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Background 

Post-acute sequelae of SARS-CoV-2 infection (PASC), or long COVID, involves persistent symptoms that 
affect various organ systems, impacting daily functioning and increasing healthcare burdens1–3. This 
prolonged condition highlights the need for deepened understanding to guide public health responses 
and treatment strategies4,5. Although extensively studied in adults6–8, PASC in pediatric populations 
remains less understood, with data scarcity hindering effective subphenotype classification and 
treatment. Hence in this study, we investigate the pediatric PASC subphenotypes using a large-scale 
cohort from the Researching COVID to Enhance Recovery (RECOVER) (https://recovercovid.org) electronic 
health records (EHR) database including nineteen children’s hospitals across the United States. We aim to 
provide more insights into PASC and generate real-world evidence through large-scale analytics which is 
particularly relevant to the mission of the OHDSI community. Traditional clustering methods to find 
subphenotypes of a complex syndrome disease include latent class analysis9 and principal component 
analysis (PCA) along with k-means clustering. We leverage advanced data-driven technique – topic 
modeling10 to examine the co-incidence patterns of 128 diagnosis categories derived from the Clinical 
Classifications Software Refined (CCSR) categories that are associated with PASC within 28-179 days 
following COVID-19 infection.  

Methods 

First, to ensure covariate balance between the COVID-19 positive and negative cohorts, we employed a 
propensity score-based stratification approach. The propensity scores were estimated using a logistic 
regression model, where COVID-19 positivity served as the binary outcome and patient characteristics 
functioned as covariates. After stratifying data into 5 strata, the confounders balances were assessed 
using Standardized Mean Differences (SMDs), with a threshold of less than 0.1 indicating adequate 
balance. Heatmap was generated to visualize similarities between the control and positive cohorts.  

Second, to compare the co-incidence patterns of conditions during follow-up periods for patients within 
COVID-19 and contemporary Control Cohort, advanced topic modeling and clustering techniques were 
utilized. We used a topic modeling approach to learn the co-occurrence patterns among various semantic 
topics. For each patient, a binary vector was used to indicate whether the list of 128 potential non-MIS-C 
PASC Conditions presented in follow-up period or not. Poisson factor analysis, a specific form of topic 
modeling, was applied to each patient’s 128-dimensional binary vector to map it onto a lower K-
dimensional continuous potential PASC topic space. The Python package Pydpm v3.0.1 (available at 
https://pypi.org/project/pydpm/) was utilized to train the model. Each topic stands for a set of PASC that 



 

 
 

is more likely to co-occur during a patient’s follow-up period. The optimal number of topics was 
determined based on data likelihood and topic coherence metrics. Moreover, to delineate PASC 
subphenotypes, the hierarchical agglomerative clustering was employed using the previously obtained K-
dimensional topic loading vectors for each patient. 

Results 

We conducted a retrospective study spanning from March 2020 to December 2022. The study included 
patients aged 21 years or younger, who had at least one healthcare visit during the 24 months to 7 days 
prior to the index date, which we designated as the baseline period. Additionally, participants were 
required to have at least one healthcare encounter between 28 and 179 days following the index date, 
defined as the follow-up period. The selection process for both COVID-19 positive and negative patients, 
drawn from real-world RECOVER data, is depicted in Figure 1. 

 



 

 
 

 

Figure 1. Results for the attrition table of a detailed flowchart illustrating the construction of our cohort.  

Figure 2 presents a heatmap displaying the clustering of symptoms analyzed from the RECOVER pediatric 
cohort. Each column represents one of eleven identified topics, which depict patterns of symptom co-
occurrence. Each row corresponds to a specific symptom or condition category from a collection of twenty 
prominently Clinical Classifications Software Refined (CCSR) categories, while additional, less frequent 
symptoms have been grouped together due to their lower incidence rates. The color intensity in each cell 
indicates the prevalence of each symptom within a particular topic. For COVID-19 positive cohort, Topic 
1 is primarily associated with diseases of the respiratory system majorly including respiratory signs and 
symptoms, and other specified upper respiratory infections; topics 2, 5, 7 & 8 focus on the conditions of 
digestive system, mental, behavioral and neurodevelopmental disorders; topics 3 & 4 is characterized by 
a variety of respiratory system issues and allergic reactions; topics 6 mainly captures the conditions of 
musculoskeletal and nervous system; topics 9 include a mix of general signs and symptoms. After 
identifying potential PASC topics, we characterized pediatric patients with PASC using these topics and 
derived potential PASC subphenotypes. Specifically, four distinct subphenotypes were identified from the 
RECOVER cohort. Figure 3 employs polar area charts to visually represent the distribution of disease 
categories within four distinct subphenotypes identified among pediatric patients. Each chart corresponds 
to a different cluster, with the angular width of each segment indicating the prevalence of specific disease 
categories within that subphenotype. Subphenotype 1 (top left) comprises 43.50% of the pediatric 
patients studied, Subphenotype 2 (top right) accounts for 26.91% of the patients, Subphenotype 3 
(bottom left) includes 20.48%, and Subphenotype 4 (bottom right) encompasses 9.11% of the cohort.  
 

 
Figure 2. Heat map of PASC topics learned from the RECOVER cohort. Each row denotes a potential PASC diagnosis category 
defined by ICD-10 codes classified through CCSR, and each column denotes a particular PASC topic. Each PASC topic represents a 
unique post-acute incidence probability distribution over all 128 individual potential PASC diagnosis categories.  



 

 
 

 

 

Figure 3. Incidence rates of potential PASC conditions in each subphenotype, where potential PASC conditions were grouped 
into different categories shown in different colored bars. A condition was highlighted from a particular subphenotype where it 
had the highest incidence rate compared to other subphenotypes. 

Conclusion 

Our research explores the diversity and complexity of conditions emerging 30–180 days post-confirmation 
of SARS-CoV-2 infection, identifying four consistent subphenotypes using EHR data from the extensive 
Clinical Research Networks through topic modeling techniques. These insights could assist clinicians and 



 

 
 

healthcare systems in creating tailored care models for patients with PASC. The approach is readily 
applicable to any datasets standardized by the OMOP Common Data Model without the need for 
additional preprocessing or variable selection. Future work will extend the evaluation of this method 
across various diseases within OHDSI studies. 
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