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Photoplethysmography Using Deep Residual Networks
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Abstract

Early detection of in-hospital cardiac arrest remains a critical challenge for im-
proving patient outcomes. We propose a deep learning framework that leverages
continuous photoplethysmography (PPG) signals to predict cardiac arrest within
a 24-hour window. We used the SCOPE dataset, a recently released collection
that includes PPG waveforms from 4,517 ICU admissions across 3,785 patients at
Seoul National University Hospital. A residual 1D convolutional neural network
was trained on 5-minute PPG segments sampled at 125 Hz and evaluated using
patient-level stratified 5-fold cross-validation. We benchmarked the model against
a logistic regression baseline and a deeper ResNet variant, and performed abla-
tions over class imbalance, windowing strategies, and model capacity. The model
achieved strong discrimination with both AUROC and AUPRC, demonstrating
that PPG signals contain predictive signatures of impending deterioration. These
findings highlight the feasibility of non-invasive waveform-based risk prediction,
and position PPG monitoring as a promising biomarker in critical care.

1 Introduction

Cardiac arrest is among the most severe clinical emergencies, with survival rates below 25%
despite advances in monitoring and resuscitation (1 2 3). Early identification of patients at risk
is critical, as interventions before arrest significantly improve outcomes (4). Conventional early
warning systems such as the Modified (MEWS) and the National Early Warning Score (NEWS) rely
on manual and sparse vital signs and struggle to detect subtle changes that precede cardiac arrest (5)).
Although NEWS has stratified risk up to 24 hours prior to in-hospital cardiac arrest, its discriminative
ability is limited (AUC of 0.58-0.64) (6). These limitations show the need for continuous, data-driven
monitoring to detect physiologic deterioration earlier.

PPG, obtained through pulse oximetry, represents a promising signal for this task. PPG is non-
invasive, low-cost, and already collected continuously in many hospital settings and wearable devices.
Beyond heart rate and oxygen saturation, PPG captures beat-to-beat variability and morphological
changes reflecting circulatory and autonomic status (7)(8). Prior studies have demonstrated associ-
ations between PPG features and cardiovascular instability (9), suggesting that PPG may contain
early signs of clinical deterioration that are invisible to current early warning scores. Despite this,
relatively little work has examined the use of continuous PPG time series for predicting in-hospital
cardiac arrest.

Deep learning has transformed time-series analysis in healthcare, with CNNs and residual
architectures showing strong performance on ECG, EEG, and other biosignals (10;/11;112)). Residual
networks in particular allow efficient training of deep architectures while preserving temporal detail,
making them well-suited for noisy physiological data. In this study, we investigate whether deep
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residual networks applied directly to raw PPG signals can provide early warning of in-hospital cardiac
arrest.

2 Methods

We constructed an experimental cohort by linking clinical outcomes with the full set of cached
continuous PPG recordings sampled at 125 Hz. The dataset contained 71 cardiac arrest patients and
more than 3,500 non-arrest patients. For model development, we retained all eligible non-arrest
patients for the main class-weighted analysis, and additionally created balanced and semi-balanced
subsets (1:1, 1:2) for controlled ablation experiments. Class imbalance was addressed using class-
weighted loss and patient-level stratified sampling, ensuring that no waveform segments from the
same patient appeared in both training and evaluation (Figure 1).

Continuous PPG recordings were segmented into five-minute windows, with or without 50%
overlap. For cardiac arrest patients, only the last 24 h before the event were used; for non-arrest
patients, only the first 24 h of admission. Segments were normalized (zero mean, unit variance;
near-zero variance handled by mean subtraction) and missing values were replaced with zero. Each
window received a binary label indicating whether it fell within the predictive horizon.

We implemented a 1D residual neural network in PyTorch with three residual blocks (16, 32, 64
channels) including convolution, batch normalization, and ReLU, using projection shortcuts when
dimensions changed. The network ended with adaptive average pooling, a fully connected layer, and
sigmoid activation to output the probability of cardiac arrest.

To contextualize the performance of our 1D ResNet, we implemented a simple logistic regression
model using handcrafted PPG morphology features extracted from each prediction window. For
every 5-minute segment, we computed mean amplitude, standard deviation (beat-to-beat variability),
peak-to-peak range, and an approximate heart rate estimated from peak counts. These features were
z-scored and used to train a logistic regression classifier with balanced class weights. This baseline
allows us to quantify the value of learning directly from raw waveforms compared to using simple
interpretable summary statistics.

We trained a deeper variant of the 1D ResNet with additional residual blocks to assess whether
increasing model capacity yields improved performance. to test the architectural simplicity of the
baseline model.

Models were trained for 10-20 epochs using Adam (Ir = 1e-3), batch size 64, and binary cross-
entropy loss. Evaluation followed patient-level five-fold stratified cross-validation, ensuring windows
from the same patient remained in a single fold. Performance was assessed using AUROC and
AUPRC on held-out patients.

Assessed for eligibility:

3785 unique patients [4517 ICU admissions]) Data pre-excluded in the dataset:
Seoul National University Hospital ICUs Excluded by patient/admission criteria
Oct 2019 - Dec 2023 * Cardiac surgery patients

« Age <18 or >90
« Brain-dead donors for organ retrieval
« Cardiac arrest outside ICU
1 = ICU stay <24 h continuous ECG
* Poor signal quality

Continuous ECG (500 Hz) & PPG (125 Hz) per ICU stay

Dataset available/used
(4,517 ICU admissions [3,785 patients])
Up to 48 h continuous ECG & PPG prior to earliest
outcome
Clinical outcomes: ICU discharge, cardiac arrest, in-
unit mortality

\

Final prediction cohort with usable waveform data (1:2 ratio training)
* Cardiac arrest =71

* Non-arrest = 3675

5-min windows; horizon = 12-24 h pre-arrest

Training set Testset
+ Cardiac arrest=57 + Cardiac arrest=14
» Non-arrest=119 + Non-arrest = 3556

Figure 1: Flowchart of Study Cohort.
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3 Results

Table 1: 24 Hr Horizon, 50% windows overlap, 1:2 dataset training

Stage AUROC AUPRC
Fold; 0.892 0.890
Fold, 0.892 0.893
Fold; 0,890 0.889
Foldy; 0,865 0.870
Folds 0.894 0.883

Mean 0.888 £0.011 0.885 £0.008

Table 2: Comparing Different Models

Model AUROC AUPRC

Logistical Regression 0.616 0.386
Shallow ResNet (3 blocks) 0.888 +0.011  0.885 +0.008
Deeper ResNet (4 blocks)  0.841 +0.071  0.716 £0.105

Fold-wise AUROC and AUPRC values are reported in Table 1. In this setting, the model was
trained on a 1:2 balanced subset but evaluated on the more realistic imbalanced patient distribution.
The similar performance across all five folds indicates that the model generalizes well despite
being trained on a balanced cohort and tested on a distribution that more closely reflects real-world
imbalance.

Figure 2 presents the ROC and precision—recall curves for a 12-hour horizon, no overlap, and
1:2 cardiac arrest to non prediction. The model achieves strong discriminative performance (AUROC
= 0.833) and maintains high precision (AUPRC = 0.831), despite the class imbalance. Figure 3
shows the corresponding curves for a 24-hour horizon, where ROC performance remains similar, but
precision drops more notably at lower recall levels reflecting, as expected, increased uncertainty for
longer-range predictions. Figure 4 displays the ROC curves stratified by fold for the 24-hour horizon,
illustrating trends across cross-validation splits.

In additional (non-CV) sensitivity analyses, we varied the fixed train—test split (80/20 vs. 70/30),
windowing strategy (300s/300s non-overlapping vs. 300s/150s overlapping), prediction horizon
(24h vs. 48h), and class ratio (1:1 vs. 1:2, via down-sampling of non-arrest windows). These
ablations yielded results that were qualitatively consistent with those from cross-validation. Among
the variations tested, overlapping windows, a 1:1 class ratio, and a shorter prediction horizon (24h)
led to modest improvements in both AUROC and AUPRC, indicating that these choices may enhance
early warning performance.

Table 2 compares the performance of the logistic regression baseline with two neural archi-
tectures. The logistic regression model, which uses only four handcrafted morphology features,
achieved modest discrimination (AUROC 0.616; AUPRC 0.386). In contrast, the shallow 1D ResNet
substantially outperformed the baseline, yielding the highest and most consistent results across folds
(AUROC 0.888 £ 0.011; AUPRC 0.885 £ 0.008). Surprisingly, increasing model depth to a four-block
ResNet reduced both average performance (AUROC 0.841; AUPRC 0.716) and stability (std = 0.071
AUROC), suggesting that the predictive signal in PPG waveforms may be captured primarily by
lower-level temporal features rather than deeper hierarchical representations.
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Figure 2: 12 Hr Horizon, No windows overlap,  Figure 3: 24 Hr Horizon, No windows overlap,
1:2 dataset 1:2 dataset.

Mean ROC curve with variability
(Patient-level aggregation)

True Positive Rate

Fold 1 (AUC=0.787)
Fold 2 {AUC=0.805)
Fold 3 {AUC=0.769)

Fold 4 (AUC=0.748)

Fold 5 (AUC=0.929)
/e —— Mean ROC (AUC = 0.806 + 0.064)
0.0 J + 1 std. dev.

0.0 0.2 0.4 0.6 0.8 10
False Positive Rate

Figure 4: 24 Hr Horizon, 50% windows overlap, 1:2 dataset ROC curve full.

4 Discussion

Our findings demonstrate that deep residual networks trained on PPG segments can extract
signals for early warning of in-hospital cardiac arrest. Importantly, evaluation was performed using
patient-level cross-validation, which mitigates the optimistic bias that occurs when windows from
the same patient appear in both training and validation. The stability of AUROC and AUPRC across
folds suggests that the model is learning features that generalize beyond individual patients.

Our dataset contained 74 cardiac arrest cases within a much larger cohort of non-arrest patients.
For computational efficiency and to perform controlled imbalance ablations, we created balanced
and semi-balanced training subsets (e.g., 1:1 or 1:2). While this yields a more balanced cohort and
the subsampled training improves stability under limited positive cases, it does restrict exposure to
the full range of control-patient variability. We also constrained the prediction horizon to 24 hours
before arrest and limited control segments to the first 24 hours of admission. While this simplification
aids model learning, it may not capture the full diversity of clinical trajectories, including gradual
deterioration or recurrent instability.

The current model also relies on a relatively shallow architecture and short fixed-length windows.
More expressive architectures such as temporal transformers, diffusion models, or self-supervised
pretraining approaches could capture longer-term dependencies and subtle temporal trends in the data.
Finally, while AUROC and AUPRC provide useful measures of discrimination, clinical deployment
would require additional evaluation of calibration, interpretability, and fairness across subgroups.

We evaluated two additional baselines: a logistic-regression classifier and a deeper convolutional
network variant. The logistic-regression model represents a simple physiologic-feature baseline, while
the deeper network tests whether additional depth meaningfully improves representation learning
on short PPG segments. Across experiments, the logistic-regression baseline achieved substantially
lower AUROC/AUPRC, underscoring that simple morphology trends alone are insufficient for early
cardiac-arrest prediction. The deeper CNN improved window-level fitting but did not consistently
outperform the original 1D-ResNet, suggesting that extremely deep temporal models may overfit the
limited number of positive arrests available in SCOPE. These results highlight that (1) PPG indeed
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contains physiologically meaningful early-warning structure, but (2) large, highly expressive models
do not necessarily translate to better patient-level generalization under extreme class imbalance.

Future work should validate these methods in larger multi-institutional cohorts, explore mul-
timodal integration with ECG or electronic health records, and investigate model interpretability
techniques like saliency maps to identify physiologic correlates of risk. By grounding early warning in
high-frequency physiological signals, this approach may complement existing early warning scores.

4.1 Morphology Analysis

To better understand which waveform segments influenced the model’s decisions, we analyzed
simple beat-to-beat morphology features extracted from each validation window and examined how
they correlated with the model’s predicted risk. (15)

Our morphology analysis showed that the deep model’s predicted risk was weakly correlated
with basic waveform descriptors, suggesting that the CNN was not relying on any single handcrafted
feature, but rather on more complex combinations of morphology and temporal patterns. Correlation
coefficients between predicted risk and morphology features ranged from —0.18 to —0.01, indicating
small but interpretable trends. High-risk windows tended to show lower amplitude variability (stdamp:
0.63 vs. 1.00), reduced peak-to-peak amplitude (6.29 vs. 10.61), and lower estimated heart rate (59
vs. 82 bpm). These patterns are consistent with physiologic deterioration preceding cardiac arrest,
where PPG signals become damped, low-variability, or noisy due to peripheral vasoconstriction,
hypoperfusion, or irregular circulation. Importantly, the model learned to associate these subtle
reductions in pulsatility and slope irregularity with increased risk, even though these features were
not explicitly engineered.

4.2 Related Works

Kataria et al. developed PPG-GPT (13), a large pre-trained foundation model trained on over
200 million 30-second PPG segments. Their Feature Extractor—Aggregator Network leverages
representations from PPG-GPT variants up to 1 billion parameters, achieving an AUROC of 0.79
over a 24-hour horizon peaking at 0.82 one hour before cardiac arrest. These results highlight the
potential of large-scale pretraining to extract rich PPG representations for downstream prediction
tasks. In comparison, our lightweight 1D ResNet achieved an AUROC of 0.888 over 24 hours using
only supervised training on the smaller SCOPE dataset, showing that carefully designed task-specific
models can still outperform foundation-model-based pipelines on domain-specific prediction tasks.

Park et al. incorporated multimodal EMR features to achieve strong discriminative performance
for in-hospital cardiac arrest prediction (14). Lee et al. combined baseline features with LSTM-
modeled vital signs, obtaining AUROC of 0.91 up to 13 hours in advance using MIMIC-IV, with
89% detection one hour prior (16). Lu et al. proposed PedCA-FT, a transformer architecture that
fuses tabular and textual pediatric EHR features, outperforming ten baselines (18). These multimodal
approaches demonstrate that integrating diverse clinical data sources can improve accuracy but require
broad data availability and substantial integration infrastructure. Notably, our unimodal PPG-based
approach obtained comparable AUROC using waveform data alone, underscoring the predictive
richness of continuous physiological signals where such monitoring is already routine.

Unlike multimodal or foundation-model-based systems, our method uses a compact 3-block 1D
ResNet trained directly on short sliding-window segments without handcrafted features or auxiliary
clinical inputs. We performed controlled experiments across window sizes, prediction horizons,
and class imbalance strategies, and enforced strict patient-level stratified 5-fold cross-validation
to avoid data leakage and optimistic bias. This design enables efficient deployment with minimal
data dependencies while providing realistic performance estimates under the severe class imbalance
characteristic of cardiac arrest datasets (17).

5 Conclusion

We presented a residual neural network for early warning of in-hospital cardiac arrest using
only PPG time series. By segmenting continuous PPG recordings into fixed windows and restricting
positive samples to the 24-hour pre-arrest horizon, we framed the task as a patient-level binary pre-
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diction problem. Training with five-fold stratified cross-validation demonstrated that the model could
distinguish arrest from non-arrest cases using waveform-derived features alone. These results indicate
that routinely collected PPG signals contain predictive information about clinical deterioration, and
that residual networks can effectively extract these patterns. Future work will involve scaling to larger
and more diverse datasets, incorporating additional modalities such as ECG or EHR-derived features,
and extending to self-supervised representation learning for improved generalization.
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