Proceedings of Machine Learning Research 340:1-22, 2026 Machine Learning for Healthcare

Combining Bayesian and Frequentist Inference for
Laboratory-Specific Performance Guarantees in Copy
Number Variation Detection

Austin Talbot TALBOTA@QPILLARBIOSCI.COM
Pillar Biosciences Inc

Natick, MA, USA

Alex V. Kotlar KOTLARAQPILLARBIOSCI.COM

Pillar Biosciences Inc
Natick, MA, USA

Yue Ke KEYQ@PILLARBIOSCI.COM
Pillar Biosciences Inc

Natick, MA, USA

Abstract

Targeted amplicon panels are widely used in oncology diagnostics, but providing per-gene
performance guarantees for copy number variant (CNV) detection remains challenging due
to amplification artifacts, process-mismatch heterogeneity, and limited validation sample
sizes. While Bayesian CNV callers naturally quantify per-sample uncertainty, translating
this into the frequentist population-level guarantees required for clinical validation, coverage
rates, false-positive bounds, and minimum detectable copy-number changes, is a fundamen-
tally different inferential problem. We show empirically that even robust Bayesian credible
intervals, including coarsened posteriors and sandwich-adjusted intervals, are severely mis-
calibrated on panels with small amplicon counts per gene. To address this, we propose a
hybrid framework that evaluates Bayesian posterior functionals on validation samples and
models the resulting squared losses with a Gamma distribution, yielding tolerance inter-
vals with valid frequentist coverage. Three components make the method practical under
real-world constraints: (1) imputation that removes the influence of true CNV-positive
samples without requiring known ground truth, (2) regularization to address small sample
variability, and (3) evidence-based stratification on the log model evidence to accommodate
non-exchangeable noise profiles arising from process mismatch. Evaluated on two targeted
amplicon panels using leave-one-out cross-validation, the proposed method achieves single-
digit mean absolute coverage error across all genes under both process-matched and un-
matched conditions, whereas Bayesian comparators exhibit mean absolute errors exceeding
0.60 on clinically relevant genes such as ERBB2.

1. Introduction

A false-positive ERBB2 amplification call can result in a breast cancer patient being pre-
scribed trastuzumab (Wolff et al., 2018), a targeted therapy that carries a 4.0% rate of
cardiac events at seven-year follow-up even in patients with confirmed ERBB2-positive dis-
ease (Romond et al., 2012), all for a molecular subtype she does not carry (Fehrenbacher
et al., 2020). Conversely, a missed MET amplification in a non-small-cell lung cancer
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patient can leave her on an EGFR-targeted regimen that has already been rendered ineffec-
tive by the undetected resistance mechanism, delaying the switch to MET-directed therapy
while the tumor continues to progress. In both cases the analytical error is upstream: the
sequencing-based diagnostic that informed the treatment decision was either insufficiently
sensitive or insufficiently specific. The clinician had no way to know this, because the test
report carried generic performance guarantees based on internal data, as opposed to “for
this panel, in this run, the false-positive rate for ERBB2 copy-number calling is below %
with y% confidence.” Providing exactly that kind of individualized guarantee is
the purpose of this work.

The targeted amplicon panels this method was developed for offer considerable ad-
vantages compared to whole genome sequencing: quick turnaround times, compatibility
with low DNA content (critical for later-stage patients who cannot donate much blood),
tolerance of substantial sample degradation, and cost-effectiveness (Sie et al., 2014; Gao
et al., 2019). The ability to produce results under these demanding conditions has proven
invaluable to thousands of patients. However, this same setting creates a challenging en-
vironment for analysis, particularly for CNV detection, where limited amplicons (Boeva
et al., 2014), process-matching difficulties (Derouault et al., 2020), and amplification arti-
facts (Peng et al., 2015) all degrade analytical performance.

BayesCNV (Talbot et al., 2026), the CNV method used in this work, is fundamentally
Bayesian. Bayesian methods are a natural fit for diagnostics (Bours, 2021). They naturally
incorporate prior information (Lee, 2024), quantify uncertainty (Gelman and Carpenter,
2020), and evaluate model evidence (Lotfi et al., 2022), the last of which serves as an
indicator of questionable samples (Talbot and Ke, 2026). At the individual level, these
qualities are irreplaceable.

However, providing per-gene performance guarantees for a given laboratory is a funda-
mentally frequentist question: it asks what sensitivity, false-positive rate, or estimation error
a clinician can expect across future samples processed on that platform. Bayesian credible
intervals can exhibit poor frequentist coverage under model misspecification — the posterior
concentrates with a covariance differing from the frequentist sandwich variance (Kleijn and
van der Vaart, 2012), yielding strictly higher risk (Miiller, 2013), and misspecification can
even render the posterior inconsistent (Griinwald and van Ommen, 2017). In the amplicon
setting, such misspecification is a practical certainty, as no parametric model fully captures
the target-specific biases of PCR amplification.

Fortunately, clinical validation protocols require running multiple samples in an initial
run, providing genuine repeated observations from which we can evaluate any posterior
functional of interest to obtain an empirical sampling distribution with valid frequentist
coverage regardless of model correctness. Due to difficulties in procuring samples with
known CNYV status, we instead use the discrepancy between the posterior mean and the
CNV-neutral value of 1 to evaluate variability. We develop a novel method to reduce the
influence of true positives via conditional imputation of the largest CNVs in log space, then
model the resulting losses with a gamma distribution, a technique adapted from actuar-
ial practice. Given the limited number of samples typically available, we also implement
a conjugate prior composed of pseudo-observations based on previous laboratory results.
The resulting procedure is robust to a subset of samples containing true positives, compu-
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tationally tractable, reliable under small sample sizes, and naturally accommodates prior
information from previous experiments.

To better characterize performance when samples are not process-matched, we augment
our method to stratify samples based on how well they align with model assumptions,
quantified via the Bayesian evidence. Prior work has shown that the Bayesian evidence
serves as an indicator of process mismatch or low sample quality (Talbot et al., 2025;
Talbot and Ke, 2026). When the sample size is sufficiently large, we can split the samples
into two groups based on evidence score and compute tolerance intervals using the above
method on each group.

We evaluate the proposed framework using two targeted-amplicon validation datasets
designed to examine complementary practical challenges. The first is an LBX dataset
consisting of 32 FFPE samples analyzed using a 172-amplicon panel targeting five CNV-
associated genes. Ten of the samples were prepared from substantially fragmented FFPE
DNA, whereas the remaining 22 were prepared from higher-quality clinical FFPE material.
By varying the composition of the normal reference set, this dataset allows us to evaluate
coverage under process-matched, process-unmatched, and heterogeneous conditions. The
second dataset was generated using an FFPE solid-tumor panel containing 341 amplicons,
of which 240 target 14 genes used for CNV detection. This validation experiment contains
14 samples, including multiple known ERBB2-, EGFR-, and MET-positive standards, and
is used to evaluate the effect of CNV-positive contamination and the performance of the pro-
posed imputation procedure. Together, these datasets test the method under two common
laboratory-validation complications: non-exchangeable noise caused by process mismatch
and limited access to CNV-negative validation material.

Using leave-one-out evaluation, we show empirically that (1) Bayesian credible intervals,
including intervals obtained using robust Bayesian modifications, have inadequate frequen-
tist coverage; (2) tolerance limits estimated from validation-sample losses provide reliable
coverage under both matched and noisy conditions; and (3) evidence-based stratification
and conditional imputation are important when validation samples are non-exchangeable
or include true CNV-positive samples, respectively.

The remainder of the paper is organized as follows. Section 2 reviews related work. Sec-
tion 3 describes the proposed methodology. Section 4 evaluates the method using synthetic
data, and Section 5 presents the data and Section 6 the corresponding results on the LBX
and FFPE validation datasets. Section 7 provides concluding remarks and directions for
future work. Python code implementing the models and reproducing the results is available
at https://github.com/Pillar-Biosciences-Inc/CustomPerformanceCNV.

Generalizable Insights about Machine Learning in the Context of Healthcare

¢ Robust Bayesian methods are insufficient for frequentist guarantees. Even
with robustified posteriors, hard-to-model noise sources can prevent reliable achieve-
ment of the nominal coverage rates required for clinical use.

e Non-IID noise profiles can make error bounds inaccurate. Methods that
assume all samples have similar noise profiles can provide misleading guarantees when
this assumption is violated.
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e Bayesian and frequentist methods are complementary. Bayesian methods
excel at the individual level, allowing the incorporation of prior information and eval-
uation of model assumptions. Frequentist methods are a natural choice for population-
level performance guarantees needed for product validation.

2. Related Work

Read-depth-based CNV detection from targeted sequencing spans several methodologi-
cal families. Normalization-then-segmentation pipelines, such as ONCOCNYV Boeva et al.
(2014), CNVkit Talevich et al. (2016), CONTRA Li et al. (2012), correct for GC content
and library-size biases before applying CBS or threshold-based calling. PCA/SVD denoising
methods such as XHMM Fromer et al. (2012) and CoNIFER Krumm et al. (2012) remove
batch effects from the coverage matrix. Probabilistic count models jointly estimate artifacts
and copy-number states: CODEX2 Jiang et al. (2018) via Poisson latent factors and GATK-
gCNV Babadi et al. (2023) via a negative-binomial hierarchical HMM. Mixture-of-Poissons
methods, cn.MOPS Klambauer et al. (2012) and panelen. MOPS Povysil et al. (2017), model
cross-sample variation as discrete copy-number components, while ExomeDepth Plagnol
et al. (2012) and DECoN Fowler et al. (2016) use beta-binomial likelihoods with optimized
reference sets. Benchmarking studies consistently report dataset- and laboratory-dependent
performance Moreno-Cabrera et al. (2020); Munté et al. (2025), but none of these tools pro-
vide laboratory-customized frequentist performance guarantees.

An alternative strategy is to build robustness directly into the modeling stage. Power
posteriors raise the likelihood to an exponent 7 < 1 to reduce sensitivity to misspecifi-
cation Miller and Dunson (2019); Holmes and Walker (2017), and generalized Bayesian
inference replaces the log-likelihood with an arbitrary loss, with learning rates calibrated
via the SafeBayes framework Bissiri et al. (2016); Griinwald and van Ommen (2017). These
approaches improve per-sample posterior inference but address a fundamentally different
problem: they seek a better posterior for a single observation under a misspecified model,
whereas we require frequentist guarantees, including coverage, sensitivity, mean squared
error, that hold across a population of future samples.

3. Methods
3.1. Background and Statistical CNV Model

We consider N samples assayed on a targeted amplicon panel spanning J genes, where
gene j is tiled by n; amplicons (j = 1,...,J). For a given sample let s;; and 7, denote
the read counts at amplicon k of gene j for the test and diploid reference samples, respec-
tively. Because the model is fit independently to each sample, we suppress the sample index
throughout this subsection.

3.1.1. FEATURES

For each amplicon we form a log copy-number ratio (ICNR) relative to the normal baseline.
Amplicon-specific capture biases cancel in the ratio, isolating the copy-number signal. The
raw ICNR is B

X, = log(sji+c) —log(rji +c), (1)
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where ¢ > 0 is a small pseudo-count guarding against zero counts. We remove global depth
differences by median-normalizing across all amplicons:

Xj,k = Xj,k — medianj/7k/()~(j/,k/). (2)

After normalization, X;; = 0 indicates a copy-neutral amplicon, negative values indicate
deletions, and positive values indicate amplifications. The median is robust to the sparse
copy-number alterations expected in any single sample.

3.1.2. STATISTICAL MODEL

We model the normalized ICNRs with the hierarchical Bayesian framework BAYESCN'V (Tal-
bot et al., 2026). Gene-level means ji; are partially pooled toward a global mean /9 through
a between-gene variance 2. Amplicon-level noise is factored into a global scale Tg and gene-

specific multipliers zjz, giving per-gene scales sz = ngjz. The generative model is:

1o ~ N(0, 10?), 0? ~ Inv-Gamma(ay, fs),
15 | po, 0 ~ Npo, o°), j=1,...,J,
78 ~ Inv-Gamma(ar,, Br,), zj2 ~ Inv-Gamma(a,, f;), (3)
2222,
Xk | iy, 7j ~ SoftLaplace(y;, 75), k=1,...,nj,

where SoftLaplace (Bingham et al., 2019) is a heavy-tailed location—scale family providing
robustness to outlier amplicons. Throughout, A'(x, 02) denotes a Normal distribution with
mean g and variance o®. The inverse-gamma hyperparameters are set to mildly regularizing
values that keep the posterior proper while exerting minimal influence in data-rich genes.

3.1.3. INFERENCE

The inferential target is the gene-level mean f1;: values near zero indicate diploid copy num-

ber; substantial deviations signal deletions or amplifications. Posterior samples are drawn

via Hamiltonian Monte Carlo (Betancourt, 2017) from p(é | X), with 6 = {uo, o2, {1, zjz}}]:l, Tg}.
From each marginal posterior of ;1; we form (1 — ) highest-posterior-density credible in-
tervals and flag gene j as altered whenever the interval excludes zero. We approximate

the marginal likelihood using a Laplace approximation, as opposed to the thermodynamic
integration used in the original work. Further details appear in Talbot et al. (2026).

3.2. Removing Positives with Conditional Order Imputation

In a clinical deployment the caller is validated on K samples processed by the client lab-
oratory. Ideally one would evaluate sensitivity and specificity against known positive and
negative controls, but obtaining such controls at scale is rarely feasible. We therefore adopt
a strategy that requires no prior knowledge of which samples carry copy-number alterations,
exploiting the sparsity of CNV events: across the J genes of the panel, the vast majority of
gene—sample pairs are diploid.
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For any gene j, the K posterior means ,&j ey [

(1) (K)

; ~ are dominated by a diploid com-

ponent near zero, with at most m samples harboring a genuine amplification. The top-m
values—those most likely to reflect true gains—are the primary source of contamination in
a tolerance limit estimated from the empirical distribution. We impute these suspect val-
ues from the bulk (CNV-neutral) distribution, constructing a pseudo-diploid reference from
which calibrated tolerance limits can be derived. This correction is deliberately one-sided:
copy-number gains can be arbitrarily large, inflating the upper tail, whereas due to low

tumor purity deletions, even homozygous losses, depress [Lg-s) only modestly.
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Figure 1: (A) Heatmap of normalized ICNRs X, for representative samples (rows) across

amplicons grouped by gene (columns). (B) Forest plot of BayesCNV posterior
means fi; with (1—y) HPD credible intervals for one representative sample. (C)
Conditional order-statistic imputation for one representative gene. Left: distri-
bution of K posterior means with top-m suspect values (filled red markers) and
threshold t; (dashed line). Right: distribution after replacing suspect values with
order-statistic draws. (D) Gamma model fit (solid colored curve) to the empirical
distribution of squared imputed posterior means Yj ; (grey) and pseudo observa-
tions (pink); the vertical dashed line marks the tolerance quantile 7}, and \/i
is the minimum detectable ICNR deviation. (E) Stratified parameter estimates
each sample group divided by model evidence. (F') Per-gene tolerance limits /7T;
in upper and lower evidence strata.

Fix gene j and write the K ordered posterior means as

iy < e < < k) (4)



LABORATORY-SPECIFIC SEQUENCING PERFORMANCE (GUARANTEES IN CNV DETECTION

Fix a small integer m < K, set L = K —m, and define the threshold

ti = [ (5)

~

the largest value among the L retained observations. The top-m values fi; 111, -, ij (k)
are replaced by the following procedure, applied independently per gene.

1. Bulk model fit. Fit a Normal distribution ¥’ =N (éj, (1)]2) to the L retained values
using robust estimators:

& = median(fij 1), - .-, fjn)), @ = 1.4826 MAD(f1; 1y, -- -, 4 r))s  (6)

where MAD is the median absolute deviation and 1.4826 = 1/®~1(3/4) is the Fisher
consistency factor for Gaussian scale estimation (see Appendix A; Huber and Ronchetti,
2009).

2. Truncated sampling. Let S; =1 — Fj(tj). Draw Uy,...,Up, i Uniform(0, 1) and
set
Zi:Fjil(Fj(tj)%—UiSj), 1=1,...,m. (7)

Each Z; is a draw from Fj truncated to [t;, 00).

3. Order-statistic replacement. Sort the draws to obtain Z) < .-+ < Z(,,) and set

ﬁj,(L+i) = Z(z)7 t=1,...,m; Hj (ry = /lj,(r)) r=1,...,L. (8)

This procedure reproduces the classical conditional distribution of upper order statistics
given X(zy =t for an i.i.d. continuous sample (David and Nagaraja, 2004), with the true F’

replaced by the robust estimate Fj

3.3. Tolerance Intervals Via a Gamma Quantile

Having removed the influence of up to m positive samples using the method in Section 3.2,
we now work to obtain tolerance intervals on the posterior means by gene. Note, to maintain
uncertainty in the imputations, this procedure will be repeated multiple times with different
imputed values and use the empirical mean estimate. However, for clarity, we will suppress
this in the following sections.

We characterize the CNV performance via the MSEs of the posterior means (assuming
the sample is CNV neutral). That is

Yie = (V). (9)

A natural model for Y is a Gamma distribution. If ﬂg-s) ~ N(0, 7']-2) then Yj s ~ 7}2 X3 =
Gamma(%, 27']»2). More generally, a residual process-mismatch bias d; gives

ﬂ§S)NN(5j7Tj2) = Yis=7IxXi(N),  Ai=6:/7, (10)
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a scaled noncentral chi-squared variate (Urkowitz, 1967). Moment-matching to Gamma(a;, s;)
yields (see Appendix A for the derivation)

2
o (1+)\j)2 3-:27—j(1+2/\j) (11)
T2(1+2))] I IV

When §; = 0 we recover o = %; a nonzero bias inflates «; in proportion to A;, so a flexible
Gamma MLE accommodates both regimes. Additional motivation for the Gamma family
is given in Appendix A.
Once we estimate the parameters of the gamma distribution, we construct a (1 — p)
upper tolerance bound as the corresponding quantile of the fitted distribution,
_ -1
Tj - FGamma(dj,§j)(1 o p)' (12)
Because the squared-error loss Y, = ﬂ? is related to the original posterior mean by a
monotonic transformation, the tolerance bound on the loss scale translates directly to one
on the CNV estimate: a new diploid sample will satisfy | ﬂ;-‘ew\ < /T with probability at

least 1 — p, i.e.,
Pr(ie ¢ |-VT5 V| ) <. (13)

This bound is two-sided and symmetric by construction; however, when a nonzero process-
mismatch bias d; # 0 is present, the true exceedance probability will be unequally dis-
tributed between the upper and lower tails, even though the aggregate coverage guarantee
remains valid.

While this is framed as a bound on the expected variability of CNV estimates, we also
can use this as a proxy for expected performance for positive samples as well. Provided
that the amplicon-level biases and variability is independent of CNV status, this is roughly
the certainty we would see in ICNR estimates of positive samples as well. In particular,
exp(\/ﬁ-) is the lowest detectable CNV for gene j.

3.4. Incorporating a Conjugate Prior with Pseudo-Observations

Quantile estimation can be inherently noisy, particularly in the upper quantiles like those
used in this work. This is a particularly acute issue in commercial applications, as customers
often repeatedly use different combinations of samples, both to evaluate robustness and
also search for combinations that yield the “best” results. This can result in a particularly
difficult combination when this is run at low sample sizes (N = 10). Our applications
require low variance, even at the expense of a higher MSE due to increased bias.

We achieve this by placing a prior on both «; and s;. We can create a conjugate
prior for any regular model where A = {z : p(f|z) > 0} does not depend on 6, that is
support does not depend on the parameters, by the incorporation of pseudo observations
(&1,...,€K7) (Bickel and Doksum, 2015). That is, our prior is p(c;, sj) o< H,Ilel p(&klay, s5)
resulting in a posterior of

K'+K K'+K

plog, siYe {6 = [] p(ﬁ;ﬂ%ﬁj)// 1T p(&lay,s)), (14)
k=1

k=1
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where {& bi—1.x4x = {Yj1...,Yjs,&1,...,Ex}. The advantage of this posterior is that
computation is straightforward with MAP estimation, simply augment the observed data
with pseudo-observations and perform maximum likelihood.

While the easiest method for the above prior is to simply tack on a small number of
samples, a less noisy method is to incorporate a large number of samples and weight their
contribution in the likelihood to achieve a fixed sample size. We propose two methods for
choosing these prior samples. The first is to use samples from a previous related experi-
ment. This method has the downside that it either (i) requires the customer to run a first
experiment without a prior or (ii) involves using one customer’s data for a separate group.
The second is to use an internal run to estimate a; and s; under standard conditions, then
generate a large number of pseudo observations with those parameters. This is the method
we have chosen commercially.

3.5. Evidence-Stratified Tolerance Limits

The tolerance limits in Section 3.3 assume that the K samples are exchangeable draws
from a single production population. We frequently find that not all samples are process
matched (i.e. sequenced with the same instrument, library preparation, and analysis pipeline
used clinically), introducing bias and excess variance (Appendix B). When samples are
pooled, the squared posterior means Y follow a mixture of Gamma-like distributions
whose components may differ in both location and scale due to different noise profiles.
Fitting a single Gamma(c;, s;) to such a mixture can yield tolerance quantiles that differ
dramatically from the true value of each group individually.

We eliminate this artifact by stratifying the validation samples on the log model evidence
Zs =logp(Xs | M), which serves as a process-matching diagnostic (Talbot and Ke, 2026):
well-matched samples yield high evidence while mismatched samples yield low evidence.
There are a variety of techniques for approximating this value, such as thermodynamic
integration (Gelman and Meng, 1998) or annealed importance sampling (Neal, 2001), or
in this work a Laplace approximation (Gelman et al., 1995). Partitioning on Z produces
strata within which the single-Gamma model is approximately correctly specified.

Concretely, let Zyeq denote the sample median of {Z1, ..., Zx}. We define two strata:

St={s:2,> Zea}, S ={5:Z5 < Zmea} (15)

with |ST| = [K/2] and |[S™| = | K/2|. Within each stratum g € {+, —} and for each gene j,
we fit a separate Gamma model to the squared imputed posterior means {Y;, : s € S9},
augmented with the pseudo-observations described in Section 3.4, yielding per-stratum
tolerance quantiles

7Y = F! (A§g)7§§g))(1 -p), gef{+ -} (16)

Gamma(&
The reported tolerance limit for gene j in each sample would then be T ; = Tjg )

This procedure requires K > 20 so that each stratum retains at least ten observations,
which in our experience is the number required to accurately estimate the parameters of
the gamma distribution. This stratification is also optional, one potential method is to
detect whether there is evidence for non-exchangability in the samples via a test like the
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one developed in Talbot and Ke (2026), allowing for formal assessment of whether such
stratification is even necessary.

4. Synthetic Results

The purpose of this synthetic section is to evaluate the impact that the imputation scheme
and prior have on the quantile estimates. We evaluate the bias, variance, and mean squared
error method as a function of sample size, with a particular focus on the contributions of the
prior distribution and the outlier-imputation scheme. Distribution parameters § = 0.2 and
72 = 0.17 were estimated from a held-out panel analyzed in Section 6.2; importantly, these
values are drawn from a different panel than the one used to construct the informative
prior, ensuring that the prior is not fit to the evaluation data. Synthetic datasets were
repeatedly drawn at sample sizes ranging from N = 5 to N = 50 from N(§,72), and for
each draw we computed the true quantile bounding | X|, comparing four estimators. First
the standard maximum-likelihood estimate (Empirical), used as a baseline. Second, our
novel estimator with no prior information and m = 1. Third, the same method but with
the informative prior and an effective sample size of 5. Finally, our estimator with the same
informative prior and an imputation weight that scales linearly with N, representing the
regime in which the number of outliers grows proportionally with the number of samples
processed. The true value was 0.665.

Results are displayed in Figure 2. Relative to the empirical baseline, the proposed es-
timator without a prior reduces bias and MSE at the cost of increased variance; at small
sample sizes the standard error reaches approximately 25% of the true parameter value, a
level that is prohibitively high for reliable clinical decision-making. Incorporating the infor-
mative prior yields a substantial reduction in variance, roughly 2.5, bringing the relative
standard error to approximately 10%, a range consistent with stable performance guar-
antees under the variability introduced by routine sample-selection interventions. Finally,
the m = 0.2N condition demonstrates that the imputation scheme remains well-calibrated
even when the outlier proportion grows with sample size: neither bias nor MSE increases
materially relative to the fixed-m setting, confirming that the approach is robust to elevated
rates of true-positive contamination.

5. Cohorts

We evaluate our method across two targeted amplicon panels, spanning a range of amplicon
counts, sample sizes, and degrees of process mismatch (Table 1).

Small Panel LBX. This dataset comprises 32 FFPE samples sequenced with a 172-
amplicon panel designed for low-cost cancer screening, targeting five CNV-associated genes.
Of these samples, 10 libraries were prepared from substantially fragmented FFPE DNA,
and 22 from higher-quality clinical FFPE material. To generate matched and unmatched
evaluation conditions, we chose 5 of the 32 samples to construct an averaged normal refer-
ence, with the fraction of fragmented DNA in the reference ranging from 0 to all 5 samples;
the caller was then evaluated on the remaining high-quality samples. This construction
was repeated 30 times with different normal selections, allowing us to carefully control the

10
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Figure 2: Interval estimation performance as a function of sample size for the four estima-
tors. Left: posterior mean parameter estimate with 95% confidence intervals.
Center: standard error of each estimator. Right: mean squared error. Data
were generated from A(§,72) with § = 0.2 and 72 = 0.17 over N € [5,50].

level of known process mismatch. For each sample we additionally evaluated the marginal
likelihood using a Laplace approximation.

This same cohort also supports a heterogeneous-mixture analysis (Section 6.1.3), in
which we pool the matched and unmatched conditions above into a single run of 39 samples
(17 process matched, 22 not) to evaluate the benefit of evidence-based stratification when
process mismatch is not known in advance. This is a re-partitioning of the same Small
Panel LBX samples across trials rather than an independent dataset.

FFPE Validation Data. Our second cohort is drawn from a 341-amplicon panel designed
for FFPE solid tumor diagnostics, of which 240 amplicons target 14 CNV-relevant genes.
This internal validation run comprised 14 samples: 5 NIST standard samples CNV-positive
for ERBB2, and 5 positive for EGFR and MET. Because samples with known CNVs are
difficult to procure, validation runs of this kind necessarily enrich for positives, with a
correspondingly high fraction of samples carrying CNVs in the same gene, a condition that
can distort the baseline and obscure true signal, motivating the imputation analysis in
Section 6.2.

Table 1: Summary of evaluation cohorts.

Cohort Panel size Genes Samples Composition

Small Panel LBX 172 amplicons 5 32 10 fragmented / 22 high-quality

FFPE Validation 341 amplicons 14 14 5 ERBB2+ / 5 EGFR & MET+ NIST
6. Results

We evaluate the empirical coverage of the proposed tolerance intervals against the stan-
dard Bayesian credible interval and two alternatives drawn from the Bayesian robust-
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ness literature, along with a traditional MSE-based coverage estimate corresponding to
a Gamma(1/2,s) distribution. All methods are assessed on a common criterion: for each
gene j and each diploid validation sample s, we record whether the interval excludes zero,
and report the resulting false-positive rate over (j,s) pairs relative to the nominal level
~. The first comparator is the standard (1 — ) highest-posterior-density (HPD) credible
interval for w;°" obtained directly from BAYESCNV. The remaining two comparators apply
misspecification-robust modifications to the BAYESCNV posterior for each new sample and
are the coarsened posterior of Miller and Dunson (2019), and the sandwich posterior of
Miiller (2013).

We evaluate coverage using leave-one-out cross-validation: for each validation sample
s, the tolerance interval is estimated from the remaining K — 1 individuals and we record
whether |ﬂ§-s)| < \/TT’J . Empirical coverage is then reported alongside interval width for each
method, with width serving as the secondary criterion: narrower intervals that maintain
nominal coverage correspond directly to a lower minimum detectable CNV exp(\/’ZT') and
hence greater clinical sensitivity.

6.1. Small Panel LBX
6.1.1. PROCESS MATCHED COVERAGE

We quantify calibration via the mean absolute coverage error (MACE),

MACE = ‘l{zm(fy) -1, (17)
verl’

where T' is a uniform grid of nominal coverage levels on [0.7,1] and C(v) is the empirical
coverage at level v evaluated per gene over leave-one-out folds; values are reported multiplied
by 100 (Table 2).

Under matched conditions all three BAYESCNV-based comparators are severely miscal-
ibrated. The standard HPD and sandwich (Miiller, 2013) intervals are drastically overcon-
fident, with their MACE values reaching up to 66 and 69 respectively; these reflect intervals
so narrow that they fail to contain the true signal across most of the [0.7, 1] coverage range,
the expected consequence of applying a large-sample posterior approximation at the small
amplicon counts (n; ~ 4-20) of this panel. The coarsened posterior (Miller and Dunson,
2019) is erratic: near-zero MACE on some genes indicates the opposite failure mode, in-
tervals so wide that empirical coverage is 100% throughout, while MACE as high as 42 on
other genes indicates severe overconfidence, with both failure modes present simultaneously
depending on the gene.

The proposed tolerance intervals and the MSE-based estimator together form a clearly
distinct tier, each achieving single-digit MACE across all five genes and representing a
substantial improvement over all three Bayesian comparators. Within this tier, the proposed
intervals are the best or tied-best on every gene, with the largest margin on ERBB2 (3.0+0.2
vs. 5.6 + 0.5 for MSE), a gene of direct clinical relevance for copy-number calling.

6.1.2. UNMATCHED COVERAGE

Under maximum process mismatch the failure modes of the Bayesian comparators become
more varied and in some respects more severe, as shown in Table 2 and Figure 3. Process
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mismatch inflates the posterior variance on several genes, causing the standard, coarsened,
and sandwich intervals to swing from overconfidence to near-total underconfidence (empir-
ical coverage approaching 100%, MACE near zero) on genes such as KIT and PIK3CA, a
change in failure direction, not a genuine improvement in calibration. On ERBB2, where
mismatch does not rescue the posterior variance, all three Bayesian variants remain severely
overconfident (MACE x 100 up to 74). This instability, intervals that are either far too wide
or far too narrow depending on the gene and the degree of process mismatch, renders the
Bayesian comparators unreliable for clinical use.

The proposed tolerance intervals remain uniformly well-calibrated across all five genes,
as does the MSE-based estimator, which degrades modestly but remains in the single-
digit MACE regime. The proposed method is again the best or near-best on every gene,
demonstrating that robustness to process mismatch is achieved by construction rather than
by fortuitous cancellation of errors.
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Figure 3: Calibration curves of the various methods.
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Top: Coverages in the process-

matched experiments. The far left plots the ICNR of a representative process-
matched sample, with amplicons targeting the five CNV-relevant genes shown
with different colors. The remaining plots show the true coverages on three of the
five genes as a function of target coverages. The ideal is shown via a dotted line,
while the average coverage and 95% confidence interval for each of the five consid-
ered methods is shown in a different color. Bottom: These plots have identical
interpretation, except when the data come from unmatched (highly noisy) sam-

ples.

6.1.3. HETEROGENEOUS MIXTURE

We then evaluate a situation that we frequently encounter, when both matched and un-
matched samples are included in the same run. This situation is evident when we examine
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Table 2: Mean absolute error x 100 with 95% confidence intervals for coverage evaluation on
the Small Panel LBX using matched and unmatched normals. Results are shown
for five methods: Gamma (Ours), MSE, Bayesian, Sandwich, and Coarsened.

Matched Unmatched
Method PIK3CA KIT MET FGFR1 ERBB2 PIK3CA KIT MET FGFR1 ERBB2
Bayes 33+6 375 407 b4+2 66=£3 11+4 1241 45+7 256 74+4

Coarsened 6.6+.9 80+x1 185 14+3 42+3 15£2 95+2 45+13 102 5H7k7
Sandwich 38+6 92+6 477 603 69+£3 102 76£14 43£13 204 49+£8
MSE 42+5 424+6 64+£6 42+.7 56£5 5T7+b5 44£5 812 74+.5 42+.7
Gamma 49+2 44+£3 61+6 534 30+2 44+£6 54+.1 557 7T0£.8 32+£.2

the distribution of likelihoods, shown in panel (A) of Figure 4. Unsurprisingly, the un-
matched samples appear noisier and have correspondingly lower likelihoods.

We compared the results of our method with and without stratification. Note that
since 22 samples are from one group and 17 in the other, this analysis does not “cheat” by
having the median perfectly align with group membership. We first show the performance
guarantees for MET in panel (B) of Figure 4. Note that the estimate does not lie between
the estimates of the two groups over the entire interval; at the highest quantiles the estimate
is excessively loose and larger than each group individually. This is the price we pay for
modeling a mixture using a single parametric model. While we know that the quantile
for the mixture is less than the maximum of the individual quantiles, with misspecified
parametric models this is no longer true. We can see in panel (C) of Figure 4 that the
stratified model is better over the entire range, and importantly is similar to the aggregate
guarantee, while having narrower intervals. Ironically, by modeling heterogeneity in the
noise distribution, we are able to accurately state that our performance is better than our
estimate when such heterogeneity is ignored.

6.2. FFPE Validation Data

The effect of these outliers on the distribution of the MET losses is shown in panel (A) of
Figure 5. Running this high a fraction of samples with CNVs in the same gene is inadvisable,
as it can affect the baseline and obscure true signal. However, this is a common occurrence
because samples with known CNVs are hard to procure, and validation runs naturally use
multiple positive samples to ensure our methods work. As a result we can use this dataset
to show the importance of the imputation step in Section 3.2, and evaluate the sensitivity
to the imputation fraction.

To do so, we first evaluated the 95% quantile on the samples, excluding the samples with
known positives on a per-gene basis, which we treat as the ground-truth value. We then fit
our method on the full dataset with the positives, increasing the fraction of imputed values
up to 50% of the samples. The difference between the estimated and true value is plotted
in panel (B) of Figure 5.

We found that our method was relatively robust to imputation fraction, with the non-
CNV genes having an average relative difference of 8% when 30% of the values are imputed,
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Figure 4: The effect of stratification in heterogeneous mixtures. (A) The distributions of
log-likelihoods in the process matched and unmatched populations. (B) The
tolerance intervals for MET on each of the subgroups for a stratified fit, and all
samples when group differences are ignored. (C) The associated coverages for
each method.

with a maximum of 22%. Even when 50% of the values are imputed the average relative
difference was 15% with a maximum of 38%. While this is naturally suboptimal compared
to no imputation, it is dramatically preferable to ignoring the outlier effect of true positives.
If this imputation step were not performed, it would erroneously suggest that the limit of
detection for MET was 8.6, as opposed to the true and far more reasonable value of 1.5 as
shown in panel (C) of Figure 5.
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Figure 5: The effect of imputation on MET tolerance interval estimates. (A) plots the

KDEs for true, observed, and imputed MET RMSE. (B) plots the difference
between estimated and true 0.95 quantiles across imputation fractions, with the
dashed line indicating the true positive fraction. (C) plots the true, observed,
and imputed 0.95 quantiles for CCNE, EGFR, FGFR2, and MET.
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7. Discussion

This work demonstrates that providing laboratory-specific frequentist performance guaran-
tees for a Bayesian diagnostic pipeline requires a fundamentally different inferential strategy
than improving the posterior itself. Our experiments demonstrate that state-of-the-art ro-
bust Bayesian modifications, the coarsened posterior (Miller and Dunson, 2019) and the
sandwich adjustment (Miiller, 2013) fail to achieve reliable frequentist coverage on the
small-amplicon panels typical of clinical NGS, because calibration is a property of the
repeated-sampling procedure, not of any individual posterior. The proposed framework
addresses this gap by recasting the problem as tolerance-interval estimation on empiri-
cal loss distributions, incorporating regularization from previous laboratories to improve
performance and reduce variance. That the simpler MSE-based estimator also enters the
single-digit MACE regime reinforces the broader lesson: the critical design choice is the
frequentist reframing itself, with the Gamma model providing a further edge through its
theoretical grounding in the noncentral chi-squared structure of the losses and its accom-
modation of process-mismatch bias via the shape parameter (Appendix A). Beyond CNV
detection, this hybrid strategy, Bayesian inference for individual-level uncertainty paired
with frequentist calibration for population-level guarantees, is applicable to any ML-based
clinical assay that requires quantifiable performance bounds. The evidence-stratification
component further highlights a principle with wider relevance in healthcare ML: subgroup-
specific performance reporting, much like disaggregated evaluation in algorithmic fairness,
can expose heterogeneity that aggregate metrics conceal.

Several limitations point to natural avenues for future work. First, the evidence-based
stratification relies on a binary median split of the log model evidence Zg, a deliberately
simple scheme that treats process mismatch as a dichotomy and requires K > 20 to provide
adequate per-stratum sample sizes. This is perhaps the most accessible opportunity for
improvement: replacing the hard partition with continuous sample weights or data-driven
clustering (Talbot and Ke, 2026) would allow finer-grained accommodation of heterogene-
ity without halving the effective sample size per stratum. Second, the imputation method
currently functions only when m < 0.3V, which results in underconfidence when a large pro-
portion of samples share a CNV in a specific gene. Further work to improve the breakdown
point would be useful to make this method more robust to these situations.
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Appendix A. Derivational Details

A.1. Moment-Matching for the Gamma Approximation

Let Y = sz x3();) where x3()\;) is the noncentral chi-squared distribution with one degree
of freedom and non-centrality A;. Its first two moments are

ETO)] =1+2%;,  Var[xi(A)] = 2(1+2))).
Scaling by Tj2 gives
E[Y]=77(1+2;),  Var[Y]=27/(1+2)).

For the Gamma(a, b) distribution (shape a, scale b) we have E[Y] = ab and Var[Y] = ab’.
Equating:

ab=T7(1+ 1)), (18)
ab® = 277 (1 4 2))). (19)

Dividing (19) by (18):
- 277(1 4 2);)
J 1 +>\J )
and substituting back:
g = AEX)°
T2(142))°

Because (1 + \;)% — (1 +2);) = )\? > 0, it follows that a; > 3, with equality if and only
if A\; = 0 (no process-mismatch bias). Fitting a Gamma by maximum likelihood therefore
1

anchors at a; = 5 in the unbiased regime and absorbs the non-centrality into an inflated

shape when bias is present.

A.2. Fisher Consistency Constant for the MAD

For X ~ N(u, 02), the median absolute deviation is MAD(X) = o ®~!(3/4), where ®
is the standard Normal CDF. To make the MAD a consistent estimator of the standard
deviation o, one multiplies by

1
n = ———— ~ 1.4826,
c 51 (3/4) 826

so that 6 = ¢, - MAD satisfies E[6] = o under normality (Huber and Ronchetti, 2009).
The resulting estimator retains the 50% breakdown point of the median while providing an
asymptotically unbiased scale estimate.

Appendix B. Effect of Poor Process Matching

In this section we show the impact that a lack of process matching can have on the CNV
estimates. All of these 32 samples are normal in a 172 amplicon panel targeting 5 genes
for CNV prediction. Of these 32 samples, 10 are substantially degraded. We estimate the
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CNVs in the genes using 5 samples as normal, ranging from all 5 coming from the good
samples, to all 5 coming from the bad samples. We then bootstrap these estimates over
different choices of normal and evaluate the posterior means in the remaining 17-22 good
samples. The results are plotted in Figure 6.

We can see that two genes are strongly affected by a lack of process matching, MET
and ERBB2. However, they are affected differently, with ERBB2 suffering from dramatic
biases while MET has high variance estimates. As a result, the assumption that a ICNR
of 0 is not valid when samples are not process matched, and our confidence intervals must
reflect this.
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Figure 6: The bias/variance decomposition of CNV estimates as a function of normal
matching
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