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Abstract

Genome-wide analyses of transcription factor (TF) motif binding sites have largely
emphasized individual high-affinity sites, while overlooking the regulatory importance
of locally repetitive motif clusters. Such clusters, including combinations of weak and
strong binding sites, can collectively enhance TF occupancy and regulatory activity.
Here we present Motif-Cluster, an open-source framework for motif-driven prioriti-
zation and visualization of TF binding clusters using sequence information alone.
Motif-Cluster integrates a density-based clustering strategy with flexible modeling

of binding-site gaps and affinity signals, enabling the identification and ranking of
candidate regulatory regions without requiring experimental binding data. Through
simulations and multiple real-data analyses, we show that combining gap distribu-
tions with binding affinity effectively balances cluster size and signal strength while
reducing noise from weak sites. Application to ZNF410 successfully recovers the
previously characterized binding clusters in the CHD4 promoter, which are conserved
between human and mouse. Additional case studies involving PHB1, TWIST1, and
EGR1 further demonstrate the general applicability of the method across diverse
transcription factors. Motif-Cluster also provides intuitive visualization and reproduc-
ible workflows to facilitate interpretation of spatially dense motif patterns. Overall,
Motif-Cluster offers a robust and flexible approach for prioritizing transcription factor
regulatory regions from genome-wide motif scans, enabling biological discovery and
guiding experimental design, particularly in settings where direct genome-wide bind-
ing assays are unavailable.

Author summary

Genes are controlled by proteins called transcription factors, which bind to
specific DNA sequences to turn genes on or off. Traditionally, researchers focus
on strong individual binding sites to identify important regulatory regions. How-
ever, in several cases reported recently, multiple nearby binding sites, even if
individually weak, can work together to regulate gene activity. We developed
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Motif-Cluster, a computational tool that searches the genome for these clusters
of binding sites using DNA sequence information alone. By considering both
how closely binding sites are spaced and how strong they are predicted to bind,
Motif-Cluster can prioritize regions that are most likely to be biologically import-
ant. This tool enables researchers to uncover previously overlooked regulatory
elements, particularly in situations where experimental binding data are limited
or unavailable. As an open-source and user-friendly tool, Motif-Cluster is broadly
applicable and easily adaptable to different transcription factors, organisms, and
research needs.

Introduction

Transcription factors (TFs) regulate gene expression and biological processes by
binding to DNA at specific sequence motifs, yet our understanding of how these inter-
actions are encoded and interpreted remains incomplete [1—4]. Most analyses often
focus on strong, high-affinity binding sites, but TF recognition in vivo spans a wide
spectrum of affinities across the genome, where millions of potential binding sites
may exist [5]. Within this landscape, regions exhibiting clusters of nearby binding
sites, including both strong and weak motifs, are increasingly recognized as import-
ant regulatory units. Such repetitive TF binding sites can create locally elevated
concentrations of TFs, allowing even low-affinity interactions to contribute to func-
tional regulation [6]. Experimental work has shown that clusters of low-affinity sites
can achieve substantial TF occupancy and drive gene activation in vitro [7], challeng-
ing models that prioritize only high-affinity targets. Recent theoretical and empirical
studies also reveal that weak clustering can optimize information transfer between
molecular signals and downstream gene expression programs, further supporting the
biological relevance of spatially clustered, low-affinity binding events [7,8]. Together,
these findings highlight the dynamic interplay between binding affinity, spatial context,
and regulatory function, motivating the need for computational methods that can sys-
tematically identify and prioritize motif clusters from genomic sequences.

While there exists some hypothetical understanding of gene regulatory sequences
often comprising clusters of proximal TF binding sites [6,9,10], conducting in vivo
studies to further explore and validate these clusters poses a considerable challenge
in research endeavors. While ChlP-seq stands as a powerful technique for exploring
the genome-wide distributions of chromatin-binding proteins, its efficacy relies on the
availability of high-affinity antibodies [11]. Consequently, it may not effectively iden-
tify binding sites with lower affinity. While Cut and Run presents a more adaptable
method for identifying chromatin-binding proteins [12], it has its own set of challenges
and limitations [12]. PADIT-seq is a high-resolution in vitro binding assay capable
of detecting hundreds of previously unrecognized lower-affinity transcription factor
binding sites [7]; however, applying this technique at genome-wide scale with com-
prehensive sequence coverage and across diverse transcription factors remains
difficult. Among the limited available examples, ZNF410 provides a compelling case
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of functional binding clusters within the CHD4 promoter that regulate gamma-globin repressors [13]. ZNF410 directly acti-
vates the NuURD component CHD4 in human erythroid cells, and this specificity is driven by two highly conserved binding

site clusters shared between mouse and human [13—16]. These clusters were independently validated by ChlIP-seq [14],

cut-and-run assays [13], and our motif analysis [13]. The clear phenotypic impact and well-defined cluster architecture of

ZNF410 strongly motivate the development of a general computational tool on the sequence basis.

A sequence and motif based strategy offers a practical and scalable alternative for identifying regulatory regions, espe-
cially given that ChIP-seq and cut-and-run data are not universally available across all transcription factors, organisms,
tissues, and cell types. TF sequence motifs are broadly available through resources like JASPAR [17] or HOCOMOCO
[18]. Subsequently, putative binding sites spanning the genome or chromosome can be computed using FIMO motif scan-
ning [19], or alternatively, obtained from pre-calculated files via the PWMScan website [20]. Sequence motifs enable the
identification of binding sites spanning a wide range of affinities, including locally enriched motif clusters as defined in this
study. Methods such as Argos [21] and Cis-Analyst [22] applied window-based strategies to detect local motif enrichment.
Subsequent tools including MCAST [23], Cluster-Buster [24], MSCAN [25], TFBSCluster [26], and Stubb [27] expanded
cluster detection capabilities, often supporting user-defined flexible window sizes to capture different binding signals. More
recent approaches such as IDBC incorporated buffer and mutation concepts [28], while visualization-focused websites like
TFmotifView facilitate motif display and exploration [29]. MCAST applies a Hidden Markov Model framework, is actively
maintained within the MEME package [23], and supports integration with DNase | data. Many of these tools are not open
source and no longer actively applicable (S1 Table) for our testing cases. Nevertheless, their published use cases pro-
vided valuable TF clusters for our evaluation. Building on these prior efforts, Motif-Cluster introduces a more flexible and
open-source framework.

When it comes to reviewing the technical details, clustering motif matching sites along a linear genome naturally
refers to spatial density-based methods. DBSCAN (Density-Based Spatial Clustering of Applications with Noise) [30,31] is
a widely used algorithm that separates dense regions from background noise and has been implemented in libraries such
as scikit-learn [32—-34]. However, standard DBSCAN requires a pre-determined radius (epsilon: €) and a threshold for the
number of data points (min_samples) for the neighborhood, which may not be well suited for genomic data where inter-
motif-site gaps vary across regions. HDBSCAN extends this framework by allowing hierarchical variation in €, enabling
detection of clusters at multiple density scales [30,31], but it does not explicitly incorporate signal weights such as binding
affinity. OPTICS similarly relaxes fixed-density assumptions by identifying density-reachable structures [35], yet it also
treats data points uniformly. In motif clustering applications, where binding sites differ in predicted affinity and gap distri-
butions are heterogeneous across genomic contexts, incorporating both variable spacing and weighted signal strength is
essential, motivating methodological adaptation beyond standard density-based implementations.

Accordingly, we developed Motif-Cluster, a computational framework that extends DBSCAN to incorporate both motif
binding affinity (modeled as peak intensity) and adaptive gap parameters (g), enabling dynamic detection of homoge-
neous TF binding clusters across genome. Beyond clustering, Motif-Cluster prioritizes and visualizes putative regulatory
regions by integrating posterior scores derived from binding affinities and the likelihood of cluster gaps, providing a unified
framework for cluster identification and regulatory ranking.

Materials and methods
Overview of Motif-Cluster

Motif-Cluster employs a modified DBSCAN algorithm to detect and prioritize local repetitive motif patterns. The method-
ology comprises four distinct steps for comprehensive analysis (Fig 1A). In Step 0, preprocessing, motif binding site data
are prepared and sorted for subsequent analyses. Step 1, cluster and merge, involves the application of the modified
DBSCAN algorithm to identify local motif clusters at genome wide scale. This step plays a crucial role in uncovering the
repetitive binding patterns that may have been previously overlooked. In Step 2, the identified regions are subjected to a
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Fig 1. Motif-Cluster workflow and clustering strategies. (A) Overview of the Motif-Cluster pipeline, including preprocessing of motif peak files (Step
0), clustering and merging (Step 1), scoring and ranking (Step 2), and visualization and output (Step 3). (B) Comparison of clustering strategies evalu-
ated in this study: (a: standard DBSCAN baseline; b1: gap-group-based method without affinity weighting or merging; b2: gap-group-based method with
merging but without affinity weighting; c: gap-group-based method with affinity weighting but without merging; and d: the full Motif-Cluster framework
incorporating gap grouping, affinity weighting, union-split refinement, and merging). (C) Schematic illustration of the grouping, union-split, and merge pro-
cedures. Binding sites are first clustered independently within different gap groups, followed by union-split refinement to resolve overlaps among groups
and a final merging step to generate the reported motif clusters. The left and right portions illustrate consecutive examples within the same genomic
region, separated by an intervening gap.

https://doi.org/10.1371/journal.pcbi.1014639.g001

scoring and ranking process. This allows for the quantification of the significance and regulatory potential of each cluster,
providing valuable insights into their repetitive binding patterns. Finally, in Step 3, which is optional, Motif-Cluster offers
powerful visualization tools and generates informative outputs, enabling researchers to intuitively explore and interpret the
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prioritized transcription factor regulatory regions. This comprehensive approach ensures a robust and detailed analysis of
motif binding sites, greatly enhancing our understanding of transcriptional regulation without any wet-lab experiments.
Motif-Cluster re-used several parameters and terms from DBSCAN and further adapted or re-defined them based on
the needs of motif cluster analysis. Briefly, epsilon € represents the neighborhood radius for grouping nearby binding sites;
“min_samples” defines the minimum number of binding sites or total cluster weight required to form a cluster, which is
the same as the minimum cluster intensity. Motif-Cluster invented “gap groups” to decompose the nucleotide distances
between binding sites in the cluster to represent possible binding-site spacing patterns, refer to Gaussian-mixture-derived
models. These are described in more detail in later sections.

Data preprocess

Motif-Cluster processes TF binding files generated by FIMO [19] for genome-wide or chromosome-wide motif scanning,
to generate a sorted bed file for further analysis. Alternatively, users have the flexibility to prepare TF scanning files using
other tools and sort them using BEDTools [36]. The input bed file for subsequent steps must include well-organized
information such as sorted chromosome start and end positions, along with either the p-value indicating motif matching
significance or equivalent scores denoting binding affinity.

In this paper, the motif binding bed files are all downloaded via the PWMScan website [20], except that the PHB1
example is from FIMO scanning process. The selection of chromosomes and genome assemblies followed the original
publications to facilitate direct comparison with previously reported regulatory regions. Specifically, motif binding tracks
were downloaded from PWMScan using the JASPAR Core 2020 database with a p-value cutoff of 0.001. The datasets
include ZNF410 human from chromosome 12 of hg19, ZNF410 mouse from chromosome 6 of mm10, EGR1 from chro-
mosome 7 of hg38, and TWIST1 from chromosomes 6 and 8 of hg38. For the PHB1 analysis, we used the MEME Suite
package (meme-5.5.1, February 4, 2023) together with the reported degenerate motif “RGYYYNRGYYY”. The motif was
first converted into MEME format using the command “sites2meme motif> motif.meme”, followed by genome-wide motif
scanning with FIMO using “fimo --oc. --verbosity 1 --thresh 0.001 motif.meme hg19.fa”. The resulting motif matches were
then converted into BED format for downstream Motif-Cluster analysis.

Cluster and merge

Motif-Cluster takes a sorted BED file as input and converts motif p-values into peak intensity scores using a negative
log10 transformation. It then filters out binding-site gaps greater than 500 bp and constructs empirical gap distributions,
allowing the analysis to focus on locally repetitive binding regions while excluding excessively long, likely non-regulatory
intervals. We admit that the 500 bp gap cutoff lacks direct biochemical evidence; however, we suggest retaining it as a
practical default threshold for separating locally coordinated motif clusters from widely spaced binding sites. A Gaussian
Mixture Model (GMM) is applied to model the gap distribution, and the ten most supported Gaussian components are
selected based on their means and variances. Increasing the number of components beyond ten does not substantially
improve model fit as measured by AIC (Akaike Information Criterion) and BIC (Bayesian Information Criterion) [37,38]
(S1 Fig). Therefore, we set ten as the maximum number of Gaussian components (G;) for modeling gap distributions.
Next, Motif-Cluster performs density clustering based on the top ten gap groups, employing DBSCAN with varying
parameters, according to the group-wise mean and standard deviation of the gap groups (Table 1). To loosen the crite-
ria of neighborhood radius in DBSCAN, we use the mean plus twice the deviation . (G;) + 2¢(G;) from each of the gap
groups G; as the radiuses. This gap-group based DBSCAN process yields different clustered regions under each gap
group. Motif-Cluster combines these ten groups of clustering (union) while also subdividing them into smaller clusters
in cases of overlap (split). This dual approach ensures that the resulting clusters are finely tuned to account for different
types of gaps. Given the presence of singletons and outliers, Motif-Cluster incorporates a final merging step (merge),
allowing for the fusion of two nearby clusters that share a common, tolerated gap. The merging criterion is that the middle
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Table 1. Internal parameters in testing cases for Motif-Cluster.

Method e (radius of neighborhood, same in Min_samples (number of samples or total Motif_weight (binding affinity
DBSCAN) weight, same in DBSCAN) for single motif binding site)

a G,rean 8 10

b1 1 (Gi) +20(Gy) 8 10

b2 1 (G) +20(G)) 8 10

c m (G,) +20(Gj) 8 - log,,(p-value)

d 1t (G)) +20(Gy) 8 - log, (p-value)

G___:average distance of all motif gaps; n(G;j): mean gap value from gap group i; o(G;): standard deviation of gap values from gap group i.

mean”

https://doi.org/10.1371/journal.pcbi.1014639.t001

gap between two clusters or one cluster one singleton needs to be assigned to the same gap group as the nearby cluster
based on the Gaussian component (the only exception is that the second probable gap group is also acceptable if the top
probability is no more than 1.5 times the second probability). In ablation testing, Motif-Cluster explores different clustering
strategies (Fig 1B and 1C), including direct DBSCAN without groups (method a), group-based DBSCAN with and without
peak intensity score (between methods b1/b2 and c/d), and with or without merging (between methods b1/c and b2/d).
Ultimately, only the method denoted as “d”, which employs both groupings and merging functions, emerges as the pre-
ferred and final methodology in Motif-Cluster.

Score and rank

Motif-Cluster takes the resulting clusters, representing putative regulatory regions with diverse binding site repetitive
patterns, and conducts a scoring and ranking process based on their final scores. This score is derived from the posterior
probabilities of both peak intensity and gap significance. Essentially, regions or clusters with more high-intensity peaks
are given preference. However, large clusters with lower binding affinity can also hold significance. The gap size first must
align with the most probable gaps identified by the Gaussian Mixture model [39], disfavoring atypical gaps that deviate
from chromosome or genome-wide statistics, such as those that are overly long or excessively small. To achieve this, for
each cluster, the mean gaps of the gap distances within the cluster will be used to calculate the best fitted gap group by
the Gaussian Mixture model (formula (1)).

i = argmax;P (Imean| Cx, Gi) (1)

Where Inq0an is the mean binding affinity (peak intensity) for cluster Cx. The gap group for Cy is therefore assigned to the
most probable group G; by maximum likelihood.

Then for each of the gap groups, we build a group specific intensity distribution (empirical distribution f{(/|G;)) to accom-
modate the varying contributions of the motif binding intensity given a specific group. Consequently, the final score of
each region or cluster is computed as the cumulative sum of the log-likelihoods of the peak intensities and posterior gap
probabilities (formula (2)).

Score (Cy) =—log (P (Cill;, Gi)) == _ log(P(1|G)))

where C, means motif cluster k assigned to gap group i; P(/j|G)) is empirical probability for all binding site intensity /;
within the region or cluster C,. We use this score to rank all motif clusters and prioritize the most significant regulatory
regions by the top scores. This score function will work for both single strong binding site or a cluster of medium or low
binding affinities with a clear repetitive pattern. The random low affinity binding site will yield relatively low scores.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014639 August 5, 2026 6/19




A Computational
PLOS }. Biology

Visualize and output

Motif-Cluster offers a user-friendly interface for visualizing motif binding site clusters following the preceding analytical
steps. The visualization functions are optional downstream utilities that can be applied after the main Motif-Cluster analy-
sis. Users have the option to specify start and end coordinates for a region of interest, allowing for the generation of a dis-
tinctively colored cluster view. Besides, Motif-Cluster can generate plots displaying cluster scores and sizes in descending
order of score magnitude. Moreover, the tool facilitates comparative analysis of the same genomic region across different
methods or datasets, effectively discerning the conservation of highly ranked regions. The primary output of Motif-Cluster
comprises two files: the cluster-union file, which delineates which peaks or binding sites belong to the same cluster, and
the cluster-score file, presenting a ranked listing based on cluster scores.

To ensure reproducibility and transparency, Motif-Cluster includes all partial method variants used in the ablation anal-
yses. In addition, it generates diagnostic plots for validating the Gaussian mixture gap distributions and the peak intensity
distributions within each gap group.

Simulation functionalities in Motif-Cluster

Motif-Cluster implements two complementary simulation modules for generating synthetic transcription factor binding site
distributions for the purpose of cluster identification. The first mode directly simulates motif binding BED files that can be
immediately used as input for Motif-Cluster. In this mode, the simulated BED file records binding positions, motif intervals,
and binding intensity values according to user-defined cluster and gap distributions specified in a JSON configuration file.
Because the BED file represents the output of a motif scanning process, users do not need to explicitly generate genomic
sequences or motif instances. This lightweight simulation mode is intended for method development, parameter testing,
and ablation analysis.

To support benchmarking of external tools that require genomic sequence input, Motif-Cluster also provides a second
simulation mode called Genome File Simulation. In this framework, users provide a small sample BED file containing rep-
resentative motif sequences and associated binding intensities. The program then assembles synthetic (pseudo) genomic
sequences by inserting these motif sequences into randomly generated background DNA according to specified cluster
structures and gap distributions. This functionality enables generation of synthetic FASTA genomes suitable for end-to-end
motif analysis pipelines involving motif scanning followed by cluster detection.

In this study, we used both simulation modes. First, we generated BED file simulations using ZNF410 derived gap dis-
tributions for method ablation testing and optimization of the Motif-Cluster framework. Although the exact gap values are
not essential, real ZNF410 data were used to provide biologically realistic distributions. We repeated this simulation twice.
Second, to compare Motif-Cluster with external tools such as MCAST [23] and Cluster-Buster [24], we generated synthetic
genomic sequences using ZNF410 and PHB1 motif binding site examples. In these simulations, binding site patterns were
derived from real datasets, while the surrounding genomic sequences were randomly generated with embedded motif
sites. These two simulation strategies are described separately in the Results section.

Results
Simulations for Motif-Cluster method ablation test

To evaluate the performance of Motif-Cluster in identifying motif binding site clusters, we designed a simulation framework
that generates synthetic input data resembling real motif scanning outputs in bed format. Pseudo-genomic coordinates
were generated along a linear region spanning positions 1-300,000, mimicking a chromosome-scale sequence. Within
this region, motif binding sites were simulated based on ten distinct cluster types, each defined by gap patterns whose
mean and variance were derived from real ZNF410 binding data (S2 Table). For each simulated cluster, a cluster type was
first sampled from these Gaussian mixture-based gap groups, followed by the random selection of the number of binding
sites per cluster, ranging from 1 to 20. Each binding site was assigned a random p-value within the range of 10-° to 103,
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reflecting the binding affinity distribution observed in real ZNF410 motif scanning results. Inter-site gaps within clusters
followed the selected Gaussian gap model, while gaps between clusters were sampled either from the same Gaussian
groups or set to values greater than 500 bp to represent non-clustered regions. Binding site coordinates were generated
as genomic intervals by extending fixed-width regions from randomly chosen central positions.

Using the simulation procedure described above, we obtained approximately 140 clusters. We first performed ablation
tests by evaluating partial implementations of the algorithm and multiple method variants. Across all tests, the final version
of Motif-Cluster (method d) consistently produced cluster distributions that most closely matched the ground-truth simu-
lated clusters. In one of the visualized regions, the complete Motif-Cluster implementation (method d) clearly distinguishes
four homogeneous binding clusters within the locus, demonstrating improved separation compared to partial or baseline
approaches (S2 Fig).

Methods that did not incorporate binding intensity or minimum cluster size tended to generate an excessive number of
small clusters, failing to capture biologically meaningful clusters composed of weak but repetitive binding sites. In contrast,
incorporating multiple binding gap patterns together with the final merging step substantially improved cluster recovery,
enabling the identification of reasonable and coherent clusters that better reflect the underlying simulated regulatory struc-
tures. We also evaluated the potential impact of the minimum total weight used as the cluster threshold in the program (by
changing the min_samples parameter in the program). Although varying this parameter led to different outcomes, our tests
indicate that “min_samples” of 14 achieves the optimal performance, while the default value of 8 remains broadly accept-
able in identifying big but reasonable size clusters.

The simulation framework is fully configurable through a JSON configuration file, allowing users to flexibly adjust
Gaussian distribution parameters, chromosomal region length, cluster size ranges, p-value intervals, and inter-cluster gap
interval widths. This design enables the simulation to be adapted to diverse transcription factors, motif properties, and
experimental scenarios.

Rediscovery of ZNF410 binding clusters in human and mouse CHD4 promoters

ZNF410 is a recently identified key transcription factor involved in regulating fetal hemoglobin expression [13,14] and rep-
resents one of the few well-validated examples in which clustered binding sites define a functional regulatory region. Cut-
and-run experiments have demonstrated conserved ZNF410 binding site clusters at the CHD4 promoter in both human
and mouse genomes. Computationally, motif scanning reveals that ZNF410 motif matches are widespread across human
chromosome 12 (hg19) and mouse chromosome 6 (mm10). Despite this pervasive distribution, Motif-Cluster successfully
recovers the previously characterized CHD4 promoter cluster (Fig 2A and 2B). Although numerous putative binding sites
are detected genome-wide, Motif-Cluster prioritizes the CHD4 region as the top-ranked regulatory cluster based on inte-
grated cluster size and affinity scoring (Fig 2C and 2D; Table 2). Furthermore, Motif-Cluster can be readily applied to other
chromosomes to prioritize candidate regulatory regions. We demonstrated this by analyzing human chromosomes 11, 6,
and the Y chromosome without incorporating experimental binding data (Figs 3 and S3).

To further evaluate performance, we compared the full Motif-Cluster implementation (method “d”) with several variants,
including the original DBSCAN approach (method “a”), versions with or without peak intensity weighting, and versions with
or without the merging step (Fig 1). The complete Motif-Cluster framework produced fewer, more coherent clusters while
maintaining a runtime comparable to standard DBSCAN. Importantly, the experimentally validated CHD4 promoter region
ranked second among 58,606 clusters (Table 2), whereas none of the alternative methods placed this known regulatory
region as highly. These results indicate that integrating peak intensity with group-based DBSCAN substantially improves
prioritization of biologically meaningful clusters. It is noticeable that many potential clusters from this work do not have
known functions yet. In addition, Motif-Cluster generated 46% of clusters with size three, whereas the alternative methods
predominantly produced singletons (Table 3). This demonstrates that combining affinity weighting with gap-group model-
ing enhances detection of true binding site clusters rather than isolated motif occurrences.
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Fig 2. ZNF410 binding clusters at the CHD4 promoter in human and mouse. (A) Motif-Cluster results across the human CHD4 promoter region
(chr12: 6,716,600-6,724,000; hg19), showing partial results and final clusters. (B) Cluster score (blue) and cluster size (red) for the top 100 ranked
regions on human chromosome 12. (C) Motif-Cluster results across the mouse Chd4 promoter region (chr6: 125,087,000-125,097,000; mm10). (D) Clus-
ter score (blue) and cluster size (red) for the top 100 ranked regions on mouse chromosome 6. Each color in the cluster panels represents an individual

cluster.

https://doi.org/10.1371/journal.pcbi.1014639.9002

Table 2. Methods comparison in Motif-Cluster framework for ZNF410 cluster discovery.

Method Description Total number of Running time for | Running time for | Rank of the CHD4
clusters step1 step2 promoter region

a DBSCAN with neighborhood 153,758 1838 sec 382 sec 14

b1 No peak intensity, no cluster merge 210,797 6119 sec 856 sec 20

b2 No peak intensity, with cluster merge 139,379 7177 sec 798 sec 21

c With peak intensity, no cluster merge 139,833 1558 sec 395 sec 8

d (Motif-Cluster) With peak intensity, with cluster merge 58,606 1889 sec 395 sec 2

https://doi.org/10.1371/journal.pcbi.1014639.t002

Noise level tolerance testing with human ZNF410 binding sites

We generated ZNF410 binding sites with p-values p<0.001 to represent high-affinity binding sites. However, determining
the optimal p-value threshold for confident binding scores can be challenging for many transcription factors. Moreover,
lower binding scores may play a functional role, particularly in the formation of larger clusters. We also created binding
site lists with p<0.005, and a high-noise version with p<0.01. Upon examination (Fig 4), we find that the top 20 significant
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https://doi.org/10.1371/journal.pcbi.1014639.g003

regions in the high-affinity result (p<0.001) are well-preserved overall. Specifically, 7 out of the top 20 regions in p<0.001
are retained in the p<0.01 dataset, and 9 out of the top 20 regions in p<0.001 are preserved in the p<0.005 dataset.
This indicates that while an increase in potential noise levels may have some impact, it is not overly significant, given that
our Motif-Cluster method takes into account both binding affinity and cluster patterns. It is important to notice that these
p-value thresholds are applied to the initial motif binding sites rather than the final cluster predictions. As additional motif
sites or even noises are introduced under more relaxed thresholds, the gap distributions, cluster boundaries, union-split-
merge operations, and cluster scores may all change, resulting in different cluster rankings. Therefore, the final top-
ranked clusters are not expected to remain identical (or complete one-to-one preservation) across different motif-calling
thresholds, even though the underlying motif sites from stricter thresholds (p<0.001) are included within the more relaxed
cases (p<0.005 and p<0.01). Nevertheless, the overlap among highly ranked clusters (such as top 20 identified clusters)
suggests that Motif-Cluster is reasonably robust to moderate changes in motif-calling thresholds.
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Table 3. Number of clusters for different cluster size and their percentages using methods.

Cluster size / Method a a (%) b1 b1 (%) b2 b2 (%) c c (%) d d (%)
1 104990 68.283 195980 92.971 60053 43.086 95107 68.015 12257 | 20.914
2 32763 21.309 13559 6.432 71870 51.564 10432 7.460 11858 20.233
3 10751 6.992 1083 0.514 6676 4.790 27362 19568 | 27443 | 46.826
4 3400 2.211 116 0.055 642 0.461 5895 4.216 5987 10.216
5 1158 0.753 23 0.011 89 0.064 790 0.565 807 1.377
6 413 0.269 5 0.002 10 0.007 174 0.124 177 0.302
7 144 0.094 5 0.002 9 0.006 31 0.022 32 0.055
8 58 0.038 7 0.003 10 0.007 15 0.011 17 0.029
9 23 0.015 4 0.002 4 0.003 10 0.007 10 0.017
10 9 0.006 3 0.001 4 0.003 4 0.003 5 0.009
>10 49 0.032 12 0.006 12 0.009 13 0.009 13 0.022
total 153758 100% 210797 100% 139379 100% 139833 100% 58606 100%

https://doi.org/10.1371/journal.pcbi.1014639.t003
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Fig 4. Comparison of top 100 ranked ZNF410 clusters under different motif binding affinity (p-value thresholds). (A) Rank comparison between
clusters identified using stringent motif scanning (p-value <0.001) and a relaxed threshold (p-value <0.01) on human chromosome 12. (B) Rank compari-
son between clusters identified using p-value <0.001 and p-value <0.005 thresholds.

https://doi.org/10.1371/journal.pcbi.1014639.g004

Visualization at human CHD4 promoter region

We can now generate a comprehensive clustering comparison figure using the CHD4 promoter region (Fig 5). It is evi-
dent that when employing only DBSCAN (first row), there is an excessive clustering of certain binding sites that do not
exhibit consistent gap ranges. However, with the incorporation of gap analysis, the other methods produce more refined
clusters with comparable gap patterns. The third and fifth rows take merging into account, allowing for the elimination
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https://doi.org/10.1371/journal.pcbi.1014639.9005

of some singletons and the expansion of clusters. The last two rows incorporate peak intensities, effectively removing
low-affinity sites with insufficient cluster sizes. Ultimately, our Motif-Cluster favors the approach that considers both gap
groups and peak intensity, prioritizing the refinement of clusters around chr12 6717000—-6718000 and around 6723000,
which is consistent with the previous studies [13,14]. Motif-Cluster supports other types of plots (see readme document
of the software), such as score and rank curve, gap distributions, to help evaluate the clustering sites and calculations
manually.

More cases: PHB1, EGR1 and TWIST1 in human genome

PHB1 plays an important role in inhibiting Wnt/beta-catenin signaling through induction of Axin1 expression [40]. However,
the PHB1 binding motif is highly degenerate and broadly distributed, making it challenging to pinpoint functional regulatory
sites using motif scanning alone. Our approach addresses this challenge by identifying conserved binding clusters formed
by degenerate motifs near regulatory regions. Specifically, we investigated the previously reported RGYYY motif (R=A/G,
Y =C/T) by systematically searching for double RGYYYNRGYYY occurrences across the genome. Using FIMO on the
human genome (hg19), we identified all candidate binding sites on chromosome 16, where AXIN1 is located. These
regions were ranked based on motif repetitiveness and predicted binding affinity, and loci overlapping repetitive genomic
elements were filtered to retain nontrivial candidates. Specifically, Motif-Cluster identified two significant clusters near the
AXIN1 transcription start site (chr16:402657—402694; cluster size=4;) (Fig 6A), consistent with previously reported regu-
latory regions whose functional relevance was validated by RNA-seq analysis [40]. The AXIN1 case study demonstrates
that for highly degenerate motifs, where individual binding sites are often false positives, clustering substantially improves
detection of biologically meaningful regulatory regions by enhancing robustness, improving ranking, and reducing
single-site noise.
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https://doi.org/10.1371/journal.pcbi.1014639.g006

We further explored EGR1, a transcription factor shown in multiple studies to bind consecutively across promoter
regions and influence gene regulation [7,28]. In the MCM7 promoter on chromosome 7, EGR1 shows a pattern of spatially
clustered binding sites as well as isolated strong motifs, consistent with reports that such clusters can collectively contrib-
ute to regulatory activity. Using genome-wide motif scanning, Motif-Cluster identifies these adjacent EGR1 motif occur-
rences as a coherent cluster across the MCM7 promoter (Figs 6B and S4), highlighting regions of concentrated binding
potential.

TWIST1 is a dosage-sensitive transcription factor with well-established roles in development and cancer, and previ-
ous work has shown that it directly regulates the PTCHD4 enhancer [8]. In the PTCHD4 locus on human chromosome
6, motif scanning reveals multiple, adjacent low-affinity TWIST1 binding sites spanning approximately chr6:48,472,953—
48,473,651 (Fig 6C). Although individual motif matches are relatively weak, their close spatial arrangement suggests
a clustered regulatory architecture. The detected motif clusters on chromosome 6 (chr6:48,472,983-48,473,484) and
chromosome 8 (e.g., chr8:41,338,016—41,339,065 and chr8:123,232,060-123,232,824) are consistent with experimentally
measured regulatory activity, as reflected by corresponding ATAC_EDS0 and Luciferase_EDS0 values (S3 Table). In both
regions, clusters with higher Motif-Cluster scores align with loci showing functional enhancer activity, supporting the con-
cordance between sequence-based clustering predictions and experimental validation. Using Motif-Cluster, these proxi-
mal TWIST1 motif occurrences are grouped into a coherent cluster, highlighting a region of concentrated binding potential
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that corresponds with the reported functional enhancer. This observation illustrates how aggregating weak motif signals
into clusters can reveal biologically relevant regulatory elements that may be overlooked when considering single sites in
isolation.

Comparison with existing Motif Cluster tools

To further evaluate Motif-Cluster, we compared our method with two representative motif cluster analysis tools in com-
mand line mode: MCAST [23] from the MEME Suite (meme-5.5.9, November 22, 2025) and Cluster-Buster [24] (git
commit: 06fee8b, September 27, 2024). Both tools are widely used for detecting locally enriched transcription factor motif
regions from sequence data. Since neither MCAST nor Cluster-Buster directly accepts BED-formatted motif binding files
as input, we extended the Motif-Cluster simulation framework to generate synthetic FASTA genomes together with embed-
ded motif clusters for benchmarking purposes.

Simulation case A. Using real ZNF410 binding sites from a BED file, we generated a synthetic genomic sequence of
300,000 bases containing 114 simulated motif clusters assembled from embedded binding sites. We then applied Motif-
Cluster, Cluster-Buster, and MCAST using the same motif model (JASPAR Core 2020 MAQ0752.1) and the same synthetic
FASTA genome. We attempted to optimize parameters across all methods to minimize differences introduced during motif
calling; however, because Cluster-Buster and MCAST implement their own internal motif scanning and preprocessing
strategies, the comparison may not be entirely equivalent. Under these conditions (S4 Table), Motif-Cluster achieved an
average precision of 92.53% and recall of 84.95%, together with a motif calling rate of 99.92%. Cluster-Buster achieved
the highest precision (97.03%) but substantially lower recall (47.53%) and a lower motif calling rate (26.69%), indicating
a more conservative detection strategy. MCAST showed an average precision of 89.68% and recall of 33.33%, with a
motif calling rate of 80.54%. Motif-Cluster generates cluster size distributions more similar to the simulated ground-truth
distribution, achieving lower cosine distance (0.2344) and Euclidean distance (37.2028) compared with Cluster-Buster
and MCAST.

Simulation case B. We generated an additional simulation dataset using the degenerate PHB1 motif sequence
‘RGYYYNRGYYY” to represent a noisier and lower-affinity binding scenario compared with ZNF410. Using the provided
PHB1 binding site sequences, we constructed a synthetic genomic sequence of 300,000 bases containing 131 simulated
motif clusters. Motif-Cluster, Cluster-Buster, and MCAST were then applied to the same synthetic genome and motif inputs
for comparison. In this setting, Motif-Cluster achieved an average precision of 96.14% and recall of 73.22% (S5 Table),
while having all binding sites clustered. Cluster-Buster achieved lower precision (54.06%) and moderate recall (62.32%),
whereas MCAST produced high precision (92.50%) but substantially lower recall (33.86%). Compared with the ZNF410
motif simulation, this dataset provides a fairer comparison because the simpler degenerate motif reduces discrepancies
caused by motif scanning implementations, even though each tool still applies different internal motif-calling and cluster-
detection strategies. Overall, Motif-Cluster maintained the best balance between precision and recall under this weak and
noisy motif clustering scenario, demonstrating robustness in detecting biologically relevant motif clusters from degenerate
sequence patterns. The lower cosine and Euclidean distances between Motif-Cluster predictions and the simulated cluster
distribution demonstrate that Motif-Cluster more accurately recovers the expected motif cluster structures compared with
Cluster-Buster and MCAST.

Znf410 case study. we applied Cluster-Buster and MCAST to human chromosome 12 (hg19) using the ZNF410
motif MA0752.1 and compared the resulting motif clusters with Motif-Cluster (S5 Fig). Since Cluster-Buster identified
2,295 clusters, we summarized the cluster size distributions for the top 2,295 clusters across all three methods (S5A Fig).
Although no genome-wide ground truth exists for all predicted ZNF410 clusters, several clear differences were observed
among the methods. Motif-Cluster identified clusters spanning a broad range of cluster sizes, indicating its ability to
capture both compact and extended motif cluster structures. MCAST also produced diverse cluster sizes, although with
a stronger preference toward smaller clusters. In contrast, Cluster-Buster generated predominantly singleton clusters,
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with only a few larger clusters detected. To further compare the methods, we calculated the overlap among the top

N ranked clusters between Motif-Cluster and the other tools (S5B Fig). Motif-Cluster and MCAST showed relatively
consistent clustering behavior among the highest-ranked regions, particularly within the top 20 clusters, suggesting that
both methods recover several common strong motif cluster signals. However, as more clusters were included, the overlap
gradually diverged, indicating increasing methodological differences in lower-ranked predictions. By comparison, Cluster-
Buster produced substantially different clustering results overall, with much lower overlap against Motif-Cluster across the
ranked cluster sets.

Discussion

The incorporation of both gap and affinity considerations in Motif-Cluster represents a significant advancement, as it obvi-
ates the need to exclude low-affinity binding sites. This is particularly useful, as even these low-affinity repetitive binding
sites may harbor functional relevance, potentially acting as critical resources for transcription factor binding or indicating
functionally significant genomic regions. This new approach broadens the scope of potential regulatory elements, enrich-
ing our understanding of transcriptional regulation. Many recent case-by-case studies on weak binding clusters further
underscore the importance and necessity of our approach.

Motif-Cluster requires slightly more computational time for the cluster and merge step compared to the score and rank
phase (S6 Fig). Future efforts should focus on optimizing the efficiency of these bottleneck functions within the clustering
and merging processes by using BEDTools or pybedtools in a multi-process way [36,41]. Optimizing these operations by
local dependency of the binding sites and conduct a genomic segment-wise parallel computing would further enhance the
tool’s overall performance and expeditiousness.

One of the strengths of Motif-Cluster lies in its reliance solely on sequence data, without the need for experimental
support. This is advantageous, particularly for transcription factors where conducting ChlP-seq experiments may be
challenging, either due to antibody compatibility issues or the absence of a reliable global binding assay. Motif-Cluster’s
robustness against noise allows for the utilization of even simple or degenerated motifs to generate an initial set of binding
sites, subsequently enabling the prioritization of regulatory regions. While this stands as a significant advantage, future
integration with experimental data, such as ChlP-seq [11,42] (and ChlIP-seq databases such as GTRD [43] and Cistrome
[44,45]), DNase-seq [45-53], and cut and run (cut and tag) assays [54—56], holds the potential to refine region prioriti-
zation; but we are not trying to re-develop an enrichment tool for omics experiments in this study. As a future interesting
data resource, predicted motif clusters from Motif-Cluster can be intersected or co-displayed with experimental datasets
mentioned above to further annotate TF occupancy evidence.

Importantly, Motif-Cluster is not limited solely to the prioritization of clusters with low affinities. It is also identifying
crucial regions with single or few high-affinity binding sites, or a mixture of high or low affinity sites. This versatility ensures
that the method remains applicable across a wide range of binding scenarios, underscoring its robustness and effective-
ness in uncovering transcription factor regulatory regions, regardless of binding affinity. For parameter selection from the
user’s perspective, we recommend beginning with the default settings (such as choice of minimum cluster intensity), as
the method generally shows stable performance across a reasonable range of parameter choices. Users working with
shorter or highly degenerate motifs may consider using more stringent thresholds to improve specificity, whereas more
relaxed settings may help recover weaker but potentially cooperative motif binding clusters.

Motif-Cluster also provides several useful utility functions, particularly its simulation modules, which represent another
unique strength of the framework. The package supports both direct BED-file simulation and synthetic genome genera-
tion, enabling reproducible benchmarking and comparison with external motif clustering tools. Given the limited number
of experimentally validated motif clusters, the simulation functions provide a practical way to evaluate clustering behavior
across diverse motif architectures, including weak and degenerate motifs. Currently, Motif-Cluster supports one transcrip-
tion factor at a time, while combinatorial multi-transcription-factor clustering analysis remains a direction for future work.
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One limitation of this study is that only a small number of experimentally validated functional motif binding clusters are
currently available, restricting large-scale validation of Motif-Cluster across many confirmed regulatory regions, except
by the simulation. In addition, any potential false positives largely originate from motif scanning itself rather than from the
clustering framework, as Motif-Cluster focuses on spatial organization and ranking; false binding sites are generally depri-
oritized through affinity and clustering criteria as outliers. Nevertheless, the strength of Motif-Cluster lies in its sequence-
based design, which enables systematic exploration of motif clusters even in the absence of large-scale experimental
datasets.

Another limitation of this study is the comparison with existing motif clustering tools. Only a limited number of published
methods remain easily accessible and reproducible through command-line implementations. In addition, these tools use
different internal motif binding site calling and preprocessing strategies, making it difficult to fully standardize the number
and distribution of detected binding sites for fair downstream cluster comparison. Nevertheless, based on both simulation
datasets and real ZNF410 analyses, we observed that Motif-Cluster generally produces clustering results comparable to
MCAST, particularly among highly ranked regions, whereas Cluster-Buster tends to generate substantially different clus-
tering patterns.

Conclusion

By integrating density-based clustering with flexible gap modeling and affinity weighting, Motif-Cluster provides a practi-
cal framework for clustering and ranking transcription factor regulatory regions directly from sequence data. This enables
computational researchers to systematically prioritize candidate regulatory clusters genome-wide, even in the absence of
experimental binding assays. For experimental biologists, Motif-Cluster offers a focused strategy to identify high-
confidence regions for validation, accelerating hypothesis generation and study design. Together, these capabilities make
Motif-Cluster a valuable tool for discovering previously overlooked regulatory elements and advancing our understanding
of transcriptional regulation.
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S3 Fig. Binding cluster patterns for ZNF410 in Human genome chr1i1.
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$4 Fig. Binding cluster patterns for EGR1 in Human genome chr7.
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S5 Fig. Running external motif clustering tools on ZNF410 motif and human genome chromosome 12. (A) Clus-
ter size distribution from three tools outputs (B) Comparison of overlapped motif cluster counts among the top N clusters
across tools.
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