


Supplemental table 1: Contingency table


	
	Observation
	
	
	
	

	
	Hypotension
	Non­hypotension
	
	
	

	HPI   Alarm
	True positive
	False positive
	
	PPV = TP/(TP+FP)
	

	
	(TP)
	(FP)
	
	
	

	
	
	
	
	
	

	No­alarm
	False Negative
	True Negative
	
	 NPV = TN/(TN+FN)
	

	
	(FN)
	(TN)
	
	
	

	
	
	
	
	
	

	
	×
	×
	
	
	

	
	Se = TP/(TP+FN)
	Sp = TN/(TN+FP)
	
	
	




Abbreviations: Se, sensitivity; Sp, specificity; PPV, positive predictive value;

NPV, negative predictive value



Supplemental table 2: Performance metrics for different MAP thresholds of non­hypotension, with an alarm threshold of 85.

	
	MAP
	
	

	
	> 65 mmHg
	> 70 mmHg
	> 75 mmHg

	
	
	
	

	Se
	0.59
	0.59
	0.59

	Sp
	0.85
	0.94
	0.999

	PPV
	0.21
	0.41
	0.98

	NPV
	0.97
	0.97
	0.96

	AUROC
	0.822
	0.873
	0.930

	AUCPR
	0.307
	0.585
	0.816












Abbreviations: Se, sensitivity; Sp, Specificity; PPV, positive

predictive value; NPV, negative predictive value; AUROC, area

under the ROC curve; AUCPR, area under the Precision Recall curve.




Supplemental table 3: Time to hypotensive Event
Time to Hypotensive Event (binning HPI) 
	When HPI is in the range of 
	Time-to-Event (min)
Median [Q1-Q3]

	[0, 4]
	11.4 [7.7-15.3]

	[5, 9]
	12.7 [8.8-16.7]

	[10, 14]
	11.3 [7.7-15.3]

	[15, 19]
	11.3 [7.0-15.3]

	[20, 24]
	11.3 [7.0-15.7]

	[25, 29]
	11.0 [7.0-16.0]

	[30, 34]
	11.7 [7.0-15.7]

	[35, 39]
	11.0 [6.7-15.3]

	[40, 44]
	10.7 [6.3-15.3]

	[45, 49]
	11.0 [6.7-15.7]

	[50, 54]
	11.0 [6.7-15.7]

	[55, 59]
	11.0 [6.7-15.3]

	[60, 64]
	11.0 [6.7-15.3]

	[65, 69]
	10.0 [6.0-15.0]

	[70, 74]
	9.7 [5.7-14.3]

	[75, 79]
	9.3 [5.0-14.3]

	[80, 84]
	9.3 [5.0-14.3]

	[85, 89]
	8.7 [4.7-14.0]

	[90, 94]
	8.0 [4.0-13.3]

	[95, 99]
	3.7 [1.3-9.0]


















Method: our objectives included measurement of the time to hypotensive events at different HPI values. The following steps were used for this measurement. All samples with HPI values falling in a range were considered. If there was a subsequent hypotensive episode in a search time window (i.e., a true positive) then the time-to-event from the sample to the start of the event was calculated. Median with first and third quartile [Q1-Q3] time-to-event were determined for each HPI range using the true positive samples in all patients. The time-to-event results are shown in table below using a search time window of 20 minutes.



Appendix A

The HPI validation protocol
The HPI validation protocol of Wijnberge et al., was used to validate HPI scores based on continuous non­invasive blood pressure data during ICU admission.(9) Data was labelled with a forward sliding window/tumbling approach. So, every 20­minute window was assigned one label. The time window was ’tumbled’ or ’flipped’ ahead in time, so windows did not overlap. 
The validation of a hypotensive predictive algorithm was divided into three stages: 1) data preprocessing, 2) labeling of data according to definitions of (no-) alarms and (non-) hypotension and 3) calculation of performance metrics. 
During the data preprocessing, we removed data points with a bad signal quality or other artefacts, which was inadequate for analysis. No imputation of missing values was applied. 
During the labeling phase of data, time segments in the data were categorized and labelled, to allow calculation of statistical performance metrics of a predictive algorithm. Each label consists of a categorical value pair: the prediction (alarm/no­alarm) and the outcome (hypotension/non­hypotension). As both values are binary, four types of labels exist. True positives (TPs) are alarms that are followed by hypotension. False positives (FPs) are alarms that are followed by non­hypotension. True negatives (TN) are no­alarms that are followed by non-hypotension. False negatives (FN) are no­alarms that are followed by hypotension. So, a TP are correctly predicted hypotensive events. A TN is a correctly predicted non hypotensive event. A FP is a falsely predicted non hypotensive event, also known as type I errors. A FN is an event that was not predicted and is also known as type II error. All labels can be presented in a contingency table: a tool for model performance assessment that forms the foundation of other performance metrics. (Table x). (13) Performance metrics consisted of sensitivity, specificity, PPV and NPV for an HPI threshold of 85. This threshold of 85 was chosen as it is the threshold of the FDA­approved and commercially available HPI algorithm. Prediction values in the form of an HPI value between 0 and 100 are dichotomized by an alarm threshold to an ‘alarm’ or ‘no­alarm’. For example, if a threshold of 85 is used. HPI values greater than 85 will produce an alarm. HPI values lower than or equal to 85 will be a no­alarm. An alarm threshold could form a cut­off value for clinicians to initiate pro­active treatment or not. The performance of an algorithm is often presented for multiple thresholds.
Outcome values are also dichotomized by defining hypotension and non­hypotension. 
During validation, model quality can be split in two different aspects: discriminative performance and calibration. Discriminative performance is the ability of the model to separate the different outcomes. Therefore, dichotomized predictions are used in attempt to separate the healthy from the diseased, or the time windows with hypotension from non­hypotension.(14) Calibration is the agreement between the predicted probability of an event and the observed frequency of events. Therefore, the rate of hypotension occurrence is evaluated for every HPI value from 0 to 100. This is one of the primary requirements to determine clinical usefulness. Performance metrics quantify the quality of discrimination and calibration of models.  



Appendix B
Performance metrics

Sensitivity, or ’Recall’, is defined as ’the true positive rate’ or ’the share of TP of all events.
Sensitivity depicts the probability of an alarm given that hypotension will occur shortly.

	T P

	Sensitivity = Recall =   T P + F N




Specificity is defined as ’the true negative rate’ or ’the share of TN of all non­events’. Specificity depicts the probability of a non­alarm given that non­hypotension will occur.

	T N

	Specificity =  T N + F P




Positive Predictive Value (PPV), or ’Precision’, is ’the share of TP in all alarms’. PPV de­ picts the probability that an alarm will be followed by an event, i.e. hypotension.48 Thus, PPV measures the exactness the positive predictions.20

	T P

	PPV = Precision =   T P + F P




Negative Predictive Value (NPV) is ’the share of TN in all non­alarms’. It depicts the prob­ ability that a non­alarm will be followed by a non­event.
	T N

	                             NPV = T N + F N






Accuracy is the proportion of correct predictions in all predictions.

	Accuracy =
	TP +TN
	=
	# correct predictions
	
	

	
	TP +FP +TN +FN
	
	  
	# samples
	
	
	

	
	
	
	
	
	
	
	





Appendix C
ROC and PR curve
Receiver Operating Characteristic (ROC) Curve is a frequently used method for analysing dis­ criminative performance. A ROC curve displays the performance of the model by plotting the sensitivity against specificity for all threshold values.5 A point on the ROC curve represents model performance for a single, particular threshold value. Thereby, true positive rate is plotted against false positive rate for the complete range of thresholds. This gives plot gives an overview of model performance.
Thereafter, the ROC curve can also be used to pick the eventual classification threshold, in combination with a cost function. A cost function defines the desired trade-off between sensitivity and specificity, which also forms a line on the ROC plot. The intersection of the ROC curve and cost function indicate the optimal threshold value for that cost function. But also without any cost function, the ROC curve shows valuable information when the operating threshold of the algorithm is yet to be determined.21
Via the ROC curve, discriminative ability of a model can be summarised in a single numerical measure: the area under the curve (AUC). The area under the ROC curve is a common technique for evaluating and comparing models on datasets with varying class distribution.21 A perfect model has an AUC of 1. A non­informative model has an AUC of 0.5, which is the case when predicting ‘heads’ of ‘tails’ when flipping a coin.

Precision Recall (PR) curve displays the recall (i.e. sensitivity) against the precision (PPV) for the complete range of thresholds. Thereby, it is similar to the ROC curve. The area under the PR curve can be used as summarizing metric.
[bookmark: _GoBack]The main difference between ROC curves and PR curves is that the number of true-negative results is not used for making a PR curve. The perfect test will have a PR curve that passes through the upper right corner (corresponding to 100 % precision and 100 % recall).
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