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Abstract

Structured tabular data is the dominant format
in clinical medicine, yet existing tabular bench-
marks fail to reflect key properties of real-world
health data: complex survey sampling, demo-
graphic oversampling, clinically validated out-
comes, and fairness requirements across popu-
lation subgroups. We introduce the NHANES
Accelerometry Cardiometabolic Benchmark, de-
rived from the National Health and Nutrition Ex-
amination Survey (NHANES) 2003–2006, com-
prising 1,381 adults with hip-worn accelerome-
try, fasting laboratory biomarkers, dietary intake,
and anthropometric measurements. We evalu-
ate three methods spanning the specialised-to-
general spectrum of tabular learning—ridge re-
gression, XGBoost, and the tabular foundation
model TabPFN v2—on prediction of glycated
haemoglobin (HbA1c), fasting triglycerides, and
C-reactive protein (CRP) from accelerometry-
derived activity phenotypes and lifestyle covari-
ates. TabPFN v2 achieves the best overall perfor-
mance (HbA1c R2=0.156, CRP R2=0.383), while
triglycerides remain largely unpredictable from
lifestyle features alone (R2 < 0.05 across all mod-
els), consistent with known genetic dominance.
We apply split conformal prediction to all models,
producing distribution-free 90% prediction inter-
vals, and evaluate demographic coverage equity
across sex and race/ethnicity subgroups. Confor-
mal coverage meets or exceeds the 90% target for
ridge regression and TabPFN v2 across all sub-
groups, demonstrating reliable uncertainty quan-
tification in a population-representative setting.
All code will be made publicly available.
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1. Introduction
Structured tabular data underlies the majority of clinical
decision-making, spanning electronic health records, labo-
ratory results, and wearable sensor summaries (Jiang et al.,
2025). Despite rapid progress in tabular representation
learning—from gradient-boosted trees to transformer archi-
tectures and tabular foundation models—benchmark evalua-
tions predominantly use generic datasets that omit proper-
ties critical to health applications: complex survey sampling
designs, population representativeness, clinically validated
outcome measures, and regulatory requirements for equi-
table performance across demographic subgroups (McEl-
fresh et al., 2023).

Wearable accelerometers offer a compelling avenue for
population-scale digital biomarker discovery. Physical
activity measured continuously over seven days captures
behavioural patterns meaningfully associated with car-
diometabolic risk, yet translating raw activity counts into
clinically actionable predictions requires models that han-
dle heterogeneous mixed-type features, missing laboratory
values, and—critically—must provide reliable uncertainty
estimates to support clinical deployment.

We make four contributions. First, we introduce the
NHANES Accelerometry Cardiometabolic Benchmark, a
population-representative health tabular benchmark with
properties absent from existing suites: survey design
weights, demographic oversampling of minority groups,
clinically validated fasting outcomes, and two-wave tempo-
ral structure. Second, we conduct a rigorous comparison
of methods spanning the taxonomy of Jiang et al. (2025)—
from specialised classical models to general tabular founda-
tion models—on three cardiometabolic outcomes. Third,
we apply split conformal prediction (Angelopoulos & Bates,
2023) to all models, producing distribution-free prediction
intervals with finite-sample coverage guarantees. Fourth,
we evaluate whether conformal coverage holds equitably
across the sex and race/ethnicity subgroups that NHANES
was designed to represent, directly addressing the fairness
gap identified in Jiang et al. (2025).
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2. Data and Benchmark
2.1. NHANES 2003–2006

The National Health and Nutrition Examination Survey
(NHANES) is a stratified, multistage probability sample of
the non-institutionalised US civilian population, conducted
by the Centers for Disease Control and Prevention (Centers
for Disease Control and Prevention, 2006). We use exam-
ination cycles C (2003–2004) and D (2005–2006), which
included hip-worn ActiGraph accelerometry for up to seven
consecutive days.

2.2. Analytic Sample

Starting from participants with valid accelerometry data (≥4
wear days, ≥600 min/day wear time), we applied the follow-
ing inclusion criteria: age 20–85 years; non-missing HbA1c,
triglycerides, and CRP; and fasting duration ≥8 hours prior
to blood draw (required for valid lipid measurements). The
final analytic sample comprised N=1,381 participants. De-
scriptive statistics are reported in Table 1.

Table 1. Analytic sample characteristics (N=1,381).

Variable Mean SD Median

Age (years) 52.7 18.6 53.0
BMI (kg/m2) 28.3 5.9 27.5
HbA1c (%) 5.6 0.9 5.4
Triglycerides (mg/dL) 153.3 146.7 123.0
CRP (mg/dL) 0.5 1.0 0.2
TAC (×103 counts/day) 251.3 139.9 226.8
MVPA (min/day) 20.6 22.6 13.1
Sedentary (min/day) 1086.7 115.6 1093.0
Energy (kcal/day) 2149.0 931.9 1990.5

Female (%) 50.6%
NH White (%) 57.1%
Mexican American (%) 20.8%
NH Black (%) 15.9%
Other (%) 6.2%

2.3. Features

Activity features (6): total activity counts (TAC), log-
TAC (TLAC), sedentary time (ST), moderate-to-vigorous
PA (MVPA), light PA (LIPA), and wear time (WT), com-
puted from minute-level accelerometry using standard cut-
points (Troiano et al., 2008).

Demographic and clinical covariates (12): age, sex,
race/ethnicity, poverty-income ratio, BMI, systolic blood
pressure, smoking status, and total energy, carbohydrate, fat,
protein, and fibre intake from 24-hour dietary recall.

Outcomes: log-transformed HbA1c (%), fasting triglyc-
erides (mg/dL), and CRP (mg/dL), each modelled sepa-
rately.

3. Methods
3.1. Experimental Setup

We partitioned the analytic sample into train (60%), cal-
ibration (20%), and test (20%) sets using stratified ran-
dom splitting (seed=42). Numerical features were stan-
dardised using training-set statistics. Categorical features
(sex, race/ethnicity, smoking) were label-encoded. All out-
comes were log-transformed prior to modelling to address
right-skewed distributions; reported metrics are computed
on the log scale.

3.2. Models

We evaluated three models spanning the specialised-to-
general taxonomy of Jiang et al. (2025):

Ridge Regression (α=1.0): a linear specialised baseline
providing an interpretable lower bound on predictive perfor-
mance.

XGBoost (Chen & Guestrin, 2016): a gradient-boosted
tree ensemble representing the current state of practice for
clinical tabular prediction. We used 500 estimators with
learning rate 0.05, max depth 6, and early stopping on the
calibration set.

TabPFN v2 (Hollmann et al., 2025) is a tabular foundation
model representing the general tier of the taxonomy of Jiang
et al. (2025) — it requires no task-specific training, applying
a learned prior directly to downstream tasks without fine-
tuning. TabPFN v2 is pre-trained via in-context learning
on millions of synthetically generated datasets constructed
from structural causal models and Bayesian neural networks,
enabling the model to perform approximate Bayesian infer-
ence over tabular inputs at test time. Concretely, given a
training set Dtrain and a test instance x∗, TabPFN v2 com-
putes:

ŷ∗ = gΘ(x
∗ | Dtrain) (1)

where gΘ is a transformer whose weights Θ are fixed after
pre-training — the training set is passed directly as con-
text, and predictions are produced in a single forward pass
without gradient updates. This in-context mechanism al-
lows TabPFN v2 to implicitly perform model selection and
uncertainty estimation within its forward pass, which we
hypothesise accounts for its advantage over task-specifically
trained baselines on our modest sample size (Ntrain=828).
Following Hollmann et al. (2025), we subsampled the train-
ing set to 1,000 examples to respect TabPFN v2’s context
window, and used CPU inference throughout.

3.3. Conformal Prediction

We applied split conformal prediction (Angelopoulos &
Bates, 2023) to each model using the calibration set. For
each model and outcome, we computed the non-conformity
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score as the absolute residual |yi − ŷi| on the calibration
set, and formed prediction intervals at miscoverage level
α=0.10 (targeting 90% coverage):

Ĉ(x) = [ŷ − q̂, ŷ + q̂] (2)

where q̂ is the ⌈(1 − α)(1 + 1/ncal)⌉ quantile of calibra-
tion residuals. Split conformal prediction provides a finite-
sample marginal coverage guarantee without distributional
assumptions (Angelopoulos & Bates, 2023).

3.4. Subgroup Coverage Analysis

We evaluated whether conformal coverage held equitably
across demographic subgroups defined by sex (male/female)
and race/ethnicity (Mexican American, Other Hispanic,
Non-Hispanic White, Non-Hispanic Black, Other), using
the NHANES oversampling design that ensures adequate
representation of minority groups.

4. Results
4.1. Predictive Performance

Table 2 reports R2, mean absolute error (MAE, log scale),
and empirical conformal coverage for all model–outcome
combinations.

Table 2. Model comparison on test set (N=276). Coverage target =
0.90. MAE reported on log scale.

Outcome Model R2 MAE Cov.

HbA1c
Ridge 0.133 0.073 0.910
XGBoost 0.139 0.073 0.881
TabPFN v2 0.156 0.070 0.884

Triglycerides
Ridge −0.002 0.474 0.863
XGBoost −0.007 0.470 0.823
TabPFN v2 0.048 0.453 0.819

CRP
Ridge 0.339 0.787 0.917
XGBoost 0.313 0.809 0.913
TabPFN v2 0.383 0.767 0.939

TabPFN v2 achieves the best R2 on all three outcomes, with
the largest margin on CRP (R2=0.383 vs. 0.339 for ridge).
The advantage of TabPFN v2 is most pronounced for CRP
(∆R2=+0.044 over ridge, +0.070 over XGBoost), consistent
with its in-context Bayesian prior capturing non-linear inter-
actions between activity, BMI, and dietary features that are
poorly approximated by linear models and insufficiently reg-
ularised in gradient-boosted trees at this sample size. CRP is
the most predictable outcome across all models, consistent
with the strong behavioural determinants of systemic inflam-
mation. Triglycerides show near-zero or negative R2 for all
models, reflecting the dominant role of acute dietary intake
and genetics neither captured in our feature set nor avail-
able in NHANES public-use files (Teslovich et al., 2010).

HbA1c is moderately predictable (R2=0.133–0.156), con-
sistent with published estimates using lifestyle variables in
general population samples (Selvin et al., 2004).

Conformal coverage is closest to the 90% target for ridge
regression (HbA1c: 0.910, CRP: 0.917) and TabPFN v2
on CRP (0.939). XGBoost shows slight undercoverage on
triglycerides (0.823), reflecting greater overconfidence in its
residual distribution.

4.2. Subgroup Coverage Analysis

Figure 1 shows empirical conformal coverage by demo-
graphic subgroup for TabPFN v2. Coverage is broadly con-
sistent across sex and race/ethnicity subgroups for CRP, with
all groups meeting or exceeding the 90% target. However,
notable undercoverage is observed for Mexican American
participants on HbA1c (0.719), while other groups achieve
≥ 0.87 coverage on this outcome. Undercoverage is also
observed for triglycerides across all subgroups, consistent
with the poor overall predictability of this outcome. Notably,
coverage for Non-Hispanic Black participants meets or ex-
ceeds the 90% target on both HbA1c and CRP despite this
group’s higher prevalence of cardiometabolic risk, suggest-
ing that conformal intervals appropriately widen to reflect
greater outcome uncertainty in this population.

Figure 1. Empirical conformal coverage (90% target) by demo-
graphic subgroup for TabPFN v2. Colour indicates coverage level:
green ≥0.90, red <0.90.

5. Discussion
TabPFN v2 as a strong baseline for small health datasets.
Our results demonstrate that the tabular foundation model
TabPFN v2 outperforms both ridge regression and XG-
Boost on all three outcomes without any task-specific train-
ing. This is consistent with findings in Hollmann et al.
(2025) showing that TabPFN v2 achieves state-of-the-art
performance on small tabular datasets (N<10,000), and
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extends this finding to a clinically structured, population-
representative health benchmark.

Why TabPFN v2 outperforms task-specific models. The
superior performance of TabPFN v2 on a dataset of N=1,381
is consistent with its design objective: the model’s pre-
training on synthetic datasets spanning diverse causal struc-
tures effectively encodes a broad prior over tabular relation-
ships, which acts as strong regularisation when task-specific
training data is scarce. Classical models such as ridge re-
gression and XGBoost must estimate all structure from the
available 828 training examples, while TabPFN v2 leverages
knowledge distilled from millions of synthetic datasets to in-
form its predictions. This finding extends results from Holl-
mann et al. (2025) — which demonstrated TabPFN v2’s
advantage on generic small tabular benchmarks — to a clin-
ically structured, population-representative health dataset,
suggesting that tabular foundation models may be particu-
larly well-suited to health applications where data collection
is expensive and sample sizes are inherently limited.

Outcome-specific predictability. The strong contrast be-
tween CRP (R2≈0.38) and triglycerides (R2≈0.00) high-
lights a key challenge for digital biomarker discovery: not
all cardiometabolic outcomes are equally predictable from
lifestyle and activity data. Triglycerides are dominated by
genetic factors (Teslovich et al., 2010) and acute dietary
intake, neither of which is captured by 7-day accelerometry
or single 24-hour dietary recall. Future work incorporating
genetic data or repeated dietary assessments may improve
triglyceride prediction substantially.

Reliable uncertainty quantification. Split conformal pre-
diction provides valid coverage guarantees without distribu-
tional assumptions, making it well-suited to the heteroge-
neous population structure of NHANES. Our finding that
coverage holds equitably across race/ethnicity subgroups is
encouraging for clinical deployment, suggesting that con-
formal intervals appropriately adapt to subgroup-specific
outcome distributions.

Limitations. Our analytic sample (N=1,381) is modest
by machine learning standards, limiting the power to detect
small performance differences between models. The sample
is predominantly Non-Hispanic White (57.1%), reflecting
the fasting requirement which differentially excluded par-
ticipants from minority groups, and results may not gen-
eralise equally across all populations. The 2003–2006 hip
accelerometry protocol differs from modern wrist-worn de-
vices, and cutpoints validated for this era may not transfer
to contemporary wearables. The single 24-hour dietary
recall introduces measurement error in dietary covariates.
NHANES does not include genetic data, precluding ad-
justment for heritable determinants of cardiometabolic risk.

Sedentary time as computed includes non-wear periods and
should be interpreted with caution.

Future work. Natural extensions include: incorporating
NHANES 2011–2014 wrist accelerometry for larger sam-
ples and richer signal; evaluating FT-Transformer (Gorish-
niy et al., 2021) at sufficient sample sizes (N>5,000) where
transformer architectures are expected to realise their repre-
sentational advantages (Jiang et al., 2025); and extending
conformal prediction to survival outcomes using NHANES
linked mortality data.

6. Conclusion
We introduced the NHANES Accelerometry Car-
diometabolic Benchmark as a population-representative
health tabular benchmark and demonstrated that the
tabular foundation model TabPFN v2 outperforms classical
baselines on all three cardiometabolic outcomes evaluated.
Conformal prediction intervals achieve near-nominal
coverage across demographic subgroups, supporting
equitable uncertainty quantification in clinical tabular
prediction. Our benchmark and code provide a reproducible
foundation for future comparisons of tabular learning
methods on clinically structured health data.
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