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Abstract. Post-acute sequelae of SARS CoV-2 (PASC) are a group of conditions in 
which patients previously infected with COVID-19 experience symptoms 
weeks/months post-infection. PASC has substantial societal burden, including 
increased healthcare costs and disabilities. This study presents a natural language 
processing (NLP) based pipeline for identification of PASC symptoms and 
demonstrates its ability to estimate the proportion of suspected PASC cases. A 
manual case review to obtain this estimate indicated our sample incidence of PASC 
(13%) was representative of the estimated population proportion (95% CI: 
19±6.22%). However, the high number of cases classified as indeterminate 
demonstrates the challenges in classifying PASC even among experienced 
clinicians. Lastly, this study developed a dashboard to display views of aggregated 
PASC symptoms and measured its utility using the System Usability Scale. Overall 
comments related to the dashboard's potential were positive. This pipeline is crucial 
for monitoring post-COVID-19 patients with potential for use in clinical settings. 
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1. Introduction 

Post-acute sequelae of SARS CoV-2 (PASC), or "long COVID,” is an umbrella diagnosis 

characterizing a group of conditions in which patients previously infected with COVID-

19 experience long-term health problems persisting weeks to months post-infection [1,2]. 

Current studies estimate the prevalence of PASC in the population to be anywhere 

between 19 to 80% [1,3,4]. Symptoms are often systemic, and commonly include fatigue, 

dyspnea, cough, cognitive difficulties, depression, gastrointestinal dysfunction, among 

others [1,5]. While a formal definition of PASC is lacking, it is generally accepted that 
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PASC is defined by the continuation or development of one or more symptoms for weeks 

to months following initial COVID-19 infection [1,3,6].  

        To the best of our knowledge, no system based on natural language processing 

(NLP) currently exists to identify “at risk” post-COVID-19 patients in need of PASC 

screening. A PASC disease surveillance system can be used to: (1) facilitate patient-level 

triage to "long COVID'' treatment clinics [6], (2) monitor the burden of PASC, and (3) 

monitor treatment response. Surveillance is particularly important because the effects of 

PASC can be significantly reduced with early and aggressive multidisciplinary treatment 

[6].  

1.1.  Study Objectives and Motivation 

Previously, our team demonstrated how natural language processing (NLP) based models 

could be used in acute COVID-19 and PASC symptomatology research [7–9]. In 2020, 

we developed a pipeline that automates the extraction of acute COVID-19 and PASC 

symptoms from clinical notes at scale across a network of 12 U.S. hospitals and 60 

primary care clinics affiliated with the University of Minnesota (MHealth Fairview) as 

discussed in Silverman, et al. [7]. Our pipeline enables NLP-based PASC disease 

monitoring of a large cohort of patients diagnosed with COVID-19 through polymerase 

chain reaction (PCR).  

This study has the following objectives: 

1. Demonstrate through manual chart review by clinicians that our 

symptomatology-based pipeline can provide an estimate of patients likely to 

have PASC. 

2. Create a PASC Surveillance Dashboard with longitudinal views of symptoms 

most likely due to acute COVID-19 and PASC.  

3. Conduct a System Usability Scale (SUS) survey of a group of subject matter 

experts (SMEs) to assess the usability of the PASC Surveillance Dashboard. 

2. Methods 

Data for the COVID-19 surveillance pipeline (hereafter, COVID-19 pipeline), described 

in Silverman et al. [7], were provided by MHealth Fairview. There were 83,850 patients 

confirmed as positive for COVID-19 with a positive PCR test within MHealth Fairview 

between March 1, 2020 and October 26, 2022. NLP methods were used to identify 

24,620 (29.36%) potential cases of PASC. 1026 patients from this cohort (1.22%) have 

been positively identified as having undergone a PASC screening, either through a 

confirmed encounter at the MHealth Fairview Adult Post-COVID-19 Clinic or through 

a given diagnosis of PASC as indicated by the ICD 10 code U09.9 in their problem list. 

2.1.  Data Processing & NLP Methods   

Structured data available in the COVID-19 registry include patient demographics, labs, 

vitals taken at emergency department (ED) and outpatient (OP) visits, home medications 

taken for at least 3 months prior to the ED/OP visit, and comorbidities identified using 

ICD-10 codes. Unstructured data, including symptoms extracted from ED admission and 

OP clinical notes, were made available for each patient in the COVID-19 registry. 
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Methods described in Silverman, et al. [7], based on guidelines by the CDC and 

others [1,5,10], were used to define lexica for 23 symptoms related to acute COVID-19 

and PASC (available here [11]). The language model rule-based lexical gazetteer 

described and validated in Sahoo, et al. [8] was used to extract symptoms from ED and 

OP notes. As of October 26, 2022, symptoms for 72,864 patients have been extracted for 

inclusion in the COVID-19 registry to track the emergence and progression of PASC 

symptoms [9].  

2.2.  PASC Surveillance Dashboard 

The PASC Surveillance Dashboard was built using Tableau Desktop. Key visualizations 

were made available to users granted access via the University of Minnesota’s Tableau 

Server. Postal code, existence of symptoms consistent with PASC, and PASC screening 

status (suspected versus confirmed) were aggregated and made available for prototype 

map views, while a deidentified set of data including symptoms from before and after 

the COVID-19 diagnosis date, sex, race, and age was made available for longitudinal 

views of symptom progression.. All data were sourced from the COVID-19 registry.   

2.3.  Evaluation Methods 

A review of 153 randomly selected cases from the COVID-19 registry was conducted by 

three clinicians (F.I., N.I. and T.M.) with experience working with COVID-19 and PASC 

patients. PASC incidence was estimated by considering each patient’s problem list, 

encounter diagnoses, dates, and presence or absence of symptoms in relation to the 

COVID-19 diagnosis date. Cases were categorized as "yes" for those most likely to have 

PASC, "no" for those most likely to not, and "indeterminate" for those requiring 

additional assessment.   

Additionally, 5 SMEs in fields ranging from clinical practice to public health 

conducted a usability analysis of the PASC Surveillance Dashboard. Each participant 

completed the SUS survey, which asked them to anonymously rate ten statements about 

the dashboard's design, usability, and utility on a scale from "Strongly Disagree" to 

"Strongly Agree" [12].  

3. Results 

A patient at risk for developing PASC, and in need for further screening, was defined 

as someone with persistent symptoms thirty days or longer after a diagnosis of acute 

COVID-19. Given this definition, we estimated 29.36% of our patient population are 

suspected to have PASC as visualized in Figure 1(a-b). Evaluation of cases for 

classification of PASC for our patient sample yielded: 65 no PASC, 20 PASC, and 88 

indeterminate. For the SUS survey there was a response rate of 71% (5 out of 7), with a 

mean composite score of 58, a maximum of 90, a minimum of 25, and a standard 

deviation of 27.97. 
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Figure 1a - Distribution of Patients with 

Symptoms  

Consistent with PASC

 

Figure 1b - High Concentration of 

Patients with   

Symptoms Consistent with PASC 

 

4. Discussion 

With 58% of cases classified as “indeterminate” the estimate of prevalence of PASC in 

our cohort is likely lower than the true incidence. This substantial proportion of 

indeterminate cases underscores the inherent difficulties encountered in accurately 

classifying PASC.  

Evaluators found the PASC Surveillance Dashboard useful while also identifying 

areas for improvement. One useful set of views includes the geographic distribution of 

patients at risk who have suspected PASC symptoms shown in Figures 1(a–b). Detailed 

suggestions on how to improve the user experience were given, which are being 

integrated into a future release of the dashboard. Lastly, expansion of the lexicon for use 

in more precise classification of PASC, as per Wang, et al. is also being explored [14].  

The main limitation of this study is the COVID-19 pipeline may overestimate 

patients in need of a PASC screening by flagging those with any symptoms detected in 

our lexicon, regardless of etiology. Conversely, it may also underestimate patients at risk 

for PASC if providers do not inquire about and/or document PASC-related symptoms. 

However, this pipeline serves as a valuable starting point for screening of patients at risk 

for PASC. Furthermore, the PASC Surveillance Dashboard can provide a method to 

identify those patients at risk for PASC, who may otherwise not receive proper care.  

5. Conclusions 

The PASC Surveillance Dashboard has potential for use in patient-level triage to "long 

COVID" treatment clinics by providing clinicians with tools needed to identify and 

monitor patients within a health system having suspected PASC. The COVID-19 

pipeline infrastructure and visualization methods used for this study can easily be 

extended and applied to other outcomes and diseases based on signs and symptoms. This 

project represents an NLP-empowered translational informatics approach for taking 

models developed in a research lab setting directly into the clinic. 
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