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Abstract: Background: The cell cycle, a critical and intricate biological process, comprises
various phases, and its dysregulation plays a pivotal role in tumorigenesis and metastasis.
The exploration of cell cycle-based molecular subtypes across pan-cancers, along with the
application of synthetic lethality concepts, holds promise for advancing cancer therapies.
Methods: A pan-cancer analysis was conducted to assess the cell cycle serves as a reliable
signature for classifying molecular subtypes and to understand the potential clinical appli-
cation of genes as potential drug targets based on synthetic lethality. Results: Molecular
subtypes derived from cell cycle features in certain cancers, particularly kidney-related
malignancies, exhibited distinct immune characteristics. Synthetic lethal interactions within
the cell cycle pathway were common, with significant genetic interactions further iden-
tifying potential drug targets through the exploitation of genetic relationships with key
driver genes. Additionally, miRNAs and IncRNAs may influence the cell cycle through
miRNA:mRNA interactions and ceRNA networks, thereby enriching the genetic interaction
landscape. Conclusions: These findings suggest that the cell cycle pathway could serve
as a promising molecular subtype signature to enhance cancer prognostication and offer
potential targets for anticancer drug development through synthetic lethality.

Keywords: cell cycle; pan-cancer; molecular subtypes; synthetic lethality; drug targets

1. Introduction

The cell cycle, a ubiquitous and tightly regulated process, is fundamental to various
biological functions, including cell growth, proliferation, development, DNA repair, and
its involvement in numerous diseases, particularly cancer [1]. Cancer remains a leading
cause of death, although advances in diagnostics, clinical management, and novel therapies
have gradually improved outcomes. Recent studies have highlighted the clinical value of
molecular subtypes based on gene expression and treatment prediction signatures in breast
cancer [2—4]. Such molecular classifications are also gaining attention in other cancers,
including gastric cancer [5], ovarian cancer [6], low-grade glioma [7], and lung cancer [8,9].
Compared to other subtype classifications, cell cycle-based molecular subtypes or risk
groups may offer a promising strategy in precision medicine. These subtypes provide
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critical insights for refining prognostication and treatment predictions in individual patients
due to the central role of the cell cycle in tumorigenesis. For example, cell cycle-related
molecular classifications have offered novel insights into the prognosis of colon cancer [10],
and cell-cycle signature classifiers may expand clinical applications by linking the cell cycle
pathway to tumor genomic features [11,12]. Given their potential clinical relevance, cell
cycle-based subtypes could significantly enhance both prognostic accuracy and treatment
prediction by reflecting their key roles in carcinogenesis.

The cell cycle is tightly regulated by various molecular mechanisms to ensure accurate
cell division, including the regulation of cyclin-dependent kinases (CDKs) by cyclins and
CDK inhibitors [13]. Additionally, emerging evidence underscores the significant role
of non-coding RNAs (ncRNAs) in modulating gene expression related to the cell cycle.
Among these, microRNAs (miRNAs), a class of short flexible regulators, can influence
cell cycle progression and offer potential clinical applications [14-16]. miRNAs affect both
the cell cycle and apoptosis by targeting specific mRNAs [17-19], thereby contributing to
tumorigenesis. These miRNAs interact with numerous target mRNAs, disrupting their
expression, and modulate various isomiRs with distinct expression patterns and sequence
distributions [20-23]. Other ncRNAs, particularly long non-coding RNAs (IncRNAs) and
circular RNAs (circRNAs), also play critical roles in regulating mRNA expression, especially
through acting as miRNA sponges in competitive endogenous RNA (ceRNA) networks.
For instance, IncRNA PCAT?7 accelerates the cell cycle in non-small cell lung cancer cells
through miR-486-5p/CDK4 axis [24], while miRNA and IncRNA networks regulate both
the cell cycle and DNA repair [25]. Similarly, IncRNA DLEU2 promotes cell proliferation
by perturbing the cell cycle and NOTCH pathway in cervical cancer [26], and STEAP3-AS1
modulates cell cycle progression by influencing CDKN1C expression in colon cancer via
STEAP3 [27]. These findings reveal that the regulatory networks governing the cell cycle
are more intricate than previously understood, particularly due to the involvement of
diverse ncRNAs, which play critical roles in tumorigenesis.

As a ubiquitous and stringently regulated process integral to tumorigenesis, the cell cycle
holds immense potential as a pivotal focus for advancements in diagnostic accuracy and
anticancer therapies, and the identification of cell cycle-based molecular subtypes and associated
clinical implications may offer significant insights for effective anticancer treatment. Herein,
a thorough analysis was conducted to identify and characterize cell cycle-based molecular
subtypes, examining their expression and functional features. According to the context of
synthetic lethality, a concept central to anticancer drug development [28-35], building on the
concept of synthetic lethality in anticancer therapy and the potential clinical relevance of the
cell cycle pathway in tumorigenesis, further analysis was performed to explore the roles within
the framework of synthetic lethality. Furthermore, given the pivotal roles of various ncRNAs
in regulation, RNA interaction networks offer a promising approach to unraveling expression
profiles of genes involved in synthetic lethal interactions. Our results suggest that cell cycle
signature classifiers could serve as valuable subtype indicators in cancers, highlighting the
pathway’s central role in tumorigenesis. Understanding synthetic lethal interactions and ncRNA
regulators could significantly enhance the clinical application of this pathway.

2. Materials and Methods
2.1. Data Resources

Relevant genes in the cell cycle pathway were sourced from GSEA [36,37] (http:
/ /www.gsea-msigdb.org/gsea/msigdb/cards/KEGG_CELL_CYCLE.html, accessed on
15 October 2023), comprising 125 genes. To explore the molecular characteristics of these
genes, sequencing data for miRNAs, mRNAs, mutations, and associated clinical infor-
mation were retrieved from The Cancer Genome Atlas (TCGA) website using “TCGAbi-
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olinks” [38] (Table S1). To investigate potential genetic interactions with cell cycle genes,
experimentally validated synthetic lethal interactions were compiled from the Syn-lethality
database [34] and other public references [39—41]. Interactions between miRNAs, mRNAs,
and miRNAs with IncRNAs were obtained from starBase [42,43], facilitating the exploration
of ncRNA roles in gene expression regulation.

2.2. Differentially Expressed RNA Profiles and Functional Analysis

Differential expression profiles for various RNAs were analyzed using DESeq?2 [44], with
significantly deregulated genes identified by |1log>FC | > 1.2 and padj < 0.05. Functional analysis
of these genes was performed to assess their potential contributions to cancer pathophysiology
using The Database for Annotation, Visualization, and Integrated Discovery (DAVID) version
6.8 [45] and clusterProfiler 4.0 [46]. Further investigations focused on the role of relevant
genes in cancer hallmarks [47], the Cancer Gene Census (CGC) [48,49], core essential genes
based on integrated literature data [50-52], and oncogenes and tumor suppressor genes (TSGs)
from OncoKB [53].

Additionally, Gene Set Variation Analysis (GSVA) scores for the cell cycle gene set were
calculated across different cancers using R package GSVA (version 1.44.5) [54] and the GSCA
platform [55]. The activity of relevant pathways and drug sensitivity associated with cell cycle
genes were also evaluated through the GSCA platform [55].

2.3. Identification of Cell Cycle-Associated Molecular Subtypes

Dysregulated genes in the cell cycle pathway were used to assess potential correla-
tions with molecular subtypes across pan-cancers. Unsupervised clustering analysis was
performed using the R package ConsensusClusterPlus (version 1.64.0) [56], with 1000 it-
erations and 80% subsampling (Table S2). Based on the identified subtypes, Kaplan—
Meier (K-M) curves were generated to evaluate the overall survival (OS). To further ex-
plore the immune characteristics across subtypes, immune scores were calculated using
CIBERSORT (version 1.06 ) [57], ESTIMATE (version 1.0.13) [58], and Gene Set Enrichment
Analysis (ssGSEA) [54].

2.4. ncRNA:mRNA Interactions and Construction of Interaction Network

For synthetic lethal interactions within the cell cycle pathway, relevant miRNAs were
selected based on opposite expression patterns and negative correlations with target mRNAs.
Following this, associated IncRNAs for the identified miRNAs were screened. An RNA interac-
tion network was constructed using Cytoscape 3.8.2 [59].

2.5. Survival Analysis

Survival analysis was conducted to evaluate the prognostic value of relevant genes. Dif-
ferences between groups were assessed using the log-rank test, and survival outcomes were
analyzed through Kaplan—Meier Plotter [60], with integrated results presented.

2.6. Statistical Analysis

Statistical differences between groups were assessed using various hypothesis tests, includ-
ing unpaired t-tests, Wilcoxon rank-sum tests, Kruskal-Wallis tests, and trend tests. Spearman
correlation analysis was performed to examine expression relationships between miRNAs,
mRNAs, and IncRNAs. All statistical analyses were conducted using R (version 4.2.3).

3. Results
3.1. Expression Profiles of Cell Cycle-Associated Genes

A total of 125 cell cycle-associated genes were identified, with 65 exhibiting significant
upregulation across 18 cancer types. The upregulation was more prevalent than downregu-
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lation (Figure S1A). Many of these overexpressed genes likely contributed to tumorigenesis.
For instance, CDKN2A (also known as multiple tumor suppressor I, MTS1) played a role in
preventing cell cycle exit, and its protein product may promote colorectal cancer cell metastasis
by inducing the epithelial-mesenchymal transition [61]. Some genes, such as CDKN2B and
CCNA1, exhibited inconsistent expression patterns across different cancer types, suggesting
dynamic expression across tissues.

Several cell cycle-associated genes were involved in cancer hallmarks (Figure 1A), particu-
larly those related to self-sufficiency in growth signals. Notably, MYC, SMAD3, and TGFB1 were
implicated in more than four cancer hallmarks. Additionally, some genes were classified as core
essential genes, oncogenes, TSGs, or CGC genes, underscoring their roles in the carcinogenic
process. Many genes indicated an activation role in the cell cycle pathway, especially in specific
cancer types (Figures 1B and S1B).
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Figure 1. The potential roles of cell cycle-associated genes. (A). The cell cycle-related genes play roles
in cancer hallmarks and may be identified as CGC, essential, oncogenes, or TSGs. (B). Distribution of
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roles of the 64 screened genes (dysregulated in at least two cancer types), with the overall pie
chart distribution presented. (C). Distribution of GSVA scores for cell cycle genes across vari-
ous cancers. * indicates a significant difference between tumor and normal samples (p < 0.0001).
(D). Distribution of GSVA scores for cell cycle genes across all cancer types, comparing all tumor
and normal samples. (E). GSVA score distribution for different pathological stages in certain cancers.
(F). Some cell cycle-related genes may serve as potential drug targets. The left panel shows cor-
relations between some cell cycle genes and drugs from the Genomics of Drug Sensitivity in Can-
cer (GDSC) database. * indicates correlations with values greater than 3.0 or less than —3.0, and
FDR < 0.05. The right panel highlights potential relationships between cell cycle-associated genes,
involved pathways, and drugs.

In addition to promoting apoptosis and regulating the cell cycle pathway, these cell
cycle-associated genes were more likely to inhibit other pathways, such as the RAS-MAPK,
RTK, PI3K-AKT, and AR hormone pathways (Figure S2A). Further analysis revealed signif-
icant differences in gene expression between tumor and normal samples based on GSVA
scores across 18 cancer types (Figure 1C,D). These genes were also associated with different
pathological stages (Figure 1E) and certain drugs (Figure 1F). The different expression lev-
els in different pathological stages implicated their potential role in classifying molecular
subtypes of cancers. Moreover, the observed drug correlations suggested that some of these
genes may represent promising drug targets, underscoring their potential clinical relevance
in cancer treatment through synthetic lethality-based strategies.

3.2. Distinct Molecular Subtypes Associated with Cell Cycle

To explore the potential of cell cycle-related genes as molecular subtype classifiers in
tumorigenesis, clustering analysis was performed based on dysregulated genes. Seven
cancer types could be categorized into two distinct molecular subtypes, including lung ade-
nocarcinoma (LUAD), uterine corpus endometrial carcinoma (UCEC), three kidney-related
cancers—kidney chromophobe (KICH), kidney renal clear cell carcinoma (KIRC), and
kidney renal papillary cell carcinoma (KIRP)—, and a specific cluster exhibited a survival
advantage over another cluster (Figure 2). Comparative analysis of expression profiles,
clinicopathological features, and immune characteristics revealed significant differences
between the two clusters (Figures 3 and 52-54). Notably, in KICH, cluster 2 had higher
ESTIMATE scores, as well as elevated immune and stromal scores, and a specific cluster
exhibited a survival advantage over another cluster 1 (Figure 3B). Furthermore, distinct
immune cell infiltration patterns were observed (Figure 3C), and significant differences in
immune checkpoint gene expression were also noted, such as CD28 and CD86 in KICH
and CD86, HHLA2, and PDCD1 in KIRC (Figure S3). These results suggested that cell cycle-
associated molecular subtypes may exhibit unique immune and prognostic characteristics,
which could aid in prognostic prediction and inform clinical strategies for immunotherapy:.
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Figure 2. Molecular subtypes derived from cell cycle-associated genes using ConsensusClusterPlus.
(A). Distribution of p-values from clustering analysis of dysregulated cell cycle-associated genes across
various cancers. Seven cancer types were divided into two distinct molecular subtypes (p < 0.05).
(B-F). Examples of two clusters in specific cancer types based on dysregulated genes. Expression
patterns of upregulated and downregulated genes are shown, with a significant survival advantage
observed in a specific group. * indicates a significant difference between tumor and normal samples.
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Figure 3. Clinical and immune characteristics of distinct clusters. (A-C). A heatmap displaying

clinical characteristics between the two clusters in KICH (A), significant differences in immune-

related characteristics (B), and comparison of immune cell abundance between the two clusters (C).

(D-F). A heatmap displaying clinical characteristics between the two clusters in LUAD (D), significant

differences in immune-related characteristics (E), and comparison of immune cell abundance (F)

between the two clusters.

p < 0.0001, and ns indicates p > 0.05.

3.3. Potential Drug Target Based on Synthetic Lethality

* indicates p < 0.05, ** indicates p < 0.01, *** indicates p < 0.001, **** indicates

A total of 69 genes were identified with synthetic lethal interactions, with PTTG1
exhibiting the highest number of interactions (470), followed by MYC (100) (Figure S5).
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Star-like patterns were observed for PTTG1 and MYC, highlighting their critical roles
and potential for clinical application based on synthetic lethality. The median number of
interactions was two, and the mean was 15.13, with notable variability among different
genes. PTTGI, known to participate in multiple biological processes, plays a pivotal role in
tumorigenesis and is associated with clinical outcomes [62]. For instance, PTTG1 expression
showed stage-dependent divergence in KIRC, where it demonstrated a strong prognostic
ability (AUC = 0.924), and lower expression levels were linked to better survival (Figure 4A).
This gene was also correlated with tumor mutational burden (TMB) and immune-related
factors, enhancing its prognostic value for patients with KIRC [63]. Additionally, 776 other
genes were involved in synthetic lethal interactions, with KRAS exhibiting the most interac-
tions (19), followed by MUSS81 (10). In the genetic network comprising genes with at least
two interactions (Figure 4B), which included 40 cell cycle-associated genes and 97 other
genes, CHEK1 showed the highest number of interactions (36), followed by CREBBP.
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Figure 4. Synthetic lethal interactions associated with cell cycle genes. (A). The potential role of
PTTG1 in KIRC prognosis. PTTG1, with multiple synthetic lethal interactions (Figure S5), indicates



Genes 2025, 16, 310

9of 15

significant expression divergence across different stages of KIRC (left panel) and a strong prognostic
ability (middle panel), and its higher expression is associated with a poor prognosis (right panel).
* indicates p < 0.05, ** indicates p < 0.01, *** indicates p < 0.001, **** indicates p < 0.0001, and ns
indicates p > 0.05. (B). A genetic interaction network for cell cycle-associated genes, where each gene
has at least two interactions with others. The frequency of interactions for each gene is also displayed.
(©). Functional enrichment analysis of genes involved in cell cycle-related synthetic lethality in KIRP
via GSEA. (D). A network illustrates internal genetic interactions among cell cycle-associated genes,
with detailed expression patterns for each gene (node) across different cancers. The number of
interactions for each gene is also provided.

In the context of cell cycle-associated synthetic lethal interactions, several genes were
found to play pivotal roles in multiple biological pathways, such as cell cycle regulation,
mitotic cell cycle, and the MAPK signaling pathway. Expression pattern analysis in KIRP re-
vealed that these genes were enriched in the Ras signaling pathway, nucleotide metabolism,
and ErbB signaling pathway (Figure 4C), all of which were well-established as critical path-
ways in cancer. These results suggested that cell cycle-related synthetic lethal interactions
could have potential clinical applications in anticancer therapies. Notably, some cell cycle
genes, including TP53 and CREBBP, exhibited higher mutation frequencies (Figure S6),
further supporting the concept of targeting synthetic lethal partners of key driver genes
as a viable therapeutic strategy. Furthermore, 38 interactions were identified among cell
cycle-associated genes (Figure 4D), involving 31 genes. Some genes showed significant
dysregulation in specific cancers, implicating their critical roles in tumorigenesis. The
internal synthetic lethal interactions could provide novel drug targets for cancer therapy.

3.4. ncRNA-Mediated Regulatory Network Associated with Cell Cycle

Given the extensive regulatory roles of ncRNAs, genes involved in internal synthetic
lethal interactions within the cell cycle may be negatively regulated by multiple miRNAs
(Figure S7). To better understand the ncRNA-mRNA interaction network in LUAD, genes
associated with internal synthetic lethal interactions were analyzed for relevant miRNAs.
Based on the miRNA-mRNA expression relationships, several miRNAs were identified as
key regulators of cell cycle gene expression (Figure 5A), with these miRNAs potentially
contributing to the overexpression of target mRNAs. For instance, homologous miRNAs,
such as let-7a-5p, let-7c-5p, and let-7f-5p, were found to target certain mRNAs, likely
influencing their expression patterns. Subsequently, miRNAs were used to identify related
IncRNAs, and two IncRNAs were found to correlate with the RNA interaction network:
CCDC144CP, which may act as a miRNA sponge for let-7{-5p, and LINC00355, which may
sponge let-7a-5p, affecting the corresponding target mRNAs. The mRNA-miRNA-IncRNA
network was also detected in other cancer types, suggesting that these RNA interactions
form an important regulatory mechanism via the ceRNA network. Dysregulated genes
involved in this network exhibited significant upregulation in tumor samples (Figure 5B),
indicating that the ncRNA regulatory network played a pivotal role in gene expression
regulation. Some of these genes also demonstrated prognostic significance (Figure 5C),
with lower expression correlating with better survival outcomes. These results underscore
the potential clinical utility of cell cycle-related genes in cancer prognosis and therapy.
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Figure 5. An example of the ncRNA-based genetic interactions in LUAD. (A). Some ncRNAs may
perturb genetic interactions of cell cycle-associated genes, and the network is constructed using
Cytoscape. All miRNA:mRNA and miRNA:IncRNA interactions are verified with opposite expression
patterns and negative expression correlations (R < —0.20, p < 0.05). (B). The detailed expression
patterns of the significantly upregulated genes according to Figure 5A. * indicates padj < 0.0001.
(C). Some upregulated genes have potential prognostic values in LUAD patients.

4. Discussion

The cell cycle, composed of distinct phases, is a complex and tightly regulated bi-
ological process, with alterations potentially driving normal cells toward a cancerous
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phenotype [64]. Aberrant cell cycle activity contributes to tumorigenesis, making this path-
way a key target for understanding the fundamental biological mechanisms underlying
cancer. Consequently, cell cycle signatures offer promising potential for expanding clinical
applications [12]. To investigate the role of the pathway in cancer prognosis, a comprehen-
sive pan-cancer analysis was conducted to explore the roles of cell cycle signatures, assess
the potential clinical utility based on the concept of synthetic lethality, and examine the
ncRNA regulatory network linked to the cell cycle pathway.

While cell cycle-associated signatures have been reported in some cancers [12,65-67],
the full scope of signatures involved in the pathway requires further exploration. Herein,
leveraging the critical role of the cell cycle in multiple biological processes and tumorige-
nesis, distinct molecular subtypes were identified, particularly in several kidney-related
cancer types. This suggests that cell cycle-associated signatures may serve as effective clas-
sifiers for different molecular subtypes. Notably, these subtypes exhibited distinct immune
characteristics, indicating that cell cycle-based molecular subtypes may have important
clinical implications. Given the central role in tumorigenesis, these cell cycle signatures
could provide valuable insights for the development of cancer therapies and the prediction
of treatment responses.

Synthetic lethality, a phenomenon involving the simultaneous inactivation or muta-
tion of two non-lethal genes resulting in cell death, has gained significant attention as a
novel anticancer treatment strategy, particularly due to its clinical potential in developing
targeted therapies aimed at gene pairs of disrupted genes [68,69]. For instance, PARP
inhibitors, which are based on the principle of synthetic lethality, have been approved for
clinical use, demonstrating the therapeutic value of such interactions. These interactions
provide a wealth of new potential targets for cancer treatment. Certain cell cycle genes
have been identified with genetic interactions, particularly those involved in multiple inter-
actions. Additionally, internal genetic interactions within the cell cycle have been detected,
with some genes showing higher mutation frequencies. Concurrently, ncRNA regulators,
including miRNAs and IncRNAs, may contribute to abnormal expression patterns of cell
cycle-related genes through RNA interactions, potentially via a ceRNA network. This
ceRNA network, widely recognized as a key mechanism for understanding gene regulation,
plays a key role in predicting therapeutic responses [70,71]. The ncRNA-mRNA interaction
network is essential in regulating the activity of the cell cycle pathway, and ncRNAs them-
selves hold prognostic value in cancer, suggesting significant clinical implications for these
genes. Future studies should focus on the RNA interactions involving diverse RNAs, such
as circRNAs and isomiRs derived from miRNA loci, to further expand the associations
between the cell cycle pathway and ncRNAs, thus enhancing the clinical application of
these pathways in cancer therapy.

Given the molecular features and central roles of the cell cycle pathway in tumorigen-
esis, dysregulated genes could serve as effective signatures for classifying cell cycle-based
molecular subtypes, particularly in kidney-related cancers. The synthetic lethal interactions
linked to the cell cycle pathway, especially internal genetic interactions, offer promising
drug targets for cancer treatment. Moreover, ncRNAs, through miRNA:mRNA interactions
and the ceRNA network, can disrupt the activity of the cell cycle pathway, with short
miRNAs and long IncRNAs playing pivotal roles. These findings suggest that the cell cycle
pathway may function as a potential subtype signature, providing valuable insights for
improving cancer prognostication, treatment prediction, and the development of targeted
anticancer therapies.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/genes16030310/s1, Figure S1. The overall expression patterns
and roles in cell cycle. Figure S2. The potential roles of cell cycle associated genes and clinical
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characteristics between different groups. Figure S3. The immune characteristics between different
clusters in some cancers. Figure S4. The immune characteristics between different clusters in some
cancers. Figure S5. The total interaction network in cell cycle-associated genes. Figure S6. The
mutation landscape of 69 cell cycle-associated genes in cancers that are detected in synthetic lethality.
Figure S7. Primary miRNA-mRNA interaction network based on cell cycle associated genes in
Figure 4D. Table S1. Sample sizes in cancer involved in the study based on TCGA. Table S2. The main
R package with the parameters used in the study.

Author Contributions: Data curation, Formal analysis, Software: S.X.,J.J., X.Z., Y.Z., ZH., HG., C.G,,
J.Y,, L.G. and T.L. Writing—original draft: S.X., J.J., L.G. and T.L. Writing—review and editing: S.X.,
L.G. and T.L. All authors have read and agreed to the published version of the manuscript.

Funding: This work was supported by the National Natural Science Foundation of China (Nos.
62171236), the Key Project of Social Development in Jiangsu Province (No. BE2022799), the Key
Projects of Natural Science Research in Universities of Jiangsu Province (22KJA180006), Postgraduate
Research & Practice Innovation Program of Jiangsu Province (KYCX23_1072), and the Priority
Academic Program Development of Jiangsu Higher Education Institution (PAPD).

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The original contributions presented in this study are included in the
article/Supplementary Material. Further inquiries can be directed to the corresponding authors.

Acknowledgments: The authors express their sincere thanks to previous laboratory members in the
Guo Lab and Liang Lab.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1. Schafer, K.A. The cell cycle: A review. Vet. Pathol. 1998, 35, 461-478. [CrossRef]

2. Cardoso, F; van't Veer, L.].; Bogaerts, ].; Slaets, L.; Viale, G.; Delaloge, S.; Pierga, J.Y.; Brain, E.; Causeret, S.; DeLorenzi, M.; et al.
70-Gene Signature as an Aid to Treatment Decisions in Early-Stage Breast Cancer. N. Engl. |. Med. 2016, 375, 717-729. [CrossRef]
[PubMed]

3. Paik, S.; Shak, S.; Tang, G.; Kim, C.; Baker, ].; Cronin, M.; Baehner, EL.; Walker, M.G.; Watson, D.; Park, T.; et al. A multigene
assay to predict recurrence of tamoxifen-treated, node-negative breast cancer. N. Engl. ]. Med. 2004, 351, 2817-2826. [CrossRef]
[PubMed]

4.  Filipits, M.; Nielsen, T.O.; Rudas, M.; Greil, R.; Stoger, H.; Jakesz, R.; Bago-Horvath, Z.; Dietze, O.; Regitnig, P.; Gruber-Rossipal,
C.; et al. The PAMS5O0 risk-of-recurrence score predicts risk for late distant recurrence after endocrine therapy in postmenopausal
women with endocrine-responsive early breast cancer. Clin. Cancer Res. 2014, 20, 1298-1305. [CrossRef]

5. Liu, Z; Sun, L.; Peng, X.; Zhu, J.; Wu, C.; Zhu, W.; Huang, C.; Zhu, Z. PANoptosis subtypes predict prognosis and immune
efficacy in gastric cancer. Apoptosis 2024, 29, 799-815. [CrossRef] [PubMed]

6. Fares, CM.; Fenerty, K.E.; Chander, C.; Theisen, M.K.; Konecny, G.E. Homologous recombination deficiency and molecular
subtype are associated with immunogenicity in ovarian cancer. Biomark. Med. 2022, 16, 771-782. [CrossRef]

7. Lam, L.H.T,; Do, D.T,; Diep, D.T.N.; Nguyet, D.L.N.; Truong, Q.D.; Tri, T.T.; Thanh, H.N.; Le, N.Q.K. Molecular subtype
classification of low-grade gliomas using magnetic resonance imaging-based radiomics and machine learning. NMR Biomed.
2022, 35, €4792. [CrossRef]

8.  Yang, K; Wu, Y. A prognosis-related molecular subtype for early-stage non-small lung cell carcinoma by multi-omics integration
analysis. BMC Cancer 2021, 21, 128. [CrossRef]

9. Dama, E.; Melocchi, V.; Dezi, E; Pirroni, S.; Carletti, R M.; Brambilla, D.; Bertalot, G.; Casiraghi, M.; Maisonneuve, P.; Barberis,
M.; et al. An Aggressive Subtype of Stage I Lung Adenocarcinoma with Molecular and Prognostic Characteristics Typical of
Advanced Lung Cancers. Clin. Cancer Res. 2017, 23, 62-72. [CrossRef]

10. Zhang, Z.;Ji, M.; Li, J.; Wu, Q.; Huang, Y.; He, G.; Xu, ]. Molecular Classification Based on Prognostic and Cell Cycle-Associated
Genes in Patients With Colon Cancer. Front. Oncol. 2021, 11, 636591. [CrossRef]

11. Lundberg, A.; Lindstrom, L.S.; Harrell, ].C.; Falato, C.; Carlson, ].W.; Wright, PK.; Foukakis, T.; Perou, C.M.; Czene, K,; Bergh, J.;

et al. Gene Expression Signatures and Immunohistochemical Subtypes Add Prognostic Value to Each Other in Breast Cancer
Cohorts. Clin. Cancer Res. 2017, 23, 7512-7520. [CrossRef] [PubMed]


https://doi.org/10.1177/030098589803500601
https://doi.org/10.1056/NEJMoa1602253
https://www.ncbi.nlm.nih.gov/pubmed/27557300
https://doi.org/10.1056/NEJMoa041588
https://www.ncbi.nlm.nih.gov/pubmed/15591335
https://doi.org/10.1158/1078-0432.CCR-13-1845
https://doi.org/10.1007/s10495-023-01931-4
https://www.ncbi.nlm.nih.gov/pubmed/38347337
https://doi.org/10.2217/bmm-2022-0044
https://doi.org/10.1002/nbm.4792
https://doi.org/10.1186/s12885-021-07846-0
https://doi.org/10.1158/1078-0432.CCR-15-3005
https://doi.org/10.3389/fonc.2021.636591
https://doi.org/10.1158/1078-0432.CCR-17-1535
https://www.ncbi.nlm.nih.gov/pubmed/28972043

Genes 2025, 16, 310 13 of 15

12.
13.
14.
15.
16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

Tabassum, N.; Constantin, T.A.; Cereser, B.; Stebbing, J. A cell-cycle signature classifier for pan-cancer analysis. Oncogene 2020, 39,
6041-6042. [CrossRef]

Vermeulen, K.; Van Bockstaele, D.R.; Berneman, Z.N. The cell cycle: A review of regulation, deregulation and therapeutic targets
in cancer. Cell Prolif. 2003, 36, 131-149. [CrossRef]

Mens, M.M.].; Ghanbari, M. Cell Cycle Regulation of Stem Cells by MicroRNAs. Stem Cell Rev. Rep. 2018, 14, 309-322. [CrossRef]
Wang, Y.; Blelloch, R. Cell cycle regulation by microRNAs in stem cells. Results Probl. Cell Differ. 2011, 53, 459—-472. [PubMed]
Wang, Y.; Blelloch, R. Cell cycle regulation by MicroRNAs in embryonic stem cells. Cancer Res. 2009, 69, 4093-4096. [CrossRef]
[PubMed]

Gharbi, S.; Mohammadi, Z.; Dezaki, M.S.; Dokanehiifard, S.; Dabiri, S.; Korsching, E. Characterization of the first microRNA in
human CDHI that affects cell cycle and apoptosis and indicates breast cancers progression. J. Cell Biochem. 2022, 123, 657-672.
[CrossRef]

Zhu, L.; Ma, L,; Du, X; Jiang, Y,; Gao, |.; Fan, Z.; Zheng, H.; Zhu, ].; Zhang, G. M2 Microglia-Derived Exosomes Protect Against
Glutamate-Induced HT22 Cell Injury via Exosomal miR-124-3p. Mol. Neurobiol. 2024, 61, 7845-7861. [CrossRef]

Bao, B.; Yu, X.; Zheng, W. MiR-139-5p Targeting CCNB1 Modulates Proliferation, Migration, Invasion and Cell Cycle in Lung
Adenocarcinoma. Mol. Biotechnol. 2022, 64, 852-860. [CrossRef]

Neilsen, C.T.; Goodall, G.J.; Bracken, C.P. IsomiRs--the overlooked repertoire in the dynamic microRNAome. Trends Genet. 2012,
28,544-549. [CrossRef]

Guo, L,; Liang, T. MicroRNAs and their variants in an RNA world: Implications for complex interactions and diverse roles in an
RNA regulatory network. Brief. Bioinform. 2018, 19, 245-253. [CrossRef] [PubMed]

Morin, R.D.; O’Connor, M.D.; Griffith, M.; Kuchenbauer, F.; Delaney, A.; Prabhu, A.L.; Zhao, Y.; McDonald, H.; Zeng, T.; Hirst, M,;
et al. Application of massively parallel sequencing to microRNA profiling and discovery in human embryonic stem cells. Genome
Res. 2008, 18, 610-621. [CrossRef]

Guo, L.; Li, Y,; Cirillo, KM.; Marick, R.A.; Su, Z; Yin, X.; Hua, X.; Mills, G.B.; Sahni, N.; Yi, S.S. mi-IsoNet: Systems-scale
microRNA landscape reveals rampant isoform-mediated gain of target interaction diversity and signaling specificity. Brief.
Bioinform. 2021, 22, bbab(091. [CrossRef] [PubMed]

Geng, W.; Qiu, M.; Zhang, D.; Li, P; Sun, G.; Zhou, X. LncRNA PCAT7 promotes non-small cell lung cancer progression by
activating miR-486-5p/CDK4 axis-mediated cell cycle. Am. ]. Transl. Res. 2022, 14, 3003-3016.

da Silveira, W.A.; Renaud, L.; Hazard, E.S.; Hardiman, G. miRNA and IncRNA Expression Networks Modulate Cell Cycle and
DNA Repair Inhibition in Senescent Prostate Cells. Genes 2022, 13, 208. [CrossRef] [PubMed]

He, M.; Wang, Y,; Cai, ].; Xie, Y,; Tao, C.; Jiang, Y.; Li, H.; Song, F. LncRNA DLEU2 promotes cervical cancer cell proliferation by
regulating cell cycle and NOTCH pathway. Exp. Cell Res. 2021, 402, 112551. [CrossRef]

Na, H.; Li, X; Zhang, X.; Xu, Y.; Sun, Y.; Cui, J.; Chen, Z.; Shi, X,; Ren, S.; Zuo, Y. IncRNA STEAP3-AS1 Modulates Cell Cycle
Progression via Affecting CDKN1C Expression through STEAP3 in Colon Cancer. Mol. Ther. Nucleic Acids 2020, 21, 480-491.
[CrossRef]

Bassik, M.C.; Kampmann, M.; Lebbink, R.J.; Wang, S.; Hein, M.Y.; Poser, I.; Weibezahn, J.; Horlbeck, M.A.; Chen, S.; Mann, M.;
et al. A systematic mammalian genetic interaction map reveals pathways underlying ricin susceptibility. Cell 2013, 152, 909-922.
[CrossRef]

Brough, R.; Frankum, J.R.; Costa-Cabral, S.; Lord, C.J.; Ashworth, A. Searching for synthetic lethality in cancer. Curr. Opin. Genet.
Dev. 2011, 21, 34-41. [CrossRef]

Laufer, C.; Fischer, B.; Billmann, M.; Huber, W.; Boutros, M. Mapping genetic interactions in human cancer cells with RNAi and
multiparametric phenotyping. Nat. Methods 2013, 10, 427-431. [CrossRef]

Sinha, S.; Thomas, D.; Chan, S.; Gao, Y.; Brunen, D.; Torabi, D.; Reinisch, A.; Hernandez, D.; Chan, A.; Rankin, E.B.; et al.
Systematic discovery of mutation-specific synthetic lethals by mining pan-cancer human primary tumor data. Nat. Commun.
2017, 8, 15580. [CrossRef] [PubMed]

Jerby-Arnon, L.; Pfetzer, N.; Waldman, Y.Y.; McGarry, L.; James, D.; Shanks, E.; Seashore-Ludlow, B.; Weinstock, A.; Geiger,
T.; Clemons, P.A,; et al. Predicting cancer-specific vulnerability via data-driven detection of synthetic lethality. Cell 2014, 158,
1199-1209. [CrossRef]

Guo, J,; Liu, H.; Zheng, J. SynLethDB: Synthetic lethality database toward discovery of selective and sensitive anticancer drug
targets. Nucleic Acids Res. 2016, 44, D1011-D1017. [CrossRef] [PubMed]

Li, X.J.; Mishra, SK.; Wu, M.; Zhang, F.; Zheng, J. Syn-lethality: An integrative knowledge base of synthetic lethality towards
discovery of selective anticancer therapies. Biomed. Res. Int. 2014, 2014, 196034. [CrossRef]

Zhang, B.; Tang, C.; Yao, Y.; Chen, X.; Zhou, C.; Wei, Z.; Xing, F.; Chen, L.; Cai, X.; Zhang, Z.; et al. The tumor therapy landscape
of synthetic lethality. Nat. Commun. 2021, 12, 1275. [CrossRef] [PubMed]

Liberzon, A.; Birger, C.; Thorvaldsdottir, H.; Ghandi, M.; Mesirov, ].P.; Tamayo, P. The Molecular Signatures Database (MSigDB)
hallmark gene set collection. Cell Syst. 2015, 1, 417-425. [CrossRef]


https://doi.org/10.1038/s41388-020-01426-5
https://doi.org/10.1046/j.1365-2184.2003.00266.x
https://doi.org/10.1007/s12015-018-9808-y
https://www.ncbi.nlm.nih.gov/pubmed/21630156
https://doi.org/10.1158/0008-5472.CAN-09-0309
https://www.ncbi.nlm.nih.gov/pubmed/19435891
https://doi.org/10.1002/jcb.30211
https://doi.org/10.1007/s12035-024-04075-x
https://doi.org/10.1007/s12033-022-00465-5
https://doi.org/10.1016/j.tig.2012.07.005
https://doi.org/10.1093/bib/bbw124
https://www.ncbi.nlm.nih.gov/pubmed/28011756
https://doi.org/10.1101/gr.7179508
https://doi.org/10.1093/bib/bbab091
https://www.ncbi.nlm.nih.gov/pubmed/33855356
https://doi.org/10.3390/genes13020208
https://www.ncbi.nlm.nih.gov/pubmed/35205253
https://doi.org/10.1016/j.yexcr.2021.112551
https://doi.org/10.1016/j.omtn.2020.06.011
https://doi.org/10.1016/j.cell.2013.01.030
https://doi.org/10.1016/j.gde.2010.10.009
https://doi.org/10.1038/nmeth.2436
https://doi.org/10.1038/ncomms15580
https://www.ncbi.nlm.nih.gov/pubmed/28561042
https://doi.org/10.1016/j.cell.2014.07.027
https://doi.org/10.1093/nar/gkv1108
https://www.ncbi.nlm.nih.gov/pubmed/26516187
https://doi.org/10.1155/2014/196034
https://doi.org/10.1038/s41467-021-21544-2
https://www.ncbi.nlm.nih.gov/pubmed/33627666
https://doi.org/10.1016/j.cels.2015.12.004

Genes 2025, 16, 310 14 of 15

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.
48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.
61.

62.

Liberzon, A.; Subramanian, A.; Pinchback, R.; Thorvaldsdottir, H.; Tamayo, P.; Mesirov, ].P. Molecular signatures database
(MSigDB) 3.0. Bioinformatics 2011, 27, 1739-1740. [CrossRef]

Colaprico, A.; Silva, T.C.; Olsen, C.; Garofano, L.; Cava, C.; Garolini, D.; Sabedot, T.S.; Malta, T.M.; Pagnotta, S.M.; Castiglioni,
I; et al. TCGAbiolinks: An R/Bioconductor package for integrative analysis of TCGA data. Nucleic Acids Res. 2016, 44, e71.
[CrossRef]

Lee, ].S.; Das, A.; Jertby-Arnon, L.; Arafeh, R.; Auslander, N.; Davidson, M.; McGarry, L.; James, D.; Amzallag, A.; Park, S.G.; et al.
Harnessing synthetic lethality to predict the response to cancer treatment. Nat. Commun. 2018, 9, 2546. [CrossRef] [PubMed]
Shen, ].P,; Zhao, D.; Sasik, R.; Luebeck, J.; Birmingham, A.; Bojorquez-Gomez, A.; Licon, K.; Klepper, K.; Pekin, D.; Beckett, A.N.;
et al. Combinatorial CRISPR-Cas9 screens for de novo mapping of genetic interactions. Nat. Methods 2017, 14, 573-576. [CrossRef]
Srivas, R.; Shen, J.P; Yang, C.C.; Sun, S.M,; Li, J.; Gross, A.M.; Jensen, J.; Licon, K.; Bojorquez-Gomez, A.; Klepper, K,; et al. A
Network of Conserved Synthetic Lethal Interactions for Exploration of Precision Cancer Therapy. Mol. Cell 2016, 63, 514-525.
[CrossRef] [PubMed]

Li, J H.; Liu, S.; Zhou, H.; Qu, L.H.; Yang, J.H. starBase v2.0: Decoding miRNA-ceRNA, miRNA-ncRNA and protein-RNA
interaction networks from large-scale CLIP-Seq data. Nucleic Acids Res. 2014, 42, D92-D97. [CrossRef] [PubMed]

Yang, J.H.; Li, ].H.; Shao, P.; Zhou, H.; Chen, Y.Q.; Qu, L.H. starBase: A database for exploring microRNA-mRNA interaction
maps from Argonaute CLIP-Seq and Degradome-Seq data. Nucleic Acids Res. 2011, 39, D202-D209. [CrossRef]

Love, M.I,; Huber, W.; Anders, S. Moderated estimation of fold change and dispersion for RNA-seq data with DESeq2. Genome
Biol. 2014, 15, 550. [CrossRef]

Huang, D.W.; Sherman, B.T.; Lempicki, R.A. Systematic and integrative analysis of large gene lists using DAVID bioinformatics
resources. Nat. Protoc. 2009, 4, 44-57. [CrossRef]

Wu, T; Hu, E,; Xu, S.; Chen, M.; Guo, P; Dai, Z.; Feng, T.; Zhou, L.; Tang, W.; Zhan, L.; et al. clusterProfiler 4.0: A universal
enrichment tool for interpreting omics data. Innovation (Camb.) 2021, 2, 100141. [CrossRef]

Hanahan, D.; Weinberg, R.A. Hallmarks of cancer: The next generation. Cell 2011, 144, 646-674. [CrossRef] [PubMed]

Futreal, P.A.; Coin, L.; Marshall, M.; Down, T.; Hubbard, T.; Wooster, R.; Rahman, N.; Stratton, M.R. A census of human cancer
genes. Nat. Rev. Cancer 2004, 4, 177-183. [CrossRef]

Sondka, Z.; Bamford, S.; Cole, C.G.; Ward, S.A.; Dunham, I.; Forbes, S.A. The COSMIC Cancer Gene Census: Describing genetic
dysfunction across all human cancers. Nat. Rev. Cancer 2018, 18, 696-705. [CrossRef]

Hart, T.; Chandrashekhar, M.; Aregger, M.; Steinhart, Z.; Brown, K.R.; MacLeod, G.; Mis, M.; Zimmermann, M.; Fradet-Turcotte,
A.; Sun, S; et al. High-Resolution CRISPR Screens Reveal Fitness Genes and Genotype-Specific Cancer Liabilities. Cell 2015, 163,
1515-1526. [CrossRef]

Blomen, V.A.; Majek, P; Jae, L.T.; Bigenzahn, ].W.; Nieuwenhuis, J.; Staring, J.; Sacco, R.; van Diemen, ER.; Olk, N.; Stukalov, A.;
et al. Gene essentiality and synthetic lethality in haploid human cells. Science 2015, 350, 1092-1096. [CrossRef] [PubMed]

Wang, T.; Birsoy, K.; Hughes, N.W.; Krupczak, K.M.; Post, Y.; Wei, ].J.; Lander, E.S.; Sabatini, D.M. Identification and characteriza-
tion of essential genes in the human genome. Science 2015, 350, 1096-1101. [CrossRef]

Chakravarty, D.; Gao, J.; Phillips, S.M.; Kundra, R.; Zhang, H.; Wang, J.; Rudolph, J.E.; Yaeger, R.; Soumerai, T.; Nissan, M.H.; et al.
OncoKB: A Precision Oncology Knowledge Base. JCO Precis. Oncol. 2017, 2017, PO.17.00011. [CrossRef] [PubMed]
Hanzelmann, S.; Castelo, R.; Guinney, ]. GSVA: Gene set variation analysis for microarray and RNA-seq data. BMC Bioinformatics
2013, 14, 7. [CrossRef]

Liu, C.J.; Hu, FF; Xia, M.X,; Han, L.; Zhang, Q.; Guo, A.Y. GSCALite: A web server for gene set cancer analysis. Bioinformatics
2018, 34, 3771-3772. [CrossRef] [PubMed]

Wilkerson, M.D.; Hayes, D.N. ConsensusClusterPlus: A class discovery tool with confidence assessments and item tracking.
Bioinformatics 2010, 26, 1572-1573. [CrossRef]

Newman, A.M.; Liu, C.L.; Green, M.R; Gentles, A ].; Feng, W.; Xu, Y.; Hoang, C.D.; Diehn, M.; Alizadeh, A.A. Robust enumeration
of cell subsets from tissue expression profiles. Nat. Methods 2015, 12, 453-457. [CrossRef]

Yoshihara, K.; Shahmoradgoli, M.; Martinez, E.; Vegesna, R.; Kim, H.; Torres-Garcia, W.; Trevino, V.; Shen, H.; Laird, PW.; Levine,
D.A; et al. Inferring tumour purity and stromal and immune cell admixture from expression data. Nat. Commun. 2013, 4, 2612.
[CrossRef]

Shannon, P.; Markiel, A.; Ozier, O.; Baliga, N.S.; Wang, ].T.; Ramage, D.; Amin, N.; Schwikowski, B.; Ideker, T. Cytoscape: A
software environment for integrated models of biomolecular interaction networks. Genome Res. 2003, 13, 2498-2504. [CrossRef]
Nagy, A.; Munkacsy, G.; Gyorffy, B. Pancancer survival analysis of cancer hallmark genes. Sci. Rep. 2021, 11, 6047. [CrossRef]
Shi, WK.; Li, YH.; Bai, X.S.; Lin, G.L. The Cell Cycle-Associated Protein CDKN2A May Promotes Colorectal Cancer Cell
Metastasis by Inducing Epithelial-Mesenchymal Transition. Front. Oncol. 2022, 12, 834235. [CrossRef] [PubMed]

Bai, L.; Li, L.H,; Liang, J.; Li, E.X. Prognostic Significance of PTTG1 and Its Methylation in Lung Adenocarcinoma. J. Oncol. 2022,
2022, 3507436. [CrossRef]


https://doi.org/10.1093/bioinformatics/btr260
https://doi.org/10.1093/nar/gkv1507
https://doi.org/10.1038/s41467-018-04647-1
https://www.ncbi.nlm.nih.gov/pubmed/29959327
https://doi.org/10.1038/nmeth.4225
https://doi.org/10.1016/j.molcel.2016.06.022
https://www.ncbi.nlm.nih.gov/pubmed/27453043
https://doi.org/10.1093/nar/gkt1248
https://www.ncbi.nlm.nih.gov/pubmed/24297251
https://doi.org/10.1093/nar/gkq1056
https://doi.org/10.1186/s13059-014-0550-8
https://doi.org/10.1038/nprot.2008.211
https://doi.org/10.1016/j.xinn.2021.100141
https://doi.org/10.1016/j.cell.2011.02.013
https://www.ncbi.nlm.nih.gov/pubmed/21376230
https://doi.org/10.1038/nrc1299
https://doi.org/10.1038/s41568-018-0060-1
https://doi.org/10.1016/j.cell.2015.11.015
https://doi.org/10.1126/science.aac7557
https://www.ncbi.nlm.nih.gov/pubmed/26472760
https://doi.org/10.1126/science.aac7041
https://doi.org/10.1200/PO.17.00011
https://www.ncbi.nlm.nih.gov/pubmed/28890946
https://doi.org/10.1186/1471-2105-14-7
https://doi.org/10.1093/bioinformatics/bty411
https://www.ncbi.nlm.nih.gov/pubmed/29790900
https://doi.org/10.1093/bioinformatics/btq170
https://doi.org/10.1038/nmeth.3337
https://doi.org/10.1038/ncomms3612
https://doi.org/10.1101/gr.1239303
https://doi.org/10.1038/s41598-021-84787-5
https://doi.org/10.3389/fonc.2022.834235
https://www.ncbi.nlm.nih.gov/pubmed/35311137
https://doi.org/10.1155/2022/3507436

Genes 2025, 16, 310 15 of 15

63.

64.

65.

66.

67.

68.

69.

70.

71.

Zhang, X.; Ji, H.; Huang, Y.; Zhu, B.; Xing, Q. Elevated PTTG1 predicts poor prognosis in kidney renal clear cell carcinoma and
correlates with immunity. Heliyon 2023, 9, €13201. [CrossRef] [PubMed]

Caglar, H.O.; Biray Avci, C. Alterations of cell cycle genes in cancer: Unmasking the role of cancer stem cells. Mol. Biol. Rep. 2020,
47,3065-3076. [CrossRef] [PubMed]

Liu, J.; Mei, J.; Li, S.; Wu, Z.; Zhang, Y. Establishment of a novel cell cycle-related prognostic signature predicting prognosis in
patients with endometrial cancer. Cancer Cell Int. 2020, 20, 329. [CrossRef] [PubMed]

Gobin, M.; Nazarov, P.V.; Warta, R.; Timmer, M.; Reifenberger, G.; Felsberg, J.; Vallar, L.; Chalmers, A.].; Herold-Mende, C.C.;
Goldbrunner, R.; et al. A DNA Repair and Cell-Cycle Gene Expression Signature in Primary and Recurrent Glioblastoma:
Prognostic Value and Clinical Implications. Cancer Res. 2019, 79, 1226-1238. [CrossRef]

Zhou, Y; Lei, D.; Hu, G.; Luo, F. A Cell Cycle-Related 13-mRNA Signature to Predict Prognosis in Hepatocellular Carcinoma.
Front. Oncol. 2022, 12, 760190. [CrossRef]

Ferretti, S.; Hamon, J.; de Kanter, R.; Scheufler, C.; Andraos-Rey, R.; Barbe, S.; Bechter, E.; Blank, ].; Bordas, V.; Dammassa, E.; et al.
Discovery of WRN inhibitor HRO761 with synthetic lethality in MSI cancers. Nature 2024, 629, 443-449. [CrossRef]

Liu, E; Xin, M.; Feng, H.; Zhang, W.; Liao, Z.; Sheng, T.; Wen, P.; Wu, Q.; Liang, T.; Shi, J.; et al. Cryo-shocked tumor cells deliver
CRISPR-Cas9 for lung cancer regression by synthetic lethality. Sci. Adv. 2024, 10, eadk8264. [CrossRef]

Qi, X,; Chen, X.; Zhao, Y.; Chen, J.; Niu, B.; Shen, B. Prognostic Roles of ceRNA Network-Based Signatures in Gastrointestinal
Cancers. Front. Oncol. 2022, 12, 921194. [CrossRef]

Sadeghi, M.; Bahrami, A.; Hasankhani, A.; Kioumarsi, H.; Nouralizadeh, R.; Abdulkareem, S.A.; Ghafouri, F.; Barkema, H.W.
IncRNA-miRNA-mRNA ceRNA Network Involved in Sheep Prolificacy: An Integrated Approach. Genes 2022, 13, 1295. [CrossRef]
[PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1016/j.heliyon.2023.e13201
https://www.ncbi.nlm.nih.gov/pubmed/36793955
https://doi.org/10.1007/s11033-020-05341-6
https://www.ncbi.nlm.nih.gov/pubmed/32112300
https://doi.org/10.1186/s12935-020-01428-z
https://www.ncbi.nlm.nih.gov/pubmed/32699528
https://doi.org/10.1158/0008-5472.CAN-18-2076
https://doi.org/10.3389/fonc.2022.760190
https://doi.org/10.1038/s41586-024-07350-y
https://doi.org/10.1126/sciadv.adk8264
https://doi.org/10.3389/fonc.2022.921194
https://doi.org/10.3390/genes13081295
https://www.ncbi.nlm.nih.gov/pubmed/35893032

	Introduction 
	Materials and Methods 
	Data Resources 
	Differentially Expressed RNA Profiles and Functional Analysis 
	Identification of Cell Cycle-Associated Molecular Subtypes 
	ncRNA:mRNA Interactions and Construction of Interaction Network 
	Survival Analysis 
	Statistical Analysis 

	Results 
	Expression Profiles of Cell Cycle-Associated Genes 
	Distinct Molecular Subtypes Associated with Cell Cycle 
	Potential Drug Target Based on Synthetic Lethality 
	ncRNA-Mediated Regulatory Network Associated with Cell Cycle 

	Discussion 
	References

