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Introduction 
Infants undergoing the palliative surgery series for single ventricle disease (SVD) are at high risk of sudden, severe health 
deterioration in the 4-6 month “interstage” period between the first two surgeries1,2,3. These deterioration events can progress 
rapidly – a problem exacerbated for patients who live distant from a specialized care facility – resulting in further morbidity 
and possible death. A 2014-2015 feasibility trial for the Cardiac High Acuity Monitoring Program (CHAMP), using a tablet-
based application for monitoring patients at home, shows potential to mitigate this problem, demonstrating an effectively 
0% fatality rate for patients with caregivers using the program.1 Through CHAMP, the care management team is able to 
recognize early signals of deterioration, allowing patients to reach their care facility sooner and thus promoting better 
outcomes. However, because these events are difficult to detect in advance, the risk of resulting morbidity remains. 
Moreover, the burden of these events is increased by the strain placed on caregivers due to sudden unplanned readmission 
(UPR) of their ailing infant into a facility that may be several counties away. This study presents a machine learning approach 
to identify patients at risk of these events using the occurrence of unplanned readmission as a proxy. 

Methods 
Using data acquired through CHAMP, two machine learning approaches were developed to detect patients at risk of sudden 
health deterioration and unplanned readmission. The first approach predicted the probability of UPR within the next 48-hour 
window for any given day between surgeries (the “Window Model”). The second, “Two-Phase” approach, consisted of a 
binary classification (will/will not the patient have a UPR event), followed by a regression to predict the approximate number 
of days from discharge after the stage-one surgery until their first unplanned readmission event. Input data included electronic 
health record (EHR) and CHAMP data for 280 patients previously enrolled in the program. EHR data included demographics 
and health history collected at the time of enrollment, and all known healthcare encounters from the time of birth through 
the second stage surgery. Through the CHAMP application and continued contact with care staff, caregivers were encouraged 
to report daily vital measurements (heart rate, oxygen saturation, and weight), as well as dietary intake and output, health 
concerns, and “red flag” events4. As further validation for the role of continued monitoring, the Two-Phase approach was 
restricted to use only those data available at the time of discharge from the first surgery.  
The Window Model approach was compared to a baseline model that used random assignment drawn from the extant daily 
population statistic, P(UPR | any day between surgeries) = 0.010, or 1%. The second approach was compared first to random 
assignment drawn from the probability of having any UPR events (70%), and then to constant assignment as the mean time 
until the first UPR (Mean = 40.0 days). Both the Window Model and the binary component of the Two-Phase approach used 
a boosted classifier from the XG Boost Python library. The regression component used a boosted regressor from the same 
library. Train and test data were separated using an 80/20 split, with data for each given patient restricted to only one side of 
that split (such to prevent target leakage). All model metrics were estimated as the average result of 10-fold cross validation.  

Results 
The Window Model significantly outperformed its baseline in recall and precision (Table 1), with losses of 5% or less in 
accuracy and false negative rate. In contrast, although the binary component of the Two-Phase model did outperform 
baselines in some metrics (Table 2), the regression component (Table 3) had a higher mean absolute error than its baseline 
prediction of the mean. More importantly, it had an average R-squared value less than zero, indicating that the model 
failed to account for variation in the outcome. Further examination of feature importance demonstrated that the most 
prominent predictor of UPR was the cumulative gradient in mean oxygen saturation level (Example in Table 4), obtained 
through the combination of follow-up patient encounters and at-home measurement through CHAMP. Due to the imposed 
data restriction, this feature was precluded from Two-Phase model. Notably, that feature alone had only a 25% correlation 
with the occurrence of unplanned readmission events. 
 
  



Table 1. Comparison of Results Between Window Model and Baseline 
Method Sensitivity (Recall)  Accuracy  Precision False Negative Rate  

Window Model (Boosted Classifier) 92% 95% 16% 6% 

Window Baseline (P = 0.010) 1% 98% 1% 1% 

Table. 2. Comparison of Results Between Binary, Will/Won’t Have UPR, Component of Two-Phase Model 
Method Sensitivity (Recall) Accuracy  Precision False Negative Rate  

Two-Phase Binary Component (Boosted Classifier) 92% 68% 71% 78% 

Two-Phase Binary Component Baseline (P = 0.695) 71% 60% 71% 66% 

Table 3. Comparison of Results Between Regression, Days to First UPR, Component of Two-Phase Model 
Method MAE  MSE  R2 

Two-Phase Regression Component (Boosted Regressor) 25.3 days 1315 days -0.13 

Two-Phase Regression Component Baseline (Mean = 40.00 days) 27.5 days 1233 days 0 

Table 4. Top Five Features in the Best Performing Window Model, Ranked by Information Gain and Weight 
Rank Data Source Feature  Gain  Weight 

1	 	CHAMP/EHR	Combined 	Last	1-day	O2	Saturation	cumulative	gradient 	95289 	928 

2	 	CHAMP/EHR	Combined 	Last	1	day	mean	O2	Saturation 	1745 	173 

3	 	EHR 	Total	Cumulative	Length	of	Stay	(Inpatient) 	1243 	185 

4	 	EHR 	Lowest	pH	During	Neonatal	Encounter 	1164 	198 

5	 	CHAMP/EHR	Combined 	Last	2-day	mean	respiratory	rate 	1128 	88 

Discussion  
This machine learning analysis is intended to enhance an existing workflow, prioritizing patients by their predicted level of 
risk. Results demonstrate that a boosted classifier can identify at-risk patients with high degrees of sensitivity and 
accuracy. The rarity of positive events does present a challenge in optimized precision, since a small number of false 
positives can greatly reduce this score. However, as the primary intention of the final model is to prioritize high-risk 
patients, rather than to eliminate low-risk ones, loss in precision is acceptable so long as sensitivity is high and the false 
positive rate remains relatively low. It is worth noting that the data limitation imposed on the Two-Phase approach (N=280 
records) may have limited the capabilities of its models. That said, due to the clear importance of features obtained through 
continued patient observation in the high-performing Window Model – specifically, changes in oxygen saturation – results 
from the Two-Phase approach seems to reflect rather a lack of key information necessary to distinguish patient risk.  

Significance  
This predictive study on 280 SVD patients demonstrates that patients at risk of sudden unplanned hospital readmission 
(and thus sudden health deterioration) can be identified with an average sensitivity of 92% and an average accuracy of 
95% using a boosted classifier on data obtained from EHR and an at-home patient monitoring application. These results 
can facilitate review of patient status through a metric of predicted risk, thereby potentially reducing morbidity caused by 
sudden deterioration events. 
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