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Abstract

Background: Delayed cerebral ischemia (DCI) is a major cause of morbidity after aneurys-
mal subarachnoid hemorrhage (aSAH), yet early prediction remains difficult, especially
in comatose patients. Existing risk scores are largely static and do not capture dynamic
pathophysiological changes. Heart rate variability (HRV), reflecting autonomic nervous
system activity, may provide additional predictive information. We investigated whether
integrating HRV into a longitudinal multimodal model improves DCI prediction. Meth-
ods: In this prospective cohort study, continuous ECG data were collected from patients
with aSAH admitted to a tertiary neurocritical care unit between 2016 and 2024. HRV
features were computed in real time from high-resolution ECG recordings and combined
with demographic, clinical, laboratory, and blood gas variables. Four prediction models
were evaluated: static clinical variables, laboratory/blood gas data, HRV features, and a
multimodal combined model. Performance was assessed using cross-validation, anchored
ROC analysis, and leave-one-out simulations. Results: Among 101 eligible patients, 35
(34.7%) developed DCI. LFNorm showed the best univariate HRV performance (ROC AUC
0.64). HRV features and laboratory/blood gas models achieved ROC AUCs of 0.60 and 0.63,
respectively. The multimodal model achieved the highest overall performance (ROC AUC
0.68), with HRV features accounting for more than half of the model’s feature importance.
Time-resolved analyses further demonstrated that the contribution of HRV varied across the
clinical course, providing the greatest incremental value during the later phase preceding
DCIL Conclusions: Integrating HRV into a multimodal prediction framework provides
additional time-dependent information for DCI risk estimation in patients with aSAH.

Keywords: subarachnoid hemorrhage; machine learning; heart rate variability; delayed
cerebral ischemia
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1. Introduction

Worldwide, almost 700,000 patients suffer from aneurysmal subarachnoid hemorrhage
(aSAH) annually [1]. After the primary brain injury due to aneurysm rupture, delayed
cerebral ischemia (DCI) occurs in up to one-third of the patients and is a major cause of
death and disability [2,3]. The prediction and early detection of DCI in aSAH is critical to
prevent secondary infarctions and is particularly challenging in comatose patients [4,5].
Various scores are available to predict the outcome and the probability of developing DCI,
including the Hunt and Hess, the World Federation of Neurosurgical Societies (WFNS),
Fisher, Barrow Neurological Institute (BNI), and VASOGRADE scales [6-10]. However,
these scores have limited predictive value. This is primarily due to the fact that they
are determined at the time of patient admission and are thus static and do not take into
account the dynamically changing factors that contribute to the development of DCL
Recently, a longitudinal machine learning (ML)-based algorithm for DCI risk prediction
has been developed. This algorithm is based on predictors such as patient characteristics
and 45 laboratory findings and values from arterial blood gas analysis [11]. Two models
were trained: a static model using demographic and SAH grading scores at admission
and a dynamic model using regularly sampled laboratory and blood gas analysis data.
A combined model using a voting approach to predict DCI attained an ROC AUC of
0.73 +0.05 [11].

Heart rate variability (HRV) reflects the interplay between sympathetic and parasym-
pathetic activity. It provides a non-invasive and continuous measure of autonomic nervous
system balance [12,13]. HRV is a biomarker in sepsis-associated systemic inflammatory re-
sponse syndrome (SIRS) [14]. SAH following aneurysm rupture has been shown to induce a
cerebral and systemic inflammatory response, which is associated with the development of
cerebral vasospasm and DCI [15,16]. It can thus be concluded that HRV monitoring might
have the potential to predict DCI. A few studies have previously examined the potential of
HRV as a biomarker, with initial findings indicating a satisfactory sensitivity, though with
limited specificity [17-21]. This suggests the need for approaches that combine HRV with
additional multimodal parameters to enhance diagnostic accuracy.

ICU Cockpit® is a secure IT platform currently in use in the Neurocritical Care Unit
(NCCU) at the University Hospital Zurich. It collects high-resolution multimodal data, sup-
ports computational disease modeling, and enables real-time validation and deployment
of decision support systems in critical care. Uniquely, it allows algorithms—such as those
for HRV analysis to predict DCI—to be seamlessly integrated into the live data stream,
providing real-time clinical decision support and predictive insights at the bedside [22].

This project hypothesizes that incorporating specific features extracted from high-
temporal-resolution biosignals, such as HRV, can improve the accuracy of an existing
longitudinal model for predicting DCI, which has previously been based only on low-
resolution data.

The specific steps of the present project were: (1) to develop an algorithm for the
real-time computation of HRV features, (2) to analyze their value for DCI prediction (a) as
a single biomarker and (b) in combination with the dynamic input features from the pre-
existing model for DCI prediction based on predictors with low temporal resolution that
was already running in the ICU Cockpit® live environment, and (3) to implement them
into the live data stream.

2. Methods

The authors adhere to the TRIPOD (transparent reporting of a multivariable prediction
model for individual prognosis or diagnosis) reporting guidelines.
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2.1. Participants and Data Source

The data were prospectively collected from patients with aSAH who were admitted to
the neurosurgical intensive care unit at the University Hospital of Zurich in Switzerland
between November 2016 and April 2024. Continuous electrocardiography (ECG) data were
collected at 500 Hz using a Philips IntelliVue monitor (MX750, Boblingen, Germany). The
data collection was carried out via a CNS data collector (Moberg ICU Solutions, Amb]er,
PA, USA), and the high-resolution data were processed and stored by the ICU Cockpit®,
our IT platform [22]. The study received approval from the ethics committee of Kanton
Zurich (BASEC Nr. 2025-02422), Switzerland. Patients were included in this study after
written consent had been obtained from the patients or their legal representatives.

2.2. Diagnostics and Treatment

Clinical management was guided by the American Heart Association guidelines [23].
Diagnostics and treatment are described in detail elsewhere [11]. Importantly, mag-
netic resonance imaging (MRI) or computed tomography (CT) scans, including CT-
angiography/perfusion, were performed if patients met the criteria for delayed neurologi-
cal deterioration (DND), defined as >2-point change in Glasgow Coma Scale (GCS) or new
focal neurological deficit lasting >1 h, not associated with aneurysmal coiling or clipping [3].
In unconscious or sedated patients, multimodal neuromonitoring was performed, incorpo-
rating brain tissue oxygen measurements and cerebral microdialysis. In these patients, a
decrease in the partial pressure of oxygen in the brain tissue (ptiO;) < 20 mmHg and/or
an increase in the lactate/pyruvate coefficient above 40 led to one of the above-mentioned
imaging techniques [4,11].

2.3. Prediction Target, Predictors, Pre-Processing, and Missing Data

The outcome, i.e., the prediction target, remained the same as defined for the pre-
existing DCI prediction algorithm based on low-resolution input features [11], and was the
first occurrence of DCI. DCI was defined as new infarctions detected on MRI or CT scans,
and/or a confirmed perfusion deficit detected in perfusion CT or MRI between day 4 and
day 14 after the onset of symptoms (not present on imaging performed within 24 to 48 h
after aneurysm occlusion, and not attributable to other causes). The pre-existing data model
for DCI prediction comprised a dataset with demographic characteristics (e.g., age and
sex), admission neurological status GCS, comorbidities such as diabetes, standard aSAH
gradings, including the Hunt and Hess scale, modified Fisher scale, WENS grading system,
and BNI scale, as well as 30 laboratory findings and 15 values from arterial blood gas
analysis routinely collected in patients with aSAH. DCI was diagnosed as part of routine
clinical care according to the predefined diagnostic criteria described above. HRV-derived
features and prediction model outputs were generated retrospectively after completion of
patient recruitment and were, therefore, unavailable to treating physicians and outcome
assessors. Pre-processing was performed, and missing data were handled as described by
Willms et al. [11].

2.4. Data Modeling

Data modeling for the pre-existing algorithm based on low-resolution data is described
in detail by Willms et al. [11]. In principle, four dynamic DCI classification models were
trained, all anchored at the time of DCI: (1) a model based on static variables recorded at ICU
admission (STATIC), (2) a model based on results from laboratory and blood gas analysis
(LAB/BGA), (3) a model based on additional input features, which were derived from the
computation of HRV, and (4) a multimodal model combining all of the aforementioned
features (COMBINED). The features of both dynamic variants (LAB/BGA and HRV) were
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extended with aggregates of different time windows to account for temporal variations
and noise in the data. Multiple classifiers, including Logistic Regression, random forest,
histogram-based Gradient Boosting Machines, Extreme Gradient Boosting, and Extremely
Randomized Trees, were evaluated by cross-validation using anchored data, as described
by Megjhani et al. [24]. The data modeling was performed using Python 3.10.9, scikit-learn
version 1.7.0, SciPy 1.15.3, NumPy 1.26.4, XGBoost 3.0.4, and LightGBM 4.6.0.

2.5. Real-Time Computation of HRV Features

HRYV describes the variations in the interbeat intervals (IBIs) as measured by the
distance between consecutive R-peaks in an ECG [12]. An HRV algorithm for detect-
ing R-peaks from ECG signals and computing time- and frequency-domain (FD) indices
was developed.

R-peak detection: The original Hamilton algorithm [25] could be improved by modify-
ing the rectification step of the algorithm using a Morlet wavelet instead of a boxcar filter.
The original Hamilton algorithm first band-pass filters the ECG signal to suppress DC
drifts and high-frequency noise, then differentiates the signal to weigh the steep increases
and decreases in the voltage at the flanks of the R-peak, and finally takes the absolute value
followed by a boxcar filter to generate a processed signal in which peaks are subsequently
located [25]. This approach works well, except when the two flanks of the R-peak are very
similarly pronounced, in which case two sub-peaks are generated that can introduce jitter
during peak location. To circumvent this problem, we first performed a wavelet transfor-
mation and then took the absolute value to achieve rectification that does not exhibit any
sub-peaks. Outlier detection was performed using a robust, adaptive threshold method.
For each R-peak amplitude, a 3 min centered rolling median was computed to establish a
local baseline. Peak deviations from this baseline were calculated, and the spread of these
deviations was quantified using the median absolute deviation (MAD). Peaks were flagged
as outliers if the absolute deviation from the rolling median exceeded the MAD-based
spread by a factor of 8, the peak amplitude fell below 1 x 10~°, or the peak amplitude
exceeded 3000 units. The IBIs were calculated as the time difference between consecutive
R-peaks.

Artifact removal: Missing beats were identified by analyzing the temporal variability in
the IBIs. For each IBI, the difference from the preceding IBI was calculated and normalized
by a 5 min rolling median IBI to account for local heart rate changes. An IBI was flagged as
potentially containing a missing beat when the normalized change exceeded 0.7, indicating
a sudden increase in the interval duration of more than 70% relative to the local median.
This threshold captures instances where an R-peak was likely undetected, resulting in an
artificially prolonged interval spanning two cardiac cycles. Segments were not explicitly
screened for cardiac arrhythmia.

Based on the generated peak location and IBIs, the following HRV indices were
computed on consecutive, non-overlapping 5 min windows. A window was retained only
if it contained enough valid interbeat intervals after artifact removal (>100 for time-domain
and >200 for frequency-domain indices), and was otherwise treated as missing.

Time-domain HRV computation: Taking the standard definition of HRV features as
described in the guidelines from the Task Force of the European Society of Cardiology and
the North American Society of Pacing and Electrophysiology as a starting point [12], the
most robust version of the time-domain indices was implemented to reduce or eliminate
the effect of, for example, ectopic beats.

Frequency-domain HRV computation: For the computation of the frequency-domain
indices, we removed outliers based on their distance from the median relative to the 10%
and 90% percentile IBIs before computing the frequency-domain HRV indices. The time
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series of the IBI values in the rolling 5 min windows was linearly interpolated on a time
grid with a sampling time of 20 ms. As a second step, the power spectral density was
computed using a fast Fourier transform. Heart rate oscillations are divided into ultra-low-
frequency (ULF), very-low-frequency (VLF), low-frequency (LF), and high-frequency (HF)
bands [12,26].

Based on the generated peak location and IBIs, the following HRV indices were
aggregated into 5 min segments to handle noise and short-term variations in the HRV

indices (Table 1).

Table 1. Heart rate variability measurements.

Measurement Definition
IBI Interbeat interval
NN Interbeat intervals from which artifacts have been removed
RR Interbeat intervals between all successive heartbeats
Time domain
HRV-TD-AvgNN Mean of NN intervals
HRV-TD-SDNN Standard deviation of NN intervals

HRV-TD-RMSSD

Root mean square root of successive RR interval differences

HRV-TD-pNNb50

Percentage of RR intervals that differ by at least 50 ms

HRV-TD-pNN10p

Percentage of RR intervals that deviate by more than 10%

HRV-TD-triangularldx

Integral of the density of the RR interval histogram divided
by its height

Frequency domain

HRV-FD-TP Total power in the frequency domain
Absolute power in the very-low-frequency band
HRV-FD-VLE (0.0033-0.04 Hz)
HRV-FD-LF Absolute power in the low-frequency band (0.04-0.15 Hz)
HRV-FD-HF Absolute power in the high-frequency band (0.15-0.4 Hz)

HRV-FD-LFNorm

Normalized power in the low-frequency band

HRV-FD-HFNorm

Normalized power in the high-frequency band

HREF-FD-LFHFRatio

Ratio of power in the low-frequency band to

high-frequency band

2.6. Feature Engineering

In addition to the raw temporal features, we derived several additional features to
capture temporal dynamics and clinically meaningful relationships. For all dynamically
updated features (HRV, LAB, and BGA), we computed first-order differences to capture
hour-to-hour changes, as these rate-of-change features have been shown to improve predic-
tion of clinical deterioration in ICU settings [24,27]. We also computed the deviation from
the expanding (cumulative) patient mean to identify departures from a patient’s evolving
baseline, following the rationale that trends relative to a patient’s own trajectory are more
informative than absolute values [27,28].

For HRV features specifically, we computed rolling means over 3 h windows to
smooth short-term fluctuations, as well as rolling median and minimum statistics over 6,
12, 24, and 48 h windows to capture multi-scale temporal patterns. Multi-scale temporal
aggregation of HRV has been shown to reveal prognostic patterns not visible in raw hourly
measurements [17,18]. Additionally, we fitted a linear trend (slope) over the entire 48 h
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observation window for three key time-domain features (AvgNN, SDNN, and HRV-TD-
RMSSD) to quantify whether heart rate variability was improving or deteriorating over
time, as declining HRV trajectories have been associated with impending DCI onset [20]. We
further computed four clinically motivated ratio features: SDNN/HRV-TD-RMSSD, which
has been investigated as a time-domain surrogate for sympathovagal balance (LF/HF
ratio) [29,30]; HRV-TD-RMSSD/AvgNN as a normalized measure of parasympathetic
activity relative to heart rate; lactate/pH as a combined marker of metabolic derangement,
motivated by evidence that the trajectory of combined metabolic parameters outperforms
individual markers in predicting ICU outcomes [31]; and CRP/Leukocytes as an indicator
of systemic inflammatory response intensity relative to immune cell count [32].

In total, 325 features are used for the combined model (see Table S1, Supplementary
Materials), with 15 static clinical features, 137 laboratory and blood gas features (47 raw
and 90 derived), and 173 HRV features (126 raw and 47 derived). The individual modality
models use the corresponding feature subsets independently.

2.7. Methods for Performance Evaluation of DCI Prediction Based on HRV Alone

ROC AUC values were calculated for all 173 time-domain (TD) and FD HRYV features,
including their temporal aggregation variants. An ROC AUC value below 0.5 is associated
with a negative correlation between the feature and the outcome. To be able to compare the
merit of the positively and negatively correlated features, we multiplied the feature values
by —1 for the negatively correlated features to get a non-directional ROC AUC value. The
discriminative power of each feature was further analyzed by anchoring the data from
the patients at the day of DCI occurrence or at day 7.88 for all other patients, based on the
median time to DCI occurrence.

Methods for Performance Evaluation of DCI Prediction Based on Multimodal Parameters

To assess the predictive value of different data modalities and their combinations, we
evaluated seven feature set configurations: (STATIC) using the 15 static clinical variables
including demographics and clinical scores, (LAB/BGA) using the 137 features from
laboratory and blood gas analysis [11], as well as their temporal aggregates, (HRV) using
173 HRV features, and (COMBINED) the full combination totaling 325 features. Each
feature set was evaluated using six model families (Logistic Regression with L1 and L2
regularization, random forest, Extra Trees, HistGradientBoosting, and XGBoost) with
hyperparameter optimization via RandomizedSearchCV (n_iter = 50) within a stratified
group cross-validation loop, while generalization performance was assessed on the held-
out fold of a 5-fold stratified group cross-validation. The best-performing model family
was selected based on the highest mean ROC AUC.

2.8. Method of Leave-One-Out Simulation

In addition to the anchored ROC analysis, we conducted leave-one-out (LOO) simula-
tions to evaluate the model’s ability to predict DCI in a scenario more closely resembling the
clinical setting in which the models would regularly produce new risk assessments. Based
on the model selection experiment described above, the best-performing model family
was identified per feature set combination based on mean ROC AUC and was used for
all subsequent LOO evaluations. Four feature set configurations were evaluated (STATIC,
LAB/BGA, HRV, and COMBINED), where, for each patient, the selected model was trained
on the 48 h pre-anchor window of all of the remaining patients, then was used to generate
hourly risk predictions across the held-out patient’s entire stay (days 0-14). For patients
who developed DCI, hourly predictions were considered positive if they fell within the
predefined 48 h window preceding DCI onset. Observations acquired after DCI onset were
excluded from model training and evaluation, as these time points are no longer clinically
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relevant for prediction. Patients without DCI contributed observations throughout the
corresponding observation period. Further details on the LOO methodology are given in
Willms et al. [11].

2.9. Statistical Analysis

The Mann-Whitney U test was used for comparing continuous and ordinal variables,
and Fisher’s exact test was used for binary variables. Statistical significance was assumed
at p < 0.05. The effect size was quantified using the ROC AUC value, where a value above
0.5 indicates a positive association with the outcome and below 0.5 indicates a negative
association with the outcome. The confidence intervals for the ROC AUC values in the
time-dependent ROC analysis were computed via bootstrapping.

2.10. Integration into the Live Data Stream

The IT platform ICU Cockpit® allows for the deployment of containerized applications
that can either take advantage of the near-real-time high-resolution data streams to realize
event-based data processing tasks or access a live database for implementing scheduled
or on-demand tasks [22]. HRV-derived indices are updated with every new heartbeat and
published back to the patient’s Kafka topic, thereby augmenting the said data stream and
making the HRV indices available to other possible downstream algorithms. Moreover,
as the new data becomes part of the patient’s regular data stream, all new signals are
automatically stored in the live database with no additional changes needed.

3. Results
3.1. Participants

Of the 339 patients with aSAH included in the initial study, 101 were eligible for the
HRV-based analysis. Eligibility required (1) continuous ECG recordings of sufficient quality
and duration to compute reliable HRV features, with no gaps in IBIs longer than 2 h within
the 48 h observation window preceding the anchor point, and (2) at least one laboratory
or blood gas measurement within the same window. The remaining 238 patients were
excluded due to insufficient ECG data availability caused by monitoring gaps, patient
procedures, or signal artifacts. To assess potential selection bias, we compared the 101
included patients with the 238 excluded patients across all of the baseline characteristics
listed in Table 2 (see Table S3). DCI prevalence did not differ (included 34.7% vs. excluded
39.1%, p = 0.46). Demographics and comorbidities were similar between the two groups,
with a median age of 59 vs. 57 years, female sex 68% vs. 63%, hypertension 40% vs. 36%,
cardiovascular disease 18% vs. 18%, and diabetes 8% vs. 5% (all p > 0.05). However, the
included cohort had higher admission neurological severity (Hunt and Hess median 3
vs. 2, p < 0.001, WENS 4 vs. 2, p = 0.002; extracerebral GCS 12 vs. 14, p = 0.002; and
modified Fisher p < 0.001). A plausible explanation is that more severely affected, sedated,
and less mobile patients are more likely to have longer, motion-artifact-free ECG data
suitable for HRV computation. The ECG-based selection, therefore, did not retain a less
severely affected population, and the prevalence of the prediction target was preserved.
Within the selected cohort, the HRV data coverage in the 48 h window was high (mean:
99.5%, median: 100.0%, and minimum: 72.9%), with 88 patients having complete 48 h HRV
coverage. The laboratory and blood gas values were forward-filled from the most recent
available measurement, resulting in near-complete data availability (<0.1% missing values).
An overview of patient characteristics is given in Table 2.
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Table 2. Patient characteristics (DCI, delayed cerebral ischemia; GCS, Glasgow Coma Scale; WENS,
World Federation of Neurological Surgeons scale; mFS, modified Fisher scale; and BNI, Barrow
Neurological Institute scale).

Total Patients = 101 Total DCI+ (n = 35) DCI—- (n = 66) p Value
Age, year; median (IQR) 59.0 (50.0-66.0) 60.0 (51.0-64.5) 58.0 (50.0-68.0) 0.954
Female sex, 1 (%) 32 (31.7) 8(22.9) 24 (36.4) 0.185
Hypertension, n (%) 40 (39.6) 14 (40.0) 26 (39.4) 1.000
Cardiovascular disease, 1 (%) 18 (18.0) 5(14.3) 13 (20.0) 0.737
Diabetes, n (%) 8(7.9) 1(2.9) 7 (10.6) 0.256
GCS, median (IQR) 12.0 (6.0-14.0) 9.0 (4.0-14.0) 13.0 (8.2-14.8) 0.110
Hunt and Hess, median (IQR) 3.0 (2.0-4.0) 3.0 (2.5-5.0) 3.0 (2.0-4.0) 0.103
Hunt and Hess, 4-5; n (%) 37 (36.6) 16 (45.7) 21 (31.8) 0.196
WENS, median (IQR) 4.0 (2.0-5.0) 4.0 (2.0-5.0) 3.0 (2.0-4.0) 0.123
WENS, 4-5; n (%) 52 (51.5) 21 (60.0) 31 (47.0) 0.296
mFS, median (IQR) 4.0 (3.04.0) 4.0 (3.54.0) 4.0 (3.04.0) 0.864
mFS, 3-4; n (%) 98 (97.0) 34 (97.1) 64 (97.0) 1.000
BNI, median (IQR) 3.0 (3.04.0) 4.0 (3.04.0) 3.0 (3.04.0) 0.009
BNI, 4-5; 1 (%) 50 (49.5) 23 (65.7) 27 (40.9) 0.022

3.2. Performance of DCI Prediction Based on HRV Alone—Univariate Analysis

The frequency-domain parameter LENorm (normalized power in the low-frequency
band) was the best-performing univariate predictor for DCI, with the 48 h median ag-
gregation achieving the highest non-directional ROC AUC (0.64). LFNorm appeared
consistently across all aggregation levels within the top 25 features (hourly values: 0.60,
and 3 h rolling mean: 0.60, 6 h: 0.61, 12 h: 0.60, 24 h: 0.61, and 48 h: 0.64), indicating
robust discriminative value regardless of temporal resolution. The time-domain parameter
AvgNN (mean of NN intervals) ranked second overall, with its 48 h minimum and 24 h
minimum aggregations both reaching 0.63. Notably, the minimum aggregation outper-
formed the median for AvgNN across all time windows, suggesting that transient drops in
the mean heart rate interval are more predictive of DCI than sustained levels. HFNorm
(normalized power in the high-frequency band) complemented LFNorm among the top
features, with values between 0.57 and 0.59 across aggregation levels. All top 25 features
reached statistical significance (p < 0.005). Predictive values for the 25 best-performing
features across aggregation levels are given in Table 3 (for the performance of all HRV
features, see Table S2 in the Supplementary Materials). The exemplary data for the HRV
features HRV-FD-VLF and HRV-FD-HFNorm-6H-median are shown in Figure 1a,b.

Table 3. Top 25 HRV features.

Measurement ROC AUC

HRV-FD-LFNorm (48 h median) 0.64
HRV-TD-AvgNN (48 h minimum) 0.63
HRV-TD-AvgNN (24 h minimum) 0.63
HRV-FD-LFNorm (48 h minimum) 0.62
HRV-TD-AvgNN (12 h minimum) 0.62
HRV-TD-AvgNN (6 h minimum) 0.62
HRV-FD-LFNorm (24 h median) 0.61
HRV-FD-LFNorm (6 h median) 0.61
HRV-FD-LFNorm (6 h minimum) 0.60
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Table 3. Cont.

Measurement ROC AUC
HRV-FD-LFNorm (3 h rolling mean) 0.60
HRV-FD-LFNorm 0.60
HRV-FD-LFNorm (12 h median) 0.60
HRV-FD-LFNorm (24 h minimum) 0.60
HRV-FD-HFNorm (48 h minimum) 0.59
HRV-TD-AvgNN (48 h median) 0.59
HRV-FD-LFNorm (12 h minimum) 0.59
HRV-FD-HFNorm (48 h median) 0.58
HRV-FD-HFNorm (24 h median) 0.58
HRV-TD-AvgNN (24 h median) 0.58
HRV-TD-AvgNN (3 h rolling mean) 0.58
HRV-TD-AvgNN (6 h median) 0.58
HRV-FD-HFNorm (12 h minimum) 0.58
HRV-TD-AvgNN 0.58
HRV-FD-HFNorm (24 h minimum) 0.58
HRV-FD-HFNorm (12 h median) 0.57
(a) HRV-FD-LFNorm-48H-median
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Figure 1. (a,b): A longitudinal plot of the best-performing HRV features. The feature value scores

of patients with and without DCI are plotted in red and blue, respectively. The median scores are

plotted as a line together with the interquartile range (colored area).
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Performance of DCI Prediction Based on Multimodal Parameters

Among the static models, hyperparameter tuning improved performance, with Extra
Trees achieving the best result (ROC AUC: 0.569 + 0.104), with a maximum tree depth
of 1 and a maximum feature fraction of 0.11. For models trained on LAB/BGA features,
HistGradientBoosting achieved the best performance (ROC AUC: 0.626 £ 0.087), with
a maximum depth of 128, L2 regularization of 2.26, and a learning rate of 0.12. For the
HRV feature set, HistGradientBoosting with PCA dimensionality reduction achieved the
best result (ROC AUC: 0.601 =+ 0.066), using 13 principal components. The need for PCA
dimensionality reduction suggests that the high-dimensional HRV feature space contains
correlated information that benefits from linear compression before model training. While
LAB/BGA features achieved a higher cross-validation score than HRV features alone, the
HRV model exhibited lower variance across folds, suggesting more consistent predictive
performance. Combining all of the feature sets (STATIC, LAB/BGA, and HRV), random
forest achieved the highest overall performance (ROC AUC: 0.68 £ 0.06), with a maximum
tree depth of 4 and a maximum feature fraction of 0.11. The combined model outperformed
all individual feature set models (STATIC: ROC AUC 0.57 + 0.10; for LAB/BGA: ROC
AUC 0.63 £ 0.09; and HRV: ROC AUC 0.60 + 0.07), indicating complementary predictive
value across modalities.

LAB/BGA features achieved a higher ROC AUC than HRV features alone. The
higher dimensionality of the HRV feature space (173 features) required PCA dimensionality
reduction to achieve optimal performance, suggesting substantial redundancy among the
raw and rolling-window HRV features. In contrast, the LAB/BGA feature set (137 features)
could be used directly without dimensionality reduction, which may contribute to its
higher individual cross-validation performance. When all modalities were combined,
HRYV contributed the largest share of feature importance in the best COMBINED model
(55.8%, see Supplementary Figure S1). Because this type of importance can be unreliable
when features are numerous and correlated, we checked whether the finding was stable
(see Supplementary Figure S2). Across the five cross-validation folds, HRV consistently
contributed the most and ranked first in every fold. As a complementary method not
distorted by correlation, we then reassessed feature importance by removing each modality
in turn and recorded how much model performance dropped. Removing HRV lowered the
AUC by 0.111, more than twice the drop for LAB/BGA (0.056) and far above static features.
Thus, HRV accounted for roughly two-thirds of the total permutation importance. Both
methods agreed that HRV is the dominant modality. The most influential features were
HRV trajectory measures (24 h and 48 h minima for HRV-TD-AvgNN, HRV-FD-LFNorm,
HRV-FD-HFNorm, and patient-level HRV slopes).

We used the best hyperparameter-optimized models per feature set for the subsequent
LOO analysis, as their model parameters were learned from the data rather than using
arbitrary default settings.

3.3. Leave-One-Out Simulation

For the LOO evaluation, each feature set was paired with its best-performing model
from the preceding hyperparameter optimization. Using per-modality optimized models
ensures that each feature set is evaluated at its full predictive potential, reflecting a realistic
clinical deployment scenario in which model architectures are selected independently for
each data source.

Figure 2 shows the anchored score trajectories for each feature set. The STATIC model
(A) showed no meaningful separation between DCI and non-DCI groups despite having
individual static features achieving meaningful unimodal discrimination (e.g., notably
BNI with an ROC AUC of 0.619). This is likely due to the constrained model’s capacity to
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leverage complementary information across the 15 static features with only ~100 training
patients. The LAB/BGA model (B) showed the most pronounced temporal response, with
DCI+ scores rising sharply from day —4 onward and reaching peak separation at day
—1, while DCI scores remained consistently low throughout. Notably, LAB/BGA scores
showed no separation before day —5, indicating that laboratory markers only become
discriminative in close temporal proximity to DCI onset. The HRV model (C) showed
an overall positive but variable separation between DCI+ and DCI- trajectories. Brief
spikes in separation appeared around day —6.5 and day —2.5, interspersed with periods
of weak separation, particularly between day —6 and day —4. The interquartile ranges
of DCI+ and DCI- scores overlapped substantially at all time points, reflecting the high
variability inherent in hourly HRV-based predictions. The combined model maintained
more stable separation across the observation window, smoothing the intermittent signals
of the individual modalities.

Static B Lab/BGA

—— DCI
—— no DCI

1.0

—— DCI
—— no DCI

0.8

0.6
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0.4 1

T T T 0.0 T — T T
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0.6 1

0.2

Score
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Figure 2. (A-D): Anchored score trajectories for the different feature sets. Panels (A-D) summarize
the leave-one-out scores for the STATIC, LAB/BGA, HRV, and COMBINED models, respectively.
The median scores are plotted as a line together with the interquartile range (colored area). In the
background, thin, partially transparent lines indicate the scores of individual patients.

These temporal patterns are reflected in the overall prediction performance (Figure 3).
For predicting DCI within 48 h (day 2 onward), the COMBINED model achieved the highest
ROC AUC (0.616 [0.604, 0.629]), followed by LAB/BGA (0.602 [0.587, 0.616]) and HRV
(0.586 [0.571, 0.599]). The STATIC model (0.553 [0.539, 0.570]) performed near chance level.

Time-dependent analysis (Figure 4) revealed that the predictive value of different
feature sets varies substantially over the clinical course. LAB/BGA features dominated
the early phase (days 2.0-5.6), achieving the highest interval ROC AUC of 0.718 (days
2.0-4.7) and 0.692 (days 4.7-6.1), consistent with the sharp score separation observed in the
trajectory analysis during this period. HRV was the best-performing individual model in
the earliest window (days 2.2-3.6, a sliding-window AUC up to 0.683 at day 3), a period
where LAB/BGA had not yet developed a discriminative signal. In the mid-phase (days
6.1-7.5), LAB/BGA performance dropped to near chance level (0.511), while the STATIC
model briefly achieved the highest discrimination (0.640), suggesting that the baseline
clinical severity becomes temporarily more relevant than dynamic markers during this
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transitional period. The COMBINED model provided the most consistent performance
across the full observation period, dominating from day 5.6 onward through most of the
remaining stay (days 8.7-13.0), and achieving the highest late-phase interval AUC (0.715,
days 9.0-14.0). Consistent with this time dependence, the incremental discrimination of the
COMBINED model over LAB/BGA was concentrated in the late phase rather than uniform
(Figure S3). In the early interval (days 2.0-4.7), where LAB/BGA already discriminated
well (AUC 0.718), adding HRV did not improve performance (AAUC —0.18). In the late
interval (days 9.0-13.1), the COMBINED model improved discrimination over LAB/BGA
(AUC 0.568 — 0.681; AAUC +0.11 [—0.02, +0.27]), with a positive integrated discrimination
improvement (IDI +0.03). This temporal complementarity supports the use of modality-
specific models that can be selected or combined based on the clinical time point and
data availability.
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Figure 3. (A-D): Overall ROC AUCs for the different feature subsets: A comparison of the model
output scores for the 48 h leading up to DCI. Boxplots of the model output scores for the different
models. The scores were grouped according to whether a DCI occurred in the subsequent 48 h. Only
scores up to the first DCI were considered, and patients were removed from the risk set after DCI
occurrence. The effect size was measured and is shown as the ROC AUC.
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Figure 4. (A-D): The time-dependent ROC AUC analysis across the different feature subsets and
intervals. Panels (A-C) show the ROC AUC values computed for equal-event intervals: (i) day 2
until day 4.7, (ii) day 4.7 until day 6.1, (iii) day 6.1 until day 7.5, (iv) day 7.5 until day 9, and (v) day 9
until day 13.1 after symptom onset. The 95% confidence intervals are depicted by the vertical lines at
the tips of the bars.

Thresholds were computed that achieve a sensitivity level of 80%. Table 4 presents
these thresholds along with the corresponding specificity for each interval. The thresholds
depend on the considered time intervals and increase together with the corresponding
ROC AUC value.
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Table 4. Thresholds and specificity for a sensitivity level of 80%.

Model Interval (i) (ii) (iii) (iv) (v)
Static ROC AUC 0.48 0.58 0.64 0.53 0.53
Threshold 0.48 0.48 0.48 0.47 0.46

Specificity 0.33 0.34 0.37 0.26 0.04

Precision 0.06 0.12 0.13 0.12 0.04

LAB/BGA ROC AUC 0.72 0.69 0.51 0.6 0.59
Threshold 0.17 0.04 0.01 0.04 0.04

Specificity 0.6 0.46 0.15 0.41 0.28

Precision 0.09 0.14 0.1 0.15 0.05

HRV ROC AUC 0.64 0.63 0.58 0.54 0.55
Threshold 0.11 0.05 0.04 0.05 0.05

Specificity 0.38 0.25 0.24 0.28 0.29

Precision 0.06 0.1 0.11 0.12 0.05

Combined ROC AUC 0.53 0.61 0.6 0.6 0.71
Threshold 0.38 0.36 0.35 0.32 0.37

Specificity 0.34 0.31 0.39 0.35 0.5
Precision 0.06 0.11 0.14 0.14 0.07

3.4. Implementation into Live Data Stream

The set of HRV features was integrated into the ICU Cockpit® as a live stream process-
ing algorithm. Figure 5 displays several HRV features, which were computed dynamically
based on a patient’s ECG data and subsequently stored in a database.

Bett 11: TIMELINES

From To
Q Q& QA 2026072113:00:00000 (W 202607-2413:00:57.209 (= SELECT TIMELINES +

HRV TD RMSSD [ms]

8.00

HRV FD LF [ms"2]

18:00

HRV FD LF/HF ratio [null]

Figure 5. A timeline view of the ICU Cockpit® Dashboard with parameters reflecting HRV (HRV-TD-
SDNN, the standard deviation of interbeat intervals; HRV-TD-RMSSD, the root mean square of the
successive RR interval differences; HRV-FD-LF, the absolute power in the low-frequency band; and
HRV-FD-LF/HF ratio, the ratio of power in the low-frequency band to the high-frequency band).
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4. Discussion
4.1. Principal Findings

To our knowledge, this study is the first to investigate a data-driven approach for the
longitudinal prediction of DCI in patients with aSAH by integrating HRV-derived features
with multimodal physiological data. The proposed framework demonstrates the feasibility
of using continuously acquired bedside data to support dynamic DCI risk assessment and
represents a novel approach to clinical decision support in neurocritical care.

Among the individual predictors, the frequency-domain parameter HRV-FD-LFNorm,
summarized as the median over the preceding 48 h, showed the highest unimodal discrimi-
native performance. The integration of HRV-derived features with laboratory and blood
gas parameters further improved predictive discrimination, with the multimodal model
yielding the best overall results in both cross-validation and leave-one-out evaluation.
These findings suggest that HRV captures complementary physiological information be-
yond routinely available clinical parameters and may contribute to improved longitudinal
DClI risk stratification.

4.2. Comparison with Previous Studies

Several studies have investigated multimodal or HRV-based approaches for DCI
prediction. However, direct comparison with the present study is limited by differences in
study design, patient populations, endpoint definitions, available predictors, prediction
horizons, and evaluation methods.

Megjhani et al. developed a multimodal model incorporating demographic char-
acteristics and continuously measured vital signs, including heart rate, blood pressure,
respiratory rate, and oxygen saturation, and reported an ROC AUC of 0.83, using an en-
semble approach based on data from the seven days preceding the anchor time point [24].
Their model included continuously acquired vital-sign variables that were not available
in the present analysis, which instead focused on HRV-derived, laboratory, and blood
gas features.

Zarrin et al. used cerebral vasospasm requiring intra-arterial verapamil treatment as
the prediction endpoint and reported an AUC of 0.88 more than one week before the event,
using a gradient boosting model [33]. However, this endpoint, which occurred in 7.1% of
the cohort, differs clinically from DCI and, therefore, limits direct comparison with the
present findings.

Schmidt et al. developed models for the combined prediction of infection and DCI in
236 patients with aSAH using bootstrap aggregation and cost-sensitive meta-classifiers [20].
The highest ROC AUC was 0.83 for a random forest model combining clinical and HRV-
derived predictors 24 h before the event. Similar to the present study, VLF power and
related measures were among the most relevant HRV features. The authors concluded,
however, that HRV monitoring alone was insufficient to distinguish infectious from
ischemic complications.

Bjerkne Wenneberg et al. investigated HRV as a univariable predictor in 55 patients
with aSAH and found a higher LF/HF ratio over time among patients who developed
DCI than among those who did not [17]. Because HRV was assessed intermittently three
times per day, no significant HRV changes immediately preceding DCI were identified. A
subsequent analysis of the same cohort applied random forest models to examine HRV
patterns in greater depth [18].

Although the present study and the work of Willms et al. were both based on data
acquired using the ICU Cockpit® infrastructure, direct comparison remains limited because
the ECG quality requirements applied in the present analysis resulted in the inclusion of a
smaller and partially different subset of patients [11].
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Overall, previous studies support the potential value of HRV-derived and multi-
modal physiological information for DCI prediction. At the same time, the substantial
heterogeneity in patient populations, outcome definitions, predictor availability, prediction
horizons, and validation strategies limits direct comparison of reported model performance
across studies.

4.3. Interpretation

Beyond comparison with previous studies, our findings have several important
methodological and clinical implications. In contrast to earlier studies, our model integrates
HRV-derived features with laboratory and blood gas parameters to support longitudinal
bedside prediction of DCI. Importantly, the primary objective of this work was not to
maximize predictive performance but to evaluate the incremental value of HRV-derived
features within a multimodal prediction framework.

Furthermore, the LOO evaluation covered up to 14 days after symptom onset, repre-
senting a substantially broader temporal scope than the predefined prediction windows
used in most comparable studies. This provides a more comprehensive and clinically
realistic, albeit more challenging, assessment of predictive performance across different
phases of the disease course. Consistent with this, our time-resolved analyses demonstrate
that predictive performance varies considerably over time, with different physiological
modalities contributing at different stages. These findings suggest that a single aggregated
performance metric may not fully reflect the performance characteristics of multimodal
prediction systems throughout the clinical course.

Finally, direct numerical comparison of ROC AUC values with previously published
DCI prediction studies is limited by fundamental differences in evaluation methodol-
ogy. Unlike most previous studies, which have formulated DCI prediction as a single
patient-level outcome, we adopted a longitudinal row-level evaluation, following Megjhani
et al. [24] and Willms et al. [11], generating hourly risk predictions and labeling each time
point according to whether it fell within the predefined 48 h prediction window preceding
DCI onset. This evaluation strategy represents a more conservative assessment of predictive
performance, as it avoids smoothing effects introduced by patient-level aggregation and
more closely reflects the intended application in continuous bedside monitoring. Therefore,
direct comparison of predictive performance across studies should be interpreted within
this methodological context.

4.4. Limitations

Several limitations should be considered when interpreting the present findings. First,
the requirement for continuous ECG recordings of sufficient quality for HRV computation
reduced the eligible cohort to 101 patients, introducing a selection bias and reducing the
available training data. Although this constraint was necessary to address the central
research question of HRV-based prediction, it inevitably reduced the study population
available for model development. Given the relatively small cohort and the limited number
of DCI events relative to the number of candidate features, overfitting cannot be completely
excluded despite the use of grouped cross-validation, hyperparameter optimization, and
leave-one-out evaluation to improve model robustness. The main reasons for exclusion
were technical and logistical issues related to continuous ECG data acquisition, including
missing device registration at ICU admission, patient transfers for diagnostic procedures,
and intermittent data loss due to network-related problems. These challenges highlight
the practical difficulties of implementing high-resolution physiological data pipelines
in routine clinical environments. Consequently, the observed predictive performance
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should be interpreted in light of the limited cohort size and the challenges inherent to
longitudinal prediction.

Beyond these cohort-related limitations, HRV is influenced by multiple physiological
and clinical factors, including changes in posture, patient stress and movement, sedative
and analgesic medication, vasopressor therapy and other autonomically active drugs, in-
fections, and mechanical ventilation [13]. In patients with aSAH, additional factors such
as systemic infections, ventriculitis associated with external ventricular drains, and other
critical care complications may further affect autonomic regulation and thereby HRV mea-
sures. These potential confounders were not explicitly accounted for in the present analysis
and should, therefore, be considered when interpreting the prediction results. Furthermore,
circadian variations in autonomic tone were not explicitly modeled. Consequently, part
of the predictive information captured by HRV may reflect overall physiological status or
treatment-related effects, rather than DClI-specific pathophysiology alone.

ECG signal artifacts and rhythm abnormalities, including missing or ectopic beats
and atrial fibrillation, may introduce noise into HRV computation, particularly when
interpolation methods are applied for signal correction [26]. Careful assessment of ECG
signal quality is therefore recommended when interpreting HRV features and model
outputs in a clinical context.

Finally, although the model is based on routinely collected laboratory values and ECG-
derived HRYV features, suggesting potential applicability across ICU settings, the present
findings should be considered preliminary until validated in independent multicenter co-
horts. Internal cross-validation and leave-one-out evaluation provide important estimates
of model performance but cannot replace external validation across different monitoring
systems, treatment protocols, and ICU environments before clinical implementation can
be considered. However, such validation is currently challenging, as no publicly avail-
able aSAH datasets provide a comparable combination of high-resolution physiological
waveform data suitable for HRV analysis together with longitudinal laboratory and clinical
measurements. Moreover, differences in patient populations, evolving treatment strategies,
and variability in imaging practices across centers may further limit generalizability.

In our institution, imaging was triggered by a standardized clinical deterioration
protocol and predefined neuromonitoring criteria rather than routine scheduled screening.
While this approach reflects routine clinical practice at our institution, differences in imaging
frequency or thresholds for imaging between institutions may introduce ascertainment bias,
affect reported DCI incidence, and should, therefore, be considered when interpreting and
generalizing model performance. Continuous monitoring of model performance would,
therefore, be essential in any future prospective clinical implementation. In addition,
implementation of continuous HRV monitoring over several days requires acquisition and
processing of large volumes of high-frequency physiological data and, therefore, depends
on dedicated technical infrastructure, such as the ICU Cockpit® system.

5. Conclusions

The integration of HRV into a multimodal, longitudinal prediction framework has the
potential to enhance DCI risk stratification by providing complementary, time-dependent
information beyond conventional clinical and laboratory parameters. The present findings
further suggest that predictive performance varies over the clinical course, highlighting the
importance of time-resolved modeling approaches in neurocritical care. Taken together,
these findings support the potential value of HRV as part of multimodal bedside monitor-
ing. However, further methodological refinement and prospective external validation in
independent cohorts are required before clinical implementation can be considered.

https://doi.org/10.3390 /bioengineering13080857


https://doi.org/10.3390/bioengineering13080857

Bioengineering 2026, 13, 857 17 of 19

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/bioengineering13080857/s1, Table S1: Full list of features, Table
52: Unimodal performance of HRV features, Table S3: Baseline characteristics of included versus ex-
cluded patients, Figure S1: Impurity-based (the mean decrease in impurity) feature importance from
the COMBINED model, Figure S2: The robustness of modality-level feature importance in the COM-
BINED model, and Figure S3: The time-resolved added value of HRV over the LAB/BGA model.

Author Contributions: V.C.S., ] EW. and E K. devised the aim and scope of this study. J EW., ] M.B.,
T.B., C.I. and S.Y.B. managed the patient data. ] M.B., T.B., E.K. and J.EW. performed the data analysis.
V.CS, J.EW,, T.B. and E.K. prepared the manuscript. The remaining authors proofread the manuscript.
All authors have read and agreed to the published version of the manuscript.

Funding: This project was supported by the Swiss National Science Foundation (SNSF; Project-No.
325230_200568).

Institutional Review Board Statement: We confirm that this study was approved by the local ethics
committee (Kantonale Ethikkomission, Kanton Zurich, Stampfenbachstrasse 121, CH-8090 Zurich;
BASEC Nr. 2025-02422).

Informed Consent Statement: Written consent was given by the patients or by their legal representatives.

Data Availability Statement: The data presented in this study are available from the corresponding
author upon reasonable request, subject to approval by the responsible institutional and ethical author-
ities. The data are not publicly available due to patient confidentiality and data protection regulations.

Acknowledgments: We thank Giselle Golby for her support with data entry and administrative tasks,
and Janine Diinner for her assistance in clarifying regulatory and funding issues.

Conflicts of Interest: The authors declare no competing interests.

References

1.

GBD 2021 Global Subarachnoid Hemorrhage Risk Factors Collaborators; Rautalin, I.; Volovici, V.; Stark, B.A.; Johnson, C.O.;
Kaprio, J.; Korja, M.; Krishnamurthi, R.V.; Nair, B.S.; Ranta, A.; et al. Global, Regional, and National Burden of Nontraumatic
Subarachnoid Hemorrhage: The Global Burden of Disease Study 2021. JAMA Neurol. 2025, 82, 765. [CrossRef]

Galea, ].P; Dulhanty, L.; Patel, H.C. on behalf of the UK and Ireland Subarachnoid Hemorrhage Database. Predictors of Outcome
in Aneurysmal Subarachnoid Hemorrhage Patients: Observations from a Multicenter Data Set. Stroke 2017, 48, 2958-2963.
[CrossRef] [PubMed]

Vergouwen, M.D.; Vermeulen, M.; van Gijn, J.; Rinkel, G.J.; Wijdicks, E.F.; Muizelaar, ].P.; Mendelow, A.D.; Juvela, S.; Yonas, H.;
Terbrugge, K.G.; et al. Definition of Delayed Cerebral Ischemia after Aneurysmal Subarachnoid Hemorrhage as an Outcome
Event in Clinical Trials and Observational Studies: Proposal of a Multidisciplinary Research Group. Stroke 2010, 41, 2391-2395.
[CrossRef] [PubMed]

Rass, V.; Helbok, R. How to Diagnose Delayed Cerebral Ischaemia and Symptomatic Vasospasm and Prevent Cerebral Infarction
in Patients with Subarachnoid Haemorrhage. Curr. Opin. Crit. Care 2021, 27, 103-114. [CrossRef] [PubMed]

Macdonald, R.L. Delayed Neurological Deterioration after Subarachnoid Haemorrhage. Nat. Rev. Neurol. 2014, 10, 44-58.
[CrossRef] [PubMed]

de Oliveira Manoel, A.L.; Jaja, B.N.; Germans, M.R; Yan, H.; Qian, W.; Kouzmina, E.; Marotta, T.R.; Turkel-Parrella, D.; Schweizer,
T.A.; Macdonald, R.L.; et al. The VASOGRADE: A Simple Grading Scale for Prediction of Delayed Cerebral Ischemia After
Subarachnoid Hemorrhage. Stroke 2015, 46, 1826-1831. [CrossRef] [PubMed]

Fisher, C.M,; Kistler, ].P,; Davis, ].M. Relation of Cerebral Vasospasm to Subarachnoid Hemorrhage Visualized by Computerized
Tomographic Scanning. Neurosurgery 1980, 6, 1-9. [CrossRef] [PubMed]

Hostettler, I.C.; Sebok, M.; Ambler, G.; Muroi, C.; Prommel, P.; Neidert, M.C.; Richter, ].K.; Pangalu, A.; Regli, L.; Germans, M.R.
Validation and Optimization of Barrow Neurological Institute Score in Prediction of Adverse Events and Functional Outcome
After Subarachnoid Hemorrhage-Creation of the HATCH (Hemorrhage, Age, Treatment, Clinical State, Hydrocephalus) Score.
Neurosurgery 2020, 88, 96-105. [CrossRef] [PubMed]

https://doi.org/10.3390 /bioengineering13080857


https://www.mdpi.com/article/10.3390/bioengineering13080857/s1
https://www.mdpi.com/article/10.3390/bioengineering13080857/s1
https://doi.org/10.1001/jamaneurol.2025.1522
https://doi.org/10.1161/STROKEAHA.117.017777
https://www.ncbi.nlm.nih.gov/pubmed/28974630
https://doi.org/10.1161/STROKEAHA.110.589275
https://www.ncbi.nlm.nih.gov/pubmed/20798370
https://doi.org/10.1097/MCC.0000000000000798
https://www.ncbi.nlm.nih.gov/pubmed/33405414
https://doi.org/10.1038/nrneurol.2013.246
https://www.ncbi.nlm.nih.gov/pubmed/24323051
https://doi.org/10.1161/STROKEAHA.115.008728
https://www.ncbi.nlm.nih.gov/pubmed/25977276
https://doi.org/10.1227/00006123-198001000-00001
https://www.ncbi.nlm.nih.gov/pubmed/7354892
https://doi.org/10.1093/neuros/nyaa316
https://www.ncbi.nlm.nih.gov/pubmed/32779716
https://doi.org/10.3390/bioengineering13080857

Bioengineering 2026, 13, 857 18 of 19

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.
26.

27.

28.

29.

30.

Hunt, W.E.; Hess, R.M. Surgical Risk as Related to Time of Intervention in the Repair of Intracranial Aneurysms. J. Neurosurg.
1968, 28, 14-20. [CrossRef] [PubMed]

Teasdale, G.M.; Drake, C.G.; Hunt, W.; Kassell, N.; Sano, K.; Pertuiset, B.; De Villiers, ].C. A Universal Subarachnoid Hemorrhage
Scale: Report of a Committee of the World Federation of Neurosurgical Societies. J. Neurol. Neurosurg. Psychiatry 1988, 51, 1457.
[CrossRef] [PubMed]

Willms, J.F.; Inauen, C.; Bégli, S.Y.; Muroi, C.; Boss, ].M.; Keller, E. A Longitudinal Model for a Dynamic Risk Score to Predict
Delayed Cerebral Ischemia after Subarachnoid Hemorrhage. Bioengineering 2024, 11, 988. [CrossRef] [PubMed]

Heart Rate Variability. Standards of Measurement, Physiological Interpretation, and Clinical Use. Task Force of the European
Society of Cardiology and the North American Society of Pacing and Electrophysiology. Eur. Heart ]. 1996, 17, 354-381. [CrossRef]
[PubMed]

Johnston, B.W.; Barrett-Jolley, R.; Krige, A.; Welters, I.D. Heart Rate Variability: Measurement and Emerging Use in Critical Care
Medicine. J. Intensive Care Soc. 2020, 21, 148-157. [CrossRef] [PubMed]

Wee, B.Y.H.; Lee, ]. H.; Mok, Y.H.; Chong, S.L. A Narrative Review of Heart Rate and Variability in Sepsis. Ann. Transl. Med. 2020,
8, 768. [CrossRef] [PubMed]

Dhar, R.; Diringer, M.N. The Burden of the Systemic Inflammatory Response Predicts Vasospasm and Outcome after Subarachnoid
Hemorrhage. Neurocrit. Care 2008, 8, 404—412. [CrossRef] [PubMed]

Muroi, C.; Hugelshofer, M.; Seule, M.; Tastan, I.; Fujioka, M.; Mishima, K.; Keller, E. Correlation among Systemic Inflammatory
Parameter, Occurrence of Delayed Neurological Deficits, and Outcome after Aneurysmal Subarachnoid Hemorrhage. Neurosurgery
2013, 72, 367-375; discussion 375. [CrossRef] [PubMed]

Bjerkne Wenneberg, S.; Lowhagen Henden, PM.; Oras, J.; Naredi, S.; Block, L.; Ljungqvist, J.; Odenstedt Herges, H. Heart
Rate Variability Monitoring for the Detection of Delayed Cerebral Ischemia after Aneurysmal Subarachnoid Hemorrhage. Acta
Anaesthesiol. Scand. 2020, 64, 945-952. [CrossRef] [PubMed]

Odenstedt Herges, H.; Vithal, R.; El-Merhi, A.; Naredi, S.; Staron, M.; Block, L. Machine Learning Analysis of Heart Rate
Variability to Detect Delayed Cerebral Ischemia in Subarachnoid Hemorrhage. Acta Neurol. Scand. 2022, 145, 151-159. [CrossRef]
[PubMed]

Park, S.; Kaffashi, F.; Loparo, K.A.; Jacono, EJ. The Use of Heart Rate Variability for the Early Detection of Treatable Complications
after Aneurysmal Subarachnoid Hemorrhage. J. Clin. Monit. Comput. 2013, 27, 385-393. [CrossRef] [PubMed]

Schmidt, ].M. Heart Rate Variability for the Early Detection of Delayed Cerebral Ischemia. J. Clin. Neurophysiol. 2016, 33, 268-274.
[CrossRef] [PubMed]

Schmidt, ].M.; Sow, D.; Crimmins, M.; Albers, D.; Agarwal, S.; Claassen, J.; Connolly, E.S.; Elkind, M.S.; Hripcsak, G.; Mayer, S.A.
Heart Rate Variability for Preclinical Detection of Secondary Complications after Subarachnoid Hemorrhage. Neurocrit. Care 2014,
20, 382-389. [CrossRef] [PubMed]

Boss, ].M.; Narula, G.; Straessle, C.; Willms, J.; Azzati, J.; Brodbeck, D.; Luethy, R.; Suter, S.; Buehler, C.; Muroi, C.; et al. ICU
Cockpit: A Platform for Collecting Multimodal Waveform Data, AI-Based Computational Disease Modeling and Real-Time
Decision Support in the Intensive Care Unit. J. Am. Med. Inform. Assoc. 2022, 29, 1286-1291. [CrossRef] [PubMed]

Hoh, B.L.; Ko, N.U.; Amin-Hanjani, S.; Chou, S.H.-Y.; Cruz-Flores, S.; Dangayach, N.S.; Derdeyn, C.P,; Du, R.; Hanggi, D.; Hetts,
S.W.; et al. 2023 Guideline for the Management of Patients with Aneurysmal Subarachnoid Hemorrhage: A Guideline From the
American Heart Association/ American Stroke Association. Stroke 2023, 54, €314—e370. [CrossRef] [PubMed]

Megjhani, M.; Terilli, K.; Weiss, M.; Savarraj, J.; Chen, L.H.; Alkhachroum, A.; Roh, D.J.; Agarwal, S.; Connolly, E.S.; Velazquez, A,;
et al. Dynamic Detection of Delayed Cerebral Ischemia. Stroke 2021, 52, 1370-1379. [CrossRef] [PubMed]

Hamilton, P. Open Source ECG Analysis. Comput. Cardiol. 2002, 29, 101-104. [CrossRef]

Shaffer, F; Ginsberg, ].P. An Overview of Heart Rate Variability Metrics and Norms. Front. Public Health 2017, 5, 258. [CrossRef]
[PubMed]

Lee, H,; Yang, H.-L.; Ryu, H.G,; Jung, C.-W.; Cho, Y.J.; Yoon, S.B.; Yoon, H.-K.; Lee, H.-C. Real-Time Machine Learning Model to
Predict in-Hospital Cardiac Arrest Using Heart Rate Variability in ICU. npj Digit. Med. 2023, 6, 215. [CrossRef] [PubMed]
Thorsen-Meyer, H.-C.; Nielsen, A.B.; Nielsen, A.P.; Kaas-Hansen, B.S.; Toft, P.; Schierbeck, ].; Strom, T.; Chmura, P.J.; Heimann,
M.; Dybdahl, L.; et al. Dynamic and Explainable Machine Learning Prediction of Mortality in Patients in the Intensive Care Unit:
A Retrospective Study of High-Frequency Data in Electronic Patient Records. Lancet Digit. Health 2020, 2, e179-e191. [CrossRef]
[PubMed]

Wang, H.-M.; Huang, S.-C. SDNN/RMSSD as a Surrogate for LF/HF: A Revised Investigation. Model. Simul. Eng. 2012, 2012,
931943. [CrossRef]

Bodenes, L.; N'Guyen, Q.-T.; Le Mao, R.; Ferriere, N.; Pateau, V.; Lellouche, F.; L'Her, E. Early Heart Rate Variability Evaluation
Enables to Predict ICU Patients” Outcome. Sci. Rep. 2022, 12, 2498. [CrossRef] [PubMed]

https://doi.org/10.3390 /bioengineering13080857


https://doi.org/10.3171/jns.1968.28.1.0014
https://www.ncbi.nlm.nih.gov/pubmed/5635959
https://doi.org/10.1136/jnnp.51.11.1457
https://www.ncbi.nlm.nih.gov/pubmed/3236024
https://doi.org/10.3390/bioengineering11100988
https://www.ncbi.nlm.nih.gov/pubmed/39451365
https://doi.org/10.1093/oxfordjournals.eurheartj.a014868
https://www.ncbi.nlm.nih.gov/pubmed/8737210
https://doi.org/10.1177/1751143719853744
https://www.ncbi.nlm.nih.gov/pubmed/32489411
https://doi.org/10.21037/atm-20-148
https://www.ncbi.nlm.nih.gov/pubmed/32647693
https://doi.org/10.1007/s12028-008-9054-2
https://www.ncbi.nlm.nih.gov/pubmed/18196475
https://doi.org/10.1227/NEU.0b013e31828048ce
https://www.ncbi.nlm.nih.gov/pubmed/23208059
https://doi.org/10.1111/aas.13582
https://www.ncbi.nlm.nih.gov/pubmed/32236937
https://doi.org/10.1111/ane.13541
https://www.ncbi.nlm.nih.gov/pubmed/34677832
https://doi.org/10.1007/s10877-013-9467-0
https://www.ncbi.nlm.nih.gov/pubmed/23615846
https://doi.org/10.1097/WNP.0000000000000286
https://www.ncbi.nlm.nih.gov/pubmed/27258451
https://doi.org/10.1007/s12028-014-9966-y
https://www.ncbi.nlm.nih.gov/pubmed/24610353
https://doi.org/10.1093/jamia/ocac064
https://www.ncbi.nlm.nih.gov/pubmed/35552418
https://doi.org/10.1161/STR.0000000000000436
https://www.ncbi.nlm.nih.gov/pubmed/37212182
https://doi.org/10.1161/STROKEAHA.120.032546
https://www.ncbi.nlm.nih.gov/pubmed/33596676
https://doi.org/10.1109/CIC.2002.1166717
https://doi.org/10.3389/fpubh.2017.00258
https://www.ncbi.nlm.nih.gov/pubmed/29034226
https://doi.org/10.1038/s41746-023-00960-2
https://www.ncbi.nlm.nih.gov/pubmed/37993540
https://doi.org/10.1016/S2589-7500(20)30018-2
https://www.ncbi.nlm.nih.gov/pubmed/33328078
https://doi.org/10.1155/2012/931943
https://doi.org/10.1038/s41598-022-06301-9
https://www.ncbi.nlm.nih.gov/pubmed/35169170
https://doi.org/10.3390/bioengineering13080857

Bioengineering 2026, 13, 857 19 of 19

31. Schork, A.; Moll, K.; Haap, M.; Riessen, R.; Wagner, R. Course of Lactate, pH and Base Excess for Prediction of Mortality in
Medical Intensive Care Patients. PLoS ONE 2021, 16, €0261564. [CrossRef] [PubMed]

32. Pierrakos, C.; Vincent, J.-L. Sepsis Biomarkers: A Review. Crit. Care 2010, 14, R15. [CrossRef] [PubMed]

33. Zarrin, D.A,; Suri, A.; McCarthy, K.; Gaonkar, B.; Wilson, B.R.; Colby, G.P,; Freundlich, R.E.; Gabel, E. Machine Learning Predicts
Cerebral Vasospasm in Patients with Subarachnoid Haemorrhage. eBioMedicine 2024, 105, 105206. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390 /bioengineering13080857


https://doi.org/10.1371/journal.pone.0261564
https://www.ncbi.nlm.nih.gov/pubmed/34929006
https://doi.org/10.1186/cc8872
https://www.ncbi.nlm.nih.gov/pubmed/20144219
https://doi.org/10.1016/j.ebiom.2024.105206
https://www.ncbi.nlm.nih.gov/pubmed/38901147
https://doi.org/10.3390/bioengineering13080857

	Introduction 
	Methods 
	Participants and Data Source 
	Diagnostics and Treatment 
	Prediction Target, Predictors, Pre-Processing, and Missing Data 
	Data Modeling 
	Real-Time Computation of HRV Features 
	Feature Engineering 
	Methods for Performance Evaluation of DCI Prediction Based on HRV Alone 
	Method of Leave-One-Out Simulation 
	Statistical Analysis 
	Integration into the Live Data Stream 

	Results 
	Participants 
	Performance of DCI Prediction Based on HRV Alone—Univariate Analysis 
	Leave-One-Out Simulation 
	Implementation into Live Data Stream 

	Discussion 
	Principal Findings 
	Comparison with Previous Studies 
	Interpretation 
	Limitations 

	Conclusions 
	References

