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Abstract: Background: Colorectal cancer (CRC) remains one of the most prevalent and
fatal malignancies globally, with radiotherapy playing a crucial role in the treatment of
locally advanced rectal cancer (LARC). However, the efficacy of radiotherapy is limited
by significant resistance, with only a small proportion of patients achieving a pathologic
complete response (PCR) to neoadjuvant chemoradiotherapy (nCRT). This study aims
to uncover the genetic and molecular factors contributing to radiotherapy resistance in
CRC through an integrated analysis of germline mutations, transcriptomic data, and
immune microenvironment characteristics. Methods: Whole-exome sequencing (WES)
was performed on tumor samples from 12 LARC patients. Transcriptomic data from the
TCGA-READ and GSE150082 (LARC with chemoradiotherapy) cohorts were integrated
with WES findings. The independent cohort GSE190826 (neoadjuvant therapy in rectal
cancer) dataset was utilized to validate the WES data. Single-cell RNA sequencing (scRNA-
seq) analysis of GSE132465 (primary CRC) resolved cellular heterogeneity. A random forest
algorithm was employed to develop a predictive gene signature. Results: Our findings
reveal a mutational landscape associated with radiotherapy resistance, identifying specific
germline mutations linked to treatment outcomes. Differential gene expression analysis
highlighted pathways involved in DNA replication, DNA repair, and immune regulation,
with a focus on the tumor immune microenvironment (TIME). A gene signature, including
CDCA4, FANCA, PBRM1, RPL13, and C120rf43, was developed to predict radiotherapy
response. Notably, CDCA4 expression was significantly associated with tumor mutation
burden (TMB) and microsatellite instability (MSI), and it plays a crucial role in regulating B
cell infiltration in the tumor microenvironment. Conclusions: Our study provides novel
insights into the molecular mechanisms of radiotherapy resistance in CRC and proposes
CDCA4 and B cell-related immune features as potential biomarkers for patient stratification
and personalized treatment strategies.

Keywords: colorectal cancer; whole-exome sequencing; neoadjuvant chemoradiotherapy;
radiotherapy resistance; CDCA4; B cell infiltration
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1. Introduction

According to 2022 global cancer data, colorectal cancer (CRC) represents approximately
10% of the worldwide cancer burden, with 1.9 million diagnoses and 904,000 fatalities. Glob-
ally, CRC is the third most commonly diagnosed malignancy and the second leading cause
of cancer-related deaths [1]. Radiotherapy is adaptable for targeting various malignancies
at different anatomical locations and is a routine treatment used in nearly two-thirds of
cancer cases, often serving as a curative alternative to surgery [2]. Radiotherapy optimizes
therapeutic efficacy by adjusting dosage schedules and fractionation parameters, effec-
tively targeting malignancies while preserving adjacent healthy structures [3]. In locally
advanced CRC, the standard treatment combines radiotherapy with chemotherapy. De-
spite this multimodal approach, neoadjuvant chemoradiotherapy (nCRT) yields pathologic
complete responses (PCR) in merely 9-20% of patients [4], with 20-40% demonstrating
limited therapeutic benefit [5]. Consequently, the development of biomarkers to predict
PCR represents a critical unmet need in clinical oncology.

Emerging evidence suggests that germline mutations play a crucial role in modulating
tumor response to radiotherapy [6]. Studies have identified specific germline variants asso-
ciated with altered DNA damage repair, oxidative stress response, and apoptosis, which are
key mechanisms influencing radiation sensitivity and resistance. For instance, mutations in
genes such as TP53, ATM, BRCA1/2, and CHEK2 have been linked to impaired DNA repair
capacity, potentially contributing to increased resistance to radiation-induced damage [7,8].
Moreover, genome-wide association studies (GWASs) have identified inherited genetic vari-
ants linked to heterogeneous treatment responses in patients undergoing radiotherapy [9].
Building upon this foundation, our study aims to identify germline mutation-associated
correlates of radiation resistance by leveraging comprehensive genetic profiling and inte-
grative analysis. By uncovering potential biomarkers, we seek to provide novel insights
into patient stratification and personalized radiotherapy strategies.

Tumor progression is governed by both epithelial characteristics and the surrounding
tumor microenvironment (TME). Within the TME, the tumor immune microenvironment
(TIME) has emerged as a key determinant of cancer development and therapeutic efficacy,
garnering substantial research focus [10]. Increasing evidence suggests that characterizing
the TIME can identify novel prognostic and predictive biomarkers, potentially guiding
first-line treatment algorithms [11]. Key components of the TIME have been systematically
assessed and integrated into the ‘Immunoscore’, a composite metric that robustly predicts
survival outcomes in CRC [12,13]. Consequently, integrating the TIME holds promise
for predicting responses to radiotherapy, as supported by recent studies [14]. However,
the preliminary findings require further validation in larger patient cohorts. There is an
urgent need to develop immune-related gene signatures closely associated with the TIME
to predict the efficacy of CRT.

Herein, we performed whole-exome sequencing (WES) analysis on 12 CRC patient
samples, by integrating WES findings with transcriptomic profiles from locally advanced
rectal cancer (LARC) derived from GSE150082 and The Cancer Genome Atlas—Rectum
adenocarcinoma (TCGA-READ). We also used the single-cell RNA sequencing (scRNA-
seq) data of tumors from CRC patients (GSE132465 dataset) to annotate our findings.
Overall, this research provides a systematic integrative analysis of radiotherapy resis-
tance in CRC, uncovering novel insights into the molecular characteristics driving this
complex process.
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2. Materials and Methods
2.1. Patient Cohort

This study included histologically verified locally advanced CRC cases treated with
neoadjuvant capecitabine (combined with 50.4 Gy radiation) between 2017 and 2022, fol-
lowed by definitive surgical resection within 8-11 weeks. Resected tumor specimens were
preserved in formalin solution for downstream analysis. This study was approved by the
Ethics Committee of East Hospital Affiliated with Tongji University and was conducted in
accordance with the 1964 Helsinki Declaration and its subsequent amendments, or compa-
rable ethical standards. We collected tumor tissue from 12 colon cancer patients treated
with radiation therapy at East Hospital, with written informed consent obtained from all
patients. The 12 samples were categorized into two groups for WES analysis: postoper-
ative pathological assessment classified six cases as radiotherapy-responsive (exhibiting
complete or partial pathological remission) and six as non-responsive (with no patholog-
ical downstaging observed). The comprehensive clinical characteristics are detailed in
Supplementary Table S1.

2.2. WES and Data Processing

We selected the aforementioned 12 samples of CRC for WES. Genomic DNA was
extracted from tumor tissues using the DNeasy Kit (Qiagen, Germantown, MD, USA)
following the manufacturer’s protocol. Sequencing libraries were generated via the Agilent
SureSelect Human All Exon system (Illumina-compatible; Agilent Technologies, Santa
Clara, CA, USA) and subjected to paired-end sequencing on the Illumina HiSeq2000
platform. The average sequencing depth of the 12 samples was 73.9, and the average base
coverage was 84.34%. The detailed sequencing depth and base coverage data for each
sample are listed in Supplementary Table S2.

Raw FASTQ files from next-generation sequencing (NGS) were filtered using fastp
(version 0.23.4), and the paired-end reads were aligned to the human reference genome
GRCh38 using BWA (version 0.7.17-r1198-dirty) [15]. Aligned BAM files were processed
with GATK (version 4.3.0.0) for MarkDuplicates and Base Quality Score Recalibration
(BQSR) [16]. Germline mutations, including single nucleotide variant (SNVs) and INDELs,
were detected using GATK HaplotypeCaller [17] and annotated with ANNOVAR (version
2020-06-08). In the analysis of SNV calling, we considered the potential impacts of the
PCR process. We utilized GATK MarkDuplicates to remove duplicates and filtered for
low-frequency mutation sites with allele frequencies less than 0.01 in databases such as
ExAC_ALL, ExXAC_EAS, ALL. sites.2015_08, EAS.sites.2015_08, gnomAD40_exome_AF,
and gnomAD40_exome_AF_eas, in order to minimize the effects of PCR artifacts.

2.3. Independent Cohort Data Validation

An independent LARC cohort treated with chemoradiotherapy (GSE190826 dataset)
was used to validate the results obtained from the WES data [18]. Specifically, we selected
transcriptomic data from 36 non-PCR and 18 PCR samples to extract variant information
for the specific CDCA4 region, followed by variant filtering and analysis. RN A-seq data
were aligned to the reference genome using STAR software (version 2.7.10a) in Two-Pass
Mode to improve the detection of splicing events. The alignment results were indexed
with SAMtools (version 1.15.1), and we extracted alignments corresponding to the CDCA4
gene and its 10 kb flanking regions. To reduce false-positive variants, PCR duplicates in the
target region’s BAM files were marked and removed using Sambamba (version 0.8.2).
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We processed the BAM files with GATK’s SplitNCigarReads to accurately identify
splice junctions. Readgroup information was added using GATK’s AddOrReplaceRead-
Groups to ensure necessary metadata for variant detection. Base quality scores were
recalibrated with GATK’s BaseRecalibrator and ApplyBQSR via using known variant
databases. Variants were called with GATK HaplotypeCaller, and CDCA4 variant infor-
mation was extracted using BCFtools (version 1.15.1). We filtered the variants with GATK
VariantFiltration to remove low-quality ones, applying the following criteria: - **FS > 30.0**:
to filter out likely false positives; and - **QD < 2.0**: to filter out low-quality variants.
Finally, we annotated the variants with GATK VariantAnnotator, focusing on PASS variants
to identify homozygous mutations.

2.4. scRNA-Seq Data Analysis

The CRC scRNA-Seq datasets were downloaded from the GEO database with accession
number GSE132465 [19]. Raw BCL files were converted to FASTQ files using CellRanger
for alignment and quantification [20]. The R package Seurat (v4.4.0) was used to preprocess
the scRNA-seq dataset. The data were directly filtered using the parameters min.cells = 3
and min.features = 200. Following this, quality control was performed on the integrated
data, setting the threshold for the proportion of mitochondrial genes detected in each cell
to be less than 20%. After quality control, the number of cells was 63,689 and the number of
genes was 25,655 [21]. The counts data were normalized using the ‘LogNormalize” method,
and the data were scaled using the ScaleData function. We employed the Seurat RunPCA
function to compute the principal components (PCs), followed by batch effect correction
using Harmony. The PCA plot after batch effect removal with Harmony was obtained. We
selected 1 to 40 principal components for subsequent analyses. The FindNeighbors function
was utilized to identify neighboring cells, and the FindClusters function was employed
to cluster the cells, setting the resolution to 0.6 to obtain between 0 and 22 cell clusters.
Visualization was performed using UMAP [22].

2.5. Screening Genes with Differential Expression

The GSE150082 dataset [23] was analyzed to detect genes linked to CRT responsiveness
through responder versus non-responder comparisons. Expression variations in rectal
cancer-associated genes were further evaluated using TCGA-READ. The limma R package
was employed to define DEGs (differentially expressed genes) with thresholds of |logy
(fold change)| > 1 and adjusted p-value < 0.05. To address multiple testing, significant
associations were filtered at an FDR < 0.1 via the Benjamini-Hochberg method.

2.6. Functional Enrichment Analysis

Functional enrichment analysis of Gene Ontology (GO) terms and Kyoto Encyclopedia
of Genes and Genomes (KEGG) pathways was conducted via the R package clusterProfiler
to assess cellular functional states [24]. Terms with a p-value < 0.05 were considered
significantly enriched using the functions “enrichGO” and “enrichKEGG”. Gene Set
Enrichment Analysis (GSEA) was conducted using the “GSEA” function in clusterProfiler,
leveraging the MSigDB collections [25]. Immune infiltration scores for the responder
and non-responder groups were calculated based on single-sample GSEA (ssGSEA) [26].
Infiltration level variations across groups were statistically assessed via the non-parametric
Wilcoxon rank-sum test.

2.7. Protein—Protein Interaction Network

The STRING database was utilized to generate a CDCA4-centric PPI network, which
was subsequently visualized through Cytoscape (v3.9.1). Topological analysis via the
cytoHubba plugin identified the five highest-ranked hub genes within the network.
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2.8. Genomic Heterogeneity Analysis

The TCGA Pan-Cancer harmonized dataset was retrieved via the UCSC Xena browser
(https:/ /xenabrowser.net/, accessed on 4 June 2024), from which CDCA4 expression
profiles were systematically extracted. Furthermore, somatic mutation data (MuTect2-
processed, Level 4) were acquired to complement genomic analyses [27] for all TCGA
cases from the GDC portal (https://portal.gdc.cancer.gov/, accessed on 20 June 2021). We
calculated the Tumor Mutation Burden (TMB) for each tumor using the TMB function in
the R package maftools (version 2.8.05) [28]. Simultaneously, we acquired microsatellite
instability (MSI) scores for each tumor from a previously published study [29].

2.9. Statistical Analysis

Statistical analyses and visualization were implemented in R (v3.6.1). Intergroup
comparisons utilized the Wilcoxon rank-sum test (two-group) or one-way ANOVA (multi-
group). Statistical significance thresholds were defined as follows: * p < 0.05, ** p < 0.01,
#* p < 0.001, *** p < 0.0001.

3. Results
3.1. Mutational Landscape of Resistance to Radiotherapy in CRC

This study enrolled 12 patients with locally advanced CRC, stratified into two groups
based on pathological evaluation following nCRT: 6 responders (pathologic complete /partial
response) and 6 non-responders (no pathologic downstaging). The demographic, treatment,
and tumor characteristics are summarized in Supplementary Table S1. The median age of
the cohort was 62.5 years, comprising four males and eight females. Histological examina-
tion of the tumor samples revealed 11 cases of adenocarcinoma and 1 case of signet-ring
cell carcinoma. After neoadjuvant therapy, one patient experienced recurrence resulting
in death, while the remaining patients were alive. To investigate the factors associated
with radiotherapy resistance, we conducted WES to identify genetic mutations related
to radiotherapy.

The global landscape of germline mutations in CRC, generated from the WES data of
six radiotherapy-sensitive and six radiotherapy-resistant patients, is shown in Figure 1. A
total of 3725 mutated genes and 5512 loci mutations were identified, including 4425 mis-
sense mutations (Figure 1A). Among these missense mutations, 4314 were single nucleotide
polymorphisms (SNPs) and 111 were deletion mutations (Figure 1B). C>T mutation is
the most common SNV, accounting for nearly half (Figure 1C). Additionally, the variant
gene profiles across the 12 samples and the variant classification summary are presented in
Supplementary Figure S1A,B. The top ten most frequently mutated genes are also listed in
the WES data (Supplementary Figure S1C).

Subsequently, to explore the germline mutations that correlate with the radiotherapy
resistance, we investigated the exclusive gene mutations in the sensitive or resistant group.
In total, 1690 mutated genes in the sensitive group and 1504 mutated genes in the resistant
group were identified (Figure 1D). To uncover the biological functions of these mutated
genes, we performed GO pathway analysis, and the result demonstrated that those genes
were mainly enriched in organic anion transport, DNA replication, and negative regulation
of DNA replication (Figure 1E).
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Figure 1. Mutational landscape of resistance to radiotherapy in CRC. (A) Variant classification
summary in WES. (B) Variant type summary in WES. (C) SNV class summary in WES. (D) Specifically
mutated genes in the sensitive and resistant to radiotherapy groups. (E) GO biological process
function enrichment analysis of these mutated genes associated with CRC radiotherapy resistance.

3.2. Identification and Functional Enrichment of DEGs in Radiation-Resistant Rectal
Cancer Cohort

To narrow down the genes that correlate with radiotherapy resistance, we investigated
how many of those mutated genes were also differently expressed between the radiation-
resistant and radiation-sensitive groups. We conducted transcriptomic analysis using bulk
RNA-seq data from 16 sensitive and 23 resistant patients who received standard long-
course pelvic radiotherapy and capecitabine chemotherapy (GSE150082 dataset). A total of
1338 DEGs were identified, with 643 genes upregulated and 695 genes downregulated in
the non-responder rectal cancer cohort (Figure 2A, Supplementary Figure 52). Among the
radiotherapy-related mutated genes, there were 46 genes in the WES-resistant group and
59 genes in the WES-sensitive group that were also consistent with the different expression
between the radiation-resistant and radiation-sensitive groups (Figure 3A).

Functional enrichment analysis revealed that upregulated genes in the radiation-
resistant group were enriched in several pathways, such as DNA replication, DNA
repair, and cell cycle checkpoint signaling (Figure 2B). In contrast, downregulated genes
were enriched in pathways such as response to viruses, regulation of cell-cell adhesion,
and regulation of T cell activation (Figure 2C). Additionally, we calculated the enrich-
ment scores for hallmark pathways in tumors and evaluated the differences between
the radiation-sensitive and radiation-resistant groups using Gene Set Variation Analysis
(GSVA). Significant enrichment and notable differences were observed in several hall-
mark pathways, including hallmark_apical_surface, hallmark_protein_secretion, and
hallmark_pi3k_akt_mtor_signaling (Supplementary Figure S3). Next, we investigated
immune cell infiltrates inferred from bulk RNA-seq data. We observed significantly more
activated B cells, immature B cells, central memory CD8+ T cells, and type 1 T helper



Genes 2025, 16, 696

7 of 18

cells in the radiation-sensitive tumor specimens (Figure 2D). The activation of these
immune cells may enhance the antitumor immune response within the TME, thereby
increasing sensitivity to treatment. In summary, clear shifts in the immune infiltrate
composition were observed in the radiation-resistant rectal cancer cohort based on bulk
transcriptome analysis.
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Figure 2. Identification and functional enrichment of DEGs in radiation-resistant rectal cancer
cohort. (A) Volcano plot of DEGs between responders and non-responders to chemoradiotherapy in
LARC patients in GSE150082. (B) GO biological process function enrichment analysis of the Up and
(C) Down genes associated with radiation-resistant rectal cancer. (D) Differences in infiltration of
28 immune cells between responder and non-responder groups were calculated using the ssGSEA
algorithm. * p < 0.05, ** p < 0.01.
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Figure 3. WES combined transcriptome analysis. (A) Venn diagram analysis of the upregulated genes
in the radiation-resistant group from the GSE150082 and the mutated genes identified in the WES.
(B) Random forest analysis of the identified mutated genes. (C) The expression differences of the
top five genes (CDCA4, FANCA, PBRM1, RPL13, and C120rf43) between the resistant and sensitive
groups in the GSE150082 dataset. (D) Differential expression analysis of the top five genes in the
TCGA-READ cohort. (E) Mutation frequency of CDCA4 in the non-PCR and PCR groups within the
GSE190826 dataset. * p < 0.05, ** p < 0.01, *** p < 0.001, **** p < 0.0001.

3.3. Development of a Gene Signature for Predicting Radiotherapy Efficacy

To obtain a robust gene signature for predicting responders to radiotherapy, we exe-
cuted a machine learning method, random forest algorithm, to screen out the optimal gene
signature from the identified mutated genes. We identified the top five genes (CDCA4,
FANCA, PBRM1, RPL13, and C120rf43) based on p-value < 0.01 (Figure 3B). Meanwhile,
we compared the expression differences of these genes between the resistant and sensitive
groups (Figure 3C). We used receiver operating characteristic (ROC) curves to evaluate
the predictive performance of these five genes. All of them had an area under the curve
(AUC) greater than 0.7, indicating high accuracy (Supplementary Figure S5). Moreover,
differential expression analysis of those five genes in the TCGA-READ cohort confirmed
that CDCA4, FANCA, and RPL13 were specifically expressed in the tumor compared to the
normal samples (Figure 3D). Due to CDCA4 being identified as the most important factor
in the random forest analysis, we selected CDCA4 for further analysis. The WES sequenc-
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ing results revealed a rare nonsynonymous single nucleotide variant (SNV), rs752564841
(CDCA4 ¢.G239T, p.R80L), which was identified in exon 2 of the CDCA4 gene (transcripts
NM_017955 and NM_145701). This variant leads to an arginine-to-leucine substitution at
codon 80. It is extremely rare in the general population, with an allele frequency of less than
0.01 in public databases such as ExXAC_ALL and gnomAD v4.0 exome. In silico functional
prediction tools suggest a potential deleterious impact: PolyPhen-2 (HDIV) classifies it as
possibly damaging (P), while PROVEAN predicts it to be deleterious (D). Subsequently, we
validated our findings using the independent LARC cohort (GSE190826 dataset), which
investigates the key role of inflammatory fibroblasts in resistance to neoadjuvant therapy.
By extracting variant information for CDCA4 from the transcriptomic data of 36 non-PCR
and 18 PCR CRC patients prior to chemoradiotherapy, we observed that the mutation
frequency of CDCA4 in the PCR group was significantly higher than that in the non-PCR
group (Chi-square test, p = 0.03) (Figure 3E).

As the TMB and MSI of CRC are known correlates with radiotherapy efficacy or CRC
survival outcomes, we investigated whether the expression of CDCA4 in tumors was
associated with the TMB and MSI. We analyzed the TMB and MSI profile of COAD and
COADREAD patients in TCGA and correlated them with the corresponding expression
of CDCA4 in the tumors. The results indicated that CDCAA4 is significantly associated
with TMB and MSI (Figure 4A,B). The occurrence of MSI is due to functional defects in the
DNA mismatch repair system in tumor tissues, consistent with our previous functional
enrichment results.
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Figure 4. Pan-cancer analysis of CDCA4 in relation to immune infiltration. (A) TMB analysis of
CDCAA4 in different cancer types analyzed using the Sangerbox database. (B) MSI analysis of CDCA4
in different cancer types analyzed using the Sangerbox database. (C) Immune cell infiltration analysis
of CDCA4 in different cancer types analyzed using the Sangerbox database. (D) Relationship between
B cell infiltration and prognosis in TCGA-READ. (E) Relationship between B cell infiltration and
CDCA4 expression in TCGA-READ. * p < 0.05, ** p < 0.01, ** p < 0.001, *** p < 0.0001.
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3.4. The Regulatory Network of CDCA4 Affects B Cell Development

Using the TCGA RNA-seq data, we further estimated the immune infiltration profile
to explore whether CDCA4 was associated with the TIME. Interestingly, correlation analysis
revealed that the expression level of CDCA4 is significantly associated with B cell immune
infiltration in COAD and COADREAD (Figure 4C). In addition, analysis of the TCGA-
READ cohort revealed improved prognosis associated with B cell infiltration (Figure 4D),
while CDCA4 expression demonstrated an inverse correlation with B cell infiltration levels
(Figure 4E).

To further investigate the relationship between CDCA4 and B cell infiltration,
based on the TCGA-READ datasets, we established the GSEA on the gene sets of
“GSE22886_NAIVE_BCELL_VS_BLOOD_PLASMA_CELL_UP” and found that high ex-
pression of CDCAA4 is negatively correlated with the ratio of naive B cells to mature plasma
cells (Figure 5C). Furthermore, based on the STRING database, we constructed a CDCA4
PPI network that was visualized via Cytoscape (Figure 5B). The top four hub genes were
screened by the cytoHubba plugin, including CCNA2, CDC20, CDC25C, and MCM5
(Figure 5C). Studies have shown that CCNAZ2 is involved in the cell cycle and DNA repli-
cation processes of B cells [30,31]. CDC20 and CDC25C are highly expressed in diffuse
large B cell lymphoma, suggesting that these genes may also influence B cell growth and
development [32,33]. In other words, we found that the CDCA4 regulatory network may
influence B cell immune infiltration in CRC by regulating the development of B cells.
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Figure 5. The PPI regulatory network of CDCA4 affects B cell development. (A) GSEA of CDCA4
based on the TCGA-READ dataset. (B) The PPI network of CDCA4 was constructed using the
STRING online database. (C) The top five genes of the CDCA4 PPI network were calculated using
the MCC algorithm in the cytoHubba plugin of Cytoscape software.
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3.5. Single-Cell RNA-Seq Reveals CDCA4 Expression in Epithelial Cells Correlates with Tumor
Progression and DNA Repair Pathways

To gain a deeper understanding and address the issue of cellular heterogeneity in
tumor tissue, we utilized scRNA-seq data from the tumors of CRC patients (GSE132465),
which describes the comprehensive cellular landscape and potential cell interactions in
CRC. This dataset comprises 23 primary CRC samples and 10 normal mucosal samples.
After stringent filtering and quality control, 63,689 cells were retained for further analysis.
Using graph-based clustering, these cells were categorized into 22 clusters (Figure 6A).
After annotating these cells using marker genes from the CellMarker 2.0 database, the cell
clusters were divided into eight subgroups: T cells, B cells, plasma cells, epithelial cells,
endothelial cells, macrophages, monocytes, plasmacytoid dendritic cells (pDC), mast cells,
Schwann cells, pericytes, and fibroblasts (Figure 6B,C). We observed that the proportion
of immune cells, such as B cells and plasma cells, is higher in normal control samples
compared to tumor samples. Conversely, epithelial cells are significantly more prevalent in
tumor samples (Figure 6D).
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Figure 6. Single-cell RNA-seq analysis in CRC. (A) UMAP plots of 22 cell clusterings (n = 63,689 cells)
from 23 primary CRC samples and 10 normal mucosal samples by scRNA-seq. (B) UMAP plots of
12 types of cells (n = 63,689 cells) from 23 primary CRC samples and 10 normal mucosal samples
by scRNA-seq. (C) Bubble plot of signature genes for immune cell clusters. Each cell cluster is
represented by three specifically expressed genes. (D) Bar plot showing the immune cell type
proportion in each tumor and normal sample.
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Interestingly, we found that CDCA4 and FANCA exhibit higher expression levels in
epithelial cells (Figure 7A). We subsequently focused on the differences in epithelial cells
and categorized them into the Epithelium-Tumor and Epithelium-Normal groups. This
analysis identified 1848 DEGs, among which CDCA4 was upregulated in the Epithelium-
Tumor group (Figure 7B). We defined epithelial cells with expression levels of CDCA4
greater than 0 as CDCA4+ Epi and those with no expression as CDCA4— Epi (Figure 7C).
By comparing the expression differences between CDCA4+ Epi and CDCA4— Epi cells,
we identified 175 DEGs (158 upregulated; 17 downregulated). Finally, we performed GO
and KEGG enrichment analyses on the upregulated genes in CDCA4+ epithelial cells. Our
functional analysis revealed that the upregulated genes are mainly associated with DNA
replication, DNA repair, and the cell cycle (Figure 7D,E). In short, CDCA4+ Epi is closely
associated with pathways involved in DNA replication, the cell cycle, and DNA repair.
The high expression of genes such as CDCAA4 in epithelial cells may be a potential factor
contributing to the radiation resistance of CRC.
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Figure 7. Expression profile of CDCA4 in epithelial cells. (A) Bubble plot of CDCA4 and FANCA
expression in different cell types. (B) Volcano plot of DEGs between the Epithelium-Tumor and
Epithelium-Normal groups. (C) The proportion of CDCA4+ Epi and CDCA4— Epi in normal and
tumor samples. (D) GO biological process function enrichment analyses on the upregulated genes
in CDCA4+ epithelial cells. (E) KEGG pathway analyses on the upregulated genes in CDCA4+
epithelial cells.
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4. Discussion

Patient responses to radiotherapy in CRC vary significantly, with pathological com-
plete response correlating with better outcomes. However, effective methods to identify
patients who would benefit from radiotherapy are still lacking. This study investigated the
genetic and transcriptomic alterations linked to radiation-resistant CRC. We found that a
shared genetic and transcriptomic background contributes to the onset and progression of
radiation resistance. Our WES analysis of 12 CRC patients revealed 3725 gene mutations
and 5512 loci mutations, with 1504 mutated genes exclusive to the resistant group. GO
analysis indicated significant enrichment in pathways related to organic anion transport,
DNA replication, and its negative regulation. Transcriptomic data integration showed
that genomic variations influence transcriptional profiles. From 1338 DEGs, we identified
46 mutated genes in the resistant group and 59 in the sensitive group. Notably, CDCA4
emerged as a key factor in radiation-resistant CRC through random forest analysis. Addi-
tionally, scRNA-seq of 23 primary CRC and 10 normal mucosal samples revealed CDCA4
upregulation in tumor epithelium, with associated genes linked to DNA replication, repair,
and the cell cycle, highlighting a common genomic background. Similar research findings
indicate that no somatic alterations showed a significant association with responses to
neoadjuvant therapy, but KRAS mutations were linked to a faster relapse in patients who
undergo consolidation chemotherapy after receiving nCRT. The overexpression of IGF2 and
L1CAM was associated with a reduced response to neoadjuvant therapy [34]. Additionally,
a study that performed WES on 28 paired tumor samples collected from the same patients
who were unresponsive to chemoradiotherapy before and after treatment demonstrated
that recurrent mutations in CTDSP2, APC, KRAS, TP53, and NFKBIZ confer a selective
advantage to cancer cells, leading to resistance against chemoradiotherapy treatment. Most
of these mutated genes were included in our mutation dataset, indicating the accuracy of
our sequencing data. Our research presents a novel gene, CDCA4, which is implicated in
the radiotherapy resistance process in CRC [35].

Several studies have explored the role of germline mutations in influencing cancer
prognosis and response to radiotherapy. Herein, our study identifies additional germline
variants including CDCA4 that may contribute to radiotherapy resistance, highlighting
novel candidate genes that have not been extensively reported in the previous literature.
Notably, while some studies suggest that germline mutations can serve as predictive
biomarkers for radiation response, the clinical utility of such markers remains under
investigation. Our results provide further evidence supporting the stratification of patients
based on germline genetic profiles to optimize radiotherapy outcomes. Future studies
integrating larger patient cohorts and functional assays will be essential to validate our
findings and further elucidate the molecular mechanisms underlying germline mutation-
driven radio-resistance.

Tumor-infiltrating B lymphocytes (TIL-Bs), including B cells and plasma cells, play
multifaceted roles in antitumor immunity [36]. Our study observed an increased infiltration
of activated B cells, immature B cells, and type 1 helper T cells in radiation-sensitive tumors,
suggesting that B cell recruitment may counteract radiotherapy resistance. This aligns with
recent single-cell studies showing that CD20* B cell infiltration enhances PD-1 antibody
efficacy in CRC [37]. Tumor-infiltrated activated B cells are significantly depleted in CRC
and can suppress liver metastasis of CRC [38]. Mechanistically, B cells may modulate
radiotherapy outcomes through antigen presentation and cytokine regulation [39-41].

Recent studies have shown that the CDCA gene family proteins (CDCA2, CDCAS3,
CDCA4, CDCAS5, CDCA7, CDCAS8) may serve as potential prognostic and therapeutic
targets for CRC [42]. Specifically, CDCA3 mediates p21-dependent proliferation by reg-
ulating E2F1 expression in CRC [43]. CDCA5 promotes CRC progression through the
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activation of the ERK signaling pathway [44]. Interestingly, CDCAZ2 not only enhances the
proliferation of CRC cells by activating the AKT/CCND1 pathway but also reduces the
radiosensitivity of gastric adenocarcinoma by activating the PI3K/AKT pathway [45,46].
Analysis of WES data from 12 patients revealed distinct CDCA family mutation patterns;
specifically, radiotherapy-sensitive individuals harbored mutations in CDCA4, CDCAS5,
and CDCAS, while a CDCA7 mutation was exclusively detected in a radiation-resistant case
(Supplementary Figure S7A). Notably, CDCA3, CDCA4, CDCAS5, and CDCAS exhibited
elevated expression trends in the radiation-resistant cohorts (Supplementary Figure S7B),
consistent with the TCGA-READ database findings showing preferential CDCA family
overexpression in tumor specimens (Supplementary Figure S7C). These results suggest that
members of the CDCA protein family, particularly CDCA4, CDCA5, and CDCAS, may act
as potential mediators of radiotherapy resistance, potentially through mutation-induced
expression downregulation.

CDCAA4 has been identified as a gene expressed specifically in hematopoietic pro-
genitor cells, not in hematopoietic stem cells, and is thought to play a crucial role in cell
cycle regulation [47]. CDCA4 is upregulated in non-small cell lung cancer [48], breast
cancer [49], osteosarcoma [50], and ovarian cancer [51], making it a potential biomarker
and key mediator in various malignancies. Our study extends its role to CRC, showing its
overexpression in radiotherapy-resistant tumors. Through single-cell sequencing analysis,
we found this malignant phenotype is primarily due to the high expression of CDCA4
in epithelial cells within tumor tissues. Epithelial cells play multiple critical roles in the
TIME [52]; they are not only the origin cells of the tumor but also influence tumor growth,
immune evasion, and immune responses through various mechanisms [51]. Tumor epithe-
lial cells can secrete various cytokines, chemokines, and growth factors to modulate the
immune microenvironment, such as recruiting immunosuppressive cells [53], promoting
macrophage polarization to the M2 phenotype [54], and interacting with stromal cells (e.g.,
fibroblasts) to reshape the TME [55]. Therefore, we hypothesize that CDCA4+ epithelial
cells play a significant role in the TIME and may contribute to radiotherapy resistance
in CRC. Targeted elimination of the CDCA4+ epithelial cell population could be a novel
approach for CRC therapy.

In general, by integrating WES, transcriptome analysis, and single-cell RNA-seq
analysis, we found that radiation-resistant CRC might be associated with the infiltration of
immune cells, particularly with a reduction in B cell numbers, in the radiotherapy-resistant
group. It is plausible to infer that the composition of the TME has significant implications
for CRC treatment. Furthermore, our novel findings indicate that high CDCA4 expression
may promote tumorigenesis and the progression of CRC. Additionally, epithelial cells with
elevated CDCA4 expression in tumor tissues are associated with radiotherapy resistance in
CRC patients, suggesting that CDCA4 could serve as a critical therapeutic target. However,
further studies are required to validate the effectiveness of these findings in CRC treatment.
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www.mdpi.com/article/10.3390/genes16060696/s1, Figure S1: Summary of CRC mutations in WES;
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in GSE150082; Figure S3: the hallmark pathways in tumors via GSVA analysis; Figure S4: KEGG
pathways in tumors via GSVA analysis; Figure S5: ROC curves to evaluate the predictive performance
of these five genes; Figure S6: Presentation of five mutated genes and loci identified in WES; Figure S7:
Presentation of CDCA mutated genes and loci identified in WES; Table S1: Clinical information of
12 patients with CRC; Table S2: The depth and base coverage of WES-seq.
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