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ABSTRACT

Uncovering the genetic basis of neuropsychiatric diseases (NPDs) is challenging,
as most risk variants are noncoding and operate via dynamic, context-dependent
mechanisms—many of which remain hidden under static baseline conditions and
only emerge during neuronal stimulation. In this work, we evaluate the capac-
ity of ChromBPNet, a sequence-to-function deep learning framework, to predict
variant effects across dynamic cellular states. Using iPSC-derived neurons at Ohr
(unstimulated), 1hr, and 6hr of KClI stimulation for training, we validated model
performance using empirical chromatin accessibility QTLs (caQTLs). ChromBP-
Net achieves high performance in prioritizing functional variants (average preci-
sion 0.51-0.60; 5.6—-6.6 x baseline enrichment) and accurately predicts allelic log
fold-changes (Pearson » = 0.61-0.69; 82-86% directional concordance). Cru-
cially, we observed poor cross-lineage generalization, as models trained on dis-
tinct cell types (e.g., microglia) failed to predict neuronal variant effects (Pearson
r ~ 0.2). These results demonstrate that sequence-based models capture robust
regulatory features within a lineage but require context-matched training data to
generalize across distinct chromatin landscapes.

1 INTRODUCTION

Genome-wide association studies (GWAS) have mapped hundreds of risk loci to neuropsychiatric
disorders (NPDs), yet their functional interpretation remains a major challenge (Yao et al., 2021}
Smeland et al., [2025). The vast majority of these variants are located in non-coding regions and
exert their effects through highly context-specific mechanisms. Crucially, the regulatory effects
of many NPD risk variants only emerge during neuronal stimulation (Boulting et al) [2021; Ma
et al., [2024; Roussos et al., [2016). By relying solely on 'resting state’ baseline data, current models
overlook these dynamic regulatory landscapes, leaving a significant portion of disease heritability
unexplained.

While experimental approaches such as chromatin accessibility quantitative trait loci (caQTL) map-
ping can reveal context-specific regulatory effects, they remain resource-intensive and constrained
by sample availability and genetic diversity. Recent sequence-to-function deep learning models,
including AlphaGenome (Avsec et al.,|2026), Borzoi (Linder et al., 2025), and ChromBPNet (Pam-
pari et al.,|2025)), offer a scalable alternative. They predict functional genomic readouts directly from
DNA sequence and enable in silico mutagenesis. These models are largely trained on bulk epige-
nomic and transcriptomic data collected under baseline conditions across tissues and cell types,
allowing broad variant effect prediction without large-scale genetic sampling. However, because
their training data primarily capture steady-state regulatory landscapes, an open question remains:
do these models capture the regulatory grammar governing stimulus-dependent responses, or mainly
reflect static accessibility patterns?

In this work, we evaluated the reliability of sequence-based variant effect scores by comparing them
against observed caQTLs in a dynamic cellular environment. We utilized a comprehensive iPSC-
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derived neuron dataset, including GABAergic and glutamatergic lineages profiled at an unstimulated
baseline (Ohr) and following 1hr and 6hr of KCl stimulation (Liang et al.,[2025). With three lineages
and three stimulation timepoints, the dataset yields nine unique cell-state combinations, enabling
mapping of dynamic caQTLs characterized by stimulation-dependent changes in genetic effect sizes.

Our results demonstrate that while ChromBPNet achieves high accuracy in prioritizing functional
variants and predicting allelic effect sizes within neuronal lineages, there is a significant performance
drop when models are applied across distinct cell types. This underscores a critical requirement for
context-matched training data to accurately capture the lineage-specific regulatory grammar that
sequence-based models otherwise fail to generalize from unrelated chromatin landscapes.

2 METHODOLOGY

2.1 DATASET AND PREPROCESSING

We utilized a single-nucleus ATAC-seq (snATAC-seq) dataset from Liang et al.| (2025) to investigate
variant-level regulatory effects in resting and stimulated human neurons. The dataset contains three
distinct cell lineages, GABAergic neurons (GABA), N EF M~ glutamatergic neurons (nmglut), and
NEFM™ glutamatergic neurons (npglut), each profiled across three temporal states: unstimulated
(Ohr) and KCl-stimulated (1hr and 6hr). We utilized caQTLs from this study, which the authors
mapped across a cohort of 95 cell lines. For ChromBPNet training, we obtained snATAC-seq frag-
ments, consensus peak sets, and cell type annotations from a subset of 18 cell lines from Batch
024.

2.2 CHROMBPNET TRAINING PIPELINE

To mitigate coverage-related biases, we downsampled snATAC-seq reads to ensure uniform library
sizes across all cell types and stimulation states. We observed that neuronal stimulation induces high
concentrations of transcription factors, which can introduce motif artifacts in background regions;
therefore, the bias model was trained exclusively on unstimulated (Ohr) neurons and subsequently
applied to the corresponding 1hr and 6hr states.

The ChromBPNet models were trained on pseudobulk data for each of the nine contexts, with bias
factorization. We then computed variant effect scores (predicted log fold-change) for 501,417 vari-
ants located within peaks using the bias-corrected models. To optimize computational efficiency,
variant scores were calculated using the forward strand only. P-values were estimated using 1 mil-
lion shuffled background sequences.

2.3 BENCHMARKING AND EVALUATION

We focused our evaluation exclusively on variants located within open chromatin regions (OCRs).
We implemented a lead-variant selection strategy: for each peak with at least one caQTL (cPeak), we
retained only the caQTL with the lowest empirical P-value. If multiple variants had the same lowest
P-value, we selected the one closest to the peak summit, ensuring a direct comparison between the
strongest empirical signal and the model-predicted score. We assessed model performance using
two primary metrics:

1. Precision-Recall Analysis: We measured the model’s ability to distinguish causal variants
from non-regulatory background noise. Each lead caQTL was matched with 10 negative
control variants (empirical P > 0.1), establishing a baseline precision of 1/11 (0.09). We
calculated the average precision (AP) using the absolute predicted variant scores (| log FC|)
as the ranking metric.

2. Quantitative Agreement and Directionality: To evaluate the accuracy of the predic-
tions, we computed the Pearson correlation (r) between the model-predicted variant effects
(predicted log FC) and the empirically observed caQTL effect sizes. Furthermore, we as-
sessed directional concordance, defined as the percentage of significant lead caQTLs where
the sign of the predicted effect matched the sign of the observed experimental effect.
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Figure 1: Evaluation of variant prioritization across cell types and stimulation states. Each curve
contrasts lead caQTLs against matched negative control variants within accessibility peaks, using
| log FC| as the ranking metric. Average precision (AP) values for each context are reported.
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Figure 2: Evaluation of ChromBPNet predicted effect sizes and directional concordance against lead
caQTLs. (a) Correlation between ChromBPNet-predicted variant scores and empirical caQTL effect
sizes. (b) Directional concordance between predicted variant scores and observed caQTL effects.

3 RESULTS

We first assessed ChromBPNet’s ability to distinguish functional from non-regulatory variants us-
ing Precision-Recall analysis (Figure[T). Across nine contexts, AP values were consistently high,
ranging from 0.51 in 6hr GABA to 0.60 in 6hr npglut, indicating strong performance in identifying
variants that influence chromatin state. These values correspond to a 5.6-6.6 fold enrichment over
a baseline of random SNPs located within accessibility peaks, demonstrating the model’s robust
capacity to identify variants that modulate chromatin states.

When restricted to significant lead caQTLs, ChromBPNet’s logFC predictions showed moderate
to strong correlations with observed caQTL effect sizes ranging from 0.61 to 0.69 (Figure [2j).
Crucially, the model displayed high directional concordance, with the sign of the predicted effect
matching the caQTL effect in 82-86% of lead caQTLs (Figure 2b). Notably, this performance
remained stable across stimulus time points (lhr and 6hr), suggesting that the model successfully
captures regulatory logic that persists during cellular activation.
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Figure 3: Mechanistic nomination of a SCZ risk variant (rs6701496) in 6hr GABAergic neurons.
(a) Box plot of normalized total accessibility of the region nearby the variant, grouped by genotype.
(b) Predicted in silico accessibility profiles for the reference and alternative alleles across a 1 Kb
window centered on the variant.

To assess the limits of cross-lineage generalization, we evaluated the performance of ChromBPNet
models trained on unrelated lineages, specifically microglia (Supplementary Figure[Th) and smooth
muscle cells (SMC; Supplementary Figure [Ip), against our neuronal caQTLs. When applied to
neuron caQTLs, these models showed a significant drop in performance, with Pearson correlations
falling to approximately 0.2. This underscores the necessity of context-specific training data for
accurate variant effect prediction in complex, lineage-specific landscapes.

Our framework successfully nominated variants with potential roles in neuropsychiatric disease.
For instance, rs6701496, a schizophrenia (SCZ) risk variant, was identified as a strong caQTL in 6hr
stimulated GABAergic neurons (Figure[3h). ChromBPNet predicted increased chromatin accessibil-
ity for the alternative allele, consistent with the altered affinity of a RELB transcription factor motif
(Figure 3b). RELB is a non-canonical NF-xB subunit regulating immune-related transcriptional
programs (Gupta et al.l 2019), and NF-xB dysregulation has been reported in schizophrenia and
inflammatory states (Murphy et al.l [2022). These results suggest that the rs6701496 variant mod-
ifies the affinity of a RELB motif, potentially altering activation-linked neuroimmune regulatory
programs that contribute to schizophrenia risk.

4 CONCLUSION AND FUTURE DIRECTIONS

In this study, we extended the application of ChromBPNet into the dynamic landscape of stimulated
neurons, training models to decode the sequence basis of chromatin accessibility across a temporal
activation gradient (Ohr, lhr, and 6hr). ChromBPNet reliably prioritized functional variants within
accessible chromatin, achieving average precision of 0.51-0.60 (approximately 5.6—6.6 x enrich-
ment over the locus-matched baseline). For lead caQTLs, predicted log fold-changes were quanti-
tatively aligned with measured effect sizes (Pearson r = 0.61-0.69), and the sign of the predicted
effect agreed with the empirical slope in 82-86% of cases. Importantly, this accuracy was stable at
1hr and 6hr, indicating that the learned regulatory grammar generalizes across stimulation states.

While ChromBPNet accurately predicts variant effects in neuronal contexts, our results reveal a key
limitation in cross-lineage generalization. Models trained on unrelated cell types, such as microglia
or smooth muscle, showed a marked performance drop on neuronal caQTLs, with Pearson corre-
lations falling to » ~ 0.2. These findings indicate that sequence-to-function models depend on
context-matched training data to capture lineage-specific chromatin landscapes.

To bridge the gap between deep-learning predictions and population-level QTL measurements, three
advancements are crucial. First, integrating formal fine-mapping (Wang et al.,[2020) will better iso-
late causal variants from those in linkage disequilibrium, sharpening performance benchmarks. Sec-
ond, adopting personalized genomic frameworks like SAGE-net (Spiro et al.l [2025) will move be-
yond reference sequences to capture how individual variation influences caQTL effect sizes. Finally,
pairing snATAC-seq with snRNA-seq will be critical to determine how sequence-driven chromatin
changes translate into functional, stimulus-induced transcription. Together, these steps will enable
sequence-to-function models to move beyond variant prioritization toward mechanistic prediction
of disease-associated regulatory processes.
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A APPENDIX

[y i o [y [y
N Enn r—— R-02%8 T R-0208 T [r-ozr T R-0303 T R-0278
pazte peazme peaze pe2zate P2zt p<220-16
, ]
1 1. 1 g | [
gl -
[ - 1
1 o 1
1 1
0" 1 L
SR R0z | . .
> R S R 4
S 1 | 3 2 4
° LA o
3 1 8 1 1 13 2
Lo S 3 T 1 1
[ 23 1
) 1 o 1 1 1
- 1 1 1 1
R o022 [Er (= woos |
p<220-16 p<220-16 . 2] |p<zzee pe220-16 p<22016
<o ' b | P I L
al ol 1 1
ofzl- I
S - | AR
1 1 1
1 1 1
s P
“ Il Il Il
2 R R LI R T X 5 0 1 2 4 % T
Observed caQTL Effect Size Observed caQTL Effect Size

Supplementary Figure 1: Limited cross-lineage generalization of variant effect predictions. Scatter
plots showing correlations between neuronal caQTL effects and ChromBPNet models trained on
(a) Microglia and (b) Smooth Muscle Cells (SMC). The significant drop in performance (r ~ 0.2)
highlights the requirement for context-matched training data.
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