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vRoutinely available baseline clinical data contain strong predictive signal 
for 2-year all-cause mortality after PASC diagnosis.

vXGBoost modestly improved mortality risk discrimination over Cox-based 
benchmarks, with comparable prediction error.

vThe recalibrated XGBoost model may enable individualized, time-specific 
risk estimation and clinically interpretable risk stratification.
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Purpose
Clinical utility: Pinpoints patients with 
Post-acute sequelae of SARS-CoV-2 
infection (PASC, or Long COVID) at 
highest mortality risk to enable precision 
follow-up and targeted comorbidity 
management.

Important problem: PASC is common, 
clinically heterogeneous, and associated 
with sustained excess mortality, yet 
robust post-PASC risk stratification tools 
are lacking.

Public health perspective: Defining 
high-risk subgroups can sharpen 
resource allocation and help reduce the 
long-term population burden of PASC.

Clinical Implication
- 2-year mortality risk after PASC 

can be stratified using routinely 
available EHR-based clinical and 
comorbidity data.

- Risk prediction at diagnosis may 
support clinical decision-
making, including follow-up 
intensity, chronic disease 
optimization, and risk-informed 
care planning.

- Younger and older adults with 
PASC may have distinct risk 
profiles, and future work should 
evaluate whether different 
comorbidity patterns drive mortality 
across age groups

- The model is intended to 
support, not replace, clinical 
judgment and requires further 
external validation before clinical 
implementation.

Next Steps  
- Conduct age-stratified analyses of 

younger versus older adults with 
PASC.

- Incorporate additional predictors, 
including biomarkers, longitudinal 
clinical data, and social determinants 
of health.

- Validate model performance in 
external datasets and prospective 
PASC cohorts.

- Evaluate whether risk-stratified care 
improves clinical follow-up and chronic 
disease management.
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Assessing Pre-Existing Comorbidities as Predictors of Two-Year Long 
COVID Mortality Using Machine Learning and N3C Data

Table 1. Baseline clinical and non-clinical characteristics of 
the study participants. *Comorbidities with prevalence 
above 2% are included in this table Figure 3. SHAP beeswarm summary 

plot for the final XGBoost model.
Figure 4. SHAP dependence plot 
for selected predictors in the final 
XGBoost model

Figure 5. Baseline Cox model 
predictors of 2-year mortality

Modeling ProcessCohort 
Construction

Eligible criteria
- Age ≥ 18 y/o
- PASC phenotype

Ineligible criteria
- Missing mortality outcome
- No follow-ups (0 censor day)
- Prevalent PASC
- Gender unknown
- Missing age
- PASC diagnosis after death

Data Window
2020-May 2026

N3C Cohort: ~ 21 Million
Adults with PASC: 143,396
Final Analytic Cohort: 134,195

Target and Feature
Engineering

Define outcome
• Index date
•Censor date (2 year)
•Event (death)

Select predictors
• Pre-existing

comorbidities
• Look back window
• Baseline 

characteristics
• Compute age at index 
• Treat missingness

Split Stratified by Events

Training 
Set (80%)

Holdout set (20%)

PASC
 C

ohort

CoxPH model   à HR Inference

Penalized CoxPH model
Tuning parameter:  L1 and L2, 
Tuning Metrics: IBS

Random Survival Forest (RSF) model
Tuning parameter: mtry, node_size, nsplit
Tuning Metrics: IBS, AUC, OOB c-index

XGBoost Survival model à SHAP Interpretation

5-fold CV

5-fold CV

Evaluation on Holdout

Eta
Min_child_weight

Max_depth

3-stage tuning

Stage 1
Broad range

Eta
Min_child_weight

Max_depth

Stage 2
Narrow range

Colsample_bytree
Subsample

Stage 3
Reduce overfitting

Tuning Metrics: Cox partial negative log-likelihood (LOSS)

Time-dependent ROC-AUC
Discrimination

Time-dependent Brier Score
Error on survival probability

Integrated Brier Score
C-index
Mean ROC-AUC

• Cox recalibration 
• Predicted event risk v.s. observed 

risk at 3-,6-,12-,24-month

Final Model Selection

5-fold CV

Recalibration w/ Holdout

Characteristics Overall (N=134,195)
Outcome

Event 4319 (3.2%)

Median time to event/censor, days (IQR) 672 (347-731)

Non-clinical characteristics 
Median age at index, y/o (IQR) 55 (42-67)
Sex, male 45128 (33.6%)

Comorbidity/Exposure*
Systemic corticosteroids 79157 (59.0%)
Prior covid diagnosis 75118 (56.0%)
Obesity 64351 (48.0%)
Hypertension 63738 (47.5%)
Chronic lung disease 47369 (35.3%)
Depression 42465 (31.6%)
Diabetes, uncomplicated 29623 (22.1%)
Substance use disorder 28507 (21.2%)
Diabetes, complicated 20676 (15.4%)
Other immunocompromised 20555 (15.3%)
Tobacco smoker 20016 (14.9%)
Coronary artery disease 17426 (13.0%)
Kidney disease 17276 (12.9%)
Rheumatologic disease 16450 (12.3%)
Heart failure 15759 (11.7%)
Malignant cancer 15137 (11.3%)
Mild liver disease 14634 (10.9%)
Congestive heart failure 10598 (7.9%)
Cerebrovascular disease 9956 (7.4%)
Prior remdesivir exposure 9396 (7.0%)
Peripheral vascular disease 8098 (6.0%)
Myocardial infarction 7840 (5.8%)
Cardiomyopathies 6527 (4.9%)
Pulmonary embolism 5992 (4.5%)

Figure 1. Time dependent Brier Score 
and Time dependent ROC-AUC Score 
of models over evaluated time. 

Figure 2. Time-specific calibration of 
recalibrated XGBoost Cox model for 
survival probability. Test set are 
divided into 20 groups by risk levels.
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Scan for more details!

Age at baseline
Malignant cancer

Heart failure
Chronic lung disease

Male Sex
Kidney disease

Other immunocompromised condition

Substance use disorder
Diabetes, uncomplicated
Congestive heart failure
Prior remdesivir usage

Obesity
Moderate/severe liver disease

Pulmonary embolism
Mild liver disease

Myocardial infarction
Hypertension

Diabetes, complicated
Dementia

Hemiplegia/paraplegia
Peripheral vascular disease

Coronary artery disease
Peptic ulcer disease 

Rheumatologic disease
Depression

Systemic corticosteroids
Previous COIVD diagnosis

Psychosis
Cerebrovascular disease

Tobacco smoker

Cardiomyopathy
HIV infection

Down syndrome
Metastatic solid tumor cancer

Sickle cell disease
Thalassemia
Tuberculosis

Solid organ/blood stem cell transplant


