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Abstract

Objective: A growing number of Coronavirus Disease-2019 (COVID-19) survivors are affected
by Post-Acute Sequelae of SARS CoV-2 infection (PACS). Using electronic health records data,
we aimed to characterize PASC-associated diagnoses and to develop risk prediction models.
Methods: In our cohort of 63,675 COVID-19 positive patients, 1,724 (2.7 %) had a recorded
PASC diagnosis. We used a case control study design and phenome-wide scans to characterize
PASC-associated phenotypes of the pre-, acute-, and post-COVID-19 periods. We also integrated
PASC-associated phenotypes into Phenotype Risk Scores (PheRSs) and evaluated their
predictive performance.

Results: In the post-COVID-19 period, known PASC symptoms (e.g., shortness of breath,
malaise/fatigue) and musculoskeletal, infectious, and digestive disorders were enriched among
PASC cases. We found seven phenotypes in the pre-COVID-19 period (e.g., irritable bowel
syndrome, concussion, nausea/vomiting) and 69 phenotypes in the acute-COVID-19 period
(predominantly respiratory, circulatory, neurological) associated with PASC. The derived pre-
and acute-COVID-19 PheRSs stratified risk well, e.g., the combined PheRSs identified a quarter
of the COVID-19 positive cohort with an at least 2.9-fold increased risk for PASC.
Conclusions: The uncovered PASC-associated diagnoses across categories highlighted a
complex arrangement of presenting and likely predisposing features, some with a potential for

risk stratification approaches.
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1. Introduction

Coronavirus Disease-2019 (COVID-19) has posed unprecedented challenges to the public health
and healthcare system. As of September 30, 2022, 96,158,524 confirmed COVID-19 cases were
in the US [1]. Studies suggest that 20 to 40% of COVID-19 survivors may be affected by Post-
Acute Sequelae of COVID-19 (PASC) [2-4] — also termed Post COVID conditions (PCC), [5,
6], Long COVID [7], Post-Acute COVID-19 Syndrome (PACS) [8], Chronic COVID-19

Syndrome [9], and Long Haul COVID-19 [10]. PASC is an aggregate term for a highly
heterogeneous group of post-COVID-19 problems, including persistent symptoms of acute
infection (e.g., cough, fatigue, loss of smell [11-13]), new chronic disorders, (e.g., chronic lung
or neurologic disease [3, 14-21]), and late post-COVID complications (e.g., autoimmune
complications). COVID-19 vaccinations could decrease the risk for PASC by 13% - 22% [22,
23]; however, with a massive number of breakthrough infections and a relaxation of mitigation
measures throughout the world, the high prevalence of PASC during an ongoing pandemic could

present a tremendous burden for healthcare systems worldwide.

Several demographic factors, preexisting conditions, and biomarkers have been associated with
PASC. For example, severe acute COVID-19, female gender, older age, pre-existing diabetes, or
the experience of specific symptoms during the acute COVID-19 phase, including fatigue,
headache, hoarse voice, etc., were reported to increase the risk for PASC [24-27]. Carlo et al.
reported an immunoglobulin (Ig) signature, based on total IgM and 1gG3, as a predictor for
PASC [28]. Emily et al. identified a series of features, including the rate of healthcare utilization,
patient age, dyspnea, and other diagnosis and medication information, to predict PASC [29]. In
Su et al.’s study, four risk factors: type 2 diabetes, SARS-CoV-2 RNAemia, Epstein-Barr virus
viremia, and specific auto-antibodies were identified [30].

Together, these studies highlight the possibility and the need to uncover and understand PASC
risk factors to identify and protect vulnerable groups. Furthermore, a better understanding of
PASC might allow the identification of PASC subtypes and their specific risk profiles. However,
the novelty of this condition and the sparsity of studies so far have hampered the development of

risk-prediction models for PASC.
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77  Inour current study, we aim to fill this gap by identifying predisposing diagnoses of PASC

78  through phenome-wide association studies (PheWAS) of the pre-COVID-19 and acute-COVID-

79 19 time periods and then use the identified pre-existing conditions to develop and evaluate

80 integrated and usable Phenotype Risk Scores (PheRS) [31] to predict PASC [32, 33]. To do this,

81  we leverage a cohort of over 60,000 COVID-19-positive patients cared for at Michigan Medicine
82  (MM), a large academic medical center in the Midwestern US, between March 2020 and August

83  2022. This cohort includes 1,724 patients that were subsequently diagnosed with PASC using

84  diagnostic codes or clinical problem lists. With its rich retrospective EHR data that includes

85  socioeconomic status (SES), demographics, and other relevant variables, this cohort offers a

86  unique opportunity to study PASC.

g7 2. Subjects and Methods

88  2.1.Study cohort
89  The study included Michigan Medicine (MM) patients with a recorded COVID-19 diagnosis or a
90 positive real-time reverse transcriptase chain (RT-PCR) test for SARS-CoV-2 infection
91  performed/recorded at MM between March 10, 2020, and August 31, 2022. Diagnoses were
92  recorded at clinic visits and hospital encounters. RT-PCR testing data was collected for routine
93  screening at hospital admission, before procedures, and for employee screening. Tests included
94  both symptomatic and asymptomatic individuals.
95  For each subject, the date of their first COVID-19 diagnosis or RT-PCR positive test, whichever
96  came first, was considered the index date. Dates were regarded as protected health information
97  and operationalized as days since birth; however, the quarter of the year of the index date was
98 obtained. To allow sufficient follow-up time for diagnosing PASC, we limited the analysis to
99 patients with encounters at least two months after being COVID-19 positive and stratified them
100  in PASC cases (had a recorded PASC diagnosis) and PASC controls (had no recorded PASC
101  diagnosis).
102  PASC diagnoses were either based on an entry of PASC in the diagnosis section of the EHR
103  database’s Problem Summary List (PSL, Table S1) or on observations of the ICD-10-CM
104  (International Classification of Diseases codes, tenth edition with clinical modifications) U09.9
105 (“Post COVID-19 condition, unspecified”) or B94.8 (“Sequelae of other specified infectious and

106  parasitic diseases”). The CDC recommended the latter as a temporary alternative to the PASC-
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107  specific U09.9 code, which was implemented on October 1, 2021 [34]. PSL diagnoses represent
108 active and resolved patient problems entered by healthcare providers. The age at the first

109  observed ICD- or PSL-based PASC diagnosis was considered the age of onset of PASC. PASC
110  cases (see definition below) without a prior positive test were excluded because the timepoint of
111  the test was crucial for defining the pre-COVID-19 and acute-COVID-19 time periods (Figure
112 1).

113

114  We also categorized PASC patients based on ICD10 diagnoses concurrently recorded with their
115  first PASC diagnosis and mapped them to 29 phenotype concepts previously reported as

116  common PASC symptoms [3]. In addition, we manually mapped detailed PSL diagnoses to these
117 29 concepts (Table S1 and S2).

118  2.2.Definition of demographics, socioeconomic status, and other covariates

119 To examine and adjust for confounding by patient characteristics, socioeconomic status, and
120  other variables, we obtained the following data for each participant: age, self-reported gender,
121  self-reported race/ethnicity, Neighborhood Disadvantage Index (NDI) without proportion of
122  Black (coded as quartiles, with larger quartiles representing more disadvantaged communities)
123 [35, 36], and population density measured in persons per square mile (operationalized as

124 quartiles).

125  Additional covariates included vaccination status, the Elixhauser comorbidity score [37, 38],
126  COVID-19 severity (non-severe [not hospitalized] and severe [hospitalized or deceased]),

127  healthcare worker (HCW) status, the timespan of records in the EHR before and after the

128 COVID-19 test/diagnosis, the timespan of records in the EHR before 2020 (referred to as “pre-
129  pandemic” time period). These timespans were based on the first or last recorded encounter in
130 the EHR data. Additional details and definitions of these covariates can be found in Text S1 and
131  Table S3.

132 We assumed completely at random missingness of the covariates included in our adjusted

133  analyses and performed complete case analyses for each adjustment.

134

135  Ethical review and approval were waived for this study due to its qualification for a federal

136  exemption as secondary research for which consent is not required. Determination for exemption
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137  made by the Institutional Review Board of the University of Michigan Medical School
138  (IRBMED; study ID: HUM00180294).

139  2.3. Time-restricted phenomes

140  We constructed each subject’s medical phenome by extracting available ICD9 and ICD10 codes
141 from the EHR and mapping them to 1,813 broader phenotype concepts (PheCodes) using the R
142 package “PheWAS” [39, 40]. In short, individuals with ICD codes that map to a specific

143 PheCode were coded as “1”, then individuals with ICD codes that map to the PheCode’s specific
144 exclusion criteria were coded as missing, and finally, all remaining individuals were coded as
145  “0” for that particular PheCode (further details are described elsewhere [40]). We created three
146  time-restricted phenomes relative to the index date: post-COVID-19 (+28 days to +6 months),
147  pre-COVID-19 (predating -2 weeks), and acute COVID-19 (-14 and +28 days; Figure 1).

148  2.4. Matching

149  To minimize confounding when we compare PASC (case) versus no PASC (control), we

150  matched each PASC case to up to 10 PASC controls using the R package “Matchlt” [41].

151  Nearest neighbor matching was applied for age at index date, pre-COVID-19 years in EHR, and
152  post-COVID-19 years in EHR. Exact matching was used for sex, primary care visit at Michigan
153  Medicine within the last two years (yes/no), race/ethnicity, and year quarter of the index date.

154  We retained the case-control matching throughout all analyses.
155  2.5. Statistical analysis

156  2.5.1. PASC-associated PheCodes in Post COVID-19 Period

157  To characterize diagnoses enriched in COVID-19 patients with PASC, we also conducted

158  PheWAS to identify phenotypes associated with PASC in the post-COVID-19 period (at least 28
159  days after the COVID-19 index date, see Figure 1) using Firth bias-corrected logistic regression
160 by fitting the following model for each PheCode of the post-COVID-19 period phenome:

161 logit (P(PheCode | PASC, Covariates))

162 = Lo + BpascPASC + Bcovariate 1 COvariate 1 + Bcopariate n COvariate n
163  (Equation 1)

164  Where covariates were pre-COVID-19 Elixhauser Score (AHRQ), NDI, Population density,

165 healthcare worker status (HCW), vaccination status, and severity, details are summarized in Text
166 Sl and Table S3.
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167 2.5.2. Pre-disposing PheCodes
168  We conducted PheWAS to identify PheCodes pre-disposing to PASC using either PheCodes

169  from the pre-COVID19 period or PheCodes from the acute-COVID-19 period. We ran Firth
170  bias-corrected logistic regression by fitting the following model for each PheCode of the

171  corresponding time-restricted phenome:

172 logit (P(PASC | Phecode is present, Covariates)) = o + BphecopePheCODE +

173 Bcovariate 1 Covariate 1 + Bcovariate n COvariate n

174  (Equation 2)

175  We applied a similar set of covariate adjustments as before (Table S3).

176

177  The phenomes were split into a training set (index dates in 2020 and 2021) and a testing set

178  (index date in 2022). This choice was to retain the true spirit of future prediction using past data.
179  The training set was used to identify predisposing PheCodes in phenome-wide association

180  studies (PheWAS), while the testing set was used to evaluate prediction models based on the
181  PheWAS results.

182  To evaluate the robustness of effect sizes of predisposing PheCodes, we performed several

183  sensitivity analyses: (1) females only, (2) males only, (3) index date in 2020, (4) index date in
184 2021, (5) non-severe outcomes (not hospitalized), (6) severe outcomes (hospitalized or

185  deceased), (7) recorded within two years before the index date, and (8) pre-pandemic (before
186  2020). For the acute-COVID-19 PheWAS, we excluded PASC cases whose first recorded PASC
187  diagnosis was observed less than 28 days after the index date. The sample sizes of the complete
188  case analyses for various analyses are listed in Table S4.

189  PheWASs were restricted to PheCodes observed at least five times among cases and among

190 controls. For all PheWAS, we excluded PheCode 136 “Other infectious and parasitic diseases”
191  asitincluded the ICD-10 code “B94.8” which was used to record a PASC diagnosis.

192  For each PheWAS, we applied a Bonferroni correction adjusting for the number of analyzed
193  PheCodes (Table S4). In Manhattan plots, we present —log10 (p-value) corresponding to tests for
194  association of the underlying phenotype. Directional triangles on the PheWAS plot indicate

195  whether a trait was positively (pointing up) or negatively (pointing down) associated.
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196  We also tested for differences between effect sizes of three subgroup comparisons (non-severe
197  vs. severe outcome, female vs. male, and index date in 2020 vs. 2021) using the following t-
198  statistics:
Y ey

VSE(B4)? + SE(Bs)?
200  where B4 and S5 are the subgroup-specific beta-estimates with corresponding standard
201  errors SE(B4) and SE(Bg).

202  2.5.3. Phenotype Risk Scores (PheRS)
203 2.5.3.1. PheRS Generation

204  To generate PheRS, we considered two sets of PheCodes: PheCodes that were phenome-wide
205  significant in the pre-COVID-19 PheWAS (considered for the pre-COVID-19 PheRS [PheRS1])
206  or PheCodes that were phenome-wide significant in the acute-COVID-19 phenome (considered
207  for the acute-COVID-19 PheRS [PheRS2]).

208  For each of the two sets of PheCodes, we performed ridge penalized logistic regression using the

199

209 R Package package “glmnet” [42, 43] to obtain the weights per PheCode from the training data
210  before calculating the PheRS as the weighted sum of the presence/absence (coded as 1 and 0) of
211  aPheCode in the testing data.

212  2.5.3.2. PheRS Evaluation

213  To evaluate each of the PheRS, we fit the following Firth bias-corrected logistic regression

214 model adjusting for age, gender, race/ethnicity, Elixhauser Score, population density, NDI,

215 HCW, vaccination status, pre-COVID19 years in EHR and severity using a complete case

216  analysis:
217 logit (P(PASC is present | PheRS, Covariates))
218 = Bo + BrhersPheRS + Bcovariate 1COvVariate 1 + Brovariate nCOvVariate n

219  (Equation 3)

220  For each PheRS, we assessed the following performance measures relative to the PASC status:
221 (1) overall performance with Nagelkerke’s pseudo-R? using R packages “rcompanion” [44], (2)
222  accuracy with Brier score using R package “DescTools” [45]; and (3) ability to discriminate
223  between PASC cases and matched controls as measured by the area under the covariate-adjusted

224 receiver operating characteristic (AROC; semiparametric frequentist inference) curve (denoted
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225 AAUC) using R package “ROCnReg” [46]. Firth's bias reduction method was used to resolve the
226  problem of separation in logistic regression (R package “brglm2”) [47]

227

228  To also evaluate models with both predictors (PheRS1-Ridge + PheRS2-Ridge), we combined
229  them by first fitting a logistic regression with the predictors in the training set to obtain the linear
230  predictors that we used to get the combined score in the testing data.

231  Unless otherwise stated, analyses were performed using R 4.2.0 [48].

232 3. Results

233  3.1.Patient characteristics

234  Among 63,675 COVID-19-positive patients who were seen in MM at least two months after
235  their first recorded COVID-19 infection, 1,724 (2.7%) received a PASC diagnosis. The PASC
236  prevalence within three months of a COVID-19 infection ranged from 0.18% (Q3 of 2020) to
237  1.8% (Q3 of 2021). The most PASC cases were observed in Q4/2021 (n = 134), coinciding with
238  the second peak of positive tests at MM (Table 1; Figure S1).

239  We observed that PASC cases compared to controls were on average older at their index date
240  (mean age 47.9 versus 41.7 years), had a slightly longer timespan covered in the pre-test EHRs
241  (11.7 versus 10.4 years), were more likely female (64.5% versus 56.7%), more likely to have
242  received primary care at MM in the last two years (60.7% versus 46.4%) and showed different
243  distributions across the year quarters over time (Table 1).

244  3.2.PASC symptoms / post-COVID-19 PheWAS

245  When categorizing 1,362 PASC cases with concurrent diagnoses based on 29 previously

246  reported symptoms [3] (362 of the 1,724 cases had no concurrent diagnoses, Table S1 and S2),
247  the ten most common diagnoses were: shortness of breath (34.3%), anxiety (30.6%), malaise and
248  fatigue (28.5%), depression (27.2%), sleep disorders (25.4%), asthma (23.6%), headaches

249  (21.4%), migraine (13.8%), cough (13.0%) and joint pain (12.6%) (Table S5).

250  In the post-COVID-19 PheWAS of 1,256 cases versus 12,492 matched controls, all 29 PASC
251  symptoms were enriched among PASC cases (OR > 1), and 27 reached phenome-wide

252  significance (P < 0.05/960 tested PheCodes; P < 5.2e-05) while two were not significant (Table
253  S6). In addition to PASC-related phenotypes (e.g., shortness of breath: OR = 9.03 [7.77, 10.50],
254 P =2.94E-181; malaise and fatigue: OR =6.17 [5.33, 7.14], P = 2.32E-132; and cardiac

10
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dysrhythmias: OR = 2.75 [2.37, 3.18], P = 3.95E-41), many additional diagnoses were enriched
in PASC cases, among others musculoskeletal disorders (e.g., costochondritis: OR = 6.88 [95%:
3.05, 14.8], P = 6.72e-08), infectious diseases (e.g., septicemia: OR = 2.31 [1.66, 3.16] P =
2.67e-07), and digestive disorders (e.g., gastroesophageal reflux disease [GERD]: OR = 1.72
[1.50, 1.99], P = 5.10e-14) (Figure 2, File S1A).

3.3.Pre-COVID-19 PheWAS

To identify potential PASC-predisposing conditions, we performed a PheWAS using the pre-
COVID-19 phenome, comparing 1,212 PASC cases versus 11,919 matched controls.

Among 1,405 tested PheCodes, seven reached phenome-wide significance (P < 3.56e-05):
irritable bowel syndrome (IBS; OR = 1.78 [1.44, 2.18], P = 4.00e-8), concussion (OR = 1.95
[1.51, 2.49], P = 1.24e-07), nausea and vomiting (OR = 1.45 [1.26, 1.67], P = 2.90e-07),
shortness of breath (OR = 1.51 [1.29, 1.76] 3.38e-07), respiratory abnormalities (OR = 1.39
[1.22,1.59], P = 1.10e-06), allergic reaction to food (OR =1.94 [1.42, 2.60], P = 1.66e-05) and
general circulatory disease (OR =1.52 [1.24, 1.85], P = 3.30e-05; Figure 3, File S1B).
Additional sensitivity analyses indicated robust associations across various settings (females
only, males only, 2020 only, 2021 only, non-severe outcome, severe outcomes, within two years
before the index date, or before the pandemic, Figures S3 A-G, File S1D-F).

3.4. Acute-COVID-19 PheWAS

To uncover PASC-predisposing acute-COVID-19 symptoms, we screened 664 phenotypes of the
acute-COVID-19 phenome, comparing 874 cases with 8,671 controls. To not identify actual
PASC symptoms compared to pre-PASC symptoms, we excluded cases whose PASC diagnosis
was recorded less than 28 days after their index date and only retained their matched controls. A
total of 69 phenotypes was significantly associated with PASC (P < 7.54e-05) and included,
among others, 22 respiratory phenotypes (e.g., shortness of breath, respiratory
failure/insufficiency/arrest, dependence on respirator or supplemental oxygen, and cough), 13
circulatory system phenotypes (orthostatic hypotension, hypotension), seven neurological
phenotypes (e.g., sleep disorder, migraine, pain), six digestive phenotypes (e.g., GERD, IBS),
five mental health phenotypes (e.g., anxiety, depression), and other symptoms (e.g., malaise and
fatigue, myalgia and myositis). (Figure 4, File S1C).

Our sensitivity analyses indicated robust associations across various settings (females only,

males only, 2020 only, 2021 only, non-severe outcomes, severe outcomes) where most
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286  associations remained nominally significant in each sub-analyses or had overlapping confidence
287 intervals in their sensitivity analyses. However, effect sizes were not as consistent (Figures S4
288 A-AK, File S1G-I). Noteworthy, the effect size for shortness of breath differed significantly
289  between index dates in 2020 and 2021 (2020: OR = 2.20 [1.60, 2.99], P = 7.8e-7 compared to
290 2021: OR =4.59 [3.62, 5.81], P = 9.37e-37; Ppitference = 0.000234), though they were

291  significantly associated with PASC in both years (Figure S4AA, File SIC&I). Despite low
292  numbers of individuals with severe outcomes (160 PASC cases and 150 controls), six of the 69
293  significantly associated phenotypes (aspergillosis, bacterial pneumonia, MRSA pneumonia,

294  hyperosmolality and/or hypernatremia, septic shock, and voice disturbances) only had sufficient
295  observations among the subset with severe outcomes but among the non-severe outcome subset
296 (724 PASC cases and 6799 controls; Table S4 and File SIC&G). This suggested that these

297  phenotypes might be hospital-acquired complications. None of the 49 significantly associated
298  phenotypes that were tested among individuals with non-severe outcomes and individuals with
299  severe outcomes showed significant effect size differences (Pdifference >= 0.001 [0.05/49 tests]).
300  All phenotypes with nominal effect size differences between non-severe and severe outcomes
301  (Puifrerence < 0.05) were all strongly and positively associated in individuals with non-severe

302  outcomes, thus unlikely to merely represent hospital-acquired complications (File S1G).

303 3.5.Comparison of “pre-PASC” associated PheCode across three PheWAS

304  To investigate whether the associated “pre-PASC” phenotypes of the pre- and acute-COVID-19
305  periods (“pre-PASC” phenotypes) are causing novel PASC symptoms or if they become long-
306 term features that manifest as PASC, we explored their frequencies and their association signals
307  across all three PheWAS (Figure S5). Interestingly, almost all associated “pre-PASC”

308  phenotypes were also significantly enriched in the post-COVID-19 PheWAS, except for “allergic
309  reaction to food” of the pre-COVID-19 PheWAS and “candidiasis” and “inflammation and

310  edema of the lung” in the acute-COVID-19 PheWAS. However, their ORs were all positive (File
311  S1-3). Since many more acute-COVID-19 phenotypes than pre-COVID-19 phenotypes remain
312  associated also as post-COVID-19 phenotypes, this finding suggests that some of the

313  documented PASC diagnoses, or subtypes thereof, might represent short-term consequences of

314  an acute infection and not necessarily PASC symptoms.
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315 3.6.Developing Phenotype Risk Scores for Predicting PASC

316  The pre- and acute-COVID-19 PheWASs indicated pre-disposing conditions for PASC. To study
317  whether these conditions might be helpful in predicting PASC among COVID-19 positives, we
318  generated two PheRSs: a pre-COVID-19 PheRS “PheRS1” and an acute-COVID-19 PheRS

319  “PheRS2”. We avoided overfitting by using PheWAS results and PheRS weights obtained from
320 individuals with index dates in 2020 or 2021, while the evaluations were performed in

321 individuals with index dates in 2022 (Figure 1, Figure S2, and File S1J). To limit the impact of
322  potential hospital-acquired complications of an acute-COVID-19 infection, we excluded the six
323 phenotypes that were only tested/observed in the individuals with severe outcomes (see “acute-
324  COVID-19 PheWAS” above).

325  We found that PheRS1 and PheRS2 could discriminate cases and controls, yet only with low
326  accuracy (AAUC < 0.7). PheRS1 performance was comparable in the complete testing data

327  (AAUCrhers1 = 0.548 [95% CI: 0.516, 0.580]) and the testing data that was reduced to PASC
328  cases that had at least 28 days between their index date and the PASC diagnosis (AAUCkphers1 =
329  0.555[95% CI: 0.496, 0.612]). PheRS2 was only analyzed in the latter data (AAUCephers2 =

330 0.605 [95% CI: 0.549, 0.663]) but performed better than PheRS1, which was also evident from
331 its pseudo-R? which was almost 5-fold higher (0.0116 and 0.0547, respectively). A combination
332  score further improved the discrimination of cases and controls, but its accuracy remained low
333 (AAUCcombined = 0.615 [0.561, 0.670]; Table 2). We also explored if PheRSs based on additional
334  suggestively associated PheCodes (defined as P < 1E-3) could further improve the prediction of
335 PASC but found their individual or combined predictive ability slightly worse compared to the
336  PheRSs that were based on phenome-wide significant hits (e.g., AAUCcombined = 0.601 [0.548,
337  0.658]; Table S7).

338  While the use for individual-level prediction seemed very limited, we found that PheRS1 and
339  PheRS2 could significantly enrich PASC cases in their top 10% and top 10-25% risk bins

340  compared to the lower 50% of their distributions (Table 3). For example, individuals in the top
341  10% of PheRS1 were 2.5 times (OR = 2.48 [95% CI: 1.24, 4.97]) and in the top 10% of PheRS2
342 4.1 times more likely to obtain a PASC diagnosis (OR: 4.10 [2.28, 7.40]). Moreover, both

343  PheRSs combined improved enrichment also in the top 10-25% risk bin (OR: 2.91 [1.73, 4.90]),
344  identifying a fourth of all COVID-19 cases with substantially increased risk for PASC (Table 3).
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345 4. Discussion

346  In this study, we used data from a relatively large cohort of COVID-19-positive individuals from
347 MM, asingle medical center. We applied a PheWAS approach across time-restricted phenomes
348 to identify phenotypes that may predispose to PASC. We found seven phenotypes (e.g., IBS,
349  concussion, shortness of breath) of the pre-COVID-19 period and 69 phenotypes (predominantly
350 respiratory and circulatory symptoms) of the acute-COVID-19 period to be significantly

351 enriched among PASC cases. Most of them were also observed enriched among PASC cases in
352  the post-COVID19 period indicating that some of these phenotypes might have become longer-
353 lasting or even chronic conditions. When incorporating these findings into PheRSs, we found
354  that both the pre-COVID-19 PheRS and the acute-COVID-19 PheRS could predict PASC only
355  with low accuracy among COVID-19-positive individuals, even when combined. However, both
356  combined PheRSs could identify a quarter of COVID-19 positives with at least 2.9-fold

357  increased risk of PASC.

358

359 A comparison of our findings with previous studies confirmed many pre-existing conditions that
360 predispose to PASC. For example, in the pre-COVID-19 period PheWAS, we identified several
361  respiratory symptoms that predisposed to PASC, including shortness of breath and other

362  respiratory abnormalities. These findings are consistent with previous works [15, 27, 49]. The
363 literature on IBS as a pre-disposing diagnosis for PASC seems sparse; however, there might be a
364  connection between gut microbiota and the clinical course of COVID-19 [50] and mediation of
365  risk factors effects for COVID-19 [51, 52]. Similarly little seems to be known of concussion as a
366  pre-disposing diagnosis for PASC; yet, pre-existing cognitive risk factors like mild traumatic
367  brain injury were reported as enriched among cognitive PASC cases compared to non-cognitive
368  PASC patients [53]. Future studies are needed to substantiate our findings and investigate how
369  pre-disposing diagnoses relate to PASC. In addition to the results from the pre-COVID-19 period
370  conditions, our findings from the acute-COVID-19 period also accord with previous studies.

371  Among the 69 PASC-associated phenotypes, the majority were respiratory symptoms and in line
372 with earlier reports (e.g., cough [54, 55], dyspnea [56], respiratory insufficiency [57]). Also, the
373 identified muscle-related symptoms, including myalgia, malaise and fatigue, were supported by
374 previous PASC studies [58, 59]. Similar to the findings of Xie et al., we found circulatory

375  diseases to play an essential role as a predisposing factor for PASC. While not all observed
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376  associations were previously reported, our sensitivity analyses indicated overall robustness

377  across various settings [61, 62].

378

379  An overlap between the enriched symptoms in the three periods implies the possibility of PASC
380  being recurring symptoms of pre-existing conditions [17]. The difference in subsiding rate

381  between cases and controls in some symptoms (e.g., respiratory symptoms) potentially indicates
382  the development of chronic conditions [9, 63].

383

384  There are several limitations to our analysis. First, we focused on predisposing diagnoses and
385  performed matching, incl. on age, gender, and race/ethnicity, to adjust for potential confounding;
386  however, these demographic characteristics were previously implicated as pre-disposing factors
387  [64-66]. So, while matching and adjusting for these covariates might have effectively increased
388  the power to identify pre-existing phenotypes that increase the risk for PASC, we disregarded
389  these demographic factors as PASC predictors. Future studies are needed to evaluate the

390  combined contributions of these variables in more comprehensive prediction models. Second,

391 although a clinical diagnosis of PASC was used, many reported symptoms are vague, unspecific,
392 and subtle [67], and awareness about PASC only recently increased. This might lead to an

393 underdiagnosis of PASC [68, 69]. For example, we only observed 2.7% PASC-diagnosed

394  patients in our COVID-19 positive cohort, which is far lower than PASC studies from the US,
395  which estimated a prevalence between 19% and 35% [70]. As a result, our predictions of PASC
396  might be overly conservative. The available diagnosis codes for PASC lacked specificity to

397  stratify PASC cases into PASC subtypes reliably. Future studies that incorporate natural

398  language processing of clinical notes and that have larger sample sizes will likely improve the
399 identification of PASC cases and subtypes [71]. Third, the analysis was restricted to the COVID-
400  19-positive individuals who were also seen at MM during the pre-COVID-19 and the post-

401 COVID-19 periods; due to this selection bias, both cases and controls might be less healthy and
402  older compared to randomly chosen COVID-19-positive individuals [72].

403  Moreover, it has been reported that around 15% - 40% of the confirmed COVID-19 population
404  were asymptomatic [73, 74]. Using data from a health system caused our cohort to be enriched
405  for symptomatic COVID-19 patients, while asymptomatic COVID-19 cases may be

406  underrepresented. Such biases and omissions might limit the generalizability to the overall
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407  population. Although this study included a large size of COVID-19 patients, attention might be
408  given to expanding and diversifying the collection and analysis of data.

409

410  Our study used a clinical definition of PASC. In addition to the commonly used ICD code U09.9
411  (“Post COVID-19 condition, unspecified”) or B94.8 (“Sequelae of other specified infectious and
412  parasitic diseases”), we applied the information from the EHR internal problem list database
413  (PSL, Table S1) to categorize PASC patients, which enabled us to collect patients whose

414  diagnosis were recorded even before official ICD-10 recommendations/codes became available.
415  The post-COVID-19 period PheWAS validated our PASC definition in that we enriched

416  diagnoses consistent with subtypes of PASC that were previously reported (e.g., shortness of
417  breath, neurological disorders, malaise, fatigue and dysphagia) [3, 71, 75]. Furthermore, given
418  the benefit of rich retrospective EHR data, we could adjust for essential confounders in our

419  models, including race, Elixhauser comorbidity score, vaccination status, etc., that might have
420  affected PASC outcomes. We expect that our approach and the resulting prediction models will
421  improve over time with increasing sample sizes and, by doing so, will likely facilitate earlier
422  detection of PASC cases or improve risk stratification. Furthermore, a better characterization of
423  PASC mechanisms might inform on distinct PASC forms that differ in their profiles of pre-

424 existing conditions.

425 5. Conclusions

426  PASC represents a worldwide public health challenge affecting millions of people. While

427  effective therapies for PASC are still in development [76-79], prediction and risk models can
428  help to more reliably identify individuals at increased risk for PASC and its subcategories and
429  potentially inform preventive or therapeutic efforts.

430  The present research aimed to identify PASC pre-disposing diagnoses from the pre- and the
431  acute-COVID-19 medical phenomes and to explore them as predictors for PASC. We identified
432  known and potentially novel associations across various disease categories in both phenomes.
433  These phenotypes, when aggregated into PheRSs, have predictive properties for PASC,

434  especially when considered for risk stratification approaches. Future studies might consider
435  applying more complex non-linear models like machine learning to improve prediction models.

436  The next opportunity will be to incorporate additional, more complex data like laboratory
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437  measurements or medication data into such prediction models, as they have proven relevant for
438 PASC but have yet to be fully investigated [2, 80, 81]. The presented PheRS framework can also
439  be adapted to explore alternative outcomes like survival and, by doing so, offer comprehensive
440  insights into the long-term consequences of COVID-19.
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Table 1: Patient characteristics of COVID-19 patients with (cases) and without observed PASC

diagnosis (controls). Case-control matching was based on nearest neighbor matching (age at

index date, pre-test years in EHR, post-test years in EHR) and exact matching (gender, primary

care at MM, race/ethnicity, quarter of year at COVID-19 index date).

COVID-19 COVID-19 patients without
Patients with PASC Diagnosis
ll?ié\ijﬁosis Unmatched Matched
n 1724 61951 17205
Age at index date; mean (SD) 47.88 (18.85) 41.67 (22.14) 47.12 (18.94)
Pre-test years in EHR; mean (SD) 11.70 (7.47) 10.41 (7.49) 11.67 (7.37)
Post-test years in EHR; mean (SD) 1.07 (0.56) 0.93 (0.55) 1.05 (0.55)
Female; n (%) 1112 (64.5) 35713 (57.6) 11089 (64.5)
Primary care at MM; n (%) 1047 (60.7) 28773 (46.4) 10435 (60.7)
Race/ethnicity; n (%)
Caucasian / Non-Hispanic 1273 (73.8) 44822 (72.4) 12730 (74.0)
African American / Non-Hispanic 199 (11.5) 7020 (11.3) 1990 (11.6)
Other / Non-Hispanic or Hispanic 175 (10.2) 6593 (10.6) 1746 (10.1)
Other / Unknown Ethnicity 77 (4.5) 3516 (5.7) 739 (4.3)
Quarter of year at index date; n (%)
2020/1 27 (1.6) 588 (0.9) 263 (1.5)
2020/2 57 (3.3) 1697 (2.7) 555 (3.2)
2020/3 64 (3.7) 2617 (4.2) 640 (3.7)
2020/4 273 (15.8) 13317 (21.5) 2730 (15.9)
2021/1 236 (13.7) 7063 (11.4) 2360 (13.7)
2021/2 241 (14.0) 5475 (8.8) 2410 (14.0)
2021/3 168 (9.7) 4088 (6.6) 1680 (9.8)
2021/4 282 (16.4) 10853 (17.5) 2820 (16.4)
2022/1 268 (15.5) 10887 (17.6) 2680 (15.6)
2022/2 100 (5.8) 5008 (8.1) 1000 (5.8)
2022/3 8 (0.5) 358 (0.6) 67 (0.4)
Neighborhood Deprivation Index (%)
Quartile 1 631 (36.6) 22679 (36.6) 6629 (38.5)
Quartile 2 401 (23.3) 13028 (21.0) 3708 (21.6)
Quartile 3 325 (18.9) 11330 (18.3) 3203 (18.6)
Quartile 4 253 (14.7) 9235 (14.9) 2444 (14.2)
Missing 114 (6.6) 5679 (9.2) 1221 (7.1)
Population Density (%)
Quartile 1 413 (24.0) 15218 (24.6) 4417 (25.7)
Quartile 2 491 (28.5) 17796 (28.7) 5013 (29.1)
Quartile 3 551 (32.0) 18123 (29.3) 5229 (30.4)
Quartile 4 155 (9.0) 5135 (8.3) 1325 (7.7)
Missing 114 (6.6) 5679 (9.2) 1221 (7.1)
Elixhauser Score AHRQ; mean (SD) 4.52 (12.97) 3.75 (10.72) 4.01 (11.36)

28


https://doi.org/10.1101/2022.10.21.22281356
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRXxiv preprint doi: https://doi.org/10.1101/2022.10.21.22281356; this version posted November 23, 2022. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.

It is made available under a CC-BY-NC-ND 4.0 International license .

682  Table 2: PheRS Evaluation in the testing data (COVID-19 positive in 2022). PheRS1 was based
683  on the significant hits of the PheWAS with the pre-COVID-19 training data (1,256 cases and
684 11,674 controls; COVID-19 positive in 2020/2021) while PheRS2 was based on the significant
685  hits of the PheWAS with the acute-COVID-19 training data (874 cases and 8,144 controls;

686 COVID-19 positive in 2020/2021 & at least 28 days between first COVID-19 and first PASC
687  diagnosis). Underlying weights can be found in File S2 and Table S8.

Testing
) Data AAUC @ Brier
Predictor Pseudo-R? b
n n (95% ClI) Score
Cases Controls
PheRS1 349 3248 0.548 (0.516, 0.580) n/a ¢ n/a ¢
PheRS1 0.555 (0.496, 0.612) 0.0116 0.0857
PheRS2 0.605 (0.549, 0.663) 0.0547 0.0823
123 1154
PheRS1 &
0.615 (0.561, 0.670) 0.0553 0.0824
PheRS2

688 2 Adjusted for age at index date, gender, race/ethnicity, Elixhauser Score, population density, NDI, health care worker status,
689  vaccination status, pre-test years in EHR, and severity
690  ®Nagelkerke [Cragg and Uhler])

691 ¢ not applicable, only useful in evaluating multiple models predicting the same outcome on the same dataset

29


https://doi.org/10.1101/2022.10.21.22281356
http://creativecommons.org/licenses/by-nc-nd/4.0/

692
693
694

695
696
697

It is made available under a CC-BY-NC-ND 4.0 International license .

Table 3: PheRS-based risk stratification in the testing data. Analysis is based on COVID-19
positive individuals in 2022 with at least 28 days between first COVID-19 and first PASC

diagnosis; 123 cases and 1154 controls.
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Upper %Cases in %Cases in
PheRS ) ) ) ) OR (95% CI)? P
Risk Bin Risk Bin Lower 50%
25-50% 10.0 1.48 (0.91, 2.42) 0.12
PheRS1 10-25% 12.1 7.8 1.86 (1.06, 3.25) 0.029
>=10% 13.6 2.48 (1.24, 4.97) 0.011
25-50% 8.1 1.26 (0.76, 2.08) 0.38
PheRS2 10-25% 12.6 6.6 2.13 (1.25, 3.62) 0.0053
>=10% 21.6 4.10 (2.28, 7.40) | 2.70E-06
25-50% 8.3 1.36 (0.82, 2.28) 0.23
PheRS1 &
10-25% 15.2 6.2 2.91(1.73,4.90) | 5.80E-05
PheRS2
>=10% 19.4 3.94 (2.10,7.42) | 2.10E-05

aEnrichment of PASC cases in risk bin compared to lower 50%; adjusted for age at index date,

gender, race/ethnicity, Elixhauser Score, population density, NDI, health care worker status,

vaccination status, pre-test years in EHR, and severity
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698 Figures and Figure Legends

First COVID-19
positive test/diagnosis

v
Time -14 days 0 +28 days +6 months
R 1 1
Pre-COVID-19 ! Acute COVID-19 ‘ Post-COVID-19
A A
Y Y
N Pre-COVID-19 PheWAS Acute-COVID-19 PheWAS Post-COVID-19 PheWAS
Training Data v
2020 — 2021 PASC Validation
fffffffffffffffffffffff PhERSL '----==-=====-====-==== PhEREZ -=n-=n====mn=m=m=mmmmmmmmmceeeemmeoe-

Testing Data | -
2022 > PASC Prediction

699 t
700  Figure 1: Schematic on study design. Three time periods were defined relative to the 1. positive

701  COVID-19 test or diagnosis (index date): pre-COVID-19 until -14 days, acute-COVID-19 from -
702 14 to +28 days, and post-COVID-19 from +28 days onwards. The post-COVID-19 PheWAS is
703  used to validate features of PASC cases compared to COVID-19 cases without PASC diagnoses.
704  The Pre-COVID-19 and acute-COVID-19 PheWAS on the training data (index date in 2020 —
705  2021) inform on phenotype risk scores (PheRS) that will be used to predict PASC in the testing
706  data (index date in 2022).
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707

708  Figure 2: PheWAS on symptoms that occurred between 28 days and 6 months after the first
709  COVID-19 test (Outcome: post-COVID-19 symptoms / phecodes; predictor: PASC diagnosis
710  yes/no). Among PheCodes that reached phenome-wide significance (red dashed line, P <=

711  0.05/960 = 5.2e-05), only the strongest association per PheCode category was labeled. The

712  analysis was adjusted using the following covariates: age at index date, gender, race/ethnicity,
713  Elixhauser Score AHRQ, population density (quartiles), NDI (quartiles), health care worker
714  status, vaccination status, post-test years in EHR, and severity. Summary statistics can be found
715 inFile S1.
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716
717  Figure 3. PheWAS on symptoms that occurred at least 14 days before the first positive COVID-

718 19 test (Outcome: PASC diagnosis yes/no; predictors: PheCodes). Among PheCodes that

719  reached phenome-wide significance (red dashed line, P <= 0.05/1404 = 3.56e-05), only the

720  strongest association per PheCode category was labeled. The analysis was adjusted using the
721  following covariates: age at index date, gender, race/ethnicity, Elixhauser Score, population

722  density (quartiles), NDI (quartiles), health care worker status, vaccination status, pre-test years in
723  EHR, and severity. Summary statistics can be found in File S1.
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724
725  Figure 4: Acute-COVID-19 PheWAS on symptoms that occurred between -14 and +28 days

726  relative to testing positive for COVID-19 (Outcome: acute-COVID-19 symptoms / PheCodes;
727  predictor: PASC diagnosis yes/no). Among PheCodes that reached phenome-wide significance
728  (red dashed line, P <= 0.05/663 = 7.5e-05), only the strongest association per PheCode category
729  was labeled. The analysis was adjusted using the following covariates: age at index date, gender,
730  race/ethnicity, Elixhauser Score AHRQ, population density (quartiles), NDI (quartiles), health
731  care worker status, vaccination status, post-test years in EHR, and severity. Summary statistics
732 can be found in File S1.
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