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ABSTRACT

◥

Cancer cells exhibit properties of cells in a less differentiated state
than the adjacent normal cells in the tissue. We explored whether
cancer cells can be converted to a differentiated normal-like state by
restoring the gene regulatory network (GRN) of normal cells. Here,
we report that colorectal cancer cells exhibit a range of developmental states from embryonic and intestinal stem-like cells to
differentiated normal-like cells. To identify the transcription factors
(TF) that commit stem-like colorectal cancer cells into a differentiated normal-like state, we reconstructed GRNs of normal colon
mucosa and identiﬁed core TFs (CDX2, ELF3, HNF4G, PPARG,
and VDR) that govern the cellular state. We further found that SET
Domain Bifurcated 1 (SETDB1), a histone H3 lysine 9–speciﬁc

Introduction
Dysregulation of tissue-speciﬁc gene expression programs is a
hallmark of cancer (1). Such dysregulation leads to cancerpromoting gene expression programs and, in various types of cancer,
the consequent reprogramming of cells into those with stem or
progenitor (stem/progenitor) properties (2–8). A study of cancer
initiation revealed that normal differentiated cells with oncogenic
mutations remain in a nonmalignant state until they undergo cellular
reprogramming into a stem/progenitor state (5). This suggests that
differentiated cells have an inherent resistance mechanism against
malignant transformation and indicates that cellular reprogramming
is indispensable for malignancy. Thus, we speculated that malignant
properties might be eradicated if the tissue-speciﬁc gene expression
program is reinstated.
In colorectal cancer, cellular differentiation is impeded through
processes involving both oncogenic mutations and microenvironmental alterations (9, 10). This cancer provides a model for exploring
whether the malignant cells could be converted to normal-like cells
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methyltransferase, hinders the function of the identiﬁed TFs.
SETDB1 depletion effectively converts stem-like colorectal cancer
cells into postmitotic cells and restores normal morphology in
patient-derived colorectal cancer organoids. RNA-sequencing analyses revealed that SETDB1 depletion recapitulates global gene
expression proﬁles of normal differentiated cells by restoring the
transcriptional activity of core TFs on their target genes.
Implications: Our study provides insights into the molecular
regulatory mechanism underlying the developmental hierarchy of
colorectal cancer and suggests that induction of a postmitotic state
may be a therapeutic alternative to destruction of cancer cells.
through restoration of the tissue-speciﬁc gene expression program. To
address this challenge in a systematic way, we employed a computational framework to identify the core factors to revert cancer cells back
to their normal state. A recent computational framework for inferring
gene regulatory networks (GRN) has effectively applied to the cell fate
conversion study through identiﬁcation of master regulators of tissuespeciﬁc gene expression programs (11–13).
Here, we reconstructed normal colon–speciﬁc GRNs and colorectal
cancer–speciﬁc GRNs, and identiﬁed core transcription factors (TF)
for differentiation of colorectal cancer cells. We further identiﬁed SET
Domain Bifurcated 1 (SETDB1) as a key factor that hinders the
function of core TFs. We demonstrated that SETDB1 depletion
effectively reestablishes the normal colon–speciﬁc gene expression
proﬁle and induces a postmitotic differentiated state in three stem-like
colorectal cancer cell lines and patient-derived colon cancer organoids
by recapitulating the transcriptional activities of the core TFs.

Materials and Methods
Cell culture
Caco2, HCT116, SW480, and SW620 human colorectal cancer cells
were cultured in DMEM supplemented with 10% FBS and antibiotics
(100 U/mL of penicillin, 100 mg/mL of streptomycin, and 0.25 mg/mL
of Fungizone; Life Technologies) at 37 C in 5% CO2. The Caco2 and
HCT116 cell lines were obtained from Korean Cell Line Bank, and
SW480 and SW620 cell lines were obtained from the ATCC. For
retrovirus transduction, we cultured cells in above condition with
2 mg/mL of puromycin for 3 days after transduction and then cultured
with 1 mg/mL for the rest of the period. Three days after transduction,
to activate PPARG and vitamin D receptor (VDR), we supplemented
troglitazone (10 mmol/L; T2573, Sigma-Aldrich) and 1a,25-dihydroxyvitamin D3 (25 nmol/L; D1530, Sigma-Aldrich). We called this
supplemented medium differentiation medium in the study. All used
cell lines were authenticated by short tandem repeat analysis (Korean
Cell Line Bank) and were veriﬁed to be Mycoplasma negative using a
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Mycoplasma PCR detection kit (Intron). The cells were typically used
for experiments within 2 weeks after thawing, and retrovirus-mediated
experiments were completed within 2 to 3 weeks after transduction.

Lentiviral-packaged shSETDB1 was infected to colon cancer organoids
with concentration and infected to Caco2, HCT116, and SW480
without concentration.

Flow cytometry
In vitro cultured cells were ﬁxed at 4% PFA and stained with KRT20
antibody (13063S, Cell Signaling Technology) and FITC–anti-rabbit
IgG (554020, BD Pharmingen) according to the manufacturer's
instruction (catalog no. 554714; BD Biosciences). To isolate RNA
from intracellular immunoﬂuorescent stained cells, we performed the
experiments under RNase-free condition with 1:100 RNasin Plus
RNase Inhibitor (N2615, Promega) following the method for analyzing RNA following intracellular sorting (MARIS) protocol (14). Flow
cytometric analysis was conducted with a FACS Jazz (BD Biosciences),
and analysis was performed with BD FACSDiva software.

Colony-forming assay
For colony-forming assay, 500 cells were seeded in 6-well plate and
incubated for 14 days in medium supplemented with troglitazone
(10 mmol/L, T2573; Sigma-Aldrich) and 1a,25-dihydroxyvitamin D3
(25 nmol/L, D1530; Sigma-Aldrich). Cells were ﬁxed with 3.7%
paraformaldehyde for 15 minutes, followed by staining with a 0.5%
crystal violet solution for 1 hour. After washing with distilled water and
air drying, images were obtained.

Immunoﬂuorescence and image analysis
For immunoﬂuorescence (IF) staining, cancer cells were ﬁxed for
15 minutes in 4% (vol/vol) formaldehyde and blocked for 1 hour in 2%
BSA with 0.1% Triton-X100 of PBS (blocking and staining buffer),
followed by incubation in primary antibody, KRT20 (13063S, Cell
Signaling Technology), and Ki-67 (11882S, Cell Signaling Technology)
at a dilution of 1:200 for staining buffer for overnight at 4 C. Samples
were washed in PBS and incubated with the secondary antibody
(ab150113, ab150080) at a dilution of 1:300 in staining buffer for
1 hour. 40 ,6-Diamidino-2-phenylindole (DAPI; D1306, Invitrogen)
was stained for 1 hour before the confocal microscopic analysis.
Imaging was performed using a Nikon A1R confocal microscope
(Nikon Instruments) with CFI plan Apo objectives under 40 magniﬁcation and digital-zooming Nikon imaging software (NIS-element
AR). Image data were analyzed by Nikon imaging software (NISelement AR), and the number of Ki-67–positive cells was counted
using MATLAB.
shRNA and siRNA knockdown
Speciﬁc siRNAs against EHMT2, HDAC2, KAT2A, KDM1A,
PRMT1, SETDB1, SMYD2, and SMYD3 were custom-synthesized
(Bioneer) according to sequences provided from the previous studies.
We used Scramble siRNA (Bioneer) as a control, and transfection was
carried out using Lipofectamine RNAiMAX (Invitrogen). Retrovirusmediated short hairpin RNA (shRNA) was purchased from SigmaAldrich. Detailed information on siRNA and shRNA experiments is
given in Supplementary Table S5.
Plasmid construction
For extrinsic expression of CDX2, ELF3, HNF4G, PPARG, and VDR,
the full-length cDNAs of each gene were ampliﬁed by RT-PCR from
human colon cDNA library (Clontech). Each cDNA was ligated into
pLentiM1.4 lentiviral vector and conﬁrmed by sequencing.
Retrovirus production and transduction
For retrovirus-mediated gene transfer, HEK293T cells were transfected with each relevant lentiviral plasmid and packaging plasmids
(pLP1, pLP2, and pLP/VSV-G, Invitrogen) using Lipofectamine (Invitrogen) according to the manufacturer's instructions. The medium was
harvested after 48 hours of transfection and ﬁltered through a 0.22-mm
cellulose acetate ﬁlter. Then, virus-containing medium was centrifuged at 25,000 rpm for 90 minutes (Optima L90K; Beckman).
Lentiviral-packaged CDX2, ELF3, HNF4G, PPARG, and VDR were
concentrated in 2 mL of complete DMEM 10% supplemented with
4 mg/mL polybrene and infected to HCT116 and SW480 cell lines.
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Cell growth assay
For assessing cell growth, transfected cells were seeded in 96-well
plate (5  103 cells/well) and imaged every 3 hours using IncuCyte
ZOOM (Essen Bioscience). The conﬂuence was analyzed by the
software IncuCyte ZOOM 2016A.
Chromatin immunoprecipitation assays
Chromatin immunoprecipitation (ChIP) assays were performed
using a High-Sensitivity ChIP assay kit (Abcam). Brieﬂy, Caco2 cells
(2  106) were ﬁxed with 1% formaldehyde at room temperature for
10 minutes. To shear chromatin lysates, sonication was carried out
with Bioruptor sonicator (20 seconds on, 30 seconds off at 180 W;
Biomedical Science). Chromatin samples were incubated with 2 mg
anti-H3K9me3 antibody (ab8898, Abcam) or control IgG at 4 C
overnight.
Human colon cancer organoid culture
Human samples were obtained from patients referred to centers in
Samsung Medical Center. Patients agreed to donate colon biopsy
samples for molecular testing on research base with written informed
consent and analyzed. The experiments were conducted according to
protocols approved by the Institutional Review Board of Samsung
Medical Center (Seoul, Republic of Korea). Human cancer cells were
isolated from colon cancer biopsy samples. Brieﬂy, the biopsies were
minced under 1-mm fragments with a sterile scalpel or scissors and
then incubated in Advanced DMEM/Ham F-12 media (Thermo Fisher
Scientiﬁc) containing 40 mmol/L collagenase 1 (Thermo Fisher Scientiﬁc) and 100 mmol/L Dispase (Thermo Fisher Scientiﬁc) with gentle
shaking at 37 C water bath for 2 hours. After incubation, the solution
was passed through a 40-mm pore cell strainer (BD Biosciences).
The cancer cells were cultured in a three-dimensional Matrigel
matrix (BD Biosciences) in Advanced DMEM/Ham F-12 containing
1 antibiotic–antimycotic, 2 mmol/L Glutamax (Invitrogen),
10 mmol/L HEPES (Invitrogen), 1  N2 (Invitrogen), 1  B27
(Invitrogen), 50 ng/mL EGF, 1 mmol/L N-acetylcysteine (SigmaAldrich), 100 ng/mL recombinant murine Noggin (PeproTech),
10 mmol/L Nicotinamide (Sigma-Aldrich), 10 nmol/L SB202190
(Sigma-Aldrich), 10 nmol/L Gastrin 1 (Sigma-Aldrich), 10 nmol/L
Prostaglandin E2 (Cayman Chemical Company), 500 nmol/L A-83-01
(Sigma-Aldrich), 500 ng/mL recombinant human R-spondin1 (R&D
Systems), and 100 ng/mL recombinant Wnt3a (R&D Systems). Culture medium was replaced every 2 days.
IHC
A total of 296 tissue samples were obtained from patients with
colorectal cancer after ethical approval by the Institutional Review
Board of Samsung Medical Center (Seoul, Republic of Korea). The
clinical data included overall survival and disease-free survival.
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Immunostaining for SETDB1 protein was performed using an antiSETDB1 polyclonal antibody (HPA018142; Sigma-Aldrich). The IHC
scores were determined as follows: weak staining in <50% or moderate
staining in <20% of cancer cells (Score 1); weak staining in 350%,
moderate staining in 20% to 50%, or strong staining in <20% (Score 2);
moderate staining in 350% or strong staining in 320% (Score 3). The
experiment and analysis were performed according to the previous
study (15).
Gene set enrichment analysis
Gene set enrichment analysis was performed using “GSVA” package (16) in R and GSEA code provided from Broad Institute. Gene set
variation analysis (GSVA) implements a nonparametric, unsupervised
method estimating variation of gene set enrichment over the samples
without class labels. Each sample was independently assessed, and
normal and cancer samples were compared across the datasets. The
statistical signiﬁcance is determined by P value of moderated t statistics
using “limma” package (17) in R. GSEA was performed to analyze
RNA-sequencing (RNA-seq) data of three cell lines, evaluating the
enrichment scores with distinct sample classes deﬁned by experimental condition.
Differentially expressed gene analysis
The differentially expressed gene (DEG) analysis was performed by
using signiﬁcance analysis of microarrays method (18) implemented in
the “siggenes” package (19) in R. A delta value was set in such a way
that FDR became zero in Gene Expression Omnibus (GEO)–integrated (delta ¼ 8.1) and GEO-paired datasets (delta ¼ 15.9), respectively.
The common genes that showed higher expression in normal colon
mucosa compared with colorectal cancer tissues across all three
datasets were deﬁned as normal-speciﬁc genes.
Survival analysis
In the Kaplan–Meier survival analysis, the survival data were
available for 633 patients with colorectal cancer from The Cancer
Genome Atlas (20). Clinical information about overall survival and
disease-free survival was downloaded from cBioPortal. We classiﬁed
patients into two groups according to the median value of GSVA score
of a colon-speciﬁc gene set. In addition, we further divided the groups
with the third quantile of SETDB1 gene expression level. The analysis
was performed using “survival” package in R (21). Statistical significance was assessed using the log-rank test.
Pseudotime analysis
To reconstruct cellular trajectories of colorectal cancer, we used
Selective Locally Linear Inference of Cellular Expression Relationships
(SLICER) algorithm (22) and Monocle2 (23). SLICER performs
nonlinear dimensionality reduction using locally linear embedding
algorithm which calculates geodesic distances among the samples. The
genes measured to more than one tenth of the total single-cell RNA-seq
samples were used to conduct dimensionality reduction in SLICER.
For Monocle2, the DEGs across normal and cancer samples were
determined with 0.01 cutoff of q value using the method implemented
in “monocle” package. Discriminative Dimensionality Reduction with
Trees method was used for performing Monocle2. The ﬁrst and second
dimensions and pseudotime information were used for further data
analysis.
Cell-cycle analysis
Gene sets representing G1–S and G2–M phases of the cell cycle were
deﬁned in previous study (24). As the previous study performed, we
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calculated the average expression of each gene set, and the cells of each
phase were determined by the average expression value above 3.0
which results in the P values of 1.5e-10 and 2.0e-16, respectively, when
assigned samples and remained samples were statistically compared.
Transcription entropy analysis
The single-cell RNA-seq data were used as a read counts format.
Median normalization was performed using RaceID2 algorithm (25)
in R. The transcription entropy is deﬁned as general formula for the
information entropy where each probability indicates the number of
transcripts of a single gene in a cell. The analysis was performed
according to the previous study (25).
Principal component analysis of single-cell RNA-seq data
Single-cell RNA-seq data have substantial noise, and it led to
inconsistent results of GSEA depending on the gene set composition.
Thus, to robustly estimate the state-speciﬁc gene expression proﬁles,
we applied imputation algorithm MAGIC (26) to recover the dropouts
and performed principal component analysis (PCA) with the union of
the state-speciﬁc gene sets. In regard to colon-speciﬁc, intestinal stem
cell (ISC)–speciﬁc, and embryonic stem cell (ESC)–speciﬁc gene sets,
we independently performed PCA and used PC1 as a representative
value.
Network inference and identiﬁcation of core TFs
To infer context-speciﬁc GRNs, we calculated mutual information
of each dataset using ARACNE algorithm implemented in the “RTN”
package (11, 27). ARACNE was run with 0.01 data processing
inequality tolerance, 100 bootstraps. We used a list of curated TFs
from a previous study (28) that are included in the list of TFs deﬁned
by Functional Annotation of the Mammalian Genome (FANTOM;
ref. 29). We inferred GRNs from the GEO-integrated normal dataset
and GEO-paired normal dataset, and called them GEO-integrated
normal GRN and GEO-paired normal GRN, respectively. To identify
the master regulators of normal colon epithelial cells, we used Master
Regulator Inference Algorithm (MARINA; ref. 11). For GEOintegrated normal GRN and GEO-paired normal GRN, we identiﬁed
the TFs whose inferred target genes were signiﬁcantly enriched in
colon tissue–speciﬁc genes and normal-speciﬁc genes, respectively. We
performed MARINA analysis with P value cutoff of 1e-10. The
common TFs that signiﬁcantly include the colon-speciﬁc genes and
normal-speciﬁc genes as their target genes were deﬁned as the core TFs
of normal colon epithelial cells. The transcriptional activity of the TFs
was quantitatively measured using Virtual Inference of Protein activity
by Enriched Regulon analysis (VIPER) algorithm (30). We used a
normalized enrichment scores calculated by single-sample VIPER
methods as a transcriptional activity.
Identiﬁcation of modulators using the inferred GRN
To identify the potential modulators, we established a set of criteria:
a modulator (i) having negative regulatory interaction with the colonspeciﬁc genes, (ii) having protein–protein interaction with the core
TFs, and (iii) inducing alteration of regulatory interaction between the
core TFs and their target genes depending on the gene expression of a
modulator. To measure the negative inﬂuence of potential modulators
on the gene expression of colon-speciﬁc genes, we used the VIPER
algorithm (30). We reconstructed the regulatory network composed of
proteins (GO: 0006464, cellular protein modiﬁcation process, n ¼
2,477) using the ARACNE algorithm in GEO-integrated cancer
dataset. To deﬁne the putative modulators, we used the multiple
sample version of VIPER with the colon-speciﬁc gene sets. We selected
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the proteins that have signiﬁcant regulatory interaction with colonspeciﬁc genes with a P value below 0.01. To assess the protein–protein
interaction, we used the Search Tool for the Retrieval of Interacting
Genes/Proteins (STRING) database. The interaction scores of each
potential modulator were calculated by summing the value of “combined interaction scores” of each modulator with the ﬁve core TFs. To
examine the changes of regulatory interaction between each potential
modulator and the core TFs, we assessed conditional mutual information using Modulator Inference by Network Dynamics (MINDy)
algorithm (31) that measures the differences in mutual information by
comparing the mutual information calculated from the samples with
the highest expression level of a certain gene and that calculated from
the samples with the lowest expression of the gene. We used 300
samples among GEO-integrated cancer data with the highest gene
expression of potential modulators, and 300 samples with the lowest
gene expression of potential modulators. GEO-integrated normal
GRN that has the largest number of samples among the datasets was
used. We performed the MINDy analysis with P value cutoff threshold
of 1e-05.
RNA isolation, qRT-PCR, and RNA-seq
RNA was extracted using an RNA-spin kit (INTRON), and cDNA
was synthesized using a DiaStar RT kit (Solgent) and 2X Taq premix
(Solgent) according the manufacturer's instructions. After reverse
transcription, qPCR was performed using the QuantStudio5 (Applied
Biosystems) with SYBR Master Mix (GeNet Bio). All conditions were
examined in three independent replicates and normalized to b-actin
mRNA expression. qPCR primer sequences we used are given in
Supplementary Table S5.
Microarray analysis
For Caco2, HCT116, SW480, and SW620, microarray analysis was
performed on a single sample. Total RNA was extracted using an RNAspin kit (INTRON), and RNA purity and integrity were evaluated by
ND-1000 Spectrophotometer (NanoDrop) and Agilent 2100 Bioanalyzer (Agilent Technologies). The fragmented cRNA was hybridized to
the Affymetrix GeneChip Human Genome U133 Plus 2.0 Gene
Expression Array at 45 C for 16 hours. Hybridized arrays were washed
and stained on a GeneChip Fluidics Station 450 and scanned on a
GCS3000 Scanner (Affymetrix). Signal values were computed using
the Affymetrix GeneChip Command Console software. The data were
normalized with robust multi-average method (32).
Bulk RNA-seq analysis
Total RNA was extracted using an RNA-spin kit (INTRON), and
RNA quality was assessed by Agilent 2100 bioanalyzer using the RNA
6000 Nano Chip (Agilent Technologies). RNA quantiﬁcation was
performed using ND-2000 Spectrophotometer (Thermo, Inc.), and
500 ng of RNA per sample was used for library construction. The
library construction was performed using the QuantSeq 30 mRNA-Seq
Library Prep Kit (Lexogen, Inc.), and the library was single-end
sequenced on an Illumina NextSeq 500 (Illumina, Inc.). The reads
were aligned using Bowtie2 (33), and the read counts estimated by
Bedtools (34) were further processed on the basis of Quantile–Quantile
normalization method using “edgeR” package (35) in R.
Single-cell RNA-seq analysis
For Caco2 cells stably expressed shRNA targeting SETDB1 and
shScramble, we used 10X Genomics Chromium machine to capture
single cells and cDNA preparation. Three thousand cells were loaded
on a Chromium Single Cell Instrument to generate single-cell nanoliter-scale Gel Bead-In-EMulsions. The barcoded cDNA was then
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ampliﬁed in PCR, and the single-cell RNA-seq libraries were prepared
using version 1 Chromium Single Cell 30 Library, Gel beads, and
Multiplex kit (10X Genomics). The libraries were quantiﬁed using
qPCR according to the qPCR Quantiﬁcation Protocol Guide (KAPA
Library Quantiﬁcation kits for Illumina Sequencing platforms) and
qualiﬁed using the TapeStation D1000 ScreenTape (Agilent Technologies). Indexed libraries were then sequenced using the HiSeq2500
platform (Illumina) by the Macrogen Incorporated.
Preprocessing and quality control of single-cell RNA-seq data
We aligned raw FASTQ ﬁles to hg19 human genome assembly
and aggregated two samples using the 10X Genomics Cell Ranger
pipeline (https://support.10xgenomics.com/single-cell-gene-expres
sion/software/downloads/latest) with standard settings. Cells that
had either the number of total counts under 20,000 or the number
of expressed genes under 3,000 are precluded. After quality control,
we obtained 453 cells of shSETDB1 samples and 654 cells of
shScramble samples. To mitigate cell-speciﬁc biases, library size
normalization was performed by “scater” package (36), and consequent log-transformed normalized expression values were used
following analysis.
Data availability
The data accompanying this article were deposited into the GEO
database under accession number GSE135461.
For additional information regarding used transcriptomic data,
signature gene sets, and sequence information of primers and siRNAs,
see Supplementary Materials and Methods.

Results
Colorectal cancer comprises embryonic stem-like cells,
intestinal stem-like cells, and differentiated normal-like cells
To determine the differences in gene expression programs between
normal colonic epithelial cells and colorectal cancer cells, we collected
four different public transcriptome datasets (Supplementary Table S1)
and compared normal and cancer samples using gene sets representing
distinct states of cellular development (Supplementary Table S2). We
scored individual samples for their match with each state-speciﬁc
expression proﬁle derived from three large consortiums on tissuespeciﬁc gene expression: Human Protein Atlas, Genotype-Tissue
Expression Project, and FANTOM5 project (Supplementary
Fig. S1A). The most apparent feature of the cancer samples across
all datasets was a reduction in the expression of the colon-speciﬁc
program (Fig. 1A). We also found a signiﬁcant correlation between the
gene set enrichment score for colon-speciﬁc genes and tumor size and
prognosis of patients with colorectal cancer (Supplementary Fig. S1B
and S1C), suggesting that loss of this proﬁle is clinically relevant and
may produce histopathologic features of poorly differentiated cancer (37). To further examine the cellular reprogramming in colorectal
cancer, we derived stem/progenitor-associated gene sets from previous
studies, ISCs, primitive guts, neural crest, embryonic endoderm, and
ESCs (Supplementary Fig. S2A; Supplementary Table S2; Supplementary Materials and Methods). We found that, compared with the other
stem/progenitor gene sets, gene sets associated with ISC and ESC are
signiﬁcantly enriched in colorectal cancer (Fig. 1B and C; Supplementary Fig. S2B and S2C), suggesting that these two stem/progenitor
expression programs may predominantly drive colorectal cancer–
associated dedifferentiation. To examine the correlation among the
gene expression programs, we assessed Spearman correlation with
the gene set enrichment scores of colorectal cancer epithelial cells in
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Figure 1.
A developmental hierarchy in colorectal cancer. A–C, Violin plots showing gene set enrichment score of each state-speciﬁc gene set in normal tissues and cancer
tissues across the datasets. Colon-speciﬁc gene set presented here is from Human Protein Atlas, ISC-speciﬁc gene set is from Li and colleagues (38), and ESC-speciﬁc
gene set is from Wong and colleagues (3). P values are by two-sample proportion test ( , P < 1e-10;  , P < 1e-30; and    , P < 1e-50). D–F, Inferred pseudotime
(x-axis) and ﬁrst dimension (y-axis) of linear local embedding (LLE), which is a nonlinear dimensionality reduction implemented by the SLICER algorithm. Points are
colored by PC1 of each state-speciﬁc gene set. The proportion of variance explained by PC1 is indicated. G, Smoothened curve of PC1 of each state-speciﬁc gene set
along pseudotime. H, Scatter plot showing cycling cells among total cell population. Point shapes are based on the disease states annotated by Li and colleagues (38).

single-cell RNA-seq data. We found that ESC-speciﬁc genes are not
signiﬁcantly correlated with ISC-speciﬁc genes (Spearman correlation
coefﬁcient ¼ 0.112; Supplementary Fig. S3A), and that only a small
number of cancer cells exhibit high expression level of ESC-speciﬁc
genes (Supplementary Fig. S3B).
Because dedifferentiation is considered a continuous process, we
performed pseudotime analysis on RNA-seq data of both normal and
colon cancer cells using the previously annotated differentiation
state (38). As expected, stem-like and differentiated-like cellular identities were well divided along with the pseudotime axis (Supplementary
Fig. S3C). We also performed PCA and used principal component 1
(PC1) as a representative value of state-speciﬁc gene expression. The
colon-speciﬁc gene proﬁle increased over the pseudotime trajectory,
whereas both stem cell proﬁles decreased (Fig. 1D–F; Supplementary
Fig. S2B and S2C). However, only a few cancer cells at the beginning of
trajectory exhibited markedly elevated ESC-speciﬁc gene expression
(Fig. 1G; Supplementary Figs. S3D and S4E). Moreover, transcriptional
entropy, the diversity of transcriptome from the concept of Shannon's
entropy which has been used in the study of cellular differentiation (25),
also particularly increased at the beginning of trajectory (Supplementary
Fig. S3F), suggesting that such distinct cell population has a high
developmental potential. We found that expressions of MYC and the
ISC markers (39), TERT, LRIG1, and BMI1, are increased in cells early in
the pseudotime trajectory, whereas expressions of LGR5 and CD44,
well-known markers of ISCs and cancer stem cells (40, 41), are not
particularly increased in cells early in the pseudotime trajectory (Supplementary Fig. S3G). Also enriched at the forefront of pseudotime
trajectory were cells undergoing cell division (Fig. 1H), which implies
that these cells might be proliferative cancer stem cells within the sample
population. We also found a few cancer cells near the end of the
trajectory where most normal cells were found. These colorectal cancer
cells exhibited a high level of colon-speciﬁc gene expression (Fig. 1D;
Supplementary Fig. S3D and S3E) and were noncycling (Fig. 1H),
indicating that these are postmitotic differentiated cancer cells with a
normal-like gene expression proﬁle. Collectively, these results indicated
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that colorectal cells undergoing oncogenic transformation span a
developmental continuum. Furthermore, the data suggested that colorectal cancer cells could be differentiated into a normal-like postmitotic
state through such a trajectory.
The function of core TFs of the normal colon–speciﬁc gene
expression program is disrupted in colorectal cancer
Overexpression of a few core TFs governing the expression of a
tissue-speciﬁc gene proﬁle can override the original developmental
state and convert the cells into another desired state (42). Therefore, to
ﬁnd core TFs that can convert a cancer stem–like state to a normal
differentiated state, we reconstructed GRNs of normal colon epithelial
cells (Supplementary Fig. S4A) and deﬁned colon-speciﬁc genes
(Supplementary Fig. S4B and S4C) and normal-speciﬁc genes that
are highly expressed in normal colon mucosa compared with colorectal cancer (Supplementary Fig. S4D) as the signature gene sets of
normal colon epithelial cells. From these, we established a set of criteria
for master regulators that show high statistical signiﬁcance with which
a TF regulates the deﬁned signature genes as its target genes (Materials
and Methods). We identiﬁed ﬁve TFs (CDX2, ELF3, HNF4G, PPARG,
and VDR) that dominantly regulate the signature genes in both
inferred GRNs (Fig. 2A and B; Supplementary Fig. S4E–S4H). Interestingly, we found that the correlation between the core TFs and their
inferred target genes is markedly reduced in colorectal cancer cells
(Fig. 2C), yet the expression of the genes encoding these core TFs was
much less reduced (Fig. 2D; Supplementary Fig. S4I–S4K and Supplementary Table S3). In addition, transcriptional activity of the core
TFs estimated by the VIPER algorithm (ref. 30; Fig. 2E and F) and the
average expression of their target genes were also signiﬁcantly
decreased (Supplementary Fig. S4I–S4K and Supplementary
Table S3), suggesting that not only expression of the genes encoding
the core TFs but also transcriptional activity of the TFs might be
dysregulated. Thus, we hypothesized that posttranslational modiﬁcations contribute to the dysfunction of the core TFs in a direct or
indirect manner.
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Figure 2.
Identiﬁcation of core TFs of normal colon epithelial cells. A, Core TFs of normal colon epithelial cells with P value below 1e-10 determined by MARINA analysis. GRNs
inferred from GEO-integrated normal dataset (GEO-integrated normal GRN) and from GEO-paired normal dataset (GEO-paired normal GRN) were used for
identifying the core TFs regulating colon-speciﬁc genes and normal-speciﬁc genes, respectively. B, Visualization of the core TFs and their target genes based on GEOintegrated normal GRN. The nodes are colored by statistical signiﬁcance of differences between normal and cancer examined by unpaired two-tailed Student t test.
The square nodes represent colon-speciﬁc genes. C, Histograms showing Pearson correlation coefﬁcient between each core TF and its regulon (a group of inferred
target genes of TF) in GEO-paired dataset. Pearson correlation coefﬁcient between the core TFs and the regulons from GEO-paired normal GRN (solid line), and the
regulons from GEO-integrated normal GRN (dashed line) was calculated, respectively. The color of histogram indicates the disease states. D, Comparison of gene
expression level of core TFs in GEO-paired dataset. E and F, Transcriptional activity of the core TFs inferred by the VIPER algorithm in GEO-paired normal GRN (E) and
GEO-integrated normal GRN (F;  , P < 5e-2;   , P < 1e-10; and    , P < 1e-20).

SETDB1 causes functional disruption of core TFs and alteration
of the gene expression of the differentiated state
To identify the hidden factor(s) that hinders the transcriptional
activity of the core TFs, we screened the proteins (GO: 0006464,
cellular protein modiﬁcation process, n ¼ 2,477) that had negative
regulatory interactions with colon-speciﬁc genes. Among these proteins (Supplementary Table S4, P < 0.01), we focused on chromatinmodifying enzymes that have signiﬁcantly enriched GO terms (Sup-
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plementary Fig. S5A). We chose chromatin-modifying enzymes,
because a restrictive chromatin structure would impair access of TFs
to their target genes (7). We selected eight chromatin-modifying
enzymes that have high interaction scores with core TFs and show
signiﬁcant differences in regulatory interactions between core TFs and
target genes depending on their expression (Supplementary Fig. S5B).
To determine the role of the selected enzymes on the activity of the
core TFs, we performed siRNA experiments in Caco2, which are stem
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cell–like colorectal cancer cells and exhibited a relatively higher
expression of core TFs than other stem cell–like colorectal cancer
cell lines (Supplementary Fig. S5C). We conﬁrmed knockdown after
transfection of the siRNAs and 48-hour incubation in differentiation medium (Supplementary Fig. S5D). Of the eight chromatinmodifying enzymes tested, knockdown of SETDB1, a histone H3

lysine 9–speciﬁc methyltransferase, increased the expression of
KRT20, FABP1, FABP2, and CEACAM5, which are markers
of differentiated colonic epithelial cells, and reduced expression of
MYC (Fig. 3A). Consistent with the reduction in MYC expression,
the cell proliferation rate was markedly reduced upon SETDB1
knockdown (Fig. 3B).

Figure 3.
Identiﬁcation of a chromatin regulator that hinders transcriptional activity of the core TFs. A, Transcript analysis by qRT-PCR of gene expression in Caco2 with each
siRNA transfection. Graph bars are cells grown in control medium, and red are cells grown in differentiation medium (n ¼ 3, mean  SEM) B, Percent growth over time
in Caco2 after transfection with the indicated siRNAs. C, Schematic for the experiments with retrovirus-mediated transduction. D, Flow cytometry data showing
KRT20 abundance (x-axis) and forward-scattered light (FSC; y-axis; n ¼ 3). E, IF of KRT20 (red) and Ki-67 (green) with DAPI nuclear counterstain (blue). Scale bar,
50 mm. F, Quantiﬁcation of Ki-67–positive cells in low-magniﬁcation confocal IF images across 10 ﬁelds to 20 ﬁelds for each group (mean  SEM). G, Percent growth
of three cell lines after SETDB1 knockdown (n ¼ 3, mean  SEM). H, Colony-forming assay over 14 days. Data are representative of three independent experiments
( , P < 0.05;   , P < 0.01; and    , P < 0.001).
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Single-cell RNA-seq analysis showed higher expression of SETDB1
in stem cell–like cancer cells than in normal stem cells (Supplementary
Fig. S5E and S5F), and signiﬁcant correlation of each PC1 value of
colon-, ISC-, and ESC-speciﬁc genes with SETDB1 expression (Supplementary Fig. S5G–S5I). A previous IHC study also reported that
SETDB1 is only expressed in colorectal cancer but not in adjacent
normal colon tissues (43). The expression of SETDB1 was also
correlated with poor prognosis, especially for disease-free survival
(Supplementary Fig. S5J). Furthermore, the prognosis was particularly
poor for those patients with low gene set enrichment score of colonspeciﬁc genes and high SETDB1 expression (Supplementary Fig. S5K).
SETDB1 depletion induces terminal differentiation of stem-like
colorectal cancer cells into postmitotic cells
Because cellular reprogramming requires several days, we performed prolonged depletion of SETDB1 by retroviral-mediated
shRNA interference (Fig. 3C; Supplementary Fig. S6A). We also tested
the effect of SETDB1 depletion in the stem cell–like colorectal cancer
cell lines, HCT116 and SW480, in which we overexpressed all ﬁve core
TFs (Supplementary Fig. S6C), because these cells had lower expression of the core TFs than do Caco2 cells (Supplementary Figs. S5C and
S6B). Using ﬂow cytometry analysis, we assessed the effect of SETDB1
depletion on the cell differentiation status using the abundance of
KRT20 as a marker of differentiated colon cells (10). SETDB1 depletion
increased the KRT20þ cell population in Caco2, as well as in TFoverexpressing HCT116 and SW480 cells (Fig. 3D). Of note, concomitant SETDB1 depletion and overexpression of the core TFs
synergistically induced KRT20þ cell population to 57.1% of HCT116
cells which originally had very few KRT20þ cells (Fig. 3D). We sorted
the cells based on the abundance of KRT20 and analyzed the transcript
abundance from genes indicative of normal colon epithelial cells.
These transcriptional markers were highly increased in KRT20þ cells
and also moderately increased in KRT20 cells (Supplementary
Fig. S6D), suggesting that SETDB1 depletion profoundly restores
normal-like gene expression proﬁles even in KRT20 colorectal cancer
cells. To characterize phenotypic properties of differentiated normallike cells, we performed IF analysis using antibodies against KRT20
and Ki-67 (a marker of cell proliferation). We observed that most
KRT20þ cells in all three cell lines appeared Ki-67 negative (Fig. 3E
and F; Supplementary Fig. S6E), indicating that the differentiated cells
are not actively proliferating. At the population level, the proliferation
rate was remarkably decreased (Fig. 3G), and most cells remained in
postmitotic states in long-term culture (Fig. 3H). Taken together, the
results showed that SETDB1 knockdown in colorectal cancer cell lines
expressing the ﬁve core TFs effectively induces a differentiated postmitotic state from cells with a stem cell–like phenotype.
SETDB1 depletion recapitulates the function of core TFs and
restores the normal colon–speciﬁc gene expression proﬁle in
colorectal cancer cells
To determine whether SETDB1 depletion produced a global gene
expression proﬁle like that of normal differentiated colon cells, we
performed single-cell RNA-seq and bulk RNA-seq analysis. For singlecell RNA-seq analysis, we used Caco2 cells transduced with shSETDB1
and shScramble, and we obtained 453 cells and 654 cells, respectively
(Fig. 4A). We found that a single differentiation trajectory resulted
from SETDB1 depletion (Fig. 4B; Supplementary Fig. S7A), and that
the colon-speciﬁc gene expression increased cellular differentiation
progressed, whereas both ISC- and ESC-speciﬁc gene expressions
decreased (Fig. 4C and D; Supplementary Fig. S7B–S7D). The bulk
RNA-seq data also showed that SETDB1 depletion reinstates the global
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gene expression of normal colon mucosa across the three cell lines
(Fig. 4E and F; Supplementary Fig. S8A and S8B). In addition, we
found that intestinal differentiation signature genes are profoundly
upregulated in SETDB1-downregulated cells, whereas ISC signature
genes and Wnt signaling signature genes are downregulated (Supplementary Fig. S8C). We also found that the expression level of
E-cadherin as well as ZO-1 and ZO2 is upregulated upon SETDB1
depletion, suggesting that reestablishment of normal colon gene
expression programs includes restoration of an epithelial cell state
(Supplementary Fig. S8D). The expressions of target genes of the ﬁve
core TFs were also increased (Supplementary Fig. S7E–S7H). SETDB1
mediates the trimethylation of histone H3 lysine 9 (H3K9me3) and
promotes transcriptional suppression of its target genes. To examine
the H3K9me3 level at the promoter loci of the key differentiation
genes, we performed ChIP-qPCR analysis. We found that the
H3K9me3 levels at the promoter loci of KRT20, FABP1, and
E-cadherin are decreased upon SETDB1 depletion (Fig. 4G). It implies
that the core TFs might restore their transcription function at their
target genes due to the chromatin rearrangement mediated by SETDB1
downregulation. Also noteworthy, numerous TFs previously known to
regulate colon differentiation such as KLF4 (44), SATB2 (45), and
PRDM1 (46) were reactivated upon SETDB1 depletion, whereas the
TFs that regulate proliferation and stemness such as TCF3 (47) and
FOXM1 (48) were signiﬁcantly inactivated (Fig. 4H).
SETDB1 is highly expressed in poorly differentiated cells in
human colorectal cancer, and its depletion induces cellular
differentiation of patient-derived colon cancer organoids
To examine potential clinical implications, we performed IHC for
SETDB1 on tissue microarrays of patients with human colorectal
cancer. We discovered that SETDB1 is increased in cancer cells
compared with that in normal cells (Fig. 5A). Moreover, we found
that SETDB1 is highly expressed in poorly differentiated colorectal
cancer cells that lose conventional gland-forming histology (Fig. 5A).
Indeed, the prognosis of patients who have cancer cells with high
SETDB1 expression showed signiﬁcantly worse than those who have
cancer cells with relatively low SETDB1 expression (Fig. 5B).
To evaluate the function of SETDB1 in human colon cancer
organoids, we established patient-derived colon cancer organoid lines
and assessed the effect of SETDB1 depletion. SETDB1-depleted cancer
organoids exhibited differentiated morphology contrary to spheroidlike morphology of typical colon cancer organoids (Fig. 5C and D). We
also found that these SETDB1-depleted organoids with differentiated
morphology have an increased number of KRT20þ cells compared
with control organoids (Fig. 5E). Together, these data suggest that the
ablation of SETDB1 can override the oncogenic dedifferentiation
process in colorectal cancer and successfully redifferentiate cancer
cells into normal-like cells.

Discussion
The observation of sudden loss of tumorigenicity in malignant
cancer has been sporadically reported (49–51). Such observation often
corresponded to cellular differentiation or transdifferentiation in
which cancer cells spontaneously convert into postmitotic normallike cells. Although the loss of tumorigenicity upon terminal differentiation has a great potential as a new anticancer therapy, the
application of differentiation therapy has been restricted to only acute
promyelocytic leukemia (52). This is primarily because the solid cancer
has more complex mechanism of differentiation than leukemia (53).
With the progress of computational frameworks to direct
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Figure 4.
Global gene expression of colorectal cancer cells converted to differentiated normal-like cells. A, Scatter plot showing the ﬁrst dimension of LLE constructed by
SLICER for Caco2 cells. Points are colored by sample types. B, Imputed gene expression level of SETDB1. C, Scatter plot with smoothened proﬁles of PC1 of each statespeciﬁc gene set. D, Scatter plots colored by state-speciﬁc gene set expression. E, Bulk RNA-seq data with PC1 of colon-speciﬁc genes (x-axis) and PC1 of ESC-speciﬁc
genes (y-axis) are shown. GEO-paired dataset and in vitro samples are shown with different shapes. Except for shScramble-na€ve sample, all in vitro samples were
cultured in differentiation condition. F, GSEA on bulk RNA-seq data with colon-speciﬁc genes deﬁned by Human Protein Atlas (top), ESC-speciﬁc genes deﬁned by
Wong and colleagues (ref. 3; middle), and ISC deﬁned by Li and colleagues (ref. 38; bottom). G, ChIP-qPCR analysis of H3K9me3 at the promoter loci of KRT20, FABP1,
E-cadherin, and MUC2 in Caco2 cells. The relative amounts of immunoprecipitated DNA are depicted as a percentage of input DNA (n ¼ 3, mean  SEM).
H, Normalized enrichment scores (NES) of all TFs calculated using the VIPER algorithm are presented in a rank-order. NES was calculated on the basis of GEO-paired
normal GRN and DEGs between unsorted cells and sorted KRT20þ cells in Caco2 (top), HCT116 (middle), and SW480 (bottom) cell lines, respectively.
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Figure 5.
Expression of SETDB1 in colorectal cancer tissues and cellular differentiation of patient-derived colon cancer organoids upon SETDB1 depletion. A, Hematoxylin and
eosin (H&E) staining (left) and IHC staining of SETDB1 (right). Scale bar, 200 mm. B, Kaplan–Meier analysis of overall survival (n ¼ 248, the number of samples of
SETDB1 high ¼ 48, the number of samples of SETDB1 low ¼ 200, P ¼ 3.66e-05) and disease-free-survival (n ¼ 249, the number of samples of SETDB1 high ¼ 48, the
number of samples of SETDB1 low ¼ 201, P ¼ 2.37e-05) with SETDB1 expression. Samples were dichotomized into high and low according to the presence of
cancer cells which exhibit very high expression of SETDB1. C, SETDB1 mRNA level was measured by qRT-PCR in human colon cancer organoids. Lentiviral
infection of shScramble and shSETDB1 was proceeded with puromycin (2 mg/mL) selection, and stable knockdown organoids were maintained for 2 weeks
(P ¼ 0.0102). D, Phase contrast images of stable knockdown organoids. Two-hundred cells per well in 48-well plates were cultured for 8 days. Scale bar, 200 mm
(left) and 50 mm (right). E, IF of KRT20 with DAPI nuclear counterstain. Scale bar, 50 mm.

reprogramming (11–13), we explored a systems approach to identify
causal factors that can induce normalizing transitions of cancer cells.
In our study, we discovered the factors using a network-based inference approach and demonstrated that SETDB1 constitutes an epigenetic barrier against colorectal cancer differentiation by impeding the
function of lineage-specifying TFs of normal colon epithelial cells.
Both bulk RNA-seq and single-cell RNA-seq analyses revealed that,
upon SETDB1 depletion, colon-speciﬁc genes regulated by the master
regulators CDX2, ELF3, HNF4G, PPARG, and VDR are reactivated,
and stem cell–associated genes are suppressed. Such restoration of a
normal gene expression proﬁle effectively reestablished the postmitotic state in malignant colorectal cancer cells.
Previous studies reported that SETDB1 contributes to suppression
of genes encoding lineage-specifying regulators in ESCs (54) and
melanoma (55), supporting our discovery. These studies demonstrated
that SETDB1 mediates H3K9 methylation on differentiationassociated genes such as HOX genes, preventing ESCs and melanoma
cells from differentiation. We also found that the transcriptional
activity of some HOX genes is reactivated upon SETDB1 depletion,
but the colon-speciﬁc TFs, including the ﬁve core TFs, KLF4, and
SATB2 are more evidently reactivated (Fig. 4F). Thus, the detailed
mechanism of SETDB1 in colorectal cancer as well as in other cancer
types should be examined in a further study.
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It is noteworthy that SETDB1 would be an effective therapeutic
target for eradicating cancer stem cells because it is upregulated in
colorectal cancer stem–like cells but not in normal stem cells
(Supplementary Fig. S6E). In colorectal cancer, the absence of
distinguishing characteristics of cancer stem cells compared with
normal stem cells makes it difﬁcult to selectively ablate cancer stem
cells without damages on normal stem cells. In addition, cancer
stem cells are known to have strong drug resistance to anticancer
drugs; thereby, current chemotherapy drugs have a limited effect in
treating them. Our experiment shows that SETDB1 depletion
combined with cytotoxic drugs might also be potentially beneﬁcial
to anticancer treatment (Supplementary Fig. S8E and S8F). In this
regard, inducing differentiation through SETDB1 depletion may
provide a promising therapeutic strategy for colorectal cancer.
Taken together, our results highlight not only the possibility of
reverting colorectal cancer cells into normal-like postmitotic cells
by restoring the tissue-speciﬁc gene expression program, which
represents a therapeutic intervention that might overcome current
limitations of cancer therapy, which mostly focuses on inducing
cancer cell apoptosis.
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