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You Don’t Need the Black Box: Named ECG
Features Rival Foundation Models for Mortality

Prediction
Axel Faes

Abstract—Foundation models (FMs) for the 12-lead electro-
cardiogram (ECG) are reported to extract prognostic signal
that named measurements cannot. Under matched modeling,
we test whether any real ECG-FM beats a strong, transparent
gradient-boosted model over named, clinically grounded features
for one-year all-cause mortality from a single ECG on external
(CODE-15) and internal (MIMIC-IV-ECG) cohorts, tagging each
comparison for pretraining-data overlap. The named model
reached an area under the receiver operating characteristic curve
(AUROC) of 0.811 externally and 0.773 internally over 231 and
235 named features, with near-ideal calibration (slope 1.02 and
1.01) and precision roughly 2.5 to 3 times prevalence. Against the
best frozen-embedding probe of six published ECG-FMs, none
out-discriminated the named model: it won 7 of 12 comparisons
and tied 5: ECG-JEPA and ST-MEM on both cohorts, including
one they never saw, and ECGFounder internally. The pattern
tracks encoder strength rather than pretraining overlap. The
most transferable result is cross-cohort: trained on one cohort
and tested on the other, the named model beats a leakage-
clean ECGFounder in both directions, and ECG-JEPA and ST-
MEM edge it in one direction but it beats them in the other,
so no FM beats it in both; ECG-FM, competitive within a
cohort, collapses under transfer. A leakage-clean FM adds a
small complementary increment externally (up to about 0.02
AUROC) and near zero internally, though the stronger encoders
carry some. Each named prediction carries a per-patient provable
sufficient-reason certificate of median length one feature. A single
command reproduces every reported number from raw data.

Index Terms—Data leakage, electrocardiography, formal ex-
planations, foundation models, gradient boosting, interpretable
machine learning, mortality prediction.

I. INTRODUCTION

DEEP neural networks read prognostic information from
the 12-lead ECG that trained cardiologists do not an-

notate. Networks trained end to end match specialist perfor-
mance on rhythm classification [16], detect atrial fibrillation
from a sinus-rhythm tracing [17], flag contractile dysfunction
from a surface recording [18], and forecast new-onset atrial
fibrillation before it appears [21]. The most direct statement
of the premise this study re-examines is the prediction of
one-year all-cause mortality from raw voltage. Raghunath et
al. [20] reported strong discrimination even on ECGs that
clinicians read as normal, attributing the signal to features not
apparent on visual inspection. That result, together with the
broader claim that the ECG encodes sub-visual physiology
[15], [17], framed a decade of work around signal a human
cannot name. The arrival of ECG foundation models [1], [14]
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extended the premise. Large self-supervised encoders promise
to capture this hidden structure once and transfer it to many
downstream tasks, and the transfer story has made frozen-
embedding probing the default way to report an ECG-FM’s
value.

The premise has visible cracks that motivate a direct test.
Compact, task-specific models rival foundation models across
most clinical ECG tasks in recent benchmarks [8], and holistic
evaluations that look past the headline metric find the reported
gains fragile [9]. Part of the apparent black-box advantage
is nameable. Deep networks estimate chronological age from
the ECG with high accuracy [19], and a network-estimated
ECG age is itself a mortality predictor [22], which places
a well-understood covariate, age, inside the “hidden” signal.
Interpretable models can match black boxes on high-stakes
tasks when the features are chosen well [39], which reframes
the choice as an empirical question rather than an accuracy-
transparency trade-off. That trade-off has nonetheless been
asserted: the claim that explainability necessarily costs ac-
curacy [43] has not been tested against a nonlinear named
model competing with real ECG-FMs. A separate and under-
examined confound is leakage. When an evaluation cohort
overlaps a model’s pretraining data, benchmark performance
inflates in ways that do not transfer [53]. For ECG-FMs
the risk is concrete, because some published encoders were
pretrained on cohorts that are also standard evaluation sets,
yet a controlled leaked-versus-clean comparison across real
encoders has not been reported.

The question matters for deployment, not only for bench-
marking. One-year mortality from a single ECG is a screening-
grade signal that could route follow-up, and a model that
a clinician must act on should be one whose reasons can
be examined and, ideally, proven sufficient for the case at
hand. If a named model of trusted measurements matches an
opaque encoder, the interpretable model is the safer default
under distribution shift and the auditable one at the bedside.
If instead an encoder carries genuine signal beyond named
features, that is worth knowing precisely, so the field can
invest in the encoders that add value rather than the ones that
inflate on a familiar cohort. Either answer is useful, which is
why the comparison deserves the controls that make its result
trustworthy.

This study asks one controlled question and answers it with
a positive result. For one-year all-cause mortality from a single
12-lead ECG, we compare a transparent gradient-boosted
model over named, clinically grounded features against the
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best frozen-embedding probe of six real ECG-FMs, on an
external and an internal cohort, under matched modeling
and with a pretraining-overlap tag on every comparison. The
contribution is the conjunction of a strong named baseline
that FM benchmarks omit [8], a head-to-head comparison
across six real encoders with pretraining overlap tagged as a
fairness control [7], [53], a cross-cohort transfer arm in which
each model is trained on one cohort and tested on the other,
and a per-patient provable sufficient-reason certificate over the
named features. The closest neighbor, Lukyanenko et al. [24],
evaluated gradient-boosted and demographic baselines on the
same two cohorts, but ran no FM comparison, no leakage
tagging, no transfer arm, and no per-patient certificate. Those
are precisely our delta, and joining them into one study turns
a familiar “simple baseline is competitive” observation into a
controlled account of how a named model stands against real
encoders.

The scope of the claim is bounded and stated once here.
This is a positive competitiveness study under equal modeling.
Equal AUROC is not equal information, so the correct claim is
that no FM out-discriminates the named model head-to-head,
while a leakage-clean FM contributes a small, disclosed com-
plementary increment of about 0.01 to 0.02 AUROC. Age is
the single strongest individual feature, but the ECG waveform
features collectively exceed age alone, and the ECG-specific
component beyond age is substantial rather than marginal.
Within those bounds the finding stands, and it strengthens un-
der transfer: trained on one cohort and tested on the other, the
named model beats a leakage-clean encoder in both directions.
Section II reviews FM benchmarks, interpretable neighbors,
formal certificates, and the leakage literature. Section III
describes the cohorts, the six encoders and their probes, the
named feature bank, the transparent model, the certificate, and
the statistics. Section IV reports the main comparison, the
cross-cohort transfer arm, calibration, three scoping contrasts,
and the complementarity analysis. Section V discusses the
result and states its limitations. Section VI concludes.

II. RELATED WORK

A. ECG foundation models and their benchmarks
Self-supervised ECG encoders now span several pretraining

paradigms and are the object of study here. ECGFounder was
trained on over ten million recordings with external multi-
domain evaluation [1]. ECG-FM is an open encoder in the
wav2vec family [2], [10]. HuBERT-ECG adapts masked-unit
prediction from speech [3], [11]. ECG-JEPA applies a joint-
embedding predictive architecture [4], [12]. A multimodal
variant, MERL [6], and further masked-autoencoder encoders
complete the design space; the masked-autoencoder ST-MEM
[5], [13] is included in our evaluated roster below, whereas
MERL is multimodal and requires paired ECG-text report in-
puts, so it is out of scope for this signal-only frozen-embedding
comparison. Evaluation of these encoders has converged on
linear or shallow probing of frozen embeddings, a protocol
formalized by benchmark suites such as BenchECG and its
xECG baseline [7]. The convention isolates representation
quality from a fine-tuning budget, which makes it a fair way
to compare encoders against each other.

The critical gap is comparative rather than architectural.
These benchmarks pit encoders against other encoders and
against linear probes, but not against a strong named-feature
model built from measurements a clinician already trusts. Al-
Masud et al. [8] found that compact models beat FMs on
most clinical tasks and named the absence of a fair simple
baseline as an open problem. Filice et al. [9] reached a similar
conclusion by looking beyond accuracy to calibration and
robustness, where the FM advantage narrows further. Neither
benchmark includes a named-feature reference on a mortality
endpoint, so the question of whether an FM adds value over
named measurements has been left open by exactly the studies
best placed to answer it. Our design closes that gap by making
a fully named, boosted model the reference point against which
every encoder is measured.

B. Interpretable and named-feature neighbors

A parallel line predicts ECG outcomes from named mea-
surements or from a small set of interpretable factors. Van
de Leur et al. [23] compressed the ECG into 21 interpretable
factors via a variational autoencoder and predicted one-year
mortality from them, showing that a low-dimensional, in-
spectable representation retains prognostic value. Kim et al.
[25] combined named features with demographics for car-
diovascular mortality, and a systematic review of externally
validated one-to-three-year mortality models found that age
and demographics dominate and that simple models rival
complex ones [26]. These studies establish that named inputs
are competitive, but none compares against a foundation model
or certifies its predictions.

The closest neighbor is Lukyanenko et al. [24], who
benchmarked deep survival models against gradient-boosted
and demographic baselines on the same MIMIC and CODE-
15 cohorts we use. That work established that a boosted
baseline is competitive with deep survival networks, which
is the starting point rather than the endpoint of the present
study. It did not compare against foundation models, did
not control for pretraining leakage, and issued no per-patient
certificate. We therefore build an independent named pipeline,
from delineation through feature computation to the boosted
model, and add exactly those three controls. The comparison is
the contribution, and the independence of the pipeline matters
because it lets us claim the result without generalizing anyone
else’s specific design.

C. Post-hoc explanation and formal certificates

Interpretability for clinical models divides into post-hoc
attribution and formal guarantees. Post-hoc methods such as
SHAP [44] and LIME [45] assign importance to features, but
their reliability is contested. Saliency maps can fail basic sanity
checks [47], and post-hoc explanations in health care have
been criticized as a false hope because they do not certify
what the model actually used [40]. These methods estimate
importance; they do not prove sufficiency, which is a poor fit
for a decision that a clinician must be able to defend patient
by patient.
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A sharper object is a sufficient reason, a subset of feature
values that provably fixes the model’s decision regardless of
the others [51], [52]. Abduction-based explanation frameworks
compute such reasons for machine-learning models [48], and a
probabilistic, delta-sufficient variant relaxes the guarantee to a
stated coverage level [49], which is the form we adopt. Formal
XAI argues that this kind of guarantee, rather than a heuristic
attribution, is what trustworthy clinical deployment requires
[41], [42], [50]. These methods are established, and our use of
them is an application to a clinical mortality model. We credit
the informal precursor of rule-based sufficient conditions,
Anchors [46], as the heuristic version of the guarantee we
compute exactly, so the novelty we claim is the deployment
context.

D. Leakage, contamination, and shortcut learning

Leakage inflates machine-learning benchmarks across fields,
and training on data that overlaps the evaluation cohort is one
of its most common forms [53]. The problem is quantified in
medical machine learning. Connectome-based models inflate
when subjects leak across the split [56], and leaked studies bias
pooled meta-analytic estimates upward [57]. The membership-
inference literature developed to detect evaluation data inside a
model’s pretraining corpus [54], [55] is the direct analog of the
concern for ECG-FMs, whose pretraining cohorts sometimes
coincide with standard evaluation sets. These tools establish
both the mechanism and its magnitude, which is why we treat
leakage as a first-class variable rather than a footnote.

A related failure is shortcut learning, where models exploit
spurious correlates that ace a benchmark but fail to transfer
[58]. The pattern recurs in clinical imaging [59], [60] and
across thirteen datasets that include ECG, where shortcut
exploitation inflated performance by roughly twenty percent
[61]. Benchmark protocols acknowledge the risk, for instance
by excluding certain cohorts to preserve fairness [7], but the
leaked-versus-clean effect has not been operationalized as a
controlled dissociation across real ECG-FMs on a clinical
outcome. We tag every comparison for pretraining overlap
and treat leakage as a fairness control rather than a claimed
mechanism, so that even an encoder evaluated on its own
pretraining cohort is given that benefit and still measured
against the named model. Crediting this literature is deliberate:
we do not claim to discover leakage, only to hold it to account
in an ECG-FM mortality comparison that the field has not run.

III. METHODS

A. Cohorts and outcome

We used two independent cohorts, each contributing one 12-
lead ECG per patient. The internal cohort is MIMIC-IV-ECG
[68], from which we drew N=14,000 recordings with a one-
year all-cause mortality prevalence of 0.129 (approximately
1,806 deaths). The external cohort is CODE-15 [69], the
public 15 percent release of the CODE study [15], from which
we drew N=20,000 recordings with a prevalence of 0.141
(approximately 2,820 deaths). The outcome is death from any
cause within one year of the ECG, matching the endpoint of
the landmark deep-learning claim we re-examine [20]. For

CODE-15, patients who died within one year were labeled
events, those known alive beyond one year were non-events,
and patients censored before one year without a recorded
death were excluded; for MIMIC-IV, mortality was defined
as a linked date of death within 365 days of the ECG, and
patients without a recorded death in that window were treated
as survivors. Using two cohorts from different health systems
lets us report an internal and an external number for every
model and lets distribution shift, rather than a single site’s
idiosyncrasies, be part of the comparison.

Within each cohort we drew a single ECG per patient to
remove within-patient correlation, split patients into disjoint
training, validation, and held-out sets so that no patient ap-
peared in more than one split, and fit every model on the
training patients with hyperparameters selected on the valida-
tion patients. All reported AUROC values and all certificate
statistics are computed on the held-out patients. The same split
protocol was applied to the named model and to every FM
probe, so that a reported difference reflects the model and not
an accident of which patients landed in which fold. Prevalence
was left at its natural cohort value rather than rebalanced,
because the endpoint is a screening-grade risk and calibration
to the true base rate is part of what a deployed model must
get right.

CODE-15 has a second role in this study beyond serving as
the external cohort: it is the site of most pretraining overlap.
CODE-15 is a publicly released ECG corpus that appears in
the pretraining data of four of the six encoders we evaluate
(HuBERT-ECG, xECG, ECG-JEPA, and ST-MEM), which
makes it where a clean-versus-leaked contrast can be drawn.
We label every encoder, per cohort, according to whether that
cohort overlapped its pretraining corpus, so that each head-
to-head number can be read alongside its overlap status. This
tag is a fairness control: it gives an overlapping encoder the
benefit of its own pretraining cohort and asks whether the
named model still matches or beats it, rather than asserting
that overlap explains any FM result.

B. Foundation-model encoders and probes

We evaluated six published ECG-FMs as frozen feature
extractors: ECGFounder [1], ECG-FM [2], HuBERT-ECG [3],
ECG-JEPA [4], xECG [7], and ST-MEM [5]. The roster
spans the wav2vec, masked-unit, joint-embedding, masked-
autoencoder, and benchmark-baseline paradigms and their self-
supervised origins in speech and vision [10]–[13], so the
comparison is not tied to one pretraining recipe. For each
encoder we extracted the frozen embedding of every ECG
in each cohort using the published weights and the authors’
preprocessing, and we did not fine-tune any encoder.

The pretraining-overlap tag on each encoder is taken from
its published pretraining description. ECGFounder was pre-
trained on the Harvard-Emory ECG database and is clean on
both cohorts [1]. ECG-FM was pretrained on MIMIC-IV-ECG
and PhysioNet-2021, so it is leaked on MIMIC and clean on
CODE-15 [2]. HuBERT-ECG was pretrained on a multi-corpus
set that includes MIMIC-IV-ECG and CODE/TNMG, so it
is leaked on both cohorts [3]. ECG-JEPA was pretrained on
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Shaoxing and CODE-15, so it is leaked on CODE-15 and
clean on MIMIC [4]. ST-MEM was pretrained on Chapman,
Ningbo, and CODE-15, so it is leaked on CODE-15 and clean
on MIMIC [5]. xECG is the BenchECG baseline encoder
rather than a large foundation model, and with CODE-15 in
its pretraining it is leaked on CODE-15 and clean on MIMIC
[7].

On top of each frozen embedding we trained two probes
for the mortality label: a linear probe and a gradient-boosted
probe. Reporting only a linear probe would understate an
encoder whose useful structure is nonlinear, and reporting only
a boosted probe would understate one whose embedding is
already linearly separable, so we report each FM’s best probe,
the higher-scoring of the two on held-out data. This best-probe
rule follows established probing practice for ECG-FMs [7]
and ensures that every encoder is represented by its strongest
frozen-embedding result. It also removes an obvious objection
in advance: if the named model wins, it does not win because
the FM was handicapped by a poor probe choice, because the
FM was given its best of two heads.

Both probe families used the same training and selection
discipline as the named model. The gradient-boosted probe on
an FM embedding was configured to match the head applied
to the named features, so that the equal-modeling comparison
in Section IV-D varies only the input representation. Probe
hyperparameters were selected on the validation split by the
same search for the FM embeddings and the named features,
and neither the encoder weights nor the named-feature defi-
nitions were tuned to the mortality label, since the encoders
were frozen and the feature bank was fixed in advance from the
prognostic literature. The comparison is therefore symmetric:
the FM cannot benefit from label-driven representation tuning
that the named model is denied, and the named model cannot
benefit from a probe search the FM is denied.

C. Named feature bank

The named model draws on a superset of 891 named,
clinically interpretable features computed from a standard
delineation of each ECG. We used NeuroKit to detect fiducial
points and derive intervals, amplitudes, and rhythm statistics,
then selected a compact bank of 231 features (235 on the inter-
nal cohort, reflecting cohort-specific availability of a few mea-
surements). The compact bank was fixed before any mortality
fitting by two criteria applied to the 891-feature superset: each
retained feature belongs to a family with an established prog-
nostic literature (the heart-rate-variability, interval, and rate
measures cited below), and the compact-versus-full robustness
check in Section IV-I confirmed that this literature-grounded
subset holds AUROC within 0.006 of the full superset, so
the reduction sacrifices no discrimination. Every feature is a
quantity a clinician can name, and each family is grounded
in prior mortality evidence. Heart-rate-variability indices are
grounded by the Framingham and Zutphen cohorts, which
linked reduced variability to all-cause mortality [27], [28],
and are computed following the measurement standards of the
Task Force of the European Society of Cardiology and the
North American Society of Pacing and Electrophysiology [70].

Because those standards were set on longer recordings and our
ECGs are approximately ten seconds, we restrict the heart-rate-
variability features to time-domain measures defensible at that
length. Resting heart rate and the RR interval are grounded by
a meta-analysis in which a 10-bpm increase carried a relative
risk of 1.09 [29]. The QT interval [30], QRS duration [31],
and PR interval [32] each carry an independent prognostic
literature, and patient age [19] is included as the named form
of the covariate that age-estimation networks recover from the
waveform.

Both the full 891-feature superset and the compact 231-
feature bank were carried through the entire pipeline, so that
compactness could be measured against the superset rather
than assumed. Keeping the compact bank small is deliberate. A
model a clinician can enumerate in full is a precondition for the
per-patient certificate to be meaningful, because a certificate
that names one feature out of two hundred is auditable in a
way that a certificate naming one component out of a learned
embedding is not.

D. Transparent model and a deliberately weaker linear con-
trol

The named model of record is a gradient-boosted tree en-
semble [33]–[35] trained on the named features with standard
scikit-learn tooling [36]. Gradient boosting is the appropriate
transparent model here for a specific reason: tree ensembles
remain the strongest general learners on tabular data [37], [38],
so a boosted head gives the named features their best honest
chance and matches the nonlinear probes applied to the FM
embeddings. Choosing a weaker linear model of record would
have stacked the comparison in the FMs’ favor and would have
confounded model class with feature set.

To separate the effect of model class from the effect of
features, we also trained a deliberately linear named-plus-age
model as a labelled control alongside the boosted model of
record. The linear control has one job: to reveal where an
FM’s apparent edge comes from. If a clean FM beats the linear
named model but loses to the boosted named model, the edge
is attributable to probe nonlinearity rather than to un-nameable
physiology. The linear model is labelled and reported as a
control; the strong boosted named model is the reference in
the primary table.

E. Per-patient sufficient-reason certificate

For each named prediction we computed a per-patient
sufficient-reason certificate, applying the framework of
abduction-based and probabilistic explanations [48], [49], [51],
[52]. A certificate is a minimal subset of the patient’s named
feature values that fixes the model’s above-threshold decision
at a stated coverage level. We used a delta-sufficient relaxation
with delta = 0.9, so the guarantee holds for at least 90 percent
of completions of the unfixed features [49], which trades an
exact but often large certificate for a short one that still carries
a quantified guarantee. The output is a provable statement
of the form “these named values are enough to explain this
prediction.”
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Concretely, for a given patient the procedure searches for a
small set of that patient’s named values whose fixing keeps the
model above threshold across a sampled set of completions of
the remaining features, and returns a minimal such set at the
target coverage. Completions are drawn from the empirical
joint distribution by row-bootstrapping the training set, not
from independent per-feature marginals, so the sufficiency
guarantee holds against clinically plausible patients rather than
physiologically impossible feature combinations. We report
the length of that set, its coverage measured empirically
on held-out completions, and which features appear in it,
aggregated across the held-out cohort. Because the search
operates on the compact named model directly, the certificate
refers to quantities a clinician already reads, and its length is
a direct measure of how concentrated the model’s reasoning
is for that case.

This is stronger than a post-hoc importance score [44],
[46] because it certifies sufficiency rather than estimating
attribution, and it is computed on the same compact model that
produced the prediction, so there is no surrogate to mistrust.
The certificate machinery is established in prior work on
formal explanations, and our contribution is its application to a
clinical mortality model at the exact point of FM comparison.
We apply the framework of [48], [49], [51], [52], and do not
propose a new certificate method.

F. Statistical comparison

All head-to-head comparisons used a paired patient-level
bootstrap with 95 percent confidence intervals on the AUROC
difference. The pairing matters because the named model and
each FM probe are evaluated on the same patients, and a paired
resample removes the between-patient variance that would
otherwise widen the interval. We chose a bootstrap on the
difference, rather than a comparison of two marginal intervals,
because the AUROC itself is unstable across populations [62]
and the quantity of interest is the within-cohort difference. A
positive delta favors the named model.

Two rules kept the comparison fair. Every FM comparison
carries its per-cohort clean or leaked tag [53], so the clean-
versus-leaked contrast is legible in the primary table rather
than argued only in prose. The equal-modeling rule is applied
throughout: when we compare model classes, the FM embed-
ding receives the same boosted head as the named features, so
a reported win reflects the features and not an asymmetry in the
probe. Together these rules make each cell of the results table
interpretable on its own, without a reader having to reconstruct
which model class or which cohort exposure produced it.

Two further pre-specified rules govern inference across the
family of comparisons. We declared a two-sided equivalence
margin of M = 0.01 AUROC and tested equivalence by
two one-sided tests (TOST) using the 90 percent confidence
interval on the difference. Because the head-to-head family
contains K = 12 comparisons, we applied a Bonferroni cor-
rection to a per-test alpha of 0.0042 and report which wins
survive family-wise correction. Sub-0.02 AUROC differences
are statistical rather than clinical effects, a distinction we keep
explicit throughout [71].

0.02 0.00 0.02 0.04 0.06 0.08 0.10
AUROC (named model  FM best probe)

ECGFounder
ECG-FM

HuBERT-ECG
xECG

ECG-JEPA
ST-MEM

ECGFounder
ECG-FM

HuBERT-ECG
xECG

ECG-JEPA
ST-MEM

External cohort (CODE-15)

Internal cohort (MIMIC)

leakage-free (clean)
FM pretrained on cohort (leaked)

Fig. 1. Head-to-head AUROC deltas between the transparent gradient-
boosted named-feature model and each foundation model’s best probe, by
cohort. Positive ∆AUROC favors the named model; markers show the point
estimate and horizontal bars the 95% confidence interval. Filled markers
denote leakage-free (clean) comparisons; open markers denote comparisons in
which the foundation model was pretrained on the evaluation cohort (leaked).
The twelve points cover six encoders on two cohorts; the named model wins
7, ties 5 (ECG-JEPA and ST-MEM in both cohorts, ECGFounder on MIMIC),
and loses none.

G. Reproducibility

A single command, run all.sh, rebuilds every number, table,
and figure in this paper from the raw ECG archives in depen-
dency order. The pipeline regenerates the cohorts and splits,
the delineated feature caches, the frozen FM embeddings, the
trained probes, the certificate tables, and the final figures, with
no step assuming a pre-existing intermediate. All paths resolve
from the repository root and environment variables, with no
hardcoded user or machine paths, so another user on another
account obtains identical behavior.

The external prerequisites that cannot be redistributed are
checked explicitly at the top of the run. The credentialed
cohorts [68], [69] and the published encoder weights must
be obtained by the user, and the script fails loudly with the
exact acquisition command if any is absent, rather than failing
midway with a missing-cache error. Obtaining those inputs
is the only manual step, and the reproduction otherwise runs
unattended from raw data to reported artifact.

IV. RESULTS

A. Main comparison: no foundation model out-discriminates
the named model

The headline result is a positive for the named baseline:
no FM out-discriminated the best named model on either
cohort. The transparent gradient-boosted named model reached
AUROC 0.811 on the external CODE-15 cohort (231 features)
and 0.773 on the internal MIMIC cohort (235 features).
Compared against the best linear-or-boosted probe of each of
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Contrast 1

Nonlinearity
Equal modeling capacity

Linear
named model

0.789 / 0.753

Nonlinear
named model

beats ECG-FM
+0.025 / +0.050
External / internal cohort

Contrast 2

Age
Does age dominate the ECG signal?

Waveform-only
named features

0.781

+ age

0.809
Waveform alone exceeds age (0.749)

Contrast 3

Overlap
Does overlap explain parity?

Strong encoder,
leaked cohort
ties named

Strong encoder,
clean cohort

ties named too
Tracks encoder strength, not overlap

Fig. 2. Three controlled contrasts that scope the apparent foundation-model edge. Nonlinearity: under matched (nonlinear) modeling capacity, the named
model exceeds ECG-FM by +0.025 (external) and +0.050 (internal), whereas a linear named model scores 0.789/0.753. Age: the ECG waveform features
alone score 0.781 externally, above age alone at 0.749, and adding age raises this to 0.809; age is itself a nameable feature. Overlap: the strong encoders
reach parity on both their own pretraining cohort and a cohort they never saw (ECG-JEPA and ST-MEM tie on clean MIMIC as well as on leaked CODE-15),
so pretraining overlap does not explain the parity and the pattern tracks encoder strength. The three factors are shown as independent contrasts and are not
claimed to sum to a single gap.

the six encoders, the named model won 7 of the 12 head-
to-head comparisons and tied 5, with zero losses (Table I);
a forest plot of the twelve deltas with 95% CIs is shown
in Fig. 1, and the three scoping contrasts are summarized in
Fig. 2. The five ties were against ECG-JEPA and ST-MEM,
the two strongest encoders in the roster, on both cohorts, and
ECGFounder on the internal cohort, and every other FM lost
by a margin whose 95 percent confidence interval excluded
zero. All seven wins survive Bonferroni family-wise correction
across the twelve comparisons. The two CODE-15 ties are
formally equivalent within the pre-specified M = 0.01 margin
by TOST (ECG-JEPA and ST-MEM), and the three MIMIC
ties are TOST-inconclusive.

The head-to-head pattern tracks encoder strength rather than
pretraining overlap. On the external cohort the named model
led ECGFounder by +0.031, ECG-FM by +0.019, HuBERT-
ECG by +0.077, and xECG by +0.077, and tied ECG-JEPA
at +0.002 and ST-MEM at −0.001. On the internal cohort
it led ECG-FM by +0.033, HuBERT-ECG by +0.049, and
xECG by +0.043, and tied ECGFounder at +0.007, ECG-
JEPA at −0.003, and ST-MEM at +0.002. The two encoders
that reach the named model, ECG-JEPA and ST-MEM, do so
on both a cohort they were pretrained on (CODE-15, leaked)
and a cohort they never saw (MIMIC, clean), so overlap does
not manufacture the parity. The weaker overlapping encoders,
HuBERT-ECG and xECG, lose by 0.04 to 0.08 on the very
cohort they were pretrained on. The clean-cohort tie is the
load-bearing observation: it shows that the encoders reaching
the named model are genuinely strong rather than memorizing
an evaluation set. The pretraining-overlap tag therefore func-
tions as a fairness control, giving a leaked encoder the benefit
of its own cohort, and the named model still matches or beats
it.

B. Cross-cohort transportability

The strongest test of a prognostic model is whether it trans-
fers to a cohort it was not trained on. We trained each model on
one cohort and tested it on the other, using a common name-
aligned schema of 227 features (age, sex, rich-waveform,
and morphology descriptors; intervals were excluded because
they are not comparable across cohorts). The transparent
named model is gradient-boosted, and each FM was given
its best transfer probe. This arm is the constructive core of
the study: the transparent named model beats a leakage-clean
ECGFounder in both transfer directions, the positive-transfer
condition, and no FM beats the named model in both directions
(Table II).

Transferring from MIMIC to CODE-15, the named model
reached AUROC 0.762, and every FM scored below it, from
ECGFounder at 0.714 (−0.048 [−0.058, −0.039], clean)
down to xECG at 0.610 (−0.152 [−0.163, −0.142], leaked);
the named model also beat age-only (0.743) and age+sex
(0.748). Transferring from CODE-15 to MIMIC, the named
model reached 0.738 and again beat age-only (0.672). The
named model beats a leakage-clean ECGFounder in both
directions, and both confidence intervals exclude zero (−0.048
[−0.058, −0.039] and −0.013 [−0.025, −0.002]), so this is
a significant transfer win rather than a point estimate alone.
Two strong encoders edge the named model in the CODE-15
to MIMIC direction: ECG-JEPA by +0.013 [+0.002, +0.025],
whose interval excludes zero and is therefore a significant one-
directional edge, and ST-MEM by +0.010 [−0.001, +0.021],
whose interval includes zero and is not significant; the named
model beats both in the other direction. ECG-FM, competitive
within a cohort, is the encoder that collapses under transfer,
to 0.685 and 0.615, losing to the named model by 0.077 and
0.123. The defensible claim is therefore symmetric: no FM
beats the named model in both directions, while the two strong
encoders, ECG-JEPA and ST-MEM, transport comparably to
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TABLE I
TRANSPARENT GRADIENT-BOOSTED NAMED MODEL VERSUS EACH FOUNDATION MODEL’S BEST FROZEN-EMBEDDING PROBE (BEST OF A LINEAR AND A

BOOSTED PROBE). PAIRED PATIENT-LEVEL BOOTSTRAP, 95% CI; POSITIVE DELTA FAVORS THE NAMED MODEL. CLEAN = THE FM WAS NOT
PRETRAINED ON THAT COHORT, LEAKED = IT WAS.

Cohort Named AUROC Foundation model Overlap Best-probe AUROC ∆ (95% CI) Outcome

CODE-15 (external) 0.811 ECGFounder clean 0.781 +0.031 [+0.023, +0.038] named wins
CODE-15 (external) 0.811 ECG-FM clean 0.792 +0.019 [+0.011, +0.027] named wins
CODE-15 (external) 0.811 HuBERT-ECG leaked 0.734 +0.077 [+0.068, +0.086] named wins
CODE-15 (external) 0.811 xECG leaked 0.735 +0.077 [+0.067, +0.086] named wins
CODE-15 (external) 0.811 ECG-JEPA leaked 0.810 +0.002 [−0.005, +0.008] tie
CODE-15 (external) 0.811 ST-MEM leaked 0.812 −0.001 [−0.008, +0.006] tie
MIMIC (internal) 0.773 ECGFounder clean 0.766 +0.007 [−0.003, +0.016] tie
MIMIC (internal) 0.773 ECG-FM leaked 0.740 +0.033 [+0.021, +0.044] named wins
MIMIC (internal) 0.773 HuBERT-ECG leaked 0.725 +0.049 [+0.039, +0.059] named wins
MIMIC (internal) 0.773 xECG clean 0.730 +0.043 [+0.033, +0.054] named wins
MIMIC (internal) 0.773 ECG-JEPA clean 0.776 −0.003 [−0.012, +0.005] tie
MIMIC (internal) 0.773 ST-MEM clean 0.771 +0.002 [−0.007, +0.012] tie

the named model and even edge it in one direction.

C. Calibration and precision

Discrimination is not the only property a screening model
must have, so we report calibration and precision for the
named model on held-out patients [71], [73]. Calibration was
near-ideal on both cohorts: the calibration slope was 1.02
externally and 1.01 internally, with intercepts of +0.09 and
+0.08 and Brier scores of 0.100 and 0.099. Precision stayed
well above the base rate, with an area under the precision-
recall curve of 0.402 on CODE-15 (prevalence 0.141) and
0.330 on MIMIC (prevalence 0.129), roughly 2.5 to 3 times
prevalence. The screening-grade claim therefore rests on cal-
ibrated risk and precision, and a decision-curve net-benefit
analysis [72] is a natural next step that we leave to future
work.

D. Contrast 1: the apparent edge is probe nonlinearity

The first contrast locates an FM’s apparent edge in probe
nonlinearity rather than in un-nameable physiology. The de-
liberately linear named-plus-age model scored 0.789 on the
external cohort and 0.753 on the internal cohort. That linear
control is itself competitive: externally it sits above ECG-
Founder’s best probe at 0.781 though below ECG-FM’s at
0.792, so even a linear named model holds its own against
real encoders. Read against that linear control alone, a clean
FM can still look competitive or better on some comparisons
(ECG-FM externally, several encoders internally), which is
how a benchmark that omits a strong named baseline could
conclude that the FM adds value.

That comparison is misleading because it varies two things
at once, the feature set and the model class. When the
ECG-FM embedding is given the same boosted head as
the named features, matching the model class exactly, the
named model leads by +0.025 (95% CI [+0.017, +0.033])
on the external cohort and by +0.050 (95% CI [+0.038,
+0.061]) on the internal cohort. The apparent FM advantage is
therefore attributable to probe nonlinearity, consistent with the
general finding that tree ensembles outperform deep learning

on tabular inputs [37], [38]. This is a contrast against a labelled
weaker baseline rather than a decomposition of the named
score into a linear term and a nonlinear term.

E. Contrast 2: the named edge over ECG-only features tracks
age

The second contrast weighs age against the rest of the
named signal. Named features computed from the ECG wave-
form alone, with age and intervals withheld, scored 0.781 on
the external cohort and 0.741 on the internal cohort; adding age
raised these to 0.809 and 0.771. Age was the single strongest
predictor by permutation importance and by certificate rank,
followed by the RR interval, the named form of heart rate, yet
the waveform features collectively exceeded age alone (0.749
external, 0.668 internal), so the aggregate signal is genuinely
in the ECG.

Two demographic baselines bound the ECG-specific con-
tribution from the other side. An age-only gradient-boosted
model reached AUROC 0.749 externally and 0.668 internally,
and adding sex changed little (0.755 and 0.666), so sex carries
essentially no independent prognostic weight here. The full
named model added a measured ECG-specific increment over
age alone of +0.062 [+0.056, +0.069] on CODE-15 and
+0.105 [+0.093, +0.117] on MIMIC. The named model thus
adds six to ten AUROC points over age, a substantial and
quantified ECG-specific effect that replaces any vague appeal
to performance above chance. Age remains a strong single
covariate, one that deep networks are known to estimate from
the ECG [19] and that predicts mortality through network-
estimated ECG age [22], consistent with the wider evidence
that age informs short-horizon mortality models [26]. Adding
age to the waveform features nonetheless raised AUROC
only modestly, from 0.781 to 0.809 externally, so age is the
single strongest feature without dominating the aggregate ECG
signal.

The numbers these first two contrasts turn on are separate
controlled contrasts, not sub-rungs of the full 231-feature
gradient-boosted model. The linear named-plus-age model at
0.789 (Section IV-D) restricts the model class to isolate probe
nonlinearity, and the waveform-only subset at 0.781 rising to



8

TABLE II
CROSS-COHORT TRANSFER. EACH MODEL IS TRAINED ON ONE COHORT AND TESTED ON THE OTHER OVER A COMMON 227-FEATURE NAME-ALIGNED
SCHEMA (AGE, SEX, RICH-WAVEFORM, MORPHOLOGY; INTERVALS EXCLUDED). THE TRANSPARENT NAMED MODEL IS GRADIENT-BOOSTED; EACH FM

USES ITS BEST TRANSFER PROBE. ∆ IS AUROC RELATIVE TO THE TRANSPARENT NAMED MODEL ON THE SAME TEST COHORT, WITH THE PAIRED
PATIENT-LEVEL BOOTSTRAP 95% CI; OVERLAP IS TAGGED WITH RESPECT TO THE TEST COHORT.

Train MIMIC, test CODE-15 Train CODE-15, test MIMIC

Model AUROC ∆ (95% CI) Overlap AUROC ∆ (95% CI) Overlap

Transparent named 0.762 — — 0.738 — —
Age only 0.743 −0.020 [−0.027, −0.012] — 0.672 −0.066 [−0.077, −0.056] —
Age + sex 0.748 −0.014 [−0.021, −0.007] — 0.675 −0.063 [−0.074, −0.053] —
ECGFounder 0.714 −0.048 [−0.058, −0.039] clean 0.725 −0.013 [−0.025, −0.002] clean
HuBERT-ECG 0.644 −0.118 [−0.129, −0.108] leaked 0.704 −0.035 [−0.047, −0.021] leaked
ECG-JEPA 0.732 −0.031 [−0.040, −0.021] leaked 0.752 +0.013 [+0.002, +0.025] clean
xECG 0.610 −0.152 [−0.163, −0.142] leaked 0.688 −0.051 [−0.064, −0.038] clean
ECG-FM 0.685 −0.077 [−0.089, −0.066] clean 0.615 −0.123 [−0.139, −0.106] leaked
ST-MEM 0.737 −0.026 [−0.034, −0.017] leaked 0.748 +0.010 [−0.001, +0.021] clean

0.809 with age restricts the feature set to isolate age; each
deliberately weakens one axis to expose one factor. The full
231-feature model at 0.811 restricts neither axis and stays the
reference throughout.

F. Contrast 3: pretraining overlap is a fairness control

The third contrast confirms that pretraining overlap does not
manufacture parity. The two encoders that reach the named
model, ECG-JEPA and ST-MEM, tie it on their leaked pre-
training cohort (CODE-15) and on the clean cohort they never
saw (MIMIC), so the parity survives removing the overlap.
Meanwhile xECG, also pretrained on CODE-15, lost to the
named model by +0.077 on that same cohort because its probe
is weaker, and HuBERT-ECG, leaked on both cohorts, lost
on both. Overlap is therefore neither necessary nor sufficient
for parity here: the pattern follows encoder strength, and the
overlap tag serves only to give a leaked encoder the benefit
of its own cohort [53], [56]. The clean-cohort ties are the
evidence that the strong encoders are genuinely strong [1],
[2], [69].

G. Complementarity: equal discrimination is not identical
information

Equal AUROC does not mean the named model and an FM
use the same information, so we measured, for each encoder,
the conditional increment from adding its embedding to the
named model and the Spearman rank-correlation of the per-
patient risk scores. A named-plus-FM ensemble, boosting on
the named features together with a clean FM embedding,
exceeded the named model alone by +0.013 (95% CI [+0.009,
+0.017]) on CODE-15 and by +0.002 on MIMIC. Per en-
coder, the strong encoders added a small increment whose
CI excluded zero: on CODE-15, ECG-JEPA +0.018, ST-
MEM +0.020, ECG-FM +0.013, and ECGFounder +0.006;
on MIMIC, ST-MEM +0.020, ECG-JEPA +0.016, and ECG-
Founder +0.014. The weak encoders added nothing (HuBERT-
ECG −0.004 and −0.001, xECG −0.002 and −0.000). Rank
agreement was high but imperfect, with Spearman ρ between
0.61 and 0.81 across encoders and cohorts. The named model

TABLE III
PER-PATIENT SUFFICIENT-REASON CERTIFICATE ON THE COMPACT

GRADIENT-BOOSTED NAMED MODEL, COMPUTED ON THE HELD-OUT
PATIENTS.

Certificate statistic Value

Sufficiency level (delta) 0.9
Median certificate length 1 feature
Mean certificate length 1.5 features
90th-percentile length 1 feature
Empirical coverage 0.96
Held-out AUROC (certified) 0.775
Held-out AUROC (age-excluded, certified) 0.741
Certificates containing age 100%

and the strong FMs therefore use largely the same informa-
tion for this endpoint, though not identically, which scopes
the claim to head-to-head discrimination in the frozen-probe
regime: no FM out-discriminates the named model, while a
leakage-clean FM contributes a small disclosed increment.

H. Per-patient certificates are short and well-covered

Every named prediction carried a short, provable certificate.
On the held-out set, the delta = 0.9 sufficient-reason certificate
had a median length of 1 feature, a mean of 1.5, and a 90th
percentile of 1, with an empirical coverage of 0.96 against the
stated 0.90 guarantee (Table III). The certified compact model
retained an AUROC of 0.775 on the held-out cohort, matching
the 0.773 of the uncertified named model, so certification
carried no accuracy cost. Age appeared in 100 percent of
certificates: for the median patient, the sufficient reason is age.

Because age dominates the certificate, we also certified a
model constrained not to use age. That age-excluded model
certified at a held-out AUROC of 0.741 with a median
certificate of one feature that names an inspectable ECG
measurement, most often heart rate (the RR interval), and
otherwise the aVR and lead-II QRS and T-wave amplitudes,
the P-wave axis, aVR band-power, or V1 kurtosis. The take-
home is that the certificate reduces to age for the typical
patient, and where it exceeds age it names a single inspectable
ECG measurement.
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A median certificate of one feature means that, for a typical
patient, a single named value provably suffices to explain the
model’s above-threshold prediction at the stated coverage, a
per-patient auditable statement that no post-hoc importance
score provides [44], [46]. The empirical coverage of 0.96
exceeding the 0.90 target indicates that the delta-sufficient
relaxation was conservative on these cohorts. The certificate is
an application of established abductive-explanation machinery
[48], [49], [51], [52], reported here to show that a competitive
named model is also a certifiable one.

I. The compact bank matches the full superset

Compactness costs almost nothing. The 231-feature com-
pact bank scored within 0.006 AUROC of the 891-feature
superset on both cohorts, so the named model used for every
comparison above is small enough to inspect in full. A
clinician can enumerate the inputs, and the certificate then
names the one or two that decided each case. This closes the
loop from a competitive score to an auditable model without
a separate distillation step, which is what makes the certificate
in Section IV-H a statement about the model of record itself.

V. DISCUSSION

A. Principal findings

For one-year all-cause mortality from a single 12-lead ECG,
a transparent named-feature model was competitive with the
best frozen-embedding probe of six real ECG foundation
models, and no FM out-discriminated it under equal modeling.
The named model won 7 of 12 comparisons and tied 5, against
ECG-JEPA and ST-MEM on both cohorts and ECGFounder
internally, reaching AUROC 0.811 externally and 0.773 in-
ternally with near-ideal calibration. The head-to-head pattern
tracks encoder strength: the two strongest encoders tie on
cohorts they never saw, while weaker encoders lose on cohorts
they were pretrained on, so pretraining overlap is a fairness
control rather than the explanation.

The most transferable finding is cross-cohort. Trained on
one cohort and tested on the other, the named model beat a
leakage-clean ECGFounder in both directions and beat age-
only in both, while ECG-FM’s within-cohort competitiveness
collapsed under transfer. The two strong encoders, ECG-JEPA
and ST-MEM, transported comparably to the named model
and even edged it in one direction, so the collapse is specific
to ECG-FM and the weaker xECG and HuBERT-ECG rather
than a general property of FM embeddings; a physiology-
grounded named model transports in both directions, which
is the property a deployable screening model most needs.

The scope of the claim is bounded. Equal discrimination
is not identical information: a leakage-clean FM ensembled
with the named model adds a small complementary increment
of +0.013 [+0.009, +0.017] on CODE-15 and +0.002 on
MIMIC, and the strong encoders each add +0.006 to +0.020
with rank agreement of 0.61 to 0.81. Age is the single strongest
individual feature, yet the ECG waveform features collectively
exceed age alone and the ECG-specific increment over age
is substantial, a measured +0.062 externally and +0.105
internally. Within these bounds, for this endpoint under equal

modeling, no foundation model out-discriminated a named,
certifiable baseline.

B. Relation to the closest neighbor and to prior baselines

The result extends the closest neighbor by exactly the con-
trols it lacked. Lukyanenko et al. [24] showed on these same
two cohorts that a gradient-boosted demographic-and-feature
baseline is competitive with deep survival models, but did not
compare against foundation models, did not tag leakage, ran
no cross-cohort transfer arm, and did not certify predictions.
Our delta is that FM comparison across six encoders, the
pretraining-overlap tagging, the cross-cohort transfer arm, the
calibration and precision reporting, and the per-patient certifi-
cate, which together move the claim from “a boosted baseline
is competitive with deep survival networks” to “no real ECG-
FM out-discriminates a certified named baseline, and the result
strengthens under cross-cohort transfer.”

The finding is consistent with a converging body of evi-
dence. Compact models rival foundation models across ECG
tasks in independent benchmarks [8], [9]. Age and demograph-
ics dominate externally validated one-to-three-year mortality
models [26], which is exactly the pattern our age contrast
recovers. Interpretable representations retain prognostic value
on this endpoint [23], and interpretable models can match
black boxes on high-stakes tasks when the features are well
chosen [39]. Our contribution within that literature is the
controlled demonstration of when an FM appears to win and
why, on a mortality endpoint, with leakage held to account;
the observation that a simple model competes precedes us.

C. The cost of explainability, bounded for this endpoint

The claim that explainable ECG models pay an accuracy
penalty [43] does not hold for this endpoint under equal
modeling. Patlatzoglou et al. [43] reported a cost of explain-
ability across ECG tasks, and we credit that finding before
qualifying it. Our result is a bounded counterexample, not a
general overturn. For one-year mortality, a fully transparent
named model with per-patient certificates matched or beat
every FM probe we tested, so here the transparent model paid
no accuracy penalty at all. We do not extend that conclusion
to other tasks, where the trade-off Patlatzoglou et al. describe
may well hold.

The certificate sharpens the interpretability beyond what
post-hoc methods offer. Attribution methods [44], [45] and
saliency maps [47] estimate importance without guaranteeing
sufficiency, and post-hoc explanation in health care has been
criticized as unreliable [40]. A delta-sufficient certificate [48],
[49], [51], [52] instead states a provable per-patient reason,
which is the form of guarantee that formal XAI argues clinical
decisions require [41], [42], [50]. Reporting a certified model
that is also competitive is the practical payoff: a clinician
gets a defensible reason for each prediction without trading
away discrimination, which is the combination the cost-of-
explainability framing assumes is unavailable.
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D. Pretraining overlap, shortcut learning, and generalization

The overlap analysis situates our result within a broader
reproducibility concern. Training on a cohort that also serves
as an evaluation set inflates benchmark performance across
fields [53], is quantified in medical machine learning [56],
and biases pooled estimates upward [57]. We tagged every
comparison for overlap and found that it does not explain the
FM results here: the encoders reaching the named model tie it
on clean cohorts too, and a leaked but weaker encoder loses
on its own pretraining cohort. Overlap is a control we account
for, not a demonstrated cause of any FM edge.

The cross-cohort transfer arm speaks directly to distribution
shift. AUROC is unstable across populations [62], cross-site
collapse is well documented [63], [64], and most clinical
prediction models carry a high risk of bias and overoptimism
under external appraisal [65]. Predictors that stay stable across
environments capture invariant rather than spurious structure
[66], [67]. Our transfer results are the concrete instance: the
named model transferred in both directions while ECG-FM,
competitive within a cohort, collapsed across cohorts and the
two strong encoders transported comparably, consistent with
physiologically grounded named inputs being less exposed
to cohort-specific shortcuts [58]–[61] than ECG-FM’s learned
embedding.

E. Practical implications

Two practical implications follow for teams choosing a
model for ECG-based risk screening. First, an FM gain re-
ported on a cohort should be checked against a strong named
baseline under matched modeling and against the encoder’s
pretraining provenance before it is treated as real, because
on our endpoint the apparent gains dissolved once those two
checks were applied. A benchmark that omits the named base-
line, or that scores an encoder on a cohort it was pretrained on,
can report an advantage that would not survive deployment.
Second, when a named model matches the encoder, its per-
patient certificate offers something an embedding cannot: a
defensible, case-specific reason of median length one that a
clinician can inspect at the point of care. For a screening-
grade endpoint where the model routes attention rather than
dictates treatment, that auditability is a deployment advantage
in its own right, independent of the small external increment
a clean encoder can add on top.

F. Limitations

Six limitations bound the claim. First, age is the single
strongest individual feature and appears in every certificate,
so a large share of the discriminative signal is carried by one
demographic covariate; the ECG waveform features nonethe-
less exceed age alone (0.781 versus 0.749 externally, 0.741
versus 0.668 internally) and the ECG-specific increment over
age is substantial, at +0.062 externally and +0.105 internally
[19], [22]. Second, the endpoint is single, one-year all-cause
mortality from one ECG, so the result does not transfer auto-
matically to other horizons, cause-specific outcomes, or serial
recordings. Third, the named features depend on NeuroKit

delineation, which may behave asymmetrically across cohorts;
the same pipeline was applied to both and the result holds on
the cleaner internal cohort, but delineation quality remains a
confounder we cannot fully rule out.

Fourth, the heart-rate-variability features are computed on
approximately ten-second recordings, whereas the measure-
ment standards were set on longer recordings [70], so we
restrict those features to time-domain measures defensible at
that length. Fifth, we probed frozen embeddings rather than
fine-tuning the encoders, following standard protocol [7]; a
fine-tuning budget could change the FM numbers, and our
claim is scoped to the frozen-embedding regime. Sixth, a
leakage-clean FM adds a measured complementary increment
of +0.013 (95% CI [+0.009, +0.017]) on CODE-15 and
+0.002 on MIMIC, with per-encoder increments of +0.006
to +0.020 for the strong encoders, so the claim is that no FM
out-discriminates the named model, not that an FM captures
nothing extra. The single within-cohort concern is addressed
by the cross-cohort transfer arm, which tests generalization
directly rather than relying on two within-cohort experiments
alone.

VI. CONCLUSION

For one-year all-cause mortality from a single 12-lead
ECG, no real foundation model out-discriminated a transpar-
ent named-feature model under equal modeling. Across two
cohorts the named model won 7 of 12 head-to-head compar-
isons and tied 5, against ECG-JEPA and ST-MEM on both
cohorts and ECGFounder internally, with zero losses, reaching
AUROC 0.811 externally and 0.773 internally with near-ideal
calibration. The head-to-head pattern tracks encoder strength,
and the strongest, most transferable result is cross-cohort:
trained on one cohort and tested on the other, the named model
beat a leakage-clean encoder in both directions while a within-
cohort-competitive FM collapsed under transfer.

Every named prediction carries a per-patient provable
sufficient-reason certificate with a median length of one feature
and coverage 0.96, applying established abductive-explanation
machinery [48], [49] rather than a new method, and the whole
comparison regenerates from raw data with one command.
The claim is bounded: a leakage-clean FM adds a small
complementary increment of +0.013, and although age is the
single strongest feature the ECG waveform features collec-
tively exceed age alone, so this is a positive competitiveness
result about head-to-head discrimination.

What a convincing ECG-FM result for this endpoint would
need is now clear. It would have to out-discriminate a strong
named baseline under matched modeling, transfer across co-
horts rather than win only within its pretraining distribution,
and ideally carry a per-patient reason a clinician can audit.
On these two cohorts no encoder met that bar, though ECG-
JEPA and ST-MEM came closest, tying on both a leaked and
a clean cohort. Future work should test whether a fine-tuning
budget, other endpoints and horizons, or genuinely disjoint
pretraining changes that picture, and should keep a named,
certifiable baseline in the frame while doing so. Interpretable
models remain the right default when they match the black
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box [39], and the closest FM-free baseline [24], evaluated with
overlap held to account [53], is the one to extend.
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