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Abstract
Background

Enlarging a synthetic validation cohort can improve conditional precision without adding original
subgroup information. We examined how release size and changes in majority source data affect lower-
risk claims for a fixed minority population.

Methods

We combined a Bernoulli baseline with 50,000 independent source cohorts in each of 45 settings, a
matched parametric experiment with 1,000 cohorts, and source-refit uncertainty estimation using 399
resamples in 200 cohorts. Each matched cohort contained 200 fixed minority records. An independent
1,000-source oracle diagnostic examined frozen error-distribution adjustments. Neural feasibility
experiments included a completed 24-source, 120-fit public finite-record benchmark. Comparisons used
paired Brier loss, retaining harmful, beneficial and equal-risk orientations.

Results

In a specified adverse baseline setting, conditional Wald false certification increased from 6.2% to 35.2%
with synthetic expansion. An unpenalized fully interacted generator was invariant to majority size, yet
boundary rejection rose from 11.1% to 44.5% as releases grew from 200 to 20,000 records. In a correctly
specified shared control, source refitting reduced boundary rejection from 79/200 to 4/200; useful
certification also decreased. Fixed shrinkage and deliberate misspecification retained signed errors,
while frozen marginal centering reduced major distortions on fresh sources. Bootstrap availability
ranged from 161 to 200 cohorts. In the public benchmark, minority-only certification of the beneficial
natural model comparison rose from 4/24 to 17/24, while false certification of its reverse rose from 0/24
to 4/24. Natural-comparison majority-size intervals included zero. Neural fidelity limitations and
integration-precision misses remained.

Conclusions

Conditional-release precision, source uncertainty and fitted-target distortion require separate
assessment. Source refitting substantially reduced excess certification in correctly specified controls,
with a power cost; variance correction did not remove every error under fixed bias. The public experiment
illustrates these distinctions without establishing adequate-generator inference, an isolated majority-
sharing effect or clinical validity.

Background
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The research question is whether an enlarged synthetic validation cohort can justify a lower-risk claim
that its original subgroup observations do not support. The procedure uses a zero noninferiority margin
and requires evidence of strictly lower expected paired Brier loss; mathematically, it is a superiority test.
Here, certification denotes this statistical decision. False substantive certification is assessed for
genuinely inferior candidates, while rejection at equal risk is reported separately as boundary-null error. A
second, more discriminating question is whether a shared generator changes that subgroup comparison
when the subgroup's own records remain fixed but the majority source data change. These questions
concern evidence for expected predictive loss. They do not equate a favourable statistical comparison
with clinical safety, treatment effectiveness or benefit to patients.

Synthetic health data are being developed for several legitimate purposes, including accessible research
resources, predictive modelling and longitudinal disease analysis. Multifaceted electronic-health-record
benchmarks, longitudinal generators and recent multicountry cohort synthesis illustrate the diversity of
these uses [1, 2, 3]. Methods designed for mixed clinical tables, complex missingness and longitudinal
structure also evaluate preservation of clinically relevant relationships [4, 5, 6]. A comparison of
obfuscation and generative techniques found utility to depend on the analysis [7]. Broader evaluations
likewise distinguish fidelity, utility and privacy [8, 9, 10, 11]. A limitation of a particular inferential use
should therefore not be mistaken for evidence that synthetic data have no value. Minority augmentation,
for example, can improve some prediction objectives under specified data conditions [12].

The inferential distinction is older than contemporary generative modelling. Synthetic-data combining
rules depend on how records were generated and on what the analyst is trying to estimate [13, 14, 15].
General distributional utility and analysis-specific utility need not agree [16], and established synthesis
software makes this distinction explicit [17]. Recent experiments demonstrate inflated false-positive
rates when artificial records are analysed as though they were observed independently from the target
population [18]. Debiasing methods address additional discrepancies that variance correction alone
cannot remove [19]. Bayesian consistency results require a compatible synthesis and analysis regime
[20], while differentially private synthesis introduces further inferential constraints [21]. These results
preclude presenting the existence of source-uncertainty inflation as a new finding.

The question is also distinct from whether synthetic data can help choose or evaluate a model. Synthetic
model selection and ranking calibration have direct precedents [22, 23]. AutoEval combines synthetic
and observed labels for efficient evaluation [24], and prediction-powered inference uses observed
outcomes to correct machine predictions [25]. Risk-control procedures, synthetic-assisted inference and
task-level calibration offer explicit guarantees under their respective information structures [25, 26, 27,
28, 29, 30, 31]. In particular, conformal risk control bounds marginal expected monotone loss [30]; that
guarantee differs from a high-probability certificate for one fitted source-population comparison.
Generating complete records from a small source dataset is not automatically equivalent to obtaining
independently sampled covariates or additional observed labels. An analysis must identify which
information is genuinely new and which uncertainty is conditional on an already fitted generator.
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Subgroup evidence deserves particular care. A large total sample can coexist with few observations in
the subgroup of interest. External-validation sample-size guidance accordingly concerns precision in the
relevant performance measures, not only the headline number of records [32, 33]. Multicalibration and
fairness-auditing research likewise distinguish aggregate properties from subgroup claims [34, 35].
Reporting and bias-assessment frameworks ask investigators to make their evaluation population,
analysis choices and applicability explicit [36, 37]. Merely oversampling a subgroup synthetically cannot
be assumed to satisfy these evidential requirements.

We use expected paired Brier loss because its target is transparent and it admits an exact verification
example. Proper scoring rules assess probabilistic predictions in expectation [38, 39]; the Brier score
reflects more than calibration alone [40, 41]. It is not, however, a complete measure of clinical utility [42].
Decision-curve analysis addresses a different, threshold-dependent question [43]. The present study
therefore evaluates false certification of strictly lower expected loss. The baseline validates the
measurement and uncertainty controls; the matched parametric experiment then separates release-size
effects from changes in the fitted minority comparison. Completed neural experiments assess the
behavior and limitations of the fitted procedures; their fidelity diagnostics determine the scope of the
resulting claims. Figure 1 summarizes the design and evidence flow.

Methods
Simulation design and estimand

The simulation follows the aims, data-generating mechanisms, estimands, methods and performance-
measures structure recommended for statistical-method evaluation [44]. Total source size n took values
200, 1,000 and 5,000. The subgroup probability q took values 0.02, 0.10 and 0.50. For each independent
cohort, K was drawn from Binomial(n,q), and subgroup events X from Binomial(K,p), with p in
{0.10,0.14,0.15,0.16,0.20}. Majority events were drawn independently conditional on K with probability
0.30. A source cohort did not represent any real person.

We adopted the binary Brier convention (prediction-outcome) squared, without doubling for the two
outcome categories [38, 42]. Both comparison orientations were retained. The null for certification was
expected paired loss difference greater than or equal to zero; certification required a one-sided upper
bound strictly below zero. Boundary rejection at exactly zero and false certification under strict inferiority
were reported separately. An empty source subgroup always returned inconclusive.

Synthesis and uncertainty procedures

The empirical generator used X/K as the subgroup event probability. The pooled negative control used all
source events divided by n. The oracle used the known subgroup probability p. Synthetic subgroup size
was K times an expansion ratio in {1,5,20,100,1000}; empty groups used an internal numerical
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placeholder but remained ineligible for certification. Binomial counts represented each complete
synthetic release without materializing redundant binary rows.

All tests used one-sided alpha = 0.05. Conditional Wald tests used the synthetic plug-in draw variance
p(1-p)

—, Where ZNQ is the generated event proportion. The variance-corrected calculation instead used the

pg(l_pg)
m

fitted generator probability for conditional draw variance, plus its estimated fitting variance.
Conditional exact tests used the corresponding one-sided binomial tail at probability 0.15. The variance

correction added a generator-specific fitting term to conditional draw variance. For the empirical
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unconditionally over the iid mixture design. For the oracle it was zero. Empirical correction returned
inconclusive at K =1 because the required source variance was not estimable. Exact source tests used
the original X and K only [45].

generator with K > 1, this term was , interpreted

Writing z for the standard-normal 0.95 quantile, the higher-prediction comparison certified when 5—Z~SE
>0.15; the reverse certified when ]N9+z-SE < 0.15. Exact procedures required the corresponding binomial-
tail p-value to be strictly below 0.05. The absolute Brier coefficient 0.20 converts event-rate bounds into
loss bounds.

1

At fixed K = k, the variance of the empirical-generator synthetic event rate is p(1 — p) [l +

- ). Its
nonvanishing first term explains the source-information limit. The supplementary mathematical checks
include exact enumeration and the discrete large-release boundary term. The correction is an

established statistical strategy, not a proposed new method [13, 18].

&
m

Monte Carlo reporting and verification

The larger baseline used seed 9276301 with separate SeedSequence streams for the 45 source
configurations and 50,000 source cohorts per configuration. All methods and release sizes shared the
relevant source cohort; generated release draws were saved. Each probability estimate uses all 50,000
source cohorts as its denominator, including inconclusive cohorts, and has a Monte Carlo standard error
and a pointwise 95% Wilson interval. These intervals are not simultaneous bands across the reported
grid. Expansion contrasts use the standard error of paired replicate differences. Repeated exact-source
results are not counted as independent observations.

Checks compared exact binomial-test size with enumeration, verified the paired Brier algebra and
variance decomposition, and reconstructed decisions from stored source and synthetic counts. A
secondary internal agent audit, conducted separately from implementation but within the same model
family, additionally reconstructed selected counts and paired standard errors without importing the
decision function. Such audits are computational cross-checks, not external journal peer review or
guarantees of scientific novelty.
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Matched-source parametric experiment

To separate conditional simulation noise from changes in a fitted generator, we used a mixed-covariate
population with a known logistic outcome mechanism. Each of 1,000 independently sampled source
cohorts supplied 200 minority records. Within a cohort, the minority records and target population
remained fixed while the majority sample size increased from 800 to 3,200 under nested sampling.
Maijority outcome shifts were k = -1, 0 and + 1. Prespecified model comparisons included two harmful
candidates with population excess Brier risk 0.002, their reversed beneficial comparisons, and a
nondegenerate equal-risk comparison. These five comparisons shared source cohorts and were not
treated as independent replications.

We fitted minority-only, fully interacted and shared main-effects logistic generators. The fully interacted
model could represent the group-specific outcome relationship; the main-effects model deliberately
omitted the group-by-age effect and was therefore misspecified for nonzero k. Ridge penalties 0, 1 and
10 were fixed on the summed negative log likelihood, with the common intercept unpenalized. Generated
minority covariates followed their empirical source distribution, and outcomes followed the fitted
conditional probabilities. Fitted-generator mean paired losses integrated the binary outcome analytically,
avoiding synthetic Monte Carlo error in this estimand. Nested releases contained 200, 4,000 and 20,000
records. Conditional normal and bounded-loss decisions were evaluated against the population truth,
with original-source decisions as benchmarks. Rate intervals were pointwise exact binomial 95% Monte
Carlo confidence intervals over independent source cohorts; paired-drift intervals were pointwise t
intervals. The reported analyses did not adjust for multiplicity.

Full source-refit uncertainty

For source IDs 0—199, we refitted each of the 39 logistic generator configurations on 399 resampled
source datasets. Minority rows were resampled with replacement. Majority resampling preserved the
nested 800-record prefix and additional 2,400-record block; matched resampling indices were reused
across outcome shifts. This was the declared block-stratified procedure, rather than an ordinary
bootstrap of the combined majority sample. Each refit's minority covariate distribution also followed its
resampled minority records. The sample variance of the refitted exact generator means estimated
source variation. For a finite release, the one-sided normal bound added this variance to the fitted
conditional paired-loss variance divided by release size; for an analytic-generator mean, the latter term
was zero. The original point estimate was retained, so the procedure did not directly correct its bias.

A source/configuration bound required all 399 refits to pass the recorded validity criteria. We reported
planned and evaluated denominators separately. Paired correction effects were evaluated on identical
source cohorts with both decisions available, with source-level standard errors and pointwise t intervals;
logical ranges retained uncertainty from unavailable pairs. Rate intervals were pointwise exact binomial
intervals. These Monte Carlo intervals describe performance in the specified simulation and are not
simultaneous guarantees over the configuration grid.
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Independent oracle diagnostic

This prospectively frozen local diagnostic used original source IDs 0—999 as an inspected reference and
fresh source IDs 1000-1999 for evaluation. For each fixed generator/comparison/release cell and each
source-only comparison, we froze the reference mean error y, sample standard deviation s and linearly
interpolated empirical fifth-percentile error g. Errors were estimates minus known population truth. The
three upper bounds for a fresh estimate T were T + z,.45S, T - P + Z.05S and T - q. Synthetic-cell reference
errors already included finite-release noise; no second conditional-variance term was added. All 785
cells, all orientations and all release sizes were retained without holdout-based tuning. Rates and paired
differences used the 1,000 independent source cohorts as units. Reference parameters and original
evidence hashes remained unchanged.

Bounded neural training and weighting diagnostic

The amendment fixed source cohort 0, fitting-seed offset 0, 6,000 updates per optimizer and 13
configurations: one minority-only, six shared and six balanced fits. The seven minority-only/shared cells
were paired with their existing 600-update counterparts. Balanced fits repeated minority rows four or
sixteen times to match majority row counts at 800 or 3,200. The original source arrays, predictors,
architecture and sampling rules were retained. Optimizer traces verified actual update budgets, and
saved sampler counters reported minority exposures. Raw retained rows were used to reconstruct
paired losses, feature marginals and support violations. All shifts, predictor orientations and precision
failures were reported. No across-source confidence interval or calibration rate was estimated from this
single-source experiment.

Neural feasibility experiments

We used a conditional tabular generative adversarial network (CTGAN) [46] to model the joint mixed-
covariate and binary-outcome distribution. The known-truth feasibility experiment comprised 24
independent source cohorts, with the same 200 minority records held fixed across one minority-only and
six shared fits per cohort. The shared fits crossed majority sizes 800 and 3,200 with shifts k=-1, 0 and +
1. All 168 fits used 600 optimizer updates and one fitting-seed offset. Actual generated group
membership was checked before retaining minority records. Numerical integration samples and nested
releases served different purposes: the former estimated fitted-generator paired-loss means, while the
latter supplied release-based decisions. Absolute and relative numerical-precision diagnostics were
retained alongside feature support and outcome fidelity. Additional file 1 (Supplementary methods)
specifies architecture, preprocessing, sampling and the mixed-covariate population.

Public finite-record benchmark
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The public benchmark used the CDC Diabetes Health Indicators derivative distributed through UCI and
its linked author export [47]. The derivative contains 253,680 records. The linked author export is
licensed CCO; input and metadata fingerprints are retained with the provenance record. The supplied
binary outcome was retained unchanged. Comparison with the author's three-class export showed that
the positive label represented diabetes, while both the normal and prediabetes classes mapped to zero.
We did not rely on UCI's inconsistent combined-outcome description. The author's stated 2015
provenance and UCI's additional 2014 link could not be reconciled through a raw BRFSS reconstruction,
which was not performed.

The minority group comprised recorded household-income categories 1 and 2, representing annual
income below USD15,000. The original income variable was replaced by this group indicator. A fixed
split, stratified jointly on outcome and group, allocated 76,104 records to training, 25,368 to tuning and
152,208 to evaluation. The evaluation minority comprised 12,957 records, including 3,282 positive
outcomes. Logistic regression and histogram gradient boosting were selected using development data
and frozen before evaluation. Logistic regression used C = 0.01; the selected boosting configuration
used 15 leaves and L2 regularization 1. Models were not refitted using evaluation records. The natural
model comparison was gradient boosting minus logistic regression. Fixed logit perturbations of - 0.25
and + 0.25 to the development-selected boosting model supplied stress comparisons and their reversals;
evaluation outcomes did not choose the base model, perturbations or reported directions.

The target for each comparison was the exact mean paired Brier loss over the fixed minority evaluation
records, up to floating-point precision. It was not an estimate of a nationally representative population
quantity. The natural gradient-boosting-minus-logistic-regression target was - 0.00226287. The two
perturbed candidates had excess paired losses of + 0.00165468 and + 0.00196615 relative to the base
model. All six orientations, including the natural reverse, were retained.

We sampled 24 source cohorts with replacement from the fixed evaluation population. Each supplied
200 minority records, held identical within that cohort across generator interventions. Majority sample
sizes were 800 and 3,200 with nested prefixes. Separate age-stratum streams and deterministic
interleaving produced majority proportions aged at least 55 years of 0.25 and 0.75. This fixed-
composition stratified source law differs from unrestricted sampling of the original majority population.
Covariates and labels remained attached to their sampled records. Each source supplied one minority-
only fit and four shared fits, giving 120 fits with one fitting-seed offset and 6,000 updates per optimizer.

A preceding raw-day representation produced severe support violations and was retained as failed
feasibility evidence. A dated amendment represented mental- and physical-health questionnaire day
counts as categorical values from 0 to 30; Body mass index (BMI) remained continuous. The revised
encoding was applied to every arm without changing predictors, source IDs, population targets or
intervention definitions. It changes model representation and conditional training, rather than
implementing an invisible clipping correction. Actual generated group membership was checked before
retaining minority rows; subgroup labels were not overwritten. Nested releases contained 200, 4,000 and
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20,000 minority records. Separate adaptive generated samples estimated fitted-generator paired-loss
means, with numerical precision recorded independently of fitting completion.

We reported source-only decisions, conditional synthetic normal and bounded-loss decisions, paired
majority-size and composition contrasts, and within-fit release-expansion contrasts. Independent source
cohorts, rather than fits, generated rows or reversed comparisons, supplied the units of source-level
uncertainty. No public source-refit correction or empirical multi-seed stability assessment was
performed. Support, subgroup fidelity and absolute integration-precision misses were retained. Profile
overlap between development and evaluation records involved coarse feature/outcome patterns and did
not establish repeated-person identity. These analyses concern an unweighted cross-sectional finite-
record benchmark, not electronic health records, incident-disease prognosis, external clinical validation
or national representation.

Numerical precision and public interval reporting

Public fitted-generator means used adaptive integration starting at 20,000 retained minority rows,
increasing in blocks of 20,000 to at most 200,000. The stopping target was an estimated absolute Monte
Carlo standard error (MCSE) no larger than 0.0002 for every paired-loss comparison. Hitting the cap with
a larger estimated MCSE was a retained precision miss. These estimates describe numerical noise after
adaptive stopping; they are not confidence sequences. For intervention contrasts, we compared the
aggregate conditional mean-MCSE bound with 10% of the across-source standard error. A stricter
constituent check required every contributing mean's estimated MCSE to be no larger than the minimum
of 0.0002 and 10% of the source-effect standard error. The aggregate and constituent checks answer
different questions and were both retained. Additional file 1 defines their calculations and the distinct
within-fit expansion diagnostics.

Public certification-rate intervals were two-sided pointwise 95% Wilson intervals over 24 independent
source cohorts. Paired intervention and equal-weight marginal-mean intervals used source-level t
intervals with 23 degrees of freedom. Their uncertainty includes source sampling and fitting variability,
whereas conditional integration MCSE concerns drawing from a fixed fitted generator. All orientations
and both normal and Hoeffding procedures are retained in the public rate, contrast and diagnostic tables
(Additional file 5). None of these intervals adjusts for the many dependent comparisons.

Protocol evolution

Dated local protocols and amendments preserve the baseline's pilot-informed design, representation
changes, bounded neural follow-up, reference freezing and fresh-source evaluation. These records are
local research documentation, not registration with an external registry. Completed grids were retained
with negative results, failed fits and numerical-precision misses; no new source or seed grid was used to
obtain a preferred conclusion.

Computational assistance and accountability
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Codex was used for literature retrieval, code debugging and manuscript grammar checking.
Responsibility for the scientific claims and final submission remains with the named author. The author
has reviewed and approved the final manuscript and accepts responsibility for its content.

Results

Transparent comparison and independently varied source
cohorts

The completed baseline (Fig. 2) included 45 source settings: three total cohort sizes, three subgroup
probabilities and five subgroup event probabilities. Each setting contained 50,000 independently
simulated source cohorts, for 2.25 million source cohorts overall. These were simulated units, not
observed patients. Every source cohort was reused across the three generator mechanisms, five
expansion ratios and paired testing procedures. Those repeated analyses are paired comparisons, not
additional independent source replications. The complete summary contains 5,400 method-condition
rows, with raw source and release counts sufficient to reconstruct every decision.

The higher-probability candidate predicted 0.20 and the reference predicted 0.10. Its expected excess
Brier loss was 0.03 - 0.20p, where p is the target subgroup event probability. At p = 0.14, the candidate
was inferior by 0.002 expected Brier units. Reversing the two predictions supplied the opposite
comparison; p = 0.15 supplied the boundary null. Beneficial alternatives were retained rather than
evaluating error control alone.

Synthetic expansion increased false certification in a pilot-
informed adverse example

With total source size 1,000 and subgroup probability 0.10, conditional Wald certification of the inferior
higher-probability candidate increased from 6.216% at one-fold expansion to 35.248% at 1000-fold
expansion. The corresponding Monte Carlo 95% intervals were 6.008-6.431% and 34.830—-35.668%.
Intermediate expansion ratios of 5, 20 and 100 produced rates of 15.654%, 24.602% and 31.082%,
respectively. The exact source-data benchmark certified 1.894% throughout because its evidence did not
change when additional synthetic records were drawn.

Replacing the synthetic Wald test by an exact conditional binomial test did not solve this problem. Its
certification rate was 6.688% at one-fold and 35.250% at 1000-fold expansion. Exactness for the fitted
generator's conditional sampling distribution therefore did not imply validity for the original population
target. The generator-variance correction reduced the rates in this example to 2.782% and 1.574%,
respectively. This rate reduction is consistent with established synthesis-variance results and is specific
to the evaluated setting.

Sparse source data exposed a separate failure of plug-in
variance correction
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At total size 200, subgroup probability 0.02 and event probability 0.16, the lower-probability candidate
was inferior by 0.002 expected Brier units. At 1000-fold expansion, the synthetic Wald and conditional
exact procedures certified it in 54.136% and 54.112% of source cohorts. The plug-in correction certified
45.270%. Independent reconstruction showed that this last count exactly matched the 22,635 source
cohorts with more than one subgroup observation and no subgroup events: the estimated variance
collapsed to zero.

The exact source test certified none of these inferior comparisons, but had no useful power at this
sample size. The largest observed subgroup count was 15. Even with no events, at least 19 original
observations would be needed for the relevant one-sided exact upper bound to fall below 0.15. The same
test also had zero observed certification power for the beneficial lower-prediction comparison at p=0.10
in this sparse setting. It correctly expressed inadequate information rather than extracting a favourable
decision from it.

Expansion did not universally increase error. In the sparse adverse example, synthetic Wald certification
decreased from 62.034% at one-fold expansion to 54.136% at 1000-fold expansion. Small-sample
approximation failure and source uncertainty are distinct mechanisms, and their combination need not
be monotonic. The effect of expansion therefore depends on the source setting and inference procedure.

Correct variance did not eliminate approximation error or
generator bias

The truth-knowing oracle removed generator-fitting uncertainty. For the higher-prediction comparison at
the boundary null with source size 1,000 and subgroup probability 0.10, its variance-corrected normal
approximation still rejected 5.586% at one-fold expansion, with a Monte Carlo 95% interval of 5.388-
5.791%. Correct variance accounting did not guarantee exact finite-sample calibration. Conditional exact
tests and larger generated samples helped distinguish this approximation issue from omitted source
uncertainty.

The pooled generator deliberately ignored subgroup-specific event rates. Its variance estimate described
the full mixture law, whose mean could differ materially from the minority target. Increasing the synthetic
sample made this biased comparison precise; changing its variance did not restore the subgroup
estimand. This is an intentionally misspecified negative control. It provides no estimate of how
frequently a well-trained modern generator behaves this way.

Fixed-minority parametric controls separate two
mechanisms

All 1,000 planned source cohorts passed artifact checks (Fig. 3). No main-analysis decision cell was
unavailable. For the unpenalized fully interacted model, changing majority size produced a maximum
absolute mean paired drift of 8.57 x 10-'° across the five comparisons and three outcome shifts. This
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numerical invariance is the expected negative control: without penalization, the group-specific outcome
fit separates, while the empirical minority covariate distribution is unchanged.

Nevertheless, conditional synthetic certification did not inherit that invariance to release size. With 3,200
majority records and k = 0, the fully interacted model falsely certified the positive-offset harmful
candidate in 42/1,000 cohorts at one-fold expansion and 172/1,000 at 100-fold expansion. Boundary
rejection rose from 111/1,000 to 445/1,000. The corresponding original-source normal decisions were
5/1,000 false certifications and 31/1,000 boundary rejections. The original-source procedure also
certified the reversed beneficial candidate in only 194/1,000 cohorts. Its lower error rate therefore needs
to be read alongside its limited power; the comparison does not establish an exact or generally efficient
source-only procedure.

For the unpenalized shared main-effects generator, increasing majority size changed the exact fitted-
generator mean loss for the equal-risk comparison. The paired mean changes were +0.000662 (95%
Monte Carlo interval, + 0.000582 to + 0.000742) at k = -1, +0.0000614 (- 0.000000426 to + 0.000123) at
k =0, and - 0.000235 (- 0.000286 to - 0.000184) at k = +1. Thus, majority changes could move the fitted
comparison in either direction. The correctly specified k = 0 result did not clearly distinguish the average
drift from zero. The nonzero-k changes arose under deliberately omitted group interactions and cannot
establish a new general failure of competent shared generators.

Source refitting reduced error in correctly specified
controls

Figure 4 summarizes correction, useful power and unavailable bounds on matched sources.

The source-refit analysis completed all 200 prespecified source cohorts, with 399 refits for each
generator configuration. Before-and-after comparisons used these same 200 cohorts, rather than
comparing the corrected subset with the larger main experiment. Before-and-after counts below
compare the conditional normal bound with the source-refit normal bound. Of 3,112,200 requested refits,
922 failed the declared numerical validity checks: 909 triggered possible separation or ill-conditioning
diagnostics and 13 ended with an abnormal optimizer exit. These failures affected 284
source/configuration pairs across 47 sources. Under the requirement that all 399 refits be valid,
evaluated denominators ranged from 161 to 200. An unavailable bound remained inconclusive; it was
not counted as an evaluated noncertification or successful coverage event.

At majority size 3,200, zero outcome shift and zero penalty, the correctly specified shared main-effects
generator supplied an available bound for every source. For releases of 20,000 minority records, source
refitting reduced harmful certification from 32/200 to 0/200 in each of the two harmful orientations and
boundary rejection from 79/200 to 4/200. The corrected boundary rate was 2.0% (pointwise exact 95%
Monte Carlo interval, 0.55-5.04%). Useful certification also fell: the two beneficial reversals changed
from 149/200 and 147/200 to 32/200 and 40/200. Original-source normal bounds certified these
beneficial comparisons in 30/200 and 41/200 cohorts. Thus, correction substantially reduced the
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conditional-release excess while returning useful certification to a scale similar to the source-only
benchmark in this setting.

The unpenalized separate and fully interacted controls exposed an additional availability cost. For the
fully interacted model at zero shift and majority size 3,200, 39 source/configuration procedures were
unavailable; the separate model had the same availability but no majority-size or shift setting. Within the
same 161 available sources, boundary rejection fell from 67/161 to 7/161, a paired difference of - 0.373
(95% Monte Carlo interval, - 0.448 to - 0.297). The corrected conditional rejection rate, 7/161, differs
from the affirmative issuance frequency over all planned sources, 7/200. Boundary truth coverage was
154/161 among available procedures; allowing the 39 unknown outcomes to be either uncovered or
covered gives a planned-source coverage range of 0.770-0.965. This logical range is not a confidence
interval. Neither low harmful certification nor withholding unavailable decisions demonstrates general
nominal coverage.

Fixed shrinkage and structural misspecification retained
signed errors

Source refitting improved the deliberately biased configurations as well, but did not remove all incorrect
decisions. With penalty 10, majority size 3,200 and shift - 1, the shared main-effects generator's harmful-
negative certifications fell from 159/200 to 59/200; all 200 bounds were available. At shift + 1, harmful-
positive certifications fell from 144/200 to 36/200, while boundary rejection fell from 196/200 to
127/200. This latter configuration had 199 available bounds, so its conditional corrected frequencies
were 36/199 and 127/199. The planned harmful issuance rates were 29.5% (95% interval, 23.28-
36.34%) at shift - 1 and 18.0% (12.94-24.04%) at shift + 1. Both orientations are required to describe the
signed effect.

Residual decisions were not entirely due to synthetic-draw noise. For the exact fitted-generator mean at
shift + 1, the same main-effects configuration produced 37 harmful-positive certifications and 130
boundary rejections per 200 planned sources, with 199 evaluated procedures. These analytic-mean
results are distinct from the finite-release counts of 36 and 127. Strong penalization also affected the
correctly specified interacted model: at shift + 1 its finite-release boundary rejection was 33/200,
although harmful-positive certification fell from 68/200 before correction to 3/200 afterward. Weaker
interacted penalization gave much smaller residual counts. The strongest findings therefore concern
specified combinations of shrinkage and misspecification, rather than a general failure of source-aware
inference.

Frozen marginal-error diagnostics on independent sources

The independent diagnostic completed 1,000 fresh source cohorts, with no unavailable estimates across
the 785 fixed cells. Reference error distributions had been frozen using the earlier 1,000 sources before
the fresh sources were generated. In the strongly penalized main-effects model (A = 10) with majority
size 3,200 and shift + 1, the boundary rejection count for a 20,000-record release was 646/1,000 under
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the uncentered fixed-reference normal bound. Subtracting the frozen mean error while retaining the
same reference scale reduced it to 63/1,000; the empirical error-quantile bound gave 64/1,000.
Pointwise 95% exact binomial intervals were 61.55-67.57%, 4.87-7.99% and 4.96—-8.10%, respectively.
These are paired evaluations in fresh sources, not additional bootstrap replicates.

The harmful comparisons showed corresponding signed effects. In the same shift + 1 configuration,
harmful-positive certification fell from 237/1,000 to 6/1,000 after centering and remained 6/1,000 with
the empirical quantile. At shift - 1, harmful-negative certification changed from 288/1,000 to 0/1,000
under both centered and quantile bounds. Centering also changed useful certification: the shift + 1
negative-offset and positive-offset beneficial reversals changed from 941/1,000 and 5/1,000 to
312/1,000 and 325/1,000, respectively. Thus, the frozen-reference location adjustment reduced one
directional excess while restoring useful decisions in the opposite orientation; it was not a uniform
reduction in every certification frequency.

The correctly specified unpenalized main-effects control at shift 0 and majority size 3,200 behaved
differently. Boundary counts were 54/1,000 before centering, 54/1,000 after centering and 51/1,000 with
the empirical quantile. Across all fixed boundary cells, centered-normal rejection counts ranged from 40
to 69 per 1,000 sources, compared with 38 to 71 for empirical quantiles. These dependent, pointwise
summaries do not establish uniform 5% control. The intervals condition on the frozen reference and do
not include uncertainty from estimating its mean, scale or quantile.

Known-truth neural findings remain feasibility evidence

The known-truth CTGAN pilot completed 168 fits across 24 source cohorts at 600 optimizer updates per
fit. All 15 pointwise intervals for mean majority-size contrasts included zero. Composition contrasts
differed, with 25 of 30 pointwise intervals excluding zero; these included dependent reversed
comparisons and no multiplicity adjustment. Substantial distortion also occurred in the minority-only
control. Its negative-offset harmful certifications rose from 17/24 to 21/24 as release size increased
from one-fold to 100-fold, whereas the opposite harmful counts were 0/24 and 1/24. At 100-fold
expansion the beneficial reversals were certified in 1/24 and 23/24. These asymmetric findings cannot
be attributed solely to majority sharing.

All 168 fits recorded generated values outside the simulated Age/BMI support; 87 missed the absolute
integration-MCSE target. Neither a small relative numerical error nor a completed fit establishes fidelity.
The bounded training and balancing diagnostic therefore preceded any additional source grid.

A bounded diagnostic reused one prespecified source cohort and fitting seed, increasing training from
600 to 6,000 updates and evaluating balanced shared fits. All 13 new fits completed. Training reduced
the groupwise retained-release support violation from 3,427/20,000 (17.135%) to 217/20,000 (1.085%)
and substantially reduced its paired-loss deviations. These retained-row measurements differ from the
earlier pilot's saved support counts before prefix truncation. Improvements were not uniform across
majority shifts: absolute deviations for the two harmful comparisons and the boundary improved in four
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of seven budget-matched cells and worsened in three. The reversed comparisons are dependent views
of these same comparisons.

Balancing duplicated the existing minority records rather than adding new observations. It raised
recorded minority exposure to 48.83-50.71% of training exposures, but changed empirical weighting,
preprocessing and conditional sampling as well. It therefore did not isolate exposure alone. Balancing
did not consistently improve minority outcome fidelity or the fitted comparison. At k = 0, balanced fits
generated minority outcome rates of 0.20351 and 0.04714 at majority sizes 800 and 3,200, respectively,
from the same minority source with observed outcome rate 0.12. The corresponding fitted boundary
differences were - 0.01654 and + 0.02331, despite a fixed equal-risk population comparison. These
individual fitted quantities are not population error-rate estimates.

Three of the thirteen new fits missed the absolute integration-precision target; the seven matched older
fits contained three further misses. All were retained. Because the diagnostic included one source and
one fitting seed and did not establish generator adequacy, the known-truth neural results remain negative
or inconclusive feasibility evidence. No additional source grid was launched to obtain more precise
estimates for this configuration.

Completed public benchmark: decisions, fidelity and
uncertainty

Figure 5 presents both comparison orientations and source-level fidelity diagnostics.

All 120 planned fits completed across 24 original source cohorts, with no fitting failure or unavailable
matched-source cell. Twenty-three fits did not meet the absolute numerical integration-precision target;
none was excluded. No invalid or fractional questionnaire-day values were observed in the returned
streams of the categorical-day, 6,000-update run, but this did not establish distributional fidelity. Among
20.2 million returned release and integration rows, 45 had nonpositive BMI and 6,403 fell outside the BMI
range of the fixed evaluation population. These are separate, potentially overlapping diagnostics. The
original continuous-day pilot, including its severe support failure, remains part of the evidence history.

Across shared settings, equal-weight mean generated mental-health days ranged from 13.13 to 16.66,
compared with 7.389 in the finite minority population; physical-health days ranged from 18.63 to 20.77,
compared with 9.969. Minority-only means were 7.220 and 10.406. The matched real sources averaged
7.684 and 10.354, respectively. Across individual fits, generated-minus-own-source diabetes prevalence
ranged from - 0.23050 to + 0.39509, with mean absolute difference 0.11034. These marginal checks do
not fully characterize joint fidelity, but they show why valid day categories cannot establish adequate
synthesis.

The natural model comparison favoured gradient boosting over logistic regression in the fixed minority
evaluation population, with mean paired Brier difference - 0.00226287. In the minority-only generator,
conditional normal certification of that beneficial comparison rose from 4/24 sources for 200 generated
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rows to 17/24 for 20,000. Certification of its genuinely inferior reverse rose from 0/24 to 4/24. Across
the four shared-generator settings, the beneficial natural comparison changed from 8-13 certificates at
the smaller release size to 16—-22 at the larger size; the harmful reverse changed from 0-4 to 2-7. These
are ranges across specified settings, not independent replications or simultaneous confidence
statements.

The constructed stress comparisons showed marked directional differences under conditional normal
bounds. At 20,000 generated rows, the negative-logit harmful candidate was certified in 11/24 minority-
only sources and 14-19/24 shared sources; its beneficial reverse was certified in 12/24 and 3-10/24,
respectively. The positive-logit harmful candidate was certified in 8/24 minority-only sources and 2-7/24
shared sources, while its beneficial reverse was certified in 16/24 and 16—22/24. Expansion was not
uniformly harmful: the negative-logit harmful count in the shared setting with 3,200 majority records and
older share 0.25 decreased from 20/24 to 19/24. Original-source normal bounds certified none of the
three harmful directions, but only 1/24, 2/24 and 1/24 of the corresponding beneficial directions. Low
observed false certification therefore coexisted with low useful power; zero events in 24 sources cannot
demonstrate nominal 5% control.

The bounded-loss comparator was more conservative but did not eliminate every false decision against
the finite target. At majority size 3,200 and older share 0.75, with 20,000 generated records, the negative-
logit harmful comparison received 10/24 conditional Hoeffding certificates, compared with 19/24
conditional normal certificates. Original-source Hoeffding bounds issued no certificates in any of the six
directions, including the beneficial comparisons. Thus, conditional concentration and normal
approximation behaved differently, while neither supplied new observed-source information. Complete
method-specific rates, all six orientations, source denominators and paired contrasts are retained in
Additional file 5.

All twelve pointwise intervals for composition contrasts in fitted mean loss included zero. Increasing
majority size from 800 to 3,200 also gave intervals including zero for the natural gradient-boosting-
minus-logistic-regression comparison: -0.003364 (95% Monte Carlo interval, - 0.010335 to + 0.003607)
at older share 0.25 and - 0.005494 (- 0.012758 to + 0.001769) at share 0.75. This is absence of clear
evidence in 24 sources, not an equivalence result. At share 0.75, the negative-logit harmful stress
contrast was - 0.009768 (- 0.017603 to - 0.001933), whereas the positive-logit harmful contrast was +
0.010756 (+0.002352 to + 0.019161). Their exact reversals also excluded zero. These four nonzero
intervals represent two dependent stress-family findings under exploratory pointwise inference, with no
multiplicity adjustment.

All 24 fitted-estimand intervention summaries had aggregate conditional-MCSE bounds below 10% of
their source-level standard errors, but eight failed the stricter per-constituent requirement. The 23 fit-level
absolute precision misses remained relevant. Within-fit continuous expansion and expansion-interaction
means had intervals including zero and failed the relative numerical-precision check. Under a fixed fitted
distribution these nested mean contrasts have zero conditional expectation; they are numerical-draw
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diagnostics, not evidence that release size changes the fitted target. Binary certification decisions have a
different sampling distribution, and one nested release does not identify their conditional Monte Carlo
uncertainty.

Discussion

The experiments distinguish uncertainty in the original source sample, finite-sample failure of estimated
uncertainty and distortion of the fitted-generator target. A larger synthetic release reduces conditional
draw noise. Its inferential value depends on whether the analysis also addresses the source and model
errors relevant to the target. Conditional exactness alone does not supply that assurance.

The parametric controls provide the clearest separation. The unpenalized fully interacted generator was
insensitive to majority size, yet its release-based decisions changed markedly with synthetic expansion.
Under shared restrictions, changing majority data could separately move the fitted minority comparison
in either direction. Of 90 mean-drift cells, only the main-effects configuration with A =10, k=+1 and the
equal-risk pair exceeded the absolute 0.001 screening scale. That scale was an experimental criterion,
not a clinically important difference. The largest shifts combined deliberate misspecification and fixed
strong shrinkage; they cannot establish a general failure of appropriately tuned shared generators.

Source refitting is a successful control in this study. In correctly specified settings it removed much of
the excess certification, while reducing useful certification to a scale similar to the source-only
comparison. In some configurations, numerical failures made bounds unavailable; these unknown
outcomes cannot be counted as successful coverage. Residual errors under fixed shrinkage or omitted
group structure are compatible with established limitations of variance-only correction. At a common
frozen reference scale, subtracting the reference mean error removed large directional distortions on
fresh sources. This supports a role for marginal systematic error in the specified population. Because
the diagnostic replaced source-specific bootstrap scales, it does not identify bias as the sole cause of
the earlier residual errors. It also uses known truth and cannot be deployed as written when that truth is
unavailable.

The sparse baseline identifies a separate problem: an estimated source-variance component may
collapse to zero when the subgroup contains no observed events. An exact source bound [45] avoids
this particular false certainty, but can have no useful power at the available sample size. An unresolved
comparison can accurately reflect inadequate information. Bounded-loss concentration and modern
confidence procedures provide other source-level options [48, 49, 50], whose assumptions and power
must be assessed for the intended estimand.

The public experiment extends the analysis to frozen, development-trained predictors on observed

records, but its target remains a finite unweighted table. The natural comparison favored gradient

boosting. Synthetic decisions nevertheless included both beneficial certifications and false certifications

of the reversed comparison. Its majority-size intervals included zero, while two constructed stress

families showed opposite signed changes under pointwise inference. These findings neither establish
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invariance nor identify a universal harmful majority effect. Reversed comparisons are dependent, and the
24 source cohorts provide limited precision.

Neural fidelity changes the interpretation materially. Longer training improved support in the known-truth
minority-only control, but improvements across cells were uneven. In the completed public experiment,
allowed questionnaire-day values coexisted with distorted day distributions and outcome prevalence.
Equal optimizer updates did not equalize minority exposure, conditional-category frequencies or
optimization difficulty. No prespecified adequacy gate was passed, and no public source-refit or multi-
initialization analysis was performed. Consequently, these results describe the fitted CTGAN procedures;
they do not show that a generator of established adequate quality fails because of majority sharing.
Additional replication of an unqualified configuration would narrow Monte Carlo intervals without
resolving that substantive limitation.

The contribution is a controlled comparison of mechanisms and their limits. The constant-predictor
example is an affine transformation of a binomial problem. Multiple-synthesis rules, Bayesian
compatibility, generative-bootstrap theory, synthetic-assisted guardrails and task exchangeability already
address related inferential questions under specified information structures [13, 14, 15, 20, 21, 26, 27,
31]. Their guarantees cannot be refuted outside their conditions. GESPI and AutoEval were not
benchmarked. Comparisons involving an extra error allowance would require a source-only benchmark
with the same allowance. The successful controls and bounded failures are useful precisely because
they distinguish what synthetic expansion changes from what it leaves unresolved.

Several further limitations restrict applicability. The baseline uses constant predictors and a binary event
mechanism; the parametric populations are manufactured and the ridge penalties are fixed. A 0.002
Brier difference has no established clinical importance here. Although beneficial alternatives and both
harmful directions were retained, some source procedures had little power. The public label and
provenance limitations, coarse-profile overlap, single derivative dataset and unweighted sampling
prevent claims about incident disease, national representation or external clinical validity. Pointwise
intervals are not simultaneous guarantees over the many dependent comparisons. No clinical
intervention, deployed model or privacy mechanism was evaluated. Privacy assessment requires its own
threat models and controls [51], and source-size and generator-quality evaluations have direct
precedents [52]. Synthetic data can still serve other justified purposes; fidelity, utility and privacy require
separate evidence.

Conclusions

Synthetic validation should report the original subgroup information, the fitted target and uncertainty
from both source fitting and conditional generation. In the executed controls, source refitting
substantially reduced conditional-release overconfidence, with an accompanying power cost. Fixed bias
and sparse plug-in failures required additional scrutiny. The public benchmark showed both useful and
false conditional decisions, but unresolved fidelity prevented a claim about adequately trained
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generators or an isolated majority-sharing mechanism. These limits are part of the result: the number of
generated records alone does not establish evidence for lower population risk.
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Figure 1

Evidence flow for synthetic minority validation

Matched experiments hold minority records fixed while varying majority sources and release size. Icons
and networks are schematic. The Bernoulli baseline separately varies subgroup size and includes a
boundary null. Known-truth branches include equal-risk comparisons; public comparisons retain the
natural model pair and fixed perturbations. Source-refit bounds are limited to parametric experiments.
Bootstrap uses 200 original sources; oracle evaluation uses 1,000 fresh sources and known truth. The
bounded neural follow-up uses one original source and one fitting-seed offset. Public sources sample an
unweighted cross-sectional finite population with replacement. Independent source cohorts determine

Page 25/31



uncertainty; fits, reversed comparisons and synthetic rows are not independent source replications.
Fidelity and statistical validity require separate checks.
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Figure 2

Mechanistic controls for certification from synthetic data

Across 50,000 source cohorts per scenario, curves show certification rates; shading gives pointwise 95%
Wilson Monte Carlo intervals. Panels show an inferior higher-risk predictor with empirical generation (a),
a sparse subgroup with the lower-prediction comparison and empirical generation (b), a truth-knowing
generator at the boundary null (c), and an intentionally pooled generator (d). Here n is total source cohort
size, q is subgroup prevalence, and p is the subgroup outcome probability. The horizontal axis is
synthetic release size divided by source subgroup size; source-exact results are repeated as a constant
benchmark, not independent evidence. Dashed lines mark the 5% reference. Colors and marker shapes
identify the four inference procedures. Panel-specific vertical scales should be read separately. These
known-truth Bernoulli controls distinguish omitted source uncertainty, sparse-sample Wald failure, and
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deliberately imposed pooling bias; variance correction does not remove estimand bias. Intervals
describe Monte Carlo uncertainty across source cohorts, not uncertainty within one fitted generator. No
multiplicity adjustment is applied. Results do not establish clinical safety or general performance of

modern generators.
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Conditional synthetic precision and majority-source dependence

The completed main parametric experiment uses 1,000 independent source cohorts and minority n =
200. All displayed fitted models use zero ridge penalty. Panels a—c hold majority n = 3,200; curves use
conditional normal bounds on nested synthetic releases. Shading shows pointwise exact binomial 95%
Monte Carlo confidence intervals across source cohorts, not confidence in a single fitted generator. The
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dashed source-only benchmark uses the original minority paired losses. Panel a uses the positive-offset
harmful predictor, panel c its reversed beneficial comparison; these are dependent views, not
independent replications. Panel b uses the equal-risk pair. Panel d shows within-source changes in exact
fitted-generator mean paired Brier loss when majority n increases from 800 to 3,200, for the equal-risk
pair; intervals are pointwise t intervals over 1,000 paired cohorts. Fully interacted models are correctly
specified; shared main-effects models omit the group-by-age effect and are deliberately misspecified for
nonzero K. No failed fits occur in plotted cells. No multiplicity adjustment is applied. Penalized
sensitivities remain in the complete result tables. Bootstrap calibration and neural-generator findings are
not represented here.
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Figure 4

Certificates / 200 planned sources (%)

Source-refit correction on matched source cohorts
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Points show certificates among 200 independent source cohorts (IDs 0—199), with 200 minority and
3,200 majority records per cohort and 20,000-record minority releases. Fitted estimates and releases are
matched across stages. Whiskers are pointwise two-sided 95% exact binomial intervals for procedural
issuance; connecting segments are not paired-change intervals.

Panels a—b show harmful candidates (excess Brier risk +0.002); ¢ shows equal-risk boundary rejection; d
shows beneficial reversals (-0.002). Comparisons share sources. Displayed configurations comprise
unpenalized controls at k=0 and fixed strong-penalty main-effects models at both nonzero shifts. Main-
effects models omit a group-by-age term and are deliberately misspecified at k#0; A=10 was not tuned.

Unavailable bounds remain unknown: interacted boundary issuance is 7/200 planned, versus 7/161
evaluated. Source refitting uses 399 resamples with nested majority blocks and adds finite-release
variance without subtracting model bias. The 5% reference does not establish calibration. Complete
tables retain other configurations, Hoeffding bounds and analytic-generator results. Neither universal
improvement nor clinical validity is established.
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Figure 5

Completed public CTGAN study. The 120 fits span 24 source cohorts; all 23 integration-precision misses
remain. (a,b) One-sided 95% normal-bound certification for the natural comparison and its reverse, with
source-only decisions and release ratios 1, 20 and 100. Bars are pointwise 95% Wilson intervals across
sources; harmful-direction certificates are false relative to the frozen target. (c) Within-source changes in
fitted-generator paired Brier loss for majority 3,200 minus 800, showing all four logit-perturbation
orientations. Bars are pointwise 95% paired-source t intervals; reversed orientations are dependent. (d-f)
Generated minority outcome fractions and day-count means, averaged equally across 24 fits, with
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pointwise 95% source-level t intervals. Dashed lines show frozen minority-table means. Source-level
intervals include fitting and sampling variation. The target is the unweighted 12,957-record minority
evaluation table. No multiplicity adjustment is applied; generator adequacy and source-error calibration
are not established.
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