap. Post hoc
saliency is not inherently faithful. A plausible-looking map can be produced even for a
randomised model [42,43], and the ultrasound encoder’s single-token pooling makes such
a map degenerate in any case. A faithful spatial attribution would need a different pooling
design or a localisation-oriented backbone, which we leave to future work. We therefore
report Integrated Gradients as a diffuse secondary signal and rely on case-based retrieval,
an embedding-neighbour explanation, as the primary one. This is why we treat retrieval as
supporting evidence rather than as proof of lesion-localised reasoning.

Taken together, the result is a full operating profile for a paired mammography and
ultrasound management model: calibrated probabilities, empirically covered prediction
sets, and selective deferral that returns the least certain cases to the radiologist. Two specific
risks are addressed: the report, excluded to prevent label leakage, and the ultrasound-
annotation shortcut, probed by a pilot occlusion audit. The mask-aware architecture accepts
a single-modality input; behaviour on such inputs is a question for a cohort that contains
them. The precision of the reported discrimination is bounded by the cohort size and
by a reference derived from one reader’s assessment; the operating profile is what the
design contributes beside it. For every case, the system states how far its recommendation
separates the three actions, and whether it should be deferred rather than acted on.

We report the split-conformal coverage (0.934 pooled; 0.935 ± 0.050 across the five
folds, mean ± SD) as a within-distribution property [5,6]. Because the inner split is reused
for early stopping and calibration, this coverage is empirical, and it would have to be
established again under the distribution shift a new site brings [18].

4.1. Limitations

The discrimination reported here reflects a small single-centre cohort read against
one radiologist’s assessment rather than a ceiling on the task. It positions the system as a
triage aid and second reader rather than a replacement for the first, and it is the reason the
paper is built around what the model does when it is uncertain rather than around how
often it is right.

Which of the two models to report is a judgement, not a measurement. The frozen
configuration is the more accurate; we report the adapted one because it under-triages far
less often, two cases against twelve. Both are given at the same operating point (Figure 6),
so a reader whose costs differ can weigh them differently.

The cohort is the binding constraint. It comes from one Egyptian centre with a single
dominant acquisition convention, so the behaviour reported here is characterised for that
setting. Extending it across scanners, polarity conventions and readers calls for an indepen-
dent same-subject paired cohort. Such data are scarce: to our knowledge, no other public
collection pairs both modalities under a management label, and the private paired cohorts
are labelled for binary malignancy rather than for a management class [32,33]. Assembling
one is the step we regard as most valuable, and it is a question of data access rather than of
method. The trustworthiness layer is fitted from a trained model’s outputs, so carrying it
to a new cohort means local validation and refitting of the calibrator and the conformal
quantile, as well as adapting the encoders if the imaging distribution differs materially. The
reference is an author-derived management class mapped from the reporting radiologist’s
BI-RADS assessment rather than a second reader or a pathology endpoint, so the task is con-
cordance rather than diagnosis. No pathology result and no longitudinal clinical outcome
enter the label at any point, so a case in which the underlying BI-RADS assessment was
mistaken is scored as correct whenever the model reproduces that mistake. Establishing
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whether the assessment itself was correct needs a cohort carrying pathology or follow-up.
That is the natural companion to an external validation rather than a substitute for one.
The archive carries no per-case age, density or ethnicity annotation, so performance across
demographic groups is untested. The descriptive subgroup analyses we can run are limited
to era, laterality and treatment status. Per-fold estimates move with a handful of events,
which is why we report their spread rather than averaging it away.

Interpretability is the component with the most room to develop, and part of the
reason is architectural. The ultrasound encoder returns token embeddings rather than a
pooled spatial feature map, and its tower is reduced to a single token before fusion, so
a class-activation map on top of it would reflect that pooling as much as the model. We
therefore use Integrated Gradients on the input, and its attributions are diffuse; the model
also responds to occlusion anywhere in the image rather than to the lesion alone. We
therefore rely on case-based retrieval as the primary explanation, and treat the occlusion
audit as a pilot. A localisation-oriented backbone and a purpose-designed shortcut audit
would bring this component to the footing of the rest.

Three steps follow naturally from this work. A second centre with paired imaging
and management labels would extend the calibration and coverage results across scanners
and readers. A label carrying pathology or follow-up would let the safety-critical error be
counted against outcome as well as against a recommendation. And a prospective reading
study would show how a radiologist uses a deferral signal at the point of care. The first
two are questions of data access; the third is the one that would establish clinical value.

4.2. Reporting and Trustworthiness Compliance

The study is reported following the CLAIM [66] and TRIPOD+AI [45] statements as a
development and internal validation study, with its design guided by the PROBAST+AI
risk-of-bias domains [67]. Because we make no early deployment claim, we treat DECIDE-
AI [68] only as a forward-looking target. A study-level mapping to the six FUTURE-AI
principles [4], with the CLAIM and TRIPOD+AI reporting summaries, is provided in
the Supplementary Materials.

5. Conclusions
We built a trust-aware system for the BI-RADS management decision on paired mam-

mography and ultrasound. The target throughout is a three-class grouping derived from
the reporting radiologist’s BI-RADS assessment, so what the system is measured against is
in concordance with that derived label rather than diagnostic accuracy against pathology,
observed patient management or clinical outcome. For every case, it reports a calibrated
probability and an empirically covered prediction set, and returns to the radiologist the
cases it cannot call. Adapting the encoders end-to-end leaves discrimination close to where
the frozen encoders left it while changing both the number and the direction of the thresh-
olded errors: the under-triage count falls from 12 to 2, at the escalation cost reported in
Section 3.6. That gap is the point of the paper: the two properties come apart, and discrimi-
nation metrics register only one of them. It defers its least-confident cases and carries an
atypicality flag for inputs far from the training distribution. Statistical performance alone
does not establish clinical value; a claim made for a medical AI system has to be matched to
the kind of evidence behind it. What this study contributes is the analytic end of that range:
an operating profile in which calibration, coverage, deferral and the direction of the errors
are measured together at one point so that the error against that reference is visible rather
than averaged away. Claims of workflow benefit or improved outcomes call for evidence
of a different kind, and external validation on an independent paired cohort is the step
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towards it. The trustworthiness layer is built for that step since it is fitted from the outputs
of an already trained model rather than forming part of the training itself.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/biomedinformatics6050074/s1. Table S1: Per-fold and per-
initialisation macro AUROC and balanced accuracy. Mean averages the five folds; Pooled scores
each initialisation once over the cohort, which is the quantity the ensemble is compared against.
The Mean column averages the three initialisations; Table S2: An uncalibrated baseline and three
calibration strategies, the latter each fitted per fold on the inner-validation split; the layer uses
isotonic regression. Each row is scored on the probabilities that strategy produces, so the AUROC
column describes the transformed scores; Table S3: Subgroup coverage of the marginal conformal set
(target 0.90). Treatment rows exclude the 12 cases without recoverable status—eleven of them with
positive-management—and are descriptive; Table S4: Concordance between the model recommenda-
tion and the BI-RADS-derived reference class, as a linearly weighted Cohen’s kappa (95% CI from
ten thousand patient-level cluster-bootstrap resamples). The primary row is the ensemble-argmax
rule; the rest give agreement under alternative calibrations; Table S5: Conformal prediction sets at
a target marginal error of 0.10, computed on the raw scores. The Mondrian variant is a per-class
coverage audit; Table S6: Under-triage profile restricted to genuine new-biopsy decisions (BI-RADS 4
and 5), excluding the 24 already-diagnosed BI-RADS 6 cases. AUROC and AP are positive-versus-
rest; Sens@90/95 is sensitivity at 90% and 95% specificity; Table S7: Boundary sensitivity to the
negative/indeterminate cut, re-binning BI-RADS 3 into the negative class. The positive-management
decision and the under-triage count are invariant to the choice; Table S8: Per-class one-versus-rest
metrics on the out-of-fold predictions. AP is average precision, and PPV and NPV are the positive
and negative predictive values; Table S9: Performance across the treatment spectrum, with status
recovered from the report. The twelve cases without recoverable status are omitted, and eleven of
them are positive-management, so the strata hold 52 of the 63 positives. Deferral rates are those of
the pooled 30% rule; Table S10: Management routing by original BI-RADS category. The two cases in
the BI-RADS 4 and 5 rows are the under-triage cases audited in Figure 9; Table S11: Breast imaging
dataset landscape for paired multimodal BI-RADS assessment. Sizes are as reported by each source;
units differ by dataset; Table S12: CLAIM 2024 compliance summary. Addressed items point to the
relevant section; not applicable items give the reason; Table S13: TRIPOD+AI compliance summary;
Table S14: Mapping to the six FUTURE-AI principles for trustworthy and deployable clinical artificial
intelligence [12]; Figure S1: Controlled occlusion audit for sonographer annotation shortcuts. (a) A
representative frame with callipers on the lesion. (b) Mean change in positive-management prob-
ability when the annotation, or a matched random region of equal area, is occluded (error bars ±1
standard error, n = 9).
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