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Efficacy of metformin on protein profile in breast tumor cells by

assessment in vitro and in silico analysis

In vitro ve in silico analizi ile metforminin meme tlimért hiicrelerinde

protein profili lizerindeki etkinligi
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ABSTRACT

Aim: This study aimed to uncover the varieties in protein profiles of Met in breast tumor (BT) cells by
assessment of in vitro and in silico analysis.

Materials and Methods: Here, the cells obtained from mastectomy patients were cultured, the
effective Met-dose was determined as 25 mM through cell viability and BrdU tests. Protein
identification in the breast tumor cells was implemented by employing LC-MS/MS technology.

Results: The expression of SSR3, THAP3, FTH1, NEFM, ANP32A, ANP32B, KRT7 proteins was
significantly decreased whereas the GARS protein increased in the 25 mM Met group compared to the
Non-Met (0 mM) control group. In silico analysis, we analyzed the probable interactions of all these
proteins with each other and other proteins, to evaluate the analysis of the larger protein network, and
which metabolic pathway proteins are involved in.

Conclusion: The stated proteomics analysis in our study proposes a better understanding of the
prognosis of breast cancer and future studies to investigate the effect of metformin in this field on
proteomic pathways in other sorts of cancer.

Keywords: Breast tumor cell, mass spectrometry, metformin, network analysis, protein networks.

oz

Amag: Bu calismada, meme tiimérii (BT) hiicrelerinde Met'in protein profillerindeki gesitlerin in vitro ve
in siliko analizleri degerlendirilerek ortaya ¢ikarilmasi amaglanmistir.

Gereg ve Yontem: Burada mastektomi hastalarindan elde edilen hiicreler kiiltiirlendi, hiicre canliligi
ve BrdU testleri ile etkin Met-doz 25 mM olarak belirlendi. Géglis timéri hicrelerinde protein
tanimlamasi, LC-MS/MS teknolojisi kullanilarak gerceklegtirilmistir.

Bulgular: Proteomik analiz sonuglarina gére, Non-Met (0 mM) kontrol grubuna kiyasla 26 mM Met
grubunda SSR3, THAP3, FTH1, NEFM, ANP32A, ANP32B, KRT7 proteinlerinin ekspresyonu énemli
Olciide azalirken GARS proteininin ekpresyonu artti. Silico analizde tiim bu proteinlerin birbirleriyle ve
diger proteinlerle olasi etkilesimlerini analiz ederek daha bliylik protein agdinin analizini ve hangi
metabolik yolak proteinlerinin rol oynadigini degerlendirdik.

Sonug¢: Calismamizda belirtilen proteomik analizler, meme kanserinin prognozunun daha iyi
anlagilmasini ve metforminin diger kanser tirlerinde proteomik yolaklar lizerindeki etkisini arastirmak
icin gelecekteki calismalari 6nermektedir.

Anahtar Sézciikler: Meme tiimér hiicresi, kiitle spektrometrisi, metformin, ag analizi, protein aglari.
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INTRODUCTION

Breast cancer is the most commonly diagnosed
cancer following lung cancer with a rate of 11.6%
among women and is categorized as the leading
cause of cancer death globally with 2,088,849
new cases and 626,679 deaths in 185 countries
(). Despite having several therapy protocols, the
patients are prone to greater risk of recurrence or
secondary disease development during the
progression of the disease due to the
multifactorial nature of the disease, thus, an early
diagnosis of the disease and avoidance of risk
factors are the main strategies for preventing
breast cancer (2). Hormonal therapy, mastectomy,
and radiation, and chemotherapy are the most
widely preferred therapy strategies to improve the
survival of breast cancer patients (3).

Metformin (Met), one of the oral antidiabetics
biguanides known to lower the risk of breast
cancer, has an advantage in diabetic breast
cancer patients if periodically used, compared to
the MET-free diabetes treatments (4). Although
several studies have underlined the association
between diabetes and the increased risk of
breast cancer, epidemiologic studies suggest that
Met elevates the incidence of cancer-related
survival in patients with type 2 diabetes. Libby et
al. (5) in 2009 and Currie et al. (6) in 2012, two
independent research groups, reported that the
patients having both diabetes and cancer, had
higher survival rates if treated with MET
compared to other antidiabetic drugs.

The potential anti-cancer and anti-tumoral effects
of Met on breast cancer have been discussed in
several studies. Met has been reported to inhibit
lipogenesis (7) and hyperinsulinemia, which have
pivotal roles in the development of numerous
types of cancer, including breast and prostate
cancers (8). There is also some evidence
suggesting that Met could induce apoptosis in
many cancer cell lines, such as endometrial and
triple-negative breast cancers (TNBC) (9).

To better understand the mechanisms of Met in
molecular cancer studies, the effect of Met on
breast cancer is examined under two headings:
AMPK-independent and AMPK-dependent (10).

Met activates the p53 through the AMPK-
dependent pathway, thus, prevents cell growth
and induces apoptosis (11). Moreover, it co-
activates p53 and BAX (Bcl-2-associated X)
proteins, triggering apoptosis via the ERK
signaling pathway in MCF-7 cells (12). In the
other approach, namely the AMPK-independent
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mechanism, Met suppresses inflammation by
hindering several mediators including COX-2,
TNF-alfa, IL-6, IL-17, NF-kB (10). IL-6 was
reported to take part in the growth and invasion
of breast cancer through STAT3 and JAK
pathways (13). Interestingly enough, Met has
been shown to inhibit the pro-inflammatory
mediators such as IL-17 and IL-6, blocking the
activation of NF-kB, thus reducing tumor
development (14), and similarly, the inflammatory
response associated with the suppression of NF-
kB activation in breast cancer cells. Recently, we
reported that Met reduces the expression of
MMP-2 and MMP-9 by blocking-translocating NF-
kB from the cytosol to the nucleus and showing
the anti-proliferative effect in MCF-7 cancer cells
(15), and Met induces cell cycle arrest in primary
breast cancer cells through upregulation of P53
whereas downregulation of cyclin D1 in an
AMPK-independent pathway (16).

Exploring protein-protein interaction networks
unveils and gives a solution to understand the
molecular mechanisms and systems biology (17).
The proteomics approaches based on mass
spectrometry take a significant part in the
visualization of these network studies through
statistical quantification using bioinformatics
tools, and elucidating drug pharmacokinetics, and
identifying protein targets. The protein profile
investigation is critical in revealing the function
and interaction of proteins through the discovery
of nascent proteins, drug development, and
comparison with the previously identified
information in databases to help recognize new
target proteins.

In this paper, we explored the effect of Met on
protein expression profiles in breast tumor cells
using LC-MS/MS technology and provided the
outcomes visually understandable by using the
current proteomic databases and algorithms as
shown workflow in Figure-1. Our results have
offered a proteomic variability of Met, which also
demonstrates therapeutic mechanisms and target
proteins when applied to breast tumor cells and
normal breast cells.

MATERIALS and METHODS

Experimental Medication and Dose
Measurements

Metformin (1,1-Dimethylbiguanide hydrochloride)
Molecular weight: 165.62 g/mol, H10000691.
100 mM metformin was prepared using 50 mL
DMEM/F-12. The stock solution was stored at
4°C. Experimental doses (5, 10, 25 mM) were
diluted from the prepared stock solution and
measured in 24-well plates.
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Figure-1. The study was composed of two main parts
as in vitro and in silico analysis.

Primer culture conditions

We acquired breast cancer cells from five human
donors (aged 45-55) that underwent biopsies of
breast tumors in the the Department of General
Surgery of Cerrahpasa Faculty of medicine in
Istanbul University. The acceptance criteria were
being in the post-menopausal period and having
breast cancer with estrogen and progesterone
positivity but HER2 negativity. The patients with
coexisting other cancers, any chronic diseases,
or having any of the BRCA1l and BRCA2 gene
mutations were discarded from the study. The
protocol was approved by the Ethics Committee
of Clinical Research Center of Cerrahpasa
Faculty of medicine in  Istanbul University,
N0:83045809- 604.01.02-257, 133). All of the
experimental procedures were performed
according to the Declaration of Helsinki. Informed
consent was taken from all individual participants
included in the study.

Breast tissues were cut in small slices, placed in
cell culture flasks pre-coated with fetal calf
serum, and incubated for 2 weeks in DMEM/F12
medium (Wisent Bioproducts, Quebec, Canada)
supplemented with 10% fetal bovine serum
(Wisent Bioproducts, Quebec, Canada), 100
U/mL penicillin  (Wisent Bioproducts, Quebec,
Canada), and 100 ug/mL streptomycin (Wisent
Bioproducts, Quebec, Canada) at 37°C in 95%
humidified air with 5% CO2. As the formation of
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monolayers of primary cancer was observed in
flasks, cells were subcultured every 7th-day
using trypsin. The number of cells from the 3th-
8th passages was calculated as 300 000 cells/ml.

Determining the effective dose by cell viability
and proliferation test

Proteomics Analysis

Sample preparation and protein extraction
and for LC-MS/MS analysis

Cells planted for the protein analysis study were
incubated for 24 h at 37°C by adding two doses
of Met (0 mM and 25 mM). The dose optimization
of Met was determined in our previous reports
(16,18). At the end of 24 h, the medium on the
cells was discarded, the cells were washed twice
with PBS, trypsinized, re-washed 2 times with
cold PBS, and the cell pellets were eventually
transferred to + 4°C to be used within the study.
For protein extraction, the cell pellet was mixed
with the Universal Protein Extraction (UPX) Kit
(Expedeon-44101) and the protease inhibitor
cocktail (Thermo Sci.-87785). The samples were
sonicated for 5x10 sec cycles and a 30-sec
pause between these cycles. After sonication, the
samples were kept on ice and cooled, and then
boiled at 95 °C for 10 min through stirring at 1000
rom. The samples were then centrifuged at
14,000 rpm for 10 min. The supernatants were
discarded and the pellets were transferred to the
new tubes. Peptide recovery was performed
using FASP Protein Digestion Kit (Expedeon-
44250) and the trypsin enzyme (Pierce-90057).
Samples were then diluted with 0.1% formic acid
so that the final concentration was 200 ng / pL.
The samples were in turn transferred to the
device-specific tubes.

LC-MS/MS analysis and data processing

Before the analysis, detector and calibration
settings were conducted through the MassLynx
program (V4.1-Waters), which is specific to the
Xevo G2-XS Q-TOF (Waters) device on which
the analysis was performed. The method was
switched to SONAR and sensitivity mode and the
tryptic peptides formed were fractionated with
acetonitrile gradient on the HSS T3 column
(Waters-186008818) according to their
hydrophobicity. By increasing acetonitrile in the
range of 5%-35%, the peptides were separated
from the column and the result of electrospray
ionization was analyzed in mass spectrometry.
During the analysis, data were collected for
peptides that could be identified in the m/z 50—
1950. The amino acid sequence was gathered by
implementing the MS and MS/MS functions over
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0.7s periods. 100 fmol/ul Glu-1-fibrinopeptide B
was operated as the lock mass calibrate.

Statistical analysis

Human protein sequence information in the
UniProt protein database was used for protein
identification. Statistical analysis was performed
using Progenesis QI-P software (Waters-2018).
The relative expressional rate of proteins was
filtered by ANOVA p-value < 0.05 and protein
expression variation with statistical significance
was evaluated as minimum fold change >2 in t-
test statistical analysis. Glu-1-fibrinopeptide B
peptide with m/z 785.8426 was set as a celebrant
and normalization of the samples were
conducted based on the total ion intensity. The
power scores, which are calculated using
Progenesis QI-P internal parameters, above 0.5
(50%) were admitted as a filter for multiple
comparisons. For identified 8 proteins, please
(see Table-1).

Bioinformatics Analysis
Databases and Preprocessing steps

A list of proteins was generated from the Uniprot
database (19) following the statistical evaluation
of mass spectrometry results (Table-2). These
proteins were subjected to Human Integrated
Protein-Protein Interaction rEference (HIPPIE) to
enrich and detect a potential protein network. The
interaction type of Association, Physical, and
Direct, and Colocalization, tissue as Breast -
Mammary Tissue are filtered, and confidence
level was set up to medium (0.63). HIPPIE (20) is
a very useful tool as it combines many

experimentally approved databases including
BIOGRID (21), MINT (22), and IntAct (23)
databases.

Over-representation Analysis

We subjected the official gene names of the
protein list from the HIPPIE into the WebGestalt
(24) (WEB-based Gene Set Analysis Toolkit). As

Table-1. Significantly changed protein description list.

well known, the WebGestalt server is a common
tool for the functional enrichment analysis of
gene lists. We implemented an approach through
geneontology and pathway analysis methods
such as KEGG (25), Wikipathway (26), and
Panther (27) which is namely the Over
Representation Analysis (ORA) (28) to analyze
the gene list in the WebGestalt. Illlumina
humanwg 6 v3 was selected as the Reference
set, and all other advanced parameters were left
at their default. Besides, GeneMANIA (29) was
used to expand the gene list with functionally
similar genes of the proteomics data.

String Database and Visualization on
Cytoscape

We used the StringApp program (30), one of the
most prominent data sources of networks being a
Cytoscape application for both visualization and
the analysis of protein networks on Cytoscape
(31). Then, another Cytoscape application-the
clusterMaker2 (32), that implements numerous
clustering algorithms were used (clusterMaker2
version 1.3.1) to implement Markov clustering
(MCL) (33), thus, to evaluate the protein network
and determine the largest cluster. To run MCL on
Cytoscape, the inflation value was set to 2.3, the
array sources were adjusted to use the STRING
confidence score, and MCL advance settings
were left at their default. The STRING: Disease
query tool was run to compare our result of
protein network and output protein network of
invasive ductal carcinoma. The STRING Disease
query was set to the maximum of 240 proteins
and a cut-off value of 0.50. Similarly, the
confidence (score) cut-off value and maximum
additional interactions were set to 0.50 and O,
respectively.

Unique

Max fold

Accession peptides Anova (p) change Description
P41250 2 0.02256881 5.675406671 (GARS) Glycine tRNA ligase
(SSRG) Translocon-associated protein

Q9UNL2 1 0.03119226 1591006341 b i gamma
Q8WTV1 1 0.03321887 9.442900878  (THAP3) THAP domain-containing protein 3
P02794 1 0.03579029 5.501142287  (FRIH) Ferritin heavy chain
P07197 4 0.04782681 41.2040797 (NFM )Neurofilament medium polypeptide

. (AN32A) Acidic leucine-rich nuclear
P39687;Q92688 3 0.04916017 15.86841797 phosphoprotein 32 family member A
P08729 10 0.04952918 6.640075817  (K2C7) Keratin type Il cytoskeletal 7
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Table-2. The list of the proteins retrieved information from the Uniprot database.

Swiss-Prot Official Sub-cellular Post-
Accession gene Function localization Pathology translasyonel Structure
Number names modification
Catalyzes the ATP-
dependent ligation of glycine Neurodegeneration, .
" - Cytoplasm, . Acetylation, X-ray,
P41250 GARS to the 3'-end of |t§ like tRNA axon Neulropathy, Charcot: Phosphorylation PDB-2PME
through the creation of a Marie-Tooth
Gly-AMP
Regulation of the retention Endoplasmic
QIUNL2 SSR3 of ER-localized proteins by reticulljum Mutations involved in Phosphorylation, None
binding Calcium to the ER many sorts of cancer Acetylation
membrane
membrane
To regulate the The
transcriptional activity of Nuclear Mutations associated experimental
Q8WTV1 THAP3 RRM is needs to be a part of chromatin with many types of Phosphorylation strzcture is
a THAP1/THAP3-HCFC1- cancer p
unavailable
OGT complex.
Possesses ferroxidase
activity, takes a part in the Cytosol, Hemochromatosis type X-ra
P02794 FTH1 delivery of iron to cells as Lysosome, 5, and mutations in Acetylation y
) . : PDB:1FHA
well, and is essential for iron Nucleus many cancer types
homeostasis.
It is a neurofilament . . The
P0O7197 NEEM containing three Cytoskeleton xigﬁaﬁ]%r: Tssg;n?;ed Acetylation, experimental
intermediate filament yyp Methylation structure is
. cancer ]
proteins. unavailable
Involved in several cellular
processions, repression of Cytoplasm
transformation, inhibition of Endop lasmic Mutations associated X-ra
P39687 ANP32A phosphatase 2A, regulation dop with many sorts of Phosphorylation y
) reticulum, PDB:2JEO
of MRNA and takes a part in Nucleus cancer
the suppression of E4F1-
mediated transcriptional.
Working as a cell cycle
factor in G1 to S phase and . .
Q92688 ANP32B cell survival factor, a Nucleus Mutafions linked to Acetylation NMR_’
L . many sorts of cancer PDB:2ELL
caspase-3 inhibitor as anti-
apoptotic protein.
Involved in blocking
P08729 KRT7 interferon-linked interphase Cytoplasm, Mutations linked to Dimethylation, X-ray,
and stimulating DNA Nucleus many types of cancer Acetylation PDB:4XIF
synthesis.
RESULTS

Our approaches in bioinformatics analysis are
briefly presented in Figure-1. We expanded the
protein list through statistically significant MS
protein results, and 241 nodes and 270 edges

with experimentally validated for functional
enrichment analysis using the HIPPIE
bioinformatics tool. Figure-2 represents the

interaction through the source to the target
protein. According to Figure-2, ANP32A, FTH1,
THAP3, KRT7, ANP32B, NEFM, and SSR3
proteins were upregulated whereas GARS
protein was downregulated under 25 mM Met-
dose compared to Met-free breast tumor cells
(see Figure-2).

We used MCL clustering to make the protein
network easier to understand. In the largest
cluster, String Functional analysis was acquired
by Markov clustering. After performing clustering,
we solely focused on determining whether there
is interaction with the largest and small clusters
of our downregulated proteins and GARS in
Figure-3.
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Enriched protein profiles in breast tumor
cells with 25mM Met-dose compared to
Met-free breast tumor cells. Only GARS
protein (green node) was observed to be
up-regulated, whereas the other red nodes
show the down-regulated proteins (p<0,05).

Figure-2.

Among the down-regulated proteins, ANP32A
and THAPS3 are in the largest cluster, while other
proteins are in small clusters and indicated in
larger font sizes (see Figure-3).
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Figure-3. A. The visualization of the protein network
related to breast cancer cells using Markov
(MCL) in Cytoscape.
B. The largest Cluster in the Network.
C. The small clusters in the Network after
performing the MCL. The names of proteins
from the MS output are represented in larger
font sizes (GARS, SSR3, THAP3, FTH1,
NEFM, ANP32A, ANP32B, KRT7).

ox

vBe

B

Figure-4. Functional enrichment analysis of the small and
largest clusters acquired by using MCL
clustering. A. KEGG pathway, B. Gene Ontology
(GO Function, GO Process). FDR values are
ranked significantly. The results were filtered by
a redundancy cut-off value of 0.05 in the
STRING enrichment table.
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Figure-5. The WebGestalt result of GARS protein and the
down-regulated proteins and their relationships
with  the pathways(KEGG, Wikipathway,
Panther) in breast tumor cell at 25 mM Met-
dose (FDR<0.05).
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Bar chart of Biological Bar

Bar chart of Molecular Function categories

Figure-6. Each Biological Process, Cellular Component,
and  Molecular  Function category is
represented by a red, blue, and green bar,
respectively. The height of the bar represents
the number of IDs in the user list and the
category.

Figure-7. The WebGestalt result of GARS protein and the
down-regulated proteins and their relationships
with the Geneontology (Biological process and
Molecular Function) in breast tumor cell at 25
mM Met-dose (FDR<0.05).

We detected that functional enrichment analysis
of Geneontology and Pathway from STRING and
WebGestalt are the same description in the string
enrichment table in Figure-4 and bar graphs in
Figure-5 and Figure-7. Furthermore, we retrieved
100 proteins in the network associated with
invasive ductal carcinoma by importing them from
the STRING: disease database. Then, we
identified both networks of enrichment protein in
string query (240 nodes) and the disease network
(240 nodes) in STRING by using the Merge
Networks tool in Cytoscape. As a result of the
network (not shown here), 6 proteins (ESR1,
KRT7, TP53, JUN, KRAS, MAPKS8) were found to
be associated with the Disease network. As a last
one, we summarized bar graphs in Figure-6 from
our results as Geneontology categories in
WebGestalt.
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ESR1 and JUN have four edges (interaction) by
GARS, ANP32B, ANP32A, and SSR3 proteins,
whereas KRT7 has three edges by CYLD, ATF2,
KDM1A; and THAP protein has three edges by
APP, OGT, and LTBR. All of these proteins
(ESR1, JUN, KRT7, CYLD, ATF2, KDM1A, APP,
OGT, LTBR) are known to have roles in
programmed cell death (see Figure-7). Besides,
a total of 62 nodes from the network is related to
programmed cell death (p-value: 1.1314e-10 in
Figure-7). TRIM25 has two edges by SSR3 and
THAP domain-containing 3 (THAP3), and is
related to NF-kappa B signaling pathway. 10
nodes are involved in NF-kappa B signaling
pathway (p-value: 0.000010805 in Figure-5). No
interaction of NEFM was determined in the
enriched proteomic profile of the Breast tumor
cells although in vitro analysis NEFM was
observed to be down-regulated in Met treated
breast cancer group. Moreover, it takes part in
Association Between Physico-Chemical Features
and  Toxicity Associated Pathways via
Wikipathway database by nodes of ACTR2,
ACTR3, AXIN1, FN1, GRB2, JUN, MAPK,
PPP2CA in Figure-5 (p-value: 0.0000041950).

In the pathway analysis, we found mitophagy-
associated proteins such as CSNK2A1,
CSNK2B, GABARAPL2, JUNE, MAPKS8, MAPKO9,
OPTN, TP53, and KRAS (GTPase KRas) nodes
through KEGG (Figure-5) (p-value: 0.000003).
According to the in vitro outcomes, down-
regulated FTH1, and upregulated protein GARS
had the most interactor nodes with these
mitophagy-associated proteins. As summarized
in Table-2, ANP32A is involved in several
processes in the cell in addition to interacting
physically with KRAS.

°
YEATSA,  "SMARCAD1
°
TARSL2
PAPPA o
ANP32A PSME1
MHARS2
< <
ANP32E AHCYLT OGARS
SSR3
AHCYL2
& (o4
& DMAP1 o ANP32B
<. 5 FTHL17
ThAP2 VPS72
BAGALT3
° °
o ODCAF‘ FTL pes FTMT
THAP3 o FTHA
KRT7 ARHGAP1
THAPS
-~ NEFM
Figure-8. The functional enrichment (physical

interaction, co-expression, shared protein
domains) analysis in GeneMANIA. Yellow
nodes in the network are the gene lists.
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Moreover, as shown in Figure-8, the interaction
of NEFM and KRT7 shared protein domains from
PFAM. Figure 8 represents the expanded gene
list with functionally similar genes of the
proteomics data obtained using GeneMANIA
(29). GARS and ANP32B proteins and KRT7 and
NEFM proteins have direct interactions with each
other. Similarly, ANP32A and ANP32B have not
only a direct interaction but also shared protein
domains. While SSR3 has no interactions or
shared domains with these proteins, THAP3 is
shown to have interactions with THAP family
proteins but no other type of proteins (Figure-8).

DISCUSSION

The widespread use of metformin worldwide and
its efficiency on individuals need to be
extensively figured out. Met has been accepted
to have a relative safety profile compared to other
antidiabetic drugs (6). Met possesses its cell
growth inhibition ability through triggering
apoptosis in cancer cells such as glioma and
triple-negative breast cancer cells (34, 35).
However, the full mechanism by which Met is
beneficial to cancer treatment is not thoroughly
understood yet. In this study, we employed
primary breast cancer cell culture and protein
extracts for proteomics processes to elucidate
previously unreleased results behind metformin’s
beneficial effect on invasive ductal carcinoma
treatment and protein-targeted studies in future
studies.

Protein network theory is a pivotal method of
choice to figure out the protein interaction and
function, subcellular components in the cell to
analyze the proteomics data. THAP3 is a subunit
of a THAP1/THAP3-HCFC1-OGT complex that
regulates the transcriptional activity of RRM1
which was approved to be a drug target in human
protein atlas by the FDA (36).

Concerning the in vitro results, FTH1 and GARS
proteins have the most interactor nodes with
mitophagy-associated proteins. Mitophagy is
specific autophagy, targeted for the degradation
of mitochondria (37). Surprisingly, it is thought to
play two roles in carcinogenesis depending on
the tumor type and stage (38). In general,
mitophagy targets to remove malfunctioning
mitochondria to cope with oxidative stress and
block carcinogenesis. Nevertheless, it can
preserve cells from cell death and support the
survival of tumor cells under unfavorable
conditions such as insufficient nutrients or
hypoxia (38). That is, as the level of mitophagy in
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a cancer cell increases, the ROS ratio decreases
and it becomes resistant to treatment with
healthy = mitochondria. ~ During  anti-cancer
treatment, therefore, the decrease in the level of
mitophagy makes it more sensitive to the
treatment in the cancer cell. Thus, mitophagy
appears to be a featured quality control factor in
target-based prevention of cancer (39).

Down-regulated ANP32A protein, for example, is
known to be part of various processes including
physical interaction with the KRAS gene. KRAS
considering the main target in anticancer drug
discovery (40), takes a significant part in the
regulation of cell proliferation and oncogenic
events (41).

NEFM (Neurofilament medium polypeptide) is
mostly a cytoplasmic protein expressed in CNS
and peripheral nerves. Interestingly enough,
although NEFM is known to be expressed in
brain cells, it has the most value in fold change
compared to the control (Met-free) group in our
statistical conclusion. Tyanova et al. similarly
reported high NEFM expression levels in Breast
cancer proteomic data in Expression Atlas (42).

We need to determine the interactions of
expressed proteins with each other to understand
cellular function, thus, the system biology. The
STRING database integrates known and
predicted protein-protein interactions physically
and functionally, collecting proteomics data from
the public and visualizing them by scoring.
STRING utilizes famous categorizing systems
including Gene Ontology and KEGG for
enrichment analysis (43).

CONCLUSION

The molecular characterization of breast cancer
has become revolutionary for therapeutic
approaches. The fact that breast cancer has a
multifactorial feature requires RNA and DNA
analysis with its microarray and sequencing

Reference

techniques almost constantly in molecular size.
The obvious advances in proteomic technologies
have made substantial progress compared to the
past and have now increased the profiling of
clinical specimens and their accuracy in
identification and quantification. Molecular
characterization, such as proteomic profiling, will
be of great importance for breast cancer person-
oriented treatment, as it is target-oriented in
developing existing therapy options. Although the
MRNA  profile is predominant in this
characterization, analysis of high-tech proteome
MS data provides a versatile approach to the
protein profile of the disease, the classification of
subtypes, application of  protein-targeted
therapies under system biology, and the effective
treatment of the findings.

Here, we analyzed the change of metformin,
which is relatively safe and effective compared to
chemotropic agents, economically appropriate, to
the protein profile in breast tumor cells. Our
analysis supports the fact that metformin
possesses anti-cancer features with changes in
proteomic pathways on breast cancer. With the
study findings we designed, metformin may
contribute to its potential therapeutic effect in
breast cancer treatment. However, metformin as
a cancer-targeted agent and its mechanism of
action in proteomic pathways requires further
supportive investigations to be fully understood.

Conflict of interest: The authors declare that no
conflict of interest.

Funding Information

This study was supported by the Scientific and
Technological Research Council of Turkey-
TUBITAK [Project No. 317S085] and Scientific
Research Projects of Istanbul University [Project
Number: 24066].

1. Bray F, Ferlay J, Soerjomataram |, Siegel RL, Torre LA, Jemal A. Global cancer statistics 2018: GLOBOCAN
estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA Cancer J Clin. 2018; 68

(6): 394-424.

2. Lynch SM, Stricker CT, Brown JC, Berardi JM, Vaughn D, Domchek S, et al. Evaluation of a web-based
weight loss intervention in overweight cancer survivors aged 50 years and younger. Obes Sci Pract. 2017; 3

(1): 83-94.

3. Lukong KE. Understanding breast cancer--The long and winding road. BBA Clin. 2017; 7: 64-77.
4. Bodmer M, Meier C, Krahenbihl S, Jick SS, Meier CR. Long-term metformin use is associated with
decreased risk of breast cancer. Diabetes Care. 2010; 33 (6): 1304-8.

222

Ege Journal of Medicine / Ege Tip Dergisi



10.

11.
12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

Libby G, Donnelly LA, Donnan PT, Alessi DR, Morris AD, Evans JMM. New users of metformin are at low risk
of incident cancer: a cohort study among people with type 2 diabetes. Diabetes Care. 2009; 32 (9): 1620-5.
Currie CJ, Poole CD, Jenkins-Jones S, Gale EAM, Johnson JA, Morgan CL. Mortality after incident cancer in
people with and without type 2 diabetes: impact of metformin on survival. Diabetes Care. 2012; 35 (2): 299—
304.

Bhalla K, Hwang BJ, Dewi RE, Twaddel W, Goloubeva OG, Wong K-K, et al. Metformin prevents liver
tumorigenesis by inhibiting pathways driving hepatic lipogenesis. Cancer Prev Res. 2012; 5 (4): 544-52.
Pollak MN. Investigating metformin for cancer prevention and treatment: the end of the beginning. Cancer
Discov. 2012;2(9):778-90.

Liu B, Fan Z, Edgerton SM, Deng XS, Alimova IN, Lind SE. Cell cycle (Georgetown, Tex.). Cell Cycle. 2009;
8 (13): 2031-40.

Faria J, Negalha G, Azevedo A, Martel F. Metformin and breast cancer: molecular targets. J Mammary Gland
Biol Neoplasia. 2019; 1-13.

Thoreen CC, Sabatini DM. AMPK and p53 help cells through lean times. Cell Metab. 2005; 1 (5): 287-8.
Malki A, Youssef A. Antidiabetic drug metformin induces apoptosis in human MCF breast cancer via targeting
ERK signaling. Oncol Res Featur Preclin Clin Cancer Ther. 2011; 19 (6): 275-85.

Deng X-S, Wang S, Deng A, Liu B, Edgerton SM, Lind SE, et al. Metformin targets Stat3 to inhibit cell growth
and induce apoptosis in triple-negative breast cancers. Cell cycle. 2012; 11 (2): 367—-76.

Najafi M, Cheki M, Rezapoor S, Geraily G, Motevaseli E, Carnovale C, et al. Metformin: Prevention of
genomic instability and cancer: A review. Mutat Res Toxicol Environ Mutagen. 2018; 827: 1-8.

Besli N, Yenmis G, Tungdemir M, Sarac EY, Dolugan S, Solako\uglu S, et al. Metformin suppresses the
proliferation and invasion through NF-kB and MMPs in MCF-7 cell line. Turkish J Biochem.

Yenmilcs G, Be\csli N, Sarac EY, Emre FSH, \cSENOL K, KANIGUR G. Metformin promotes apoptosis in
primary breast cancer cells by downregulation of cyclin D1 and upregulation of P53 through an AMPK-alpha
independent mechanism. Turkish J Med Sci. 2021; 51 (2): 826-34.

Yu H, Braun P, Y\ild\inim MA, Lemmens |, Venkatesan K, Sahalie J, et al. High-quality binary protein
interaction map of the yeast interactome network. Science (80-). 2008; 322 (5898): 104-10.

Yenmis G, Sarac EY, Besli N, Soydas T, Tastan C, Kancagi DD, et al. Anti-cancer effect of metformin on the
metastasis and invasion of primary breast cancer cells through mediating NF-kB activity. Acta Histochem.
2021; 123 (4): 1517009.

Consortium TU. UniProt: a worldwide hub of protein knowledge. Nucleic Acids Res. 2018; 47 (D1): D506—15.
Schaefer MH, Fontaine J-F, Vinayagam A, Porras P, Wanker EE, Andrade-Navarro MA. HIPPIE: Integrating
protein interaction networks with experiment based quality scores. PLoS One. 2012; 7 (2): e31826.
Chatr-Aryamontri A, Breitkreutz B-J, Heinicke S, Boucher L, Winter A, Stark C, et al. The BioGRID interaction
database: 2013 update. Nucleic Acids Res. 2012; 41 (D1): D816--D823.

Licata L, Briganti L, Peluso D, Perfetto L, lannuccelli M, Galeota E, et al. MINT, the molecular interaction
database: 2012 update. Nucleic Acids Res. 2011; 40 (D1): D857--D861.

Kerrien S, Aranda B, Breuza L, Bridge A, Broackes-Carter F, Chen C, et al. The IntAct molecular interaction
database in 2012. Nucleic Acids Res. 2011; 40 (D1): D841--D846.

Liao Y, Wang J, Jaehnig EJ, Shi Z, Zhang B. WebGestalt 2019: gene set analysis toolkit with revamped Uls
and APIs. Nucleic acids research. 2019; 47 (W1): W199-205.

Kanehisa M, Sato Y, Furumichi M, Morishima K, Tanabe M. New approach for understanding genome
variations in KEGG. Nucleic Acids Res. 2019; 47 (D1): D590--D595.

Slenter DN, Kutmon M, Hanspers K, Riutta A, Windsor J, Nunes N, et al. WikiPathways: a multifaceted
pathway database bridging metabolomics to other omics research. Nucleic Acids Res. 2018; 46 (D1): D661--
D667.

Mi H, Dong Q, Muruganujan A, Gaudet P, Lewis S, Thomas PD. PANTHER version 7: improved phylogenetic
trees, orthologs and collaboration with the Gene Ontology Consortium. Nucleic Acids Res. 2010; 38
(suppl_1): D204--D210.

Khatri P, Sirota M, Butte AJ. Ten years of pathway analysis: current approaches and outstanding challenges.
PLoS Comput Biol. 2012; 8 (2): €1002375.

Volume 61 Issue 2, June 2022 / Cilt 61 Says 2, Haziran 2022 223



20.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

224

Warde-Farley D, Donaldson SL, Comes O, Zuberi K, Badrawi R, Chao P, et al. The GeneMANIA prediction
server: biological network integration for gene prioritization and predicting gene function. Nucleic Acids Res.
2010; 38 (suppl_2): W214-20.

Szklarczyk D, Morris JH, Cook H, Kuhn M, Wyder S, Simonovic M, et al. The STRING database in 2017:
quality-controlled protein--protein association networks, made broadly accessible. Nucleic Acids Res. 2016;
gkw937.

Shannon P, Markiel A, Ozier O, Baliga NS, Wang JT, Ramage D, et al. Cytoscape: a software environment
for integrated models of biomolecular interaction networks. Genome Res. 2003; 13 (11): 2498-504.

Morris JH, Apeltsin L, Newman AM, Baumbach J, Wittkop T, Su G, et al. clusterMaker: a multi-algorithm
clustering plugin for Cytoscape. BMC Bioinformatics. 2011; 12 (1): 436.

Enright AJ, Van Dongen S, Ouzounis CA. An efficient algorithm for large-scale detection of protein families.
Nucleic Acids Res. 2002; 30 (7): 1575-84.

Isakovic A, Harhaji L, Stevanovic D, Markovic Z, Sumarac-Dumanovic M, Starcevic V, et al. Dual antiglioma
action of metformin: cell cycle arrest and mitochondria-dependent apoptosis. Cell Mol life Sci. 2007; 64 (10):
1290.

Liu B, Fan Z, Edgerton SM, Deng X-S, Alimova IN, Lind SE, et al. Metformin induces unique biological and
molecular responses in triple negative breast cancer cells. Cell cycle. 2009; 8 (13): 2031-40.

Uhlén M, Fagerberg L, Hallstrom BM, Lindskog C, Oksvold P, Mardinoglu A, et al. Tissue-based map of the
human proteome. Science (80-). 2015; 347 (6220): 1260419.

Dorn GW, Kitsis RN. The mitochondrial dynamism-mitophagy-cell death interactome: multiple roles
performed by members of a mitochondrial molecular ensemble. Circ Res. 2015; 116 (1): 167-82.

Cazzaniga M, Bonanni B. Relationship between metabolic reprogramming and mitochondrial activity in
cancer cells. Understanding the anticancer effect of metformin and its clinical implications. Anticancer Res.
2015; 35 (11): 5789-96.

Vara-Perez M, Felipe-Abrio B, Agostinis P. Mitophagy in Cancer: A Tale of Adaptation. Cells. 2019; 8 (5): 493.
Zimmermann G, Papke B, Ismail S, Vartak N, Chandra A, Hoffmann M, et al. Small molecule inhibition of the
KRAS--PDE$3$ interaction impairs oncogenic KRAS signalling. Nature. 2013; 497 (7451): 638—42.

Boyle KA, Van Wickle J, Hill RB, Marchese A, Kalyanaraman B, Dwinell MB. Mitochondria-targeted drugs
stimulate mitophagy and abrogate colon cancer cell proliferation. J Biol Chem. 2018; 293 (38): 14891-904.
Tyanova S, Albrechtsen R, Kronqvist P, Cox J, Mann M, Geiger T. Proteomic maps of breast cancer
subtypes. Nat Commun. 2016; 7 (1): 1-11.

Szklarczyk D, Gable AL, Lyon D, Junge A, Wyder S, Huerta-Cepas J, et al. STRING v11: protein—protein
association networks with increased coverage, supporting functional discovery in genome-wide experimental
datasets. Nucleic Acids Res. 2018; 47 (D1): D607-13.

Ege Journal of Medicine / Ege Tip Dergisi



