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Abstract

Atrial fibrillation may leave a substrate that an electrocardiogram in sinus rhythm already
carries, even when the trace looks normal. Reading it usually requires a deep network trained on
private cohorts that does not expose what it uses. We test whether an intrinsically interpretable
tensor model can identify atrial fibrillation in sinus rhythm on public data. On PTB-XL we ten-
sorize the multilead median beat into a samples-by-time-by-lead array and fit block-term tensor
regression (BTTR), a supervised model whose parameters are readable spatio-temporal weight
maps. We benchmark BTTR against clinical features, a convolutional network, an unsupervised
CP surrogate, and frozen embeddings from HuBERT-ECG, a foundation model pretrained on
9.1 million recordings. BTTR matches or exceeds every baseline: all paired patient-level boot-
strap differences in AUROC are non-negative. The substrate maps are faithful to the decision
by construction and stable across resampling: the per-lead weight profile reproduces at Pearson
r = 0.88. R-peak registration is necessary for the tensor model and immaterial for a convolu-
tional network under the same protocol. Interpretability therefore comes at no accuracy cost.
To our knowledge this is the first intrinsically interpretable tensor model for this task and the
first such study using only public data.

Keywords: Atrial Fibrillation; Electrocardiography; Machine Learning; Interpretable machine
learning; Block-term tensor regression

1 Introduction

Atrial fibrillation is the most common sustained arrhythmia and a leading cause of ischemic stroke.
Much of its burden falls on patients who are in sinus rhythm at the moment of recording, because
the arrhythmia is paroxysmal and intermittent. A standard screening electrocardiogram captured
between episodes can therefore look entirely normal while the underlying atrial substrate is already
present. Reading that substrate from a single sinus-rhythm trace would let clinicians flag patients
for monitoring before an event, which is the practical motivation behind a line of work that began
with the demonstration that a neural network can identify atrial fibrillation from a sinus-rhythm
electrocardiogram [2].

That result has been replicated and extended across cohorts and device classes [3, 8, 11, 18, 21].
The models are accurate, and the clinical signal is real. T'wo features recur across the literature and
limit what the field can learn from it. First, the strongest results sit on private institutional data,
which makes head-to-head comparison between methods difficult and external scrutiny harder still.
Second, the models are black boxes. A clinician is told that a normal-looking trace carries risk but
not which part of the beat, or which leads, the model is reacting to. For a finding that contradicts
the visible reading of the electrocardiogram, the absence of an account is a real obstacle to trust
and to physiological interpretation.

The usual response is to attach a post-hoc explanation: saliency maps, attention overlays, or
surrogate attributions fitted after the fact [12-14, 17]. These methods estimate what a fixed black
box might have used. They do not change what it actually used, and different attribution methods
can disagree on the same model. The explanation is a separate object from the decision, and its
fidelity is itself in question.

Tensor models offer a different starting point. Arranging the multilead beat as a samples-
by-time-by-lead array turns the electrocardiogram into a structured signal on which a supervised
low-rank model can be fit directly, and the fitted factors are the decision. Each per-block time-by-
lead weight map is a parameter of the model, so it reads as a spatio-temporal signature rather than
an approximation of one. Block-term tensor regression (BTTR) is one such estimator [7]. It was
introduced for a different problem; here we transfer it to a new task and ask whether an intrinsically
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interpretable tensor model can compete with the black-box approach on its own ground, using only
public data.

We study identification of atrial fibrillation in sinus rhythm on PTB-XL [20], a public clinical
electrocardiogram database. The signal pipeline builds an R-peak-aligned median beat per lead,
stacks it into the input tensor, and an alignment ablation isolates what that registration step
contributes to each model family. We evaluate BTTR against clinical features, a convolutional
network in the style of [2], a capacity-matched unsupervised CP surrogate, and a foundation model
[4]. The benchmark is like-for-like: identical cohorts, identical patient-grouped folds, and a paired
patient-level bootstrap for every method comparison.

The contributions are as follows.

1. We present, to our knowledge, the first intrinsically interpretable tensor model for identifying
atrial fibrillation in sinus rhythm, with substrate maps that are stable across resampling and
faithful by construction, evaluated entirely on the public PTB-XL database [20].

2. We show that beat alignment is necessary for tensor methods but not for the convolutional
network under the same protocol, locating alignment as a model-dependent requirement and
complementing [15].

3. On a like-for-like benchmark, BTTR matches or exceeds clinical features, a convolutional
network, an unsupervised CP surrogate, and a foundation model, with all paired patient-
level differences in AUROC non-negative.

4. We show that this interpretability comes at no accuracy cost, since the glass-box model is not
outperformed by any black-box baseline, the 9.1-million-recording foundation model included.

2 Related work

Atrial fibrillation in sinus rhythm. The task of inferring atrial substrate from a sinus-rhythm
electrocardiogram was established with a convolutional network trained on a large institutional
cohort [2], and the finding has held up across replications, populations, and recording hardware
[3, 8, 11, 18, 21]. These studies share an architecture-and-data recipe: deep supervised learning
on private data, with the model treated as an end-to-end predictor. Performance is the reported
quantity, and the internal representation is not.

Interpretability. For clinical electrocardiogram models the dominant interpretability strategy is
post-hoc. Saliency, gradient, and attention-based attributions are computed for a trained network
and read as evidence of what it used [12-14, 17]. Such attributions are estimates layered onto a
fixed model, and their stability and fidelity are active concerns [9]. Intrinsic interpretability takes
the alternative position that the model’s parameters should be the explanation. Our work sits on
that side: the substrate map is a fitted factor, not an attribution.

Tensor and block-term models on the electrocardiogram. Tensor decompositions have a
long history on the electrocardiogram, almost entirely in an unsupervised, source-separation role:
extracting atrial activity, separating maternal and fetal signals, and related blind decompositions
[5, 6, 16]. Supervised block-term modeling, where the decomposition is fit to a label, has been
developed on the electroencephalogram [19], and the block-term tensor regression estimator we
use was introduced in that broader context [7]. We do not claim to be first to apply tensors
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to the electrocardiogram, which would be inaccurate; our contribution is to bring a supervised,
intrinsically interpretable block-term estimator to the specific task of identifying atrial fibrillation
in sinus rhythm, and to benchmark it openly.

Alignment and foundation models. The need to align beats before tensorization has been
examined for ECG learning [15], and we revisit it here under a controlled comparison across model
families. Foundation models pretrained on large unlabeled electrocardiogram corpora have recently
appeared; HUBERT-ECG [4] provides reusable embeddings and serves here as the strongest avail-
able black-box baseline, again an existing estimator transferred to our task rather than a method
we propose.

3 Methods

3.1 Data and cohorts

We use PTB-XL [20], a public clinical 12-lead electrocardiogram database with patient identifiers
and diagnostic labels. The task is identification of atrial fibrillation in sinus rhythm, and we are
explicit that this is not future prediction: PTB-XL carries no longitudinal follow-up. A sinus-
rhythm record is labeled positive if the same patient has a concurrent atrial-fibrillation recording
within 31 days. The atrial-fibrillation recording may either precede or follow the sinus-rhythm
trace, and the labeling does not order the two. We therefore describe the setting as concurrent-
association identification rather than detection of a pre-arrhythmic substrate, and we keep that
distinction throughout.

The primary cohort, AFIB, comprises 42 positive patients and 126 controls. A secondary cohort,
AFIB-or-flutter, adds atrial flutter and comprises 55 positive and 165 control patients. Both cohorts
are patient-grouped with one record per patient, and controls are matched at roughly three to one.
Grouping at the patient level prevents records from the same patient appearing in both training
and test partitions.

3.2 Preprocessing and tensorization

Each record is denoised with a wavelet filter chosen to preserve the low-frequency atrial band, so
that P-wave and PR morphology survive the cleaning step. R-peaks are detected, and a median
beat is formed over the window from —250 to +400 ms around the R-peak. Stacking median beats
yields a samples-by-time-by-lead tensor that is the input to the tensor models. For the alignment
ablation we also build an unaligned tensorization that uses a fixed full window without R-peak
registration, so that the only difference between conditions is whether beats are aligned.

3.3 Models

BTTR. Block-term tensor regression [7] is a supervised, inductive, deflation-based estimator.
The binary label is mapped to a +1 target and fit by least squares, giving a linear decision score
rather than a logistic one. The model proceeds in K iterations. At each iteration a block is ex-
tracted, and both the data-tensor residual and the target residual are deflated before the next block
is fit, so each block accounts for structure the previous blocks left behind. Automatic component
estimation selects each block’s multilinear rank within the training fold, searching a grid defined by
signal-to-noise and energy-ratio criteria. With the rank-1 setting enforced, each block is rank-1 in
the time and lead modes, so the model is a supervised, label-fit sum of rank-1 terms. That structure
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is what makes each block’s time-by-lead weight map directly readable as a substrate signature. The
block count is fixed a priori at K = 8 and is never tuned on test folds.

Clinical features. Seven interval and morphology features covering RR variability, P-wave, and
QRS characteristics feed a logistic regression. This baseline encodes the standard electrophysiolog-
ical reading.

CP surrogate. An unsupervised rank-8 PARAFAC decomposition is fit, test records are pro-
jected onto the fixed training factors, and a logistic regression is fit on the resulting coordinates.
The rank matches the BTTR block count so that capacity is held constant; the contrast between
this surrogate and BTTR isolates the effect of supervision in the decomposition itself.

Convolutional network. A small, regularized one-dimensional convolutional network in the
style of [2] is trained with class weighting and a three-seed ensemble to stabilize its scores. It
stands in for the deep-learning approach at a scale appropriate to the cohort size.

Foundation model. HuBERT-ECG [4], pretrained on 9.1 million electrocardiograms, supplies
frozen 512-dimensional embeddings on which we fit a logistic linear probe. This is an existing
estimator used as the strongest black-box baseline, with the foundation model itself held fixed.

3.4 Evaluation

The primary benchmark uses patient-grouped 5-fold cross-validation. We report AUROC with
patient-level bootstrap 95% confidence intervals, resampling patients over the pooled out-of-fold
scores. Comparisons between methods use a paired patient-level bootstrap of the AUROC differ-
ence, which is the correct object for the question of whether one method exceeds another; overlap of
two marginal confidence intervals is not, since it ignores the correlation between methods evaluated
on the same patients.

Two analyses use a separate protocol. The alignment ablation and the interpretability-stability
analysis refit the model over ten random control draws and are reported as mean =+ standard
deviation across those resamples. These resampling figures are not directly comparable to the
cross-validation point estimates, and we state that explicitly wherever both appear.

Finally, to calibrate task difficulty, we include a detection-context cohort of overt sinus rhythm
versus overt atrial fibrillation, 150 records per class, evaluated on a single split. This is illustrative
and supports no accuracy claim of its own.

4 Results

4.1 Identifying atrial fibrillation in sinus rhythm

Table 1 reports per-method AUROC with confidence intervals for both cohorts, Fig. 1 shows the
same results as a forest plot, and Table 2 gives the paired differences that drive the comparison.

On the primary cohort (42 positive, 126 control) BTTR reaches an AUROC of 0.620 [0.509,
0.727], with HuBERT-ECG at 0.616 [0.514, 0.723], the convolutional network at 0.587 [0.475,
0.693], clinical features at 0.584 [0.484, 0.684], and the CP surrogate at 0.581 [0.474, 0.686]. On the
secondary cohort (55 positive, 165 control) BTTR reaches 0.700 [0.621, 0.776], the CP surrogate
0.693 [0.608, 0.774], clinical features 0.673 [0.596, 0.748], the convolutional network 0.644 [0.552,
0.731], and HuBERT-ECG 0.641 [0.557, 0.723)].
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Table 1 Identification of atrial fibrillation in sinus rhythm. AUROC with 95% patient-level
bootstrap confidence intervals, all methods under identical patient-grouped 5-fold cross-validation.
HuBERT-ECG is a self-supervised ECG foundation model (pretrained on 9.1 million recordings)
used as a frozen linear probe; CNN is a compact Attia-style one-dimensional network; CP is the
unsupervised tensor surrogate.

Method AFIB (primary, 42 pos) AFIB or flutter (secondary, 55 pos)
AUROC [95% CI] AUROC [95% CI]
BTTR (ours) 0.620 [0.509, 0.727 0.700 [0.621, 0.776

0.514, 0.723 0.641 [0.557, 0.723

] [ }
HuBERT-ECG (foundation model)  0.616 ] [ ]
0.475, 0.693] 0.644 [0.552, 0.731]

| [ }
] [ }

CNN (Attia-style) 0.587

—_—— — —

clinical features 0.584 10.484, 0.684 0.673 [0.596, 0.748
CP surrogate (unsupervised) 0.581 [0.474, 0.686 0.693 [0.608, 0.774
AFIB-only (primary, n=42 pos) AFIB+flutter (secondary, n=55 pos)
BTTR (ours) o . ——
HUBERT-ECG (foundation model) - @ 1 3 ——
CNN (Attia-style) . 4 s ——
clinical features L . : —_——
CP (unsup. tensor) C . : — e
0.4 O.IS O.I6 0.I7 078 0.4 O.IS 0.I6 0.I7 0.|8
AUROC (95% patient-bootstrap ClI) AUROC (95% patient-bootstrap CI)

Fig. 1 AUROC with 95% patient-level bootstrap confidence intervals for all methods on both
cohorts. BTTR matches or exceeds every baseline, including the HUBERT-ECG foundation model;
the formal comparison is the paired difference in Table 2.

The paired test is what settles the comparison, and it is favorable across the board. Every
paired BTTR-minus-baseline difference in AUROC is non-negative. On the primary cohort the
difference is 40.004 against HuBERT-ECG, +0.034 against the convolutional network, +0.036
against clinical features, and +0.040 [—0.011, +0.094] against the CP surrogate. On the secondary
cohort it is +0.059 against HUBERT-ECG, with BTTR higher in 90% of resamples, +0.055 against
the convolutional network in 91% of resamples, +0.027 against clinical features, and +0.010 against
the CP surrogate. BTTR matches or exceeds every baseline and is not outperformed by any of
them, the foundation model included. Interpretability here costs nothing in accuracy. The benefit
of supervision within the decomposition is clearest on the primary cohort, where BTTR exceeds
the capacity-matched unsupervised CP surrogate by 0.040 in 94% of resamples; on the broader
secondary cohort the surrogate nearly matches it, so the supervised advantage is largest where
positive examples are scarcest.

The block count is not a tuned optimum. Sweeping K on the primary cohort gives AUROC
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Table 2 Paired BTTR-minus-baseline AUROC differences (patient-level bootstrap). All differences
are non-negative on both cohorts; the value in parentheses is the fraction of resamples in which
BTTR exceeds the baseline.

Baseline Primary A (fraction) Secondary A (fraction)
HuBERT-ECG (foundation model) +0.004 (0.52) +0.059 (0.90)
ONN (Attia-style) +0.034 (0.73) +0.055 (0.91)
clinical features +0.036 (0.72) +0.027 (0.71)
CP surrogate +0.040 (0.94) +0.010 (0.72)

Table 3 Alignment ablation under a matched protocol. BTTR is reported over ten resamples
(mean + SD); the convolutional network is reported with its patient-bootstrap 95% confidence
interval. Beat alignment is necessary for the tensor model and immaterial for the convolutional
network.

Model Tensorization Primary Secondary
BTTR aligned median beat 0.666 4 0.030 0.715 £ 0.012
BTTR unaligned window 0.462 £+ 0.032 0.434 £ 0.029
CNN  aligned 0.587 [0.475, 0.693]  0.644 [0.552, 0.731]
CNN  unaligned 0.586 [0.473, 0.694] 0.635 [0.543, 0.725]

0.627, 0.641, 0.666, 0.681, and 0.689 for K = 4,6,8,12,16, so the model is stable across this range.
We fixed K = 8 in advance as a parsimonious block count that keeps the set of weight maps small
and readable, accepting that the larger end of the range yields marginally higher AUROC.

4.2 Alignment is necessary for tensor methods but not for the convolutional
network

Table 3 reports the alignment ablation. For BTTR, beat alignment makes the difference between
a working model and chance. Aligned, BTTR reaches 0.666 + 0.030 on the primary cohort and
0.715 4+ 0.012 on the secondary cohort. Unaligned, it collapses to 0.462 + 0.032 and 0.434 4+ 0.029,
which is at chance. The low-rank tensor structure depends on beats being registered, and without
registration there is nothing coherent for the decomposition to fit.

The convolutional network behaves differently under the same protocol. It is essentially insensi-
tive to alignment: 0.587 [0.475, 0.693] aligned against 0.586 [0.473, 0.694] unaligned on the primary
cohort, and 0.644 [0.552, 0.731] against 0.635 [0.543, 0.725] on the secondary cohort. The convolu-
tion learns its own shift tolerance, so registration adds little. Alignment is therefore a requirement
of the tensor family rather than of supervised ECG learning in general, which complements the
alignment analysis of [15] by separating the two model classes.

4.3 Interpretability: stable and faithful substrate maps

The block maps are model parameters, so they are faithful to the decision by construction; there is
no separate attribution step whose fidelity could be questioned. Fig. 2 shows the recovered maps.

Stability is the property worth testing, and the maps are stable. Across ten resamples the per-
lead weight profile reproduces at Pearson r = 0.88+0.06, so the recovered signature is reproducible
across draws rather than an artifact of a single fortunate split. Because the maps are the fitted
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Fig. 2 BTTR block weight maps on the primary cohort with K = 8. Each panel is one block’s
time-by-lead weight map with its scalar coefficient; color encodes the signed contribution. The
maps are fitted model parameters. Across ten resamples the per-lead profile reproduces at Pearson
r = 0.88.

model parameters, they are faithful to the decision by construction; that the decision is driven by
the label, rather than by chance structure, follows from the above-chance discrimination reported
above rather than from a post-hoc attribution.

Reading where in the beat the weight concentrates gives a concrete result that a P-wave-
focused analysis would not surface. The discriminative weight is distributed across the cardiac
cycle. Roughly 0.17 of the total weight falls in the atrial window covering the P-wave and PR
segment, with the remainder spread over the QRS (about 0.27), the ST segment (about 0.16),
and the T-wave (about 0.40). The lead profile is broad, spanning the inferior leads and the mid-
precordium. The signature is thus weighted toward ventricular depolarization and repolarization
rather than the P-wave alone. Established sinus-rhythm atrial markers, such as P-wave indices
[10], target the atrial component, which here accounts for a minority of the discriminative weight.
This is a substantive use of the glass-box property: the model reports that its decision draws on
distributed morphology, and a method that examined only the P-wave would have missed it.

The localization is not an effect of flutter. The primary cohort excludes flutter, and adding
flutter in the secondary cohort leaves the atrial-weight fraction essentially unchanged at 0.17 against
0.17. We confine the interpretability claims to stability, faithfulness, and the measured weight
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distribution, and we do not assert a specific electrophysiological mechanism behind them.

4.4 Detection context

On the overt detection cohort, sinus rhythm against atrial fibrillation at 150 records per class on
a single split, BTTR reaches 0.875 [0.835, 0.913], clinical features 0.860 [0.816, 0.901], and the CP
surrogate 0.881 [0.841, 0.918]. Deep-learning detection of overt atrial fibrillation runs near ceiling
[17, 20]. Overt detection is a solved and visible problem; the methods cluster together here, and
on a single illustrative split we make no accuracy claim. The point of the contrast is that the value
lies in the harder identification task, where the substrate is not visible to a reader.

5 Discussion

The central result is a supervised tensor model that exposes a stable, faithful spatio-temporal
signature alongside its prediction. Among the methods compared, BTTR was the only one to do
so, and it did so at no accuracy cost: on identical public data, with identical patient-grouped folds,
BTTR matched or exceeded a convolutional network and a foundation model pretrained on 9.1
million electrocardiograms, and every paired difference in AUROC was non-negative. The common
trade-off, in which a glass-box model is accepted as a concession against accuracy, did not appear
in this benchmark.

The map analysis adds a finding that the glass-box property made visible. The discriminative
signature is distributed across the beat and weighted toward ventricular repolarization rather than
confined to the P-wave. We present this as a data-driven observation rather than a mechanism.
It is plausibly consistent with ventricular involvement in the atrial-arrhythmia substrate, but we
state that only as plausible and not as proven; the model reports where its weight sits, not why
the physiology puts it there.

The alignment result carries a methodological message. Beat alignment was necessary for the
tensor model and immaterial for the convolutional network, so alignment is a property of the tensor
family and not a universal preprocessing law. Practitioners choosing between model classes should
treat registration as a model-dependent decision.

Scope. Four limits bound the claims. First, the task is concurrent-association identification, not
future prediction. The labeling does not order the sinus-rhythm and atrial-fibrillation recordings,
so we do not claim a pre-arrhythmic-substrate interpretation. Second, an absolute AUROC of 0.62
to 0.70 is a feasibility-level result on a small public cohort, in the range reported for clinical risk
scores for incident atrial fibrillation such as CHARGE-AF [1]. It is appropriate to a methods and
benchmarking contribution and not to a deployable screening tool, and we say so plainly. Third,
the study rests on a single public cohort, and external validation on an independent database is
the natural next step. Fourth, flutter enters only in the secondary cohort.

Future work. Genuine incident-AF prediction needs dated-outcome cohorts in which the sinus-
rhythm recording demonstrably precedes the arrhythmia, and assembling such a cohort is the most
direct extension. On the method side, interpretable extensions of the block-term estimator, such as
regularized or discriminant variants, could sharpen the signature while keeping the maps readable.
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6 Conclusion

We applied an intrinsically interpretable tensor model to the identification of atrial fibrillation in
sinus rhythm on public data, and the four contributions hold up affirmatively. First, BTTR is, to
our knowledge, the first intrinsically interpretable tensor model for this task, with substrate maps
that are stable across resampling at Pearson r = 0.88 and faithful by construction, demonstrated
entirely on PTB-XL. Second, beat alignment was necessary for the tensor model but not for the
convolutional network, locating alignment as a model-dependent requirement. Third, on a like-
for-like benchmark BTTR matched or exceeded clinical features, a convolutional network, a CP
surrogate, and a foundation model, with all paired differences in AUROC non-negative. Fourth,
this interpretability came at no accuracy cost, since the glass-box model was not outperformed by
any black-box baseline. The recovered signature is distributed across the beat and weighted toward
ventricular repolarization, an observation we report as the glass box makes it visible, stable and
faithful, without claiming a mechanism.
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