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Summary

Background

Long COVID affects a substantial portion of the U.S. population, yet its spatiotemporal distribution
remains poorly characterized. The emergence of the Omicron variant and persistent
sociodemographic disparities may contribute to regional variation in long COVID risk.
Understanding the patterns of long COVID is essential to implementing targeted and equitable
public health interventions.

Methods

This retrospective study utilized data from the National COVID Cohort Collaborative (N3C),
covering 5,652,474 COVID-19 cases and 41,694 long COVID cases across 1,063 U.S. counties
from 2021 to 2024. Temporal patterns of long COVID were analyzed before and after the Omicron
variant’s emergence, and spatial patterns were assessed using Moran’s | and Getis statistics.
Bayesian spatial random effect models were employed to evaluate the associations between long
COVID incidence and sociodemographic factors such as economic vulnerability, healthcare access,
and mobility.

Findings

Quarterly long COVID incidence ranged from 0.015% to 14.29%. Before the emergence of the
Omicron variant, incidence was 204 cases per 10,000 COVID-19 cases, compared with 248 cases
per 10,000 COVID-19 cases after Omicron emergence (p < 0.001). After Omicron’s emergence,
48.8% [328 of 673] of counties showed significant spatial correlation (p < 0.05), up from 43.5%
[293 of 673] prior. High-risk areas became more concentrated in inland regions, while low-risk
areas clustered along the East Coast. Long COVID incidence was significantly associated with
economic vulnerability, limited healthcare access, and mobility constraints, with these
sociodemographic disparities consistently driving its spatial disparities over time.

I nter pretation

These findings underscore the need to address spatial and social inequities in long COVID risk.
Targeted public health interventions, particularly in economically and geographically vulnerable
regions, are essential to ensure equitable access to diagnosis, care, and resource allocation.
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75N93019C00052.
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1. Introduction

Long COVID, or post-acute sequelae of SARS-CoV-2 infection (PASC), has become a major
public health concern due to its long-term impacts™®. In 2022, approximately 6.9% of adults
reported having ever experienced long COVID, and 3.4% were currently experiencing it,
illustrating the substantial prevalence and persistence of this condition®. These long-term
symptoms can involve multiple physiological systems, such as respiratory, neurological,
cardiovascular, and gastrointestinal, leading to fatigue, cognitive impairment, shortness of breath,
and other chronic issues®. Although many epidemiological studies have explored individual-level
risk factors for long COVID-19°°, our understanding of its spatial and temporal incidence
dynamics remains limited.

The distribution of long COVID exhibits complex spatial and temporal disparities. The spread of
acute COVID-19 was highly uneven across regions’, and emerging evidence suggests that long
COVID prevalence also varies geographically®®. According to a June 2022 survey conducted by
the Centers for Disease Control and Prevention (CDC), the prevalence of current long COVID
symptoms among the United States (U.S.) adults varied substantially across states, ranging from
45% in Hawaii to 12.7% in Kentucky'®. Additionally, temporal shifts have also been observed,
particularly before and after the emergence of the Omicron variant''. Beyond these patterns,
socioeconomic and demographic factors can play a crucial role in accounting for long COVID
risk'®*2. Prior studies have shown that prevalence differs across age groups and racial/ethnic
populations™®. However, previous studies have rarely examined the spatiotemporal patterns of long
COVID incidence and how these factors dynamically influence spatial disparities in long COVID

incidence.

In this study, we analyzed county-level long COVID data from the National COVID Cohort

Collaborative (N3C) and sociodemographic data from the Social Vulnerability Index (SVI),
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90 covering 1,063 U.S. counties over the period 2021-2024. Our analysis advances prior work by
91 providing a detailed spatiotemporal assessment and evaluating the influence of community-level
92  social factors on incidence patterns. These findings can help guide targeted public health strategies

93 and inform equitable healthcare resource allocation.

94 2. Methods

95 2.1 Study population and data collection

96  We constructed two datasets from the N3C database (version 185), one for acute COVID-19 and
97  one for long COVID, based on daily EHR data from July 1, 2020 to March 31, 2024 (Figure S1 of
98 the Supplementary Material). The data included individual-level records of confirmed cases, ZIP
99  codes of site locations, and associated demographics, contributed by 62 sites across U.S. counties.
100  Due to the sparse spatial distribution of sites, this study focuses on county-level analysis rather than
101  site-level analysis to improve the robustness of the results. By summary, 1,063 of 3,144 counties
102  with at least one reported long COVID case were included in the incidence analysis. Moreover, to
103  enable valid pre-post comparisons around the Omicron-dominant period, we further restricted the
104  related comparison analysis to 673 counties with available long COVID data both before and after

105  this period.

106 To understand factors potentially influencing long COVID incidence, we incorporated
107  socioeconomic and demographic variables from SVI, developed by the Centers for Disease Control
108  and Prevention and the Agency for Toxic Substances and Disease Registry™*. We used two versions
109  of the SVI data to align with our pre- and post-Omicron analyses: the 2022 SVI, based on the 5-
110  year (2018-2022) American Community Survey (ACS), was used for the post-Omicron period, and
111  the 2020 SVI, based on the 5-year (2016-2020) ACS, was used for the pre-Omicron period. This

112  approach ensures that the socioeconomic context used in each analysis reflects the corresponding
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113  time frame as accurately as possible, which is particularly important given potential shifts in
114  community characteristics over the course of the pandemic. SVI was designed to identify
115 communities that may need support before, during, or after public health emergencies. In this study,
116  nine SVI-related variables, along with nine demographic and geographic factors, were analyzed. In
117  particular, these SVI variables reflected socioeconomic status, household characteristics, racial and

118  ethnic minority status, housing type, and access to transportation™.

119 2.2 Study outcomes

120  The incidence of long COVID was used as the outcome of interest. To assess evolution of long
121  COVID incidences over time, we employed dynamic incidence risk calculation method (Figures
122 S2-S3 of the Supplementary Material). By comparing long COVID EHR cases on specific time
123  periods across various spatial regions with the corresponding at-risk acute COVID-19 populations,
124 we derived two outcomes for the long COVID incidence. One was the incidence before and after
125  the Omicron-dominant period (i.e., January 2022), which was set based on the standard provided
126 by the WHO™. The other outcome was the quarterly incidence computed using three-month
127 intervals based on natural calendar months given emerging evidence on the seasonal variability of

128 COVID-19Y.

129 2.3 Statistical analysis

130  To assess spatial local patterns in long COVID incidence across U.S. counties, we employed both

18,19

131  local Moran’s | and Getis statistics™ " (Figure S4 of the Supplementary Material). Local Moran’s

132 | quantifies the degree of similarity or dissimilarity between a county and its neighbors, with
133  positive values indicating similarity and negative values indicating dissimilarity. In contrast, Getis

134  identifies statistically significant spatial clusters of high (hot spots) or low (cold spots) incidence.
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135 To accurately estimate potential relationships between variables and long COVID incidence,
136  simple stepwise regression methods were used to identify a subset of variables that best explained
137  the variation in long COVID incidence. Given the right-skewed distribution of long COVID
138 incidence, we applied a logarithmic transformation to stabilize variance and improve model
139  performance (Figure S8 of the Supplementary Material). Based on the selected variables, spatial
140  random effects models were then employed to account for spatial heterogeneity. The model can be

141  written as:

Vi = XiB + Wies, + €,
142 where y; is the incidence of the i-th county, X is the covariables selected via stepwise regression
143  models. To avoid confounding introduced by spatially correlated random effects, we modeled the

144  zero-mean Gaussian spatial random effect Wiesg as subregion-level independent errors, with

145  variances ng varying across subregions for g = 1, ---, 5(Figure S5 of the Supplementary Material).

146  The term ¢; represents zero-mean Gaussian errors with the variance of t2. To avoid potential
147  multicollinearity among covariables, under a Bayesian setting, we used a ridge-like prior for the
148  coefficients B to stabilize estimates, specified as zero-mean Gaussian with a small variance of 0.1.

149  All analyses were conducted using R statistical software (version 4.4.0)%.

150 3. Results

151 3.1 Overall description

152 From 2020 to 2024, a total of 5,652,474 COVID-19 cases were recorded in the N3C database,
153  among which 41,694 long COVID cases were identified based on the dynamic incidence risk
154  described in Figure S2, resulting in an overall incidence risk of 0.74% across the study period. The

155  quarterly incidence of long COVID ranged from 0.015% to 14.29%, with 66.0% of counties
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156  recording incidence rates in the interval [0.015%, 1.50%] (Figure 1a). The average incidence
157  across counties peaked in the fourth quarter of 2021 (October-December) at 2.07%, followed by
158 another high in the first quarter of 2022 (January-March) at 1.91%, before declining thereafter
159  (Figure 1b). These two peaks coincided with the period when the Omicron variant rapidly replaced
160  Delta as the dominant strain in the U.S. during 2022 Q1. A Wilcoxon signed-rank test (p < 0.0001)
161 indicated a statistically significant difference in long COVID incidence before and after the
162  Omicron-dominant period, suggesting a shift in the trend associated with the emergence of

163  Omicron.

164  To facilitate geographic comparisons, we adopted a commonly used five-region classification of

165 the U.S.?!(Figure S5). All five U.S. regions exhibited a substantial increase in long COVID

166 incidence following the Omicron surge (Table S1 of the Supplementary Material). Specifically,
167 more than two-thirds of counties in each region experienced an increase with the Northeast
168 showing the highest proportion (75%) and the South showing the lowest (66.67%). Despite
169 regional variation, the overall proportion of counties with increased incidence was moderately high
170 at 68.95%, highlighting the significant epidemiologic shift associated with the emergence of
171  Omicron. In detail, the patterns of increasing or decreasing county-level incidence before and after
172  the Omicron-dominant period exhibited local spatial similarity (Figure S6 of the Supplementary
173  Material). Moreover, the incidence varied notably across regions (Table S2 of the Supplementary
174  Material). The West consistently exhibited the highest average incidence, increasing from 2.42%
175 before Omicron to 2.86% after its emergence. The Midwest and Northeast also experienced
176  considerable increases, with post-Omicron incidences reaching 2.79% and 2.45%, respectively.

177  Interestingly, while the South maintained a moderate level of incidence, increasing from 2.21% to
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178  2.53%, the Southwest was the only region where the average incidence slightly declined after the

179  Omicron surge, from 1.85% to 1.78%.

180 3.2 Spatial correlation analysis

181  Local Moran’s | analysis revealed that the total proportion of counties with significant correlations
182 increased from 43.5% before the emergence of Omicron to 48.8% afterward (Table S3 of the
183  Supplementary Material). Positive spatial autocorrelation was more prevalent than negative in both
184  periods. Specifically, the proportion of counties showing positive correlations rose from 32.7% to
185  35.4%, while the proportion with negative correlations increased from 10.8% to 13.4%. Regionally,
186  the proportion of counties with positive correlations decreased in the Northeast (from 43.3% to
187  21.7%) and South (from 51.6% to 50.8%), remained relatively stable in the Midwest (from 22.8%
188  to0 23.2%), and increased notably in the West (from 11.1% to 32.2%) and Southwest (from 0.0% to
189  38.2%). For negative correlations, the proportion declined slightly in the South (from 14.7% to
190  14.3%), Northeast (from 8.3% to 5.0%), and Southwest (from 11.8% to 8.8%), but increased in the
191 Midwest (from 7.2% to 12.7%) and West (from 11.1% to 20.0%). Overall, counties with
192  significant spatial correlations were primarily located in the Middle and eastern regions (Figure S7

193  of the Supplementary Material).

194 3.3 High- and low-risk areas

195  Getis statistics identified notable shifts in the spatial distribution of both high-risk and low-risk
196  areas for long COVID incidence before and after the dominance of the Omicron variant (Table 1).
197  The total proportion of counties classified as high-risk increased markedly from 14.9% to 27.2%.
198  Regionally, the Midwest experienced the largest increase in high-risk counties, rising from 16.9%

199  to 35.9%, followed by the West (22.2% to 40.0%) and the South (14.7% to 23.8%). In contrast, the
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200  Northeast had no high-risk counties identified in either period, and the Southwest showed a slight
201  decrease from 8.8% to 5.9%. Conversely, the total proportion of counties identified as low-risk
202  declined from 28.7% to 21.5%. The South and Northeast showed decreases in low-risk counties —
203  from 51.6% to 41.3% and 51.7% to 26.7%, respectively. The Midwest saw a complete drop from
204  13.1% to 0.0%, while the West increased slightly from 0.0% to 12.2%. Notably, the Southwest
205  showed a substantial rise in low-risk counties, from 2.9% to 41.2%. Overall, the results indicate an
206  expansion of high-risk clusters — especially across the Midwest and West — after the emergence of
207  the Omicron variant, whereas low-risk areas became more concentrated in the Southwest, as

208  visualized in Figure 2.

209 3.4 Associations between social vulnerability factorsand long COVID incidence

210  Stepwise regression identified different sets of variables for the periods before and after Omicron
211 dominance (Table S4 and S5 of the Supplementary Material). The spatial random effect models
212 were then developed using the selected variables. Figure 3 presents the results for variables that
213  were selected in both periods, while variables that differed between the two periods are shown in
214  Figure S10 of the Supplementary Material. Urban counties consistently exhibited lower long
215  COVID incidence than rural counties in both the pre- and post-Omicron periods (-0.181, 95% CI:
216  -0.292 to -0.070 before; —0.123, —0.230 to —0.016 after). Counties with a higher proportion of
217  adults without a high school diploma also showed significant negative associations across both
218  periods (-0.018, —0.033 to —0.003 before; —0.038, —0.055 to —-0.021 after), as did those with a
219  higher proportion of racial and ethnic minority populations (-0.005, —0.009 to —-0.001 before; —
220 0.010, —-0.014 to -0.007 after). In contrast, a higher proportion of disabled residents was
221  significantly positively associated with long COVID incidence only before Omicron (0.047, 0.030

222 10 0.063), with a weaker but still significant association observed afterward (0.027, 0.007 to 0.046).
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223  Similarly, counties with more residents living in group quarters showed a significant positive
224 association in both periods (0.016, 0.002 to 0.030 before; 0.015, 0.002 to 0.029 after). Additional
225  variables that were significantly associated with long COVID incidence but only in one period are

226  shown in Figure S10. For example, the proportion of the population aged over 65 (-0.021, —-0.034

227  to —0.008), multi-unit housing (-0.013, —0.022 to —0.005), limited English proficiency (0.040,

228 0.009 to 0.072), and the proportion below 150% of the federal poverty level (0.017, 0.006 to 0.027)
229  were significant only after Omicron, whereas first vaccination rate (-0.006, —0.009 to —0.002) and

230  housing cost burden (0.015, 0.003 to 0.028) were significant only before Omicron.

231  In particular, the spatial random effect methods improved model fit and strengthened the
232 robustness of statistical inference based on histograms of residuals, along with the results of

233  Anderson—Darling test (Figure S9 of the Supplementary Material).

234 3.5 Impacts of sociodemographic disparitieson thelong COVID incidence

235  Figure 4 (a-f) presents the temporal trends in long COVID incidence stratified by selected SVI-
236  related factors, with patterns broadly consistent with the findings of spatial random effect models.
237  Counties with a higher proportion of residents living below 150% of the poverty level (>12%)
238  consistently exhibited higher long COVID incidence than those with lower poverty levels (<12%)
239  (Figure4a). Similarly, counties with a greater proportion of disabled residents (>10%) experienced
240  higher incidence compared to those with lower disability prevalence (<10%) across most quarters
241  (Figure 4b). In Figure 4c, counties with more residents living in group quarters (>3%) also
242  showed elevated incidence relative to those with <3%. Interestingly, Figure 4d indicates that
243  counties with higher minority population proportions (>20%) tended to have lower long COVID

244 incidence than those with lower proportions (<20%), particularly after 2022. Counties with higher
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245  vaccination rates (>60%) consistently reported lower incidence than those with lower rates (<60%)
246  (Figure 4e). Finally, rural counties exhibited higher long COVID incidence than urban counties
247  throughout the study period, with a marked divergence following the emergence of Omicron
248  (Figure 4f). In particular, the threshold for each variable was selected based on comparison
249  analysis to ensure that, under the given threshold, the difference in long COVID incidence related
250 to the variable was statistically significant in most of the six subregions (Table S6 of the

251  Supplementary Material). This approach ensured the robustness of the results above.

252 4. Discussion

253  This study offers a comprehensive view of long COVID incidence by analyzing its spatiotemporal
254  patterns and associations with area-level socioeconomic and demographic factors, extending
255  beyond traditional individual-level analyses. Using a large U.S. dataset of 5,652,474 COVID-19
256 and 41,694 long COVID cases from 2021 to 2024, we identified significant spatiotemporal

257  differences in its epidemiology. Spatial clustering of incidence was observed across many counties

258 (p < 0.05). Notably, low-incidence areas were more concentrated on the U.S. East Coast, while

259  high-incidence areas distributed inland regions, likely reflecting pre-existing disparities in health
260  (healthcare and public health) services coverage and available social infrastructure. This
261  epidemiological pattern may in part be explained by evidence of socioeconomic and demographic
262  clustering in these regions, where Americans of higher socioeconomic status have been reported to
263  be migrating to the coastal regions while those with lower socioeconomic status are moving to the
264 inland regions®. These findings further suggest that low-income and underserved populations in
265 inland regions may face a disproportionately higher risk of developing long COVID. This elevated
266  vulnerability is likely driven by the higher prevalence of contributing factors in these communities,

267  such as comorbidities and smoking®?*,
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268

269  This study identifies SVI factors associated with long COVID and clarifies their role in
270  spatiotemporal disparities. Our analysis identified rurality, poverty levels, disability prevalence,
271 institutional living environments, minority composition, vaccination coverage, and residential
272  crowding as key factors influencing long COVID incidence, with varying effects across time
273  periods. Specifically, we consistently observed higher long COVID incidence between 2021 and
274 2024 in counties characterized by rural status, higher disability prevalence, and a larger share of
275  residents in institutional living environments. Counties with higher poverty levels and greater
276  residential crowding became more strongly associated with higher long COVID incidence after the
277  emergence of the Omicron variant. This finding highlights the disproportionate burden of long
278  COVID among economically vulnerable communities. Existing healthcare and social determinants
279  of health inequities likely played a critical role in shaping these patterns, as lower healthcare access
280 and higher economic vulnerability contribute to prolonged post-acute symptoms and delayed
281  medical diagnosis and treatment®. In contrast, higher COVID-19 vaccination coverage was
282  associated with lower long COVID incidence primarily in the pre-Omicron period, suggesting a
283  potential early protective effect against long-term complications. Interestingly, counties with higher
284  minority populations and lower educational attainment showed lower reported incidence. This may
285  reflect underdiagnosis and ecological bias, as county-level metrics may not reflect the
286  characteristics of individuals in the N3C dataset. Moreover, individuals from minority backgrounds
287  or with lower education levels may be less likely to seek care for persistent post-COVID symptoms
288  due to health literacy challenges, language barriers, limited healthcare access, or financial and
289  structural obstacles. As a result, these populations are more likely to be underrepresented in EHR-
290 based long COVID case definitions. As such, future studies leveraging N3C data should interpret

291 these associations with caution and consider the potential impact of ecological bias and data
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292  representativeness when evaluating racial and ethnic disparities or levels of educational attainment
293 inlong COVID burden.

294  Given the significant spatiotemporal disparities in long COVID incidence, policy responses should
295 promote equitable diagnosis and care. Targeted healthcare resource allocation with risk
296 stratification is essential, with high-incidence areas requiring specialized long COVID clinics,
297  rehabilitation centers, and increased funding for chronic disease prevention and control, while low-
298 incidence areas should be assessed for under-reporting, under-diagnosis, clinician competency, and
299  population awareness gaps®. Given that many high-risk regions are in underserved Midwestern
300 areas, expanding telemedicine services and deploying mobile health units can improve accessibility
301 to specialized care for acute COVID-19, long COVID, and existing comorbidities®’. Additionally,
302 in areas with limited healthcare facilities and low population engagement with the healthcare
303  system for long COVID diagnosis and care, outreach programs and social support initiatives should
304  Dbe implemented to improve early detection and intervention and reduce the entrenched individual-
305 level and social determinants of health inequities. Related policies, such as the disability measure?,
306 can also be adjusted to reflect geographic and demographic disparities, ensuring adequate support
307  for long COVID patients facing economic and healthcare barriers?®. Addressing these disparities
308  through policy-driven health interventions, including healthcare accessibility improvements and
309 targeted public health interventions implementation will help mitigate the short-term and long-term
310 impact of long COVID, ultimately leading to better health outcomes for vulnerable populations,
311  reduced associated health costs for the governments, and improved health equity.

312 This study has several limitations. First, due to constraints in the N3C EHR database,
313  approximately 35% of long COVID records lacked corresponding COVID-19 EHR records, likely
314  because many patients experienced mild symptoms and did not seek healthcare, leading to a dataset

315 biased toward individuals with more severe acute infections?®. Second, consistent with data from
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316  most surveillance systems, the long COVID incidence estimated from N3C sentinel surveillance
317  system might not represent the true burden of the disease due to under-ascertainment bias from
318 symptomatic cases who do not seek health care due to healthcare access (physical and/or economic)
319  constraints and poor awareness of long COVID symptoms. Third, sampling bias may have been
320 introduced due to the limited number of sentinel sites included in the database, and another
321  important limitation is the uneven distribution of these sites across U.S. regions, which may have
322  led to some areas being oversampled while others were under-sampled. This imbalance could
323 introduce regional biases in the data, potentially affecting observed incidence rates and risk factor
324 associations, thereby reducing the generalizability of the findings to the broader U.S. population,
325  particularly in regions with fewer or no sentinel sites where healthcare access and demographic
326  characteristics may differ significantly. Fourth, our method for estimating incidence risks involved
327  excluding patients who had not received a long COVID diagnosis within 180 days after their
328 COVID-19 infection, which may have led to measurement bias resulting from an underestimation
329  of the actual disease burden. Moreover, it is also possible that the differences in the data collection
330 time period for the N3C EHR and SVI databases have contributed to measurement bias. Fifth, due
331  to uneven data collection in the N3C EHR system, regions with well-resourced healthcare facilities
332 may report higher long COVID diagnoses due to improved detection from robust screening and
333  diagnostic practices, while under-resourced areas may underreport cases, potentially distorting
334  geographic patterns. Sixth, to maintain data stability, we excluded counties with fewer than 20
335 COVID-19 records, which may have further affected spatial representation. Finally, since long
336 COVID is an extremely heterogeneous condition encompassing a wide range of symptoms®, our
337 study did not differentiate cases by specific symptom profiles, which may obscure important
338  subgroup trends. Future research should explore symptom-specific patterns and pre-existing

339  medical conditions to enhance the understanding of long COVID incidence and its spatiotemporal
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patterns and wider social determinants of health for improved design and delivery of tailored and

targeted health and social interventions at both the population and healthcare system levels.

Supplementary Material
Supplementary Material provided more details, including descriptions of the datasets, data

processing, and additional results.
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Data availability

All data used in this study is available through the N3C Enclave to approved users. See

https://covid.cd2h.org/for-researchers for instructions on how to access the data. We used N3C data

from version 185.
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620
621 Table 1. Changes in the number and proportion of counties with high and low long COVID

622 incidence risk before and after Omicron dominance across different subregions of the United States

623 (673 counties).

624
625 Figure 1. Long COVID incidences. (a) Its distribution in each interval; and (b) Time-trend of
626  average incidence across counties from January 2021 to March 2024.

627

628  Figure 2. Spatial clustering of long COVID incidence across U.S. counties based on Getis statistic

629  before (a) and after (b) Omicron dominance.

630

631  Figure 3. Posterior estimates (95% credible intervals (CIs)) of regression coefficients that measure
632 the relationships between social vulnerability factors and long COVID incidence based on
633  Bayesian spatial random effect models.

634

635 Figure 4. Temporal trends in long COVID incidence across different levels of six social
636  wvulnerability factors: (a) poverty status (population below 150% of the federal poverty level), (b)
637 disability prevalence, (c) residence in group quarters, (d) racial and ethnic minority composition, (e)
638 COVID-19 vaccination coverage, and (f) rural — urban classification.
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640 Table 1. Changes in the number and proportion of counties with high and low long COVID

641 incidence risk before and after Omicron dominance across different subregions of the United States

642 (673 counties).

The number (proportion®) of The number (proportion) of
Region counties in high risk counties in low risk
Before After Before After
South 37 (14.7%) 60 (23.8%) 130 (51.6%) 104 (41.3%)
Northeast 0 (0.0%) 0 (0.0%) 31 (51.7%) 16 (26.7%)
Midwest 40 (16.9%) 85 (35.9%) 31 (13.1%) 0 (0.0%)
West 20 (22.2%) 36 (40.0%) 0 (0.0%) 11 (12.2%)
Southwest 3 (8.8%) 2 (5.9%) 1 (2.9%) 14 (41.2%)
Total 100 (14.9%) 183 (27.2%) 193 (28.7%) 145 (21.5%)
643 #Proportion = (Number of high- or low-risk counties) / (Total number of counties in the region)

644
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646  Figure 1: Long COVID incidences. (a) Its distribution in each interval; and (b) Time-trend of
647  average incidence across counties from January 2021 to March 2024.
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Figure 2: Spatial clustering of long COVID incidence across U.S. counties based on Getis statistic

before (a) and after (b) Omicron dominance.
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Figure 3: Posterior estimates (95% credible intervals (Cls)) of regression coefficients that measure
the relationships between social vulnerability factors and long COVID incidence based on

Bayesian spatial random effect models.
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659 Figure 4: Temporal trends in long COVID incidence across different levels of six social
660 wvulnerability factors: (a) poverty status (population below 150% of the federal poverty level), (b)
661  disability prevalence, (c) residence in group quarters, (d) racial and ethnic minority composition, (e)

662 COVID-19 vaccination coverage, and (f) rural — urban classification.
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S1 EHR of long COVID and data processing

Given the inherent characteristics of eectronic health record (EHR) data, which primarily capture
individuals with more severe symptoms who seek in-person medical care, our long COVID cohort
is likely biased toward patients experiencing more severe or persistent symptoms. Notably,
approximately 40% of identified long COVID cases lack corresponding acute COVID-19 records
in the EHR, likely due to patients experiencing mild or asymptomatic acute infections and
recovering at home without medical intervention, resulting in an absence of documented acute
disease. As our objective is to estimate and compare the incidence risk of long COVID across
regions, we define the at-risk population as individuals with a confirmed acute COVID-19
diagnosis, allowing for standardized denominator calculations. long COVID cases without a
documented acute infection are therefore excluded to ensure the validity of risk estimation. This
exclusion is essential for minimizing misclassification bias, as the absence of an acute COVID-19
record precludes accurate determination of symptom onset relative to infection, leading to potential
inflation or deflation of risk estimates. Additionally, these cases may represent individuals who
sought care only for persistent symptoms rather than those with a well-defined transition from
acute infection to long COVID, introducing heterogeneity that could bias comparisons across
regions. Furthermore, the completeness of acute COVID-19 documentation varies across
healthcare systems, with differences in testing accessibility and healthcare-seeking behaviors
influencing EHR records. By restricting the cohort to individuals with documented acute
infections, we enhance the comparability of risk estimates across populations and mitigate potential
confounding arising from regional variations in EHR capture. This approach ensures a robust and
interpretable assessment of long COVID incidence following acute infection.

For identifying long COVID cases, we utilized ICD-10 codes B94.8 and U09.9 as diagnostic
indicators. Since U09.9 was officially introduced as the long COVID diagnosis code on October 1,
2021, diagnoses related to long COVID prior to this date predominantly used the B94.8 code.
Therefore, we applied a temporal cutoff on October 1, 2021, selecting EHR records with B94.8
diagnoses before this date and U09.9 diagnoses thereafter. This approach ensures comprehensive
coverage of long COVID cases across different time periods, accounting for the evolution of
diagnostic practices.

We initiated data cleaning using the original N3C dataset. Overall cleaning process was
summarized in Figure S1. On one hand, COVID-19 patient records were cleaned, and on the other,
long COVID patient records were similarly processed. Only records corresponding to a patient’s
first COVID-19 infection or first long COVID infection were retained. In the process of filtering
N3C EHR data, we also applied site-level selection criteria During data cleaning, we observed that
certain sites had ceased their collaboration with N3C by the time long COVID cases began to
emerge. Including EHR data from these sites could potentially bias our analysis by underestimating
the incidence of long COVID, thereby affecting subsequent data interpretation. To ensure data
quality and consistency, we excluded sites with a long COVID incidence rate below 0.1%, as we
deemed these sites invalid for analysis due to insufficient case reporting or incomplete data
coverage. This site-level filtering helps improve the robustness of our incidence estimates and
ensures more reliable regional comparisons.
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N3C original datasets
v185 (2024-10-10)

Records contains Records contains
acute COVID-19 Long COVID

(U07.1) (B94.8 or U09.9)
13,646,472 648,639
Clean acute COVID- Clean Long COVID
19 records with valid records with valid zip
Zip code code
11,467,914 571,145

I

28-day reinfection
window to clean valid Remove duplicates
COVID-19 reinfection 346,686 (dataset B)

4,831,649 (dataset A
“Dataset Amatched
with dataset B

to have Long COVID

info

Using the latitude and longitude to match the center of the zip J

A

code,
then match it with counties

Y

Remove the records
with death records

4,070,879

Use the 6-month moving window to extract population at risk,
calculate the incidence risks for counties;

Figure S1: Diagram of data filtering and cleaning.

S2 Dynamic incidencerisk and definition of long COVID incidence

It is important to emphasize that all long COVID incidence calculations in this study are based
exclusively on individuals who were previously diagnosed with acute COVID-19. That is, the at-
risk population for all incidence metrics consistently includes only those with documented acute
CQOVID-19. For the dynamic incidence risk algorithm shown in Figure S1, the criteria for defining
the dynamic population at risk are as follows:

(a) Earliest incluson date for the population at risk: We determined the start of the
population at risk as 180 days prior to the earliest date of the target period. For example, for
long COVID cases identified between January 1, 2021, and March 31, 2021, the
corresponding population at risk consists of COVID-19 patients recorded in the EHR starting
from July 1, 2020.

(b) Latest inclusion date for the population at risk: Following CDC guidelines, we adopted a
one-month timeframe as the allowable window between the COVID-19 diagnosis and the
long COVID diagnosis. The study [Crowd-sourced machine learning prediction of long
COVID using data from the National COVID Cohort Collaborative] suggests that even when
using B94.8 and U09.9 codes, a more conservative approach can be applied by using a 28-
day threshold as afilter to refine long COVID data
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93 Figure S2: Dynamic incidence risk calculation. (a) The incidence of long COVID before and after

94  the emergence of the Omicron variant in January 2022; and (b) The quarterly incidence of long

95 COVID between 2021 and 2024.

96

97

98 In calculating these outcomes, we set a threshold of 180 days as a risk window to calculate

99 dynamic incidence risk. This choice was made based on our observations from the N3C long
100 COVID EHR and previous findings', where most long COVID cases (over 77%) following an
101  acute COVID-19 infection were diagnosed within 180 days of post-infection (Figure S3 of the
102  Supplementary Material). If a patient was not diagnosed with long COVID within this threshold,
103  we considered them no longer at risk of developing long COVID. Based on the guidance on the
104 International Classification of Diseases-10th Revison-Clinical Modification (ICD-10-CM), we
105 identified acute COVID-19 using the U07.1 code to match our long-COVID definition, which
106  relies on the B94.8 or U09.9 codes because long COVID has no corresponding biomarker tests”. To
107  ensure arobust estimation of long COVID incidence during the dynamic incidence risk calculation, each
108 timeinterval of interest was required to include at least 20 COVID-19 cases’.
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110 Figure S3: Summary histogram of gap days between acute COVID-19 diagnosis and long COVID
111  diagnosis

112

113  S3 Dataexploration analysis

114

115 For each county , thelocal Moran's | was computed as:

116

117 —_— )

118
119 where is the total number of U.S. counties, is the incidence in county , ~ is the
120 average incidence across counties, is the variance of incidences, and is the spatial weight

4
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between counties and . The weights were defined based on semivariogram analysis results using
an exponential function (Figure $4). Statistical significance for both methods was assessed using a
Monte Carlo ssimulation by generating a pseudo-random distribution to determine whether the

observed Moran’s | and Getis s significantly different from randomness’.
Before Omicron After Omicron
5e-04 o l l : or I I I o]
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Figure $4: Semi-variogram analysis of county mean incidence before and after Omicron

Reglon B Midwesl B Norll-ewast B Soulh Bl Soultweesl B Wes,

Figure S5: Five-subregion division of the United States

4 Long COVID incidence patter nsincidence before and after Omicron dominance across
different subregions of the United States

Table S1. Changes in the number of counties with long COVID incidence before and after
Omicron dominance across different subregions of the United States (n = 673 counties).
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The number of counties

Region
Decreased Increased No Change Increased Rate® (%)

Northeast 15 45 0 75.00

West 27 63 0 70.00

Midwest 72 165 0 69.62

Southwest 11 23 0 67.65

South 83 168 1 66.67

Total 208 464 1 68.95

139 ®Increased Rate = Increased 100/ (Increased + Decreased + No Change).

140
141 Table S2: Average of long COVID incidence before and after Omicron across different subregions
142  of the United States.

143
144 Region __Pverage incidence across counties
145 eg Before (%) After (%)
146 Northeast 1.66 2.45
ﬂ; West 2.42 2.86
149 Midwest 2.23 2.79
150 Southwest 1.85 1.78
151 South 2.21 2.53
152
153
154
N
0\
| |
i ol
y o= =, LE
’ L3
LER l |‘.
nrkinnce Mfference )

155

156 Figure S6: The map for the difference in average incidences between before and after the
157  dominance of Omicron (i.e., January 2022).

158

159
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160

161

162

163

164

165

166

167 Table S3. Regional comparison of significant local Moran’s | before and after Omicron (n = 673
168  counties).

169
The number (rate’) of counties with The number (rate) of counties with
Region positive correlation negative correlation
Before After Before After

South 130 (51.6%) 128 (50.8%) 37 (14.7%) 36 (14.3%)
Northeast 26 (43.3%) 13 (21.7%) 5 (8.3%) 3 (5.0%)
Midwest 54 (22.8%) 55 (23.2%) 17 (7.2%) 30 (12.7%)
West 10 (11.1%) 29 (32.2%) 10 (11.1%) 18 (20.0%)
Southwest 0 (0.0%) 13 (38.2%) 4 (11.8%) 3 (8.8%)
Total 220 (32.7%) 238 (35.4%) 73 (10.8%) 90 (13.4%)

170  ?Rate = (Number of significant counties) 100/ (Total number of counties in the region).

(@ (b)

. Significant Positive . Significant Negative |:| Not Significant

171

172 Figure S7: Spatia correlation of long COVID incidence across U.S. counties assessed using local Moran's
173 | (&) before and (b) after Omicron dominance.

174 S5 Stepwise Regression

175  We first adopt stepwise regression model to identify a subset of variables that best explain the
176  variation in our study outcome, i.e., incidence of long COVID. To stable variance of incidence, we
177  employed a logarithmic transformation for incidence (Figure S8). The results from stepwise
178  regression were present to the following Tables $S4-S5.


https://doi.org/10.1101/2025.08.21.25334183
http://creativecommons.org/licenses/by/4.0/

medRXxiv preprint doi: https://doi.org/10.1101/2025.08.21.25334183; this version posted August 26, 2025. 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 4.0 International license .

—_
)

~
]

(b) M

a
2}
>
=

Frequency
2
Frequency

8
—
]
@
g
)
I

0.00 0.05 0.10 0.15 0.20 0.00 0.05 0.10 0.15 0.20
Incidence Incidence

(c) i (d) —

Frequency
Frequency

-3 -2 -6 -3 -2

5 4 -4
log(Incidence) log(Incidence)

179
180 Figure S8: Distribution of county-level long COVID incidence before (a) and after (b) Omicron
181  dominance, and the corresponding log-transformed counterparts, (c) and (d).
182 Table $4. Stepwise regression results for long COVID incidence before Omicron dominance.
183
Estimate
(95% CI) Model 1 Model 2 Model 3 Model 4 Model 5
p-value
Dissbled 0.046 0.037 0.036 0.047 0.045
PopLlation® (0.035, 0.058) (0.024,0.049)  (0.023,0.049)  (0.031,0.062)  (0.026, 0.064)
P <.001* <.001* <.001* <.001* <.001*
Minorit -0.006 -0.008 -0.007 -0.004 -0.005
ool atignb (-0.009, -0.004)  (-0.011,-0.005)  (-0.010,-0.004) (-0.008,-0.001)  (-0.009, -0.001)
b <.001* <.001* <.001* 0.024* 0.008*
Urban-Rural -0.222 -0.201 -0.203 -0.193
Status (Urban) — (-0.331,-0.114)  (-0.311,-0.091) (-0.315,-0.091)  (-0.305, -0.080)
<.001* <.001* <.001* <.001*
Housing Cost 0.017 0.024 0.020 0.020
Burgen — (0.005,0.028)  (0.012,0.036)  (0.008,0.032)  (0.008, 0.033)
0.004* <.001* 0.001* 0.002*
. -0.017 -0.015 -0.013
’\/'fv\;if:gf'ee _ _ (-0.028,-0.005)  (-0.027,-0.003)  (-0.025,-0.001)
0.005* 0.013* 0.029*
. o -0.004 -0.005 -0.006
First ngfe'”a“o” _ _ (-0.008, -0.001)  (-0.009,-0.001) (-0.009, -0.002)
0.016* 0.007* 0.004*
. -0.018 -0.029
No 'S:glhoic:oo' — — — (-0.032,-0.003)  (-0.046, -0.011)
P 0.015* 0.001*
0.015 0.015
Group Quarters S — — (0.001,0.030)  (0.000, 0.030)
0.036* 0.044*
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0.033
(-0.008, 0.075)
0.117

0.006
(-0.002, 0.014)
0.122

184  ?Disability refers to the proportion of the civilian noninstitutionalized population with any disability; ° The
185  minority status refers to the percentage of the population that is not non-Hispanic White.

186
187 Table S5. Stepwise regression results for long COVID incidence after Omicron dominance.
188
OR
(95%Cl) Model 1 Model 2 Model 3 Model 4 Model 5
p-value
Minorit -0.012 -0.010 -0.009 -0.009 -0.010
Bonu atig’n (-0.015,-0.010)  (-0.012,-0.007)  (-0.012,-0.006)  (-0.013,-0.006)  (-0.013, -0.006)
P <.001* <.001* <.001* <.001* <.001*
Below 150% 0.015 0.018 0.012 0.013 0.014
Poverty (0.009,0.021)  (0.010, 0.027) (0.002, 0.023) (0.002,0.023)  (0.003, 0.025)
Level <.001* <.001* 0.020* 0.019* 0.011*
Urban-Rural -0.160 -0.187 -0.173 -0.141
Status — (-0.264,-0.056)  (-0.293,-0.080)  (-0.280,-0.067)  (-0.249, -0.033)
(Urban) 0.003* <.001* 0.001* 0.010*
No High -0.019 -0.023 -0.039 -0.047
School — (-0.032,-0.006)  (-0.036,-0.010)  (-0.055,-0.023)  (-0.064, -0.030)
Diploma 0.003* <.001* <.001* <.001*
Population -0.017 -0.017 -0.019
gy — — (-0.030,-0.005)  (-0.029,-0.004)  (-0.032, -0.006)
9 0.008* 0.011* 0.005*
. 0.021 0.031 0.031
Pg'i?;'ﬁ)dnb — — (0.003, 0.040) (0.012,0051)  (0.011, 0.050)
P 0.023* 0.002* 0.002*
- 0.039 0.056
'I‘E'r:“:it;d — — — (0.011,0.068)  (0.026,0.087)
9 0.007* <.001*
First -0.005 -0.004
Vaccination — — — (-0.009, -0.001)  (-0.008, 0.000)
Rate 0.010* 0.052
Grou 0.016
Quarte'?s — — — — (0.002, 0.030)
0.025*
o -0.012
MHUAEQ%nIt — — — — (-0.021, -0.003)
9 0.009*
189
190
191
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192  S6 Spatial random effect models

193
(a) Anderson-Darling p = 5.5e-02 (b) Anderson-Darling p = 1.2e-01
Mean = 7.32e-17 | Mean = 4.62e-06
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(C) Anderson-Darling p = 1.5e-05 (d) Anderson-Darling p = 2.3e-05
Mean = 2.22e-17 Mean = 2.88e-06
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194 Residuals (No Spatial Effect - After Omicron) Residuals (Spatial Effect - After Omicron)

195 Figure S9: Comparison of residual distributions before and after incorporating spatial random
196 effects in models fitted before and after Omicron dominance: (a) No spatial effect — before
197  Omicron; (b) Spatial effect — before Omicron; (c) No spatial effect — after Omicron; (d) Spatial
198  effect — after Omicron.
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(a)
-0.011
No Vehicle Available { | |
-0.024 0.001
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First Vaccination Rate;
-0.009 -0.002
0.015
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0.003 0.028
-0.02 -0.01 ~ 0.00 ! 0.01 0.02 0.03
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Figure S10: Spatia random effect models yielded posterior estimates (95% credible intervals
(Cl9)) of variables uniquely selected before (@) and after (b) Omicron dominance.

Table S6. Regional differencesin long COVID incidence by social vulnerability factors thresholds

Average incidence across counties (%)

Variale Region Level <Threshold Level >Threshold Difference pvaue
Midwest 0.87 162 0.75 <0.0001

o Northeast 0.75 145 0.7 <0.0001
D"ﬁﬂr'gjgflﬁ%"”p South 0.61 1.46 0.85 <0.0001
Southwest 1.33 113 02 00687

West 1.32 1.99 067 0.0007

Midwest 1.85 1.27 058 <0.0001

. _ Northeast 138 1.33 005 00254
F('tﬁ;hafjﬁ;:”g(i%e South 1.75 1.2 055 <0.0001
Southwest 1.26 0.99 027 00994

West 2.99 158 141 <0.0001
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Midwest 1.48 1.71 0.23 0.0166
Group Quarters Popul ation Northeast 1.27 141 0.14 0.0299
(threshold: 3%) South 1.34 1.58 0.24 <0.0001
Southwest 111 1.25 0.14 0.1059
West 1.89 1.82 -0.07 0.9177
Midwest 161 1.37 -0.24  0.0006
Minority Population Northeast 16 0.91 -0.69 <0.0001
(threshold: 20%6) South 1.64 121 -0.43 <0.0001
Southwest 1.28 1.13 -0.15 0.1022
West 2.22 1.59 -0.63 <0.0001
Midwest 0.98 161 0.63 <0.0001
Population Below 150% Northeast 0.89 143 0.54 0.0003
Poverty South 0.7 1.46 0.76 <0.0001
(threshold: 12%) Southwest 1.69 1.13 -056  0.0219
West 1.59 19 0.31 0.1979
Midwest 1.47 1.73 0.26 <0.0001
Rural-Urb Northeast 1.2 1.68 0.48 <0.0001
urdl-Urban Category o, 117 1.98 081 <0.0001
(Urban: Rural)
Southwest 1.03 1.65 0.62 <0.0001
West 1.6 2.76 1.16 <0.0001
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