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Abstract
Background: Drug resistance in breast cancer is an unsolved problem in treating patients. It has been recently discussed that
lysosomes contribute to the invasion and angiogenesis of cancer cells. There is evidence that lysosomes can also cause multi-drug
resistance. We analyzed this emerging concept in breast cancer through computational and systems biology approaches.
Objectives: We aimed to identify the key lysosome-related genes associated with drug-resistant breast cancer.
Methods: All genes contributing to the structure and function of lysosomes were inquired through the Human Lysosome Gene
Database. The prioritized top 51 genes from the provided lists of Endeavour, ToppGene, and GPSy as prioritization tools were selected. All lysosomal genes and 12 breast cancer-related genes aligned to identify the most similar genes to breast cancer-related
genes. Different centralities were applied to score each human protein to calculate the most central lysosomal genes in the human
protein-protein interaction (PPI) network. Common genes were extracted from the results of the mentioned methods as a selected
gene set. For Gene Ontology enrichment, the selected gene set was analyzed by WebGestalt, DAVID, and KOBAS. The PPI network
was constructed via the STRING database. The PPI network was analyzed utilizing Cytoscape for topology network interaction and
CytoHubba to extract hub genes.
Results: Based on biological studies, literature reviews, and comparing all mentioned analyzing methods, six genes were introduced as essential in breast cancer. This computational approach to all lysosome-related genes suggested that candidate genes
include PRF1, TLR9, CLTC, GJA1, AP3B1, and RPTOR. The analyses of these six genes suggest that they may have a crucial role in breast
cancer development, which has rarely been evaluated. These genes have a potential therapeutic implication for new drug discovery
for chemo-resistant breast cancer.
Conclusions: The present work focused on all the functional and structural lysosome-related genes associated with breast cancer.
It revealed the top six lysosome hub genes that might serve as therapeutic targets in drug-resistant breast cancer. Since these genes
play a pivotal role in the structure and function of lysosomes, targeting them can effectively overcome drug resistance.
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1. Background
Breast cancer has a second-degree mortality rate
among women aged 45 to 55 (1). Depending on the stage
of breast cancer, one out of eight women would indeed
require treatment such as chemotherapy, tissue removal,
radiotherapy, and hormone therapy (2). Despite the

multispectral etiology of breast cancer, less information
has been provided regarding the biochemical aspects of
its progression. The metastatic ability of cancer cells by
resistance to chemotherapy challenges its therapeutic
management. The power of cancerous cells to deviate
apoptosis processes through mutation or epigenetic al-
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ternations (3) brought the urgent need for personalized
medicine to exclusively administer a specific drug based
on the genetic profile of patients (4). Although there is
no consensus about the underlying mechanism of cancer
metastatic progression, the lysosome components and
their activities within cancer cells have recently drawn
much scientific attention (5).
Lysosomes play roles in cell phagocytosis, endocytosis,
autophagy, and apoptosis (6, 7). It has been recently discussed that lysosomes contribute to cancer cell invasion,
angiogenesis, and drug resistance (5). Notably, the lysosome membrane in cancerous cells is weaker than in normal cells. Since this defect can result in apoptotic susceptibility, it can be a vital targeting strategy in developing
an efficient cancer therapy (8). Achieving this goal needs
comprehensive knowledge about the involved genes in either lysosomal biogenesis or autophagy processes. Currently, the Coordinated Lysosomal Expression and Regulation (CLEAR) gene network, along with over 500 target
genes of transcription factor EB (TFEB), has been recognized in the biogenesis and function of lysosomes and autophagy (9, 10). Addressing an ideal therapeutic target
needs enough knowledge concerning the exact signaling
pathways of the lysosomal process (11, 12). Experimental
studies on multifactorial diseases are time-consuming and
costly, but they can also poorly validate involved genes.
The application of high-throughput bioinformatics tools
and computational analysis can provide important information about exclusive candidate genes and proteins in either biological or disease processes (13).
The uncontrolled growth of cancer cells under harsh
conditions leads to the depletion of nutrients and aggregation of damaged proteins and organelles. As a result, lysosomes and their enzymes, through autophagy,
catabolism, growth, and recycling programs, provide nutrients for other cancer cells’ further development and
survival (14). Lysosomes have been widely studied in tumors’ chemoresistance in cancer cells by exocytosis. The
storage of chemotherapy drugs in the lysosomes has also
been mentioned as a lysosome-dependent drug resistance
mechanism (4). Since systems biology approaches identify the regulatory role of the master gene for lysosomal
biogenesis (TFEB), this gene network is known as the coordinated lysosomal expression and regulation (CLEAR),
consisting of genes involved in lysosomal autophagy flux
(8). Moreover, previous experimental studies identified
that TFEB promotes the transcription of several lysosomal genes by direct binding to specific E-box sites at their
promoters. The results of microarray data, unbiased genomic and expression meta-analysis, and deep sequencing
of TFEB chromatin immunoprecipitate (ChIP-seq) revealed
a control system by which TFEB coordinates the expression
of genes involved in the early and late steps of lysosomal
2

biogenesis (9). TFEB targets 500 - 800 genes, many of which
involve lysosomal biogenesis and autophagy. Lysosomes
would be considered the Achilles’ heel of cancer cells (8).
Gene prioritization is a computational approach for
complex diseases that inputs candidate genes and applies
several algorithms to rank them. A list of ranked genes
will be introduced in the output. Genes with high ranking have the most importance and role in causing the disease (15). One of the ways to identify essential genes that
play a vital role in diseases is to analyze the human proteinprotein interaction network (HPPIN) and centrality measures. Centrality is the most critical parameter for identifying the gravity of each gene/protein as a node in networks
(16).
Meanwhile, PPIs play a regulatory role in many cellsignaling networks associated with "cancer traits," as some
PPIs strongly affect cell signaling (17). Another way to help
researchers track genes essential in the etiology of diseases
is to look for similarities between the studied genes and
the marker genes associated with each condition. Scarce
data clarify the role of lysosomal genes in drug resistance
to breast cancer. To predict novel genes as hall markers of
breast cancer, a total of 435 genes involved in the biogenesis and functional structure of lysosomes were profiled as
the contributors to breast cancer development. Hence, the
characterization of genes participating in lysosomal biogenesis and function is critical in drug-resistant breast cancer treatment.

2. Objectives
The current study aimed to identify the key lysosomerelated genes associated with drug-resistant breast cancer.

3. Methods
3.1. Identification of Lysosomal Genes
Structural and functional lysosomal genes were identified in the Human Lysosome Gene Database (Lysosome.unipg.it). The chosen genes from datasets were related to the lysosomal encoding proteins that provided
information about miRNA-gene interactions and targeted
genes of the CLEAR network by TFEB binding motif and
binding sites. The filter algorithm used in this study was
miRTarBase, and default data of CLEAR and TFEB binding
motif of The Human Lysosome Gene Database were utilized. Four hundred thirty-five genes were identified as input candidates for gene prioritization, HPPIN analysis, and
similarity measures. The project workflow, including data
preparation, applied tools, analysis, and validation, is presented in Figure 1.
Iran J Pharm Res. 2022; 21(1):e130342.
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Figure 1. Workflow of methodology in this research
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3.2. Gene Prioritization by ToppGene, GPSy, and Endeavour
Three software packages conducted gene prioritization according to the data source, popularity,
and year.
The Endeavour web tool is available at
https://endeavour.esat.kuleuven.be/. Data from multiple heterogeneous sources were collected according to
sequence data, expression data, functional annotations,
PPI networks, text mining data, regulation information,
chemical and phenotype information, and a priori probabilities. The computational approach of the Endeavour
web tool, as the basic machine learning technique, was
performed to score and rank the candidate genes that
were ultimately merged with other data sources based
on an order statistic. The algorithm behind Endeavour
for prioritizing genes consisted of three steps. First, the
algorithm trained a model of the biological process of
interest. The user provided the seed genes. Every model
has a sub-model based on the user-selected data source.
Then, the algorithm used the model made in the previous
step to score the candidate genes. In the last step, the
ranked lists based on different data sources were merged
with statistical methods to reach a single global ranking.
The gene set prioritization by Endeavour was performed according to cross-validation benchmarks and
administered the "gold standard." The prioritized genes
were validated using human phenotype ontology, according to a time-stamped benchmark that provides the closest genes to prospective validation. The Endeavour efficiency for gene scoring and prioritization had been approved previously (18). The ToppGene tool prioritizes genes
based on functional similarity with the list of training
genes publicly available at https://toppgene.cchmc.org/
(19). The GPSy tool, as online software, was applied further to prioritize genes to predict the function of conserved developmental processes like meiosis, gametogenesis, and sex differentiation, which is publicly accessible at
http://gpsy.genouest.org (20).
Twelve genes with approved roles in the process of
breast cancer had been selected as training genes (21, 22).
To ensure the accuracy of analysis, the three top ones of
12 (TP53, BRCA1, and BRCA2) were imported into 435 genes
from the lysosomal Gene Database. Since all three genes
were located at the top of the ranking, the accuracy of
administered tools was confirmed. Common genes were
scored by the sum of scores of all methods, then genes with
scores more than the median score of all common genes
were selected. Finally, the top 51 genes common among the
three software were selected.
3.3. Most Similar Lysosomes-related Genes to Breast Cancer
Hallmark Genes
The Smith-Waterman alignment performs among all
435 lysosomal genes and 12 breast cancer-related genes.
4

The third quantile of all alignment scores was used as
a threshold, and all the lysosomal genes with alignment
scores above this threshold were reported as the most similar genes to breast cancer-related genes.
3.4. Most Central Lysosomal Genes in Human PPI Network
A human PPI network (HPPIN) is a graph in which the
nodes are human proteins (HPs), and the edges show their
interaction. We extracted 288,989 experimental interactions between 20,748 HPs (shown in Appendix 1). Different centralities, including degree (connectivity), neighborhood connectivity, shortest paths, closeness centrality, betweenness centrality (16, 23), and diversity of predators,
were applied (24) to score each HP. In the human-virus PPI
network, for each HP, each of the virus families that interacts with it is called a predator. For each HP, the mean evolutionary distance of its predators multiplied by the number of its predators is considered its diversity of predators
(DP) score (16). The top 100 lysosomal genes with the highest score were chosen for each of these centralities. Finally,
genes with at least two centralities were selected as the
most central lysosomal genes.
3.5. Extraction of Genes Common in the Output of All Three
Methods
Common genes were extracted from analysis results
of prioritization, similarity, and centrality methods. The
Venn diagram was drawn using ’ggVennDiagram’ packages in R. These common genes were considered the selected gene set for subsequent analysis.
3.6. Gene Ontology (GO) Preformation by WEB-based Gene Set
Analysis Toolkit (WebGestalt) as Functional Enrichment
The GO enrichment analysis of the common gene set
in the protein network was performed using WebGestalt
(http://www.webgestalt.org/) (25). For basic parameters
options, Homo sapiens, network topology-based analysis
(NTA) method, and PPI BioGrid as a functional database
were selected as suitable parameters. The network retrieval & prioritization method was used to construct a
network for all common gene sets. The TOP method was
performed to rank GO terms according to the adjusted pvalue. Significant top GO terms were selected.
3.7. Gene Ontology (GO) Functional Annotation Analysis by
DAVID
The DAVID tool analyzed the functions of the selected
gene set as the GO terms. It is a popular functioning web
tool that can functionally annotate and cluster data sets of
genes with high success (26, 27). Gene ontology analysis
was carried out by the default categories of DAVID tools, including disease, functional categories, GO, pathways, and
protein domains.
Iran J Pharm Res. 2022; 21(1):e130342.
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3.8. KEGG Database Enrichment Analysis with KEGG Orthology
Based Annotation System (KOBAS)

4.2. Identification of Most Similar Lysosomes Genes to Breast
Cancer Genes and Most Central Lysosomal Genes

KOBAS (http://kobas.cbi.pku.edu.cn/home.do/) (28)
evaluated the selected gene set based on KEGG database
enrichment analysis. Both the KEGG pathway and KEGG
disease databases were included in the evaluation. While
the Hypergeometric test/Fisher’s exact test was applied as
statistical analysis, Benjamini and Hochberg were selected
as the FDR correction method.

Eighty-four lysosomal genes with alignment scores
above median alignment scores and all 12 breast cancerrelated genes were selected as the most similar to breast
cancer genes. Figure 2A shows these normalized alignment scores. As shown, 132 lysosomal genes were present
at least in two centralities and reported as the most central lysosomal genes. For each of these 132 genes, Figure 2B
illustrates the centralities in which that gene is central.

3.9. Protein-Protein Interaction (PPI) Network Construction and
Topology Network Interaction Analysis and Hub Gene Selection

4.3. Identification of Lysosomal Genes in All Three Methods

The selected common genes and 12 training genes were
administered as input data to construct a PPI network using the STRING database (http://string-db.org/) (29). To
create a PPI, Homo sapiens strains were selected. The
"add more nodes to current network" option in the string
database was selected to increase the number of related
proteins and grow interactions. Totally 79 proteins were involved in the PPI network. The minimum interacted score
was considered with 0.400 confidence. The K-means clustering was used to better understand protein interactions
in the network, as it was categorized into four clusters according to the number of nodes. The constructed PPI network was imported into the Cytoscape software platform
to be analyzed and visualized (30, 31). The topologic parameters like network centralization and clustering coefficient
were performed with a network analyzer to show the importance of nodes. Hub genes were extracted and analyzed
with the Cytohubba plugin.

4. Results
4.1. Selection of Candidate Genes and Prioritization
Four hundred thirty-five genes with structural and
functional roles in the lysosomes were selected according
to Human Lysosome Gene Database (LGDB). Imported lysosomal genes were selected based on proteomics studies
and extracted from Reactome, Uniprot archive, KEGG, and
Gene Ontology database, as well as literature reviews and
systems biology approach. All 435 selected genes were prioritized using Endeavour, ToppGene, and GPSy web tools.
For a list of training genes, we found 12 genes that previous studies had approved as the most related genes to
breast cancer. The selected signature of genes was imported into a database analysis tool as training genes, including BRCA1, BRCA2, TP53, PTEN, CASP8, FGFR2, LSP1, MAP3K1,
CHEK2, ATM, BRIP1, and PALB2 (21). Each prioritization algorithm ranked the candidate genes based on their significance. Ultimately, the top 51 genes that were common in
all three administered tools were selected and prioritized.
Iran J Pharm Res. 2022; 21(1):e130342.

As shown in the Venn diagram of Figure 2C, 17 genes
were in the results of all three methods as follows: MTOR,
PRF1, FGFR3, TLR9, CLTC, GJA1, HLADRB1, NBR1, HSPA8, DNM2,
EGF, LRP1, PSAP, ENPP1, MYO7A, AP3B1, and RPTOR
4.4. Gene Ontology Functional Enrichment of Candidate Genes
The functional enrichment of the selected gene set
was analyzed through WebGestalt software. The process
was performed according to NTA (network topology-based
analysis) methods. The functional database of the selected 17 genes was evaluated with PPI-BioGrid, which confirmed the selected gene set as highly involved in the regulation of cellular response to heat (adjusted P-value =
0.02), antigen processing, and presentation (adjusted Pvalue = 0.03), and cellular response to starvation (adjusted
P-value = 0.05). The threshold for P-value was 0.05. The
significance of adjusted P-values was obtained through
Bonferroni-Hochberg false discovery rate correction (Appendices 2 and 3).
DAVID web server Gene Ontology analysis enriched prioritized genes in eight annotation clusters. The most critical Gene Ontology terms are described in Appendix 4.
The KOBAS server performed the enrichment of 17
genes for all normal and disease KEGG pathways. The output of KOBAS software is based on the P value and Corrected P-value. In this study, the P-value of less than 0.05
was considered statistically significant. The results showed
a significant enrichment in the endocytosis pathways (Pvalue = 0.00000347; corrected P-value = 0.000279), checkpoint pathway in cancer (P-value = 0.00000827; corrected
P-value = 0.000333), and autophagy (P-value = 0.0000982;
corrected P-value = 0.00158). The results indicated that
the top selected genes are involved in cancer development
(Figure 3).
4.5. PPI Network and Topological Analysis
The PPI network construction using the STRING
database was performed for 17 selected common genes
and 12 training genes. Four distinct clusters were observed, which were highly interconnected. The network
5
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Figure 2. A, Normalized alignment scores among 84 lysosomal genes and 12 breast cancer genes; B, Most central lysosomal genes and the number of centralities reported as
central; C, Venn diagram from the output of gene prioritization, similarity, and centrality methods

consisted of 79 proteins with 636 connectors, revealing
a high degree of functional association of clusters with
malignancy (Figure 4). The STRING network was analyzed
using Cytoscape. The topologic characteristic of the PPI
network was determined using Network Analyzer. The
network coefficient clustering was 0.613, indicating the

6

connection of adjacent nodes. This parameter measures
nodes’ importance in the network and their ability to
form clusters. A network clustering coefficient always
ranges between 0 and 1. As the value of this parameter
approaches 1, it shows the ability of nodes to create clusters (32). Furthermore, network centralization was 0.499.

Iran J Pharm Res. 2022; 21(1):e130342.
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Figure 3. Enrichment of 17 selected genes by KOBAS based on KEGG pathway and disease. The P-value of less than 0.05 was considered statistically significant. Each row
represents an enriched function, and the length of the bar represents the enrich ratio, which is calculated as "input gene number"/ "background gene number." The color of
the bar represents different clusters. For each cluster, the top five with the highest enrich ratio will be displayed if there are more than five terms.

Network centralization as a fundamental network concept
is a simple and widely used index of network connectivity
distribution. Centralized networks have scores close to
1, whereas decentralized networks are characterized by
having a score close to 0 (33).
4.6. Identification of Hub Genes and Biological Significance
Hub genes of the PPI network were determined using
the CytoHubba plugin in Cytoscape software. The results
were extracted using all 12 methods in the tool. It is demonstrated that some top 17 prioritized genes were also hub
genes. The hub genes were analyzed using four calculating
methods (betweenness, degree, clustering coefficient, and
eccentricity) (Figure 5A - D).
Ultimately, based on biological studies, literature reviews, and comparing all mentioned analyzing methods,
PRF1, TLR9, CLTC, GJA1, AP3B1, and RPTOR were introduced as
essential genes in breast cancer. The analyses of these six
Iran J Pharm Res. 2022; 21(1):e130342.

genes suggest that they may have a crucial role in the development of breast cancer, which has rarely been evaluated.
5. Discussion
The present study adds to the growing evidence that
implicates the essential roles of the lysosomal genes in
drug resistance and human cancer progression. We introduced a computational approach utilizing systems biology methods such as prioritization tools, enrichment web
servers, network analyzer software, and computational biology methods to calculate the centrality of human PPI networks and measure gene similarity. As a result, 17 top genes
were identified, including mTOR, PRF1, FGFR3, TLR9, CLTC,
GJA1, HLA-DRB1, HSPA8, EGF, LRP1, MYO7A, ENPP1, PSAP, NBR1,
AP3B1, DNAM2, and RPTOR, which play roles in the cellular
response to starvation, autophagy, endocytosis pathways,
and cancer development. Furthermore, the selected gene
7
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Figure 4. STRING database generating the PPI network using selected and training protein names as queries separated into four k-means clusters.

set PPI analysis revealed four main clusters highly associated with cancer development. Finally, six rarely evaluated
genes, PRF1, TLR9, CLTC, GJA1, RPTOR, and AP3B1, were identified with the leading potential roles in breast cancer development and drug resistance.
The mammalian cells target rapamycin (mTOR) to regulate eukaryotic cell metabolism and growth with environmental inputs, such as growth factors and nutrients
(34). mTOR directly or indirectly regulates the phosphorylation of at least 800 proteins. The mTOR pathway regulates the translation of proteins associated with drug resistance, controlling cell cycle progression and apoptosis and
thereby contributing to cancer cell drug resistance (35). RPTOR regulatory associated protein of mTOR complex 1 operates as a scaffold for recruiting mTORC1 substrates and
8

is an essential procedure for mTOR activating (36). The RPTOR upregulation has a role in the resistance of renal cancer cells to PI3K-mTOR inhibition (37). The previous experimental study showed that RPTOR mRNA expression correlates with higher breast cancer tumor grade (38). Another
study suggested that RPTOR mediates, at least partially, resistance to EGFR inhibition in triple-negative breast cancer cells (39). mTOR-induced cancer drug resistance to autophagy defects opens a therapeutic window for treating
otherwise therapy-refractory tumor patients (40). Lysosomes are essential components contributing to chemoresistance by the mTORC1 axis and are implicated in developing drug resistance (41). Interestingly, our results demonstrated that RPTOR is the hub gene involved in lysosome
function in breast cancer biology.

Iran J Pharm Res. 2022; 21(1):e130342.
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Figure 5. The constructed PPI network by Cytoscape. Hub genes were identified by the cytoHubba plugin. A, Hub genes were chosen based on the betweenness method; B, Hub
genes were chosen based on the Degree method; C, Hub genes were chosen based on the Clustering coefficient method; D, Hub genes were chosen based on the Eccentricity
method.

Mutations in the PRF1 gene are associated with various
human diseases and across 19 different cancer types. Perforin is encoded by PRF1 and forms membrane pores that
allow the release of granzymes and subsequent cytolysis of
target cells. Perforin plays an essential role in host immunity and could be an attractive therapeutic target in cancer
(42, 43).
Under hypoxic conditions, several chemical substances are released, activating toll-like receptors (TLRs),
thus inducing various pathophysiological responses,
like tumorigenesis. TLR9 leads to the activation of NF-κB
and mitogen-activated protein kinases (MAPKs), which
Iran J Pharm Res. 2022; 21(1):e130342.

then influence the release of NO and pro-inflammatory
cytokines. The most potent activator of angiogenesis
in tumors is hypoxia. Activated TLR9 upregulates the
inhibitors of apoptosis, such as Bcl-xL, cFLIP, and surviving,
reducing the chemosensitivity of cancer cells (44, 45). In
a study, TLR9 mRNA and protein expression were higher
in HR-negative than in HR-positive breast cancers. In addition, TLR9 expression increases with rising grades in both
breast cancer and ovarian neoplasm. TLR9 is also directly
associated with poor differentiation of breast and ovarian
cancers. Overexpression of TLR9 through the stimulation
of hypo-methylated DNA contributes to the migration
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of cancer cell lines (46). TLR9 may be a novel target for
chemosensitizing cancer cells.
The clathrin heavy chain (CLTC) gene has high expression in all cells and plays a pivotal role in membrane trafficking and mitosis. As an oncogene with different expression levels in breast cancer, its elevation in urinary samples of patients could be a biomarker of breast cancer. It
could distinguish breast cancer from the other types of
cancer with a 94.3% accuracy (47). Also, the mammalian
AP3 adapter complex has been shown to associate with
clathrinid through the interaction of the appendage domain of the AP3B1 protein with the amino-terminal domain of CLTC (48). Our computational and systems biology
analysis revealed CLTC and Ap3B1 as hub lysosomal genes
highly involved in breast cancer.
Researchers indicated that connexins, consisting
of Cannexin 43 (GJA1) and GJB2, were overexpressed in
metastatic lesions of cancer patients and promoted cancer cell migration and adhesion. Connexin would be a
cancer biomarker for prognosis and therapeutic targets
for inhibiting metastasis and chemoresistance (49). The
functional analyses demonstrated the GJA1 gene encoding
Connexin 43 (Cx43) and the importance of Cx43 in drug
resistance. An experimental study showed highly upregulated GJA1 in cisplatin-resistant ovarian cancer cells. (50).
Finally, we focused on the relationship between lysosomal
genes and drug resistance in breast cancer treatment
and introduced the top six hub genes. Although previous
studies have shown the role of some genes introduced
in cancer drug resistance, our research emphasizes the
critical role of all these genes in breast cancer chemoresistance. Since these genes play a pivotal role in the structure
and function of lysosomes, targeting them can effectively
overcome drug resistance. However, the current research
results should be further validated through in vitro and in
vivo studies to confirm the critical role of these genes in
drug-resistant breast cancer.
5.1. Conclusions
In summary, growing evidence implicates the essential
roles of lysosomes in drug resistance of human cancers.
The present work focused on all functional and structural
lysosome-related genes associated with breast cancer biology. Our approach found the top six essential lysosome
hub genes, including PRF1, TLR9, CLTC, GJA1, AP3B1, and RPTOR, which could be significantly involved in drug resistance. Lysosome targeting in cancer is a promising strategy to overcome chemoresistance and could lead to innovative therapeutic approaches.
Supplementary Material
Supplementary material(s) is available here [To read
supplementary materials, please refer to the journal web10
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Acknowledgments
This research was performed in the Cellular and
Molecular Biology Research Center and Department of
Medical Biotechnology, School of Advanced Technologies
in Medicine, Shahid Beheshti University of Medical Sciences, Tehran, Iran, and Bioinformatics and Computational Omics Lab (BioCOOL), Department of Biophysics,
Faculty of Biological Sciences, Tarbiat Modares University
(TMU), Tehran, Iran.

Footnotes
Authors’ Contribution: Study concept and design, A.
S. and J. Z.; Acquisition of data, A.S., B.KH., and L.J.; Analysis and interpretation of data, A. S., L. J., and B. KH.; Drafting of the manuscript, A.S. and M.K; Critical revision of the
manuscript for important intellectual content, M. S., V.J.,
and B.K.; Statistical analysis, B. KH., L.J., M.S., and M.K.; Administrative, technical, and material support, M.S., J.Z., V.J.,
and B.K.; Study supervision, J.Z., V.J., and B.K.
Conflict of Interests: The authors declare no conflict of
interest.
Data Reproducibility: The data presented in this study
are uploaded during submission as a supplementary file
and are openly available for readers upon request.
Funding/Support: This study was funded by Shahid Beheshti University of Medical Sciences, Tehran, Iran (grant
number: 10597).

References
1. Jemal A, Siegel R, Ward E, Hao Y, Xu J, Thun MJ. Cancer statistics, 2009. CA Cancer J Clin. 2009;59(4):225–49. [PubMed: 19474385].
https://doi.org/10.3322/caac.20006.
2. DeSantis CE, Ma J, Gaudet MM, Newman LA, Miller KD, Goding Sauer A,
et al. Breast cancer statistics, 2019. CA Cancer J Clin. 2019;69(6):438–51.
[PubMed: 31577379]. https://doi.org/10.3322/caac.21583.
3. Su Z, Yang Z, Xu Y, Chen Y, Yu Q. Apoptosis, autophagy, necroptosis,
and cancer metastasis. Mol Cancer. 2015;14:48. [PubMed: 25743109].
[PubMed Central: PMC4343053]. https://doi.org/10.1186/s12943-0150321-5.
4. Zhitomirsky B, Assaraf YG. Lysosomes as mediators of drug resistance in cancer. Drug Resist Updat. 2016;24:23–33. [PubMed: 26830313].
https://doi.org/10.1016/j.drup.2015.11.004.
5. Kroemer G, Jäättelä M. Lysosomes and autophagy in cell death
control. Nat Rev Cancer. 2005;5(11):886–97. [PubMed: 16239905].
https://doi.org/10.1038/nrc1738.
6. Mohamed MM, Sloane BF. Cysteine cathepsins: multifunctional
enzymes in cancer. Nat Rev Cancer. 2006;6(10):764–75. [PubMed:
16990854]. https://doi.org/10.1038/nrc1949.
7. Luzio JP, Pryor PR, Bright NA. Lysosomes: fusion and function. Nat Rev Mol Cell Biol. 2007;8(8):622–32. [PubMed: 17637737].
https://doi.org/10.1038/nrm2217.

Iran J Pharm Res. 2022; 21(1):e130342.

Shiralipour A et al.

8. Piao S, Amaravadi RK. Targeting the lysosome in cancer. Ann N Y
Acad Sci. 2016;1371(1):45–54. [PubMed: 26599426]. [PubMed Central:
PMC4879098]. https://doi.org/10.1111/nyas.12953.
9. Palmieri M, Impey S, Kang H, di Ronza A, Pelz C, Sardiello M, et al.
Characterization of the CLEAR network reveals an integrated control
of cellular clearance pathways. Hum Mol Genet. 2011;20(19):3852–66.
[PubMed: 21752829]. https://doi.org/10.1093/hmg/ddr306.
10. Bao J, Zheng L, Zhang Q, Li X, Zhang X, Li Z, et al. Deacetylation
of TFEB promotes fibrillar Aβ degradation by upregulating
lysosomal biogenesis in microglia. Protein Cell. 2016;7(6):417–
33. [PubMed:
27209302]. [PubMed Central:
PMC4887328].
https://doi.org/10.1007/s13238-016-0269-2.
11. Settembre C, Di Malta C, Polito VA, Garcia Arencibia M, Vetrini F,
Erdin S, et al. TFEB links autophagy to lysosomal biogenesis. Science. 2011;332(6036):1429–33. [PubMed: 21617040]. [PubMed Central:
PMC3638014]. https://doi.org/10.1126/science.1204592.
12. Luzio JP, Hackmann Y, Dieckmann NM, Griffiths GM. The biogenesis
of lysosomes and lysosome-related organelles. Cold Spring Harb Perspect Biol. 2014;6(9). a016840. [PubMed: 25183830]. [PubMed Central:
PMC4142962]. https://doi.org/10.1101/cshperspect.a016840.
13. Robinson SW, Fernandes M, Husi H. Current advances in
systems and integrative biology. Comput Struct Biotechnol J.
2014;11(18):35–46. [PubMed: 25379142]. [PubMed Central: PMC4212281].
https://doi.org/10.1016/j.csbj.2014.08.007.
14. Dielschneider RF, Henson ES, Gibson SB. Lysosomes as Oxidative Targets for Cancer Therapy. Oxid Med Cell Longev.
2017;2017:3749157. [PubMed:
28757908]. [PubMed Central:
PMC5516749]. https://doi.org/10.1155/2017/3749157.
15. Raj M, Sreeja A. Analysis of Computational Gene Prioritization Approaches. Procedia Comput Sci. 2018;143:395–410.
https://doi.org/10.1016/j.procs.2018.10.411.
16. Khorsand B, Savadi A, Naghibzadeh M. Comprehensive hostpathogen protein-protein interaction network analysis. BMC
Bioinformatics. 2020;21(1):400. [PubMed: 32912135]. [PubMed Central: PMC7488060]. https://doi.org/10.1186/s12859-020-03706-z.
17. Hardcastle IR. Protein–Protein Interaction Inhibitors in Cancer.
In: Chackalamannil S, Rotella D, Ward SE, editors. Comprehensive Medicinal Chemistry III. Amsterdam: Elsevier; 2017. p. 154–201.
https://doi.org/10.1016/b978-0-12-409547-2.12392-3.
18. Tranchevent LC, Ardeshirdavani A, ElShal S, Alcaide D, Aerts J, Auboeuf
D, et al. Candidate gene prioritization with Endeavour. Nucleic
Acids Res. 2016;44(W1):W117–21. [PubMed: 27131783]. [PubMed Central:
PMC4987917]. https://doi.org/10.1093/nar/gkw365.
19. Chen J, Bardes EE, Aronow BJ, Jegga AG. ToppGene Suite for gene
list enrichment analysis and candidate gene prioritization. Nucleic
Acids Res. 2009;37(Web Server issue):W305–11. [PubMed: 19465376].
[PubMed Central: PMC2703978]. https://doi.org/10.1093/nar/gkp427.
20. Britto R, Sallou O, Collin O, Michaux G, Primig M, Chalmel F. GPSy:
a cross-species gene prioritization system for conserved biological
processes–application in male gamete development. Nucleic Acids Res.
2012;40(Web Server issue):W458–65. [PubMed: 22570409]. [PubMed
Central: PMC3394256]. https://doi.org/10.1093/nar/gks380.
21. Fanale D, Amodeo V, Corsini LR, Rizzo S, Bazan V, Russo A. Breast
cancer genome-wide association studies:
there is strength
in numbers. Oncogene. 2012;31(17):2121–8. [PubMed: 21996731].
https://doi.org/10.1038/onc.2011.408.
22. Antoniou AC, Easton DF. Models of genetic susceptibility to breast
cancer. Oncogene. 2006;25(43):5898–905. [PubMed: 16998504].
https://doi.org/10.1038/sj.onc.1209879.
23. Khorsand B, Savadi A, Naghibzadeh M. SARS-CoV-2-human
protein-protein interaction network. Inform Med Unlocked.
2020;20:100413. [PubMed:
32838020]. [PubMed Central:
PMC7425553]. https://doi.org/10.1016/j.imu.2020.100413.
24. Khorsand B, Savadi A, Zahiri J, Naghibzadeh M. Alpha influenza
virus infiltration prediction using virus-human protein-protein interaction network. Math Biosci Eng. 2020;17(4):3109–29. [PubMed:
32987519]. https://doi.org/10.3934/mbe.2020176.
25. Liao Y, Wang J, Jaehnig EJ, Shi Z, Zhang B. WebGestalt 2019: gene

Iran J Pharm Res. 2022; 21(1):e130342.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

set analysis toolkit with revamped UIs and APIs. Nucleic Acids
Res. 2019;47(W1):W199–w205. [PubMed: 31114916]. [PubMed Central:
PMC6602449]. https://doi.org/10.1093/nar/gkz401.
Sherman BT, Hao M, Qiu J, Jiao X, Baseler MW, Lane HC, et al.
DAVID: a web server for functional enrichment analysis and
functional annotation of gene lists (2021 update). Nucleic Acids
Res. 2022;50(W1):W216–21. [PubMed: 35325185]. [PubMed Central:
PMC9252805]. https://doi.org/10.1093/nar/gkac194.
Huang da W, Sherman BT, Lempicki RA. Systematic and integrative analysis of large gene lists using DAVID bioinformatics resources. Nat Protoc. 2009;4(1):44–57. [PubMed: 19131956].
https://doi.org/10.1038/nprot.2008.211.
Xie C, Mao X, Huang J, Ding Y, Wu J, Dong S, et al. KOBAS 2.0:
a web server for annotation and identification of enriched
pathways and diseases. Nucleic Acids Res. 2011;39(Web Server
issue):W316–22. [PubMed: 21715386]. [PubMed Central: PMC3125809].
https://doi.org/10.1093/nar/gkr483.
Szklarczyk D, Franceschini A, Kuhn M, Simonovic M, Roth A, Minguez
P, et al. The STRING database in 2011: functional interaction networks of proteins, globally integrated and scored. Nucleic Acids Res.
2011;39(Database issue):D561–8. [PubMed: 21045058]. [PubMed Central: PMC3013807]. https://doi.org/10.1093/nar/gkq973.
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. [PubMed:
14597658]. [PubMed Central:
PMC403769].
https://doi.org/10.1101/gr.1239303.
Franz M, Lopes CT, Huck G, Dong Y, Sumer O, Bader GD. Cytoscape.js: a graph theory library for visualisation and analysis. Bioinformatics. 2016;32(2):309–11. [PubMed: 26415722]. [PubMed Central:
PMC4708103]. https://doi.org/10.1093/bioinformatics/btv557.
Barabási AL, Oltvai ZN. Network biology: understanding the cell’s
functional organization. Nat Rev Genet. 2004;5(2):101–13. [PubMed:
14735121]. https://doi.org/10.1038/nrg1272.
Dong J, Horvath S. Understanding network concepts in modules.
BMC Syst Biol. 2007;1:24. [PubMed: 17547772]. [PubMed Central:
PMC3238286]. https://doi.org/10.1186/1752-0509-1-24.
Saxton RA, Sabatini DM. mTOR Signaling in Growth, Metabolism, and
Disease. Cell. 2017;168(6):960–76. [PubMed: 28283069]. [PubMed Central: PMC5394987]. https://doi.org/10.1016/j.cell.2017.02.004.
Jiang BH, Liu LZ. Role of mTOR in anticancer drug resistance:
perspectives for improved drug treatment. Drug Resist Updat. 2008;11(3):63–76. [PubMed:
18440854]. [PubMed Central:
PMC2519122]. https://doi.org/10.1016/j.drup.2008.03.001.
Rabanal-Ruiz Y, Byron A, Wirth A, Madsen R, Sedlackova L, Hewitt G, et
al. mTORC1 activity is supported by spatial association with focal adhesions. J Cell Biol. 2021;220(5). [PubMed: 33635313]. [PubMed Central:
PMC7923692]. https://doi.org/10.1083/jcb.202004010.
Earwaker P, Anderson C, Willenbrock F, Harris AL, Protheroe AS,
Macaulay VM. RAPTOR up-regulation contributes to resistance of
renal cancer cells to PI3K-mTOR inhibition. PLoS One. 2018;13(2).
e0191890. [PubMed: 29389967]. [PubMed Central: PMC5794101].
https://doi.org/10.1371/journal.pone.0191890.
Wazir U, Newbold RF, Jiang WG, Sharma AK, Mokbel K. Prognostic
and therapeutic implications of mTORC1 and Rictor expression in human breast cancer. Oncol Rep. 2013;29(5):1969–74. [PubMed: 23503572].
https://doi.org/10.3892/or.2013.2346.
You KS, Yi YW, Kwak SJ, Seong YS. Inhibition of RPTOR overcomes resistance to EGFR inhibition in triple-negative breast
cancer cells. Int J Oncol. 2018;52(3):828–40. [PubMed: 29344641].
https://doi.org/10.3892/ijo.2018.4244.
Gremke N, Polo P, Dort A, Schneikert J, Elmshäuser S, Brehm C, et
al. mTOR-mediated cancer drug resistance suppresses autophagy
and generates a druggable metabolic vulnerability. Nat Commun.
2020;11(1):4684. [PubMed: 32943635]. [PubMed Central: PMC7499183].
https://doi.org/10.1038/s41467-020-18504-7.
Geisslinger F, Müller M, Vollmar AM, Bartel K. Targeting Lysosomes in

11

Shiralipour A et al.

42.

43.

44.

45.

46.

12

Cancer as Promising Strategy to Overcome Chemoresistance-A Mini
Review. Front Oncol. 2020;10:1156. [PubMed: 32733810]. [PubMed Central: PMC7363955]. https://doi.org/10.3389/fonc.2020.01156.
Brennan AJ, Chia J, Trapani JA, Voskoboinik I. Perforin deficiency and
susceptibility to cancer. Cell Death Differ. 2010;17(4):607–15. [PubMed:
20075937]. https://doi.org/10.1038/cdd.2009.212.
Trapani JA, Thia KY, Andrews M, Davis ID, Gedye C, Parente P, et al.
Human perforin mutations and susceptibility to multiple primary
cancers. Oncoimmunology. 2013;2(4). e24185. [PubMed: 23734337].
[PubMed Central: PMC3654607]. https://doi.org/10.4161/onci.24185.
Cai Y, Huang J, Xing H, Li B, Li L, Wang X, et al. Contribution of FPR and
TLR9 to hypoxia-induced chemoresistance of ovarian cancer cells.
Onco Targets Ther. 2019;12:291–301. [PubMed: 30643427]. [PubMed Central: PMC6314315]. https://doi.org/10.2147/ott.s190118.
Chen Z, Lai TC, Jan YH, Lin FM, Wang WC, Xiao H, et al. Hypoxiaresponsive miRNAs target argonaute 1 to promote angiogenesis. J
Clin Invest. 2013;123(3):1057–67. [PubMed: 23426184]. [PubMed Central:
PMC3582133]. https://doi.org/10.1172/jci65344.
Berger R, Fiegl H, Goebel G, Obexer P, Ausserlechner M, Doppler
W, et al. Toll-like receptor 9 expression in breast and ovarian

47.

48.

49.

50.

cancer is associated with poorly differentiated tumors. Cancer
Sci. 2010;101(4):1059–66. [PubMed: 20156214]. [PubMed Central:
PMC3188854]. https://doi.org/10.1111/j.1349-7006.2010.01491.x.
Yao F, Zhang C, Du W, Liu C, Xu Y. Identification of Gene-Expression
Signatures and Protein Markers for Breast Cancer Grading and Staging. PLoS One. 2015;10(9). e0138213. [PubMed: 26375396]. [PubMed Central: PMC4573873]. https://doi.org/10.1371/journal.pone.0138213.
Dell’Angelica EC, Klumperman J, Stoorvogel W, Bonifacino JS. Association of the AP-3 adaptor complex with
clathrin. Science. 1998;280(5362):431–4. [PubMed:
9545220].
https://doi.org/10.1126/science.280.5362.431.
Busby M, Hallett MT, Plante I. The Complex Subtype-Dependent
Role of Connexin 43 (GJA1) in Breast Cancer. Int J Mol Sci.
2018;19(3). [PubMed: 29495625]. [PubMed Central: PMC5877554].
https://doi.org/10.3390/ijms19030693.
Li J, Wood W3, Becker KG, Weeraratna AT, Morin PJ. Gene expression response to cisplatin treatment in drug-sensitive and
drug-resistant ovarian cancer cells. Oncogene. 2007;26(20):2860–72.
[PubMed: 17072341]. https://doi.org/10.1038/sj.onc.1210086.

Iran J Pharm Res. 2022; 21(1):e130342.

