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1 Abstract

Background: Myocardial ischemia can trigger ventricular arrhythmias with life-threatening
consequences. Current monitoring is largely reactive, limiting opportunities for preventive
intervention.

Objective: To determine whether high-resolution epicardial electrograms contain predictive
signatures that enable forecasting the timing of premature ventricular contractions (PVCs) during
acute ischemia, and to quantify subject-specific data requirements for effective personalization.

Methods: We analyzed epicardial sock electrograms (247 electrodes, 1 kHz) from 21 porcine acute
ischemia experiments comprising 2,252 spontaneous PVCs. Signals were segmented into overlapping
sequences of 3, 5, or 7 consecutive non-PVC beats with a continuous target of time-to-next PVC. A 6-
layer Long Short-Term Memory (LSTM) network (hidden size 128) with temporal attention was



trained using mean absolute error (MAE). Performance was evaluated in (A) pooled 80/10/10 cross-
validation and (B) leave-one-experiment-out testing with subject-specific fine-tuning using 10% or
15% of held-out data.

Results: In Paradigm A, MAE decreased with longer context (6.50 s for 3 beats, 5.97 s for 5 beats,

4.73 s for 7 beats) with excellent calibration (R* > 0.996 ). In Paradigm B, increasing fine-tuning
from 10% to 15% reduced mean MAE by 9.6-14.6 s and flattened error growth with prediction
horizon, improving the fraction of predictions within 30—60 s windows.

Conclusion: Epicardial electrograms support accurate PVC time-to-event forecasting during acute
ischemia, and modest subject-specific adaptation substantially improves generalization, motivating
development of real-time predictive monitoring tools.

2 Keywords
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3 Introduction

Myocardial ischemia arises from an imbalance between coronary blood flow, cardiac metabolic
demand, and metabolic waste removal and is a major trigger of electrical instability in the heart. This
instability can manifest as premature ventricular contractions (PVCs), ectopic beats that sometimes
precede far more dangerous arrhythmias such as ventricular tachycardia or fibrillation [1-5]. Since
ventricular arrhythmias contribute substantially to sudden cardiac death worldwide, early
identification of their precursors has been a long-standing clinical goal [6-8]. Existing monitoring
strategies, from surface electrocardiograms to implantable defibrillators, tend to operate reactively,
delivering alarms or therapy only after the arrhythmia has started. A predictive framework capable of
anticipating ventricular arrhythmias before they occur would offer a valuable opportunity to intervene
proactively.

Creating models of PVC occurrence based on available electrocardiographic signals is a natural,
preliminary approach to provide such predictions. Conventional tools such as linear models or
spectral analysis capture only limited aspects of the dynamics underlying arrhythmogenesis [9]. This
limitation reflects the high-dimensional, non-linear nature of ischemic electrophysiological signals
and their dependencies across multiple time scales. This complexity has motivated the growing use of
machine learning approaches [10], and in particular deep learning [11-14], which are well suited to
extracting patterns from sequential data. Long Short-Term Memory (LSTM) networks [15-18], a type
of recurrent neural network designed to capture long-range temporal dependencies, are especially
promising for electrophysiological prediction tasks [15-18].

Most prior work has focused on classification problems, such as arrhythmia detection or PVC
identification using deep learning models. However, predicting the timing of an arrhythmic event,
rather than simply its presence [20—22], has received little attention despite its promise for providing
actionable clinical insights. The ability to estimate the timing of an event would provide a window for
deploying preventive measures, bridging the gap between passive monitoring and active risk
management.

In this study, we focused on two central questions. First, do high-resolution electrograms contain
signatures that can be used to forecast PVCs in the setting of acute ischemia? Second, how much
subject-specific information is required for a model to achieve useful performance? The answers have
practical consequences: if predictive features are absent even in epicardial recordings, then non-
invasive ECGs are unlikely to succeed. Conversely, if such features are present and require only
modest subject-specific adaptation, then the approach may be feasible in monitored clinical settings
where ischemic stress is evolving.

Although the recordings analyzed here are epicardial and not directly obtainable in routine clinical
care, they provide a high-fidelity test bed for assessing feasibility. Our clinical motivation is acute
ischemic settings in which ventricular ectopy emerges before definitive coronary evaluation or



intervention, where estimating time-to-next PVC could support time-sensitive monitoring without
replacing guideline-directed care.

The ultimate goal of this study was to determine whether electrophysiological signals contain
sufficient predictive information to forecast PVC timing during acute myocardial ischemia, and to
assess the degree of subject-specific data required for reliable personalization.

4 Methods

4.1 Signal Acquisition and Preprocessing

The dataset for this study contained electrophysiological recordings from 21 large-animal
experiments, specifically designed to investigate arrhythmias caused by myocardial ischemia, as
previously described by Zenger et al. [23]. These experiments employed a well-established porcine
model of acute myocardial ischemia, in which ischemia was induced by reducing perfusion through
the left anterior descending coronary artery (LAD) and then increasing the myocardial demand by
means of controlled atrial pacing. All experiments were performed in healthy adult swine without pre-
existing myocardial infarction or scar, with the goal of modeling acute ischemia rather than chronic
ischemic cardiomyopathy. Baseline ventricular function was physiologically normal prior to ischemia
induction; formal stratification by left ventricular ejection fraction was not performed, as we assumed
from blood pressure monitoring that animals had normal systolic function. The extent of ischemia was
controlled experimentally via graded LAD flow reduction and demand elevation, rather than adjusted
for analytically post hoc. Each experiment consisted of between three and five controlled episodes of
acute myocardial ischemia, referred to as interventions, each lasting 15 minutes, with a fixed level of
occlusion determined specifically for each animal to create predictable and reversible ischemia. Each
15-minute ischemic episode was divided into five 3-minute stages with incremental increases in either
pacing rate or the infusion of a pharmacological agent known to increase cardiac stress (dobutamine).
A 30-minute rest period followed each ischemic episode to allow the heart to return to baseline.
During these experiments, high-fidelity electrocardiographic signals were captured simultaneously
from multiple sites, including the epicardial surface, the myocardium via plunge needle arrays, and
the body surface. Specifically, electrograms were recorded from a 247-electrode epicardial sock,
sampled at 1 kHz [24], and subsequently filtered, baseline-corrected, and fiducialized using the open-
source software PFEIFER [25]. For this analysis, the recordings from the epicardial surface were
utilized, consistent with the experimental focus on epicardial surface data. All experiments were
approved by the Institutional Animal Care and Use Committee of the University of Utah, protocol
number 20-11001.

From the resulting comprehensive set of experimental signals, a total of 2,252 premature ventricular
contractions (PVCs) were identified across all 21 animals. To account for possible temporal
dependencies, the recordings were segmented into contiguous 15-second runs within each
intervention, and then further into overlapping sequences of 3, 5, or 7 consecutive non-PVC beats.
Rather than treating each heartbeat as an isolated event, this multi-beat design provided the model
with a more complete view of the evolving electrophysiological state leading up to a PVC. For each
sequence, the continuous target variable, “time-to-PVC”, was defined as the elapsed time from the
start of the middle beat of the sequence to the start of the first subsequent 15-second run that
contained a PVC occurring within the same coronary artery occlusion or stimulation episode, as
shown in Figure 1. This sliding window strategy (e.g., beats 1-2-3, beats 2-3-4, beats 3-4-5) produced
the following numbers of samples per configuration: 3 beats = 86 870, 5 beats = 86 012, and 7 beats =
85 191. These samples were used for model training and evaluation. Each input sample was

represented as a matrix X € R®" | where C is the number of epicardial electrodes (channels) and
T =BxL is the total number of time points obtained by concatenating B {3, 5, 7} consecutive

beats along the time axis, with L samples per beat (1 kHz sampling).
4.2 PVC Identification

Premature ventricular contractions (PVCs) occurred spontaneously during the ischemia interventions
(LAD perfusion reduction with demand elevation via controlled pacing and/or dobutamine); there was



no need to elicit them using programmed ventricular stimulation. PVC events were identified from the
recorded electrocardiographic signals using annotation procedures established within the lab [26].
This study did not aim to localize the spatial site-of-origin of P\VCs. While the epicardial sock
provides high spatial sampling that could support localization via earliest-activation mapping, our
objective here was forecasting the time-to-next PVC during acute ischemia. Accordingly, we treated
PVCs as time-stamped ventricular events within each intervention and focused our analyses on their
temporal occurrence rather than their spatial origin. The spatial characterization of PVC origin is an
important direction for future work that we highlight below.

4.3 Model Architecture and Training

We modeled time-to-event prediction as a single-output regression from short sequences of epicardial
electrograms. For each configuration (i.e., 3, 5, or 7 consecutive non-PVC beats, as described in the
previous subsection), the input sequence was passed to a stacked Long Short-Term Memory (LSTM)
network with six recurrent layers (hidden size = 128)[15]. The final hidden representation was
mapped to a single scalar via a fully connected layer, yielding the predicted time-to-PVC for the
center beat of the input sequence. We used dropout with p = 0.3 between the six recurrent backbone

layers to improve generalization.

To emphasize the most informative beats within each input sequence, we appended a single-head
additive attention layer on top of the LSTM outputs. With { h, }thl as the hidden states from the last
LSTM layer over a T-beat sequence (T € {3, 5, 7}), with h, € R®, the layer had the following linear
scoring function:

g =w'h,+bweR” beR.

If a binary validity mask {m, }thl is provided (where m, =1 indicates a valid time step), we
suppressed invalid positions by

€., =1
—o0, m, =0.
Attention weights were then computed with a softmax over time,
exp(&)

t T - !
D exp(&)
so that ¢, =0 for all t with m, =0 and ZtT:l“t =1. We formed a context vector by a weighted sum
of the hidden states,
T
c=>a.h eR".
t=1
Finally, the context ¢ was passed through dropout and a linear prediction head to produce the time-
to-PVC estimate,

y=W, Dropout(c)+b,,

where W, e R™® and b, € R (implemented outside the attention module). An overview of the end-
to-end architecture and training protocols for both evaluation paradigms is shown in Figure 2.
We trained all models to minimize mean absolute error (MAE). We selected MAE because it is robust

to the heavy-tailed error distribution observed in myocardial ischemia (occasional long inter-event
intervals), and because absolute deviations align directly with the intended clinical utility (how many



seconds early or late a prediction is). Models were optimized with AdamW [27] (learning rate

3x10™) with weight decay for regularization. Unless otherwise specified, we trained for 75 epochs
with a batch size of 256. Pilot learning-curve sweeps (50-100 epochs) showed validation of MAE
plateauing between ~60 and 80 epochs; fixing 75 standardized trainings across conditions while
remaining in the stable regime. To limit overfitting, we selected the checkpoint with the lowest
validation MAE (minimum mode; top-3 retained) and applied dropout between the recurrent backbone
and the output layer ( p =0.2). In Paradigm B (described below), fine-tuning used 20 additional
epochs at a 10x lower learning rate, further constraining adaptation on the smaller subject-specific
set.

Two practical choices improved stability and reproducibility: (i) we normalized inputs per recording
to reduce inter-experiment scale differences, and (ii) we used consistent sequence packing across
experiments (beats concatenated along time within a sample) so that the backbone learned temporal
structure rather than channel ordering artifacts.

For (i), let X, (t) denote the raw epicardial potential at time t from channel r within a given

intervention. For each recording and channel r, we computed the mean ., and standard deviation o,

using only the training split for that condition (no test/validation leakage), aggregating all time points
that contribute to the training windows. We then standardized all splits with

% (6)= m:x 22_1/(;6) '

In Paradigm B, x, and o, for the held—out subject were estimated from its fine-tuning subset and

applied unchanged to that subject’s validation/test windows. Fine-tuning experiments (Paradigm B
below) started from the pre-trained weights and continued supervised optimization on the held-out
subject for 20 additional epochs; all parameters were unfrozen during adaptation because freezing the
backbone degraded performance in our setting.

4.4 Evaluation Metrics and Calibration
We evaluated regression performance using mean absolute error (MAE),
l n
MAE==>"[9, -y,
NS
where Y, is the true time to PVC and Y, is the predicted time to PVC. We chose this metric because

it is robust to the heavy-tailed error distribution (occasional long inter-event intervals) and maps
directly to clinical interpretability (seconds early/late).

As a scale-normalized complement to MAE, we report mean relative error (MRE),
1Y -,
MRE=2 319 =Yl 10006,
n i=1 yi

computed on samples with y, >0 (cases with y, =0 were excluded). MRE highlights proportional

error relative to the true horizon and is therefore larger when many test samples have short time-to-
PVC values.

To quantify the scale and offset bias in predictions, we regress predicted on true time-to-PVC in
pooled cross-validation (Paradigm A) separately for each beats setting:

y:ﬁo +131y-



Perfect calibration correspondsto 5 =1and £, =0; S <1 indicates range compression (long
horizons underestimated, short overestimated), while S, >1 indicates range expansion. We also

report R? as a goodness-of-fit summary. Figures show the identity line (§ = y ); Table 1 reports
(5 8.R).

For clinical interpretability, we report the proportion of test samples with absolute error within
7 €{15,30,60,120} s for each condition:

18, .
Acc_, = ng(l Vi—yiI<7),
i=1

where 1() is the indicator function that equals 1 if the condition is true and O otherwise, and n is the
total number of test samples.

4.5 Error-Horizon Analysis

We analyzed how the error changed with prediction horizon h (the true time-to-PVC). For each
condition, we binned the test set by h using q =10 quantile bins (fallback to equal-width bins if

guantiles collapse due to ties), computed mean absolute error per bin, and plotted MAE versus bin
midpoints. We then fit a simple linear model

MAE (h)=a+yh,

and reported the slope y in units of seconds of error per 100 s of horizon, together with its standard
error from the ordinary least-squares fit (Table 2).

4.6 Experimental Paradigms

We evaluated the approach in two complementary settings designed to probe population-level
generalization and subject-specific adaptation.

Paradigm A: Intra-Experiment Cross-Validation: For each sequence length (3, 5, or 7 beats), we
pooled all samples from the 21 experiments and drew a stratified random split of 80%/10%/10% for
training/validation/testing, respectively. This ensured that each experiment contributed to all three
partitions while keeping individual samples disjoint across splits. The model was trained on the
training set, with its hyperparameters tuned to optimize performance on the validation set. The final
test set, which contained samples from all experiments that were unseen by the model during training
and validation, was then used to provide an unbiased measure of performance on the overall dataset.
This approach simulates a scenario in which a model is trained on a broad range of data and is
evaluated on a random, held-out subset of that same data.

Paradigm B: Subject-Specific Fine-Tuning: To simulate adapting a pre-trained model to a new
subject, we used a leave-one-experiment-out protocol across all 21 experiments. In each fold, the
model was pre-trained on data from 20 experiments (90% training, 10% validation) for 75 epochs. We
then fine-tuned on a small, random baseline subset (either 10% or 15%) of the held-out experiment for
20 additional epochs, updating all parameters. The remaining samples from the held-out experiment
were reserved strictly for testing. This design quantifies the benefit of limited subject-specific data
and matches the intended clinical workflow in which a model is adapted upon initial monitoring rather
than trained from scratch.

4.7 Implementation Details

The model was built using PyTorch Lightning, with Hydra configuration managing hyperparameters
and training workflows for reproducibility. Training ran on SLURM-managed multi-GPU nodes.
Typical allocations per job included 16 CPU cores and 250 GB host memory, with one of the
following GPU topologies: 4 x NVIDIA H200 (NVL), 4 x NVIDIA A800 40GB (active), or 8 x



NVIDIA L40S. Checkpoint resumption was enabled to tolerate preemption/interruption across nodes.
For Paradigm A, the pooled samples from all 21 experiments were processed in one run, with the best
model selected based on the lowest validation MAE and evaluated on the test set. For Paradigm B, the
leave-one-experiment-out protocol across 21 folds, all layers were unfrozen, the fine-tuning learning
rate was reduced by a factor of 0.1, and the folds were parallelized using a SLURM job array (indices
0-20). Performance metrics, including MAE and mean relative error, were logged via Weights &
Biases, with checkpoints saved based on validation MAE (minimum mode, top-3 retained). Test
predictions and errors were exported to CSV and JSON files in a structured results directory for
further analysis.

4.8 Statistical Analysis

We analyzed fold-aggregated Mean Absolute Error (MAE) from Paradigm B (fine-tuning) to compare
(i) fine-tuning percentages (10% vs. 15%) within each beat setting (3, 5, or 7 beats) and (ii) beat
counts within each fine-tuning percentage. Non-parametric, paired statistical tests were used due to
the potential non-Gaussian and heavy-tailed nature of fold-wise MAE distributions and to control for
fold-specific variability by treating each fold as its own control. Parametric alternatives, such as
paired t-tests or repeated-measures ANOVA, were avoided due to their reliance on normality and
variance homogeneity assumptions, which are often violated in MAE data.

Paired fine-tuning comparison (10% vs. 15%).

For each beat setting (3, 5, or 7), we formed paired MAE samples across cross-validation folds to
compare models fine-tuned with 10% versus 15% of the training data. The Wilcoxon matched-pairs
signed-rank test, a non-parametric method robust to non-normality and outliers, was used to test the

null hypothesis of equal median MAE. A negative median difference, 815_10 (MAE of 15% minus
10%), indicates superior performance for 15% fine-tuning.

To control the family-wise error rate across the three beat-specific comparisons, we applied the
Holm-Bonferroni correction, which scales p-values by the number of remaining tests in ascending

order of significance, ensuring monotonicity. We report the adjusted p-values, 815_10, and the rank-
biserial correlation coefficient:
W, -W_
rrb = !
n(n+1)/2

where W, and W_ are the sums of ranks for positive and negative paired differences, respectively,
and n is the number of non-zero differences. The coefficient r, , ranging from -1 to 1, quantifies the
effect size, with | Mo |~ 0.1, 0.3, and 0.5 indicating small, medium, and large effects, respectively. A
positive r, suggests that 15% fine-tuning yields lower MAE, complementing statistical significance
with a measure of practical importance.

Beats comparison within fine-tuning percentage.

For each fine-tuning percentage (10% or 15%), we compared MAE across beat settings (3, 5, and 7
beats) using the Friedman test, a non-parametric alternative to repeated-measures ANOVA, suitable
for matched folds and robust to non-normal distributions. This test assesses whether median MAE
differs across beat counts. If significant ( p < 0.05), we conducted post-hoc Wilcoxon matched-pairs
signed-rank tests for pairwise comparisons (3 vs. 5, 3 vs. 7, 5 vs. 7 beats) to pinpoint differences.
Each pairwise test was adjusted using the Holm-Bonferroni correction to control the family-wise error
rate within this family. We report the adjusted p-values, the median paired difference Ab_a (MAE of

the higher beat count minus the lower, with negative values indicating better performance for the
higher beat count), and the rank-biserial correlation coefficient (r, ), as defined above. A positive I,



indicates that the higher beat count yields lower MAE, providing a standardized measure of effect
magnitude.

Multiple comparisons.

The Holm-Bonferroni correction was applied to control the family-wise error rate within two test
families: (i) beats-fixed comparisons (10% vs. 15% fine-tuning within each of 3, 5, and 7 beats) and
(i) percentage-fixed comparisons (3, 5, and 7 beats within each of 10% and 15% fine-tuning). For
each family, p-values are ranked from smallest to largest, scaled by the number of remaining tests,
and adjusted to ensure monotonicity (non-decreasing adjusted p-values). This approach balances the
need to minimize false positives with the preservation of statistical power, ensuring robust inference
across multiple hypotheses.

5 Results
5.1 Intra-Experiment Cross-Validation (Paradigm A)

In the pooled cross-validation setting of Paradigm A, in which electrograms from all 21 experiments
were combined and randomly split into training, validation, and test sets, the model demonstrated
strong overall performance across different input sequence lengths. Table 3 presents the testing MAE
and MRE for 3, 5, and 7 beats. A key finding is the progressive reduction in MAE as the number of
input beats increased: from 6.50 seconds for 3 beats, to 5.97 seconds for 5 beats, and further to 4.73
seconds for 7 beats. Similarly, the MRE decreased from 15.1% to 7.9%, indicating not only lower
absolute errors but also proportionally more accurate predictions relative to the true time-to-PVC
values.

Figure 3 illustrates the calibration of predictions through scatter plots of predicted versus true time-to-
PVC for each beat configuration test set. The points cluster tightly around the identity line (dashed),
with minimal deviation across the full range of horizons (up to approximately 1250 seconds). This
visual alignment suggests that the model avoids systematic over- or underestimation, producing
predictions that are well-calibrated regardless of the input length. Quantitative confirmation comes
from Table 1, which reports the linear regression parameters for each case. Slopes were consistently
close to 1 (ranging from 0.992 to 0.997), intercepts were near zero (from -0.50 to 0.88 seconds), and

R? values exceeded 0.996, underscoring excellent goodness-of-fit and minimal bias. For instance, the

7-beat model achieved the best calibration with a slope of 0.997 and R* of 0.9985, implying that
nearly all variance in true values was explained by the predictions.

Table 4 shows the proportion of test samples where absolute errors fell within predefined thresholds
(15, 30, 60, and 120 seconds). Performance was notably high, with over 91.9% of predictions within
15 seconds for all configurations, rising to 96.1% for 7 beats. At 30 seconds, accuracies ranged from
97.8% t0 99.4%, and at 60 seconds, they exceeded 99.5% across the board. These thresholds
demonstrate the model’s reliability for short-term forecasting. The trend of improvement with more
beats was evident here as well, with the 7-beat model achieving near-perfect accuracy (99.9%) within
120 seconds.

Finally, the dependency of error on prediction horizon was examined in Figure 4 (top-left panel) and
Table 2. MAE is binned by true time-to-PVC deciles and plotted against bin midpoints on a
logarithmic scale. For all beat lengths, MAE remained relatively flat across short to medium horizons

(10" to 10% seconds), with an increase only at the longest bins (around 10° seconds). The 7-beat
curve lay uniformly below the others, confirming its superior performance. Linear fits yielded shallow
slopes of 0.36-0.46 seconds of additional error per 100 seconds of horizon, with small standard errors
(0.06-0.09), indicating stable predictive accuracy even for extended intervals. This flat profile
suggests that the pooled model handles varying PVC sparsity effectively, with errors dominated by
irreducible variability rather than horizon-dependent bias.

5.2 Subject-Specific Fine-Tuning (Paradigm B)



Paradigm B evaluated the model’s ability to adapt to novel subjects via fine-tuning, simulating
clinical personalization. Table 5 summarizes fold-level MAE and MRE across the 21 leave-one-out
folds, for both 10% and 15% fine-tuning percentages. It also shows the results for 0% fine-tuning as a
comparison. Mean MAE values were higher than in Paradigm A (50.42-65.54 s), reflecting the harder
setting in which each held-out experiment was only partially seen during fine-tuning (10-15% of its
data), and the model had to generalize to the remaining 85-90%. However, increasing fine-tuning data
from 10% to 15% consistently lowered MAE: by approximately 9.58 seconds for 3 beats (60.00 to
50.42 s), 9.86 seconds for 5 beats (62.70 to 52.84 s), and 14.61 seconds for 7 beats (65.54 to 50.93 s).
Standard deviations (28.06-55.43 s) and ranges indicated variability across folds, likely due to
differences in ischemia severity or PVC frequency per experiment. MRE followed a similar pattern,
dropping from 140.24% to 130.29% for 3 beats, and more substantially to 106.18% for 7 beats at
15%, emphasizing the benefit of additional subject data for proportional accuracy.

As a qualitative calibration check on a single held-out experiment, Figure 5 shows predicted versus
true time-to-PVC for fold 3 of 21 at 15% fine-tuning for 3, 5, and 7 beats. Points concentrate around
the identity line, and ordinary least-squares fits (solid lines) are close to the dashed identity,
illustrating typical behavior on one fold.

Figure 6 visualizes these distributions as notched boxplots, with medians (black lines), means (orange
diamonds), and outliers (dark gray points). The notches (95% CI of medians) show clear separation
between 10% and 15% for 5 and 7 beats, while whiskers (1.5%IQR) highlight the spread. For
example, the 7-beat 15% condition had the lowest median, underscoring robust gains from fine-
tuning.

Statistical validation in Table 6 confirmed these differences. Within-beat comparisons (10% vs. 15%)
yielded median reductions of -1.23 s (3 beats), -6.72 s (5 beats), and -7.00 s (7 beats). Holm-adjusted
Wilcoxon p-values were non-significant for 3 beats (0.2029) but highly significant for 5 and 7 beats
(0.0002 and 0.0012), with large negative rank-biserial effects (-0.896 and -0.801), indicating strong
practical improvements. Comparisons across beats within percentages (via Friedman and post-hoc
Wilcoxon) showed no significant differences, suggesting that fine-tuning benefits are more
pronounced than beat-length effects in this setting.

Threshold accuracies in Table 4 provided clinical context for Paradigm B. At 10% fine-tuning, 72.6—
74.6% of predictions fell within 60 seconds, improving to 76.7—79.7% at 15%. For 120 seconds,
accuracies reached 87.7-93.0%, with the highest (93.0%) for 3 beats at 15%. These gains (e.g., +7.3
percentage points within 60 s for 5 beats) translated to more samples in actionable windows,
particularly for longer contexts.

Horizon dependency is detailed in Figure 4 (right and bottom panels) and Table 2. MAE rose more
steeply than in Paradigm A (slopes 2.54-8.67 s per 100 s), with wider shaded errors at long horizons
due to fewer samples. However, 15% fine-tuning flattened these curves across all beats (e.g., 8.67 to
6.02 s/100 s for 7 beats), reducing standard errors and attenuating the increase at extended bins. This
pattern reveals that additional subject data primarily enhanced long-horizon predictions, where
baseline variability was highest.

Table 1: Calibration for pooled 80—10-10 models (Paradigm A). Linear regression of predicted on
true time-to-PVC; ideal calibration is Slope =1, Intercept=0.

Beats | Slope | Intercept () R?2
3 0.992 | 0.88 0.9963
5 0.995 | -0.50 0.9981
7 0.997 | -0.27 0.9985

Table 2: Slope of MAE vs. prediction horizon (bin midpoints). Slopes are reported as seconds of
error per 100 s of horizon; SE from OLS fit.



Paradigm | Beats | FT (%) | Slope (s/100s) | SE | Bins
A 3 — 0.44 0.07 | 10
A 5 — 0.46 0.09 | 10
A 7 — 0.36 0.06 | 10
B 3 10 5.48 1.30 | 10
B 3 15 2.94 1.10 | 10
B 5 10 3.43 0.92 | 10
B 5 15 2.54 0.87 | 10
B 7 10 8.67 2.11 | 10
B 7 15 6.02 135 |10

Table 3: Paradigm A: Mean absolute error (MAE) and mean relative error (MRE) for testing set.

Beats | MAE (s) | MRE (%)

3 6.50 15.11
) 5.97 11.01
7 4.73 7.93

Table 4: Proportion of test samples within absolute error thresholds by condition. Paradigm A used
pooled 80-10-10 CV; Paradigm B used leave-one-experiment-out with subject-specific fine-tuning
(FT).

Paradigm | Beats | FT (%) | <155 (%) | <305 (%) | <60s (%) | <1205 (%)
A 3 — 91.9 97.8 99.5 99.9
A 5 — 93.3 98.6 99.7 99.9
A 7 — 96.1 99.4 99.8 99.9
B 3 10 26.9 49.7 73.9 89.8
B 3 15 28.5 51.3 76.7 93.0
B 5 10 30.8 52.4 74.6 89.4
B 5 15 36.4 59.7 79.7 92.5
B 7 10 28.5 50.1 72.6 87.7
B 7 15 35.1 57.4 79.2 91.7

Table 5: Paradigm B: fold-level MAE by beats and fine-tuning percentage. Values are mean + SD
across folds; range shown in brackets. Abbreviation: FT = fine-tuning (percentage of subject data
used for adaptation).

Beats | FT (%) | MAE (s) Range (s) MRE (%) Range (%)

3 0 204.96 + 67.89 | [71.94, 317.38] | 366.00 + 213.44 | [91.54, 875.88]

3 10 60.00 + 45.27 | [39.39, 80.61] | 140.24 + 82.46 | [30.17, 363.44]

3 15 50.42 + 28.06 | [37.64,63.19] | 130.29 + 56.60 | [55.00, 245.28]

5 0 211.48 + 85.25 | [58.49, 400.16] | 423.44 + 297.45 | [877.87, 1250.89]




5 10 62.70 + 37.58 | [45.59, 79.81] | 144.67 * 75.03 | [44.66, 314.31]
5 15 52.84 + 33.56 | [37.56,68.12] | 117.62 + 64.82 | [35.40, 293.53]
7 0 203.37 + 82.04 | [84.07, 335.51] | 342.54 = 208.95 | [102.78, 952.60]
7 10 65.54 + 5543 | [40.31,90.78] | 138.39  81.40 | [39.06, 347.86]
7 15 50.93 + 39.36 | [33.01, 68.84] | 106.18 * 56.80 | [26.55, 226.17]

Table 6: Statistical comparisons with Holm-adjusted p-values. Multigroup tests use Friedman;
pairwise tests use Wilcoxon matched-pairs signed-rank. Median A in seconds (15% —10%). r,, is

rank-biserial effect size. Abbreviations: mg = multigroup, ph = post hoc.

Factor Contrast Method | Pairs | p, = | Med. A ry
Beats within % (10%) 3,5, 7 beats (mg) | Friedman | — - - -
Beats within % (15%) 3,5, 7 beats (mg) | Friedman | — - - -
Beats within % (10%) 3 vs 5 beats (ph) | Wilcoxon | 21 1.0000 | -2.98 -
Beats within % (10%) 3 vs 7 beats (ph) | Wilcoxon | 21 1.0000 | 3.96 -
Beats within % (10%) 5vs 7 beats (ph) | Wilcoxon | 21 1.0000 | 1.79 -
Beats within % (15%) 3 vs 5 beats (ph) | Wilcoxon | 21 1.0000 | -2.43 -
Beats within % (15%) 3 vs 7 beats (ph) | Wilcoxon | 21 0.8166 | -5.05 -
Beats within % (15%) 5vs 7 beats (ph) | Wilcoxon | 21 1.0000 | -0.70 -

% within Beats (3 beats) | 10% vs 15% Wilcoxon | 21 0.2029 |-1.23 -0.325
% within Beats (5 beats) | 10% vs 15% Wilcoxon | 21 0.0002" | -6.72 -0.896
% within Beats (7 beats) | 10% vs 15% Wilcoxon | 21 0.0012" | -7.00 -0.801
" p<0.05 indicates significance; p-values are Holm-adjusted.

6 Discussion
6.1 The Predictive Value of Electrophysiological Data

Our results affirmatively address the first central question posed in the introduction: do high-
resolution epicardial electrograms contain predictive signatures that can be leveraged to forecast the
timing of PVCs in the setting of myocardial ischemia? This claim is supported by the strong
performance observed in both experimental paradigms. In Paradigm A, the LSTM model achieved

low MAE ranging from 4.73 to 6.50 seconds, with near-perfect calibration (R? > 0.996 ) and high
accuracies within clinically relevant thresholds (e.g., over 99.5% within 60 seconds). These metrics
indicate that the model successfully extracted time-dependent patterns from the electrograms, patterns
that traditional linear or spectral methods often fail to capture [11, 12]. The progressive improvement
with longer input sequences, a 27.3% improvement from 3 to 7 beats, highlights that incorporating
more temporal context allowed the model to better capture the electrophysiological dynamics leading
to PVCs, aligning with the complex dynamics of ischemic arrhythmogenesis described earlier [1, 2].

In Paradigm B, the model’s adaptability to novel subjects reinforced its value, with 15% fine-tuning
reducing MAE by up to 14.61 seconds and flattening the error-horizon slopes. This result
demonstrated that even limited subject-specific data can refine predictions, addressing inter-subject
variability in ischemic responses. Collectively, these findings validate epicardial electrograms as a
rich substrate for arrhythmia forecasting, echoing prior studies on the electrophysiological insights
provided by such signals [5, 8]. By establishing feasibility in this high-fidelity setting, our work lays



the groundwork for translating these capabilities to non-invasive modalities, directly responding to the
clinical need for proactive rather than reactive monitoring.

6.2 Interpretation of Model Performance and Personalization

The results generally underscore the efficacy of LSTM networks in handling the sequential nature of
electrophysiological signals, a core challenge in arrhythmia prediction. The attention mechanism’s
role in weighting informative beats likely contributes to the observed gains with longer sequences,
allowing the model to focus on subtle precursors to PVVCs amid ischemic instability [15, 16]. In
Paradigm A, the flat error-horizon profiles (slopes of 0.36—0.46 s per 100 s) indicate that the model
maintains consistent accuracy across varying prediction intervals, a critical attribute for real-world
applications where PVC sparsity can fluctuate.

Paradigm B’s fine-tuning results make a strong claim for personalization: minimal adaptation (10—
15% of data) yielded significant improvements (e.g., large effect sizes of -0.801 to -0.896),
particularly for longer horizons where inter-subject differences were amplified. This finding ties back
to our second question, how much subject-specific information is required for a model to achieve
useful performance?, quantifying that, in our case, as little as 15% subject-specific data sufficed for
useful performance, simulating clinical scenarios like initial monitoring periods. Such performance
positions our approach as a bridge between population-level models and individualized care,
consistent with emerging trends in personalized cardiac Al [13, 14].

To complement aggregate metrics, we examined test segments with similar true horizons but
divergent errors (Figure 7). Visually, these examples were not meaningfully distinct, suggesting that
the model relies on subtle, distributed cues that are difficult for human experts to discern by eye. This
observation supports the use of sequence models and motivates targeted interpretability analyses (e.g.,
attention weights or saliency over beats) to clarify which signal characteristics drive accurate versus
inaccurate predictions.

6.3 Challenges and Limitations

Despite these advances, several challenges underscore our focus on fundamental feasibility and
highlight areas for refinement. We focused on forecasting the temporal occurrence of PVCs rather
than attempting to localize their spatial site of origin, a straightforward step given the resolution of our
epicardial mapping measurements. Instead, our goal was to predict the future occurrence of PVCs
based on recordings of normal epicardial potentials. Future studies will evaluate whether annotating
the spatial origin of PVVCs improves forecasting performance or enables mechanistic stratification. By
the very nature of the preparation (a healthy heart in a swine), ventricular tachycardia was observed
only infrequently following PVCs in these experiments. Such sparse data precluded a systematic
analysis of PVC-VT transitions, which leads naturally to additional future studies.

The sparsity of training data is a recurring theme in the medical applications of machine learning, and
our results showed related limitations. The steeper error-horizon slopes in Paradigm B (2.54-8.67 s
per 100 s) reflect the inherent stochasticity of PVCs in ischemia, where long intervals introduce
greater uncertainty, a limitation inherent to time-to-event modeling in sparse arrhythmic data [6].
Inter-fold variability (e.g., MAE SD up to 55.43 s) underscores subject heterogeneity, potentially
arising from experimental variations in ischemia protocols or animal physiology, which may not fully
mirror human pathophysiology.

While epicardial electrograms provide a high signal-to-noise benchmark, their invasive nature
restricts direct clinical use; translation to surface ECGs might degrade performance due to signal
attenuation and noise, as noted in related electrophysiological studies [7]. The reliance on MAE, while
robust to heavy-tailed errors, does not quantify prediction uncertainty, potentially leading to
overconfidence in high-risk scenarios. The dataset, though unique (21 experiments, 2,252 PVCs), is
modest in scale and derived from animal models, limiting generalizability to diverse human
populations or varying ischemic etiologies. Retrospective evaluation assumes static conditions, but
real-time drifts (e.g., evolving reperfusion) could exacerbate errors.



There are some additional challenges that often arise in the setting of approaches requiring training
based on limited data. Since samples are constructed as overlapping beat windows, distinct
train/validation/test partitions can still share context even when the center beat used for supervision is
unique to a split. In Paradigm A, windows near split boundaries may reuse neighboring beats across
partitions; in Paradigm B, fine-tune and test windows from the same experiment can likewise share
non-center beats. We explicitly excluded duplicate center beats across splits, but residual context
overlap might have introduced a slight optimistic bias. Two practical mitigations would be “exclusion

margins” that also hold out iL(T ~1)/ ZJ beats around each labeled center (for T {3,5,7}), and

block-wise splitting by contiguous time (e.g., intervention segments) to ensure non-overlapping
context between splits. In our study, the limited fine-tune fraction in Paradigm B and the center-beat
uniqueness constraint reduced, though did not eliminate, this effect. Finally, the qualitative examples
underscore that the forecasting cues are often not obvious to human inspection, reinforcing the need
for interpretable analyses to expose which features the model exploits and to guide future
preprocessing or architectural choices.

6.4 Future Directions

From a translational perspective, although this study was conducted in a large-animal model, the
experimental conditions were designed to replicate key physiological features of human acute
myocardial ischemia, including controlled coronary flow reduction, increased myocardial demand,
and the emergence of spontaneous ventricular ectopy. Porcine cardiac anatomy, electrophysiology,
and ischemic responses share key similarities with those of humans, making this a well-established
translational model for studies of ischemia and ventricular arrhythmias. Importantly, the goal of this
work was not to produce a clinically deployable predictor or to alter current standards of care, but to
establish whether electrophysiological signals contain sufficient information to forecast PVC timing
under ischemic stress. Demonstrating feasibility in high-fidelity epicardial recordings provides a
necessary foundation for future translational studies.

From a clinical perspective, the findings of this study are most relevant to settings involving acute
ischemic stress, rather than chronic ischemic cardiomyopathy with established scar. This framework
is not intended to replace standard coronary evaluation, revascularization, or guideline-directed
therapy, but to motivate future investigation into whether arrhythmic vulnerability during evolving
ischemia can be identified earlier through electrophysiological monitoring. Potential downstream
applications, pending substantial validation, may include acute coronary syndromes prior to
intervention, peri-procedural ischemia, or monitored settings such as stress testing, the emergency
department, or intensive care unit.

A plausible future use case is a patient undergoing continuous ECG monitoring during suspected or
evolving ischemia (e.g., chest pain in the emergency department while awaiting coronary evaluation,
high-risk stress testing, or peri-procedural ischemia). In this scenario, an ECG-based version of the
present approach could run continuously and output a rolling estimate of time-to-next PVC (and
ideally an uncertainty measure) that updates as new beats arrive. The intended value would be lead
time: a sustained shortening of predicted horizons, or repeated predictions within a short-window
threshold, could serve as a decision-support signal of heightened electrical instability and prompt
clinicians to increase vigilance or readiness to escalate care (e.g., intensified rhythm surveillance,
preparation for defibrillation/pacing, reassessment of reversible triggers such as electrolytes and
ischemic burden, and prioritization of urgent evaluation/intervention when clinically indicated).
Conversely, persistently long and stable predicted horizons could support continued observation
without additional alarms. Crucially, any alerting logic would require prospective validation to define
safe operating points (thresholds, false-alarm burden, and patient selection), and would be integrated
with, not substituted for, standard clinical assessment and guideline-directed management.
Application to chronic ischemia or scar-mediated ventricular tachycardia was outside the scope of the
present study and would require dedicated investigation.

7 Conclusions



This study shows that deep learning, specifically LSTM models, can forecast the timing of PVCs
during myocardial ischemia from short sequences of epicardial electrograms. The model’s accuracy
increased as the input sequence length grew from 3 to 7 beats, while its calibration remained highly
accurate, suggesting that the remaining prediction errors are primarily due to natural variations in
physiological responses rather than flaws in the model that could be corrected. We further
demonstrated that a pre-trained model can be efficiently adapted to a new subject with a small amount
of subject-specific data (15%), yielding substantial, statistically reliable error reductions, especially
with 5-7 beats, and increasing the fraction of predictions within clinically meaningful 30-60 s
windows. These findings establish the feasibility of predictive modeling from high-resolution
electrophysiological signals, paving the way for real-time, personalized tools that shift arrhythmia
management toward proactive prevention and improved patient outcomes in ischemic heart disease
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Figure 1: Schematic representation of the temporal relationship between premature ventricular
contractions (PVCs) and intervention periods with induced myocardial ischemia. The figure illustrates
two intervention episodes (Intervention 1 and Intervention 2), each consisting of sequences of beats
leading up to PVC events. PVCs are marked by vertical red lines (PVC 1, PVC 2, PVC 3 in
Intervention 1; PVC 1, PVC 2 in Intervention 2). Colored segments represent beats preceding PVCs
within each intervention period, with arrows indicating progression toward the next PVC. A recovery
period separates the two interventions. Crossed-out segments denote periods excluded from analysis.

Figure 2: LSTM-based framework for time-to-PVC prediction from epicardial electrograms. (A)
Model architecture: sequences of 3, 5, or 7 consecutive non-PVC epicardial beats are processed
through a 6-layer stacked LSTM network with an attention mechanism for temporal weighting. The
final representation passed through dropout regularization and a fully connected layer to produce a
continuous time-to-PVC prediction in seconds. (B) Paradigm A (Intra-Experiment Cross-Validation):
All samples from 21 experiments (n=2,252 PVCs; 85,000-88,000 total samples) were pooled and
stratified randomly into training (80%), validation (10%), and test (10%) sets, ensuring all
experiments contribute to each partition. (C) Paradigm B (Subject-Specific Fine-Tuning): Leave-one-
experiment-out validation protocol, where the model was pre-trained on 20 experiments for 75
epochs, then fine-tuned on 10-15% of the held-out experiment for 20 additional epochs, with the
remaining 85-90% reserved for testing. This approach simulates clinical adaptation to individual
patients with limited subject-specific data.

Figure 3: Pooled 80-10-10 predicted vs. true time-to-PVC for 3, 5, and 7 beats. The dashed line is
the identity (¥ =y ); proximity indicates calibration.

Figure 4: Prediction error as a function of horizon. Curves show mean absolute error (MAE, s)
computed in decile bins of the true time-to-PVC; the x-axis is logarithmic and points are plotted at bin
midpoints. Top-left: Paradigm A for input contexts of 3, 5, and 7 beats. Top-right/bottom panels:
Paradigm B for 3- (top-right), 5- (bottom-left), and 7-beat (bottom-right) models, comparing fine-
tuning with 10% vs. 15% of subject data. Shaded ribbons denote +1 standard error within each bin.
Fewer samples at the longest horizons yield wider bands.

Figure 5: Paradigm B, fine-tuned with 15% of the held-out experiment. Predicted vs. true time-to-
PVC for 3-, 5-, and 7-beat inputs shown for a single illustrative fold (fold 3 of 21). The dashed line
marks the identity (¥ =y ); the solid line is an ordinary least squares fit with the equation inset. These

panels are examples; variability across folds is observed.

Figure 6: Distribution of test MAE across the 21 leave-one-experiment-out folds in Paradigm B,
stratified by input context (3/5/7 beats) and fine-tuning percentage (10% or 15%). For each condition,



a single box summarizes the 21-fold-level MAEs, where each fold’s MAE was computed on that
fold’s test set after fine-tuning on the specified fraction of the held-out experiment. Notched boxes
indicate an approximate 95% confidence interval for the median (black line); the box spans the
interquartile range (IQR); whiskers follow the Tukey rule (1.5 x IQR); orange diamonds denote the
mean; gray points are outliers. Fine-tuning percentages refer to the proportion of data from the held-
out experiment used for adaptation; the remainder was used exclusively for testing.

Figure 7: Qualitative examples from the test set (Paradigm B, 15% fine-tuning, fold 4). Each panel
shows a short epicardial electrogram segment (Potential, mV, versus Time, ms). Top: large-error case
with true time-to-PVC =57.541 s, predicted=151.262 s (absolute error =93.721 s; relative error
=162.9% ). Bottom: small-error case with true =56.291 s, predicted = 73.163 s (absolute error
=16.872 s; relative error =30.0%). Despite nearly identical true horizons (~ 56 —58 s), the traces
do not exhibit obvious visual differences that would explain the disparity in error, underscoring the
subtlety of the predictive cues.
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Key Findings

e Deep-learning models (6-layer LSTM with attention) accurately forecast the
timing of premature ventricular contractions (PVCs) during acute myocardial
ischemia from short epicardial electrogram sequences; pooled cross-validation
achieved low error and excellent calibration (e.g., MAE 6.50—4.73 s as input
increased from 3—7 beats; R = 0.996).

e Providing more temporal context improves accuracy: using 7 beats lowered
MAE by ~27% vs 3 beats and yielded the best calibration and threshold
performance.

e In a subject-specific setting (leave-one-experiment-out), limited fine-tuning
substantially improves performance, adapting with 15% of subject data reduced
MAE by ~10-15 seconds versus 10%, and flattens error-vs-horizon slopes, with
the strongest gains observed for 5-7 beats.

e Prediction accuracy is high within clinically actionable windows: in pooled
testing, 96-99% of estimates were within 30 seconds and 299.5% within 60
seconds; with personalization, 60-second accuracy improved to ~77-80% at 15%
fine-tuning.

e Findings establish the feasibility of proactive, real-time arrhythmia risk
management: epicardial signals contain predictive signatures, and only modest
subject-specific data are needed to personalize forecasting models.



