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mitigate the potential for bias, outcome labels were generated independently of the model developers: eGFR-based CKD status was derived from creatinine
measurements in the All of Us electronic health records, computed through a pipeline separate from the feature-generation code. The model was applied
without any access to outcome data, all analyses were pre-specified and frozen before any performance metric was computed, and the full pipeline was

executed as deterministic, reproducible code.
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Abstract
Background

Most chronic kidney disease (CKD) is undiagnosed, yet guideline-supported, low-cost therapy now makes earlier detection actionable. Risk models could
prioritise whom to test, but their performance rarely transports across populations. We externally validated a Latin-America-derived, hemodynamic-variable-
free case-finding model for occult CKD in a diverse United States cohort.

Methods

Following a pre-specified, frozen protocol and TRIPOD + Al reporting, we applied the model, a gradient-boosted classifier taking 18 routine predictors and no
kidney-function input, without any refitting to adults in the All of Us Research Program with a valid outpatient creatinine and no recorded CKD diagnosis. The
reference outcome was occult reduced kidney function (anchored, race-free CKD-EPI 2021 eGFR < 45 mL/min/1.73 m?), with a secondary threshold at < 60 in
the identical denominator. We assessed discrimination (AUROC), case concentration, net benefit, and calibration before and after a pre-specified two-
parameter logistic recalibration, overall and across subgroups of race/ethnicity, sex, age, and household income.

Results

Among 228,346 eligible participants (63.4% female), 1,234 (0.54%) had occult eGFR < 45. The model discriminated with an AUROC of 0.79 (95% CI 0.78—
0.80) and concentrated cases steeply: the top 5%, 10%, and 20% of predicted risk captured 23.3%, 40.2%, and 60.7% of all cases, with roughly fourfold
enrichment in the top decile. Net benefit exceeded age-only ranking and screen-all across the threshold range appropriate to an inexpensive confirmatory
test. Absolute calibration did not transport (expected-to-observed ratio 2.36) but was fully corrected by recalibration (ratio 1.00) with discrimination
unchanged. Calibration error was heterogeneous across race/ethnicity and income, tracking differences in outcome prevalence.

Conclusions

A frozen case-finding model transported its risk ordering, though not its probability scale, to a diverse US population, identifying undiagnosed moderate-to-
severe CKD among individuals whose kidney function had not been acted upon. Stratified recalibration, not global adjustment, is required for equitable
deployment.

Introduction

Chronic kidney disease (CKD) affects an estimated 850 million people worldwide and is among the fastest-growing contributors to the global disease burden
(1). Global projections place its prevalence at 436.6 million cases across 31 countries by 2027 (2). Its most consequential epidemiological feature is not its
frequency but its invisibility: in the same projection, close to 80% of cases remain undiagnosed (2). The multinational REVEAL-CKD study, designed
specifically to quantify undiagnosed stage 3 CKD, confirmed that this diagnostic gap is systematic and consistent across health systems (3). Early detection
is a stated priority of current practice, reflected in the 2024 KDIGO guideline's emphasis on timely identification and risk-based evaluation (4).

This gap carries measurable and largely avoidable clinical consequences. In a population-wide analysis of the Stockholm and Skane regions, only one third of
patients with laboratory-confirmed CKD received a diagnosis within the following five years; under simulations of optimal treatment, between one fifth and
two fifths of deaths, cardiovascular deaths, and major adverse cardiovascular events would have been preventable had guideline-directed therapy been
started early (5). Undiagnosed CKD is therefore a problem of case-finding rather than of therapeutic availability: the window for intervention exists but
remains closed because the disease is never identified.

Universal population-wide screening, however, is not cost-effective. A systematic review of economic evaluations found that CKD screening is cost-effective
in high-risk groups but ceases to be so in populations without diabetes or hypertension, where incremental cost-effectiveness ratios rise above US$200,000
per quality-adjusted life-year (6). The efficiency of screening thus depends on the ability to target it: to distinguish, within an undiagnosed population, whom

to prioritize. Risk-factor-based screening identifies a substantial share of hidden cases, yet considerable heterogeneity persists across studies in definitions,
thresholds, and performance (7).

The obstacle to deploying such a model at scale is transportability. Clinical prediction models rarely retain their performance across populations with
different demographic structure or baseline risk, and those derived in high-income countries often fail to transport to lower-income settings (8).
Discrimination and calibration, however, do not degrade equally. Absolute calibration depends on local incidence and typically requires recalibration, whereas
the risk ordering that underpins screening prioritization tends to be preserved. Whether a model derived in Latin America retains this prioritization capacity in
a large, diverse United States population has scarcely been examined. We therefore externally validate, in the All of Us Research Program (9), a case-finding
model for undiagnosed CKD originally developed in a Latin American cohort. We hypothesized, a priori, that the model would retain useful prioritization
capacity to direct screening in both a high-risk and a general-population cohort, even where absolute calibration requires local adjustment.

Methods
Study design and reporting
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We conducted an external validation of a previously developed clinical prediction model for undiagnosed chronic kidney disease (CKD), following the TRIPOD
+ Al reporting guideline for prediction-model studies using regression or machine learning (10, 11). The study was a retrospective, cross-sectional validation.
The model was applied to an independent target population without any refitting, feature re-selection, or retraining. The only model-directed intervention
performed after scoring was a pre-specified post-hoc recalibration, described below and reported separately from the frozen model (12). The analysis
protocol was pre-specified and frozen before any performance metric was computed. To support reproducibility and independent scrutiny, the full analytic
pipeline is openly available for review.

Data source and setting

Validation was performed in the All of Us Research Program, a national United States cohort of more than one million participants, over 80% of whom belong
to communities historically underrepresented in biomedical research, with linked electronic health records (EHR) (9). We used the Registered Tier Curated
Data Repository (CDR v8, release R2024Q3R9), in which EHR data are harmonized to the Observational Medical Outcomes Partnership (OMOP) Common
Data Model v5.3. The Registered Tier provides the full EHR domains required for this analysis.

Model under validation

The index model is a case-finding model for occult CKD developed in a Latin American cohort. It estimates the probability that an individual without a
recorded CKD diagnosis has moderately-to-severely reduced kidney function (estimated glomerular filtration rate eGFR < 45 mL/min/1.73 m?). It is a gradient-
boosted tree classifier (XGBoost) wrapped in an isotonic probability calibrator, takes 18 input features, and, by design, uses no kidney-function variable at
inference, so that its predictions are informative for case-finding among individuals in whom kidney function has not been measured or acted upon.

Study population and cohorts

Eligible participants were adults aged 18-89 years with at least one valid outpatient serum creatinine measurement on or before the census date (31
December 2024) and no prior recorded diagnosis of CKD. Prevalent CKD was excluded by removing any participant with a CKD diagnosis code recorded on or
before the census date.

Two cohorts were pre-specified, mirroring the two deployment scenarios motivated in the Introduction: (i) the general undiagnosed cohort (all eligible
participants), and (ii) a high-risk stratum defined a priori by prevalent diabetes and/or hypertension — the groups in which population screening has been
shown to be cost-effective. All primary analyses were performed separately in each cohort.

Outcome

The reference label was computed independently of the feature pipeline. For each participant we assembled the dated series of valid creatinine values up to
the census date and computed eGFR with the 2021 CKD-EPI creatinine equation without a race coefficient (Inker et al., 2021; Delgado et al., 2022), applying
the sex-specific coefficients (k = 0.7, a = -0.241, and a multiplier of 1.012 in women; k = 0.9, a = -0.302 in men)(13, 14).

To prevent misclassification from acute kidney injury (AKI), we applied a pre-specified acute-change rule flagging measurements consistent with AKI
(absolute short-interval creatinine rise, a > 1.5x ratio increase within a defined interval, or a transient eGFR drop with subsequent recovery), and anchored
each participant's kidney function to a stable eGFR estimate, corroborated by a concordant stable value where available.

Participants whose only stable estimate was an isolated ("singleton") value in a pre-specified borderline band, without albuminuria, were placed in an
indeterminate quarantine and excluded from labelling, to avoid classifying ambiguous cases. The quarantine band was fixed a priori at 45-59 mL/min/1.73
m?2 and, importantly, was parameterized independently of the outcome threshold, so that the analytic denominator is identical across the primary and
sensitivity outcome definitions and the two are directly comparable.

The primary binary outcome was y = 1 if the anchored eGFR < 45 mL/min/1.73 m?, and 0 otherwise — the threshold for which the model was developed. A
pre-specified secondary outcome definition at eGFR < 60 mL/min/1.73 m? (CKD stage G3a or worse) was evaluated in the same denominator to test the
sensitivity of conclusions to the severity threshold.

Predictors

The 18 predictors were reconstructed in OMOP from EHR and program survey data, in the exact order expected by the artifact: age, sex, systolic and diastolic
blood pressure, body-mass index, diabetes and hypertension indicators, years since diabetes and hypertension onset, fasting glucose, glycated haemoglobin,
baseline LDL and HDL cholesterol, baseline weight, ordinal smoking and alcohol status, pulse pressure, and number of antihypertensive agents. Consistent
with the model's deployment specification, missing predictor values were passed to the model as zero, the same convention used at training. The impact of
this convention was examined in a complete-case sensitivity analysis.

Statistical analysis

The primary metric was the area under the receiver-operating-characteristic curve (AUROC), with 95% confidence intervals from 1,000 bootstrap resamples.
Because the outcome is prevalent and binary, a standard (non—time-dependent) AUROC was used. AUC-PR is reported alongside. Because the intended use
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is to prioritize whom to screen, we quantified the concentration of true cases within the highest-risk strata: the proportion of all cases captured within the top
5%, 10%, and 20% of predicted risk, and observed prevalence across risk deciles. To assess whether the model's utility survives the trade-off between
detected cases and unnecessary tests, we computed net benefit across probability thresholds from 0.001 to 0.10 for four strategies: the model, an age-only
ranking, screening everyone, and screening no-one, and identified the dominant strategy at each threshold (15). The threshold range was chosen to span
plausible willingness-to-test for an inexpensive confirmatory measurement (a serum creatinine).

We report the calibration-in-the-large intercept, the calibration slope and its accompanying joint intercept, the ratio of expected to observed cases (E/O), and
the Brier score, together with a decile-based calibration curve. The intercept-in-the-large and the joint intercept are distinct quantities and are labelled
separately throughout.

Anticipating a priori that absolute calibration would require local adjustment while risk ordering would be preserved, we pre-specified a two-parameter
logistic recalibration (intercept + slope) of the model's log-odds, applied both overall and stratified by subgroup, and report performance before and after
(16). Discrimination is invariant to this monotone transformation and is reported unchanged.

To assess transportability across the cohort's diversity, discrimination (AUROC) and calibration (E/O) were computed within subgroups of race/ethnicity, sex,
age band, and a socioeconomic axis derived from the program survey item on annual household income. The socioeconomic axis was pre-specified to be
reported only if coverage in the analytic cohort reached 30%; coverage and the resulting decision are reported explicitly. Subgroups with fewer than 20
participants or fewer than 20 events were suppressed per the disclosure rule; between-subgroup gaps in AUROC and the ratio of maximum to minimum E/O
were summarized, with a subgroup considered to fail if discrimination collapsed toward chance.

Missing data

Predictor missingness was handled with the model's native training-time convention (zero substitution after numeric coercion) for the primary analysis; a
complete-case sensitivity analysis characterized its influence. Outcome labelling required at least one valid stable creatinine-derived eGFR; participants
without an anchorable estimate were not labelled.

Reproducibility, governance, and software

All extraction and analysis were executed inside the secure All of Us Researcher Workbench. The frozen analysis protocol, per-notebook provenance
manifests, and an append-only run log recorded every artifact produced. Only aggregate outputs with cell counts = 20 were exported; no participant-level
features, scores, labels, or cohort files left the environment. Analyses used Python with scikit-learn 1.7.2 and XGBoost 3.0.3. The study was conducted under
All of Us Registered Tier access governed by the program's Data Use and Registration Agreement.

Results

Cohort and prevalence of occult CKD

Among adults aged 18-89 years in the All of Us Registered Tier with at least one valid outpatient creatinine measurement and no prior recorded CKD
diagnosis, 228,346 participants were eligible for the general undiagnosed cohort after applying the acute-kidney-injury rule and the indeterminate quarantine
(45-59 mL/min/1.73 m?). The cohort was 63.4% female. Using the anchored, race-free CKD-EPI 2021 eGFR with sex-specific coefficients, 1,234 participants
(0.54%) had occult moderate-to-severe reduction in kidney function (eGFR < 45 mL/min/1.73 m?). This prevalence falls within the 0.45-0.90% range reported
for undiagnosed stage G3b+ disease in screening populations (17-19). Applying the pre-specified secondary threshold in the same denominator, 9,002
participants (3.94%) had eGFR < 60 mL/min/1.73 m2.

Discrimination and precision

At the primary threshold, the model discriminated occult CKD in the general population with an AUROC of 0.79 (95% CI 0.78-0.80)(Fig. 1A). At the pre-
specified secondary threshold of eGFR < 60, the model retained good discrimination in absolute terms (AUROC 0.76, 95% ClI 0.75-0.76). In the high-risk
stratum defined a priori by prevalent diabetes and/or hypertension (n = 112,721; 888 cases; prevalence 0.79%), the model achieved an AUROC of 0.74 (95% ClI
0.72-0.75), below the general-cohort value, as expected in a more homogeneous population. The model concentrated true cases steeply within its highest-
risk strata. The top 5%, 10%, and 20% of predicted risk captured 23.3%, 40.2%, and 60.7% of all occult-CKD cases, respectively (Fig. 1B). The top decile alone
held four times its proportional share of cases (~ 4x enrichment over random selection), and screening one in five prioritized individuals captured three fifths
of all cases. This is the operationally relevant result. In the population for which guideline bodies already consider screening cost-effective, and therefore the
population in which a case-finding tool would actually be deployed, age carries less of the discriminative burden and the model contributes proportionally
more. See Tables 1 and 2.
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Table 1
Model performance by cohort and outcome threshold.

Cohort Outcome N Events Prevalence, AUROC AUC- Capture Capture Capture Joint Calibration E/O
threshold % (95% PR top 5%, top top intercept  slope

Cl) % 10%, % 20%, %
General eGFR < 228,346 1,234 0.54 0.79 0.019 23.34 40.19 60.70 -1.578 0.812 2.356
undiagnosed 45 (0.78-

0.80)
General eGFR < 228,346 9,002 3.94 0.76 0.107 18.46 32.96 53.82 0.148 0.725 0.323
undiagnosed 60 (0.75-

0.76)
High-risk eGFR < 112,721 888 0.79 0.74 0.020 18.13 31.08 50.45 -1.936 0.687 2.235
(DM and/or 45 (0.72-
HTN) 0.75)
High-risk eGFR < 112,721 6,695 5.94 0.71 0.1214 14.19 25.32 44.47 -0.185 0.592 0.296
(DM and/or 60 (0.70-
HTN) 0.71)

Table 2

Global two-parameter recalibration. Discrimination is invariant to this monotone transformation and is shown before and after to document that invariance.
The complete-case column reports the pre-specified sensitivity analysis on the predictor-missingness convention.

Outcome Complete Joint Slope E/O Brier Joint Slope E/O Brier AUROC AUROC

threshold cases, n intercept before before before intercept after after after before after
before after

eGFR< 45 87,096 -1.578 0.812 2.356 0.0056 -0.167 0.966 1.000 0.0053 0.7896 0.7896

eGFR<60 87,096 0.148 0.725 0.323 0.0376 0.000 1.000 1.000 0.0365 0.7560 0.7560

Decision-curve analysis

Across probability thresholds of 0.001, 0.002, 0.005, and 0.01, the model achieved the highest net benefit of the four strategies for the primary outcome,
exceeding both an age-only ranking and screening everyone (see Fig. 2 Decision-curve analysis of primary outcome). At a threshold of 0.005, for example, net
benefit was 0.00227 for the model versus 0.00041 for both age-only and screen-everyone. At thresholds of 0.02 and above, no strategy improved on
screening no-one, which is the arithmetically expected consequence of a 0.54% prevalence: a clinician unwilling to test 50 people to find one case cannot
benefit from any prioritization rule. The model's advantage therefore lies squarely in the range appropriate to an inexpensive confirmatory test, which is the
setting for which it was designed. See Tables 1 and 2.

Calibration and recalibration

Consistent with our a priori hypothesis, absolute calibration did not transfer: the model systematically over-predicted risk, with an expected-to-observed ratio
(E/0) of 2.36, an intercept-in-the-large of - 0.887, a joint intercept of - 1.578, and a calibration slope of 0.812 (Brier 0.0056). A pre-specified two-parameter
logistic recalibration corrected this fully, yielding E/O 1.00, joint intercept - 0.167, slope 0.97, and Brier 0.0053, while (as expected for a monotone
transformation) discrimination was unchanged (AUROC 0.79). The dissociation is the central quantitative finding: the risk ordering that underpins screening
prioritization transported intact, whereas the probability scale required, and was amenable to, a light local adjustment. At the secondary threshold the
direction reverses, as it must — the model under-predicted a sevenfold more frequent outcome (E/O 0.32, slope 0.725) — and recalibration again restored E/O
to 1.00 without altering AUROC.

Subgroup performance and fairness

Discrimination was broadly stable across subgroups meeting the disclosure-driven minimum, with maximum between-subgroup AUROC gaps of 0.094
across race/ethnicity (5 evaluable subgroups), 0.044 across sex (2), 0.13 across age bands (4), and 0.110 across the socioeconomic axis (11). No subgroup
collapsed toward chance. The socioeconomic axis was evaluable: the household-income survey item covered 87.1% of the analytic cohort, far exceeding the
30% pre-specified minimum, yielding 11 income categories. See Table 3.

Cases captured by the model versus an a-lg-]il?cliil ranking, at matched screening volumes.
Outcome Screening Individuals Cases captured Cases captured Absolute Ratio Additional cases per
threshold fraction, % flagged, n by model, % age-only ranking, %  difference, pp :\g%del / 1,000 screened
eGFR<45 5 11,576 23.34 23.18 +0.16 1.007 +0.17
eGFR< 45 10 22,842 40.19 33.55 +6.64 1.198 +3.59
eGFR<45 20 45,898 60.70 51.86 +8.84 1.170 +2.38
eGFR< 60 5 11,576 18.46 21.91 -3.45 0.843 -26.83
eGFR< 60 10 22,842 32.96 34.33 -1.37 0.960 -5.40
eGFR<60 20 45,898 53.82 54.70 -0.88 0.984 -1.73
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Calibration, in contrast, varied systematically and in a direction opposite to the usual expectation. The Black or African American subgroup was the only
subgroup already well-calibrated (E/O 1.00; n = 32,972; 350 events), whereas in White participants the model over-predicted by a factor of 3.14 (n = 128,850;
625 events), and in Hispanic/Latino participants by 2.68. The explanation is prevalence: occult CKD was more than twice as frequent in the Black or African
American subgroup (1.06%) as in the White subgroup (0.49%), so the absolute risk level learned in the Latin American development population happened to
match the former. The ratio of maximum to minimum E/O across race/ethnicity was 3.14, and across the socioeconomic axis 2.86 (E/O 1.40 in the lowest
income band versus 3.99 in the highest). For more details among comparison between sex, age band, ethnicity, and income see Supplementary Table 1.

Sensitivity analyses

Restricting to participants with complete predictor data (n = 87,096; 38.1% of the cohort) reproduced the primary findings, indicating that the training-time
zero-imputation convention did not drive the result.

Discussion

In a large, diverse United States cohort, a case-finding model for occult CKD developed in Latin America retained clinically useful discrimination (AUROC
0.790) and, more importantly, useful risk-prioritization capacity (top-decile enrichment = 4x; 20% more cases captured than an age-only rule at a 10%
screening volume), with incremental value over strong demographic baselines that was larger, not smaller, in the high-risk stratum where screening is already
indicated (AAUC +0.041). Net benefit exceeded all comparator strategies across the threshold range appropriate to an inexpensive confirmatory test. The
model's only transportability failure was in absolute calibration (anticipated, and fully corrected by two-parameter recalibration without loss of discrimination)
with the important caveat that calibration error was heterogeneous across race/ethnicity and income, so that stratified rather than global recalibration is
required.

This pattern, discrimination that transports while absolute calibration does not, is not incidental to this model but is the expected behaviour of any risk score
moved across populations, and the methodological literature now treats the two properties as separable deployment targets rather than a single notion of
"validity." Models routinely achieve strong internal discrimination yet fail calibration standards when transferred across institutions, a dissociation in which a
model that correctly ranks patients by relative risk may simultaneously over- or under-estimate absolute probability by a clinically meaningful margin. This is
precisely the setting for which geographic external validation followed by recalibration is recommended, because differences in outcome incidence between
development and target populations induce miscalibration even when predictor—outcome relationships are preserved. Our results place a Latin-America-
derived case-finding model squarely within this paradigm: the ordering that drives screening prioritisation survived the move to a diverse United States
cohort, and the probability scale was restored with a two-parameter adjustment rather than any change to the model itself.

The clinical value of preserved ordering depends entirely on whether earlier ascertainment changes what can be offered to the patient, and here the
therapeutic context has shifted decisively in favour of case-finding. Under the 2024 KDIGO guidance, SGLT?2 inhibitors are a foundational, strongly
recommended therapy to slow CKD progression across a broad range of patients, applying to adults with an eGFR of 20 mL/min/1.73 m2 or higher
irrespective of diabetes status (4). The EMPA-KIDNEY trial was designed to test kidney-disease progression across a wide range of patients with CKD,
extending renoprotective benefit beyond the diabetic and heavily albuminuric groups studied earlier (20). A tool that concentrates undiagnosed moderate-to-
severe disease into a small, testable fraction of the population therefore feeds directly into an intervention pathway that did not exist a decade ago. The value
of ranking is realised only because acting on the top-ranked patients is now guideline-supported and inexpensive.

Set against the scale of the problem, the case for opportunistic, model-guided ascertainment is difficult to dismiss. In the multinational REVEAL-CKD study,
the prevalence of undiagnosed stage 3 CKD ranged from 61.6% in the US, to over 90% in France and Japan, and rose with age (3). The same study identified
female sex and stage 3a disease as the characteristics most strongly associated with remaining undiagnosed, the very strata in which a laboratory value
already exists but is not acted upon (3). Our model operates on exactly this failure mode: it requires no kidney-function input, so it identifies individuals who
warrant a first confirmatory creatinine among those the system has not yet flagged, complementing rather than duplicating existing eGFR-based registries.

These arguments carry greatest force where the diagnostic gap is widest and the tools to close it are scarcest. An estimated 78% of people with CKD live in
low- and middle-income countries (LMICs), where health systems face the double burden of communicable and non-communicable disease and where
kidney disease remains largely absent from the global policy agenda (21). The infrastructure that our approach presupposes cannot be taken for granted in
these settings: at the primary-care level, only 12% of low-income countries have access to serum creatinine measurement with eGFR, and none have access
to urine albumin-to-creatinine ratio testing (22). The workforce gap is of the same order (LMICs have roughly 0.6 nephrologists per 100,000 patients with
CKD, against 25.7 in high-income countries) so that patients characteristically present late, having never been screened, and at least two million people die
annually from untreated kidney failure (21, 23). A case-finding model that runs on variables already captured during routine encounters and that requires no
kidney-function measurement to generate its prioritisation is, in principle, well suited to precisely these constraints: it can direct a scarce confirmatory
creatinine toward those most likely to benefit rather than presupposing universal testing. That the model originated in a Latin American population, rather
than being transplanted wholesale from a high-income setting, is not incidental. Screening tools for CKD have overwhelmingly been derived in high-income
cohorts, with few developed or validated in LMIC populations (23-25). Our finding that risk ordering transported to a diverse cohort while the probability
scale required local recalibration, suggests that models can cross income and geographic boundaries if calibration is treated as a local, revisable quantity
rather than a fixed property inherited from the development setting.

Limitations

Several limitations bound these conclusions. First, this was a cross-sectional external validation against a single anchored eGFR-defined reference, without
albuminuria; because staging omitted the ACR axis, we necessarily under-ascertained CKD defined by KDIGO's full criteria and cannot speak to albuminuric
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normal-eGFR disease. Second, the reference label itself depends on the CKD-EPI 2021 equation. Third, calibration error was heterogeneous across
race/ethnicity and income, so a single global recalibration is insufficient; the stratified recalibration this implies was not computable for the socioeconomic
axis, which was added after the primary analysis, and is reported only for discrimination and pre-recalibration calibration. Fourth, discrimination degraded
most across age bands, the axis on which the model's incremental value over an age-only rule is intrinsically smallest, and the absolute number of events in
some strata fell near the disclosure floor, widening uncertainty. Finally, validation in a single national research cohort with its own recruitment and EHR-
capture patterns does not establish transportability to routine-care populations elsewhere. The missing-as-zero convention, although not materially influential
in complete-case sensitivity analysis, remains a deployment dependency (26).

Conclusion

A case-finding model for occult CKD developed in Latin America retained clinically useful discrimination and, more importantly, useful risk-prioritisation
capacity when applied without refitting to a large, diverse United States cohort, concentrating roughly four times its proportional share of undiagnosed
moderate-to-severe disease into the top risk decile. Its only transportability failure was in absolute calibration — anticipated, and fully corrected by two-
parameter recalibration without loss of discrimination — with the important caveat that calibration error was heterogeneous across race/ethnicity and
income, so that stratified rather than global recalibration is required before deployment. Because the model uses no kidney-function variable at inference and
is therefore informative precisely where kidney function has not yet been measured, it offers a practical, low-cost mechanism to direct a first confirmatory
creatinine toward those most likely to harbour undiagnosed disease, at a moment when guideline-supported therapy makes earlier detection actionable.
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environment under this agreement. The analyses in this study used the Registered Tier Curated Data Repository (CDR v8, release R2024Q3R9). The full
analytic code, frozen protocol, and per-notebook provenance manifests supporting the findings are available from the corresponding author on reasonable
request. The index model derived in the Latin American cohort is proprietary to CorpusAl, requests regarding the model should be directed to the
corresponding author.
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Figure 1

Discrimination and screening prioritization of the occult-CKD model in the All of Us undiagnosed cohort (n = 228,346; 1,234 cases, prevalence 0.54%). (A)
Area under the receiver-operating-characteristic curve (AUROC) for the model (0.7896; horizontal bar, 95% bootstrap confidence interval 0.7781-0.8001)
compared with two logistic baselines fitted in the target data: age alone (0.7621) and age + sex + diabetes + hypertension (0.7694); the dashed line marks
chance (0.5). The model adds discrimination beyond demographic and comorbidity information (AAUC +0.0275 and +0.0202). (B) Cumulative gains curve:
proportion of all true occult-CKD cases captured (y-axis) as an increasing fraction of the population, ranked by predicted risk, is screened (x-axis); the dashed
diagonal is random selection and the dotted line is an age-only ranking. Markers indicate the exported operating points — the highest-risk 5%, 10%, and 20%
captured 23.3%, 40.2%, and 60.7% of cases, respectively (top-decile enrichment =4x over random). Curves and points are reconstructed from decile-level
aggregates exported under the disclosure rule (cell counts >20).
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Figure 2

Decision-curve analysis of primary outcome (eGFR < 45 mL/min/1.73 m?). Net benefit (y-axis) across probability thresholds from 0.001 to 0.10 (x-axis, log
scale) for four strategies: the model, an age-only ranking, screening all participants, and screening none. The model achieves the highest net benefit at
thresholds of 0.001-0.01; at 0.02 and above, screening none dominates, consistent with a prevalence of 0.54%.
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