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Materials and Methods 

Cell culture 

K562 (human myelogenous leukemia cells, female, ATCC CCL-243) and Jurkat cells (human 

T lymphoblast, male, ATCC TIB-152) were cultured in RPMI-1640 (Thermo Fisher Scientific, 

Waltham, MA) with 10% Tet-system-approved FBS (Life Technologies), GlutaMAX (Thermo 

Fisher Scientific), and Penicillin-Streptomycin (Thermo Fisher Scientific). K562 cells with stably 

integrated doxycycline (Dox)-inducible dCas9-KRAB were constructed via lentiviral transduction 

and cultured in the same condition as in Gilbert et al., 2014 (30). Jurkat cells with stably integrated 

EF1α-dCas9-KRAB and K562 cells with stably integrated EF1α-dCas9 were constructed via 

lentiviral transduction. HEK293T cells (human embryonic kidney epithelial, female, ATCC CRL-

3216) were cultured in DMEM with GlutaMAX (Thermo Fisher Scientific) in 10% Tet-system-

approved FBS (Life Technologies). All cells were cultured at 37℃ and 5% CO2 in a humidified 

incubator. 

 

Plasmid construction 

To clone individual sgRNAs, the lentiviral vector (pSLQ1373) was linearized, and gel 

purified as reported in Chen et al., 2013 (53). New sgRNA sequences were PCR amplified from 

pSLQ1373 using different forward primers and a common reverse primer, gel purified, and ligated 

to the linearized pSLQ1373 vector using In-Fusion cloning (Clontech). Primers used to construct 

individual sgRNAs are shown in table S1.  

 

To clone double sgRNAs, we used a two-step cloning procedure (fig. S1B) (54). First, 

individual sgRNA sequences were PCR amplified, and inserted into the pSLQ5004 (Addgene 

plasmid #118594) vector linearized by BstXI and XhoI, that contains a different (hU6) promoter 

than pSLQ1373. The same individual sgRNA sequences were also cloned onto pSLQ1373. Second, 

the double sgRNA expression vectors were constructed by inserting PCR products, amplified from 

pSLQ5004 containing one sgRNA into NsiI-linearized pSLQ1373 vector with another sgRNA.  

 

Construction of the multiplexed CRISPRi sgRNA library 

We designed a library of 295 individual sgRNAs including 221 sgRNAs targeting MYC 

enhancers and two types of negative control sgRNAs (total 74), 34 sgRNAs targeting control 

regions in the genome, and 40 sgRNAs without a targeting sequence in the genome. The MYC 

sgRNAs were designed to tile densely on all enhancers and the promoter (26). We excluded 

sgRNAs containing NsiI restriction sites, which were used for the double sgRNA library 

construction. We synthesized individual oligos encoding sgRNAs in a 96-well format (IDT) and 

cloned each sgRNA into pSLQ1373 individually as described above. We also cloned the same 

individual sgRNAs into pSLQ5004 as previously described. After sequencing validation, we 

manually mixed all pSLQ1373-sgRNA constructs in equal amounts, and all pSLQ5004-sgRNA 

constructs in equal amounts. To generate the pooled double sgRNA library, the sgRNA sequence 

were PCR amplified from the pooled pSLQ5004-backbone sgRNA constructs, gel purified, and 

inserted into the Nsil-digested pooled pSLQ1373-backbone sgRNA constructs using In-Fusion 

cloning (Clontech). The double sgRNA-library pools were prepared in Stellar competent cells 

(Takara) and purified with a Plasmid Maxi Kit (Qiagen) (54). Primers (IDT) used to construct 

individual sgRNAs and the primers to quantify the representation of each paired sgRNA construct 

by MiSeq (Illumina) sequencing were listed in table S1. The sgRNA sequences were shown in 

table S2. 
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Lentivirus production 

To produce lentivirus, HEK293T cells were transiently transfected with pHR constructs, and 

packaging plasmids pCMV-dR8.91 and PMD2.G. Lentivirus was collected 72 hours after 

transfection by filtering supernatant through 0.45mm filters. When necessary, virus supernatant 

was concentrated using Lenti-X concentrator at 4℃ overnight and centrifuged at 1500 g for 30 

minutes at 4℃ to collect virus pellets. The pellets were resuspended in cold culture medium, and 

directly added to cells or frozen at 80℃.  

 

Pooled CRISPRi screens 

We transduced K562 cells harboring the doxycycline-inducible dCas9-KRAB at a 

multiplicity of infection (MOI) of 0.3 at a coverage of 1,000 transduced cells per sgRNA as 

previously described (26, 27). Forty-eight hours post transduction, we selected transduced cells 

with 2 µg/mL puromycin for 48 hours and collected 200 million cells as a reference sample. After 

maintaining cells at 1,000X coverage in 1 µg/mL puromycin and 1 µg/mL doxycycline for 30 

doublings, we collected 200 million cells from the final cell population. We extracted genomic 

DNA from both the reference and final cell populations using the QIAamp DNA Blood Maxi kit 

(Qiagen) according to the manufacturer's instructions. We amplified sgRNA integrations from 500 

µg genomic DNA by PCR with indexed sgRNA sequencing library primers containing Illumina 

adaptors and sequenced them on MiSeq using custom Illumina sequencing and index primers 

(table S1).  

Immunostaining 

Immunostaining experiments were performed on cells seeded on a plate (Ibidi) that had been 

coated with Poly-L-lysine at room temperature. Cells were washed twice with PBS, fixed in 4% 

paraformaldehyde for 15 min at room temperature, permeabilized and blocked with 0.1% Triton 

X-100, 5% donkey serum in PBS (blocking buffer) for 1 hour at room temperature. After three 

washes with PBS, cells were incubated with primary antibodies. The BRD4 primary antibody was 

purchased from Abcam (Cat. No. ab128874). Cells were incubated with primary antibodies at 4℃ 

overnight, then washed three times with PBS. After staining with corresponding secondary 

antibodies in the blocking buffer at 4℃ overnight, cells were washed three times with PBS and 

stained with DAPI. The secondary antibody was purchased from Thermo Fisher Scientific (Cat. # 

A-31573). Washed cells were examined using a Nikon spinning disk confocal microscope.  

 

2D and 3D DNA-FISH 

The MYC genomic loci was labeled by commercial DNA-FISH probes according to the 

manufacturer’s protocols in fixed K562 cells. The DNA-FISH probes were purchased from 

Biocare Medical (Cat. No. PFA 7322 V). 

  

DNA-FISH for the MYC loci was performed according to a described protocol (55). To 

prepare samples, cells were grown in a chamber slide with a removable 12 well silicone chamber 

(Ibidi), fixed with 4% PFA for 20 min, washed with PBS twice, and permeabilized in 70% ethanol 

at 20℃ overnight. Afterwards, samples were treated with methanol/acetic acid (4:1, prechilled at 

-20℃) at room temperature for 1 hour, washed with PBS twice, treated with 0.1 mg/ml RNase A 

in PBS at 37℃ for 1 hour, washed again with PBS twice, and dehydrated by consecutive 

incubations in 70%, 85% and 100% ethanol. After air-drying, samples were heated at 95℃ for 10 

minutes in 70% denaturing buffer (2*SSC, 70% formamide) and washed with 2*SSC. For DNA-
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FISH, hybridization was performed with 10 nM - 200 nM fluorescent nucleotide probes in 

hybridization buffer (2*SSC, 50% formamide, 10% Dextran Sulfate) at 37℃ overnight. After 

hybridization, samples were washed three times in 50% wash buffer (2*SSC, 50% formamide, 0.1% 

Triton X-100) and then washed once with 2*SSC. After removing the silicone chamber and drying 

the slide, the samples were treated with Prolong Diamond Antifade Mountant with DAPI (Thermo 

Fisher, P36966) and covered with cover glasses for imaging. Commercial FISH probes were 

hybridized according to the manufacturer’s protocols. 

 

Microscopy and image analysis  

Microscopy was performed on a Nikon TiE inverted confocal microscope equipped with an 

Andor iXon Ultra-897 EM-CCD camera and 405nm, 488nm, 561nm, and 642nm lasers, the 

100x PLAN APO oil objective (NA = 1.49), the 60x PLAN APO oil objective (NA = 1.40) or the 

60x PLAN APO IR water objective (NA = 1.27). Images were taken using NIS Elements version 

4.60 software by time-lapse microscopy with Z stacks at 0.2 μm steps. 

 

We used Fiji (ImageJ) (56) to quantify the BRD4 intensity at the MYC locus. Specifically, we 

used the “Find Maxima” to automatically find the XY coordinates of distinct MYC loci and 

measured the BRD4 intensity at the specific XY coordinates of each MYC locus. The background 

intensity was averaged from regions with no cells and subtracted from the raw BRD4 intensity. Fig. 

4D and fig. S11C&D were plotted with a GraphPad showing mean and standard deviation. Fig. 

4F was plotted with GraphPad showing mean and individual data points. The numbers of counted 

loci were listed at the bottom of each figure. The P values were calculated by two-tailed Fisher’s 

exact test for paired sgRNAs effect versus the expected additive effect. The P values in Fig. 4F 

were calculated by using a two-sided t-test for paired sgRNAs effect versus the expected additive 

effect.  

 

We used the Imaris software (Bitplane) to perform 3D visualization and reconstitution of 

representative cells showing the BRD4 colocalization with the MYC locus under different 

perturbation conditions. MYC DNA-FISH punctae were built using the Spots function (estimated 

XY diameters: 0.5-1μm), and the BRD4 surface was built using the surface function (smooth, 0.01-

0.1μm surface detail).  

 

Quantitative real-time PCR (qRT-PCR) 

The qRT-PCR experiments were performed to determine the fold change of the expression 

of MYC and other tested genes. For each sample, total RNA was isolated by using the RNeasy Plus 

Mini Kit (Qiagen Cat. No. # 74134), followed by cDNA synthesis using the iScript cDNA 

Synthesis Kit (BioRad Cat. No. # 1708890). qRT-PCR was performed using the PrimePCR assay 

with the SYBR Green Master Mix (Bio-Rad) with primers ordered from IDT on a Bio-Rad 

CFX384 real-time system (C1000 Touch Thermal Cycler), according to manufacturer’s 

instructions. Cq values were used to quantify gene expression. The relative expression of the MYC 

and other tested genes was normalized to a GAPDH internal control. The P values were calculated 

by using the two-sided t-test. All combinations of two single inhibition effects were used to 

calculate the mean additive effects and the standard deviation.  

Cell viability assay 

The cell viability assay was performed using Alamarblue cell viability reagents (Thermo 

Fisher Scientific), which quantifies the cell proliferation rate by measuring the metabolic activity 
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of the cells. For each condition, 100 μl of cells were added to each well and seeded at equal 

concentration (5,000-10,000 cells/well) in the 96-well plate. At the time of detection, 100 μl of 

Alamarblue reagents were added to each well and the plates were incubated at 37°C for 1 hour. 

After that, the fluorescent intensity was measured in the Synergy H1 microplate reader (Biotek) 

using an excitation wavelength of 540 nm and emission wavelength of 585 nm. Average 

fluorescent intensity of wells containing only 100 μl culture medium was used as blanks. For each 

well, the relative fluorescent intensity was calculated by subtracting background (average intensity 

of blank wells) from raw fluorescent intensity values. 

Trac-looping 

Modified Trac-looping (34) was performed to map chromatin spatial contacts and chromatin 

accessibility under four conditions for the SRE pair e3&e7: wildtype, perturbation of individual 

e3 or e7, and perturbation of both e3&e7; and non-SRE pair e1&e4: wildtype, perturbation of 

individual e1 or e4, and perturbation of both e1&e4. Briefly, one million cells were fixed with 1% 

formaldehyde in the culture medium at room temperature for 10 minutes. Cells were washed with 

PBS and resuspended with a reaction buffer (50 mM Tris acetate, pH 7.5, 150 mM potassium 

acetate, 10 mM magnesium acetate, 4 mM spermidine, 0.5% NP-40). The short adapter and 

biotinylated bridging linker with Tn5, and then incubated at room temperature for 20 minutes to 

generate Tnp bridging complex. This complex was added to cells and mixed gently. Chromatin 

interacting regions were bridged at this step. EDTA was added to stop the reaction and reverse 

crosslinked by incubating at 65°C overnight. Genomic DNA was extracted by Phenol-Chloroform 

and the purified DNA was digested with restriction enzymes MluCI/NlaIII. Streptavidin beads 

were used to enrich biotin-labeled DNA fragments, followed by adapter ligation and amplification 

by PCR with Illumina multiplexing indexed primers. Libraries were purified and submitted for 

paired-end Hi-seq sequencing (Illumina).  

 

ATAC-seq 

For ATAC-seq, 50,000 cells were collected and washed with PBS. After centrifugation, cell 

pellets were resuspended by gently pipetting up and down 10 times with 100 L cold Lysis Buffer 

(10 mM Tris-HCl, pH 7.4, 10 mM NaCl, 3 mM MgCl2, 0.1% NP-40, 0.1% Tween-20, 0.01% 

Digitonin) and then kept on ice for 3 minutes. 1 mL Wash Buffer (10 mM Tris-HCl, pH 7.4, 10 

mM NaCl, 3 mM MgCl2, 0.1% Tween-20) was added to the tube and mix gently. The nuclei were 

then pelleted by centrifuging at 1000 x g for 10 minutes at 4 C. The nuclei pellets were 

resuspended with 1 x Transposition Reaction Buffer (50 mM Tris-acetate, pH 7.5, 150 mM 

potassium acetate, 10mM magnesium acetate, 4 mM spermidine, 0.1% Tween-20, 0.01% 

Digitonin). 5 L homemade ATAC-seq Tnp complex was added, then mixed well gently and place 

in a 37 C thermomixer with 1000 rpm shaking for 30 minutes. After the reaction, DNA were 

purified with MinElute Reaction Cleanup Kit (QIAGEN, Cat. No. 28206). DNA were eluted with 

15 L elution buffer, followed by PCR reaction by mixing with 2.5 L each indexed primer (25 

M) and 20 L NEBNext High-Fidelity 2X PCR Master Mix (NEB, Cat. No. M0541S). The 

following PCR program was used: 72C for 5 minutes; 98C for 30 seconds; 11 cycles of 98C 

for 10 seconds, 63C for 30 seconds, and 72C for 1 minute; 72C for 5 minutes. Then 200-650 

bp DNA fragments were purified for sequencing.  

 

ChIP-seq 
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Cells were fixed with 1% Formaldehyde in culture medium at room temperature for 10 

minutes. The reaction was quenched by adding 250 mM Glycine, then cells were washed twice 

with cold PBS. Three million fixed cells were used for each H3K9me3 ChIP-seq assay. Cells were 

resuspended with 1 x TE buffer plus 1 x protease inhibitor cocktail and 1 mM PMSF. Chromatin 

were sheared by sonication on a Diagenode Bioruptor Pico device at 4 C for 18 cycles with 30 

seconds on and 30 seconds off. Chromatin solution was adjusted to 1 x RIPA buffer (1xTE, 0.1% 

SDS, 0.1% Sodium Deoxycholate and 1% Triton X-100) plus 500 mM NaCl. After centrifuging 

at 13, 000 rpm for 10 min at 4 C, chromatin supernatant was collected and 10% of it was saved 

at input. 2 g H3K9me3 antibody (Abcam, Cat. No. ab8898) or H3K27ac antibody (Abcam, Cat. 

No. ab4729) was mixed with 20 L Dynabeads Protein A beads (Thermo Fischer Scientific, Cat. 

No. 10001D). Then the beads were incubated at room temperature for 1 hour with rotation. The 

beads were washed once with 1 x PBS, then added with chromatin solution to beads, and incubated 

at 4 C overnight with rotation. Next, the beads were washed three times with RIPA buffer plus 

500 mM NaCl, then three times with RIPA buffer plus 1 M NaCl, then three times with LiCl buffer 

(1 x TE, 250 mM LiCl, 0.5% NP-40, 0.5% Sodium Deoxycholate), and finally three times with 1 

x TE buffer. DNA were eluted and reversed crosslinking with protease K digestion and incubating 

at 65 C for over 6 hours. DNA was purified with MinElute Reaction Cleanup Kit (QIAGEN, Cat. 

No. 28206). DNA ends were repaired with End-It DNA End-Repair Kit (Lucigen, Cat. No. 

ER0720). Then “A”-tailing reaction was performed with Klenow Fragment (3’ -> 5’ exo-) (NEB, 

Cat. No. M0212S) provided with dATP, then followed by adapter ligation with T4 DNA ligase 

(NEB, Cat. No. M0202S). Finally, the library was indexed and amplified by PCR, and DNA 

fragments between 200 bp and 600 bp were purified and sequenced. 

 

PCR, cloning and sequencing for knockout enhancer pairs 

For enhancer knockout (e1&e4 or e3&e7), we created a stable K562 cell line expressing 

Cas9-mCherry. We transduced the lentivirus encoding sgRNA-BFP targeting e1 or e3, and/or 

another lentivirus encoding sgRNA-GFP targeting e4 or e7 into Cas9-mCherry-K562 cells. We 

used three different fluorescent markers to sort double positive cells (thus single enhancer 

knockout) or triple positive cells (thus double enhancer knockout) by fluorescence-activated cell 

sorting (FACS). The cells with one enhancer deletion (e1, e3, e4, and e7) were cultured for 1 week 

for qRT-PCR experiment. Due to the high cytotoxicity from multiple DNA cleavage and the low 

expression of MYC from double enhancer knockout, we waited a longer time (~3 weeks) for the 

cells with double enhancer knockout to grow to an enough quantity for qRT-PCR.  

To tested if knockout enhancer pairs created large deletion, primers were used to amplify 

segments. PCR reactions were performed using Kapa Hotstart PCR kit (Fisher Scientific) on 

BioRad T100 Thermal cycler under the following conditions: 95°C for 3 min; 50 cycles of 98°C 

20 s, 65°C 20 s, 72°C 1 min, and final extension 72°C for 10 min. The PCR products were gel 

purified using Nucleospin Gel and PCR clean up kit, cloned into TOPO vectors using Zero Blunt 

TOPO PCR cloning kit (Thermo Fisher), and transfected into Stellar Competent cells 

(Takara/Clontech). For each PCR amplicon, ten colonies were picked for plasmid extraction and 

sequencing. sgRNA sequences are listed in table S1. 

 

JQ1 treatments 

K562 cells with stably integrated dCas9-KRAB were seeded at a density of 1 × 105 cells/well 

in 24-well plates. The next day, individual or paired sgRNAs targeting enhancer were transduced 

into cells. One day later, 1 ug/ml of puromycin was added for 2 days. JQ1 was then added to the 
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cells at different concentrations (0.001 μM, 0.01 μM, 0.25 μM, and 0.5 μM) for 2 days. After the 

treatment, the cells were harvested for qRT-PCR analysis. 

Sequence alignment and the calculation of depletion score 

We calculated the count matrix by exact match for the first 8bp of both ends of each paired 

end reads (table S2). We ensured the high reproducibility of the multiplexed CRISPRi screening 

by calculating counts between replicates of the same condition (Pearson correlation coefficient R 

= 0.968 for the day 0 (D0) sample and 0.985 for the day 30 (D30) sample). To obtain sufficient 

representative reads for the downstream calculation, counts of sgRNA pairs were first filtered by 

requiring all paired constructors with at least 30 reads in D0, then added with a pseudocount of 10. 

The log2 enrichment scores of all sgRNA pairs were then calculated in D30 relative to D0 by using 

the relative frequencies in D0 and D30. The mean and the standard deviation of enrichment scores 

for paired control sgRNAs (control-control; control sgRNAs: sgRNAs targeting control regions + 

sgRNAs without targeting regions; fig. S1A) were used to normalize the log2 enrichment scores. 

The normalized log2 enrichment scores were represented as the depletion score (See below 

equation; Log2 ES: Log2 enrichment score). table S2 shows the raw data of sequenced counts of 

sgRNA pairs at different time points for two biological replicates. 

 

𝐷𝑒𝑝𝑙𝑒𝑡𝑖𝑜𝑛 𝑆𝑐𝑜𝑟𝑒 =  
𝐿𝑜𝑔2𝐸𝑆 − 𝜇𝐿𝑜𝑔2𝐸𝑆(𝑐𝑜𝑛𝑡𝑟𝑜𝑙−𝑐𝑜𝑛𝑡𝑟𝑜𝑙)

𝜎𝐿𝑜𝑔2𝐸𝑆(𝑐𝑜𝑛𝑡𝑟𝑜𝑙−𝑐𝑜𝑛𝑡𝑟𝑜𝑙)
 

Calculation of epistasis interaction scores for sgRNA pairs and enhancer pairs 

The single depletion scores were calculated for each sgRNA from the averaged depletion 

scores of the paired sgRNAs which contain the given sgRNA and one control sgRNA. The two 

permutations (A/B and B/A) of the same sgRNA pairs in our double CRISPRi tiling screening are 

consistent (Pearson correlation coefficient R = 0.49; P < 2.2e-16; The coefficient R increased up 

to 0.75 by smoothing the adjacent sgRNAs; fig. S2A). Then the double depletion score of the 

sgRNA pair was calculated by averaging the same sgRNAs in two permutations (A/B and B/A) to 

obtain the symmetric depletion score matrix. The epistasis interaction scores of the sgRNA pairs 

between a given sgRNA (Query sgRNA) and other sgRNAs were calculated based on their 

depletion scores. To do this, the depletion scores of the sgRNA pairs were first plotted against the 

single depletion score for all the sgRNAs paired with the Query sgRNA. Next, a linear curve was 

fitted to the distribution of data points (fig. S2D).  

 

𝐷𝑜𝑢𝑏𝑙𝑒 𝐷𝑒𝑝𝑙𝑒𝑡𝑖𝑜𝑛 𝑆𝑐𝑜𝑟𝑒𝑄𝑢𝑒𝑟𝑦 𝑠𝑔𝑅𝑁𝐴 + 𝑠𝑔𝑅𝑁𝐴𝑖
 ∼ 𝑏0 + 𝛽 ∗ 𝑆𝑖𝑛𝑔𝑙𝑒 𝐷𝑒𝑝𝑙𝑒𝑡𝑖𝑜𝑛 𝑆𝑐𝑜𝑟𝑒𝑠𝑔𝑅𝑁𝐴𝑖

   

𝑏0: 𝑆𝑖𝑛𝑔𝑙𝑒 𝐷𝑒𝑝𝑙𝑒𝑡𝑖𝑜𝑛 𝑆𝑐𝑜𝑟𝑒 𝑜𝑓 𝑄𝑢𝑒𝑟𝑦 𝑠𝑔𝑅𝑁𝐴 

 

The interaction score of Query sgRNA and another sgRNA (sgRNAx) was computed as the 

negative deviation between the observed double depletion score and the expected value of the 

fitted linear curve to the single depletion score of sgRNAx (fig. S2D). All interaction scores were 

normalized to the mean and the standard deviation of the interaction scores of the Query sgRNA 

and control sgRNA pairs.  

 

To calculate the epistasis interaction scores of enhancer pairs, we ranked the single depletion 

scores of sgRNAs targeting the same enhancer and selected the top 50% sgRNAs to represent each 

enhancer. The interaction scores of the enhancer pairs were calculated by averaging all double 
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depletion scores of the top 25% sgRNA pairs (combinations of the top 50% sgRNAs targeting 

individual enhancers) targeting the two enhancers.   

Prediction of SREs using the elastic net regularized linear regression model 

Spatial interaction (SIij) between paired enhancers (i & j) were generated with Juicebox (57) 

using vanilla coverage square root (VC_SQRT) normalized H3K27ac HiChIP signal at 5Kb 

resolution (58). To examine the co-occupancy of transcription factor (TF) binding signal and 

histone modification (HM) profiles at enhancer pairs, the genome-wide binding profiles of TFs in 

K562 cell line were downloaded from  

http://hgdownload.cse.ucsc.edu/goldenpath/hg19/encodeDCC/wgEncodeSydhTfbs and Gene 

Expression Omnibus (GEO) database, and the HM profiles in K562 cell line were retrieved from 

ENCODE data portal (5, 59). The sample ID or individual download links for each TF/HM are 

listed in table S3. Data downloaded from GEO were processed with Bowtie (60) and MACS2 (61) 

to generate the sequence depth normalized bigwig file. To obtain the representative binding signals 

for enhancer pairs, we filtered TFs which didn’t have one enrichment peak co-locating with our 

selected enhancers, then the binding profiles of 38 TFs were kept for TF co-occupancy 

measurements (table S3). We retrieved the enrichment signal of each TF and HM at each enhancer, 

and further normalized through Z-score transformation. The co-occupancy (COij,k) of TF binding 

signal or HM profile (k) at two enhancers (i & j) was defined as: 

 

𝐶𝑂𝑖𝑗,𝑘 = 𝑍𝑖,𝑘 × 𝑍𝑗,𝑘 

 

We used epistasis interaction scores as predictors in a linear regression model:   

   

𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 𝑠𝑐𝑜𝑟𝑒𝑖𝑗 = 𝛼 + 𝑋𝑖𝑗𝛽𝑇  + 𝜖𝑖𝑗  

𝑋𝑖𝑗: =  (𝑆𝐼𝑖𝑗 , 𝐶𝑂𝑖𝑗,1, . . . , 𝐶𝑂𝑖𝑗,𝑘) 

𝛽: =  (𝛽𝑃𝐼, 𝛽1, . . . , 𝛽𝑘)𝑇 

 

The regression model is fitted using the glmnet R package (version 3.0-2) by elastic net 

regularization with the alpha set to 0.5, and the penalty parameter λ which gives minimum mean 

squared error in cross-validation curve. We kept the 9 features (H3K27ac HiChIP and another 8 

profile features) with nonzero coefficients. The model was evaluated by 10-fold cross-validation. 

 

We adapted a two-step method to evaluate the importance of features (62). First, we clustered 

features into feature groups by hierarchical clustering with complete linkage. The features within 

each group have pairwise absolute Pearson correlation coefficient of at least 0.1. Second, we 

evaluated the importance of each feature group by estimating the decrease of the mean squared 

error (m.s.e.) when that feature group was left out. Inside each group, we ranked each feature by 

its absolute Pearson correlation coefficient with the interaction scores, and the feature with the 

highest correlation was chosen as the representative feature of that group. We compared the 

performance of the elastic net model with a simple linear model of individual representative 

features in each feature group by using the Bayesian information criterion (BIC) (fig. S8D). Then 

the relative BIC was calculated by subtracting the BIC of the HiChIP simple linear model.   

 

For SRE prediction of BCL9 and KTN1 in K562 cells, we used the predicted enhancers from 

the activity-by-contact (ABC) model (63), and applied our trained elastic net model to prioritize 
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the SRE pairs from the enhancer pairs. For SRE prediction of MYC, CHD7, and CD180 in 

GM12878 B-lymphoblastoid cells, and COX6C and FOXP1 in Jurkat cells, we downloaded the 

TF binding profiles and HM profiles of GM12878 cells and Jurkat cells from ENCODE data portal 

or GEO database (table S3) (5, 59), which are finally selected features in the elastic net regularized 

linear regression model. We used the predicted enhancers from the ABC model (63), then applied 

our model with these downloaded data to predict SREs for these five genes in the GM12878 and 

Jurkat cells. 

Trac-looping data analysis 

Raw FASTQ paired-end reads were trimmed, mapped to hg19 and background filtered by 

tracPre2.py in cLoops2 package (64). Then paired-end tags (PETs, MAPQ>=10) were converted 

to non-redundant BEDPE files for each sample. cLoops2 package is available at 

https://github.com/YaqiangCao/cLoops2/blob/master/scripts/tracPre2.py. 

 

We conducted the signal of chromatin accessibility and peak calling using the non-redundant 

small PETs (<1kb) for genome-wide hypersensitive sites by MACS2 (61) with parameters, 

including “MACS_pvalue=0.01”, “MACS_extsize=200” and “MACS_shiftsize = -37” and 

“MACS_broad”. And the accessibility signal was normalized to signal per million reads (SPMR). 

The change of chromatin accessibility was calculated with log2 fold change of SPMR between the 

perturbation cells and wildtype cells at each enhancer locus.  

 

We adapted the method to identify significant interactions in the original version of Trac-

looping for robust interactions (34). Briefly, we used the model in Mango (65) to calculate the 

statistical significance of an “interaction” between two HSs with 3kb bin size. Only significant 

interactions with PETs ≥ 3 and FDR ≤ 0.05 were used in the following analyses. Then significant 

interactions in the perturbation samples and wild type samples were merged as an interaction 

union set. The dynamic changes of spatial contacts between two enhancers were calculated as the 

library-size normalized log2 fold change of interacting PETs between perturbation samples and 

wild type in interaction union sets which overlap enhancer pairs in two ends. The overlapping 

was determined by bedtools “pairToPair” command (66).   

ChIP-seq data analysis 

Reads were mapped to human genome hg19 using Bowtie (60). Reads that could be mapped 

to multiple locations were removed. To remove PCR resulted clonal reads, only unique mapped 

reads were kept for subsequent analysis. Then, the remaining reads were analyzed with MACS2 

(61) to call broad peak and generate the sequence depth and quantile normalized bigwig file with 

parameters, including “MACS_pvalue=0.01”, “MACS_extsize=147”, “MACS_nomodel” and 

“MACS_broad”. 

ATAC-seq data analysis 

Reads were mapped to human genome hg19 using Bowtie (60). Reads that could be mapped 

to multiple locations were removed. To remove the PCR resulted clonal reads, only unique mapped 

reads were kept for subsequent analysis. These unique reads were analyzed with MACS2 (61) to 

call peak and generate depth and quantile normalized bigwig with parameters, including 

“MACS_pvalue=0.01”, “MACS_extsize=200” and “MACS_shiftsize = -37” and “MACS_broad”. 

The change of chromatin accessibility was calculated with log2 fold change of SPMR between the 

perturbation cells and wildtype cells at each enhancer locus. 
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Identification of enhancer-linked variants  

Enhancer-linked variants are variants in the LD window which also overlap with the given 

enhancer. Pairwise variant r2 matrices were generated by the Plink program (67). A sliding window 

of size 3 was shifted with 1 variant step. The consecutive windows will be kept and merged to a 

Linkage Disequilibrium (LD) window if their average r2 value is larger than 0.2.  

The interactive model to estimate epistatic influence of paired SRE variants on gene expression 

To examine the interactive effects of SRE variants on MYC gene expression in Acute Myeloid 

Leukemia (LAML) patients (termed as interactive model), we obtained genotype data (generated 

from The Cancer Genome Atlas:TCGA) from dbGAP (Affymetrix SNP 6.0 array; dbGAP ID: 

phs000178) (68). The corresponding RNA-seq data in LAML patients were downloaded from the 

UCSC Xena platform (69). The gene expression value is the log2(x+1) transformed RSEM 

normalized count from the UCSC Xena platform. The imputation analysis and the selection of 

covariates were done following the method instruction in the PancanQTL study (70). The 

covariates included in subsequent analysis include the top five principal components (PCs) from 

population structure analysis, the first 15 PEER factors from PEER software (71), along with age 

and gender. The analysis of variant-variant interactive influence was performed in a linear 

regression model: 

 

𝑌𝑀𝑌𝐶−𝐸𝑥𝑝 ∼  𝛽0  +  𝛽1𝑉1 ∗ 𝑉2 + 𝛽2𝑉1 + 𝛽3𝑉2 + 𝛴𝛽𝑖 ∗ 𝐶𝑜𝑣𝑎𝑟𝑖𝑎𝑡𝑒𝑠𝑖 

 

V represents the genotype of the variant in the equation. The P value in the variant-variant 

interaction term generated in the fitted linear model was used to measure the interactive effects of 

two non-coding variants of a SRE pair on MYC expression and construct the quantile-quantile (QQ) 

plots.  

 

To examine the interactive influence of SRE variants in regulating MYC expression predicted 

in GM12878 cell line, we downloaded publicly available genotypes and corresponding RNA-seq 

data from the B lymphoblasts of 373 European individuals (39). To remove the effect of population 

structure on gene expression as the original study, we used SNPRelate R package (72) to perform 

principal component (PC) analyses for these European populations and included the first three 

principal components as covariates in the above linear regression model.  

Logistic regression interactive model to estimate interactive effects of SRE variants on clinical 

risks 

To examine the interactive effects of SRE variants on clinical risks, we assessed the relapse 

risk in childhood acute lymphocyte leukemia (ALL) patients for SRE variants in the MYC locus. 

We obtained the genotype data and corresponding relapse records of 1,593 childhood ALL patients 

in (dbGAP ID: phs000638) (41, 42). For genetic association analysis, we included the treatment 

arms and genetic ancestry as covariates in variant-variant interaction analysis. The analysis of 

variant-variant interactive effects on the relapse risk for childhood ALL patients was performed in 

a logistic regression model: 

 

𝐿𝑜𝑔𝑖𝑡 𝐸 (𝑟𝑒𝑙𝑎𝑝𝑠𝑒 𝑠𝑡𝑎𝑡𝑢𝑠)  ∼  𝛽0  +  𝛽1𝑉1 ∗ 𝑉2 +  𝛽2𝑉1 + 𝛽3𝑉2 + 𝛴𝛽𝑖 ∗ 𝐶𝑜𝑣𝑎𝑟𝑖𝑎𝑡𝑒𝑠𝑖  
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V represents “variant” in the equation. The P value in the variant-variant interaction term 

generated in the fitted linear model was used to measure the interactive influence of SRE variant 

pairs in relapse risk, then construct the QQ plots.  

 

To examine the interactive influence of SRE variants for the disease risk of Crohn’s disease, 

we downloaded the genotypes and the corresponding case/control records from the Wellcome 

Trust Case Control Consortium (WTCCC) (40). The variant-variant analysis on 4,686 Crohn’s 

Disease (CD) patients was performed in a similar manner as the relapse risk analysis in childhood 

ALL patients. 

Web development 

The website http://enhancer.stanford.edu/ uses an Express.js server to serve pre-computed 

results using React.js. The website provides four primary functionalities: (1) a homepage on which 

users can query a cell line and gene of choice to visualize and download the output of SRE 

prediction model among the 4,835 ultralong distance enhancer networks across 6 cell types 

(GM12878, K562, Jurkat, A549, HUVEC and HCT116); (2) a webpage describing the workflow 

of multiplexed CRISPR screening and the methods analyzing the CRISPRi screen to calculate the 

depletion score and the epistasis interaction score with shared code; (3) a webpage introducing 

how users can run the SRE prediction model with shared code; (4) a webpage providing the gene-

level output of applying the SRE prediction model in GM12878 cells to interpret epistatic effects 

of SRE variant pairs on the relapse risk of ALL patients for 61 genes. 

Supplementary Text 

High reproducibility of the multiplexed CRISPRi tiling screen across biological replicates and 

different sgRNAs targeting the same enhancer  

Replicated screens generated highly correlated estimates for the depletion score (Pearson R 

= 0.96) and the interaction score (Pearson R = 0.91) of sgRNA pairs (fig. S2F and G). In addition, 

dense sgRNAs targeting the same enhancer also showed a high correlation in both the depletion 

score and the interaction score (fig. S2H and I), indicating the high reproducibility of the 

multiplexed CRISPRi tiling screen for perturbing pairwise enhancers for MYC regulation. 

 

Epistatic influence of SRE variants on gene expression and clinical risk 

To explore epistasis influence of the variants linked to our identified SRE from multiplexed 

CRISPRi screen, we used transcriptome data along with corresponding individual genotype data 

for 113 acute myeloid leukemia (LAML) patients from The Cancer Genome Atlas (TCGA) data 

portal (See Methods). First, we defined SRE variants by associated variants with SREs, which are 

contained in the same linkage disequilibrium (LD) window within a given SRE pair (r2>0.2; fig. 

S12A). Next, a linear model with the variant-variant interaction term and other covariates were 

fitted to estimate the epistasis influence of SRE variants. The P value on the interaction term was 

used to quantify the epistasis influence of SRE variants. We compared the P values calculated by 

SRE variants (e4&e6) to those from random permutations in the QQ plot to determine if SRE 

variants interacted more frequently to alter MYC expression than expected by chance (Fig. 5A).  

 

To explore SRE prediction in other cell lines and the epistasis influence of SRE variants in 

gene expression and clinical risk in other cell line related tissue and diseases, we used the 

GM12878 B-lymphoblastoid cell line with available data (table S3) required in ABC model and 
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predicted enhancers for MYC and the other two genes (CHD7 and CD180). Then we applied the 

SRE prediction model with spatial contacts, BRD4 co-occurrence and other quantitative features 

to prioritize SRE pairs (Fig. 5C and H, fig. S15A). We named the enhancers in GM1878 B cells 

as Be. A linear regression model was used to explore the epistasis influence of SRE variants on 

the expression of MYC, CHD7 and CD180 by using SNP genotype data along with corresponding 

B-lymphoblast transcriptome data from 373 Europeans (39) (see Methods, Fig. 5D, fig. S12H, 

fig. S14B, fig. S15C).  

 

To examine the epistatic influence of SRE variants in clinical risk, we used two independent 

genotype datasets with corresponding clinical data from 1593 Childhood acute lymphoblastic 

leukemia (ALL) patients and 4686 Crohn’s disease (CD) patients, which are GM12878 cell type-

relevant tissue and diseases data (40–44). Two logistic regressions were fitted with different SRE 

variants to estimate the epistatic influence on altering clinical risk to characterize the epistatic 

effect of SRE variants on ALL relapse risk and CD disease risk (see Methods, fig. S13 A, B and 

E, fig. S14A).  

 

Systematical comparison between the interactive model and the additive model  

To systematically compare the interactive effects of SRE pairs with expected additive effects 

for e4&e6 SRE (MYC locus in K562 cells) variants (Fig. 5A and B), Be1&Be7 SRE (MYC locus 

in GM12878 cells) variants (Fig. 5D-G), and Be1&Be11 SRE (CHD7 locus in GM12878 cells) 

variants (Fig. 5I), we used the ANOVA function in R to compare the interactive model and 

additive model in explaining MYC expression (in 113 LAML patients and B-lymphoblast cells of 

373 Europeans) and disease risk (ALL relapse risk and CD disease risk).  

 

The additive model did not have the interactive term in both the linear regression model for 

gene expression and the logistic regression model for disease risks. The resulting P value of 

ANOVA function was used to see whether the interactive model is the better fit of the data than 

the additive model (fig. S12B and E, fig. S13G).  

 

Additive linear regression model: 

𝑌𝑀𝑌𝐶−𝐸𝑥𝑝 ∼  𝛽0  +  𝛽1𝑉1 + 𝛽2𝑉2 + 𝛴𝛽𝑖 ∗ 𝐶𝑜𝑣𝑎𝑟𝑖𝑎𝑡𝑒𝑠𝑖 

 

Additive logistic regression model: 

𝐿𝑜𝑔𝑖𝑡 𝐸 (𝑟𝑒𝑙𝑎𝑝𝑠𝑒 𝑠𝑡𝑎𝑡𝑢𝑠) ∼  𝛽0  + 𝛽1𝑉1 + 𝛽2𝑉2 + 𝛴𝛽𝑖 ∗ 𝐶𝑜𝑣𝑎𝑟𝑖𝑎𝑡𝑒𝑠𝑖 

 

In addition, we also used AIC (Akaike information criterion) score to access whether the 

interactive effect can better explain the data than the additive effect for the significant variant pairs 

from e4&e6, Be1&Be7 and Be1&Be11 SRE pairs. The AIC score looks at both explained variation 

but also model complexity and parsimony, with a lower AIC score meaning that a model is closer 

to the ‘truth’. We calculated a relative AIC score as the AIC score of the additive model minus the 

AIC score of the interactive model. The higher relative AIC score means the interactive model is 

closer to the ‘truth’ than the additive model (fig. S12C and F, fig. S13G). Both results showed 

that SRE variants epistatically and not additively affected gene expression and altered disease risk. 

 

Genome-wide analysis of epistatic influence of SRE variants on the relapse risk for ALL patients  
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To evaluate the epistatic influence of SRE variants on clinical risk for important genes 

regulated by ultralong distance enhancer network in genome-wide scale, we used the genotype 

data and the corresponding relapse risk of the childhood ALL patients of 1,593 individuals. The 

analysis workflow (fig. S16) showed how we applied our trained elastic net model to prioritize the 

SREs for important genes in genome-wide scale and leveraged the predicted SREs to interpret the 

epistasis of non-coding variants on the relapse risk for ALL patients.  

 

Briefly, we selected genes which are regulated by multiple genes spanning an ultralong distance 

(≥5 enhancer across >200kb). These genes are enriched in GSEA immune-related and oncogenic 

signature gene sets (fig. S16A, fig. S17). Then we specifically focused on the important genes 

(n=70), in which 61 genes have enough data signal for subsequent analysis. To evaluate the ability 

of predicted SRE score in interpreting epistasis influence on disease risk, we binned the enhancer 

pairs into 20 groups based on the SRE score and quantified the percentage of enhancer pairs for 

each bin, in which the linked non-coding variant pairs showed epistatic influence on the relapse 

risk. Specifically, we defined the enhancer pairs with observed epistatic effects on ALL relapse 

risk based on the QQ plot: 1) the mean of top30% interaction -log10(P value) for enhancer variant 

pairs > Expected; 2) comparing with interaction -log10(P value) of random permutation, the KS 

test P value is < 0.05 (fig. S16B).  

 

We found that the SRE scores correlated with the epistatic effects of non-coding variants on 

clinical risk (Fig. 6A). Notably, comparing with the top 40% SREs, the enhancer pairs with SRE 

score below 40% significantly decreased the ability in interpreting epistasis influence on disease 

risk. In addition, all the experimental validated SRE (Fig. 3A-D) also have the top 40% SRE score. 

Therefore, we used top40% SRE score as a threshold and access the epistasis influence of SRE 

variants in clinical risk. Thus, we could observe that 27.9% SREs in 55.7% genes showed the 

epistasis effects of SRE variants in the relapse risk for the ALL patients (Fig. 6B and C)  

 

Next, we determined whether the SRE epistasis model, SRE linked non-coding variant pairs, 

can detect more ALL pathogenic genes compared with traditional locus-by-locus model with 

individual variants. In the traditional individual locus-by-locus association model, we included the 

treatment arms and genetic ancestry as covariates in variant-variant interaction analysis. The 

analysis of individual enhancer variant effects on the relapse risk for childhood ALL patients was 

performed in a logistic regression model: 

 

𝐿𝑜𝑔𝑖𝑡 𝐸 (𝑟𝑒𝑙𝑎𝑝𝑠𝑒 𝑠𝑡𝑎𝑡𝑢𝑠)  ∼  𝛽0  +  𝛽1𝑉  + 𝛴𝛽𝑖 ∗ 𝐶𝑜𝑣𝑎𝑟𝑖𝑎𝑡𝑒𝑠𝑖  
 

V represents “variant” in the equation. The P value in the variant term generated in the fitted 

linear model was used to measure the influence of enhancer variants in relapse risk, then construct 

the QQ plots. We defined the individual enhancer with observed significant effects on ALL relapse 

risk based on the QQ plot: 1) the mean of top30% -log10(P value) for individual enhancer variants > 

Expected; 2) comparing with interaction -log10(P value) of random permutation, the KS test P 

value is < 0.05.  

  

Next, we defined the pathogenic gene based on these two different models. In SRE epistasis 

model, if 1) a given gene is regulated by ≥1 SREs which have observed epistasis effects on ALL 

relapse risk; 2) the odds ratio of one or some SRE variants are significantly >1.25, 1.5, 1.75 or 2, 
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we defined it as an ALL pathogenic gene. In traditional individual locus-by-locus association 

model, if 1) a given gene is regulated by ≥1 enhancers which have observed significant effects on 

ALL relapse risk; 2) the odds ratio of one or some enhancer linked variants are significantly >1.25, 

1.5, 1.75 or 2, we defined it as an ALL pathogenic gene. In 61 important genes, 22 genes are 

pathogenic genes in ALL based on the literature search (Have mutation or over-/under-/do not 

express in ALL patients; table S4). Among these 22 ALL pathogenic genes, comparing with the 

traditional individual locus-by-locus association model, our SRE interactive model can identify 

significantly more ALL pathogenic genes (Fig. 6D). Specifically, our SRE model recovered 10 

genes, whereas the locus-by-locus model only showed 2 genes at odds ratio >1.5. In addition, we 

included this genome wide SRE epistasis analysis associated with clinical risk on the website 

(http://enhancer.stanford.edu/). 
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Supplemental Figures 

 

 

Fig. S1. Experimental setup for the multiplexed CRISPRi screening. 

A, A summary table of the sgRNA library for multiplexed CRISPRi screening and the sgRNA 

pairs used in the subsequent analysis after filtering low coverage. 

B, Diagram showing the construction and sequencing of the paired sgRNA library. 
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Fig. S2. Data analysis for the multiplexed CRISPRi screening.  
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A. Correlation of depletion score between two permutations (A/B and B/A). Diagrams show raw 

depletion scores without smoothing and depletion scores after smoothing adjacent sgRNAs (2 to 

6).   

B, Heatmap showing the depletion scores (log2 fold change) of sgRNA pairs targeting enhancers 

in the MYC locus.  

C, Classification of enhancer-enhancer epistatic interactions based on CRISPRi-mediated sgRNA 

depletion scores. We define a pair of enhancers is synergistic, if perturbation of both enhancers 

exhibits a larger effect than the additive effects of individual enhancer perturbation.  

D, Method for calculating the epistasis interaction scores for sgRNA pairs between a query sgRNA 

and all sgRNAs (sgRNAx, including 295 individual sgRNAs in the library).  

E, A quantitative epistasis map of sgRNA pairs targeting all enhancer combinations in the MYC 

locus. Each dot represents the epistasis interaction score of a pair of sgRNAs smoothed by adjacent 

sgRNAs. sgTC1-3, sgRNA targeting three control regions; sgNT, non-targeting sgRNA. 

F, Scatter plot of sgRNA depletion scores from two independent biological replicates. 

G, Scatter plot of sgRNA interaction scores from two independent biological replicates. 

H, Density plots of depletion score correlation between two sgRNAs targeting the same enhancer 

(intra-enhancer) or different enhancers (inter-enhancer). The value vector used to calculate the 

correlation is the depletion scores of each sgRNA paired with all sgRNAs in the library (each row 

in the fig. S2B heatmap). 

I, Density plots of interaction score correlation between two sgRNAs targeting the same enhancer 

(intra-enhancer) or different enhancers (inter-enhancer). The value vector used to calculate the 

correlation is the interaction scores of each sgRNA paired with all sgRNAs in the library (each 

row in the Fig. 1B heatmap). 
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Fig. S3. Additional data analysis for multiplexed CRISPRi screening.  

A, Top: sgRNA count distribution on targeting enhancers in 300bp sliding windows. Bottom: A 

quantitative epistasis map of sgRNA pairs targeting all enhancer combinations in the MYC locus 

in 300bp sliding window. Each dot represents the epistasis interaction score of a pair of 300bp 

sliding windows in two enhancers. The epistasis interaction score for each 300bp window pairs is 

calculated as the mean interaction score of all sgRNA pairs locating in the window pair.  

B, A quantitative enhancer epistasis interaction map in the MYC locus. Each box represents the 

epistasis interaction score of a pair of enhancers. sgTC1-3, sgRNA targeting three control regions; 

sgNT, non-targeting sgRNA.  
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Fig. S4.  Additional experimental validation of enhancer epistasis interactions. 

A, qRT-PCR of MYC mRNA expression (log2 fold change) by perturbing single or double 

enhancers. Data are represented as individual biological replicates (dots) and the mean value (black 

bar). The purple area indicates the expected additive effect by plotting mean ± one standard 

derivation. P values are calculated by two-sided Student’s t-test.   
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B, Measured cell viability normalized to wildtype cells by perturbing single or double enhancers. 

Data are represented as individual biological replicates (dots) and the mean value (black bar). 

The purple area indicates the expected additive effect by plotting mean ± one standard 

derivation. P values are calculated by two-sided Student’s t-test.   

C, Left, diagrams showing the binding sites of sgRNAs targeting within SREs; right, diagrams 

showing calculated sgRNA depletion scores from multiplexed CRISPRi screening with one or two 

enhancers perturbed. Data are represented as mean ± standard deviation.  
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Fig. S5. H3K9me3 ChIP-seq characterization of CRISPRi perturbation of enhancers. 

A-B, H3K9me3 ChIP-seq tracks in the enhancers at the MYC locus when perturbing SRE 

enhancers e3&e7 (A) or non-SRE enhancers e1&e4 (B). In A and B, from top to bottom, diagrams 

show wildtype cells (WT), inhibition of individual enhancers, and inhibition of both enhancers. 

The bars above the H3K9me3 signal represent the broad peaks of H3K9me3 called by MACS2. 

The bottom diagram shows the H3K27ac ChIP-seq reference tracks. The sgRNA targeting site is 

indicated by a black bar. 
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Fig. S6. H3K27ac ChIP-seq characterization of CRISPRi perturbation of enhancers. 

A-B, H3K27ac ChIP-seq tracks in the enhancers at the MYC locus when perturbing SRE enhancers 

e3&e7 (A) or non-SRE enhancers e1&e4 (B). In A and B, from top to bottom, diagrams show 

wildtype K562 cells (WT), inhibition of individual enhancers, and inhibition of both enhancers. 

The sgRNA targeting site is indicated by a black bar. 
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Fig. S7. Cas9-mediated knockout (KO) of SRE and non-SRE enhancers at the MYC locus, 

and detected large chromatin deletions for double enhancer KO. 

A-B, qRT-PCR of MYC mRNA expression by knocking out individual enhancers, a pair of SRE 

enhancers e3&e7 (A), or a pair of non-SRE enhancers e1&e4 (B), and. Data are represented as 

individual biological replicates (dots) and the mean value (black bar). The purple area indicates 

the expected additive effect by plotting mean ± one standard derivation. P values are calculated by 

two-sided Student’s t-test.   

C-D, Large chromatin deletions indicated by DNA gel electrophoresis showing multiple 

unexpected bands in double-enhancer KO cells. Left, schematic of primer binding sites on the 

enhancer region. Right, gel electrophoresis of PCR products showing multiple unexpected 

fragments; DNA ladder is shown on the right. C, knockout of the SRE pair e3&e7; D, knockout 

of the non-SRE pair e1&e4. 
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E-F, Top: Sequences of enhancers around sgRNA targeting sites. The sgRNA targeting sites 

indicated by different colors. Protospacer adjacent motifs (PAMs) are highlighted in red. Bottom: 

Sanger sequencing maps of PCR-amplified fragments in C and D. Six different fragments showing 

large chromatin deletions were detected in 20 sequenced clones (6/20). 
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Fig. S8.  Data regression of feature groups to predict SREs using an elastic net regularized 

linear regression model.  

A, Diagram showing correlation between spatial interaction/co-occupancy and epistasis 

interaction scores in top6 feature groups, ranked from high to low. Green shows the top features 

with highest correlation with epistasis interaction scores, including HiChIP and BRD4.  

B, Genome browser diagram showing the binding profiles of BRD4 at the MYC locus. 

C, Correlation between epistasis interaction scores and co-occupancy of 4 representative 

genomic features in fig. S8A, including the profiles of IRF1, COREST, H3K79me2, and 

H3K9ac. Red, SREs; blue, non-SREs. The Pearson correlation coefficient (R) is shown.  
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D, Comparison of the elastic net regularized linear regression model and simple linear models 

fitted with individual representative features in (Fig. 2B) for model performance of predicting 

epistasis interaction scores. BIC, Bayesian information criterion. The relative BIC is normalized 

to the HiChIP simple linear model. 
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Fig. S9.  Validation of predicted SREs and non-SREs at other genomic loci in different cell 

types.  

A, Enrichment P values of oncogenes and housekeeping genes in K562 cells. Left, different 

numbers of enhancer; right: maximum interval distance between enhancer pairs. P values are 

calculated by using two-tailed Fisher's exact test.  

B-C, Prediction and validation of SREs and non-SREs at BCL9 (B) and KTN1 loci (C) in K562 

cells. Left: Rank of predicted SREs at the BCL9 and KTN1 locus in K562 cells using SRE model. 

Orange dots indicate the predicted SREs. Green dots indicate the predicted non-SREs. Dashed line 

represents the empirical threshold from MYC locus in K562 cells. Right: qRT-PCR of BCL9 and 

KTN1 mRNA expression when perturbing individual or a pair of enhancers. Data are represented 

as individual biological replicates (dots) and the mean value (black bar). The purple area indicates 

the expected additive effect by plotting mean ± one standard derivation. P values are calculated by 

two-sided Student’s t-test.   

D-E, Prediction and validation of SREs at COX6C (D) and FOXP1 loci (E) in Jurkat cells. Left: 

Rank of predicted SREs at the COX6C and FOXP1 locus in Jurkat cells using SRE model. Orange 

dots indicate the predicted SREs. Dashed line represents the empirical threshold from MYC locus 

in K562 cells. Bottom right: qRT-PCR of COX6C and FOXP1 mRNA expression when perturbing 

individual or a pair of enhancers. Data are represented as individual biological replicates (dots) 

and the mean value (black bar). The purple area indicates the expected additive effect by plotting 

mean ± one standard derivation. P values are calculated by two-sided Student’s t-test.   
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Fig. S10. Workflow for Trac-looping analyses, Trac-looping data for chromatin 

accessibility and spatial contacts, and ATAC-seq data for chromatin accessibility. 

A, Schematic of the workflow for Trac-looping, adapted from the Lai et al. 2018 (34). In Trac-

looping, a Tn5 bivalent linker complex containing a pair of mosaic ends with a 30-bp 

oligonucleotide spacer is used for transposase-mediated analysis of spatial contacts and 

chromatin accessibility.  

B, Heatmap showing the changes of spatial contacts among the promoter and enhancers. Colors 

represent the log2 fold change of spatial contacts normalized to the wildtype cells upon 

perturbation of e1, e4, and e1&e4. 

C, Heatmap showing the log2 fold change of chromatin accessibility normalized to the wildtype 

cells at the promoter and enhancers upon perturbation of e3, e7, and e3&e7 (left); e1, e4 and 

e1&e4 (right). The chromatin accessibility was measured by the short range paired-end tag 

(<1kb) in Trac-looping, which specifically measure the chromatin accessibility without the signal 

of spatial contacts as demonstrated in the fig. S10A. 

D, Heatmap showing the log2 fold change of chromatin accessibility normalized to the wildtype 

cells at the promoter and enhancers upon inhibition of e3, e7, and e3&e7 (left); e1, e4 and e1&e4 

(right). The chromatin accessibility was measured by ATAC-seq. 

E, ATAC-seq signal in the enhancers at the MYC locus when perturbing individual or a pair of 

SRE pair (e3&e7) and non-SRE enhancer (e1&e4). In each panel, from top to bottom, diagrams 

show wildtype cells (WT), inhibition of individual enhancers, and inhibition of both enhancers. 

The sgRNA targeting sites are indicated by black bars. 
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Fig. S11. Additional data of BRD4 colocalization at the MYC locus.  

A, Genome browser diagram showing the binding profiles of BRD4, Mediator and Pol II at the 

MYC locus. 

B, Colocalization between BRD4 and the MYC locus by immunofluorescence (IF) staining (red) 

and 2D DNA-FISH (green) in K562 cells upon perturbation of e4, e7, and e4&e7 (SRE pair). 

The blue dash line indicates the nuclear periphery determined by DAPI staining (not shown). 

The rightmost column shows insets in the yellow boxes. Scale bars, 5μm in the first three 

columns; 500 nm for the rightmost column. 

C, Quantification of BRD4 and 2D DNA-FISH colocalization frequency at the MYC locus in 

cells without perturbation and upon perturbation of e4, e7, and e4&e7 (SRE pair). Left, 

percentage of loci showing BRD4 and the MYC locus colocalization, n = total loci analyzed. 

Right, percentage of cells showing at least two loci with BRD4 and the MYC locus 

colocalization, N = total cells analyzed. Data are represented as mean ± standard error of the 

mean. Dashed line represents the expected additive effect. *: P value < 0.05; **: P value < 0.01, 

calculated by two-tailed Fisher’s exact test for paired sgRNAs effect versus the expected effect. 

D, Quantification of BRD4 and the MYC locus 2D DNA-FISH colocalization frequency in 

control or upon perturbation of e1, e4, and e1&e4 (non-SRE pair). Top, percentage of loci 

showing BRD4 and the MYC locus colocalization, n = total loci analyzed. Bottom, percentage of 

cells showing at least two loci with BRD4 and the MYC locus colocalization, N = total cells 

analyzed. Data are represented as mean ± standard error of the mean. Dashed line represents the 

expected additive effect. P value was calculated by two-tailed Fisher’s exact test for paired 

sgRNAs effect versus the expected effect. 

E, Effects of JQ1 on MYC mRNA expression measured by qRT-PCR when perturbing individual 

or double enhancers of e3&e7. RNA abundance is calculated by normalizing to the sample 

without perturbation (log2 fold change). Dashed line indicates the MYC expression levels in 

samples without perturbation. Data are represented as technical replicates in three independent 

biological experiments (dots) and the mean value (black bar). The purple area indicates the 

expected additive effect by plotting mean ± one standard derivation. P values are calculated by 

two-sided Student’s t-test.   

F, Diagram showing JQ1 effects on the computed epistasis interaction scores of e3&e7. The 

epistasis interaction score was calculated as -(Observed relative MYC expression of paired 

sgRNAs targeting e3&e7- Expected) in log2 fold change.  
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Fig. S12. Additional analysis of interactive influence of SRE variants for gene expression at 

the MYC locus in K562 cells and GM12878 cells. 

A, Diagram showing the method to define enhancer variants. Genomic variants are indicated by 

vertical lines, and those falling within the LD window for a given enhancer are highlighted and 

defined as enhancer variants. 

B, QQ plot showing the distribution of P values for the comparison between interactive model 

and additive model (see Methods) of e4&e6 SRE variants (red) on MYC expression for in 

LAML patients, compared to random permutations of individual MYC expression (grey). KS test 

P value was calculated between e4&e6 SRE and the random permutations.  

C. Model comparison for significantly interactive variants of e4&e6 (P < 0.05 in Fig. 5A) on 

MYC expression of LAML patients and random permutations of individual MYC expression, 

measured as the relative AIC calculated by the AIC of the additive model minus the AIC for the 

interactive model. 

D. QQ plot showing the distribution of P values for the interactive influence of e4&e6 SRE 

variants on MYC expression in LAML patients, compared to e2&e3 non-SRE variants, e5&e6 

non-SRE variants, and non-SRE variant pairs sampled from all the non-SRE variants. KS test P 

values were calculated between e4&e6 SRE and the non-SRE pairs. 

E, QQ plot showing the distribution of P values for the comparison between interactive model 

and additive model (see Methods) of Be1&Be7 variants (red) on MYC expression between in the 

B lymphoblasts of 373 European individuals, compared to random permutations of individual 

MYC expression (grey). KS test P value was calculated between Be1&Be7 SRE and the random 

permutations.  

F. Model comparison for significantly interactive variants of Be1&Be7 (P < 0.05 in Fig. 5D) on 

MYC expression of the B lymphoblasts of 373 European individuals and random permutations of 

individual MYC expression, measured as the relative AIC calculated by the AIC of the additive 

model minus the AIC for the interactive model.  

G. QQ plot showing the distribution of P values for the interactive influence of Be1&Be7 SRE 

variants on MYC expression in the B lymphoblasts of 373 European individuals, compared to 

Be1&Be3 non-SRE variants, Be1&Be4 non-SRE variants and non-SRE variant pairs sampled 

from all the non-SRE variants. KS test P values were calculated between Be1&Be7 SRE and the 

non-SRE pairs.  

H, QQ plot showing the distribution of P values for the interactive influence on the MYC 

expression between Be6&Be7 pairs (red) in the B lymphoblasts of 373 European individuals, 

compared to random permutations of individual MYC expression (grey). KS test P value = 1.94 x 

10-12.  

I, MYC expression from RNA-seq data in the B lymphoblasts of 373 European individuals 

stratified by genotypes of SRE variant pairs located on Be6 (rs10107982) and Be7 (rs10098831). 

One-tailed Wilcoxon test was used for calculating the P value in different groups. *, P < 0.05; **, 

P < 0.01.  
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Fig. S13. Additional analysis of interactive influence for SRE variants on clinical risks of B-

cell-associated diseases in the MYC locus. 

A, QQ plot showing the distribution of P values for the interactive influence on the relapse risks 

between Be1&Be7 variants (red) at MYC locus in childhood ALL patients, compared to random 

permutations of relapse and control population (grey). KS test P value = 2.14 x 10-4. 

B, QQ plot showing the distribution of P values for the interactive influence on the disease risks 

between Be1&Be7 variants (red) at MYC locus in CD patients, compared to random permutations 

of relapse and control population (grey). KS test P value = 8.04 x 10-4.  

C. QQ plot showing the distribution of P values for the interactive influence of Be1&Be7 SRE 

variants on ALL relapse risk between, compared to Be4&Be6 non-SRE variants and non-SRE 

variant pairs sampled from all the non-SRE variants. KS test P values were calculated between 

Be1&Be7 SRE and the non-SRE pairs. 
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D. QQ plot showing the distribution of P values for the interactive influence of Be1&Be7 SRE 

variants on CD disease risk between, compared to Be1&Be6 non-SRE variants and non-SRE 

variant pairs sampled from all the non-SRE variants. KS test P values were calculated between 

Be1&Be7 SRE and the non-SRE pairs.  

E, QQ plot showing the distribution of P values for the interactive influence on the relapse risks 

between Be2&Be7 variants (red) at MYC locus in childhood ALL patients, compared to random 

permutations of relapse and control population (grey). KS test P value = 2.19 x 10-5.  

F, Example of one pair of SRE variants, Be2 (rs2456453) and Be7 (rs4733792), for calculated 

odds ratio on the relapse risk in childhood ALL patients of 1,593 individuals. Odds ratios are 

calculated by considering the genotypes of individual variants, Be2(rs2456453) or 

Be7(rs4733792), or by the genotype combinations of both variants. Colors represent the odds ratios.  

G. Table showing the statistical metrics for Fig. 5F, G and I. The first column shows the P value 

for the highest odds ratio calculated by considering both SRE variants. 1000 permutation 

analysis on randomized individuals (cases and controls) was used to define the significancy of 

odds ratio. The second column shows the P values for the comparison between interactive model 

and additive model for each SRE variant pair in clinical risk. The third column shows the relative 

AIC calculated by the AIC of the additive model minus the AIC for the interactive model. 
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Fig. S14. Additional analysis of interactive influence for SRE variants on gene expression 

and clinical risk of B-cell-associated disease in the CHD7 locus. 

A, QQ plot showing the distribution of P values for the interactive influence on the relapse risks 

between Be1&Be11 variants (red) at CHD7 locus in childhood ALL patients, compared to 

random permutations of relapse and control population (grey). KS test P = 6.64 x 10-3.  

B, QQ plot showing the distribution of P values for the interactive influence on CHD7 expression 

between Be6&Be12 pairs (red) in the B lymphoblasts of 373 European individuals, compared to 

random permutations of individual CHD7 expressions (grey). KS test P = 4.21 x 10-3.   

C, CHD7 expression from RNA-seq data in the B lymphoblasts of 373 European individuals 

stratified by the genotypes of SRE variant pairs located on Be6 (rs4738844) and Be12 (rs3943823). 

One-tailed Wilcoxon test was used for calculating the P value in different groups. *, P < 0.05. 
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Fig. S15. Additional analysis of interactive influence for SRE variants on gene expression at 

CD180 loci in GM12878 cells. 

A, Diagram showing CD180 regulated by multiple enhancers in GM12878 cells.  

B, Rank of predicted epistasis interaction scores for enhancer pairs at the CD180 locus in 

GM12878 cells using SRE model. Orange dot, top SRE. 

C, QQ plot showing the distribution of P values for the interactive influence on CD180 expression 

between Be1&Be6 pairs (red) in the B lymphoblasts of 373 European individuals, compared to 

random permutations of individual CD180 expressions (grey). KS test P = 4.32 x 10-15.   

D, CD180 expression from RNA-seq data in the B lymphoblasts of 373 European individuals 

stratified by the genotypes of SRE variant pairs located on Be1(rs5744466) and Be6(rs61042496). 

One-tailed Wilcoxon test was used for calculating the P value in different groups. **, P < 0.01. 
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Fig. S16. Workflow for applying the SRE prediction model to link multiple non-coding 

variants with complex disease on the genome-wide scale. 

A, The workflow of genome-wide analysis for SRE epistasis effects in ALL relapse risk. 

B, Criteria used to define enhancer pairs with observed epistasis effects on ALL relapse risk.  
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Fig. S17. Genome-wide analysis of the SRE model in GM12878 cells. Gene Set Enrichment 

Analysis (GSEA) of genes regulated by ultralong distance enhancer interaction network in 

GM12878 cells. Light green represents GSEA immune-related gene sets, and dark green represents 

oncogenic signature gene sets. 
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