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Abstract

Continuous ECG monitoring depends on the precordial
leads, yet these electrodes are the hardest to place reli-
ably and are prone to poor skin contact. We ask how
much an arrhythmia detector loses when V2, V4 and V5
are missing, and whether reconstructing them restores that
information. On 8,017 test recordings from six PhysioNet
cohorts, we mask leads V2, V4 and V5 and reconstruct
them from the nine remaining leads using eleven meth-
ods across three families: encoder—decoder models (1D U-
Net, MCMA UNet3+ variants), classical baselines (ridge,
gradient boosting, PCA/SVD, interpolation, k-NN), and
generative models (GAN, Mamba diffusion). Each method
is evaluated on three axes: waveform morphology (RMSE,
Pearson CC), clinical utility through a 27-class SE-ResNet
detector (PhysioNet/CinC Challenge score, per-class F1),
and inference latency and memory. Removing the three
leads lowers the Challenge score from 0.63 to 0.54; recon-
struction recovers it to 0.61. The aggregate understates
the effect: on the four classes that depend on V2/V4/V5,
losing the leads reduces PVC F1 sixteen-fold, and recon-
struction restores it. The 1D U-Net gives the best morphol-
0gy (RMSE 0.239) at 2.7 ms per record; models trained to
reconstruct outperform those trained to generate.

1. Introduction

Continuous and ambulatory ECG monitoring is increas-
ingly used to detect transient arrhythmias, but it depends
on reliable signal from all twelve leads. The six precor-
dial (chest) electrodes require precise anatomical place-
ment and are a frequent source of positional error [1]; mis-
placement can mimic or mask anterior ischaemia and in-
farction, altering interpretation in a substantial fraction of
affected records [2]. Chest electrodes are also suscepti-
ble to contact loss and motion artefact during prolonged
recording. When a precordial lead degrades or is not ac-
quired, the leads that reflect anterior and lateral myocardial
activity are lost, and automated interpretation degrades.
One response is to acquire fewer electrodes at the edge and
reconstruct the missing leads when needed. Our target de-

ployment acquires nine leads from seven electrodes and re-
constructs V2, V4 and V5 on the same 10-second, 500 Hz
window when an anomaly gate triggers, before passing the
twelve-lead record to a 27-class arrhythmia detector and
then a clinician. The question is whether reconstruction
restores the information an automated detector needs, not
how closely the waveform is reproduced.

Lead reconstruction is an established problem, with dozens
of published algorithms from linear transforms to deep net-
works [3]. Prior work recovers a full twelve-lead ECG
from one or two leads [4] or from a reduced five-electrode
set [5], and recent U-Net models quantify how much re-
constructable information each lead carries [6]. These
studies report waveform fidelity, which does not measure
whether diagnostic content is preserved, and they use dif-
ferent datasets, splits and metrics, so results are not com-
parable.

We address this with a single controlled benchmark.
On one split of a six-cohort, arrhythmia-rich PhysioNet
dataset, we fix the reconstruction task (V2, V4, V5 from
the nine remaining leads) and evaluate eleven methods
from three families on three axes: waveform morphology,
downstream clinical utility through a fixed arrhythmia de-
tector, and inference latency and memory. The nearest
prior benchmark compares four reconstruction methods on
a single cohort using morphology and downstream classi-
fication [7]; we extend this to eleven methods across three
families, add deployment cost as a third axis, and use a
larger, more arrhythmia-diverse dataset. This quantifies
the detection cost of losing V2, V4 and V5 and identifies
which methods recover it, at what computational cost.

2. Methods

2.1. Data and preprocessing

We use the PhysioNet/CinC Challenge 2021 multi-
source corpus [8, 9], drawing on CPSC and CPSC-
Extra [10], PTB-XL [11], the Chapman—Shaoxing and
Ningbo databases [12], and the Georgia 12-lead set. The
St. Petersburg INCART database is excluded because
its label schema is incompatible with the others. All



records are resampled to 500 Hz and cropped to 10-second
windows (5,000 samples), band-pass filtered (0.5-40Hz,
4th-order Butterworth) and per-lead z-score normalised.
Records are split 8:1:1 by fold into train (folds 0-7), val-
idation (fold 8) and test (fold 9); all results below are
reported on the n = 8,017 test recordings. Labels fol-
low the 27 scored SNOMED-CT classes of the Challenge;
three pairs of diagnostically equivalent classes (complete
RBBB/RBBB, PAC/SVPB, PVC/VPB) are merged by log-
ical OR before scoring, giving 24 scored classes.

2.2. Reconstruction task

The task is fixed throughout: reconstruct leads V2, V4
and V5 from the nine remaining leads (I, II, III, aVR, aVL,
aVF, V1, V3, V6) on the same 10-second window. The
three target leads are zeroed in the input; the deep models
output all twelve leads with the reconstruction loss com-
puted only on the three masked targets, and the classical
methods predict the three targets directly. Every method is
trained and evaluated on the same split with this identical
masking, so differences reflect the method, not the proto-
col.

2.3.  Reconstruction methods

We benchmark eleven methods in three families (Ta-
ble 1). The encoder—decoder family contains a vanilla 1D
U-Net (plain skip concatenation, channels 32-256, ker-
nel 7, MSE loss) and three variants of a multi-channel
masked autoencoder (MCMA, a 1D UNet 3+ [13, 14]) that
differ only in their training objective: a Soft-DTW [15]
plus spectral loss, a QRS-window plus Pearson-correlation
loss, and a combination adding Soft-DTW at low weight.
The classical family comprises per-timepoint ridge re-
gression (o« = 1), histogram gradient boosting (depth
6, 100 iterations, learning rate 0.1), an 8-component
PCA/SVD lead-subspace projection with ridge-mapped
scores, training-free anatomical lead interpolation, and k-
NN gallery retrieval (k = 5, Euclidean, 5,000-record
gallery, unweighted neighbour mean). The generative
family contains a GRU encoder—decoder GAN (bidirec-
tional encoder, hidden 128, hinge discriminator loss, gen-
erator adversarial + 0.01 L1, seed 23) and a Mamba state-
space diffusion model (SSSD [16,17], diodel = 192, 8 lay-
ers, 200-step linear schedule), trained from scratch on this
task (early stop at epoch 52) rather than fine-tuned from
a published checkpoint. Encoder—decoder and GAN mod-
els are trained with learning rate 10~2 and the diffusion
model with 10~%, for up to 100 epochs with early stop-
ping (seed 42 unless stated); classical methods are fit on
the same training partition.

Table 1. The eleven reconstruction methods.

Method Family Training signal / detail
1D U-Net Enc—dec MSE, plain skip
MCMA SoftDTW Enc—dec Soft-DTW + spectral
MCMA QRS+P Enc—dec QRS-window + Pearson
MCMA QRS+P+S  Enc—dec + Soft-DTW (v 0.1)
Ridge Classical per-timepoint linear
Grad. boosting Classical histogram GB
PCA/SVD Classical lead-subspace proj.
Lead interp. Classical anatomical, no training
k-NN Classical gallery retrieval
GAN Generative  adversarial
Mamba diff. Generative  SSSD, 200-step

2.4. Downstream arrhythmia detector

Clinical utility is measured with a fixed 27-class detec-
tor: a 1D SE-ResNet 18 [18], the SE-ResNet entry in the
CinC Challenge 2021. It emits 27 logits, and its 27 de-
cision thresholds were tuned on its own validation fold to
maximise the Challenge metric and then frozen; no thresh-
old is retuned per reconstruction method. The same frozen
detector scores every reconstruction, so any change in de-
tection is attributable to the reconstructed leads alone. We
evaluate it in three conditions: on the clean twelve-lead
record, on the record with V2/V4/V5 zeroed (removed),
and on the record with those leads reconstructed.

2.5. Evaluation and statistics

Methods are compared on three axes. Morphology:
masked RMSE, per-lead RMSE and Pearson correlation
on the n = 8,017 test records (8,014-8,017 per lead; a few
records lack one target lead). Clinical utility: the official
CinC Challenge score (a weighted-confusion-matrix met-
ric), AUROC and per-class F1 from the detector. Cost:
inference latency per 10-second record (batch size 1, 3
warm-up and 10 timed repeats) and peak GPU memory;
deep and generative models are timed on an RTX 3090
(24 GB) and classical methods on CPU, so the two are not
directly comparable. Confidence intervals are 95% boot-
strap (2,000 resamples over 251 batches of 32). Signif-
icance uses the paired Wilcoxon signed-rank test against
the MCMA Soft-DTW baseline with Holm—Bonferroni
correction. Detector scores are means over per-batch
scores at batch size 32; memory limits forced batch size
4 for the Mamba model, so its batch-mean scores are not
comparable and are omitted from the figures. Where the
generative family is compared against the reconstruction-
trained methods we instead use record-level Challenge
scores, computed once over the concatenated detector pre-
dictions of all n = 8,017 test records, which removes the
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for PVC because the detector reaches only 0.09 sensitivity
on clean twelve-lead data; the detector, not the reconstruc-
tion, is the ceiling.

3.3. The accuracy-speed trade-off

The 1D U-Net gives the best morphology (RMSE 0.239)
at 2.7 ms per record and 152 MB, faster and smaller than
the three MCMA variants (RMSE ~0.245, 6.3-6.4 ms,

o o*“? w‘* a&w" W@“’ ««“* o >A‘=“° 246 MB). Classical methods are cheaper but less accurate:
interpolation and ridge run in 0.2-0.5 ms on CPU at RMSE
Figure 1.  Challenge score after reconstruction (95% 0.35-0.37. The generative models have the highest error

bootstrap CI). Dashed lines: clean twelve-lead and leads-
removed baselines, averaged over methods. Mamba diffu-
sion is omitted (incomparable batch size).

batching dependence.
3. Results

3.1. Reconstruction restores detection

Removing V2, V4 and V5 lowers the aggregate Chal-
lenge score from 0.630 on the clean twelve-lead record
to 0.541, a loss of roughly nine points. The mean score
across the ten comparable methods returns to 0.613, i.e.
7.1 of those points. Detector AUROC, averaged over the
ten methods for which it is defined, follows the same pat-
tern (0.965 — 0.948 — 0.961). Figure 1 shows per-
method scores: nine of ten methods fall within 0.60-0.63,
and the top eight are statistically indistinguishable from
the MCMA Soft-DTW baseline (paired Wilcoxon, Holm-
corrected). Only the GAN (0.600) and k-NN are signifi-
cantly worse (p < 0.005); k-NN does not recover, remain-
ing at the removed baseline (0.539 vs. 0.541).

3.2.  Where the missing leads matter

The aggregate score is insensitive to V2/V4/V5 be-
cause most of the 27 classes do not depend on them. Ta-
ble 2 isolates the four classes whose definition does. Re-
moving the leads reduces PVC F1 sixteen-fold (0.160 to
0.010) and Q-wave-abnormality F1 nearly threefold (0.261
to 0.091), with non-overlapping 95% Cls (clean [0.195,
0.327] vs. removed [0.044, 0.144]). The 1D U-Net and
the QRS+Pearson MCMA variant restore PVC F1 to the
clean twelve-lead level (0.168 and 0.167), whereas lead in-

(GAN RMSE 0.806, Mamba diffusion 0.912) after £-NN
(0.998); the Mamba model is also the slowest at 619 ms.
All methods run within the 10-second real-time budget.

4. Discussion

When a GPU is available and the precordial-dependent
classes matter for the indication, the 1D U-Net is preferred:
it gives the best morphology, the fastest GPU inference
and the smallest footprint, and it restores PVC F1 to the
clean twelve-lead level. MCMA matches it on the clinical
classes at higher cost. On CPU-only edge hardware, inter-
polation and ridge recover most of the aggregate score but
only 71% of clean PVC F1, so they are suitable only where
the precordial-dependent classes are not the target.

On this task, models trained to reconstruct outperform
models trained to generate. Both generative models are
the least accurate on morphology after k-NN, and both
are last on record-level Challenge score: Mamba diffu-
sion 0.571 and the GAN 0.601, against 0.619-0.627 for
every reconstruction-trained method (leads-removed base-
line 0.542 at record level, 0.541 as batch mean; clean
0.630). The GAN also retains only 18% of its clean PVC
F1. Reconstruction is a conditional, deterministic mapping
from nine leads to three, and optimising that mapping di-
rectly appears more effective than sampling from a learned
distribution. The claim rests on two generative models, one
of which (Mamba) was trained from scratch here and may

Table 2. Per-class F1 (test n = 8,017) on the four
precordial-dependent classes: full twelve-lead, leads re-
moved, and reconstructed by four methods (Q+P: MCMA
QRS+Pearson). Reconstructed PVC F1 95% ClIs: U-Net
[0.100, 0.234], Q+P [0.098, 0.235], interpolation [0.058,
0.177], GAN [0.000, 0.067].

terpolation reaches 0.114 and the GAN 0.030, 18% of its

. . Class (n) Full Rem. U-Net Q+P Interp GAN

o th ramking within he seconstucton methods s ot e, VC 199) 0160 0010”068 0.167 0.114 0030
solved at 193g PVC-positive records; the gap to the GAN Q-wave 214) 0261 0.091 0.226 0.234 0.2190.161
is. Methods with equal aggregate s’cores therefore differ T-abn. (1165) 0.604 0.463 0591 0.596 0.581 0558
: T-inv. (394)  0.276 0.209 0.240 0.252 0.200 0.268

on the classes that depend on the leads. Absolute F1 is low




be under-trained, so it is a result for this task rather than a
general ordering of the families.

Several limitations apply. The masking is fixed to
V2/V4/V5; other lead combinations were not tested, so
this study bounds the cost of losing these three leads and
not the general information content of each lead. The de-
tector is the ceiling on the precordial-dependent classes,
so the reconstruction differences we measure are lower
bounds on what a stronger detector might reveal. Labels
are record-level, so we do not assess beat-level PVC mor-
phology or ST-segment accuracy. Finally, we use a single
split; although it spans six cohorts across three continents,
there is no external validation cohort. Transformer base-
lines, per-patient adaptation, an ST-aware objective and ex-
ternal validation are next steps.

5. Conclusion

Missing precordial leads cost roughly nine Challenge-
score points, and most reconstruction methods recover
most of them. The aggregate hides the effect, which is
concentrated in the four classes that depend on V2, V4
and V5, where PVC F1 falls sixteen-fold and is restored
by reconstruction. Across morphology, clinical utility and
cost, a 1D U-Net is the best all-round method, and methods
trained to reconstruct outperform methods trained to gen-
erate. For a reduced-electrode monitor, reconstructing the
missing precordial leads on an anomaly trigger preserves
automated diagnostic accuracy at low cost.

Code and data availability

The data are the public PhysioNet/CinC 2021 WFDB
records. Code for all eleven methods and the evaluation is
available from the authors.
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