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EditordIn a joint project between two Swiss universities, we

developed machine learning models to predict deviations

from upper and lower thresholds across 13 distinct vital signs,

as outlined in Table 1. This project had two primary goals: to

demonstrate the feasibility of short-term predictions (20

se20 min) across a wider range of vital signs than previously

researched; and to develop models for a future Artificial

Intelligence Clinical Decision Support System (AI-CDSS) to be

used in patient monitors, relying only on the continuous

vital sign data available in these monitors. Such a system

could proactively alert clinicians to impending vital sign

changes, enabling adjustments based on forecasts rather

than alarms.1 We envision a system that, similar to the

common trend displays for the recent past of each vital sign,

would provide predictive trend indications.

This correspondence provides an overview of our models,

with more detailed information in the Supplementary

Appendix Sections Supplement 1 (Detailed Description of the

Model Development) and Supplement 2 (Model Characteristics

and Performance). We developed single-stream deep learning

models for each vital sign.2,3 Each model continuously ana-

lyses its respective vital sign data stream and generates pre-

dictions. Our model architecture includes a Long Short-Term

Memory layer to process raw input,4 compute an internal

representation, and a dense output layer for making pre-

dictions. These models can predict as far into the future as

they have observed in the past. For instance, after 20 min of

data analysis, the models canmake predictions for the next 20
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min, checking if the computed value falls within the vital sign

threshold.

We used 37,069 anaesthesia records from the University

Hospital Zurich, Switzerland, a tertiary care university hospi-

tal. Most cases had a 1-min resolution, with 653 cases at a 1-s

resolution. Characteristics of the dataset are outlined in

Supplementary Table S1. The dataset covered a wide range of

procedures and patients for more than 2 yr, including elective,

emergency, ambulatory, cardiac, noncardiac, general, and

regional anaesthesia cases during all perioperative phases.

Before developing the models, we excluded vital sign signals

outside predefined plausible ranges (Supplementary Table S2).

Our strategic decision to use a large real-life dataset con-

taining only vital sign data and minimal data cleaning was

guided by our intent to create models that would work in a

patient monitor using exclusively high-quality vital sign data.

This approach addressed data source and quality issues,

substantial obstacles to the practical implementation of AI-

CDSS.5

Next, we internally validated the models and used the

eICU6 and MIMIC-III7 datasets for external validation. Internal

validation results are shown in Table 1 and Supplementary

Table S4, and external validation results are presented in

Supplementary Tables S5 and S6. We used the balanced ac-

curacy metric to present model performance because it is easy

to understand. Balanced accuracy evaluates the correct or

incorrect prediction of deviations, considering the varying

number of actual deviations and non-deviations in the
eserved, including those for text and data mining, AI training, and similar
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Table 1 Performance of the vital sign prediction models (classification task). Numbers are balanced accuracy (¼[SensitivityþSpeci-
ficity]/2). Predictions with a forecast horizon of seconds use the high-resolution dataset (1 s�1), and predictions in minutes use the 1
min�1 dataset. Values in bold: balanced accuracy 0.50e0.70; values in italic: balanced accuracy 0.71e0.84; values in regular font:
balanced accuracy 0.85e1. The vital sign thresholds, for which themodels achieved the balanced accuracies shown here, are listed in
Supplementary Table S2. BIS, Bispectral Index®; CVP, central venous pressure; etCO2, end-tidal CO2 concentration; HR, heart rate;
IABP, invasive arterial blood pressure; N/A, not available; NIABP, noninvasive arterial blood pressure; PR, pulse rate; RR, respiratory
rate; SpO2, oxygen saturation; Temp, temperature; TOF%, train-of-four ratio; TV, tidal volume.

Variable name Prediction horizon

10 s 20 s 40 s 5 min 10 min 20 min

Low High Low High Low High Low High Low High Low High

Temp 0.984 0.991 0.990 0.992 0.965 0.988 0.967 0.961 0.954 0.952 0.916 0.940

HR 0.965 0.954 0.955 0.950 0.952 0.937 0.921 0.890 0.904 0.875 0.874 0.853

PR 0.742 0.925 0.717 0.924 0.679 0.920 0.819 0.896 0.807 0.875 0.786 0.844

ST-segment 
deviation 0.929 0.940 0.908 0.902 0.901 0.920 0.879 0.912 0.875 0.906 0.847 0.879

IABP 0.942 0.940 0.975 0.926 0.912 0.912 0.753 0.746 0.727 0.720 0.715 0.695

CVP 0.924 0.940 0.936 0.938 0.913 0.930 0.864 0.887 0.851 0.870 0.813 0.838

RR 0.825 0.885 0.876 0.851 0.788 0.781 0.920 0.770 0.907 0.762 0.890 0.734

TV 0.900 0.895 0.883 0.890 0.868 0.852 0.850 0.877 0.843 0.862 0.829 0.831

etCO2 0.949 0.889 0.936 0.875 0.938 0.825 0.881 0.824 0.857 0.767 0.821 0.731

TOF% N/A 0.994 N/A 0.998 N/A 0.997 N/A 0.894 N/A 0.858 N/A 0.849

BIS 0.931 0.927 0.911 0.907 0.913 0.899 0.838 0.833 0.810 0.806 0.774 0.772

SpO2 0.953 0.957 0.948 0.950 0.939 0.940 0.868 0.869 0.838 0.840 0.809 0.810

NIABP No 
data

No 
data

No 
data

No 
data

No 
data

No 
data 0.685 0.668 0.650 0.618 0.607 0.585
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dataset. A balanced accuracy of >0.85 indicates the models’

predictions would have been correct for 8.5 out of 10 instances

with the tested thresholds. For 19 of 23 (82%) vital sign de-

viations, predictions could be made 40 s in advance with a

balanced accuracy of >0.85. In anaesthesia, this could allow an

anaesthetist to act just before an event such as low blood

pressure by administering a vasopressor or using the Tren-

delenburg position. For 16 of 25 (64%) vital sign deviations,

predictions with a balanced accuracy >0.85 could be made as
early as 5 min ahead. For 7 of 25 (28%) vital sign deviations,

including temperature and ST-segment changes, balanced

accuracy was >0.85, 20 min ahead. Low temperature raises

bleeding risk,8 and ST-segment changes can indicate devel-

oping coronary hypoperfusion.9

Our models have strengths and limitations. They were

trained and validated using data from a broad range of pa-

tients and cases, encompassing all perioperative phases for

more than 2 yr. These data were recorded under continuous
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vital sign assessment by clinicians who actively intervened to

correct impending vital sign deviations. Because our goal was

to create models that could function effectively with only vital

sign data in real-life clinical settings, we did not include

additional data at this stage and do not have access to such

data for the dataset used to train our models. We recognise

that providing demographic data for our dataset could further

improve the models’ applicability and interpretation. Model

performance could also be improved by incorporating addi-

tional data such as age, ASA physical status, phases of

anaesthesia, and interventions by clinicians. Moreover,

applying artifact removal strategies beyond merely excluding

implausible values could enhance model accuracy. Our

models were trained and developed using perioperative pa-

tient data, whereas external validation was performed using

intensive care unit patient data. In addition, not all vital signs

studied were available in the external validation datasets.

Both training and validation datasets originated from high-

income countries. Patient groups from countries with

different healthcare settings might exhibit substantial differ-

ences, potentially affecting model performance. The balanced

accuracy values provided in Table 1 apply to the vital sign

thresholds listed in Supplementary Table S2. Different

thresholds would alter model performance. These limitations

highlight areas for future improvement and underscore the

need for additional research to ensure the robustness and

generalisability of our models across different patient pop-

ulations and healthcare settings.

With this correspondence, we aim to raise awareness of the

feasibility of developing deep learning models to predict a

wider range of vital sign deviations than commonly studied.

To explore how these predictions can be integrated with a

user-friendly interface to provide a clinically meaningful AI-

CDSS for patient monitoring requires further research and

validation, both regarding hypothetical and clinical outcomes.

We cannot make the software code for the models publicly

available at this time because it would reduce our chances of

developing them into a product. The code is intellectual

property of ETH Zurich, and Philips (Amsterdam, The

Netherlands) holds a nonexclusive license. Specific strengths

of ourmodels lie in their tailored development formaking vital

sign predictions using exclusively vital sign data and their

surprisingly good performance in validation considering the

single-stream input data.
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