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Abstract

Objective. Long COVID often goes uncoded (U09.9). We estimated coding by group and built

an exportable model predicting later documentation from early electronic health record (EHR)

data.

Materials and Methods. In the All of Us Research Program, we followed 23,790 adults with

COVID-19 for 455 days and compared coded shares with Household Pulse Survey prevalence.

Among 23,300 adults uncoded at day 90, models predicted a first U09.9 code in days 91 to 455

(260 coded), evaluated by cross-validation and at held-out sites (EHR source groups). These

included naive Bayes and linear discriminant models fit from released summary counts, and we

implemented the naive Bayes model as a SMART on FHIR application.

Results. About 1 in 9 adults who ever had Long COVID carried the code, fewer among women

than men (coding ratio 0.79, 95% sensitivity interval 0.65–0.95). At day 90, an elastic net pre-

dicted a subsequent code with AUROC 0.68 (0.64–0.71). At pooled held-out sites, AUROCs

across models were 0.62–0.67. Adjusted for utilization, high scores predicted new Long COVID–

associated symptom codes (rate ratios 1.7–2.1) no more than fractures and lacerations (1.9–2.0).

On a validation split, the best summary-count model, a shrunken linear discriminant, matched

the participant-level elastic net (AUROC 0.68 for both), although the elastic net had higher

AUPRC. At held-out sites, a separately fitted 41-feature summary-count naive Bayes model

reached AUROC 0.66 (0.58–0.72), against 0.62 for the elastic net (difference 0.04, 95% CI −0.03

to 0.11).

Discussion. Survey comparison quantifies undercoding in populations. Individual disease prob-

abilities need further assumptions and validation.
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Conclusion. Under stated assumptions, Long COVID is substantially and unevenly under-

coded. Early EHR data modestly predict its documentation, and models fit from released

summary counts, which can leave a data enclave, discriminate about as well as participant-level

models.

Keywords: Long COVID; positive-unlabeled learning; electronic health records; underdiagnosis;

clinical decision support

1 Background and Significance

Long COVID is defined clinically by symptoms that persist or emerge after SARS-CoV-2 infection.

In the electronic health record (EHR), clinicians can record it with the ICD-10-CM code U09.9,

introduced on October 1, 2021, but the presence of the code is not a clinical reference standard.

Clinicians use the code far less often than the condition occurs. Its sensitivity was 0.15 against the

highly symptomatic RECOVER research-index phenotype [1] and 10.5% to 14.9% against chart

review in two health systems [2]. Its use also differs by clinician, site, sex, race, and insurance [3–8].

Case finding, registries, and trial screening that rely on the code therefore miss patients whose Long

COVID is not coded.

Machine-learning models for Long COVID have mostly used the code itself or a clinic visit as

the outcome [9–12]. In the All of Us Research Program, a supervised model reached an area under

the receiver operating characteristic curve (AUROC) of 0.736 [13], and the National COVID Cohort

Collaborative (N3C) model reached 0.72 when run without retraining [14]. Such models describe

who gets diagnosed. Because they treat every uncoded patient as a negative example, they learn

the coding habits of a health system.

Positive-unlabeled (PU) learning treats coded records as labeled positives and all other records

as unlabeled, and reading those labels as confirmed disease requires an additional assumption

[15, 16]. The EHR alone cannot identify its central quantity, the probability that a true case is

labeled [17]. Federal surveys, however, measure Long COVID prevalence directly, by demographic

group [18]. In this paper, we compare the two sources to estimate this coding fraction, under

assumptions about population comparability and label validity that we state and vary. A second

obstacle is practical. Research enclaves such as All of Us do not allow models trained on participant-
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level rows to leave the enclave, so a model must be rebuilt from summary statistics that meet

dissemination rules before clinicians can use it [19]. Methods exist for fitting models from shared

summaries or across sites without pooling rows [20–24], but few reach a deployed EHR application,

and a gap between published and running models persists even then [25]. We therefore also fit a

model from released summary counts and implement it in an EHR application.

2 Objective

In this paper, we have three aims. First, we estimate the fraction of Long COVID that receives

a diagnosis code, by sex, age, and race and ethnicity, from federal survey prevalence. Second,

we build and validate models that predict a subsequent code at fixed times after infection, and

we check whether their scores track Long COVID–associated documentation. Third, we export a

model trained only on summary counts and implement it as a standards-based EHR application.

3 Materials and Methods

3.1 Data sources

We used the All of Us Research Program Registered Tier Dataset v9 (curated data repository

R2025Q4R6, data cutoff January 1, 2025), accessed through the Researcher Workbench [26], in

which dates are shifted backward by 1 to 365 days per participant, preserving intervals within a

person. Survey prevalence came from the CDC/NCHS Household Pulse Survey (HPS, data.cdc.gov

dataset gsea-w83j): 27 periods from June 2022 to September 2024, with the share of adults who

had COVID-19 who ever had, or currently have, Long COVID [18]. Prices came from 2024 CMS

Medicare physician payment data.

3.2 Cohort and outcomes

We defined the index date as the first ICD-10-CM U07.1 code on or after shifted date July 2, 2021.

Because true dates are never earlier than shifted dates, day 91 after every index falls on or after

the date U09.9 became billable. We required age 18 years or older, no Long COVID code on or

before the index, and an EHR observation period from 365 days before to 455 days after the index
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(Figure 1). Requiring follow-up through day 455 selected patients with sustained EHR coverage,

using information unavailable at the prediction landmark. We took sex at birth from the All of Us

participant record.

We define two outcomes. For the coding-fraction analysis, S is any U09.9 code in days 1 to

455 in the full cohort. For prediction at landmark day L, we exclude patients with a Long COVID

code (U09.9 or the SNOMED CT post-COVID concepts) by day L (eligibility EL), and SL is a first

U09.9 code in days L + 1 to 455. Our primary landmark is day 90. We grouped participants by the

source identifier associated with their index event, which we call the site (54 sources, Supplementary

Table S9). Of the day-90 cohort, 6.6% had a participant-mediated EHR source.

3.3 Features

Features used only information available by the landmark, in windows relative to the index (days

−365 to −91, −90 to −1, 0 to 30, and 31 to L). They covered demographics, acute severity, visit

counts and their change from baseline, new symptom codes in 16 clusters and their number, a

repeat COVID-19 code, prior conditions, tests after infection, and new medications (102 features

at day 90, Supplementary Table S1). Features use source vocabularies (ICD-10-CM, CPT, LOINC,

RxNorm). In every analysis, we took ICD-10-CM codes from both the condition and the observation

tables (the data model files some codes, such as R53.83, as observations). The primary model used

whether a laboratory test was recorded, not its result, because result units differ across sources and

reference ranges are often missing (secondary analysis in Supplementary Section S6).

3.4 Coding fraction

Let Y denote Long COVID as defined by the survey, S the code, and g a demographic group, and

define the coding fraction cg = P (S = 1 | Y = 1, g). If codes are assigned only to people with Long

COVID and the survey prevalence πg equals the prevalence in the corresponding All of Us group,

then P (S = 1 | g) = cg πg, so

ĉg = p̂g/π̂g, (1)

where p̂g is the share of group g coded in days 1 to 455. This population identity does not require

coding to be random within a group. More generally, with qg = P (Y = 1 | S = 1, g), the positive
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predictive value of the code, and κg = πAoU
g /πHPS

g , the ratio of cohort to survey prevalence,

cg = qg pg

κg πHPS
g

. (2)

The primary estimate sets qg = κg = 1. We report ĉg and the coding ratio ĉg/ĉref by sex, age

band, and race and ethnicity, under the “ever” and “current” survey definitions, computing coded

shares from counts rounded up to a multiple of 10. We report central 95% sensitivity intervals

from 5,000 replicates, each drawing one survey period for all groups and a binomial draw of each

p̂g. These intervals combine variation across survey periods with binomial variation and are not

confidence intervals for the mean-period estimate. Sensitivity analyses varied q and κ, survey error,

composition reweighting, and age weights (Supplementary Section S2).

3.5 Prediction models

At landmark L, the target is fL(x) = P (SL = 1 | XL = x, EL), the probability of a subsequent code.

We did not observe disease directly. We fit five models: prevalence only (M0), logistic regression

on utilization features (M1), elastic-net logistic regression (M2, with ℓ1 ratio 0.5 and C = 0.05),

gradient boosting (M3), and bagged PU learning (M4), in which each of 25 bags contrasts the

coded patients with a bootstrap sample of uncoded patients [16]. We evaluated logistic-model

outputs as coded-outcome probabilities and the bagged PU model as a ranking score, because we

did not recalibrate its sampled class distribution to cohort prevalence. We estimated performance

by 5-fold cross-validation and on a test set of whole held-out sites (about a quarter of patients,

Supplementary Table S8). We report the AUROC and the area under the precision-recall curve

(AUPRC) for the coded outcome, with 95% bootstrap CIs (200 replicates, or 500 for the paired

held-out-site comparison), and recall and positive predictive value among the top 5% of scores,

computed from counts rounded up to a multiple of 10. Bootstrap intervals resampled participants

with fixed predictions, so they do not incorporate model refitting, model selection, or variation

across new sources.

The coded-outcome AUROC is the primary result. Supplementary Section S5 shows how it

would relate to discrimination of disease under hypothetical disease prevalence in the day-90 pop-

ulation [27, 28].
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Score adjustment. If coding among uncoded people with Long COVID does not depend on x

within group g, then P (Y = 1 | XL = x, EL) = fL(x)/cg,L. Because the survey estimates the

full-cohort cg, not cg,L, in an exploratory analysis we divided women’s scores by the women-to-men

coding ratio (Supplementary Table S3).

Documentation checks. Among patients without a subsequent U09.9 code, we compared codes

in days 91 to 455 between the top 10% and the bottom 50% of scores for 5 Long COVID–associated

symptom groups and 4 negative-control conditions, crude and, for new codes, with Mantel–Haenszel

adjustment across 12 utilization strata. Lead time was the number of days from the landmark to

the first code among later-coded patients in the top 5% of scores.

Landmark tasks. We rebuilt the cohort, features, and outcome at L ∈ {30, 60, 90, 120, 180} days

and fit an elastic net at each [29]. These are different prediction tasks, and we restricted landmarks

before day 90 to index dates for which every outcome day falls on or after October 1, 2021.

Subgroups and clinical utility. At day 90, we report discrimination, calibration-in-the-large,

and the share in the top 5% of scores by sex, race and ethnicity, and age band (from a separate

five-fold split). We also report decision curves [30] and, at a 5% review workload, the share of later-

coded patients that the utilization model, a symptom-count rule, and the elastic net each found.

Supplementary Section S3 analyzes related post-infectious conditions. Supplementary analyses

compared alternative model families (Supplementary Section S7) and, exploratorily, the export-

compatible binary features with continuous age and event counts (Supplementary Section S8).

Reporting follows TRIPOD+AI [31], and Supplementary Table S4 lists the cohort, features, folds,

and model used in each analysis.

3.6 A model that can leave the enclave

All of Us permits exporting a model only if it was trained on summary statistics that comply with

its dissemination policy. On a random 80% training split we exported, for each binary feature, its

2×2 table with the outcome and, for each pair of kept features, the co-occurrence count. We kept a

feature only if all four cells of its outcome table exceeded 20 and rounded every released count up to

a multiple of 10 (we would have suppressed a pair count of 1 to 20, but none occurred). Outside the

enclave we subtracted the expected rounding excess (4.5) from each count and fit eight candidates,

naive Bayes and linear discriminants with and without shrinkage (Supplementary Section S6). We
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imported the weights and evaluated them on the remaining 20% (the validation split) alongside

participant-level models refit on the same training split. Both model families can leave the enclave,

because both are computed from the same released counts. For the application, we implemented

naive Bayes with empirical-Bayes shrinkage, because each of its weights is a per-feature log odds

ratio that the application can show as that finding’s contribution to the score. We calibrated it by

logistic regression on binned training-split scores (each bin with at least 50 coded and 50 uncoded

patients).

To evaluate the procedure at sites that contributed no data to fitting, we repeated it with the

18 held-out sites excluded from fitting. Counts from 70% of training-site patients gave a shrunken

naive Bayes score, exported score bins from the other 30% (at least 21 coded and 21 uncoded per

bin) gave its calibration map, and we evaluated both at the held-out sites against an elastic net refit

on all training-site patients. This evaluates a separately fitted 41-feature version. The implemented

file contains 57 weighted features and 12 auxiliary feature definitions, and its calibration map has

not undergone that evaluation. In a heuristic perturbation analysis, we refit the model 200 times

with rounded counts replaced by compatible values.

3.7 Implementation

The exported model is a versioned JSON file (version 1.2.0) of feature definitions, weights, calibra-

tion map, and risk bands. A browser-only SMART on FHIR application [32] computes the features

from the patient’s chart and shows the risk band and the dated findings behind the score, and a

reference scorer and synthetic test patients define the expected output. The implemented model is

the day-90 naive Bayes model, without score adjustment or landmark updating. The application

applies the training cohort’s index and eligibility rules: the index is the first U07.1 condition on or

after July 2, 2021, the patient must be 18 years or older at the index, and the chart may hold no

Long COVID code by the scoring date, including before the index. The application scores charts

from day 90 to day 455 after the index with the day-90 estimate.

3.8 Utilization before documentation

For patients later coded, we counted visits and tests from day 91 to the day before the first

code and compared rates per 30 days with patients in the same stratum of age band, sex, acute
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hospitalization, and baseline utilization who were not coded. We valued the difference at 2024

Medicare allowed amounts.

3.9 Disclosure control and ethics

We suppressed counts of 1 to 20, rounded other counts up to a multiple of 10, and, within each

table, suppressed a further count wherever a reader could otherwise recover a suppressed count

from the table’s totals (complementary suppression). All of Us participants provide informed

consent at enrollment under a protocol overseen by the program’s institutional review board, and

the program’s data passport model allows registered researchers to analyze de-identified Registered

Tier data without project-specific review [verify].

4 Results

4.1 Cohort

Of 50,210 participants with a U07.1 code, 23,790 met all criteria (Table 1 and Supplementary

Figure S1), and 23,300 had no Long COVID code by day 90. Of these, 260 (1.1%) received a first

U09.9 code in days 91 to 455. Held-out sites had more women (69.4% vs 60.2%) and non-Hispanic

White patients (73.6% vs 57.4%) than training sites (Supplementary Table S8).

4.2 Coding fractions

An estimated 1 in 9 adults who had ever had Long COVID, and 1 in 4 who currently had it, carried

a U09.9 code (Table 2 and Figure 2). Women had higher survey prevalence than men (34.3% vs

23.9% ever) but a similar coded share (3.2% vs 2.9%), giving a coding ratio of 0.79 (95% interval

0.65–0.95) under the ever definition and 0.72 (0.58–0.88) under the current definition. The lower

coding fraction for women persisted when we added within-period survey error (0.65–0.96, ever)

and after we reweighted the survey to the cohort’s composition within each sex (0.76 ever, 0.75

current). The point ratio reached 1 at a relative PPV-to-prevalence multiplier of about 1.27 (ever)

and 1.39 (current), and the upper sensitivity-interval limit at about 1.05 and 1.13 (Supplementary

Section S2). Hispanic adults had a coding ratio of 0.79 (0.63–0.98, or 0.62–1.00 with within-period

error) relative to non-Hispanic White adults under the ever definition only. Coding fractions did not
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differ clearly by age band. Among the 18,830 adults whose index dates placed all of days 1 to 455

after U09.9 was introduced, the coded share was lower than in the full cohort (2.8%, Supplementary

Section S2). Among the 10 sites with enough patients, the ratio of observed to expected coding

ranged from 0.79 at the 10th percentile to 2.37 at the 90th.

4.3 Prediction of a subsequent code at day 90

The elastic-net model reached a cross-validated AUROC of 0.680 (95% CI 0.643–0.712) and an

AUPRC of 0.034, three times the 1.1% prevalence. Gradient boosting and bagged PU learning

reached 0.681 and 0.663, and the utilization-only model 0.574 (Table 3). On the 18 held-out sites

pooled (5,760 patients, 60 coded), AUROCs ranged from 0.62 for the elastic net and 0.63 for

the utilization-only model to 0.67 for bagged PU learning, with wide CIs. The elastic net did not

outperform the utilization-only model there. Patients in the top 5% of elastic-net scores were coded

at 4.1% (recall 19%). In cross-validation, alternative model families did not exceed the elastic net

(Supplementary Section S7). Among later-coded patients in the top 5%, the score preceded the

code by a median of 55 days (interquartile range 15–109). When we added abnormal laboratory

results and vital signs, discrimination did not improve (cross-validated AUROC 0.682 vs 0.688 and

held-out-site AUROC 0.624 vs 0.618, Supplementary Section S6), and richer features changed the

cross-validated AUROC by 0.025 or less (Supplementary Section S8).

Among patients without a subsequent U09.9 code, those in the top decile had any later code for

fatigue, dyspnea, cognitive, autonomic, and dizziness symptoms at 2.9 to 4.0 times the rate of the

bottom half, and for fractures, lacerations, and cataract at 1.5 to 2.7 times (Figure 3B). For new

codes, adjusted for utilization, the rate ratios were 1.7 to 2.1 for the 5 symptom groups and 1.9,

2.0, and 1.1 for fractures, lacerations, and cataract (Figure 3B). Appendicitis had too few events

for a stable estimate.

4.4 Landmark tasks

Across landmark-specific tasks, AUROC ranged from 0.63 at day 30 to 0.70 at day 180 (Figure 4).

In the same patients (eligible at day 180), the day-180 model’s scores had higher AUROC than the

day-30 model’s (0.68 vs 0.62, a difference of 0.055, 95% CI 0.0001 to 0.113).
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4.5 Subgroups and score adjustment

Coded-outcome AUROC estimates were 0.70 for women and 0.67 for men, and 0.68 to 0.70 across

the 3 largest racial and ethnic groups, with overlapping intervals. These estimates do not establish

equivalent performance, and they varied more by age (Supplementary Table S2). Dividing women’s

scores by the women-to-men coding ratio raised the share of women among the top 5% from 67%

to 75% (62% of the cohort). Recall was 19% before and 23% after the adjustment, one step of

the rounding to multiples of 10 in the coded count, and AUROC changed little (0.688 and 0.684,

Supplementary Table S3). At a 5% review workload, the symptom-count rule found 15% of later-

coded patients, the utilization model 12%, and the elastic net 19%. The elastic net flagged 5.4% of

women and 4.4% to 7.0% of the racial, ethnic, and age groups shown (Supplementary Table S2).

The decision curve favored the model over flagging no one at all thresholds (0.5% to 5%) and over

flagging everyone from 1% to 5% (Supplementary Figure S2).

4.6 The exported model

Of 102 features, 57 met the cell-size rule for export, and we released all 1,596 pair counts among

them. On the validation split (4,680 patients, 50 coded), the best summary-count model was

a shrunken linear discriminant (λ = 0.6, with empirical-Bayes shrinkage), with an AUROC of

0.68 (95% CI 0.60–0.76) and AUPRC of 0.035, against 0.68 (95% CI 0.59–0.76) and 0.089 for the

elastic net refit on participant rows (Table 4). Naive Bayes with empirical-Bayes shrinkage, the

model we implemented, had an AUROC of 0.67 (95% CI 0.59–0.75) and AUPRC of 0.028. The eight

summary-count candidates were within 0.013 of one another in AUROC. The elastic net had higher

AUPRC than any of them (0.028 to 0.051), with a wide interval (0.026–0.172) from only 50 coded

patients. We did not test equivalence. Refit weights were stable under perturbation of the rounded

counts (Supplementary Section S6). The largest weights were for a personal-history-of-COVID-19

code, a COVID-19 code at a follow-up visit in days 31 to 90, and a chest CT (Figure 5). When we

excluded the 18 held-out sites from fitting, the separately fitted 41-feature naive Bayes score (counts

from 12,310 training-site patients, 150 coded) had an AUROC of 0.66 (95% CI 0.58–0.72) at the

held-out sites, against 0.62 (95% CI 0.52–0.70) for the elastic net refit on all training-site patients (a

paired difference of 0.040, 95% CI −0.028 to 0.109). AUPRC was 0.018 against 0.025 (a difference
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of −0.007, 95% CI −0.027 to 0.001). Its calibration map, exported from two training-site bins, had

a calibration slope of 1.02, an intercept of −0.27, and an observed-to-expected ratio of 0.90 at the

held-out sites. We did not establish the precision of these calibration estimates. The implemented

file contains 57 weighted features and a calibration map from 0.3% to 6.2% predicted probability

of a subsequent code, against a post-COVID average of 1.0%. Its risk bands are multiples of that

average and are descriptive score categories, not validated action thresholds.

4.7 Utilization before documentation

Between day 91 and the code (median 101 days), patients later coded had 6.6 (95% CI 3.7–9.5)

more outpatient visits and 0.4 (0.2–0.7) more emergency visits than matched patients who were

not coded, along with more echocardiograms, chest CT scans, and pulmonary function tests, a

difference of about $900 per patient at 2024 Medicare prices.

5 Discussion

Under the stated assumptions, about 1 in 9 adults who had ever had Long COVID, and 1 in 4 who

currently had it, carried the diagnosis code, and the coding fraction was lower for women than men

although women reported the condition more often. Chart data available 90 days after infection

modestly predicted a subsequent code (AUROC 0.68), but the score tracked later documentation

and utilization in general, not Long COVID–associated symptoms specifically. Models that we

rebuilt from privacy-compliant summary counts discriminated about as well as the participant-

level elastic net, both on a random validation split (AUROC 0.68 for the best summary-count

model and for the elastic net) and at held-out sites (0.66 vs 0.62, an imprecise difference), although

the elastic net had higher AUPRC on the validation split. The same procedure produced the

exported model that we implemented in an EHR application.

5.1 Comparison with prior work

Our estimated coding fractions are consistent with two direct measurements of U09.9 sensitivity:

0.15 against the highly symptomatic RECOVER research-index phenotype [1] and 10.5% to 14.9%

against chart review [2]. They need no chart review but rest on the assumptions in Equation (2).
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The lower coding fraction for women adds to reports of differences in Long COVID diagnosis by

sex, race and ethnicity, insurance, and level of care [3, 6–8]. Here, we measure the gap against

reported prevalence rather than inferring it from who is coded. In a companion analysis that linked

self-reported diagnoses to participants’ records, we found lower crude coded shares for women than

men for 5 common conditions, with ratios near 1 within EHR sites [33].

Published Long COVID models in All of Us reached AUROCs of 0.72 and 0.736 [13, 14]. Their

outcome definitions and feature windows differ from our fixed day-90 prediction of a future code.

N3C models with AUROCs above 0.85 predicted a Long COVID clinic visit [9]. The closest early-

prediction comparator used history and the first 21 days after infection, extended to discharge for

longer hospitalizations, and reported cross-site AUROCs of 0.74 to 0.75 overall and 0.60 to 0.66

among hospitalized patients [10]. Label-efficient phenotyping with chart-reviewed outcomes [2]

addresses disease status directly. Our work complements it with a fixed prediction time, held-out

sites, a survey-based estimate of undercoding, and a route from an enclave to an EHR application.

5.2 Implications

Diagnosis codes alone do not identify disease prevalence or the coding fraction without additional in-

formation or assumptions. Survey comparison supplies that information under stated assumptions,

and the same construction could apply to other conditions that federal surveys measure. Export-

ing the model as summary counts addresses a barrier that keeps enclave research from reaching

care. To run the model, another site needs the versioned JSON file, the reference scorer, and the

synthetic test patients that define its expected output. No participant data and no model trained

on participant rows leave the enclave. Compared with federated or distributed fitting [20, 23, 24],

this route needs no network between sites but restricts the model to binary features with sufficient

counts. Each weight is a readable log odds ratio, and the application shows the dated chart entries

behind each flag. We intend the score for surfacing charts for clinician review or for registry and

trial outreach. It is research decision support, not a diagnosis. Patients later coded used more

care before their code than comparable uncoded patients. Whether earlier recognition changes

utilization or spending requires prospective evaluation.
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5.3 Limitations

First, the outcome is a recorded code, not a validated diagnosis. U09.9 has a positive predictive

value of 38% to 64% against chart review or the RECOVER index [1, 2], so the no-false-positive

assumption in the primary coding-fraction estimate is consequential. A code anywhere in 455 days

can also refer to resolved disease, which makes the current-prevalence comparison an assumption-

dependent benchmark. Second, survey prevalence comes from a low-response online survey of

self-reported Long COVID, and the coding fraction depends on how the cohort differs from the

survey population. For two well-coded conditions, the women-to-men ratio of cohort-to-national

prevalence was 0.89 to 0.96, above the 0.79 that would remove the lower coding fraction for women

(Supplementary Section S2). Third, discrimination at held-out sites was imprecise, the elastic net

did not outperform a utilization-only model there, and we validated across source groups within

one research network rather than in an external EHR. We defined sites by the index-event source,

and 12.3% of held-out-site patients also had records from a training-site source by day 90. All

of Us is not representative of the US population [34]. Fourth, we required follow-up through day

455 for inclusion, so performance may differ in patients with incomplete follow-up or care outside

the contributing source. Fifth, the summary-count model excluded rare but specific findings (20 or

fewer patients in a cell), and laboratory results were sparse and inconsistently coded, so the primary

model used test records. Finally, we have tested the application only on synthetic patients: we

have not validated its feature mapping from the research data model to FHIR resources on clinical

records, participant-provided FHIR data in All of Us hold far fewer condition and procedure records

per person than the research data [35], and the application reads FHIR administrative gender rather

than sex at birth. A silent prospective evaluation would be the next step [25].

6 Conclusion

Under the stated assumptions, survey comparisons suggest substantial undercoding of Long COVID

and a lower coding fraction among women. Early EHR features modestly predict later docu-

mentation. Models that we fitted from released summary counts discriminated about as well as

participant-level models, and they can leave the enclave. Clinical use requires validation of the

implemented model and its FHIR inputs.
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Table 1: Cohort characteristics. Adults with EHR-documented COVID-19 followed from 365 days
before to 455 days after the index (full cohort, 23,790 adults), and those with no Long COVID code by day
90 (landmark cohort, 23,300 adults). We rounded counts up to a multiple of 10 and computed percentages
from the rounded counts. –: not shown, because 20 or fewer patients in the group were coded or, for men
in the landmark cohort, because we withheld the count so that a reader cannot recover a suppressed count
from the cohort total (complementary suppression).

Full cohort Landmark cohort (uncoded at day 90)

Adults, n Coded in days 1–455, % Adults, n Coded in days 91–455, %

Sex Female 14,870 3.2 14,550 1.2
Male 8,730 2.9 8,560 –
Other/unknown 200 – 200 –

Age, years 18–39 3,840 2.9 3,770 1.3
40–49 3,200 3.4 3,130 1.3
50–59 4,360 3.7 4,250 1.2
60–69 6,070 3.5 5,940 1.3
70+ 6,340 2.7 6,230 1.0

Race and ethnicity Hispanic or Latino 3,730 2.9 3,660 1.1
NH Asian 630 – 620 –
NH Black 2,910 3.1 2,850 1.1
NH White 14,580 3.2 14,290 1.2
NH other or multiple 1,280 4.7 1,240 –
Unknown 680 4.4 660 –

Table 2: Coding fraction by group. Share with a U09.9 code in days 1–455 divided by Household Pulse
Survey prevalence among adults who had COVID-19, assuming no false-positive codes and comparable
populations. Ratios are relative to the reference group, with 95% intervals reflecting variation across survey
periods and in coded shares.

Coded, % Ever had Long COVID Currently has Long COVID

Coding fraction Ratio (95% interval) Coding fraction Ratio (95% interval)

Sex Female 3.2 0.094 0.79 (0.65–0.95) 0.232 0.72 (0.58–0.88)
Male 2.9 0.120 1 (ref.) 0.322 1 (ref.)

Age, years 18–39 2.9 0.099 0.87 (0.66–1.14) 0.283 1.05 (0.76–1.44)
40–49 3.4 0.107 0.94 (0.72–1.22) 0.273 1.01 (0.78–1.32)
50–59 3.7 0.114 1 (ref.) 0.270 1 (ref.)
60–69 3.5 0.123 1.08 (0.86–1.36) 0.279 1.03 (0.78–1.37)
70+ 2.7 0.115 1.01 (0.74–1.33) 0.253 0.94 (0.67–1.47)

Race and ethnicity Hispanic or Latino 2.9 0.088 0.79 (0.63–0.98) 0.260 0.98 (0.72–1.31)
NH White 3.2 0.111 1 (ref.) 0.265 1 (ref.)
NH Black 3.1 0.104 0.94 (0.73–1.18) 0.290 1.09 (0.82–1.43)
NH other or multiple 4.7 0.129 1.16 (0.84–1.61) 0.302 1.14 (0.78–1.68)
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Table 3: Discrimination of models for a subsequent U09.9 code at day 90. AUROC and AUPRC
for the coded outcome, with 95% bootstrap intervals. We pooled the held-out sites.

Model AUROC (95% CI) AUPRC (95% CI)

Five-fold cross-validation (23,300 patients)
M0 prevalence only 0.500 0.011
M1 utilization (logistic) 0.574 (0.537–0.610) 0.015 (0.012–0.019)
M2 elastic net 0.680 (0.643–0.712) 0.034 (0.024–0.048)
M3 gradient boosting 0.681 (0.650–0.709) 0.032 (0.022–0.051)
M4 bagged PU learning 0.663 (0.632–0.695) 0.029 (0.021–0.044)

Held-out sites (18 sites, 5,760 patients)
M1 utilization (logistic) 0.629 (0.545–0.705) 0.014 (0.009–0.021)
M2 elastic net 0.618 (0.523–0.704) 0.025 (0.013–0.052)
M3 gradient boosting 0.658 (0.579–0.728) 0.030 (0.013–0.077)
M4 bagged PU learning 0.672 (0.588–0.744) 0.028 (0.015–0.060)

Table 4: Exported summary-count models on the validation split. Random 20% of the day-90
cohort (4,680 patients, 50 coded). The application implements naive Bayes with empirical-Bayes shrinkage
(main text, Methods).

Model AUROC (95% CI) AUPRC (95% CI)

Fit outside the enclave from summary counts (exportable)
Naive Bayes 0.674 (0.592–0.747) 0.028 (0.016–0.065)
Naive Bayes, empirical-Bayes shrinkage (implemented) 0.674 (0.592–0.747) 0.028 (0.016–0.066)
Linear discriminant, λ = 0.1 0.667 (0.576–0.749) 0.042 (0.019–0.102)
Linear discriminant, λ = 0.1, empirical Bayes 0.668 (0.579–0.750) 0.042 (0.019–0.102)
Linear discriminant, λ = 0.3 0.672 (0.584–0.756) 0.051 (0.019–0.110)
Linear discriminant, λ = 0.3, empirical Bayes 0.672 (0.582–0.755) 0.051 (0.019–0.111)
Linear discriminant, λ = 0.6 0.679 (0.598–0.756) 0.036 (0.019–0.091)
Linear discriminant, λ = 0.6, empirical Bayes 0.680 (0.600–0.755) 0.035 (0.019–0.088)

Fit on participant rows inside the enclave (not exportable)
Elastic net (M2) 0.680 (0.591–0.757) 0.089 (0.026–0.172)
Bagged PU learning (M4) 0.673 (0.590–0.751) 0.040 (0.020–0.096)
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Figure 1: Study design. Feature windows relative to the COVID-19 index date and the label window for
the primary landmark (day 90). Blue ticks mark the landmarks at which we rebuilt the cohort, features,
and outcome. At landmark L, the follow-up window runs from day 31 to day L and the label window from
day L + 1 to day 455.
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Figure 2: Coding fraction by group. Share of adults with a U09.9 code in days 1–455 divided by
Household Pulse Survey prevalence among adults who had COVID-19, with central 95% sensitivity intervals
(survey periods and binomial draws). A. Prevalence of ever having had Long COVID. B. Prevalence of
currently having Long COVID. Orange marks the sex groups.
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Figure 3: Model performance and specificity at day 90. A. AUROC for a future U09.9 code with
95% bootstrap intervals, by five-fold cross-validation and at 18 held-out sites. B. Among patients without a
subsequent U09.9 code, rate ratios (top 10% vs bottom 50% of elastic-net scores) for codes in days 91–455,
for Long COVID–associated symptoms (blue) and negative-control conditions (gray): any code, crude (filled
circles), and new code with Mantel–Haenszel adjustment for utilization (open squares), with 95% bootstrap
intervals.
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Figure 4: Landmark tasks. We rebuilt the cohort, features, and outcome at each landmark. The outcome
is a first U09.9 code from the day after the landmark to day 455, so eligibility and case composition differ
by landmark. We restricted landmarks before day 90 to index dates for which every outcome day falls after
U09.9 became available. A. AUROC with 95% bootstrap intervals for landmark-specific elastic-net models.
B. Median days from the landmark to the code among later-coded patients in the top 10% of scores.
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Figure 5: Largest weights in the exported model. The 20 largest empirical-Bayes shrunken log odds
ratios of the naive Bayes model fit from released summary counts (training split), with 95% conditional
posterior intervals (shrunken weight ±1.96

√
k se, where k is the shrinkage factor, treating the estimated

prior variance as known). Each weight is the contribution of a finding to the score when present.
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