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Abstract 

Scalable proxies for 3D genome contacts—such as single-cell co-accessibility and deep learning predictions—have emerged as powerful alter- 
natives to chromatin capture-based methods, but predictions systematically overestimate long-range interactions. Here we show how to correct 
this bias using distance-based penalty functions informed by Gaussian mixture modeling and polymer-physics scaling. Using Hi-C datasets from 

maize, rice, and soybean, we derive tissue-specific and global consensus penalties parameterized by multiregime power-law exponents. Applying 
these corrections to single-cell ATAC sequencing co-accessibility scores improves their distance profiles in concordance with Hi-C and reduces 
long-range false positives by an average of 73% with tissue-specific penalties and 66% with the global consensus. We provide open-source 
code and fitted parameters to support adoption in maize, rice, and soybean. 
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arations; in raw crop scATAC-seq co-accessibility, long-range 
FPR can exceed 0.90 ( Supplementary Table S2 ). While heuris- 
tic normalizations exist [ 27 ], a broadly usable, data-driven 

correction that restores distance behavior to Hi-C-like profiles 
has been lacking. 

Here we develop a correction framework that learns 
species-specific distance penalties from Hi-C and applies them 

to proxy interaction scores (co-accessibility and DL outputs). 
Empirical Hi-C distance-decay is often multiregime (piece- 
wise scaling), so a single monotonic penalty is insufficient (see 
Supplementary Fig. S1 ). Derived from polymer physics, we as- 
sume that the contact probability P(s ) follows a power-law 

scaling s−α, where s is the given genomic distance between 

two chromatin regions and the exponent α reflects the under- 
lying physical state of the chromatin fiber (e.g. fractal globule). 
[ 28 ] We therefore estimate multiregime power-law exponents 
using Gaussian mixture modeling (GMM) and use these to 

define tissue-specific and global consensus penalties—derived 

from an equally weighted aggregation of Hi-C datasets across 
multiple tissues and conditions—that can be applied to new 

datasets for each species (see Fig. 1 A). 

Methods 

Data sources 

All Hi-C and scATAC-seq datasets used in this study were 
publicly available and re-analyzed for consistent comparison. 
We obtained data from multiple tissues, developmental stages, 
and stress conditions. For soybean ( Glycine max ), we con- 
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he three-dimensional (3D) organization of chromatin is cen-
ral to gene regulation and genome stability in eukaryotes
 1–3 ]. At fine scales, chromatin loops bring distal regulatory
lements, such as enhancers and promoters, into spatial prox-
mity [ 4–6 ]. In many plant species, these structures are em-
edded within larger features, including topologically associ-
ting domains [ 7–9 ] and active/inactive (A/B) compartments
 1 ,10–13 ]. While Hi-C has been instrumental in mapping this
ierarchy [ 10 ], its routine application across many genotypes
nd tissues remains limited by cost and logistics [ 14 ]. 

Scalable proxy methods, including co-accessibility scores
rom single-cell ATAC-seq [ 15 ] or from deep learning
DL) [ 16 ], have recently emerged as powerful alternatives.
o-accessibility inferred from single-cell ATAC sequencing

scATAC-seq) estimates contacts by identifying pairs of loci
hose accessibility covaries across cells [ 17 , 18 ]. Similarly, DL
odels learn sequence and epigenomic correlates of interac-

ion frequency from experimental training data [ 19 , 20 ]. Both
pproaches enable high-throughput generation of interaction-
ike scores across diverse tissues and species. 

A key limitation is that both approaches tend to inflate
ong-range contacts [ 21–24 ]. For co-accessibility, correlations
an arise from shared regulation even when loci are not phys-
cally proximate [ 25 ]. For DL models, predictive signals can
e learned without explicitly enforcing the expected distance
ependence [ 19 , 21 , 26 ]. This behavior conflicts with the em-
irically observed distance-decay of contact probability and
ontributes to very high false positive rates (FPRs) at large sep-
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Figure 1. A data-driven penalty corrects distance bias in co-accessibility scores. (A) Conceptual workflow: Multicomponent power-law models fitted to 
species-specific Hi-C data derive penalty functions that correct biased proxies by down-weighting long-range interactions. (B–D) Chromatin interaction 
profiles for soybean, rice, and maize. Co-accessibility scores represent the mean Spearman correlation coefficients ( ρ) calculated for accessible 
chromatin region (ACR) pairs within distance bins; only positive correlations ( ρ > 0 ) are considered to characterize interaction decay. Hi-C decay (gray 
histogram) shows the expected decrease in interaction frequency with genomic distance, while raw co-accessibility scores (dark red dashed line) 
remain largely distance-independent. The GMM-based penalty corrects this bias, producing penalized profiles (dark green solid line) that closely match 
the Hi-C reference. All profiles are normalized to 1.0; Hi-C loop data is restricted to interactions > 35 kb. (E) The power-law decay exponent α
corresponds to distinct theoretical polymer configurations. These idealized models provide a framework for interpreting the varying decay exponents αi 

and their regimes. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

sidered leaf tissue as well as seedling cotyledons, hooks, and
hypocotyls under varying light conditions [ 18 , 29 ]. For rice
( Oryza sativa ), we utilized data from 10-day-old seedlings,
vegetative mesophyll, and reproductive endosperm [ 30 , 31 ].
For maize ( Zea mays ), we considered leaf tissue from 6-day-
old seedlings alongside reproductive tissues such as tassels and
ears [ 27 , 32 ]. Raw Hi-C data were sourced from GEO, SRA,
NCBI BioProject (PRJNA), and GSA databases. A full list of
accession numbers, key tissue information, and original pub-
lication references is provided in Supplementary Table S3 . Ac-
cessible chromatin region (ACR) is used throughout to de-
note a peak-defined accessible region derived from scATAC-
seq data. 

Hi-C data processing, loop calling, and consensus construc-
tion 

Raw Hi-C data [ 13 , 29 , 31–33 ] were processed using a
uniform HiC-Pro (v3.1.0) [ 34 ] pipeline for raw read
alignment, normalization, and matrix generation with
nondefault settings. Specifically, reads were aligned with
Bowtie2 in two passes—global followed by local—using
–very-sensitive –score-min L,-0.6,-0.2 , with
seed length -L 30 (global) and -L 20 (local). Align-
ments with MAPQ < 5 were discarded. A Dpn II digestion 

model was used (ligation motif GATCGATC ) with the cor- 
responding fragment BED; cis contacts were defined using 
MIN_CIS_DIST = 20 kb. Interaction classes were re- 
ported, and singletons, multimappers, and PCR duplicates 
were removed ( GET_ALL_INTERACTION_CLASSES = 

1 ; RM_SINGLETON = 1 ; RM_MULTI = 1 ; RM_DUP = 

1 ). Valid pairs were aggregated into raw contact ma- 
trices at 5 kb, 10 kb, 20 kb, 50 kb, 100 kb, 200 kb,
500 kb, and 1 Mb (upper-triangle format). The 5 kb reso- 
lution matrices were used as the basis for all downstream 

distance-decay profile generation, as this scale maintained 

sufficient effective resolution across all included datasets 
( Supplementary Fig. S13 ). Matrices were then iterative cor- 
rection and eigenvector decomposition (ICE)-normalized 

with up to 100 iterations, filtering low-count bins at 2% and 

disabling high-count filtering ( FILTER_LOW_COUNT_PERC 
= 0.02 ; FILTER_HIGH_COUNT_PERC = 0 ; EPS = 

0.1 ). Default HiC-Pro settings were used otherwise.
ValidPairs alignments were converted to the Juicer 
.hic file format using a combination of HiC-Pro and 

juicer_tools utilities. Chromatin loops were iden- 
tified from .hic -formatted files using HICCUPs from 

the Juicer suite [ 35 ] of Hi-C tools with nondefault 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag063#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag063#supplementary-data
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arameters ( -m 512 -r 1000,2000,5000,1000 -f
.5,0.5,0.5,0.5 -p 10,8,4,2 -i 10,8,7,5 -d 
000,10000,20000,20000 –ignore_sparsity ). Ge-
omic distance for all loop calls was defined as the linear
eparation between anchor midpoints; given the 10 kb Hi-C
nchor resolution, this results in a 35 kb minimum midpoint
istance (equivalent to a 25 kb end-to-end gap), which ac-
ommodates the varying lengths of integrated scATAC-seq
nd DL anchors. Loop coordinates (BEDPE) were used for
istance-decay modeling. For species-level global consensus
atasets, unique loop sets were pooled across tissues and
evelopmental stages, with each dataset equally weighted in
he final aggregate interaction pool. 

cATAC-seq data processing and co-accessibility 

e re-analyzed scATAC-seq data from corresponding leaf tis-
ues for soybean [ 18 ], rice [ 30 ], and maize [ 27 ]. ACRs were
dentified from pseudo-bulk signals and peak calling; a cell-
y-peak binary accessibility matrix was then constructed. Co-
ccessibility scores between ACR pairs (separated by 2–500
b) were calculated as previously described [ 21 ], using pseu-
ocells generated via a k -nearest neighbors strategy [ 27 ] to
itigate single-cell sparsity. Scores represent Spearman cor-

elation coefficients ( ρ) adjusted for technical confounders
uch as read depth. To specifically characterize the distance-
ependent decay of functional chromatin interactions, we re-
ained only positively co-accessible pairs ( ρ > 0 ) for down-
tream analysis, as these profiles are distributionally repre-
entative of the entire dataset ( Supplementary Fig. S8 ). Genic
nd proximal ACRs were defined as regions overlapping ( >
 bp) gene bodies and located within 2 kb of transcrip-
ion start sites and 500 bp of transcription termination sites,
espectively. Remaining ACRs were classified as distal. For
o-expression analyses, pairwise Pearson correlations were
alculated among genes expressed (TPM > 1 ) in at least
wo independent samples from the maize expression atlas
 36 ]. 

erivation of the distance-based penalty function 

ata transformation for segmented power-law analysis 
hromatin loop distances were filtered to a maximum ge-
omic separation of 5 Mb to ensure parameter stability and
onsistent binning. To characterize the heterogeneous nature
f contact decay, loop counts were logarithmically binned
150 bins per dataset) using geometric bin midpoints to main-
ain accuracy in log-space transformations. Both the binned
ounts and their corresponding distances were transformed
nto log 10 space, where the power-law relationship P(s ) ∝ s−α

s represented as a linear function with a slope of −α: 

log 10 (P(s )) = −α log 10 (s ) + C, (1)

here s ∈ N 0 is the genomic distance between two chromatin
egions and C ∈ R is a constant. This scaling relationship, par-
icularly for the collapsed and dense states characteristic of
hromatin organization, served as the theoretical inspiration
or our data-driven fitting method [ 28 , 37 ]. 

MM-based decomposition of interaction profiles 
ecause empirical contact profiles were frequently nonlin-
ar across the full 5 Mb range, we employed a segmented
ixture-of-regressions strategy based on GMM to decom-
ose profiles into n distinct scaling regimes. Specifically,
we used the sklearn.mixture.GaussianMixture class
[ 38 ] with covariance_type = ’full’ to cluster the two-
dimensional distribution of log-transformed data points. This
served as a data-driven method to partition the contact points
into subpopulations, each corresponding to a segment with a
unique decay profile. 

The optimal number of components ( n ) was determined for
each dataset using a dual selection process. First, we calculated
the Bayesian Information Criterion: 

BIC = k ln (N) − 2 ln ( ˆ L ) , (2)

where k is the number of estimated parameters, N is the num-
ber of observations (bins), and 

ˆ L is the maximized value of
the likelihood function. For each n ∈ [1 , 10] , higher complex-
ity was accepted only if it provided a significant statistical im-
provement ( �BIC > 20 , strong evidence) [ 39 ] and simultane-
ously introduced a new regime with a characteristic decay ex-
ponent α differing by at least 0.25 from previously identified
components (see Supplementary Fig. S2 ). 

Bootstrapping of GMM transition points 
To ensure the stability and relevance of the GMM results,
we bootstrapped the loop-distance distributions for species-
specific global consensus datasets across 10 000 replicates.
Each replicate was re-binned and re-fitted using the selected n -
component model to derive robust parameter estimates. We
reported medians and 95% confidence intervals (2.5th and
97.5th percentiles) for the transition points Ti and scaling ex-
ponents αi . These parameter distributions, which confirm the
structural reliability of the identified regimes, are provided in
Supplementary Table S1 and Supplementary Fig. S3 . 

Construction of the GMM density function 

For each of the n clusters identified by the GMM, a linear
regression was performed on its constituent log-transformed
data points. The slope of this local linear regression, slope i ,
was derived directly from the GMM’s cluster parameters using
the relationship 

slope i =
�i, 1 , 2 

�i, 1 , 1 
, (3)

where �i is the covariance matrix of the i -th component and
�i, j,k denotes the element in the j-th row and k -th column of
that matrix. This slope determined the unique power-law ex-
ponent αi for that segment ( αi = −slope i ). The GMM density
function P(s ) is defined as 

P(s ) =
n ∑ 

i =1 

wi · βi · s−αi , (4)

where 
∑ 

wi = 1 are the weights (derived from the GMM), βi

are the scaling factors, and αi are the fitted characteristic decay
exponents. The specific sets of parameters { αi , wi , βi } for each
species are provided in Supplementary Table S1 . 

Application and benchmarking 

To correct scATAC-seq and DL scores, we derived a con-
tinuous piecewise power-law function (linear in log 10 –log 10
space), Papplied (s ) , from the GMM density function ( 4 ). Because
the Hi-C loop data used for fitting was restricted to distances
≥ 35 kb, we implemented a distance plateau below this thresh-
old where no correction is applied ( P = 1 ). For all pairs with

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag063#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag063#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag063#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag063#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag063#supplementary-data
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Figure 2. Tissue-specific GMM decomposition of chromatin interaction profiles. Hi-C contact frequencies (points) show that chromatin scaling is 
piecewise linear in log–log space, requiring multicomponent functions to capture distinct architectural regimes. GMM identifies these interaction 
subpopulations ( S1 to S4 ), with each segment representing a unique power-law decay exponent derived from cluster covariance. These profiles 
demonstrate that interaction scaling is both species- and tissue-specific. Ten independent datasets are shown: soybean ( A–D : seedling, cotyledon, 
hypocotyl, hook), rice ( F–H : leaf, mesophyll, endosperm), and maize ( J–L : leaf, tassel, ear), alongside their respective consensus profiles ( E, I, M ). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

distance s ≥ 35 kb, the penalty is calculated as 

Papplied (s ) =

⎧ ⎪ ⎪ ⎪ ⎨ 

⎪ ⎪ ⎪ ⎩ 

1 if s < 35 kb 

ˆ β1 s−α1 if 35 kb ≤ s < T1 
. . . 

. . . 
ˆ βn s−αn if s ≥ Tn −1 

. (5)

The transition points Ti are determined by the intersec-
tions of the local regressions in log-log space and verified
by bootstrapping. The scaling constants ˆ βi are recalculated
to ensure continuity at each boundary and to normalize the
function such that Papplied (35 kb ) = 1 . The distance-corrected
interaction scores are generated by multiplying the raw co-
accessibility scores or DL predictions by the corresponding
value of Papplied (s ) . 

To evaluate the GMM-based piecewise model, we bench-
marked its performance against a standard exponential
ansatz, P(s ) = e−λs and Cicero framework which uses P(s ) =
(1 − s−0 . 75 ) × β where β is some constant. Fit quality was as-
sessed using R2 scores in log-log space across a 5 Mb range.
Penalized co-accessibility profiles ( P) were compared against
Hi-C ground truth ( H) by scaling both to a common baseline
at 35 kb. Area-based FPR and False Negative Rates (FNR)
were calculated across 35–500 kb distance bins ( i ) as: 

F PR =
∑ 

i max (0 , Pi − Hi ) ∑ 

i Pi 
, F NR =

∑ 

i max (0 , Hi − Pi ) ∑ 

i Hi 
(6)

This formulation measures the integrated positive difference
between penalized co-accessibility and physical interactions.
Detailed performance metrics, including F1 scores, Spear-
man correlations, and Wasserstein distances, are provided in 

Supplementary Table S2 and Supplementary Figs S3 and S5 . 

Calculation of DL-based interaction scores 

DL-based interaction scores for maize were generated us- 
ing GenomicLinks , a sequence-based model that predicts 
chromatin looping potential directly from DNA [ 21 ]. A 

schematic overview of the GenomicLinks architecture is 
provided in Supplementary Fig. S11 . The model utilizes 
a combination of convolutional neural networks and long 
short-term memory layers, previously trained on experimen- 
tal HiChIP data (Maize leaf tissue, targeting H3K4me3 and 

H3K27me3) [ 32 ]. We applied the pre-trained model to all 
pairwise combinations of HiChIP anchor regions across the 
maize genome, utilizing the model’s fixed 2500 bp input res- 
olution. The model generates a raw DL score for each pair,
representing the predicted interaction potential. To ensure a 
direct comparison with our other metrics, these predictions 
were filtered to a genomic distance range of 0–500 kb and cor- 
rected using the species-specific penalty function as described 

above. 

Polymer model simulations 

To characterize the relationship between the distance-decay 
exponent α and resulting chromatin topologies, we performed 

coarse-grained Monte Carlo simulations using the Pivot Al- 
gorithm [ 40 ]. Chains of N = 10 , 000 steps were simulated 

on a cubic lattice across four canonical folding regimes: Ran- 
dom Walk (RW, α ≈ 1 . 5 ), self-avoiding walk (SAW, α ≈ 1 . 76 ),
and both models under spherical confinement to approxi- 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag063#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag063#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag063#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag063#supplementary-data
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Figure 3. Application and statistical validation of species-specific and global consensus penalty functions. (A, E, I) Species-specific and global consensus 
penalty functions ( Papplied (s) ) derived via GMM decomposition of Hi-C interaction counts. Hi-C data constraints limit the penalty domain to distances 
> 35 kb. (B, F, J) Genomic distance distribution of raw scores with standard deviation, defined as unadjusted scATAC-seq co-accessibility frequencies. 
Shaded regions indicate the standard deviation across analyzed ACR pairs. These scores exhibit minimal decay, leading to the overestimation of 
long-range interactions. (C, G, K) Transformation into penalized scores, calculated as the product of raw scores and the corresponding 
dist ance-dependent penalt y [ Papplied (s) × raw scores ]. Profiles are shown for tissue-specific (colored solid lines) and global consensus (black dashed lines) 
models. Shaded areas represent the standard deviation of co-accessibility scores across ACR pairs. (D, H, L) Performance benchmarking across species. 
Compared to raw scores (hatched bars), penalized scores from tissue-specific (colored solid bars) and global consensus (gray bars) models significantly 
improved concordance with Hi-C ground truth, as measured by reduced Wasserstein distances and increased Pearson correlation coefficients (PCC). 

m  

e  

t  

m  

e  

l  

a  

d  

t  

R

M
r

W  

b  

c  

l  

s  

e  

a  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

ate Fractal Globule-like scaling ( α ≈ 1 . 0 ). Ensembles were
quilibrated using a number of pivot moves proportional to
he chain length to ensure efficient sampling of the confor-
ational space. The scaling exponent α for each model was

mpirically derived via linear regression of log 10 [ P(s )] versus
og 10 (s ) for pairwise genomic separations s > 10 steps. Visu-
lizations of the 3D conformations and corresponding P(s )
ecay curves were generated to validate the physical basis of
he scaling exponents (see Supplementary Fig. S4 and Fig. 1 E).

esults and discussion 

ulticomponent power-law decay of Hi-C contacts 

eveals a multiscale plant chromatin architecture 

e analyzed Hi-C contact–distance decay profiles from soy-
ean, rice, and maize across multiple tissues to quantify how
ontact probability changes with genomic separation. On
og–log axes, Hi-C contact frequency versus distance was con-
istently piecewise linear, indicating that a single power-law
xponent is insufficient to describe chromatin contact scaling
cross distances [ 41 ] (Fig. 2 ). We therefore fit each profile with
a GMM to identify multiple scaling regimes and estimate a set
of decay exponents { αi } and their transition points (Figs 2 and
3 A, E, and I; see the ‘Methods’ section). These exponents αi

provide a quantitative measure of chromatin compactness. By
mapping empirical values to canonical polymer benchmarks
(Fig. 1 E), we interpret α ≈ 1 (Fractal Globule) [ 10 , 28 ] as a
dense, nonequilibrium packing state, while higher values (e.g.
α ≈ 1 . 5 , RW) signify more expanded or stretched configura-
tions. Tissue-specific profiles typically required two to four
regimes in soybean and rice but only one or two in maize.
For global consensus models (pooled across tissues within
species), the GMM identified three regimes in soybean and
two regimes in rice and maize ( Supplementary Table S1 ). 

The inferred regimes align with known architectural scales.
In rice and soybean, the first regime extended to bootstrapped
transition points T1 with medians of 120.4 kb (rice) and
140.2 kb (soybean) and showed steep decay ( α ≈ 2 . 6 –3.0),
consistent with strongly partitioned short-range organization
(Fig. 1 E). These T1 thresholds coincide with independent loop
annotations, encompassing 97% of identified loops in rice
[ 42 ] and 70% in soybean [ 29 ]. 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag063#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag063#supplementary-data
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Figure 4. A polymer-based penalty corrects distance bias in DL predictions for maize. (A) Workflow for the distance-correction of DL scores. 
The GenomicLinks model predicts raw scores, defined as interaction probabilities derived exclusively from DNA sequence features without distance 
constraints. These are updated into penalized (corrected) scores by multiplying the raw output by the species-specific and global consensus penalty 
functions Papplied (s) derived from Hi-C data. (B) Distance-bias correction in maize. Raw DL scores (orange dashed line) are mostly independent of 
genomic distance, leading to the overestimation of long-range contacts compared to the Hi-C reference (gray histogram). Application of the 
tissue-specific (leaf) or global consensus penalty produces corrected profiles (green solid line, blue solid line, respectively) that recapitulates 
experimental Hi-C decay. All profiles are normalized to a value of 1.0 at the 35 kb baseline. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Beyond T1 , both rice and soybean entered a second regime
with weak or near-flat scaling ( α = 0 . 37 in rice; α = −0 . 33 in
soybean), consistent with mid-range enrichment and domain-
scale organization. A strictly monotonic distance penalty
would therefore over-suppress enriched distance ranges, mo-
tivating a multiregime penalty design. In contrast, maize ex-
hibited a more monotonic scaling behavior. While the global
consensus model supported a transition at ∼168 kb, several
tissues were best captured by a single power-law (e.g. leaf,
α = 2 . 35 ; Fig. 2 ). 

Co-accessibility scores and deep-learning 

predictions overestimate long-range interactions 

To quantify distance bias in scalable interaction proxies, we
re-analyzed leaf scATAC-seq datasets from soybean [ 18 ], rice
[ 30 ], and maize [ 27 ] and compared their co-accessibility dis-
tance profiles against tissue-matched Hi-C (leaf for rice and
maize; seedling for soybean). Co-accessibility inference from
scATAC-seq is challenged by sparsity, so we followed standard
preprocessing by constructing pseudocells using a data-driven
k -nearest-neighbors strategy [ 27 ]. We then computed pairwise
correlations of normalized accessibility across pseudocells for
ACR pairs separated by 2–500 kb. This yielded 6.3 million
positively co-accessible ACR pairs in soybean, 3.8 million in
rice, and 3.4 million in maize. 

A side-by-side comparison with Hi-C revealed a consistent
distortion: raw co-accessibility scores show little to no de-
cay with increasing genomic distance, with elevated interac-
tion scores at large separations relative to Hi-C (Fig. 1 B–D,
and 3 B, F, and J). Uncorrected co-accessibility exhibited
very high long-range FPR, exceeding 0.90 across datasets
( Supplementary Table S2 ). Here, the FPR is quantified as the
area-based excess signal relative to the Hi-C ground truth (see
the ‘Methods’ section for definition). 

Distance bias is not specific to co-accessibility. We ob-
served the same pattern in deep-learning (DL) interaction
proxies, which often omit explicit genomic distance as a fea-
ture during training [ 16 , 21 , 43 ]. Using GenomicLinks pre-
dictions for maize [ 21 ], raw DL scores were largely distance- 
independent across the 0–500 kb interval (Fig. 4 B). While Ge- 
nomicLinks was trained on HiChIP, the whole maize leaf Hi-C 

set was used for benchmarking as the regulatory HiChIP sub- 
set lacks sufficient statistical power for distributional analysis 
( Supplementary Fig. S9 ). This mirrors co-accessibility infla- 
tion and overestimating distal interactions relative to the Hi-C 

reference. Together, these analyses motivate a correction that 
is distance-aware, learned from empirical Hi-C decay in the 
relevant species, and portable across proxy score types. 

A GMM-based penalty corrects distance bias in 

co-accessibility and DL predictions 

Several methods implement distance-related adjustments for 
co-accessibility, but many rely on fixed exponents, heuris- 
tic cutoffs, or nontransferable background assumptions [ 17 ,
44 , 45 ]. In plants, both decay exponents and regime bound- 
aries vary across species and tissues, making universal 
one-parameter corrections suboptimal. We therefore derived 

penalties directly from GMM-fitted Hi-C decay profiles.
Across the 35–500 kb interval used for scATAC-seq bench- 
marking, the multiregime model outperformed both the ex- 
ponential fit and Cicero-based normalizations, with at least 
an 11.1-fold reduction in residual sum of squares across all 
datasets ( Supplementary Fig. S5 ). 

Applying tissue-specific penalties to raw co-accessibility 
scores reshaped distance-independent profiles into Hi-C-like 
decay curves (Fig. 1 B–D and 3 C, G, and K). Quantitatively,
corrected profiles showed improved concordance with Hi-C 

(higher Pearson, lower Wasserstein) and markedly improved 

specificity. FPR dropped from above 90% in raw profiles to 

2.2% in maize, 39.6% in rice, and 33.4% in soybean, while 
average F1 increased from 0.15 to 0.83 across tissue-specific 
models ( Supplementary Table S2 ). The soybean global con- 
sensus revealed a statistical uniqueness: while it achieved a 
strong F1 score (0.814), the Spearman correlation dropped to 

−0 . 014 . This is localized to a small genomic segment where 
the penalty slightly upregulates co-accessibility scores due to 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag063#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag063#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag063#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag063#supplementary-data
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Figure 5. Penalty enriches for functional interactions and separates co-regulation from physical proximity in maize. (A) Heatmap of co-accessible ACR 

classification enrichment ( Z -score) in low, medium, and high penalized tertiles. Proximal–distal links are enriched in the low penalty group, while 
genic–genic links are most penalized. (B) Boxplots showing that gene pairs with the highest penalty scores also have the highest co-expression (PCC), 
suggesting the penalty effectively down-weights co-regulated, noninteracting loci. (C) Distribution of co-accessible ACR intervening distances for BX1 
control (gray), BX1 (light blue), ZmRAP2.7 controls (gray), and ZmRAP2.7 (dark blue). (D) Distribution of average penalized co-accessibility scores for BX1 
and ZmRAP2.7 loci (solid bars) relative to permuted ( ×100) controls matched by co-accessible ACR intervening distances. (E) Leaf Hi-C chromatin 
contacts (top), genome browser view of raw and penalized co-accessibility scores (middle), and chromatin accessibility profiles (bottom) at the 
Vgt1–ZmRAP2.7 locus. Vgt1 , Vegetative to generative transition 1. ZmRAP2.7 , Zea mays RELATED TO APETALA2. Yellow boxes showcase Vgt1 and 
Vgt1.2 interactions with the promoter of ZmRAP2.7 . (F) Co-accessibility score pairwise heatmap before (top) and after (bottom) distance penalization. 
ACR coordinates with respect to the reference genome are shown with gray boxes on the genome browser representation of chromatin accessibility 
(bottom). 

a  

d  

a  

i  

v  

a  

w  

r  

r  

f  

p

 

 

 

 

 

 

 

 

 

 

 

 nonmonotonic scaling regime ( α < 0 ), creating a rank-order
isagreement ( Supplementary Fig. S6 B and S10 ). This reflects
 localized violation of the monotonic scaling assumed in
dealized polymer models. Global consensus penalties pro-
ided a robust default when tissue-matched Hi-C was un-
vailable. In maize and rice, global consensus performance
as close to tissue-specific models across profile and error-

ate metrics ( Supplementary Table S2 ). Across species, long-
ange false positives were reduced by an average of 73%
or tissue-specific penalties and 66% for global consensus
enalties. 
To test biological plausibility, we stratified maize
co-accessible ACR pairs by penalty magnitude ( � co-
accessibility). The most penalized tertile was enriched for
genic–genic and distal–distal links, while distal–proximal
links were enriched among least penalized pairs (Fig. 5 A).
Genic–genic pairs in the most penalized tertile also showed
significantly higher co-expression values (Kruskal-Wallis test,
P < 4 . 5 × 10−10 ; Fig. 5 B), consistent with the depletion of
co-regulatory correlations that can inflate long-range proxy
scores. At the same time, known long-range cis-regulatory loci
associated with ZmRAP2.7 [ 46 ] and BX1 [ 47 ] retained ele-

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag063#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag063#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag063#supplementary-data
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vated penalized co-accessibility relative to distance-matched
background (Permutation test, P < 1 × 10−3 ; Fig. 5 C–F).
For example, Vgt1 and Vgt1.2 [ 48 ] regulatory loci exhibit
penalized signal above background with ACRs within 1-
kb of ZmRAP2.7 , though Vgt1 is down-weighted more
than Vgt1.2 (Fig. 5 E and F). BX1 distal and activator se-
quence cis-elements (DICE and ASCE) exhibited a similar
trend, with interactions from the more distal DICE element
downweighted relative to ASCE ( Supplementary Fig. S7 ). 

Finally, applying the maize species-specific penalty to
GenomicLinks predictions converted distance-independent
raw DL profiles into curves aligned with Hi-C decay (Fig. 4 B).
Within the 35–500 kb interval, the Spearman correlation rel-
ative to Hi-C ground truth improved from −0 . 50 to 0.99 (see
Supplementary Fig. S12 for distance-bin breakdowns), con-
firming the method functions as a modular and broadly ap-
plicable tool for correcting distance bias in diverse interaction
proxies. 

Conclusion 

We introduced a distance-aware correction framework for
scalable chromatin-interaction proxies that systematically in-
flate long-range contacts. By learning multiregime distance-
decay behavior from Hi-C using GMM, we derive tissue-
specific and global consensus penalty functions and apply
them to co-accessibility and DL interaction scores. This cor-
rection restores Hi-C-like distance profiles and reduces long-
range false positives by about 70% on average across maize,
rice, and soybean, while preserving biologically meaningful in-
teraction signal. 

While this framework provides an effective correction, it
currently relies on bulk Hi-C data for calibration. How-
ever, our global consensus penalties perform nearly as well
as tissue-specific models, achieving Spearman correlations as
high as 0.98 in maize and 0.92 in rice. Key future directions
include integrating these parameters into dynamic polymer
models [ 49 ] and incorporating distance awareness directly
into the DL training process. We release code and fitted pa-
rameters ( jlab-github or zenodo ) to support adoption and ex-
tension to additional plant species and tissues. 
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