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Background: Breast cancer is one of the most common malignant tumors among women worldwide. This study aimed to
screen key genes and pathways for breast cancer diagnosis and treatment.

Material/Methods: We obtained public data from the NCBI GEO database. The data were divided into a control group (normal breast
tissue) and a treatment group (breast cancer tissue). We screened 32 differentially expressed genes (DEGs) be-
tween normal breast and cancerous tissues and used GO analysis and GSEA to identify the key pathways. We
then combined LASSO and SVM-RFE analyses to screen key genes, and used CIBERSORT to obtain the propor-
tion of 22 types of immune cells. The relationships between key genes and immune-infiltrating cells were fur-
ther explored.

Results: We screened 32 DEGs from the 2 groups, including 27 downregulated genes and 5 upregulated genes. GO anal-
ysis indicated that the DEGs were mainly correlated with collagen-containing extracellular matrix (ECM), Wnt
signaling pathway, and glycosaminoglycan binding. GSEA indicated that the treatment group was correlated
with chromosome segregation and cell cycle while the control group was correlated with cornification, inter-
mediate filament, and nuclear transcription. Through machine learning, SYNM, TGFBR3, and COL10A1 were
screened as key genes. Numbers of CD8 T cells, gamma delta T cells, and M1 macrophages were significantly
higher, while monocytes and follicular helper-T cells were significantly lower in the treatment group. The down-
regulated genes, SYNM and TGFBR3, were positively correlated with CD8 T cells and monocytes, but were neg-
atively correlated with gamma delta T cells and M1 macrophages. The upregulated gene, COL10A1, was pos-
itively correlated with gamma delta T cells and M1 macrophages, and was negatively correlated with CD8 T
cells, monocytes, and follicular helper-T cells.

Conclusions: SYNM, TGFBR3, and COL10A1 are diagnostic genes of breast cancer. They affect breast cancer cells by modu-
lating immune-infiltrating cells.
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Background

Breast cancer is one of the most common malignant tumors
in women and is the leading cause of female deaths world-
wide. Although breast cancer surgery combined with com-
prehensive treatment can greatly improve the overall survival
(0S) and disease-free survival (RFS) of breast cancer patients,
some patients still have a poor prognosis [1]. Thus, the search
for new biomarkers of cancer treatment is very important for
such patients [2].

Bioinformatics analysis of tumors has become an important
method for exploring mechanisms of tumor development [3,4].
Based on bioinformatics methods, we can learn about genes
and pathways for the diagnosis and treatment of tumors.
Recently, data analysis of primary and metastatic prostate can-
cer patients, combined with machine learning methods, for es-
tablishment of a model for predicting the status of prostate
cancer patients, found new targets for cancer treatment and
proved them using in vitro experiments [5]. Moreover, they
suggested that this method could be further applied to pro-
gression of other tumors. In this study, we analyzed a public
database using machine learning methods to find signature
diagnostic genes for breast cancer.

Breast tumors consist of cancerous and non-cancerous cells,
which have rarely been studied; moreover, enriched path-
ways were found to be related to the tumor microenviron-
ment. Therefore, we identified the composition of immune
cells in breast tumors, and investigated the correlation be-
tween the key genes and infiltrating immune cells in breast
cancer patients [6-9].

Thus, we analyzed mechanisms of key genes that regulate
infiltrating immune cells and have an effect on breast can-
cer progression, in combination with previous studies. We
obtained new targets through cancer biology, together with
machine learning methods, which provide new pathways for
breast cancer treatment.

Material and Methods

Gene Expression Data Acquisition

This study used data from the public domain. We selected the
keywords “primary breast cancer” in the NCBI Gene Expression
Omnibus (GEO) public database and the samples were limit-
ed to “Homo sapiens.” We obtained 6 datasets that included
both normal and cancerous breast tissues. The GSE54002 se-
ries matrix files had 433 samples (16 normal breast tissues
and 417 breast cancer tissues), including large samples; hence,
we could obtain comprehensive gene expression profiles. The
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GSE14548 series matrix files comprised 66 samples (28 nor-
mal breast tissues and 38 breast cancer tissues), which con-
centrated on breast cancer progression. The GSE5764 series
matrix files had 30 samples in total (20 normal breast tissues
and 10 breast cancer tissues) that supplemented lobular can-
cerous tissues and lobular cells. These were used as training
sets to make the data more comprehensive. The GSE29044,
GSE 29431, and GSE15852 series of matrix files consisted of
109 (66 normal breast tissues and 73 breast cancer tissues),
66 (12 normal breast tissues and 54 breast cancer tissues),
and 86 (43 breast normal tissues and 43 breast cancer tissues)
samples, respectively. These datasets are of moderate size and
are not limited to a specific age or race.

Analysis of Differentially Expressed Genes

Differentially expressed genes (DEGs) in primary breast can-
cer tissues and normal tissues from GSE5764, GSE14548, and
GSE54002 were selected using the R software package “lim-
ma.” We used a volcano plot to visualize the DEGs. We set
|logFC| 22 and P<0.05 as the thresholds for DEGs, and P val-
ues were adjusted for multiple testing correction using the
false discovery rate (FDR).

We screened breast cancer signature genes (key genes) that
might be used as breast cancer diagnostic markers from the
DEGs using the lasso logistic regression (R package “glmnet”)
and SVM-RFE algorithm methods (R package €1071). Diagnostic
genes were obtained from the overlap of the 2 methods and
the plotted Venn diagram using R software (package “Venn”).
We used these signature diagnostic genes as key genes for
breast cancer, and screened genes that were also differential-
ly expressed in the test datasets using boxplots to visualize
the outcomes; the ROC curve was then used to prove the ac-
curacy of the results (R package “pROC”).

Enrichment Analysis

The samples were divided into 2 groups: a normal breast tissue
group (control group) and a breast cancer tissue group (treat-
ment group). DEGs were used for gene ontology (GO) enrich-
ment analysis. GO enrichment analysis is widely used to iden-
tify the functions and pathways of genes, including biological
progress (BP), cellular components (CC), and molecular func-
tions (MF). Gene set enrichment analysis (GSEA) was used to
explore the biological functions of the 2 groups.

The R software package “clusterProfiler” was used to ana-
lyze GO, the “ggplot2” package was used to make the bar-
plots, and GSEA was run for the “c5.go.v7.4.symbols.gmt”
gene sets. P<0.05 was considered to be significant enrich-
ment with an FDR>2.
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Figure 1. (A) The DEGs between Koeberg breast cancer tissues and normal breast tissues. (B) The Venn diagram showed the 8

overlapping genes.
Immune Cell Infiltration Analysis

The tumor microenvironment (TME) plays an important role in
tumor antagonism and promotion; immune cells are a critical
part of the TME. Using the cell-type identification by estimat-
ing relative subsets of RNA transcripts (CIBERSORT) algorithm,
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this study evaluated the quantity of 22 immune cells in the
control and treatment groups, and identified differential pro-
portions of infiltrating immune cells in both groups, and fur-
ther explored the relationship between key genes and the in-
filtrating immune cells.
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Figure 2. (A) Expression of the 3 key genes in the GSE29044. (B) Expression of the 3 key genes in the GSE29431. (C) Expression of the

3 key genes in the GSE15852.

Statistical Analysis

The t test was used for comparison between both groups, and
online gene expression profiling interactive analysis (GEPIA)
was used to plot the survival analysis and Kaplan-Meier curves.
We used R 4.1.1 to analyze all data and visualize outcomes.
Statistical significance was defined as P<0.05.

Results

Identification of Key Genes

There were 32 DEGs between cancerous and normal breast
tissues in the GSE5764, GSE 54002, and GSE14548 datasets,
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including 27 downregulated genes and 5 upregulated genes.
A volcano plot (Figure 1A) shows the DEGs. Eight and 23 DEGs
were screened using LASSO regression and SVM-RFE regres-
sion, respectively.

Finally, we identified 8 signature diagnostic genes (key genes)
from the overlapping genes of the 2 methods between the 2
groups (Figure 1B). The 7 downregulated genes were SYNM,
KRT15, ELF5, CCL28, P15, TGFBR3, and KRT14, and the only
upregulated gene was COLI0A1. We further analyzed the dif-
ferential expression of the 8 genes in breast cancer and nor-
mal tissues in the test datasets (GSE29044, GSE 29431, and
GSE15852), and the results showed that only TGFBR3, SYNM,
and COL10A1 were still differentially expressed (Figure 2A-2C).
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Figure 3. (A) GO enrichment analysis of the DEGs. (B) GSEA of the breast cancer group and normal breast group.
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Figure 4. (A) Distribution of 22 immune cells in breast cancer tissues and normal breast tissues. (B) The relationship between 22
immune cells. (C) The relationship between 3 key genes and immune cells.

The ROC curves showed that all areas under the curve (AUC)
were >0.7, indicating good accuracy.

GO Analysis and GSEA Enrichment

GO enrichment analysis showed that DEGs mainly existed on
collagen-containing extracellular matrices, intermediate fila-
ments, and cell-cell junctions.

Biological processes were mainly related to epithelial tube mor-
phogenesis and negative regulation of the Wnt signaling path-
way. Molecular functions were mainly related to glycosami-
noglycan binding, sulfur compound binding, and Wnt-protein
binding (Figure 3A). GSEA indicated that the pathway enrich-
ment of the treatment group was mainly related to chromo-
some segregation and the cell cycle process (Figure 3B), while
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the control group was associated with cornification, nuclear
transcription, and intermediate filaments.

Infiltrating Immune Cells

The volplot shows the distributions of immune cells in the
control and treatment groups (Figure 4A), and the relation-
ship between immune cells (Figure 4B). The results indicated
that the proportions of CD8 T cells, gamma delta T cells, and
M1 macrophages were significantly higher in breast cancer tis-
sues, while the proportions of monocytes and follicular help-
er-T cells were significantly lower in breast cancer tissues. In
addition, by further exploring the expression of these 3 key
genes in immune cells, the results indicated that the downreg-
ulated genes, SYNM and TRGBF3, in the breast cancer tissues
were positively correlated with CD8 T cells and monocytes,
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Figure 5. The overall survival (OS) associated with 3 key genes.

and negatively correlated with M1 macrophages; TGFBR3 was
negatively correlated with M1 macrophages. Conversely, the
upregulated gene in the breast cancer tissues, COL10A1, was
positively correlated with gamma delta T cells and M1 mac-
rophage, and negatively correlated with CD8 T cells, mono-
cytes, and follicular helper-T cells. The relationship between
the key genes and immune cells is shown in Figure 4C. The
results suggested that the genes we selected were highly re-
lated to the level of immune cell infiltration, which is a criti-
cal component of the microenvironment.

Relationships Between Key Genes and Overall Breast
Cancer Survival

In our study, we explored the relationships between the expres-
sion levels of the 3 genes and the survival rate of breast can-
cer using Kaplan-Meier survival analysis through online GEPIA.
Breast cancer patients were divided into 2 groups (high- and
low-risk groups), and the results were visualized (Figure 5).
The results indicated that low expression levels of SYNM were
significantly related to poor prognosis in patients with breast
cancer, indicating that they might act as tumor-suppressor
genes. High expression levels of COLIOAI and low expression
levels of TGFBR3 improved the prognosis of breast cancer, al-
though the results were not significant.
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Discussion

In this study, we identified 32 DEGs in cancerous and normal
breast tissues. By comparing the expression levels of DEGs be-
tween the control and treatment groups, GO analysis showed
that the DEGs were related to the extracellular matrix (ECM),
thus indicating that the tumor microenvironment (TME) plays
a vital role in breast cancer. The ECM provides physical sup-
port for cells and affects cell adhesion and infiltration, and the
immune status of the TME is an important factor that affects
tumor progression. With different infiltrating immune cells or
molecules, the TME has a differentiated effect on tumor pro-
gression, and through TME-targeted immunotherapy, tumor
progression can be suppressed [9-12].

We found that the proportion of CD8 T cells, M1 macrophages
M1, and gamma delta T cells were significantly higher in breast
cancer tissues, while monocyte and follicular helper-T cell pro-
portions were significantly lower. M1 macrophages and gam-
ma delta T cells were positively correlated; however, they were
negatively correlated with CD8 T cells, monocytes, and follic-
ular helper-T cells. In addition, the proportion of MO macro-
phages in breast cancer tissues was higher than that in normal
tissues, although this difference was not significant. A previ-
ous study has suggested that tumor-associated macrophages
(TAMs) are one of the largest components of inflammatory cells
in the TME [13]. Macrophages can differentiate into different
types of TAMs, M1, and M2 macrophages, which are affected
by the TME cytokines. M1 macrophages kill tumor cells, where-
as M2 macrophages promote tumor proliferation, angiogene-
sis, and metastasis. Studies have shown that the early stage
of tumors is mainly M1-TAM, and the middle and late stages
are mainly M2-TAM. Promoting the polarization of M2-TAM to
M1-TAM can inhibit tumor development [14]. Generally, TAM is
positively correlated with tumor development and metastasis,
which indicates that TAM could be further explored in tumor
immune therapy [15]. The results also suggest that the neg-
ative correlation of M1 macrophages with CD8 T cells has an
anti-tumor effect. A recent study showed that patients with
kidney cancer with CD8 T cell infiltration less than 2.2% are
more likely to have a poor prognosis after surgery. This also
indicates that CD8 T cells may have an effect on breast can-
cer prognosis [16].

Through GSEA, the results indicated that the treatment group
was correlated with chromosome segregation and cell cycle,
and the enrichment pathway was correlated with the down-
regulated DEGs in breast cancer tissues. Chromosome repli-
cation and segregation are essential steps of the cell cycle.
Chromosomal instability (CIN) leads to uncontrolled division
of cells into tumors. However, scholars have recently proven
that if this erroneous segregation is extreme, it can lead to
cell death — the mechanism by which paclitaxel kills tumor
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cells by enlarging the chromosome segregation errors of tu-
mor cells, thus overturning previous views [17]. The results in-
dicated that these downregulated DEGs enriched in chromo-
some segregation and cell cycle pathways could act as target
genes for aiding the effect of paclitaxel.

Furthermore, using machine learning methods, we found that
the 3 genes could be used to diagnose breast cancer. Among
them, COL10A1 was upregulated and SYNM and TGFBR3 were
both downregulated in breast cancer tissues. Furthermore,
COL10A1 was positively correlated with MO and M1 macro-
phages and gamma delta T cells, but was negatively correlat-
ed with CD8 T cells, monocytes, and follicular helper-T cells.
A previous study illustrated that as a member of the collagen
family, COL10A1 expression was higher in human breast cancer
tissues than in normal human breast tissues; thus, COL10A1
overexpression could advance the proliferation, migration, and
invasion of breast cancer cells, leading to poor prognosis. This
is consistent with our findings, which indicate that COL10A1 is
an oncogene in breast cancer and should be further explored
as a target for cancer therapy [18]. Thus, we speculated that
knocking out COL10A1 could be a novel method for treating
breast cancer; however, there are still many problems to be
solved in this field [19].

A previous study proved that type Ill TGF- receptor (TGFBR3)
inhibits tumor cell migration and invasion, and suppresses the
development of antigen-specific immune responses through
the TGF-f signaling pathway in the early stage of breast can-
cer in the TME [20]. SYNM acts as a type-IV intermediate fil-
ament that regulates cell adhesion and motility. GO analysis
indicated that SYNM was mainly correlated with the mor-
phology and functionality of myoepithelial cells, which play
an important role in maintaining breast cell structure by reg-
ulating luminal cell growth and differentiation. We found that
high expression levels of SYNM could improve the prognosis
of breast cancer patients, and SYNM has been confirmed as
a breast tumor-suppressor gene by real-time PCR analysis,
through the regulation of cell adhesion and cell motility. Our
study showed that TGFBR3 and SYNM were negatively cor-
related with TAM-M1 and TAM-MO, but positively correlated
with TAM-M2. Therefore, we suspected that they could regu-
late the polarization of TAM. TGFB2 has been shown to sup-
press T cell-mediated immunity by promoting Treg responses,
and our results indicated that low TGFBR3 expression could
regulate the specific immunity in the breast TME, making it a
promising biomarker for breast cancer drug treatment [21,22].

Overall, an important future direction for breast cancer treat-
ment is exact targeted therapy. Our study identified DEGs re-
lated to breast cancer through bioinformatics methods and
found 3 diagnostic genes using machine learning methods,
and further explored their mechanisms and pathways. The
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results will hopefully serve as useful information for breast
cancer diagnosis and therapy.

Conclusions

SYNM, TGFBR3, and COL10A1 can act as diagnostic breast can-
cer genes. Breast cancer is associated with ECM, the Wnt sig-
naling pathway, and glycosaminoglycan binding. Chromosome
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segregation and cell cycle processes can also affect breast can-
cer. SYNM, TGFBR3, and COLI0A1 may regulate TAM polariza-
tion and affect the development of breast cancer.
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