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INTRODUCTION
Breast cancer is the most common malignancy among women 

worldwide [1]. Due to changes in lifestyle and an increasing 

proportion of an aging population, the incidence of breast 
cancer is expected to rise in Asian countries. The National 
Comprehensive Cancer Network commends biennial breast 
cancer screening through mammography for women over 40 
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Purpose: Breast cancer is known to be influenced by genetic and environmental factors, and several susceptibility genes 
have been discovered. Still, the majority of genetic contributors remain unknown. We aimed to analyze the plasma 
proteome of breast cancer patients in comparison to healthy individuals to identify differences in protein expression 
profiles and discover novel biomarkers.
Methods: This pilot study was conducted using bioresources from Seoul National University Bundang Hospital’s Human 
Bioresource Center. Serum samples from 10 breast cancer patients and 10 healthy controls were obtained. Liquid 
chromatography-mass spectrometry analysis was performed to identify differentially expressed proteins.
Results: We identified 891 proteins; 805 were expressed in the breast cancer group and 882 in the control group. Gene 
set enrichment and differential expression analysis identified 30 upregulated and 100 downregulated proteins in breast 
cancer. Among these, 10 proteins were selected as potential biomarkers. Three proteins were upregulated in breast 
cancer patients, including cluster of differentiation 44, eukaryotic translation initiation factor 2-α kinase 3, and fibronectin 1. 
Seven proteins downregulated in breast cancer patients were also selected: glyceraldehyde-3-phosphate dehydrogenase, 
α-enolase, heat shock protein member 8, integrin‑linked kinase, tissue inhibitor of metalloproteinases-1, vasodilator-
stimulated phosphoprotein, and 14-3-3 protein gamma. All proteins had been previously reported to be related to tumor 
development and progression.
Conclusion: The findings suggest that plasma proteome profiling can reveal potential diagnostic biomarkers for breast 
cancer and may contribute to early detection and personalized treatment strategies. A further validation study with a larger 
sample cohort of breast cancer patients is planned.
[Ann Surg Treat Res 2024;106(4):195-202]
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years old. However, mammography showed limited diagnostic 
screening value in women with dense breasts; improved 
screening methods are needed as early diagnosis could be 
missed by mammography only.

Breast cancer is known to be influenced by genetic and 
environmental factors, and susceptibility genes including 
BRCA1/2, PALB2, and ATM have been discovered. Still, the 
majority of genetic contributors to breast cancer risk remains 
unknown. Recent studies have focused on translating genomics, 
proteomics, and precision medicine to validate further risk 
factors and potential screening biomarkers that could be 
applied easily to the general population [2,3].

Proteomic profiling of human plasma is a novel technique 
for cancer biomarker discovery [4]. The protein profile in 
distinct tissues shows substantial heterogeneity that does not 
fully reflect the complexity of the whole proteome, which acts 
as a limitation to clinical application [5]. In contrast, plasma 
proteome contains secreted proteins originating from multiple 
organs, providing a basis for a more comprehensive biomarker 
discovery. Blood component analysis is the most widespread 
diagnostic procedure in clinical practice, and biomarkers 
detectable in blood plasma could be easily integrated into 
national screening programs [6].

This study aimed to compare the plasma proteome of 10 
breast cancer patients and 10 healthy individuals by mass 
spectrometry (MS) to identify potential differences in protein 
expression profiles.

METHODS

Study population
This study was conducted as a pilot study using bioresources 

from the Human Bioresource Center of Seoul National 
University Bundang Hospital (No. DT-2020-012-01). Serum 
samples from 10 healthy individuals and 10 breast cancer 
patients were obtained for this study by random selection. 
Baseline characteristics of the study participants were provided 
by the Human Bioresource Center; any information related to 
patient identification was not available.

Plasma sample preparation
A multiple affinity removal column (MARS-14, 4.6 × 100 mm, 

Agilent) was used to remove human plasma abundant proteins. 
A 40-μL aliquot of plasma diluted with 160-μL Agilent buffer A 
was filtered through a 0.22-μm cellulose acetate filter to remove 
particles. The diluted plasma sample was injected into a MARS-
14 depletion column on a binary high-performance liquid 
chromatography (LC) system (20A Prominence, Shimadzu). 
The unbound fraction was collected into a collection tube 
and completely dried using a speed-vac concentrator (Thermo 
Fisher Scientific). The dried sample was resuspended in 100 μL 

of S-Trap lysis buffer and sonicated for 10 minutes. Depleted 
plasma was followed by reduction with 10-mM dithiothreitol at 
56 °C for 30 minutes and alkylation with 20-mM iodoacetamide 
at room temperature for 30 minutes in the dark. Samples 
were then prepared with S-Trap spin column (S-Trap mini, 
ProtiFi) based tryptic digestion according to the manufacturer’s 
instructions. A microspectrophotometer (Allsheng) was used 
for tryptic peptide quantification, and samples were frozen at 
–75 °C until use.

Liquid chromatography-mass spectrometry/mass 
spectrometry analysis
Plasma peptides were separated using a Dionex UltiMate 

3000 Rapid Separation Liquid Chromatography (RSLC) nano 
system (Thermo Fisher Scientific). The tryptic peptides were 
separated on an Acclaim PepMap RSLC C18 column (150 mm 
× 150 μm, inner diameter [i.d.] of 2 μm, 100 Å; Thermo Fisher 
Scientific) equipped with a C18 PepMap trap column (20 mm × 
100 μm, i.d. of 5 μm, 100 Å; Thermo Fisher Scientific) over 60 
minutes (1 μL/min) using a 5%−40% acetonitrile gradient in 0.1% 
formic acid and 5% dimethyl sulfoxide at 50 °C. The LC system 
was coupled to an Orbitrap Exploris 480 mass spectrometer 
with an EASY-SPRAY source (Thermo Fisher Scientific). For 
data-independent acquisition (DIA) experiments, full MS scan 
resolutions were set to 60,000 and the automatic gain control 
(AGC) target was 300% with an injection time (IT) of 25 ms. 
The m/z range was set to 300–1,400. The MS/MS spectra scan 
resolution was set to 15,000 and the AGC target was 10,00% 
with an IT of 22 ms. Forty-four windows of 24 Da were used 
with an overlap of 1 Da. The normalized collision energy of 27 
was used for higher-energy collisional dissociation. The MS/MS 
scan range was set to 300–1,800.

Data-independent acquisition analysis and data 
processing
The DIA MS data were processed using DIA-NN (ver. 1.8) 

with library-free mode [7]. Spectra were searched with default 
settings except match-between-runs activated. Identification 
results were filtered at a false discovery rate of 1% at the 
precursor level. Protein quantities were obtained using the 
MaxLFQ algorithm [8].

Gene set enrichment analysis
Gene set enrichment analysis was performed using 

ConsensusPathDB [9]. We restricted our analysis to gene ontology 
biological processes (GOBPs) and pathway databases including 
Kyoto Encyclopedia of Genes and Genomes, Reactome, and 
WikiPathways [10-12]. Only the GOBPs and pathways with the 
number of molecules involved ≥10 were retained.
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Differential expression analysis
We defined differentially expressed proteins (DEPs) using 

an integrative statistical method previously reported [13]. We 

calculated test statistics using the Student t-test, Wilcoxon 
rank-sum test, and a log2-median-ratio in each comparison for 
protein expression. We then estimated empirical distributions 

Table 1. Clinicopathological characteristics of the patients

Characteristic Normal healthy controls Breast cancer patients P-value

No. of patients 10 10
Age (yr) 50 (41–66) 51 (42–72) 0.885
Body mass index (kg/m2) 21.62 (19.22–23.90)  24.1 (18.47–31.77) 0.097
History
  Hypertension 0 (0) 2 (20.0) 0.474
  Diabetes mellitus 0 (0) 2 (20.0) 0.474
Family history of breast cancer 0.368
  Yes 1 (10.0) 0 (0)
  No 9 (90.0) 10 (100.0)
Alcohol >0.999
  Yes 6 (60.0) 5 (50.0)
  No 4 (40.0) 5 (50.0)
Smoking 0.474
   Yes 0 (0) 2 (20.0)
  No 10 (100) 8 (80.0)
Menopausal status >0.999
  Premenopausal 7 (70.0) 7 (70.0)
  Postmenopausal 3 (30.0) 3 (30.0)
Breast cancer
  Tumor size
    Tis 1 (10.0)
    T1 5 (50.0)
    T2 4 (40.0)
  Lymph node status
    N0 7 (70.0)
    N1 3 (30.0)
  TNM stage
    0 1 (10.0)
    IA 5 (50.0)
    IB 0 (0)
    IIA 1 (10.0)
    IIB 3 (30.0)
  Histological grading
    Grade 1 0 (0)
    Grade 2 5 (50.0)
    Grade 3 5 (50.0)
  Estrogen receptor
    Negative 2 (20.0)
    Positive 8 (80.0)
  Progesterone receptor
    Negative 2 (20.0)
    Positive 8 (80.0)
  HER-2
    Negative 7 (70.0)
    Positive 3 (30.0)
  Ki-67 (%)
    <15 4 (40.0)
    ≥15 6 (60.0)

Values are presented as number only, mean (range), or number (%).
HER-2, human epidermal growth factor-2.

Kyung-Hwak Yoon, et al: Differentially expressed proteins in breast cancer plasma proteome
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of the test statistics and log2-median-ratios for the null 
hypothesis by randomly permutating all samples 1,000 times. 
Using the estimated empirical distributions, for each protein, 
we computed adjusted P-values for the observed test statistics 
and log2-median-ratio. Finally, we defined DEPs as the proteins 
that had the Student t-test P-values <0.05 and absolute log2-
median-ratios greater than the mean of the 10th and 90th 
percentile of the empirical distribution for log2-median-ratios 
in each comparison. Only the proteins that were expressed in 
more than half of the total samples in both testing groups were 
used.

RESULTS

Clinicopathological characteristics
The clinicopathological characteristics of the study participants 

are summarized in Table 1. All included participants were 
women. There were no statistically significant differences in age, 
body mass index, past medical history, family history of breast 
cancer, social history, and menopausal status between the breast 
cancer patients and healthy controls included in the analysis. 
Pathological information was available only for breast cancer 
patients. It included tumor size, lymph node status, TNM stage, 
histological grade, estrogen receptor status, progesterone receptor 
status, human epidermal growth factor receptor-2 (HER2) status, 
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Fig. 1. In-depth proteomic profiling of breast cancer plasma. (A) Numbers of plasma proteins identified by DIA MS in breast 
cancer patients and healthy controls. Total numbers of identified proteins as well as those of known plasma proteins as 
annotated in the Human Protein Atlas (HPA) database are indicated. (B) Dynamic range of the concentration of plasma proteins 
identified by DIA MS. Identified proteins with the highest and lowest known blood concentration (ceruloplasmin [CP] and 
hippocalcin-like protein 1 [HPCAL1], respectively) are indicated. (C) Principal component analysis of the breast cancer and 
normal plasma proteome. Variance explained by each principal component (PC) is indicated. (D) Bubble chart representing the 
gene set enrichment analysis results. Names of the representative gene ontology biological processes (GOBPs) and pathways 
highly enriched by the identified plasma proteome are indicated. (E) Expression heatmap of differentially expressed proteins 
in breast cancer patients and healthy controls. Numbers of up- and downregulated proteins are indicated. VEGF-A, vascular 
endothelial growth factor A; VEGFR2, VEGF receptor 2; IGF, insulin-like growth factor; IGFBP, IGF-binding proteins. 
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and Ki-67 index.

Evaluation of plasma mass spectrometry data 
identification results
We performed quantitative plasma proteome profiling of 10 

breast cancer patients and 10 healthy controls in the cohort 
for breast cancer diagnostic biomarker discovery. The DIA-NN 
search resulted in the identification of 6,702 peptides and 891 
proteins across all samples, and 882 and 805 proteins were 
identified from normal and breast cancer groups, respectively. 
Half of the identified proteins were annotated plasma proteins 
in the Human Protein Atlas database (https://www.proteinatlas.
org) (Fig. 1A). The identified plasma proteome was estimated to 
cover approximately 7 orders of dynamic ranges: 4.4E11 pg/L of 
ceruloplasmin to 9.2E4 pg/L of hippocalcin-like protein 1 (Fig. 
1B). 

Functional enrichment of the breast cancer plasma 
proteome
Principal component analysis showed that the identified 

plasma proteome clearly separated breast cancer patients from 
healthy controls (Fig. 1C). All identified proteins were used for 
gene set enrichment analysis. We found breast cancer-related 
GOBPs including blood coagulation, cytoskeleton organization, 
cytokine-mediated signaling pathway, and regulation of the cell 
cycle. In addition, pathway analysis revealed that membrane 
trafficking, focal adhesion, glycolysis and gluconeogenesis, 
vascular endothelial growth factor A (VEGF-A)-VEGF receptor 
2 signaling pathway, vesicle-mediated transport, regulation 
of insulin-like growth factor (IGF) transport and uptake by 

IGF-binding proteins, and tight junction were significantly 
enriched by the breast cancer plasma proteome (Fig. 1D). Next, 
we performed differential expression analysis to identify 
potential diagnostic biomarkers for breast cancer. We identified 
30 upregulated and 100 downregulated proteins in the plasma 
of breast cancer patients compared to healthy controls (Fig. 1E, 
Supplementary Table 1).

Potential biomarker selection
Among the 130 proteins differentially expressed between 

the plasma of breast cancer patients and healthy controls, 10 
proteins reported to be differentially regulated in breast cancer 
by previous studies were selected. The 10 proteins were chosen 
as representative examples of proteins with known involvement 
in GOBP or signaling pathways and biological functions 
associated with breast cancer reported by prior studies. Cluster 
of differentiation (CD) 44, eukaryotic translation initiation 
factor 2-α kinase 3 (EIF2AK3), and fibronectin 1 (FN1) were 
upregulated in breast cancer patients. Seven proteins that 
were downregulated were also selected: glyceraldehyde-3-
phosphate dehydrogenase (GAPDH), α-enolase (ENO1), heat 
shock protein member 8 (HSPA8), integrin‑linked kinase (ILK), 
tissue inhibitor of metalloproteinases-1 (TIMP1), vasodilator-
stimulated phosphoprotein (VASP), and 4-3-3 protein gamma 
(YWHAG). The expression pattern of the selected proteins was 
consistently up- or downregulated across all cancer samples, 
with a few cases showing overlapping expression levels with 
those of healthy control samples (Fig. 2).
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DISCUSSION
Plasma biomarkers play an essential role in the screening, 

diagnosis, and follow-up of malignancies. Plasma is easy to 
obtain through standardized procedures at a relatively low cost 
and effort, and plasma proteome is known to reflect diverse 
tissue proteome subsets [6]. Proteomics allows for comparative 
profiling of DEPs between diseased and control samples or at 
various stages of progressive disease [14]. Therefore, biomarkers 
identified through plasma proteomic profiling could be applied 
for diverse purposes including early diagnosis and therapeutic 
response monitoring.

For breast cancer, several tumor biomarkers have been 
proposed, including cancer antigen 15-3, CEA, HER-2, and tissue 
polypeptide-specific antigen [15,16]. However, the clinical utility 
of these markers has been limited by their low sensitivity 
and specificity. Recent studies have focused on the analysis of 
breast cancer plasma proteome for identification of DEPs [14,17]. 
Discovery of novel biomarkers through advanced proteomics 
techniques is promising, especially for screening purposes, as 
the false negative rate for mammography reaches 10%–30% 
worldwide.

We analyzed the plasma proteome of 10 breast cancer 
patients and 10 healthy controls by MS to identify differences 
in protein expression profile. We found 891 proteins across 
all samples, of which 805 were expressed in the breast cancer 
group and 882 proteins in the control group. Differential 
expression analysis revealed that 30 proteins were upregulated 
and 100 were downregulated in breast cancer patients’ plasma 
compared to those of healthy controls. Analysis of the plasma 
proteome presents technical challenges, as human plasma 
contains a diverse range of protein concentrations. Although 
numerous proteins related to general biological and tumor-
related processes were identified, only 10 proteins were chosen 
as potential biomarkers. All selected proteins had been reported 
in preexisting literature to be differentially expressed in breast 
cancer patients, which suggests that they may be directly or 
indirectly involved in the disease’s development.

CD44, EIF2AK3, and FN1 showed upregulation in breast 
cancer patients. CD44 is an adhesion molecule that plays a 
role in tethering cells to the extracellular matrix. Aberrant 
expression of CD44 has been noted to play a role in the 
metastasis of breast tumors, as well as in cancer stem cells [18]. 
EIF2AK3 is a transmembrane protein that acts as a stress sensor 
in the endoplasmic reticulum. It has been recognized as a 
crucial mediator in estrogen receptor stress-induced autophagy, 
which prevents cancer cell apoptosis [19]. EIF2AK3-dependent 
signaling triggers various processes in the metastatic cascade, 
including angiogenesis, cell migration, and colonization at 
secondary organ sites. Fibronectins participate in cell adhesion 
and migration processes, and previous studies have shown that 

FN1 is involved in the development of thyroid cancer, renal cell 
carcinoma, and nasopharyngeal cancer [20]. Zhang et al. [21] 
found that FN1 was upregulated in breast cancer tissues at both 
messenger RNA (mRNA) and protein levels, with higher FN1 
mRNA expression correlated with poor prognosis.

Seven proteins that were downregulated in breast cancer 
patients were also selected as potential plasma biomarkers. 
GAPDH is a glycolytic enzyme with non-glycolytic functions 
including regulation of cell death, autophagy, and DNA repair. 
The role of GAPDH in cancer cells seems to be complex, and 
both overexpression and suppression of the protein have been 
suggested as possible mechanisms of tumor progression [22]. 
For the other 6 biomarker candidates that were suppressed in 
breast cancer patients in the current study, these results were 
contradictory to previous literature. Although these proteins 
are well-known oncogenes in cancer, we did not rule them out 
as potential biomarkers for breast cancer based solely on their 
putative contradictory patterns between blood expressions and 
oncogenic functions at the tissue level. Instead, given that the 
blood concentrations of these proteins can also be influenced 
by various factors besides direct secretion from breast cancer 
cells, we included them in our list of putative breast cancer 
biomarkers based on their observed blood expression patterns 
in our data and their reported functional significance in breast 
cancer.

ENO1 plays an essential role in cell growth, hypoxia tolerance, 
and tumorigenesis, and its glycolytic function sustains tumor 
proliferation and inhibits apoptosis. Overexpression of ENO1 
in breast cancer tissues has been linked with poor prognosis 
[23]. The 70 kDa heat shock protein (HSP70) is associated 
with tumor proliferation and metastasis. HSPA8, one of the 
important members of HSP70, has recently been proposed as 
a new biomarker for triple-negative breast cancer [24]. The role 
of ILK has been widely studied in breast cancer, and silencing 
of ILK leads to apoptosis and decreased cell invasion [25]. On 
the other hand, ILK overexpression promotes tumor growth 
and metastasis [26]. TIMP1 has a tumor-promoting function via 
growth stimulation and inhibition of apoptosis. High plasma 
levels of TIMP1 have also been associated with poor response 
to hormonal therapy and chemotherapy [27]. VASP promotes 
cell migration in many malignant diseases including gastric 
cancer and cervical cancer; the expression level of VASP shows 
a positive correlation with advanced tumor stage in lung 
cancer; and in hepatocellular carcinoma, VASP promotes tumor 
invasion and metastasis. In breast cancer, VASP is a target 
gene of Wnt/β-catenin pathway, and its activation leads to cell 
proliferation and migration [28]. YWHAG, also known as 14-3-
3γ, is an oncogenic target protein related to pseudopodia, which 
accounts for cell motility in breast cancer [29]. Upregulation of 
YWHAG has been linked to increased tumor proliferation and 
metastasis in pancreatic cancer and lung adenocarcinoma [30]. 
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As the expression levels of these proteins were downregulated 
in the current analysis, further studies on their role in breast 
cancer are warranted.

This study has certain limitations. First, the study was 
limited by its retrospective nature. Second, the relatively small 
sample size limited the conclusions of the study. As this was 
a pilot study to identify potential proteome biomarkers, a 
future validation study with a larger population of both breast 
cancer patients and healthy controls is necessary to further 
investigate the predictive power of these novel biomarker 
candidates. We are currently planning to validate the results of 
this study with a larger cohort of breast cancer patients from 
the same institution, including analysis for differential protein 
expression according to breast cancer subtype.

In conclusion, we found that the plasma proteome profile 
differed significantly between breast cancer patients and 
healthy controls; based on these results, we identified 10 
potential plasma biomarkers for breast cancer screening. The 
incidence of breast cancer is rising and several contributing 
genes have been identified; however, there is still an unfulfilled 
demand for clinically applicable biomarkers. The current study 
provides the cornerstone for the identification of biomarkers 
easily detected through routine serological examinations.

SUPPLEMENTARY MATERIALS
Supplementary Table 1 can be found via https://doi.

org/10.4174/astr.2024.106.4.195.

ACKNOWLEDGEMENTS

Fund/Grant Support 
This work is supported by the Seoul National University 

Bundang Hospital Research Fund (grant No. 09-2021-0007).

Conflict of Interest
No potential conflict of interest relevant to this article was 

reported.

ORCID iD
Kyung-Hwak Yoon: https://orcid.org/0000-0002-6206-7767 
Hyosub Chu: https://orcid.org/0000-0002-8536-7500 
Hyeonji Kim: https://orcid.org/0009-0004-4311-243X 
Sunghyun Huh: https://orcid.org/0000-0002-1885-419X 
Eun-Kyu Kim: https://orcid.org/0000-0003-1318-0939 
Un-Beom Kang: https://orcid.org/0000-0002-9246-4237 
Hee-Chul Shin: https://orcid.org/0000-0001-6512-2218 

Author Contribution
Conceptualization, Project Administration: HCS
Formal Analysis: HC, HK, SH, UBK
Investigation: KHY, HC, HK, SH, EKK, UBK, HCS
Methodology: UBK, HCS 
Writing – Original Draft: GHY, HC, UBK, HCS
Writing – Review & Editing: All authors

REFERENCES

1.	Veronesi U, Boyle P, Goldhirsch A, 

Orecchia R, Viale G. Breast cancer. Lancet 

2005;365:1727-41.

2.	Odle TG. Precision medicine in breast 

cancer. Radiol Technol 2017;88:401M-21M.

3.	Michailidou K, Lindström S, Dennis J, 

Beesley J, Hui S, Kar S, et al. Association 

analysis identifies 65 new breast cancer 

risk loci. Nature 2017;551:92-4.

4.	Schwenk JM, Igel U, Kato BS, Nicholson 

G, Karpe F, Uhlén M, et al. Comparative 

protein profiling of serum and plasma 

using an antibody suspension bead array 

approach. Proteomics 2010;10:532-40.

5.	Huang Z, Ma L, Huang C, Li Q, Nice EC. 

Proteomic profiling of human plasma for 

cancer biomarker discovery. Proteomics 

2017;17.

6.	Geyer PE, Holdt LM, Teupser D, Mann M. 

Revisiting biomarker discovery by plasma 

proteomics. Mol Syst Biol 2017;13:942.

7.	Demichev V, Messner CB, Vernardis 

SI, Lilley KS, Ralser M. DIA-NN: neural 

networks and interference correction 

enable deep proteome coverage in high 

throughput. Nat Methods 2020;17:41-4.

8.	Cox J, Hein MY, Luber CA, Paron I, 

Nagaraj N, Mann M. Accurate proteome-

wide label-free quantification by delayed 

normalization and maximal peptide ratio 

extraction, termed MaxLFQ. Mol Cell 

Proteomics 2014;13:2513-26.

9.	K amburov A, Pentchev K, Gal icka 

H, Wierling C, Lehrach H, Herwig R. 

ConsensusPathDB: toward a more 

complete picture of cell biology. Nucleic 

Acids Res 2011;39:D712-7.

10.	Kanehisa M, Goto S. KEGG: kyoto encyclo

pedia of genes and genomes. Nucleic 

Acids Res 2000;28:27-30.

11.	Jassal B, Matthews L, Viteri G, Gong C, 

Lorente P, Fabregat A, et al. The reactome 

pathway knowledgebase. Nucleic Acids 

Res 2020;48:D498-503.

12.	Ma r tens  M,  A mma r  A ,  R iut t a  A , 

Waagmeester A, Slenter DN, Hanspers 

K, et al. WikiPathways: connecting com

munities. Nucleic Acids Res 2021;49:D613-

21.

13.	Chae S, Ahn BY, Byun K, Cho YM, Yu 

MH, Lee B, et al. A systems approach 

Kyung-Hwak Yoon, et al: Differentially expressed proteins in breast cancer plasma proteome

https://doi.org/10.4174/astr.2024.106.4.195
https://orcid.org/0000-0002-6206-7767
https://orcid.org/0000-0002-8536-7500
https://orcid.org/0009-0004-4311-243X
https://orcid.org/0000-0002-1885-419X
https://orcid.org/0000-0003-1318-0939
https://orcid.org/0000-0002-9246-4237
https://orcid.org/0000-0001-6512-2218


202

Annals of Surgical Treatment and Research 2024;106(4):195-202

for decoding mitochondrial retrograde 

signaling pathways. Sci Signal 2013;6:rs4.

14.	Kang UB, Ahn Y, Lee JW, Kim YH, Kim 

J, Yu MH, et al. Differential profiling 

of breast cancer plasma proteome by 

isotope-coded affinity tagging method 

reveals biotinidase as a breast cancer 

biomarker. BMC Cancer 2010;10:114.

15.	Lumachi F, Basso SM. Serum tumor 

markers in patients with breast cancer. 

Expert Rev Anticancer Ther 2004;4:921-

31.

16.	Bayo J, Castaño MA, Rivera F, Navarro 

F. Analysis of blood markers for early 

breast cancer diagnosis. Clin Transl Oncol 

2018;20:467-75.

17.	Yao F, Yan C, Zhang Y, Shen L, Zhou D, Ni J. 

Identification of blood protein biomarkers 

for breast cancer staging by integrative 

transcriptome and proteome analyses. J 

Proteomics 2021;230:103991.

18.	Olsson E, Honeth G, Bendahl PO, Saal LH, 

Gruvberger-Saal S, Ringnér M, et al. CD44 

isoforms are heterogeneously expressed 

in breast cancer and correlate with tumor 

subtypes and cancer stem cell markers. 

BMC Cancer 2011;11:418.

19.	Zhao C, Yin S, Dong Y, Guo X, Fan L, Ye 

M, et al. Autophagy-dependent EIF2AK3 

activation compromises ursolic acid-

induced apoptosis through upregulation 

of MCL1 in MCF-7 human breast cancer 

cells. Autophagy 2013;9:196-207.

20.	Sponziello M, Rosignolo F, Celano M, 

Maggisano V, Pecce V, De Rose RF, et al. 

Fibronectin-1 expression is increased in 

aggressive thyroid cancer and favors the 

migration and invasion of cancer cells. 

Mol Cell Endocrinol 2016;431:123-32.

21.	Zh a ng  X X ,  Luo  J H ,  Wu L Q.  F N1 

overexpression is correlated with unfavo

rable prognosis and immune infiltrates in 

breast cancer. Front Genet 2022;13:913659.

22.	Zhang JY, Zhang F, Hong CQ, Giuliano 

AE, Cui XJ, Zhou GJ, et al. Critical protein 

GAPDH and its regulatory mechanisms in 

cancer cells. Cancer Biol Med 2015;12:10-

22.

23.	Cancemi P, Buttacavoli M, Roz E, Feo 

S. Expression of alpha-enolase (ENO1), 

Myc promoter-binding protein-1 (MBP-

1) and matrix metalloproteinases (MMP-

2 and MMP-9) reflect the nature and 

aggressiveness of breast tumors. Int J Mol 

Sci 2019;20:3952.

24.	Calderwood SK, Khaleque MA, Sawyer 

DB, Ciocca DR. Heat shock proteins in 

cancer: chaperones of tumorigenesis. 

Trends Biochem Sci 2006;31:164-72.

25.	Ying B, Xu W, Nie Y, Li Y. HSPA8 is a 

new biomarker of triple negative breast 

cancer related to prognosis and immune 

infiltration. Dis Markers 2022;2022: 

8446857.

26.	Tsirtsaki K, Gkretsi V. The focal adhesion 

protein Integrin-Linked Kinase (ILK) 

as an important player in breast cancer 

pathogenesis. Cell Adh Migr 2020;14:204-

13.

27.	Würtz SO, Schrohl AS, Mouridsen H, 

Brünner N. TIMP-1 as a tumor marker 

in breast cancer: an update. Acta Oncol 

2008;47:580-90.

28.	Li K, Zhang J, Tian Y, He Y, Xu X, Pan W, 

et al. The Wnt/β-catenin/VASP positive 

feedback loop drives cell proliferation 

and migration in breast cancer. Oncogene 

2020;39:2258-74.

29.	Hiraoka E, Mimae T, Ito M, Kadoya T, 

Miyata Y, Ito A, et al. Breast cancer cell 

motility is promoted by 14-3-3γ. Breast 

Cancer 2019;26:581-93.

30.	Wang J, Pan X, Li J, Zhao J. TXNDC9 

knockdown inhibits lung adenocarcinoma 

progression by targeting YWHAG. Mol 

Med Rep 2022;25:203.


