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Agenda
• Review the learning objectives.
• Discuss the analytic challenges posed by the COVID-19 pandemic.
• Share the process for developing systemwide COVID-19 analytics.
• Introduce the model for predicting hospitalizations due to COVID-19.
• Share how model predictions were integrated into care management workflows.
• Communicate results.



Learning Objectives

Understand the key role of clinical knowledge in identifying patients with COVID-19 
at the highest risk of hospitalization.

Learn the process underlying successful machine learning (ML) model 
development and implementation.

Learn how clinical workflow drives a model’s value.

Understand how optimal data structure and accessible visualization design 
improve ML model development and utilization. 



P E N N S Y L V A N I A

N E W  J E R S E Y

DELAWARE

M A R Y L A N D

• Headquartered in Wilmington, Delaware.
• Serving Delaware, Pennsylvania, New Jersey 

and Maryland.
• Three hospitals with 1,299 total beds. 
• A nonprofit teaching health system with more than 

260 residents and fellows with a focus on population 
health and value-based care.

• Among the leading hospitals in U.S. volume rankings. 
• Regional centers of excellence in heart and vascular 

care, cancer care, and women’s health.



Background

• The COVID-19 pandemic struck 
the Northeast in March of 2020 
and quickly spread among our 
neighboring states.

• The first case was recorded 
in Delaware on March 11.

• By March 20, cases were growing 
exponentially in New York, 
straining healthcare resources. 

The First Days of the Pandemic



An Analytic Infrastructure to Support Operations
• Work began on March 20 to develop systemwide 

COVID-19 analytics focused on the following:
– COVID-19 testing. 
– Hospitalizations. 
– Impact on system resources.

• On March 28, ChristianaCare provided a system 
view within eight days of beginning work.

• Data refresh increased from nightly to every four 
hours within two weeks of the April 1 start.

• The acute drill down rolled out the following week 
on April 8.

• The ambulatory view was complete by April 24.



Initial COVID-19 Analytics
The System View

• Provides an overview of key information 
from across the health system:
– Testing status.
– Positivity rate.
– Race and gender.
– Admissions.
– Deaths.

• Totals contrasted with last 24 hours.



Initial COVID-19 Analytics 
The Acute View

• Provides detail on hospitalized patients:
– ICU utilization.
– Ventilator use.
– Daily COVID-19 census.
– Daily admissions and discharges.

• Totals contrasted with past 24 hours
and 7 days.



Background

• The predictive model, 
designed to assess 
health equity, also 
performed remarkably 
well at predicting 
hospitalization in this 
population.

Six Weeks into the Pandemic

• At six weeks, we 
could monitor 
resource utilization 
and anticipate the 
trajectory of COVID-
19 hospitalizations.

• The number of 
hospitalizations 
were increasing, 
and concern was 
growing that 
demand would 
outpace supply.

• Inequities in the 
racial distribution of 
COVID-19 
hospitalizations 
were identified 
using ML models 
developed for this 
purpose.



Moving Forward

1. With demand growing, it’s become 
essential that we match the 
highest risk patients to our limited 
care management resources.

2. The goal is to reduce COVID-19 
hospitalizations as best we can, 
given the limited range of 
interventions available.

The Challenge

1. Create an ML model with additional 
clinical factors to predict hospitalization 
in COVID-19-positive patients. 

2. Design and execute a workflow 
prioritizing intervention by risk to 
attempt to reduce hospitalizations. 

3. Plan for continuous monitoring and 
adjustment of the model over time. 

The Plan



Building a COVID-19 Hospitalization Prediction Model

Training Cohort: The training/testing cohorts included total of 
3,619 patients. These patients had to be age >=18 and test positive 
for COVID-19 between May 2020 and November 2020. The test 
needed to occur before their admission, if any. 

Outcome: Whether patients will be admitted to hospital after testing 
positive for COVID-19.

Risk Factors
• Social/Demographic Factors: Age, gender, race, payer.
• Clinical Risk Factors: Asthma, COPD, diabetes, hypertension, 

CHF, CAD, renal disorder, substance use disorder, serious 
persistent mental illness (SPMI), smoking history, BMI.

Modeling Approaches
• An ML model using a gradient boosting algorithm (xgboost).



Decision-Based Machine Learning Model 
Training Workflow 

Trained Prediction ModelModel Training
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Prediction Model Performance on Testing Data Set 

Insights:
• The data were split into 70 percent training and 30 percent testing data sets.
• Based on the evaluation on testing data set, both ROC curve and PR curve show promising results on model performance. 
• Based on the AUC scores, the model provides a good balance between prediction accuracy (sensitivity) measured by true positive 

rate and false positive rate (1-specificity) and between prediction accuracy (recall) and positive predicted value (precision).

• Prediction sensitivity, 
specificity, recall, and 
precision per area under 
the receiver operating 
characteristics 
(AUROC)=0.85.

• The average of precision 
across all recall values per 
area under the precision-
recall curve AUPR=0.5.



Impact of Risk Factors
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Insights:

• The feature importance is 
measured by gain, which 
evaluates the relative 
contribution of the feature to 
the model by counting each 
feature’s contribution for 
each tree in the model.

• Performance is calculated 
as the improvement in 
accuracy brought by a 
feature. A higher value of 
this metric implies the 
defined feature is more 
important for generating the 
prediction. 



High-Risk Patients Identification

Model will generate 
a risk score 
between 0-1.

Who are the 
high-risk patients?

High 
threshold

• Prediction Accuracy: High
• Resource Needs: High

• Prediction Accuracy: Low
• Resource Needs: Low

Low 
threshold

Setting up the risk 
score threshold.
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Insights:
• For the model, we are 

using 0.1 as the threshold, 
meaning with 100 patients in 
the cohort, 20 were admitted 
to hospital. The model can 
accurately identify 18 
patients (89 percent) of the 
20 as high risk. At the same 
time, a total of 46 patients 
from the model will be 
identified as high-risk with 
needs for intervention.
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Insights:
• For the model, we are using 

0.5 as the threshold, 
meaning with 100 patients in 
the cohort, 20 were admitted 
to hospital. The model can 
accurately identify 6 patients 
(31 percent) of the 20 as 
high risk. At the same time, a 
total of 7 patients from the 
model will be identified as 
high-risk with needs for 
intervention.

Low 
Risk

High
Risk
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High-Risk Patients Identification: The Sweet Spot

Insights:
• For the model, we have 

been using 0.2 as the 
threshold, meaning with 100 
patients in the cohort, 20 
were admitted to hospital. 
The model can accurately 
identify 14 patients (68 
percent) of the 20 as high 
risk. At the same time, a total 
of 24 patients will be 
identified as high-risk with 
needs for intervention. This 
“sweet spot” is a good 
balance between prediction 
accuracy and resource 
needs.
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Operational Workflow

Push the list to care 
management.

Model Fitting.
Assign risk score for 

newly tested patients.
Generate high-risk 

patient list daily.

Monitor and adjust the 
model’s performance.

Care management outreaches patients 
with predicted high-risk scores and opens 

related care management program.

Data 
Flow

Clinical 
Flow



Data and Clinical Workflow Deep Dive

Outreach daily to 
patients identified as 

high risk for 
hospitalization.

Enroll in the care 
management advanced 

monitoring program 
with pulse oximetry 

monitoring.

Deploy pulse oximetry 
equipment to patients 

if not available.

Monitor patients 3x/day 
via text messaging and 

monitor for patients 
with issues.

Escalate concerns to 
virtual practice providers 

for urgent concerns.

Identify patients who 
tested positive within 

24 hours.

Join daily new patient list 
with multiple data 

sources to identify data 
values for key features 

of the model.

Run the predictive 
model and generate risk 
score for each patient 

on daily patient list.

Incorporate risk 
score with patient 

demographics and other 
essential information to 
generate model output 

data mart.

Data Flow Clinical Operation Flow

Push the output to 
decision support tool 
and refresh the data.



Decision Support Tool
Insights:
• A decision support tool 

was developed based on 
the model, helping clinical 
teams to identify the 
high-risk patients.

• The patient list is 
refreshed daily with 
selected filters to align 
with clinical workflow and 
allow clinical team to 
prioritize the patients for 
outreach and intervention.



Post-Implementation Health Outcomes Evaluation
Analysis cohort: Patients who were predicted as high risk and enrolled in one or more COVID-19 programs.

Outcome metrics for patients testing positive for COVID-19: 
• COVID-19-related hospital admission.
• COVID-19-related ICU admission.
• COVID-19-related ventilator utilization.
• In-hospital mortality.

Analysis results:
Enroll in COVID-19 

Predictive Model Program?
Total # of 
Patients

Average of 
Risk Score % Hospitalization % ICU % Ventilator % Deceased

N 204 0.46 63% 10% 4% 4%

Y 143 0.46 20% 5% 2% 0%

Insights:
• Significant outcome differences were observed between patients enrolled in the COVID-19 program and those patients not 

enrolled in the program. Based on the results, COVID-19-related hospital admission, ICU admission, ventilator utilization, 
and death rate have been much lower for patients who have been enrolled in the COVID-19 predictive model program.



Limitations

Program enrollment introduces a selection bias that could account for the results seen.  

In addition, in a retrospective observational study, we can only infer association, 
not cause and effect.

It is difficult to explain how an improvement was achieved, given the lack of effective 
therapeutics at the time of this program and analysis.

Despite the model’s including race as an important factor, we saw no improvement in the 
disparity observed regarding hospitalization.



Lessons Learned

Clinical knowledge is 
important to identify 
the critical risk factors 
for risk prediction of 
hospitalization for 
COVID-19 patients.

Understanding and 
identifying the right 
training data set is 
critical for the success 
of model development.

Clinical workflow must 
be in place to gain the 
maximum value of the 
model.

Optimal data structure 
and user-friendly 
visualization design 
can greatly improve 
the efficiency for 
model development 
and utilization.



Next Steps
• The introduction of monoclonal 

antibodies (MAB) offered the 
opportunity to retrain and calibrate 
the model.

• We also automated the Emergency 
Use Authorization eligibility check 
for MAB use, highlighting eligible 
patients for care team outreach.

• Process has been set up to 
continue monitoring model’s 
performance, which allows us to 
identify the model deterioration due 
to human interventions.



Live Questions and Answers
Ed Ewen, MD, Director, Clinical Data and Analytics, ChristianaCare

EEwen@christianacare.org

Wei Liu, PhD, Data Scientist, ChristianaCare 
Wei.Liu@christianacare.org



Thank You


