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Abstract

Batch effects represent a major confounder in genomic diagnostics. In copy number variant
(CNV) detection from next-generation sequencing, many algorithms compare read depth
between test samples and a reference derived from the processing batch, assuming samples
are process-matched. When this assumption is violated, with causes ranging from reagent
lot changes and sample quality differences to multi-site processing, the reference becomes
inappropriate, introducing false CNV calls or masking true pathogenic variants. Detecting
such heterogeneity before downstream analysis is critical for reliable clinical interpretation.
Existing batch effect detection methods either cluster samples based on raw features, risk-
ing conflation of biological signal with technical variation, or require known batch labels
that are frequently unavailable. We introduce a method that addresses both limitations by
clustering samples according to their Bayesian model evidence. The central insight is that
evidence quantifies compatibility between data and model assumptions, technical artifacts
violate assumptions and reduce evidence. In contrast, biological variation, including CNV
status, is anticipated by the model and yields high evidence. This asymmetry provides a
discriminative signal that separates batch effects from biology. We formalize heterogeneity
detection as a likelihood ratio test for mixture structure in evidence space, using para-
metric bootstrap calibration to ensure conservative false positive rates. We validate our
approach on synthetic data demonstrating proper Type I error control, three clinical tar-
geted sequencing panels (liquid biopsy, BRCA, and thalassemia) exhibiting distinct batch
effect mechanisms, and mouse electrophysiology recordings demonstrating cross-modality
generalization. Our method achieves superior clustering accuracy compared to standard
correlation-based and dimensionality-reduction approaches while maintaining the conser-
vativeness required for clinical usage.

1. Introduction

In next-generation sequencing (NGS)-based copy number variant (CNV) detection, widely
used algorithms estimate copy number by comparing per-locus read depth in a test sample
against reference samples (Talbot et al., 2026; Plagnol et al., 2012; Budczies et al., 2016).
This comparison removes amplicon-specific amplification biases, but its validity depends
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on a process-matching assumption: that test and reference samples were prepared with
the same reagents, on the same instrument, and through the same bioinformatics pipeline
(Krumm et al., 2012; Alkan et al., 2011; Fromer et al., 2012). In practice, this assumption
is routinely violated by reagent lot changes, sample quality differences, and multi-site pro-
cessing. The consequences are clinically significant: an undetected mismatch can produce
false CNV calls that trigger unnecessary interventions, or mask true pathogenic variants in
disorders such as thalassemia (Zhu et al., 2023) and cancer (Risinskaya et al., 2023; Becchi
et al., 2023). Because these errors present as confident calls rather than flagged failures,
they propagate silently through downstream clinical interpretation.

Existing methods for detecting batch heterogeneity are inadequate for this setting. Un-
supervised approaches cluster samples on raw features such as principal components of
coverage profiles (Leek and Storey, 2007). However, these approaches cannot distinguish
technical artifacts from true biological signal: a subset of samples carrying genuine CNVs
produces a distinctive coverage pattern that feature-space clustering will attribute to a
batch effect. Supervised methods test the association between recorded batch labels and
measurements (Johnson et al., 2007), but reliable batch metadata are frequently unavailable
in clinical workflows. A practical detection method must therefore satisfy several criteria
simultaneously: it must be label-free, since sample origin is often unrecorded; conservative,
since false alarms trigger costly re-sequencing; sensitive to diverse technical effects beyond
simple mean shifts; and, critically, it must separate technical artifacts from biological vari-
ation, so that batches containing CNV-positive patients are not erroneously flagged. No
existing method addresses all four requirements.

We introduce a heterogeneity detection method, currently integrated into a commer-
cial clinical NGS pipeline, that meets these criteria by operating in evidence space rather
than feature space. For each sample, we compute the Bayesian model evidence (Kass
and Raftery, 1995; MacKay, 2003), the marginal likelihood of the sample’s data under the
assumed CNV model, integrated over parameter uncertainty. The critical aspect of this
approach is that model evidence measures compatibility between data and model assump-
tions. A CNV detection model anticipates copy-number changes; CNV-positive samples
are well explained and yield high evidence. Technical artifacts, by contrast, introduce noise
patterns the model does not anticipate, violating its distributional assumptions and system-
atically reducing evidence. This asymmetry provides a discriminative signal: low evidence
indicates assumption violation, while high evidence, even from biologically unusual samples
(i.e. clinical positives), indicates that the model remains well-specified. We formalize het-
erogeneity detection as a likelihood ratio test for mixture structure in the distribution of
per-sample evidence scores, calibrated via the parametric bootstrap to maintain conserva-
tive false-positive control.

Because the method requires only a per-sample likelihood, it is not specific to genomics.
Any domain in which a generative model is fit to individual samples can use this technique
to answer the question: are all samples compatible with a single data-generating process, or
does the cohort contain subsets whose data systematically deviate from model assumptions?
In systems neuroscience, for example, combining electrophysiological recordings from differ-
ent experimental cohorts or laboratories introduces unmeasured technical variation from dif-
ferences in electrode impedance, recording hardware, and environmental conditions, which
is a problem structurally identical to batch effects in sequencing. We validate our method
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on synthetic data with controlled heterogeneity, three clinical targeted sequencing panels
(liquid biopsy, BRCA, and thalassemia) representing distinct batch-effect mechanisms, and
local field potential recordings from mouse experiments where cross-cohort batch structure
is independently verifiable. Across all settings, the method detects heterogeneity when
present and consistently outperforms correlation-based and dimensionality-reduction alter-
natives in clustering accuracy. Python code implementing all models and reproducing all
results is available at https://github.com/Pillar-Biosciences-Inc/BatchDetect.

Generalizable Insights about Machine Learning in the Context of Healthcare

e Per-sample likelihood is a label-free data-quality signal. Any clinical ML
system that computes a per-sample log-likelihood can repurpose that quantity as a
principled indicator of data-quality degradation. Unlike held-out prediction error,
the marginal likelihood requires no labeled reference set and does not conflate sam-
ple difficulty (a biologically unusual but valid sample) with sample contamination (a
technically degraded sample that violates model assumptions).

e Distribution-shift detection is effective in evidence space. Monitoring data
quality through the distribution of model-fit summaries, rather than input features,
sidesteps the fundamental challenge of disentangling technical from biological varia-
tion, a problem that confounds feature-space approaches across modalities.

e Bootstrap calibration is important for hypothesis testing in mixture mod-
els. In clinical settings, false alarms carry direct operational costs: repeat sequencing,
manual expert review, and diagnostic delay. The parametric bootstrap framework in-
troduced here provides explicit control over the false-positive rate, which asymptotic
alternatives do not guarantee for non-regular mixture models.

2. Related Work

Batch correction and reference selection in CNV detection. Batch effects have
long been recognized as a major confounder in genomic analyses (Leek et al., 2010), and
a substantial literature addresses their correction. In CNV detection from targeted panels,
the dominant strategy is dynamic reference selection: ExomeDepth (Plagnol et al., 2012)
selects reference panels via a correlation-guided greedy procedure that maximizes expected
detection power under a beta-binomial depth model; CLAMMS (Packer et al., 2016) and
CANOES (Backenroth et al., 2014) employ similar correlation- or distance-based strategies.
These approaches can substantially improve CNV calling accuracy, particularly in targeted
panels where sample-to-sample variability is high (Ku$mirek et al., 2019). More recent
work, such as clearCNV (May et al., 2022), goes further by implementing unsupervised
clustering to partition samples into batches before calling, though it provides no formal
test for whether such partitioning is statistically warranted. In a complementary direction,
grouping samples by known batch labels (e.g., library preparation date) prior to calling can
reduce false positives (Krumm et al., 2012). General-purpose batch correction methods,
such as ComBat (Johnson et al., 2007) and surrogate variable analysis (Leek and Storey,
2007), are widely used across genomic assay types. However, all of these approaches assume
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that batch heterogeneity exists (or that correction is harmless) and attempt to remove it,
but do not formally test whether heterogeneity is present.

Batch effect detection. In contrast to the mature correction literature, formally detect-
ing batch heterogeneity has received less attention. The most common informal approach is
visual inspection of principal component plots, examining whether samples separate along
suspected batch variables, but this provides no calibrated false-positive guarantee and re-
quires a suspected covariate to be available for stratification. Formal methods span several
categories. Variance-attribution methods such as PVCA (Li et al., 2009) decompose to-
tal variance into components associated with known covariates, but require batch labels as
input and, like any method that operates on a full sample covariance matrix, become unreli-
able when p >> n or batch sizes are small. Supervised PCA-based tests such as gPCA (Reese
et al., 2013) test whether a batch covariate explains significant variance in the leading prin-
cipal components, but again require labels and share the same high-dimensional covariance
instability. Distributional tests such as quantro (Hicks and Irizarry, 2015) assess whether the
global distributional assumptions underlying quantile normalization hold across pre-defined
sample groups, but require those groups to be specified in advance and are designed for nor-
malization guidance on count or intensity data rather than for the read-depth ratio setting of
targeted CNV panels. In the single-cell domain, kBET (Biittner et al., 2019) measures local
batch mixing via x? tests on k-nearest-neighbor neighborhoods, and BatchQC (Manimaran
et al., 2016) provides interactive diagnostics combining several of the above approaches;
both require known batch labels.

Testing for mixture structure via the bootstrap. Our approach reformulates batch
detection as a test for mixture structure in model-evidence space: if sample-level Bayesian
evidence follows a unimodal distribution, the dataset is homogeneous; if it follows a mixture,
heterogeneity is present. This reformulation motivates the following statistical background.
The classical difficulty in testing for the number of components in a finite mixture is that
the likelihood ratio test (LRT) statistic does not follow the standard x? distribution under
the null, because the null lies on the boundary of the parameter space. McLachlan (1987)
introduced the parametric bootstrap as a practical solution: the null distribution of the
LRT is approximated by repeatedly simulating data from the fitted single-component model
and recomputing the statistic. This approach has been widely adopted for mixture model
selection (McLachlan and Peel, 2000) and remains the standard method for calibrating
mixture tests when asymptotic theory is unavailable. An alternative is to derive a modified
asymptotic null distribution, as advocated by Lo et al. (2001).

3. Methods

Our principal focus is targeted amplicon sequencing for CNV detection. In this situation,
predefined genomic loci (amplicons) are PCR-amplified and sequenced. The resulting read
counts are approximately proportional to underlying copy number, with variability arising
from PCR efficiency, sample effects, and sequencing noise. Preprocessing transforms raw
counts into centered log ratios suitable for statistical modeling.

Preprocessing. Let J denote the number of targeted amplicons retained after quality
control for a given sample. For amplicon j € {1,...,J}, we observe a read count s; from
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the test sample and a corresponding count n; from a process-matched reference, such as
a matched normal, a summary (e.g., median) across a panel of normals, or a batch-wide
summary for normal-free calling. We form log ratios §; = log(s;) —log(n;); amplicons with
low counts are removed during QC, so division by zero is not a concern. To remove global
differences in sequencing depth, we center by subtracting a robust location estimate:

yj = y; — medianjes Yy, (1)

where S is either the full set of retained amplicons or a predefined subset of copy-neutral
control amplicons. After centering, y; ~ 0 indicates copy neutrality, negative values indicate
deletions, and positive values indicate amplifications. We refer to {yj}jzl as log copy-
number ratios (ICNRs). The left panel of Figure 1 illustrates the contrast between two
representative ICNR profiles after this centering step: one sample is noisy yet CNV-negative,
its amplicons scattering broadly around zero; the other is low-noise and CNV-positive,
with amplicons clearly displaced from zero. Importantly, the CNV-positive sample yields
markedly higher model evidence, underscoring that elevated evidence scores reflect genuine

copy-number signal and are not merely a surrogate for technical data quality.

3.1. CNV Models and Evidence Computation

We employ two Bayesian CNV models, each of which returns a log marginal likelihood
(model evidence) quantifying how well it explains a given sample’s ICNR profile. The first
is a hierarchical Bayesian model for gene-level calling in liquid biopsy panels (Talbot et al.,
2026): amplicons targeting the same gene share a latent gene-level log copy-number ratio,
observations follow a heavy-tailed likelihood, and inference proceeds via HMC with the log
marginal likelihood estimated by thermodynamic integration. The second is a state-space
model for thalassemia panels (Talbot et al., 2025), which captures spatial correlations among
amplicons and performs exon-level calling; inference proceeds via sequential Monte Carlo,
yielding model evidence through importance weights. Full model specifications appear in
Section A of the Appendix.

For each sample ¢ € {1,..., N} in a cohort, we compute the log marginal likelihood
under the chosen CNV model and normalize by the number of amplicons J; passing QC
for that sample, yielding a per-amplicon evidence score ¢;. This normalization ensures
comparability across samples that may differ in amplicon yield. As shown in the middle
panel of Figure 1, the distribution of {/;} across a batch can exhibit pronounced bimodality,
a pattern we exploit to detect technical heterogeneity, as described next.

3.2. Detecting Batch Heterogeneity via Mixture Modeling

Batch heterogeneity manifests as systematic differences in model compatibility across sam-
ples: if a cohort contains subsets processed under different technical conditions, one subset
may be consistently better (or worse) explained by the CNV model, producing a multimodal
distribution of {¢;} (middle panel of Figure 1). We formalize this as a likelihood-ratio test
(LRT) comparing a one-component model (homogeneous cohort) against a two-component
mixture (heterogeneous cohort).

Let f(- | ) denote a location-scale density parameterized by €, which collects the
location, scale, and (where applicable) shape parameters of the chosen family. We consider
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Figure 1: Left: Centered ICNR profiles (1) for two representative samples: a noisy, CNV-
negative sample whose amplicons scatter broadly around zero, and a low-noise,
CNV-positive sample whose amplicons are clearly displaced from zero. Crucially,
the CNV-positive sample yields high model evidence, illustrating that elevated ev-
idence scores reflect genuine copy-number signal rather than data quality alone.
Middle: Distribution of per-sample evidence scores {¢;} across the batch, ex-
hibiting bimodality; colors indicate batch-group labels. Right: Parametric boot-
strap null distribution of the LR statistic (Algorithm 1), with the observed LR
marked.

five candidate families: Gaussian, Laplace, hypersecant, Student-¢, and generalized normal.
The competing hypotheses are

Ho: £~ f(£]01), (2)
Hy: li~mf(l]01)+ (1—m) f(€]02), (3)

where m € (0, 1) is the mixture weight. Parameters are estimated via expectation-maximization
(EM); the two-component model is initialized from k-means centers over mj,i; random
restarts, retaining the solution with the highest log likelihood. Convergence is declared
when the change in mean log likelihood falls below 10~ or after 1000 iterations.

3.3. Parametric Bootstrap Significance Test

Because finite mixtures are non-regular (the null lies on the boundary of the alternative’s
parameter space), the standard x? approximation for the LRT does not hold (McLachlan
and Peel, 2000). We therefore calibrate significance via a parametric bootstrap (Davison and
Hinkley, 1997), summarized in Algorithm 1. The procedure fits both models to the observed
scores and computes LRps, then generates B synthetic datasets from the fitted null ]\70 to
build an empirical reference distribution. The resulting null distribution and the placement
of LRgps within it are shown in the right panel of Figure 1. The p-value is the fraction
of bootstrap replicates whose LR equals or exceeds LRgps, with a continuity correction
that includes the observed statistic itself. Small p-values indicate that the evidence-score
distribution is unlikely under a single homogeneous population, pointing to the presence of
batch heterogeneity.
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Algorithm 1: Parametric Bootstrap LRT for Batch Heterogeneity
Input: Evidence scores {&}f\il, location-scale family f, bootstrap replicates B
Output: p-value and observed likelihood ratio LRgpg
Fit 1-component model f(- | @) to {¢;} — M,

Fit 2-component mixture of f to {¢;} — M
LRobs ¢ 2(L({6:} | M) — L({4:} | Mo))
for b+ 1 to B do
Sample {Egb)}i]\il ~ My
Fit 1-component model to {Egb)} — A/i\éb)
Fit 2-component mixture to {Kgb)} — ]\/Zl(b)
LRy  2(L({"} | M) — £({e”} | M)
end
1+ 37 I(LRy > LRps)

B+1
return p, LR

p <

A natural alternative to parametric bootstrap calibration is the Lo—Mendell-Rubin
(LMR) adjusted likelihood-ratio test (Lo et al., 2001), which provides an asymptotic approx-
imation to the null distribution and avoids the computational cost of repeated simulation.
We initially evaluated the LMR test as a faster option for clinical deployment and include it
as a baseline because it is well established in the finite-mixture literature. However, its ap-
proximation was developed primarily for normal-mixture settings, whereas our framework
considers several non-Gaussian component families and relatively small clinical batch sizes.
We therefore compare its empirical calibration with that of the parametric bootstrap in
Appendix C.1.

4. Synthetic Results: A Conservative Null Distribution

4.1. Motivation and Setup

We first evaluate our method on synthetic data, focusing on two properties critical for
clinical deployment: calibration under the null and robustness to single-sample outliers.
Robustness to lone outliers is particularly important in practice, as customers frequently
include an unmatched reference sample, such as a contrived sample with a known CNV,
to benchmark caller performance alongside the test samples; such a sample can distort the
batch evidence-score distribution if the heterogeneity test is not outlier-tolerant.

To assess both properties, we generate ICNR data from the hierarchical model in (6) us-
ing a 439-amplicon liquid-biopsy panel. We simulate 1,000 batches of N = 20 samples each,
constructing a batch-mean reference, fitting the hierarchical CNV model, computing per-
sample evidence scores, and applying the heterogeneity test to obtain a batch-level p-value.
In Experiment 1 (no outlier) all samples share the same generative process; in Experiment 2
(outlier) the worst sample per batch is shifted by —20. We compare five evidence-space
component densities: Gaussian, Student-t (v = 3), generalized normal (gennorm), Laplace,
and hypersecant.
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4.2. Calibration Diagnostics

Under a perfectly calibrated null, p-values follow Beta(1,1). We summarize departures via
the one-parameter power family

pi ~ Beta(a, 1), i=1,...,n, (4)

with density f(p) = ap®!: a > 1 is conservative, a ~ 1 is calibrated, and a < 1 is anti-
conservative (Hung et al., 1997). This scalar summary is preferable to omnibus goodness-
of-fit tests, which have low power at n = 1,000 against the one-sided alternatives of clinical
interest; it also admits a conjugate Gamma posterior, from which we report the posterior
mean and 95% credible interval. We complement this with the one-sided Clopper—Pearson
95% upper bound on P(p < 0.05 | Hp) (Lehmann and Romano, 2005), providing a direct

guarantee on the false-alarm rate at a common operating threshold.

4.3. Results

Table 1 summarizes calibration across all five distributions and both experimental condi-
tions; Figure 2 shows the p-value histogram and Q—Q plot for the Laplace kernel under the
null.
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Figure 2: Calibration diagnostics for Experiment 1 (no outlier) using the Laplace kernel.
Left: Histogram of observed p-values (blue) with the theoretical uniform density
(dashed gray) and the fitted Beta(a, 1) density (red) overlaid; the shaded region
represents the 95% posterior credible interval on a. Right: Q-Q plot of observed
p-values against uniform quantiles (dashed gray) and fitted Beta(a, 1) quantiles
(red); the shaded band is the 95% confidence envelope for order statistics under
the null.
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Experiment 1: No outlier (null). Four of the five distributions are nearly calibrated or
mildly conservative (a € [0.93,1.01], CP bounds < 0.07). Laplace is the exception (a = 0.76,
CP bound = 0.11): its central spike and heavy tails inflate the mixture likelihood ratio even
in the absence of a true outlier, producing mild anti-conservatism under the null.

Experiment 2: Outlier introduced (alternative). The results change substantially
when an outlier is introduced. Gaussian is markedly anti-conservative (¢ = 0.25, CP bound
= (0.74): its thin tails assign extreme likelihood ratios to the shifted sample, generating a
high rate of spurious detections. Hypersecant lies at the opposite extreme (@ = 1.66), its
heavy tails absorbing the outlier so completely that the test becomes insensitive. Laplace,
a less-calibrated distribution under the null, is the best calibrated under the alternative
(@ =0.91, CP bound = 0.06): its tails are heavy enough to accommodate the outlier score
without producing an extreme likelihood ratio, yet not so heavy as to suppress sensitivity
altogether. In practice we have found the Laplace distribution to be the most reliable,
precisely due to this robustness.

Comparison with the Lo—Mendell-Rubin test. As motivated in Section 3.3, we also
evaluated the computationally less expensive LMR, approximation. Appendix C.1 shows
that the LMR test is substantially less stable across component distributions and generally
anti-conservative, supporting our use of parametric bootstrap calibration.

Table 1: Calibration results with and without an outlier. a is the Beta(a, 1) posterior
mean with 95% credible interval; values near 1 indicate calibration, < 1 anti-
conservativeness, and > 1 conservativeness. CP bound is the one-sided 95%
Clopper—Pearson upper bound on P(reject | Hp) at o = 0.05; values < 0.05 indi-
cate that the false-alarm rate is controlled at the nominal level.

No Outlier Outlier Included
Distribution a [95% CI] CP bound a [95% CI] CP bound
Gaussian 0.96 (0.90, 1.01) 0.06 0.25 (0.23, 0.26) 0.74
Hypersecant 0.92 (0.86, 0.97) 0.06 1.66 (1.56, 1.77) 0.05
Student- 1.03 (0.97, 1.10) 0.02 0.57 (0.54, 0.61) 0.34
Laplace 0.76 (0.72, 0.81) 0.11 0.91 (0.86, 0.97) 0.06
Gennorm 0.94 (0.88, 1.00) 0.04 0.42 (0.40, 0.45) 0.41

5. Cohorts

A detailed description of preprocessing and quality control is provided in Appendix B. Here
we summarize the datasets used for evaluation, emphasizing sample sizes, batch factors, and
biological signals relevant to batch-effect detection. We consider two modalities: targeted
amplicon sequencing (three clinical panels, n = 24-94) and mouse electrophysiology (a
combination of two studies with n = 54). Key dataset characteristics are summarized in
Table 2.



EVIDENCE AGAINST HOMOGENEITY

Table 2: Summary of datasets used for batch effect algorithm validation.

Dataset N Batch Factor Bio. Signal Validation Purpose

Liquid Biopsy 32  FFPE quality None Technical artifact robustness
BRCA Panel 24 Reagent lot CNV+ Batch vs. biology discrimination
Thalassemia Panel 94 Laboratory CNV+ Multi-site heterogeneity
Electrophysiology 54 Experiment Behavior Cross-modality generalization

5.1. Targeted Amplicon Sequencing Data

We evaluate three targeted panels spanning distinct, practically relevant batch-effect mech-
anisms; panel design details and preprocessing are provided in Appendix B.

5.1.1. MULTI-CANCER LIQuID Biopsy PANEL (LBX)

This dataset comprises 32 FFPE samples sequenced with a 173-amplicon panel designed for
low-cost cancer screening (targeting five CNV-associated genes). The batch factor is FFPE
preservation quality: 10 libraries were prepared from substantially fragmented FFPE DNA,
and 22 from higher-quality clinical FFPE material. This cohort evaluates robustness to
amplification-related technical heterogeneity induced by mixed sample quality.

5.1.2. THALASSEMIA PANEL

The thalassemia dataset uses a 120-amplicon panel (including normalization controls) tar-
geting the alpha- and beta-globin loci. The batch factor is laboratory origin in a two-site
setting (Laboratory A: n = 49; Laboratory B: n = 45), reflecting multi-site heterogeneity
from differences in protocols, reagents, instrumentation, and operator effects. Biological
heterogeneity is substantial: 48 samples carry multiple types of CNVs affecting the alpha-
globin locus, of multiple types, including alpha-3.7 deletions, alpha-SEA deletions, and
alpha gains. Overall, this cohort evaluates batch-effect detection in a realistic clinical ge-
netics scenario combining multi-site technical variation with strong biological signal.

5.1.3. BRCA PANEL

The BRCA dataset targets BRCA1 and BRCA2 using 283 amplicons (including normal-
ization controls). The batch factor is reagent lot: 24 samples were sequenced across two
lots (lot A: n = 16; lot B: n = 8), introducing systematic shifts in amplification efficiency
and baseline coverage profiles. Biological signal is present via CNVs in 12 samples (six
with gene-level BRCA2 gains/losses; six with exon-level BRCA1 aberrations), enabling as-
sessment of whether heterogeneity is correctly attributed to batch effects rather than true
copy-number variation. This is the weakest of the heterogeneity effects measured, and is
meant to evaluate the limits of performance.

5.2. Mouse Electrophysiology Data

Combining neural recordings across experimental cohorts is common in systems neuroscience
but introduces unmeasured technical variation from differences in electrode impedance,

10
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recording hardware, surgical implantation, and environmental conditions. These effects are
structurally analogous to batch effects in sequencing: they corrupt the shared statistical
model without being anticipated by it. We evaluate our method on local field potential
(LFP) recordings from 54 mice aggregated from two experiments, in which the batch struc-
ture is known and independently verifiable.

The first study (SP) recorded LFPs from 26 mice across 8 brain regions during social
(paired interaction) and non-social (isolated exploration) conditions (Mague et al., 2022).
The second study (TST) recorded from 28 mice across 11 brain regions during stress-
exposure and control conditions; 7 brain regions overlapped with SP (Talbot et al., 2023).
Feature processing is described in Appendix B. Within each experiment, protocols were
highly controlled, minimizing intra-experiment technical variation; however, the SP data
were collected in two sequential cohorts separated by several years, introducing a potential
source of instrumentation or environmental drift. We therefore expect no batch effects
within the TST experiment, possible effects within SP, and clear effects when pooling data
across the two experiments. This graded expectation, from absent to probable to near-
certain, provides a natural test of both sensitivity and specificity.

6. Results
6.1. CNV Heterogeneity Detection

6.1.1. OVERALL PERFORMANCE

We evaluate our method on each of the three CNV datasets using the Laplace mixture
as the primary component distribution, motivated by its favorable calibration properties
established in Section 4 (conservative under the null, with well-controlled Type I error).
To assess sensitivity to this choice, we also report results for four additional component
distributions (Gaussian, hypersecant, Student-¢, generalized normal). All experiments use
B = 10,000 bootstrap iterations. For each dataset we test the full cross-batch comparison
(Overall) as well as the two within-batch subgroups where no batch effects are expected
(Subgroups). Table 3 summarizes the results. Note that, in clinical/scientific usage, only
one kernel is used, avoiding multiple hypothesis testing concerns.

Under the Laplace mixture, batch effects are significant in all three datasets: thalassemia
(p = 0.001), LBX FFPE (p = 0.011), and BRCA (p = 0.028). This pattern is broadly
confirmed across the other kernels: four out of five distributions detect significant batch
effects in thalassemia (p < 0.005 except hypersecant, p = 0.161), and all five detect them
in LBX FFPE (p < 0.031). The hypersecant mixture is the exception, failing to reach
significance on thalassemia despite a large sample size; this is consistent with the ultra-
conservative behavior of hypersecant observed in our synthetic experiments (Section 4).
The BRCA panel presents the most challenging scenario: only the Laplace mixture yields a
significant result (p = 0.028), with all other kernels producing p > 0.055. We attribute this
to the high prevalence of large germline CNVs (50% of clinical samples harbor gene-level
BRCAZ2 deletions), which dominate the evidence scores and reduce the separation between
batch-driven and biology-driven components. The distribution of likelihoods in each of the
two groups for the three CNV panels is shown in Figure 4.

11
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Table 3: P-values for batch heterogeneity detection on the three CNV panels. Overall:
test comparing samples across the two known batches. Subgroups: tests within
each batch (where no batch effects are expected). Laplace is the recommended
kernel based on synthetic calibration results (Section 4); other kernels serve as a
sensitivity analysis. Values of 0.001 indicate p < 0.001 (the resolution floor for
B = 10,000 bootstrap iterations).

BRCA Thalassemia LBX FFPE
Distribution | Overall Subgroups | Overall Subgroups | Overall Subgroups
Gaussian 0.070 0.130, 0.477 0.001 0.023, 0.032 0.013 0.352, 0.499
Hypersecant 0.800 0.177, 0.524 0.161 0.069, 0.155 0.007 0.682, 0.108
Student-t 0.077 0.122, 0.477 0.005 0.059, 0.180 0.031 0.303, 0.294
Laplace 0.028 0.057, 0.110 0.001 0.118, 0.650 0.011 0.233, 0.141
Gennorm 0.055 0.092, 0.743 0.001 0.039, 0.101 0.016 0.261, 0.264

Critically, the within-batch subgroup tests assess whether the method erroneously de-
tects structure where none is expected. Under the Laplace mixture, our recommended
kernel, no subgroup reaches significance: the smallest Laplace subgroup p-value is 0.057
(BRCA), with thalassemia subgroups at 0.118 and 0.650 and LBX subgroups at 0.233 and
0.141. This is consistent with the conservative calibration of Laplace demonstrated in Sec-
tion 4.

The sensitivity analysis reveals that kernel choice does matter at the margins. Un-
der the Gaussian mixture, two thalassemia subgroups yield nominally significant p-values
(p = 0.023 and p = 0.032), and the generalized normal mixture produces one borderline
subgroup (p = 0.039). These results are not unexpected: the thalassemia dataset has the
largest sample size and a high CNV-positive rate, creating substantial biological hetero-
geneity within each batch. Moreover, the synthetic experiments in Section 4 showed that
the Gaussian kernel tends toward anti-conservatism, particularly in the presence of out-
liers. Thus, the Gaussian subgroup significance likely reflects a combination of biological
substructure and the known calibration weakness of thin-tailed kernels, rather than a true
batch effect. The key observation is that the magnitude of the overall cross-batch signal
(p = 0.001) dwarfs the within-batch signal (p = 0.023) even under Gaussian, and under the
recommended Laplace kernel the within-batch tests are comfortably not significant.

6.1.2. STATISTICAL POWER AND SIZE

We evaluate statistical power by repeatedly resampling from both batches at sample sizes
ranging from 5 to 30, covering the batch sizes commonly encountered in clinical targeted
sequencing. Statistical size (Type I error) is assessed by drawing clinical samples exclusively
from a single batch at sizes of 12 and 20. All experiments use the Laplace mixture. Results
are shown in Figure 3.

Power is limited at sample sizes below 15 across all datasets, but exceeds 0.8 by n = 25—
30. Given that introductory clinical validation batches are typically of comparable size,
this is sufficient to detect meaningful process mismatches before clinical samples proceed to
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Figure 3: Left: Statistical power as a function of sample size for each CNV dataset (Laplace
mixture, & = 0.05). Right: Distribution of p-values under the null (within-batch
resampling) at sample sizes of 12 and 20 for the thalassemia and LBX assays. Note
that at 20 clinical samples, the bootstrap evaluation becomes poor, resulting in
compressed p-values.

CNV calling. Statistical size is well-controlled: at most 4.4% of within-batch tests reject at
a = 0.05 across both sample sizes and both datasets, confirming the conservativeness of the
Laplace-based test. The LBX p-value distribution appears compressed toward the center,
likely an artifact of resampling redundancy (drawing 20 clinical samples from a pool of 24
introduces substantial overlap between replicates).

6.1.3. CLUSTERING ACCURACY

We compare our likelihood-based batch assignment against five unsupervised clustering
baselines advocated in Kusmirek et al. (2019). The first family operates on self-normalized
read count matrices: GMM (Gaussian mixture models) and PCA-Ward (PCA followed
by Ward’s hierarchical clustering). The second family first computes pairwise sample cor-
relations (Pearson or Spearman) and then applies Hierarchical clustering (average linkage
on 1 —r;;), Spectral clustering (Gaussian affinity on thresholded correlations), or PCA-
KMeans (eigendecomposition of the correlation matrix followed by k-means). All methods
are provided the true number of clusters k£ = 2, which gives the baselines an advantage our
method does not require.

Our method achieves the best or tied-best performance across all three datasets (Ta-
ble 4). On LBX FFPE it achieves perfect classification (accuracy = 1.0, x = 1.0), out-
performing the next-best methods (Spectral, PCA-KMeans; x < 0.86). On thalassemia,
accuracy reaches 0.90 (k = 0.80), a 5-14 percentage point improvement over all baselines,
despite 55% of samples harboring CNVs. These gains demonstrate that projecting clinical
samples into evidence space effectively disentangles biological signal from technical artifacts.

The BRCA dataset remains challenging for all methods. Twelve of 24 clinical samples
harbor germline gene-level BRCA2 CNVs spanning the majority of the panel, creating
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Table 4: Batch classification performance. All baselines are given the true k = 2; our
method infers cluster assignments from the mixture model under H;. Bold indi-

cates best performance.

BRCA Thalassemia LBX FFPE
Model Accuracy Kappa | Accuracy Kappa | Accuracy Kappa
GMM 0.63 0.0 0.78 0.55 0.91 0.76
PCA-Ward 0.63 0.0 0.76 0.51 0.91 0.76
Hierarchical 0.63 0.0 0.78 0.55 0.72 0.13
Spectral 0.71 0.27 0.84 0.66 0.94 0.85
PCA-KMeans 0.63 0.0 0.85 0.68 0.94 0.86
Likelihood (Ours) ‘ 0.63 0.34 0.90 0.80 1.0 1.0
Thalassemia BRCA Liquid Biopsy
2 2 2
5 g : /\
(] (] (]
fa} fa} fa}
) SCTITTE T
=15 -1.0 -0.5 0.0 0.5 1.0 -04 -0.2 0.0 0.2 0.4 0.6 0.8 -2.0 =15 -1.0 -0.5 0.0
Per-Amplicon Likelihood Per-Amplicon Likelihood Per-Amplicon Likelihood

Figure 4: KDE of the per-amplicon likelihoods of each of the three panels. The separation
is stronger in the LBX and thalassemia panels than in the BRCA panel, in part
due to stronger heterogeneity (sample degradation and lab origin, as opposed to
lot differences).

strong within-phenotype similarity that cuts across reagent lots. Most baselines predict
the majority class (k = 0). Spectral clustering achieves the highest raw accuracy (0.71)
but with only moderate agreement (x = 0.27). Our method matches the accuracy of
most baseline methods (0.63) but achieves the highest £ (0.34), indicating that it captures
meaningful batch structure rather than exploiting class imbalance. This result highlights
both a strength, explicit generative modeling can partially disentangle biology from batch,
and a limitation: when biological signal dominates the panel, the residual batch signal in
evidence space is attenuated.
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6.2. Mouse LFP Data

We evaluate cross-modality generalization on two mouse electrophysiology datasets using
probabilistic principal component analysis (PPCA) as the generative model:

p(Z) = N(Or[L)a

(x| 2, W,02) = N(Wz,02I). (5)

Temporal correlation between observations violates the assumptions of standard dimensionality-
selection criteria, making formal tests invalid. As a result, we set L = 20 components to
approximately match the dimensionality used in the original studies (Mague et al., 2022;
Gallagher et al., 2017). The model was fit on a training set of 10 mice (TST) and 5 mice
(SP). Per-observation log-likelihoods in the held-out data were averaged within each mouse
and condition, yielding two summary scores per mouse. This averaging step was necessary
due to the substantial noise in the spectral features, particularly at low frequencies.

Table 5: Batch effect detection in mouse electrophysiology data. Significance probability is
the fraction of bootstrap iterations yielding p < 0.05.

Conditions Averaged | Conditions Separated
Experiment Sig. Prob Avgp Sig. Prob Avgp
Social Preference 1.0 0.026 1.0 0.010
Tail Suspension 0.0 0.67 0.0 0.12
Both 1.0 0.011 1.0 0.004

Table 5 shows strong evidence of batch heterogeneity when combining mice from both
experiments (p = 0.011, averaged over conditions). Within individual experiments, the tail
suspension test (TST) shows no evidence of batch effects (p = 0.67), despite substantial
biological differences between stressed and control mice—confirming that the method does
not confuse biological signal with batch artifacts. In contrast, the social preference (SP)
experiment yields significant batch effects (p = 0.026 averaged, p = 0.010 with conditions
separated). These mice were recorded in two cohorts separated by several years, and the
detected heterogeneity likely reflects instrumentation or environmental drift between co-
horts. When conditions are separated within SP, significance is maintained but attenuated,
consistent with the interpretation that splitting by condition reduces effective sample size
without introducing additional cluster structure.

7. Discussion

Batch effects are a major source of error in clinical genomic diagnostics, and detecting
them before CNV calling is critical. Existing methods are limited: unsupervised feature-
space approaches cannot separate technical variation from biological signal, while supervised
tests such as gPCA (Reese et al., 2013) require batch labels that are often unavailable.
We address both problems by reducing each sample to a scalar Bayesian model evidence
score and testing that one-dimensional representation for mixture structure. CNV-positive
samples are captured by the generative model and retain high evidence, whereas artifacts
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violate model assumptions and reduce it, separating biological from technical heterogeneity
without labels.

The method has several limitations. First, some batch effects may not create detectable
mixture structure in evidence space, and multiple heterogeneity sources can produce similar
likelihoods. The BRCA dataset illustrates a related failure mode: when 50% of samples
carry large gene-level CNVs, biological variance dominates technical signal, and only the
Laplace mixture reaches significance (p = 0.028). Second, the choice of mixture distribution
affects Type I error control: the Gaussian mixture is anti-conservative with outliers (a =
0.25, Table 1) and yields borderline false positives in thalassemia (p = 0.023, p = 0.032).
We therefore recommend the Laplace distribution as default. Finally, power is limited below
n =~ 15, so the method should not be the sole quality control metric for very small batches.
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Appendix A. CNV Statistical Models and Evidence Computation

Our heterogeneity-detection method requires a scalar evidence score for each sample. We
employ two CNV models suited to different panel designs, enabling evaluation of evidence-
based heterogeneity detection under distinct modeling assumptions. The first model treats
amplicons within each gene as conditionally independent replicates and targets gene-level
CNVs, appropriate for panels with sparse targets spread across the genome. The sec-
ond model induces spatial dependence among neighboring amplicons via a state-space for-
mulation, appropriate for densely tiled panels covering a contiguous region (in this work,
BRCA1/2 and thalassemia assays). The two models also differ in inference procedures and
in how evidence is estimated.

A.1. Hierarchical Bayesian Model for Gene-Level CNV Detection

In the gene-level model, amplicons targeting the same gene are treated as noisy measure-
ments of an underlying gene-level ICNR. Let g € {1,...,G} index genes, and let y;, denote
the ICNR for the 7th amplicon targeting gene g. The latent gene-level ICNR is ;4. We place
hierarchical priors on gene-level means and gene-specific scales to share information across
genes, and we use a SoftLaplace observation model, a smooth heavy-tailed alternative to
the Laplace distribution, to improve robustness to outlier amplicons.

The generative model is

o ~ N(0,10),

0? ~ InvGamma(ayg, 35),

76 ~ InvGamma(a,, Br),
tg | 1o, 0% ~ N (o, o%),

zg ~ InvGamma(a, 5;),

Yig | g, 29 ~ SoftLaplace(fiqg, T024),

where 79z, is a gene-specific scale parameter. The hyperparameters {aq, By, 0try, Bry, 7, Br }
are fixed a priori to values used in previous work.

We infer the model parameters § = {,ug,UQ,Tg,{Mg}g;:l,{zg}?:l} using Hamiltonian
Monte Carlo (HMC) (Betancourt, 2017). To estimate the log marginal likelihood log p(y),
we use thermodynamic integration (Calderhead and Girolami, 2009). Let 7 € [0, 1] denote
the inverse temperature, and define the power posterior

pr(0 | y) < p(y | 0)" p(6). (7)
Thermodynamic integration uses the identity
1
£ =1080(0) = [ Bony o [1020(y |0)] dr. (®)
We approximate the integral in (8) by evaluating the expectation at a discrete ladder of

inverse temperatures {7;}._; spanning [0, 1] and applying the trapezoidal rule. We use 100
temperatures with linear spacing.
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A.2. State-Space Model for Spatially Correlated CNV Detection

When amplicons target a contiguous genomic region, ICNRs exhibit spatial correlation,
and we instead use a state-space model (Chopin et al., 2020). Let z; denote the latent true
ICNR at amplicon j. Spatial dependence is induced via a heavy-tailed innovation model
that favors local smoothness while permitting rare large transitions corresponding to CNV
boundaries:
p(ajer | 2j) = (L= p) N(zj,€) + pN(z),0%), (9)
where p < 1 is the probability of a large transition, e controls local smoothness, and
02 > ¢ permits large jumps. The initial state has a weakly informative prior reflecting the
assumption of copy neutrality:
zo ~ N(0,73). (10)

Observations follow a Laplace likelihood for robustness to outliers:
yj | ©; ~ Laplace(z;,b). (11)
The complete model is

xTro ~ N(O, Tg),
zit1 | @y~ (L= p)N(zj,€) + pN(zj,0%), (12)
yj | ¢j ~ Laplace(z;,b),

with fixed transition and observation parameters § = {p, ¢, 02, 7'02, b} chosen a priori for each
assay using domain knowledge of expected CNV sizes and noise characteristics (Talbot
et al., 2025). Full Bayesian inference over 6 is computationally prohibitive for our use case,
and we therefore treat 6 as fixed when computing evidence.

Inference over latent states {x; }3-]:0 proceeds via sequential Monte Carlo using an aux-
iliary particle filter (Pitt and Shephard, 1999). A standard byproduct of particle filtering
is an unbiased estimator of the marginal likelihood. Let M denote the number of particles
and let w§m) denote the (unnormalized) importance weight for particle m at position j. The
particle filter yields the estimator

J M
N 1 m
¢=1logp(y | 0) = E log (M E wj( )> . (13)
j=1 m=1

Appendix B. Data Processing
B.1. Targeted Amplicon Sequencing

All targeted amplicon sequencing datasets were processed through a common bioinformatics
pipeline prior to feature extraction. Raw paired-end reads were aligned to the GRCh37/hg19
reference genome using BWA-MEM (Li, 2013). To improve alignment accuracy in regions
of structural complexity, the initial alignments were refined through local realignment using
the Smith-Waterman algorithm (Smith et al., 1981) in conjunction with a proprietary
consensus-aware realignment procedure. Paired-end reads originating from the same DNA
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Figure 5: Overview of evidence computation. Left: a sequence of power posteriors indexed
by inverse temperature 7 € [0, 1] used for thermodynamic integration. Second
from left: thermodynamic integration estimates log p(y) by numerically integrat-
ing E, (g|y)[logp(y | 0)] over 7 (Eq. (8)). Middle right: particle-filter weights at
a representative amplicon position; highly peaked weight distributions indicate
that few particles explain the observation well. Right: particle-filter evidence
accumulates across amplicons via the product form in Eq. (13).

fragment were then assembled into consensus reads, with base quality scores from both
mates used as weights during assembly; this step reduces sequencing noise and improves
per-base accuracy, particularly in low-complexity or repetitive regions.

Following consensus assembly, reads were filtered to retain only those mapping uniquely
to intended amplicon positions. Reads mapping to pseudogene loci or to off-target locations
(e.g., primer-dimer artifacts or non-specific amplification products) were excluded. For copy
number variant (CNV) analysis, per-amplicon read depth was computed for each sample
independently. Where amplicons overlap genomically, read counts for each amplicon were
stored as separate entries to preserve the full resolution of the depth signal across the
targeted region.

B.1.1. LiQuiD Biopsy DATA

The first dataset was generated using a targeted liquid biopsy panel (referred to as LBX in
the main text) designed to detect common somatic mutations associated with carcinogene-
sis. The panel comprised 173 amplicons spanning a broad set of oncologically relevant genes,
of which 5 genes were designated as CNV targets for copy number assessment. Samples
consisted of n = 32 formalin-fixed, paraffin-embedded (FFPE) specimens. FFPE preserva-
tion introduces characteristic DNA fragmentation and chemical modification artifacts that
degrade library quality in a sample-dependent manner; accordingly, FFPE input quality
was treated as a batch factor in the main analysis. Ten samples exhibited pronounced
fragmentation consistent with poor FFPE preservation, while the remaining 22 samples
were of comparatively higher quality, providing a natural source of technical variation for
evaluating the robustness of the proposed quality control framework.

B.1.2. THALASSEMIA DATA

The thalassemia dataset was assembled from two independent clinical laboratories to enable
evaluation of inter-laboratory reproducibility as a batch factor. The first cohort comprised
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49 de-identified remnant samples (36 positive, 13 negative) obtained from a clinical testing
laboratory that had processed the samples for diagnostic purposes and would otherwise
have discarded them. The second cohort comprised 45 samples obtained under analogous
conditions from a separate laboratory. In total, the dataset contained n = 94 samples,
with Laboratory A contributing n = 49 and Laboratory B contributing n = 45. Per FDA
guidance on the research use of remnant clinical specimens, patient consent was not required
for either cohort.

All samples were sequenced using a 131-amplicon panel covering alpha- and beta-
thalassemia regions, as well as relevant pseudogene loci and internal control regions. Of the
131 amplicons, 11 are gap amplicons designed to span large deletion breakpoints; these were
excluded from standard depth-based analyses but retained for structural variant detection.
Sequencing was performed on an Illumina MiSeq™ platform targeting an average depth of
approximately 2,800 paired-end reads per amplicon, providing sufficient coverage for reliable
CNV calling across the panel. Ground-truth copy number status for alpha-thalassemia vari-
ants was established using an orthogonal, clinically validated workflow combining multiplex
ligation-dependent probe amplification (MLPA) with reflex to GAP-PCR for the detection
of alpha-globin deletions and duplications.

B.1.3. BRCA DaATtaA

The BRCA dataset was assembled to evaluate the quality control framework on a clini-
cally important gene panel with a well-characterized set of reference samples. The panel
comprised 283 amplicons tiling the coding regions and splice junctions of the BRCAI and
BRCA2 genes, of which 8 were control amplicons drawn from unrelated chromosomal loci
to serve as normalization references for CNV calling.

Four mutation-positive DNA reference samples were obtained from the Coriell Insti-
tute for Medical Research, each harboring a distinct, well-characterized structural vari-
ant: NA18949 (BRCA1 exons 14-15 deletion), NA14626 (BRCA1 exon 12 duplication),
NA03330 (BRCA2 whole-gene duplication), and NA02718 (BRCA2 whole-gene deletion).
Four mutation-negative cell line samples (NA12878, NA19240, NA24385, and NA24143)
were included as negative controls. To evaluate performance on chemically degraded DNA
representative of clinical FFPE specimens, Horizon Discovery’s Mimix™ Quantitative Mul-
tiplex, fcDNA (Moderate) Reference Standard was included as an additional sample. Li-
braries were prepared and sequenced on an Illumina MiSeq™ platform. All cell line samples
were collected under informed consent.

The dataset comprised n = 24 samples in total. Reagent lot was treated as a batch
factor, with lot A used for n = 16 samples and lot B used for n = 8 samples, enabling
assessment of inter-lot technical variability.

B.2. Mouse Electrophysiology

Local field potential (LFP) recordings from two behavioral paradigms were processed through
a shared pipeline to extract spectral features suitable for latent factor modeling. The two
experiments — the Tail Suspension Test (TST) and the Social Preference (SP) assay — to-
gether constitute the electrophysiology component of the benchmark, with the experimental
paradigm treated as a batch factor in the joint analysis.
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B.2.1. TAIL SUSPENSION TEST

LFP recordings for the Tail Suspension Test were obtained from mice of two genetic back-
grounds: wild-type (WT, n = 16) and Clock-A19 (n = 12), for a total of 28 mice. The
Clock-A19 genotype carries a dominant-negative mutation in the Clock gene and has been
used as a translational model of bipolar disorder (van Enkhuizen et al., 2013). Each animal
underwent a structured 20-minute recording session spanning three sequential behavioral
contexts: 5 minutes in the home cage (low arousal, non-stressful baseline), 5 minutes in an
open field arena (moderate arousal, mildly stressful), and 10 minutes suspended by the tail
(high arousal, acutely stressful). This design provides a graded stress continuum within a
single recording session.

LFPs were recorded simultaneously from 11 biologically relevant brain regions using a
32-electrode array, with multiple electrodes implanted per region to accommodate post-hoc
exclusion of faulty or misplaced electrodes. To obtain a single representative signal per
brain region, electrode signals within each region were averaged prior to feature extraction.
This averaging strategy reduces measurement variance arising from electrode-to-electrode
variability while preserving the biologically meaningful regional signal; the brain region
represents the finest spatial scale at which signals can be reliably compared across animals.

The continuous LFP time series were segmented into non-overlapping 1-second windows.
Windows containing saturated or artifactual signals — most commonly attributable to
movement artifacts during the tail suspension phase — were identified and excluded prior
to spectral analysis. Although continuous time-frequency methods exist for characterizing
non-stationary neural signals (Prado and West, 2010), the behavioral states of interest
evolve on timescales substantially longer than the underlying neural dynamics; discrete
windowing therefore yields sharper spectral estimates (Cohen, 1995) that are better suited
to the subsequent factor modeling framework.

Spectral power features were extracted from each 1-second window using Welch’s method
(Welch, 1967), as recommended for LFP analysis in the neuroscience literature (Kass et al.,
2014). Power was estimated in 1 Hz bands spanning 1-56 Hz, yielding 56 spectral features
per brain region per window. The upper frequency limit of 56 Hz was chosen to exclude the
60 Hz line noise artifact introduced by the recording environment, consistent with prior work
demonstrating that the preponderance of behaviorally relevant LFP information is concen-
trated in lower frequency bands. Spectral features were computed prior to model fitting
rather than within the modeling framework, as incorporating spectral estimation into the
model would substantially increase the number of free parameters without a commensurate
gain in interpretability.

B.2.2. SociAL PREFERENCE DATASET

LFP recordings for the Social Preference (SP) experiment were processed using the identi-
cal pipeline described above for the TST dataset, including the same windowing, artifact
removal, and Welch’s method spectral feature extraction procedure. The SP cohort com-
prised mice recorded across two sequential experimental cohorts, which represent a potential
source of batch variation noted in the main text.

In the SP assay, mice were placed in a two-chamber apparatus and allowed to explore
freely for 10 minutes while LFPs and animal position were recorded simultaneously. One
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chamber contained a novel conspecific mouse (social stimulus), while the other contained an
inanimate object (non-social control stimulus). The paradigm was designed to characterize
the neural correlates of social approach behavior and to support causal manipulation of
identified dynamics via optogenetic stimulation. LFPs were recorded from 8 brain regions,
7 of which overlap with the 11 regions recorded in the TST experiment, enabling cross-
paradigm comparison of spectral features in shared circuits. A complete description of the
experimental design, surgical procedures, and optogenetic stimulation protocol is provided
in Mague et al. (2022).

B.3. Data Availability

Processed feature matrices and metadata for all targeted amplicon sequencing datasets
(LBX, Thalassemia, and BRCA) are available in the GitHub repository associated with this
work. The TST electrophysiology dataset is publicly available for download at https://
research.repository.duke.edu/concern/datasets/zc77sr31x?locale=en. Access to
the Social Preference electrophysiology dataset may be requested by contacting the principal
investigator, Kafui Dzirasa.

B.3.1. ELECTROPHYSIOLOGY DATA

We also evaluate the sensitivity of the results to the dataset used to train the PCA model.
Tables 6 and 7 show similar trends.

Table 6: Batch effect detection in the electrophysiology data using tail suspension data as
training set.

Experiment

Conditions Averaged
Significance Prob Avg P-Value

Conditions Separated
Significance Prob Avg P-Value

Social Preference
Tail Suspension
Both

1.0 0.043
0.75 0.047
1.0 0.013

1.0 0.043
0.0 0.56
1.0 0.005

Table 7: Batch effect detection in the electrophysiology data using social data as training

set.

Experiment

Conditions Averaged
Significance Prob Avg P-Value

Conditions Separated
Significance Prob Avg P-Value

Social Preference
Tail Suspension
Both

1.0 0.014
0.0 0.67
1.0 0.013

0.63 0.048
0.0 0.12
1.0 0.005
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Appendix C. Supplementary Synthetic Data Analyses
C.1. Comparison with the LMR P-Values

We also compared our parametric bootstrap likelihood ratio test to the Lo-Mendell-Rubin
(LMR) adjusted likelihood ratio test (Lo et al., 2001), which provides an asymptotic ap-
proximation to the mixture LRT p-value without requiring simulation. Table 8 reports
calibration results for both the no-outlier and outlier-included conditions across all five
component distributions. The LMR test is substantially anti-conservative across nearly
all settings. Under the null (no outlier), four of five distributions yield @ < 1 with Clop-
per—Pearson bounds well above the nominal 0.05 level: Gaussian (a < 0.48, CP = 0.19),
Student-t (6 = 0.71, CP = 0.09), Laplace (a = 0.36, CP = 0.37), and generalized normal
(@ =10.64, CP = 0.13). Only hypersecant is conservative under the null (¢ = 18.5), but this
conservatism is so extreme as to render the test insensitive. When an outlier is introduced,
the picture worsens: Gaussian becomes severely anti-conservative (a = 0.12, CP = 0.74),
and all distributions except hypersecant exhibit CP bounds far exceeding 0.05. In contrast,
the parametric bootstrap achieves CP bounds at or below 0.07 for four of five distributions
under the null (Table 1), and the recommended Laplace kernel maintains CP = 0.06 under
the alternative.

Table 8: Effect of evidence-space component distribution on calibration with LMR p-values.
No Outlier: all samples drawn from the null generative process. Outlier In-
cluded: one sample artificially shifted by —2c. Beta(a,1) shape a with 95%
credible interval; values near 1 indicate calibration, < 1 anti-conservativeness, > 1
conservativeness. Clopper—Pearson (CP) column reports the one-sided 95% upper
bound on P(reject | Hp) at the a = 0.05 operating point; values < 0.05 confirm
conservativeness. Bold rows indicate the best-performing distribution in each con-

dition.
No Outlier Outlier Included
Distribution | a [95% CI] CP bound a [95% CI] CP bound
Gaussian 0.48 (0.45, 0.51) 0.19 0.12 (0.11, 0.12) 0.74
Hypersecant 18.5 (17.4, 19.7) 0.001 2.2 (2.07, 2.33) 0.004
Student-t 0.71 (0.67, 0.76) 0.09 0.22 (0.20, 0.23) 0.36
Laplace 0.36 (0.34, 0.39) 0.37 0.49 (0.46, 0.52) 0.23
Gennorm 0.64 (0.61, 0.69) 0.13 0.17 (0.16, 0.18) 0.48
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