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Abstract

Background. Research data enclaves such as the All of Us Research Program do not allow

participant-level data, or models fitted to those data, to leave the enclave, which makes it hard

to deliver case-finding models for undercoded conditions to patients and clinicians.

Objectives. We describe and technically evaluate a system that fits models outside an enclave

from released summary counts and delivers them through standard health information technol-

ogy interfaces.

Methods. We exported dissemination-compliant summary counts from the All of Us Researcher

Workbench and, outside the enclave, fitted versioned models for Long COVID, chronic fatigue,

fibromyalgia, endometriosis, Lyme disease, lupus, migraine, depression, and anxiety. A written

model contract, a Python reference implementation, and synthetic Fast Healthcare Interoper-

ability Resources (FHIR) test patients define the expected outputs. One JavaScript scorer runs

in a patient demonstration, a SMART on FHIR clinician application, and a CDS Hooks service.

An atlas displays aggregate results. We evaluated the system on synthetic records with auto-

mated tests, cross-implementation output comparison, and AI-generated adversarial checks.

Results. The deployed Long COVID model, one of the summary-count models compared in

a companion analysis, had an area under the receiver operating characteristic curve of 0.67

in a random validation split. A separately fitted version of the procedure reached 0.66 at 18

held-out sites. The chronic fatigue, fibromyalgia, Lyme disease, and lupus models reached 0.74,

0.73, 0.65, and 0.82 for self-reporters without a code. The JavaScript scorer reproduced all 180

reference outputs exactly, and 457 of 474 automated tests passed (17 skipped). Adversarial

checks found 5 classes of failure, including scoring of ineligible patients and treating unavailable
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data as absent. We fixed all 5 and added them as tests.

Conclusions. A model contract fitted from released summary counts can be delivered through

FHIR, SMART on FHIR, and CDS Hooks with reproducible scoring on synthetic records. Real-

record interoperability, usability, and prospective clinical performance remain to be evaluated.

Keywords: clinical decision support; SMART on FHIR; CDS Hooks; privacy-preserving model

sharing; electronic health records

1 Background and Significance

Conditions such as Long COVID, myalgic encephalomyelitis/chronic fatigue syndrome (ME/CFS),

fibromyalgia, and Lyme disease are often diagnosed late or not recorded with a diagnosis code. In

companion analyses of the All of Us Research Program, the ratio of recorded Long COVID diagnoses

to survey-based prevalence was about 1 in 9, under assumptions about comparable populations [1].

Among respondents reporting ongoing care for chronic fatigue with at least 5 years of electronic

health record (EHR) history, the coded share was 0.28 times the mean coded share for hypertension

and type 2 diabetes [2]. Case-finding models could help surface these patients, but the data needed

to build them often sit in research enclaves.

The All of Us Researcher Workbench allows only aggregate results that meet its dissemination

policy to leave the enclave, and it does not allow models trained on participant rows to be exported

[3]. These restrictions create an implementation problem: a deployable model must be constructed

without exporting participant-level data or a model fitted directly to them. Separately, published

models are often not deployed, because deployment requires engineering for data access, scoring,

and display inside clinical systems [4]. Standards exist for each step: FHIR R4 for data [5], SMART

on FHIR for launching applications from the EHR [6, 7], and CDS Hooks for returning decision-

support cards to the EHR [8].

2 Objectives

We describe the design of a system that (1) fits deployable models outside the enclave from released

summary counts, (2) runs them through one scoring implementation in patient, clinician, and

integration settings, and (3) uses FHIR R4, SMART on FHIR, and CDS Hooks so that compatible
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EHR implementations could adopt it. We report a technical evaluation on synthetic records,

organized following STARE-HI where it applies [9].

3 Methods

3.1 Design requirements

The design followed 5 requirements: no participant-level data or participant-trained model leaves

the enclave, one model definition drives every application, every clinician-facing output shows

the chart findings behind it, patient-facing screens show no model probabilities or risk multiples,

and public demonstrations use synthetic patients only. Figure 1 shows the architecture and data

boundaries.
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Figure 1: System architecture and data boundaries. Only summary counts that pass the dissem-
ination checks leave the All of Us Researcher Workbench (dashed boundary). We fit models outside the
enclave and store them as versioned JSON files. A Python reference implementation and synthetic FHIR
test patients define the expected outputs, which the JavaScript scorer must reproduce (double arrow). The
scorer runs in the clinician application, the CDS Hooks service, and the patient demonstration. The atlas
shows aggregate results only.

3.2 Models fitted from released counts

The underlying analyses used the All of Us Research Program Registered Tier Dataset v9 (curated

data repository R2025Q4R6, data cutoff January 1, 2025) [10]. Inside the Workbench, we sup-

pressed counts of 1 to 20, rounded other counts up to a multiple of 10, and, within each table,

3



suppressed a further count wherever a suppressed count could otherwise be recovered from the

table’s totals (complementary suppression). We retained features only when every cell of their

feature-by-label table exceeded 20 [3]. Outside the enclave, we fitted each model as naive Bayes

with empirical-Bayes shrinkage of each feature’s log odds ratio and calibrated it from released

score bins [1, 11]. The Long COVID model predicts subsequent documentation: day 0 is the first

recorded COVID-19 diagnosis (ICD-10-CM U07.1) on or after July 2, 2021, as in the training co-

hort, predictors use records through day 90, and the outcome is a first U09.9 code in days 91 to

455. The chronic fatigue, fibromyalgia, Lyme disease, and lupus models predict a self-reported

prior diagnosis among adults with no qualifying code (systemic lupus erythematosus [M32] for

lupus, A69.2 for Lyme disease), from records in the 5 years before the scoring date. The Lyme

disease and lupus models add condition-specific findings, tests, and treatments to the same feature

set. The chronic fatigue label does not establish ME/CFS, the Lyme disease label mostly reflects

past, treated infection, and we have not validated any self-report model against an independent

assessment of current disease. Risk bands (Typical, Elevated, High) are heuristic display thresholds

at 1.5 and 3 times the development-cohort label prevalence.

3.3 Model contract and test vectors

A written specification defines how to evaluate a model file on a FHIR R4 bundle: which resources

and codes count for each feature, where windows fall relative to the index event or the scoring date,

when not to score a patient, how nested count thresholds collapse to one finding, and how the score

maps to a probability, a band, and a multiple of the average. The scorers exclude a patient when

the birth date is missing, when the patient is younger than 18 years on day 0 (the index for Long

COVID and the scoring date for the other models), when a code for the target condition is recorded

by the scoring date or is undated, or, for Long COVID, when fewer than 90 or more than 455 days

have passed since the index. Only records dated on or before the scoring date count. The scorers

ignore refuted conditions and entered-in-error records and accept partial FHIR dates, reading a

partial record date as the earliest compatible day and a partial birth date as July 1 or the 15th of

the month. A failed, forbidden, or truncated FHIR search yields an explicit could-not-score result

instead of an absent finding. The Python reference implementation defines the expected software

outputs. Eighteen synthetic FHIR patients, each built to exercise specific rules (10 demonstration

4



patients and 8 eligibility boundary cases added after the adversarial checks), and the reference

outputs for every model version form the test vectors. The JavaScript scorer is a line-by-line port

that must reproduce every vector, including the order of findings, and a test fails if the site’s copies

of the model files drift from the released versions. Each scored result lists the contributing features

and the supporting chart records.

3.4 Components

Patient demonstration. An installable web application administers the 2024 RECOVER-Adult

symptom list [12], with item wording from the RECOVER questionnaire [13], the DePaul Symptom

Questionnaire post-exertional malaise items [14], the Post-COVID-19 Functional Status scale [15]

(for people who report possible or prior COVID-19), and 5 custom change questions. The app shows

the RECOVER total and its research category only when every symptom is answered and otherwise

shows the points so far as incomplete. Optional condition self-checks, written for the app from

published criteria, cover Long COVID symptom duration (the 2024 National Academies definition

[16]), the ME/CFS core symptoms [17], the fibromyalgia Widespread Pain Index and Symptom

Severity Scale [18], and possible Lyme disease exposure. Each reports whether the answers match

the pattern the criteria describe and is a prompt for the clinician, not a diagnosis. Two further

optional parts give the published Patient Health Questionnaire-9 (PHQ-9) [19] and Generalized

Anxiety Disorder-7 (GAD-7) [20] totals and severity bands once every item is answered. Any

answer other than “not at all” to the PHQ-9 item on thoughts of death or self-harm shows the 988

Suicide and Crisis Lifeline at once, also offline, and puts a notice at the top of the patient’s answers

in the clinician view. The app runs in English or Spanish, storing the same answers and computing

the same scores in either language. The Spanish version uses the RECOVER study’s Spanish survey

wording, the scale authors’ Spanish translation of the functional status scale, and Spanish versions

of the DePaul items published by the questionnaire’s developers, and we translated the remaining

questions for the app. Answers are stored only in the browser. The current demonstration shows

findings from synthetic records in plain language, with dates and without model probabilities or risk

multiples. Connection to a person’s own health record remains planned. A printable visit summary

lets patients choose what to share, and questionnaire answers can be downloaded as a FHIR R4

QuestionnaireResponse (questionnaire version 1.3.0) with stable item identifiers or handed to the
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clinician demonstration within the browser. After initial loading and caching, the questionnaire

works offline, but trial searches use the ClinicalTrials.gov API and need a network connection.

Clinician application. A SMART on FHIR application launched with authorization code flow

and Proof Key for Code Exchange reads the patient’s conditions, encounters, observations, med-

ication requests, and procedures. A dashboard lists conditions needing review (High or Elevated

bands) above a one-line summary of conditions checked and shows the patient’s questionnaire an-

swers and self-check results when present. Each condition has a tab with the band, up to 8 dated

findings (more on expansion), each shown with the odds ratio between the estimate with and with-

out it on one scale shared by every patient and model (a full bar is a doubling or halving of the

odds) and including findings that lower the estimate, demographic inputs listed separately, criteria

to review (the 2024 National Academies Long COVID definition [16], the Institute of Medicine

2015 ME/CFS criteria [17], and the 2016 revised fibromyalgia criteria [18]), and next steps, plus a

timeline of chart events. A card whose model could not read the records it needs says “Could not

score” and names the missing records, and the summary then notes that a result is missing. The

dashboard imports only responses to the app’s own Questionnaire in a supported version and for

the open patient, selects the most recent valid one, and attaches a response that names no patient

only after the clinician confirms it. When the attached response has a result for a condition’s

instrument, the dashboard updates the chart estimate by Bayes’ rule, multiplying the chart odds

by that result’s published likelihood ratio, measured against a reference close to the model’s target:

the RECOVER index against a U09.9 code (2.83 if positive, 0.46 if negative) [21], questionnaire-

based Institute of Medicine criteria against a physician panel’s diagnosis among fatigued adults

(1.62, 0.47) [22], and the patient-completed 2016 fibromyalgia criteria against a reported physi-

cian diagnosis (8.46, 0.70) [23]. The band, multiple of the average, and next steps then follow the

combined estimate, with the chart-only values shown beside it. Instruments without a published

likelihood ratio against a comparable reference (the post-exertional malaise screen alone, the Long

COVID time criterion, the functional status scale, the Lyme exposure questions, the PHQ-9, and

the GAD-7) are shown but not combined. The Lyme disease and lupus tabs show their model’s

estimate beside the evidence of a chart rule: for Lyme disease, coded findings consistent with the

infection, with historical surveillance incidence for the patient’s county [24] and CDC testing guid-

ance [25], and for lupus, chart evidence mapped to the 2019 classification criteria [26], matching
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criterion terms on word boundaries, counting only the longest of overlapping matches, ignoring

negated mentions in the same clause, and comparing white-cell and platelet counts in a common

unit. A no-login demonstration runs the same code on 4 synthetic personas drawn from the 10

demonstration patients of the test corpus (Figure 2).

Integration service. A CDS Hooks patient-view service declares prefetch templates for the

resources the models read and validates each request, including that every supplied or fetched

resource belongs to the requested patient. It fetches missing resources with the supplied token only

from FHIR servers on a configured allow-list (by default, the public synthetic sandbox) and returns

a card for a condition in the Elevated or High band. When records a model needs cannot be read, it

returns one information card naming the conditions it could not score instead of an empty card list.

It is a synthetic-data prototype: it does not authenticate callers, which CDS Hooks 2.0 specifies

through a signed JSON Web Token from the CDS client and which a deployment with real patient

data would require [8].

Atlas. The atlas shows one condition at a time (Long COVID, ME/CFS, Lyme disease, lupus,

fibromyalgia, migraine, endometriosis, depression, or anxiety): a state map where one was released,

how often the condition is coded by age group, sex, and race and ethnicity, and the coded findings

more common in people with the condition, all from the companion studies’ aggregate releases.

For the self-reported conditions, coding is the share of people who report the diagnosis and have

its code, shown beside hypertension and type 2 diabetes in the same group. For Long COVID,

coding is the coded share relative to survey prevalence, and the map adds state prevalence from the

Household Pulse Survey [27]. The Lyme disease map adds county incidence from CDC surveillance

[24]. For ME/CFS, fibromyalgia, and endometriosis, a panel compares Fitbit steps, sedentary

and very active minutes, and sleep in the year before the survey between people who report the

condition and people who do not, standardized to the same age and sex mix. The atlas shows

shares and intervals, never All of Us counts, and its build checks that no hidden group can be

recovered from the groups shown. For Long COVID, a scenario calculator uses comparator-model

inputs and user-specified assumptions. When the inputs would imply an impossible yield, such as

more patients found than reviewed, it raises the dependent input to the nearest feasible value and

says so. The atlas does not run the scorer, and the calculator’s outputs are illustrative.

Developer documentation. A documentation page describes each integration path with request
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and response examples produced by the running code, runs the scorer in the browser on any test

patient and compares the result with the reference output, and lists the model files with their

hashes. Its tests check each documented endpoint, parameter, scope, and example against the

code.

3.5 Data flow and privacy

Patient answers are stored locally in the browser, and the clinician application processes retrieved

records in the browser. The CDS service processes supplied chart data per request and contains

no application-level persistence or logging of that data. Hosting-level retention and logging require

separate verification. Each page has a content security policy that names the only origins it may

contact. Clinician-facing outputs expose supporting information for independent review, but we

did not determine the regulatory status of the software’s individual functions.

3.6 Technical evaluation

The evaluation used synthetic records only. It comprised (1) unit and integration tests run with

the Node.js test runner and the Python reference tests, (2) cross-implementation comparison of

all reference outputs, (3) synthetic CDS Hooks requests, (4) a launch through the public SMART

Health IT sandbox, (5) adversarial checks, (6) structural FHIR conformance checks of the test

bundles, the example CDS Hooks requests, and the patient app’s QuestionnaireResponses, and (7)

a comparison of the condition review that the clinician application shows when launched through

the public SMART sandbox with the review the no-login demonstration shows for the same chart.

In the adversarial checks, an artificial intelligence (AI) coding agent (Codex, OpenAI), run in a

read-only session separate from development, constructed synthetic counterexamples for eligibility,

date handling, data availability, and rule extraction, and we reviewed and adjudicated each finding.

For check 7, which covered every synthetic patient, we shifted the sandbox charts’ dates so that

the scoring date is the upload date. We fixed each failure the adversarial checks found, added its

counterexample to the test suite, and reran checks 1 to 3 and 6 on the fixed release. We report

each check’s outcome, including failures.
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4 Results

4.1 Models

Table 1 lists the deployed models. The deployed Long COVID model contains 69 features, of

which 57 have nonzero weights, and had an area under the receiver operating characteristic curve

(AUROC) of 0.674 (95% CI, 0.592–0.747) in a random validation split. It is one of the summary-

count models compared in the companion analysis, which also exported linear discriminants from

the same counts [1]. We deploy naive Bayes because each weight is a per-feature log odds ratio

that the application can show. A separately fitted 41-feature model evaluated the development

procedure at 18 held-out sites (groups defined by the EHR source of each patient’s index event),

with an AUROC of 0.659 (95% CI, 0.576–0.722). We did not externally validate the deployed

probability map. The chronic fatigue and fibromyalgia models had AUROCs of 0.735 and 0.726

for self-reporters with no qualifying code in random validation splits, and the Lyme disease and

lupus models 0.651 and 0.824. The endometriosis model, scored only for women, reached 0.610.

Its discrimination is limited and the ever-diagnosed survey label may not represent current disease,

and its clinician card says so. Models for migraine, depression, and anxiety, fitted the same way,

reached 0.691, 0.759, and 0.792 for self-reporters with no qualifying code. They are published as

model files with reference outputs and are shown in the clinician application and returned by the

CDS Hooks service like the other models. We did not assess disease activity.

4.2 Technical evaluation

Table 2 summarizes the checks. The JavaScript suite contained 474 tests: 457 passed, 16 were

skipped for two superseded model versions, and 1 was skipped because its build step needs Python

in the test runner. Across the 18 synthetic patients (10 demonstration patients and 8 eligibility

boundary cases), the nine model files and one placeholder version reproduced all 180 reference

outputs with no observed numeric difference, and the current Python reference regenerated the same

180 outputs. Synthetic CDS Hooks requests returned the cards the test vectors predict. Launched

through the public SMART sandbox, the application matched the demonstration’s condition review

for each of the 18 patients after the comparison found 5 defects. The sandbox uploader shifted a

medication code that resembled a date, left a later-dated record inside the scoring window, and
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Model (version) Label and target Features Validation: AUROC (95% CI), AUPRC

Long COVID
(1.2.0)

First U09.9 code in days
91–455 among adults
uncoded at day 90

69 (57
nonzero)

Random 20% split: 0.674 (0.592–0.747),
0.028. Separately fitted 41-feature version at
18 held-out sites: 0.659 (0.576–0.722), 0.018

Chronic fatigue
(1.0.0)

Self-reported diagnosis,
evaluated among
self-reporters with no
qualifying code

73 Random 20% split: 0.735 (0.720–0.749),
0.156

Fibromyalgia
(1.0.0)

Self-reported diagnosis,
evaluated among
self-reporters with no
qualifying code

80 Random 20% split: 0.726 (0.710–0.743),
0.080

Endometriosis
(1.0.0)

Self-reported diagnosis
among women, evaluated
among self-reporters with
no qualifying code

90 Random 20% split: 0.610 (0.595–0.621),
0.111

Lyme disease
(1.0.0)

Self-reported diagnosis,
evaluated among
self-reporters with no
qualifying code

86 Random 20% split: 0.651 (0.632–0.673),
0.045

Lupus (1.0.0) Self-reported diagnosis,
evaluated among
self-reporters with no
qualifying code

79 Random 20% split: 0.824 (0.777–0.863),
0.029

Table 1: Deployed models. We fitted all models as naive Bayes with empirical-Bayes shrinkage outside
the enclave from released summary counts and calibrated them from released score bins. Validation is
retrospective, in the All of Us Research Program Registered Tier Dataset v9. We have not evaluated any
model prospectively or on real FHIR records. Long COVID version 1.2.0 adds the training cohort’s earliest
index date (July 2, 2021) and a third excluded SNOMED CT post-COVID concept to version 1.1.0, and
we refit its weights and calibration on a corrected data extraction that takes condition codes from both the
condition and observation tables. AUPRC, area under the precision-recall curve.

omitted the demonstration’s questionnaire answers. The application rejected the sandbox’s next-

page links, and which dated record a finding cited depended on the server’s result order. We fixed

all five and added them as tests. One difference remains by design: a COVID-19 diagnosis kept

before the model’s earliest index date falls outside the 5-year look-back after the date shift, so one

finding lists one date instead of two, with the same weight and score. The structural conformance

checks passed for every bundle, example request, and QuestionnaireResponse. We did not run the

HL7 FHIR validator.

The adversarial checks, run on the earlier release, found 5 classes of failure. The scorers could

score patients outside the intended population (a child, or a patient with a Long COVID code

before the COVID-19 index). A valid partial FHIR birth date stopped scoring. Unavailable or

failed searches could be treated as absent findings, and the CDS service could return no card
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instead of an inability-to-score state. The lupus rule mishandled overlapping terms, negation, and

white-cell units. The atlas calculator accepted inputs that implied impossible yields. We fixed all

five in the release described here and added each counterexample as a synthetic test. The scorers

now enforce the training cohort’s eligibility rules (age 18 years or older, an index on or after July 2,

2021, no Long COVID code by the scoring date, and scoring only from day 90 to day 455) and read

partial dates. A failed or forbidden search yields an explicit could-not-score result, and the CDS

service returns a card saying the chart could not be scored. The lupus rule uses word-boundary

longest matches, negation, and unit normalization, and the calculator enforces joint feasibility.

The fixes added 33 tests and the 8 boundary patients. The same review led to request validation,

patient-identity checks, and the FHIR server allow-list in the CDS service, to stricter questionnaire

import, and to the incomplete RECOVER state. Figure 2 shows the patient and clinician views

for synthetic patients.

Check Outcome

Automated tests (Node.js,
Python)

474 JavaScript tests: 457 passed, 17 skipped (16 for superseded
model versions). Python reference tests passed

Cross-implementation parity 180 of 180 reference outputs reproduced (18 patients, 10 model
versions) with no numeric difference

CDS Hooks (synthetic requests) Discovery and patient-view requests returned the expected cards.
Requests and patient identity validated, and the FHIR fallback
limited to an allow-list. Caller authentication not implemented

SMART launch (public
sandbox)

All 18 patients’ condition reviews matched the demonstration
after we fixed 5 defects (one finding’s date list differs by design).
End-to-end launches checked in a browser for 2 patients.
Commercial-EHR launches not evaluated

Adversarial checks 5 failure classes found (eligibility, partial dates, unavailable data,
lupus rule extraction, calculator feasibility), all fixed and added as
tests

FHIR conformance Structural checks of all bundles, CDS example requests, and
QuestionnaireResponses (UUID fullUrls, no null values, R4
required elements). HL7 FHIR validator not run

Table 2: Technical evaluation on synthetic records. The automated tests, parity, CDS Hooks, and
conformance outcomes are for the release described here, after the fixes prompted by the adversarial checks.
We ran the adversarial checks on the earlier release.

5 Discussion

This prototype shows that models fitted outside a research enclave from released summary counts

can be packaged as a versioned contract and delivered through FHIR, SMART on FHIR, and
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Figure 2: Patient and clinician views for synthetic patients. A. Patient demonstration with the demo
personas and the first page of the symptom check, holding one persona’s demonstration answers. B. Clinician
dashboard for a synthetic patient with a High Long COVID pattern, with the patient’s demonstration answers
attached: conditions needing review, the patient’s answers, and the Long COVID tab, where the answers and
each dated finding show how much they change the estimate. We cropped both screens to the application
area.

CDS Hooks, with one scorer reproducing reference outputs exactly across implementations. Our

contribution is the route from an enclave to clinical interfaces, not the models’ accuracy, which is

modest and documented in the companion papers.

Separating the model contract from the applications had practical benefits. The test vectors let

us check the JavaScript scorer against the reference without any patient data, and adding a model

or condition changed only the model file and its vectors. Adding a condition still requires a feature

registry, a compliant aggregate extraction, model fitting and calibration, implementation checks,

and condition-specific validation. Compared with deployment frameworks that run custom models

inside one health system’s infrastructure [4], the contract here is static and portable, which suits

enclave-derived models but restricts them to binary features with sufficient counts.

The adversarial checks showed that passing our own tests did not guarantee correct behavior

at the edges. Eligibility rules, partial dates, and unavailable data are exactly where a deployed
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tool meets real records, and the original test vectors did not cover them. Each counterexample

is now a test, so a recurrence of these failures would fail the suite, but the suite covers only the

cases someone thought to construct. A review that constructed counterexamples was the most

informative part of the evaluation, and we recommend such a review for similar systems. Here, an

AI coding agent working apart from the development sessions constructed them, and we checked

each finding.

5.1 Limitations

This evaluation has several limitations. First, it used synthetic records only. We did not evaluate

real-record interoperability, usability, or prospective clinical performance, and access to commer-

cial EHR sandboxes was pending. Second, the models predict documentation or a self-reported

diagnosis rather than independently established disease, and their scores may reflect care access,

utilization, coding practices, and incomplete records. Third, we fitted the calibration on training

data and have not evaluated it in deployment populations, and the risk bands are heuristic. The

update with the patient’s answers treats them as independent of the chart findings given the condi-

tion, as the naive Bayes models treat their own features. Where the chart codes the same symptoms

the answers count, the combined estimate overstates. None of the likelihood ratios was measured

in the application’s population, and because the app’s RECOVER total can only exceed the re-

search index, the published Long COVID ratio likely overstates the app’s. Fourth, we have not

validated the equivalence of the FHIR features to the research data model. Participant-provided

FHIR data in All of Us hold far fewer condition and procedure records than the research data [28],

and the application reads FHIR administrative gender rather than sex at birth. Fifth, our own

tests checked FHIR conformance structurally, and we did not run the HL7 FHIR validator. Sixth,

the CDS service does not authenticate callers, and records hidden by security labels are treated

as readable rather than unavailable. Seventh, the lupus rule detects negation with a short list

of cues, and no rheumatologist has reviewed its outputs. Eighth, the RECOVER items use the

published questionnaire’s symptom wording [13], but the question stem is ours. The app does not

administer the severity measures that the index requires for fatigue, brain fog, and chest pain, so

its total can exceed the research index by up to 5 points. The combined questionnaire and chart

triage rule and the condition self-checks are exploratory. Finally, we restricted the Post-COVID-19
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Functional Status scale to participants who report possible or prior COVID-19, and the custom

change questions use symptom onset when COVID-19 does not apply. We have not validated the

resulting questionnaire workflow for chronic fatigue case finding.

6 Conclusion

This prototype combines models fitted from released summary counts with a shared scoring im-

plementation, patient and clinician interfaces, a CDS Hooks service, and an aggregate-data atlas.

Synthetic testing established reproducible scoring across the reference and JavaScript implementa-

tions and identified 5 failure classes at the boundary with real records, which we fixed and covered

with tests. Real-record interoperability, usability, and prospective clinical performance remain to

be evaluated.

Clinical Relevance Statement

This prototype shows how models fitted from released summary counts can be delivered through

patient and clinician interfaces. Its testing establishes technical consistency on synthetic records,

not clinical effectiveness. Real-record interoperability, usability, and prospective clinical evaluation

are needed before routine use.

Multiple-Choice Questions

1. Why did the authors fit the deployed models outside the research enclave from summary counts?

(a) Summary counts give more accurate models. (b) The enclave does not allow participant-level

data or models trained on them to leave. (c) FHIR requires naive Bayes models. (d) Summary

counts remove the need for calibration. Correct answer: (b). The All of Us Researcher Workbench

allows only aggregate results that meet its dissemination policy to leave. A model fitted outside

from released counts can be shared.

2. What did the cross-implementation test vectors establish? (a) That the models are clinically

valid. (b) That the JavaScript scorer reproduces the reference outputs on synthetic patients. (c)

That the system works in commercial EHRs. (d) That the risk bands are calibrated. Correct
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answer: (b). The vectors check software consistency. The study did not evaluate clinical validity,

EHR interoperability, or calibration in deployment.
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