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Abstract

Whether a variant ranker transfers across patients, and whether its uncertainty flags
unfamiliar genes, are questions that a single solved proband cannot answer. They
are also properties of the ranking layer that a generative clinical assistant inherits
and cannot verify on its own, because a fluent explanation can make an incor-
rect ranking appear more credible. We study this gap through the Rare Disease,
Real Kid MVA Hackathon 2026 and three post hoc generalization benchmarks.
A phenotype-guided whole-genome pipeline processed 5.08 million normalized
variants and ranked the accepted compound-heterozygous BUB1B pair first with-
out a disease-specific bonus, achieving 100 Rank Points and F-max 1.0. We
compare deterministic baselines, deep ensembles, singular Bayesian neural net-
works (SBNNs),Bayes-by-Backprop (BBB), and wider Bayesian architectures.
On 313,171 temporal ClinVar records, a wide rank-50 SBNN achieves the best
simulated top-1 ranking (84.35%) and F-max (0.9235), while the ensemble gives
the strongest unseen-gene OOD detection (AUROC 0.7485). On 719 deduplicated
Phenopacket cases whose causal variants were absent from ClinVar 2023, HPO
conditioning raises dense BBB top-1 from 34.1% to 58.9%, but provides no ag-
gregate improvement in the subgroup whose causal genes are absent from the
phenotype reference. On 275,739 VarPB spike-in trials across 107 real-genome
exonic backgrounds, a predictor-augmented SBNN reaches 86.63% Top-100, com-
pared with 84.82% for REVEL and 69.72% for AlphaMissense. These results
motivate reporting molecular scores, model uncertainty and phenotype-reference
coverage separately.

1 Introduction

Whole-genome sequencing can yield millions of variants, while a Mendelian diagnosis may depend
on one variant or an inheritance-consistent pair. Prioritization must combine molecular consequence,
population rarity, phenotype compatibility, inheritance, and sequencing validity as annotations and
gene-disease knowledge evolve. Exomiser and LIRICAL integrate these evidence types, while MAV-
ERICK and AI-MARRVEL use learned prioritization models [8, 17, 24, 27]. aiDIVA additionally
combines evidence-based and learned scores with language-model refinement [2]. These systems
motivate evaluating the reliability of an upstream ranker before a generative component explains
or acts on its output. Random database splits can retain stable gene and annotation patterns, while
a model’s confidence need not identify unfamiliar genes or unsupported patient hypotheses. We
therefore distinguish an independently submitted genome-wide challenge result from post hoc tests
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of temporal molecular ranking, patient transfer, and epistemic uncertainty. Our contribution is an
empirical comparison of Bayesian posterior families and deterministic baselines, including a negative
pair-learning result. We examine what each evaluation establishes and where biological evidence,
phenotype coverage, and model uncertainty remain distinct. The external patient analysis also tests
phenotype corruption and disease novelty. On a fixed 719-case candidate cohort, temporal-consensus
top-1 changes from 59.81% with the original HPO terms to 58.55% after removing 40% of the
terms. Performance remains much lower for genes and diseases absent from the phenotype reference
(Appendix I, Figure 6).

We further evaluate full-background ranking in VarPB, crossing 2,577 causal variants with exonic
backgrounds from 107 real genomes [7]. The original small SBNN reaches only 0.20% Top-100. A
revised SBNN combines the molecular features with REVEL and AlphaMissense scores and learns
pairwise ordering. It reaches 86.63% Top-100, compared with 84.82% for REVEL and 69.72% for
AlphaMissense, while REVEL retains higher Top-1 and MRR. This result extends the evaluation
beyond compact candidate sets; it tests integration of pretrained predictor scores, rather than an
independent replacement for those predictors. The full-background results are shown in Figure 7; the
revised-model pipeline is shown in Figure 8 in Appendix J.

2 Challenge and genome-wide diagnosis

Rare Disease, Real Kid MVA Hackathon 2026 Sage Bionetworks organized the Rare Disease,
Real Kid MVA Hackathon 2026 using genomic and clinical data from a child with mosaic variegated
aneuploidy (MVA), a rare chromosome-instability disorder [25, 26]. Track 1 asks participants to
identify and rank causal variants or variant pairs from supplied FASTQ, VCF, and phenotype data.
Automated scoring uses Rank Points and F-max, adapted from CAGI Rare Genomes methodology
[28]. Our deterministic submission placed the accepted pair at candidate rank 1 and received 100
Rank Points and F-max 1.0. Learned adapters were subsequently evaluated using a local full-match
and allele-set scoring audit.

Figure 1 shows the system and evaluation boundary; Figure 2 shows the candidate funnel and chal-
lenge scores. Table 1 gives the clinical evidence and strict shortlist. Scoring, biological background
and processing details are retained in Appendices H.1, H.2, H.4 and H.6.

Table 1: Clinical evidence and the complete strict compound-heterozygous shortlist. Population
frequencies were rechecked in gnomAD v4.1.1.

Allele Consequence Read QC Population evidence Clinical / computational evi-
dence

chr15:40209701 T>G p.Leu737Ter DP 46; GQ 99; AB
.543

120/1,614,020; AF
7.435×10−5; 0 hom.

ClinVar P/LP, 2 stars; CADD 38;
LOFTEE HC pLoF

chr15:40220612 T>G p.Asn1002Lys DP 28; GQ 99; AB
.464

1/1,614,226; AF 6.195×
10−7; 0 hom.

Exact allele unclassified; same-
residue VUS; CADD 26.4;
REVEL .472; PolyPhen .997

Rank Gene Pair score EPCR Phase Main evidence / limitation

1 BUB1B .8458 .950624 unknown pathogenic LoF + ultra-rare coding partner
2 LRP4 .7069 .827678 unknown alternative hypothesis
3 DNAH10 .6957 .811000 unknown alternative hypothesis
4 FCGBP .6495 .730034 trans read-backed trans
5 PKD1 .6450 .721057 trans read-backed trans
6 TXNDC11 .6181 .664048 unknown alternative hypothesis

The appendix provides the detailed robustness, alignment QC, annotation-resource and allele-record
tables (Tables 5, 6, 7, 8, 9, 10, 11, 12). Dataset provenance and the complete adapter comparison are
in Tables 13 and 14; Table 15 maps the report material to the paper.

3 Bayesian ranking and generalization methods

3.1 Initial pair-level Bayesian learning

We first tested whether learned pair scores could replace the explicit evidence rule. Phenopacket
Store 0.1.27 supplied 9,739 solved cases, including 959 two-variant cases [6, 19]. After annotation
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Figure 1: System and evaluation boundary. ‘Deterministic genome processing supplies candidates
passing the specified filters; learned models rank molecular evidence and quantify uncertainty;
phenotype and inheritance information provide additional context. Candidate validity, ranking, and
uncertainty are tested as separate claims.

(a) Genome-wide candidate funnel (b) Challenge-score saturation
Figure 2: The upstream pipeline narrows 5.08 million variants to six reportable pairs (a). Once this
biologically constrained candidate set is available, every transferred model recovers the accepted pair
at rank 1, yet the EPCR threshold that isolates it varies substantially (b).

and decoy requirements, gene-, publication-, and case-disjoint splits contained 425 training, 44
validation, and 89 development cases; BUB1B was excluded. Each case contained one causal pair and
22 decoys. The models used 15 molecular/phenotype features exported from the upstream pipeline.
See Appendix H.8.

The first Singular Bayesian Neural Network (SBNN) [31] used widths 32-16 and ranks (8, 8, 1) on
the same features. This development experiment tests whether flexible learning improves the fixed
evidence rule rather than assuming that it must.

3.2 Temporal molecular benchmark

The 26 December 2023 ClinVar release supplied 1,084,930 unambiguous benign/pathogenic labels.
Balanced training contains 60,000 variants, including 30,000 pathogenic variants from 5,043 genes;
validation contains 15,000 variants from 1,209 genes disjoint from the training genes. The temporal
pool contains 626,287 Variation IDs absent in 2023 and present by 29 August 2026, including
117,147 pathogenic records across 14,715 genes. Even-ID temporal records are used for model
selection, including the compact SBNN, dense BBB and wide SBNN searches and consensus
weights; 313,171 odd-ID records form the reported evaluation partition. Historical gene-disjoint
validation controls early stopping in the Bayesian training routines. All models receive 50 molecular
features covering allele properties, population frequency and missingness, dbSNP, origin and review
indicators, consequences, and three training-only gene-history features. Clinical-significance labels
and disease names are not direct inputs. Classification metrics use all odd-ID records. Ranking uses
2,000 simulated cases, each containing one pathogenic and 99 benign temporal variants. OOD is
defined as a gene absent from molecular training. The temporal task uses conditionally independent
Bernoulli labels yi ∈ {0, 1} with pi(θ) = σ(fθ(xi)), where θ includes all weights or factors and
biases. Its likelihood is p(D | θ) =

∏︁
i pi(θ)

yi [1 − pi(θ)]
1−yi , and the per-record data-fit loss
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is ℓBCE(y, p) = −y log p − (1 − y) log(1 − p). The learned probabilities are thus used to rank
candidates.

3.3 Bayesian models and posterior inference

We compare histogram gradient boosting, a dense 50-32-16-1 MLP, five independently trained
MLPs [15], SBNNs [31], full-weight mean-field Bayes-by-backprop (BBB) [1], wider 200-100
architectures, and a consensus. Even-ID temporal selection by average precision chose probability
averaging weights of 0.30 for gradient boosting, 0.20 for the ensemble, and 0.50 for the compact
SBNN: pcons = 0.30pGB+0.20pens+0.50pSBNN. Here each component is the predicted pathogenic-
class probability. For a layer with W ∈ Rm×n, the SBNN parameterizes the weight matrix through
rank-r latent factors,

W = T (A,B) = AB⊤, A ∈ Rm×r, B ∈ Rn×r. (1)

Here m and n are the input and output widths, respectively, and the row-vector layer map is
x ↦→ xW + b with b ∈ Rn. We require 1 ≤ r ≤ min(m,n). See Appendix H.9.

The compact SBNN search covered 375 combinations of rank, KL weight, factor posterior-scale
initialization multiplier, and broad-component prior scale σ1, while dense BBB used 75 configurations.
Wider SBNNs considered ranks 8, 16, 32, and 50, as well as the maximum admissible factor rank.
The selected wide SBNN has architecture 50–200–100–1 and layerwise factor ranks (50, 50, 1).
Only its middle layer is strictly rank constrained relative to its maximum matrix rank. It contains
55,804 variational scalars, compared with 60,802 for matched wide dense BBB, a reduction of 8.22%.
Random and SVD-based mean initializations were evaluated. Appendix D reports the complete
hyperparameter grids, feature definitions, and benchmark construction.

3.4 Posterior prediction and uncertainty

For a fitted distribution qϕ(θ) over all model parameters, the approximate posterior predictive
distribution is pq(y | x) = Eqϕ [p(y | x, θ)]. We estimate it by p̄M (y | x) = M−1

∑︁M
m=1 p(y |

x, θ(m)) using independent draws θ(m) ∼ qϕ. For conditional logit, prediction instead integrates
p(yi = j | Xi, w) over the Laplace approximation, conditioning on the complete candidate set Xi. A
five-member deep ensemble averages five independently fitted predictive distributions; its members
are not assumed to be posterior draws.

For a categorical distribution p, define H(p) = −
∑︁

y p(y) log p(y) in nats, with 0 log 0 = 0. The
mutual information under the fitted distribution is

Iq(Y ; θ | x) = H(pq(· | x))− Eqϕ [H(p(· | x, θ))] . (2)

Writing pm(· | x) = p(· | x, θ(m)), we use ˆ︁Iq,M (x) = H(p̄M (· | x)) − 1
M

∑︁M
m=1 H(pm(· | x)).

This is a finite-sample estimator under the fitted distribution, not exact mutual information under the
true posterior. For an ensemble, the analogous expression measures disagreement with the model-
member index. Under independent sampling, the Monte Carlo estimator converges as M increases;
increasing M does not repair model misspecification or a deficient variational approximation. See
Appendix H.10 and H.11.

3.5 External patient-level benchmark with a ClinVar temporal variant split

We retain Phenopacket cases with one or two exact GRCh38 causal variants only when every causal
coordinate was absent from raw 2023 ClinVar and pathogenic in 2026. Deduplication by exact
causal-variant signature leaves 719 retained cases from 265 genes: 655 single-variant and 64 two-
variant cases. Each case contains one causal hypothesis and nine temporally new benign hypotheses,
matched by type/consequence where possible. For a two-allele hypothesis the implemented molecular
aggregation is the geometric mean spair(v1, v2) =

√︁
p̄(v1)p̄(v2), which penalizes a which reduces

the score relative to the stronger allele and penalizes imbalance relative to arithmetic averaging; it is
not a joint pathogenicity probability. For this patient benchmark, the three molecular gene-history
features are set to the implementation’s neutral values (0, 0.5, 1) before applying the fitted scaler;
the molecular models are not retrained. The HPO layer uses the 9 October 2023 ontology. The
reference pool comprises 2,231 retained cases whose causal variants were all present in the raw 2023
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ClinVar snapshot. For HPO weight selection, 1,388 cases form the phenotype reference and 843
form the weight-selection set. After selecting the combination parameters, the evaluation phenotype
matcher is built from all 2,231 reference-pool cases, recomputing its information content on that
pool. Case publication and diagnosis dates are not used as inclusion criteria; the temporal boundary
concerns causal-variant presence in ClinVar, not availability of case phenotypes before 2023. The
phenotype score is a normalized symmetric best-match Resnik score, maximized over reference
cases for the candidate gene[22]. We combine the molecular score and phenotype score by adding β
times the latter to the molecular logit, using a selected constant cmiss for missing gene scores. The
weight β and missing-score constant cmiss are selected separately for each molecular model on the
weight-selection cases; the 719 evaluation cases are not used in that selection. This transformation
is used for ranking and is not asserted to be a calibrated posterior conditional on HPO evidence.
Five runs resample benign decoys in both the weight-selection and evaluation sets and reselect HPO
combination parameters on the weight-selection cases. Their variation reflects candidate composition
and parameter reselection, not independent patient cohorts or repeated molecular-model training.

4 Results

4.1 Challenge saturation and negative pair learning

All twelve learned adapters recovered the accepted pair at rank 1 with 100 Rank Points and F-
max 1.0 in the local audit (Appendix D.5). With only six strict hypotheses, this agreement cannot
distinguish transferability, and threshold-maximized F-max does not establish calibration. On the
separate 89-case development benchmark, the fixed evidence rule achieved 70.8% top-1 and 83.1%
top-5, compared with 58.4%/87.6% for conditional logit and 56.2%/87.6% for the first SBNN, using
stable-sort ties. Learned models improved shortlist retention but reduced first-position accuracy. The
experiment does not isolate the cause and does not justify replacing the fixed evidence rule with these
learners.

4.2 Temporal ranking and unseen-gene detection

Table 2 shows that strong molecular classification and useful shift detection select different models.
Gradient boosting already reaches 81.50% simulated top-1 and PR-AUC 0.9674. Wide rank-50
SBNN improves top-1 by 2.85 points, F-max by 0.0205, and NLL from 0.1924 to 0.1232. Its
84.35% top-1 exceeds matched wide dense BBB by 3.00 points, although the latter has slightly
higher top-5. Width alone therefore does not explain the ranking gain; factorization, regularization,
and optimization remain plausible contributors. The consensus reaches 83.65% top-1 but does not
surpass the wide SBNN. The ensemble has lower top-1 (80.25%) but the strongest unseen-gene OOD
AUROC (0.7485), compared with 0.6284 for wide SBNN. This measures discrimination under the
specified shift, not a calibrated probability that a gene is unfamiliar. The compact SBNN sweep raised
OOD AUROC from 0.6020 to 0.6231 with ranks (8, 4, 1), KL weight λ = 0.01, factor posterior-scale
initialization multiplier 0.1, and broad-component prior scale σ1 = 0.3. Configurations exceeding
0.70 by degrading classification toward chance were rejected: uncertainty quality cannot be optimized
independently of task performance. Dense BBB selected ρinit = −4, KL weight λ = 0.1, and
broad-component prior scale σ1 = 0.3, using 4,354 variational scalars versus 10,885 fitted ensemble
weights. Wide rank-50 SBNN achieved 99.12% balanced accuracy at 80% coverage, but its OOD
discrimination remained weaker than the ensemble. Figure 3 shows the corresponding results.

4.3 Patient transfer and phenotype coverage

The external benchmark changes the unit of evaluation from individual molecular records to patient
hypotheses. Molecular-only top-1 ranges from 29.2% to 34.2%, above the 10% random baseline but
far below the challenge result. The tasks differ in case mix and candidate construction, so the decrease
is not a contradiction. Adding pre-cutoff HPO evidence improves every model by 23.1-26.6 points
(Table 3). Dense BBB reaches 58.9± 1.0% overall; wide dense BBB leads the 64 two-variant cases
at 68.1%, and the consensus leads HPO top-5 at 88.6%. Available phenotype evidence contributes
more to this patient task than the modest differences among molecular architectures. Figure 4 shows
the corresponding results. Figure 5 shows the corresponding results.
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Table 2: Odd-ID temporal ClinVar holdout. Ranking simulations contain one pathogenic and 99
benign variants. OOD AUROC tests detection of genes absent from 2023 molecular training. Top-k
uses the midrank convention defined in the text. PR-AUC denotes non-interpolated average precision,
computed using average_precision_score.

Model PR-AUC F-max NLL Top-1 Top-5 OOD AUC

Gradient boost .9674 .9030 .1924 81.50 94.05 -
Deep ensemble .9688 .9095 .1245 80.25 95.00 .7485
Small SBNN .9691 .9173 .1332 82.10 94.30 .6020†

Consensus .9731 .9181 .1358 83.65 94.80 -
Dense BBB .9729 .9202 .1245 83.00 94.55 .6665
Wide rank-50 SBNN .9736 .9235 .1232 84.35 94.85 .6284
Wide dense BBB .9718 .9200 .1276 81.35 95.05 .6567

†The compact-SBNN OOD value was computed on the full temporal set and is context rather than a perfectly matched odd-ID estimate.

Figure 3: Temporal ranking and unseen-gene uncertainty answer different questions. The wide
rank-50 SBNN gives the best Top-1 and F-max; independently trained ensemble members give the
strongest OOD separation.

Table 3: Patient-level ranking under a ClinVar temporal variant split over five decoy-resampling
runs with HPO parameter reselection. Values are mean percentages; ± denotes sample SD across
runs. Gain is in percentage points and is computed from unrounded means. Top-k uses the midrank
convention defined in the text.

Model Molecular + HPO Gain HPO Top-5 Two-var. Top-1

Gradient boost 30.6 ± 1.3 56.5 ± 0.6 +25.9 86.5 66.2
Dense MLP 29.2 ± 0.8 55.9 ± 2.0 +26.6 84.3 65.9
Deep ensemble 30.6 ± 0.7 54.2 ± 1.9 +23.6 85.0 64.1
Small SBNN 32.9 ± 1.0 55.9 ± 1.9 +23.1 85.3 61.6
Dense BBB 34.1 ± 1.0 58.9 ± 1.0 +24.8 88.5 65.6
Wide rank-50 SBNN 32.8 ± 1.2 58.2 ± 1.1 +25.4 86.6 64.7
Wide dense BBB 34.2 ± 1.4 58.6 ± 1.4 +24.4 85.9 68.1
Temporal consensus 34.0 ± 0.5 57.3 ± 1.7 +23.3 88.6 64.4

Figure 4: External patient-level ranking. Error bars in the left panel are SDs over five benign-decoy
cohorts. The right panel isolates the 64 two-variant cases closest to the challenge structure.
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(a) Parameter/ranking/OOD trade-off (b) Phenotype knowledge coverage
Figure 5: More Bayesian capacity improves temporal ranking only up to a point and does not
reproduce ensemble OOD behavior (a). Parameter counts denote fitted scalar parameters, not
measured runtime or memory use. Phenotype matching is powerful for genes represented in older
cases but remains near molecular-only performance for unseen genes (b).

The gain is concentrated in patients with historical gene-phenotype evidence. For dense BBB, known-
gene top-1 rises from 34.7% to 88.1% across 337 cases, while unseen-gene performance changes
from 33.6% to 33.1% across 382 cases. The missing-gene prior limits the penalty for absent evidence
but cannot create a missing association. Aggregate performance therefore depends on knowledge
coverage, not just the molecular model. Relative to molecular-only ranking, HPO-augmented dense
BBB gains 175–194 correct Top-1 cases and loses 2–6 per decoy-resampling run. Two-sided exact
McNemar p values range from approximately 1.79 × 10−52 to 3.03 × 10−44 across the 5 runs.
These tests compare paired Top-1 outcomes within each run and assume independent case-level
discordances.

4.4 Uncertainty behavior

The mean across-draw standard deviation of predicted pathogenic-class probability rises from 0.00157
to 0.00403 between molecular-training- represented and molecular-training-unseen genes for the
tuned SBNN, and from 0.01179 to 0.03569 for the ensemble. Both respond to shift, but absolute
uncertainty magnitudes are not directly comparable across differently parameterized predictors, so
OOD AUROC is more directly relevant to the stated detection task. The wide-SBNN selective result
shows high balanced accuracy on retained examples at 80% coverage, not that the retained cases
are clinically safe or that the same threshold transfers to other populations. NLL, ranking, OOD
discrimination, and selective accuracy must remain separate evaluation targets.

4.5 Phenotype corruption and disease novelty

We froze each model’s HPO mixing coefficient after older-case validation and created three additional
versions of the same 719-patient test: removal of 20% of observed HPO terms, removal of 40%,
and addition of 20% unrelated terms. No coefficient was retuned on a corrupted test. On the fixed
candidate cohort, temporal-consensus top-1 changed from 59.81% with the original HPO terms to
58.83%, 58.55%, and 59.39%, respectively. Wide rank-50 SBNN changed from 57.44% to 57.16%,
56.33%, and 56.88%. Moderate phenotype corruption therefore causes limited degradation in this
compact setting.

Disease novelty remains difficult. Among 390 test cases whose disease identifier was absent from
the older reference, temporal consensus reached 34.36% top-1; among the 382 unseen-gene cases it
reached 33.77%, compared with 89.32% on 337 seen-gene cases. The robustness result therefore
does not erase the central limitation: ontology matching transfers well when older knowledge covers
the causal gene or disease, but does not solve gene discovery.

The case-level evaluator records the causal hypothesis independently from the prediction table. If
upstream filtering removes the truth, reciprocal rank is set to zero and end-to-end Top-k is a failure.
In the current compact experiment, however, the causal hypothesis is inserted by construction, so the
observed candidate recall of 1.0 is only a pipeline-integrity check. Figure 6 shows the fixed-cohort
corruption results; Appendix I gives the full protocol.
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4.6 Full-background generalization beyond Track 1

After achieving the maximum Track 1 score, we asked whether the trained ranking models could
generalize beyond the challenge child to independent rare-disease cases. We therefore evaluated
their ability to prioritize known causal variants in VarPB against exonic candidate backgrounds
derived from 107 real genomes. Neither the challenge child nor the VarPB causal answers were
used for model training. This experiment complements the compact Phenopacket analysis by testing
the models in a substantially larger and more realistic candidate space, allowing us to distinguish
success on one solved case from transferable variant-ranking performance. Table 4 reports the
full-background comparison.

Figure 6: Top-1 robustness after
fixed phenotype corruption. This
is one fixed candidate cohort, and
the HPO weights remain those se-
lected on older validation cases.

Table 4: Locked VarPB v3 full-background generalization re-
sults. All methods retain complete score-file coverage.

Method
Median

rank Top-1 Top-20 Top-100 MRR

Augmented
pairwise SBNN 14 7.26% 65.70% 86.63% 0.1596
REVEL 8.5 12.48% 65.90% 84.82% 0.2516
AlphaMissense 29 8.84% 44.24% 69.72% 0.1632
Original small
SBNN 522 0.00% 0.00% 0.20% 0.0021
Wide rank-50
SBNN 1,562 0.00% 0.00% 0.08% 0.0011

The new result is competitive for clinically useful shortlist recall, not uniformly superior. Its Top-20
is within 0.20 percentage points of REVEL and its Top-100 is 1.81 points higher, while its Top-1
and MRR remain lower. It substantially exceeds AlphaMissense at Top-20 and Top-100 but is
slightly weaker at Top-1 and MRR. Because REVEL and AlphaMissense are inputs, the contribution
is Bayesian evidence integration and uncertainty-aware ranking, not independent rediscovery of
their learned biology. VarPB still lacks native HPO and pedigree data and therefore remains a
molecular-ranking benchmark rather than a complete clinical diagnostic cohort. Figure 7 shows the
full-background ranking results. See Appendix J for the extended experiment.

Figure 7: Full-background ranking across 275,739 spike-in trials. Lower median rank is better. The
augmented SBNN essentially matches REVEL at Top-20 and exceeds it at Top-100, but REVEL
remains stronger at the top of the list.

The model changes are detailed in Table 16 in Appendix J. Figure 8 in that appendix shows the
training and evaluation workflow; Figure 9 reports fitted-parameter counts and available uncertainty
outputs.

5 Discussion

Interpreting the Bayesian trade-off The model comparison is consistent with independently opti-
mized ensemble members exploring more diverse functions than samples from the tested variational
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posterior. This could explain why additional SBNN capacity improves ranking without producing
equally strong unseen-gene warnings. It is not a general theorem about low-rank inference: prior spec-
ification, variational approximation, initialization, optimization, and compute budget are confounded
across model families. The parameter-count advantage is consequently a representation-efficiency
result, not proof of superior computational efficiency or posterior quality. The failed high-OOD
configurations reveal a more general selection problem. A model can distinguish shift by becoming
uninformative, so OOD AUROC alone is insufficient. A defensible selection procedure would con-
strain predictive performance and assess uncertainty on a separate shift-validation set before testing
a coverage-risk policy. Our experiments establish this failure mode but do not validate a combined
ranker-and-clinical-abstention system.

Evidence coverage and decision support The fitted variational distribution describes parameter
uncertainty within its model and training objective; the reported uncertainty scores do not directly
verify variant calls, phase or phenotype-reference coverage. A ranker cannot select a hypothesis
omitted by candidate generation, and sampling its fitted parameters does not add missing reference
associations. Unresolved phase may motivate segregation or long-range phasing, whereas absent
phenotype-reference evidence may motivate additional clinical or functional investigation. The
ensemble’s stronger molecular-unseen-gene AUROC motivates reporting a separately evaluated
uncertainty signal alongside ranking scores. Separately, 382 evaluation cases had causal genes absent
from the final phenotype reference. A proposed assistant could report that limitation explicitly without
equating it with absence of all gene–disease knowledge. We did not evaluate a generative assistant,
its explanations, or the clinical benefit of these proposed reporting behaviors.

6 Conclusion

A single solved proband is a meaningful result, but it does not indicate which ranker to trust on the
next patient. We therefore paired the genome-wide challenge solution with a temporal molecular
benchmark and an external patient-level benchmark, treating ranking quality, posterior uncertainty,
and phenotype evidence as separate claims. The components diverge under that treatment: low-rank
Bayesian posteriors give the best temporal ranking, independently trained ensembles give the strongest
unfamiliar-gene detection, and phenotype conditioning helps substantially where a gene-disease
relation already exists and almost not at all where it does not. No single model was best on all three.
Posterior sampling does not add variants or phenotype associations absent from the modeled inputs.
Keeping these signals distinct, rather than collapsing them into one score, is what allows a layer
above the ranker to report what remains unresolved instead of asserting a diagnosis.

7 Limitations

Clinical evidence: The accepted BUB1B pair remains unphased across the two variants and
p.Asn1002Lys is not independently established as pathogenic, so the leaderboard result is a strong
causal hypothesis rather than a completed clinical diagnosis.

Benchmark scope: The 719-patient benchmark uses constructed ten-candidate sets, not complete
genomes, and does not measure candidate-generation recall or clinical diagnostic sensitivity. Temporal
database appearance reflects curation as well as biology; later annotations and phenotype associations
may introduce hindsight despite historical training labels and ontology versions. The phenotype
reference is assembled from the available Phenopacket release without a publication-date filter; a
2023 ontology does not establish that its case-level associations were available in 2023. The patient
benchmark therefore does not simulate a fully time-frozen phenotype knowledge base. Deduplication
retains one case per exact causal-variant signature and can collapse distinct patients sharing that
signature. Architecture selection was not independently sealed from every reported evaluation.
Balanced molecular training does not establish calibration at the prevalence of the temporal or clinical
populations. Review, origin and database-presence features can encode ascertainment or curation
patterns even when clinical-significance labels are excluded. Absence of a Variation ID does not
by itself rule out equivalent historical alleles under a different representation. OOD is limited to
unseen genes, and the two-variant subset is small. These limitations prevent claims of prospective
deployment performance or universal Bayesian superiority.
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Uncertainty and reproducibility: Appendices A to G retain the clinical audit, reproducibility
workflow, model design, complete limitations, and a section-by-section coverage map.
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A Complete genome-wide audit and submission provenance

This appendix retains the full technical and clinical evidence trail from the original analysis report.
It is deliberately more detailed than the nine-page main text. The challenge case used the complete
supplied whole-genome VCF, four paired-end FASTQ lanes, and the supplied phenotype document
from the gated Rare Disease, Real Kid MVA Hackathon resource [25, 26]. The reference build was
GRCh38, with the exact reconstructed reference representation

GCA_000001405.15_GRCh38_no_alt_analysis_set_plus_hs38d1_maskedGRC_exclusions_v2_no_chr.fasta.

Validation against the VCF sequence dictionary checked 2,580 contigs against 2,580 FASTA contigs,
with zero missing contigs and zero length mismatches.

A.1 Submission identity, discovery timeline, and scoring boundary

The organizer-confirmed submission was the genome-wide output generated before any disease-
specific MVA reranking. The original report records a participant-prefixed repository filename for
this artifact; that identifying prefix is withheld during double-blind review. Its contents were identical
to the file uploaded to the leaderboard, with only the repository filename normalized. The accepted
pair therefore emerged from the general genome-wide ranking rather than from a manually inserted
BUB1B or MVA-gene bonus. A later MVA-specific reranker was used only for post-submission
sensitivity and interpretation and is not treated as independent validation.

The conservative allele score used in the submitted analysis was

0.36 sconsequence + 0.26 srarity + 0.20 sQC + 0.10 sClinVar + 0.08 spredictor, (3)

where the predictor composite used raw REVEL, normalized CADD PHRED, and raw SpliceAI delta
when available. The final analysis explicitly used raw REVEL rather than REVEL rankscore. For
the leading BUB1B pair, the gene prior was 0.0, the phenotype score was 0.6641, the pair score was
0.8458, and EPCR was 0.950624.
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A.2 Challenge scoring definitions

The main text summarizes the evaluator in one sentence; the explicit definitions are as follows. Let
G be the accepted allele set and Si the allele set in submitted row i. The full-match rank is the first
row with Si = G; rank 1 earns 100 Rank Points, and partial-allele credit is possible. At each EPCR
threshold t, the evaluator retains the predicted alleles and computes

P (t) =
TP (t)

TP (t) + FP (t)
, R(t) =

TP (t)

TP (t) + FN(t)
, (4)

F1(t) =
2P (t)R(t)

P (t) +R(t)
, Fmax = max

t
F1(t). (5)

Because Fmax is maximized over thresholds, a value of 1.0 on a single proband records that some
threshold isolates the accepted pair; it is not a statement about probability calibration.

Table 5: Exact pre-submission robustness sequence.

Stage Main change Effect on leading result

Canonical annotation
join

Reconciled VCF and OpenCRAVAT allele rep-
resentations

3,180,796 of 3,180,797
heterozygous alleles
matched

Conservative predictor
revision

Replaced REVEL rankscore with raw REVEL
and separated CADD evidence

BUB1B remained rank 1

Primary-contig ranking Moved unplaced and alternate-contig pairs to an
audit tier

BUB1B remained rank 1

Strict germline QC PASS, DP ≥ 10, GQ ≥ 20, allele balance 0.20–
0.80, AF ≤ 0.005 when observed

BUB1B remained rank 1

Phase-aware exclusion Removed a ZNF619 pair with direct read-backed
cis evidence

BUB1B remained rank 1

A.3 Alignment, variant, phasing, and annotation audits

All supplied reads were aligned without genome-wide downsampling or candidate-gene restriction
using a BWA-compatible alignment path [16]; SAM/BAM and VCF utilities followed standard
SAMtools/BCFtools conventions [5]. The custom alignment path did not preserve the SAM proper-
pair (0x2) bit, but mate coordinates, R1/R2 identity, insert sizes, and paired-end relationships were
retained and independently audited.

Table 6: Complete alignment and paired-end QC reported for the challenge genome.

Metric Value Metric Value

Total reads 1,076,022,862 Primary reads 1,071,835,104
Primary mapped reads 1,067,608,257 Primary mapping rate 99.61%
Read 1 535,917,552 Read 2 535,917,552
Singletons 0.34% Primary duplicates 137,812,223
Mate mapped, 1M-pair audit 99.651% Same chromosome 98.662%
Non-zero template length 97.964% Median |template length| 430 bp
Template-length IQR 325–558 bp

Normalization produced 5,079,064 variants, including 3,180,797 heterozygous variants. WhatsHap
read-backed phasing [18] phased 2,754,502 heterozygous variants (86.60%) into 439,579 phase sets;
the largest contained 6,891 heterozygous variants. Phase was interpreted conservatively: same phase
set plus opposite haplotypes was evidence for trans; same phase set plus the same haplotype was
evidence for cis; different phase sets or unphased calls were recorded as unknown rather than cis.
The two leading BUB1B variants were not connected by a read-backed phase block.

OpenCRAVAT [21] was run locally with ClinVar, gnomAD v2, gnomAD v3, CADD, REVEL, and
SpliceAI. Canonical chromosome/position/ref/alt normalization reconciled allele representations
across VCF and annotation tools. Of 3,180,797 heterozygous alleles, 3,180,796 matched functional
annotations, leaving one unmatched allele; 1,250,899 candidate gene annotations were produced.
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Table 7: Installed annotation resources recorded during the analysis.

Module Installed release observed Approximate local size

ClinVar 2026.07.01 1.7 GB
gnomAD v2.1 17.4 GB
gnomAD3 v3 44.0 GB
REVEL v4.3a resource 7.0 GB
SpliceAI v4.0 resource 1.8 GB
CADD v1.6 86.6 GB

A.4 Phenotype evidence and candidate construction

The complete phenotype constellation used for HPO-based scoring is the term set listed in the genome-
wide processing subsection of the main text: rhabdomyosarcoma, nephrocalcinosis, short stature,
failure to thrive, muscle atrophy, prematurity, growth restriction, and parental recurrent miscarriages.
No single phenotype was used as a diagnostic shortcut. Candidate compound-heterozygous pairs were
constructed from heterozygous variants affecting the same gene. There were 508 initial same-gene
pairs: 131 on primary chromosomes and 377 on non-primary or alternate contigs retained for audit.
Strict submission QC left seven primary-chromosome pairs; direct cis evidence removed ZNF619,
yielding the six reportable pairs shown in Table 1.

The complete BUB1B heterozygous set was also reviewed internally. Only p.Leu737Ter and
p.Asn1002Lys were strong coding candidates. Remaining heterozygous BUB1B variants were
intronic and had substantially weaker functional evidence; several also had population frequencies
incompatible with an ultra-rare recessive hypothesis. Thus p.Asn1002Lys was the strongest plausible
second BUB1B allele in the patient despite its unresolved pathogenicity.

Table 8: Robustness of the leading pair to scoring and filtering revisions.

Analysis BUB1B pair score Rank

Initial canonical-join ranking 0.8541 1
Conservative raw-REVEL ranking 0.8458 1
Strict primary-contig/QC ranking used for Submission 1 0.8458 1

The exact submitted primary-hypothesis schema was:
PROBAND01
chr15:40209701 T>G
chr15:40220612 T>G
BUB1B
EPCR = 0.950624
finding_type = primary

B Complete BUB1B clinical evidence audit

The pair is clinically asymmetric: p.Leu737Ter has an established loss-of-function interpretation,
whereas p.Asn1002Lys remains the weaker link. The paper therefore keeps sequencing validity,
molecular prediction, population rarity, clinical classification, and phase as separate evidence classes.

B.1 p.Leu737Ter: sequence, annotation, population, and ClinVar detail

The first allele is chr15:40209701 T>G, NM_001211.6:c.2210T>G, p.Leu737Ter, on the MANE
Select transcript ENST00000287598.11. DP was 46, GQ 99, and allele balance 0.543. CADD
PHRED was 38; SpliceAI delta was 0.0300, Pangolin −0.0300, and phyloP 2.37. LOFTEE classified
the variant as a high-confidence predicted loss-of-function allele on both annotated transcripts. The
raw pileup contained REF forward/reverse counts 13/9 and ALT 14/12; ALT median MAPQ was 60
and median base quality 37.

Identifiers retained in the audit were dbSNP rs759242053, ClinVar Variation ID
533901 (VCV000533901.9), ClinGen Allele Registry CA7475986, and canonical SPDI
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NC_000015.10:40209700:T:G. VEP on the MANE Select transcript reproduced c.2210T>G,
p.Leu737Ter, and the CADD PHRED 38.0 annotation.

Table 9: Direct gnomAD v4.1.1 verification for p.Leu737Ter.

Callset Filter Allele count Allele number Allele frequency

Exomes PASS 115 1,461,846 7.867× 10−5

Genomes PASS 5 152,174 3.286× 10−5

Total – 120 1,614,020 7.435× 10−5

No homozygotes were observed in 1,614,020 alleles. The gnomAD grpmax filtering allele frequency
at 95% confidence was 8.341× 10−5; the highest observed ancestry-group frequency was 9.830×
10−5. Both callsets carried PASS filters and the variant page showed no quality warning in the audit.
These values are compatible with a rare recessive carrier allele. Using the global allele frequency
as a rough carrier-frequency scale gives an expected biallelic frequency on the order of 5 × 10−9,
consistent with an exceptionally rare syndrome; the report nevertheless treats rarity as supportive
rather than as proof of pathogenicity. A current Labcorp ClinVar submission note separately cautions
that population-frequency quality metrics at this position were considered unreliable in its evaluation.
Because that submitter comment and the direct v4.1.1 browser audit are not the same evidence
source, we retain the directly recorded counts but do not use population frequency as an independent
pathogenicity argument.

The aggregate ClinVar classification was Pathogenic/Likely pathogenic, criteria provided, multiple
submitters, no conflicts (two stars), last evaluated 9 October 2024 [20]. The disease annotation
includes Mosaic variegated aneuploidy syndrome 1.

Table 10: ClinVar submissions underlying the p.Leu737Ter aggregate.

Submitter Classification Condition / accession Last evaluated

Labcorp Genetics (formerly
Invitae)

Pathogenic MVA syndrome 1;
SCV000762865.8

9 Oct 2024

GeneDx Likely pathogenic not provided;
SCV004031025.1

17 Aug 2023

The corresponding RCV accessions were RCV000641226.9 and RCV003324778.1. The variant first
appeared in ClinVar on 28 May 2018; the report recorded the most recent submission as 25 February
2025. Both submitters cite Hanks et al. (PMID 15475955) [11] and Rio Frio et al. (PMID 21190457)
[23] as mechanism-level evidence for pathogenic BUB1B loss of function rather than as reports of
this exact allele. ClinGen dosage curation records the recessive disease association and no evidence
for haploinsufficiency, consistent with the compound-heterozygous disease model [4].

Regional genomic constraint in the surrounding 1 kb (15:40209000–40210000) was Z = 1.79 with
observed/expected 0.88. The report therefore treats local constraint as mildly supportive at most, not
as independent pathogenic evidence.

B.2 p.Asn1002Lys: sequence, annotation, population, and ClinVar detail

The second allele is chr15:40220612 T>G, NM_001211.6:c.3006T>G, p.Asn1002Lys, missense.
DP was 28, GQ 99, and allele balance 0.464. CADD PHRED was 26.4, REVEL 0.472, PolyPhen
max 0.997, SpliceAI delta 0.0200, Pangolin 0.0100, and phyloP 3.69. The raw pileup contained REF
forward/reverse counts 5/11 and ALT 5/8; ALT median MAPQ was 60 and median base quality 37.
VEP on the MANE Select transcript ENST00000287598.11 independently reproduced c.3006T>G
and p.Asn1002Lys together with the reported CADD and REVEL values.

The installed gnomAD v2/v3 modules returned no population frequency. Direct gnomAD v4.1.1
verification showed that the allele is not absent from population data but is a singleton introduced by
the larger v4 exome callset:

No homozygotes were observed. The highest ancestry-group frequency was 8.474×10−7. The single
carrier was male (XY). A grpmax filtering allele frequency at 95% confidence was not computable
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Table 11: Direct gnomAD v4.1.1 verification for p.Asn1002Lys.

Callset Filter Allele count Allele number Allele frequency

Exomes PASS 1 1,461,878 6.841× 10−7

Genomes no variant 0 152,348 0
Total – 1 1,614,226 6.195× 10−7

for a singleton. The large allele number also shows that the site was callable across essentially
the whole cohort. The difference between the older ranking annotation and v4.1.1 is therefore a
database-version effect rather than a representation or coverage failure.

A live ClinVar positional query used BUB1B[gene] AND 40220612[chrpos38]; chr15:40209701
T>G was queried first as a positive control and returned Variation ID 533901. The target position
returned two records, neither corresponding to c.3006T>G:

Table 12: ClinVar records at the p.Asn1002 position.

Variant Protein change Consequence Germline classification

NM_001211.6:c.3006T>C p.Asn1002= synonymous Likely benign, one star
NM_001211.6:c.3006T>A p.Asn1002Lys missense Uncertain significance,

one star

Thus the exact c.3006T>G allele is unclassified, but the amino-acid substitution is not wholly
unobserved. Because the same-residue c.3006T>A submission is a VUS rather than a pathogenic
assertion, ACMG/AMP criterion PS1 does not apply [30]. The VUS is a single-submitter assertion
under the broad condition label “Inborn genetic diseases”, so it is evidence of insufficient classification
rather than evidence of benignity. The synonymous c.3006T>C record is not informative for the
missense allele.

Regional constraint for 15:40220000–40221000 was Z = −0.8 with observed/expected 1.06, so
local constraint does not support pathogenicity. The report therefore describes p.Asn1002Lys as a
strong candidate missense allele, not as independently proven pathogenic.

B.3 Highest-value missing evidence

Three follow-up experiments were identified, in increasing order of effort. First, parental sequencing
would establish segregation and whether the alleles are in trans. Second, long-read sequencing
or targeted long-range PCR across the 10,911-bp interval would directly phase the alleles without
parental samples. Third, a BubR1 kinetochore-function or chromosome-missegregation assay in
patient-derived cells would add functional evidence that computational predictors cannot supply. Any
future clinical submission of patient-derived evidence to ClinVar would require appropriate family
and challenge-organizer agreement under the data-sharing terms.

C Full reproducibility workflow for the genome-wide submission

The following commands preserve the original cluster workflow and all computational flags. User-
specific filesystem paths and the participant-prefixed submission filename are replaced by anonymous
placeholders for review. Raw challenge files are gated and are not included in the public artifact. The
pipeline discovers the supplied VCF, paired-end FASTQs, and clinical phenotype document under
DATA.

C.1 Paths and dependencies

REPO=/path/to/anonymous_repository
DATA=/path/to/authorized_challenge_data
SCRATCH=/path/to/scratch
RUN="$DATA/mva_track1_run"
cd "$REPO"
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python -m pip install -r requirements.txt
mkdir -p "$REPO/results"
python --version > "$REPO/results/python_version.txt"
python -m pip freeze | sort > "$REPO/results/pip_freeze.txt"

C.2 Scratch configuration and OpenCRAVAT resources

The OpenCRAVAT modules used in the analysis occupied roughly 160 GB and were placed on
scratch storage.

export PIP_CACHE_DIR="$SCRATCH/cache/pip"
export XDG_CACHE_HOME="$SCRATCH/cache"
export TMPDIR="$SCRATCH/tmp"
export SSL_CERT_FILE="$(python -m certifi)"
mkdir -p "$PIP_CACHE_DIR" "$XDG_CACHE_HOME" "$TMPDIR" \

"$SCRATCH/opencravat/modules"
oc config md "$SCRATCH/opencravat/modules"
oc module install-base
oc module install clinvar gnomad gnomad3 revel spliceai cadd
oc module ls > "$REPO/results/opencravat_modules.txt"

C.3 Stage-by-stage execution

# Inspect all supplied files
python mva_track1_pipeline.py inspect \

--data-dir "$DATA" --verbose

# Extract phenotype and compute HPO gene scores
python mva_track1_pipeline.py phenotype \

--data-dir "$DATA" --verbose

# Reconstruct and validate the matching GRCh38 reference
python mva_track1_pipeline.py prepare-reference \

--data-dir "$DATA" --verbose

# Align all four FASTQ lanes; shard settings limit worker lifetime, not data
python mva_track1_pipeline.py align \

--data-dir "$DATA" \
--threads 6 \
--align-batch-pairs 2000 \
--align-shard-pairs 2000000 \
--bwa-chunk-bases 10000000 \
--verbose

# Normalize the supplied VCF
python mva_track1_pipeline.py normalize \

--data-dir "$DATA" --threads 6 --verbose

# Read-backed phasing
python mva_track1_pipeline.py phase \

--data-dir "$DATA" --threads 6 --verbose

# Local functional and population annotation
python mva_track1_pipeline.py annotate \

--data-dir "$DATA" --threads 6 \
--oc-annotators clinvar gnomad gnomad3 revel spliceai cadd \
--verbose

# Rank variants and construct compound-heterozygous pairs
python mva_track1_pipeline.py rank \

--data-dir "$DATA" --threads 6 --verbose

# Export exact Track 1 schema
python mva_track1_pipeline.py submit \

--data-dir "$DATA" \
--proband-id PROBAND01 \
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--top-n 6 \
--submission-name anonymous_genomewide-hpo-comphet.csv \
--verbose

The phenotype stage downloaded HPO resources under $DATA/resources/hpo/ on first use and
wrote genome-wide phenotype scores under $RUN/phenotype/. Reference preparation reconstructed
and indexed the exact GRCh38 representation validated against all 2,580 VCF contigs.

The important ranking outputs were
$RUN/ranking/variant_candidates.tsv
$RUN/ranking/compound_het_pairs.tsv
$RUN/ranking/compound_het_pairs_nonprimary_audit.tsv
$RUN/ranking/scoring_audit_v12.json
$RUN/ranking/annotation_join_audit.json
$RUN/ranking/anonymous_genomewide-hpo-comphet.csv

The main BAM QC report was $RUN/alignment/flagstat.txt. The internal sequencing sample
name was WGS_EX2312012, so PROBAND01 was supplied explicitly at export time.

An intentional rebuild of the alignment used:
python mva_track1_pipeline.py align \

--data-dir "$DATA" \
--threads 6 \
--align-batch-pairs 2000 \
--align-shard-pairs 2000000 \
--bwa-chunk-bases 10000000 \
--force --verbose

The generated submission could be copied into the repository with:
cp "$RUN/ranking/anonymous_genomewide-hpo-comphet.csv" \

"$REPO/anonymous_genomewide-hpo-comphet.csv"

After dependencies and annotation resources were installed, the equivalent one-command workflow
was:
python mva_track1_pipeline.py all \

--data-dir "$DATA" \
--threads 6 \
--align-batch-pairs 2000 \
--align-shard-pairs 2000000 \
--bwa-chunk-bases 10000000 \
--oc-annotators clinvar gnomad gnomad3 revel spliceai cadd \
--proband-id PROBAND01 \
--top-n 6 \
--submission-name anonymous_genomewide-hpo-comphet.csv \
--verbose

Aggregate non-sensitive audit outputs were copied for reproducibility:
mkdir -p "$REPO/results"
cp "$RUN/ranking/scoring_audit_v12.json" \

"$REPO/results/scoring_audit.json"
cp "$RUN/ranking/annotation_join_audit.json" \

"$REPO/results/annotation_join_audit.json"
cp "$RUN/alignment/flagstat.txt" \

"$REPO/results/alignment_flagstat.txt"

The reproducible artifact contains mva_track1_pipeline.py; requirements.txt;
results/pip_freeze.txt and results/python_version.txt; reference reconstruc-
tion/validation configuration; phenotype/HPO scoring; OpenCRAVAT ingestion and
canonical allele joining; phasing, ranking, QC, pair construction, and submission gen-
eration; results/scoring_audit.json; results/annotation_join_audit.json;
results/alignment_flagstat.txt; and the submitted CSV. No patient-specific training
data were available or assumed. External resources were annotation/prior evidence rather than labels
for supervised training on this patient.
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The artifact does not include raw FASTQs, the full or normalized VCF, BAM/BAI, phased VCF, the
supplied clinical document, the OpenCRAVAT database, credentials, or full patient-level candidate
tables. The identifying public repository URLs from the original report are withheld from the
anonymous review manuscript and should be restored only in the de-anonymized camera-ready
version.

D Complete learned-model design and provenance

D.1 Component and contribution boundaries in anonymous form

For double-blind review, personal names and identifying repository URLs are omitted. The substantive
division of work from the original report is preserved as follows. Author A developed and executed the
genome-wide workflow, including input discovery, reference preparation, alignment, normalization,
phasing, annotation, HPO gene scoring, variant scoring, pair construction, QC, and challenge
export. Author B developed the Bayesian ranking and generalization extension, including the shared
feature contract, linear Bayesian ranker, SBNN and BBB models, ensemble and gradient-boosting
comparisons, hyperparameter studies, temporal ClinVar benchmark, Phenopacket/HPO benchmark,
challenge-adapter verification, uncertainty analysis, and visualization. The diagnosis, modeling
results, interpretation, and final outcome are joint work. This anonymized statement should be
replaced by the named contribution statement in a camera-ready version.

The first pair models consume phenotype score; minimum and maximum consequence severity;
minimum and mean rarity; maximum population AF and missingness fraction; minimum and
maximum normalized CADD and SpliceAI plus availability indicators; phenotype-by-consequence
and phenotype-by-rarity interactions; and the same pair identity, phase exclusion, and strict/broad
candidate definitions used by the deterministic pipeline. The temporal ClinVar models are a distinct
molecular layer with 50 features derived from ClinVar records and training-only gene summaries.
When transferred back to Track 1 they score the alleles in the genome-wide candidate tables, combine
allele probabilities geometrically, and multiply by the phenotype score. They do not replace candidate
generation, annotation, phase logic, or inheritance filtering.

The Bayesian extension had three explicit objectives: (1) preserve Track 1 compatibility, (2) test
molecular generalization to variants unavailable at training time, and (3) test patient generalization
and uncertainty on other solved disorders.

D.2 Public datasets, local acquisition, and hashes

Table 13: Full dataset provenance retained from the report.

Dataset Local acquisition / scale Use and boundary

Compact challenge
ranking export

ranking.zip; annotated candi-
date tables only

Lets learned rankers consume the same strict/broad can-
didate universe without moving the gated WGS data

Phenopacket Store
0.1.27

Versioned release archive, 19 MB
in the original local acquisition
[19]

Solved patients, exact GRCh38 causal variants, genes,
source groups, and HPO terms; used in pair and
temporal-patient benchmarks

Phenopacket anno-
tation cache

VEP-derived features for bench-
mark hypotheses

Consequence, population frequency, CADD, SpliceAI
for causal and benign decoys; not full patient genomes

ClinVar 26 Dec
2023

clinvar_20231226.vcf.gz,
archived GRCh38 VCF, 87 MB

Training labels and training-only gene history;
2,340,600 total Variation IDs and 1,084,930 unambigu-
ous labels

ClinVar 29 Aug
2026

clinvar_20260829.vcf.gz,
archived GRCh38 VCF, 184 MB

Temporal test; 626,287 Variation IDs absent in 2023

HPO 9 Oct 2023 v2023-10-09/hp.obo, 9.2 MB Frozen ontology for temporal patient benchmark
Challenge evaluator locally reproduced public logic Used only to verify CSV behavior; private ground-truth

file was not copied

The report recorded truncated checksums for compact public inputs: 2023 Clin-
Var 510c54e3fd04b078...cb63786; 2026 ClinVar e72f5619f003c80c...6ec91f9;
Phenopacket Store 0.1.27 d0c70005bb09b870...edf205a; HPO 2023-10-09
d3c1280f2780628c...e6cd4e52. Full hashes were retained in the project artifacts.
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D.3 Bayesian conditional-logit pair ranker

The first learned pair benchmark loaded 9,739 solved Phenopacket cases, including 959 reported
two-variant cases. After annotation and decoy requirements, 425 cases were used for training, 44
for validation, and 89 for development testing. Genes, source publications, and case identifiers were
disjoint across splits, and BUB1B was excluded. Each case had 23 constructed candidate pairs. For
candidate feature vector xij ,

p(yi = j | Xi, w) =
exp(w⊤xij)∑︁
k exp(w

⊤xik)
. (6)

A zero-centered Gaussian prior regularized w; MAP was optimized and a Laplace approximation
around the optimum supplied a Gaussian posterior. Prior scale was selected by validation NLL.
On the 89-case development set, the fixed evidence rule achieved 70.8% Top-1 / 83.1% Top-5, the
Bayesian posterior mean 58.4% / 87.6%, and the first SBNN 56.2% / 87.6%. The negative result
motivated moving the learned comparison to a larger variant-level task rather than replacing explicit
biological structure.

D.4 Low-rank SBNN, dense BBB, and architecture search

The first pair SBNN used hidden widths 32 and 16 with factor ranks (8, 8, 1). Both random and
SVD-based posterior-mean initialization were tested. SBNN weight matrices use W = AB⊤

with Gaussian variational factors. The main text gives the implemented factor-space objective; the
corresponding weight-space form it approximates is

L = Eq(W )[− log p(y | X,W )] + λKL[q(W )∥p(W )], (7)

following Toure and Stephens [31]. Sampling is reparameterized, for example A = µA +
softplus(ρA) ⊙ ϵA with ϵA ∼ N (0, I), so the expected loss is differentiable. Gaussian factor
priors give analytic KL terms; other priors would require Monte Carlo estimation.

For the temporal task, the compact SBNN factorial grid contained 375 configurations: ranks (8, 4, 1),
(8, 8, 1), (16, 8, 1), (16, 16, 1), and (32, 16, 1); KL weights 0.001, 0.01, 0.1, 1, 3; posterior-scale
multipliers 0.1, 0.3, 1, 3, 10; and broad prior standard deviations 0.3, 1, 3. The best confirmed
compact configuration was (8, 4, 1), KL 0.01, posterior multiplier 0.1, prior 0.3, with unseen-gene
OOD AUROC 0.6231 versus 0.6020 for the original compact model. Configurations exceeding
roughly 0.70 OOD AUROC only by collapsing pathogenicity classification toward chance were
rejected.

Dense Bayes by Backprop assigned an independent Gaussian mean and ρ to every weight and
bias [1]. Its 75-cell grid crossed ρ ∈ {−8,−6,−5,−4,−3}, KL weight ∈ {0.001, 0.01, 0.1, 1, 3},
and prior standard deviation ∈ {0.3, 1, 3}. The selected setting used ρ = −4, KL 0.1, and prior
0.3. Compact dense BBB used 4,354 variational scalars versus 10,885 fitted weights across the
five-network compact ensemble.

Wider models used hidden widths 200 and 100. SBNN ranks 8, 16, 32, 50, and an algebraically full
factorization were crossed with KL and posterior-scale settings. The selected rank-50 SBNN used
55,804 variational scalars, about 8% fewer than the matching wide dense BBB. It achieved the best
temporal Top-1 (84.35%), PR-AUC (0.9736), F-max (0.9235), and 80%-coverage balanced accuracy
(99.12%), while its OOD AUROC remained 0.6284. Increasing rank and width improved the primary
task without reproducing the independently optimized function-space diversity of the ensemble.

D.5 Complete Track 1 adapter comparison

The main text reports that every compatible learned adapter recovers the accepted pair at rank
1. Table 14 gives the per-method result. Only the deterministic WGS submission was organizer-
confirmed; all other rows were produced with locally reproduced evaluator logic on the same genome-
wide candidate tables. The uniformity of the column is the finding: once the upstream workflow has
reduced 5.08 million variants to six strict hypotheses, this benchmark no longer separates the models.
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Table 14: Complete Track 1 comparison. The deterministic WGS submission was organizer-
confirmed; learned adapters were evaluated locally. All methods recover the accepted pair at rank
1.

Method Rows Rank RP/F-max Method Rows Rank RP/F-max

WGS pipeline 6 1 100/1.000 Dense MLP 6 1 100/1.000
Linear Bayes, strict 6 1 100/1.000 Deep ensemble 6 1 100/1.000
Linear Bayes, broad 10 1 100/1.000 Small SBNN 6 1 100/1.000
Pair SBNN, strict 6 1 100/1.000 Dense BBB 6 1 100/1.000
Pair SBNN, broad 10 1 100/1.000 Wide rank-50 SBNN 6 1 100/1.000
Gradient boost 6 1 100/1.000 Wide dense BBB 6 1 100/1.000
Temporal consensus 6 1 100/1.000

D.6 Temporal ClinVar benchmark details

The 2023 historical release supplied 1,084,930 unambiguous benign/pathogenic labels. The balanced
60,000-variant training set contained 30,000 pathogenic variants from 5,043 genes. The 15,000-
variant validation set was gene-disjoint and contained 1,209 genes. The temporal test contained
626,287 newly appearing Variation IDs, including 117,147 pathogenic variants across 14,715 genes.
Even IDs selected the consensus mixture; 313,171 odd IDs remained untouched. The selected
consensus weight was 0.30 gradient boost, 0.20 deep ensemble, 0.50 compact SBNN.

The 50 molecular features contained reference and alternate allele length, variant type, transition status,
substitution class, population frequency and missingness, dbSNP availability, germline/inherited/de-
novo origin flags, review-level indicators, molecular consequence categories, and training-only gene
count, pathogenic rate, and unseen-gene indicator. No disease name or clinical-significance label
was used as input. For the ranking simulation, 2,000 pathogenic temporal variants were each placed
among 99 benign temporal variants sampled with a fixed seed. PR-AUC and F-max were computed
across all 313,171 odd-ID records; NLL measured probability quality; OOD AUROC tested whether
each model’s stochastic uncertainty score distinguished genes absent from 2023 training.

D.7 Patient-level temporal benchmark details

A Phenopacket hypothesis entered the final test only if it contained one or two exact GRCh38
causal variants, every causal coordinate was absent from raw 2023 ClinVar, and those variants were
pathogenic in the 2026 snapshot. Repeated causal hypotheses were deduplicated. The final set
contained 719 post-2023 cases from 265 genes: 655 single-variant and 64 two-variant cases. Each
patient had one causal hypothesis and nine temporally new benign ClinVar hypotheses. Single-variant
decoys were matched on variant type and consequence group when possible; two-variant decoys
consisted of two benign alleles in one gene. Pair molecular scores were geometric means of allele
probabilities.

The HPO layer used only the 9 October 2023 ontology. Older solved cases were split into 1,388
phenotype-reference cases and 843 weight-selection cases. For candidate gene g and query phenotype
set Q, phenotype support was the best symmetric Resnik similarity to an older case for g [22]. With
IC(h) = − logP (h), that similarity is

R(a, b) = max
h∈Anc(a)∩Anc(b)

IC(h),

S(Q,T ) =
1

2

⎡⎣ 1

|Q|
∑︂
a∈Q

max
b∈T

R(a, b) +
1

|T |
∑︂
b∈T

max
a∈Q

R(a, b)

⎤⎦ .
(8)

Each model selected its molecular/HPO coefficient and missing-gene prior on the 843 older cases;
the 719 post-2023 patients were untouched. Five independently resampled benign candidate cohorts
measured sensitivity to decoy composition; the reported SDs therefore reflect candidate resampling
rather than five independent patient cohorts.

For dense BBB, HPO conditioning improved Top-1 by 23.5–26.1 percentage points in every cohort.
Each paired cohort gained 175–194 correct cases while losing only 2–6, with exact McNemar p
values of approximately 10−44 to 10−53. Of the 719 test cases, 337 causal genes appeared in older

22



phenotype-reference cases and 382 did not. Dense BBB rose from 34.7% to 88.1% Top-1 on known-
gene cases but changed from 33.6% to 33.1% on unseen-gene cases. The missing-gene prior prevents
an excessive penalty when no phenotype reference exists but does not invent novel gene-disease
knowledge.

D.8 Three probability concepts and uncertainty interpretation

The study distinguishes (i) deterministic EPCR, a monotone ranking confidence for the challenge
output; (ii) posterior predictive probabilities from Bayesian weight distributions; and (iii) clinical
posterior evidence under ACMG/AMP. They are not interchangeable. For stochastic predictions pm
with mean p̄, predictive entropy is H[p̄] and epistemic mutual information is

I[y,W | x,D] = H[p̄]− 1

M

M∑︂
m=1

H[pm]. (9)

For binary probabilities the law of total variance gives the complementary decomposition

p̄(1− p̄) =
1

M

∑︂
m

pm(1− pm) +
1

M

∑︂
m

(pm − p̄)2, (10)

separating the mean within-sample variance from the dispersion across samples. The tuned low-rank
SBNN’s mean predictive SD rose from 0.00157 on represented genes to 0.00403 on unseen genes;
the deep ensemble rose from 0.01179 to 0.03569. Both respond to shift, but the ensemble’s function-
space dispersion is much larger. More Monte Carlo draws estimate a given posterior more accurately;
they do not create the distinct optimized modes of independently trained ensemble members.

D.9 Selective prediction definition

The main text describes selective balanced accuracy in words; the explicit definition is as follows. For
uncertainty score ui, let Rc contain the least-uncertain fraction c of evaluated examples. In binary
evaluation,

BA(c) =
1

2

[︄∑︁
i∈Rc

1[yi = 1, ŷi = 1]∑︁
i∈Rc

1[yi = 1]
+

∑︁
i∈Rc

1[yi = 0, ŷi = 0]∑︁
i∈Rc

1[yi = 0]

]︄
, (11)

with coverage |Rc|/N and both class denominators required to be nonzero. The reported 99.12%
value for the wide rank-50 SBNN is BA(0.8) on the odd-ID temporal partition. It is a retrospective
operating point on that partition, not a validated clinical referral threshold, and the coverage level was
not selected against an independent shift-validation set.

D.10 Comparison with established rare-disease systems

The original report placed the experiments in the context of hybrid rare-disease systems. Exomiser
combines frequency, predicted pathogenicity, pedigree, and phenotype evidence [27]; LIRICAL
uses interpretable phenotype likelihood ratios with genotype information [24]; MAVERICK is an
ensemble of transformer-based neural models with structured variant evidence and inheritance-aware
outputs [8]; and AI-MARRVEL combines learned predictions from millions of variants with expert-
engineered knowledge features [17]. In the CAGI Rare Genomes Project, leading teams recovered up
to 13 of 14 solved test families in their top five while still requiring clinical review [28]. The design
here follows the same layered principle at smaller scale: candidate validity, molecular pathogenicity,
phenotype, inheritance, phase, and uncertainty remain distinct evidence sources.

E Complete limitations, established claims, and next steps

E.1 Clinical and genome-wide limitations

1. Parental genomes were not provided, preventing direct segregation analysis.
2. Short-read phasing could not establish whether the two BUB1B alleles are in trans.
3. Computational prediction cannot independently establish pathogenicity of p.Asn1002Lys.
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4. Structural variants, complex repeat-associated events, and other variant classes may require
specialized analysis beyond the supplied small-variant VCF.

5. The ranking used gnomAD v2.1/v3. Direct v4.1.1 verification later showed p.Asn1002Lys
to be a singleton rather than absent; both states are far below the ranking threshold, so the
rank is unchanged.

6. The exact c.3006T>G allele has no ClinVar record, while c.3006T>A produces the same
amino-acid substitution and is a one-star VUS; ACMG/AMP PS1 therefore does not apply.

7. Local constraint around p.Asn1002Lys is unremarkable (o/e 1.06), so constraint provides no
independent support.

8. Local constraint around p.Leu737Ter is only mild (o/e 0.88; Z = 1.79), below a conventional
constrained-region threshold.

9. The p.Leu737Ter ClinVar classification is a two-star aggregate rather than an expert-panel
or practice-guideline assertion.

10. Extreme rarity is supportive but not itself proof of pathogenicity.

11. The ranking system is an evidence-prioritization tool and is not a substitute for formal
clinical molecular interpretation.

E.2 Generalization and uncertainty limitations

The external 58.9% patient result is not full-exome or full-genome diagnostic sensitivity. Candidate-
generation recall has not been measured on an independent patient cohort. The submitted EPCR is
not clinically calibrated across patients. The patient benchmark uses literature-derived Phenopackets
and compact ClinVar-derived decoys. Temporal ClinVar entry time is partly a curation/submission
process rather than a pure biological clock. OOD is defined only by unseen gene; ancestry, sequencing
platform, phenotype capture, variant mechanism, and annotation shift remain untested. No Bayesian
model in the study surpasses the deep ensemble on unseen-gene OOD detection.

E.3 Claims established by executed artifacts

The executed artifacts establish that: (1) the uploaded deterministic pipeline found the accepted
BUB1B pair at rank 1 and achieved 100 Rank Points / F-max 1.0; (2) every compatible learned adapter
also ranks the pair first under locally reproduced evaluator logic; (3) the temporal corpus contains
more than one million historical labels and 626,287 newly appearing test IDs; (4) the wide rank-50
SBNN gives the best tested temporal simulated ranking and F-max; (5) deep-ensemble disagreement
is the best tested unseen-gene detector; (6) HPO conditioning selected only on older cases materially
improves compact post-2023 patient ranking; and (7) tests, seeds, model artifacts, and metric files are
retained. The artifacts do not establish functional pathogenicity of p.Asn1002Lys, trans phase of the
two BUB1B alleles, full-exome clinical sensitivity, or universal superiority of Bayesian uncertainty.

F AI assistance, data handling, and reproducibility boundary

Generative-AI assistance was used in the original workflow to help implement and debug analysis
code, reason through aggregate intermediate outputs, inspect failure modes, refine the ranking
pipeline, and draft portions of the report. The researchers defined the research direction, hypotheses,
analyses, and acceptance criteria; all computation was executed by the researchers on an institutional
compute cluster (name withheld for review). No candidate call or scientific conclusion was accepted
solely because a model suggested it.

The categories shared with the model were source code, configuration and error traces; aggregate
QC summaries such as alignment totals, variant/heterozygous/phasing counts and annotation-join
counts; ranking/scoring audit summaries; coordinates, consequences, and public annotations for
the small number of top candidate pairs; and the HPO terms reported in the manuscript. The raw
FASTQs, supplied/full/normalized/phased VCFs, BAM/BAI files, supplied clinical document, and
full patient-level candidate tables were never uploaded to or made accessible to a third-party model
service. The gated challenge data are not redistributed. Reproduction of the genome-wide stage
requires authorized access; the temporal ClinVar/Phenopacket experiments use public versioned
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resources. The aggregate material shared for interpretation was a subset of the report/submission-level
information released under the Hackathon terms; no gated patient-level file was redistributed.

G Coverage audit from the original report to this paper

Table 15 is the explicit completeness audit requested during manuscript preparation. It maps every
substantive section of the original report to the main paper or appendix. Repeated prose, shell
comments, and navigation text are not duplicated verbatim, but every scientific result, evidence
class, experimental boundary, figure, major table, limitation, and reproducibility stage is represented.
Material that was condensed in the main text for length, including the challenge scoring equations,
the per-method Track 1 comparison, and the selective-prediction definition, is retained in full in
this appendix and is marked as such below. Author names and identifying repository URLs are
intentionally anonymized for double-blind review; their substantive contribution and reproducibility
content are retained.

Table 15: Report-to-paper coverage map.

Original report element Location in this paper

TL;DR, abstract, system
overview

Abstract, Introduction, Figure 1

Submission 1 status and maxi-
mum score

Challenge and genome-wide diagnosis; Results, challenge sat-
uration; Table 14; Appendix A

Challenge scoring metrics
(Rank Points, F-max)

Summarized in Challenge and genome-wide diagnosis; full
definitions in Appendix A.2

Scientific contribution at a
glance

Introduction; Figure 2; Appendix A

Discovery versus post-
submission validation

Genome-wide processing and candidate construction; Ap-
pendix A

Summary, data, build valida-
tion

Genome-wide processing and candidate construction; Ap-
pendix A

Clinical phenotype/HPO
terms

Genome-wide processing and candidate construction; Ap-
pendix A.4

Alignment and paired-end QC Genome-wide processing and candidate construction; Ap-
pendix A

Variant normalization Genome-wide processing and candidate construction; Ap-
pendix A

Read-backed phasing and
phase interpretation

Genome-wide processing and candidate construction; Ap-
pendix A

Functional/population annota-
tion and canonical join

Genome-wide processing and candidate construction; Ap-
pendix A

Phenotype-guided gene scor-
ing

Genome-wide processing and candidate construction; Ap-
pendix A.4

Variant scoring formula and
raw-REVEL correction

Genome-wide processing and candidate construction; Ap-
pendix A

Candidate pair construction
and strict QC

Genome-wide processing and candidate construction; Fig-
ure 2a; Appendix A

Leading p.Leu737Ter allele Table 1; Appendix B
p.Leu737Ter gnomAD verifi-
cation

Appendix B

p.Leu737Ter ClinVar submis-
sions and mechanism evidence

Appendix B

p.Leu737Ter LOF-
TEE/VEP/constraint detail

Appendix B

Leading p.Asn1002Lys allele Table 1; Appendix B
p.Asn1002Lys gnomAD sin-
gleton verification

Appendix B

25



Original report element Location in this paper

p.Asn1002Lys direct ClinVar
positional query and same-
residue VUS

Appendix B

p.Asn1002Lys
VEP/predictors/constraint

Appendix B

Internal BUB1B variant com-
parison

Appendix A.4

Final ranked six pairs Table 1
Differential diagnosis Table 1; Leading hypothesis subsection
Robustness scores Appendix A
Submitted primary hypothe-
sis/schema

Appendix A

Full reproducibility workflow Appendix C
Repository contents and gated-
data boundary

Appendices C and F

AI assistance disclosure Limitations, uncertainty and reproducibility paragraph; Ap-
pendix F

Open question and
proposed segrega-
tion/phasing/functional
follow-up

Leading hypothesis subsection, “What remains to be demon-
strated”; Appendix B

Complete Part I limitations Limitations; Appendix E
Team contributions/model
boundaries

Appendix D, anonymized for review

Objectives of Bayesian layer Bayesian ranking and generalization methods; Appendix D
Training-data provenance and
checksums

Table 13; Appendix D

Bayesian conditional-logit
pair ranker

Initial pair-level Bayesian learning; Results, negative pair learn-
ing; Appendix D

First low-rank SBNN pair
model

Initial pair-level Bayesian learning; Appendix D

Temporal ClinVar experiment
and 50 features

Temporal molecular benchmark; Table 2; Appendix D

Factorial SBNN sweep Bayesian models and posterior inference; Results; Appendix D
Dense BBB grid Bayesian models and posterior inference; Results; Appendix D
Wide SBNN/dense models
and parameter counts

Figure 5a; Appendix D

Complete Track 1 model com-
parison

Summarized in Results, challenge saturation; full table in Ap-
pendix D.5

Temporal table interpretation Results, temporal ranking; Figure 3
External patient benchmark
construction

External patient-level temporal benchmark; Appendix D

External patient results Table 3; Figure 4
Known-gene versus unseen-
gene behavior

Results, patient transfer; Figure 5b; Appendix D

Calibration, MI, and meaning
of Bayesian probability

Posterior prediction and uncertainty; Appendix D

Selective prediction and
coverage-risk reporting

Summarized in Ranking, shift detection, and selective predic-
tion; full definition in Appendix D.9

Comparison with production
systems

Introduction; Discussion; Appendix D

Established results and re-
maining gaps

Conclusion; Appendix E

Original conclusion Conclusion
All seven report figures Main paper only: Figures 1, 2, 3, 4, and 5 contain all seven

original image assets
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Original report element Location in this paper

References and external re-
sources

Main bibliography plus added verified references

H Material relocated from the main text

H.1 Local challenge scoring

Let G be the accepted allele set, Si the allele set in row i, and ei its submitted EPCR score. In our
local full-match audit, rows are sorted by decreasing EPCR and the full-match rank is the first index
with Si = G; candidate rank 1 earns 100 Rank Points. For threshold t, define Pt =

⋃︁
i:ei≥t Si.

Precision and recall are |Pt ∩ G|/|Pt| and |Pt ∩ G|/|G|, respectively, with zero precision for an
empty prediction set. The audit reports Fmax = maxt F1(t), taking F1 = 0 when precision and
recall are both zero. A threshold isolating the accepted pair yields F-max 1.0 for this proband without
establishing cross-patient calibration.

H.2 Biological background

H.3 Biological background: chromosome segregation and MVA

Chromosome segregation and MVA: Human somatic cells normally contain 46 chromosomes
in 23 pairs. Before cell division, each chromosome is duplicated into two sister chromatids, and
during mitosis, spindle microtubules attach to the kinetochores and pull the chromatids toward
opposite daughter cells. The spindle assembly checkpoint delays their separation until attachment is
sufficiently secure, so failure of this surveillance can leave a daughter cell with an extra or missing
chromosome, a state called aneuploidy. In MVA, recurrent segregation errors produce a mosaic of cell
populations with gains or losses of different chromosomes. The resulting chromosomal instability is
associated with growth restriction, microcephaly, developmental abnormalities, and predisposition to
childhood malignancies, but the phenotype varies, and no individual clinical feature is diagnostic.
MVA is genetically heterogeneous: established causes include BUB1B, CEP57, and TRIP13, which
affect different components of chromosome-segregation machinery [11, 29].

Why BUB1B is biologically plausible: BUB1B encodes BubR1, a central spindle-checkpoint
protein that helps prevent premature chromosome separation and contributes to stable kinetochore-
microtubule attachments. Pathogenic reductions in BubR1 abundance or function can weaken
checkpoint signalling and increase segregation errors. Foundational studies identified biallelic
truncating and missense BUB1B variants in MVA families, including patients with embryonal
rhabdomyosarcoma. Experiments in patient-derived cells subsequently demonstrated impaired
checkpoint activity, chromosome-alignment defects, and reduced BubR1 abundance; restoring BubR1
rescued checkpoint function [11, 29]. These studies establish the gene-disease mechanism, but do
not establish that every rare missense variant in BUB1B is pathogenic.

Recessive inheritance and phase: For a typical autosomal recessive disorder, disease-causing
changes must affect both inherited copies of a gene. Two heterozygous variants form a compound-
heterozygous genotype only if they are in trans, on separately inherited chromosomes; in cis they
affect the same copy and may leave the other intact. A variant call establishes neither phase nor the
functional effect of an allele.

H.4 Genome-wide processing and candidate construction

H.5 Genome-wide processing and candidate construction

The input comprised four paired-end FASTQ lanes, a WGS VCF, and a phenotype document. The
reconstructed GRCh38 reference matched all 2,580 VCF contigs. Alignment processed 1,076,022,862
reads, with 99.61% primary mapping. Normalization yielded 5,079,064 variants and 3,180,797
heterozygous calls. WhatsHap phased 2,754,502 heterozygotes (86.60%) into 439,579 phase sets
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[18]. A phase set is a group of variants whose relative chromosome assignment is supported by
sequencing reads; variants in different sets need not have a known relative phase.

A canonical chromosome/position/reference/alternate-allele join matched 3,180,796 heterozygous
alleles to OpenCRAVAT annotations containing ClinVar, gnomAD, CADD, REVEL, and SpliceAI
evidence [12–14, 21]. ClinVar records clinical interpretations, gnomAD supplies population fre-
quencies, and computational predictors estimate molecular consequences. HPO terms encode the
patient’s clinical findings in a standardized ontology [9]. The phenotype included rhabdomyosarcoma,
nephrocalcinosis, short stature, failure to thrive, muscle atrophy, prematurity, growth restriction, and
parental recurrent miscarriages. No BUB1B or MVA-gene bonus or whitelist was inserted. The
conservative upstream variant score was

sv = 0.36sconsequence + 0.26srarity + 0.20sQC + 0.10sClinVar + 0.08spredictor. (12)
The predictor term is the arithmetic mean of available raw REVEL, clip(CADD PHRED/40, 0, 1),
and maximum available SpliceAI delta scores; it is zero when all three are missing. The coefficients
define an engineered ranking score, not fitted clinical posterior probabilities. For a pair (v1, v2), let
s̄ = (sv1 + sv2)/2, smin = min(sv1 , sv2), and h be its gene’s phenotype score. The base pair score
is a = 0.55s̄ + 0.25smin + 0.15h + 0.05sphase, where sphase is 1 for read-supported trans, 0 for
read-supported cis, and 0.5 for unknown phase. Before filtering, cis pairs receive a multiplicative
factor of 0.20. The score then receives a capped 0.04 bonus if both consequence scores are at least
0.72, followed by a capped 0.03 bonus if each allele’s AF is missing or at most 10−3; each cap
is 1. These are generic evidence bonuses, not disease-specific bonuses. The raw EPCR proxy is
clip(σ((spair − 0.55)/0.10), 0.001, 0.999). After sorting, the implementation enforces descending
submitted EPCR values by capping each value below the previous value by 10−6, with a lower bound
of 0.001. Same-gene heterozygous pairs were restricted to primary chromosomes, PASS, depth (DP)
at least 10, genotype quality (GQ) at least 20, allele balance 0.20-0.80, and AF at most 0.005 when
observed. Within a shared phase set, read-backed same-haplotype pairs were excluded as cis and
opposite haplotypes supported trans, and different phase sets remained unknown. Of 508 initial pairs,
131 were on primary chromosomes, and seven survived strict QC. Removing one read-backed cis
ZNF619 pair left six reportable hypotheses. The uploaded result preceded disease-specific reranking,
which is treated only as post-submission sensitivity analysis. Appendix A gives the full preprocessing,
alignment, phasing, and phenotype audits.

See Figure 2 in the main text.

H.6 Leading hypothesis and evidence

H.7 Leading hypothesis: evidence and unresolved questions

The leading hypothesis is a BUB1B compound-heterozygous pair, p.Leu737Ter/p.Asn1002Lys, with
score 0.8458 and EPCR 0.950624. The first is a stop-gain variant, expected to truncate the protein or
trigger degradation of the abnormal transcript; the second is a missense variant, whose functional
effect cannot be inferred from the amino-acid substitution alone. Read support, population evidence,
and computational scores for both alleles are given in Table 1.

The truncating allele: The GRCh38 variant chr15:40209701 T>G, c.2210T>G is annotated
as a high-confidence loss-of-function variant by LOFTEE and carries two-star Pathogenic/Likely
pathogenic ClinVar evidence. Direct gnomAD v4.1.1 verification identified 120 alternate alleles
across 1,614,020 variants, with no observed homozygotes. These observations jointly provide strong
molecular and clinical support, although individual annotations are not independent pieces of evidence
[10, 20].

The missense allele: The GRCh38 variant chr15:40220612 T>G, c.3006T>G, p.Asn1002Lys is
a singleton in gnomAD v4.1.1 (1/1,614,226), with no homozygotes. The exact nucleotide change
has no ClinVar classification in the consulted record; a different change, c.3006T>A, producing
the same amino-acid substitution, has a one-star VUS assertion. A same-residue assertion cannot
be transferred automatically to a different nucleotide change, and computational predictions do not
establish the variant’s effect on BubR1 expression, stability, or function [30].

What remains to be demonstrated: The two alleles are 10,911 bp apart and are not connected by a
read-backed phase block. If they are in trans and the missense allele substantially impairs BubR1, the
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combination would fit the established recessive mechanism. If they are in cis, or the missense allele
is functionally benign, the interpretation changes. Parental segregation or long-range phasing would
address chromosome assignment; RNA/protein studies and patient-derived cell assays could assess
the missense effect, BubR1 abundance, spindle-checkpoint activity, and chromosome missegregation.
Small-variant analysis also does not exhaust structural or complex variation. The observed clinical
findings support the hypothesis, but neither a high ranking score nor a matching syndrome substitutes
for these tests. Appendix B gives the complete evidence audit for both alleles.

See Table 1 in the main text.

H.8 Conditional-logit definitions

For case i, let Xi ∈ RKi×15 contain candidate feature rows x⊤
ij , where Ki = 23, j ∈ {1, . . . ,Ki},

and yi indexes the accepted pair. With w ∈ R15, conditional logit assigns

p(yi = j | Xi, w) =
exp(w⊤xij)∑︁Ki

k=1 exp(w
⊤xik)

. (13)

This normalizes scores within a candidate set rather than classifying each pair independently. A
zero-centred Gaussian prior regularizes w. With w ∼ N (0, τ2I), τ > 0, and summed categorical
log-likelihood ℓ(w) =

∑︁
i log p(yi | Xi, w) under conditional independence across cases, the MAP

estimate minimizes −ℓ(w) + ∥w∥22/(2τ2). The Laplace approximation qL(w) = N (ŵ,H−1) takes
H to be the Hessian of that regularized objective at ŵ. The proper Gaussian prior contributes τ−2I
to H . The conditional-logit prior standard deviation τ is selected by validation NLL.

H.9 Variational distributions, priors and objective

Independent mean-field Gaussian variational distributions are placed on the two factors and the bias:
qϕ(A,B, b) = qϕA

(A) qϕB
(B) qϕb

(b),

qϕZ
(Z) =

∏︂
u∈IZ

N
(︁
Zu | µZ

u , softplus(ρ
Z
u )

2
)︁
, Z ∈ {A,B, b}, (14)

where IZ indexes the scalar entries of Z and softplus(t) = log(1 + et). In N (z | µ, σ2), the
parameter following the mean is the variance. Thus the standard deviation of each variational
Gaussian is softplus(ρZu ) > 0. The factorization in Equation 14 is an independence assumption in
the latent factor space; it is not a factorization of the posterior over the entries of W .

Instead, the variational distribution on W is induced by the map T (A,B) = AB⊤. In pushforward
notation,

qWϕ = T#(qϕA
⊗ qϕB

) . (15)
Consequently, although the entries of A and B have independent Gaussian variational distributions,
the induced entries of W are generally dependent and non-Gaussian. When r < min(m,n), qWϕ is
supported on the set of matrices with rank at most r and is singular with respect to Lebesgue measure
on the full weight space. This differs from full-weight mean-field BBB, which assigns an independent
Gaussian approximation directly to each entry of a dense weight matrix.

For this parameterization, an SBNN layer has exactly 2r(m+ n) + 2n variational location and scale
parameters, compared with 2mn+ 2n for dense BBB. A layer uses fewer variational scalars only
when r(m+ n) < mn. For r < min(m,n), factorization constrains the weight matrix itself, rather
than adding a low-rank covariance correction to a full-dimensional weight distribution. For each
factor or bias array Z, the prior is

pZ(Z) =
∏︂

u∈IZ

[︁
πN (Zu | 0, σ2

1) + (1− π)N (Zu | 0, σ2
2)
]︁
. (16)

The implementation uses π = 0.5 and σ2 = e−6; σ1 is the configurable broad-component scale.
Dense BBB uses the same scalar prior family directly on weights and biases. The KL is estimated
using sampled log-density differences, rather than a Gaussian-to-Gaussian closed-form KL.

Let θ = {Aℓ, Bℓ, bℓ}Lℓ=1 collect all factor and bias parameters, with independent variational factors
and priors across layers. Training uses the KL-weighted objective

Jλ(ϕ) = −Eqϕ(θ) log p(D | θ) + λKL(qϕ(θ)∥p(θ)) . (17)
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The KL decomposes as a sum over layers and their factor and bias distributions. At λ = 1, this is the
ordinary negative ELBO; other values define a KL-weighted variational objective.

For the molecular benchmark, a minibatch B of the Ntr training records uses one sampled network
θ(s) ∼ qϕ and the estimator

ˆ︁Jλ,t =
1

|B|
∑︂
i∈B

ℓBCE

(︂
yi, pi(θ

(s))
)︂

+
atλ

Ntr

[︂
log qϕ(θ

(s))− log p(θ(s))
]︂
.

(18)

Here ℓBCE(y, p) = −y log p − (1 − y) log(1 − p), and at = min(1, t/10) at epoch t ≥ 1 in the
temporal SBNN and BBB implementations. Once warmup is complete, this estimates Jλ/Ntr.
The initial pair-level SBNN uses a categorical data-fit term instead of binary cross-entropy. The
factor-space KL is defined using the factor-space prior above. For a single layer, the corresponding
induced weight prior is pW = T#(pA ⊗ pB). The data-processing inequality gives

KL(qWϕ ∥pW ) ≤ KL(qϕA
⊗ qϕB

∥ pA ⊗ pB) . (19)

Equality need not hold. If r < min(m,n), the induced weight distribution is singular with respect to
Lebesgue measure.

H.10 Predictive standard deviation

In the temporal molecular experiment, predictive standard deviation refers to variation in the sampled
pathogenic-class probabilities:

uSD
i =

[︄
1

M

M∑︂
m=1

(pm(y = 1 | xi)− p̄M (y = 1 | xi))
2

]︄1/2

. (20)

This uses divisor M and measures variation across parameter samples, not the standard deviation of
the Bernoulli outcome.

H.11 Metric definitions

H.12 Ranking, shift detection, and selective prediction

For case i, let Ci denote its candidate set, sij the score of candidate j, and j⋆i the accepted hypothesis.
In the temporal molecular and patient benchmarks, we assign the accepted hypothesis the midrank

ri = 1 +
∑︂
j∈Ci

j ̸=j⋆i

1{sij > si,j⋆i }

+
1

2

∑︂
j∈Ci

j ̸=j⋆i

1{sij = si,j⋆i }.
(21)

For Nc evaluated cases, we report

Top-k =
1

Nc

Nc∑︂
i=1

1{ri ≤ k}. (22)

Thus a tie for first is not counted as a Top-1 success. The initial pair-level experiment instead uses
descending stable sorting, breaking ties by candidate order. The molecular benchmark uses one
pathogenic and 99 benign variants per simulated case; the patient benchmark uses one causal and
nine benign hypotheses.

NLL, Brier score, and ECE assess probability quality, whereas OOD AUROC measures how well
an uncertainty score separates a specified shift. For N evaluated binary records, let p̄i denote the
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averaged predictive probability of the pathogenic class. We compute

NLL = − 1

N

N∑︂
i=1

[yi log p̄i + (1− yi) log(1− p̄i)] ,

Brier =
1

N

N∑︂
i=1

(p̄i − yi)
2.

(23)

Evaluation NLL uses the averaged predictive probability, rather than averaging the NLLs of individual
parameter samples. Brier uses the binary scalar convention.

For 15 equal-width bins Bb of pathogenic-class probability, we compute

ECE15 =
∑︂

b:|Bb|>0

|Bb|
N

⃓⃓⃓⃓
⃓ 1

|Bb|
∑︂
i∈Bb

yi −
1

|Bb|
∑︂
i∈Bb

p̄i

⃓⃓⃓⃓
⃓ . (24)

Bins are left-closed and right-open, except that the final bin includes 1. Empty bins contribute zero.
This is positive-class ECE, not top-label ECE. NLL and Brier are proper scoring rules; ECE is a
bin-dependent calibration summary. Molecular Fmax is the maximum record-level F1 over distinct
predictive-score thresholds:

Fmax = max
t∈{p̄i}N

i=1

2TP (t)

2TP (t) + FP (t) + FN(t)
. (25)

Here a record is predicted positive if and only if p̄i ≥ t. All records tied at a threshold are included
together. We assign F1 zero when its denominator is zero. OOD AUROC uses absence from the
molecular training gene set as the positive class and larger mutual information as stronger OOD
evidence, with half credit for tied uncertainty scores:

AUROCOOD = P (uunseen > useen) +
1

2
P (uunseen = useen), (26)

where the probabilities refer to independently drawn unseen-gene and seen-gene records from the
evaluated populations. Let ui = ˆ︁Iq,M (xi) denote estimated mutual information, or its ensemble
analogue. Let Rc contain the round(cN) records with smallest ui, using the implementation’s
ordering for ties. With ŷi = 1{p̄i ≥ 0.5}, selective balanced accuracy is

BA(Rc) =
1

2

[︄∑︁
i∈Rc

1{yi = 1, ŷi = 1}∑︁
i∈Rc

1{yi = 1}

+

∑︁
i∈Rc

1{yi = 0, ŷi = 0}∑︁
i∈Rc

1{yi = 0}

]︄
,

(27)

provided both denominators are nonzero; realized coverage is |Rc|/N . The reported 99.12% value
refers to balanced accuracy at 80% coverage, not to an independently validated clinical referral
threshold. Challenge EPCR, molecular predictive probability, and a clinical ACMG/AMP posterior
are not interchangeable [30].

See Figure 1 in the main text.

See Figure 3 in the main text.

See Figure 4 in the main text.

See Figure 5 in the main text.

I External patient-level generalization

I.1 Construction without test leakage

We next used Phenopacket Store cases with one or two exact GRCh38 causal variants. A causal
hypothesis entered the test only when every causal coordinate was absent from the raw 2023 ClinVar
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snapshot and pathogenic in the 2026 snapshot. Repeated causal hypotheses were deduplicated. This
retained 719 post-2023 cases from 265 genes: 655 single-variant and 64 two-variant cases.

Each case had one causal hypothesis and nine temporally new benign ClinVar hypotheses. Single-
variant decoys were matched on variant type and consequence group when possible. Two-variant
decoys contained two benign alleles in one gene. The molecular score of a pair was the geometric
mean of its allele probabilities. Ten candidates imply a 10% random top-1 baseline.

The HPO layer used only the 9 October 2023 ontology. Older solved cases were split into 1,388
phenotype-reference cases and 843 weight-selection cases. The validation split included familiar
genes and genes entirely removed from the reference. For candidate gene g and patient phenotype
set Q, the score was the best symmetric Resnik similarity between Q and an older case for g. Each
model selected a molecular/HPO coefficient and missing-gene prior on the 843 older cases; the 719
post-2023 patients remained untouched.

Five independent benign candidate cohorts tested sensitivity to decoy composition. Reported means
and sample standard deviations therefore reflect candidate resampling, not five independent patient
cohorts.

I.2 Results

See Table 3 in the main text.

See Figure 4 in the main text.

For dense BBB, HPO conditioning improved top-1 accuracy by 23.5–26.1 percentage points in
every cohort. Each paired comparison gained 175–194 cases while losing only 2–6, with exact
McNemar p-values between approximately 10−44 and 10−53. The effect is statistically clear within
this benchmark.

I.3 Known-gene and unseen-gene behavior

Of the 719 test cases, 337 had a causal gene represented in older phenotype cases and 382 did not.
Dense BBB rose from 34.7% to 88.1% top-1 on the known-gene subset, but stayed near baseline on
unseen genes (33.6% to 33.1%). The tuned missing-gene prior prevents a catastrophic penalty when
phenotype knowledge is absent, but it does not invent knowledge about novel genes.

See Figure 5 in the main text.

I.4 Phenotype corruption and disease novelty

We froze each model’s HPO mixing coefficient after older-case validation and created three additional
versions of the same 719-patient test: removal of 20% of observed HPO terms, removal of 40%,
and addition of 20% unrelated terms. No coefficient was retuned on a corrupted test. On the fixed
candidate cohort, temporal-consensus top-1 changed from 59.81% with the original HPO terms to
58.83%, 58.55%, and 59.39%, respectively. Wide rank-50 SBNN changed from 57.44% to 57.16%,
56.33%, and 56.88%. Moderate phenotype corruption therefore causes limited degradation in this
compact setting.

See Figure 6 in the main text.

Disease novelty remains difficult. Among 390 test cases whose disease identifier was absent from
the older reference, temporal consensus reached 34.36% top-1; among the 382 unseen-gene cases it
reached 33.77%, compared with 89.32% on 337 seen-gene cases. The robustness result therefore
does not erase the central limitation: ontology matching transfers well when older knowledge covers
the causal gene or disease, but does not solve gene discovery.

The case-level evaluator records the causal hypothesis independently from the prediction table. If
upstream filtering removes the truth, reciprocal rank is set to zero and end-to-end Top-k is a failure.
In the current compact experiment, however, the causal hypothesis is inserted by construction, so the
observed candidate recall of 1.0 is only a pipeline-integrity check. It is not an estimate of full-genome
filtering sensitivity.
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J Full-background generalization beyond Track 1

J.1 Motivation and evaluation question

After achieving the maximum Track 1 score, we asked whether the trained ranking models could
generalize beyond the challenge child to independent rare-disease cases. We therefore evaluated their
ability to prioritize known causal variants in VarPB against exonic candidate backgrounds derived
from 107 real genomes. Neither the challenge child nor the VarPB causal answers were used for
model training. This experiment complements the compact Phenopacket analysis by testing the
models in a substantially larger and more realistic candidate space, allowing us to distinguish success
on one solved case from transferable variant-ranking performance.

J.2 From the initial stress test to the revised model

We downloaded the 96.7 MB VarPB background and the two small 2023 causal tables, not the
624 MB convenience archive or precomputed method matrices [7]. A disk-backed SQLite index
reduced 17,872,513 sample rows to 891,753 unique background variants. Adding the causal tables
produced a union of 894,327 hg19 variants. OpenCRAVAT mapped 893,268; the exporter retained
1,059 failures as explicit missing values, including two causal variants, so all 2,577 causal keys
remained evaluable.

The generalization study had two stages. We first applied the submission-era models without changing
their training or features. Each method was evaluated on every causal variant crossed with all 107
backgrounds, giving 275,739 trials per method. ClinVar review and training-gene history were
neutralized. The original small SBNN reached median rank 522, MRR 0.00213, and Top-100 0.20%;
the wide rank-50 SBNN reached median rank 1,562. These results did not end the experiment. They
showed that a feature contract designed for compact candidate reranking did not contain enough
protein-level information to prioritize causal missense variants against a full exonic background.

We then evaluated REVEL and AlphaMissense as external pretrained comparators. Missing scores
were set to zero rather than dropped, preserving all 894,327 keys. REVEL reached median rank 8.5
and Top-20 65.90%; AlphaMissense reached median rank 29 and Top-20 44.24%. This comparison
identified the missing information and motivated a revised SBNN that combines the original molecular
descriptors with both predictor scores and explicit missingness indicators. The final augmented model,
described below, recovered competitive full-background recall while retaining a Bayesian posterior
over its learned ranking function.

J.3 Predictor-augmented Bayesian ranking

The revised model is still an SBNN; it is not REVEL or AlphaMissense followed by a conventional
dense classifier. The exact ClinVar GRCh38 archive from 26 December 2023 was downloaded from
NCBI and matched the SHA-256 already recorded for the temporal experiment. A deterministic
filter retained unambiguous pathogenic/likely-pathogenic or benign/likely-benign, biallelic SNVs
whose molecular consequence contains missense_variant. From 2,340,600 input records, this
produced 146,810 labeled missense SNVs: 54,548 pathogenic and 92,262 benign. The same REVEL
and AlphaMissense modules annotated 146,786; 24 mapper failures remained as a zero value plus a
separate missingness flag. REVEL and AlphaMissense were fixed feature generators: their parameters
were neither updated nor treated as Bayesian.

The augmented vector has 54 inputs: the original 50 sequence, consequence, allele-frequency, review,
origin, substitution, and training-only gene-history features, followed by the REVEL score, a REVEL-
missing indicator, the AlphaMissense score, and an AlphaMissense-missing indicator. The previous
wide SBNN used 50 inputs, a balanced cap of 30,000 variants per class, and pointwise pathogenic-
versus-benign binary cross-entropy. The revised model uses the complete 146,810-variant labeled
missense set and optimizes pairwise ordering. Genes were split 80/20 before fitting, yielding 117,700
training and 29,110 validation variants. VarPB and the challenge child were absent from training,
validation, and hyperparameter selection.
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For layer ℓ, the model places independent mean-field Gaussian variational posteriors on two low-rank
factors and the bias. For Z ∈ {A,B, b}, a reparameterized posterior draw is

Z
(m)
ℓ = µZ,ℓ + softplus(ρZ,ℓ)⊙ ϵ

(m)
Z,ℓ , ϵ

(m)
Z,ℓ ∼ N (0, I),

W
(m)
ℓ = A

(m)
ℓ B

(m)⊤
ℓ , ℓ = 1, 2, 3.

(28)

Here ⊙ denotes elementwise multiplication. The joint latent posterior is

qϕ(Aℓ, Bℓ, bℓ) = qϕ(Aℓ)qϕ(Bℓ)qϕ(bℓ).

This is an independence assumption among the latent factors and bias. It must not be read as a density
for Wℓ. Instead, qWℓ

ϕ is the pushforward of qϕ(Aℓ)qϕ(Bℓ) under (Aℓ, Bℓ) ↦→ AℓB
⊤
ℓ , exactly as in

Equation 15. This induced distribution is generally non-Gaussian, couples entries of Wℓ through
shared factors, and is singular when the chosen rank is below both layer dimensions. Equation 28 is
therefore where the SBNN enters: the sampled dense weight matrix is constructed from sampled low-
rank factors rather than receiving an entrywise mean-field posterior. The architecture is 54-200-100-1
with ReLU hidden layers and ranks (50, 50, 1). Its output sϕ(x) is a scalar pathogenicity logit.

Training uses Bayesian pairwise RankNet. For every minibatch, a pathogenic missense variant x+
i

is paired with a benign missense variant x−
i . Both pass through the same posterior draw, and the

optimized objective is

L(ϕ) = 1

B

B∑︂
i=1

log
(︂
1 + exp[−(s

(m)
ϕ (x+

i )− s
(m)
ϕ (x−

i ))]
)︂

+ λ

3∑︂
ℓ=1

[KL(qϕ(Aℓ)∥p(Aℓ)) + KL(qϕ(Bℓ)∥p(Bℓ))

+KL(qϕ(bℓ)∥p(bℓ))] .

(29)

Here, “pairwise” refers to a pathogenic-versus-benign training pair; it does not mean that the neural
network consumes a compound-heterozygous allele pair as one input. Using one draw for both
training members ensures that the likelihood learns their ordering rather than differences caused
by two unrelated posterior samples. The prior is a zero-mean Gaussian scale mixture with mixing
probability 0.5, a tunable wide scale, and a narrow scale exp(−6). The complete 3×2×2×2 screen
varied ranks {(16,16,1),(32,32,1),(50,50,1)}, KL weights {0.001,0.01}, posterior initialization scales
{0.05,0.1}, and prior scales {0.3,1.0}. Widths, gene split, training budget, and selection metrics
stayed fixed. The selected model used ranks (50, 50, 1), KL weight 0.001, posterior scale 0.1, and
prior scale 1.0. After full retraining, gene-disjoint validation reached Top-1 62.15%, Top-10 96.15%,
MRR 0.7449, and mean rank 2.684 among 100 candidates.

Table 16: What changed between the submission-era wide SBNN and the predictor-augmented
SBNN.

Component Submission-era wide SBNN Predictor-augmented SBNN

Input 50 ClinVar-derived molecular fea-
tures

Same 50 features plus REVEL, Al-
phaMissense, and two missingness
flags

Training cases Balanced cap of 30,000 variants
per class

All 146,810 eligible labeled missense
variants

Objective Pointwise binary cross-entropy
plus KL

Shared-posterior-draw RankNet loss
plus factorwise KL

Architecture 50-200-100-1, ranks (50, 50, 1) 54-200-100-1, ranks (50, 50, 1)
Selected regulariza-
tion

KL 0.01; posterior scale 0.1; prior
scale 0.3

KL 0.001; posterior scale 0.1; prior
scale 1.0

Purpose General molecular pathogenicity
baseline

Full-background causal-variant priori-
tization with posterior uncertainty
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Figure 8: Complete predictor-augmented SBNN workflow. Model selection uses only pre-2023
ClinVar with a gene-disjoint validation split. The frozen posterior is then evaluated independently on
VarPB full-genome backgrounds and on the Track 1 compound-heterozygous shortlist.

See Table 4 in the main text.

See Figure 7 in the main text.

The new result is competitive for clinically useful shortlist recall, not uniformly superior. Its Top-20
is within 0.20 percentage points of REVEL and its Top-100 is 1.81 points higher, while its Top-1
and MRR remain lower. It substantially exceeds AlphaMissense at Top-20 and Top-100 but is
slightly weaker at Top-1 and MRR. Because REVEL and AlphaMissense are inputs, the contribution
is Bayesian evidence integration and uncertainty-aware ranking, not independent rediscovery of
their learned biology. VarPB still lacks native HPO and pedigree data and therefore remains a
molecular-ranking benchmark rather than a complete clinical diagnostic cohort.

J.4 Transfer of the augmented model to the challenge child

We finally froze the same augmented checkpoint and applied it to the Track 1 candidates. This
was a transfer evaluation, not another training or selection stage. Each candidate allele received the
same 54-feature representation used in the VarPB experiment. For posterior draw m, the score of
compound-heterozygous hypothesis j was

e
(m)
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√︂
sigmoid(s

(m)
ϕ (xj1)) sigmoid(s

(m)
ϕ (xj2)), EPCRj =

1

M

M∑︂
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e
(m)
j , (30)

where hj is Bonaventure’s HPO phenotype-similarity score. The same weight draw was used for
both alleles, and M = 128. Missing predictor values were represented by zero together with the
corresponding missingness flag; among the 12 alleles in the strict six-pair shortlist, REVEL and
AlphaMissense each covered nine.

The accepted BUB1B pair ranked first in both the strict and broad candidate sets. Under the locally
reproduced official evaluator, the strict six-row file achieved Rank Points 100 and F-max 1.000, with
an F-max threshold of 0.4332283540. The posterior standard deviation of the top pair’s integrated
score was 0.00788. Thus the model developed for stronger external transfer preserves the maximum
child-level result achieved by every earlier adapter. This result is locally official-equivalent; unlike
the selected submission-era wide SBNN, this augmented CSV has not been uploaded to the live
evaluator.
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J.5 Scalability and uncertainty of the augmented SBNN

For the architecture-matched 54-200-100-1 comparison, the augmented rank-50 SBNN contains
56,204 variational scalars. A dense BBB with identical widths contains 62,402, while five determin-
istic networks contain 156,005 stored weights. The SBNN therefore uses 9.9% fewer fitted scalars
than dense BBB and 64.0% fewer than the five-network ensemble. With Adam, parameters plus
two optimizer arrays require 168,612 scalars for the SBNN and 187,206 for dense BBB, excluding
activations. Ensemble members can be trained sequentially to lower peak optimizer memory, but all
five point estimates are retained at inference. The SBNN checkpoint, which also contains the scaler
and gene statistics, is 670,999 bytes.

The modest 9.9% dense-BBB saving should not be overstated: rank 50 is close to the smaller
hidden width. The structural advantage appears as width grows. A dense BBB square layer requires
approximately 2d2 variational scalars, whereas a fixed-rank SBNN requires approximately 4rd;
training gradients and optimizer state follow the same scaling. Posterior Monte Carlo inference still
requires repeated forward passes and therefore trades compute for uncertainty estimates.

REVEL and AlphaMissense return deterministic pathogenicity scores in their standard outputs [3, 12].
They do not natively return posterior samples, predictive standard deviation, or epistemic mutual
information. The SBNN produces these quantities from one learned posterior. This is an architectural
capability, not automatic evidence of good calibration: the augmented model’s gene-disjoint validation
mean mutual information was 0.000118 and mean predictive standard deviation was 0.00337, while
VarPB supplies no OOD label with which to validate them. A separate distribution-shift benchmark
is required before claiming superior uncertainty or referral performance.

Finally, the count above describes the added Bayesian ranker, not the complete annotation stack.
Because REVEL and AlphaMissense are inputs, the augmented system inherits their upstream
compute and storage. The defensible scalability claim is that evidence integration and posterior
uncertainty add only a compact, rank-controlled model, not that the full pipeline replaces its external
predictors.

Figure 9: Left: fitted-scalar counts for architecture-matched rankers. Right: uncertainty quantities
available directly from each standard model output. Deep ensembles provide member-disagreement
uncertainty but require multiple separately fitted networks; REVEL and AlphaMissense provide
deterministic scores rather than posterior uncertainty.
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