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A B S T R A C T

Essential genes are indispensable for the survival of cancer cell. CRISPR/Cas9-based pooled genetic screens have 
distinguished the essential genes and their functions in distinct cellular processes. Nevertheless, the landscape of 
essential genes at the single cell levels and the effect on the tumor microenvironment (TME) remains limited. 
Here, we identified 396 essential protein-coding genes (ESPs) by integration of 8 genome-wide CRISPR loss-of- 
function screen datasets of colorectal cancer (CRC) cell lines and single-cell RNA sequencing (scRNA-seq) data of 
CRC tissues. Then, 29 essential long non-coding genes (ESLs) were predicted using Hypergeometric Test (HT) and 
Personalized PageRank (PPR) algorithms based on ESPs and co-expressed network constructed from scRNA-seq. 
CRISPR/Cas9 knockout experiment verified the effect of several ESPs and ESLs on the survival of CRC cell line. 
Furthermore, multi-omics features of ESPs and ESLs were illustrated by examining their expression patterns and 
transcription factor (TF) regulatory network at the single cell level, as well as DNA mutation and DNA 
methylation events at bulk level. Finally, through integrating multiple intracellular regulatory networks with 
cell-cell communication network (CCN), we elucidated that CD47 and MIF are regulated by multiple CRC 
essential genes, and the anti-cancer drugs sunitinib can interfere the expression of them potentially. Our findings 
provide a comprehensive asset of CRC ESPs and ESLs, sheding light on the mining of potential therapy targets for 
CRC.

1. Introduction

Colorectal cancer is one of the most frequently diagnosed cancers 
worldwide. There were estimated 1.88 million new cases and 0.92 
million deaths of CRC in 2020 [1]. Although novel therapies and drugs 
have approximately doubled the average survival time over the past 
decade, patients with advanced CRC often succumb to the disease within 
three years [2].

Gene is defined as essential if its complete loss of function will lead to 
impaired cell development, gene activation, and cellular reprogram
ming [3–5]. The pooled CRISPR loss-of-function screen is a widely used 
method for identifying essential protein-coding genes involved in 
cancer-related biological processes including drug resistance [6], im
mune suppression [7], and immunotherapy response [8]. A number of 
studies have already obtained multiple sets of pan-cancer core ESPs and 
non-ESPs using human cancer cell lines, including Hart’s ESPs and 

Hart’s non-ESPs [9,10], Achilles’ ESPs [11], and Zhang’s ESPs [12]. 
Notably, the Dependency Map (DepMap) portal and BioGRID ORCS 
have provided an index of CRISPR screens research focused on identi
fying and understanding the landscape of pan-cancer ESPs [13,14]. 
Although these studies have highlighted the functions of ESPs and their 
regulatory networks in cancer tissues, how their impacts on the TME are 
still unknown and required further exploration and establishment. Be
sides, the genotypes and phenotypes of various human cancer cell lines 
and tissues were heterogeneous. It was reported that ESPs in breast, 
pancreatic, and ovarian cancer cell lines were partially overlapped, 
indicating certain ESPs may function in a tumor-specific fashion [15]. 
Nowadays, few studies were focused on specific ESPs in CRC.

During the past several years, scRNA-seq has become an important 
technique for resolving critical cancer genes and illustrating the 
composition of TME. Numerous studies have been conducted for a 
comprehensive investigation of the cellular and intercellular 
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interactions in CRC, demonstrating the dynamic changes in tumor im
munity and providing guidance for clinical treatment strategies [16,17]. 
Recently, the technology that combined scRNA-seq with CRISPR - acti
vation [5], CRISPR - knockout screen [18], and CRISPR - interference 
[19] have been emerged to identify genetic regulators and lineage 
traces. For example, Vishnubalaji et al. integrated the scRNA-seq with 
CRISPR functional screen data from Achilles project [11] and identified 
potential therapeutic targets for different subtypes of Breast cancer [20]. 
These studies suggest that combined analysis of scRNA-seq and CRISPR 
functional screen data can more accurately identify essential genes in 
CRC and will broaden our understanding of their role in the 
high-dimensional TME.

In this study, we first integrated genome-wide CRISPR/Cas9 loss-of- 

function screen data and scRNA-seq data to identify ESPs in CRC. Then 
CRC ESLs were predicted using HT and PPR algorithms based on gene 
co-expressed network constructed from scRNA-seq data of tumor 
epithelial cells. To further illustrate the characteristics of ESPs and ESLs, 
we examined their single cell expression patterns, pathway enrichment, 
DNA mutation, DNA methylation events, and transcription factor (TF) 
regulatory network. Finally, we integrated co-expressed network, TF 
regulatory network, and CCN to provide valuable insights into the 
impact of ESPs and ESLs on the remodeling of TME. The potential drugs 
that can interfere key factors of target signal process were also predicted. 
Collectively, our study presents novel insights into the essential roles of 
CRC ESPs and ELSs in tumor cell development, TF regulation, and TME 
remodeling, thus establishing a foundation for identification of novel 

Fig. 1. Identification of CRC ESPs using CRISPR loss-of-function screen and scRNA-seq datasets. a. The pie chart displays the CRC cell line types in the CRISPR loss- 
of-function screen samples. b. Overlapping ratios between previously identified pan-cancer ESP sets and our results with different ranking proportion cutoffs. c. 
Average expression levels of CRC ESPs in tumor and normal epithelial cells. d. Functional enrichment analysis of 74 overexpressed CRC ESPs. e. Comparison of 
CERES scores among different ESP sets. f. Overlap between CRC ESPs or randomly selected genes and three pan-cancer ESP sets. g. The venn diagram illustrates the 
intersection of different ESP sets. h. The effect of CTNNB1 and NDUFB9 knockout by CRISPR/Cas9 on the survival of HCT116 cell lines.
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therapeutic targets.

2. Results

2.1. Identification of CRC ESPs based on integration of CRISPR screen 
and scRNA-seq datasets

Eight genome-wide CRISPR/Cas9 loss-of-function screen datasets of 
CRC were collected, including a total of 49 CRC cell lines and 301 
samples with replicates (Fig. 1a, Supplementary Table 1). To evaluate 
the essentiality of each gene, the sgRNAs depletion score for each gene in 
each sample was calculated by CERES algorithm and defined as CERES 
score [11]. A lower CERES score indicates a higher level of gene es
sentiality as all the screen datasets are negative selection in this study. 
Considering multiple datasets were involved, we integrated CERES 
scores for each gene across various datasets by utilizing Robust Rank 
Aggregation (RRA) algorithm [21]. The optimal cutoff to obtain ESPs 
was determined by calculating the degree of overlap between RRA re
sults and other pan-cancer ESP sets previously identified, including 
Achilles’ ESPs, Hart’s ESPs, and Zhang’s ESPs. As a result, 1521 candi
dates of CRC ESPs were obtained (Fig. 1b). We further collected 
scRNA-seq data of CRC (smart-seq, GSE81861) to analyze the detection 
fraction of candidate ESPs in tumor epithelial cells [22]. We found 396 
ESPs were expressed in more than 50 % of tumor epithelial cells and 
were thus considered as final CRC ESPs (Supplementary Table 2). 
Among them, 74 ESPs were found to be overexpressed in tumor 
epithelial cells (Fig. 1c, Supplementary Table 2). These ESPs were 
principally linked to cancer-related functions, such as MYC TARGETS 
V1/V2, positive regulation of signal transduction by p53 class mediator, 
and response to interferon-gamma (Fig. 1d). Notably, we found ESPs 
exhibit higher expression than other genes in both tumor cells and 
normal cells (Supplementary Fig. a), which corroborated the findings 
from a previous study [9].

Then we compared the CERES scores of CRC ESPs with those of pan- 
cancer ESPs and Hart’s non-ESPs to assess the reliability of our results. 
As anticipated, Hart’s non-ESPs showed the highest CERES scores and 
indicated the lowest necessity, while the CRC ESPs were lower, implying 
their essential roles in CRC (Fig. 1e). Additionally, we observed larger 
overlap between CRC ESPs and other pan-cancer ESP sets than that of 
randomly selected genes, further reflecting the high quality of CRC ESPs 
(Fig. 1f). Among 396 ESPs, 155 ESPs co-exist in all ESP sets, indicating 
the homogeneity of different tumors (Fig. 1g). Notably, we found three 
novel CRC ESPs, CTNNB1, NDUFB9, and SCNM1 that were not found in 
any other ESP sets (Fig. 1g). To determine whether these novel CRC ESPs 
are functionally important in the survival of CRC cancer cell lines, we 
detected the effect of CTNNB1 and NDUFB9 knockout on HCT116 cell 
line by CRISPR/Cas9. Remarkably, HCT116 cell line lost viability while 
CTNNB1 and NDUFB9 were knockout, respectively (Fig. 1h). CTNNB1 
was reported as a driver gene in CRC according to the Pan-Cancer 
Analysis of Whole Genomes (PCAWG) study [23]. NDUFB9, an impor
tant gene involved in mitochondrial function, has been identified as a 
prognostic biomarker for endometrial cancer [24]. However, the role of 
SCNM1 in CRC is needed to further investigate.

2.2. Prediction of CRC ESLs

LncRNAs play an important regulatory role in various cellular pro
cesses of CRC, including cell apoptosis, proliferation, and epithelial- 
mesenchymal transition [25]. To elucidate a comprehensive landscape 
of essential genes in CRC, we employed HT and PPR methods to predict 
essential lncRNAs [12] (see methods). These methods required the 
construction of a co-expression network comprising of both 
protein-coding genes and lncRNAs, where lncRNAs essentiality were 
predicted based on their closeness to ESPs [12]. We built four different 
co-expression networks to assess the best network, including an un
weighted network and a topological overlap weighted network based on 

the RNA sequencing profiles of CRC from The Cancer Genome Atlas 
(TCGA, referred to as unWCN-TCGA and WCN-TCGA, respectively), as 
well as an unweighted network and a topological overlap weighted 
network based on expression profiles of tumor epithelial cells from 
scRNA-seq dataset (GSE81861, referred to as unWCN-TEC and 
WCN-TEC, respectively) (Fig. 2a, see method). Then we calculated the 
adjusted p-value of each gene by HT to evaluate whether the directly 
related genes of a query gene are enriched in ESPs based on 
unWCN-TCGA and unWCN-TEC (Fig. 2a). We observed that the adjusted 
p-values of CRC ESPs, Achilles’ ESPs, Zhang’s ESPs, and Hart’s ESPs 
showed significantly smaller than those of Hart’s non-ESPs (Fig. 2b). 
Importantly, the adjusted p-values of ESPs based on unWCN-TEC were 
significantly lower than those based on unWCN-TCGA (Fig. 2b), sug
gesting the higher quality of co-expression network constructed from 
scRNA-seq than RNA-seq. Consequently, we identified 26 lncRNAs as 
potential candidates of CRC ESLs by using the cutoff of adjusted p-value 
lower than 0.01 based on unWCN-TEC.

Next, we utilized CRC ESPs as original seeds to calculate the score of 
all genes by PPR method based on WCN-TCGA and WCN-TEC, respec
tively (Fig. 2a). The higher score represents the higher probability of a 
gene being essential. As expected, the PPR scores of CRC ESPs, Achilles’ 
ESPs, Zhang’s ESPs, and Hart’s ESPs were higher, and WCN-TEC also 
showed greater advantage than WCN-TCGA as higher PPR scores of ESPs 
in WCN-TEC were observed (Fig. 2c). We then selected the top 5 % 
lncRNAs in PPR results based on WCN-TEC as CRC ESL candidates (n =
39). Results yielded 41 ESLs after combining the results of the HT and 
PPR methods, and 24 lncRNAs were found to be common between both 
methods (Fig. 2a). Finally, we retained the ESLs detected in more than 
30 % of CRC tumor epithelial cells and defined them as CRC ESLs (n =
29, Supplementary Table 3). Expression analysis revealed that 11 CRC 
ESLs were significantly overexpressed in CRC tumor epithelial cells 
compared to normal (Fig. 2d, Supplementary Table 3). Among the 11 
CRC ESLs, CRISPR/Cas9 knockout experiments demonstrated that 
knocking out H19, MIF-AS1, NORAD, SNHG17, SNHG6, and SNHG8 in 
the HCT116 cell line resulted in a decrease in the number of surviving 
cells (Fig. 2e), implying the dependent role of those ESLs in CRC.

In our results, some ESLs were known as CRC associated lncRNAs 
according to previous reports, such as PVT1, H19, and GAS5 (Fig. 2f, 
Supplementary Table 3). By analyzing the functions and clinical asso
ciation of CRC ESLs in Lnc2Cancer 3.0 database [26], we found that 
most CRC ESLs are involved in cell apoptosis, growth, survival, and 
metastasis (Fig. 2f). Among these ESLs, 11 lncRNAs were previously 
identified as part of Zhang’s ESLs (n = 97) and are associated with CRC, 
while 13 genes were identified as potential novel CRC-related lncRNAs 
(Fig. 2f). Next, to identify potential Gene Ontology (GO) biological 
process functions of CRC ESLs, we conducted enrichment analysis on the 
top 200 associated genes of each ESL based on WCN-TEC. The results 
revealed that a significant number of CRC ESLs are involved in riboso
me/ncRNA/rRNA/DNA processing, regulation of translation, telomere 
maintenance, and signal transduction by p53 class mediator 
(Supplementary Table 4), providing additional evidence for the crucial 
roles of CRC ESLs in fundamental metabolic processes of tumor cells.

2.3. Expression, DNA mutation, and DNA methylation patterns of CRC 
essential genes

To examine the expression characteristics of essential genes in 
different cell types of CRC, we utilized CRC ESPs and ESLs as gene sets to 
calculate enrichment scores in each cell type based on the 10x genomics 
scRNA-seq dataset of CRC (GSE132465) [17]. As anticipated, both CRC 
ESPs and ESLs gene set enrichment scores were higher in epithelial cells 
of tumor samples compared with normal samples (Fig. 3a). Interestingly, 
the gene set scores of CRC ESPs were particularly elevated in tumor 
epithelial cells compared to other pan-cancer ESP sets (Fig. 3a), indi
cating the specificity of CRC ESPs for CRC tumor epithelial cells. We also 
observed the expressions of ESPs and ESLs in other cell lineages, such as 
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T cells and B cells (Fig. 3a), implying that target essential genes may 
have side effect on cell lineages in TME. Notably, 4 ESPs (KRT8, MYC, 
PRELID3B, and SCD) were specifically expressed in tumor epithelial cells 
(Fig. 3b, see methods). Three of them, KRT8, MYC, and SCD are 
well-known biomarkers or therapeutic targets for cancer [27–29], while 
few research has performed on PRELID3B in cancer. CRISPR/Cas9 
knockout experiments confirmed that function loss of these genes affects 
the survival of HCT116 cell line (Fig. 3c).

Mutation of essential genes has been shown to disrupt normal cell 
development and promote cancer, such as MYC. We conducted mutation 
analysis using whole genome sequencing (WGS) datasets of CRC in 
PCAWG and whole exome sequencing (WES) datasets of CRC in TCGA to 
explore the genomic alteration of CRC ESPs and ESLs. In general, the 
mutation rates of ESPs and ESLs in WGS dataset ranged from 0 % to 25 % 
and 0 %–33 %, respectively (Fig. 3d–e), while the mutation rates of ESPs 
were relatively low in WES dataset, ranging from 0 % to 8 % 

(Supplementary Fig. b). Among the mutated genes in WGS study, 
DYNC1H1 (25 %), CHD4 (23 %), CNOT1 (21 %), and CTNNB1 (19 %) 
exhibited the highest mutation frequency (Fig. 3d). Similarly, these 
genes also showed relatively high frequencies and ranked within the top 
5 mutated genes in the TCGA CRC dataset (Supplementary Fig. b). 
Importantly, most CRC ESPs mutated in a co-occurrence manner in both 
the WGS and WES datasets (Supplementary Fig. c-d), suggesting that the 
mutation of ESPs typically activates synergistic oncogenic pathways.

DNA methylation also plays a crucial role in influencing gene 
expression. Through analysis of differentially methylated positions 
(DMPs) in ESPs and ESLs in TCGA-COAD, we identified a total of 71 
DMPs with 45 unique genes (adjusted p-value <0.05, absolute log2FC >
0.2, Supplementary Fig. e). Of these DMPs, 26 showed DNA hyper
methylation (log2FC > 0.2), while 45 exhibited DNA hypomethylation 
(log2FC < − 0.2). Subsequently, we calculated the correlation co
efficients between the expression and DNA methylation levels of each 

Fig. 2. Prediction of CRC ESLs using co-expression networks. a. The workflow of predicting CRC ESLs. The Venn diagram displays the intersection of predicted CRC 
ESLs from the two methods. b. The distributions of adjusted p-value for different ESP sets by HT method based on unWCN-TCGA and unWCN-TEC. c. The distri
butions of PPR rank scores for different ESP sets based on WCN-TCGA and WCN-TEC. d. The expression levels of CRC ESLs in CRC tumor and normal epithelial cells. 
Genes marked in red indicate significantly overexpression in tumor cells. e. The effect of ESLs knockout by CRISPR/Cas9 on survival of HCT116 cell line. f. The 
functional annotation of ESLs in CRC. Red block indicates publication-reported functions of lncRNAs in pan-cancer, blue block represents publication-reported 
properties of lncRNAs, and white block signifies the absence of publication reports.
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gene. The results revealed three ESPs (MYC, SCD, EIF6) and one ESLs 
(PVT1) had negative correlation coefficients (Supplementary Table 5). 
We observed hypomethylation of two probes cg08526705 and 
cg00163372 in the gene body may activate MYC expression in CRC 
(Supplementary Fig. f-g). These two probes were found to be related 
with chemotherapy drug resistance previously [30]. In PVT1, three 

probes cg23898497, cg00780520, and cg10202727 were found to be 
associated with PVT1 expression in CRC (Fig. 3f, Supplementary 
Table 5). PVT1 is an adjacent gene of MYC on chromosome 8q24.21 and 
has been shown to regulate MYC expression and contribute to cancer 
development [31]. Our findings indicated that the hypomethylation of 
MYC and PVT1 lead to the upregulation of their expression, and thus 

Fig. 3. Expression, DNA mutation, and DNA methylation patterns of CRC essential genes. a. The violin plot shows the gene sets enrichment scores of CRC ESPs, ESLs, 
other pan-cancer ESP sets, and Hart’s non-ESPs in different cell lineages between tumor and normal samples. The yellow line represents the mean score of CRC ESPs 
in tumor epithelial cells. b. Four CRC ESPs were specifically expressed in tumor epithelial cells compared with other cell lineages. c. The effect of four CRC ESPs 
knockout by CRISPR/Cas9 on survival of HCT116 cell lines. d-e. The top mutated CRC ESPs (d) and ESLs (e) based on WGS datasets of PCAWG. f. The correlation 
between PVT1 expression and DNA methylation levels of three probes.
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promote the development of CRC.

2.4. TF regulatory network of essential genes in CRC tumor epithelial cells

Based on scRNA-seq dataset of CRC (GSE132465), we generated a TF 
regulatory network by using SCENIC algorithm [32]. A total of 30,743 
TF-target relationships associated with CRC ESPs and ESLs were estab
lished, including 177 TFs and 9837 genes (Supplementary Table 6). 
These relationships were further categorized into high- or 
low-confidence annotations [32] (see methods). Interestingly, 9 TFs 
from ESPs related to 80.63 % (n = 24,788) of identified TF-target re
lationships. Among them, 3 TFs had a highest number of 
high-confidence relationships compared with others essential TFs, 
including BCLAF1, MYC, and YY1 (Fig. 4a). Area under the curve (AUC) 
scores from SCENIC were used to quantify the activity of TF targets 
(regulon). Differential AUC scores of regulons revealed the significant 
activation of 79 regulons in tumor epithelial cells, including BCLAF1 
regulon, YY1 regulon, and MYC regulon (Fig. 4b–c, Supplementary 
Table 7). Furthermore, three novel CRC ESPs (CTNNB1, NDUFB9 and 

SCNM1) that mentioned above were also regulated by BCLAF1, YY1, and 
MYC (Fig. 4d), suggesting that these TFs may act as oncogenes in CRC. 
Previously, knockdown of the L isoform of BCLAF1 in mouse tumor 
model inhibited the tumor growth, suggesting the carcinogenic char
acteristics of BCLAF1 [33]. Above all, our findings demonstrated the 
intricate regulatory networks between TFs and CRC essential genes.

In the regulatory network, 424 relationships were linked between 
TFs (n = 108) and ESLs (n = 28, Fig. 4e, Supplementary Table 6). 
Notably, the lncRNAs such as FGD5-AS1, GAS5, and PVT1 were regu
lated by more than 20 TFs. Among these, FGD5-AS1, has been emerged 
as a crucial regulator in CRC and other types of cancer via promoting cell 
proliferation, drug resistance, and epithelial-mesenchymal transition 
[34,35]. In our study, 14 TFs were found to regulate the expression of 
FGD5 - AS1 (Fig. 4f), some of them were known well associated with 
CRC, such as EGR1 [36] and XBP1 [37]. Collectively, our findings pro
vided a reliably regulatory network connecting TFs and CRC essential 
genes based on scRNA-seq data.

Fig. 4. Regulatory network between CRC essential genes and TFs. a. The number of target genes regulated by 9 TFs from ESPs. b. The t-SNE plot displays the 
distribution of tumor and normal epithelial cells, along with the AUC scores of three regulons. c. The differential AUC scores of regulons between tumor and normal 
epithelial cells. d. The network visualization of relationships between TFs and three novel CRC ESPs. e. The number of TFs regulating ESLs. f. The network visu
alization of TF-ESL relationships with high confidence. The width of the line represents the weight of associations.
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2.5. Crosstalk between CRC essential genes and TME

The CCN between cancer cells and cells in TME mediated by ligand- 
receptor interactions, plays a crucial role in shaping tumor behavior and 
TME remodeling. In our study, only six CRC ESPs, including COPA, 
RPS19, RACK1, PPIA, TMED2, and TFRC, were known to act as ligands 
or receptors [38]. The majority of CRC essential genes may participate in 
the CCN by regulating the expression of ligands or receptors in tumor 
epithelial cells (Fig. 5a). To verify such relationships, we first con
structed a CCN associated with tumor epithelial cells using CellphoneDB 
[38]. The CCN consists of 169 connections targeting tumor epithelial 
cells and 141 signals source from tumor epithelial cells (Supplementary 
Table 8). We found CRC tumor epithelial cells interacted more 
frequently with endothelial cells, fibroblast cells and myeloid cells 
(Fig. 5b), which are known to play important roles in angiogenesis, 
tumor invasion, and immune response.

We then integrated the WCN-TEC, TF regulatory network, and CCN, 
resulting in a total of 1734 relationships (Supplementary Table 9), 
where 356 ESPs (including 9 TFs) and 28 ESLs affect the expression of 85 
ligands/receptors of tumor epithelial cells, suggesting that CRC ESPs 
and TFs have a widespread influence on CCN (Supplementary Fig. h). 
We observed that six ligands/receptors of tumor epithelial cells, 
including GPI, CDH1, MIF, RPS19, CXADR, and CD47, are associated 
with more than 100 essential genes (Supplementary Table 9), indicating 
these ligands/receptors may act as the critical mediators between 
essential genes and TME. Among them, MIF secreted from tumor 
epithelial cells could interact with CD74, TNFRSF10D, and TNFRSF14 
(Fig. 5c), the relationships may responsible for the suppression of anti
tumor immune response [39]. Additionally, it has been reported that the 
CD47-SIRPα/γ interaction protects tumor cells from killing by sup
pressing both macrophage phagocytosis and antigen presentation of 
dendritic cells [40]. Consistent with these findings, we observed a sig
nificant activation of CD47-SIRPα interactions between tumor epithelial 
cells and myeloid cells (Fig. 5c). Clinically, CRC patients from TCGA 
with high expression levels of CD47 and MIF exhibited a significantly 
lower overall survival rate compared to those patients with low 
expression levels of CD47 and MIF (Fig. 5d). Our results supported the 
notion that essential genes can facilitate tumor cells evasion from im
mune system by regulating the expression of receptors/ligands such as 
CD47 and MIF in CRC.

Next, we aimed to identify existing drugs that could potentially 
repress CRC essential genes and TFs (n = 304) associated with CD47 and 
MIF (Fig. 5a). We utilized an integrative web platform, iLINCS [41], to 
analyze the expression pattern of 304 targets in pre-computed signatures 
of 10 anti-cancer agents in 5 CRC cell lines (GSE116439) [42]. We found 
that drugs such as sunitinib, dasatinib, topotecan, and lapatinib were 
sensitive to cancer cells, as they can effectively inhibit the activity of 
target genes at appropriate concentration and treatment time (Fig. 5e, 
Supplementary Table 10). For instance, sunitinib acts as an inhibitor of 
CSF1R, VEGF receptor, c-kit, PDGF receptor, and RET, and has been 
widely used in cancer therapy [43]. Treatment with sunitinib resulted in 
the down-regulation of MYC, KRT8, CDC37, and other genes in the CRC 
cell line KM12 (Fig. 5e, signature ID: PG_4150). In addition, the patients 
with high CD47 expression benefit from sunitinib monotherapy in clear 
cell renal cell carcinoma [44], further supporting sunitinib may act as 
CD47 inhibitor in CRC. On the other hand, CRC cell lines treated with 
cisplatin or vorinostat exhibited over-expression of target genes such as 
MYC and TAF7 (Fig. 5e), indicating that CRC cells may develop resis
tance to these drugs. In conclusion, our results suggest that CRC essential 
genes may impact the TME through CCN and provides valuable insights 
into potential therapeutic strategies for CRC.

3. Discussion

Pan-cancer essential genes are widely recognized as therapeutic 
targets in cancer. However, the failure to account for tumor 

heterogeneity when targeting pan-essential genes likely contributes to 
the clinical failure [15,45]. In this study, we combined genome-wide 
CRISPR screen, scRNA-seq, co-expression networks, and CRISPR/Cas9 
knockout experiments to identify and validate ESPs and ESLs associated 
with CRC. Our results reveal that CRC ESPs partially overlap with 
well-known pan-cancer ESPs, exhibit high expression in CRC tumor 
epithelial cells, and play critical roles in fundamental pathways, tran
scription factor regulation, and cell-cell communication networks. 
Collectively, our findings provide a comprehensive landscape of CRC 
ESPs and ESLs, offering new avenues for therapeutic strategies.

We streamlined the candidate ESPs from 1521 to 396 by prioritizing 
those expressed in over 50 % of tumor epithelial cells based on scRNA- 
seq. Consistent with previous studies, single-cell expression pattern of 
ESPs and ESLs showed higher expression in tumor than normal samples 
[12]. We found 155 CRC ESPs overlap with various sets of pan-cancer 
ESPs, highlighting both the homogeneity and heterogeneity of 
different tumors. Hart et al. also found that essential genes across 
different tumor cell lines exhibit 52 % consistency, and knocking out 
these genes results in cellular dysfunction and cell death [4,46]. A novel 
CRC ESP, CTNNB1, has been reported to drive CRC evolution, with 
mutations occurring primarily in early-stage of CRC [23]. As expected, 
knockout of CTNNB1 significantly inhibited CRC cell proliferation, 
indicating its role in CRC tumor cells survival. Additionally, we found 
that most pan-cancer ESPs and CRC ESPs are expressed not only in tumor 
epithelial cells but also immune cells and stromal cells, suggesting tar
geting essential genes may lead to low efficiency, side effect, and even 
therapeutic failure [45]. Notably, we identified four ESPs that can truly 
serve as drug targets with specificity for CRC epithelial cells, lacking 
expression in immune cells and stromal cells. Our results yield new in
sights into the biological characteristic of CRC ESPs.

Genome-wide CRISPR/Cas9 screen are not ideal for identifying 
lncRNAs [47]. Instead, co-expression networks can be can be used to 
predict essential lncRNAs [48]. We constructed specific co-expression 
networks using scRNA-seq data (Smart-seq) from CRC tumor epithelial 
cells, which provided low noise and redundancy compared to bulk 
transcriptomics. By leveraging this approach, we accurately predicted 
29 CRC ESLs using HT and PPR algorithms, including 9 previously re
ported ESLs and 13 novel CRC-related lncRNAs [12]. Similar to ESPs, 
these ESLs were highly expressed in tumor epithelial cells and were 
involved in tumor-promoting and tumor-suppressing functions, as well 
as fundamental metabolic processes. Furthermore, we observed that the 
activity of ESLs also influenced by DNA mutations and methylations. For 
instance, GAS5, a known tumor suppressor [49,50], exhibited a high 
mutation rate in CRC patients from PCAWG and elevated expression in 
CRC. Three CpG sites of PVT1 identified in our study were significantly 
hypomethylated in CRC and negatively correlated with PVT1 expres
sion. Targeting to methylation sites may serve as a potential strategy for 
regulating PVT1 expression.

Essential genes involved in critical signaling and metabolic pathways 
can also receive extracellular signals and transmit to the TME via li
gands/receptors within CCN. In the signal outgoing axis, essential genes 
may influenced by transcription factors, DNA mutations, and DNA 
methylation. These essential genes can impact the ligand/receptor 
expression on tumor cells, which in turn transmit signals to the TME. 
Through integrative network analysis, we identified six ligands/re
ceptors, including MIF and CD47, potentially regulated by over 100 
essential genes and TFs. Elevated expression levels of MIF and CD47 in 
CRC is linked to poor prognosis, possibly due to their role in immune 
evasion [51,52]. We also identified drugs, such as sunitinib, that 
modulate MIF and CD47 expression by targeting their associated 
essential genes and TFs. Sunitinib has been shown to regulate CD47 
expression in clear cell renal cell carcinoma [44]. This approach rep
resents an efficient strategy to interfere essential genes expression and 
CCN ligands/receptors for cancer therapy.

Although this study provides a comprehensive analysis, there are 
some limitations. First, due to the low sequencing depth in 10X genomic 
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Fig. 5. CRC essential genes involved in TME remodeling through the regulation of ligands/receptors expression. a. The relationships between CRC essential genes 
and TME. The targets of interest can be used to identify candidate drugs through iLINCS analysis. b. The CCN associated with tumor epithelial cells. The arrow 
indicates the direction of signal transduction, and the line width represents the strength of interactions. c. An overview of selected ligands or receptors interactions 
between tumor epithelial cells and cells in TME. The values of means indicate the average expression levels of the interacting pairs. d. Overall survival rates of CRC 
patients with high or low expression levels of CD47 and MIF. e. The expression pattern of target genes in 5 CRC cell lines after treatment with different drugs.
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scRNA-seq, full-length scRNA-seq data of CRC is necessary for con
structing a co-expression network. However, only 270 tumor cells were 
available, so further validation with larger datasets is required. Addi
tionally, while we elucidated patterns of gene expression, DNA muta
tions, methylation, TF regulation, and TME remodeling for essential 
genes, more work is needed to confirm how essential genes perform 
irreplaceable functions at the protein level. Finally, further experiments 
are necessary to verify the key role of CRC essential genes in 
tumorigenesis.

4. Materials and methods

4.1. Genome-scale CRISPR data collection and processing

Eight genome-scale CRISPR loss-of-function screen datasets of CRC 
were downloaded from articles and the DepMap database (https:// 
depmap.org/portal/). Then CERES algorithm, a computational method 
that estimates gene dependency levels from CRISPR-Cas9 essentiality 
screens while accounting for copy number-specific effect, was then 
applied. CERES provided the sgRNA depletion score for each gene across 
all cell lines. To integrate the gene list by CERES scores across all cell 
lines, we used the Robust Rank Aggregation algorithm (RRA) in R 
(“RobustRankAggreg” package), and adjusted the p-value using “Bon
ferroni” method. Once the integrated ranking list was obtained, we 
explored various proportions, ranging from 1 % to 23 % (adjusted p- 
value <0.05), to determine the optimized threshold to identify candi
date ESPs. The optimized threshold was determined when the maximum 
value of the overlapping ratios between genes obtained from different 
ranking proportions and the union pan-cancer essential gene set of 
Hart’s ESGs (1246 genes), Achilles’ ESGs (2149 genes), and Zhang’s 
ESGs (799 genes).

4.2. Single-cell RNA sequencing data processing

We obtained scRNA-seq data (smart-seq, GSE81861) from Gene 
Expression Omnibus database (GEO), consisting of 272 CRC tumor 
epithelial cells and 160 normal epithelial cells. The gene expression 
matrices of tumor and normal epithelial cells were combined and con
verted into a Seurat object using the Seurat R package for downstream 
analysis [53].

We also obtained 10x Genomics scRNA-seq data (GSE132465) from 
GEO, consisting of 56,465 cells from 23 patients with primary CRC 
samples and 10 matched normal mucosae samples. We performed 
quality filtering to remove cells with less than 500 expressed genes, less 
than 500 unique molecular identifiers (UMIs), more than 20 % UMIs 
derived from mitochondrial genes, and log10(expressed genes/UMIs) 
greater than 0.78. Then, we normalized and scaled the gene expression 
matrices using SCTransform. Subsequently, harmony algorithm was 
employed to integrate scRNA-seq data across different patients [54]. For 
cell type identification, we first applied a graph-based clustering 
approach by using “FindNeighbors” and “FindClusters” function. Then 
the clusters were further annotated into seven major cell types: epithe
lial cells (EPCAM), myeloid cells (CD14), T cells (CD3D), B cells 
(CD79A), fibroblast cells (COL1A1), endothelial cells (PECAM1), and 
mast cells (TPSAB1).

The differentially expressed essential genes in different group or cell 
lineages were calculated using the Seurat FindMarkers function with 
“MAST” algorithm. The genes with default parameters of log2FC > 0.5 
and adjusted p-value <0.05 were considered as overexpressed genes. 
Specifically expressed genes in each cell type were defined as those 
detected in certain cell type at a percentage three times higher than 
other cell types. To assess the gene set score fore each cell type, “Add
ModuleScore” function in Seurat was applied.

4.3. Cell culture and CRISPR/Cas9 knockout

HCT116 (human colon carcinoma cell line, Ubigene, YC-C004) were 
cultured in RPMI-1640 (Thermo Fisher Scientific) with 10 % fetal bovine 
serum (FBS; VISTECH) and 1 % penicillin-streptomycin (Thermo Fisher 
Scientific). HEK293T cells (ATCC CRL3216) were cultured in DMEM 
(VISTECH) with 10 % FBS and 1 % penicillin-streptomycin. All cell lines 
were maintained at 37 ◦C in a humidified incubator with 5 % CO2.

To clone individual gene targeting single-guide RNAs (sgRNAs), the 
lentiviral vector (pSLQ1373) was digested with BlpI and BstXI, and gel- 
purified [55]. For each gene, two sgRNA were designed on the CHOP
CHOP website [56] (Supplementary Table 11). SgRNA fragments were 
synthesized by Tsingke (Tsingke Biotechnology Co., Ltd.) as forward and 
reverse primers (Table S1), which were then annealed, gel-purified, and 
ligated to the linearized pSLQ1373 vector by homologous recombina
tion (ClonExpress Ultra One Step Cloning Kit, Vazyme).

To produce lentivirus, HEK293T cells were transiently transfected 
with polyethylenimine (PEI MAX, Polysciences) and packaging plasmids 
psPAX2 and pMD2.0G. The ratio of target plasmid to psPAX2 and 
pMD2.0G is 5:4:1. The ratio of the total mass of the added plasmid (μg) 
to the PEI MAX (μl) is 1:3. Lentivirus was collected by filtering the su
pernatant through a 0.45-μm filter 48 h after transfection. The lentivi
ruses were collected and stored at − 80 ◦C.

HCT116 cells were treated with 15 μg/μl BSD for 5 days to select 
Cas9-expressing cells, after being infected with EFS-spCas9-BSD lenti
virus for 48 h. The purified cells were sorted into 96-well plates using a 
flow cytometry sorter CytoFLEX SRT (BECKMAN COULTER). After 
12–14 days, the well-growing clonal cell population in the 96-well plate 
was picked out, expanded, and frozen.

HCT116-Cas9 was infected with a lentivirus construct expressing 
individual sgRNA, or two sgRNAs simultaneously for lncRNA knock-out. 
After 72 h of infection, the infected cells were treated with 2 μg/ml 
puromycin for 24 h and then recovered in fresh culture medium without 
puromycin for 48 h.

Gene knock-out cells were counted and seeded to a 12-well plate at 
0.1 million cells/well. After 72 h of growth, cells were uniformly 
passaged at a 1:10 and grown for another 72 h. Cells were then collected, 
washed, and resuspended in phosphate-buffered saline (PBS). Ten mi
croliters of the cell suspension were mixed with 0.4 % trypan blue so
lution (Solarbio) at a 1:1 ratio and counted on a hemocytometer 
(Hirschmann). Each sample was counted three times to obtain a mean 
cell number.

4.4. Collection and processing of gene expression, DNA mutation, and 
DNA methylation data

We collected and combined the expression profiles, DNA mutation 
data, and DNA methylation data of TCGA-COAD and TCGA-READ from 
the UCSC data portal. The PCAWG mutation data of CRC was collected 
from International Cancer Genome Consortium (ICGC). The mutation 
data was processed, analyzed, and visualized using Maftools package in 
R. The DNA methylation data were processed and visualized by using 
ChAMP package in R. Differentially methylated positions (DMPs) were 
identified by “champ.DMP” function in ChAMP package with adjusted p- 
value <0.05 and absolute log2FC > 0.2. The Pearson correlation co
efficients between the expression and DNA methylation levels of each 
gene were calculated to highlight the association of them.

4.5. Co-expression network construction

Co-expression network with both protein-coding genes and lncRNAs 
were constructed based on bulk RNA-seq from TCGA without normal 
samples and scRNA-seq data of tumor epithelial cells from GSE81861, 
respectively. For the construction of an unweighted co-expression 
network, the gene Pearson correlation coefficients were calculated. 
Fisher’s asymptotic test from WGCNA packages [57] and FDR correction 
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were used to screen reliable relationships. Eventually, only the pairs 
with adjusted p-value lower than 0.01 and absolute value of correlation 
coefficient greater than 0.3 were reserved and further converted to un
directed network. We also constructed topological overlap weighted 
co-expression network by using “TOMsimilarityFromExpr” function 
from WGCNA with parameter as follow: soft-thresholding power of 6, 
Pearson correlation coefficient, and TOMDenom specifying as mean. 
Finally, the pairs with weight greater than 0 were exported and further 
converted to undirected network.

4.6. Hypergeometrics test and Personalized PageRank

We applied the HT algorithm (Fig. 2a) to evaluate the degree of 
overlap between ESPs and neighboring genes of a lncRNA within a co- 
expression network [12]. For each lncRNA, p-value were calculated 
and adjusted using FDR correction, which were then used to evaluate the 
potential of the lncRNA as an ESL. Candidate ESLs were defined as 
lncRNAs with adjusted p-values lower than 0.01. The HT algorithm is as 
follows: 

p-value=
∑min(Np ,Nn)

Nc

(
Nn
Nc

)(
NT − Nn
Np − Nc

)

(
NT
Np

)

NT represents the total number of protein coding genes and lncRNAs 
obtained from co-expression network; Np denotes the number of ESPs; 
Nn indicates the neighboring genes of a query lncRNA within the co- 
expression network; Nc represents the number of overlaping genes be
tween Nn and Np.

PPR is a well-established method derived from random walk with 
restart, which computes ranking score for each lncRNA using multiple 
seeds in the network. In this study, we used the Python implementation 
for random walk with restart (PyRWR, https://github.com/jinhongj 
ung/pyrwr) to compute the ranking score of each lncRNA. We set the 
restart probability to 0.5, with ESPs designated as the seeds, and all 
other parameters were configured to the software’s defaults. Only the 
top 5 % of lncRNAs in the PPR results were considered potential ESL 
candidates.

4.7. Inferring TF regulatory network of CRC scRNA-seq data

We utilized the R implementation of the SCENIC pipeline to infer TF 
regulatory network between transcription factors and essential genes. 
Two gene-motif rankings databases were employed to determine the cis- 
acting element around the transcription start site (TSS), including 10 kb 
around the TSS and 500 bp upstream of the TSS. The gene-motif anno
tations from cisTarget databases can be categorized as either high- 
confidence or low-confidence. The high-confidence annotations are 
“direct annotation” and “inferred by orthology” in the annotation source 
of gene-motif, while low-confidence annotations are “inferred by motif 
similarity”. The regulon named with the sufix “-extended” indicate 
lower confidence annotation. To assess the differential AUC score of the 
regulon between tumor and normal epithelial cells, t-test was 
conducted.

4.8. CCN network construction and integration

We employed CellPhoneDB V3 to construct the CCN network of CRC 
based on scRNA-seq data (GSE132465). For downstream analysis, we 
only considered the ligand-receptor pairs with p-value lower than 0.05. 
We then integrating multiple intracellular regulatory networks, 
including co-expressed network, TF regulatory network, and CCN of 
tumor epithelial cells. First, we filtered the top 100 co-expressed pairs of 
each ESP and the pairs with weight great than 0.001 in WCN-TEC. 
Second, we filtered relationships associated with ESPs and ESLs from 

TF regulatory network. Finally, we integrated those two intracellular 
regulatory networks with CCN, the source node of integrated network 
are ESPs, ESLs, or TFs, while the target node are ligands or receptors of 
tumor epithelial cells.

4.9. Function enrichment and survival analysis

GO, KEGG, and HALLMARK function analyses of protein-coding 
genes were carried out by Metascape [58]. To determine the functions 
of lncRNAs, we first checked the existing reports from Lnc2Cancer 3.0. 
Second, top 200 associated genes for each ESL based on weighted 
co-expression network of tumor epithelial cells were selected. Then, GO 
biological process enrichment analysis was performed using “Cluster
Profiler” R package. Additionally, we conducted survival analysis using 
GEPIA [59], an interactive web server to analyze RNA sequencing data 
from TGCA.
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