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Abstract

Machine Learning (ML) models trained on com-
plex health surveys such as the National Health
and Nutrition Examination Survey (NHANES)
often ignore primary sampling units, stratifi-
cation variables, and sampling weights. This
practice violates the independence assumptions
of standard evaluation methods. As a result,
estimates become biased, uncertainty is un-
derestimated, and fairness assessments fail to
reflect population-level disparities. We pro-
pose Survey-aware Machine Learning (SaML),
a nine-step guideline that incorporates sur-
vey design metadata across the ML lifecycle.
Through a scoping review of 16 methodolog-
ical papers, we summarize existing work on
weighted model training, design-based cross-
validation, and survey-adjusted performance
evaluation. We also identify gaps in hyperpa-
rameter tuning and deployment. We provide
task-specific guidance that clarifies which steps
are required for different analytical objectives.
SaML provides a checklist for valid population
inference from survey data.

Data and Code Availability This paper presents
a systematic audit and methodological review of peer-
reviewed literature. The empirical illustration (Ap-
pendix A) uses the National Health and Nutrition Ex-
amination Survey (NHANES) 2021-2023 cycle, which
is publicly available from the CDC.! R code for
data preprocessing and all experiments is available
at https://github.com/yongkyung-oh/SaML.
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1. Introduction

Recent advances in Al-assisted research systems seek
to accelerate scientific discovery in biomedicine and
population health (Krenn et al., 2022; Wang et al.,
2023; Taha, 2025). The reliability of these systems
depends on the validity of evaluation methods used
to assess model performance on observational data
(Kapoor and Narayanan, 2023; Lones, 2024). As
machine learning (ML) models inform clinical deci-
sions and health policy, they encounter data that
violate the independent and identically distributed
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(ii.d.) assumption through stratification, cluster-
ing, and unequal selection probabilities (Pfeffermann,
1993; Lohr, 2021). Standard ML evaluation pipelines
often remain survey-naive and treat complex samples
as simple random draws. As a result, sample-level
and population-level estimands diverge, but this dis-
tinction is rarely stated explicitly.

This mismatch is pronounced in analyses of com-
plex surveys such as the National Health and Nu-
trition Examination Survey (NHANES) and the Be-
havioral Risk Factor Surveillance System (BRFSS).
These datasets rely on stratification to ensure sub-
group representation, clustering to reduce cost, and
unequal weights to adjust for selection probabilities
(Lohr, 2021). Ignoring survey design leads to biased
parameter estimates (Pfeffermann, 1993), underesti-
mated variance (Binder, 1983), and misleading fair-
ness assessments (Schuch et al., 2023).

To address these issues, we propose Survey-aware
Machine Learning (SaML) as a methodological
guardrail for Al-assisted health research. This paper
makes three contributions.

1. Guideline for population-valid ML. We
present a nine-step guideline that ensures ML
models trained on complex health surveys such
as NHANES and BRFSS produce population-
level estimates rather than sample-level results.

2. Evidence synthesis. We conduct a scoping re-
view of 16 methodological papers and document
fragmented progress. Existing work addresses
individual steps, but no complete pipeline exists.
Hyperparameter tuning and deployment remain
unresolved gaps for building trustworthy models.

3. Actionable task mapping. We introduce a
framework that identifies which survey-aware
steps are required for a given ML task. This
mapping reduces unnecessary complexity while
preserving methodological validity.

The remainder of this paper is organized as follows.
Section 2 illustrates the impact of survey-aware meth-
ods using NHANES data. Section 3 reviews prior
work on survey methodology and health ML. Sec-
tion 4 presents the nine-step SaML guideline. Sec-
tion 5 reports a scoping review that identifies cover-
age and gaps across the nine steps and provides task-
specific guidance. Section 6 discusses implications for
reproducibility, fairness, and implementation.

2. Motivating Example

We illustrate the implications of survey-aware meth-
ods using NHANES 2021-2023. NHANES uses strat-
ified and clustered sampling with intentional over-
sampling of older adults and minority groups to sup-
port subgroup estimation.
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Sample composition vs. population esti-
mates by age group (NHANES 2021-2023).
Older adults are oversampled to enable pre-
cise subgroup estimation.

Figure 1:

Figure 1 shows the effect of this design. Older
adults are overrepresented in the unweighted sam-
ple relative to the U.S. population. This imbal-
ance affects downstream analyses. Unweighted dis-
ease prevalence overestimates the population value
because high-risk groups are oversampled.

Table 1: Effect of Survey Weights in ML Model
Training for Diabetes Prediction

Training Unweighted Weighted
Method AUROC AUROC
Unweighted 0.782 0.809
(0.767-0.795) (0.786-0.827)
Weighted 0.782 0.830
(0.768-0.795) (0.815-0.845)
Difference 0.000 +0.021

Table 1 shows the impact on model evaluation.
We trained XGBoost classifiers to predict diabetes,
with and without survey weights in the loss func-
tion.  Under unweighted evaluation, both mod-
els achieve nearly identical AUROC. Under survey-
weighted evaluation, the weighted-trained model has
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a higher point estimate, although the confidence in-
tervals overlap.

It is important to note that the goal is not to show
that weighted methods yield better performance. In-
stead, the gap between weighted and unweighted met-
rics reflects differences between the observed sample
and the target population. Unweighted metrics esti-
mate performance in the sample. Weighted metrics
estimate performance in the source population de-
fined by the survey design. When this gap is large,
conclusions from standard ML evaluation may not
generalize to the population of interest. These met-
rics target different estimands, and the appropriate
choice depends on the inferential goal.

These results motivate the need for guidance on
when and how to incorporate survey design into ML
pipelines. The following sections present a nine-step
guideline that addresses survey design across the ML
lifecycle. Full experimental details and additional re-
sults appear in Appendix A.

3. Related Work

Survey Methodology in Statistical Inference.
Valid inference from complex surveys requires explicit
integration of stratification, clustering, and unequal
selection probabilities (Valliant et al., 2013; Heeringa
et al., 2017). Most ML evaluation relies on the i.i.d.
assumption (J. Deng et al., 2009; Lakshminarayanan
et al., 2017; Wang et al., 2018), which obscures data
generation processes where sampling design influ-
ences validity more than sample size (Xiao-Li Meng,
2018). Real-world health data rarely follow simple
random sampling and reflect selection mechanisms
and measurement constraints that induce structural
dependence. Large biobanks and electronic health
records show volunteer bias, temporal correlation,
and geographic clustering (Van Alten et al., 2024;
Johnson et al., 2016).

Survey-naive Practice in Health ML. Empir-
ical evidence shows that many health ML studies
ignore survey structure (West et al., 2016; MacNell
et al., 2023). Survey-naive models are often opti-
mized and evaluated with metrics that emphasize
sample-level performance rather than population va-
lidity (Ahn et al., 2024; Chowdhury et al., 2024).
Unweighted optimization yields parameter estimates
driven by sampling artifacts rather than population
physiology (Pfeffermann, 1993; MacNell et al., 2023).
Variance estimators that assume independence un-

derestimate uncertainty in clustered data, leading to
narrow confidence intervals and inflated false-positive
rates (Binder, 1983; Stockwell et al., 2016). Fairness
assessments that ignore population weights distort al-
gorithmic bias and can obscure disparities affecting
underrepresented subpopulations (Obermeyer et al.,
2019; Mehrabi et al., 2021; Schuch et al., 2023).

Alternative Views on Survey Weights. Recent
studies report comparable performance of unweighted
ML for certain tasks (Si et al., 2025) or omit survey
design considerations without implementation details
(Chen et al., 2024). These positions apply when
the objective is sample-specific prediction or when
the sampling mechanism is ignorable. Such condi-
tions are difficult to verify in practice, particularly
for black-box models. Comparable predictive accu-
racy does not guarantee unbiased population-level es-
timates (MacNell et al., 2023). We frame SaML as
a robustness check rather than a strict requirement.
When weighted and unweighted results agree, sim-
pler pipelines suffice; divergence signals the need for
survey-aware methods.

Gap Between Methods and Practice. Despite
more than a decade of survey-aware methodological
development, adoption remains limited. Audits of
health services research show that most studies using
complex survey data ignore design features (Ridge-
way et al., 2015; West et al., 2016). This pattern
persists in algorithmic fairness research (Mhasawade
et al., 2021). The gap between methodological ad-
vances and standard practice motivates the need for
accessible guidelines that clarify when and how to
apply survey-aware methods. In this paper, the pro-
posed guideline covers methods commonly used in
survey data analysis but does not address every pos-
sible scenario.

4. SaML Guideline

Table 2 presents the SaML guideline, organized
into three categories (A—C) with nine methodolog-
ical steps (S1-S9). Category A (Data and Model
Development) specifies how data preparation and
model training should respect survey structure. Cat-
egory B (Evaluation and Selection) ensures that
model comparison and performance assessment re-
flect population-level validity rather than sample ar-
tifacts. Category C (Generalization and Deployment)
addresses how models extend beyond the training sur-
vey to external populations and real-world use.
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Table 2: Survey-aware Machine Learning (SaML) Guideline: A structured approach for applying ML meth-
ods to complex survey data. Each step identifies where standard ML assumptions fail and specifies
the survey-aware modification required for valid population inference. If a pipeline uses any stan-
dard approach listed, the corresponding survey-aware modification is recommended.

Standard ML Approach

Common Pitfall

Survey-aware Modification

A. Data & Model Development
. .. Preserve all survey design metadata. EDA must
Standard techniques for missingness . . . S .
. . . Biased descriptive  use weighted statistics. Imputation must
S1  and feature engineering. EDA relies . . c
. . statistics. account for the survey design (e.g., conditioning
on unweighted sample statistics.
on strata and clusters).
Data are randomly split into Splitting must respect cluster structure (PSUs)
S2  train/validation/test sets, assuming Data leakage. to prevent data leakage. Survey-aware
exchangeability. cross-validation is required.
o . ighted loss functi ired t timi
Models optimize standard loss Favoring Weighte 088 LINCLIONS are reqiurec 1o optimize
. . . for population-level performance, ensuring
S3  functions, treating each observation oversampled . . .
equally. subpopulations estimates reflect population characteristics
q ’ ’ rather than sampling artifacts.
B. FEvaluation & Selection
Model selection is guideq by Suboptimal model Tur.ling m}lst use weighted metrics (e.g.,
S4  performance on an unweighted . design-adjusted AIC/BIC) on a survey-aware
. . selection. . . .
validation set. validation split.
Weighted evaluation metrics (e.g., weighted
. . Inaccurate e [P .
Performance is assessed using AUC, sensitivity, specificity) are essential for
S5 . performance . .
standard metrics on the raw test set. . unbiased population-level performance
estimates. .
estimates.
Uncertainty is estimated assuming Underestimating Variance must be est1n.1ated. Using df}mgn—b.ased
S6 iid. data (e.q., standard bootstrap). errors methods (e.g., Taylor linearization, jackknife,
o B p)- ’ BRR with replicate weights).
C. Generalization € Deployment
Generalizability is assumed or tested . Performance on external populations requires
. . . Unrepresentative - . .
S7  informally without accounting for .. survey-aware transportability or recalibration
. . generalization.
sampling differences. methods.
Design-based variance estimation is required for
38 Inference is informal or based on Invalid hypothesis  hypothesis testing. Causal effect estimation
incorrect variance estimates. tests. must integrate survey weights with propensity
score methods.
Models are deployed assuming new Model Pred}ctlor}s may require poststratification or
S9 e N Lo . recalibration to reflect the structure of the
data follows training distribution. miscalibration.

target population.

For each step, we contrast the standard ML ap-
proach, which assumes independent and identically
distributed (i.i.d.) observations, with the survey-
aware modification required for valid population-level
inference. Key survey design elements include Pri-
mary Sampling Units (PSUs, such as counties or hos-
pitals), stratification variables, and sampling weights.

Based on the scoping review in Section 5, we provide
task-specific guidance on which steps are essential,
recommended, or unnecessary for common analytical
objectives.

Distinction from Prior Work. Existing tutori-
als on survey analysis (Lohr, 2021; Heeringa et al.,
2017) are written for statisticians and do not address

201



SURVEY-AWARE MACHINE LEARNING

machine learning procedures such as cross-validation,
hyperparameter tuning, or gradient-based optimiza-
tion. Reproducibility guidelines in machine learn-
ing (Kapoor and Narayanan, 2023) focus on exper-
imental practice but do not consider survey design.
Reporting standards address parts of this gap. TRI-
POD (Transparent Reporting of a multivariable pre-
diction model for Individual Prognosis Or Diagno-
sis) (Collins et al., 2015) promotes transparent re-
porting of prediction models but omits survey design.
PRICSSA (Preferred Reporting Items for Complex
Sample Survey Analysis) (Seidenberg et al., 2023)
specifies reporting requirements for complex surveys,
including weighting and variance estimation, but fo-
cuses on what to report rather than how to implement
survey-aware pipelines. SaML complements these ef-
forts by providing methodological guidance.

4.1. Data & Model Development

S1: Data Preprocessing & EDA. Valid infer-
ence requires preservation of design metadata. Un-
like standard pipelines that strip auxiliary columns,
SaML requires strata, PSUs, and sampling weights to
be retained throughout preprocessing. This applies
to missing data handling such as from non-response.
Reiter et al. (2006) showed that ignoring survey de-
sign in multiple imputation leads to biased estimates
and proposed hierarchical imputation models that
preserve cluster structure. Exploratory Data Analy-
sis (EDA) must use weighted descriptive statistics to
represent population characteristics rather than sam-
ple artifacts. When sampling weights vary substan-
tially, weight trimming or winsorization can stabilize
estimates while introducing a small bias.

S2: Data Splitting & Validation. A critical fail-
ure mode in survey-naive ML is data leakage caused
by random splitting. When observations from the
same PSU such as the same hospital or neighborhood
appear in both training and test sets, the model may
memorize cluster-specific noise rather than learning
generalizable patterns. To prevent this, Wieczorek
et al. (2022) developed survey-aware cross-validation
strategies where folds respect the cluster structure.
This PSU-level splitting produces error estimates
that are more reliable than random splitting.

S3: Model Training. Standard loss functions
minimize empirical risk over the sample and favor
over-sampled subpopulations. SaML mandates the
use of weighted loss functions to ensure population-

level optimization. Toth and Eltinge (2011) estab-
lished the theoretical basis for probability-weighted
recursive partitioning to ensure design consistency
in tree-based models. Similarly, Lumley and Scott
(2015) demonstrated that loss functions must incor-
porate sampling weights to approximate the popula-
tion risk, a principle Dagdoug et al. (2023) extended
to high-dimensional penalized regression. Empiri-
cally, MacNell et al. (2023) showed that weighted
XGBoost training yields different predictive distribu-
tions compared to unweighted alternatives, confirm-
ing that design-blind training alters the learned deci-
sion boundaries.

4.2. Evaluation & Selection

S4: Hyperparameter Tuning. Model selection
processes are susceptible to design-induced bias.
Hyperparameters selected to minimize unweighted
cross-validation error do not necessarily minimize
population-level prediction error. Wieczorek et al.
(2022) demonstrated that valid tuning requires
weighted performance metrics evaluated on survey-
aware splits.

S5: Performance Evaluation. Reporting stan-
dard metrics on survey data is misleading because
they target a sample-level estimand rather than the
population. Yao et al. (2015) developed weighted
AUROC estimators equivalent to weighted Mann-
Whitney U-statistics, while Iparragirre et al. (2023)
extended this approach with bootstrap-based vari-
ance estimation. Holbrook et al. (2020) derived
Horvitz-Thompson prediction error estimators, and
Wadekar and Reiter (2024) generalized these con-
cepts to weighted estimators for sensitivity and speci-
ficity. For example, weighted AUROC assigns each
concordant pair a weight proportional to the inverse
selection probabilities of the two observations.

S6: Uncertainty Quantification. Standard ML
or bootstrap methods assume i.i.d. observations and
underestimate variance when applied to clustered
data (Binder, 1983). For non-linear metrics such
as AUROC, Yao et al. (2015) implemented design-
based resampling methods including the jackknife
and Balanced Repeated Replication (BRR), a vari-
ance estimation technique using half-sample repli-
cates. Wadekar and Reiter (2024) extended Taylor
series linearization to provide valid confidence inter-
vals for binary classification metrics. In general, Tay-
lor linearization suits smooth statistics such as means
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and regression coefficients, where analytic derivatives
are available. Resampling methods (such as jack-
knife, BRR, and bootstrap) suit non-smooth or com-
posite statistics.

4.3. Generalization & Deployment

S7: External Validity. Models trained on one
survey may not generalize to other populations. Dong
et al. (2020) show that incorporating survey weights
at both estimation and outcome analysis stages is re-
quired for valid population-level inference. Degtiar
and Rose (2023) review methods for assessing gener-
alizability and transportability and distinguish exten-
sion to the source population from transport to new
target populations. When survey design metadata
are unavailable in the deployment setting, distribu-
tion shift between the training and target populations
may instead be addressed with domain adaptation
methods that learn population-invariant representa-
tions (Oh and Bui, 2025).

S8: Statistical Inference. Valid hypothesis test-
ing requires correct variance estimates. Lumley and
Scott (2015) developed design-based Wald statistics
to enable rigorous model comparison under complex
sampling designs. Dagdoug et al. (2023) extended
these inference capabilities to high-dimensional set-
tings, allowing valid variable selection and signifi-
cance testing in penalized regression models. When
ML is used for causal estimation such as Population
Average Treatment Effects (PATE), survey weights
must be integrated into the estimators. Ridgeway
et al. (2015) showed that ignoring weights biases
PATE estimates by failing to reconstruct the popu-
lation, while Lenis et al. (2019) clarified that weights
are required during outcome analysis even if omitted
during propensity score estimation.

S9: Deployment & Calibration. Deployed mod-
els may require calibration to match the target popu-
lation structure (Niculescu-Mizil and Caruana, 2005),
which may differ from the training survey calibra-
tion. Zhang et al. (2014) demonstrated Multilevel Re-
gression with Poststratification (MRP) for generating
census-aligned small-area estimates. MacNell et al.
(2023) noted that post hoc weighted evaluation can
partially correct biases from unweighted training but
does not replace a survey-aware pipeline. When mod-
els are applied across survey cycles, temporal shifts in
population composition can further degrade calibra-
tion (Meertens et al., 2022; Falasinnu et al., 2025).

5. Scoping Review of SaML
5.1. Approach

This scoping review does not aim to catalog all stud-
ies that apply machine learning to survey data nor
circumscribe the possibilities of survey-aware archi-
tectures. Instead, it identifies methodological contri-
butions that inform a survey-aware ML framework.
Following Arksey and O’Malley (2005), we searched
PubMed, Google Scholar, and statistical methodol-
ogy journals for papers published between 2000 and
2025. Search terms included survey weights, com-
plex survey, sampling design, and stratified sampling,
combined with machine learning, prediction, classi-
fication, cross-validation, and weighted estimation.
Please refer to Appendix B for details.

Initial searches showed that most ML studies us-
ing survey data ignore survey design and apply stan-
dard algorithms without sampling weights or adjust-
ment for stratification and clustering. To identify
studies with methodological contributions, we com-
bined database searches with backward and forward
citation tracking from key papers (Wohlin, 2014;
Tricco et al., 2016). Three reviewers independently
screened titles and abstracts, and resolved discrepan-
cies through discussion.

We included papers that explicitly addressed at
least one survey design element, such as weights,
strata, or PSUs, in ML training, evaluation, or in-
ference, and proposed methods applicable to health
research. We excluded papers that used survey data
only as a data source without methodological contri-
bution to survey-aware inference. This process iden-
tified 16 papers covering tree-based methods, cross-
validation, performance evaluation, variance estima-
tion, and statistical inference.

5.2. Analysis

We assessed each paper using a three-level rating sys-
tem: Applied (v) indicates survey-aware method-
ology was implemented, Acknowledged (A) indi-
cates the issue was recognized but not addressed,
and Not Applicable (-) indicates the step was out-
side the paper’s scope. Three researchers indepen-
dently assessed each paper; discrepancies were re-
solved through discussion with reference to textual
evidence. Detailed rating criteria and paper sum-
maries are provided in the Appendix B.

Table 3 summarizes the selected papers. These
16 studies do not represent a comprehensive cen-
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Table 3: Key Methodology Papers for Survey-aware Machine Learning.

Citation Domain Survey Data Task Model

Reiter et al. (2006) Health NHANES Imputation MI

Hedt and Pagano (2011) HIV /Infectious ~ ANC Sentinel Estimation MLE

Zhang et al. (2014) Respiratory BRFSS SAE MRP

Lumley and Scott (2015) Cardiovascular ~ NHANES Selection LR

Yao et al. (2015) Health HHANES ROC/AUC Nonparametric
Holbrook et al. (2020) Renal NHANES III Prediction GLM, kNN
Ellis and Souza (2021) Audiology NHANES Classification RF, SVM, kNN
Wieczorek et al. (2022) Reprod. Health NSFG cv LASSO, Spline
MacNell et al. (2023) Mortality NHANES III Classification XGBoost
Wieczorek (2023) Health Expend. MEPS, API Prediction Conformal, LR
Kalpourtzi et al. (2024) Cardiovascular ~ EMENO Imputation MI, IPW

Van Alten et al. (2024) Epidemiology UK Biobank Bias Correction  IPW, LASSO
Wadekar and Reiter (2024) Mental Health NSDUH, NCS-R  Evaluation LR, RF
Bhaduri et al. (2025) Methodological ~ Simulated Methods Review CART, RF, GB, BART
Falasinnu et al. (2025) Chronic Pain NHIS Prediction LASSO, RF

Si et al. (2025) Orthopedic NHANES Classification RF, SVM, DNN

Table 4: SaML 9-Step Assessment of Key Methodology Papers. Rating levels: v (green) = Survey-aware
methodology applied; A (yellow) = Acknowledged but not addressed; — (gray) = Not applicable.

Citation

Reiter et al. (2006)

Hedt and Pagano (2011)
Zhang et al. (2014)
Lumley and Scott (2015)
Yao et al. (2015)
Holbrook et al. (2020)
Ellis and Souza (2021)
Wieczorek et al. (2022)
MacNell et al. (2023)
Wieczorek (2023)
Kalpourtzi et al. (2024)
Van Alten et al. (2024)
Wadekar and Reiter (2024)
Bhaduri et al. (2025)
Falasinnu et al. (2025)
Si et al. (2025)
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Table 5: SaML Steps by Machine Learning Task (e = essential, o = recommended).
A. Data & Model

B. Evaluation C. Generalization

Task S1 S2 S3 S4 S5 S6 S7 S8 S9
Descriptive / EDA ° - - - - o - - -
Prediction ° o - — o
Risk Factor Identification ° o — . -
Small Area Estimation o - - - - ° — o
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sus of the field. Each paper contributes a method-
ological building block to one or more steps of the
framework. The papers span diverse healthcare do-
mains, including cardiovascular, respiratory, mental
health, and chronic pain. They use nationally rep-
resentative surveys primarily from the United States.
The National Health and Nutrition Examination Sur-
vey (NHANES) and its variants appear most fre-
quently. Other major surveys include the Behav-
ioral Risk Factor Surveillance System (BRFSS), Na-
tional Health Interview Survey (NHIS), Medical Ex-
penditure Panel Survey (MEPS), and National Sur-
vey of Family Growth (NSFG). International surveys
include the National Survey of Morbidity and Risk
Factors (EMENO, Greece) and UK Biobank.

Notably, Bhaduri et al. (2025) reviews tree-based
methods using simulation studies under complex sur-
vey designs, comparing weighted and unweighted en-
sembles and showing that survey weights reduce bias
and mean-squared error.

Table 4 presents the assessment results. Steps
S3 (Model Training) and S5 (Performance Evalua-
tion) receive the most Applied (v') ratings, reflecting
concentrated methodological effort. S6 (Uncertainty
Quantification) receives comparable attention, build-
ing on established variance estimation techniques in
survey statistics.

In contrast, earlier and later pipeline steps remain
underexplored. S9 (Deployment and Calibration) has
only two Applied ratings, indicating a critical gap
in translating survey-aware models into practice. S2
(Data Splitting) also receives limited attention de-
spite its role in preventing data leakage. Only Wiec-
zorek et al. (2022); Wieczorek (2023) and Bhaduri
et al. (2025) provide Applied contributions. S4 (Hy-
perparameter Tuning) is addressed by four papers but
remains less developed than training and evaluation.

The literature is fragmented, and most papers ad-
dress only a few steps. Bhaduri et al. (2025) covers
the broadest range, but no single work addresses all
nine steps. This fragmentation motivated our focus
on developing a unifying guideline rather than con-
ducting an exhaustive systematic review.

The 16 methodology papers in Table 4 provide
building blocks for individual steps, but no single
work covers the full lifecycle required in ML appli-
cations. West et al. (2016) show that most secondary
analyses of complex survey data ignore design fea-
tures. Recent ML studies on NHANES and BRFSS
show that this pattern persists (Ahn et al., 2024;
Chowdhury et al., 2024). Table 5 maps these frag-

mented methods into task-specific guidance, specify-
ing which steps are essential or recommended for each
objective. A systematic review of recent health ML
studies would further strengthen the empirical basis
for these guidelines. Even before such an audit is
available, the task-specific mapping in Table 5 pro-
vides immediately usable guidance for ML studies on
complex health surveys.

5.3. Task-Specific Use of the Framework

Although the SaML guideline includes nine steps, not
every step is required for all machine learning tasks.
Table 5 summarizes the required steps for four com-
mon survey-based ML tasks. Furthermore, as shown
in Appendix A, the impact of each step can vary. Em-
pirical results indicate that the choice of evaluation
metric (S5) produces larger and more consistent dif-
ferences than the choice of training method (S3). In
this work, we summarize the recommended steps for
four survey-based ML tasks in Table 5. An objective
of future work is to assess and quantify the relative
impact of each step to ascertain the extent of their
importance for each task.

Descriptive analysis and EDA. Weighted pre-
processing (S1) is essential. Uncertainty quantifi-
cation (S6) is recommended when reporting confi-
dence intervals. Conventional statistical research fo-
cuses on this task without using ML models. Reiter
et al. (2006) develop survey-aware multiple imputa-
tion methods, while Van Alten et al. (2024) construct
inverse probability weights to correct volunteer bias
in UK Biobank. Prior to imputation, missingness
and its mechanisms can also be characterized while
accounting for survey design to understand patterns
and variance in non-response.

Prediction. MIL-based prediction tasks require the
most extensive coverage. These tasks rely on
weighted preprocessing (S1), survey-aware data split-
ting (S2), weighted model training (S3), and weighted
performance evaluation (S5). Hyperparameter tun-
ing with design-adjusted criteria (S4) and deploy-
ment calibration (S9) are recommended but less often
implemented. Most surveyed papers focus on pre-
diction, with contributions spanning model training
(MacNell et al., 2023; Falasinnu et al., 2025) and
evaluation metrics development (Yao et al., 2015;
Wadekar and Reiter, 2024).

Risk factor identification. This task differs from
prediction by prioritizing survey-aware model selec-
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tion (S4) and statistical inference (S8) for valid hy-
pothesis testing. Performance evaluation (S5) plays
a secondary role. Lumley and Scott (2015) derive
design-adjusted AIC and BIC criteria for variable se-
lection in complex surveys.

Small area estimation. This task uniquely re-
quires external validity methods (S7) for poststratifi-
cation to target populations. Deployment calibration
(S9) is recommended to generate subpopulation esti-
mates. Hedt and Pagano (2011) develop design-based
estimation for HIV prevalence from sentinel surveil-
lance, and Zhang et al. (2014) apply multilevel regres-
sion with poststratification (MRP) for county-level
COPD prevalence.

This task-specific perspective explains the patterns
observed in the literature assessment (Table 4). Steps
such as S2, S7, S8, and S9 appear less frequently not
due to limited importance, but because they apply
only to specific task types.

6. Practical Implications

Reproducibility in Automated Discovery. Al
systems that automate hypothesis generation (Wang
et al., 2023) inherit the biases of their training
pipelines. When these pipelines ignore survey design,
downstream conclusions may not replicate. Survey-
naive pipelines may produce internally consistent re-
sults that fail to replicate when applied to new sam-
ples drawn from the same population, undermining
the scientific credibility of automated discovery sys-
tems (Subbaswamy and Saria, 2020).

Reproducibility remains a challenge in ML-based
science, with data leakage a common cause (Kapoor
and Narayanan, 2023). In complex health surveys,
random sample splitting can induce leakage by plac-
ing cluster-level structure in both training and test
sets. As a result, survey-naive pipelines may pro-
duce internally consistent results that fail to repli-
cate in new samples from the same population (Sub-
baswamy et al., 2019). Survey-aware data splitting
(S2) avoids this issue by partitioning at the PSU
level, which enforces design-consistent independence
between training and evaluation sets. When com-
bined with weighted performance evaluation (S5),
this strategy yields performance estimates that re-
flect generalization to new sampling units rather than
memorization of design artifacts.

Algorithmic Fairness as Health Equity. In
public health applications, fairness requires accu-

rate representation of population-level disease bur-
den rather than sample-level frequencies. Fairness
audits based on unweighted samples overemphasize
over-sampled subgroups and obscure errors affecting
underrepresented populations (Schuch et al., 2023).
For example, a model evaluated on NHANES with-
out accounting for oversampling of minority groups
may appear equitable while systematically under-
performing for the majority population. SaML ad-
dresses this issue through weighted exploratory anal-
ysis (S1) to characterize subgroup distributions and
weighted performance evaluation (S5) to assess error
rates across demographic groups. This alignment ties
algorithmic assessment to the demographic distribu-
tion of the target population.

This perspective directly links algorithmic fairness
to health equity. Fairness and health equity are con-
nected: biased performance estimates can worsen ex-
isting disparities (Mehrabi et al., 2021). Weighted
evaluation (S5) and proper variance estimation (S6)
align reported metrics with the target population.

SaML as a Robustness Check. Unweighted esti-
mation can be appropriate when the data-generating
process is fully specified and the sampling mecha-
nism is ignorable. Deep learning models rely on im-
plicit assumptions about input-output relationships
that are difficult to verify. Expecting these models
to recover complex sampling mechanisms, including
stratification, clustering, and unequal selection prob-
abilities, without explicit guidance is risky. SaML
serves as a robustness check by comparing weighted
and unweighted results across pipeline stages, includ-
ing model training (S3), performance evaluation (S5),
and variance estimation (S6).

Differences between weighted and unweighted es-
timates can indicate informative sampling or model
misspecification (Pfeffermann, 1993). For example,
large gaps between weighted and unweighted AUROC
(S5), or substantially wider design-based confidence
intervals than naive intervals (S6), signal violations
of i.i.d. assumptions. In this setting, SaML pro-
vides both correction and diagnosis through system-
atic comparison at S3, S5, and S6.

Implementation Considerations. In current
ML workflows, adopting survey-aware methods faces
practical barriers. In R, the survey package? (Lum-
ley et al., 2003; Lumley, 2004) supports design-based
inference, and recent extensions add survey-aware

2. https://cran.r-project.org/web/packages/survey/
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tree models (Toth and Eltinge, 2011) and cross-
validation (Wieczorek et al., 2022). In contrast,
Python libraries such as scikit-learn (Pedregosa
et al., 2011), XGBoost (Chen and Guestrin, 2016),
and PyTorch (Paszke et al., 2019) lack native sup-
port for survey design features. Practitioners must
implement weighted loss functions manually or rely
on sample weight options that ignore clustering and
stratification. This gap poses a barrier for health data
scientists who primarily use Python.

Survey-aware methods introduce modest compu-
tational overhead. Design-based variance estimation
using Taylor linearization or replicate weights in-
creases evaluation time but does not affect training
complexity when only sample weights are used. PSU-
level cross-validation can reduce the effective num-
ber of folds when clusters are large, which may in-
crease variance in performance estimates. This trade-
off reflects generalization uncertainty rather than a
methodological artifact. For large surveys with hun-
dreds of PSUs, computational costs remain manage-
able on standard hardware. Implementation com-
plexity, rather than computation, remains the main
barrier to adoption.

7. Conclusion

Machine learning provides powerful tools for analyz-
ing complex health data. Standard practice often
ignores sampling weights, stratification, and cluster-
ing. This omission compromises population-level in-
ference, leading to biased estimates, underestimated
variance, and misleading fairness assessments.

We propose Survey-aware Machine Learning
(SaML), a nine-step guideline for valid analysis with
representative data. SaML requires design-aware
data splitting (S2) to prevent leakage, weighted op-
timization (S3) to address selection bias, and design-
based variance estimation (S6) for uncertainty quan-
tification. These steps ensure that model outputs re-
flect the target population rather than sampling arti-
facts. As artificial intelligence systems increasingly
automate scientific discovery and clinical decision-
making, methodological guardrails become necessary.
Survey-aware methods should become standard prac-
tice when analyzing complex health surveys.

Limitations. The scoping review focuses on
methodological contributions rather than exhaustive
coverage. The empirical illustration validates indi-
vidual steps but does not evaluate the full pipeline

jointly. Furthermore, practical limitations remain.
Highly skewed weights reduce effective sample size.
High item non-response can weaken the validity of
survey weights. Temporal distribution shift across
annual survey cycles also remains largely unaddressed
in the current literature. Lastly, the empirical illus-
tration uses a single survey dataset, with a simpli-
fied prediction task. Generalizability of the observed
patterns across different survey designs and outcome
types requires further validation.

Open Problems. Survey-adjusted hyperparame-
ter tuning and deployment calibration lack estab-
lished procedures and remain major methodological
gaps identified by our review. Formal comparison of
SaML methods with causal inference frameworks and
weighted tree-based approaches remains an open di-
rection. Validation of the full pipeline as a whole,
rather than isolated steps, is a necessary next step.
Extending survey-aware principles to non-probability
samples such as electronic health records and estab-
lishing reporting standards for survey-based ML anal-
yses remain open priorities in our community.
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Appendix A. Empirical Illustration

To demonstrate the practical implications of survey-aware methods, we present an empirical analysis using
National Health and Nutrition Examination Survey (NHANES) August 2021-August 2023 cycle. This
illustration quantifies the differences between standard (unweighted) and survey-aware (weighted) approaches
across multiple stages of the machine learning pipeline.

Experiments 1-3 compare weighted and unweighted approaches: Experiment 1 (Descriptive Statistics)
validates S1, Experiment 2 (Model Evaluation) validates S5 and S6, and Experiment 3 (Training with
Weights) validates S3 and S5. Furthermore, Experiment 4 (Cross-Validation Design) examines how PSU-
level versus random splitting affects performance estimation, validating S2 and S4.

Data. NHANES employs a complex, multistage probability sampling design to produce nationally repre-
sentative estimates of the U.S. civilian non-institutionalized population. The survey design includes strati-
fication (SDMVSTRA), clustering by primary sampling units (SDMVPSU), and differential selection prob-
abilities captured in examination weights (WTMEC2YR). NHANES oversamples older adults, racial and
ethnic minorities, and low-income individuals to support subgroup estimation.

For the survey-design, we merged demographic (DEMO_L), body measurement (BMX_L), blood pressure
(BPXO_L), and diabetes questionnaire (DIQ_L) data files. Our analysis sample consisted of adults aged 20
years and older with valid examination weights (n = 6064).

Task. The prediction task was binary classification of diabetes status, defined as self-reported physician
diagnosis (DIQ010 = “Yes”). Among participants with valid diabetes status (n = 5843), the unweighted
prevalence was 14.9%, compared to a survey-weighted population estimate of 12.1%, reflecting the oversam-
pling of older adults with higher disease risk. Predictors included age (years) and body mass index (kg/m?),
two routinely measured clinical variables.

This simple model specification isolates the effects of survey methodology from model complexity. Any
differences between weighted and unweighted approaches therefore reflect the survey design rather than
model misspecification or feature engineering.

A.1. Experiment 1: Descriptive Statistics

The first experiment shows how unweighted sample statistics can diverge from design-weighted population
estimates when sampling is non-proportional.

A.1.1. CONTINUOUS VARIABLES

60 53.9 29.8 29.7 1231 121.2 0 753 75.2
— 48.8 30 — — —
100 Beo
2% - = €
2 £ £ £
3 g & &
S s 2 240
< o g s 2
4
<
20 10 ) a
20
0 0 0
Unweighted ~ Weighted Unweighted ~ Weighted Unweighted Weighted Unweighted ~ Weighted

Figure 2: Comparison of unweighted and weighted estimates for continuous variables (Age, BMI, Systolic
BP, Diastolic BP, from left to right). Error bars indicate 95% confidence intervals.
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Figure 2 and Table 6 compare unweighted and weighted means for key health indicators (NHANES 2021—
2023, U.S. adults > 20 years, n = 6064). Unweighted standard errors assume simple random sampling,
SE = s/+/n, while weighted standard errors account for the complex survey design via Taylor linearization.

Table 6: Comparison of Unweighted and Weighted Estimates for Continuous Variables

Unweighted Weighted

Variable Diff % Diff
Mean SE Mean SE

Age (years) 539 022 488 054 -51 -94%

BMI (kg/m?) 29.8 010 29.7 027 -0.1 -05%

Systolic BP (mmHg) 123.1 0.24 121.3 035 -1.8 -1.5%

Diastolic BP (mmHg) 753 0.15 752 0.31 -0.1 -0.2%

The largest difference appears in age. The unweighted sample mean exceeds the weighted population
estimate by 5.1 years, reflecting NHANES’s intentional oversampling of older adults. This 9.4% relative
difference shows how sample composition can misrepresent the target population.

Figure 2 visualizes these differences. Age shows the largest discrepancy, with the unweighted estimate
exceeding the weighted estimate because older adults are oversampled. Body mass index and blood pressure
show minimal differences, indicating weaker sensitivity to the sampling design.

A.1.2. DISEASE PREVALENCE

Table 7 shows that unweighted prevalence estimates systematically overestimate population disease burden.
Unweighted prevalence exceeds weighted estimates for both diabetes (defined as self-reported physician
diagnosis) and hypertension (defined as systolic BP > 140 or diastolic BP > 90 mmHg). These differences
arise because older adults, who have higher disease prevalence, are overrepresented in the unweighted sample.

Table 7: Comparison of Unweighted and Weighted Prevalence Estimates

Outcome n Unweighted % (SE) Weighted % (SE) Diff (pp)
Diabetes 5843 14.9 (0.47) 12.1 (0.71) -2.8
Hypertension 5863 20.6 (0.53) 17.9 (0.95) 2.7
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Figure 3: Sample composition vs. population estimates by age group (left) and race/ethnicity (right).
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A.1.3. SAMPLE COMPOSITION BY AGE GROUP AND RACE/ETHNICITY

Figure 3 shows these differences of composition in sample and population. Older adults are overrepresented
in the unweighted sample relative to the U.S. population, while younger adults are underrepresented. This
deliberate oversampling supports precise subgroup estimates but requires weighting for valid population
inference. In contrast, race and ethnicity show smaller discrepancies in the NHANES 2021-2023 cycle,
indicating more balanced representation in recent survey design, as detailed in Table 8 and 9.

Table 8: Sample Composition vs Population Estimates by Age Group
Age Group n Sample %  Population % (SE) Diff (pp)

20-39 1559 25.7 35.4 (1.23) +9.7
40-59 1733 28.6 33.5 (0.92) +4.9
60-79 2430 40.1 26.5 (0.71) -13.6
80+ 342 5.6 4.6 (0.47) -1.0

Table 9: Sample Composition vs Population Estimates by Race/Ethnicity
Race/Ethnicity (Abbreviation in Figure 3) n Sample % Population % (SE) Diff (pp)

Non-Hispanic White (NH White) 3569 58.9 60.1 (1.91) +1.2
Non-Hispanic Black (NH Black) 753 12.4 11.0 (1.33) -1.4
Other Hispanic (Other Hisp.) 614 10.1 9.6 (1.32) -0.5
Mexican American (Mexican Am.) 405 6.7 7.1 (1.95) +0.4
Non-Hispanic Asian (NH Asian) 335 5.5 6.1 (1.17) +0.6
Other/Multi-Racial (Other/Multi) 388 6.4 6.1 (0.53) -0.3

A.2. Experiment 2: Model Evaluation

The second experiment examines how evaluation methodology affects reported model performance. We fit
a logistic regression model predicting diabetes from age and BMI (n = 5752 complete cases, with diabetes
prevalence 14.7 %), and compare unweighted and survey-weighted AUROC estimates. Table 10 shows that
the same model yields different AUROC values under different evaluation methods. The unweighted and
weighted AUROC estimates differ by 0.032, a gap that can affect model selection and deployment decisions.

Table 10: Comparison of Unweighted and Survey-Weighted AUROC for Diabetes Prediction

Evaluation Method AUROC 95% CI
Unweighted 0.743 (0.727 — 0.758)
Survey-weighted 0.775 (0.749 — 0.793)
Difference +0.032

The unweighted AUROC uses the standard Mann—Whitney U statistic, with confidence intervals derived
from the DeLong method. The survey-weighted AUROC uses a Horvitz—Thompson estimator that weights
each concordant pair by inverse selection probabilities (Iparragirre et al., 2023). Confidence intervals for the
weighted AUROC are obtained by bootstrap resampling with 100 replications.

Neither estimate is inherently correct. Each targets a different estimand. The unweighted AUROC
measures discrimination in the observed sample, whereas the weighted AUROC measures discrimination
in the target population. When sampling probabilities correlate with the outcome, as when older adults
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are oversampled, these estimates diverge. The appropriate metric depends on the inferential goal, whether
sample-level performance or population-level generalization.

A.3. Experiment 3: Training with Survey Weights

The third experiment tests whether incorporating survey weights into the training loss affects model perfor-
mance. We trained XGBoost models with identical hyperparameters (max_depth=3, learning rate=0.1, 100
boosting rounds), varying only the inclusion of survey weights in the loss function. Uncertainty estimates
were obtained via bootstrap resampling (100 replications).

Experiments 2 and 3 address related but distinct questions. Experiment 2 isolates evaluation methodology.
Using a fixed logistic regression model, it shows that unweighted and weighted AUROC yield different
performance estimates even when the model is unchanged. Experiment 3 adds training methodology as a
second factor. Using XGBoost with and without survey-weighted loss, it assesses whether weighted training
improves population-level performance. Together, the results indicate that both training and evaluation
choices matter, but evaluation methodology produces larger and more consistent differences. When only one
survey-aware modification is feasible, weighted evaluation should take priority over weighted training.

Table 11 presents the results. Under unweighted evaluation, both models achieve similar performance
regardless of training method. Under weighted evaluation, the weighted-trained model has higher point
estimates than the unweighted-trained model, although the confidence intervals overlap. This pattern holds
for both AUROC and AUPRC, indicating that incorporating survey weights into the loss function optimizes
population-level rather than sample-level performance.

Table 11: Effect of Survey Weights in XGBoost Training: AUROC and AUPRC
AUROC AUPRC

Unweighted Weighted Unweighted Weighted

Unweighted XGBoost ~ 0.782 (0.767-0.795)  0.809 (0.786-0.827)  0.365 (0.337-0.401)  0.354 (0.321-0.393)
Weighted XGBoost ~ 0.782 (0.768-0.795)  0.830 (0.815-0.845)  0.361 (0.328-0.391)  0.387 (0.341-0.426)

Difference 0.000 +0.021 -0.004 +0.033

Training Method

Figure 4 visualizes these differences using ROC curves. Under standard evaluation (left), the two training
methods produce nearly overlapping curves. Under weighted evaluation (right), the weighted-trained model
shows improved discrimination, particularly in the high-sensitivity region.

Figure 5 shows the corresponding precision-recall curves. The same pattern appears. Training method
differences are minimal under standard evaluation but become visible under weighted evaluation, where the
weighted-trained model achieves higher precision at comparable recall levels.

A.4. Experiment 4: Cross-Validation Design

The fourth experiment examines how cross-validation strategy affects performance estimation. We use the
same XGBoost specification as Experiment 3 (max_depth=3, learning rate=0.1, 100 rounds) in a 2 x 2 x 2
factorial design: CV type (random vs. PSU-level), training (unweighted vs. weighted loss), and evaluation
(unweighted vs. weighted AUROC). Each condition is evaluated with 5-fold CV repeated 3 times.

In random CV, observations are assigned to folds independently. In PSU-level CV, fold assignment occurs
at the primary sampling unit level and is stratified within each stratum so that every fold contains PSUs
from all strata (Algorithm 1). This design preserves the cluster structure and prevents data leakage between
training and test sets within the same PSU.

Table 12 shows a descriptive difference between the two split schemes. For matched training and evaluation
settings, PSU-level CV produces slightly lower mean AUROC than random CV. The AUROC standard
deviation is also smaller under PSU-level CV, compared with random CV. This stabilization is vital from a
public health perspective to reliably assess model fairness for underrepresented groups.
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Figure 4: ROC curves under standard evaluation (left) and survey-weighted evaluation (right).
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Figure 5: Precision-Recall curves under standard evaluation (left) and survey-weighted evaluation (right).

We interpret this difference cautiously because the PSU design produced only 6 usable folds out of the
15 planned repeat fold combinations after the minimum test size and positive count screen, whereas all
15 random CV folds were retained. Across both CV types, weighted evaluation increases mean AUROC
by about 0.027 to 0.031 relative to unweighted evaluation, but it lowers mean AUPRC in all four training
and CV combinations. When the evaluation rule is fixed, weighted training performs slightly worse than
unweighted training for both AUROC and AUPRC in this experiment.

In this dataset, the cross-validation design changes both the reported point estimates and their fold-to-
fold dispersion. PSU-level CV enforces cluster-separated splits, but with the current sample and positivity
thresholds it also drops more folds. We therefore treat Table 12 as a descriptive comparison of two split
constructions under the observed survey design, not as a definitive ranking of estimator reliability.
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Table 12: Cross-validation results (mean (SD) over 5-fold CV X 3 repeats).

AUROC AUPRC
CV Type Training
Unweighted Weighted Unweighted Weighted
Random Unweighted  0.739 (0.020) 0.768 (0.032) 0.298 (0.026) 0.284 (0.034)
Weighted ~ 0.736 (0.019)  0.763 (0.033)  0.288 (0.025) 0.268 (0.037)
PSU Unweighted  0.732 (0.009) 0.763 (0.008) 0.283 (0.016) 0.274 (0.023)
Weighted 0.727 (0.011) 0.756 (0.008) 0.275 (0.011) 0.255 (0.015)

PSU-Level Cross-Validation. Algorithm 1 presents the survey-aware cross-validation procedure used
in our empirical illustration. Folds are assigned at the PSU-level within each stratum, following Wieczorek
et al. (2022). Algorithm 2 defines the survey-weighted AUROC estimator. Specifically, it applies the Horvitz—
Thompson estimator (Horvitz and Thompson, 1952) to the Mann—Whitney concordance probability (Hanley
and McNeil, 1982) to account for unequal selection probabilities.

Algorithm 1: Stratified PSU-Level K-Fold Cross-Validation
Input : Dataset {(x:,y:, wi, Si,¢:) }ieq: features, label, weight, stratum, PSU
Folds K, repeats R, model class M

Output: Performance scores P € REXK

1 forr < 1to R do
// Assign folds within each stratum
2 foreach stratum s do
3 ‘ Randomly assign PSUs in s to folds 1,..., K
4 end
5 Map each observation ¢ to the fold of its PSU (s;, ¢;)
6 for k< 1 to K do
7 Train m < M.fit(Xerain, Yerain, Werain)
Predict p; + m(x;) for ¢ in fold k
P[?‘, k‘] < WeightedAUROC(ytcst, f)tcst, Wtcst)
8 end
9 end
10 return P

11

12
13
14
15
16
17
18

Algorithm 2: Survey-Weighted AUROC (Horvitz—Thompson Estimator)
Input : Labels y, predicted scores p, sampling weights w
Output: A@CHT €10,1]
P{i:yi=1}, N+ {i:y; =0}
WH Y cpwi, W™« D ien Wi
C+ 0 forie P do

for j € N do
w”(—‘;vui‘:vul ifﬁ¢>ﬁjthenC<—C+wi]~
else if p; = p; then C < C' + %UJZ']'
end
end
return C'

Based on this approach, all observations from the same PSU remain in the same fold. This prevents
within-cluster leakage and preserves cluster integrity. Folds are assigned independently within each stratum
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so that each fold maintains the stratification structure of the survey design. Both training and evaluation
incorporate sampling weights, which targets population-level performance rather than sample-level accuracy.

A.5. Discussion: Why Differences Matter

The purpose of this empirical illustration is not to claim that weighted methods are universally superior.
Instead, it shows that meaningful differences exist between weighted and unweighted approaches, and that
ignoring these differences can lead to misleading conclusions about model performance. When sample and
population distributions diverge under complex survey designs, standard ML pipelines may not align with
their intended targets. A model optimized on an unweighted sample prioritizes performance on oversampled
subgroups, such as older adults in NHANES, rather than the population distribution. Unweighted evaluation
metrics similarly reflect discrimination in the observed sample rather than in the target population.

Evaluation methodology matters more than training methodology. Across experiments, the choice
of evaluation metric, weighted versus unweighted, produces larger and more consistent differences than the
choice of training method. This pattern holds for both AUROC and AUPRC, with larger gaps under
weighted evaluation for AUPRC. These results suggest that practitioners should prioritize survey-aware
evaluation when weighted training is infeasible.

Unweighted and weighted metrics answer different questions. Unweighted metrics estimate per-
formance in the observed sample, whereas weighted metrics estimate performance in the target population.
Neither metric is universally correct. The appropriate choice depends on the inferential goal. For population-
level deployment, weighted evaluation provides the relevant estimand.

Differences should be reported, not ignored. Rather than reporting a single metric, practitioners
should present both weighted and unweighted results. Large discrepancies indicate sensitivity to sampling
design and require explicit discussion. Agreement between metrics suggests robustness to evaluation method-
ology. The discrepancies observed here, consistent across both AUROC and AUPRC, show that conclusions
can depend on methodological choices and that survey design must be addressed explicitly.

Appendix B. Details of Scoping Review
B.1. Selection Rationale

This appendix describes the paper selection process. Following the scoping review framework of Arksey and
O’Malley (2005), the objective was to identify methodological contributions that inform the survey-aware
ML framework, not to exhaustively review all ML applications using survey data.

Search Strategy. We queried PubMed and Google Scholar using survey design terms (“survey weights,”
“complex survey,” “sampling design,” “stratified sampling”) combined with machine learning terms (“ma-
chine learning,” “prediction,” “classification,” “cross-validation,” “weighted estimation”). We also hand-
searched multiple journals where survey-aware methods are more commonly published, including but not
limited to Survey Methodology, Journal of Survey Statistics and Methodology, and Statistics in Medicine.
Searches covered papers published between 2000 and 2025.

Screening. Database searches returned many papers applying ML to surveys such as NHANES, BRFSS,
UK Biobank, and their case studies. Most treated survey data as a convenience sample without incorporating
sampling weights or design adjustments. These papers were excluded because they do not advance survey-
aware methodology. Given the sparse literature, we supplemented database searches with backward and
forward citation tracking from foundational papers (Wohlin, 2014; Tricco et al., 2016) to identify contributions
in statistics journals not captured by keyword searches. Three reviewers independently screened titles and
abstracts, and resolved discrepancies through discussion.
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Inclusion and Exclusion. We included papers that (1) explicitly addressed survey design elements
(weights, strata, PSUs) in ML training, evaluation, or inference, (2) proposed or evaluated methods rather
than applying existing tools, and (3) were applicable to health research. We excluded papers that used
survey data only as a data source or mentioned weights without methodological detail.

Final Selection. This process yielded 16 papers spanning model training, cross-validation, performance
evaluation, variance estimation, and statistical inference. Although not exhaustive, this set captures the core
methodological contributions required for survey-aware ML pipelines.

B.2. Scoping Review

Scope of Included Papers. The 16 selected papers include both methodological and applied work.
Some focus on a single lifecycle step, such as multiple imputation (Reiter et al., 2006) or model selection
criteria (Lumley and Scott, 2015). Other included papers evaluate ML workflows for survey data, with
varying degrees of survey-design integration across training, validation, and evaluation (MacNell et al., 2023;
Falasinnu et al., 2025; Si et al., 2025). Section 3 also cites recent studies that train predictive models on
nationally representative surveys without accounting for survey design (Chen et al., 2024; Ahn et al., 2024;
Chowdhury et al., 2024), which shows that survey-naive practice persists in applied ML.

Paper Summaries. The following summaries describe each paper’s contribution to the framework:

e Reiter et al. (2006) address multiple imputation (MI) for survey data. Conditioning imputation models
on strata and cluster indicators prevents bias in design-based inference. Simulation studies using the
National Health and Nutrition Examination Survey (NHANES) show that ignoring design features
during imputation degrades variance estimation.

e Hedt and Pagano (2011) combine convenience samples from antenatal care (ANC) sentinel surveillance
with probability samples for human immunodeficiency virus (HIV) prevalence estimation. Maximum
likelihood estimation (MLE) yields closed-form variance expressions that correct selection bias from
convenience sampling.

e Zhang et al. (2014) apply multilevel regression and poststratification (MRP) to small-area estimation
(SAE) of chronic obstructive pulmonary disease (COPD) prevalence using the Behavioral Risk Factor
Surveillance System (BRFSS). Weight rescaling preserves inference validity in multilevel models, and
parametric bootstrap provides uncertainty quantification at the census block level.

e Lumley and Scott (2015) derive design-adjusted Akaike Information Criterion (dAIC) and Bayesian In-
formation Criterion (dBIC) for model selection in complex surveys. Effective sample size corrections and
design effects are incorporated through pseudo-likelihood theory, with applications to logistic regression
(LR) models for hypertension (NHANES) and esophageal cancer (case-control study).

e Yao et al. (2015) develop nonparametric receiver operating characteristic (ROC) curve and area under
the curve (AUC) estimators for stratified multistage cluster samples. Variance estimation uses jack-
knife and balanced repeated replication (BRR), with applications to the Hispanic Health and Nutrition
Examination Survey (HHANES).

e Holbrook et al. (2020) extend Efron’s prediction error estimation to complex surveys. The Horvitz-
Thompson-Efron (HTE) estimator is consistent for superpopulation generalization error and equivalent
to design-adjusted AIC. Applications use NHANES IIT with generalized linear models (GLM) and k-
nearest neighbors (kNN).

e Ellis and Souza (2021) classify hearing loss severity using NHANES audiometric data across multiple
survey cycles. A weight combination procedure merges cycles while preserving representativeness. Ran-
dom forest (RF), support vector machine (SVM), and k-nearest neighbors (kNN) are compared using
design-based hypothesis testing.
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Wieczorek et al. (2022) develop survey-aware K-fold cross-validation (CV) for complex samples. Folds
are constructed at the primary sampling unit (PSU) level to prevent data leakage, with Horvitz-
Thompson estimators for test error. Logistic regression with group LASSO and natural splines is
demonstrated using the National Survey of Family Growth (NSFG).

MacNell et al. (2023) compare weighting strategies for gradient boosting applied to NHANES III mor-
tality prediction. Direct weight integration during XGBoost training is contrasted with post hoc re-
evaluation using weighted outcomes.

Wieczorek (2023) extend conformal prediction to complex surveys and provide finite sample coverage
guarantees under unequal probability sampling. Applications to the Medical Expenditure Panel Survey
(MEPS) and Academic Performance Index (API) show that standard conformal methods fail without
design-based calibration.

Kalpourtzi et al. (2024) compare missing data approaches in the EMENO survey (National Survey of
Morbidity and Risk Factors, Greece). Multilevel multiple imputation (MI) outperforms inverse proba-
bility weighting (IPW) in bias and coverage when missingness depends on cluster-level characteristics.

Van Alten et al. (2024) construct inverse probability weights (IPW) to correct volunteer bias in UK
Biobank. Probit regression with least absolute shrinkage and selection operator (LASSO) estimates
participation probabilities from census covariates. The resulting weights are released for UK Biobank
research use.

Wadekar and Reiter (2024) derive Horvitz-Thompson estimators for survey-weighted sensitivity and
specificity. Applications to the National Survey on Drug Use and Health (NSDUH) and National Co-
morbidity Survey Replication (NCS-R) show that weighted metrics diverge from unweighted alternatives
when weight variation is large.

Bhaduri et al. (2025) review tree-based methods for complex surveys, including classification and re-
gression trees (CART), random forests (RF), gradient boosting (GB), and Bayesian additive regression
trees (BART). Topics include weighted splitting criteria, design-based bootstrap, and cluster-aware
validation.

Falasinnu et al. (2025) develop temporal validation for chronic pain prediction using National Health
Interview Survey (NHIS) data. Survey-weighted LASSO and random forest (RF) models are trained with
design weights. Multiple validation scenarios assess generalizability under varying predictor availability.

Si et al. (2025) examine whether survey weights affect prediction performance for imbalanced outcomes
in NHANES. Random forest (RF), support vector machine (SVM), deep neural network (DNN), logistic
regression (LR), and LASSO achieve similar individual-level accuracy regardless of weighting, raising
questions about when weights are necessary for prediction. Notably, this work concludes that com-
plex sampling structures may be unnecessary for individual-level prediction when outcomes are highly
imbalanced, because model performance is driven more by class imbalance than by survey design.
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