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Abstract
Atomistic understanding of mechanics and failure of materials is the key for engineering and
applications. Modeling accurately brittle failure with crack propagation in covalent crystals requires a
quantum mechanics-based description of individual bond-breaking events for large system sizes.
Machine Learned (ML) potentials have emerged to overcome the traditional, physics-based modeling
tradeoff between accuracy and accessible time and length scales. Previous studies have shown
successful applications of ML potentials for describing the structure and dynamics of molecular systems
and amorphous or liquid phases of materials. However, their application to deformation and failure
processes in materials is yet uncommon. In this study, we discuss apparent limitations of ML potentials
to describe deformation and fracture under loadings and propose a way to generate and select training
data for their employment in simulations of deformation and fracture of crystals. We applied the
proposed approach to 2D crystal graphene, utilizing the density-functional tight-binding (DFTB) method
for more e�cient and extensive data generation in place of density functional theory (DFT). Then, we
explore how the data selection affects the accuracy of the developed arti�cial neural network potential
(NNP), indicating that only the errors in total energies and atomic forces are insu�cient to judge the
NNP’s reliability. Therefore, we evaluate and select NNPs based on their performance in describing
physical properties, e.g., stress-strain curves and geometric deformation. In sharp contrast to popular
reactive bond order potentials, our optimized NNP predicts straight crack propagation in graphene along
both armchair and zigzag lattice directions, as well as higher fracture toughness of zigzag edge direction.
Our study provides signi�cant insight into crack propagation mechanisms at atomic scales and
highlights strategies for NNP developments of broader materials.

Introduction
Understanding fracture mechanics and crack propagation is key to predicting and controlling mechanical
behaviors for materials processing and subsequent materials applications. In many materials, crack
propagation under loading is a governing failure mechanism and, therefore, one of the critical problems
in materials science. Accurate computational modeling of crack propagation, thus, becomes an essential
tool for understanding the underlying mechanisms1–3 and will open pathways for the computational
design of advanced materials processing.4

Crack propagation in covalent crystals is a multiscale phenomenon requiring high atomic level accuracy
but large-length scales for computational modeling. However, physics-based molecular simulations
performed on associated atomic-scale potential energy surfaces are often limited by the fundamental
tradeoff between the simulation accuracy on one hand and accessible time and length scales on the
other. For example, highly accurate quantum mechanics-based electronic structure approaches such as
density functional theory (DFT) are computationally demanding and unsuitable for long-timescale
simulation of complex and large systems. On the other hand, classical molecular mechanics-based
force�elds, including reactive force�elds, can cover larger system sizes but have di�culty for applications
due to their inferior accuracy. Recently, machine learning techniques have revolutionized problem-solving
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approaches in a wide range of �elds of science and engineering.5–9 Signi�cantly, machine learned (ML)
potentials have emerged as a possible solution to resolve the con�icts arising from such tradeoffs.10

A large number of ML-based potentials have already been proposed. Almost all of them rely on mapping
or encoding the local chemical environment of atoms in a molecular or bulk system to a unique “input
feature.” One of the most common approaches is the neural network potential (NNP) based on human-
designed symmetry functions proposed by Behler and Parinnello (BP).11 BP symmetry functions use
translational and rotational invariant representations of atomic geometry and can be readily expanded to
multiple chemical element types12,13. More recently, graph convolutional neural network potentials have
been proposed14 which show overall better accuracy than BP-NNPs but require a higher computational
cost.15 Another class of ML potentials, namely kernel-based approaches, offers good performance with
the small number of data set, but the computational time increases with the number of reference data.16

While many studies have used ML potentials for various applications10, mechanical properties related to
the deformation and fracture of materials were less commonly explored. One of the critical issues to
address this problem is the insu�cient data set. Con�gurations driven by mechanical forces, e.g., tensile
or shear loadings, cannot be simply obtained from equilibrium molecular dynamics simulations or
normal mode analysis.12 Instead, one should perform deformation simulations until failure occurs.
Another issue comes from the fact that the moment of failure or fracture is a rare event in the entire
loading history, so that naturally, a data imbalance problem emerges.

A schematic of the current study is shown in Figure 1a. We developed NNP for one of the most famous
two-dimensional (2D) materials, namely graphene, to describe its crack propagation and compared the
results with previous experimental observations. 2D materials are ideal for validating computational
models of materials failure under the effects of vacancies, bilayer, crack directions, and folding by
comparing the fracture patterns observed through advanced transmission electron microscopy (TEM)
techniques.17–20 We generated data for possible fracture scenarios of graphene under various loadings
by mixing two tensile and one shear deformation. The data are reduced and selected based on
deformation and energy differences to improve the generalization during the training. Then, we
systematically explored how the data selection affects the accuracy of the trained NNPs and the
reliability evaluated based on physical properties such as deformation and stress-strain curves. In the
end, we performed simulations for the crack propagation of graphene with a sharp crack using the
trained NNP. We compared it with a popular empirical bond order potential for carbon systems,
AIREBO.21,22 Our results show improved agreement with previous experiments regarding the resulting
edge structures and the frequency of the type of torn edges.

Results And Discussions
One of the most critical parts of ML-based potential development is the training data set. The data for
training should cover the essential features of the problem-speci�c con�gurations. Previous NNPs have
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been trained from the data usually generated from �rst principles DFT-based molecular dynamics (MD)
simulations and conformal searches based on the normal mode analysis.11,12,23 The initial training set is
generally not su�cient for the desired accuracy. Therefore, adaptive and active learning approaches have
been proposed and applied.24,25 The basic principle of such methods is to detect new data not contained
in the initial training data set by analyzing the data using con�guration �ngerprints or comparing values
from multiple models of NNPs, an ensemble, or a so-called committee. Iteratively searching the new data,
training, and sampling provide better data sets in the end. However, these approaches are not su�ciently
good if the initial data set is not accurate enough to describe the overall dynamics during the failure.

We �rstly tested previously trained models of ANI-1x12, ANI-1cxx26, and ANI-2x27 provided in the TorchANI
library,28 where the data sets include the deformed geometries of small organic molecules from normal
mode sampling. We test the reliability with a small graphene system composed of 24 atoms under three
different loadings as shown in Figure 1b by evaluating stress-strain curves and the deformation of bond
length (l1, l2, and l3) and angles (θ1, θ2, and θ3) described in Figure 1c. A newly developed PyTorch
interface in LAMMPS was utilized for communicating energy, forces, and stress with the TorchANI python
library (See Methods). Figures S1-S3 show the results of stress-strain curves and the deformation. We
note that the data sets do not explicitly include graphene information, but interestingly, the NNPs from
ANIs can well describe graphene's behaviors under small deformation. As expected, however, they clearly
fail for fracture behaviors and large deformation.

Therefore, we designed data generation by mixing three loading directions along the x, y, and xy
directions and generated more than 700,000 data points (See Methods). Then, we trained NNPs using the
TorchANI28 tool (See Methods). The structure of NNP is shown in Figure 2. From the actual coordinates
(q), atomic environmental vectors (AEV, also known as symmetry functions, G) are utilized as input to be
invariant under translation and rotational transformation and the permutation of the same atom types11.
There are two parts in the AEV: radial and angular terms from two atoms (i and j with distance Rij) and

three atoms (i, j, and k with two distances Rij, Rik, and one θijk ), respectively28:
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where η controls the width of Gaussian function with multiple Rs for probing speci�ed radial
environments (m is an index for Rs); ζ controls the width of probing as η; θs decides the speci�c region in
the angular environments as Rs. fC is a cutoff function to change values to zero at RC smoothly, de�ned
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structures of nodes and layers are also from ANI-2x: the radial term has 16 different radii, and the angular
term has 4 angles and 8 radii27 shown in Figure 2b. The neural network has three hidden layers with
Gaussian error linear unit activation function29 to add non-linearity.

We checked the performance of current neural network structures and training processes from the data
generated from graphene’s MD simulation at equilibrium states at 400 Kelvin (See method). A root mean
square error (RMSE) in the relative energy lower than 0.8 kcal/mol is achieved around 200 epochs, which
we consider a very high accuracy from the perspective of computational chemistry, where a threshold 1
kcal/mol in accuracy is commonly considered a “gold standard”. However, our result clearly shows that
an agreement only in terms of the relative energy RMSE does not guarantee correct physical properties,
as shown in Figure S4. Here, we utilized the same conditions but trained NNPs with 300 epochs, and
most trainings were saturated around 200 epochs.

Figure 3a shows a naïve way to save data under loading, recording data based on constant deformation
(δr) or at a constant time interval. There are two obvious problems with this approach. First, it is likely to
miss essential data during the failure process where the con�gurations drastically change in a very short
time. For the second, the many similar data are close to each other near the non-deformed structures,
which probably hinders the training due to the data imbalance30. Therefore, we utilized a constant energy
difference (δΕ) to reduce the recorded data, as shown in Figure 3b. It would have better chances to
capture the key data during the failure process even with the same number of data points. Figure 3c
shows the schematic to represent the data distributions with the two main directions of the loadings: x
and xy. From the total data, we built neighbor lists of each data points with a de�ned cutoff in the
deformation space, δr. Then, the data in the neighbor list is sequentially removed if the energy difference
is not bigger than the prede�ned criterion, δΕ. Table 1 lists the parameters: δr and δE with the reduced
data numbers.

Table 1
The numbers of data selected from the initial 722,000

data points
δE (kcal/mol)

δr (Å)

1 2 5 10 20

0.01 450k 270k 130k 88k 80k

0.02 430k 260k 120k 66k 40k

0.05 360k 200k 100k 57k 29k

0.1 250k 150k 78k 37k 20k

0.2 120k 70k 33k 18k 9k



Page 6/21

Table 2
Elastic constants and Poisson’s ratio (ν) obtained from DFTB,

reactive FFs, and trained neural network potential from the
different data set selected by δr with the same δE =

1kcal/mol.

  E (GPa) (C11-C12)/2 (GPa) ν

DFT49 1010   0.203

AIREBO 828.8 304.1 0.362

ReaxFF 787.2 256.2 0.536

DFTB (reference) 1108.2 451.9 0.226

δr = 0.01 Å 1168.3 471.0 0.240

δr = 0.02 Å 1173.0 461.6 0.270

δr = 0.05 Å 1192.5 474.4 0.257

δr = 0.1 Å 1141.1 452.6 0.261

δr = 0.2 Å 1132.0 453.1 0.249

 
Table 3

Elastic constants obtained from neural network potential
from the different data set selected by δE with the same δr =

0.1Å.

  E (GPa) (C11-C12)/2 (GPa) ν

δE = 1 kcal/mol 1141.1 452.6 0.261

δE = 2 kcal/mol 1093.2 485.6 0.126

δE = 5 kcal/mol 1112.6 445.9 0.248

δE = 10 kcal/mol 1143.6 467.0 0.224

We checked the stress-strain curves from all data without any reduction, as shown in Figure S5. As
expected, it shows much better behaviors than ANIs or the model trained from NVT ensemble trajectories
because the current data set explicitly includes various fracture scenarios. However, it fails to describe the
fracture patterns and stress-strain after fracture along the x direction loading in Figure S5a. The energy
minimization during the quasi-static loading should result in complete bond breaking between broken
edges. Figures 4a and b show that the RMSE of energy and forces from training, validation, and total
data from each data set selected from the above-mentioned approach as varying δr with �xed
δE=1kcal/mol. We note that the data from larger δr is selected from the data set of smaller δr, which
means the smaller number of data sets always belong to the larger number of data sets. Therefore, the
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difference of RMSE, e.g., better accuracy of δr = 0.1 Å than that of δr = 0.05Å, does not come from data
themselves but from better generalization with reducing the over�tting (See SI discussion). We assume
the original data set has too much similar data to prevent generalization. So, we re-evaluate the accuracy
of all trained models based on the �rst selected data set from δr = 0.01 Å and δE = 1 kcal/mol as shown
in Figures 4c and d. The RMSE of relative energy from the model (δr = 0.01 Å, δE = 1 kcal/mol) shows the
lowest value, but RMSE of forces from the model (δr = 0.1 Å, δE = 1 kcal/mol) show the lowest value.
Also, we investigated the stress-strain curves and deformation for the reliability of the trained NNPs. The
models train from δr = 0.01 Å to δr =0.05 Å have problems near the fracture point as indicated with
arrows in Figures S6 - S11. In terms of the stress-strain curves and deformation, the trained model from δr
= 0.2 Å looks better than that from δr = 0.1 Å, but the model from δr = 0.1 Å was selected because the
RMSE of forces exhibits the lowest value. This is a reasonable choice because the RMSE of atomic force
is a good indicator for over�tting (See SI discussion). We also tested how the choice of δΕ affects the
accuracy of models with δr lower than 0.1, as shown in Figure S12. Since the number of data decreases
as the value of δΕ increases, it is expected to lose accuracy. However, this also does not monotonically
decrease, and data with δr =0.1 Å and δΕ = 5 kcal/mol is reasonably optimal with the number of data
points, 78,000 (=78k). Considering the fact that the reference data (~450k) is six times larger, the loss of
accuracy of energy and forces are only 0.5 kcal/mol and 0.23 kcal/mol/Å, respectively. Also, the NNP
describes the stress-strain and deformation under three loadings very well, as shown in Figure S13. This
kind of data reduction without losing the essential data is important for active learning. However, such
data augmentation is out of current scope, and we selected the model from the data (δr = 0.1 Å, δE = 1
kcal/mol) for further simulations.

A previous microscopy study reported both straight armchair (AC) and zigzag (ZZ) torn graphene edges
through the high-resolution transmission electron microscope (TEM).31 Also, torn lines along the AC edge
are twice more frequently observed than the ZZ edge.32 In previous theoretical studies, ReaxFF and
AIREBO have been widely utilized to describe the mechanics and crack propagation from atomistic
modeling. However, ReaxFF has some limitations in describing mechanics and stress-strain curves near
failure compared to DFT calculations.33 Especially, brittle crack propagation is hindered by the stiffening
effect near the point of failure. Instead, AIREBO is more preferred because the stress-strain curves of
pristine graphene are well-matched with DFT calculations once its bond order switching function is
controlled.34 MD simulations of pristine graphene with AIREBO consistently show that the fracture
toughness along the zigzag edge is lower than the armchair edge35–37. Also, once the crack propagates
along the AC direction, the fracture pattern from the AIREBO shows the zigzag torn edge preference.
Although nanopores through the electron beam prefer to form the zigzag edge38, the con�guration does
not come from the mechanics or crack preference but from the kinetic stability during the
reconstructions.39 This shows that empirical force�elds are limited for predicting pristine graphene's torn
edge con�guration and the dynamics of crack propagation.

Finally, we perform MD simulations using both selected NNP and AIREBO with a rectangular system with
10 nm x 20 nm with a crack of 2 nm, as shown in Figure 5a. We performed the crack propagation
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simulations by combining quasi-static loading and dynamic loading to reduce the computational cost
(See method). The NNP results in a straight and clean torn edge in both AC and ZZ crack direction in
Figure 5b (See Movie 1 and 2). As described above, AIREBO predicts that the straight propagation along
the AC direction is less likely to occur. Instead, it shows meandering crack paths in Figure 5c (See Movie 3
and 4) with ZZ crack edges. The obtained stress-strain curves from NNP and AIREBO are shown in Figure
5d. The notable difference is the critical stress, which is proportional to the fracture toughness under the
same geometric and boundary conditions. The NNP predicts the fracture toughness along the AC-edge is
lower than ZZ-edge. While AIREBO predicts very similar critical stress with both edges, and critical strain
along the AC-Edge is longer than ZZ-Edge. Considering critical energy release rate, AIREBO predicts the
fracture toughness along the AC-edge is higher than ZZ-edge, which is completely opposite to the results
of the NNP.

The frequency of torn edges in the suspended polycrystalline graphene monolayer depends on the
fracture toughness of pristine graphene. The prediction from the NNP shows well agreement with those
previous observations, while AIREBO predicts opposite behaviors in terms of frequency of torn edge
observation and torn AC edge con�guration. The limitation of AIREBO comes from the softened angle
stiffness under tensile loading, which also has been compared with DFT and DFTB calculations in the
previous study.40 Figure 6 shows the bond lengths and angle of graphene at the crack tip just after the
�rst bond breaking during the crack propagation. The angular deformation of NNP shows a lower angle
(~124°) than that of AIREBO (133°), which results in the elongation of the inner side bond length, l2 (~1.7
Å) than the outer side bond length, l3 (~1.6 Å). The relative bond lengths between l2 and l3 determine the
crack path, and AIREBO prefers ZZ crack paths because l3 (1.72 Å) is longer than l2 (1.67 Å). In another
2D material, WS2, these lattice distortions can result in anisotropic crack dynamics even with the same

surface energy19.

We wish to emphasize that the current NNPs are limited as they should only be used for the simulation of
stress-induced fracture and failure of pristine graphene. The training data set does not explicitly have
failure dynamics of bilayer graphene, diamond, amorphous carbon network, carbon nanotube, graphyne,
grain boundary, vacancies, and folding, etc. Therefore, new data should be generated and tested for the
new applications. However, the neural network potential is useful in computational speed compared to
�rst principles-based electronic structure approaches. Also, the NNP is very �exible to capture non-linear
deformation-stress behaviors well, which is challenging with the �xed functional form in classical
force�elds. Crack dynamics is one of the exciting applications for NNPs due to its intrinsic multiscale
feature. In this study, we only focus on the data generation and selection from the mixed loading and
data reduction using DFTB as the reference method. However, the selected data can be utilized for high
throughput calculation with more accurate methods. Also, active learning and transfer learning from the
selected data would be interesting topics in the future.

Conclusion
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In summary, we propose generating and selecting down the training data for deformation and fracture of
2D crystal, graphene, under mixed loading conditions through DFTB calculations. We utilize the
previously developed PyTorch library, TorchANI, to train the models of the Behler-Parrinello type’s neural
network potential. For the molecular dynamics, we developed a PyTorch interface with LAMMPS, which
can be expanded to other machine learning potential libraries through PyTorch. The proposed data
reduction process improves the generalization of NNP training by mitigating over�tting. We show that the
low RMSEs of energy and force do not automatically guarantee the physical properties of the trained
models. The selected model considering physical properties can describe the torn edge con�guration
observed in the previous studies and explains well the higher frequency of torn AC edge occurrence,
which is not possible with the reactive FFs. The proposed work frame can be applied to understand
fracture dynamics of 2D and bulk crystals using neural network potentials.

Methods

Generation of data
The molecular dynamics simulations with DFTB for data generation were performed via the LAMMPS
package.41 DFTB calculations were performed at each time step through the DFTB+ package,42 utilizing
a previously developed interface for LAMMPS.40 We employed the 3OB43 C-C parameters with the DFTB3
scheme because the stress-strain behaviors are well-matched with those from DFT calculations with the
PBE functional.40 We generated 10,000 data points through the NVT ensemble at 400K with the time step
of 0.5 fs to obtain reference RMSE of the relative energy from the canonical data generation.  

Then, we obtained data points for the deformation and fracture under various loading. Static loading or
quasi-static loading with full energy minimization has a limitation for the training data set because all
atoms are located in the energy minimized positions. We need slightly perturbated coordinates to train
the NNP to distinguish the contribution of a single atomic energy. Therefore, we utilized dynamics loading
for the data generation. We consider different loading directions by mixing the loadings along x, y (pure
tensile), and xy (pure shearing) directions as (vx, vy, vxy). We prepared 361 directions with constant
velocity 400m/s with 0.5 fs time step. Each direction has 2000 steps, so the total data number is 722,000.
Here, the loading speed is much faster than what is desired to provide reliable behaviors, which is under
20m/s40. The effect of the loading speed becomes critical when the speed is too fast for the system to
have enough time to relax the structures under the deformation. So, after every 20 steps, we included a
small step of energy minimization to overcome the delay. The number of steps was tuned to match the
stress-strain curve under shear loading to the results from the quasi-static loading. At each step, we
deformed the simulation box by about 0.002 Å, resulting in a total deformation for each loading of about
4 Å. 

Selection of data
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From the 722,000 data points, we built neighbor lists between data points based on the deformation of
the simulation box (dx, dy, dxy). We consider the distance (δr) between data as an indicator of the
deformation similarity. Figure 3c shows a schematic of generated data points in the deformation space
(dx, dxy). Then, we sequentially deleted the data but saved it if the energy difference in the list is larger
than δΕ. We utilized vales of δr (0.01 Å ~ 0.2 Å) and δE (1 kcal/mol ~ 50 kcal/mol) from the original
722,000 data points, and the number of reduced data from (δr, δE) is listed in Table 1. 

Training
We utilized TorchANI library and its setting for training the neural networks. For training, 80% of data was
used, while 20% of data was utilized for validation with a small mini-batch size of 64. We basically follow
the training process suggested in TorchANI.28 The loss function is de�ned as

Loss =
1

Ndata
∑

ENNP − Eref
2

Natom
+

α
Ndata

∑
→FNNP −

→Fref

Natom

,

where α is a parameter to determine the contribution of forces, and we used 0.1. The Adam optimizer was
utilized with weight decay for the weights44,45 and stochastic gradient descent46 for the biases, as
suggested in the previous study. The weights were initialized by Kaiming initialization47 with the normal
distribution, and the initial values of biases were zeros.

Molecular dynamics simulations for crack propagation
We prepared the pristine graphene of 10 nm by 20 nm with a 2 nm sharp crack along the y direction with
periodic boundary conditions in Figure 5a. To avoid the interaction between image cells, 20 nm space
along the y direction and 3.35 nm space along the z direction were inserted. Instead of full dynamic
loading, we applied a 0.01 strain at each iteration to stretch to a 0.04 strain along the x direction with
structural relaxations. Then, we applied dynamic tensile loading along the x direction at low temperature,
10 Kelvin. The loading speed was 2.0 m/s, and the time step was set to 1 fs.  

PyTorch interface with LAMMPS 
We utilize the python functions in LAMMPS (v. 29OCT20) to utilize the python code in the python
environment. Through the python environment, we can easily call python library. Utilizing TorchANI, we
calculate the AEV for neural networks. Forces and stress are calculated with the given coordinates and
simulation box through the autograd engine in PyTorch48 and updated at each time step.

( )
√

( )
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(a) Schematic of current study from the data generation to MD simulations. Data are generated for
possible fracture scenarios of graphene with a small size. The data are reduced and selected based on
physical properties. The selected NNP is utilized for the crack propagation of graphene with a sharp
crack. (b) Small crystal system of 24 atoms under three main loadings (c) De�nition of three different
bond lengths and angles to evaluate the deformation under loadings.

Figure 2

 (a) Structure of neural network potential based on the symmetry functions or atomic environmental
vector (AEV). AEV (G) is calculated from the three-dimensional atomic coordinates (q) and used as an
input for the neural network to obtain atomic energy. (b) Dimension of AEV with radial and angular terms
from carbon system and details of neural network structure with layers and nodes. 
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Figure 3

(a, b) Schematics of data distribution under loading with δr and δE. Data with a constant deformation or
space (δr), it would lose the important data of the failure. Instead, energy difference (δΕ) based data
selection will conserve the key data and reduce data near the equilibrium state. (c) Example of data
distributions with the two loading directions to show a practical method to achieve data selection based
on δE. First, neighbor lists are built with a de�ned cut-off, δr. The data of which the energy difference is
smaller than δΕ are deleted from the list. 
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Figure 4

RMSE of relative energy (a) and forces (b) from training, validation, and total data from each data set
selected from δr with �xed δE=1kcal/mol. δr = 0 indicates the entire data points without reduction.
Reevaluation RMSE of relative energy (c) and forces (d) with the same data set (δr = 0.01 Å, δE =
1kcal/mol). RMSEs depend on data set, and even smaller numbers of data can have higher accuracy.
Also, RMSE does not guarantee the physical properties of the models. 
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Figure 5

(a) Initial geometries of crack inserted graphene along the armchair and zigzag edges. (b) Fracture
pattern of NNP after crack propagations (See Movie 1 and 2). (c) Fracture pattern of NNP after crack
propagations (See Movie 3 and 4). (d) The obtained stress-strain curves from NNP and AIREBO.
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Figure 6

Bond and angle at the crack tip after the �rst bond breaking along the AC edge direction from NNP (a)
and AIREBO (b). Dotted red arrows represent the crack propagation. The angular deformation of trained
NNP shows a lower angle than that of AIREBO, which results in the elongation of the inner side bond
length, l2, than the outer side bond length, l3, from NNP. AIREBO shows propagation along the zigzag edge
because l3 is longer than l2.

Supplementary Files

This is a list of supplementary �les associated with this preprint. Click to download.



Page 21/21

4.AIREBOzz.mpg

1.NNPac.mpg

3.AIREBOac.mpg

2.NNPzz.mpg

SupplementaryInformation.docx

https://assets.researchsquare.com/files/rs-1178290/v1/bdc67243bed9dacc0284fd4b.mpg
https://assets.researchsquare.com/files/rs-1178290/v1/9e5b7cf3ed60548133fb03b7.mpg
https://assets.researchsquare.com/files/rs-1178290/v1/aadfe26bcc96bff8f48456be.mpg
https://assets.researchsquare.com/files/rs-1178290/v1/79315d32aa7e7b47d606c253.mpg
https://assets.researchsquare.com/files/rs-1178290/v1/e0a0abfdbab2800e03da4479.docx

