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ARTICLE INFO ABSTRACT

Keywords: Regeneration is a homeostatic process that involves the restoration of cells and body parts. Most of the molecular
Axolotl mechanisms and signalling pathways involved in wound healing, such as proliferation, have also been associated
Cancer with cancer cell growth, suggesting that cancer is an over/unhealed wound. In this study, we examined differ-
Bioinformatics

entially expressed genes in spinal cord samples from regenerative organisms (axolotl and zebrafish) and non-
regenerative organisms (mouse and rat) compared to intact control spinal cord samples using publicly available
transcriptomics data and bioinformatics analyses. Based on these gene signatures, we investigated 3 small
compounds, namely cucurbitacin I, BMS-754807, and PHA-793887 as potential candidates for the treatment of
cancer. The predicted target genes of the repositioned compounds were mainly enriched with the greatest
number of genes in cancer pathways. The molecular docking results on the binding affinity between the repo-
sitioned compounds and their target genes are also reported. The repositioned 3 small compounds showed
anticancer effect both in 2D and 3D cell cultures using the prostate cancer cell line as a model. We propose
cucurbitacin I, BMS-754807, and PHA-793887 as potential anticancer drug candidates. Future studies on the
mechanisms associated with the revealed gene signatures and anticancer effects of these three small compunds
would allow scientists to develop therapeutic approaches to combat cancer. This research contributes to the
evaluation of mechanisms and gene signatures that either limit or cause cancer, and to the development of new
cancer therapies by establishing a link between regeneration and carcinogenesis.

Regenerative medicine
Systems biology
Drug repositioning

1. Introduction

Cells and body parts are restored as part of the homeostatic process of
regeneration. Most of the molecular mechanisms and signaling path-
ways involved in wound healing, such as proliferation, have also been
linked to cancer cell growth, suggesting the idea that cancer is an over/
unhealed wound (Sundaram et al., 2018).

Urodele amphibians (axolotl and newt) and zebrafish, unlike mam-
mals, are among the known regenerating organisms. The axolotl
(Ambystoma mexicanum) can regenerate its complex biological struc-
tures such as internal organs, spinal cord, brain, tail, and limbs

(Demircan, 2020). The ability of axolotl to resist tumor formation and
reverse tumorigenesis also attracted the attention of scientists. Regen-
eration after administration of various carcinogens has also been shown
to resist cancer induction (Oviedo and Beane, 2009). The zebrafish
(Danio rerio) is another model organism that has the ability to fully
regenerate many tissues and organs such as the brain, spinal cord, fin,
heart, and internal organs. Although zebrafish are also used in cancer
research, tumor development in zebrafish is generally lower than in
mammals and is only observed at later stages of life, after the age of 1 or
2 years (Feitsma and Cuppen, 2008). In addition, transplantation of
human metastatic melanoma cells into zebrafish embryos has shown
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that these cells survive, migrate, and proliferate, but are still detectable
in adulthood, although they are not cancerous (Lee et al., 2005).

A link between cancer and tissue regeneration has long been estab-
lished in the literature, with regeneration considered both a cause of
cancer and a means to prevent tumor formation (Oviedo and Beane,
2009). The changes in gene expression during wound healing as a
regenerative event have already been compared between axolotls and
humans (Oktem et al., 2019). Also, comparison of zebrafish brain
regeneration with that of two different types of human brain
tumors-glioblastoma (GBM) and low-grade glioma (LGG)-at three
different time points of injured tissue removal revealed the common and
unique molecular processes underlying brain regeneration and brain
tumor (Demirci et al., 2022). However, a comprehensive comparison of
expressed gene signatures between regenerative and nonregenerative
animal models has not yet been performed.

This study is based on the objective of determining the similarities
and differences in gene expression between organisms with different
regenerative potential. There are studies in the literature that compar-
atively analyze the regeneration processes of organisms with very
different structures (Brockes and Kumar, 2008; Fumagalli et al., 2018;
Ricci and Srivastava, 2018). In the study by Fumagalli et al. the genetic
activity in regenerating tissues of many different species (from hydra to
mouse) was investigated and it was shown that some of the genes and
signaling pathways related to regeneration are conserved at the onset of
regeneration, even in organisms of very different species (Fumagalli
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etal., 2018). In addition, there are studies that analyze the differences in
gene expression during regeneration between different regenerative
species (Dwaraka et al., 2019) or regenerative and nonregenerative or-
ganisms at specific time points (Diaz Quiroz et al., 2014; Monaghan
et al., 2007; Oktem et al., 2019; Tica and Didangelos, 2018).

We hypothesize that a deeper understanding of the processes con-
trolling cell growth is critical for the development of successful thera-
peutics in regenerative medicine and cancer. In this study, we aimed to
improve the efficacy of existing therapeutics by identifying novel drug
molecules related to regeneration and cancer. To this end, we compared
publicly available transcriptomic data of spinal cord samples from
regenerative and nonregenerative organisms. We then used the com-
parison of gene expression to reposition anticancer drugs and tested the
binding affinities of these drugs using molecular docking techniques.
Finally, we tested the anti-cancer activity of our newly developed drugs
in vitro (Fig. 1). This study allows us to explore important genes and
signaling pathways associated with cancer by approaching them
through regeneration, and introduces new candidate anticancer drugs
through drug repositioning studies in cancer.

2. Material and methods
2.1. Microarray Data

This study included two groups of organisms, a regenerative and a
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Fig. 1. Volcano plots representing organism-specific DEG profiles at each sampling day. Al:Axolotl spinal cord profile at day 1, A3:Axolotl spinal cord profile at day
3, A7:Axolotl spinal cord profile at day 7, Z1:Zebrafish spinal cord profile at day 1, Z3:Zebrafish spinal cord profile at day 3, Z7:Zebrafish spinal cord profile at day 7,
M1: Mice spinal cord profile at day 1, M3: Mice spinal cord profile at day 3, M7: Mice spinal cord profile at day 7,R1:Rat spinal cord profile at day 1, R3:Rat spinal
cord profile at day 3, R7:Rat spinal cord profile at day 7. Blue indicates downregulated, red indicates upregulated differentially expressed genes. Gray indicates genes

that are not differentially expressed.
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nonregenerative group. The regenerative group consisted of datasets
from zebrafish and axolotl, while the nonregenerative group included
datasets from mouse and rat. The Gene Expression Omnibus (GEO)
database contains all of the datasets (Barrett et al., 2013). GSE71934
dataset included 1-month-old axolotl spinal cord samples at day 1
(group Al- 3 samples), day 3 (group A3- 3 samples), and day 7 (group
A7- 3 samples) after spinal cord injury, and three intact spinal cord
samples as a control group (Sabin et al., 2015). GSE39295 dataset
consisted of a 6-month-old early age stage of dorso-ventrally crushed
spinal cord zebrafish samples collected at day 1 (group Z1 — 3 samples),
day 3 (group Z3-3 samples), day 7 (group Z7-3 samples), and three
intact samples as a control group (Hui et al., 2014).

GSE45006, contained thoracic spinal cord rat samples injured by
impact compression and collected at day 1 (group R1 - 4 samples), day 3
(group R3 - 4 samples), and day 7 (group R7 - 4 samples), and four intact
(sham) samples as a control group (Chamankhah et al., 2013). Mouse
dataset GSE5296 (unpublished data), consisted of injured spinal cord
samples collected at the impact site at day 1 (group M1 - 3 samples), day
3 (group M3 - 3 samples), and day 7 (group M7 - 3 samples), as well as
two intact (sham) samples as a control group (Table 1).

2.2. Differential gene expression (DEG) analysis

Data from the Agilent dataset (GSE39295) were preprocessed using
the GEOquery package (Sean and Meltzer, 2007) and quantile normal-
ization was performed. The Affy package (Gautier et al., 2004) was used
to read the raw data from the Affymetrix datasets into R statistical
software (version 4.3.0) and data were normalized using Robust

Table 1
GEO Datasets Used in the Study.

GEO # Organism Sample Subsets Array

GSE71934  Ambystoma
mexicanum

(Axolotl)

3 uninjured
axolotl SC
samples (control)
3 axolotl SC
samples (DPI 1)

3 axolotl SC
samples (DPI 3)

3 axolotl spinal
cord samples (DPI
7)

3 uninjured
zebrafish SC
samples (control)
3 zebrafish SC
samples (DPI 1)
3 zebrafish SC
samples (DPI 3)
3 zebrafish spinal
cord samples (DPI
7)

4 uninjured rat SC
samples (control)

GPL15153 Affymetrix
Ambystoma mexicanum
AMBY_002 20k array

GSE39295 Danio rerio

(Zebrafish)

Agilent-021643 GIS
Zebrafish Array
verl.1_custom layout

GSE45006  Rattus
norvegicus (rat)

GPL1355 [Rat230_2]
Affymetrix Rat Genome
230 2.0 Array

4 rat SC samples
(DPI 1)

4 rat SC samples
(DPI 3)

4 rat SC samples
(DP1 7)

2 uninjured
mouse SC
samples (control)
3 mouse SC
samples (DPI 1)
3 mouseSC
samples (DPI 3)
3 mouse SC
samples (DPI 7)

GSE5296 Mus musculus

(mouse)

GPL1261 [Mouse430_2]
Affymetrix Mouse Genome
430 2.0 Array

GEO: Gene Expression Omnibus, SC: spinal cord, DPI: Days post injury
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Multi-Array Average (RMA) (Bolstad et al., 2003) of R Bioconductor
(version Rx64 3.17) (Gentleman et al., 2004). The Linear Models for
Microarray Data (LIMMA) (Smyth et al., 2005) package was applied to
compare the normalized expression levels of the genes and to determine
the differentially expressed genes (DEGs). Each organism was statisti-
cally matched to its own intact sample group as a control at each sam-
pling day. False discovery rates were controlled using the
Benjamini-Hochberg procedure. A 10g2FC cut-off value of 0.585 and
an adjusted p-value of <0.05 were used to determine the statistical
significance of the differentially expressed genes. After analyzing the
DEGs for each organism, human orthologs of the DEGs for each organism
were sought to compare the gene expression profiles of these organisms.
The IDs of the axolotl microarrays were linked to the human orthologs
using the GEOquery package. The DEGs of the other three organism
species were aligned to human othologs using Ensembl:Biomart
(Ensembl 106: Apr 2022) (Smedley et al., 2015). The GRCm39 (Genome
Reference Consortium Mouse Build 39), mRatBN7.2 (rat genome as-
sembly), and GRCz11 (Genome Reference Consortium Zebrafish Build
11) were used to annotate the human orthologous genes for mouse, rat,
and zebrafish genes respectively. The human GRCh38.p13 (Genome
Reference Consortium Human Build 38 patch release 13) genome
version was used to obtain human orthologous genes. For each organ-
ism, the corresponding genome version was selected. The list of external
references ID was filtered by gene name. Human gene name, and human
gene stable ID were selected as attributes to find the human orthologs.
The heatmap of the DEGs was generated using the R package pheatmap
(Kolde, 2012).

2.3. Functional enrichment analysis

Metascape 3.5 (Zhou et al., 2019) was used to perform functional and
pathway enrichment analyses to find functional annotations (i.e., bio-
logical processes and molecular pathways) that were significantly
associated with DEGs. First, we identified all statistically enriched terms
based on the default selection under the Express Analysis option of the
Metascape tool. Filtering was based on accumulative hypergeometric
p-values and enrichment factors. The rest of the statistically significant
terms were then clustered in a tree hierarchically based on the statistical
kappa correlations between their gene memberships. The annotation
sources used were the Reactome (Fabregat et al., 2016), Gene Ontology
(GO) Biological Processes (Ashburner et al., 2000; Carbon et al., 2021),
and KEGG (Kanehisa et al., 2008) databases.

2.4. Drug repositioning using DEGs

L1000CDS2 (LINCS L1000 characteristic direction signature search
engine) was performed to find potential drug candidates (http://amp.ph
arm.mssm.edu/L1000CDS2). L1000CDS2 is a search engine that allows
discovery of a consensus of L1000 small molecules that fit user-defined
signatures (Duan et al., 2016) (i.e., up- or down-regulated genes). The
differentially expressed (DE) genes in these profiles were determined
using the characteristic direction method (Clark et al., 2014). To
investigate the predicted target genes among the repositioned drugs, we
applied a strategy similar to that previously used (Oktem et al., 2019).
Analyses were performed in two scenarios to find drugs that could
potentially reverse gene expression states of nonregenerative organisms
or mimic gene expression states of regenerative organisms. The first
scenario involved reversing upregulated gene expressions and down-
regulated gene expressions in nonregenerative organisms. The second
scenario was created by mimicking upregulated gene expressions and
downregulated gene expressions in regenerative organisms. Drug in-
formation was retrieved from NCBI PubChem (Kim et al., 2019). We
found chemical and physical properties, biological activities, safety and
toxicity information and patents by searching for the names of reposi-
tioned drugs.
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2.5. Identification of predicted target genes for repositioned drugs

To investigate the predicted target genes among the repositioned
drugs, we applied a strategy similar to that previously used (Kubat
Oktem et al., 2022; Oktem and Yazar, 2022). The most significant drug
molecules were filtered out for our investigation using the Search Tool
for Interactions of Chemicals (STITCH, stitch.embl.de), a
protein-compound interaction database comprising 430,000 chemicals
and 9.6 million proteins (Szklarczyk et al., 2016). The screening com-
pounds were aimed to recover along with their corresponding predicted
target genes. STITCH database also revealed an analysis of the enrich-
ment of predicted target genes from the KEGG database in default
(Kanehisa et al., 2008).

2.6. Construction of the Protein-Protein Interaction (PPI) networks
around predicted target genes

The PPI network was constructed using the predicted target genes for
the repositioned compounds. BioGrid (version 4.4.202.10) (Oughtred
et al., 2019) provided the PPI data, and Cytoscape (version 3.9.0)
(Shannon et al., 2003) was used to visualize the networks. Modules of
PPI networks were displayed using the MCODE plugin (Bader and
Hogue, 2003).

2.7. Molecular Docking Analysis

Molecular docking analysis was performed using AutoDock Vina
1.2.0 (Eberhardt et al., 2021) to analyze the associations between drugs
and the corresponding proteins and to measure the binding energy of the
protein-ligand complex. The 3D protein structures (PDB IDs) of the
module genes were downloaded from the Protein Data Bank (PDB) of the
Research Collaboratory for Structural Bioinformatics (RCSB) (Berman
et al., 2000). The 3D drug structures were downloaded from NCBI
PubChem (Kim et al., 2019) and DrugBank (Wishart et al., 2018). The
3D crystal structures were cleaned of solvent molecules, water, and
other ligands, and the dimensions of the lattice boxes for the targets
were changed to match the x, y, and z coordinates for all proteins. Then,
the pdb files of the proteins were converted to PDBQT format after polar
hydrogens and charges were added to the protein structures. Binding
pocket prediction analysis was performed in CASTp 3.0 web browser
(Tian et al., 2018), and the gridbox of molecular docking analysis for
search space was adjusted to the region according to the binding pocket
prediction. The ligand bonds were permitted unrestricted rotation,
whereas the protein remained in a fixed state. Molecular docking pro-
cedure were applied to all available protein-ligand couples with default
parameters of AutoDock Vina 1.2.0 on Windows 10 platform (64-bit)
with ASUS FX503VD personal computer (Intel Core Intel(R) Core (TM)
i7-7700Q CPU Processor 2.80 GHz, 8 GB memory). The ligands exhib-
iting the lowest binding energies were chosen in order to assess the
docking results. Nine modes were used to predict the binding affinity
between each protein-drug complex. AutoDock Tools (1.5.7) (Morris
et al., 2009) was used to create charts showing statistically significant
results.

2.8. Cell viability analysis and IC50 calculations

The prostate cancer cell line PC3 was used to confirm the anti-cancer
potential of the proposed drugs by in vitro analysis. PC3 cells were
cultured in RPMI cell culture media containing 10% FBS and 1% P/S at
37 °C and 5% CO2. For the viability assay, PC3 cells were seeded in 96-
well plates at a cell density of 6000 cells/well. After 24 h, the cells were
treated with increasing concentrations of each small compound. Cells
were incubated with the small compounds for 48 h and cell viability was
determined by crystal violet staining. Cells were washed with PBS and
stained with 0.5% crystal violet in ethanol. Methanol was used to
dissolve the crystal violet from the cells, and absorbance was measured
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at 590 nm in a multiplate reader. Experiments were repeated at least
three times, with each experiment performed in triplicate. IC50 values
for each small compound were calculated using GraphPad Prism version
8.0.0 for Windows, GraphPad Software, San Diego, California USA,
www.graphpad.com.

2.9. 3D cell culture

PC3 cells were seeded in 96-well plates with low attachment at a
density of 2000 cells/well. They were allowed to form spheroids for
48 h. The spheroids were treated twice with small compounds 48 h
apart. After 48 h of the second treatment, the viability assay was per-
formed. Briefly, the spheroids were dispersed with a pipette and MTS
(Abcam) was added 1/10 of the culture medium. Cells were incubated
with the MTS reagent for 3-4 h and absorbance was measured at 490 nm
in a multiplate reader.

2.10. Statistical analysis

All statistical analyses were listed and described in each section. The
Linear Models for Microarray Data package (LIMMA) (Smyth et al.,
2005) uses the moderated t test to calculate the p value for the differ-
entially expressed genes (DEGs) (Smyth, 2004). We used the
Benjamini-Hochberg procedure to decrease the false discovery rate. In
the L1000CDS2 tool, the p-value of the test is calculated using Fisher’s
exact test (Duan et al., 2016). The viability of the cells and spheroids
against the drugs was analysed using student t-test.

3. Results

3.1. DEG (Differential gene expression) profiles in regenerative (Axolotl,
Zebrafish) and nonregenerative (Rat, Mouse) groups

The changes in gene expression during spinal cord regeneration in
the data sets were analyzed, and volcano plots were generated for each
day of sampling before their human orthologs were examined (Fig. 1).
Downregulated and upregulated orthologous genes were equally
distributed in the regenerative and nonregenerative groups on all sam-
pling days (Table 2).

3.2. Analysis of gene expression alteration between regenerative and
nonregenerative groups

A total of 60 different DEGs showed a reverse expression pattern
between 2 groups (downregulated in axolotl and zebrafish as regener-
ative group, upregulated in mice and rat as nonregenerative group, or
vice versa) during the 7-day period (Fig. 2 and Supplementary
Tables 1-3). At day 1, a total of 28 different DEGs showed a reversed
expression pattern between regenerative and nonregenerative groups, of
which 23 were upregulated in nonregenerative organisms and down-
regulated in regenerative organisms, whereas the remaining 5 were
reversed. On day 3, the number of DEGs showing a reversed expression
pattern between the two groups increased to 50, of which 43 were
upregulated in nonregenerative organisms and downregulated in
regenerative organisms, whereas 7 were downregulated in non-
regenerative organisms and upregulated in regenerative organisms. By
day 7, the reverse pattern between the two groups completely resolved.
16 genes, namely MCM7, TK1, SMC4, KIF11, RRM2, MCM2, CCNA2,
NASP, KPNA2, MCM4, CDC20, PCNA, TOP2A, RRM1, PPP1R3B, POLE2
were the common genes of day 1 and day 3 that were downregulated in
regenerative organisms, whereas they were upregulated in non-
regenerative organisms. CBLN1 and CHGA were the two common genes
of day 1 and day 3 that were upregulated in regenerative organisms,
while they were downregulated in non-regenerative organisms.
Throughout the 7-day period, a total of 50 genes were upregulated in the
nonregenerative group and downregulated in the regenerative group,
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Table 2
Number of Differentially Expressed Genes of Human Orthologous Genes.

Regeneration Status Organism Total # of DEGs # of upregulated DEGs # of downregulated DEGs Threshold for adj. p-value Threshold for fold change

Regenerative Al 6784 1119 1353 0.05 1.5
Regenerative A3 7435 1279 1874 0.05 1.5
Regenerative A7 8796 1545 1612 0.05 1.5
Regenerative Z1 1209 556 483 0.05 1.5
Regenerative z3 2405 995 1128 0.05 1.5
Regenerative 77 114 77 28 0.05 1.5
Nonregenerative M1 5607 1843 1924 0.05 1.5
Nonregenerative M3 6297 2928 2348 0.05 1.5
Nonregenerative M7 4692 1933 1246 0.05 1.5
Nonregenerative R1 7918 2536 1688 0.05 1.5
Nonregenerative R3 6448 1766 930 0.05 1.5
Nonregenerative R7 6269 1617 1150 0.05 1.5
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Fig. 2. Heatmap of 60 gene signatures showing an organism-specific reverse expression profile.
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whereas 10 genes were downregulated in the nonregenerative group
and upregulated in the regenerative group.

3.3. Biological interpretation of reversely expressed gene signatures

The 60 DEGs were additionally examined for their role in molecular
signaling pathways and bioprocesses. Most pathways were associated
with the mitotic phases of the cell cycle, DNA replication, DNA
conformational changes, DNA repair, and cancer (Fig. 3 and Supple-
mentary Table 4).

3.4. Analysis of drug repositioning

Drugs with a score greater than 0.5 in the L1000CDS2 database were
evaluated for cancer treatment. We present these drugs, 14 in total, in
the Supplementary Table 5. Among these drugs, etoposide is an FDA-
approved anticancer drug (Montecucco et al., 2015), so we excluded
this drug from our further analysis.

3.5. Predicted target genes for the repositioned molecules

Screening of drug-associated processes using the Search Tool for
Interactions of Chemicals (STITCH) found predicted target genes for 5 of
the 13 remaining repositioned anticancer drugs. These drugs with their
predicted target genes in red are shown in Fig. 4. The protein-protein
interaction network with the remaining 8 molecules either did not
have significantly higher than expected interactions or could not be
found in the STITCH database (these drugs have not yet been studied,
and STITCH may not yet know how they interact with each other).

The predicted target genes for 5 screening drugs, namely quinacrine
hydrochloride, BMS-754807, cucurbitacin I, tyrphostin AG 1478, and
PHA-793887, were mainly enriched with the largest number of genes in
cancer pathways (Supplementary Table 6).

3.6. Analysis of the Protein-Protein Interaction (PPI) networks around
predicted target genes

Quinacrine hydrochloride, one of the repositioned drugs, shared one
gene - RAD51 - with our DEG list, while PHA-793887 shared two genes -
CCNA2 and CDC20 - with our DEG list. The other three drugs shared no
genes in common with our DEG list. To include genes of that might be
related in some way to the repositioned drugs as downstream or up-
stream components of the proposed target genes, we attempted to create
PPI networks for the target genes of BMS-754807, cucurbitacin I and
tyrphostin AG 1478. Modules were found using the MCODE plugin of
Cytoscape by locating clusters within each network. The cut-off value for
the degree and the cut-off value for node score were set to 2 and 0.2,
respectively. The K-Core parameter of 2 and the Max. Depth of 100 were
also used to access densely networked modules. The clusters of each
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drug are shown in Supplementary Figure 1 and Supplementary Table 7.

3.7. Molecular docking between PPI network module elements and
repositioned drugs

The predicted target gene for quinacrine hydrochloride, RAD51, the
predicted target genes of PHA-793887, CCNA2 and CDC20, and genes of
each cluster from ppi analysis of BMS-754807, cucurbitacin I and tyr-
phostin AG 1478 were used for molecular docking analysis. The PDB IDs
of the protein structures for the corresponding proteins were found in
the RSCB Protein Data Bank (PDB). Autodock Vina 1.2.0 was used to
assess the binding affinity values between the drug candidates and the
module genes and to sort them in ascending order (from strong to weak
binding) (Table 3).

Three of the repositioned drugs, namely cucurbitacin I, BMS-754807,
and PHA-793887, exhibited protein-ligand pairs with binding affinities
of < —8 kcal/mol with the corresponding proteins, which is considered
a good value in the literature (Gurung et al., 2016; Jabir et al., 2021).
The molecular docking results of these drugs with their proteins are
shown in Fig. 5.

3.8. Analysis of cell viability in 2 and 3D cell culture in response to three
small compounds

IC50 values were calculated for each compound in PC3 cells.
Cucurbitacin I (150 nM) (Fig. 6a) and PHA- 793887(712 nM) (Fig. 6b)
exerted their effects in the nanomolar range, while BMS-754807
(2.76 uM) (Fig. 6¢) exerted its effects in the micromolar range.

Spheroid models have become an important component of in vitro
cancer models because they better mimic in vivo conditions. For PC3
cells, ultra-low attachment plates were used to form spheroids, and the
small compounds were administered at two different concentrations.
Viability results showed that although cucurbitacin I acted at lower
concentrations in the 2D cell culture, it was less effective in the 3D
spheroids (Fig. 7a, b, and g). PHA-793887 and BMS-754807 were even
more effective in spheroids than in 2D cell culture (Fig. 7c, d, e, and f).
Even below IC50 levels, they showed profound antiproliferative effects
in spheroids with marked cell apoptosis (Fig. 7h and i).

4. Discussion

In this study, the changes in gene expression during spinal cord
regeneration were examined in the datasets of regenerative organisms
and nonregenerative organisms with injured tissues on three collection
days and matched with those of control samples in each organism to
analyze possible genes linking the regeneration process to cancer. A total
of 60 DEGs showed a reversed expression profile and the association of
these genes with enriched carcinogenesis pathways is consistent with
the literature (Villa et al., 2019). Similarly, the predicted target genes for

R-HSA-69278: Cell Cycle, Mitotic

G0:0000278: mitotic cell cycle

WP4022: Pyrimidine metabolism

G0:0071103: DNA conformation change

G0:0033260: nuclear DNA replication

M46: PID ATR PATHWAY

R-HSA-2995383: Initiation of Nuclear Envelope (NE) Reformation
CORUM:310: Cell cycle kinase complex CDC2

G0:0051988: regulation of attachment of spindle microtubules to kinetochore
G0:0051259: protein complex oligomerization

G0:0009314: response to radiation

WP2361: Gastric cancer network 1

GO0:0003015: heart process

R-HSA-4615885: SUMOylation of DNA replication proteins
G0:0071824: protein-DNA complex subunit organization
G0:0140013: meiotic nuclear division

G0:0044262: cellular carbohydrate metabolic process
hsa05206: MicroRNAs in cancer

G0:0008283: cell population proliferation

G0:0043462: regulation of ATP-dependent activity

Fig. 3. Pathway enrichment results of the DEGs with reverse expression profile, the significance of the pathways is displayed by darker colors.
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Fig. 4. Predicted target genes of 5 screening drugs based on Search Tool for Interactions of Chemicals. (A) quinacrine hydrochloride, (B) BMS-754807, (C)
cucurbitacin I, (D) tyrphostin AG 1478, (E) PHA-793887. Red hubs indicate the repositioned drug with its predictted target genes in cancer pathways.

Table 3

Predicted binding affinity between drug candidates and module genes.

Drug Protein PDB Binding affinity
name identifier (kcal/mol)
BMS-754807 (DB15399) RPS6KB1 3WEF7 -9
cucurbitacin I PTPN11 2shp -9
BMS-754807 (DB15399) EP300 3BIY -8.6
PHA-793887 (DB12686) CCNA2 2cch -8.5
cucurbitacin I MAPK9 7cml 7.9
PHA-793887(DB12686) CDC20 4gga -7.6
Tyrphostin AG 1478 ERBB4 3bce -7.6
cucurbitacin I KDR 1YWN 7.4
cucurbitacin I EP300 3BIY -7.4
cucurbitacin I MAPKS8 2Xrw -7.3
cucurbitacin I CREBBP 3plf -7.3
Tyrphostin AG 1478 ERBB2 1s78 -7.1
cucurbitacin I FLT1 4ckv -7.1
BMS-754807 (DB15399) AKT1 2UVM -6.8
Tyrphostin AG 1478 CBL lyvh -6.8
cucurbitacin I ATF2 1bhi -6.6
QUINACRINE RADS51 INOW -6.5
HYDROCHLORIDE
(DB01103)

cucurbitacin I VEGFA 1flt -6.4
Tyrphostin AG 1478 GRB2 1bmb -6.1
Tyrphostin AG 1478 SHC1 4xWx -6.1
Tyrphostin AG 1478 PLCG1 4fbn -6
cucurbitacin I JUND 5Svpe -6
cucurbitacin I JUN 1jnm -5.5
Tyrphostin AG 1478 EGFR 1m17 -4.7
Tyrphostin AG 1478 ACTB NA NA
Tyrphostin AG 1478 HSPAS5 NA NA
cucurbitacin I ATF3 NA NA

NA: Not available (3D protein structure is not available)

five screening drugs were mainly enriched in carcinogenesis pathways.
This result is also consistent with our research goal, which is to develop
new drugs targeting cancer-related pathways to cure cancer.

The repositioned molecules found in this study have the potential to
mimic the anticancer behavior of regenerative organisms and reverse
the cancer behavior of nonregenerative organisms. Among these mole-
cules, cucurbitacin I is a STAT3 inhibitor and is used in traditional
medicine for its anti-inflammatory, antipyretic, and analgesic proper-
ties. Cucurbitacin I has been shown to kill cancer cells by blocking a
number of signaling pathways, including the Janus kinase (JAK)/
STATS3, the PI3K/AKT/p70S6K, the Notch signaling pathway (Danda-
wate et al., 2020), and the serine/threonine protein kinase PAK1
(PAK1)/PAK4 pathway (Nguyen et al., 2016; Yang et al., 2017). In the
literature, the anticancer agent cucurbitacin I was reported to have
potent anticancer activity on ovarian cancer (Li et al., 2020), colon
cancer (Dandawate et al., 2020), and non-small cell lung cancer cells (Ni
et al., 2018). Its activity as a STAT3 inhibitor has been confirmed in
prostate cancer. At a concentration of 0.5 microM, cucurbitacin I
inhibited STAT3 activity in Du-145 cells, but no effects on viability were
observed (Chau and Banerjee, 2008). There is no other study in the
literature on the effect of cucurbitacin I in prostate cancer. However,
numerous studies have reported the antiproliferative effects of other
cucurbitacins such as cucurbitacin E, D, or B in prostate cancer cells
(Alafnan et al., 2022; Duncan et al., 1996; Gao et al., 2014b; He et al.,
2017). Cucurbitacin D has the most similar chemical structure to
cucurbitacin I. In the study by Sikander et al., cucurbitacin D showed
similar antiproliferative effect in PC3 cells as cucurbitacin I in our study.
At concentrations of 0.1 and 0.5 microM, cucurbitacin D inhibited
proliferation and induced apoptosis. The mechanism of action was
defined via glucose metabolism by targeting GLUT1 (Sikander et al.,
2019).
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Fig. 5. Three- dimensional structures of the repositioned molecule-protein with highest binding affinities of < —8 kcal/mol based on Autodock Vina. a) BMS-
754807- RPS6KB1; b) cucurbitacin I- PTPN11; ¢) BMS-754807 - EP300; d) PHA-793887- CCNA2.
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Fig. 6. The dose dependent response to compounds in PC3 cells. The cells were treated with increasing concentrations of three small compounds for 48 h. a)
Cucurbitacin I, b) PHA-793887, c¢) BMS-754807. %Viability was calculated by comparing treatment groups to control. * p < 0.05, ** p< 0.01 and ***p< 0.001 by

student t-test.

According to the molecular docking results of our study, the highest
binding affinity was observed between cucurbitacin I and PTPN11
protein (—9 kcal/mol) (Table 3). PTPN11, also known as SHP2, was the
first protein tyrosine phosphatase to be recognized as carcinogenic, and
it is found in a wide variety of cells and tissues (Chan and Feng, 2007).
PTPN11 regulates a wide range of intracellular activities, including
apoptosis, invasion, mitogenic activation, senescence, tumor cell pro-
liferation, differentiation, invasion, and metastasis (Miyamoto et al.,
2008; Yang et al., 2013; Zhang et al., 2015). In addition, PTPN11 has
been identified as a critical oncogene that is well studied in various
malignancies, including melanoma (Hill et al., 2019) and breast cancer
(Aceto et al., 2012). A pan-cancer analysis of PTPN11 showed that there
is an association between PTPN11 expression and prognosis, suggesting
that this protein could be a potentially important marker for cancer
treatment (Cao et al., 2022).

The transmembrane tyrosine kinase growth factor receptor known as
insulin-like growth factor-I receptor (IGF-1R) is critical for the

development and maintenance of the transformed phenotype; when
activated, cancer cells undergo mitogenesis and survive (Baserga et al.,
1994; Pollak et al., 2004; Sachdev and Yee, 2007). Insulin receptor
family kinases are effectively and irreversibly inhibited by the drug
BMS-754807. Several types of human malignancies, including mesen-
chymal, epithelial, and hematopoietic tumor cell lines, are treated with
this drug (Carboni et al., 2009a). BMS-754807 has been studied in many
different cancer types in vitro and in vivo (Carboni et al., 2009b; Hal-
vorson et al., 2015; Kolb et al., 2014). These studies were also followed
up in clinical trials. However, due to adverse events, most clinical trials
were terminated. However, the studies in prostate cancer are very
limited. Dayyani et al. investigated the effect of BMS-754807 on prostate
cancer cells. No IC50 value was reported for PC3, but concentrations of 2
and 5 microM were used for anti-proliferation and anti-apoptosis
studies, respectively (Dayyani et al., 2012). These concentrations are
consistent with the IC50 value we determined. Despite the initial failure
of BMS-754807 in clinical trials, many studies are exploring the effect of



E. Kubat Oktem et al.

a)

b)

9) h)
Cucurbitacin | PHA-793887
150 150 150
2> 100 2 1004 2
E E 3
E 50 3 50 wxx 2
0- 0-

0 01 02 0 05 1

Concentration (uM) Concentration (uM)

combination therapies with BMS-754807 (Molecule et al., 2020; Shen
et al.,, 2019). Our study may lead the way for combination trials of
BMS-754807 in prostate cancer.

The molecular docking results of our study showed that BMS-754807
has a binding affinity to RPS6KB1 and EP300 with — 9 kcal/mol and-
8.6 kcal/mol, respectively (Table 3). RPS6KB1 ribosomal protein S6
kinase B1, known also as P70S6K, is a serine/threonine kinase that is
activated downstream of the PI3K/AKT/mTOR pathway (Jimeno et al.,
2022), which is frequently active in triplenegative breast cancer (TNBC)
patients (Pérez-Tenorio et al., 2002; Sohn et al., 2013). P70S6K is
upregulated in TNBC cell lines and clinical samples, and it has been
suggested as a modulator of carcinogenesis and metastasis (Akar et al.,
2010; Berman et al., 2017; Janaki Ramaiah et al., 2014; Razaviyan et al.,
2018). In human esophageal carcinoma, increased expression of
RPS6KB1 in tumor tissues predicted a worse prognosis with a lower
survival rate (Wang et al., 2021). The other protein, EP300 (E1A-binding
protein p300) is a histone acetyltransferase responsible for chromatin
remodeling to regulate transcription (Eckner et al., 1994). This protein is
critical for the control of differentiation and proliferation (Gayther et al.,
2000). As a result, EP300 mutations have been linked to cancer (Bi et al.,
2019; Huang et al., 2021). The correlation between EP300 mutations
and genome instability in 11 cancers (skin cutaneous melanoma
(SKCM), lung adenocarcinoma (LUAD), urothelial bladder carcinoma
(BLCA), UCEC (uterine corpus endo-metrial carcinoma), HNSC (Head
and neck squamous cell carcinoma), esophageal carcinoma (ESCA),

Computational Biology and Chemistry 106 (2023) 107934

Fig. 7. The effect of compounds in PC3 spher-
oids. After formation of spheroids, the com-
pounds were administered twice with 48 h
interval at indicated concentrations. a) Control
spheroid, b) Cucurbitacin I treated spheroid
(0.2 pM), ¢) Control spheroid, d) PHA-793887
treated spheroid (1 pM), e) Control spheroid.
f) BMS-754807 treated spheroid (5 pM), g)
Dose dependent viability of 3D spheroids after
Cucurbitacin I treatment, h) Dose dependent
viability of 3D spheroids after PHA-793887
treatment, i) Dose dependent viability of 3D
spheroids after BMS-754807 treatment.
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CESC (cervical squamous cell carcinoma), stomach adenocarcinoma
(STAD),breast invasive carcinoma (BRCA), liver hepatocellular carci-
noma (LIHC), and colon adenocarcinoma (COAD) has shown that EP300
mutations are associated with increased genomic instability, making
them a predictive biomarker for response to cancer treatment (Chen
et al., 2021).

Cyclin-dependent kinases (cdk), typically differentially expressed in
human malignancies, are responsible for regular cell cycle control
(Alzani et al., 2010). Because cdk-related proteins play a role in human
cancers, numerous cdk inhibitors have been developed and are currently
being investigated in clinical trials (Malumbres and Barbacid, 2009).
PHA-793887 is a cdk inhibitor that inhibits cell proliferation in a
number of solid tumor cell lines (Brasca et al., 2010a) and acute leu-
kemias both in vitro and in vivo (Alzani et al., 2010). PHA-793887 is a
pan-CDK inhibitor developed in 2010 (Brasca et al., 2010b). The IC50
concentration for PC3 cells reported in this very first study was very
similar to the IC50 value obtained in our study (0.601 versus 0.71). The
Phase I clinical trial of PHA-793887 evaluated the pharmacokinetics of
the drug candidate. The adverse side effects such as hepatotoxicity
preclude further development of the drug (Massard et al., 2011).

PHA-793887 has also been studied in cell lines and organoid models
of prostate cancer. In this study, organoids from abireterone-resistant
patients were used. Therefore, the drug concentration was 5-20
microM, which is much higher than the IC50 value we determined (Qin
et al., 2022). According to the results of a recent bioinformatic analysis
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in gastric cancer and osteosarcoma, PHA-793887 was found to be an
important drug candidate in cancer (Li et al., 2023; Wu et al., 2021). Our
study also showed that PHA-793887 was effective in 3D models at lower
concentrations. In light of these studies and our study, re-evaluation of
this drug in cancer treatment at lower doses is warranted.

According to the molecular docking analysis of our study, the bind-
ing affinity of PHA-793887 to CCNA2 protein is — 8.5 kcal/mol
(Table 3). CCNA2 (CyclinA2) is a member of the highly conserved cyclin
family and is found in almost all human tissues (Ko et al., 2013). It plays
a crucial role in embryonic cells and exerts critical functions in cell cycle
control at the G1/S and G2/M transitions (Arsic et al., 2012). CCNA2 is
upregulated in numerous cancers, suggesting that it may play a role in
carcinogenesis (Uhlen et al., 2010). It has also been suggested that
CCNA2 plays an important role in metastasis and
epithelial-mesenchymal transition (EMT) (Bendris et al., 2012). CCNA2
has shown a strong prognostic power in patients with estrogen
receptor-positive (ER +) breast cancer and is proposed as a biomarker
for this disease (Gao et al., 2014a). Moreover, the expression of CCNA2
is much higher in colorectal tissues compared with normal tissues, and a
decrease in CCNA2 leads to a slowing of cell cycle progression and
apoptosis, suggesting that CCNA2 can be used as a new diagnostic in-
dicator and a guide for the treatment of this type of cancer (Gan et al.,
2018).

This study has several limitations, one of which is its dependence on
adequate sample size; the small size of the data sets we used limits the
generalizability of our results. Although the number of samples was
sufficient for statistical analysis, the stringency of the available datasets
limited the analyses to datasets with a small sample size, and each or-
ganism was represented by a single dataset. In vitro experiments were
also limited to a single cell line and were not confirmed in vivo. How-
ever, the promising results of the 3D spheroid experiments warrant
further investigation and validate the concept of the study. Repeating
the work with independent datasets from multiple platforms with more
samples or examining the results with other types of omics data, such as
metabolomics or proteomics, performing in vitro assays in different
cancer cell models and in vivo experiments and analysing the toxicity
and potential side effects of these compounds would strengthen our
findings.

5. Conclusion

This study helps to evaluate mechanisms and gene signatures that
either hinder or trigger cancer and to propose three anticancer drugs by
establishing a link between regeneration and tumorigenesis. We antic-
ipate that these potential drug candidates will contribute to the devel-
opment of innovative and definitive treatments to cure cancer. Future
efforts to find out the mechanisms associated with these gene signatures
and the effects of the repositioned drugs would allow researchers to
develop therapeutic strategies to fight cancer. Our results also provide
new perscpective for use of these anticancer drugs and pave the way for
in vivo and pre-clinical testing of these drugs in prostate cancer.
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