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 12 
Abstract 13 
Understanding how the three-dimensional (3D) organization of chromatin shapes gene regulation 14 
requires moving beyond pairwise contacts to capture higher-order interactions among multiple 15 
genomic loci. Although emerging experimental techniques such as Pore-C provide snapshots of such 16 
multi-way interactions, their limited coverage and inherent sparsity hinder systematic 17 
characterization and cross-cell-type generalization. Here we present PHOCI (Predictor of Higher-18 
Order Chromatin Interactions), a computational framework for probabilistic modeling of multi-way 19 
chromatin interactions directly from Hi-C and epigenomic data. Across multiple cell lines, PHOCI 20 
successfully captures experimentally observed interactions from challenging negative 21 
configurations and generalizes to previously uncharacterized cell types. The framework further 22 
enables generation of realistic multi-way interaction datasets and identification of recurrent multi-23 
locus regulatory modules through association rule mining. Notably, at the MYB locus in K562 cells, 24 
predicted enhancer combinations exhibit non-additive, synergistic effects on gene expression, as 25 
validated by CRISPR interference experiments, providing direct evidence that higher-order 26 
interactions encode regulatory logic beyond pairwise contacts. By transforming sparse pairwise 27 
measurements into a probabilistic representation of higher-order chromatin architecture, PHOCI 28 
bridges a key gap in genomic modeling and provides a scalable foundation for studying the multi-29 
body regulatory principles underlying genome function. 30 
 31 
Introduction 32 
Chromatin is a dynamic, hierarchically organized polymer whose three-dimensional (3D) 33 
architecture is fundamental to gene regulation, genomic stability, and cellular identity1–4. While 34 
conventional models focus on linear annotations or pairwise contacts, emerging evidence suggests 35 
that multi-way interactions, i.e., simultaneous contacts among multiple genomic loci, function as 36 
the definitive units of transcriptional control5–8. Our recent theoretical model and related works 37 
further demonstrated that such multi-way interactions are pervasive throughout the genome and are 38 
intimately linked to major features of chromatin organization9–11.  39 

 40 
Despite their biological importance, systematically characterizing higher-order chromatin 41 
interactions remains a major challenge. Emerging technologies such as Tri-C12, Pore-C13,14, ChIA-42 

Drop15, and SPRITE16 provide high-resolution snapshots of these assemblies, yet they are often 43 
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constrained by substantial experimental costs, technical complexity, and incomplete genomic 1 
coverage. Because multi-way interactions exist in a significantly higher-dimensional space than 2 
two-body contacts, experimental sampling is naturally sparse, making it difficult to systematically 3 
distinguish functional regulatory hubs from incidental spatial proximity. Moreover, current 4 
experimental datasets lack a systematic probabilistic framework, limiting their utility for 5 
quantitative modeling and cross-cell-type generalization. 6 
 7 
In parallel, artificial intelligence (AI) has emerged as a powerful paradigm for modeling biological 8 
systems. The success of AlphaFold17–19 highlights the ability of deep learning to extract complex 9 
patterns from large-scale data. At the same time, there is growing interest in building an AI-driven 10 
“virtual cell”20,21, capable of predicting cellular behavior from molecular and genomic information. 11 
However, a substantial gap remains between these two levels: while molecular structure prediction 12 
has achieved remarkable accuracy, predictive modeling of cellular behavior remains limited. 13 
Bridging this gap requires accurate modeling of genome regulation, as the genome forms the central 14 
layer linking molecular interactions to cellular function. In this context, genomic prediction 15 
represents a critical intermediate step. 16 
 17 
Existing computational approaches have begun to address aspects of this problem22–30. Models such 18 
as AlphaGenome31 demonstrate that deep learning can infer chromatin features and contact maps 19 
from large-scale data, while widely used frameworks such as the Activity-by-Contact (ABC) 20 
model32 provide practical tools for linking enhancers to target genes. However, these approaches are 21 
largely pairwise-centric and typically lose predictive power beyond short genomic distances (<100 22 
kb) 31,32. These limitations highlight a fundamental gap between current predictive models and the 23 
true complexity of genome organization. Chromatin regulation is not merely a collection of 24 
independent pairwise contacts, but a higher-order system composed of combinatorial, multi-locus 25 
assemblies. Capturing this complexity requires a transition from pairwise representations to 26 
probabilistic modeling of higher-order interactions, alongside computational strategies that can 27 
overcome the sparsity and biases of experimental data. 28 
 29 
Here we address this challenge by introducing PHOCI (Predictor of Higher-Order Chromatin 30 
Interactions), a computational framework for predicting multi-way chromatin interactions directly 31 
from widely available Hi-C33 and epigenomic data. We represent the genome as a cis-topological 32 

graph derived from Hi-C, in which nodes correspond to genomic bins and edges encode pairwise 33 
contacts. Within this framework, multi-way interactions are represented as hyperedges, and biased 34 
random walks are used to efficiently sample candidate multi-locus configurations, enabling scalable 35 
exploration of the combinatorial interaction space. We then develop a graph neural network based 36 
on GraphSAGE34 to encode genomic loci by integrating chromatin topology with epigenetic 37 
features. Candidate interactions are evaluated through an embedding aggregation scheme to predict 38 
the probability of simultaneous interactions among multiple loci, providing a probabilistic 39 
description of higher-order chromatin organization. Notably, PHOCI does not require 40 
experimentally measured multi-way interactions as input; instead, it is trained using experimentally 41 
derived positives alongside carefully designed hard negative samples, enabling the model to learn 42 
discriminative features of biologically meaningful configurations. This design supports generation 43 
of realistic multi-way interaction datasets for previously uncharacterized cell types. 44 
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 1 
Furthermore, by coupling these predictions with association rule mining, we identify recurrent 2 
multi-locus enhancer–promoter modules, offering a transformative lens for dissecting the functional 3 
logic of the genome. Notably, these regulatory predictions are supported by experimental validation. 4 
For example, at the MYB locus in K562 cells, our model predicts specific multi-way interactions 5 
involving distinct combinations of distal enhancers. Using CRISPR interference (CRISPRi)35, we 6 
demonstrate that simultaneous perturbation of selected enhancer pairs leads to non-additive, 7 
synergistic effects on MYB transcription, consistent with the predicted multi-way regulatory 8 
configurations. These results highlight the ability of our framework to uncover functionally relevant 9 
higher-order regulatory logic that is not accessible through pairwise models. 10 
 11 
Together, our work establishes a scalable and interpretable framework for reconstructing the 12 
probabilistic, higher-order architecture of chromatin, bridging the gap between sparse experimental 13 
measurements and the combinatorial complexity of genome regulation. By enabling prediction and 14 
analysis of multi-way interactions across cell types, this approach provides a critical step toward 15 
comprehensive genomic modeling and advances the broader goal of predictive, AI-driven biology. 16 
 17 
Overview of the PHOCI framework 18 
To capture the combinatorial complexity of higher-order chromatin organization, we developed 19 
PHOCI (Predictor of Higher-Order Chromatin Interactions), an integrated computational 20 
framework that combines graph representation learning34,36, stochastic sampling and association rule 21 

mining to reconstruct the probabilistic landscape of multi-way interactions (Fig. 1a). Starting from 22 
Hi-C–derived cis-topological graphs, in which genomic loci (5 kb bins) are represented as nodes 23 
and chromatin contacts as edges, we formulate multi-way interaction prediction as a graph-based 24 
learning problem and employ a constrained random walk–based sampling strategy to efficiently 25 
explore the combinatorial interaction space without requiring Pore-C data as input (Fig. 1b). 26 
Candidate multi-locus interaction sets generated in this manner are evaluated by a GraphSAGE-27 
based34 graph neural network that learns latent node embeddings from epigenomic features, 28 
including histone modifications and transcription factor occupancy, capturing both local regulatory 29 
states and their broader genomic context. These embeddings are processed through an embedding 30 
sampling and aggregation scheme to derive interaction-level descriptors, which are subsequently 31 
scored by a multilayer perceptron to prioritize high-confidence multi-way interactions. The model 32 
is trained using experimentally derived Pore-C interactions as positives together with structured 33 
negative sampling strategies that enforce discrimination across different levels of topological 34 
similarity. To further extract biologically interpretable regulatory patterns, we integrate an 35 
association rule mining framework centered on gene transcription start sites (TSS), applying the 36 
Apriori algorithm37 to model-predicted interactions with distance-aware background controls to 37 
identify enriched multi-way interaction rules. Together, PHOCI provides a scalable and unified 38 
framework for the prediction and systematic characterization of higher-order chromatin 39 
organization. Further details are provided in the Methods section. 40 

 41 
PHOCI distinguishes higher-order chromatin interactions from high-dimensional noise 42 
Having established the PHOCI framework, we next evaluated its ability to identify authentic multi-43 
locus assemblies within complex genomic environments. We benchmarked the model using three 44 
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increasingly stringent negative sampling strategies: Sized (SNS), Motif (MNS), and Clique 1 
Negative Sampling (CNS) (Fig. 1c–f) 38,39. While SNS and MNS capture coarse structural constraints 2 

and genomic distance biases, CNS provides a stringent test by replacing a single node in an 3 
experimentally derived Pore-C cluster with a decoy node that preserves pairwise contacts with all 4 
neighbor nodes but disrupts higher-order coherence. Across validation, intra-cell line, and inter-cell 5 
line test sets, PHOCI achieved consistently high performance, with strong Area Under the ROC 6 
Curve (AUC) and Average Precision (AP) scores40,41 (Fig. 2a–c; Supplementary Table 6). These 7 
results demonstrate robust discrimination between true multi-way interactions and structurally 8 
plausible but functionally inconsistent configurations across both GM12878 and K562 cell lines. 9 
 10 
To further dissect the model’s decision-making, we analyzed its response to CNS perturbations 11 
across interaction orders (three- to six-way interactions; Supplementary Fig. 2a–c). While predicted 12 
probabilities generally scaled with inverse genomic distance, consistent with the polymer nature of 13 
chromatin folding, distance alone was insufficient to explain PHOCI’s predictions. We identified 14 
multiple “epigenetic override” cases in which the model rejected spatially closer configurations in 15 
favor of more distal loci with distinct epigenomic characteristics (Supplementary Fig. 2h–j). For 16 
example, in a three-way interaction (bins 780–782–659), replacing an active POLR2A-enriched 17 
locus with a closer H3K9me3-marked region substantially reduced the predicted probability. 18 
Similarly, in four- and five-way assemblies, substitutions that altered enhancer-associated signals 19 
(H3K27ac and ATAC-seq) or architectural features (CTCF binding) consistently led to marked 20 
decreases in predicted interaction probability. Notably, these prediction shifts could not be readily 21 
explained by any single epigenetic feature, nor by simple combinations of known chromatin marks. 22 
Instead, they suggest that PHOCI learns complex higher-order representations that integrate 23 
chromatin topology with epigenomic context. Together, these results indicate that PHOCI leverages 24 
both epigenetic information and distance-derived topological constraints to predict multi-way 25 
chromatin interactions. More broadly, they highlight the intricate and largely unresolved nature of 26 
the epigenetic encoding underlying higher-order genome organization, suggesting that predictive 27 
patterns governing multi-way chromatin interactions may extend beyond current biological intuition 28 
and mechanistic frameworks. 29 
 30 
PHOCI generalizes across genomic contexts and captures multiscale chromatin organization 31 
We next assessed the robustness of PHOCI across chromosomes, cell types, and interaction 32 
complexities. Model performance remained stable across all autosomes in both intra- and inter-cell 33 
line evaluations (Fig. 2d–f), with only a modest decrease observed on the X chromosome, likely 34 
reflecting its distinct epigenetic landscape and absence from the training set (Supplementary Fig. 3–35 
5). 36 
 37 
Analysis across interaction orders revealed distinct trends depending on the sampling strategy. For 38 
SNS and MNS, performance improved with increasing interaction order, as higher-dimensional 39 
configurations diverge more strongly from random expectations. In contrast, CNS becomes 40 
progressively more challenging at higher orders, as single-node substitutions represent smaller 41 
perturbations to the overall interaction set. Despite this, PHOCI maintained good predictive 42 
accuracy (Fig. 2g–i), demonstrating its ability to resolve subtle differences in high-dimensional 43 
interaction space. Moreover, predicted probabilities showed strong correlation with experimental 44 
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contact frequencies (Fig. 2j), supporting the quantitative fidelity of the model. Furthermore, a high 1 
consistency in prediction scores between the intra- and inter-cell line models highlights PHOCI’s 2 
robust generalizability, underscoring its potential to effectively predict multi-way interactions in 3 
uncharacterized cell lines using only baseline genomic and epigenetic inputs (Fig. 2k). 4 
 5 
To probe the internal representations learned by PHOCI, we analyzed latent embeddings derived 6 
from the GraphSAGE encoder. Dimensionality reduction using UMAP42,43 revealed clear 7 
segregation corresponding to A/B chromatin compartments (Fig. 3a, e). K-means Clustering 8 
analysis44 further demonstrated that these embeddings recapitulate hierarchical chromatin structures, 9 
with large clusters corresponding to topologically associating domains (TADs) and smaller clusters 10 
reflecting sub-TAD organization (Fig. 3d, h). These results indicate that PHOCI captures multiscale 11 
genome organization as an emergent property of its representation learning. 12 
 13 
PHOCI captures the functional coupling between higher-order chromatin interactions and 14 
transcriptional regulation 15 
We next investigated whether PHOCI’s predictions reflect functional regulatory states. Across the 16 
genome, high-probability multi-way interactions were significantly enriched for active enhancer 17 
signatures and highly expressed genes45,46 (Fig. 4a–d). To assess the model's sensitivity to cellular 18 
context, we compared standardized expression values and ChromHMM states47,48 across cell lines. 19 
We observed that PHOCI consistently assigns high probabilities to structural configurations that 20 
align with functional activity; specifically, the model's predictions closely track the observed 21 
biological transitions, maintaining its predictive power even when nodes shift from enhancer-rich 22 
to repressive states. 23 
 24 
At specific loci, PHOCI captures cell-type-specific regulatory contexts. For example, at the 25 
CRYBB2 locus, which is transcriptionally repressed in K562 cells, PHOCI assigned high probability 26 
to a multi-way assembly enriched for Polycomb-associated chromatin states. In contrast, in 27 
GM12878 cells, where CRYBB2 is active, the same configuration exhibited reduced probability, 28 
reflecting the underlying shift in epigenetic environment. Similarly, at the FBXO33 locus, 29 
interaction probability tightly tracked the dynamic shifts in  gene expression levels across cell 30 
types, with high-probability assemblies corresponding to enhancer-rich regulatory hubs, while 31 
mismatched scenarios—such as enhancer-rich states with low gene expression—consistently 32 
received low probabilities. Notably, these associations emerge despite the absence of gene 33 
expression data during model training, indicating that PHOCI implicitly captures functional 34 
regulatory logic from chromatin topology and epigenomic features alone (Fig. 4e–f). 35 
 36 
PHOCI enables de novo discovery and experimental validation of higher-order regulatory 37 
logic 38 
Leveraging its generalizability, we applied PHOCI to generate de novo multi-way interaction 39 
datasets in cell types lacking Pore-C data (A549, HepG2, and H1-hESC). Using biased random walk 40 
sampling followed by stringent probability filtering (P > 0.88), we identified stringently filtered 41 
interaction sets enriched in active regulatory regions (Supplementary Fig. 9), demonstrating the 42 
scalability of the framework for reconstructing higher-order chromatin architecture in previously 43 
uncharacterized systems. 44 
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 1 
We next sought to determine whether PHOCI can uncover functionally relevant regulatory modules. 2 
Focusing on the MYB proto-oncogene in K562 cells, a key regulator in leukemogenesis, we 3 
anchored our analysis at a genomic region proximal to the transcription start site and generated 4 
candidate multi-way interactions across the cis-topological graph. Applying Apriori-based 5 
association rule mining37 to high-confidence predictions (Fig. 5a), we identified recurrent higher-6 
order regulatory assemblies involving both proximal and distal regulatory elements. 7 
 8 
PHOCI revealed two dominant multi-way modules: (MYB promoter, Locus B, Locus C) and (MYB 9 
promoter, Locus A, Locus C). While Locus B corresponds to a known proximal regulatory element, 10 
Loci A and C are more distal and appear as weak or isolated signals in conventional pairwise contact 11 
maps. Notably, comparison with the widely used Activity-by-Contact (ABC) model32 showed that 12 
while ABC successfully identified the promoter–Locus B interaction, it failed to detect the distal 13 
Locus C or the upstream Locus A, highlighting the limitation of pairwise frameworks in capturing 14 
higher-order regulatory dependencies. 15 
 16 
Importantly, these multi-way assemblies are not readily accessible through conventional analysis or 17 
expert inspection. The pairwise contacts underlying these modules are often weak or statistically 18 
insignificant in Hi-C maps, and therefore do not stand out as candidate regulatory interactions. 19 
Moreover, the regulatory logic governing these assemblies cannot be attributed to any single 20 
epigenetic feature; instead, it emerges from a complex integration of multiple epigenetic signals and 21 
sequence-distance–dependent topological constraints. PHOCI effectively captures this high-22 
dimensional combinatorial effect, enabling the identification of regulatory modules that remain 23 
obscured under traditional pairwise or feature-centric analyses. 24 
 25 
To directly test the functional relevance of these predicted assemblies, we performed CRISPR 26 
interference (CRISPRi)35 experiments targeting Loci A, B, and C. Simultaneous perturbation of Loci 27 
B and C resulted in a pronounced reduction in MYB expression that significantly exceeded the 28 
additive effect of individual perturbations (Fig. 5e), indicating synergistic regulatory coupling. 29 
Similarly, co-perturbation of Loci A and C produced a strong synergistic repression of MYB 30 
transcription (Fig. 5c). In contrast, simultaneous perturbation of Loci A and B resulted in only 31 
additive effects (Fig. 5g), consistent with PHOCI’s prediction that this combination does not form 32 
a functional higher-order module. These results were reproducible across multiple sgRNAs (Fig. 5d, 33 
f, h; Supplementary Data), providing strong experimental validation of the model’s ability to 34 
distinguish functionally interdependent multi-way assemblies from independent pairwise 35 
interactions. 36 
 37 
Together, these findings demonstrate that PHOCI not only predicts higher-order chromatin 38 
interactions with high accuracy, but also reveals the combinatorial regulatory logic underlying gene 39 
expression, enabling the identification of functional multi-locus hubs that are inaccessible to 40 
traditional pairwise analyses. 41 
 42 
Discussion and conclusions 43 
In this study, we introduced PHOCI, a computational framework designed to transcend the inherent 44 
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limitations of sparse, pairwise genomic measurements by reconstructing the probabilistic landscape 1 
of multi-way chromatin interactions. Deciphering long-range, higher-order regulatory modes of 2 
gene regulation remains a central challenge in genome biology: while enhancer–promoter 3 
interactions are often studied as pairwise events, growing evidence suggests that gene expression is 4 
frequently governed by cooperative assemblies involving multiple distal elements. However, such 5 
higher-order structures are difficult to resolve experimentally and are largely inaccessible to 6 
conventional computational approaches. By representing the genome as a cis-topological graph and 7 
integrating multi-modal epigenetic features, PHOCI provides a principled approach to navigating 8 
this combinatorial space, enabling the inference of multi-locus regulatory assemblies without 9 
requiring direct multi-way experimental input. 10 
 11 
Importantly, PHOCI addresses a key gap left by existing modeling paradigms. Widely used methods 12 
such as the Activity-by-Contact (ABC) model32 are fundamentally limited to pairwise interactions 13 
and therefore cannot capture the cooperative or non-additive effects that arise in multi-element 14 
regulatory hubs. Similarly, recent sequence-based deep learning models, such as AlphaGenome31, 15 
excel at predicting local regulatory features from DNA sequence but do not explicitly model the 16 
topological coupling between multiple distal loci. As a result, both classes of approaches are 17 
inherently constrained in their ability to resolve long-range, higher-order regulatory logic. In 18 
contrast, PHOCI explicitly models multi-body interactions as first-class entities, allowing it to 19 
uncover regulatory modules that remain hidden when considering pairwise contacts or individual 20 
epigenetic features in isolation. 21 
 22 
Our results support a shift toward viewing genome regulation as an emergent property of high-23 
dimensional chromatin organization. The alignment of PHOCI’s latent representations with A/B 24 
compartments and topologically associating domains, together with the experimental validation of 25 
synergistic multi-way interactions at the MYB locus, demonstrates that the model captures 26 
biologically meaningful structure across scales. In particular, the observation that combinatorial 27 
perturbations produce non-additive effects provides direct evidence that higher-order chromatin 28 
assemblies encode functional regulatory logic beyond the sum of their pairwise components. These 29 
findings suggest that deep learning frameworks can begin to approximate the “epigenetic grammar” 30 
governing multi-locus coordination, advancing toward a predictive, systems-level understanding of 31 
genome function. 32 
 33 
Despite its predictive power, PHOCI also inherits limitations from both the underlying data and the 34 
modeling framework. We observed a “fragment-shifting” phenomenon, whereby predicted 35 
regulatory hubs are displaced by approximately 1–2 genomic bins (5–10 kb) from their precise 36 
functional locations. This likely reflects the biochemical constraints of proximity ligation assays, in 37 
which physically adjacent but functionally distinct fragments can be cross-linked and sequenced 38 
together. As PHOCI is trained on these data, it inevitably incorporates this spatial ambiguity. Future 39 
improvements may address this limitation by integrating higher-resolution sequence information or 40 
by developing deconvolution strategies that disentangle functional interactions from incidental 41 
spatial proximity. 42 
 43 
More broadly, the regulatory landscape of the genome involves layers of complexity that are not yet 44 
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fully captured. While PHOCI incorporates a diverse set of epigenetic features, it does not explicitly 1 
model transcription factor binding dynamics, enhancer RNA activity, or the dynamic behavior of 2 
transcriptional condensates, which may play an important role in driving multi-way genomic 3 
interactions. In addition, the current implementation operates at a 5-kb resolution, which is 4 
fundamentally constrained by the resolution of Hi-C data and may limit sensitivity to fine-scale 5 
regulatory features. At the same time, PHOCI models interactions within 5-Mb cis-topological 6 
subgraphs, enabling the capture of long-range regulatory dependencies that extend beyond the range 7 
of many existing approaches; further extending this contextual window may provide an avenue for 8 
resolving even larger-scale regulatory architectures. A practical limitation is that the current 9 
framework requires both Hi-C data and matched epigenetic profiles as input, which may not be 10 
readily available for all cell types or conditions. As with many deep learning approaches, 11 
interpretability also remains an open challenge. Although our analyses provide insight into the 12 
learned representations, a fully quantitative understanding of how specific features contribute to 13 
individual multi-way predictions remains to be established. 14 
 15 
Looking forward, PHOCI highlights the potential of artificial intelligence to address one of the most 16 
challenging problems in genome biology: the reconstruction of higher-order regulatory architectures 17 
from incomplete and noisy data. Future developments may extend this framework toward multi-18 
scale, foundation-model-like architectures that integrate sequence, epigenomic, and transcriptomic 19 
information, as well as single-cell variability. Such models could enable the systematic exploration 20 
of long-range, higher-order cis-regulatory interactions and their dynamic reorganization during 21 
development and disease. While PHOCI does not yet fully resolve the complexity of multi-locus 22 
regulation, it provides a concrete step toward this goal, demonstrating that AI-driven approaches 23 
can uncover regulatory principles that are difficult to access through experimental or analytical 24 
methods alone. 25 
 26 

Methods 27 
1. Deep learning model 28 

In order to discern and forecast potential multi-way interactions from a dataset generated 29 
through random walk sampling, we developed a deep learning model based on graph neural 30 
networks using PyTorch49 and PyTorch Geometric50. This model was specifically designed to capture 31 

complex relationships between nodes, as illustrated in Figure 1(a). 32 
Our model's network architecture incorporates the GraphSAGE Encoder module to perform 33 

graph convolution and encoding on input cis-topological subgraphs (consecutively along the DNA 34 
sequence for 1000 bins × 5kb, each bin is a node), obtaining hidden embeddings for each node. 35 
Specifically, the GraphSAGE Encoder consists of three GraphSAGE layers34. It processes features 36 
composed of 15 types of epigenetic modifications and transcription factor through a Linear layer to 37 
compute embeddings, which are then normalized. Sequentially, these embeddings are fed into the 38 
GraphSAGE layers, obtaining hidden embeddings for each node within the entire cis-topological 39 
subgraph. After that, the next step involves the Embedding Sampling and Aggregation (ESA) 40 
module for sampling and aggregating node embeddings with multi-way interactions. In this module, 41 
we extract the embeddings of a group of nodes to predict the existence of multi-way interactions. 42 
Subsequently, we perform dual aggregation on this set of hidden embeddings, aggregating 43 
maximum minus minimum values and averaging39. Next, by concatenating these aggregated results 44 
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and incorporating node count and sequence span distance, we construct final descriptors for these 1 
multi-way interactions. These descriptors are then inputted into a multi-layer perceptron to obtain 2 
the probability score of multi-way interactions occurring in this group of nodes. Further details of 3 
the specific structural configuration of the model can be found in Supplementary Table 1. 4 

For effective model training, the utilization of appropriate positive and negative samples was 5 
imperative. Positive samples consisted of multi-way interaction data, obtained from high-6 
throughput Pore-C experiments, between nodes on cis-topological subgraphs. In contrast, the 7 
selection of negative samples involved three distinct methods: Sized Negative Sampling (SNS), 8 
Motif Negative Sampling (MNS), and Clique Negative Sampling (CNS) 38,39. Specifically, SNS 9 

involved the random selection of k nodes to fill a set; MNS merged duplicates with a randomly 10 
related multi-way interaction to fill a set of size k, while CNS replaced one node from a randomly 11 
selected positive sample with a random node multi-way interacted with all other nodes. Notably, 12 
distinguishing the negative samples generated by CNS from the positive samples proved to be the 13 
most challenging (Figure 1 (c-f)). To maintain balanced training data, we sampled an equal number 14 
of three types of negative samples as positive samples. For each epoch, we randomly selected 1/3 15 
of each type and combined them to create a balanced set of negative samples used for training. This 16 
approach ensured effective model learning while maintaining data balance. 17 

Once convergence in model training was achieved, comprehensive testing on the validation set 18 
was conducted for AUC (Area Under the Curve) and AP (Average Precision). AUC, a metric 19 
assessing classification model performance, measures the model's ability to rank samples, 20 
prioritizing positives over negatives. Its values range from 0 to 1, where higher values indicate a 21 
stronger ability to distinguish between positive and negative samples. AP evaluates the quality of 22 
ranking results in retrieval tasks51. Its values also range from 0 to 1, with higher values indicating 23 

better model performance in sorting tasks by accurately ordering positive class samples according 24 
to the true order41. By meticulously evaluating the performance of AUC and AP on the validation 25 

set for each epoch, we selected the model corresponding to the epoch with the highest scores. This 26 
step aimed to ensure that the model performance achieved optimal validation, thus providing a 27 
reliable foundation for further model application and deployment. 28 
 29 
2. Generating multi-way interaction sets through random walk sampling 30 

We employed a random walk sampling method based on the cis-topological graph formed by 31 
HiC to generate a random multi-way interaction dataset. Specifically, we randomly selected a node 32 
as a starting point and performed a random walk between its neighboring nodes along the edges of 33 
the graph. The length of the random walk path was chosen to match the distribution of multi-way 34 
interaction data lengths in the training set. We utilized the 'random walk' module52 from the Python 35 
package PyTorch Geometric50 to generate random sequences of nodes in the graph. To prevent 36 

looping back or generating duplicate nodes during the random walk, we performed deduplication 37 
on the nodes in the generated path, which will be subsequently used with trained deep learning 38 
models to filter out genuinely probable multi-way interaction sets (Figure 1 (b)). 39 
 40 
3. Mining significant multi-way association rules related to specific gene TSS using the Apriori 41 
algorithm 42 

We employed the Apriori algorithm37 to mine significant multi-way association rules related to 43 
specific gene transcription start sites (TSS). First, we select the TSS region of the target gene from 44 
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the genomic dataset and determine its corresponding bin. This target bin serves as the starting point 1 
for generating a multi-way interaction dataset across the cis-topological graph, referred to as the 2 
signal dataset. Next, we apply a low support threshold to the signal dataset for an initial Apriori 3 
mining process to identify the proximal regions of the target gene in the sequence. Within these 4 
proximal regions, we randomly select new points as starting bins and generate new multi-way 5 
interaction datasets across the cis-topological graph, termed the background dataset. Subsequently, 6 
we calculate a normalized value based on the inverse of the distance between the closest bin in each 7 
multi-way interaction and the target bin. This value is used as the extraction probability, meaning 8 
interactions closer to the target bin are more likely to be selected. Then, using this probability, we 9 
extract an amount of data from the background dataset equal to the size of the signal dataset. 10 
Additionally, we randomly extract half as much data from the background dataset. Finally, we 11 
combine the signal dataset with the two sets of extracted background data. This step aims to use the 12 
background dataset for contrast, constructing a suitable itemset dataset for association rule mining. 13 
We then set a high confidence threshold and reapply the Apriori algorithm to the combined dataset, 14 
identifying frequently occurring multi-way association rules. This method allows us to identify 15 
significant multi-way interaction patterns related to specific gene TSS, providing crucial insights 16 
into gene expression regulation mechanisms and laying the foundation for further functional 17 
validation experiments. 18 
 19 
4. Cell culture  20 

K562 cells (human myelogenous leukemia cells, female, ATCC CCL-243) were cultured in 21 
RPMI-1640 medium (Thermo Fisher Scientific) supplemented with 10% FBS (VISTECH), 22 
GlutaMAX (Thermo Fisher Scientific), and Penicillin-Streptomycin (Thermo Fisher Scientific). 23 
Stable integration of EF1α-dCas9-KRAB into K562 cells was achieved via lentiviral transduction. 24 
HEK293T cells (human embryonic kidney epithelial cells, female; ATCC CRL-3216) were 25 
maintained in DMEM (Thermo Fisher Scientific) containing 10% FBS (VISTECH). All cells were 26 
cultured at 37°C in a humidified incubator with 5% CO₂. 27 
 28 
5. sgRNA design 29 

We used Benchling to design enhancer sgRNAs, selecting sgRNAs with on-target scores >50 30 
and off-target scores < 50, and utilized CHOPCHOP to design sgRNAs for the TSS locus of the 31 
target gene, choosing sgRNAs with on-target scores > 60. 32 
 33 
6. Plasmid construction 34 

To clone a single sgRNA, the lentiGuide-Puro plasmid (Addgene #52963) was linearized with 35 
BsmBI (NEB) and gel-purified. A double-stranded DNA fragment containing the target sgRNA 36 
sequence was created by annealing oligonucleotides and then ligated into the linearized backbone 37 
using T4 DNA ligase (NEB), following the manufacturer's protocol. 38 

For dual sgRNA expression vector construction, we first modified the lentiGuide-Puro 39 
backbone (Addgene #52963) by inserting an mU6-sgRNA scaffold. The vector was then linearized 40 
with BsmBI and gel-purified. A PCR-amplified fragment containing two sgRNA cassettes 41 
(sgRNA1-hU6 sgRNA scaffold-mU6 promoter-sgRNA2) was gel-purified and cloned into the 42 
linearized vector using homologous recombination (Vazyme). 43 

 44 
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7. Lentivirus production 1 
HEK293T cells were transiently transfected with sgRNA constructs and packaging plasmids 2 

psPAX2 and PMD2.0G to produce lentivirus. Lentivirus was then collected 48 hours after 3 
transfection by filtering the supernatant through 0.45 μm filters.  4 
 5 
8. Cell treatments 6 

K562 cells stably expressing dCas9-KRAB were seeded at a density of 1 × 105 cells per well 7 
in 24-well plates and then infected with either single or paired sgRNA viruses targeting enhancers 8 
or TSS. One day later, the medium was replaced with fresh medium. After three days, 3 μg/ml 9 
puromycin was added for 4 days. On the seventh day, the cells were harvested for qRT-PCR analysis. 10 
 11 
9. Quantitative real-time PCR (qRT-PCR) 12 

The qRT-PCR experiments were performed to determine the fold change of the expression of 13 
MYB, ADAMTS14, and other tested genes. For each sample, total RNA was isolated using the 14 
FastPure Cell/Tissue Total RNA Isolation Kit V2 (Vazyme), followed by cDNA synthesis using the 15 
Promega cDNA Synthesis system. qRT-PCR was performed using the PrimePCR assay with the 16 
SYBR Green Master Mix (CWBIO) with primers ordered from Tsingke on a Bio-Rad CFX384 real-17 
time system, according to the manufacturer’s instructions.  18 

 19 
10. Depiction of additive effect regions  20 

The additive regional efficiency was calculated through the following procedure: First, qPCR 21 
data from three independent experiments measuring two individual inhibitory effects were averaged 22 
separately. The lower efficiency boundary was then determined by summing the lowest mean values 23 
across groups, while the upper boundary was established by summing the highest mean values. 24 
Finally, the valid range of additive regional efficiency was defined based on these two boundary 25 
values. 26 
 27 

Data Sources 28 
The Hi-C, ChIP-seq, and ATAC-seq data employed in this study were obtained from 4D 29 

Nucleome project53 and ENCODE project54–56. High-throughput Pore-C data were obtained from 30 
Zhong et al.14 and deposited in the NCBI GEO database57,58. Detailed accession codes for the data 31 
and descriptions of the data processing methods are provided in the Supplementary Information. 32 
 33 
Code Availability 34 

The code developed for this research is available on GitHub at 35 
https://github.com/yunyiwu/PHOCI under the GNU GENERAL PUBLIC LICENSE Version 3. 36 
Interested parties may access the codebase via the provided link. 37 
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 1 
Figure 1. Architecture of PHOCI framework and comparison of three negative sampling methods 2 
in GM12878 data with Pore-C Pairwise contact maps. (a) Deep learning model base on GraphSAGE 3 
Encoder module and Embedding Sampling and Aggregation module. (b) Training, prediction, 4 
generation and mining flowchart. (c) Pore-C Pairwise contact maps. (d) SNS Pairwise contact maps. 5 
(e) MNS Pairwise contact maps. (f) CNS Pairwise contact maps. 6 
 7 
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 1 

Figure 2. Performance analysis of multi-way interaction prediction models in intra-cell and inter-2 
cell lines. (a-c) AUC scores on validation and test sets (including intra- and inter-cell line) for 3 
models trained on different cell lines; (d-f) The AUC of different chromosomes in intra-cell line 4 
testing (box plot) (Chr14, chr22, chrX); (g-i) The AUC scores under different orders; (j) 5 
Relationship between multi-way interaction occurrence frequency and prediction scores of the intra-6 
cell line model (each box containing >2000 samples); (k) Consistency analysis of prediction scores 7 
between intra-cell line and inter-cell line models (randomly selected approximately 2900 multi-way 8 
interaction samples). 9 
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 1 

Figure 3. Analysis of hidden embeddings from intra-cell line models and comprehensive model of 2 
GM12878 and K562 cell lines. (a, e, i, m) Distribution of A/B compartments. (b, f, j, n) Distribution 3 
of clusters after k-means clustering. (c, g, k, o) Node count statistics for each corresponding cluster. 4 
(d, h, l, p) Correspondence between cluster positions and TADs of Pore-C pairwise contact maps 5 
and the corresponding generated versions. 6 

Langtaosha (LTS) Preprint doi: https://doi.org/10.65215/LTSpreprints.2026.06.10.000272. This version posted June 11, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. Creative Commons license: CC Attribution-NonCommercial-NoDerivatives 4.0

https://creativecommons.org/licenses/by-nc-nd/4.0



 1 
Figure 4. Examples of predictive system scores and analysis of gene expression and chromatin 2 
states. (a-b) Gene analysis and predictive system score examples. Asterisks indicate experimental 3 
measurement data. Reasonable examples with high scores provided by the comprehensive model. 4 
(c-d) Gene analysis and the predictive system's examples of high and low scores. Asterisks indicate 5 
experimental measurement data. Reasonable examples with high scores and unreasonable examples 6 
with low scores provided by the comprehensive model. (e) Normalized enrichment of 18 chromatin 7 
states of higher expression samples with different prediction scores (Chr22). (f) Normalized 8 
enrichment of 18 chromatin states of lower expression sample groups with different prediction 9 
scores (Chr22). 10 
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 1 
Figure 5. Multi-way association rules of the MYB gene and corresponding experimental 2 
validation. 3 
(a) Multi-way association rules derived from the Apriori algorithm, incorporating chromatin 4 
features such as CTCF, RAD21, ATAC, H3K4me1, and H3K27ac signals. The Hi-C contact map at 5 
the top illustrates interaction frequencies, with yellow circles marking interactions between 6 
associated loci. ChromHMM 18-state annotations highlight various chromatin states, including 7 
active enhancers and repressed regions. The bar graph at the bottom displays the frequency 8 
distribution of the identified association rules based on support and confidence scores. (b) All 9 
involved loci (131 in total) from the multi-way interactions corresponding to the association rules 10 
identified in panel (a). (c) Synergistic experimental validation results between loci A and C. The 11 
pink regions indicate synergistic area, with dark pink marking the area for direct repression of the 12 
MYB transcription start site (TSS), while blue area represent additive effects. (d) Replicate 13 
experimental results for different sgRNAs targeting loci A and C. (e) Synergistic experimental 14 
validation results between loci B and C. The pink regions indicate synergistic area, with dark pink 15 
marking the area for direct repression of the MYB transcription start site (TSS), while blue area 16 
represent additive effects. (f) Replicate experimental results for different sgRNAs targeting loci B 17 
and C. (g) Non-synergistic experimental results between loci A and B. The pink regions indicate 18 
synergistic area, with dark pink marking the area for direct repression of the MYB transcription start 19 
site (TSS), while blue area represent additive effects. (h) Replicate experimental results for different 20 
sgRNAs targeting loci A and B. 21 
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