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Introduction 

The respiratory syncytial virus (RSV) is one of the most common diseases of early childhood.1 Young children with 
congenital heart disease (CHD) have an increased rate of hospitalization, admission to intensive care, and mortality 
compared to other infants.2-5 Palivizumab is a humanized RSV monoclonal antibody shown to reduce 
hospitalization and serious infection in pediatric patients with CHD and at high-risk of RSV disease.2, 6  

A quality improvement initiative to increase palivizumab administration at our center was enacted. The first 
necessary step needed was to identify high-risk patients. This was completed via administrative database 
interrogation and chart review. While accurate, this method utilized a significant amount of time. To help expedite 
patient identification for future years, a supervised machine learning algorithm was created and evaluated for 
effectiveness and accuracy.  

Methods  

Data was collected between January 2019 and April 2021 in all children seen in our pediatric cardiology clinic 
below 1 year of age. April 30th was chosen as the end of that RSV season. Features recorded included International 
Classification of Diseases codes (ICD-10), age, medications, oxygen saturation, along with medical record and visit 
identification number (the latter 2 were not used in the algorithm). ICD-10 codes were classified by 2 pediatric 
cardiologists into 3 groups corresponding to the likelihood of qualifying for the medication (low/medium/high). 
Use of cardiac medications were recorded in a binary fashion for furosemide, bumetanide, sildenafil, enalapril, 
captopril, and digoxin. These were selected due to their high clinical likelihood of being associated with a diagnosis 
that qualified for palivizumab.  

These records were reviewed by the same cardiologists and patients with a high-risk for RSV complications who 
are eligible for palivizumab as outlined by the American Academy of Pediatrics (AAP) were identified and labeled.7 
This served as the “target feature” for the algorithm. These data (n = 2693 visits) served as the training dataset. 
The same methodology was used for data between May 2021 and February 2022. These data (n = 1139 visits) were 
also labeled with the target feature of palivizumab eligibility and served as the test dataset. 

The data were prepared, labeled, and preprocessed in Orange (University of Ljubljana, Slovenia). Several 
supervised classification algorithms were analyzed with logistic regression (LR) and random forest (RF) having the 
best performance, with LR being slightly better. Both algorithms were adjusted to account for class imbalance in 
the data.   

Results 

The LR algorithm granted a prediction on a per visit (not per person) basis. The algorithm performed with an area 
under the receiver operator curve (AUC) of 0.87 and an F1 score of 0.55. This amounted to a sensitivity of 0.83, 
specificity of 0.79, and positive and negative predictive values of 0.41 and 0.96, respectively. However, this model 
is created to identify eligible patients, and not necessarily visits. When evaluating the performance on a per person 
basis the algorithm performed more favorably due to the fact that only one visit will need to be classified as 
eligible for that patient to be reviewed by our team. Under these conditions, the sensitivity was 0.89 with a 
specificity of 0.81. The positive predictive value, negative predictive value, and F1 score were 0.23, 0.99, and 0.36; 
respectively. Predictive features were ranked using information gain, Gini decrease, and Chi square with highly 
ranked features being deemed medically relevant for palivizumab eligibility (cardiac medication, ICD group, and 
oxygen saturation).    

 

 



Discussion 

When evaluating this model on a per person basis, the model performed very well as a screening test given the 
high sensitivity, specificity, and negative predictive value. The purpose of this tool is to be used in the beginning of 
the RSV season to identify eligible patients with CHD who at are high-risk morbidity from the disease. It would be 
beneficial to screen more charts than are needed to ensure no one is missed. Despite having a lower F1 score, the 
features of this model are desirable for this type of screening test. This model will also drastically reduce the 
number of charts that need to be reviewed by our team compared to the current technique which uses a simple 
flow chart. One challenge that remains is that the pathophysiology of various heart lesions can change over time 
during first few months of life – and thus change one’s eligibility. This can occur with common lesions, such as 
ventricular septal defects (VSD); many of which are not eligible for palivizumab because they are not 
hemodynamically significant. However, both scenarios would be coded with the same ICD. The algorithm was able 
to identify high-risk patients well with this limited administrative dataset. It is also well known that these types of 
databases can be fraught with errors coded at the time of visit but are easy to create and repeat on a yearly basis. 
These two characteristics of the dataset are likely what result in such different predictions when looking at per 
person and per visit results. In addition, the testing data from the prior years will be added to the training set to 
improve accuracy year after year.  

Conclusion 

Palivizumab is an important therapy to reduce adverse events in children with high-risk congenital heart disease. 
Accurate identification of eligible patients with CHD is critical in order to track and implement meaningful changes 
in clinician workflow for improving administration rates. This can be very time consuming; however, the use of 
supervised learning and logistic regression classification aids in reducing the time to accurately identify eligible 
patients.  
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 Training 

(n = 2,693) 

Validation 

(n = 1139) 

P-value 

Age (months) 4.6 ± 3.5 4.4 ± 3.5 0.113 

ICD Class n (%)   0.104 

Low 1158 (43%) 342 (41%)  

Medium 731 (27%) 255 (30%)  

High 804 (30%) 239 (29%)  

Heart Disease n (%)   0.876 

VSD 482 (18%) 213 (19%)  

Tetralogy of Fallot 86 (3%) 17 (2%)  

AVCD 38 (1%) 31 (3%)  

HLHS 36 (1%) 0  

Other 2051 (76%) 860 (76%)  

Table 1. Group Demographics 
Characteristics of the training and validation set listed as number 
of encounters. Age is listed at mean ± standard deviation. ICD = 
international classification of disease, VSD = ventricular septal 
defect, AVCD = atrioventricular canal defect, HLHS = hypoplastic 
left heart syndrome. These were identified by ICD code with the 
most frequent in the training set listed.8 Note this is per visit data. 
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AUC = 0.87 
F1 =0.55 

Figure S1. Receiver Operating Curve for Logistic Regression 
Characteristics of logistic regression algorithm for prediction of palivizumab 
eligibility in the validate set. Area under the receiver operating curve (AUC) 
was 0.87. The F1 score was 0.55. Note this is per visit data. 

Figure S2. Orange Workflow 
Graphical depiction of Orange workflow comparing random forest and logistic 
regression. Prediction output for test date is exported into a data table.   


