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Abstract

Background: Intraoperative hypotension (IOH) is strongly associated with postoperative myocardial
injury, acute kidney injury, and mortality. Current monitoring relies on reactive threshold alarms,
often alerting clinicians only after hemodynamic compromise has occurred. We hypothesized that a
machine learning (ML) approach utilizing engineered hemodynamic volatility features could predict
IOH five minutes before its occurrence. Methods: A retrospective observational study was conducted
using high-resolution intraoperative monitoring data from the VitalDB registry. The cohort included
1,750 adult patients undergoing non-cardiac surgery. We developed and compared three ML
algorithms Logistic Regression (LR), Random Forest (RF), and Extreme Gradient Boosting (XGBoost)
trained on physiological features including arterial pressure trends and rolling volatility indices.
Performance was evaluated using the Area Under the Receiver Operating Characteristic Curve
(AUROQC) for discrimination and the Brier Score for calibration. Results: All models demonstrated
robust predictive capability. The Random Forest model achieved the highest discrimination
(AUROC 0.837), outperforming LR (0.824) and XGBoost (0.803). However, XGBoost demonstrated
superior calibration with a Brier Score of 0.0825 (vs. 0.153 for RF), indicating more reliable
probabilistic risk estimates. Feature importance analysis consistently identified hemodynamic
volatility (rolling standard deviation of MAP) as the dominant predictor across all models. At the
optimal threshold, the system demonstrated a sensitivity of 69.5% and specificity of 75.3%.
Conclusions: We identified a trade-off between discrimination and calibration: Random Forest offers
the best ranking for early warning, while XGBoost provides the most accurate risk probability.
Crucially, hemodynamic instability was identified as a critical prodromal marker, suggesting that
oscillatory variance precedes hypotension.

Keywords: intraoperative hypotension; hemodynamic volatility; machine learning; arterial blood
pressure; clinical decision support; VitalDB

Introduction

Intraoperative hypotension (IOH) is one of the most pervasive hemodynamic perturbations
during general anesthesia [1]. Despite its frequency, IOH is not benign; growing evidence suggests
that even short durations of mean arterial pressure (MAP) below 65 mmHg are associated with
significant postoperative morbidity, including myocardial injury after non-cardiac surgery (MINS)
[2], acute kidney injury (AKI) [3,4], and increased 30-day mortality [5]. Walsh et al. demonstrated that
even limited exposure to MAP <55 mmHg is associated with adverse cardiac and renal outcomes [6].

Current standard-of-care monitoring remains largely reactive. Automated non-invasive blood
pressure (NIBP) cuffs typically cycle every 3 to 5 minutes, leaving significant blind spots [7]. Even
continuous invasive arterial monitoring typically alarms only when the threshold is breached. By the
time a clinician reacts to a “low MAP” alarm, organ perfusion may have already been compromised
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[8]. Consequently, there is a critical need for predictive systems capable of forecasting hemodynamic
instability before overt hypotension develops [9].

Recent advances in machine learning (ML) have enabled the development of predictive
algorithms utilizing high-fidelity arterial waveforms [10,11]. Proprietary indices, such as the
Hypotension Prediction Index (HPI), have demonstrated high accuracy in predicting IOH [12,13].
However, these systems often rely on closed-source algorithms and specialized sensors, limiting their
generalizability and availability in low-resource settings [14]. Furthermore, “black box” deep
learning models often lack interpretability, leaving clinicians unsure of the physiological rationale
behind a prediction [15].

In this study, we sought to develop an explainable, open-source predictive model using standard
physiological data from the VitalDB registry. We hypothesized that hemodynamic volatility the
oscillatory instability of blood pressure serves as a distinct prodromal marker for IOH. We compared
linear and non-linear ML models to assess the trade-offs between discriminative power and
calibration in clinical decision support [16].

Materials and Methods

Data Source and Ethics

This retrospective observational study utilized data from VitalDB, a high-fidelity multi-
parameter vital signs database comprising surgical cases from Seoul National University Hospital
[17]. As the dataset is de-identified and publicly available, the requirement for written informed
consent was waived by the Institutional Review Board (IRB).

Study Population

We extracted data for adult patients undergoing non-cardiac surgery under general anesthesia.
Inclusion criteria were: (1) presence of continuous invasive arterial blood pressure (ABP) and
plethysmographic waveform recordings; and (2) valid recording duration >30 minutes. Cases with
significant signal artifacts, disconnection periods >1 minute, or non-physiological outliers (MAP < 20
mmHg or > 200 mmHg) were excluded [18]. The final cohort consisted of 1,750 unique patients,
comprising approximately 2.97 million individual data points.

Feature Engineering

Raw waveform data was downsampled to 0.5 Hz (2-second intervals). We engineered features
to capture hemodynamic stability beyond static vital signs:

Static Features: Current MAP, Heart Rate (HR), and Pulse Pressure (PP) [19].

Trend Features: The slope of change for MAP and PP over 1-minute and 5-minute windows.

Volatility Features: The rolling standard deviation of MAP (MAP_Vol) over a 5-minute
window, designed to quantify hemodynamic instability [20].

Target Definition
The prediction target was defined as Intraoperative Hypotension (IOH), clinically defined as
MAP < 65 mmHg [2,21], occurring in a 5-minute future prediction window.

Model Development

We trained three algorithms to evaluate feature robustness:

Logistic Regression (LR): A linear baseline [22].

Random Forest (RF): An ensemble method to capture non-linearities [23].
XGBoost: A gradient boosting framework optimized for tabular data [24].
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Statistical Analysis

Data was split into training (75%) and testing (25%) sets at the patient level. Performance was
evaluated using the Area Under the Receiver Operating Characteristic Curve (AUROC) for
discrimination and the Brier Score for calibration [25]. Feature importance was interpreted using
SHapley Additive exPlanations (SHAP) [26].

Results

Cohort Characteristics

The analysis included 1,750 patients. Demographic and baseline characteristics are summarized
in Table 1. The prevalence of hypotensive events in the testing cohort was consistent with previous
large-scale studies [1].

Table 1. Baseline Patient Characteristics and Intraoperative Variables (N=1,750).

Variable Cohort Statistics

Demographics
Age (years), mean + SD 59.2+135
Sex (Male), n (%) 962 (55.0%)
Body Mass Index (kg/m?), mean + SD 245+39
ASA Physical Status, n (%)

ASA I-II 1,085 (62.0%)

ASA TII-IV 665 (38.0%)
Surgical Characteristics
Duration of surgery (min), mean + SD 155 + 62
Anesthesia type (General), n (%) 1,750 (100%)
Baseline Hemodynamics
Baseline MAP (mmHg), mean + SD 91.8+12.1
Baseline heart rate (bpm), mean + SD 724 +£11.9
Outcomes
Intraoperative hypotension events*, n (%) 490 (28.0%)

Model Performance

All models achieved robust discrimination (AUROC > 0.80). The Random Forest model achieved
the highest discrimination (AUROC 0.8366), significantly outperforming Logistic Regression (0.8241)
and XGBoost (0.8028) (Table 2).

However, calibration analysis revealed a divergence in performance. XGBoost achieved the best
calibration with a Brier Score of 0.0825, indicating superior probabilistic reliability compared to
Random Forest (0.1533) and Logistic Regression (0.1793).
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Table 2. Comparative Performance Metrics of Machine Learning Models.
Model AUROC | Brier Score (Calibration) | Sensitivity (%) | Specificity (%)
Logistic Regression | 0.8241 0.1793 67.4 74.8
Random Forest 0.8366 0.1533 68.1 76.2
XGBoost 0.8028 0.0825 69.5 75.3

Figure 1: Feature Importance (Top Predictors)
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Figure 1. Feature Importance Plot. The bar chart illustrates the relative importance of engineered features, with

Hemodynamic Volatility (MAP_Vol) ranking as the primary predictor.

Figure 2: ROC Curve Comparison
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Figure 2. Receiver Operating Characteristic (ROC) Curve Comparison. The plot displays the discriminatory
performance of Random Forest (Green), Logistic Regression (Blue), and XGBoost (Red).
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Figure 3. Calibration Curves. The plot contrasts the predicted vs. observed probabilities, demonstrating the
superior alignment of the XGBoost model (Red) with the ideal diagonal.

Diagnostic Accuracy

At the optimal classification threshold of 0.195, the system achieved a Sensitivity of 69.5% and
Specificity of 75.3%. The Positive Predictive Value (PPV) was 22.9%, which is acceptable for a
screening tool where sensitivity is prioritized to prevent missed ischemic events [27].

Feature Importance

SHAP analysis revealed that MAP_Vol was the strongest predictor of hypotension (Figure 5).
High volatility values were strongly associated with increased risk, while stable trends were
protective.

Figure 4: Confusion Matrix (Random Forest)
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Figure 4. Model Comparison Summary. A visual summary of AUROC and Brier Scores across the three

algorithms.

Figure 5: SHAP Summary Plot (Physiological Insight)
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Figure 5. SHAP Summary Plot. The beeswarm plot illustrates the impact of feature values on model output,
confirming that high MAP_Vol (Red dots) drives higher risk predictions.

Discussion

In this study, we successfully validated a machine learning framework capable of predicting
IOH five minutes in advance. Our results highlight two critical findings: first, the trade-off between
discrimination (best in Random Forest) and calibration (best in XGBoost) [25]; and second, the
identification of hemodynamic volatility as a ubiquitous prodromal marker.

The choice of model depends on the clinical use case. For a binary alarm system, the superior
ranking ability of Random Forest (AUROC 0.837) makes it the ideal “detector” [23]. However, for a
decision support dashboard displaying risk percentages, the calibrated probabilities of XGBoost
(Brier 0.083) are safer and more trustworthy [24]. This supports the use of ensemble approaches in
next-generation monitors.

The dominance of MAP_Vol validates the hypothesis that physiological instability precedes
collapse. This “wobble” likely represents the exhaustion of autoregulatory reserves [20]. The fact that
a simple Logistic Regression (0.824) performed comparably to complex models suggests that this
volatility signal is robust and linear, challenging the notion that only “black box” deep learning can
predict hypotension [15].

Limitations

This was a retrospective single-center study. While the sample size (N=1,750) is substantial
compared to prior pilot studies [10], prospective validation is required. Additionally, our PPV of
22.9% implies a false alarm rate that must be managed to prevent alarm fatigue [28].

Ethics Approval and Consent to Participate: This study was conducted using the publicly available, fully de-
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