ARTICLE https://nhsjs.com/

When Perfect Is Wrong: Exposing the AUC ~ 1.0 Illusion in Chronic
Kidney Disease Machine Learning Benchmarks

Justin Xia!

Received April 4, 2026
Accepted July 27, 2026
Electronic access September 30, 2026

Chronic kidney disease (CKD) is a serious progressive condition, but many machine-learning studies continue to use the
University of California, Irvine (UCI) CKD dataset (n=400), and yield area-under-the-curve (AUC) values near 1.0. We
investigated whether the results on UCI reflect strong algorithms or a ceiling effect limiting model comparison. We studied
three datasets representing different tasks: the UCI CKD, the National Health and Nutrition Examination Survey (NHANES)
2021-2023, and the Tawam Hospital UAE cohort. We evaluated 5 models using stratified training-test splits, repeated learning
curves, single-feature screening, staged feature removal, training-test performance comparisons, and cross-dataset evaluation.
For preprocessing, we used training data only for missing-value imputation and scaling, with each learning curve point generated
from 20 repeated subsamples. UCI-trained models generated AUC values near 1.0 with small training samples. NHANES
performance declined after feature ablation: first with the removal of estimated glomerular filtration rate (¢GFR) and albumin-
to-creatinine ratio (ACR), then again after removing creatinine and blood urea nitrogen (BUN). The performance decline was
attributed to the removal of the measurements defining CKD status and markers of kidney function. Tawam produced lower
AUC values compared to UCI, with performance improving with training size. We then performed a cross-dataset evaluation of
UClI-trained models on NHANES and Tawam using three shared features. We found that UCI-trained models yielded lower and
more varied AUC values when applied to NHANES and Tawam. These results suggest that UCI remains useful as a teaching
and code validation dataset, but remains limited for model comparison and clinical usage.

Keywords: chronic kidney disease, machine learning, AUC, benchmark validity, learning curves, clinical informatics,
shortcut learning, cross-dataset validation

Introduction Benchmark Validity

Useful benchmarks should distinguish competing methods.
When different models produce similar results, benchmarks
struggle to determine which method is best. Additionally,

Background and Context
Nearly 700 million people globally have chronic kidney dis-

ease . Because early-stage CKD is often asymptomatic, early
diagnosis is challenging. This leads many patients to re-
ceive diagnosis only after developing significant declines in
kidney function®. At this advanced stage, treatment options
may include dialysis or transplantation, both of which create
challenges for patients and healthcare systems?. Due to this
clinical gap, extensive work on automated CKD recognition
has occurred, primarily through routine laboratory and demo-
graphic data®~’. In the published machine-learning literature,
however, one benchmark dominates: the UCI CKD dataset®.
Previous research using UCI frequently reported near-perfect
performance across several models*%!°. This raises questions
regarding whether these results reflect strong model perfor-
mance or weak benchmarks unable to compare between them.
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it must represent the clinical task for which the model is
intended. Reporting guidelines emphasize transparent out-
come definitions, validation, calibration, and considerations
of model transportability '!. Shortcut learning illustrates these
concerns. For example, Zech et al. found that a pneumonia
model relied partly on hospital- and scanner-specific features,
leading to a performance decline when evaluated at other hos-
pitals 2. Other related shortcut and transportability issues
have been reported elsewhere 1313,

Problems regarding model comparison matter because the
UCI, NHANES, and Tawam datasets have fundamentally dif-
ferent tasks. UCI primarily represents Indian hospital records
and patients with labeled CKD. Rather than detect early-stage
CKD, it tests whether the models can recognize already la-
beled CKD. NHANES classifies CKD at one point in time.
Some variables used to determine CKD status can also be
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given to the model as predictors. Tawam includes high-
cardiovascular-risk patients in Abu Dhabi who began with rel-
atively preserved kidney function and received follow-ups to
track CKD progression '%. The datasets differ in their patients,
outcomes, and CKD rates, which means that their scores can-
not be directly compared. This paper therefore treats them as
separate case studies.

Study Objectives

This study evaluates whether the strong performance often re-
ported on UCI is a property of strong algorithms or of an
unusually easy benchmark. The analysis uses cross-dataset
evaluation, three NHANES feature sets, stratified repeated
learning curves, UCI categorical preprocessing, UCI ablation,
Tawam overfitting checks, Brier and threshold summaries, and
a KDIGO stage mapping.

Methods

Datasets

We chose the existing NHANES 2021-2023 cohort instead of
rebuilding it from the original NHANES files. The 2021-2023
cohort already had columns with eGFR, albumin-creatinine
ratio, CKD stage, and CKD status. Since the 2021-2023 co-
hort already contained eGFR values, we decided not to recre-
ate them using creatinine; this is why the modeling script does
not specify the equation used to calculate eGFR. The only par-
ticipants that we retained were those with a recorded CKD
label. We did not remove participants from the analysis for
missing predictor values, and missing values were filled in
only using information from training data. Before imputation,
the resulting file contained 11,933 participants, 8,341 CKD-
positive labels, 11 predictors, and 38,655 missing predictor
cells. Since the purpose of the study is to examine model be-
havior instead of creating a nationally representative CKD es-
timate, we did not use NHANES survey weights or sampling-
design variables. Additionally, CDC/NCHS notes that the
sampling design changed specifically for the 2021-2023 co-
hort, so the unweighted results should not be interpreted as
nationally representative '°.

NHANES and UCI also contain different predictors. For
example, UCI contains hemoglobin and urine specific grav-
ity, whereas NHANES includes BMI and diabetes status. Dif-
ferences in results may reflect different prediction tasks and
available information. Therefore, the two dataset’s results
should not serve as evidence that one patient population is eas-
ier to classify.

Preprocessing

Before modeling, we divided each dataset into training and
test groups, both containing around the same proportions of

negative and positive outcomes. Imputation of missing data
came from training data only. If there were missing numeri-
cal values, we replaced them with the median. Missing cate-
gorical values were replaced with the most common category.
Small datasets are particularly susceptible to validation perfor-
mance inflation when test group information influences model
preparation®’. As a precaution, we standardized numerical
predictors using only training data, then applied the same pa-
rameters to the test data. UCI variables without natural rank-
ings were one-hot-encoded. Any variables with meaningful
clinical order, such as urine specific gravity and urine dip-
stick measurements, were encoded to preserve their order. For
Tawam, we retained selected baseline predictors, excluding
participant identifiers and follow-up time. We also checked
the StudyID column for any duplicate identifiers that could
appear in both training and test sets and found none.

Ethical Considerations

This study analyzed de-identified public or previously existing
datasets and did not recruit, contact, or intervene with patients.
The UCI CKD is publicly available through the UCI Machine
Learning Repository that supports reuse, permitting attribu-
tion®. NHANES was released by the CDC/NCHS under its
public-use data procedures !”. The Tawam data cohort accom-
panies a published study that reported local ethics approval '©.
Therefore, the present manuscript did not require the author to
obtain new institutional review board approval or obtain addi-
tional informed consent.

Models and Experiments

Our analysis also contained seven complementary experi-
ments. First, we trained all five models using the available
training data, then used them to generate predictions on the
test data, and compared their performance. We then used
learning curves to measure performance changes as the train-
ing size increased. We evaluated NHANES using three predic-
tor sets: all predictors; all predictors except eGFR and ACR;
and all predictors except eGFR, ACR, creatinine, and BUN.
Comparing the predictor sets quantified changes in model
performance when removing kidney-related predictors. For
UCI, we screened the predictors individually, then retrained
the models after removing the three strongest predictors. On
Tawam, we compared training and test performance to as-
sess the possibility of overfitting. Finally, we evaluated UCI-
trained models without retraining on NHANES and Tawam
using three shared variables: age, systolic blood pressure, and
serum creatinine. We used seed 42 for primary training and
test splits for data partition reproduction. We also ran re-
peated subsampling experiments with different predetermined
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Table 1 Summary of datasets used in this study 81617

Dataset N Origin CKD label Key features

UCI CKD 400 India hospital EHR CKD/not-CKD class Hemoglobin, specific gravity, creatinine,
packed cell volume, albumin

NHANES 11,933 U.S. national health eGFR < 60or ACR > 30 Creatinine, BUN, albumin, BMI, eGFR,

2021-2023 survey ACR, diabetes, blood pressure

Tawam Hospital 491 Abu Dhabi EHR 9-year CKD incidence Creatinine, eGFR, HbAlc, cholesterol,

UAE triglycerides, blood pressure, BMI

Table 2 Mapping of dataset labels to KDIGO 2024 CKD stages '8.

Dataset CKD stages represented

Stages excluded

Population setting

UCI CKD Not directly determined
NHANES 2021-2023 G1-GS5 by eGFR/ACR criteria

Not directly determined
None by definition

Hospital records
U.S. community-dwelling sample

Tawam Hospital UAE Baseline G1-G2; progression G3-GS5 at baseline excluded Hospital outpatient cohort

toward G3a-G5

Table 3 Summary of datasets produced from the final analysis. Missing predictor values are counted before they were filled in using information

from training data.

Dataset N Pos. Pos.rate Pred. Miss. Train N Train pos. Test N Test pos. Dup. IDs
UCI CKD 400 250 0.625 24 1,012 300 0.627 100 0.620 N/A
NHANES 2021-2023 11,933 8,341 0.699 11 38,655 10,143 0.699 1,790 0.699 0
Tawam UAE 491 56 0.114 10 21 368 0.114 123 0.114 0

Table 4 Machine-learning models evaluated in the pipeline.
Model Family Key hyperparameters Role
Logistic Regression Linear C = 1.0, max_iter=1000 Interpretable baseline
Random Forest Bagging ensemble 200 trees, depth 8, minimum leaf 5 Nonlinear baseline

Histogram Gradient Boosting
Neural Network (MLP)
Soft-voting Ensemble

Boosting ensemble
Deep learning
HGB + RF + MLP

300 iterations, learning rate 0.05, depth 5, minimum leaf 20
128-64-32 hidden units, early stopping, 500 iterations
Soft voting over three base learners

Primary learning-curve model
Flexible nonlinear model
Aggregate benchmark

seeds for the same purpose. We measured model discrimina-
tion through area under the receiver operating characteristic
curve (AUC-ROC, abbreviated as AUC in the tables). In or-
der to provide additional information beyond AUC, we cal-
culated Brier scores for both NHANES and Tawam. We also
calculated model specificity and sensitivity at a threshold of
0.5. However, neither Brier scores, AUC values, nor speci-
ficity and sensitivity demonstrate whether using the models’
predicted probabilities of CKD-positive outcomes would im-

prove clinical decisions ',

Power-Law Fits

NHANES learning curves are summarized by an inverse
power-law equation, which describes how model performance

changes with sample size 21?2

AUC(n) =c—an"

The fitted ceiling, ¢, could not fall below the maximum ob-
served AUC or exceed the maximum possible AUC value of
1.0. If the model had an observed AUC of 1.0, it meant that
the model had perfectly ranked all positive cases above all
negative cases in the particular test sample. Since 1.0 is also
the maximum possible AUC value, we therefore placed the
lower limit just below 1.0 to give the program a range to es-
timate the ceiling. We constrained parameter a, which con-
trols the size of the gap below the fitted ceiling, from O to
200 and b, which controls how the gap changes with train-
ing size, from 0 to 5. We began the fitting process with
¢ = min(1.0,max(AUC) 4+ 0.01), a = 2.0, b = 0.5, with the
program adjusting the parameters to minimize the squared dif-
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ference between the fitted curve and observed AUC values. In
order to estimate the stability of the fitted parameters, we used
500 bootstrap resamples of the learning-curve points, with Ta-
ble 8 reporting the middle 95% of the resulting parameter esti-
mates as bootstrap intervals. We also removed the two small-
est training sizes, then refitted the curve to see whether the es-
timated ceiling depended on results from small samples. The
curves summarize how performance changed for each model
and NHANES predictor set. Therefore, conclusions should
be limited to the tested models, predictor sets, and NHANES
sample examined here. The power law curves provide an es-
timated ceiling; however, such a ceiling is neither a biologi-
cal limit on CKD prediction nor a guarantee of future perfor-
mance. Likewise, a reported value of ¢ = 1.000 or a = 200 in-
dicates that the ceiling reached its upper boundary or the scale
parameter reached its boundary, respectively. In either case,
the data produced an uncertain, imprecise parameter estimate
rather than a precise estimate.

Results

Full-Data Comparison

Table 5 Held-out test-set performance for the pipeline.

Model UCIAUC NHANES AUC Tawam AUC NHANES Brier Tawam Brier
LogReg 1.0000 0.9457 0.8768 0.0835 0.0612
RF 0.9996 1.0000 0.9083 0.0043 0.0658
HGB 1.0000 1.0000 0.9102 0.0001 0.0576
MLP 0.9983 0.9971 0.9083 0.0153 0.1397
Ensemble  1.0000 1.0000 0.9050 0.0033 0.0663
Model performance by dataset
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Figure. 1 Model performance by dataset. The red bar shows that
most models achieved AUC values near 1.0 on UCI. NHANES also
produced very high scores with all predictors included, including kid-
ney measurements closely tied to the CKD label. Tawam produced
lower and more varied scores across models. The y-axis is intention-
ally truncated at 0.82 to make small AUC differences visible.

Table 6 Sensitivity and specificity for NHANES and Tawam datasets
when threshold probabilities of 0.5 or higher were classified as posi-
tive.

Model Dataset Sensitivity Specificity
LogReg NHANES  0.963 0.742
LogReg Tawam 0.357 1.000
RF NHANES 1.000 1.000
RF Tawam 0.143 1.000
HGB NHANES 1.000 1.000
HGB Tawam 0.429 0.982
MLP NHANES  0.989 0.961
MLP Tawam 0.786 0.917
Ensemble NHANES 1.000 1.000
Ensemble Tawam 0.286 1.000

Learning Curves

UCT learning curves plateau rapidly. Across repeated samples,
gradient boosting achieved an average test AUC of roughly
0.79 at n = 40 to about 0.99 at n = 50. Its AUC reaches the
ceiling by the full training size.

UCI learning curves

Test AUC-ROC

1020 4050 75 100 150 200 300
UCT training size

—o— Logistic —— Random forest —— Gradient boosting —+— MLP —e— Ensemble

Figure. 2 UCI performance reaches near perfect AUC values with
small stratified subsamples, supporting the ceiling-effect interpreta-
tion.

NHANES learning curves, all features
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Figure. 3 With eGFR and ACR included, NHANES approaches a
ceiling because the label definition is partly inside the feature set un-
der KDIGO-style eGFR/albuminuria criteria '8.
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NHANES Feature-Set Sensitivity

Table 7 NHANES full-data AUC depends strongly on whether label-
defining variables are included.

Model All features No eGFR/ACR No eGFR/ACR/Cr/BUN
LogReg 0.9457 0.8131 0.6926
RF 1.0000 0.9737 0.9218
HGB 1.0000 0.9751 0.9205
MLP 0.9971 0.9690 0.9155
Ensemble  1.0000 0.9749 0.9216
— Logistic — Randomforest —— Gradientboostng ~ — MLP — Ensemble

All features

Test AUC
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Figure. 4 Removing label-defining and closely related laboratory
variables exposes a substantially harder NHANES prediction task,
especially for logistic regression.

Tawam Learning Curves and Overfitting

We trained the models on Tawam using baseline measure-
ments to predict which patients developed CKD during
follow-up. This means Tawam models more closely pre-
dict future outcomes, which differs from UCI, where models
mainly identify pre-existing CKD, and NHANES, where CKD
is defined based on eGFR and ACR. Models on Tawam pro-
duced test AUC values between 0.88 and 0.91 and indicated a
0.03 to 0.10 decrease between training and test AUC values.
However, this difference may reflect overfitting but should be
interpreted cautiously because only 14 out of the 123 patients
in the test group developed CKD, meaning small chance dif-
ferences in the test group could affect model performance.

Tawam learning curves with train/test gap

L . I L 1 I I
20304050 75 100 125 150 200 368
Tawam training size

—o— Logistic —#— Random forest —— Gradient boosting
—+—MLP  —e— Ensemble - - - HGBtrin

Figure. 5 Tawam test AUC improves as more training data are added.
The dashed training curves show the difference between training and
test performance used to detect overfitting.

Single-Feature Screening and Ablation

Numerical and ordered UCI predictors were tested individu-
ally using logistic regression, with the four strongest measure-
ments being hemoglobin, serum creatinine, packed cell vol-
ume, and specific gravity. Each measurement separated the
CKD and non-CKD cases well, producing test AUC values
between 0.91 and 0.95, medically plausible results consistent
with their relationships to CKD. This becomes clearer when
we consider what each measurement represents. Serum creati-
nine helps estimate kidney filtration, urine specific gravity re-
flects urine concentration, and lower hemoglobin and packed
cell volume are both associated with established CKD?>'3.
Even though these results may all be plausible, many UCI pa-
tients already have relatively advanced disease, which may al-
low even one laboratory measurement to distinguish between
CKD and non-CKD groups unusually well.

UCI single-feature discriminability

Potassium
Sugar Level

White Blood Cells
Blood Pressure
Blood Urea

Blood Glucose

Age

Red Blood Cells
Sodium

Albumin

Specific Gravity
Packed Cell Volume
Serum Creatinine

Hemoglobin

L L L L L L L L L L L L
04 045 05 055 06 065 07 075 08 0.85 0.9 095 1
Single-feature AUC-ROC

Figure. 6 Several individual UCI features approach or exceed AUC
0.90 on their own.
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UCI top feature ablation
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Figure. 7 Top-feature removal has little effect on UCI performance.
The y-axis is truncated at 0.98 in order to make the near-ceiling range
visible.
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Cross-Dataset Transfer

We trained models on UCI using the three shared predic-
tors: age, systolic blood pressure, and serum creatinine. This
helped us determine whether the patterns learned from UCI
would remain useful in other datasets. When we applied UCI-
trained models to NHANES and Tawam without additional
training, the AUC values were lower and had more varia-
tion across models compared to three-predictor UCI test re-
sults. The results suggested that relationships learned from
UCI did not transfer consistently across datasets. This find-
ing is similar to other medical-Al studies, which show that
models that perform well within their original datasets may
perform worse when applied to different patient groups and
clinical settings '>14.

UCI trained cross-dataset transfer
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Figure. 8 UCI-trained models do not reliably transfer performance to
NHANES or Tawam when evaluation is restricted to the three shared
clinical variables.

Discussion

The UCI Ceiling

We believe that UCI has limited value for measuring CKD
ML progress for three reasons. First, all five models produced

UCI CKD Tawam UAE

‘True positive rate
‘True positive mate

0 0.2 04 0.6 0.8 1 0 02 04 0.6 08 1

False positive rate False positive rate

—— Logste —— RF —— HGB —— MLP —— Ensemble

Figure. 9 ROC curves demonstrate the tradeoff between detect-
ing positive cases and producing false positives across classification
thresholds. On UCI, the curves cluster near the upper-left, indicat-
ing little variation among models. On Tawam, the curves show more
visible separation, marking clearer differences among model perfor-
mance.

Power-Law Summaries

All features

HGB AUC
B
%

0.6

102 103 104

No eGFR/ACR
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Figure. 10 Fitted learning curves show changes in NHANES learn-
ing behavior under the three predictor sets. The ceiling parameter ¢
represents the estimated AUC plateau and was capped at AUC’s max-
imum possible value of 1.0. It is a descriptive summary of the fitted
pattern rather than a guaranteed performance limit.

AUC values concentrated toward 1.0, making differences in
performance difficult to distinguish. Second, several models
separated CKD and non-CKD groups well, even at small train-
ing sample sizes. The models’ performance suggests that the
differences were not difficult to learn. Third, complete pre-
dictor sets were not needed to achieve high performance, as
individual measurements like hemoglobin and serum creati-
nine already distinguished CKD from non-CKD records when
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Table 8 Parameters describing the fitted NHANES learning curves. Parameter ¢ represents the estimated AUC plateau, while a and b describe
the curve’s shape and rate of improvement. Each estimate is followed by its 95% bootstrap interval. The final column reports ¢ after excluding
the two smallest training sizes to determine how strongly those points influenced the estimated plateau.

Model c ceiling a b R>  Drop-2c¢
All features

LogReg 0.946 (0.946-0.953) 1.736 (0.349-3.156) 0.780 (0.427-0.929) 0.990 0.950
RF 1.000 (1.000-1.000) 1.446 (0.889-199.994) 0.864 (0.746-1.774)  0.980 1.000
HGB 1.000 (1.000-1.000)  200.000 (14.296-200.000) 1.637 (1.560-1.965) 0.923 1.000
MLP 1.000 (1.000-1.000) 4.790 (2.996-49.663) 0.629 (0.513-1.053) 0.948 1.000
Ensemble 1.000 (1.000-1.000) 49917 (45.269-199.971)  1.668 (1.646-1.969) 1.000 1.000
No eGFR/ACR

LogReg 0.813 (0.813-0.814) 12.850 (1.612-22.715) 1.305 (0.869-1.449) 0.996 0.813
RF 0.974 (0.974-0.978) 1.195 (0.402-1.461) 0.731 (0.502-0.782)  0.998 0.977
HGB 0.975 (0.975-0.989)  200.000 (0.383-200.000)  1.636 (0.428-1.642) 0.972 0.981
MLP 1.000 (0.972-1.000) 2.658 (1.571-200.000) 0.448 (0.318-1.211) 0.859 0.973
Ensemble 0.975 (0.975-0.986) 3.498 (0.172-9.804) 0.946 (0.303-1.203) 0.978 0.985
No eGFR/ACR/Cr/BUN

LogReg 0.693 (0.693-0.696) 4.643 (0.772-9.046) 1.038 (0.655-1.204) 0.995 0.694
RF 0.922 (0.921-0.925) 2.417 (0.910-2.573) 0.786 (0.589-0.803) 0.999 0.925
HGB 0.919 (0.919-0.953)  200.000 (0.228-200.000)  1.672 (0.201-1.680) 0.973 0.947
MLP 1.000 (0.918-1.000) 1.782 (1.284-129.410) 0.325 (0.246-1.113) 0.869 0.921
Ensemble 0.921 (0.921-0.938) 5.530 (0.217-17.151) 0.968 (0.276-1.251) 0.975 0.937

tested alone. Previous research is consistent with this view.
Strong scores may not apply beyond the specific patients and
tasks studied, and using test data in model preparation may ar-
tificially inflate performance to make the model appear better
than it is 120,

Right Problem, Wrong Population

UCT has limited usefulness as a model-comparison benchmark
because all five models achieve similar AUC values. However,
UCT still has other use cases. It represents a specific scenario
where measurements reflecting CKD are already present, and
tests whether the model can distinguish between hospital CKD
and non-CKD records. Early screening is more difficult since
it tests models’ ability to identify CKD among patients before
they show symptoms or pronounced signs of disease. How-
ever, the small size of UCI allows for quick training, and it
contains missing values and different variables that remain
useful for practicing data cleaning and preparation. High
model performance on UCI should be treated skeptically; it
neither describes the model’s ability to screen new patients
nor provides clinical guidance. We could only consider the
models clinically useful if the models were tested on indepen-
dent data that represent both the intended patient population

and the intended clinical tasks '!-12,

NHANES Circularity

NHANES illustrates a different reason for unusually high
AUC values. Participants were classified as having CKD
based on their eGFR and ACR values, with those same two
measurements also given to the models'®. Since these two
measurements are both predictors and the basis for deter-
mining CKD status, the models received direct access to the
measurements behind the outcome. This also reduced re-
liance on separate clinical information to identify participants
with CKD. When we performed feature removal, the models
showed a performance decline when eGFR and ACR were re-
moved. Performance declined even further when we also re-
moved creatinine and BUN. The high results can be explained
by two situations. UCI has near-perfect performance because
CKD and non-CKD groups already have pronounced differ-
ences, while NHANES depends largely on measurements of
kidney function and damage.

Ablation Interpretation

The UCI ablation results show that its near-perfect results are
not dependent only on the three strongest individual predic-
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tors. The three strongest predictors — hemoglobin, serum cre-
atinine, and packed cell volume — performed well when tested
alone, but removing all three of these predictors together had
little effect on model performance when the models were re-
trained. The lack of a substantial performance decline sug-
gests that several related UCI measurements provide informa-
tion about established CKD. This resembles shortcut learn-
ing, where models can rely on several related clues that work
well within one dataset but fail to remain useful in other set-
tings '314. However, even after we removed the three strongest
measurements, we cannot show whether any remaining mea-
surement directly reveals CKD or what specific measurements
allow model performance to remain high.

Implications

A near-perfect AUC on one small CKD dataset is insufficient
to determine whether a certain model outperforms others or
performs well in other patient populations. For this reason,
CKD models benefit from multiple training/test splits, as eval-
uating only one provides limited information. Appropriate
model checks depend on the intended clinical purpose. These
could include testing on independent populations, examin-
ing learning curves, screening individual predictors, removing
feature sets, examining calibration plots, and measuring per-
formance at clinically relevant decision thresholds'!!415.20,
The Tawam results demonstrate the importance of these addi-
tional evaluations most clearly. Although random forest and
the ensemble achieved AUC values around 0.90, their sensi-
tivities at the 0.5 threshold were only 0.143 and 0.286. In the
test group, this means that they identified only 2 and 4 of the
14 patients who developed CKD, respectively. This meant that
the models could still rank patients well despite missing most
CKD cases when using a 0.5 threshold to classify their pre-
dictions. Before clinical application, future researchers should
select and evaluate the appropriate threshold based on both the
intended clinical use and the consequences of false-negative
and false-positive results.

Limitations

We used publicly available datasets that were originally cre-
ated for other purposes. This means that our analysis inherits
limitations in the datasets’ patient groups and clinical mea-
surements. For Tawam, the dataset only came from one hospi-
tal and only 56 patients developed CKD. The differences in its
training/test performance could be interpreted as either overfit-
ting or chance variations in the sample. Since the dataset only
came from one center, the performance results could reflect
possible instability and should not be considered evidence that
similar performance would occur at other centers'®?°. For
NHANES, we examined the dataset as a machine learning

benchmark instead of its original purpose as a national survey.
Because we did not use survey weights and sampling-design
variables in our analysis, our analysis does not provide a na-
tional representative estimate of CKD prevalence in the US
population '°. The cross-dataset evaluation was also limited to
three variables, limiting how comprehensively the experiment
could evaluate UCI-trained model performance on NHANES
and Tawam. Along with these dataset-related limitations, the
power-law analysis also requires caution. We calculated our
estimates from the observed NHANES learning curves, but
different models, predictors, or patient samples in other stud-
ies could produce different ceiling estimates. Although the
power-law equation projects the learning curves beyond the
training sizes we used in our analysis, its ceiling does not es-
tablish a cap on possible CKD prediction performance. This
is especially true when a parameter reaches its maximum al-
lowed value; this means that the fitting procedure reached its
boundary, and the result should not be treated as a precise es-
timate.

Some considerations central to clinical ML were also be-
yond the scope of our analysis. We did not examine demo-
graphic fairness or compare the accuracy of predicted CKD
probabilities across patient subgroups, both of which are im-
portant considerations in clinical ML?3. Our model compari-
son was also not exhaustive. We included five models, but we
excluded newer tabular foundation models such as TabPFN 24,
The conclusions in this analysis should also be limited to the
datasets and methods studied and should not be assumed to
apply to every patient or clinical setting.

Concluding Remarks

UCT should not be discarded, but the results supported more
limited applicability. The dataset’s small size remains useful
for quickly training models, and it contains missing values and
variables suitable for missing-value imputation, conversion of
categories into numerical form, and teaching training and test
splits. However, UCI could not meaningfully distinguish the
five models tested in our analysis and should not be taken as
proof of progress in CKD machine learning or of clinical use-
fulness.

Tasks that included less information or asked for future pre-
dictions produced lower AUC values. Their results were more
variable than on UCI, had clearer differences between mod-
els, and showed more gradual improvements as we increased
training data. UCI performance, by comparison, was near per-
fect, even after removing the three strongest individual pre-
dictors. When we used the three shared variables between all
three datasets, and applied UCI-trained models to NHANES
and Tawam, the resulting AUC values declined and varied
more. However, this comparison was not comprehensive, and
should be taken cautiously, as there were only three shared
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variables between the datasets. In order to investigate clinical
usefulness, we suggest that future research evaluate models on
independent datasets that align with the intended patient pop-
ulations and clinical tasks.

Data and Code Availability

The analysis code and regenerated output files underlying
the tables and figures are available in the GitHub repos-
itory (https://github.com/jxia2027-clo
ud/NHSJS.git). The analysis script is provided as
datasetsPythonScripts/nhsjs.py. Regenerated
outputs are provided as outputs/results. json and as
CSV files in outputs/latex_data/. These files contain
only de-identified derived data tables and model-output sum-
maries. The source datasets are publicly available from the
UCI Machine Learning Repository, CDC/NCHS NHANES,
and the published Tawam cohort cited in this manuscript.
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