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Breast cancer is a leading cause of cancer-related deaths among women globally. It is imperative to
explore novel biomarkers to predict breast cancer treatment response as well as progression. Here,

we collected six breast cancer samples and paired normal tissues for high-throughput sequencing. By
differential expression analysis, we found 1687 DEGs and identified the top 10 hub genes, including
TOP2A, CDK1, BUB1B, KIF11, CCNA2, BUB1, CCNB1, KIF20A, DLGAP5 and CDC20. Univariate and
multivariate Cox analyses on the METABRIC database and GSE96058 dataset demonstrated that
KIF20A was an independent prognostic predictor for overall survival. KIF20A was positively correlated
with cell cycle phases, including the cell cycle process, cycle G2 M phase transition and cell cycle

DNA replication initiation. Single-cell analyses revealed that KIF20A was enriched in fibroblasts and
endothelial within breast cancer stroma. Meanwhile, multidrug resistance (MDR) genes ABCB1, ABCC1
and ABCG2 were co-expressed with KIF20A in fibroblasts and endothelial cells within the stroma.
MTABRIC database confirmed that high expression of KIF20A was positively correlated with treatment
efficacy in patients with breast cancer. In conclusion, KIF20A could be served as a predictive biomarker
for breast cancer prognosis and treatment outcomes. KIF20A may play a significant role by regulating
cell cycle progression and modulating stromal progression in breast cancer. Our findings provided novel
molecular insights that can guide personalized treatment strategies in breast cancer.

Keywords breast cancer, KIF20A, tumor microenvironment, prognosis, treatment resistance

Breast cancer is the most common diagnosed cancer among women. In 2024, there will be 310,720 new cases
of breast cancer in the United States, accounting for 32% of all female cancers, and 42,250 deaths from breast
cancer, accounting for 15% of all cancer deaths'. Breast cancer has become a major burden of public health
globally?. Although the combination of systematic treatment (chemotherapy, endocrine therapy and target
therapy ) and local treatment (surgery and radiotherapy) were effective, treatment failure such as drug resistance
still needs to be addressed®.

Breast cancer is a heterogeneous disease characterized by various gene mutations, genomic instabilities,
and tumor microenvironment (TME)“. The tumor microenvironment consists of non-cancerous components
within the tumor that produce and secrete molecules interacting with cancer cells, contributing to the initiation,
progression, metastasis, and therapeutic resistance of cancer®”. These hallmarks of breast cancer are closely
related to different responses to different treatment strategies®. Current treatment strategies for breast cancer
mainly depend on clinicopathological characteristics and molecular classification®'°. However, even if patients
with the same tumor grade and the same molecular subtype, treatment response may be different, leading to
different clinical outcomes!'2. Thus, the current breast tumor staging system and molecular classification
system are no longer adequate to explain the heterogeneity of breast tumors. Novel molecular markers are
urgently needed to better predict the heterogeneity and prognosis of breast cancer. The application of single-cell
analysis techniques is conducive to precise diagnosis and treatment of breast cancer'>!%. Deep genetic analysis,
such as next-generation sequencing (NGS) can provide new insights into breast cancer heterogeneity, which is
widely used in diagnosis, treatment and prognosis prediction for breast cancer!>!°.
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KIF20A, which is part of the kinesin protein family, participates in the transportation of chromosomes during
the mitotic process and is essential for the proper execution of cellular division. KIF20A is overexpressed in a
variety of malignant tumors and is associated with poor patient prognosis!’~2. For instance, KIF20A promotes
progression to castration-resistant prostate cancer through autocrine activation of the androgen receptor'®. In
hepatocellular carcinoma, KIF20A expression is induced by Gli2 via the FoxM1-MMB complex and is associated
with poor outcomes?!. In previous research, KIF20A has been implicated in the regulation of cell growth and the
cell cycle. Inhibiting KIF20A expression has been shown to curtail the proliferation and invasion of breast cancer
cells*2. However, the biological function and relevant mechanism of KIF20A in breast cancer remain elusive.

In the present study, high-throughput sequencing was performed based on breast cancer tissues and
paired normal tissues. Differentially expressed genes (DEGs) and hub genes were identified and functional
enrichment analyses were performed. Validation through public databases revealed the correlation between
KIF20A expression and breast cancer prognosis. Subsequently, we explored the correlation between KIF20A and
treatment efficacy and investigated the potential mechanism. Our study will provide the potential molecules for
breast cancer diagnosis and treatment.

Materials and methods

Samples and datasets

Six breast cancer tissues and paired normal tissues were obtained from patients underwent mastectomy in the
First Affiliated Hospital of Jinan University. None of the patients had received radiotherapy or chemotherapy
before surgery (Table S1). The Ethics Association of the First Affiliated Hospital of Jinan University approved all
experiments. All 6 patients included in the study signed informed consent forms. Six breast cancer tissues and
paired normal tissues were collected by specialized breast surgeons and were rapidly stored in liquid nitrogen
immediately after excision. The high-throughput whole transcriptome sequencing results of these 6 pairs of
tissues were performed and analyzed by Guangzhou IGE Biotechnology Co, Ltd. The transcriptome data and
clinical data of breast cancer patients of the validation set were obtained from the Molecular Taxonomy of Breast
Cancer International Consortium (METABRIC) database (1980 samples) and GSE96058 in the Gene Expression
Omnibus (GEO) database (3409 samples). After excluding cases without prognostic information, 1980 patients
in the METABRIC database and 3409 patients in GSE96058 were used as validation sets for further research.
Single-cell RNA sequencing (scRNA) data of 18 primary breast cancer patients was retrieved from GSE159284
dateset. All methods were performed in accordance with the relevant guidelines and regulations.

Different expression genes identification

The counts of expression profile data were estimated and the “DEseq2” R package was utilized to perform
differential analysis of the expression profiles of 6 pairs of breast cancer tissues. The R package “DESeq2”
normalizes the counts data using size factors and performs log transformation through methods such as
regularized log (rlog) or variance stabilizing transformation (vst). The filtering criteria are p<0.05 and |log2
foldchange (FC)|>2.

Functional enrichment analysis

The gene ontology (GO) analyses and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses
of DEGs were performed by “clusterProfiler”, “org. Hs.eg.db’, “enrichpolt” and “ggplot2” in R package?’. The
GO terms and KEGG pathways with the enriched gene count>2 and the significance threshold p <0.05 were

considered significant®*.

Construction and analysis of protein-protein interaction (PPI) network and ceRNA
network

The STRING database (http://string-db.org) was utilized to construct a protein-protein interaction (PPI) network
to investigate the interplay among DEGs. Networks with the highest confidence score>0.9 were retained. The
network visualization was achieved by Cytoscape software. The cytoHubba in Cytoscape was used to find the
Hub genes based on the degree calculation method. The Online website (networkanalyst.ca/ and miRTarBase)

and Cytoscape software were used to predict miRNAs and TFs (Transcription factors) related to hub genes?.

Validation of survival-related independent signals
In order to further verify the correlation between hub genes and prognosis, we performed univariate and
multivariate Cox analyses using METABRIC database and GSE96058 data sets by R software.

Single cell analysis

We performed single-cell analysis on the GSE159284 data set using the “Seurat” and “dplyr” package in R
software. Cells with less than 200 gene profiles and cells with more than 20% mitochondrial gene expression
were excluded according to previous literature?®?”. Principal component analyses (PCA) of a maximum of 2000
variable genes were performed to visualize the transcriptional variability across the entire scRNA-seq dataset.
T-distributed stochastic neighbor embedding (t-SNE) was used to further reduce the dimensionality of the
principal components.

Gene set variation analysis (GSVA) and drug repurposing by molecular docking analysis

The gene list of cell cycle processes is obtained from gene ontology. Under default parameters, the provided
package (R environment) was used to calculate functional enrichment scores for each sample. The correlation
between KIF20A and cell cycle processes was determined by Pearson correlation analysis. Ten hub genes were
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used as drug target proteins (receptors) to explore KIF20A-guided drug candidates through molecular docking
analyses. Subsequently, target molecules related to hub genes were screened through the GSCALite database.

Cell culture

Human breast cancer cell lines ( MDA-MB-231, MDA-MB-468) and normal breast epithelial cell (MCF-10A)
were purchased from Pricella (Guangzhou, China). MDA-MB-231 and MDA-MB-468 cells were cultured in
DMEM medium (Gibco) containing 10% fetal bovine serum (FBS) and 1% penicillin-streptomycin (Gibco).
MCEF-10A cultured in a special culture medium purchased by Pricella. All cells were cultured at 37 °C with 5%
CO,. These cells were free of mycoplasma contamination.

Quantitative real-time PCR (qRT-PCR)

RNAs were extracted using TRIzol and cDNAs were generated using a cDNA synthesis kit (Vazyme). The SYBR
Green PCR kit (MCE) was mixed with specific primers for PCR. The GAPDH gene was used as an internal
reference gene for normalization analysis. The comparative CT method was used to calculate the relative
expression of target gene. Primer sequences are listed in supplementary Table S2.

Statistical analysis

All gene expression profiles were processed in statistical analysis using R software (version 4.3.1). The statistical
analysis of differences between multiple components is accomplished through one-way analysis of variance
(ANOVA), which is a form of single-factor contrast analysis. The comparison between the two groups is
implemented through paired t-test. P<0.05 was considered statistically significant.

Results

Identification and functional analysis of differentially expressed genes

To investigate differently expressed genes (DEGs) between breast cancer and normal tissues, 6 pairs of tissues
were obtained for high-throughput whole transcriptome sequencing analysis. The volcano diagram clearly
shows the differential genes in cancer and normal tissues (Fig. 1A). According to the screening criteria, 1687
DEGs were identified, including 857 up-regulated genes and 830 down-regulated genes. Hierarchical clustering
analysis of DEGs further revealed differential gene expression (Fig. 1B).

In order to explore the potential functions of the DEGs, we performed functional enrichment analysis on all
DEGs. The top 8 enriched terms of Gene Ontology (GO) analysis are shown in Fig. 1C. We found that differentially
expressed genes (DEGs) were significantly concentrated in the following biological processes (BP): nuclear
division, mitotic sister chromatid segregation, and mitotic nuclear division. According to cellular components
(CC) analyses, the DEGs exhibited substantial enrichment at the external side of the plasma membrane, within
the DNA packaging complex, and associated with the spindle apparatus. In the category of molecular function
(ME), the DEGs exhibited pronounced enrichment in functions such as structural constituent of chromatin,
extracellular matrix structural constituent, and microtubule binding.

Additionally, the result of the Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses
indicated that the DEGs were involved in “neuroactive ligand-receptor interaction’, “cytokine-cytokine receptor
interaction” and “neutrophil extracellular trap formation” (Fig. 1D).

Construction of the PPl network and functional analysis of hub genes

Using the STRING database, we constructed a PPI network of all DEGs and obtained a network including 957
nodes and 1292 edges. We hid dispersed proteins and visualized the PPI network with Cytoscape. Figure 2A
shows the correlation of the central PPI network, where the larger and darker the color of each point, the
higher its degree values. Next, we used the cytohubba plug-in in Cytoscape software to obtain hub genes.
According to the degree algorithm, we got the key 10 hub genes, including TOP2A,CDK1,BUBIB,KIF11,
CCNA2,BUB1,CCNB1,KIF20A,DLGAP5, and CDC20 (Fig. 2B). Hub genes were involved in numerous critical
signaling pathways, and their dysregulation may lead to the progression of breast cancer (Table 1). The ceRNA
regulatory interaction network was constructed, where red represents hub genes, blue represents miRNAs and
yellow represents transcription factors (Fig. 2C). The ceRNA regulatory network revealed a potential regulatory
network underlying the progression of breast cancer.

To further investigate the function of key hub genes, we performed functional enrichment analysis on
them. We found that hub genes were predominantly enriched in the biological process (BP) categories of sister
chromatid segregation, regulation of mitotic sister chromatid segregation, and nuclear chromosome segregation.
In the cellular component (CC) category, hub genes were mainly enriched in the spindle, chromosomal region,
and spindle pole areas. For molecular function (MF), they were primarily enriched in activities associated with
cyclin-dependent protein serine/threonine kinase regulator, microtubule binding, and microtubule motor
activity (Figure S1A). In addition, the KEGG enrichment analysis of hub genes demonstrated that hub genes
were mainly involved in cell cycle, progesterone-mediated oocyte maturation, and oocyte meiosis (Figure S1B).
Taken together, we found that hub genes are closely related to cell division and proliferation.

Survival analysis of hub genes

To investigate whether the screened hub genes were related to the survival of breast cancer patients, we performed
univariate and multivariate Cox analyses on hub genes in the METABRIC data set and GSE96058 data set,
respectively. Univariate Cox analysis shows that all genes with the exception of BUB1B were positively correlated
with OS of breast cancer patients in the METABRIC data set. Meanwhile, univariate Cox analysis results in the
GSE96058 data set also showed that all hub genes were significantly associated with OS of BC patients (Fig. 3A
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Fig. 1. The screen of different expression genes and functional enrichment analysis of DEGs. (A) Volcano of
DEGs, where blue dots indicate downregulated DEGs and red dots indicate upregulated DEGs. (B) Heatmap
of DEGs, where blue indicates downregulated DEGs and red indicates upregulated DEGs. (C) Gene ontology
terms of top8. (D) KEGG pathway.

and B). However, multivariate Cox analysis demonstrated that only KIF20A was an independent prognostic
predictor (Fig. 3C and D). Thus, we took KIF20A for further analysis.

KIF20A as a potential biomarker for breast cancer

To investigate whether KIF20A could serve as a novel biomarker, the expression of KIF20A in breast cancer
tissues was validated based on the Human Protein Atlas in the first place (Figure S2). Then, the correlation
between KIF20A with clinicopathological parameters was explored using the GSE96058 dataset. We found that
patients with different KIF20A expression levels exhibited different clinical and pathological features (Fig. 4A).
Elevated KIF20A expression was correlated with more aggressive features, such as positive lymph nodes, larger
tumor size, high histological grade and higher ki67 rates (Figure S3).

Furthermore, we explored the distribution of KIF20A among different molecular subtypes and found
that KIF20A level was significantly higher in the basal-like subtype, HER2 positive and Luminal B subtypes
compared with Luminal A subtypes in METABRIC and GSE96058 datasets (Fig. 4B and C). Additionally, the
expression of KIF20A was examined in the normal cell line MCF-10 A and triple-negative breast cancer cell lines
MDA-MB-231 and MDA-MB-468 using qRT-PCR. We found that KIF20A was significantly highly expressed
in MDA-MB-231 and MDA-MB-468, further validating the predictive role of KIF20A in triple-negative breast
cancer (Figure $4).

Thus, the receptor operating characteristic (ROC) curve was used to evaluate the expression specificity of
KIF20A in breast cancer. As was shown in Fig. 4D, the area under the curve (AUC) was 84.3% and 83.8% in
the METABRIC dataset and the GSE96058 dataset, respectively (Fig. 4E). An AUC value of the ROC curve
exceeding 0.8 indicates very strong predictive power, approaching perfection. These results indicate that KIF20A
may serve as a potential biomarker for patients with breast cancer.
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Fig. 2. PPI network analysis of DEGs. (A) PPI network of DEGs, in which the darker the color and the larger
the diameter, the higher the degree. (B) Hub genes of DEGs, calculated according to degree. Red represents
high degree, yellow represents low degree. (C) CeRNA network of hub genes, red represents hub genes, yellow
represents transcription factors, and blue represents miRNA.

KIF20Ais positively related to the cell cycle progression

To further identify whether KIF20A was involved in cell cycle progression, the correlation between KIF20A
and cell cycle checkpoints was analyzed in the METABRIC and GSE96058 datasets. The results demonstrated
that there was a positive correlation between KIF20A and cell cycle checkpoints, indicating that KIF20A may
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TOP2A
CDK1
BUB1B
KIF11
CCNA2
BUB1
CCNB1
KIF20A
DLGAP5
CDC20

TOP2A
CDK1
BUB1B
KIF11
CCNA2
BUB1
CCNB1
KIF20A
DLGAPS
CDC20

p value

<0.001
<0.001
0.068

<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001

p value
0.311
0.742
0.127
0.818
0.881
0.481
0.459
0.005
0.470
0.555

Hub gene | Express | Degree | Pathway

CDK1 Up 112 Cell cycle

CDC20 Up 104 Cell cycle

BUBI1 Up 100 Cell cycle

BUBI1B Up 96 Cell cycle

CCNA2 | Up 96 Cell cycle

KIF11 Up 94 Motor proteins

CCNB1 Up 94 FoxO signaling pathway
KIF20A Up 94 Motor proteins

TOP2A Up 92 Platinum drug resistance
DLGAP5 | Up 92 blank

Table 1. The top 10 hub upregulated genes in PPI network.
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Fig. 3. Univariate COX and multivariate COX analysis of hub genes in MEABRIC data set and GSE96058 data
set. (A) Univariate COX analysis of hub genes in METABRIC data set. (B) Univariate COX analysis of hub
genes in GSE96058 data set. (C) Multivariate COX Univariate COX analysis of hub genes in METABRIC data
set. (D) Multivariate COX Univariate COX analysis of hub genes in GSE96058 data set.

be positively related to tumor cell proliferation (Fig. 5A and B). Moreover, we selected six key phases in the cell
cycle as markers of breast cancer proliferation, including GO to G1 transition, G1 to GO transition, cell cycle
process, cycle G2 M phase transition, cycle G1 S phase transition, and cell cycle DNA replication initiation and
then investigated which phases of cell cycle that KIF20A may be involved in. The results showed that KIF20A
was positively correlated with breast cancer proliferation, especially with the cell cycle process, cycle G2 M
phase transition and cell cycle DNA replication initiation (Fig. 5C and D). These results suggest that KIF20A is
involved in breast cancer proliferation and may act as a tumor-promoting biomarker.

KIF20Aexpression is correlated with breast cancer treatment response.

In order to further verify whether KIF20A is related to treatment resistance, we conducted statistical analysis
on patients who had undergone radiotherapy in the MTABRIC data set and found that high expression of
KIF20A after radiotherapy was positively correlated with breast cancer recurrence (Fig. 6A). Similarly, patients
with high KIF20A expression have a higher recurrence rate than those with low KIF20A after chemotherapy,
especially in the luminal A subtype (Fig. 6B). Kaplan-Meier analysis further confirmed that patients with high
KIF20A expression had a worse disease-free survival than those with low KIF20A expression after treatment
(HR 1.67 (95% CI: 1.45-1.93), p<0.0001) (Fig. 6C). To further investigate the correlation between KIF20A
expression and treatment response, we further analyzed the correlation of KIF20A levels with the response to
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Fig. 4. Relationship between KIF20A and clinical and pathological features. (A) KIF20A and clinical and
pathological characteristics map in GES96058 data set. (B) and (C), KIF20A is enriched in triple-negative
breast cancer subtypes in the METABRIC dataset and the GSE96058 dataset. P<0.0001 by one-way ANOVA.
(D) and (E), Receiver operating characteristic (ROC) curve showed that KIF20A has high expression
specificity in triple-negative breast cancer in METABRIC and GSE96058 datasets. AUC, area under the curve.

anthracycline and/or taxane-containing neoadjuvant chemotherapy. We obtained 60 tissues from patients who
underwent neoadjuvant chemotherapy in our department, measured KIF20A expression, and correlated KIF20A
expression with PCR rate. A decreased pCR rate was observed in patients with high KIF20A expression. Eleven
patients (37%) achieved a pCR in low KIF20A expression, whereas only six patients (20%) achieved a pCR
in high KIF20A expression (p <0.01, Fig. 6D). These data showed that patients with high KIF20A expression
achieved less treatment response than those with low KIF20A expression.

The above results indicated that KIF20A may be a tumor promoter and a potential target of treatment. Thus,
we wondered whether there were any candidate drugs targeting KIF20A. We performed a molecular docking
analysis of KIF20A as well as other hub genes using the GSCALite database. Unfortunately, as shown in Figure
S5, the correlation between KIF20A and candidate drugs is positive, suggesting that these candidate molecules
are not sensitive to target KIF20A.

KIF20A is enriched in the microenvironment and co-expressed with multidrug resistant genes.
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Fig. 5. Correlation between KIF20A expression and cell cycle in METABRI and GSE96058 data sets. (A)
and (B), Pearson correlation between KIF20A and cell cycle checkpoints. The width and color of the band
represented the R-value. (C) and (D), KIF20A and cell cycle-associated matrix. The correlation coeflicient
is shown in the lower left corner. The correlation coeflicient is expressed as a pie chart scale. The red part
represents a positive correlation.

The single-cell sequencing analysis was performed using the GSE159284 data set. A total of 2359 cells from
18 samples were analyzed to identify and characterize cell populations based on screening criteria. Cell types
were assigned by cross-referencing differentially expressed genes in each cluster with previously reported cell
type-specific marker genes. Using Seurat, a total of 10 cell clusters were identified (Fig. 7A). According to the
expression of cell markers, clusters 1, 7, and 9 were defined as mature luminal cells, clusters 2, and 5 were defined
as luminal progenitor cells, clusters 0, and 3 were defined as basal progenitor cells and basal epithelial cells,
clusters 4 were defined as endothelial cells, clusters 6 were defined as immune cells, and clusters 8 were defined
as fibroblasts cells (Fig. 7B& C).

We further explore the expression of KIF20A in various clusters of breast cancer. We found that KIF20A was
enriched in cell clusters 4 (endothelial cells) and clusters 8 (fibroblast cells), which were important components
of the tumor microenvironment (Fig. 7D). We also observed that genes associated with drug resistance in cancer
treatment (ABCBI,ABCCI,ABCG2) were co-expressed with KIF20A in cell clusters 4 and 8 (Fig. 7E). Based
on our bold hypothesis, KIF20A plays a crucial role in breast cancer stromal cells, which may contribute to the
development of drug resistance.

Discussion

In the present study, we collected six breast cancer tissues and paired normal tissues for RNA sequencing
analyses to explore potential tumor predictor. 1687 DEGs, including 857 up-regulated genes and 830 down-
regulated genes were identified. Upregulated genes may be potential oncogenes that promote the progression of
breast cancer, while downregulated genes may serve as protective factors against breast cancer progression. To
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further explore the potential key genes that influence breast cancer, we constructed a PPI network and identified
10 hub genes, including TOP2A, CDK1, BUBIB, KIF11, CCNA2, BUBI1, CCNB1, KIF20A, DLGAP5 and CDC20.
The results of the KEGG analysis indicated that the hub genes were associated with cell cycle regulation, which
was closely linked to tumor progression?®. Among these hub genes, univariate and multivariate Cox analyses
confirmed that KIF20A was an independent prognostic predictor. Further validation indicated that KIF20A
expression was elevated in breast cancer and correlated with treatment response. Moreover, KIF20A was mainly
enriched in the breast cancer microenvironment based on single-cell analysis. Our study will not only provide a
novel potential biomarker for breast cancer diagnosis and treatment but also reveal the probable mechanism of
breast cancer progression and treatment resistance in the future.

To our knowledge, the role and mechanism of KIF20A in breast cancer is not fully elucidated. KIF204, also
known as Kinesin Family 20 A, has been implicated in the progression of several malignancies, including bladder
carcinoma, prostatic adenocarcinoma, pancreatic ductal adenocarcinoma and hepatic cancer!'®?:2-33 In our
study, differential analysis and hub gene analysis were performed, revealing that KIF20A exhibited differential
expression between breast cancer tissues and normal tissues and occupied a key position in the regulation
of network protein interactions. Subsequently, the association of KIF20A with poor prognosis was validated
based on the mRNA-seq data and clinical data from a cohort comprising 1,980 patients from the METABRIC
database and 3409 patients from the GSE9605 dataset. The analysis of these independent patient cohorts further
supported the notion that high expression of KIF20A was correlated with unfavorable prognosis among breast
cancer patients. Our results further elucidated that KIF20A was enriched in triple-negative subtype than other
subtypes. Similarly, we observed high expression of KIF20A in the triple-negative breast cancer cell lines MDA-
MB-231 and MDA-MB-468 cells.
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Fig. 7. Single-cell analysis in the GSE159284 data set. (A) Breast cancer cell subtype in the GSE159284 dataset.
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set. (D) Enrichment of KIF20A in various cell subtypes in the GSE196284 data set. (E) Expression of drug
resistance-related genes ABCB1, ABCCl, and ABCG2 in different cell subtypes of GSE1096284.

Previous studies indicated that KIF20A has a significant role in cell division, particularly in constructing
the mitotic spindle during the division of the cells**. Thus, we further explore the mechanism underlying the
involvement of KIF20A in cell cycle progression. As anticipated, KIF20A was closely associated with the cell
cycle process and exhibited positive correlations with cell cycle regulating genes®, such as CCNA2, CCNB2 and
CCNBI. Additionally, KIF20A was mainly involved in cellular cycle processes, specifically the transition from
G2 to M phase of the cell cycle and the initiation of DNA replication associated with cell division. These findings
highlight the crucial role of KIF20A in regulating the cell cycle and its potential significance in breast cancer
progression.

Many previous reports have shown that KIF20A is associated with resistance to various tumor treatments
For instance, KIF20A promotes progression to castration-resistant prostate cancer through autocrine activation
of the androgen receptor'®; KIF20A may confer resistance to oxaliplatin in colorectal cancer (CRC) by inhibiting
ferroptosis through the NUAK1/PP1B/GPX4 pathway*°. Here, we for the first time found that patients with high
KIF20A expression were more likely to relapse after radiotherapy in the METABRIC database. Moreover, patients
with high KIF20A expression were more likely to relapse after chemotherapy. Neoadjuvant chemotherapy is
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widely used in breast cancer treatment, providing opportunities to observe the response to chemotherapy in
vivo. Thus, we analyzed the correlation of KIF20A expression with the response to neoadjuvant chemotherapy
and confirmed that KIF20A expression was associated with response to neoadjuvant chemotherapy. In
addition, the GSCALite database online tool was utilized to predict potential therapeutic small molecule drugs
for hub genes. Although no drugs with a sensitive response were identified, we for the first time found that
KIF20A was associated with resistance to multiple small-molecule drugs, implying that targeting KIF20A may
become a potential strategy for treatment resistant*!. Here, we validated that the high expression of KIF20A
may contribute to the development of therapy resistance in breast cancer and attempted to further explore the
potential mechanism.

Accumulating evidence showed that treatment resistance is closely associated with tumor microenvironment.
For instance, endothelial cells and other stromal cells induced chemoresistance and metastasis through producing
TNF-a and subsequently enhancing CXCL1/2 expression in breast cancer*?*3; recent single-cell profiling studies
showed that endothelial cell subtypes also participated in immune response via lipid processing. Fibroblasts
are another key component of the tumor microenvironment and are involved in the progression, metastasis,
and treatment resistance of malignancies®. Recently, Liu et al.*é reported that CD16 fibroblasts may contribute
to breast cancer drug resistance by increasing extracellular matrix stiffness and reducing drug delivery. Several
biomarkers, such as CRTAM,CLEC2D and KLRBI, have been shown targeting exhausted CD8 + T cells (CD8Tex)
in breast cancer, indicating the correlation between potential biomarkers with microenvironment?’. To explore
the potential mechanism underlying the involvement of KIF20A in treatment resistance, we for the first time
investigated the relationship between KIF20A and the microenvironment. Breast cancer tissues were classified
into mature luminal cells, luminal progenitor cells, basal progenitor cells, basal epithelial cells, endothelial cells,
immune cells and fibroblast cells*®. Single-cell analyses were then performed and we found that KIF20A was
predominantly enriched in endothelial cells and fibroblast cells, which were closely related to drug resistance.
We also observed that genes associated with drug resistance in cancer treatment (ABCBI, ABCCI, ABCG2)
were co-expressed with KIF20A in cell clusters 4 and 8, which may explain KIF20A’s involvement in treatment
resistance. Cancer biomarkers can better assist in early diagnosis, precision therapy, prognosis assessment and
the development of new drugs®*->2 It is inappropriate to directly use genes that are highly expressed in tumors
as definitive markers of tumor progression in high-throughput sequencing. Subsequent bioinformatics analysis
and experimental validation are crucial for identifying the roles of these genes in the disease. Meanwhile, single-
cell sequencing results provide new insights into gene expression in specific cell types and tumor locations,
but they are limited by resolution®?. Similarly, these findings shed new light on the potential roles of KIF20A
in the interaction between cancer cells and the tumor microenvironment, suggesting that KIF20A may induce
treatment resistance by regulating the angiogenic and fibrotic processes in breast cancer.

In conclusion, our study identified and validated that KIF20A may serve as a novel predictor for the prognosis
and treatment response in patients with breast cancer. KIF20A may induce treatment resistance by regulating
the tumor microenvironment, which suggests a potential therapy target for breast cancer. Targeting KIF20A may
provide a new therapeutic target for breast cancer patients. However, we did not elucidate the full mechanism
of how KIF20A regulates fibroblasts. Additionally, the exploration of potential molecular drugs that could target
KIF20A remains a significant challenge. Further experimental validations are required to be performed.

Data availability
Public datasets for the current study are available for download on the GEO website and the METABRIC web-
site. Home - GEO - NCBI (nih.gov). cBioPortal for Cancer Genomics.
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