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ABSTRACT

The challenge of comparative prediction studies for diabetes must be evaluated in terms of discrimination and whether any improvement
over the algorithm is maintained over time or is converted to meaningful probabilities. In this study, six supervised learning models were
compared and evaluated, involving the same participants and predictors, and inference was performed using a survey in addition to a
later-period test set. Methods: NHANES 2007–2018 provided 31,772 adults aged at least 20 years. Development used 2007–2014 (n =
21,532), with separate fitting and calibration partitions; temporal testing used 2015–2018 (n = 10,240). Logistic regression, support
vector machine, random forest, XGBoost, CatBoost, and multilayer perceptron were compared using 11 non-laboratory predictors and 13
predictors that included two lipid measurements. The outcome combined diagnosed diabetes, diabetes medication use, and HbA1c
≥6.5%; glycemic and diagnostic variables were excluded from predictors. Weighted discrimination, calibration, 1000 bootstrap
replications from the survey, subgroup analysis, SHAP, and ablations were all included in the evaluation. Results: Laboratory-augmented
CatBoost achieved ROC-AUC 0.836 (95% CI 0.821–0.852), average precision 0.465, and Brier score 0.0994. Its AUC exceeded logistic
regression by 0.0139 (95% CI 0.0081–0.0197; Holm-adjusted p = 0.00012). AUC values were 0.809 for CatBoost (no significant
difference with logistic regression after adjustment [p = 0.138]). The addition of lipids improved the CatBoost AUC by 0.0271. The
calibration slope was 0.877, and the sensitivity at the common threshold was 38.6% for adults aged 20-44 years and 89.0% for those
aged at least 65 years. Conclusions: Nonlinear models gained little from lipid information, and non-laboratory performance was similar
to logistic regression. Screening interpretation is limited by limitations in calibration and sensitivity that vary by age. These results are
for diabetes prevalence, not incident diabetes.

Keywords: diabetes risk prediction; NHANES; supervised learning; temporal validation; calibration; survey weighting; explainable machine
learning

1. Introduction
Diabetes places significant burdens on requiring chronic
treatment and causing vascular and metabolic complications.
International estimates suggest that the prevalence of this
problem is large and increasing [1] and repeated surveys in the
United States have shown that the prevalence of diabetes and
control of risk factors remains problematic [2]. There are
accessible assessment methods that could be used to identify
individuals who should go for confirmatory testing. A
statistical prediction, however, does not equal a clinical
diagnosis. Diagnostic criteria and the contexts in which they
need to be confirmed must not be confused with the
"outcome" of an algorithm [3]. Supervised learning can be
used to integrate demographic, anthropometric, behavioral,
and clinical data to make predictions about diabetes-related
outcomes.

It is attractive because it allows for the modelling of
nonlinear relationships and interactions without needing all
functional forms to be known in advance. However, an
improvement on one accuracy estimate is not sufficient to
create a useful model. A common outcome, predictor
information, and the same validation population (which is
independent of the development decisions) plus tuning are
required for a fair comparison. Transparent reporting of these
choices is at the heart of the ongoing TRIPOD+AI guidance

[4]. Another systematic evidence indicates that machine
learning is not necessarily superior to logistic regression when
methodological biases are avoided in comparisons [5].
Discrimination and calibration are two different questions. A
model can rank individuals fairly well but systematically
overestimate or underestimate absolute probabilities.

This distinction is important when converting probabilities
to screening thresholds, as an apparently good AUC may go
hand in hand with an inappropriate operating point [6]. It also
is relevant under temporal change: later survey participants
might have a different prevalence of disease and/or exposure
to treatment and measured risk factors, even if data is
collected within the same national survey program. NHANES
provides a suitable platform where, upon a controlled
comparison, it is possible, as it incorporates questionnaires,
examinations, and laboratory information. There are already
works in which support vector machines and ensemble
methods are used for diabetes classification [7], [8] and a
recent one in which the same period (2007-2018) is used to
compare models for diabetes classification based on lifestyles
[9].

Newer diabetes-related models have also included external
validation and calibration assessment [10]. The current
research's contribution is a unique, reproducible set of
survey-weighted temporal testing, matched feature scenarios,
multiplicity-adjusted comparisons, and probability diagnostics
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and group operating characteristics. It is not based on a new
algorithm or the idea that temporal validation has not been
applied before. In this paper, “diabetes risk prediction” refers
to the risk of diabetes at the assessment time. Observations are
NOT longitudinal follow-ups of previously disease-free
individuals but rather repeated cross-sectional samples.
Analysis thus compares the diagnostic classification for
subsequent survey cycles and does not provide an estimate of
future incidence of diabetes.

1.1 Objective and research questions
The goal was to assess if supervised learning models offer
improvements over logistic regression in the classification of
prevalent diabetes, which are reproducible across predictor
scenarios, probability calibration, and clinically relevant
subgroups.

RQ1. Which model has the largest discrimination and
correctly predicted probability in the later NHANES test
population?

RQ2. Are nonlinear models superior to logistic regression
post survey-aware paired inference and multiplicity
adjustment?

RQ3. What is the contribution of lipid measures to
prediction without laboratory measures, and what are the
groups of features that explain the performance?

RQ4. Are the calibration and performance (depending on
the threshold) stable between survey cycles by sex, age
groups, and BMI groups?

2 Literature Review

2.1 Established diabetes risk assessment
Different tasks in diabetes prediction research include incident
disease prediction, detection of undiagnosed diabetes, and
identification of combined prediabetes/diabetes. Major
heterogeneity in population, prediction variables, and
validation techniques was identified in a systematic review of
risk models [11]. This heterogeneity matters because models
that target different outcomes cannot be ranked together in
terms of performance. The Finnish Diabetes Risk Score is a
prospective risk-assessment approach [12], and a United
States self-assessment score was developed based on
NHANES 1999-2004 and tested in NHANES 2005-2010 and
independent community populations [13]. The latter study
found that at its chosen score cut-off, the sensitivity was 79%
and the specificity was 67% for NHANES. The target was
free of known diabetes, which is not the case for the
prevalent-diabetes phenotype studied here.

These studies show that low-burden predictors and
validation beyond the development sample are nothing new.
What remains relevant to them today is the connection
between the purpose of the screening task, access to the
predictor, and an explicit criterion for operating. An
algorithmic comparison in modern times shouldn't break that

connection but should not make a high AUC a sufficient
endpoint.

2.2 Machine learning studies using population data
An early NHANES analysis was applied using support vector
machines with both demographic and anthropometric and
health-history predictors and achieved an AUC value of 0.835
for diabetes versus non-diabetes and 0.732 for classification
into the combined undiagnosed diabetes/prediabetes category
[7]. A subsequent NHANES-based data-driven study has
performed a comparison between regression, support vector
machines, and tree-based methods on wide sets of features. In
that study under classification and validation design, the AUC
of XGBoost was 0.862 without laboratory variables and 0.957
with laboratory information for the classification of diabetes
[8]. It uses a balanced splitting strategy and feature search,
rather than a compact feature set and population evaluation in
the later cycle as is done here.

Researchers used NHANES 2007–2018 data to investigate
and compare five algorithms that rely on lifestyle and related
non-invasive information for 29,509 adults in 2025. Although
XGBoost had an AUC of 0.8168, many of the combinations of
the models and thresholds had low sensitivity and high
specificity [9]. This contrast provides an impetus to report
operating characteristics as well as discrimination. Finally, the
present analysis evaluates objective HbA1c-based case
identification, explicit survey-weighted paired comparisons,
and the incremental information from two lipid measures,
which also precludes a numerical claim of superiority over
that study. Recent research has gone beyond the art of internal
comparison. This 7-parameter model for prevalent prediabetes
or diabetes was externally validated in NHANES 2021-2023
(AUC 0.773) and Korea NHANES (AUC 0.780) [10].

Another study externally validated an approximation model
for prediabetes based on an EHR in the NHANES and
explored discrimination, calibration, and recalibration [14]. As
illustrated in these examples, validation and calibration are
well established elements of the literature and are
independent. This study instead queries whether or not the
relative effectiveness of six algorithms is affected by the use
and/or exclusion of lipid information for the same adult
population.

2.3 Evaluation gaps and the contribution of this study
It is important to differentiate between ranking, accuracy of
the probability, and the implications of making a threshold
decision [15]. Calibration is a hierarchy of properties, not a
single pass/fail statistic—it's possible to provide an average
"right" predicted prevalence but to be "wrong" in the range of
risks [16]. Clinical prediction research review studies from a
broad perspective have identified issues of bias from
validation methods, handling missing data, and overfitting [5],
[17]. The complementary reporting and appraisal frameworks
are now available in TRIPOD+AI and PROBAST+AI, but a
score on a reporting checklist does not guarantee an unbiased
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and clinically useful model [4], [18]. A review of
diabetes-related machine learning indicates applications in
diagnosis, complications, and management and emphasizes
the importance of clearly stating the specific prediction task in
comparison of algorithms [19].

The empirical contribution of this study is also carefully
constrained: all six algorithms are evaluated on the same set of
experiments, conducted on the same set of participants in later
cycles; all the diagnostic markers are withheld from the
predictors; the laboratory scenario is limited to be only HDL
and total cholesterol; the uncertainty due to survey is also
distinguished from unweighted ordinary uncertainty; and
feature ablations and subgroup thresholds reveal limitations
that a model ranking alone would not detect. The study does
not make prospective prevention claims or exclusions outside
of NHANES, nor does the study suggest a novel disease
mechanism.

3 Methodology

3.1 Design and data sources
It was a retrospective prediction-model development and
temporal validation study, which included NHANES data
from six 2-year cycles (2007–2008 to 2017–2018). NHANES
is a stratified multistage probability sample of the civilian
noninstitutionalized population of the United States. The data
were downloaded from the official CDC/NCHS repository in
the SAS XPORT format. Ten components per cycle were
utilized: demographic and survey weights, diabetes
questionnaire, glycohemoglobin, body measurements, blood
pressure, smoking, physical activity, HDL cholesterol, total
cholesterol, and fasting plasma glucose. The fasting glucose
component was left for secondary outcome analysis. Files
were merged by the participant identifier SEQN, based on
one-to-one join checks. The full process of participants and
analysis is detailed in Figure 1. There were 59,842
participants in the source files, with 34,770 being at least 20
years old. After excluding 372 known pregnancies, 34,398
adults were found to have positive examination weights.
There were 31,772 participants with enough information to
include in the primary outcome. Exclusion specifically for
known pregnancy; pregnancy status was not fully monitored
outside the public disclosure range. None of the participants
were present in the development and temporal-test partitions.

Counts are unweighted. CV denotes cross-validation; PSU
denotes primary sampling unit. The temporal test was
excluded from fitting, calibration, threshold selection, and
algorithm selection.

3.2 Outcome definition and leakage prevention
A binary outcome was defined as positive if the participant
reported the doctor diagnosed diabetes, current insulin use,
current oral diabetes medication use, or HbA1c ≥6.5%. This is
the same as diagnostic advice; however, a single abnormal
research measurement is not a clinically confirmed diagnosis

Fig. 1. Participant selection and model evaluation workflow.

[3]. No attempt was made to differentiate the type of diabetes.
Negative classification was defined as a valid response of
“no” or “borderline” to diagnosis and an HbA1c of < 6.5%
without an explicit “yes” medication answer. Responses of
"not applicable" were used for missing medications where
they were compatible with the questionnaire skip pattern for
those who were not diagnosed positive. The ambiguous target
outcome records were not included and were not classified to
the negative class.

Prediabetes still came up in the negative class, according to
the primary definition of diabetes. HbA1c, glucose,
self-reported diabetes diagnosis, and diabetes medication
variables were only used to create the outcome or create a
sensitivity cohort. They did not predict. Participant identifiers,
survey cycle, weights, strata, and PSU identifiers were also
excluded from the predictor matrix. This separation means
that it is not possible to directly reconstruct the target based on
its defining variables. It is not a measure of reverse causality;
body measures and lipid values may be a result of the prior
disease or treatment being given and thus may not be a valid
measure of disease prevalence.

3.3 Predictor scenarios and preprocessing
For the non-laboratory scenario, there were 11 predictors: age,
BMI, waist circumference, mean systolic and diastolic blood
pressure, household income-to-poverty ratio, recorded sex,
race/ethnicity, education, smoking status, and a
physical-activity indicator. HDL cholesterol and total
cholesterol were added to the laboratory-augmented scenario
(13 predictors). The same participants and partitions were
used for the two scenarios. Non-laboratory prediction is not a
questionnaire-only approach; it still uses anthropometry and
blood-pressure measurement. Age was top-coded at 80 in
order to provide top-coding consistency between cycles.
Stable broad race/ethnicity categories were taken from
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RIDRETH1. A variable DID070, which was a proxy for oral
medication, was harmonized with DIQ070 in the subsequent
years. Smoking responses and lifetime cigarette exposure
were combined.

Physical activity was self-reported moderate or vigorous
work or leisure activity (not meeting activity guidelines). The
mean of the first, second, and third blood pressure readings
was used. Where applicable, “do not know” and refusal codes
were recoded as missing predictor values for the individual
survey. Median imputation and normalization were performed
on numeric predictors, and mode imputation and one-hot
encoding were performed on categorical predictors. The
transformations were estimated within each fitting fold, and
unseen categories were handled without using the validation
information. No target-driven feature selection or synthetic
oversampling/class balancing was done. The fixed predictor
sets were selected to facilitate interpretation and cross-cycle
availability. CatBoost was also given the same
one-hot-encoded matrix as the other algorithms; the native
ability of CatBoost to handle categorical features was not
assessed.

3.4 Development, tuning, and temporal testing
The number of adults in the development population was
21,532 for the years 2007-2014. The outcome-by-cycle
stratification split was 17,225 model fits and 4,307 holdouts
for an independent development calibration. The temporal test
comprised 10,240 adults from 2015 to 2018. A test of
performance under temporal population change is preserved
by not disturbing the later cycles, which are interpretable. It is
not a determination of transportability to another health care
system or country. The following models were trained:
logistic regression, RBF-kernel support vector machine,
random forest, XGBoost, CatBoost, and a multilayer
perceptron. These methods include a parametric baseline, a
kernel classifier, bagged trees, boosted trees, and a
neural-network model [20], [21], [22], [23], [24].

For each model–scenario combination, 12 hyperparameter
candidates and 5 stratified cross-validation folds were used,
and the mean survey weighted ROC-AUC was used as the
selection criterion. The random seeds became fixed to
20261007. The development CV was used to select the best
algorithm for each scenario prior to the temporal-test
evaluation. The hyperparameters used are shown in Appendix
Table A1. CV values were used for tuning and model
selection and not nested-CV or optimism-corrected estimates
of internal performance. No separate full-pipeline bootstrap of
the development of the model was done. A model-specific
sample-size calculation was not used, and all available
observations with meeting criteria were used in the study.
Sample size is not enough to determine adequacy for flexible
models [25], as event numbers were large.

3.5 Survey weights and calibration
The weights used in the four development cycles and two
temporal test cycles were reduced by half in the mobile
examination center. Survey weights were normalized to be of
mean one in the fitting population. It was found that the
preprocessing transformations themselves were not weighted.
But weighted evaluation estimates pertain to the eligible
population represented by the examination sample, subject to
outcome nonresponse and other exclusions. No weighting for
item nonresponse was done. A sigmoid calibration model was
fitted on the independent development holdout for each
hyperparameter chosen. If the decision score of the classifier
is available, it was used as its input; otherwise, the logit of the
raw predicted probability. Fitted base model was not later
used to refit with calibration participants. This was denoted by
s and was written as Equation 1.

p_i = 1 / (1 + exp{−(a + bs_i)}) (1)
Weighted logistic regression was used to estimate

parameters a and b in the calibration holdout. The
classification threshold was the highest threshold that would
give at least 80% weighted sensitivity in that holdout, and
then it was fixed. Calibration/operating-point selection was
the same as that of the same holdout, and the nominal 80%
represents a development target and is not an unbiased
performance estimate nor an assurance of sensitivity for
temporal tests.

Temporal calibration was evaluated using
calibration-in-the-large (a calibration slope and intercept
jointly estimated) and probability-bin plots. The predicted
logit was the offset for the calibration-in-the-large intercept;
the ideal value for the intercept is zero. The estimated slope is
equal to one, which is an ideal value. The Brier score was
used to summarize the squared probability error, which is in
Equation 2 [6], [15], [16].

BS_w = (∑_{i = 1}^{n}w_i(y_i − p_i)^2) / (∑_{i =
1}^{n}w_i) (2)

In Equation 2, w�is the examination weight, y�is the
binary outcome, and p�is the predicted probability. Lower
values indicate better overall probability accuracy; the score
reflects both discrimination and calibration and depends on
outcome prevalence.

3.6 Performance metrics and statistical comparisons
The main discrimination metric used was survey-weighted
ROC-AUC. The precision–recall performance was measured
as average precision, rather than trapezoidal integration of the
precision–recall curve. Average precision can be used in
conjunction with ROC-AUC when positive response is
relatively rare [26]. Sensitivity, specificity, F1 score, and
Matthews correlation coefficient, as well as accuracy and
Brier score, were also determined. For the thresholds
depending on the thresholds, the frozen threshold value was
used. Matthews correlation coefficient combines all four parts
of the confusion matrix and provides more information than
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accuracy and F1 score [27]. Within public masked strata [28],
1,000 Rao–Wu rescaled PSU bootstrap replications were used
to estimate uncertainty. The strata and PSUs were originally
specified in the temporal-test design roster, which included
PSUs that did not contain any members of a given analytic
group.

Of the m PSUs in a stratum, m−1 PSUs were sampled with
replacement, and the weight of each PSU was multiplied by
m/(m−1) times the number of times the PSU was sampled.
The weights of all models were the same, and thus paired
comparisons were preserved. Approximate t-based Wald
intervals were based on bootstrap standard errors and 30
survey design degrees of freedom. Intervals of bounded
metrics were limited to their natural ranges. These intervals
are conditional on the models that have been fit and are
measures of uncertainty in test-population sampling, not of
uncertainty in the processes of model development. In the
feature scenario of each of the nonlinear models, the model
was compared to logistic regression.

In each scenario the 5 ROC-AUC comparisons were
controlled for multiplicity by Holm adjustment [29]. A
different family made comparisons between
laboratory-enhanced and non-laboratory AUC for every
algorithm. 95% intervals for each individual have not been
adjusted for simultaneous coverage. As supplementary
analyses, ordinary paired DeLong tests were computed but
were not used to adjust primary survey-aware results, as their
independence assumptions did not address NHANES
clustering.

3.7 Subgroups, ablations, and sensitivity analyses
The main discrimination metric used was survey-weighted
ROC-AUC. The precision–recall performance was measured
as average precision, rather than trapezoidal integration of the
precision–recall curve. Average precision can be used in
conjunction with ROC-AUC when positive response is
relatively rare [26]. Sensitivity, specificity, F1 score, and
Matthews correlation coefficient, as well as accuracy and
Brier score, were also determined. For the thresholds
depending on the thresholds, the frozen threshold value was
used. Matthews correlation coefficient combines all four parts
of the confusion matrix and provides more information than
accuracy and F1 score [27]. Within public masked strata [28],
1,000 Rao–Wu rescaled PSU bootstrap replications were used
to estimate uncertainty. The strata and PSUs were originally
specified in the temporal-test design roster, which included
PSUs that did not contain any members of a given analytic
group.

Of the m PSUs in a stratum, m−1 PSUs were sampled with
replacement, and the weight of each PSU was multiplied by
m/(m−1) times the number of times the PSU was sampled.
The weights of all models were the same, and thus paired
comparisons were preserved. Approximate t-based Wald
intervals were based on bootstrap standard errors and 30
survey design degrees of freedom. Intervals of bounded

metrics were limited to their natural ranges. These intervals
are conditional on the models that have been fit and are
measures of uncertainty in test-population sampling, not of
uncertainty in the processes of model development. In the
feature scenario of each of the nonlinear models, the model
was compared to logistic regression.

In each scenario the 5 ROC-AUC comparisons were
controlled for multiplicity by Holm adjustment [29]. A
different family made comparisons between
laboratory-enhanced and non-laboratory AUC for every
algorithm. 95% intervals for each individual have not been
adjusted for simultaneous coverage. As supplementary
analyses, ordinary paired DeLong tests were computed but
were not used to adjust primary survey-aware results, as their
independence assumptions did not address NHANES
clustering.

3.8 Explainability, decision curves, and reproducibility
The probability of the final calibration was explained using
the permutation SHAP applied to the frozen
laboratory-augmented winner, including preprocessing [31]. A
total of 60 background and 150 temporal-test participants
were sampled, from the development fitting partition, with
probabilities proportional to survey weights, and from the
temporal-test partition, uniformly for explanation.
Independent masking and five permutation cycles were used.
The resulting importance summaries represent the importance
of that sample, not of a population-weighted causal effect.
Correlated predictors may be attributed to the same predictor,
and independently masked combinations may not represent
realistic people. The explanation was approached as an audit
of the predictions, rather than a replacement for validation
[32]. Two scenario winners were compared to screening
everyone or no one over thresholds of 0.05–0.40 using
exploratory decision-curve analysis. The weighted net benefit
was determined by Equation 3 [33].

NB(t) = TP_w / W − FP_w / W × t / (1 − t) (3)
Here, TPw and FPw are weighted true-positive and

false-positive totals, W is the total weight, and t is the
threshold probability. The ratio t/(1−t) expresses the assumed
relative penalty of a false-positive decision. This analysis did
not incorporate local testing costs, capacity, treatment effects,
or prospectively elicited preferences.

The supplied research run used Python 3.11.5, scikit-learn
1.8.0, XGBoost 3.2.0, CatBoost 1.2.10, and SHAP 0.51.0.
Audit records included download URLs and hashes, cohort
membership, partition assignments, CV results, selected
configurations, and participant-level probabilities. Reported
AUC, average precision, Brier score, sensitivity, and
specificity were independently reproduced from all 12
temporal prediction files before manuscript preparation.
Model coefficients and estimators were not retuned during
that verification.
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4 Results

4.1 Participants and data completeness
The final cohort included 31,772 adults with 5,843 adults
having diabetes. In the development set, 3,705 cases were
observed in 21,532 adults and in the temporal test set, 2,138
cases were observed in 10,240 adults. Table 1 presents
unweighted counts and characteristics for the two time
periods. The unweighted diabetes fraction in the test sample
was 20.9%, while the survey-weighted diabetes fraction was
14.8%. This discrepancy illustrates the fact that sample
proportions and population-weighted evaluation should not be
given the same meaning.

The retained samples numbered 5,389, 5,743, 5,031, 5,369,
5,202, and 5,038 across the six consecutive cycles. Weighted
diabetes prevalence ranged from 11.7% to 12.8% during
development and was 14.4% in 2015–2016 and 15.1% in
2017–2018. The highest rates of missingness for a predictor in
any cycle were for income-to-poverty ratio in 2017–2018
(13.2%). Predictors were imputed within training folds, and
exclusion was used for outcome uncertainty. These various
missing data mechanisms have different implications: If
imputation is performed, predictor-incomplete participants
remain in the analysis, but if outcome-incomplete participants
are excluded, the target population may be changed.

Table 1. Development and temporal-test cohort characteristics.

Characteristic | Development 2007–2014 | Temporal test 2015–2018
Participants, | 21,532 | 10,240
Diabetes cases, n | 3,705 | 2,138
Diabetes, unweighted % | 17.2 | 20.9
Diabetes, weighted % | 12.2 | 14.8
Age, years | 47.5 (16.8) | 48.6 (17.2)
BMI, kg/m² | 28.8 (6.8) | 29.6 (7.1)
Waist circumference, cm | 98.7 (16.3) | 100.7 (17.0)
Systolic BP, mmHg | 121.7 (17.1) | 123.9 (17.6)
Diastolic BP, mmHg | 70.4 (12.1) | 71.4 (11.9)
Female, weighted % | 51.4 | 51.4

Figure 2 displays predictor missingness before imputation
in the classifiable analytic cohort. Missingness was highest for
the income-to-poverty ratio in 2017–2018 (13.2%), while age,
sex, and race/ethnicity were complete. The common color
scale spans 0–100%, so modest missingness appears pale and
should not be interpreted as complete availability. Variation
by cycle supports retaining fold-specific imputation and
reporting the availability of each predictor.

The percentages of cells with missing values before
imputation, by feature and cycle, are shown. BMI is body
mass index; sbp and dbp are systolic and diastolic blood
pressure; income_ratio is family income-to-poverty ratio;
race_ethnicity and education are coded demographic
characteristics; active is taking moderate to vigorous activity;
hdl_mg_dl and total_cholesterol_mg_dl are lipid levels in
mg/dL.

4.2 Model selection and temporal discrimination
The development tuning AUCs for CatBoost in both cases
(without laboratory variables and with lipid augmentation)
were the highest (0.8356 and 0.8569, respectively). Therefore,
it was chosen prior to temporal testing. These later-period
AUCs were 0.8090 and 0.8362. The above difference between
these CV values and the temporal ones is descriptive in
nature, as the tuning scores are selection-biased and should
not be taken as an unbiased estimate of temporal degradation.
All model discrimination and probability values are reported
in Table 2. For non-laboratory AUCs, the ones for SVM and
CatBoost were 0.7487 and 0.8090, respectively. Logistic
regression got the lowest score at 0.8036, whereas the three
top alternatives—CatBoost, MLP, and XGBoost—were very
close together.

Laboratory augmentation resulted in higher discrimination
for all the algorithms. CatBoost achieved AUC 0.8362 (95%
CI 0.8206–0.8517), followed numerically by XGBoost
(0.8354), MLP (0.8350), and random forest (0.8335). These
close estimates do not prove that CatBoost outperforms those
three models, as the prespecified inferential comparisons of
CatBoost were performed only with logistic regression, not
with any combination of pairs of models, except the
comparison with logistic regression. The results of the
non-laboratory and laboratory-augmented scenarios are shown
in the ROC and precision–recall curves in Figures 3 and 4,
respectively. The curves for the laboratory augmented models
are generally higher, and both the tree and MLP curves are
fairly similar. CatBoost average precision went up from
0.3961 without laboratory predictors to 0.4646 with lipid
measures (95% CI 0.4354–0.4939).

Both are above the precision–recall reference line of the
weighted test prevalence of 0.1477. Even their absolute values
suggest a significant burden of false-positive results at
sensitivity thresholds.

Table 2. Survey-weighted discrimination and probability
performance.

Set | Model | AUC (95% CI) | AP | Brier | CITL | Slope
NL | LR | 0.804 (0.787–0.820) | 0.390 | 0.1070 | 0.027 | 0.875
NL | SVM | 0.749 (0.727–0.770) | 0.347 | 0.1264 | 0.193 | 4965.344
NL | RF | 0.804 (0.787–0.821) | 0.390 | 0.1061 | 0.065 | 0.862
NL | XGBoost | 0.808 (0.792–0.824) | 0.397 | 0.1061 | 0.024 | 0.831
NL | CB | 0.809 (0.793–0.825) | 0.396 | 0.1058 | 0.040 | 0.844
NL | MLP | 0.808 (0.792–0.825) | 0.399 | 0.1053 | 0.050 | 0.857
LA | LR | 0.822 (0.806–0.838) | 0.434 | 0.1029 | 0.050 | 0.895
LA | SVM | 0.779 (0.759–0.799) | 0.424 | 0.1086 | 0.151 | 0.929
LA | RF | 0.833 (0.817–0.850) | 0.455 | 0.1001 | 0.045 | 0.881
LA | XGBoost | 0.835 (0.819–0.851) | 0.459 | 0.0999 | 0.061 | 0.871
LA | CB | 0.836 (0.821–0.852) | 0.465 | 0.0994 | 0.057 | 0.877
LA | MLP | 0.835 (0.819–0.851) | 0.456 | 0.0999 | 0.064 | 0.893

AUC confidence intervals use the survey bootstrap. AP is
average precision. CITL is calibration-in-the-large; ideal
CITL = 0 and slope = 1. NL denotes non-laboratory; LA
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Fig. 2. Predictor missingness across NHANES cycles.

Fig. 3. Non-laboratory models discriminate prevalent diabetes.

Fig. 4. Lipid augmentation improves temporal discrimination.
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denotes laboratory-augmented; LR denotes logistic regression;
RF denotes random forest; and CB denotes CatBoost.

The left panel shows survey-weighted ROC curves with
AUCs in the legend; the right panel shows precision–recall
curves with average precision (AP). The ROC diagonal
denotes chance ranking. The horizontal precision–recall
reference represents the weighted diabetes prevalence of
0.1477. All six models use the same temporal-test
participants.

The left and right panels show survey-weighted ROC and
precision–recall curves, respectively. Legends report AUC
and AP. The same temporal-test cohort and reference lines are
used as in Figure 3, enabling comparison between feature
scenarios. Figure 5 summarizes AUC uncertainty for all six
algorithms in both scenarios. The laboratory-augmented
estimates are consistently higher, while intervals for the
leading nonlinear models overlap substantially. These are
intervals for individual AUCs; their overlap does not test a
paired difference. The prespecified paired comparisons in
Table 3 provide the appropriate inference against logistic
regression.

Fig. 5. Temporal AUC estimates include survey-bootstrap uncertainty.

Survey-weighted AUC estimates are represented by points,
and individual 95% confidence intervals for AUC are
represented by horizontal bars. The panels are the
non-laboratory and lab-augmented scenarios. The significance
of a paired model comparison is not determined just by
interval overlap.

4.3 Paired comparisons and operating characteristics
Survey-aware paired AUC comparisons to logistic regression
are shown in Table 3. In the laboratory-augmented scenario,
CatBoost improved AUC by 0.0139 (95% CI 0.0081–0.0197;
Holm-adjusted p = 0.00012). Random forest, XGBoost, and
MLP also outperformed logistic regression when adjusted for.
In the non-laboratory scenario, CatBoost’s AUC difference
was 0.0054 (95% CI 0.0004–0.0104), but its adjusted p value

was 0.138. The unadjusted interval, including zero and the
adjusted test that is not significant can be reconciled, as the
interval is not simultaneous. None of the nonlinear models
considered, apart from logistic regression, showed an adjusted
significant improvement. Within CatBoost, adding lipid
measures increased AUC by 0.0271 (95% CI 0.0181–0.0362;
adjusted p < 0.00001). Increments were 0.0187 for logistic
regression, 0.0302 for SVM, 0.0293 for random forest, 0.0274
for XGBoost, and 0.0267 for MLP, with all six
within-algorithm comparisons remaining significant after
adjustment. The increase from extra data, provided by
CatBoost, was numerically greater than the increase it
provided when it was enhanced with the laboratory. This is a
descriptive comparison between effect sizes—not a separate
statistical test comparing those increments.
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Table 3. Paired survey-weighted AUC differences from logistic
regression.

Set | Model | AUC difference (95% CI) | Adjusted p
NL | SVM | -0.0549 (-0.0708 to -0.0389) | <0.00001
NL | RF | 0.0006 (-0.0062 to 0.0074) | 0.85817
NL | XGBoost | 0.0044 (-0.0004 to 0.0092) | 0.21416
NL | CB | 0.0054 (0.0004 to 0.0104) | 0.13764
NL | MLP | 0.0047 (-0.0009 to 0.0103) | 0.21416
LA | SVM | -0.0433 (-0.0569 to -0.0297) | <0.00001
LA | RF | 0.0112 (0.0036 to 0.0188) | 0.00515
LA | XGBoost | 0.0131 (0.0070 to 0.0192) | 0.00039
LA | CB | 0.0139 (0.0081 to 0.0197) | 0.00012
LA | MLP | 0.0127 (0.0066 to 0.0188) | 0.00039

Differences are the specified model—logistic
regression—in the same scenario. Confidence intervals are
done one at a time, 95% intervals. Holm-adjusted p-values are
for the 5 models versus LR tests in each scenario. In both
cases, SVM was less accurate.

Table 4 provides threshold-dependent metrics.
Laboratory-augmented CatBoost used a frozen probability
threshold of 0.13946 and achieved sensitivity of 77.9% (95%
CI 75.0–80.9%), specificity of 74.4% (72.3–76.4%), F1 of
0.4783, MCC of 0.3935, and accuracy of 74.9%. The
non-laboratory one obtained a sensitivity of 77.6% and a
specificity of 70.6%. These results are at the target operating
point for intended sensitivity; thus, any accuracy comparison
should be made with caution using an unqualified 0.5
threshold. The classification trade-offs of all six models are
plotted at their respective frozen development thresholds in
figures 6 and 7. Lipid augmentation resulted in a decrease in
the weighted false-positive fraction among non-cases from
29.4% to 25.6% and a decrease of the false-negative fraction
from 22.4% to 22.1% for CatBoost. Laboratory-augmented
logistic regression outperformed CatBoost in terms of
sensitivity (80.0% vs 77.9%) but was inferior to CatBoost in
terms of specificity (69.8% vs 74.4%). In both the situations,
SVM showed the highest false-positive fractions (47.5% and
43.8%). The weighted percentages in the cells are not
numbers of participants but percentages from the observed
outcome classes; the thresholds that are printed above the
panels are rounded.

Table 4. Operating characteristics at frozen development thresholds.

Set | Model | Sensitivity % | Specificity % | F1 | MCC | Accuracy %
NL | LR | 81.6 | 66.6 | 0.436 | 0.348 | 68.8
NL | SVM | 82.7 | 52.5 | 0.362 | 0.250 | 57.0
NL | RF | 78.2 | 69.3 | 0.440 | 0.348 | 70.6
NL | XGBoost | 78.0 | 69.9 | 0.444 | 0.352 | 71.1
NL | CB | 77.6 | 70.6 | 0.447 | 0.356 | 71.7
NL | MLP | 77.3 | 70.2 | 0.443 | 0.350 | 71.3
LA | LR | 80.0 | 69.8 | 0.452 | 0.365 | 71.3
LA | SVM | 81.9 | 56.2 | 0.376 | 0.270 | 60.0
LA | RF | 79.9 | 72.3 | 0.470 | 0.387 | 73.4
LA | XGBoost | 79.9 | 72.4 | 0.471 | 0.388 | 73.5
LA | CB | 77.9 | 74.4 | 0.478 | 0.394 | 74.9
LA | MLP | 79.5 | 72.7 | 0.472 | 0.389 | 73.7

Sensitivity, specificity, and accuracy are percentages; F1
and MCC are unitless. Each model’s threshold was chosen
only in the development calibration holdout to target at least
80% weighted sensitivity. No temporal-test or
subgroup-specific threshold tuning was performed.

Each panel shows one model at its frozen development
threshold, rounded to three decimals in the panel title. Rows
are observed classes, and columns are predicted classes, with
"Yes" indicating diabetes. Cells are survey-weighted row
percentages: specificity and false-positive percentage on the
upper row, and false-negative percentage and sensitivity on
the lower row.

Panels use each model’s frozen development threshold and
the same class orientation as Figure 6. Values are
survey-weighted percentages within observed outcome
classes. They are not raw counts, and their denominators
differ between the upper and lower rows. The full-precision
thresholds were used to compute Table 4.

4.4 Calibration and the SVM probability anomaly
The Brier score for laboratory-augmented CatBoost was
0.0994 (95% CI 0.0915–0.1073) vs 0.1029 for
laboratory-augmented logistic regression. The intercept of its
calibration-in-the-large was 0.0565, and the slope was 0.8770.
The positive intercept value means that there was a small
amount of underprediction and that the slopes below 1 mean
that the spread of the predictions was too wide relative to the
spread of the outcome gradients. Figure 8 and Figure 9 display
deviations from the ideal calibration line, especially when the
predicted probability is high. The bins plotted are descriptive,
and no confidence bands were estimated.

Probability performance in time did not consistently benefit
from development based sigmoid calibration. For CatBoost
with Lab, the raw Brier score was 0.09928, the raw calibration
slope was 0.9586, the calibrated Brier score was 0.09938, and
calibrated calibration slope was: 0.8770. Calibration in large
was improved from 0.1363 to 0.0565. So, although the
average calibration improved, there was a less favorable slope
and a slightly higher Brier score. MLP exhibited a slight Brier
improvement while a few of the tree-model Briers were either
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Fig. 6. Non-laboratory classification varies across model thresholds.

Fig. 7. Laboratory-augmented models retain distinct classification trade-offs.
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Fig. 8. Non-laboratory probabilities depart from ideal calibration.

Fig. 9. Laboratory augmentation does not eliminate calibration error.

flat or slightly higher. The untested differences should not be
called a statistically proven improvement or harm.

The non-laboratory SVM had to be looked at on its own. Its
saved probabilities were between 0.124918 and 0.125191; the
standard deviation was ~0.000021. The estimated calibration
slope was almost zero (4,965.34) and is not considered to be
acceptable calibration. The probability differences were very
small, and its ranking AUC did not change to 0.7487. This
comparator thus offers evidence on the ranking performance
of the fitted pipeline, rather than on an absolute-risk estimator
that can be relied upon. The outlier data were carried over and
reported; no test-based correction was used. The archive does
not determine if the compression was primarily in the base
decision scores, sigmoid optimization, or in the combination
of these two.

Values represent the difference between mean predicted
probability and the survey-weighted diabetes fraction in the
fixed bins (0.1 width). Bins with less than 30 participants are

not plotted; lines connect plotted bins. The ideal calibration is
indicated by the dotted diagonal. The trace of SVM
probabilities are not able to prove calibration on the useful
range of probabilities, as the probabilities are focused near
0.125.

Axes, binning, and minimum bin size are done for Figure 8.
The points corresponding to underprediction in a bin are
above the dotted diagonal, and those corresponding to
overprediction are below the dotted diagonal. Descriptive
summaries with no uncertainty bands are connected, and
differences in bins with high probabilities should not be
interpreted as accurate estimates of single bin risks.

4.5 Subgroup and cycle-specific performance
The subgroup AUCs for laboratory-augmented CatBoost are
shown in Figure 10. The discrimination was fairly comparable
for both sexes, with AUC=0.8316 for males and AUC=0.8396
for females. Subgroup estimates demonstrated a sensitivity of
78.9% and specificity of 71.6% in men and a sensitivity and
specificity of 76.9% in women, respectively. All of the
following operating metrics are described here independently
from the AUC-only figure. Descriptive differences are not on
their own evidence of equivalence or inequity and were not
submitted to a formal interaction test. Among adults aged
20–44, AUC was 0.8040, yet sensitivity at the common
threshold was only 38.6% (95% CI 32.7–44.5%), with
specificity 93.8%. In those aged at least 65, sensitivity was
89.0% (85.7–92.3%) and specificity 43.6%.

Adults 45-64 years old with sensitivity 80.9% and
specificity 63.2%. Thus, the overall sensitivity hides a
significant variation in the ratio of missed cases and false
positives by age group. Any narrowing of the age-group
AUCs should not be interpreted as direct evidence of
algorithm failure, and this will also limit between-person
variation in a dominant predictor. For BMI < 25 kg/m², AUC
was 0.8697, but sensitivity was 55.2%; for BMI ≥ 30 kg/m²,
AUC was 0.7820 and sensitivity was 85.5%. The
missing-BMI group comprised 215 participants and 126 cases
and had broad intervals, such as AUC 0.7627 (95% CI
0.6647-0.8606). This group is not to be discarded because its
composition reflects the fact that in the absence of
measurement, there may be a separate risk profile.

Separate-cycle AUCs were 0.8340 in 2015–2016 and
0.8383 in 2017–2018. They are numerically similar, and there
is only limited descriptive stability within the temporal test
period (no equivalence test was conducted).

Laboratory-augmented model survey-weighted AUCs and
individual 95% survey-bootstrap confidence intervals are
represented by points and horizontal bars, respectively. The
figure only shows discrimination, not sensitivity or specificity.
BMI is in units of kg/m², the <25 group includes underweight
participants. The missing-BMI subgroup is kept, and the
uncertainty is significantly higher.
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Fig. 10. CatBoost discrimination differs across demographic and BMI groups.

4.6 Feature ablations and sensitivity analyses
The removal of lipid measures resulted in a 0.0271 decrease in
the CatBoost AUC, while the removal of BMI and waist
circumference resulted in a 0.0208 decrease in the CatBoost
AUC (95% CI −0.0296 to −0.0120). In contrast, removing
smoking and activity changed AUC by only −0.0002 (95% CI
−0.0018 to 0.0014). These paired differences are given in
Table 5 and Figure 11. Lipid and anthropometric data thus
contributed detectably to the chosen configuration. The small
lifestyle ablation effect is not to say that smoking or activity is
not biologically important; the variables were crude,
cross-sectional, and likely to be redundant with other
predictors.

Table 5. CatBoost feature-group ablation results.

Feature configuration | AUC | Difference (95% CI) | Brier
Full feature set | 0.836 | Reference | 0.0994
Without laboratory variables | 0.809 | -0.0271 (-0.0362 to -0.0181) |
0.1058
Without anthropometry | 0.815 | -0.0208 (-0.0296 to -0.0120) |
0.1034
Without lifestyle | 0.836 | -0.0002 (-0.0018 to 0.0014) | 0.0999

Reduced models were implemented using the same
algorithm and hyperparameters and refitted and recalibrated
with development data. The differences are calculated as the
reduced-model AUC -- full-model AUC, based on the same

10,240 test participants. Intervals are pairs of survey-bootstrap
95% intervals.

AUC is full laboratory-augmented CatBoost AUC—paired
95% survey-bootstrap intervals are shown as bars, and points
are reduced-model AUC. The vertical dotted line represents
no difference. Intervals for lipid and anthropometric removal
are below zero, and the lifestyle-removal interval contains
zero. For reduced models, hyperparameters were set and
models were refitted. Table 6 shows the two sensitivity
analyses. The fasting-glucose-inclusive definition retained
4,828 temporal-test participants with 1,136 cases and yielded
an AUC of 0.8395 (95% CI 0.8180–0.8611), AP 0.5067, and a
Brier score of 0.1070. Due to the different outcome, sample,
and weights, the AP or Brier difference is not directly
interpretable as an improvement over the primary model.
Restricting development to 2011–2014 yielded AUC 0.8328
(95% CI 0.8167–0.8489) on the original test population.
These estimates are not to imply that the main discrimination
was based solely on the previous cycles, but at the same time
the training size was simultaneously altered. Some
non-laboratory advantages yielded more apparent evidence
with supplementary unweighted DeLong tests, with an
adjusted p value of 0.00063 with the CatBoost comparison
versus 0.138 with the survey-aware adjusted p value. This
discrepancy is a result of various weightings and dependency
assumptions and various uncertainty estimates. This main
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Fig. 11. Removing lipids or anthropometry reduces CatBoost AUC.

interpretation thus takes the survey-aware analysis over the
other approach of choosing the test with the lower p-value.

Table 6. Outcome and historical-cycle sensitivity analyses.

Analysis | Test | Cases | AUC (95% CI) | AP | Brier
Primary outcome | 10,240 | 2,138 | 0.836 (0.821–0.852) | 0.465 |
0.0994
Add fasting glucose. | 4,828 | 1,136 | 0.840 (0.818–0.861) | 0.507 |
0.1070
Develop in 2011–2014 | 10,240 | 2,138 | 0.833 (0.817–0.849) | 0.454 |
0.1005

All rows use CatBoost. The fasting analysis uses
fasting-subsample weights and a different eligible population.
The restricted-development analysis uses 2011–2014 for
fitting/calibration and the unchanged 2015–2018 primary test
set. Confidence intervals are survey-bootstrap intervals.

4.7 SHAP attribution and exploratory net benefit
In the 150-participant explanation sample, the top five SHAP
contributors were age (0.0877 probability units), race/ethnicity
(0.0490), total cholesterol (0.0347), waist circumference
(0.0344), BMI (0.0317), and HDL cholesterol (0.0304). The
distribution and direction of individual attributions are shown
in figure 12, while the ranking of their mean absolute
magnitude is shown in figure 13. Waist circumference and
BMI were generally associated with predicting a higher value,
and higher age also was generally associated with a higher
prediction in the plotted sample. Both SHAP and ablation
results showed a clear focus on anthropometry measures and
lipid measures, which are complementary, indicating that the
feature groups were used in the fitted model. SHAP
magnitude is not an indication of the direction of an
association, and neither SHAP nor an ablation is a causal
effect. Race/ethnicity is a general social designation and could
also indicate disparities in exposure, diagnosis, treatment, and
sampling. The importance of it is not evidence for a biological

explanation or justification for clinical deployment without a
dedicated equity assessment. The explanation subset is
uniformly sampled from the test population, and population
level rankings and/or subgroup mechanisms should not be
assumed based on these attributions.

Fig. 12. SHAP distributions show individual contributions to CatBoost
predictions.

All 150 temporal-test participants are represented by each
dot. Positive SHAP values make the calibrated probability
higher; negative values make it lower. Color is used to
indicate low to high values of the features or numeric codes
for categories. Coloring in categorical variables follows the
stored numeric code for the variables; there is no clinical order
to the nominal coding (e.g., race/ethnicity and sex variables),
and no biological or causal interpretation of these numbers is
suggested.

Bars represent mean absolute SHAP values, in probability
units, for the same 150 participants. The length of the bars
does not necessarily reflect a consistent positive relation but
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Fig. 13. Age has the largest mean absolute SHAP contribution.

rather larger average attribution magnitudes. The rounded
labels include a plus sign (+) to indicate that the magnitude is
nonnegative (not zero); rounding to +0 does not represent a
zero contribution. Figure 14 does not represent a
population-average explanation. The background probability
was 0.1151, and the contributions added up to a predicted
probability of 0.3825. In this example, the HDL cholesterol
level of 32 mg/dl was a positive factor, and the race/ethnicity
code 1 and age of 53 years, as well as waist circumference of
112 cm, were positive factors, with the blood-pressure values
contributing negatively. These directions refer to the fitted
model in relation to its background distribution, not that
changing a measurement or category would change diabetes
occurrence.

The waterfall begins with the background expectation,
E[f(X)], and ends with the participant's calibrated probability,
f(x) (values are rounded). Red contributions add more to the
prediction, and blue contributions subtract from the
prediction. The values of the features exhibited by the
participant are shown in the labels; “4 other features” is a
group of the four smallest absolute values. This is just for
illustrative purposes and not proof of causal effects or
representative participants. At all thresholds studied, the
laboratory-augmented CatBoost decision curve was generally
superior to a screening everyone or a screening no one curve,
and both were superior to the non-laboratory curve (Figure
15). This suggests that there is estimated net benefit in this
population at the historical level of the threshold-dependent
trade-offs. Implementing the curves costs are not included, nor
is there evidence that predictions that lead to action will
improve health outcomes. The outcome is for people with
known diabetes, a screening program would need to identify a
separate cohort of people who have not been diagnosed and
would need to be evaluated in a prospective fashion.

Net benefit is survey-weighted and shown for thresholds
0.05–0.40. Curves compare the two CatBoost feature
scenarios with screening everyone or no one. No confidence
intervals are shown. The threshold range is exploratory and
should not be interpreted as a recommended clinical policy.

5 Discussion

5.1 Main findings and their interpretation
A slight and reproducible benefit of several nonlinear
algorithms was observed when the predictors were HDL and
total cholesterol. The development-selected winner CatBoost
performed the best in terms of temporal AUC, AP, MCC, and
Brier score in the laboratory-augmented scenario. It had an
AUC of about 1.39 percentage points higher than the logistic
regression. However, CatBoost, XGBoost, MLP, and random
forest were found to be numerically close and the analysis
didn't show that CatBoost is superior to other nonlinear
models in a pairwise manner. Algorithmic differences were
less without laboratory measurements. When predictor
information is limited, it is better to keep an adjusted
significant advantage as logistic regression, implying that the
more complex baseline should be reserved for more complex
situations. This is in line with the general conclusion that
prediction is not necessarily better with the increase in model
complexity [5]. The matched feature comparison is
particularly informative; the CatBoost AUC improvement due
to the addition of lipids exceeded what was seen for CatBoost
over logistic regression in the lab setting. This indicates that,
in this context, the information that a model has at its disposal
is at least as important as the selection of competent modelling
families.

5.2 Relationship to earlier diabetes prediction studies
An earlier NHANES SVM study had an AUC of 0.835, but
used different sets of predictors, outcome rules and validation
sets [7]. Then this low SVM performance cannot be
generalized to the algorithm in its entirety. Further, the finding
of the non-laboratory probability-compression anomaly makes
it more difficult to draw conclusions concerning the
calibration of that pipeline. Diabetes AUCs in broader
NHANES searches have reported much higher values with
laboratory inclusion due to different sets of features and case
definition and resampling strategies. The current AUC is not a
direct copy nor a valid "head-to-head" rejection of those
results. The NHANES 2007-2018 comparison, which was
based on lifestyle, showed an XGBoost AUC of 0.8168 with
significant sensitivity-specificity trade-offs [9].

The present results underscore the importance of being
explicit about such trade-offs and introduce a holdout in a
later period—survey inferences and lipid ablations. They also
demonstrate that an overall sensitivity target is not sufficient
to provide sensitivity in younger adults. This is a more
targeted contribution than another ranking of an aggregate
model. More recent NHANES data, validated against Korean
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Fig. 14. A single prediction is decomposed into SHAP contributions.

Fig. 15. CatBoost decision curves suggest exploratory screening benefit.

data, have been used in a newer study, which tested the geographic transportability better than the present study on
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temporal transportability within NHANES [10]. In much the
same way, predictor alignment and recalibration can be
important components of model assessment when EHRs are
being validated against NHANES [14]. These studies suggest
the following steps: (1) use models on real-world
contemporary data that is independent from the models, (2)
assess an undiagnosed population, and (3) investigate if
recalibration can improve the probability without hiding poor
performance in subgroups.

Because of the differences in endpoint prevalence and
definition, it is not possible to make meaningful conclusions
that one study's AUC or AP is superior for clinical use to
another's.

5.3 Calibration and subgroup performance limit
deployment claims
As shown in the CatBoost calibration results, the probability
assessment should not be boiled down to an intercept or a
seemingly diagonal curve. A small calibration-in-the-large
error following sigmoid adjustment was accompanied by a
less favorable slope and slightly poorer Brier score. These
properties are explicitly separated in the calibration guidance
[6], [16]. A development-fitted calibration map will not
necessarily be optimal in a later population, and fitting a new
map on the test outcomes would mean that the test outcome
would no longer be an untouched evaluation. This should be
understood as an inexactness in temporal calibration, not a
presumption that recalibration is good. The clinical
significance of the age-specific operating results outweighs
the minor differences between the top AUC estimates.

Detected less than four in ten adults aged 20-44 and almost
nine in ten older adults by a common threshold. For screening
purposes a high specificity in the younger group does not
automatically imply a high specificity in the older group. On
the other hand, if the specificity is low in the oldest age group,
a significant amount of further tests may be ordered. Future
Threshold Policies should be assessed on clear benefits,
harms, and constraints to capacity on separate data. The
present subgroup results point out a problem to be studied and
do not warrant choosing new age-specific thresholds from this
test set.

5.4 Feature contribution and measurement
implications
Lipid and anthropometric ablations could provide more
information about loss of information than the lifestyle
ablation. This trend is consistent with past NHANES analyses
where body size and metabolic data were used as predictive
factors [7], [8]. It also poses the question of utility, as deciding
whether the increase in AUC (roughly 0.027) is worth the
added burden of two laboratory measurements should be
considered in the context of the intended setting and cannot be
answered by AUC alone. The non-laboratory model can be
used for ranking in environments where laboratory resources
are not available, but the probability, reliability, and

sensitivity in younger or leaner adults need to be considered.
The insignificant lifestyle ablation should not be read as a lack
of evidence for preventive behaviors. Binary measures of
activity and general smoking categories exclude duration,
dose, timing, and changes after diagnosis. Measurement error
or redundancy or treatment-related behavior change can
attenuate associations. SHAP also includes information on
how the prediction function fitted by the model utilizes the
observed input, not how observed changes in the input would
change the disease occurrence. This distinction is in keeping
with warnings about using post hoc explanations as evidence
of clinical validity or mechanism [32].

5.5 Strengths and limitations
Advantages are that the same set of participants is evaluated in
both scenarios, outcome-defining predictors are not excluded,
a later-period test set is used, weighted fitting and assessment
of performance are done, there is paired survey bootstrap
inference, an explicit multiplicity adjustment is used, and the
prediction metrics reported are independently reproduced.
Successful or less favorable comparisons, such as null results
from laboratories or the SVM anomaly, should be fully
reported, which helps to interpret the benchmark. These
features address some of the concerns highlighted in
methodological reviews and in the existing guidance for
appraisals [17], [18]. Several limitations remain. First,
cross-sectional observations yield no information about the
future risk of the disease and about causal relationships.

The inclusion of diagnosed and treated participants allows
the models to learn the consequences of diabetes and its
treatment; these are not validated screening tools for
undiagnosed diabetes. Second, a one-time HbA1c reading and
information obtained from questionnaires alone may lead to
misclassification of the outcome, and the type of diabetes was
not ascertained. Third, outcome exclusions and incomplete
pregnancy ascertainment could affect ascertainment and create
selection effects. To our knowledge, standard survey weights
do not natively account for the extra nonresponse in the
analytic cohort's outcome. Fourth, the examination period was
terminated in 2018. Current performance may change due to
subsequent changes in population and diagnosis and
treatment. The later-development sensitivity analysis only
considers one historical issue and cannot substitute current
external validation.

Finally, the use of median/mode imputation and coarse
categorical measurements can mask informative missingness
or finer behavioral associations. Adopting a common one-hot
representation enables a controlled comparison but cannot
evaluate the most specialized preprocessing strategy of each
algorithm. Sixth, tuning was performed with a limited search
budget and ordinary (not nested or geographically grouped)
stratified folds. Hence, development CV scores are optimistic
for selection, and survey-bootstrap intervals on the temporal
test don't reflect uncertainty from refitting the whole
modelling process. Seventh, the compressed probabilities of
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the non-laboratory SVM are only a diagnostic investigation of
the code and can be interpreted as an intrinsic property of the
algorithm only after an independent development-only
investigation.

Eighth, only some demographic subgroups were analyzed,
and race/ethnicity-specific and intersectional groups, as well
as formal fairness criteria, were not. analyzed. Lastly, SHAP
employed a small sample size, and the decision curves were
exploratory. A prospective impact, economic, or deployment
study was not carried out.

6 Conclusion
With NHANES data for 2007-2018, laboratory-augmented
CatBoost had temporal AUC 0.836 and a slight gain over
logistic regression on the survey level. No nonlinear model
showed a significant advantage over the regression baseline
on the basis of multiplicity. The fine-grained aspects of
lifestyle were less helpful at predicting lipid and
anthropometric data. Imperfect calibration, compressed
probabilities in one comparator, and pronounced age-specific
sensitivity differences limit clinical interpretation. The study
suggests assessing diabetes classifiers altogether by
discrimination and probability accuracy as well as by
survey-aware inference and operating characteristics. Before
clinical use, external validation in today's context and an
undiagnosed-only screening evaluation need to be performed.
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