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Abstract: Understanding how post-acute COVID-19 syndrome (PACS or long COVID) manifests 

among underserved populations, who experienced a disproportionate burden of acute COVID-

19, can help providers and policymakers better address this ongoing crisis. To identify clinical 

sequelae of long COVID among underserved populations treated in the primary care safety net, 

we conducted a causal impact analysis with electronic health records (EHR) to compare 

symptoms among community health center patients who tested positive (n=4,091) and 

negative (n=7,118) for acute COVID-19. We found 18 sequelae with statistical significance and 

causal dependence among patients who had a visit after 60 days or more following acute 

COVID-19.  These sequelae encompass most organ systems and include breathing 

abnormalities, malaise and fatigue, and headache. This study adds to current knowledge about 

how long COVID manifests in a large, underserved population. 
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Long COVID, also called post-acute COVID syndrome (PACS), is characterized by a host of 

heterogeneous lingering or new symptoms following acute COVID-19 infection that endures 

four weeks or more, though clinical definitions continue to emerge.1,2 The exact prevalence of 

long COVID is unknown, with figures ranging from 2.3% to greater than 36% among 

population-based samples.3-6  

Early prevalence studies suggest that females compared with males,7 people with 

preexisting conditions compared with those without,8 and people who identify as Black or 

African American (Black)  compared with the general population9 experienced a 

disproportionate burden of ongoing COVID-19 sequelae.10 As more population data on long 

COVID continue to emerge, the U.S. will likely see that the same medically underserved 

populations that experienced disparities in COVID-19 infection and death11-13 (which include 

those from many racial and ethnic minority groups, people who are uninsured/underinsured, 

and people with low incomes) will face an unequal burden of long COVID. This is partly 

explained by adverse social determinants of health (SDOH) including food insecurity, 

discrimination, housing insecurity, lack of access to quality health care, unemployment, lack of 

access to technologies and the digital literacy to utilize them, substandard education, 

unfavorable neighborhood and living conditions, and lack of transportation.14,15 In addition, 

higher prevalence of underlying conditions associated with poorer outcomes including diabetes 

and obesity;16 presumed biomedical factors;17  racism manifested by differential treatment by 

the medical system;17-19 and structural bias producing systematic racial differences in education, 

employment, housing, health care and treatment by the criminal justice system18,20 are also 

implicated factors in COVID-19 disparities and are expected to define the demographic groups 

disproportionately affected with long COVID as well. 



Long COVID symptoms are heterogeneous. Investigation and definition of symptoms 

that classify long COVID continue to emerge. Currently identified symptoms include shortness of 

breath, fatigue, headache, fever, pain, disturbances of smell and/or taste, functional 

impairment, difficulty thinking, and other symptoms.4,5,21-23  There is a high potential to delay 

diagnosis and/or misdiagnose long COVID as its presentation can mirror other conditions 

associated with common mental and physical disease disproportionately seen among medically 

underserved populations, including chronic disease and behavioral illnesses.  As long COVID is a 

differential diagnosis with implications for long-term care, including disability benefits, it is vital 

that we continue to investigate and define long COVID. 

Community health centers (CHCs) serve as the primary care safety-net system for over 

40 million patients, 91% of whom are low-income and 63% identifying as members of a racial 

or ethnic minority group. Community health centers were among the first community 

organizations to conduct COVID-19 testing, they play a national role in ongoing COVID-19 

vaccination, and they will continue to serve on the front-lines of long COVID treatment.24 As 

CHC patients often have limited access to specialty providers, it is crucial that we understand 

how long COVID is presenting across CHC patients in order to develop comprehensive systems 

of care that can identify, diagnose, manage and treat long COVID with a health equity lens. In 

this study, we applied data modeling techniques to investigate symptoms that may contribute 

to defining how long COVID presents among patients across a large network of CHCs.   

 

Methods 

Data source. Our study uses de-identified electronic health records data (EHR) from CHC 

members of [redacted], a health center-controlled network that provides a suite of health 



information technology services for 52 member safety-net organizations. [redacted] manages 

one of the largest repositories of health data representing safety-net populations including low-

income, racial/ethnic minorities, and uninsured/under-insured. The EHR dataset used in this 

study includes 23 CHCs across nine states providing health care to more than 2.3 million unique 

patients. All data in this dataset were fully-deidentified. Data elements included in the dataset 

include encounters, procedures, problems/diagnoses, laboratory results, and demographic 

information. 

Study population. Figure 1 illustrates all patients who had a COVID-19 diagnosis or 

test (n=58,612) between March 20 and September 15, 2020 were included in the research 

dataset. Among those patients, there were 19,831 who had a positive laboratory result for 

COVID-19, 38,781 who had a diagnosis code for COVID-19 in the problem list, and 38,781 who 

had a negative laboratory result for COVID-19. To ensure only patients who were established 

patients at the CHC were included in the dataset, we then applied a filter on the data to identify 

those patients who had a visit at least 30 days before their COVID-19 test (or diagnosis) date. 

This step excludes new patients to avoid possibly pre-existing chronic diseases incorrectly 

reflected as novel diagnosed conditions due to new enrollment during or just before COVID-

associated visits. We also exclude patients who did not visit the clinic at least once after 60 days 

following the COVID-19 test or diagnosis. 



 

Figure 1. Flowchart of the study population to determine Covid-19 positive cases and COVID-19 
negative controls (March 20, 2020, to September 15, 2020). 

 

The final study population comprised 4,091 patients with positive test results or 

diagnosis (COVID-positive) and 7,118 patients with negative results only (COVID-negative). 

Most of the population 82.57% lived in poverty (below 100% of the federal poverty level) and 

nearly half were Hispanic (49.72%). The majority were males (64.38%) and were between the 

ages of 25-44 years (18.08%). 



 

 

Figure 2. Illustration of time series analysis for a given condition.a 

 

Note  
aX axis represents time in months relative to the anchor 𝑇0 and Y axis represents the count of 

cases of the condition.  
 

Study design. Our study adopts a synthetic control-based25 method called causal 

impact,26 where monthly cases of a certain condition among COVID-positive and COVID-

negative cohorts are represented as longitudinal trends affected by the "intervention," in this 

case, the COVID-19 infection. Both COVID-positive and COVID-negative cohorts comprised 

established patients as described in the previous section. We consider only new onset 

conditions based on ICD-10 codes. The number of monthly cases of a certain condition among 

the COVID-19 positive population is compared with the counterfactual, defined as "expected" 

number of cases if there were no infection.27 In other words, the onset of COVID is the event of 

interest, and its causal impact on the COVID-positive population is inferred using Bayesian 

structural time series (BSTS) models. The COVID-negative cohort is used in this inference, while 

considering the date of their latest test results as analogous to the diagnosis. We align the 



timeline of all subjects with their respective diagnosis date or negative test result date as the 

base time or anchor (𝑇0). 

Steps in the analysis. We first grouped the ICD-10 codes based on the first three 

characters and term each group as a condition. First, the conditions with less than 0.1% 

occurrence among COVID-positive population in the post-COVID period were discarded to limit 

the analysis to candidate conditions present in a larger segment of the population. Next, for 

each candidate condition, we obtained a time series representing the number of monthly cases 

among the COVID-positive cohort starting from 25 months before 𝑇0 up to six months after 𝑇0. 

We call the two-year long segment of the time series ranging from (𝑇0 − 25) to (𝑇0 − 1) the 

pre-COVID period while the post-COVID period is defined as the four-month period from (𝑇0 +

2) to (𝑇0 + 6). The three-month period in between is not used for analysis since the conditions 

diagnosed during this time period might potentially be (short-term) symptoms of COVID itself 

and not characteristics of the long-term sequelae. A similar time series is obtained for the given 

condition for the COVID-negative cohort as well; Figure 2 illustrates these two time series. 

Following the causal impact framework, we trained a Bayesian structural time series 

(BSTS) model to fit the pre-COVID segment for the COVID-positive cohort using the COVID-

negative time series as the covariate time series. Next, the trained model is applied for post-

COVID using the starting point of the segment and the post-COVID segment of the covariate 

time series as input. This predicted segment during post-COVID is the counterfactual of the 

COVID-positive cohort, i.e., an estimate of the counts during that time if the subjects were not 

infected with COVID. Finally, we compared the obtained counterfactual and the actual observed 

COVID-positive time series for the post-COVID period with the hypothesis that they are not 

significantly different at p = .05. We repeated this procedure for all the candidate conditions. 



Bayesian structural time series offers a Bayesian approach for forecasting on time series 

data based on an ensemble of multiple predictors. We used spike-and-slab priors for the 

inference of the parameters in our model. Bayesian structural time series belongs to the very 

broad class of “state space” models, where an observation could be dependent on past 

observations and also influenced by some independent noise.28 Hence, correlations between 

observations can be inherently estimated and accounted for in this framework. 

Since our time-series analysis is based on temporal comparison and does not require a 

single test of the universal null hypothesis that all tests are not significant, we do not 

necessarily need to adjust the significance level for multiple hypotheses with Bonferroni 

method.29 Nonetheless, we identify the conditions that are still significant after Bonferroni 

correction to additionally indicate the results of a more conservative approach. As an aside, we 

also performed an alternate analysis by controlling for the false discovery rate (FDR). While this 

is not included here due to lack of space, the results can be found along with the code on this 

link: https://github.com/microsoft/causal-impact-long-covid.  

The study was reviewed by [redacted] institutional review board and deemed exempt. 

 

Results  

There were 4,091 cases with either a COVID-positive test or a diagnosis that met the inclusion 

criteria and were included in the study. There were 7,118 subjects with a COVID-negative test 

and this group served as the controls. COVID-positive cases were more likely to be male, over 

age 45, and of Hispanic ethnicity, and to have a higher number of dependents. Among COVID-

positive cases with and without long-haul effects, those with long-haul effects were also more 

likely to be over age 45, and Hispanic, and to have a higher number of dependents. COVID-

https://github.com/microsoft/causal-impact-long-covid


positive cases with long-haul effects had about two times more visits after COVID infection 

compared with those without long-haul effects (5.14 visits compared to 3.03 visits.) (Table 1) 

Table 1.  

POPULATION DEMOGRAPHICS OF STUDY POPULATION WITH COVID TEST FROM 
MARCH 19, 2020 TO SEPTEMBER 15, 2020 
 

 

COVID+ COVID- 

COVID+ 

with long 

haul effects 

COVID+ 

without 

long-haul 

effects 

  N=4091  N=7118 N=738 N=3353 

Sex (%)         

Male 66.7 63.04 68.88 66.38 

Female 33.27 36.83 31.12 33.59 

Unreported 0.03 0.13 0 0.03 

          

Age (%)         

Under 18 16.75 23.4 11.52 17.52 

18-24 8.07 9.93 6.06 8.36 

25-34 17.17 18.6 15.96 17.35 

35-44 17.35 16 20.61 16.87 

45-54 17.79 14.01 23.03 17.02 

55-64 16.23 11.69 16.56 16.19 

65 and over 6.64 6.37 6.26 6.69 



          

Race or Ethnicity (%)         

White, non-Hispanic 7.29 30.32 6.87 7.35 

Black, non-Hispanic 17.66 18.59 15.55 17.97 

Hispanic 68.59 38.87 71.52 68.17 

Other 5.29 5.2 3.43 5.56 

Unreported 1.17 7.02 2.63 0.95 

     

Federal Poverty Level (%)         

Under 100% 80.32 83.87 79.39 80.45 

100-400% 18.36 12.62 19.8 18.15 

400% or above 1.33 3.49 0.81 1.4 

          

Number in Dependents (%)         

0 22.51  30.23 17.37 24.84 

1-2 32.51  44.48 37.98 33.98 

3-4 25.96  17.37 30.71 27.08 

5 and above 5.26  3.04 6.06 5.5 

Unreported 13.76  4.88 7.88 8.6 

          

Insurance (%)         

Self pay/uninsured 0.87 0.47 0.44 0.88 

Medicaid 24.92 21.98 26.97 24.87 



Medicare 7.73 6.95 4.83 7.81 

Other health insurance1 66.48 70.6 67.76 66.44 

          

Number of visits in defined time 

period (Average)         

One year prior to COVID-19 test 5.75 5.18     

After COVID-19 test until March 15, 

2021     5.14 3.03 

 

 

Table 1 presents demographic findings for patients who were COVID-negative, COVID-

positive, COVID-positive with long-haul effects, and COVID-positive without long-haul effects. 

The four populations were generally similar with regard to most demographic factors including 

sex, health insurance, and number of dependents.  The four populations had similar sex 

distributions with males constituting more than 60% of each population.  Hispanic was the 

largest racial/ethnic group in all four populations, but the second largest category was non-

Hispanic White for the COVID-negative group, while non-Hispanic Black was the second largest 

group in all three COVID-positive categories.  Close to 80% of all four populations had incomes 

less than 100% of the federal poverty level. There were some differences in terms of age. The 

COVID-positive population with long-haul effects had a smaller percentage of patients younger 

than 18 years old and a larger distribution of patients in the 48-54 age range compared with 

COVID-positive, COVID-positive without long haul effects and COVID-negative.   

Based on our causal impact analysis, we identified 18 diagnoses that were statistically 

different in the COVID-positive cohort compared with the counterfactual (Figure 3) inferred 



using the BSTS model. As we compare the monthly rate of expected diagnoses in the 

counterfactual to the observed diagnoses, only those diagnoses that meet the criteria of 

significance are demonstrated, not the actual number of patients. After Bonferroni correction, 

12 out of 18 conditions are found to be still significant as a more conservative finding. 

 

 
Figure 3. Statistically significant long COVID diagnoses among COVID-positive group, by organ 
system.a  
Note 
aAn asterisk denotes conditions that were still significant even after Bonferroni correction. 

 

Figure 3 shows diagnosis codes that were found to be significant long-haul symptoms in 

this study. The diagnosis codes identified represent multiple bodily systems.  Many diagnosis 

codes are genitourinary, including pain associated with micturition; male erectile dysfunction; 

excessive, frequent, and irregular menstruation; abnormal findings in specimens from female 



genital organs; and other disorders of the urinary system.  Several neurological conditions were 

represented among the long-hauler diagnosis codes. These were headache, vestibular 

dysfunction, and disturbances of smell and taste. Respiratory findings were abnormal breathing 

and pain in the throat and chest, while the prominent endocrine findings were type 2 diabetes 

and vitamin D deficiency.  

 

Discussion 

Just as the U.S.'s most vulnerable populations suffered the largest burden of acute COVID-19, 

the ongoing public health burden of long COVID is just beginning to emerge. Even with 

conservative estimates, long COVID will affect millions worldwide. To accurately assess the 

prevalence of long COVID, understand risk factors, and develop treatment recommendations, 

clear diagnosis algorithms/decision-trees are needed.  

To our knowledge, this study represents the first population-based data science study to 

investigate long COVID sequelae among a large, medically underserved CHC population. The 

goal of our data science analysis was to inform the breadth of conditions presented by 

medically underserved patients in the primary care setting to understand which lingering or 

newly developed problems may be associated with post-acute COVID-19 at least 60 days post-

COVID infection.  

Results of our study identified conditions already well-established as associated with 

long COVID, including breathing abnormalities (R06), pain in throat and chest (R07), malaise 

and fatigue (R53), headache (G44), and disturbances of smell and taste (R43),1-5,10 as well as 

some less well-known conditions. 



It is established that COVID-19 can cause organ damage that may be associated with 

unmasking or contributing to the development of diabetes, kidney disease, cardiovascular and 

liver, and renal disease, among other conditions.30-34 Deleterious effects of COVID-19 in the 

kidneys may occur because ACE-2 receptors are a target of the COVID-19 virus, and are found 

in large numbers in the kidneys, as well as in the lungs and the heart.35 Thus, this study's 

finding that renal conditions were prominent among long-hauler symptoms was not 

unexpected.  Erectile dysfunction has a reported association with COVID, possibly mediated by 

testosterone or COVID virus infiltration into penile and testes tissues.36  Low back pain was not 

surprising as muscle pains are a known sequela of COVID.37  Several studies have shown a 

greater risk of COVID in patients who are vitamin D deficient.  COVID-19 has been found to 

reprogram lipid metabolism,38 and cholesterol is required for COVID-19 viral entry,39 helping to 

explain the finding of lipid disorders as part of the long-haul findings. Obesity has been shown 

to be associated with more severe COVID-19 disease.40 Menstrual disorders in COVID-19 are 

hypothesized to occur through alteration of the hypothalamic-pituitary-gonadal axis;41 however, 

definitive associations have yet to be described.   

Our study, conducted within CHCs, reinforces the enormous clinical and practice 

implications of COVID-19 for primary care safety-net providers and the ongoing burden of 

COVID-19 on medically underserved patients, historically subject to structural inequalities, 

health disparities, and adverse social determinants of health.15  

For providers who care for the medically underserved, diagnosis and treatment 

considerations are complicated by access and unique circumstances. First, medically 

underserved populations often have complex care needs that can complicate a diagnosis of long 

COVID, including disproportionate rates of complex chronic conditions, multimorbidity, poverty, 

homelessness, low health literacy, and unmet mental health needs.42-45 Second, practices and 



centers currently at the forefront of developing treatments for long COVID generally include 

specialists who are often not accessible to CHC patients.15 Third, treatment recommendations 

for long COVID include holistic support and rest, among other lifestyle recommendations.6 

Behavior and lifestyle recommendations are often difficult for patients in medically underserved 

populations to adopt, as has been the experience with diabetes care. 46 As we consider the 

implications of long COVID for primary care, and medically underserved providers specifically, 

we advocate that ongoing research on COVID-19 must include population-based studies with a 

health equity lens and that ongoing dissemination of knowledge gained from research should be 

prioritized to primary care providers caring for medically underserved populations.15 

There are several limitations of this study. First, the sample of COVID-positive patients 

was small, likely due to the dataset timeframe, which spanned only seven months. As a result, 

there might be other long-haul symptoms that we did not find to be statistically significant. Our 

method assumes that the number of different conditions among COVID-negative populations is 

not affected by the event of COVID test, which might not be completely true for certain 

conditions dependent on the behaviors associated with COVID, such as social distancing. Due to 

the small number of patients with long-haul effects, we were not able to conduct a co-

occurrence analysis of different symptoms and their direct association with different SDOHs, nor 

were we able to parse out the dataset into subgroups of interest such as age group or pre-

existing chronic disease condition. Second, as this study includes safety-net populations, 

generalizability to other populations cannot be assumed. Third, this dataset encompasses 

ambulatory, outpatient visits and does not include patients who may have tested positive and 

had long-haul symptoms but did not seek follow-up care at a participating CHC. Patients who 

received care at hospitals or specialist providers for their long-haul symptoms are not 

represented in this study. 



Public health implications. It is likely that patients from underserved and 

marginalized populations, who bore an inequitable burden from COVID-19, will have 

disproportionately higher rates of long COVID.  This study uses longitudinal electronic health 

record (EHR) data to identify clinical sequelae of long COVID among underserved patients who 

received care in the primary care safety net across nine states. Results provide a data-driven 

method to understand how COVID-19 manifests in this population and demonstrate the ongoing 

importance of addressing long COVID in the primary care safety-net. 

Conclusion. This study provides a data science approach to understanding long COVID 

symptoms presenting among a medically underserved population. It is an important 

contribution to the COVID-19 literature as it provides a methodology for future investigation 

into using EHRs to identify long COVID problems with a health equity lens. The next step in this 

research will be to further characterize this population of COVID-positive patients with long-haul 

symptoms, to augment our understanding of the association between long-haul symptoms and 

social determinants of health, and to follow this cohort of patients prospectively to understand 

patterns of utilization and symptoms over time.   
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