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Supplementary Methods
CORTEX “traffic light”
[bookmark: _GoBack]Sant Joan de Déu (SJD) Barcelona Children’s Hospital CORTEX eCare is a centralized advanced cardiac monitoring center for pediatric patients, launched in 2020, which aims to have a remote readily available continuous monitoring system of patient’s health during the whole recovery period after a cardiac procedure. CORTEX eCare is operated by a multidisciplinary group of professionals incusing clinicians, data scientists, biomedical engineers and informaticians that work together to build a risk stratification score system fed with electronic health record (EHR) patient data, CORTEX “traffic light”, for the management of patients with congenital heart disease (CHD). The first version of CORTEX “traffic light” score system is based on ruled-based model applied to the following six vital signs: heart rate (HR), oxygen saturation (SpO2), body temperature (BT), respiration rate (RR), systolic blood pressure (SBP) and diastolic blood pressure (DBP), as a function of age and cardiac physiology of the patient. CORTEX “traffic light” is already being used to monitor CHD patients at the ward in SJD. A telemetry wireless monitor (BeneVision TM80 from Mindray) is used to automatically measure ECG-derived HR, RR and SpO2 every minute during patient’s ward admission, while SBP, DBP and BT are measured by the nurses every 8h and introduced manually into the EHR system. All the six variables are automatically collected and stored in a dedicated database (Digistat Smart Central from ASCOM). For each vital sign variable, and depending on the age and cardiac physiology of the patient (cyanotic or non-cyanotic CHD), a score, ranging from 0 to 3, is calculated as described in Supplementary Table 2. Then, the final score is calculated as the addition of all six individual scores. Every time a new patient’s measurement becomes available, CORTEX “traffic light” score is calculated. Finally, three different colors are used to represent patient's last CORTEX “traffic light” score on CORTEX eCare board as follows: green: 0-1, yellow: 2-3 and red: >3, providing easy visibility and understating of all the patients' CORTEX “traffic light” score for clinicians.
Statistical analysis
Continuous variables were expressed as mean±standard deviation or median [25th–75th percentile] based on a normal distribution by Kolmogorov-Smirnov testing. Categorical variables were presented as n (%). Differences between groups (controls vs experimental groups) were analysed for statistical significance using bilateral independent t-test for normally distributed variables, Kruskal-Wallis for non-normally distributed variables, and Chi-square test for categorical variables. Analyses were performed using SPSS (version 28.0 for Windows) and p-value<0.05 indicated statistical significance.
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Supplementary Tables
Supplementary Table 1. Summary of all the publications about the use of ML-based models to predict the risk of clinical deterioration and mortality in hospitalized children.
	Author
	Year
	Nº of samples
	Outcome
	Variables
	Setting
	Methodology
	Bets results (AUROC)

	Clinical deterioration and unplanned ward-ICU transfer

	Park SJ et al. (1)
	2021
	50,019 (813 with outcome)
	Cardiopulmonary arrest (CPA) & unplanned ward-to-ICU transfer
	Demographics, clinical data and 5 vital signs (HR, RR, SBP, DBP, BT)
	Ward
	Bidirectional LSTM
	0.92 (CPA); 0.91 (unplanned ICU transfer)

	Comoretto RI et al.(2)
	2021
	29,494 (399 with outcome)
	Hemodynamic failure
	Clinical characteristics at admission
	ICU
	GLM, RPART, RF, NN, XGBoost
	0.78 (XGboost)

	Ruiz VM et al. (3)
	2021
	488 (203 with outcome)
	Clinical deterioration
	1028 variables including vital signs, medications, laboratory test and diagnoses.
	ICU
	Ensemble of 5 XGBoost models
	0.92 (4h before deterioration)

	Gu Y et al. (4)
	2021
	514 patients with CoA (195 with outcome)
	Postoperative adverse events (death and complications)
	64 variables (demographics, clinical, imaging, surgical and laboratory data)
	N/A
	Multivariate logistic regression
	0.82

	Zeng X et al. (5)
	2021
	1,964 (584 with outcome)
	Postoperative complications
	Demographic, clinical (diagnoses & procedures) and intraoperative data including vital signs
	N/A
	XGBoost and SHAP
	0.84 (all complications);
0.95 (cardiac complications)

	Mayampurath A et al. (6)
	2020
	38,199 (1375 with outcome)
	Unplanned ward-to-ICU transfer
	10 variables (4 demographic variables and 6 vital signs: BT, RR, HR, SpO2, SBP and DBP)
	Ward
	Discrete-time logistic regression
	0.77 (6h before the event)

	Izquierdo L et al. (7)
	2020
	90,678 records from 90 patients
	Clinical deterioration
	6 vital signs (SBP, DBP, MB, HR, RR and SpO2)
	ICU
	Hidden Markov Model + k-means
	Mean accuracy = 0.7*

	Gorham TJ et al. (8)
	2020
	135,755 encounters (158 with outcome)
	Clinical deterioration (Unplanned ward-do-ICU transfer and “code blue” events)
	5 vital signs + supplemental oxygen requirement
	Ward
	Multivariate logistic regression
	0.76 vs 0.73 for PEWS

	Zeng X et al. (9)
	2019
	2,308 patients (677 with outcome)
	Postoperative complications
	Demographic, preoperative clinical, surgery and postoperative data
	N/A
	XGBoost
	0.82 vs 0.75 for STS-EACTS score.

	Ruiz VM et al. (10)
	2019
	93 patients with single-ventricle physiology with 146 encounters (131 with outcome)
	Postoperative adverse events
	34 variables including clinical, vital signs and laboratory data
	ICU
	Naïve Bayes network models
	0.88 (1h before the event)

	Berry JG et al. (11)
	2019
	3,295 patients (882 with outcome)
	Clinical deterioration
	Demographics and number of complex chronic conditions and chronic medication
	Ward
	Multivariate logistic regression
	N/A (adjusted odds-ratio = 1.2)

	Kwon JM et al. (12)
	2019
	2,937,078 patients (18,255 with critical care and 375,079 with hospitalizations)
	Need for critical care (primary) and hospitalization (secondary) 
	Demographics, clinical and initial vital signs (HR, RR, BT) data
	ED
	MLP
	0.91 for predicting critical care; 0.78 for predicting hospitalizations.

	Rubin J et al. (13)
	2018
	15,427 patients with 18,973 encounters (432 with outcome) from 2 databases
	Unplanned ward-to-ICU transfer
	Demographics and vital signs data (HR, SpO2, RR, BT, DBP, SBP, MBO, Pulse pressure, Shock index). 
	Ward
	AdaBoost and gradient tree boosting
	0.84 vs. 0.75 for modified PEWS

	Matam B et al. (14)
	2018
	3,435 patients (175 with outcome)
	Cardiac arrest
	4 vital signs (HR, RR, SBP and SpO2)
	ICU
	Singular spectrum analysis + auto-regressive model
	0.75

	Wellner B et al. (15)
	2017
	>1 million patient with >8 million encounters (3,927 with outcome) from 3 hospitals
	Unplanned ward-to-ICU transfer
	75 variables including vital sings, laboratory data, acuity scores and nurse assessments
	Ward
	Regularized logistic regression and MLP
	0.89, 0.91 and 0.89 for each institution with MLP (6h before the event) 

	Potes C et al. (16)
	2017
	8,022 patients (3,180 with outcome) from 2 hospitals
	Hemodynamic instability
	36 variables including vital signs, laboratory data and ventilator parameters
	ICU
	AdaBoost
	0.81

	Rusin C et al. (17)
	2016
	25 patients with parallel circulation (13 with outcome)
	Cardiorespiratory deterioration
	6 vital signs variables
	ICU
	Multivariate logistic regression
	0.91 (1-2h before the event)

	Zhai H et al. (18)
	2014
	71,752 patient encounters (526 with outcome)
	Ward-to-ICU transfer within the first 24h 
	155 variables including demographic, clinical and vital signs data
	Ward
	Logistic regression
	0.91

	Mortality

	Lee B et al. (19)
	2021
	2,596 patients (78 with outcome) from 4 institutions
	Mortality within 72h of admission
	Demographic, ICU admission-related, clinical, and vital signs data
	ICU
	RF
	0.91 vs 0.85 for PIM3 (validation cohort)

	Aczon M et al. (20)
	2021
	9,070 patients with 12,516 encounters (472 with outcome)
	Mortality
	430 variables including demographic, medications, laboratory, and vital signs data
	ICU
	LSTM
	0.94 12h after ICU admission; 0.99 24h before discharge/death

	Hong S et al. (21)
	2021
	13,258 patients (780 with outcome)
	Mortality
	397 variables including demographic, input and output, laboratory vital signs data
	ICU
	Ensemble step-wise feature selection + logistic regression
	0.75 vs 0.69 PRISM 3 (using 11 features)

	Prince R et al. (22)
	2021
	9,980 patients with 14.237 encounters (443 with outcome)
	Mortality
	Variables used to calculi the PELOD-2 score such as Glasgow Coma Scale score, pupillary reaction, lactate, etc. and age
	ICU
	Decision trees, Naïve Bayes, SVM, KNN, boosted ensemble and RF
	0.87 for RF vs 0.76 for PELOD-2

	Bertsimas D et al. (23) 
	2021
	>235,000 patients with +295,000 operations (2,950 with outcome)
	Mortality, prolonged mechanical ventilatory support time (MVST) and prolonged hospital LOS.
	Preoperative clinical variables
	ICU
	Optimal classification trees (OCT), logistic regression, RF and GBM 
	0,86 (mortality), 0.85 (prolonged MVST) and 0.82 (prolonged LOS) with OCT.

	Hu Y et al. (24)
	2021
	1,481 patients (50 with outcome, 4.79% with CHD
	Postoperative mortality
	261 variables including demographics, clinical data as well as vital signs during surgery (HR, SBP, DBP, MBP, BT and SpO2)
	N/A
	XGBoost, RF, logistic regression, Naïve Bayes and KNN + SHAP
	0.74

	Jalali A et al. (25)
	2020
	549 patients with HLHS (72 with outcome)
	1-year mortality or cardiac transplantation and prolonged LOS
	Preoperative and intraoperative variables
	N/A
	DNN, GBM, RF, DT and Ridge Regression
	0.95 (mortality/cardiac transplantation) and 0.94 (prolonged LOS) with DNN

	Kim S et al. (26)
	2019
	1,723 patients with 2,341 encounters (338 with outcome)
	Mortality
	Demographic, clinical and 7 vital signs data (SBP, DBP, MBP, HR, RR, SpO2 and BT
	ICU
	CNN
	0.96 6h prior to death


	Miller R et al. (27)
	2018
	3,180 (286 with outcome)
	Mortality after heart transplant within 1 year
	Demographic and clinical data from donor and recipient
	N/A
	Classification and regression trees, RF and NN
	0.74 with RF

	Williams J et al. (28)
	2018
	11,384 patient encounters (249 with outcome)
	Mortality
	35 variables including demographic, clinical, laboratory, medications, and vital signs data
	ICU
	k-means
	0.77

	Ho L et al. (29)
	2017
	17,268 patients with 21,881 encounters (389 with outcome)
	Mortality within 12h
	Demographic, clinical, laboratory, medications, and vital signs data
	ICU
	Logistic regression, MLP and LSTM
	0.92 for LSTM

	Aczon M et al. (30)
	2017
	12,020 patients with 16,559 encounters (444 with outcome)
	Mortality
	~300 variables including demographic, clinical, laboratory, medications, and vital signs data
	ICU
	RNN
	0.93


AdaBoost: Adaptive Boosting; BT: body temperature; CNN: Convolutional neural network; CoA: Coarctation of the aorta; DBP: diastolic blood pressure; DNN: deep neural network; DT: decision tree; GBM: Gradient Boosting Machine; GLM: Generalized linear model;  HLHS: Hypoplastic left heart syndrome;  HR: heart rate; ICU: intensive care unit; KNN: K-Nearest Neighbors;  LSTM: Long short-term memory; MBP: mean blood pressure; MLP: Multilayer perceptron; NN: neural network; RF: Random Forest; RNN: recurrent neural network; RPART: recursive partitioning; RR: respiration rate; SBP: systolic blood pressure; SHAP: SHapley Additive exPlanations; SpO2: oxygen saturation; SVM: Super vector machine; XGBoost: eXtreme Gradient Boosting.

Supplementary Table 2. CORTEX “Traffic light” score. For each vital sign variable and depending on the age and cardiac physiology of the patient (cyanotic or non-cyanotic congenital heart defect), a score, ranging from 0 to 3, is calculated. Then, the CORTEX “Traffic light” score is calculated as the addition of all six individual scores. A different traffic light colour is assigned as a function of total score as follows: green: 0-1, yellow: 2-3 and red: >3.
	Variable
	Non-cyanotic CHD
	Cyanotic CHD

	
	0 points
	1 point
	2 points
	3 points
	0 points
	1 point
	2 points
	3 points

	Age group: 0 – 6 months

	HR (bpm)
	≥120 & <145
	≥100 & <120 or
≥145 & <160
	≥95 & <100 or
≥160 & <180
	<95 or ≥180
	≥120 & <145
	≥100 & <120 or
≥145 & <160
	≥95 & <100 or
≥160 & <180
	<95 or ≥180

	RR (rpm)
	≥30 & <45
	≥20 & <30 or
≥45 & <55
	≥55 & <65
	<20 or ≥65 
	≥30 & <45
	≥20 & <30 or
≥45 & <55
	≥55 & <65
	<20 or ≥65

	Body Temp. (º)
	≥35,7 & <37
	≥37,5 & <38,5 or
< 35,7
	≥38,5
	-
	≥35,7 & <37
	≥37,5 & <38,5 or
< 35,7
	≥38,5
	-

	SpO2 (%)
	≥94 & <100
	≥90 & <94
	≥85 & <90
	<85
	≥80 & <90
	≥75 & <80 or
≥90 & <100
	≥70 & <75
	<70

	SBP (mmHg)
	≥55 & <70
	≥45 & <55 or
≥70 & <80
	≥35 & <45 or
≥80 & <90
	<35 or ≥90 
	≥55 & <70
	≥45 & <55 or
≥70 & <80
	≥35 & <45 or
≥80 & <90
	<35 or ≥90

	DBP (mmHg)
	≥30 & <50
	≥25 & <30 or
≥50 & <60
	≥20 & <25 or
≥60 & <70
	<20 or ≥70 
	≥30 & <50
	≥25 & <30 or
≥50 & <60
	≥20 & <25 or
≥60 & <70
	<20 or ≥70 

	Age group: 6 – 12 months

	HR (bpm)
	≥120 & <165
	≥100 & <120 or
≥165 & <175
	≥90 & <100 or
≥175 & <185
	<90 or ≥185
	≥120 & <165
	≥100 & <120 or
≥165 & <175
	≥90 & <100 or
≥175 & <185
	<90 or ≥185

	RR (rpm)
	≥20 & <35
	≥35 & <45
	≥45 & <55
	<20 or ≥55 
	≥20 & <35
	≥35 & <45
	≥45 & <55
	<20 or ≥55 

	Body Temp. (º)
	≥35,7 & <37
	≥37,5 & <38,5 or
< 35,7
	≥38,5
	-
	≥35,7 & <37
	≥37,5 & <38,5 or
< 35,7
	≥38,5
	-

	SpO2 (%)
	≥94 & <100
	≥90 & <94
	≥85 & <90
	<85
	≥80 & <90
	≥75 & <80 or
≥90 & <100
	≥70 & <75
	<70

	SBP (mmHg)
	≥70 & <90
	≥60 & <70 or
≥90 & <100
	≥50 & <60 or
≥100 & <110
	<50 or ≥110 
	≥70 & <90
	≥60 & <70 or
≥90 & <100
	≥50 & <60 or
≥100 & <110
	<50 or ≥110 

	DBP (mmHg)
	≥45 & <65
	≥35 & <45 or
≥65 & <75
	≥30 & <35 or
≥75 & <80
	<30 or ≥80 
	≥45 & <65
	≥35 & <45 or
≥65 & <75
	≥30 & <35 or
≥75 & <80
	<30 or ≥80 

	Age group: 1 – 2 years

	HR (bpm)
	≥105 & <160
	≥90 & <105 or
≥160 & <175
	≥175 & <195
	<90 or ≥195
	≥105 & <160
	≥90 & <105 or
≥160 & <175
	≥175 & <195
	<90 or ≥195

	RR (rpm)
	≥20 & <30
	≥30 & <40
	≥40 & <50
	<20 or ≥50 
	≥20 & <30
	≥30 & <40
	≥40 & <50
	<20 or ≥50 

	Body Temp. (º)
	≥35,7 & <37
	≥37,5 & <38,5 or
< 35,7
	≥38,5
	-
	≥35,7 & <37
	≥37,5 & <38,5 or
< 35,7
	≥38,5
	-

	SpO2 (%)
	≥94 & <100
	≥90 & <94
	≥85 & <90
	<85
	≥80 & <90
	≥75 & <80 or
≥90 & <100
	≥70 & <75
	<70

	SBP (mmHg)
	≥75 & <95
	≥65 & <75 or
≥95 & <105
	≥55 & <65 or
≥105 & <115
	<55 or ≥115 
	≥75 & <95
	≥65 & <75 or
≥95 & <105
	≥55 & <65 or
≥105 & <115
	<55 or ≥115 

	DBP (mmHg)
	≥50 & <70
	≥40 & <50 or
≥70 & <80
	≥35 & <40 or
≥80 & <90
	<35 or ≥90 
	≥50 & <70
	≥40 & <50 or
≥70 & <80
	≥35 & <40 or
≥80 & <90
	<35 or ≥90 

	Age group: 2 – 6 years

	HR (bpm)
	≥80 & <140
	≥70 & <80 or
≥140 & <155
	≥60 & <70 or
≥155 & <170
	<60 or ≥170
	≥80 & <140
	≥70 & <80 or
≥140 & <155
	≥60 & <70 or
≥155 & <170
	<60 or ≥170

	RR (rpm)
	≥15 & <25
	≥12 & <15 or
≥25 & <30
	≥30 & <40
	<12 or ≥40 
	≥15 & <25
	≥12 & <15 or
≥25 & <30
	≥30 & <40
	<12 or ≥40 

	Body Temp. (º)
	≥35,7 & <37
	≥37,5 & <38,5 or
< 35,7
	≥38,5
	-
	≥35,7 & <37
	≥37,5 & <38,5 or
< 35,7
	≥38,5
	-

	SpO2 (%)
	≥94 & <100
	≥90 & <94
	≥85 & <90
	<85
	≥80 & <90
	≥75 & <80 or
≥90 & <100
	≥70 & <75
	<70

	SBP (mmHg)
	≥80 & <100
	≥70 & <80 or
≥100 & <110
	≥60 & <70 or
≥110 & <120
	<60 or ≥120 
	≥80 & <100
	≥70 & <80 or
≥100 & <110
	≥60 & <70 or
≥110 & <120
	<60 or ≥120 

	DBP (mmHg)
	≥50 & <70
	≥40 & <50 or
≥70 & <80
	≥30 & <40 or
≥80 & <90
	<30 or ≥90 
	≥50 & <70
	≥40 & <50 or
≥70 & <80
	≥30 & <40 or
≥80 & <90
	<30 or ≥90 

	Age group: 6 – 10 years

	HR (bpm)
	≥70 & <120
	≥60 & <70 or
≥120 & <135
	≥50 & <60 or
≥135 & <155
	<50 or ≥155
	≥70 & <120
	≥60 & <70 or
≥120 & <135
	≥50 & <60 or
≥135 & <155
	<50 or ≥155

	RR (rpm)
	≥15 & <20
	≥12 & <15 or
≥20 & <30
	≥30 & <40
	<12 or ≥40 
	≥15 & <20
	≥12 & <15 or
≥20 & <30
	≥30 & <40
	<12 or ≥40 

	Body Temp. (º)
	≥35,7 & <37
	≥37,5 & <38,5 or
< 35,7
	≥38,5
	-
	≥35,7 & <37
	≥37,5 & <38,5 or
< 35,7
	≥38,5
	-

	SpO2 (%)
	≥94 & <100
	≥90 & <94
	≥85 & <90
	<85
	≥80 & <90
	≥75 & <80 or
≥90 & <100
	≥70 & <75
	<70

	SBP (mmHg)
	≥90 & <115
	≥80 & <90 or
≥115 & <125
	≥70 & <80 or
≥125 & <135
	<70 or ≥135
	≥90 & <115
	≥80 & <90 or
≥115 & <125
	≥70 & <80 or
≥125 & <135
	<70 or ≥135

	DBP (mmHg)
	≥55 & <80
	≥45 & <55 or
≥80 & <90
	≥35 & <45 or
≥90 & <100
	<35 or ≥100 
	≥55 & <80
	≥45 & <55 or
≥80 & <90
	≥35 & <45 or
≥90 & <100
	<35 or ≥100 

	Age group: 10 – 14 years

	HR (bpm)
	≥60 & <100
	≥50 & <60 or
≥100 & <120
	≥40 & <50 or
≥120 & <145
	<40 or ≥145
	≥60 & <100
	≥50 & <60 or
≥100 & <120
	≥40 & <50 or
≥120 & <145
	<40 or ≥145

	RR (rpm)
	≥12 & <15
	≥10 & <12 or
≥15 & <25
	≥7 & <10 or
≥25 & <35
	<7 or ≥35 
	≥12 & <15
	≥10 & <12 or
≥15 & <25
	≥7 & <10 or
≥25 & <35
	<7 or ≥35 

	Body Temp. (º)
	≥35,7 & <37
	≥37,5 & <38,5 or
< 35,7
	≥38,5
	-
	≥35,7 & <37
	≥37,5 & <38,5 or
< 35,7
	≥38,5
	-

	SpO2 (%)
	≥94 & <100
	≥90 & <94
	≥85 & <90
	<85
	≥80 & <90
	≥75 & <80 or
≥90 & <100
	≥70 & <75
	<70

	SBP (mmHg)
	≥100 & <125
	≥90 & <100 or
≥125 & <135
	≥80 & <90 or
≥135 & <150
	<80 or ≥150
	≥100 & <125
	≥90 & <100 or
≥125 & <135
	≥80 & <90 or
≥135 & <150
	<80 or ≥150

	DBP (mmHg)
	≥60 & <85
	≥50 & <60 or
≥85 & <95
	≥40 & <50 or
≥95 & <105
	<40 or ≥105 
	≥60 & <85
	≥50 & <60 or
≥85 & <95
	≥40 & <50 or
≥95 & <105
	<40 or ≥105 

	Age group: 14 – 18 years

	HR (bpm)
	≥50 & <100
	≥40 & <50 or
≥100 & <120
	≥35 & <40 or
≥120 & <145
	<35 or ≥145
	≥50 & <100
	≥40 & <50 or
≥100 & <120
	≥35 & <40 or
≥120 & <145
	<35 or ≥145

	RR (rpm)
	≥12 & <15
	≥10 & <12 or
≥15 & <25
	≥7 & <10 or
≥25 & <35
	<7 or ≥35 
	≥12 & <15
	≥10 & <12 or
≥15 & <25
	≥7 & <10 or
≥25 & <35
	<7 or ≥35 

	Body Temp. (º)
	≥35,7 & <37
	≥37,5 & <38,5 or
< 35,7
	≥38,5
	-
	≥35,7 & <37
	≥37,5 & <38,5 or
< 35,7
	≥38,5
	-

	SpO2 (%)
	≥94 & <100
	≥90 & <94
	≥85 & <90
	<85
	≥94 & <100
	≥90 & <94
	≥85 & <90
	<85

	SBP (mmHg)
	≥100 & <130
	≥90 & <100 or
≥130 & <145
	≥80 & <90 or
≥145 & <160
	<80 or ≥160
	≥100 & <130
	≥90 & <100 or
≥130 & <145
	≥80 & <90 or
≥145 & <160
	<80 or ≥160

	DBP (mmHg)
	≥60 & <85
	≥50 & <60 or
≥85 & <95
	≥40 & <50 or
≥95 & <105
	<40 or ≥105 
	≥60 & <85
	≥50 & <60 or
≥85 & <95
	≥40 & <50 or
≥95 & <105
	<40 or ≥105 


HR: heart rate; RR: respiration rate; SpO2: oxygen saturation; Temp: temperature; SBP: Systolic Blood Pressure; DBP: Diastolic Blood Pressure. Cyanotic congenital heart disease (CHD) include the following defects: common arterial trunk (before corrective surgery), double outlet right ventricle (before corrective surgery), double outlet left ventricle, transposition of the great arteries, double inlet ventricle, pulmonary valve atresia, pulmonary valve stenosis, tricuspid valve stenosis, Ebstein’s anomaly, hypoplastic right heart syndrome, hypoplastic left heart syndrome, pulmonary infundibular stenosis, subaortic stenosis, atresia of aorta, interruption of the aortic arch, atresia of pulmonary artery, stenosis of pulmonary artery, congenital pulmonary arteriovenous malformation and total anomalous pulmonary venous connection.
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