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Abstract
Background: Breast cancer has common tumor biological characteristics, but different characteristics
also exist among different subtypes. Different treatment strategies have been adopted for different
subtypes at present, but there are still many problems. Thus, an-depth study on the heterogeneity of
different types of breast cancer will help to identify new diagnostic therapeutic targets and solve the
existing problems of individualized treatment for breast cancer.

Methods: In this study proteins of HER2-positive breast cancer, luminal A breast cancer, and para-cancer
tissues were quanti�ed based on data independent acquisition (DIA) proteomics technology, and the
differentially expressed proteins (DEPs) were screened and analyzed by IPA software and the database
among the luminal A (LA ) versus para-cancer tissues (PT) and HER2 versus LA groups.

Results: There were 264 up- and 123 down-regulated proteins in the LA versus PT groups. PD-1 and PD-
L1 cancer immunotherapy pathways were signi�cantly inhibited, and XBP1 was predicted to be the
strongest activator. MTOR was predicted to be the strongest inhibitor. The DEPs were signi�cantly
associated with “Cancer” and “Organismal Injury and Abnormalities.” There were 134 up- and 286 down-
regulated proteins in the HER2 versus LA groups. Signaling by rho family GTPases was signi�cantly
inhibited. XBP1 was predicted to be the strongest activator. TGFB1 was predicted to be the strongest
inhibitor. The DEPs were signi�cantly associated with “Cancer,” “Endocrine System Disorders,” and
“Organismal Injury and Abnormalities.”

Conclusion: Luminal A breast cancer may be insensitive to PD-1 and PD-L1 inhibitors. Signaling by rho
family GTPases and RhoGDI signaling play a unique role in the proliferation and metastasis of luminal A
and HER2-positive breast cancer, respectively. XBP1 is a promising new target for the treatment of breast
cancer, and TGFB1 may play different biological roles in HER2-positive and luminal A breast cancer.

Background
Breast cancer is the most frequent malignancy in women and a heterogeneous disease at the molecular
level [1]. The identi�cation of different molecular subtypes occurs through the use of techniques, including
immunohistochemistry [2] and gene expression pro�ling [3]. Different molecular subtypes of breast cancer
not only have some common characteristics of malignant tumors, but also different biological features [4-

6]. For example, the luminal A subtype of breast cancer has positive estrogen receptor (ER) and/or
progesterone receptor (PR), a Ki67 < 20%, and negative human epidermal growth factor receptor (HER2)
[7], which is generally associated with a highly favorable prognosis [8] and typically exhibits less frequent
and less extensive lymph node involvement [9-10]. The luminal A subtype of breast cancer also tends to
have a more indolent course with a slower evolution over time when compared with the other molecular
subtypes [11]. The HER2-positive (non-luminal) subtype of breast cancer is ER- and PR-negative, and
HER2-positive [7], which is generally associated with an unfavorable prognosis. HER2 overexpression is
associated with a higher frequency of locoregional recurrence and metastasis (ranging between 4% and
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15%) based on studies in which patients were not treated with HER2-targeted therapy [4,12-14]. An in-depth
study on the heterogeneity of different molecular subtypes of breast cancer will have important clinical
value for individualized treatment of breast cancer. Proteins play an essential role in the biological
processes associated with cancer. The altered levels of protein expression can deregulate critical cellular
pathways and interactive networks, which will affect the biological cellular functions and compromise the
tissue environment homeostasis, thus contributing to cancer development [15]. A comprehensive and
systematic discovery of proteomic differences in different subtypes of breast cancer will help to identify
new diagnostic and therapeutic targets.

The quantitative proteomics methods have been used to identify the protein content of tissues under
speci�c physiologic conditions based on data independent acquisition (DIA) technology and has
undergone rapid development in recent years. DIA technology combines a traditional proteomics "shotgun
method" and mass spectrum quantitative "gold standard" absolute choice reaction monitoring/multiple
reaction monitoring (SRM/MRM) advantages and characteristics of technology. Further, there are no
omissions, no difference in acquiring all the ions in the samples of all pieces of information, and protein
quanti�cation is more accurate. This method will be more helpful in detecting differentially expressed
proteins (DEPs) among different subtypes of breast cancer, especially the subtypes missed in the
previous screening, so that we can have a more comprehensive understanding of the DEPs information.

Bioinformatics is an essential mainstream technology of proteomics research. Ingenuity pathways
analysis (IPA) used in this study is currently the most abundant and annotated biochemical analysis
software and database [16]. IPA is a proof-of-knowledge based software that helps researchers to model
analyze, and understand the complex biological and chemical systems in life science research. IPA has
an extensive repository of biological and chemical knowledge, thus offering the researcher access to the
most current �ndings available on genes, protein families, normal cellular and disease processes, and
signaling pathways. The software facilitates looking for information on genes and proteins, the impact of
genes and proteins on diseases and cellular processes, and the role of genes and proteins in signaling
pathways [17].

In this study we used DIA proteomics technology integrated with IPA software and database to
investigate genes, signaling pathways, upstream regulators, and regulatory effects that could be
associated with DEPs among luminal A (LA) breast cancer and para-cancer tissues (PT) samples (LA
versus PT) , HER2-positive subtype breast cancer and LA breast cancer samples (HER2 versus LA).

Methods
Breast cancer sample collection

In our study, 52 human breast cancer tissue specimens and 3 para-cancer tissue samples were collected
from breast cancer patients who underwent surgical resections in China Medical University. (Shenyang,
China). Para-cancer tissue is non-cancerous tissue, derived from normal breast tissue 2cm from the
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margin of luminal A breast cancer. All tissue specimens were retained for pathologic examination with HE
staining to determine the pathologic type and other auxiliary tests, such as immunohistochemical and
FISH testing. The remaining tissue specimens were washed with cold phosphate buffered saline (GE
Healthcare, Beijing, China) to remove the residual blood after surgical resection, then immediately frozen
in liquid nitrogen and stored at -80℃ for further analysis. None of the 52 breast cancer patients received
pre-operative radiation, chemotherapy, or other treatments. This study was conducted in accordance with
the principles expressed in the Helsinki declaration and approved by the Research Ethics Committee of
China Medical University. (IRB approval number:AF-SOP-07-1.1-01). Informed consent was obtained from
all patients. A summary of clinical and pathologic data for the breast cancer patients is shown in
Supplementary Table 1 (blue data represent 3 tissue adjacent to carcinoma samples green data
represent 3 luminal A breast cancer samples and red data represent 3  HER2(+) samples).

Experimental procedures and strategies

Fifty-�ve samples were established by Data Dependent Acquisition(DDA) mass spectrometry. Then,
based on the constructed database, DIA relative quantitative proteomics analysis was performed on 3
HER2 positive breast cancer samples ,3 luminal A breast cancer samples and 3 para-cancer tissues
samples to compare the differences among LA vs PT, HER2 vs LA and screen out all the DEPs. After that,
we continued to perform IPA-based bioinformatics analysis of the DEPs.

Sample preparation

The tissue was scraped and added with an appropriate amount of SDT lysate, then transferred to a
Lysing Matrix A tube. The homogenizer was used for homogenization crushing (24×2, 6.0 m/S, 60s,
twice). After ultrasound, the homogenized tissue was placed in a boiling water bath for 10 min, then
centrifuged at 14000g for 15 min. The supernatant was �ltered through a 0.22-m centrifuge tube and the
�ltrate was collected. Protein was quanti�ed using the BCA method. The samples were packed and stored
at -80℃.

SDS-PAGE electrophoresis

Protein (20 µg) was taken from each sample and added to a 6X sample loading buffer, followed by a
boiling water bath for 5 min, separation on 12% SDS-PAGE (constant pressure 250V for 40 min), and
staining with Coomassie brilliant blue.

FASP enzyme [18]

A 200-ug protein solution was taken from each sample. DTT was added to a �nal concentration of
100mM and the solution was placed in a boiling water bath for 5 min, then the samples were cooled to
room temperature. Two hundred micron of UA buffer was added to the protein solution and mixed well,
then transferred to a 30kD ultra�ltration centrifuge tube and centrifuged at 12,500g for 25 min. The
�ltrate was discarded (this step was repeated twice). One hundred microliters of IAA buffer in UA was
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added, oscillated at 600 rpm for 1 min, reacted at room temperature against light for 30 min, and
centrifuged at 12,500g for 25 min. One hundred microliters of UA buffer was added and centrifuged at
12,500g for 15 min (this step was repeated twice). One hundred microliters of 0.1M TEAB solution was
added and centrifuged at 12,500g for 15 min (this step was repeated twice). Forty microliters of trypsin
buffer (4μL g of trypsin in 40 mu L of 0.1M TEAB solution) was oscillated at 600 rpm for 1 min, and
placed at 37℃ for 16-18 h. The collection tube was replaced, centrifuged at 12,500g for 15 min, 20μL of
0.1M TEAB solution was added, centrifuged at 12500g for 15 min, and the �ltrate was collected. The
peptide fragment was desalted with a C 18 cartridge, freeze-dried, and re-dissolved with 40μL of 0.1%
formic acid solution. The peptide fragment was quanti�ed.

High PH RP classi�cation

All the peptide compounds were classi�ed using an Agilent 1260 In�nity II HPLC system. Buffer solution
A was 10mM HCOONH4 and 5% can (pH 10.0) and buffer solution B was 10mM HCOONH4 and 85% can
(pH 10.0).The column was balanced with liquid A and the samples were separated from the column
(Waters, XBridge Peptide BEH C18 Column, 130A, 5 m, 4.6 mm X 100 mm) with a �ow rate of 1 mL/min.
The liquid phase gradient was as follows: using a linear gradient, the column temperature was
maintained at 30℃ within 40 min from 5% B to 45% B. Thirty-six components were collected and dried in
a vacuum concentrator. After freeze-drying, the samples were re-dissolved with 0.1% formic acid solution
in 12 fractions.

DDA mass spectrometry library

Nine microliters were taken from each fraction and added to 1 ul of 10× iRT peptide fragment. After
mixing, 6 ul of sample was injected, separated by nano-lc, and analyzed by on-line electrospray tandem
mass spectrometry. The whole liquid-mass series system was as follows: 1) liquid phase system, Easy
nLC system (Thermo Fisher Scienti�c); 2) mass spectrometry system, q-exactive hf-x (Thermo Fisher
Scienti�c). Buffer solution A was 0.1% formic acid solution and solution B was 0.1% acetonitrile solution
(acetonitrile was 80%). The samples were separated by a gradient of non-linear growth in an analytical
column (Thermo Fisher Scienti�c, Acclaim PepMap RSLC 50 um X 15 cm, nano viper, P/N164943) at a
�ow rate of 300 nL/min for 0-5 min, 1% B for 5-95 min, 1% B to 28% B for 95-110 min, 28% B to 38% B for
110-115 min, 38% B to 100% B for 115-120 min, and 100% B. The electrospray voltage was 2.0kV.

The mass spectrum parameters were set as follows: (1) MS, scan range (m/z)=350–1500;
resolution=60,000; AGC target=3e6; maximum injection time=30 ms; included charge states=2-7; �lter
dynamic exclusion: exclusion duration=30s; and (2) dd-MS2, isolation window=1.6 m/z;
resolution=15,000; AGC target=1e5; maximum injection time=45 ms; and NCE=28%.

The Spectronaut Pulsar X (version 12, Biognosys AG) was used to consolidate and analyze the original
mass spectrometry data and establish a spectrograph database. The database was
Swissprot_human_isoform_201806 (42356 entries), as below: 2018-06, download link:
http://www.uniprot.org. Trypsin enzymolysis was set to allow two missing cutting sites.

http://www.uniprot.org/
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Carbamidomethyl (C), variable modi�cation: Oxidation (M), and acetyl (Protein n-term) n-terminal
acetylation. The standard for database construction was 1% precursor false discovery rate( FDR), 1%
protein FDR, and 1% peptide FDR.

DIA mass spectrometry

Nine samples were removed and 6 ul was added to 1 ul of 10× iRT peptide, mixed, separated with nano-lc,
and analyzed by on-line electrospray tandem mass spectrometry. The whole liquid-mass series system
was as follows: 1) liquid phase system, Easy nLC system (Thermo Fisher Scienti�c); and 2) mass
spectrometry system, q-exactive hf-x (Thermo Fisher Scienti�c). Buffer solution A was 0.1% formic acid
solution and solution B was 0.1% acetonitrile solution (acetonitrile was 80%). The samples were
separated by a gradient of non-linear growth in the analytical column (Thermo Fisher Scienti�c, Acclaim
PepMap RSLC 50um X 15cm,nano viper, P/N164943) at a �ow rate of 300 nL/min for 0-5 min, 1% B for 5-
95 min, 1% B to 28% B for 95-110 min, 28% B to 38% B for 110-115 min, 38% B to 100% B for 115-120
min, and 100% B. The electrospray voltage was 2.0kV.

The mass spectrum parameters were set as follows: (1) MS, scan range (m/z)=350–1500;
resolution=60,000; AGC target=3e6; maximum injection time=50 ms; and (2) DIA, resolution=15,000; AGC
target=2e5; maximum injection time=45ms; and NCE=28%.

Bioinformatics Analyses

This research use the IPA data Analysis software and database.  The DEPs performed IPA-based classical
pathway analysis, upstream regulation analysis, disease and function analysis, and regulation effect
analysis. A detailed description of these analyses is provided in the supplementary information.

Results
Protein identi�cation

A total of 149,700 precursors 113,117 peptides, and 9730 protein groups were detected in 55 samples.
The constructed database was used for qualitative and quantitative analyses of proteins in all samples,
among which the quantitative results of LA breast cancer and PT proteins are listed in Supplementary
Table 2, and the quantitative results of HER2(+) and LA breast cancer proteins are listed in
Supplementary Table 3. Each comparison of the parallel between the two groups of samples was better
(Figure 1a,1b) and the data had a signi�cant difference (Figure 1c,1d). Therefore, we chose two groups
with at least one-half of the data as a null value with a signi�cant difference through the data analysis,
screening protein with fold-change values ≥1.5 and ≤ −1.5, and a P value < 0.05 as the DEPSs. The
results in the LA versus PT groups comparison indicated that 264 proteins were up-regulated and 123
proteins were down-regulated, for a total of 387 DEPs. Osteomodulin (OMD) was the up-regulated protein
observed with the highest fold-change value (FC=16.98425, P=0.028912; Supplementary Table 2 [red
data represent the up-regulated proteins and the green data represent the down-regulated proteins]). In the

https://fjour.dayi100.com/views/specific/3004/FJourDetail.jsp?dxNumber=165292170875&d=5A05501F33369136389139548969B238&s=Osteomodulin&fenlei=0601;|0403
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HER2 versus LA groups comparison, 134 proteins were up-regulated and 286 proteins were down-
regulated, for a total of 420 DEPs. Nucleoporin NUP188 homolog (NUP188) was the up-regulated protein
observed with the highest fold-change (FC=20.17439, P=0.000299; Supplementary Table 3 [red data
represent the up-regulated proteins and green data represent the down-regulated proteins]). Among the
two comparison groups, 7 DEPs presented a gradual increase in the expression from the PTs to the HER2-
positive breast cancer samples, with the highest levels observed in the HER2-positive breast cancer
samples, including CAPS SLC3A2 COG3 GARS IDH2 SEC61A1 and OSTC. Twelve DEPs presented a
gradual decrease in expression, with the lowest levels observed in the HER2-positive breast cancer
samples, including  SCRN2 CTNNA1 HBA1 GNAQ MCL1 TSPAN9 ITGA2 CD59 ITGA6 DHRS4 LAMA3
and RGL2.

Bioinformatics analysis based on IPA

Classic pathway analysis

In the LA versus PT groups comparison, IPA analysis identi�ed a total of 400 signaling pathways were
associated with the DEPs (Supplementary Table 4). The neuroin�ammation signaling and dendritic cell
maturation and oxidative phosphorylation pathways were signi�cantly activated (- log [p value] - > 1.31, z
– score ≥ 2), and the PD-1 and PD-L1 cancer immunotherapy pathways were signi�cantly inhibited (-log
[p-value] > 1.31, z-score ≤ -2; Figure 2a). We further analyzed the trend change of the DEPs in the inhibited
PD-1 and PD-L1 cancer immunotherapy pathways (-log [p-value] = 2.08, z-score = -2.449), and found that
the MHC1, MHC1, MHC2, and CK2 molecules in the pathway were signi�cantly up-regulated and PDCD4
was signi�cantly down-regulated (Figure 3a). According to previous reports, CK2 and other molecules of
MHC1, MHC1, and MHC2 were signi�cantly down-regulated and PDCD4 was signi�cantly up-regulated
under the activation state of the PD-1 and PD-L1 cancer immunotherapy pathway Figure 3b , which was
consistent with the results of the current study.

In the HER2 versus LA group comparison, IPA analysis identi�ed a total of 437 signaling pathways were
associated with the DEPs (Supplementary Table 5). The RhoGDI signaling pathway was signi�cantly
activated (-log [p-value] > 1.31, z-score ≥ 2); signaling by the Rho family GTPases and other 38 signaling
pathways were signi�cantly inhibited (-log [p-value] > 1.31, z-score ≤ -2’ Figure 2b).We further analyzed
the change in trend of DEPs in the inhibited state of signaling by the Rho family GTPases pathway (-log
[p-value] = 7.38, z-score = -2.324). We found that the NADPH xxidase, ARP2/3, Co�lm, and other
molecules in this pathway were signi�cantly up-regulated, while Gα Gγ ARHGEF MHE1, and other
molecules were signi�cantly down-regulated (Figure 3c), which was consistent with the above molecular
change in trend reported in previous studies under the activation state of signaling by Rho family
GTPases (Figure 3d), except ARP2/3 and Co�lm.

In addition, there were three inhibitory pathways among the two groups comparison (leukocyte
extravasation signaling agrin interactions at neuromuscular junction and protein kinase A signaling).

Upstream regulation analysis
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In the LA versus PT groups comparison, IPA analysis identi�ed a total of 768 regulatory factors that may
play a role in the DEPs (Supplementary Table 6) and predicted 46 strong activators (score ≥ 2), such as
XBP1, ERN1, EDN1, and IRF2. XBP1 was predicted to be the strongest activator (score = 3.159), and there
were 21 genes that were uniformly activated (Figure 5a). MTOR, MYCN, CCN5, NKX2-3, and 14 other
molecules were predicted to be strong inhibitory factors (score ≤ -2). MTOR was predicted to be the
strongest inhibitory factor (score = -2.785)

In the HER2 vs LA groups' comparison, IPA's analysis identi�ed a total of 533 regulatory factors may play
a role in the DEPs (Supplementary Table 7)and predicted 15 strong activators (score≥2) ,such as XBP1,
ERN1, EDN1 and IRF2.Among them,XBP1 was predicted to be the strongest activator (score=
2.557).Meanwhile, 24 strong inhibitory factors, such as TGFB1, were predicted (score≤-2), and TGFB1
was the strongest inhibitory factor (score= -3.236).

In addition, �ve activators were the same among the two groups comparison  (XBP1, ATF6, IFNG, EBI3,
and interferon-alpha) para-cancer tissues and one same activator (NKX2-3).

Disease and function analysis

The IPA “disease and function” analysis revealed that DEPs in the LA versus PT groups comparison were
signi�cantly associated with “Cancer” and “Organismal Injury and Abnormalities” (Figure 4a), and there
was activation or inhibition relationship with disease and function (Figure 5a). The signi�cant activation
of diseases or functions included “Infection of tumor cell lines” (z-score = 4.019) and “Infection by RNA
Virus” (z-score = 3.797). Signi�cant inhibition of diseases or functions included “Cell Death of Tumor
Cells” (z-score = -2.433) and “Gastrointestinal Tract Cancer” (z-score = -2.401; Supplementary Table 8).

At the same time, we also found that DEPs in the HER2 versus LA groups comparison were signi�cantly
associated with “Cancer,” ”Endocrine System Disorders,” and “Organismal Injury and Abnormalities”
(Figure 4b) and there was an activating or inhibitory relationship between disease and function (Figure
5b). Signi�cant activation of diseases or functions included “Morbidity or Mortality” (z-score = 4.522) and
“Organismal Death” (z-score = 4.369). Signi�cant inhibition of diseases or functions included “Invasion of
Cells” (z-score =-4.090) and “Cell Spreading” (z-score =-3.437; Supplementary Table 9).

Regulation effect analysis

In this study, DEPs were involved in the upstream regulatory network and the downstream function of the
possible pathways of action. The networks of LA versus PT groups comparison  are shown in
Supplementary Table 10 and the networks of HER2 versus LA groups comparison are shown in
Supplementary Table 11. The Consistency Score is a measure of the consistency and density of causality
among upstream regulatory factors, data sets, and disease and function in the network. The higher the
consistency score, the more accurate the results of regulatory effects. We chose the �rst regulatory
network in the analysis of regulatory effects. In the LA versus PT groups comparison, the network due to
the following regulators were able to activate “Cell Movement of Kidney Cell Lines,” “Cell Spreading,” and
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“Invasion of Carcinoma Cell Lines” (Figure 6a). In the HER2 versus LA groups comparison, the network
due to the following regulators were able to activate “Organismal Death,” “Motor Dysfunction or
Movement Disorder,” and inhibit “Cell Spreading,” “Interaction of Tumor Cell Lines,” “Migration of Tumor
Cell Lines,” “Organization of Cytoplasm,” and “Shape Change of Tumor Cell Lines” (Figure 6b).

Discussion
The various subtypes of breast cancer have the same biological characteristics of malignancy, exhibit
heterogeneity, and determine different treatment methods and prognosis. Comparing detailed HER2-
positive breast cancer LA breast cancer, and PT proteomics differences will provide more biological
information of breast cancer subtypes, contribute to a clearer understanding of the heterogeneity of
HER2-positive and LA breast cancer, and provide references for screening targets and guiding
individualized treatment.

We �rst established a breast cancer mass spectrum library by DDA, including various subtypes of breast
cancer samples. The purpose was to acquire comprehensive proteomics information about breast cancer,
provide a background reference for the quantitative analysis of DIA technical proteins in HER2-positive
and LA breast cancer subtypes, and realize the deep coverage and accurate quantitative analysis of
proteins in low abundance. In addition, the mass spectrometry library we built permanently stored the
data for subsequent retrospective analysis.

We identi�ed some DEPs among the groups comparison, which lay the foundation for our future target
screening. OMD was the most signi�cantly up-regulated protein observed in the LA versus PT groups
comparison. OMD is a cell-binding keratin sulphate proteoglycan that belongs to the family of leucine-
rich repeat proteins found in the mineralized matrix of bone and is primarily expressed by mature
osteoblasts. Breast cancer preferentially metastasizes to the bone primarily forming osteolytic lesions
characterized by loss of bone density [19] [20]. Relevant studies have shown that the incidence of bone
metastasis in LA breast cancer patients is signi�cantly higher than other subtypes [21]. OMD has been
proposed to be involved in the regulation of cell proliferation and migration, and therefore this may of
particular interest in breast cancer progression to bone metastasis [22]. OMD might therefore provide a
potentially novel new biomarker for LA breast cancer progression and clinical outcome.

The PD-1 / PD-L1 checkpoint and its inhibitors have been the focus of research in tumor immunology in
recent years [23]. The theoretical basis is the immune escape mechanism of tumors [24-25]. Tumor and
immune cells activate the PD-1 / PD-L1 checkpoint and up-regulate the expression of PD-L1, which can
negatively regulate the anti-tumor immune response [26]. Current studies have shown that expression in
PD-L1 is up-regulated in triple negative and HER-2 overexpressed breast cancer, which has a high
predictive value for prognosis [27-32]. PD-1 / PD-L1 inhibitor has become an effective treatment for
melanoma [33], non-small cell lung cancer [34], Hodgkin lymphoma [35], hepatocellular carcinoma [36], and
other solid tumors. We performed IPA-based classic pathway analysis of the     DEPs in the LA versus PT
groups comparison and showed that PD-L1 expression was not up-regulated and PD-1 and PD-L1 cancer
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immunotherapy pathways were signi�cantly inhibited. We speculated that LA breast cancer may have
another characteristic that is insensitive to PD-1 / PD-L1 inhibitors, similar to insensitivity to
chemotherapy.

The Rho family of GTPases plays a key role in regulating a range of biological activities, including actin
tissue, focal complex/adhesion assembly, cellular activity, cell polarity, gene transcription, and cell cycle
progression. Some Rho GTPases and their signaling elements are overexpressed or overactive in breast
cancer. Rho GTPases promote cell cycle and reduce intercellular adhesion, playing an important role in
breast cancer cell metastasis. Numerous studies have shown that the Rho GTPase signaling pathway
affects the proliferation and metastasis of breast cancer cells in vivo and in vitro 37 . We found that
signaling by Rho family GTPases in the HER2 versus LA groups comparison were signi�cantly inhibited,
but it was activated in the LA versus PT groups comparison. We speculated that this signaling pathway
may play a unique role in the proliferation and metastasis of LA breast cancer. We also showed that
RhoGDI signaling was signi�cantly activated in the HER2 versus LA groups comparison, but it was
inhibited in the LA versus PT groups comparison. RhoGDI (RhoGTP-dissociation inhibitor) is considered
to be a regulatory factor of Rho GTPases, which has been shown to be highly expressed in metastatic
liver [38] and colon cancers [39] , and was once considered a predictor of distant metastasis of tumors.
High expression of RhoGDI can enhance the activity of PI3K/AKT and MAPK pathways, stimulate the
growth and metastasis of tumor cells, and play an important role in the occurrence and development of
tumors [40]. Therefore, we speculated that RhoGDI signaling pathway also play a speci�c and important
role in the proliferation and metastasis of HER2-positive breast cancer. RhoGDI signaling may provide
targets for HER2-positive breast cancer therapy.

X-box binding protein 1 (XBP1) is the main regulator of endoplasmic reticulum stress (ERS) with basic
lucien zipper structure [41] [42]. A large number of studies have shown that XBP1 is highly expressed in a
variety of malignant tumor cells, and can promote the hypoxic survival of tumor cells and induce tumor
metastasis and drug resistance [43]. XBP1 can also induce tumor angiogenesis and inhibit tumor-related
immunity through a variety of mechanisms, which lead to the rapid proliferation and immune escape of
malignant tumor cells, and thus accelerate the invasion and metastasis of malignant tumors [43] [44].
When we performed IPA-based upstream regulatory factor analysis, we showed that XBP1 was predicted
to be the strongest activator in both groups comparison. Therefore, XBP1 is a highly promising target for
the treatment of LA and HER2-positive breast cancer. In addition, we identi�ed a common inhibitor of
ATF6, IFNG, EBI3, interferon-alpha, and a common activator of NKX2-3, which are also potential new
targets for the treatment of breast cancer.

Transforming growth factor-beta (TGF-β) is a polypeptide growth factor with various biological activities
and is widely distributed in various tissues. In mammals, TGF-β has three isoforms (TGF-β1, 2, and 3, of
which TGF-β1 is most abundant in the TGF-β family [45]. TGF-β1 is closely related to the occurrence and
development of tumors [46]. TGF-β1 is thought to have a dual role in breast cancer [47]. TGF-β1 initially
acts as an anti-cancer agent in breast cancer progression. In the whole process of the development of
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breast cancer, however, cells on the proliferation of TGF-β1 became more and more resistant, and with the
evolution of the tumor, TGF-β1 lost inhibition for the growth of cancer cells and promoted the progress of
the tumor, partly through enhanced tumor cell motility and invasiveness and the capacity to form
metastases [48-51]. In our upstream regulatory analysis in the HER2 versus LA groups comparison, we
predicted that TGF-β1 was predicted to be the strongest inhibitory factor. Therefore, we speculated that
TGF-β1 may also play different roles in HER2-positive and LA breast cancer; the speci�c mechanism will
be the subject of a corollary study.

We performed IPA-based upstream regulatory factor analysis of the DEPs in the LA versus PT groups
comparison. The mechanistic target of rapamycin (MTOR) was predicted to be the strongest inhibitor.
MTOR plays an important role in cell proliferation, differentiation, metastasis, and survival. MTOR has
become a new target in cancer therapy [52]. Currently, MTOR inhibitors have been extensively studied in
various cancers [53], and we expect good results. In addition, other strong activating or inhibitory factors
also play different roles in various subtypes of breast cancer, which is also worthy of attention.

Finally, we found that the DEPs of the two groups comparison were relatively similar in disease and
function analysis, mainly enriched in “Cancer” and “Organismal Injury and Abnormalities”, and proved the
value of the DEPs in this study. It was also found that DEPs in the HER2 versus LA groups comparison
were also enriched in “Endocrine System Disorders,” which is consistent with our previous understanding
that LA breast cancer is an estrogen-dependent tumor. We have also identi�ed some diseases and
functions that are closely related to the DEPs that produce activating or inhibitory effects. Some of the
factors are closely associated with breast cancer. We created the control effect of network diagram,
which enabled us to deepen the understanding of these diseases and functions, and the main control
factors, such as CDH1, ETV4, MTOR, NOTCH3, ERG, MIR - b - 3 p, 29 MKNK1, and SPDEF. It is of great
value for us to further study the biological characteristics of different subtypes of breast cancer.

Conclusions
Based on DIA technology and IPA bioinformatics analysis, we obtained heterogeneity information of
different subtypes of breast cancer, and found that LA breast cancer may be insensitive to PD-1/PD-L1
inhibitors. Signaling by Rho family GTPases and RhoGDI signaling play a unique role in the proliferation
and metastasis of LA and HER2-positive breast cancer, respectively. XBP1 is a promising new target for
the treatment of breast cancer, and TGF-β1 may play different biological roles in HER2-positive and LA
breast cancer. These �ndings are of great value for the individualized study of different subtypes of
breast cancer in the future.
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Figure 1

Protein Ratio Distribution and Volcano Map. a.(LA vs PT) and b.(HER2 vs LA). Each comparison of the
parallel between the two groups of samples was better. The x-coordinate is the multiple of difference
(logarithmic transformation based on 2). The ordinate is the number of identi�ed proteins. c.(LA vs PT)
and d.(HER2 vs LA). The fold-change and P value of protein expression between the two groups of
samples were used to draw the volcano map to show the signi�cant differences between the two groups
of sample data. The x-coordinate is the difference multiple (log base 2) and the y-coordinate is the P
value (log base 10).
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Figure 2

Signi�cant enrichment of DEPs in some classic pathways. a.(LA vs PT) and b.(HER2 vs LA).The x-
coordinate is the pathway name, and the y-coordinate is the signi�cance level of enrichment. The orange
mark indicates that the pathway is activated (z-score > 0) and the blue mark indicates that the pathway is
inhibited (z-score < 0). The depth of orange and blue (or the absolute value of the z-score) represents the
degree of activation or inhibition (according to the internal algorithm and criteria of IPA; a z-score ≥ 2
means that the pathway is signi�cantly activated and a z-score ≤ -2 means that the pathway is
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signi�cantly suppressed). Ratio represents the ratio of the number of differential genes in the signaling
pathway to the number of all genes contained in the pathway.

Figure 3

Classic pathway analysis a. (LA vs PT). Expression trend of each protein molecule in the PD-1, PD-L1
cancer immunotherapy pathway inhibition in this study. b. Literature reported the change trend of the
expression of various molecules in thePD-1, PD-L1 cancer immunotherapy pathway activation. c . (HER2
vs LA).Expression trend of each protein molecule in the Signaling by Rho Family GTPases inhibition in
this study. d. Literature reported the change trend of the expression of various molecules in the Signaling
by Rho Family GTPases activation. Red represents up-regulation and green represents down-regulation.
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Figure 4

Signi�cant enrichment of DEPs in disease and function. a.(LA vs PT) and b.(HER2 vs LA).The x-
coordinate is the pathway name and the y-coordinate is the signi�cance level of enrichment (negative
logarithmic transformation with base 10).
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Figure 5

Disease and functional heat maps. a.(LA vs PT) and b.(HER2 vs LA).Orange represents the activation of
disease or functional state (z-score > 0), blue represents the inhibition of disease or functional state (z-
score < 0), and gray represents the undetermined disease or functional state (z-score could not be
calculated). According to the internal algorithm and criteria of IPA, a z-score ≥ 2 means that the disease
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or function is signi�cantly activated and a z-score ≤ -2 means that the disease or function is signi�cantly
inhibited.

Figure 6

The �rst regulatory network in Regulation effect analysis. a.(LA vs PT).The data set may be caused by
the regulation of CDH1, ETV4, MTOR, NOTCH3 on Cell movement of kidney Cell lines, Cell spreading, HIV
infection, infection of cells through COL5A1, CTNNB1, CTNND1, FN1, MMP9, RELA, SPARC and other
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genes.Invasion of carcinoma cell lines can be activated. b.(HER2 vs LA).The data set may be due to the
regulators ERG, mir-29b-3p (and other miRNAs w/seed AGCACCA), MKNK1, SPDEF through ADD1,
ANXA2, CD59, CDH11, COL5A1, COL5A2, DAAM1, DOCK1, EPB41L3, FBN1, GNAQ, HADHA, ITGA5,
ITGA6,MCL1, PARVA, PPIC, PURA, RNH1, ROCK2, TPP1, TRIOBP, UTRN and other genes have an activation
effect on the Organismal death, Motor or movement disorder, while for Cell spreading, Interaction of
tumor Cell lines,Migration of tumor cell lines, Organization of cytolines and Shape change of tumor cell
lines have inhibitory effects
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