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‌ 

摘‌要‌‌ 

Hi-C‌‌的‌全‌基‌因‌組‌染‌色‌體‌接‌觸‌可‌用‌於‌研‌究‌染‌色‌體‌的‌更‌高‌級‌別‌組‌織‌，‌例‌如‌隔‌室‌或‌拓‌

撲‌關‌聯‌域。‌根‌據‌哺‌乳‌動‌物‌‌Hi-C‌‌圖‌的‌主‌成‌分‌分‌析‌可‌得‌到‌數‌據‌中‌兩‌個‌區‌室‌‌A‌‌和‌‌B‌‌。‌‌TAD‌‌或‌隔‌

室‌可‌被‌視‌為‌基‌因‌組‌的‌分‌段。‌通‌常‌我‌們‌會‌使‌用‌基‌因‌體‌分‌割‌進‌行‌數‌據‌壓‌縮‌，‌並‌在‌不‌同‌細‌胞‌

類‌型‌中‌整‌理‌出‌不‌同‌的‌修‌飾。‌我‌們‌比‌較‌了‌不‌同‌解‌析‌度‌下‌的‌‌PCA‌‌結‌果‌以‌找‌出‌差‌異‌，‌然‌後‌引‌

入‌‌ChIP-Seq‌‌數‌據‌進‌行‌進‌一‌步‌分‌析。‌我‌們‌還‌引‌進‌了‌其‌他‌兩‌種‌進‌行‌聚‌類‌的‌方‌法‌，‌‌Louvain‌‌和‌

Leiden‌‌。‌它‌們‌不‌僅‌可‌以‌與‌‌PCA‌‌的‌結‌果‌進‌行‌比‌較‌，‌還‌可‌以‌計‌算‌出‌網‌路‌的‌相‌關‌性。‌此‌外‌，‌

我‌們‌可‌以‌基‌於‌結‌合‌‌ChIP-Seq‌‌和‌‌Hi-C‌‌的‌資‌訊‌使‌用‌兩‌者‌相‌加‌及‌網‌路‌融‌合‌來‌分‌割‌基‌因‌組。‌‌ 

 

關‌鍵‌字‌：‌基‌因‌體‌分‌割、‌‌Hi-C‌‌、‌‌ChIP-Seq‌ ‌ 
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‌ 

Abstract‌ ‌ 
The‌ ‌genome-wide‌ ‌chromosomal‌ ‌contact‌ ‌by‌ ‌Hi-C‌ ‌can‌ ‌be‌ ‌used‌ ‌to‌ ‌investigate‌ ‌the‌‌                       

higher-level‌‌organization‌‌of‌‌chromosomes,‌‌such‌‌as‌‌compartments‌‌or‌‌topologically‌‌associating‌‌                   

domains‌ ‌(TAD).‌ ‌Hi-C‌ ‌data‌ ‌revealed‌ ‌two‌ ‌compartments,‌ ‌A‌ ‌and‌ ‌B,‌ ‌based‌ ‌on‌ ‌principal‌‌                         

component‌ ‌analysis‌ ‌(PCA)‌ ‌of‌ ‌Hi-C‌ ‌maps‌ ‌in‌ ‌mammals.‌ ‌TAD‌ ‌or‌ ‌compartment‌ ‌can‌ ‌be‌‌                         

considered‌ ‌as‌ ‌a‌ ‌segmentation‌ ‌of‌ ‌the‌ ‌genome.‌ ‌Generally,‌ ‌we‌ ‌use‌ ‌genome‌ ‌segmentation‌ ‌for‌‌                         

data‌‌compression‌‌and‌‌sort‌‌out‌‌different‌‌modifications‌‌in‌‌different‌‌cell‌‌types.‌‌We‌‌compared‌‌the‌‌                           

PCA‌ ‌results‌ ‌in‌ ‌various‌ ‌resolutions‌ ‌to‌‌determine‌‌the‌‌difference‌‌and‌‌introduced‌‌the‌‌ChIP-Seq‌‌                         

data‌ ‌for‌ ‌further‌ ‌analysis.‌ ‌We‌ ‌also‌ ‌introduce‌ ‌other‌ ‌methods‌ ‌to‌ ‌do‌ ‌clustering,‌ ‌which‌ ‌are‌ ‌the‌‌                             

Louvain‌ ‌and‌ ‌Leiden‌ ‌methods.‌ ‌They‌ ‌can‌ ‌not‌ ‌only‌ ‌compare‌ ‌with‌ ‌the‌ ‌result‌ ‌of‌ ‌PCA‌ ‌but‌‌also‌‌                               

figure‌ ‌out‌ ‌the‌ ‌correlation‌ ‌of‌ ‌networks.‌ ‌Furthermore,‌ ‌we‌ ‌can‌ ‌segment‌ ‌the‌ ‌genome‌ ‌based‌‌on‌‌                           

integrated‌ ‌ChIP-Seq‌ ‌and‌ ‌Hi-C‌ ‌information‌ ‌using‌ ‌adding‌ ‌function‌ ‌and‌ ‌network‌ ‌fusion.‌ ‌ 

‌ 

Keywords:‌ ‌Genome‌ ‌segmentation,‌ ‌Hi-C,‌ ‌ChIP-Seq‌‌ ‌  
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‌ 

1. Introduction‌ ‌ 
1.1. High-throughput‌ ‌Chromatin‌ ‌Conformation‌ ‌Capture‌ ‌(Hi-C)‌ ‌ 

Hi-C‌ ‌is‌ ‌a‌ ‌method‌ ‌based‌ ‌on‌ ‌Chromosome‌ ‌conformation‌ ‌capture(3C),‌ ‌and‌ ‌it‌‌                     

uses‌ ‌massively‌ ‌parallel‌ ‌sequencing‌ ‌to‌ ‌follow‌ ‌the‌ ‌purification‌ ‌of‌ ‌ligation‌ ‌products.‌‌                     

Unlike‌ ‌other‌ ‌methods‌ ‌based‌ ‌on‌ ‌3C,‌ ‌all‌ ‌possible‌ ‌pairwise‌ ‌interactions‌ ‌genome-wide‌‌                     

between‌‌fragments‌‌are‌‌tested‌‌(Lieberman-Aiden‌‌E‌‌et‌‌al.‌‌2009).‌‌The‌‌workflow‌‌of‌‌Hi-C‌‌                         

is‌ ‌in‌ ‌Figure‌ ‌1.‌ ‌ 

Figure‌ ‌1.‌ ‌‌Overview‌ ‌of‌ ‌Hi-C‌ ‌technology‌‌procedure.‌‌(1)‌‌Sticking‌‌two‌‌pieces‌‌of‌‌DNA‌‌                         

together‌‌using‌‌an‌‌enzyme.‌‌(2)‌‌Using‌‌restriction‌‌enzymes‌‌to‌‌cut‌‌DNA‌‌pieces.‌‌(3)‌‌Using‌‌                           

the‌ ‌biotin‌ ‌to‌ ‌label‌ ‌and‌ ‌mark‌ ‌the‌‌DNA‌‌segments.‌‌(4)‌‌Combining‌‌DNA‌‌segments.‌‌(5)‌‌                           

DNA‌ ‌is‌ ‌purified‌ ‌and‌ ‌sheared.‌ ‌Biotin‌ ‌junctions‌ ‌are‌ ‌isolated.‌ ‌(6)‌ ‌Using‌ ‌paired-end‌‌                       

sequencing‌ ‌to‌ ‌obtain‌ ‌the‌ ‌interactions‌ ‌(Adapted‌ ‌from‌ ‌Van‌ ‌Berkum‌ ‌et‌ ‌al.,‌ ‌2010).‌‌ ‌  

‌ 

1.2. Chromatin‌ ‌immunoprecipitation‌ ‌sequence‌ ‌(ChIP-Seq)‌‌ ‌  

ChIP-Seq‌ ‌is‌ ‌a‌ ‌method‌ ‌that‌ ‌can‌ ‌analyze‌ ‌genome-wide‌ ‌DNAs’‌ ‌interactions‌ ‌of‌‌                     

protein.‌ ‌It‌ ‌combines‌ ‌chromatin‌ ‌immunoprecipitation‌ ‌with‌ ‌sequencing‌ ‌to‌ ‌become‌ ‌a‌‌                   

practical‌ ‌method‌ ‌that‌ ‌identifies‌‌binding‌‌sites‌‌of‌‌proteins.‌‌The‌‌workflow‌‌of‌‌ChIP-Seq‌‌                       

is‌ ‌in‌ ‌Figure‌ ‌2.‌ ‌ 

‌ 
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‌ 

‌ 
Figure‌ ‌2.‌ ‌ChIP-Sequencing‌ ‌workflow.‌ ‌The‌ ‌interactions‌ ‌between‌ ‌the‌ ‌protein‌ ‌and‌‌                   

chromatin‌‌are‌‌crosslinked‌‌in‌‌the‌‌first.‌‌Next,‌‌distinguish‌‌the‌‌genome-wide‌‌sites‌‌with‌‌a‌‌                         

factor‌ ‌or‌ ‌modification‌ ‌with‌ ‌specific‌ ‌DNA‌ ‌fragments‌ ‌co-immunoprecipitated‌ ‌and‌‌                 

sequenced‌ ‌(Adapted‌ ‌from‌ ‌Illumina‌ ‌et‌ ‌al.,‌ ‌2007).‌‌ ‌  

‌ 

1.3. ChromHMM‌ ‌ 

ChromHMM‌ ‌is‌ ‌a‌ ‌helpful‌ ‌tool‌ ‌that‌ ‌is‌ ‌based‌‌on‌‌ChIP-Seq‌‌data‌‌to‌‌characterize‌‌                         

chromatin‌ ‌states.‌ ‌There‌ ‌are‌ ‌several‌ ‌specific‌ ‌histone‌ ‌modifications‌ ‌within‌ ‌genomic‌‌                   

regions.‌ ‌We‌ ‌can‌ ‌get‌ ‌chromatin‌ ‌state‌ ‌segments‌ ‌using‌ ‌ChromHMM.‌ ‌First,‌ ‌we‌ ‌choose‌‌                       

the‌‌data‌‌with‌‌the‌‌filename‌‌extension‌‌of‌‌‘‌.bed‌’‌‌or‌‌‘‌.bam‌’.‌‌Second,‌‌we‌‌convert‌‌the‌‌input‌‌                             

file‌‌to‌‌model‌‌learning‌‌by‌‌typing‌‌the‌‌command‌‌‌BinarizeBed‌‌‌or‌‌‌BinarizeBam‌‌‌for‌‌BAM‌‌                         
‌ 
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or‌ ‌BED‌ ‌formats,‌ ‌respectively.‌‌Last,‌‌we‌‌can‌‌learn‌‌chromatin‌‌state‌‌models‌‌to‌‌generate‌‌                         

the‌‌segment‌‌of‌‌chromatin‌‌by‌‌the‌‌command‌‌‌LearnModel‌.‌‌After‌‌using‌‌the‌‌ChromHMM‌‌                       

command,‌‌it‌‌will‌‌automatically‌‌output‌‌the‌‌file‌‌as‌‌a‌‌website.‌‌If‌‌the‌‌visualization‌‌of‌‌the‌‌                             

output‌ ‌file‌ ‌is‌ ‌needed,‌ ‌use‌ ‌the‌ ‌IGV‌ ‌website‌ ‌to‌ ‌get‌ ‌the‌ ‌visualization‌ ‌figures.‌ ‌ 

1.4. Similarity‌ ‌Network‌ ‌Fusion‌ ‌(SNF)‌ ‌ 
Similarity‌ ‌Network‌ ‌Fusion‌ ‌(SNF)‌ ‌is‌ ‌a‌ ‌method‌ ‌that‌ ‌can‌ ‌fuse‌ ‌two‌ ‌similarity‌‌                       

networks,‌ ‌making‌ ‌the‌ ‌information‌ ‌from‌ ‌different‌ ‌data‌ ‌types‌‌shared‌‌(Bo‌‌Wang‌‌et‌‌al.,‌‌                         

2014).‌ ‌SNF‌ ‌combines‌ ‌two‌ ‌networks‌ ‌into‌ ‌one‌ ‌network,‌ ‌showing‌ ‌every‌ ‌aspect‌ ‌of‌‌the‌‌                         

data.‌‌Also,‌‌SNF‌‌provides‌‌a‌‌way‌‌that‌‌can‌‌integrate‌‌different‌‌data‌‌types.‌‌We‌‌can‌‌use‌‌the‌‌                               

SNF‌ ‌method‌ ‌in‌ ‌five‌ ‌steps.‌ ‌First,‌ ‌we‌ ‌collect‌ ‌two‌ ‌or‌ ‌more‌ ‌original‌ ‌data‌ ‌from‌‌various‌‌                             

data‌ ‌types.‌ ‌Second,‌ ‌we‌ ‌need‌ ‌to‌ ‌transform‌ ‌the‌ ‌original‌ ‌data‌ ‌into‌ ‌similarity‌ ‌matrices.‌‌                         

Third,‌‌the‌‌similarity‌‌matrices‌‌are‌‌transferred‌‌into‌‌similarity‌‌networks.‌‌Fourth,‌‌we‌‌can‌‌                       

calculate‌ ‌by‌ ‌nonlinear‌ ‌method‌ ‌and‌ ‌do‌ ‌iterations‌ ‌to‌ ‌update‌ ‌the‌‌networks.‌‌Finally,‌‌we‌‌                         

can‌ ‌get‌‌the‌‌fused‌‌network‌‌after‌‌iterations.‌‌‌SNFtool‌‌(Bo‌‌Wang‌‌et‌‌al.,‌‌2014)‌‌is‌‌applied‌‌                             

to‌ ‌combine‌ ‌networks‌ ‌quickly.‌ ‌We‌ ‌compile‌ ‌‌SNFtool‌‌ ‌from‌ ‌the‌ ‌source‌ ‌of‌ ‌the‌ ‌package.‌ ‌ 

1.5. Integration‌ ‌of‌ ‌different‌ ‌types‌ ‌of‌ ‌data‌ ‌ 
In‌ ‌the‌ ‌past,‌ ‌different‌ ‌genome-wide‌ ‌sequencing‌ ‌information,‌‌Hi-C,‌‌RNA-Seq,‌‌                 

and‌ ‌ChIP-Seq,‌ ‌was‌ ‌integrated‌ ‌into‌ ‌several‌ ‌ways.‌‌ ‌  

First,‌‌the‌‌Hi-C‌‌data‌‌and‌‌RNA-seq‌‌data‌‌are‌‌integrated‌‌for‌‌observing‌‌the‌‌variety‌‌                         

during‌ ‌mammalian‌ ‌spermatogenesis.‌ ‌The‌ ‌TAD‌ ‌boundaries‌ ‌are‌ ‌also‌ ‌checked‌ ‌by‌‌                   

combining‌ ‌the‌ ‌value‌ ‌CTCF‌ ‌of‌ ‌ChIP-Seq‌ ‌data.‌ ‌The‌ ‌ChIP-Seq‌ ‌data‌ ‌provided‌ ‌the‌‌                       

information‌ ‌of‌ ‌CTCF,‌ ‌when‌ ‌the‌ ‌information‌ ‌of‌ ‌TAD‌ ‌and‌ ‌CTCF‌ ‌values‌ ‌are‌‌checked‌‌                         

together,‌‌they‌‌become‌‌the‌‌integration‌‌of‌‌two‌‌data.‌‌The‌‌integration‌‌finally‌‌implies‌‌that‌‌                         

TAD‌ ‌maintenance‌ ‌may‌ ‌be‌ ‌related‌ ‌to‌ ‌the‌ ‌stages‌ ‌of‌ ‌mitosis‌ ‌or‌ ‌meiosis‌ ‌(Luo‌ ‌et‌ ‌al.,‌‌                             

2020).‌‌ ‌  

Also,‌ ‌the‌‌accessibility‌‌of‌‌the‌‌chromatin‌‌is‌‌related‌‌to‌‌CTCF‌‌binding,‌‌using‌‌the‌‌                         

Hi-C‌ ‌data,‌ ‌ChIP-Seq‌ ‌data‌ ‌and‌ ‌RNA-Seq‌ ‌to‌ ‌check‌ ‌the‌ ‌value‌ ‌individually‌ ‌to‌ ‌get‌ ‌the‌‌                           

integration,‌ ‌and‌ ‌the‌ ‌integration‌ ‌of‌ ‌data‌‌implies‌‌that‌‌CTCF‌‌bindings‌‌are‌‌accessible‌‌in‌‌                         

T-cell‌ ‌but‌ ‌inaccessible‌ ‌in‌ ‌T-ALL‌  ‌(Kloetgen‌ ‌et‌ ‌al.,‌ ‌2020).‌‌ ‌  

The‌ ‌transcription‌ ‌factor‌ ‌binding‌ ‌sites‌ ‌in‌ ‌3D‌ ‌space‌ ‌are‌ ‌identified‌‌by‌‌the‌‌Hi-C‌‌                         

data‌ ‌and‌ ‌ChIP-Seq‌ ‌data,‌‌which‌‌is‌‌decided‌‌by‌‌whether‌‌the‌‌gene‌‌is‌‌nearby‌‌or‌‌not‌‌near‌‌                               

the‌‌ChIP-Seq‌‌peak.‌‌When‌‌these‌‌two‌‌data‌‌are‌‌checked‌‌together,‌‌the‌‌integration‌‌of‌‌data‌‌                           
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is‌‌produced.‌‌The‌‌integration‌‌method‌‌also‌‌characterizes‌‌the‌‌chromatin‌‌linkage‌‌(Lan‌‌et‌‌                       

al.,‌ ‌2012).‌ ‌ 
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2. Methods‌ ‌ 
2.1. Overview‌ ‌ 

We‌ ‌use‌ ‌Hi-C‌ ‌datasets‌ ‌in‌ ‌two‌ ‌cell‌ ‌lines:‌ ‌GM06990‌ ‌(Lieberman-Aiden‌ ‌et‌ ‌al.,‌                       

2009)‌‌and‌‌GM12878‌ ‌(Rao‌‌et‌‌al.,‌‌2014).‌‌First,‌‌we‌‌need‌‌an‌‌input‌‌of‌‌a‌‌sparse‌‌matrix‌‌or‌‌                                 

matrix.‌ ‌Second,‌ ‌we‌ ‌do‌ ‌the‌‌KR‌‌normalization‌‌processing‌‌and‌‌then‌‌get‌‌the‌‌correlation‌‌                         

matrix‌ ‌of‌ ‌the‌ ‌matrix.‌ ‌Then,‌ ‌we‌ ‌perform‌ ‌the‌ ‌PCA‌ ‌method‌ ‌on‌ ‌the‌ ‌Hi-C‌ ‌correlation‌‌                           

matrix‌ ‌and‌ ‌use‌ ‌the‌ ‌eigenvector‌ ‌of‌ ‌the‌ ‌first‌ ‌principal‌‌component‌‌to‌‌decide‌‌whether‌‌a‌‌                           

genome‌ ‌region‌ ‌is‌ ‌compartment‌ ‌‌A‌ ‌or‌ ‌‌B‌ ‌‌based‌ ‌on‌ ‌its‌ ‌value‌ ‌as‌ ‌positive‌ ‌or‌ ‌negative‌‌                             

respectively.‌‌ ‌  

In‌ ‌addition,‌ ‌we‌ ‌use‌‌ChIP-Seq‌‌data‌‌and‌‌Hi-C‌‌data‌‌to‌‌be‌‌networks.‌‌We‌‌use‌‌the‌‌                             

Louvain‌ ‌and‌ ‌the‌ ‌Leiden‌ ‌algorithms‌ ‌to‌ ‌cluster‌ ‌Hi-C‌ ‌and‌ ‌ChIP-Seq‌ ‌networks,‌‌                     

respectively.‌‌Plus,‌‌we‌‌introduce‌‌the‌‌adding‌‌function‌‌and‌‌the‌‌SNF‌‌method‌‌to‌‌combine‌‌                         

Hi-C‌ ‌and‌ ‌ChIP-Seq‌ ‌networks.‌ ‌Finally,‌ ‌we‌ ‌use‌ ‌the‌ ‌Louvain‌ ‌and‌ ‌Leiden‌ ‌methods‌ ‌to‌‌                         

cluster‌ ‌the‌ ‌fused‌ ‌network.‌ ‌The‌ ‌workflow‌ ‌of‌ ‌our‌ ‌process‌ ‌is‌ ‌in‌ ‌Figure‌ ‌3.‌ ‌ 
‌ 

‌ 
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Figure‌ ‌3.‌ ‌‌The‌ ‌workflow‌ ‌of‌ ‌our‌ ‌process.‌ ‌We‌ ‌use‌ ‌the‌ ‌PCA‌ ‌method‌ ‌to‌ ‌divide‌ ‌the‌‌                             

correlation‌‌matrix‌‌of‌‌Hi-C‌‌datasets‌‌into‌‌compartments‌‌‌A‌‌and‌‌‌B.‌‌We‌‌also‌‌transform‌‌the‌‌                           

Hi-C‌ ‌and‌ ‌ChIP-Seq‌ ‌correlation‌ ‌matrix‌ ‌to‌ ‌networks.‌ ‌Then,‌ ‌we‌‌use‌‌two‌‌ways,‌‌adding‌‌                         

function‌ ‌and‌ ‌SNF‌ ‌method,‌ ‌to‌ ‌combine‌ ‌those‌‌two‌‌networks‌‌into‌‌one.‌‌Finally,‌‌we‌‌use‌‌                           

Louvain‌ ‌and‌ ‌Leiden‌ ‌methods‌ ‌to‌ ‌cluster‌ ‌Hi-C,‌ ‌ChIP-Seq‌ ‌and‌ ‌fused‌ ‌networks‌‌                     

individually.‌‌ ‌  

2.2. Data‌ ‌Sets‌ ‌ 

2.2.1. Hi-C‌ ‌ 

We‌ ‌chose‌ ‌two‌ ‌datasets‌ ‌to‌ ‌analyze.‌ ‌The‌ ‌first‌ ‌dataset,‌ ‌whose‌ ‌cell‌ ‌line‌ ‌is‌ 

GM06990,‌ ‌was‌ ‌produced‌ ‌in‌ ‌2009,‌ ‌Aiden2009‌ ‌(Lieberman-Aiden‌ ‌et‌ ‌al.,‌ ‌2009).‌ ‌It‌ ‌is‌‌ 

publically‌ ‌available‌ ‌at‌‌ 

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE18199‌.‌ ‌We‌ ‌use‌ ‌the‌‌ 

GSE18199_binned_heatmaps‌‌ ‌and‌ ‌choose‌ ‌100KB‌ ‌and‌ ‌1MB‌ ‌resolution.‌ ‌ 

The‌ ‌second‌ ‌dataset,‌ ‌whose‌ ‌cell‌ ‌line‌ ‌is‌ ‌GM12878,‌ ‌was‌ ‌produced‌ ‌in‌ ‌2014,‌ 

Rao2014‌ ‌(Rao‌ ‌et‌ ‌al.,‌ ‌2014).‌ ‌It‌ ‌is‌ ‌publically‌ ‌available‌ ‌at‌‌ 

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE63‌.‌ ‌We‌ ‌use‌ ‌the‌‌ 

GSE63525_combined_intrachromosal_contact_matrices‌‌ ‌and‌ ‌choose‌ ‌25KB,‌ ‌10KB,‌‌ 

and‌ ‌1KB‌ ‌resolution.‌ ‌ 

2.2.2. ChIP-Seq‌ ‌ 

We‌ ‌download‌ ‌ENCODE‌ ‌Histone‌ ‌ChIP-Seq‌ ‌of‌ ‌cell‌ ‌line‌ ‌GM12878‌ ‌with‌‌ 

genome‌ ‌version‌ ‌hg19.‌ ‌It‌ ‌is‌ ‌publically‌ ‌available‌ ‌at‌‌ 

https://www.encodeproject.org/experiments/ENCSR057BWO/‌.‌ ‌We‌ ‌analyze‌ ‌11‌ ‌targets‌‌ 

which‌ ‌are‌ ‌H3K36me3‌、‌H3K27me3‌、‌H3K9me3‌、‌H4K20me1‌、‌H2AFZ‌、‌H3K27ac‌

、‌H3K4me1‌、‌H3K4me2‌、‌H3K4me3‌、‌H3K79me2‌ ‌and‌ ‌H3K9ac.‌ ‌ 

2.3. Hi-C‌ ‌Contact‌ ‌Matrix‌ ‌preprocessing‌ ‌ 

There‌ ‌are‌ ‌usually‌ ‌two‌ ‌types‌ ‌of‌ ‌raw‌‌Hi-C‌‌data,‌‌so‌‌the‌‌initial‌‌process‌‌converts‌‌                           

raw‌ ‌Hi-C‌ ‌data‌ ‌to‌ ‌a‌ ‌‌n‌ ‌x‌ ‌n‌‌ ‌matrix.‌‌ ‌  

1) Typical‌ ‌contact‌ ‌matrix:‌‌ ‌‌The‌ ‌matrix‌ ‌preprocessing‌ ‌varies‌ ‌from‌ ‌data‌ ‌to‌ ‌data.‌ ‌If‌‌ 
the‌ ‌input‌ ‌data‌ ‌is‌ ‌a‌ ‌‌n‌ ‌x‌ ‌n‌ ‌‌list,‌ ‌using‌ ‌the‌ ‌‘‌matrix‌’‌ ‌function‌ ‌to‌ ‌convert‌ ‌it‌ ‌to‌ ‌a‌‌ 
matrix‌ ‌(Lieberman-Aiden‌ ‌et‌ ‌al.,‌ ‌2009).‌ ‌When‌ ‌we‌ ‌are‌ ‌sure‌ ‌that‌ ‌it‌ ‌is‌ ‌a‌ ‌matrix‌‌ 
format,‌ ‌we‌ ‌finish‌ ‌the‌ ‌matrix‌ ‌preprocessing.‌ ‌ 

2) Sparse‌ ‌matrix:‌‌ ‌‌Input‌ ‌Hi-C‌ ‌map‌ ‌could‌ ‌be‌ ‌a‌ ‌sparse‌ ‌matrix‌ ‌(Rao‌ ‌et‌ ‌al.,‌ ‌2014).‌ ‌We‌‌ 
use‌ ‌the‌ ‌function‌ ‌‘‌sparsematrix‌’‌ ‌in‌ ‌the‌ ‌‌library‌(‌matrix‌)‌ ‌to‌ ‌get‌ ‌the‌ ‌data‌ ‌and‌ ‌the‌‌ 
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‌ 

‘‌as.matrix‌’‌ ‌process‌ ‌to‌ ‌convert‌ ‌the‌ ‌sparse‌ ‌matrix‌ ‌to‌ ‌a‌ ‌typical‌ ‌matrix.‌ ‌The‌ ‌header‌‌ 
option‌ ‌should‌ ‌be‌ ‌turned‌ ‌on‌ ‌during‌ ‌parse‌ ‌if‌ ‌the‌ ‌file’s‌ ‌first‌ ‌row‌ ‌is‌ ‌a‌ ‌header.‌ ‌ 

2.3.1. Knight-Ruiz‌ ‌(KR)‌ ‌normalization‌ ‌processing‌ ‌ 
We‌‌usually‌‌use‌‌Hi-C‌‌data‌‌by‌‌using‌‌the‌‌‌Observed/Expected‌‌file‌‌to‌‌deal‌‌with‌‌the‌‌                           

Hi-C‌ ‌bias.‌ ‌But,‌ ‌unfortunately,‌ ‌there‌ ‌is‌ ‌no‌ ‌corresponding‌ ‌‌Observed/Expected‌ ‌file‌ ‌in‌‌                     

Rao2014‌ ‌released‌ ‌data‌ ‌(Rao‌ ‌et‌ ‌al.,‌ ‌2014),‌ ‌so‌ ‌we‌ ‌perform‌ ‌the‌ ‌following‌ ‌KR‌‌                         

normalization‌ ‌steps‌ ‌according‌ ‌to‌ ‌the‌ ‌procedure‌ ‌(Rao‌ ‌et‌ ‌al.,‌ ‌2014).‌‌ ‌  

The‌ ‌format‌ ‌of‌ ‌the‌ ‌‌RAWobserved‌ ‌‌file‌ ‌is‌ ‌as‌ ‌following:‌‌ ‌  

                           ‌ ‌ ‌.RAWobserved‌:‌ ‌loci1‌  ‌loci2‌  ‌rawScore‌                                            ‌(1)‌ ‌ 
‌ 

The‌ ‌index‌ ‌of‌ ‌the‌ ‌observed‌ ‌score‌ ‌is‌ ‌defined‌ ‌as‌‌dividing‌‌the‌‌specified‌‌resolution‌‌(i.e.,‌‌                           

25000)‌ ‌and‌ ‌then‌ ‌plus‌ ‌one‌ ‌to‌ ‌the‌ ‌loci1‌ ‌and‌ ‌loci1‌ ‌(equation‌ ‌2).‌ ‌ 

       ‌ ‌index1‌ ‌=‌ ‌loci1/resolution+1‌ ‌ 
         ‌index2‌ ‌=‌ ‌loci2/resolution+1‌                   ‌(2)‌ ‌ 
‌ 

Then,‌ ‌we‌ ‌can‌ ‌extract‌ ‌the‌ ‌KR‌ ‌normalized‌ ‌score‌ ‌KR1‌ ‌and‌ ‌KR2‌ ‌from‌ ‌‌.‌KRnorm‌ ‌‌file‌‌                           

using‌ ‌above‌ ‌index1‌ ‌and‌ ‌index2,‌ ‌respectively‌ ‌(equation‌ ‌3).‌ ‌ 

       ‌ ‌KR1‌ ‌=‌ ‌entry[index1]‌ ‌ 
         ‌KR2‌ ‌=‌ ‌entry[index2]‌         ‌(3)‌ ‌ 

We‌ ‌can‌ ‌calculate‌ ‌a‌ ‌‌score‌obser‌ ‌‌as‌ ‌rawScore‌ ‌(the‌ ‌third‌ ‌line)‌ ‌in‌ ‌‌RAWobserved‌ ‌‌to‌ ‌be‌‌                           

divided‌ ‌by‌ ‌the‌ ‌product‌ ‌of‌ ‌KR1‌ ‌and‌ ‌KR2‌‌ ‌‌(equation‌ ‌4).‌ ‌ 

‌  score‌obser‌ ‌‌=‌ ‌‌rawScore/(KR1*KR2)‌                                       ‌(4)‌ ‌ 
The‌‌index‌‌of‌‌the‌‌expected‌‌score,‌‌‌index‌expect‌,‌‌is‌‌defined‌‌as‌‌equation‌‌(5).‌‌Then,‌‌we‌‌can‌‌                             

extract‌ ‌an‌ ‌expected‌ ‌score,‌ ‌‌score‌expect‌,‌ ‌using‌ ‌‌index‌expect‌ ‌‌to‌‌access‌‌the‌‌‌KRexpected‌‌file‌‌                       

(equation‌‌6).‌‌Finally,‌‌a‌‌normalized‌‌score‌‌is‌‌defined‌‌as‌‌the‌‌ratio‌‌between‌‌‌score‌obser‌‌‌and‌‌                           

score‌expect‌‌ ‌(equation‌ ‌7).‌ ‌ 

            ‌‌index‌expect‌‌ ‌=‌ ‌(loci2‌ ‌-‌ ‌loci1)/resolution+1‌                                                ‌(5)‌ ‌ 

          ‌score‌expect‌‌ ‌=‌ ‌entry[‌index‌expect‌]‌                                              ‌(6)‌ ‌ 

                      ‌normalized‌ ‌score‌ ‌=‌ ‌‌score‌obser‌/‌score‌expect‌‌                                            ‌(7)‌ ‌ 

‌ 

2.4. ChIP-Seq‌ ‌binning‌ ‌ 
We‌ ‌analyzed‌ ‌11‌ ‌ChIP-Seq‌ ‌targets,‌ ‌which‌ ‌are‌ ‌H3K36me3‌、‌H3K27me3‌、‌             

H3K9me3‌、‌H4K20me1‌、‌H2AFZ‌、‌H3K27ac‌、‌H3K4me1‌、‌H3K4me2‌、‌H3K4me3‌

、‌H3K79me2‌ ‌and‌ ‌H3K9ac.‌ ‌We‌ ‌chose‌ ‌the‌ ‌‌‘.bed’‌ ‌filename‌ ‌extension‌ ‌and‌‌split‌‌every‌‌                       
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target‌‌by‌‌chromosome.‌‌Taking‌‌chromosome‌‌14‌‌as‌‌an‌‌example,‌‌we‌‌split‌‌11‌‌targets‌‌into‌‌                           

several‌ ‌bins‌ ‌at‌ ‌25KB‌ ‌resolution.‌ ‌We‌ ‌define‌‌bins‌‌to‌‌start‌‌at‌‌0‌‌and‌‌increase‌‌by‌‌25000.‌‌                               

Since‌ ‌the‌ ‌data‌ ‌could‌ ‌begin‌ ‌with‌ ‌one‌ ‌bin‌ ‌and‌ ‌end‌ ‌at‌ ‌another‌ ‌bin,‌ ‌we‌ ‌deal‌ ‌with‌ ‌this‌‌                                 

situation‌ ‌using‌ ‌the‌ ‌weighted‌ ‌average‌ ‌(Figure‌ ‌4).‌ ‌‌Bin‌ ‌location‌ ‌is‌ ‌the‌ ‌bin‌ ‌size‌ ‌we‌‌                           

defined.‌‌‌Overlap‌‌length‌‌is‌‌the‌‌segment‌‌in‌‌which‌‌the‌‌bin‌‌overlaps‌‌the‌‌ChIP-Seq‌‌peak.‌‌                           

The‌ ‌number‌ ‌above‌ ‌represents‌ ‌the‌ ‌overlap‌ ‌length‌‌of‌‌each‌‌element.‌‌We‌‌calculated‌‌the‌‌                         

peak‌‌score‌‌of‌‌the‌‌bin‌‌by‌‌the‌‌product‌‌of‌‌length‌‌and‌‌score‌‌of‌‌every‌‌segment‌‌and‌‌divided‌‌                                 

the‌ ‌result‌ ‌by‌ ‌25‌k‌ ‌to‌‌get‌‌the‌‌final‌‌score.‌‌Taking‌‌bin830‌‌(bin‌‌location‌‌=‌‌20750‌k‌)‌‌as‌‌an‌‌                                 

example,‌‌its‌‌overlap‌‌lengths‌‌of‌‌ChIP-Seq‌‌peak100‌‌and‌‌peak101‌‌are‌‌5000‌‌and‌‌10000,‌‌                         

respectively.‌ ‌Therefore,‌ ‌its‌ ‌peak‌ ‌score‌ ‌is‌ ‌80‌ ‌(=‌ ‌(5000*100+10000*150)/25000).‌‌                 

Hence,‌ ‌when‌ ‌we‌‌got‌‌the‌‌score‌‌of‌‌bins‌‌of‌‌eleven‌‌targets,‌‌we‌‌could‌‌merge‌‌them‌‌into‌‌a‌‌                                 

matrix‌ ‌where‌ ‌row‌ ‌and‌ ‌column‌ ‌represent‌ ‌bin‌ ‌instance‌ ‌and‌ ‌ChIP-Seq‌ ‌peak‌ ‌score,‌‌                       

respectively.‌ ‌ 

‌ 
Figure‌‌4.‌‌‌Quantify‌‌the‌‌ChIP-Seq‌‌of‌‌the‌‌bin‌‌using‌‌a‌‌weighted‌‌average.‌‌ChIP-Seq‌‌peak‌‌                           

is‌ ‌the‌ ‌simulation‌ ‌of‌ ‌the‌ ‌‌‘.bed’‌‌ ‌data‌ ‌with‌ ‌start,‌ ‌end,‌ ‌and‌ ‌score.‌ ‌ 

‌ 

However,‌ ‌the‌ ‌result‌ ‌of‌‌the‌‌ChIP-Seq‌‌binning‌‌has‌‌an‌‌‌NA‌‌value,‌‌so‌‌we‌‌remove‌‌                           

NA‌.‌‌Also,‌‌we‌‌find‌‌the‌‌value‌‌of‌‌the‌‌ChIP-Seq‌‌binning‌‌removed‌‌‌NA‌‌has‌‌a‌‌gap‌‌between‌‌                               

them,‌ ‌so‌ ‌we‌ ‌use‌ ‌the‌ ‌scale‌ ‌function‌ ‌to‌ ‌normalize‌ ‌the‌ ‌value.‌ ‌ 

2.5. Correlation‌ ‌Matrix‌ ‌ 

We‌ ‌calculate‌ ‌the‌ ‌correlation‌ ‌of‌ ‌the‌ ‌normalized‌ ‌data‌ ‌in‌ ‌both‌ ‌Hi-C‌ ‌data‌ ‌and‌‌                         

ChIP-Seq‌ ‌data.‌‌ ‌  

In‌‌Hi-C‌‌data,‌‌we‌‌obtain‌‌more‌‌precise‌‌information.‌ ‌During‌‌this‌‌phase,‌‌we‌‌need‌‌                         

to‌‌check‌‌the‌‌variance‌‌not‌‌equal‌‌to‌‌0‌‌by‌‌column‌‌using‌‌‌which‌‌and‌‌‌apply‌‌function‌‌in‌‌‌R‌‌at‌‌                                   

first,‌‌then‌‌using‌‌the‌‌‌Pearson‌‌correlation‌‌‌to‌‌calculate‌‌for‌‌all‌‌variables.‌‌However,‌‌there‌‌                         

is‌ ‌a‌ ‌problem‌ ‌with‌ ‌the‌ ‌result‌ ‌after‌ ‌operating‌ ‌the‌ ‌steps‌ ‌above.‌ ‌After‌ ‌removing‌ ‌the‌‌                           
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columns‌ ‌whose‌ ‌variance‌ ‌is‌ ‌equal‌ ‌to‌ ‌0,‌ ‌the‌ ‌bin‌ ‌index‌ ‌of‌‌the‌‌raw‌‌data‌‌would‌‌be‌‌reset‌‌                                 

and‌‌started‌‌by‌‌1.‌‌Hence,‌‌we‌‌need‌‌to‌‌recover‌‌the‌‌bin‌‌index‌‌manually‌‌to‌‌make‌‌sure‌‌the‌‌                                 

bin‌ ‌index‌ ‌and‌ ‌the‌ ‌correlation‌ ‌value‌ ‌of‌ ‌the‌ ‌bins.‌‌ ‌  

In‌‌ChIP-Seq‌‌data,‌‌we‌‌have‌‌already‌‌got‌‌the‌‌score‌‌of‌‌every‌‌bin‌‌we‌‌set‌‌up‌‌in‌‌11‌‌                                 

ChIP-Seq‌ ‌targets.‌ ‌We‌ ‌need‌ ‌to‌ ‌merge‌ ‌11‌ ‌marks‌ ‌to‌ ‌one‌ ‌matrix‌ ‌and‌ ‌then‌‌calculate‌‌the‌‌                             

correlation‌ ‌matrix‌ ‌by‌ ‌row,‌ ‌representing‌ ‌the‌ ‌correlation‌ ‌of‌ ‌every‌ ‌bin‌ ‌in‌ ‌terms‌ ‌of‌ ‌the‌‌                           

ChIP-Seq‌ ‌pattern.‌‌ ‌  

2.6. Principal‌ ‌Component‌ ‌Analysis‌ ‌(PCA)‌ ‌ 

Principal‌ ‌Component‌ ‌Analysis‌ ‌(PCA)‌ ‌effectively‌ ‌reduces‌ ‌dataset‌‌dimensions‌‌               

while‌‌keeping‌‌spatial‌‌characteristics‌‌as‌‌much‌‌as‌‌possible.‌‌We‌‌can‌‌use‌‌the‌‌PCA‌‌method‌‌                           

to‌‌get‌‌the‌‌eigenvectors‌‌of‌‌the‌‌correlation‌‌matrix‌‌from‌‌the‌‌above‌‌section.‌‌Then,‌‌we‌‌can‌‌                             

specify‌ ‌the‌ ‌‌A‌ ‌or‌ ‌‌B‌ ‌compartment‌ ‌of‌ ‌the‌ ‌genome‌ ‌region‌ ‌based‌ ‌on‌ ‌the‌ ‌sign‌ ‌of‌ ‌its‌‌                               

eigenvalue,‌‌positive‌‌for‌‌‌A‌‌and‌‌negative‌‌for‌‌B‌.‌‌‌A‌‌compartment‌‌is‌‌usually‌‌gene-rich‌‌and‌‌                           

transcriptionally‌ ‌active.‌ ‌In‌ ‌contrast,‌ ‌the‌ ‌‌B‌ ‌compartment‌ ‌is‌ ‌usually‌ ‌gene-poor‌ ‌and‌‌                     

transcriptionally‌ ‌silent‌ ‌(Lieberman-Aiden‌ ‌et‌ ‌al.,‌ ‌2009).‌ ‌  

In‌ ‌the‌ ‌past,‌ ‌the‌ ‌input‌ ‌correlation‌‌matrix‌‌was‌‌in‌‌100KB‌‌resolution,‌‌whose‌‌file‌‌                         

size‌ ‌is‌ ‌around‌‌one‌‌hundred‌‌kilobytes‌‌(KB),‌‌the‌‌speed‌‌of‌‌running‌‌PCA‌‌is‌‌in‌‌a‌‌minute‌‌                               

(Lieberman-Aiden‌ ‌et‌ ‌al.,‌ ‌2009).‌ ‌However,‌ ‌the‌ ‌input‌ ‌of‌ ‌a‌ ‌25KB‌ ‌resolution‌ ‌matrix‌ ‌is‌‌                         

around‌ ‌three‌ ‌gigabytes‌ ‌(GB),‌ ‌then‌ ‌the‌ ‌speed‌ ‌of‌ ‌running‌ ‌PCA‌ ‌is‌ ‌over‌ ‌hours.‌ ‌As‌ ‌a‌‌                             

result,‌ ‌it‌ ‌can‌ ‌get‌ ‌a‌ ‌more‌ ‌precise‌ ‌contact‌ ‌pattern‌ ‌of‌ ‌chromosomes‌ ‌(Rao‌ ‌et‌ ‌al.,‌ ‌2014).‌ ‌ 

2.7. Network‌ ‌transform‌ ‌ 
1) Hi-C‌ ‌to‌ ‌a‌ ‌network:‌ ‌ 

We‌‌use‌‌data‌‌in‌‌three‌‌resolutions:‌‌100KB‌‌and‌‌1MB‌‌of‌‌Aiden2009,‌‌and‌‌25KB‌‌of‌‌                           

Rao2014.‌‌We‌‌transform‌‌a‌‌correlation‌‌matrix‌‌as‌‌a‌‌network‌‌graph‌‌in‌‌which‌‌a‌‌node‌‌is‌‌a‌‌                               

bin‌ ‌of‌ ‌the‌ ‌matrix,‌ ‌and‌ ‌an‌ ‌edge‌ ‌weight‌ ‌is‌ ‌a‌ ‌similarity‌ ‌between‌ ‌two‌ ‌end‌ ‌bins.‌ ‌We‌‌                               

calculate‌ ‌similarity‌ ‌in‌ ‌three‌ ‌ways:‌ ‌ 

a) Hi-C‌‌network‌‌similarity‌‌1:‌‌We‌‌use‌‌Hi-C‌‌normalized‌‌contact‌‌score‌‌to‌‌be‌‌                       

an‌ ‌edge‌ ‌weight.‌ ‌ 

b) Hi-C‌ ‌network‌‌similarity‌‌2:‌‌We‌‌use‌‌the‌‌correlation‌‌of‌‌two‌‌bins‌‌as‌‌their‌‌                         

connected‌ ‌edge‌ ‌weight.‌ ‌ 

c) Hi-C‌‌network‌‌similarity‌‌3:‌‌The‌‌network‌‌degree‌‌might‌‌be‌‌negative‌‌since‌‌                     

the‌ ‌correlation‌ ‌value‌ ‌ranges‌ ‌from‌‌-1‌‌to‌‌1.‌‌Because‌‌of‌‌the‌‌difficulty‌‌of‌‌                         

the‌‌analysis,‌‌we‌‌introduce‌‌the‌‌weighted‌‌correlation‌‌network‌‌analysis‌‌to‌‌                   
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solve‌ ‌the‌ ‌problem.‌ ‌We‌ ‌use‌ ‌signed‌ ‌similarity‌ ‌to‌ ‌transform‌ ‌the‌‌                   

correlation‌ ‌value:‌‌ ‌  

‌.5 .5cor(x , )Sij
signed = 0 + 0 i xj  

where‌ ‌ ‌and‌ ‌ ‌represent‌ ‌nodes‌ ‌in‌ ‌the‌ ‌network.‌ ‌Due‌ ‌to‌ ‌the‌‌  xi     xj                  

transformation‌ ‌of‌ ‌the‌ ‌signed‌ ‌similarity,‌ ‌the‌ ‌correlation‌ ‌value‌ ‌will‌ ‌be‌‌                   

positive,‌‌which‌‌corresponds‌‌to‌‌the‌‌network‌‌input‌‌should‌‌be‌‌positive‌‌of‌‌                     

the‌ ‌Louvain‌ ‌method.‌ ‌When‌ ‌using‌ ‌the‌ ‌weighted‌ ‌correlation‌ ‌network‌‌                 

analysis,‌‌the‌‌origin‌‌correlation‌‌value‌‌is‌‌between‌‌-1‌‌and‌‌1,‌‌and‌‌the‌‌new‌‌                         

correlation‌ ‌value‌ ‌is‌ ‌between‌ ‌0‌ ‌and‌ ‌1.‌ ‌If‌ ‌the‌ ‌new‌ ‌correlation‌ ‌value‌ ‌is‌‌                         

between‌‌0‌‌and‌‌0.5,‌‌then‌‌it‌‌is‌‌negative‌‌originally.‌‌If‌‌the‌‌new‌‌correlation‌‌                         

value‌ ‌is‌ ‌between‌ ‌0.5‌ ‌and‌ ‌1,‌ ‌then‌ ‌it‌ ‌is‌ ‌positive‌ ‌originally.‌ ‌Using‌ ‌the‌‌                         

value‌‌0.5,‌‌we‌‌can‌‌shift‌‌the‌‌correlation‌‌value‌‌to‌‌get‌‌all‌‌positive‌‌values‌‌to‌‌                           

do‌ ‌the‌ ‌next‌ ‌step.‌ ‌ 

2) ChIP-Seq‌ ‌to‌ ‌a‌ ‌network:‌ ‌ 
After‌ ‌getting‌ ‌the‌ ‌signed‌ ‌similarity‌ ‌correlation‌ ‌value‌ ‌matrix,‌ ‌we‌ ‌model‌ ‌every‌‌                     

bin‌ ‌to‌ ‌be‌ ‌a‌ ‌node‌ ‌and‌ ‌the‌ ‌correlation‌ ‌value‌ ‌to‌ ‌be‌ ‌edge‌ ‌weight.‌‌ ‌  

2.8. Hi-C‌ ‌and‌ ‌ChIP-Seq‌ ‌Network‌ ‌fusion‌ ‌ 

Some‌ ‌existing‌ ‌methods‌ ‌can‌ ‌develop‌ ‌genome‌ ‌segmentation‌ ‌by‌ ‌DNA‌‌                 

interaction.‌ ‌The‌ ‌Hi-C‌ ‌data‌ ‌are‌ ‌analyzed‌ ‌by‌ ‌the‌ ‌PCA‌ ‌method,‌ ‌and‌ ‌then‌ ‌the‌‌                         

eigenvectors‌ ‌of‌ ‌the‌ ‌first‌ ‌principle‌ ‌component‌ ‌are‌ ‌defined‌ ‌as‌ ‌compartment‌ ‌‌A‌ ‌and‌ ‌‌B‌,‌‌                         

where‌ ‌the‌ ‌value‌ ‌of‌ ‌the‌ ‌‌A‌ ‌loci‌ ‌is‌ ‌more‌ ‌significant‌ ‌than‌ ‌0.‌ ‌Otherwise,‌ ‌it‌ ‌is‌ ‌‌B‌‌                               

(Lieberman-Aiden‌ ‌et‌ ‌al.,‌ ‌2009).‌ ‌The‌ ‌ChIP-Seq‌ ‌data‌ ‌are‌ ‌analyzed‌ ‌by‌ ‌the‌ ‌hidden‌‌                       

Markov‌‌model‌‌(HMM)‌‌and‌‌are‌‌captured‌‌nucleosome-level‌‌information‌‌and‌‌identified‌‌                   

domain-level‌‌states‌‌(Eugenio‌‌Marco‌‌et‌‌al.,‌‌2017).‌‌Markov‌‌Clustering‌‌implements‌‌the‌‌                     

Hi-C‌ ‌data‌ ‌in‌ ‌human‌ ‌cells‌ ‌to‌ ‌segregate‌ ‌the‌ ‌regions‌ ‌into‌‌more‌‌detailed‌‌clusters‌‌inside‌‌                           

the‌ ‌affluent‌ ‌areas‌ ‌(Lin‌ ‌Liu‌ ‌et‌ ‌al.,‌ ‌2012).‌ ‌Developing‌ ‌genome‌ ‌segmentation‌ ‌usually‌‌                       

uses‌‌Hi-C‌‌data‌‌or‌‌ChIP-Seq‌‌data.‌‌What‌‌we‌‌want‌‌to‌‌do‌‌is‌‌use‌‌both‌‌of‌‌them‌‌to‌‌get‌‌more‌‌                                     

precise‌‌segments.‌‌We‌‌will‌‌try‌‌to‌‌combine‌‌these‌‌two‌‌different‌‌data‌‌types‌‌by‌‌the‌‌adding‌‌                             

function‌ ‌and‌ ‌SNF.‌‌ ‌  

The‌‌adding‌‌function‌‌would‌‌add‌‌two‌‌matrices,‌‌‌X‌‌and‌‌‌Y,‌‌together‌‌to‌‌be‌‌a‌‌matrix‌‌                             

Z‌,‌ ‌that‌ ‌is,‌ ‌‌Z‌i,j‌ ‌‌=‌‌X‌i,j‌ ‌+‌ ‌‌Y‌i,j,‌ ‌which‌‌is‌‌‌Z‌i,j‌,‌‌‌X‌i,j‌,‌‌‌and‌‌‌Y‌i,j‌ ‌‌are‌‌scores‌‌in‌‌the‌‌i‌th‌‌row‌‌and‌‌‌j‌th‌‌                                           

column‌ ‌of‌ ‌matrices‌ ‌‌X‌,‌ ‌‌Y‌‌ ‌and‌ ‌‌Z‌.‌ ‌ 
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We‌‌can‌‌use‌‌the‌‌SNF‌‌method‌‌to‌‌combine‌‌ChIP-Seq‌‌and‌‌Hi-C‌‌data‌‌(Bo‌‌Wang‌‌et‌‌                             

al.,‌‌2014).‌‌During‌‌the‌‌step‌‌that‌‌changes‌‌the‌‌matrix,‌‌the‌‌processed‌‌Hi-C‌‌and‌‌ChIP-Seq‌‌                           

data‌‌belong‌‌to‌‌the‌‌signed‌‌similarity‌‌correlation‌‌matrix.‌‌We‌‌take‌‌the‌‌‌1-signed‌‌similarity‌‌                         

correlation‌‌value‌‌to‌‌be‌‌the‌‌distance‌‌matrix‌‌of‌‌two‌‌datasets.‌‌Also,‌‌the‌‌parameters‌‌of‌‌the‌‌                             

function‌‌‌affinityMatrix‌‌‌we‌‌chose‌‌are‌‌the‌‌default,‌‌which‌‌is‌‌followed‌‌by‌‌empirical‌‌rule.‌‌                         

After‌‌getting‌‌the‌‌distance‌‌matrix,‌‌we‌‌can‌‌use‌‌the‌‌function‌‌‌affinityMatrix‌‌to‌‌construct‌‌a‌‌                           

similarity‌ ‌network.‌ ‌Next,‌ ‌when‌ ‌we‌ ‌successfully‌ ‌acquire‌ ‌the‌ ‌similarity‌ ‌networks‌ ‌by‌‌                     

Hi-C‌ ‌and‌ ‌ChIP-Seq‌ ‌data,‌ ‌we‌ ‌can‌ ‌use‌ ‌the‌ ‌function‌ ‌SNF‌ ‌to‌ ‌get‌ ‌the‌ ‌fused‌ ‌similarity‌‌                             

network‌ ‌representing‌ ‌the‌ ‌combination‌ ‌of‌ ‌Hi-C‌ ‌and‌ ‌ChIP-Seq‌ ‌information.‌ ‌ 

2.9. Network‌ ‌clustering‌ ‌ 
After‌‌network‌‌transform‌‌or‌‌fusion,‌‌we‌‌use‌‌the‌‌Louvain‌‌method‌‌in‌‌‌Python‌‌and‌‌                         

Leiden‌ ‌in‌ ‌‌Java‌‌ ‌to‌ ‌cluster‌ ‌networks.‌ ‌ 

2.9.1. Louvain‌ ‌method‌ ‌ 

The‌ ‌Louvain‌ ‌method‌ ‌is‌ ‌a‌ ‌powerful‌ ‌method‌ ‌of‌‌community‌‌detection.‌‌It‌‌is‌‌the‌‌                         

optimization‌‌of‌‌modularity.‌‌It‌‌decomposes‌‌the‌‌network‌‌into‌‌subunits‌‌or‌‌communities;‌‌                     

the‌ ‌more‌ ‌closely‌ ‌connected‌ ‌parts‌ ‌can‌‌be‌‌regarded‌‌as‌‌a‌‌community‌‌and‌‌the‌‌relatively‌‌                           

sparse‌‌connection‌‌between‌‌communities.‌‌The‌‌Louvain‌‌method‌‌assumes‌‌every‌‌node‌‌to‌‌                     

be‌‌a‌‌community‌‌at‌‌first.‌‌Then,‌‌it‌‌calculates‌‌the‌‌maximum‌‌modularity‌‌of‌‌each‌‌node‌‌and‌‌                             

its‌‌neighboring‌‌nodes.‌‌Then‌‌the‌‌following‌‌step‌‌measures‌‌the‌‌modularity‌‌of‌‌adding‌‌the‌‌                         

node‌ ‌to‌ ‌the‌ ‌community‌ ‌of‌ ‌its‌ ‌adjacent‌ ‌nodes.‌ ‌Finally,‌ ‌it‌ ‌chooses‌ ‌the‌ ‌node‌ ‌that‌‌                           

maximizes‌‌the‌‌modularity‌‌value‌‌and‌‌joins‌‌its‌‌community‌‌until‌‌no‌‌more‌‌changes‌‌occur‌‌                         

(Blondel‌‌et‌‌al.,‌‌2008).‌‌We‌‌have‌‌compared‌‌another‌‌popular‌‌clustering‌‌algorithm,‌‌smart‌‌                       

local‌ ‌moving‌ ‌(SLM)‌ ‌(Waltman‌ ‌et‌ ‌al.,‌ ‌2013),‌ ‌with‌ ‌Louvain.‌ ‌We‌ ‌find‌ ‌that‌ ‌Louvain‌‌                         

gives‌ ‌better‌ ‌results‌ ‌and‌ ‌is‌ ‌easier‌ ‌to‌ ‌implement.‌‌ ‌  

We‌ ‌use‌ ‌the‌ ‌‌best_partition‌ ‌‌function‌ ‌from‌ ‌the‌ ‌Python‌ ‌package‌ ‌‌community‌ ‌‌for‌‌                     

the‌‌Louvain‌‌algorithm‌‌(Python-louvain,‌‌2010).‌‌The‌‌parameter‌‌‌resolution‌‌(default‌‌‌=‌‌‌1)‌‌                     

affects‌ ‌the‌ ‌number‌ ‌of‌ ‌the‌ ‌recovered‌ ‌clusters.‌ ‌When‌ ‌the‌ ‌‌resolution‌ ‌is‌ ‌smaller,‌ ‌every‌‌                         

group‌ ‌recovers‌ ‌minor‌ ‌data‌ ‌points,‌ ‌getting‌ ‌more‌ ‌clusters.‌ ‌On‌ ‌the‌ ‌contrary,‌ ‌when‌ ‌the‌‌                         

resolution‌ ‌is‌ ‌larger,‌ ‌every‌ ‌cluster‌ ‌recovers‌ ‌massive‌ ‌data‌ ‌points,‌ ‌resulting‌ ‌in‌ ‌fewer‌‌                       

clusters.‌ ‌We‌ ‌adjust‌ ‌resolution‌ ‌when‌ ‌the‌ ‌number‌ ‌of‌ ‌groups‌ ‌is‌ ‌too‌ ‌big.‌‌Therefore,‌‌we‌‌                           

expect‌ ‌the‌ ‌result‌ ‌of‌ ‌the‌ ‌Louvain‌ ‌method‌ ‌is‌ ‌around‌ ‌two,‌ ‌which‌ ‌might‌ ‌correlate‌ ‌with‌‌                           

two‌ ‌compartments‌ ‌of‌ ‌the‌ ‌PCA‌ ‌method.‌ ‌ 
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2.9.2. Leiden‌ ‌method‌ ‌ 

The‌‌Leiden‌‌method‌‌is‌‌more‌‌efficient‌‌than‌‌the‌‌Louvain‌‌method‌‌for‌‌community‌‌                       

detection‌ ‌(Traag‌ ‌et‌ ‌al.,‌‌2019).‌‌It‌‌improves‌‌the‌‌disadvantages‌‌of‌‌the‌‌Louvain‌‌method.‌‌                         

For‌‌example,‌‌two‌‌nodes‌‌in‌‌the‌‌same‌‌cluster‌‌may‌‌not‌‌have‌‌an‌‌edge‌‌between‌‌them,‌‌and‌‌                               

the‌‌accuracy‌‌of‌‌community‌‌detection‌‌may‌‌have‌‌limitations.‌‌Furthermore,‌‌the‌‌runtime‌‌                     

of‌ ‌the‌ ‌Leiden‌ ‌method‌ ‌is‌ ‌faster‌ ‌than‌ ‌the‌ ‌Louvain‌ ‌method.‌ ‌ 

We‌ ‌apply‌ ‌this‌ ‌method‌ ‌using‌ ‌the‌ ‌Java‌ ‌package‌ ‌‌nl.cwts.networkanalysis‌ ‌‌from‌‌                   

the‌‌Github‌‌resource‌‌(CWTSLeiden,‌‌2020).‌‌After‌‌compiling‌‌the‌‌resource‌‌in‌‌Github,‌‌we‌‌                       

can‌ ‌get‌ ‌the‌ ‌‌RunNetworkClustering‌ ‌tool‌ ‌to‌‌apply‌‌the‌‌Leiden‌‌method‌‌to‌‌our‌‌data.‌‌The‌‌                           

resolution‌ ‌dominates‌ ‌the‌ ‌fineness‌ ‌of‌ ‌the‌ ‌clustering,‌ ‌which‌ ‌means‌ ‌it‌ ‌controls‌ ‌the‌‌                       

communities‌‌detected.‌‌When‌‌the‌‌‌resolution‌‌is‌‌smaller,‌‌it‌‌results‌‌in‌‌fewer‌‌clusters.‌‌On‌‌                         

the‌‌contrary,‌‌when‌‌the‌‌resolution‌‌is‌‌larger,‌‌it‌‌causes‌‌more‌‌clusters.‌‌We‌‌usually‌‌use‌‌the‌‌                             

default‌‌resolution‌‌(default‌‌‌=‌‌‌1),‌‌which‌‌can‌‌provide‌‌better‌‌clustering‌‌results.‌‌We‌‌expect‌‌                         

the‌ ‌result‌ ‌of‌ ‌the‌ ‌Leiden‌ ‌method‌ ‌is‌ ‌around‌ ‌two,‌ ‌which‌ ‌might‌ ‌correlate‌ ‌with‌ ‌two‌‌                           

compartments‌ ‌of‌ ‌the‌ ‌PCA‌ ‌method.‌ ‌ ‌   
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3. Results‌ ‌ 
3.1. A/B‌ ‌compartment‌ ‌reproducibility‌ ‌ 

3.1.1. KR‌ ‌normalization‌ ‌effect‌ ‌ 
Using‌ ‌the‌ ‌data‌ ‌given‌ ‌by‌ ‌the‌ ‌paper‌ ‌(Lieberman-Aiden‌ ‌et‌ ‌al.,‌‌2009),‌‌we‌‌try‌‌to‌‌                           

figure‌‌out‌‌whether‌‌the‌‌result‌‌will‌‌be‌‌different‌‌with‌‌or‌‌without‌‌KR‌‌normalization.‌‌First,‌‌                           

we‌‌use‌‌the‌‌eigenvectors‌‌given‌‌by‌‌the‌‌paper‌‌to‌‌draw‌‌the‌‌reference‌‌(Figure‌‌5a).‌‌We‌‌find‌‌                               

that‌ ‌it‌ ‌is‌ ‌sure‌ ‌that‌ ‌the‌ ‌way‌ ‌to‌ ‌mark‌ ‌the‌ ‌diagram‌ ‌will‌ ‌get‌ ‌the‌ ‌same‌ ‌chart‌‌(Figure‌‌5c,‌‌                                   

Lieberman-Aiden‌‌et‌‌al.,‌‌2009).‌‌Then‌‌we‌‌use‌‌the‌‌contact‌‌matrix‌‌given‌‌by‌‌the‌‌article‌‌to‌                             

draw‌ ‌two‌ ‌graphs.‌ ‌Figures‌ ‌5b‌ ‌and‌ ‌5c‌ ‌show‌ ‌without‌ ‌and‌ ‌with‌ ‌KR‌ ‌normalization,‌‌                         

respectively.‌‌We‌‌conclude‌‌that‌‌we‌‌need‌‌to‌‌do‌‌KR‌‌normalization‌‌to‌‌get‌‌the‌‌same‌‌graph‌‌                             

as‌ ‌the‌ ‌paper.‌ ‌We‌ ‌also‌ ‌use‌ ‌the‌ ‌KR‌ ‌normalization‌ ‌and‌ ‌get‌ ‌the‌ ‌A/B‌ ‌compartment‌ ‌in‌‌                             

100KB‌ ‌of‌ ‌Aiden2009‌‌(Figure‌‌5d)‌‌and‌‌25KB‌‌of‌‌Rao2014‌‌(Figure‌‌6),‌‌finding‌‌that‌‌the‌‌                           

KR‌ ‌normalization‌ ‌is‌ ‌essential‌ ‌to‌ ‌reproduce‌ ‌a‌ ‌similar‌ ‌segment‌ ‌in‌ ‌different‌ ‌resolutions.‌ ‌ 

‌ 

‌ 
13‌ ‌ 

DOI:10.6814/NCCU202101389

‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y



‌ 

‌ 

‌ 

‌ 
14‌ ‌ 

DOI:10.6814/NCCU202101389

‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y



‌ 
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Figure‌ ‌5.‌ ‌‌The‌ ‌result‌ ‌of‌ ‌applying‌ ‌PCA‌ ‌on‌ ‌chromosome‌ ‌14‌ ‌of‌ ‌Aiden2009.‌ ‌(a)‌ ‌The‌‌                           

eigenvectors‌ ‌are‌ ‌given‌ ‌by‌ ‌the‌ ‌paper‌ ‌(Lieberman-Aiden‌ ‌et‌ ‌al.,‌ ‌2009)‌ ‌in‌ ‌1MB‌‌                       

resolution.‌‌(b)‌‌We‌‌apply‌‌PCA‌‌on‌‌non-normalized‌‌data‌‌to‌‌get‌‌the‌‌eigenvector‌‌in‌‌1MB‌‌                           

resolution.‌ ‌(c)‌ ‌We‌ ‌use‌ ‌PCA‌ ‌on‌ ‌KR‌ ‌normalization‌ ‌data‌ ‌in‌ ‌1MB‌ ‌resolution.‌ ‌(d)‌ ‌We‌‌                           

apply‌ ‌PCA‌ ‌on‌ ‌KR‌ ‌normalization‌ ‌data‌ ‌in‌ ‌100KB‌ ‌resolution.‌ ‌ 

‌ 

Figure‌ ‌6.‌ ‌‌We‌ ‌apply‌ ‌PCA‌ ‌on‌ ‌KR‌ ‌normalization‌ ‌data‌ ‌in‌ ‌the‌ ‌25KB‌ ‌resolution‌ ‌of‌‌                           

Rao2014.‌‌ ‌  

‌ 

3.1.2. The‌ ‌resolution‌ ‌influence‌ ‌the‌ ‌runtime‌‌ ‌  
After‌‌testing‌‌two‌‌different‌‌datasets,‌‌we‌‌record‌‌the‌‌file‌‌size‌‌and‌‌runtime‌‌(Table‌‌                         

1).‌‌At‌‌high‌‌resolution,‌‌which‌‌is‌‌1KB,‌‌the‌‌file‌‌size‌‌sparse‌‌matrix‌‌is‌‌too‌‌big‌‌to‌‌become‌‌a‌‌                                   

matrix.‌‌At‌‌low‌‌resolution,‌‌which‌‌is‌‌1MB,‌‌the‌‌file‌‌size‌‌of‌‌the‌‌matrix‌‌is‌‌relatively‌‌small,‌‌                               

and‌ ‌its‌ ‌runtime‌ ‌is‌ ‌relatively‌ ‌fast.‌ ‌ 

‌ 

‌ 

‌ 

‌ 

‌ 
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Table‌ ‌1.‌ ‌‌The‌ ‌results‌ ‌of‌ ‌runtime‌ ‌at‌ ‌different‌ ‌resolutions‌ ‌and‌ ‌datasets.‌ ‌The‌ ‌sparse/matrix‌‌ 

represents‌ ‌the‌ ‌file‌ ‌size‌ ‌of‌ ‌the‌ ‌sparse‌ ‌matrix‌ ‌and‌ ‌matrix‌ ‌separately.‌ ‌ 

‌ 

‌ 

3.1.3. The‌ ‌explanation‌ ‌proportion‌ ‌of‌ ‌PCA‌ ‌ 

We‌‌usually‌‌use‌‌the‌‌PCA‌‌method‌‌to‌‌find‌‌“an‌‌index”‌‌to‌‌represent‌‌the‌‌dataset,‌‌so‌‌                             

we‌ ‌only‌ ‌keep‌ ‌the‌ ‌first‌ ‌principle‌ ‌component.‌ ‌We‌ ‌calculate‌ ‌the‌ ‌variance‌ ‌by‌ ‌the‌ ‌first‌‌                           

principle‌‌component‌‌and‌‌then‌‌define‌‌its‌‌proportion‌‌as‌‌the‌‌variance‌‌divided‌‌by‌‌the‌‌sum‌‌                           

of‌ ‌variance.‌ ‌Thus,‌ ‌we‌ ‌calculate‌ ‌the‌ ‌cumulative‌ ‌ratio‌ ‌of‌ ‌the‌ ‌first‌ ‌‌k‌ ‌‌principal‌‌                         

components,‌ ‌representing‌ ‌the‌ ‌percentage‌ ‌of‌ ‌the‌ ‌whole‌ ‌data‌ ‌explained‌ ‌based‌ ‌on‌ ‌the‌‌                       

first‌ ‌‌k‌ ‌components.‌ ‌For‌ ‌‌k‌ ‌=‌ ‌1,‌ ‌it‌ ‌will‌ ‌help‌‌us‌‌determine‌‌whether‌‌only‌‌using‌‌the‌‌first‌‌                                 

principal‌‌component‌‌is‌‌suitable‌‌or‌‌not.‌ ‌The‌‌variance‌‌of‌‌the‌‌first‌‌principle‌‌component‌‌                         

at‌ ‌100KB‌ ‌and‌ ‌1MB‌ ‌resolutions‌ ‌are‌ ‌higher‌ ‌than‌ ‌other‌ ‌principle‌ ‌components‌ ‌of‌‌                       

Aiden2009‌ ‌(Figure‌ ‌7).‌ ‌We‌ ‌find‌ ‌that‌‌the‌‌first‌‌principal‌‌component‌‌at‌‌1MB‌‌resolution‌‌                         

can‌ ‌explain‌ ‌54%‌ ‌of‌ ‌the‌ ‌whole‌ ‌dataset‌ ‌(Figure‌ ‌7a).‌ ‌However,‌ ‌the‌ ‌first‌ ‌principal‌‌                         

component‌ ‌at‌ ‌100KB‌ ‌can‌ ‌explain‌ ‌only‌ ‌around‌ ‌5%‌ ‌of‌ ‌the‌ ‌entire‌‌dataset‌‌(Figure‌‌7b).‌‌                           

Also,‌ ‌the‌ ‌first‌ ‌principal‌ ‌component‌ ‌of‌ ‌Rao2014‌ ‌at‌ ‌25KB‌ ‌can‌ ‌explain‌ ‌44%‌ ‌of‌ ‌the‌‌                           

whole‌ ‌dataset‌ ‌(Figure‌ ‌7c).‌ ‌The‌ ‌accurate‌ ‌number‌ ‌of‌ ‌the‌ ‌cumulative‌ ‌proportion‌ ‌in‌                       

different‌ ‌resolutions‌ ‌is‌ ‌in‌ ‌Table‌ ‌2.‌ ‌ 

Table‌ ‌2.‌ ‌‌The‌ ‌cumulative‌ ‌proportion‌ ‌of‌ ‌PC1‌ ‌in‌ ‌resolutions:‌ ‌1MB,‌ ‌100KB‌ ‌of‌‌                       

Aiden2009,‌ ‌and‌ ‌25KB‌ ‌of‌ ‌Rao2014.‌ ‌ 

‌ 

‌ 
16‌ ‌ 

Data‌ ‌set‌ ‌  Lieber‌ ‌et‌ ‌al.(2009)‌ ‌  Rao‌ ‌et‌ ‌al.(2014)‌ ‌ 

Resolution‌ ‌  1MB‌ ‌  100KB‌ ‌  25KB‌ ‌  10KB‌ ‌  1KB‌ ‌ 

sparse/‌ ‌ 
matrix‌ ‌ 

NA/164K‌ ‌  NA/6.18M‌ ‌  133M/107M‌ ‌  317M/418M‌ ‌  1.3G/run‌ ‌out‌‌ 
of‌ ‌memory‌ ‌ 

Runtime(s)‌ ‌  6.44‌ ‌  13.74‌ ‌  150.37‌ ‌  2875.39‌ ‌  NA‌ ‌ 

Data‌ ‌set‌ ‌  Lieber‌ ‌et‌ ‌al.(2009)‌ ‌  Rao‌ ‌et‌ ‌al.(2014)‌ ‌ 

Resolution‌ ‌  1MB‌ ‌  100KB‌ ‌  25KB‌ ‌ 

Cumulative‌ ‌prop.(%)‌ ‌  53.96‌ ‌  4.78‌ ‌  43.76‌ ‌ 
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‌ 
Figure‌‌7.‌‌‌The‌‌cumulative‌‌proportion‌‌of‌‌the‌‌first‌‌principle‌‌component‌‌at‌‌1MB‌‌(a)‌‌and‌‌                           

100KB‌ ‌(b)‌ ‌resolution‌ ‌of‌ ‌Aiden2009‌ ‌and‌ ‌25KB‌ ‌(c)‌ ‌resolution‌ ‌of‌‌Rao2014.‌‌We‌‌draw‌‌                         

the‌ ‌variance‌ ‌and‌ ‌principal‌ ‌component‌ ‌figures‌ ‌on‌ ‌the‌ ‌left‌ ‌and‌ ‌the‌ ‌cumulative‌‌                       

proportion‌ ‌and‌ ‌principal‌ ‌component‌ ‌on‌ ‌the‌ ‌right.‌ ‌ 
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3.2. Hi-C‌ ‌network‌ ‌cluster‌ ‌ 

3.2.1. Louvain‌ ‌cluster‌ ‌of‌ ‌Hi-C‌ ‌network‌ ‌ 

We‌‌find‌‌that‌‌the‌‌best‌‌partition‌‌is‌‌given‌‌by‌‌the‌‌default‌‌parameter,‌‌which‌‌is‌‌one.‌‌                             

After‌‌clustering‌‌the‌‌datasets,‌‌we‌‌get‌‌two‌‌clusters‌‌of‌‌Aiden2009‌‌(Figure‌‌8b,‌‌8c).‌‌Also,‌‌                           

we‌ ‌get‌ ‌three‌ ‌groups‌ ‌of‌ ‌0,1,2‌ ‌of‌ ‌Rao2014‌ ‌(Figure‌ ‌8e).‌ ‌During‌ ‌this‌ ‌phase,‌ ‌the‌ ‌raw‌‌                             

dataset‌‌of‌‌Rao2014‌‌has‌‌some‌‌‌NA‌‌‌value,‌‌so‌‌the‌‌figure‌‌of‌‌the‌‌result‌‌has‌‌some‌‌blank.‌‌We‌‌                                 

observe‌ ‌the‌ ‌eigenvalue‌ ‌result‌ ‌of‌ ‌PCA,‌ ‌then‌ ‌adjust‌ ‌the‌ ‌clusters.‌ ‌If‌ ‌the‌ ‌result‌ ‌of‌ ‌the‌‌                             

Louvain‌‌method‌‌is‌‌equal‌‌to‌‌two,‌‌then‌‌we‌‌keep‌‌the‌‌result‌‌(Figure‌‌8b,‌‌8c).‌‌If‌‌the‌‌result‌‌                                 

of‌‌the‌‌Louvain‌‌method‌‌is‌‌around‌‌two‌‌but‌‌not‌‌identical‌‌to‌‌two,‌‌we‌‌merge‌‌the‌‌cluster‌‌to‌‌                                 

compare‌‌with‌‌the‌‌result‌‌of‌‌the‌‌PCA‌‌method‌‌(Figure‌‌8d).‌‌We‌‌combine‌‌the‌‌cluster‌‌0‌‌and‌‌                               

2‌‌to‌‌be‌‌one‌‌cluster‌‌and‌‌keep‌‌the‌‌cluster‌‌1‌‌(Figure‌‌8e).‌‌We‌‌finally‌‌get‌‌a‌‌similar‌‌trend‌‌of‌‌                                     

the‌ ‌PCA‌ ‌method‌ ‌(Figure‌ ‌8).‌‌ ‌  

‌ 
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Figure‌‌8.‌‌‌Hi-C‌‌network‌sim1‌ ‌using‌‌the‌‌Louvain‌‌method‌‌on‌‌chromosome‌‌14‌‌in‌‌different‌‌                         

resolutions‌ ‌compared‌ ‌with‌ ‌the‌ ‌PCA‌ ‌method‌ ‌result.‌ ‌(a)‌ ‌The‌ ‌paper‌ ‌gives‌ ‌the‌‌                       

eigenvectors‌ ‌in‌ ‌1MB‌ ‌resolution‌ ‌(Lieberman-Aiden‌ ‌et‌ ‌al.,‌ ‌2009).‌ ‌(b)‌ ‌We‌ ‌use‌ ‌the‌‌                       

Louvain‌‌method‌‌in‌‌the‌‌1MB‌‌resolution‌‌of‌‌Aiden2009.‌‌(c)‌‌We‌‌use‌‌the‌‌Louvain‌‌method‌‌                           

in‌ ‌the‌ ‌100KB‌ ‌resolution‌ ‌of‌ ‌Aiden2009.‌ ‌(d)‌ ‌The‌ ‌Juicer‌ ‌gives‌ ‌the‌ ‌eigenvectors‌ ‌of‌‌                         

Rao2014.‌ ‌(e)‌ ‌We‌ ‌use‌ ‌the‌ ‌Louvain‌ ‌method‌ ‌in‌ ‌the‌ ‌25KB‌ ‌resolution‌ ‌of‌ ‌Rao2014.‌ ‌We‌‌                           

adjust‌ ‌the‌ ‌clusters‌ ‌to‌ ‌be‌ ‌two‌ ‌clusters‌ ‌to‌ ‌compare‌ ‌with‌ ‌the‌ ‌eigenvalues‌ ‌of‌ ‌the‌‌                           

eigenvectors.‌ ‌ 

‌ 

We‌‌are‌‌also‌‌interested‌‌in‌‌the‌‌matrix‌‌of‌‌the‌‌input.‌‌We‌‌test‌‌three‌‌situations‌‌using‌‌                             

the‌‌Louvain‌‌method‌‌to‌‌determine‌‌the‌‌matrix.‌‌The‌‌first‌‌matrix‌‌is‌‌the‌‌normalized‌‌matrix‌‌                           

after‌ ‌doing‌ ‌matrix‌ ‌preprocessing‌ ‌(Figure‌ ‌9a),‌ ‌the‌ ‌second‌ ‌matrix‌ ‌is‌ ‌the‌ ‌correlation‌‌                       

matrix‌‌of‌‌the‌‌normalized‌‌matrix‌‌after‌‌doing‌‌matrix‌‌preprocessing‌‌(Figure‌‌9b),‌‌and‌‌the‌‌                         

last‌ ‌matrix‌ ‌is‌ ‌the‌ ‌signed‌ ‌similarity‌ ‌correlation‌ ‌matrix‌ ‌of‌ ‌the‌‌normalized‌‌matrix‌‌after‌‌                         

doing‌‌matrix‌‌preprocessing‌‌(Figure‌‌9c).‌‌We‌‌find‌‌that‌‌the‌‌trends‌‌of‌‌these‌‌third‌‌matrices‌‌                           

are‌‌similar,‌‌and‌‌all‌‌of‌‌them‌‌are‌‌grouped‌‌in‌‌3‌‌clusters.‌‌After‌‌testing‌‌the‌‌different‌‌input‌‌                               

matrices,‌ ‌we‌ ‌can‌ ‌choose‌ ‌the‌ ‌signed‌ ‌similarity‌ ‌correlation‌ ‌matrix‌ ‌of‌ ‌the‌ ‌normalized‌‌                       

matrix‌ ‌after‌ ‌doing‌ ‌matrix‌ ‌preprocessing‌ ‌to‌ ‌compare‌ ‌with‌ ‌the‌ ‌ChIP-Seq‌ ‌data.‌ ‌ 
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‌ 
Figure‌ ‌9.‌ ‌‌Hi-C‌ ‌network‌ ‌using‌ ‌the‌ ‌Louvain‌ ‌method‌ ‌on‌ ‌chromosome‌ ‌14‌ ‌by‌‌different‌‌                         

input‌‌matrices.‌‌(a)‌‌We‌‌use‌‌the‌‌Louvain‌‌method‌‌in‌‌25KB‌‌resolution‌‌of‌‌the‌‌datasets‌‌of‌‌                             

normalized‌ ‌input‌ ‌data‌ ‌of‌ ‌Rao2014.‌ ‌(b)‌ ‌We‌ ‌use‌ ‌the‌ ‌Louvain‌ ‌method‌ ‌in‌ ‌25KB‌                         

resolution‌‌of‌‌the‌‌datasets‌‌of‌‌correlation‌‌of‌‌normalized‌‌input‌‌data‌‌of‌‌Rao2014.‌‌(c)‌‌We‌‌                           

use‌ ‌the‌ ‌Louvain‌ ‌method‌ ‌in‌ ‌25KB‌ ‌resolution‌ ‌of‌ ‌the‌ ‌datasets‌ ‌of‌ ‌signed‌ ‌similarity‌‌                         

correlation‌ ‌of‌ ‌normalized‌ ‌input‌ ‌data‌ ‌of‌ ‌Rao2014.‌ ‌ 

‌ 
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Moreover,‌ ‌we‌ ‌test‌ ‌the‌ ‌Louvain‌ ‌method‌ ‌by‌ ‌giving‌ ‌different‌ ‌parameters‌                   

resolution‌‌ ‌(Table‌ ‌2‌ ‌Louvain‌ ‌Hi-C).‌ ‌ 

Table‌ ‌3.‌ ‌‌The‌ ‌numbers‌ ‌of‌ ‌the‌ ‌cluster‌ ‌in‌ ‌different‌ ‌resolutions‌ ‌using‌ ‌the‌ ‌Louvain‌ ‌and‌‌                           

Leiden‌ ‌method‌ ‌in‌ ‌the‌ ‌25KB‌ ‌resolution‌ ‌of‌ ‌Rao2014.‌ ‌ 

‌ 

‌ 

3.2.2. Cluster‌ ‌Hi-C‌ ‌data‌ ‌by‌ ‌Leiden‌ ‌ 
We‌‌use‌‌the‌‌Hi-C‌‌data‌‌network‌‌to‌‌be‌‌input‌‌and‌‌use‌‌the‌‌Leiden‌‌method‌‌in‌‌Java.‌‌                               

We‌ ‌find‌ ‌that‌ ‌the‌ ‌best‌ ‌partition‌ ‌is‌ ‌given‌ ‌by‌ ‌the‌ ‌parameter‌ ‌‌resolution,‌ ‌which‌ ‌is‌ ‌one.‌‌                             

After‌ ‌clustering‌ ‌the‌ ‌datasets,‌ ‌we‌ ‌get‌ ‌four‌ ‌clusters‌ ‌of‌ ‌0,1,2‌ ‌and‌ ‌3‌ ‌of‌ ‌the‌ ‌datasets‌ ‌in‌‌                               

Rao2014‌‌(Figure‌‌10b).‌‌First,‌‌we‌‌observe‌‌the‌‌eigenvalue‌‌result‌‌of‌‌PCA,‌‌then‌‌adjust‌‌the‌‌                           

clusters.‌ ‌Finally,‌ ‌we‌ ‌merge‌ ‌the‌‌group‌‌to‌‌compare‌‌with‌‌the‌‌result‌‌of‌‌the‌‌PCA‌‌method‌‌                             

(Figure‌‌10).‌‌We‌‌combine‌‌the‌‌cluster‌‌1,‌‌2‌‌and‌‌3‌‌to‌‌represent‌‌positive‌‌value,‌‌keeping‌‌the‌‌                               

cluster‌ ‌0‌ ‌representing‌ ‌negative‌ ‌value.‌ ‌ 
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‌ 
Figure‌‌10.‌‌‌Hi-C‌‌datasets‌‌using‌‌the‌‌Leiden‌‌method‌‌on‌‌chromosome‌‌14.‌‌(a)‌‌The‌‌Juicer‌‌                           

gives‌ ‌the‌ ‌eigenvectors‌ ‌of‌ ‌the‌ ‌datasets‌‌of‌‌Rao2014.‌‌(b)‌‌We‌‌use‌‌the‌‌Leiden‌‌method‌‌in‌‌                             

the‌ ‌25KB‌ ‌resolution‌ ‌of‌ ‌Rao2014.‌‌ ‌  

‌ 

Moreover,‌‌we‌‌test‌‌the‌‌Leiden‌‌method‌‌by‌‌giving‌‌different‌‌parameters‌‌‌resolution‌‌                     

(Table‌ ‌3‌ ‌Leiden‌ ‌Hi-C).‌ ‌ 

Also,‌ ‌we‌ ‌compare‌ ‌the‌ ‌Louvain‌ ‌and‌ ‌Leiden‌ ‌methods‌ ‌with‌ ‌their‌ ‌runtime‌ ‌in‌‌                       

different‌‌situations‌‌(Table‌‌4).‌‌We‌‌choose‌‌the‌‌parameter‌‌resolution,‌‌which‌‌results‌‌in‌‌the‌‌                         

number‌ ‌of‌ ‌clusters‌ ‌closed‌ ‌to‌ ‌two,‌ ‌and‌ ‌records‌ ‌two‌ ‌methods’‌ ‌runtime.‌ ‌We‌ ‌find‌ ‌that‌‌                           

although‌ ‌the‌ ‌result‌ ‌of‌ ‌the‌ ‌Louvain‌ ‌and‌ ‌Leiden‌ ‌are‌ ‌pretty‌ ‌similar,‌ ‌the‌‌runtime‌‌of‌‌the‌‌                             

Leiden‌ ‌method‌ ‌is‌ ‌relatively‌ ‌shorter‌ ‌than‌ ‌the‌ ‌Louvain‌ ‌method.‌ ‌ 

‌ 

‌ 

‌ 

‌ 
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Table‌ ‌4.‌ ‌‌The‌ ‌runtime‌ ‌of‌ ‌using‌ ‌the‌ ‌Lovain‌ ‌and‌ ‌Leiden‌ ‌method‌ ‌in‌ ‌second.‌ ‌ 

‌ 

3.2.3. The‌ ‌consistency‌ ‌between‌ ‌network‌ ‌cluster‌ ‌and‌ ‌PCA‌‌ 

decomposition‌ ‌ 
We‌ ‌use‌ ‌‌Pearson‌ ‌Correlation‌ ‌to‌ ‌check‌ ‌the‌ ‌consistency‌ ‌between‌ ‌PCA‌‌                   

decomposition‌ ‌(HiCmatrix,‌ ‌Figure‌ ‌11~12)‌ ‌and‌ ‌network‌ ‌clusters‌ ‌generated‌ ‌by‌ ‌the‌‌                   

Louvain‌‌and‌‌Leiden‌‌method.‌‌If‌‌the‌‌number‌‌of‌‌groups‌‌is‌‌larger‌‌than‌‌two,‌‌we‌‌combine‌‌                             

them‌ ‌into‌ ‌two‌ ‌sets‌ ‌and‌ ‌compare‌ ‌the‌ ‌consistency.‌ ‌First,‌‌we‌‌compare‌‌the‌‌result‌‌of‌‌the‌‌                             

Louvain‌ ‌method,‌ ‌and‌ ‌we‌ ‌use‌ ‌three‌ ‌different‌ ‌inputs,‌ ‌which‌ ‌are‌ ‌normalized‌ ‌matrix‌‌                       

(HiCnetworksim1,‌ ‌Figure‌ ‌11),‌ ‌the‌ ‌correlation‌ ‌matrix‌ ‌of‌ ‌the‌ ‌normalized‌ ‌matrix‌‌                   

(HiCnetworksim2,‌ ‌Figure‌ ‌11),‌ ‌and‌ ‌the‌ ‌signed‌ ‌similarity‌ ‌of‌ ‌the‌ ‌correlation‌‌matrix‌‌of‌‌                       

the‌ ‌normalized‌ ‌matrix‌ ‌(HiCnetworksim3,‌ ‌Figure‌ ‌11).‌ ‌We‌ ‌find‌ ‌that‌ ‌the‌ ‌signed‌‌                     

similarity‌ ‌of‌ ‌the‌ ‌correlation‌ ‌matrix‌ ‌of‌ ‌the‌‌normalized‌‌matrix‌‌is‌‌slightly‌‌less‌‌than‌‌the‌‌                           

normalized‌ ‌matrix,‌ ‌but‌ ‌its‌ ‌correlation‌ ‌is‌ ‌still‌ ‌higher‌ ‌than‌ ‌0.85.‌ ‌ 

Next,‌ ‌we‌ ‌test‌ ‌the‌ ‌Leiden‌ ‌method‌ ‌in‌ ‌two‌ ‌network‌ ‌similarities:‌‌the‌‌correlation‌‌                       

matrix‌ ‌of‌ ‌the‌ ‌normalized‌ ‌matrix‌ ‌(HiCnetworksim2,‌ ‌Figure‌ ‌12)‌ ‌and‌ ‌the‌ ‌signed‌‌                     

similarity‌‌of‌‌the‌‌correlation‌‌matrix‌‌of‌‌the‌‌normalized‌‌matrix‌‌(HiCnetworksim3,‌‌Figure‌‌                     

12).‌ ‌While‌ ‌network‌ ‌similarity‌ ‌1‌ ‌would‌ ‌come‌‌out‌‌huge‌‌clusters‌‌(791‌‌clusters),‌‌so‌‌we‌‌                           

do‌ ‌not‌ ‌include‌ ‌it‌ ‌into‌ ‌consistency‌ ‌checking.‌ ‌However,‌ ‌we‌ ‌find‌ ‌that‌ ‌the‌ ‌signed‌‌                         

similarity‌‌of‌‌the‌‌correlation‌‌matrix‌‌of‌‌the‌‌normalized‌‌matrix‌‌using‌‌the‌‌Leiden‌‌method‌‌                         

is‌ ‌slightly‌ ‌higher‌ ‌than‌ ‌the‌ ‌Louvain‌ ‌method.‌ ‌ 

‌ 
24‌ ‌ 

methods‌ ‌  Louvain‌ ‌  Leiden‌ ‌ 

HiC.networksim1‌ ‌  37‌ ‌  2‌ ‌ 

HiC.networksim2‌ ‌  25‌ ‌  2‌ ‌ 

HiC.networksim3‌ ‌  20‌ ‌  1‌ ‌ 

ChIP-Seq.network‌ ‌  451‌ ‌  6‌ ‌ 

Chip-seq.network‌ ‌+‌ ‌remNA‌ ‌  362‌ ‌  5‌ ‌ 

Chip-seq.network‌ ‌+‌ ‌remNA‌ ‌+‌ ‌scale‌ ‌  216‌ ‌  4‌ ‌ 

Fusion.network_adding‌ ‌  289‌ ‌  4‌ ‌ 

Fusion.network_adding‌ ‌+‌ ‌remNA‌ ‌  460‌ ‌  4‌ ‌ 

Fusion.network_SNF‌ ‌  220‌ ‌  4‌ ‌ 
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‌ 

Figure‌ ‌11.‌ ‌‌The‌ ‌cluster‌ ‌correlation‌ ‌of‌ ‌different‌ ‌Hi-C‌ ‌networks‌ ‌using‌ ‌the‌ ‌Louvain‌‌                       

method.‌ ‌ 
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Figure‌ ‌12.‌ ‌‌The‌ ‌cluster‌ ‌correlation‌ ‌of‌ ‌different‌ ‌Hi-C‌ ‌networks‌ ‌using‌ ‌the‌ ‌Leiden‌‌                       

method.‌ ‌ 

‌ 

3.3. ChIP-Seq‌ ‌data‌ ‌ 

3.3.1. Cluster‌ ‌ChIP-Seq‌ ‌data‌ ‌by‌ ‌Louvain‌ ‌ 

We‌‌use‌‌the‌‌ChIP-Seq‌‌data‌‌network‌‌to‌‌be‌‌input‌‌and‌‌use‌‌the‌‌Louvain‌‌method‌‌in‌‌                             

the‌‌Python‌‌package‌‌‌community‌.‌‌We‌‌find‌‌that‌‌the‌‌best‌‌partition‌‌is‌‌given‌‌by‌‌the‌‌default‌‌                             

parameter,‌ ‌which‌ ‌is‌ ‌one.‌ ‌We‌ ‌check‌ ‌whether‌ ‌clusters‌ ‌of‌ ‌Louvain‌ ‌are‌ ‌consistent‌ ‌with‌‌                         

ChIP-Seq‌ ‌pattern,‌ ‌that‌ ‌is,‌ ‌activation‌ ‌or‌ ‌repression‌ ‌marks‌ ‌(Table‌ ‌5)‌ ‌are‌ ‌grouped‌‌                       

together‌‌or‌‌not‌‌based‌‌on‌‌the‌‌Louvain‌‌clusters.‌‌We‌‌use‌‌‌pheatmap‌‌‌(R‌‌library)‌‌to‌‌analyze‌‌                             

the‌ ‌ChIP-Seq‌ ‌network‌ ‌cluster.‌ ‌We‌ ‌find‌ ‌that‌ ‌active‌ ‌marks‌ ‌and‌ ‌the‌ ‌repression‌ ‌targets‌‌                         

group‌‌together‌‌separately‌‌(Figure‌‌13a).‌‌We‌‌find‌‌that‌‌removing‌‌‌NA‌‌is‌‌similar‌‌to‌‌one‌‌of‌‌                             

the‌‌original‌‌networks,‌‌making‌‌sense‌‌(Figure‌‌13b).‌‌Finally,‌‌we‌‌find‌‌that‌‌scaling‌‌is‌‌a‌‌bit‌‌                             

weird‌ ‌which‌ ‌combines‌ ‌activation‌ ‌targets‌ ‌and‌ ‌repression‌ ‌targets‌ ‌together‌ ‌(Figure‌ ‌13c).‌‌ ‌  

‌ 

‌ 

‌ 
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Table‌ ‌5.‌ ‌‌The‌ ‌role‌ ‌in‌ ‌transcription‌ ‌of‌ ‌the‌ ‌histone‌ ‌modification.‌ 

‌ 

‌ 

‌ 
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‌ 

Figure‌‌13.‌‌‌The‌‌pheatmap‌‌results‌‌of‌‌the‌‌ChIP-Seq‌‌network‌‌using‌‌the‌‌Louvain‌‌method.‌‌                         

(a)‌ ‌ChIP-Seq‌ ‌network.‌ ‌(b)‌ ‌ChIP-Seq‌ ‌network‌ ‌removes‌ ‌‌NA‌.‌ ‌(c)‌ ‌ChIP-Seq‌ ‌network‌‌                     

removes‌ ‌‌NA‌‌ ‌and‌ ‌uses‌ ‌scale,‌ ‌where‌ ‌A‌ ‌and‌ ‌B‌ ‌correspond‌ ‌to‌ ‌A/B‌ ‌compartments.‌ ‌ 

‌ 

Since‌ ‌the‌ ‌ChIP-Seq‌ ‌patterns‌ ‌make‌ ‌sense,‌ ‌we‌ ‌combine‌ ‌the‌ ‌clusters‌ ‌into‌ ‌two‌‌                       

clusters‌‌according‌‌to‌‌the‌‌‌pheatmap‌‌result‌‌(Figure‌‌13).‌‌The‌‌inputs‌ ‌ChIP-Seq‌‌network‌‌                       

and‌‌ChIP-Seq‌‌removed‌‌‌NA‌‌combine‌‌cluster‌‌1‌‌and‌‌3‌‌to‌‌be‌‌positive,‌‌and‌‌cluster‌‌0‌‌and‌‌2‌‌                                 

to‌ ‌be‌ ‌negative‌ ‌(Figure‌ ‌14b~c).‌ ‌The‌ ‌input‌ ‌ChIP-Seq‌ ‌network‌ ‌removed‌ ‌‌NA‌ ‌and‌ ‌used‌‌                         

scale‌ ‌to‌ ‌combine‌ ‌cluster‌ ‌2‌ ‌and‌ ‌3‌ ‌to‌ ‌be‌ ‌positive,‌ ‌and‌ ‌cluster‌ ‌0‌ ‌and‌ ‌1‌ ‌to‌ ‌be‌ ‌negative‌‌                                   

(Figure‌ ‌14d).‌ ‌We‌ ‌find‌ ‌that‌ ‌they‌ ‌have‌ ‌a‌ ‌similar‌‌trend‌‌to‌‌the‌‌PCA‌‌method.‌ ‌‌Moreover,‌‌                             

we‌ ‌test‌ ‌the‌ ‌Louvain‌ ‌method‌ ‌by‌ ‌giving‌ ‌different‌ ‌parameters‌ ‌‌resolution‌ ‌(‌ ‌Louvain‌ ‌->‌‌                         

ChIP-Seq,‌ ‌Table‌ ‌3).‌ ‌ 

‌ 
29‌ ‌ 

DOI:10.6814/NCCU202101389

‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y



‌ 

‌ ‌ 
30‌ ‌ 

DOI:10.6814/NCCU202101389

‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y
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Figure‌ ‌14.‌ ‌‌ChIP-Seq‌ ‌data‌ ‌using‌ ‌the‌ ‌Louvain‌ ‌method‌ ‌on‌ ‌chromosome‌ ‌14‌ ‌in‌ ‌25KB‌‌                         

resolution.‌ ‌(a)‌ ‌The‌‌eigenvectors‌‌are‌‌given‌‌by‌‌the‌‌Juicer‌‌(Eigenvector,‌‌2017).‌‌(b)‌‌The‌‌                         

combined‌ ‌clusters‌ ‌of‌ ‌the‌ ‌ChIP-Seq‌ ‌network.‌ ‌(c)‌ ‌The‌ ‌combined‌ ‌clusters‌ ‌of‌ ‌the‌‌                       

ChIP-Seq‌‌network‌‌removed‌‌‌NA‌.‌‌(d)‌‌The‌‌combined‌‌clusters‌‌of‌‌the‌‌ChIP-Seq‌‌network‌‌                       

removed‌ ‌‌NA‌‌ ‌and‌ ‌used‌ ‌scale.‌ ‌ 

3.3.2. Cluster‌ ‌ChIP-Seq‌ ‌network‌ ‌by‌ ‌Leiden‌ ‌ 
We‌ ‌use‌ ‌the‌ ‌ChIP-Seq‌‌data‌‌network‌‌to‌‌be‌‌input‌‌and‌‌use‌‌the‌‌Leiden‌‌method‌‌in‌‌                             

Java.‌‌We‌‌find‌‌that‌‌the‌‌best‌‌partition‌‌is‌‌given‌‌by‌‌the‌‌parameter‌‌‌resolution,‌‌which‌‌is‌‌one.‌‌                               

We‌ ‌also‌ ‌use‌ ‌the‌ ‌‌pheatmap‌ ‌‌function‌‌to‌‌figure‌‌out‌‌whether‌‌the‌‌result‌‌of‌‌clusters‌‌using‌‌                             

the‌ ‌Leiden‌ ‌method‌ ‌makes‌ ‌sense‌ ‌or‌ ‌not.‌ ‌We‌ ‌also‌ ‌tested‌ ‌three‌ ‌inputs:‌ ‌ChIP-Seq‌                         

network,‌ ‌ChIP-Seq‌ ‌network‌ ‌removed‌ ‌NA,‌ ‌and‌ ‌ChIP-Seq‌ ‌network‌ ‌removed‌ ‌NA‌‌and‌‌                     

used‌ ‌scale‌ ‌(Figure‌ ‌15).‌ ‌We‌‌find‌‌that‌‌the‌‌active‌‌targets‌‌are‌‌together,‌‌and‌‌the‌‌marks‌‌in‌‌                               

repression‌ ‌are‌ ‌also‌ ‌together‌ ‌in‌ ‌Figure‌ ‌15a.‌ ‌Finally,‌ ‌the‌‌result‌‌is‌‌weird‌‌and‌‌combines‌‌                           

activation‌ ‌targets‌ ‌and‌ ‌repression‌ ‌targets‌ ‌together‌ ‌(Figure‌ ‌15c).‌ ‌ 
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‌ 

Figure‌ ‌15.‌‌‌The‌‌pheatmap‌‌results‌‌of‌‌the‌‌ChIP-Seq‌‌network‌‌using‌‌the‌‌Leiden‌‌method.‌                         

(a)‌ ‌ChIP-Seq‌ ‌network.‌ ‌(b)‌ ‌ChIP-Seq‌ ‌network‌ ‌removes‌ ‌‌NA‌.‌ ‌(c)‌ ‌ChIP-Seq‌ ‌network‌‌                     

removes‌ ‌‌NA‌‌ ‌and‌ ‌uses‌ ‌scale,‌ ‌where‌ ‌A‌ ‌and‌ ‌B‌ ‌correspond‌ ‌to‌ ‌A/B‌ ‌compartments.‌ ‌ 

‌ 

Since‌ ‌the‌ ‌ChIP-Seq‌ ‌patterns‌ ‌make‌ ‌sense,‌ ‌we‌ ‌combine‌ ‌the‌ ‌clusters‌ ‌into‌ ‌two‌‌                       

clusters‌ ‌according‌ ‌to‌ ‌the‌ ‌‌pheatmap‌‌result‌‌(Figure‌‌15).‌‌The‌‌inputs‌‌ChIP-Seq‌‌network‌‌                       

and‌‌ChIP-Seq‌‌removed‌‌‌NA‌‌combine‌‌cluster‌‌1‌‌and‌‌2‌‌to‌‌be‌‌positive,‌‌and‌‌cluster‌‌0‌‌and‌‌3‌‌                                 

to‌ ‌be‌ ‌negative‌ ‌(Figure‌ ‌16b~c).‌ ‌The‌ ‌input‌ ‌ChIP-Seq‌ ‌network‌ ‌removed‌ ‌‌NA‌ ‌and‌ ‌used‌‌                         

scale‌ ‌to‌ ‌combine‌ ‌cluster‌ ‌2‌ ‌and‌ ‌3‌ ‌to‌ ‌be‌ ‌positive,‌ ‌and‌ ‌cluster‌ ‌0‌ ‌and‌ ‌1‌ ‌to‌ ‌be‌ ‌negative‌‌                                   

(Figure‌ ‌16d).‌ ‌We‌ ‌find‌ ‌that‌ ‌they‌ ‌have‌ ‌a‌ ‌similar‌ ‌trend‌ ‌to‌ ‌the‌ ‌PCA‌ ‌method.‌ ‌ 
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Figure‌ ‌16.‌ ‌‌ChIP-Seq‌ ‌datasets‌ ‌using‌ ‌the‌ ‌Leiden‌ ‌method‌‌on‌‌chromosome‌‌14.‌‌(a)‌‌The‌‌                         

eigenvectors‌ ‌are‌ ‌given‌ ‌by‌ ‌the‌ ‌Juicer‌ ‌(Eigenvector,‌‌2017).‌‌(b)‌‌The‌‌combined‌‌clusters‌‌                       

of‌ ‌the‌ ‌ChIP-Seq‌ ‌network.‌ ‌(c)‌ ‌The‌ ‌combined‌ ‌clusters‌ ‌of‌ ‌the‌ ‌ChIP-Seq‌ ‌network‌‌                       

removed‌ ‌‌NA‌.‌ ‌(d)‌ ‌The‌ ‌combined‌ ‌clusters‌ ‌of‌ ‌the‌ ‌ChIP-Seq‌ ‌network‌ ‌removed‌‌‌NA‌‌and‌‌                         

used‌ ‌scale.‌‌ ‌  

‌ 

We‌ ‌also‌ ‌compare‌ ‌the‌ ‌cluster‌ ‌correlation‌ ‌of‌ ‌ChIP-Seq‌‌data‌‌using‌‌the‌‌Louvain‌‌                       

and‌ ‌Leiden‌ ‌method.‌ ‌We‌ ‌find‌ ‌that‌ ‌the‌ ‌PCA‌ ‌and‌ ‌ChIP-Seq‌ ‌data‌ ‌with‌ ‌around‌ ‌0.45‌‌                           

(Figure‌‌17)‌‌is‌‌lower‌‌than‌‌the‌‌correlation‌‌of‌‌the‌‌PCA‌‌and‌‌Hi-C‌‌data,‌‌whose‌‌values‌‌are‌‌                               

about‌‌0.85‌‌(Figure‌‌11~12).‌‌Since‌‌the‌‌correlation‌‌is‌‌lower,‌‌it‌‌means‌‌that‌‌ChIP-Seq‌‌data‌‌                           

capture‌ ‌some‌ ‌different‌ ‌information‌ ‌from‌ ‌Hi-C‌ ‌data.‌ ‌ 

‌ 

Figure‌‌17.‌‌‌The‌‌correlation‌‌of‌‌the‌‌ChIP-Seq‌‌cluster‌‌results‌‌after‌‌doing‌‌the‌‌Louvain‌‌and‌‌                           

Leiden‌ ‌method.‌‌ ‌  

‌ 

Moreover,‌‌we‌‌test‌‌the‌‌Leiden‌‌method‌‌by‌‌giving‌‌different‌‌parameters‌‌‌resolution‌‌                     

(Table‌ ‌3‌ ‌Leiden‌ ‌ChIP-Seq).‌ ‌ 
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3.3.3. Further‌ ‌analysis‌ ‌of‌ ‌the‌ ‌A/B‌ ‌compartment‌ ‌ 

Although‌ ‌we‌‌can‌‌reproduce‌‌the‌‌A/B‌‌compartment‌‌by‌‌combining‌‌the‌‌result‌‌of‌‌                       

the‌ ‌Louvain‌ ‌or‌‌Leiden‌‌method‌‌to‌‌two‌‌clusters‌‌(Figure‌‌11~12),‌‌we‌‌are‌‌also‌‌interested‌‌                           

in‌ ‌whether‌ ‌the‌ ‌clusters‌ ‌could‌ ‌be‌ ‌segmented‌ ‌better.‌ ‌The‌ ‌A/B‌ ‌compartment‌ ‌can‌ ‌be‌‌                         

further‌ ‌segmented‌ ‌into‌ ‌more‌ ‌subcompartments‌ ‌(Rao‌ ‌et‌ ‌al.,‌ ‌2014).‌ ‌Although‌ ‌the‌‌                     

runtime‌‌of‌‌the‌‌Leiden‌‌method‌‌is‌‌relatively‌‌shorter‌‌than‌‌the‌‌Louvain‌‌method‌‌(Table‌‌4),‌‌                           

we‌ ‌find‌ ‌that‌ ‌the‌ ‌result‌ ‌using‌ ‌the‌ ‌Louvain‌ ‌method‌ ‌of‌ ‌‌hclust‌ ‌‌to‌ ‌H3K27me3‌ ‌and‌‌                           

H3K9me3‌‌is‌‌more‌‌suitable‌‌(Figure‌‌18).‌‌As‌‌a‌‌result,‌‌We‌‌use‌‌our‌‌‌pheatmap‌‌result‌‌of‌‌the‌‌                               

ChIP-Seq‌ ‌network‌ ‌removed‌ ‌‌NA‌ ‌using‌ ‌the‌ ‌Louvain‌ ‌method‌ ‌(Figure‌‌13b)‌‌to‌‌compare‌‌                       

with‌ ‌the‌ ‌subcompartments‌ ‌(Figure‌ ‌19).‌ ‌The‌ ‌ChIP-Seq‌ ‌data‌ ‌patterns‌ ‌show‌ ‌that‌ ‌our‌‌                       

clusters‌‌0,‌‌1,‌‌2,‌‌3‌‌can‌‌correspond‌‌to‌‌subcompartment‌‌B1,‌‌A1,‌‌B4,‌‌A2‌‌separately.‌‌As‌‌a‌‌                               

result,‌‌we‌‌offer‌‌consequences‌‌where‌‌using‌‌the‌‌Louvain‌‌method‌‌to‌‌cluster‌‌can‌‌be‌‌more‌‌                           

accurate‌ ‌than‌ ‌only‌ ‌segmenting‌ ‌to‌ ‌the‌ ‌A/B‌ ‌compartment.‌‌ ‌  

‌ 
Figure‌ ‌18.‌‌The‌‌‌hclust‌‌of‌‌the‌‌ChIP-Seq‌‌network‌‌removes‌‌‌NA‌.‌‌We‌‌use‌‌‌log‌‌distance‌‌to‌‌                             

show‌ ‌the‌ ‌clusters‌ ‌of‌ ‌the‌ ‌Louvain‌ ‌(a)‌ ‌and‌ ‌Leiden‌ ‌(b)‌ ‌clearer.‌ ‌ 
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‌ 
Figure‌ ‌19.‌‌ ‌Six‌ ‌contact‌ ‌patterns‌ ‌of‌ ‌ChIP-Seq‌ ‌data‌ ‌(Adapted‌ ‌from‌ ‌Rao‌ ‌et‌ ‌al.,‌ ‌2014).‌ ‌ 

‌ 

3.4. Correlation‌ ‌of‌ ‌Hi-C‌ ‌clusters‌ ‌and‌ ‌ChIP-Seq‌ ‌clusters‌ ‌ 
We‌‌get‌‌clusters‌‌individually‌‌when‌‌we‌‌finish‌‌doing‌‌the‌‌Louvain‌‌method‌‌on‌‌the‌‌                         

Hi-C‌ ‌network‌ ‌and‌ ‌ChIP-Seq‌ ‌network.‌ ‌We‌ ‌can‌ ‌use‌ ‌the‌ ‌Pearson‌ ‌correlation‌ ‌value‌ ‌to‌‌                         

figure‌‌out‌‌the‌‌similarity‌‌of‌‌our‌‌results.‌‌The‌‌results‌‌of‌‌the‌‌Pearson‌‌correlations‌‌of‌‌Hi-C‌‌                             

clusters‌ ‌using‌ ‌the‌ ‌Louvain‌ ‌method‌ ‌by‌ ‌three‌ ‌different‌ ‌input‌ ‌methods‌ ‌are‌ ‌higher‌‌than‌‌                         

0.86‌ ‌(Figure‌ ‌20HiC).‌ ‌Hence,‌ ‌we‌ ‌are‌ ‌sure‌ ‌that‌ ‌we‌ ‌can‌ ‌reproduce‌ ‌the‌ ‌A‌ ‌and‌ ‌B‌‌                             

compartments.‌‌On‌‌the‌‌other‌‌hand,‌‌the‌‌Pearson‌‌correlations‌‌of‌‌ChIP-Seq‌‌sets‌‌using‌‌the‌‌                         

Louvain‌ ‌method‌ ‌by‌ ‌three‌ ‌different‌ ‌input‌ ‌methods‌ ‌results‌ ‌are‌ ‌relatively‌ ‌low‌ ‌(Figure‌‌                       

20ChIPSeq).‌‌Although‌‌the‌‌value‌‌of‌‌ChIP-Seq‌‌is‌‌not‌‌that‌‌high,‌‌it‌‌represents‌‌ChIP-Seq‌‌                         

data‌ ‌and‌ ‌Hi-C‌ ‌datasets‌ ‌provide‌ ‌different‌ ‌information.‌ ‌Therefore,‌ ‌we‌ ‌can‌ ‌try‌ ‌to‌ ‌fuse‌‌                         

two‌ ‌datasets‌ ‌which‌ ‌are‌ ‌Hi-C‌ ‌and‌ ‌ChIP-Seq.‌ ‌ 
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‌ 
Figure‌ ‌20.‌ ‌‌The‌ ‌correlation‌ ‌of‌ ‌cluster‌ ‌results‌ ‌after‌ ‌doing‌ ‌the‌ ‌Louvain‌ ‌method.‌ ‌We‌‌                         

compare‌ ‌the‌ ‌eigenvector‌ ‌given‌‌by‌‌Juicer‌‌and‌‌Hi-C‌‌data‌‌using‌‌PCA‌‌method‌‌in‌‌25KB‌‌                           

resolution‌‌to‌‌the‌‌result‌‌of‌‌Hi-C‌‌data‌‌using‌‌three‌‌different‌‌input‌‌methods‌‌and‌‌ChIP-Seq‌‌                           

data‌ ‌using‌ ‌three‌ ‌other‌ ‌input‌ ‌methods.‌ ‌ 

‌ 

We‌ ‌also‌ ‌use‌ ‌the‌ ‌Pearson‌ ‌correlation‌ ‌value‌ ‌to‌ ‌determine‌ ‌the‌ ‌similarity‌ ‌of‌ ‌the‌‌                         

results‌‌using‌‌the‌‌Leiden‌‌method.‌‌As‌‌a‌‌result,‌‌the‌‌numerical‌‌distribution‌‌of‌‌the‌‌Pearson‌‌                           

correlation‌ ‌value‌ ‌is‌ ‌similar‌ ‌to‌ ‌the‌ ‌result‌ ‌of‌ ‌the‌ ‌Louvain‌ ‌method‌ ‌(Figure‌ ‌21).‌‌ ‌  
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‌ 
Figure‌ ‌21.‌ ‌‌The‌ ‌correlation‌ ‌of‌ ‌cluster‌ ‌results‌ ‌after‌ ‌doing‌ ‌the‌ ‌Leiden‌ ‌method.‌‌ ‌  

‌ 

3.5. Combination‌ ‌of‌ ‌ChIP-Seq‌ ‌and‌ ‌Hi-C‌ ‌ 

After‌‌analyzing‌‌the‌‌Hi-C‌‌datasets‌‌and‌‌ChIP-Seq‌‌data‌‌of‌‌Rao2014,‌‌we‌‌wonder‌‌                       

whether‌ ‌the‌ ‌information‌ ‌combined‌ ‌by‌ ‌these‌ ‌two‌ ‌datasets‌‌are‌‌better‌‌segments‌‌or‌‌not.‌‌                         

Hence,‌‌we‌‌first‌‌add‌‌these‌‌two‌‌datasets‌‌together,‌‌and‌‌then‌‌use‌‌the‌‌Louvain‌‌and‌‌Leiden‌‌                             

method‌‌to‌‌cluster.‌‌Next,‌‌we‌‌use‌‌the‌‌SNF‌‌method‌‌and‌‌still‌‌use‌‌the‌‌Louvain‌‌and‌‌Leiden‌‌                               

method‌ ‌to‌ ‌compare‌ ‌with‌ ‌the‌ ‌way‌ ‌we‌ ‌only‌ ‌add‌ ‌together.‌ ‌ 

We‌‌use‌‌the‌‌Louvain‌‌method‌‌to‌‌compare‌‌the‌‌figures,‌‌which‌‌are‌‌only‌‌ChIP-Seq‌‌                         

data‌‌and‌‌only‌‌Hi-C‌‌data‌‌(Figure‌‌22).‌‌We‌‌use‌‌Juicebox‌‌software‌‌to‌‌visualize‌‌our‌‌result‌‌                             

of‌‌the‌‌Louvain‌‌method.‌‌The‌‌first‌‌track‌‌(PCA.published)‌‌is‌‌the‌‌eigenvectors‌‌produced‌‌                       

by‌ ‌Juicer.‌ ‌The‌ ‌second‌ ‌track‌ ‌(ChIP-Seq.network)‌ ‌results‌‌from‌‌the‌‌Louvain‌‌clustering‌‌                     

method‌‌of‌‌ChIP-Seq‌‌data.‌‌The‌‌third‌‌track‌‌(HiC.network‌sim3‌)‌‌‌results‌‌from‌‌the‌‌Louvain‌‌                       

method‌‌of‌‌Rao2014.‌‌The‌‌fourth‌‌track‌‌(Fusion_SNF)‌‌‌results‌‌from‌‌the‌‌Louvain‌‌method‌‌                       

of‌ ‌SNF‌ ‌of‌ ‌ChIP-Seq‌ ‌and‌ ‌Hi-C,‌ ‌grouping‌ ‌into‌ ‌six‌ ‌clusters.‌ ‌Finally,‌ ‌the‌ ‌last‌ ‌track‌‌                           

(Fusion_adding)‌ ‌results‌ ‌from‌ ‌the‌‌Louvain‌‌method‌‌of‌‌ChIP-Seq‌‌and‌‌Hi-C‌‌data‌‌added‌‌                       

together,‌ ‌set‌ ‌into‌ ‌three‌ ‌groups.‌ ‌ 
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‌ 
‌ 

Figure‌‌22.‌‌‌Genome‌‌segmentation‌‌based‌‌on‌‌PCA‌‌of‌‌HiC‌‌matrix,‌ ‌ChIP-Seq,‌‌Hi-C‌‌and‌‌                         

fusion‌ ‌networks‌ ‌using‌ ‌the‌ ‌Louvain‌ ‌method‌ ‌on‌ ‌chromosome‌ ‌14:50MB~62MB‌ ‌in‌‌                   

25KB‌ ‌resolution‌ ‌of‌ ‌Rao2014‌ ‌where‌ ‌white‌ ‌indicates‌ ‌missing‌ ‌data‌ ‌(NA)‌ ‌in‌‌                     

HiC.network.‌ ‌ 

‌ 

We‌ ‌also‌ ‌use‌ ‌the‌ ‌Leiden‌ ‌method‌ ‌to‌ ‌compare‌ ‌the‌ ‌figures,‌ ‌only‌ ‌ChIP-Seq‌ ‌data‌‌                         

and‌ ‌Hi-C‌ ‌data‌ ‌(Figure‌ ‌23).‌ ‌The‌ ‌second‌ ‌track‌ ‌(ChIP-Seq.network)‌ ‌results‌ ‌from‌ ‌the‌‌                       

Leiden‌ ‌clustering‌ ‌method‌ ‌of‌ ‌ChIP-Seq‌ ‌data.‌ ‌The‌ ‌third‌ ‌track‌ ‌(HiC.networksim3)‌‌                   

results‌ ‌from‌ ‌the‌ ‌Leiden‌ ‌method‌ ‌of‌ ‌Rao2014.‌ ‌The‌ ‌fourth‌ ‌track‌‌(Fusion_SNF)‌‌‌results‌‌                       

from‌‌the‌‌Leiden‌‌method‌‌of‌‌SNF‌‌of‌‌ChIP-Seq‌‌and‌‌Hi-C,‌‌grouping‌‌into‌‌three‌‌clusters.‌‌                           
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‌ 

Finally,‌ ‌the‌ ‌last‌ ‌track‌ ‌(Fusion_adding)‌ ‌results‌ ‌from‌ ‌the‌ ‌Leiden‌ ‌method‌ ‌of‌‌ChIP-Seq‌‌                       

and‌ ‌Hi-C‌ ‌data‌ ‌were‌ ‌added‌ ‌together,‌ ‌set‌ ‌into‌ ‌three‌ ‌groups.‌ ‌ 

‌ 
Figure‌‌23.‌‌‌Genome‌‌segmentation‌‌based‌‌on‌‌PCA‌‌of‌‌HiC‌‌matrix,‌ ‌ChIP-Seq,‌‌Hi-C‌‌and‌‌                         

fusion‌‌networks‌‌using‌‌the‌‌Leiden‌‌method‌‌on‌‌chromosome‌‌14:50MB~62MB‌‌in‌‌25KB‌‌                     

resolution‌ ‌of‌ ‌Rao2014‌ ‌where‌ ‌white‌ ‌indicates‌ ‌missing‌ ‌data‌ ‌(NA)‌ ‌in‌ ‌HiC.network.‌ ‌ 

‌ 

After‌‌acquiring‌‌the‌‌result‌‌of‌‌the‌‌Louvain‌‌and‌‌Leiden‌‌method,‌‌we‌‌find‌‌that‌‌the‌‌                           

the‌ ‌eigenvectors‌ ‌produced‌ ‌by‌ ‌Juicer‌ ‌only‌ ‌produce‌ ‌the‌ ‌information‌ ‌of‌ ‌A/B‌‌                     

compartments,‌ ‌and‌ ‌the‌ ‌ChIP-Seq‌ ‌network‌ ‌produce‌ ‌too‌ ‌fragmented,‌ ‌and‌ ‌the‌ ‌Hi-C‌‌                     

network‌ ‌is‌ ‌similar‌‌to‌‌eigenvectors‌‌but‌‌not‌‌that‌‌precise.‌‌Our‌‌result‌‌of‌‌adding‌‌function‌‌                           

performs‌‌the‌‌segments‌‌which‌‌are‌‌almost‌‌affected‌‌by‌‌the‌‌ChIP-Seq‌‌data,‌‌and‌‌the‌‌result‌‌                           

of‌ ‌SNF‌ ‌performs‌ ‌the‌ ‌balanced‌ ‌result‌ ‌which‌ ‌contains‌ ‌the‌ ‌precision‌ ‌of‌‌Hi-C‌‌data‌‌and‌‌                           
‌ 
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‌ 

also‌ ‌more‌ ‌information‌ ‌from‌‌ChIP-Seq‌‌data.‌‌Hence,‌‌using‌‌our‌‌SNF‌‌method‌‌can‌‌get‌‌a‌‌                           

compromise‌ ‌of‌ ‌the‌ ‌Hi-C‌ ‌data‌ ‌and‌ ‌ChIP-Seq‌ ‌data.‌ ‌ 

We‌ ‌also‌ ‌test‌ ‌the‌ ‌Louvain‌ ‌and‌‌Leiden‌‌methods‌‌by‌‌giving‌‌different‌‌parameters‌‌                       

resolution‌‌ ‌for‌ ‌two‌ ‌fusion‌ ‌networks‌ ‌(Fusion.network,‌ ‌Table‌ ‌3).‌ ‌ ‌   
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‌ 

4. Discussion‌ ‌and‌ ‌Conclusion‌ ‌ 
We‌ ‌provide‌ ‌a‌ ‌platform‌ ‌that‌ ‌clusters‌ ‌Hi-C‌ ‌and‌ ‌ChIP-Seq‌ ‌individually.‌ ‌In‌ ‌this‌‌                       

platform,‌‌we‌‌can‌‌use‌‌Hi-C‌‌datasets‌‌to‌‌reproduce‌‌the‌‌result‌‌of‌‌compartments‌‌A‌‌and‌‌B.‌‌                             

Furthermore,‌ ‌we‌ ‌can‌ ‌use‌ ‌ChIP-Seq‌ ‌data‌ ‌to‌ ‌classify‌ ‌the‌ ‌role‌ ‌in‌ ‌transcription,‌ ‌which‌‌                         

belongs‌‌to‌‌activation‌‌or‌‌repression.‌‌On‌‌top‌‌of‌‌that,‌‌we‌‌merge‌‌two‌‌different‌‌data‌‌types‌‌                             

to‌ ‌get‌ ‌more‌ ‌information‌ ‌to‌ ‌receive‌ ‌more‌ ‌references‌ ‌to‌ ‌segment‌ ‌the‌ ‌genome‌ ‌better.‌ ‌ 

We‌ ‌try‌ ‌to‌ ‌figure‌‌out‌‌the‌‌clusters‌‌produced‌‌by‌‌the‌‌SNF‌‌method‌‌corresponding‌‌                         

to‌ ‌which‌ ‌targets‌ ‌in‌ ‌ChIP-Seq,‌ ‌which‌ ‌means‌ ‌the‌ ‌combined‌ ‌groups‌ ‌are‌ ‌classified‌ ‌as‌‌                         

activation‌ ‌or‌ ‌repression.‌ ‌Hence,‌ ‌the‌ ‌result‌ ‌of‌ ‌the‌ ‌SNF‌ ‌method‌ ‌needs‌ ‌more‌ ‌analysis.‌ ‌ 
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