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Abstract: Triple-negative breast cancer is one of the deadliest diseases for women, according
to the World Health Organization. The most common drugs used and in development for this
disease are based upon the proteomics approach, but this so far has not accounted for the
whole repertoire of human genome expression. However, a novel approach is currently under
development to model the molecular interaction between miR-745 and the 3' untranslated
region (UTR) of ARF6 mRNA. This approach should eventually be useful for transcriptomics-
based drug development. The utilized methods are molecular-docking and dynamics based,
using open-source software. It was found that there was a fine-grained molecular interaction
between miR-145 and the 3' UTR of ARF6 mRNA. It is concluded that the information from
the interaction could be utilized as the basis for drug development.

Keywords: Breast cancer, Human genomic, miR-/45, 3' UTR of ARF6 mRNA, Molecular
docking, Molecular dynamics.

Introduction

Triple-negative breast cancer (TNBC) is a subgroup of breast tumors that are characterized by
low expression of estrogen receptor (ER), progesterone receptor (PR), and human epidermal
growth factor receptor 2 (Her2) [29]. It is commonly aggressive and has a poor prognosis due
to the unavailability of molecular-targeted therapy [9]. In 2015, the incidence of breast cancer
among US women was estimated to be ~291,000 (non-invasive and invasive) with 12% of such
diagnoses TNBC [8]. Also, TNBC has the highest mortality rate of any cancer (p < 0.01) [34].
It was deemed as one of the deadliest diseases for women worldwide [39], showing the
importance of finding effective treatments for TNBC.

The current trend for developing breast cancer drugs relies on a proteomics-based approach
[15]. Although it is a proven approach, it should be noted that protein-coding genes only
account for less than 5% of the total human genome [18]. In this respect, there are still many
possibilities to devise novel ways for breast cancer treatment. The transcriptomics-based
approach is one of the most feasible alternatives to the proteomics because RNA plays a pivotal
role in gene expression regulations [12]. This approach relies on the RNA-based expression in
the cells; such mRNA transcripts do not necessarily have to be translated into protein [2].

Some well-known non-coding (ncRNAs) are micro RNA (miRNAs) and long non-coding RNA

(IncRNAs). The former, miRNAs, are small ncRNAs that are less than 23 nucleotides, while
InNcRNAs are long ncRNAs with transcripts longer than 200 nucleotides [23]. Both have
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significant impacts in gene regulation, as they can interact with various sites in the cell,
including other RNAs, with high specificity. Interestingly, besides the canonical negative
regulation, ncRNAs can also have upregulation effects. The relative ease by which RNA base
pairing and tertiary structure can be predicted should enable the design of synthetic RNA for
therapeutic applications [12]. Thus, in order to facilitate the fine-grained resolution of a cell’s
molecular transcriptome contents and the effectiveness of targeting certain of its components
to treat cancers and other diseases, molecular simulation approach should be devised. Within
the framework of molecular docking, the interaction between ncRNA and other proteins and
nucleic acids can be confirmed, and molecular dynamics can eventually determine the
molecular trajectory of these interactions [1, 10].

Previous studies have shown that TNBC is regulated by the lincRNA-RoR/miR-145/ARF6
pathway [9]. In this pathway, miR-145 post-transcriptionally regulates the expression of the
ADP-ribosylation factor 6 (ARF6) gene by binding to the 3’ untranslated region (UTR) of the
respective mRNA [27]. LincRNA-RoR (i.e., long intergenic non-coding RNA, a regulator of
reprogramming) binds with miR-145, inhibiting the latter’s activity. As a result, ARF6, which
plays a role in breast tumor cell invasion [13], is overexpressed. Based on mirTarBase [6],
ARF6 mRNA consists of three predicted target sites to which miR-145 can attach to. Moreover,
both the two- and three-dimensional structures and interactions of ncRNA in the lincRNA-
RoR/miR-145/ARF6 pathway have been modeled to guide further research [25-26]. In this
study, computational approaches were done to simulate 3D visualization of miR-145 and ARF6
MRNA docking and dynamics by utilizing AutoDockTools and NAMD software, respectively.
This research aimed to visualize the molecular docking and molecular dynamic of miR-145 and
3" UTR of ARF6 mRNA in view of developing of novel transcriptome-based drugs.

Materials and methods

The sequences of mature miR-145 and the 3’ UTR region of ARF6 mRNA that were predicted
to be the target sites of miR-145 were retrieved from miRTarBase (accession ID: MIRT278608)
[6] and visualized using SImMRNAweb [4, 22]. Then, docking between miRNA and the 3' UTR
of the mRNA was simulated by using AutoDockTools 1.5.6 [11]. ARF6 mRNA was set as the
receptor and miR-145 as the ligand. The results of binding with each UTR were then compared,
and the simulation with the lowest energy affinity was taken. Toward this end, the molecular
interaction and the total amount of hydrogen bonds were calculated with the integrated tools in
AutoDock.

In order to conduct the molecular dynamic simulation, the PDB file was first converted into a
PSF file by using VMD 1.8.6 [16]. Then, the molecule was modeled as being solvated into a
water box. After that, the molecular dynamics simulation was conducted using NAMD version
2.12 [28] with a time parameter run of 10.000 ps, temperature of 310 K, under NVT conditions.
The CHARMM file was taken from [21] while the configuration file was based on a NAMD
tutorial file from its website (http://www.ks.uiuc.edu/Research/namd/). The results of the
simulation (.psf and .dcd files) were then visualized in the VMD tool and saved as one PDB
file. Other molecular visualization packages such as PyMOL 2.1.1 [36] and Discovery Studio
2017 R2 [7] were utilized as needed.
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Results and discussion

As SimRNAweb cannot model more than 200 nucleotides in a single run, only the target sites
of miR-145 were visualized (instead of the whole mRNA molecule). On the other hand,
the mature miR-145 molecule was visualized in full. The visualization of the mRNA and
miRNA molecules are shown in Fig. 1, as well as their sequences in Table 1.

Fig. 1 Three-dimensional visualization of RNA molecules:
A) first target site of ARF6 mRNA,; B) second target site of ARF6 mRNA;
C) third target site of ARF6 mRNA; D) mature miR-145. The color represents the nucleotide:
red — adenine; green — guanine; dark purple — uracil; light purple — cytosine.
The visualization is done in Discovery Studio 2017 R2.

Table 1. Sequences of mature miR-145 and its target within the 3’ UTR of ARF®6.
The sequences were taken from miRTarBase.

RNA (position) Accession no. Sequences
Mature miR-145 MIRT278608  [Soc oo U CCCACGAAU
. : AGUGACUUUUGGGCAAAAC
First target site (957-980) NM_001663 UGGAA
. UUGGUUAGCUGGUUAGGAC
Second target site (2160-2178) NM_001663 CAGUAACUGGAU
Third target site (1479-1509) NM_001663 |GCCUAAACUGGAGGA

In Fig. 1, the target sites are shown as short single-strand fragments that fold into itself.
The same state was also observed for miR-145. The conformations were saved into PDB format
for further study.

According to Lorber and Shoichet [20], ligand-receptor interactions might happen in many
ways, differing in their conformations and energy. In AutoDock, ligand flexibility was
considered, producing nine different ligand conformations (modes) with the least energy
(electron affinity) [11]. As seen in Table 2, after the docking process was done, the lowest
electron affinity of miR-145 and the first, second, and third target sites of ARF6 mRNA were
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-9.7, -10.3, and -8.3 kcal/mol, respectively. As the miRNA molecule was most likely to bind
on the second region, we chose the second region to be studied further.

Table 2. Electron affinity of 3 UTR ARF6 mRNA — miR-145 docking (kcal/mol).

Mode First_ Seconq Third_
target site | target site | target site

1 -9.7 -10.3 -8.3

2 -9.6 -10.3 -8.0

3 -9.5 -10.1 -8.0

4 -9.4 -10.0 -8.0

5 -9.4 -9.9 -7.9

6 -9.4 -9.8 -7.8

7 -9.4 -9.8 -7.8

8 -9.4 -9.8 -7.8

9 -9.3 -9.8 -7.7
Average -9.46 -9.98 -7.92

The visualization of miR-145 and the second target site of 3' UTR of ARF6 mRNA docking is
shown in Fig. 2. It consisted of intra-molecular 86 hydrogen bonds (the number of hydrogen
bonds corresponds with the stasis of the molecule). In the modeling, a single hydrogen bond
was considered to not be able to sustain protein-ligand interaction, due to the fact that it was
too weak to cause a spontaneous reaction; however, multiple hydrogen bonds would eventually
be sufficient to sustain such a reaction [31]. As seen in Fig. 3A, the sustained molecular
interaction was adequate to provide a spontaneous reaction for the docking method. Here, the
computed inter-molecular hydrogen bonds (the number of hydrogen bonds corresponds with
the inter-molecular bonding), which reached 20, were sufficient to provide strong and fine-
grained bonding, as this number was still within the range of the previously computed bonding
interactions [26]. The hydrogen bonds are shown in Fig. 3A are listed in Fig. 3B.

After docking, the molecule was solvated into a water molecule, simulating the cytoplasmic
environment. The NAMD configuration file followed the one written in the tutorial file, except
that the run was set to be 5.000.000 (10.000 ps) and the margin set to 20 to fit the molecule in
the modeling window. The molecular dynamics of the docking is shown in Fig. 4.

Fig. 2. Molecular docking of miR-145 and second target site of the 3' UTR of ARF6 mRNA.
The color represents the nucleotide: red — adenine; green — guanine; dark purple — uracil,
light purple — cytosine; yellow molecule — miR-145, white molecule — ARF6 mRNA.
The visualization was done in Discovery Studio 2017.
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A B No. Residues
1 GI1:0%
2 u7:03’
3 G3:N2
4 G1:02’
5 G1:02’
6 U9:02’
7 U10:02’
8 U10:04’
9 U2:05’
10 u2:04’
11 G1:04’
12 C11:0P1
13 A24:N3
14 G4:N2
15 U27:02’
16 G4:02’
17 A7:02'
18 u6:02’
19 U5:02’
20 C26:02'

Fig. 3 Molecular interaction between miR-145 and second target site of the 3’ UTR of ARF6
MRNA: A) sphere representation of hydrogen bonds; B) detailed list of the hydrogen bonding.
Legend: U — uracil, G — guanine, A — adenine, C — cytosine, O — oxygen,

N — nitrogen, P — phosphate. Number corresponds to the residue order or atom sequence order
in residue. Red color indicates the miR-145 residue.

Fig. 4. Molecular dynamics of miR-145 and second target site of the 3' UTR of ARF6 mRNA:
A) first frame of molecular dynamics simulation (initial molecule); B) all frames of molecular
dynamics simulation; C) first and last frames of molecular dynamics simulation;

D) last frame of molecular dynamics simulation (molecule conformation inside water).
The visualization was done in PyMOL 2.1.1.

The range of molecular dynamics results could be observed as transition states of molecules.
Both PyMOL and Discovery Studio 2017 were utilized because PyMOL can visualize the
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frame-by-frame transition of the molecule, while Discovery Studio 2017 can be used to
combine the ligand and receptor as one molecule (i.e., one PDB file). As many as 20 hydrogen
bonds were found in the interaction of miR-145 with the second region of the 3’ UTR ARF6.
Both of the mRNA contributed to the hydrogen bonds, denoted by residue and atom that bound
to the H atom (Fig. 3). Moreover, Fig. 4A and D show the first (t = 0 ps) and last frames
(t = 10000 ps) of simulation and convey the molecular movement. The first and last frames are
summarized in Fig. 4C where the movement can be seen clearly. Fig. 4B summarizes all the
frames of the simulation, in order to observe the movement on a frame-by-frame basis. The data
generated in this research have been deposited as supplementary materials and in an online
repository [17]. The energy dynamics of the miR-145 with the second region of 3’ UTR ARF6
was observed to be stable, with free energy around -40.000 kcal/mol and showed no significant
variation until the end of the simulation (Fig. 5).

10000 = POTENTIAL

E(kcal/mol) J

-40000 ==

Fig. 5 Time series of free energy during molecular dynamic simulation
from 0 to 5.000.000 (10.000 ps). x-axis —time (TS); y-axis — energy (E).

The molecular docking results showed that the molecular interactions between RNA molecules
were much more difficult to predict than the proteins. The difficulties lie in the complexity of
RNA structural conformity, which should conform to Nussinov and Zucker’s algorithm using
thermodynamic energy minimization model [19]. The time and space complexities in RNA
folding arise mainly due to the absence of evolutionary domain units that can be found in
proteins. This calls for more efficient and lightweight folding and interaction prediction
software to be constructed. However, in order to circumvent these complexities, this research
only dealt with the fragments of the whole RNA, namely only some parts of the UTRs. In this
end, docking and dynamics simulations could be executed efficiently to show that miR-145 and
3'UTR of ARF6 mRNA interacted with each other.

Our result indicated the binding site of miR-145 was predicted to be the second region of the
3" UTR of ARF6. Furthermore, we found that the binding was stabilized by 20 hydrogen bonds;
molecular dynamic simulations found that the binding was stable after 10000 ps in the
cytoplasmic environment. This result further emphasized Eades et al. [9] miR-145 binding site
prediction based on in silico and in vitro. Interestingly, our result was slightly different than the
miRanda [3] prediction, in the sense of the minimum free energy (MFE). The prediction of
miRanda was that the second target site had the least MFE, which indicates less stable binding,
while our result indicated the second binding site had the highest affinity of all. However,
we predicted that it would not matter much due to small differences between values.

Based on the predicted interaction of these RNAs, any designed inhibitor toward ARF6 mRNA
should mimic the properties of miR-145, especially in terms of its molecular interaction.
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This particular biomimicry could serve as a basis for further drug development against breast
cancer because the failure of miR-145 inhibition of ARF6 is one of the causes of breast cancer
propagation [13, 38]. Previously, it was already known that oncogenic protein inhibition could
lead to the eventual halt of cancer progression [35]. Hashimoto et al. also reported that
suppressing ARF6 via small-interfering (si)RNA duplex effectively blocked the invasive
activity [13]. Another report also discovered ARF6’s role in tumor angiogenesis [14], opening
an angle in the aftermath of ARF6 inhibition. Interestingly, it was already established that the
expression of miR-145 was down-regulated in every onset age of breast cancer, ranging from
very young (< 35-year-old) to postmenopausal (> 50-year-old) [37]. This means that creating a
biomimicry substitute of miR-145 can be utilized in every patient, regardless of age, to suppress
ARF6 activity.

It should be noted that molecular simulations need a reliable three-dimensional structure of the
biomolecules. Based on current status, it is not only RNA 3D structures that are scarcely
available in a reliable repository such as PDB; protein structures are scarce as well compared
with their respective sequences [33]. The availability of a reliable prediction method for RNA
3D structures, such as homology and de novo modeling, has facilitated the development of
related tools such as simRNA and modRNA [4, 30]. The fine-grained information on the
3D structures is the gateway for constructing reliable molecular simulations. However,
the availability of RNA structure prediction and its interaction with other macromolecule
prediction software is steadily increasing in recent years, as there is growing interest and
knowledge of the role of RNA in cell regulation [32].

Nowadays, several attempts on designing RNA-based drugs with the assistance of molecular
simulations are on the rise as well [24]. Transcriptomics-based drugs have already arrived in
clinical trials [5]. In the future, it is expected that more transcriptomics-based breast cancer
drugs will arrive in the market, eventually with the aid of the molecular simulation approaches.

Conclusion

Molecular docking and dynamics methods have already shown the fine-grained resolution of
miR-145 and 3'UTR of ARF6 mRNA interactions within the frame of reasonable
computational resources. This information should be useful for further studies on TNBC
pathogenicity, particularly the lincRNA-RoR/miR-145/ARF6 pathway. Thus, the molecular
basis of this inhibitory mechanism could be extrapolated as the starting point for drug design
and development with molecular simulation approach.
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