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Assembly of capsid virus is a crucial step in virus life cycle. Without this step, virus will not replicate itself
to hijack other cells and its life cycle would end. Many researchers studied virus structural shape and its
dynamics to understand the behavior of the virus. So, this paper focuses on the structural shape of
Icosahedral viruses and prediction of symmetries in their capsids. A small virus capsid contains identical
asymmetric units that are packed in regular manner. Every icosahedral virus has two types of symmetry,
regular symmetry and non-crystallographic symmetry. So, one asymmetric unit and some rotation
matrices are needed to form the whole capsid. These rotation matrices define the location of adjacent
asymmetry unit. In this paper, deep learning approach is followed to create a layered model that predicts
non-crystallographic symmetry in virus capsid. Through visualization technique, the results were
promising; the accuracy was 89% for assembling the capsid in icosahedral viruses using dataset taken

from the Protein Data Bank (PDB).
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INTRODUCTION

The world is full of dangerous viruses. In order
to understand how they work. We need to study
their structural shape and life cycle (Twarock,
2006). The virus consists of genetic material
(RNA/DNA) that is enclosed within a protein shell
(Capsid) (Lodish, et al., 1999).

The virus hijacks the cells and disassembles
its capsid to let the genetic materials be translated
by the host cell's machinery (Cann, 2005). Then,
the genetic materials is replicated and the capsid
is assembled around the new replicated genetic
material (Pelczar, 1977). Therefore, it is very
important to study the assembly and disassembly
of the capsid structure.

Viruses capsids consist of multiple copies of
repeating subunits (CRICK & WATSON, 1956).
These subunits follow symmetries to form the

capsid virus.

There are two types of symmetry (Lawson, et
al., 2008). The first type is a local symmetry
known as Non-crystallographic symmetry (NCS).
NCS is a transformation to construct crystal
asymmetric unit (Fig. 1b) from these subunits
which are asymmetric units (ASU) (Fig. 1a).

The second type is a global symmetry which
is the transformation required to build a full
capsid. These global symmetries construct the
biological assembly (Fig. 1c) from the crystal
asymmetric units (Fig. 1b).

These symmetries can be understood by
checking the periodicity pattern. If there is a
periodicity, then these are global symmetries
known as regular symmetries. Such symmetries
are 2, 3, 4, 6 folds ...etc. If the periodicity found in
higher dimensions, then these are local
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symmetries, such as 5,7 folds ...etc.

Icosahedral
asymmetric unit

Crystal
asymmetric unit

Biological
Assembly

Figure 1 ; The biological assembly of a virus (1fpv) (Agbandje & Rossmann, 1994) is composed of
crystal asymmetric units, which in turn is composed of icosahedral asymmetric (Berman, et al.,
2003).

For example, Icosahedral viruses consist of
20 triangular faces with twofold, threefold and
fivefold axes of symmetry (Fig. 2). The twofold
and threefold are regular symmetry while the
fivefold is NCS symmetry. In this study, we will
focus on Icosahedral viruses.

Figure 2; 20-sided icosahedron face.

Find NCS is a program was created to find
non-crystallographic symmetry from heavy atoms
in proteins in general. This program adopts a
method for systematic search to find the best
NCS. It takes into consideration the space group
and ranks its results accordingly (Lu, 1999).

A model presented by (Lawson, et al., 2008)
to remediate PDB archive studied the regular
symmetry of the capsid. While NCS, that defines
the crystal asymmetric unit, was considered as an
input to the model.

Deep learning approach reached state-of-the-
art in many fields. However, it was not adopted
before in this problem. So, a model is built with
deep neural network. The Model input is all atoms
in ASU provided by PDB bank. The input focuses
on the spatial geometries and biological
characteristics of the virus. The Model output is
the rotation NCS matrix of the crystal asymmetric

unit.

Our deep learning based model achieved a
promising results. The model and a full
explanation of the evaluation process will be
explained in this paper.

BACKGROUND
The capsid is constructed of ASUs which are
similar to each other with the difference in their
spatial geometries. Group of icosahedral
asymmetric units following the Group Theory
constructs crystal asymmetric unit (Fig. 1)
(Senechal, 2009). Crystal asymmetric unit is
considered in the proposed model as the first cap
of the virus. A cap of an Icosahedral virus consists
of five ASUs with one rotation matrix that defines
the adjacent ASU.
The relationship between any ASU in cap
and its adjacent ASU is represented with the
following equation:

B=Rx*A(eq.1)
C=R=*B(eq.2)

Where A is an ASU and B is the adjacent
ASU of A. C is the adjacent ASU of B. R is the
rotation matrix that defines this Crystal
Asymmetric Unit.

Our deep learning model tries to predict the
three angles in radius. Then, it constructs the
rotation matrix while ignoring the translation
vector. This model is trained on the first cap of
the capsid where a translation vector does not
affect the cap.
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MATERIALS AND METHODS

Dataset preparation:

The dataset is extracted from RCSB PDB
which is updated to the PDB archive each week. It
can be accessed via ftp at ftp://ftp.wwpdb.org
(Berman, et al., 2003). The size of the taken
dataset is around 200 Icosahedral viruses. This
dataset is divided into 70% training and 10%
validation while testing dataset is 20%.

The training dataset is divided into input and
output. The model input is fed by an ASU That
consists of list of atoms. Spatial geometry and
biological characteristics are features of an atom
in ASU. To illustrate, an atom can have float
points of (X, y, z, €); where X, y and z are the three
value axes and e represents the biological
characteristics. To handle input  size
inconsistency, we limited our atoms to 7000. This
number represents the average number of atoms
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in the dataset between viruses. Viruses with less
than 7000 are padded with zero values in spatial
geometries and biological characteristics.

The output found in PDB bank is a matrix of
twelve float numbers. The last column in this
matrix represents the translation vector and the
rest of the matrix (3x3 matrix) represents a
rotation matrix around the axes.
The rotation matrix was converted to three angles
around the axes. Such angles represent the
output of our model. So every ASU input has
three angles output. These angles represent the
adjacent ASU in crystal asymmetric unit.
Noting that viruses that have non- invertible matrix
are excluded from the dataset.

Model Architecture:

The proposed model is a fully connected
neural network with five dense layers and four
batch normalization layers (Fig. 3).
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Figure 2 ;The proposed model: a layered deep neural network.

The activation function used is a rectified
linear unit (ReLU), while the used optimizer is
Stochastic Gradient Descent (SGD) with learning
rate 0.01. The mean absolute error is used as the
loss function.

The Input layer (L) is the ASU atoms.
calculated as follows:

Its size is

L=N=+A(eq.3)

Where N represents number of atoms, and A
represents the atom features. Atom features
include spatial geometry and the biological
characteristics.

The output layer is the predicted three-angle
rotation around the X, Y and Z axes. To visualize
the predicted output. A rotation matrix is
constructed from these three angles with

translation vector (0,0,0,1). Such rotation matrix is
applied on the input ASU to get the adjacent ASU.

Evaluation:

This model has been tested by two criteria.
The first criterion is subjective as it visualizes the
results and compares them with the expected
adjacent ASU position.

The calculation of the score for each test case
is based on multiple error categories. Error
categories consider the following errors:
translation error (Fig. 4.a), rotation and translation
error (Fig. 4.b), and minor error (Fig. 4.c). In order
to calculate these errors we used two programs:
Visual Molecule Dynamics (VMD) (Humphrey, et
al.,, 1996) and UCSF Chimera (Pettersen, et al.,
2004).
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rotation error
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Figure 3; Error Categories examples. (a) Virus 1uly where the predicted ASU (in blue) needs
minor translation to completely overlap with the expected ASU (in brown) (Horn, et al., 2004). (B)
Virus 2zi8 where the predicted ASU (in blue) has translation and rotation errors to overlap with the
expected ASU (in brown) (Sabini, et al., 2008). (c) Virus 2cas where both the predicted and
expected overlap, hence represents the perfect result (Wu & Rossmann, 1994).

The second criterion of evaluating the result is
by visualizing how the model forms a crystal
asymmetric unit. If the predicted crystal
asymmetric unit has no gaps, and Its ASUs do not
overlap on each other as the predicted crystal
asymmetric unit, then these are accepted outputs

RESULTS AND DISCUSSION

The results of the proposed model were
tested against the two criteria explained earlier in
the evaluation section. In the first criterion, the
proposed model achieved 83% accuracy on the
test data.

Result Analysis of First Criterion

0.8
0.6
0.4
0.2
; ] ]
Minor Error Rotation & Translation
Translation

Figure 5; The percentage of the viruses
according to the error category in the first
criterion.

As per above (Fig. 5), we found that around
60% of the predicted ASUs have the same
position and rotation as the expected adjacent
ASUs which we consider a minor error. For
example, virus 1ncq in PDB (Fig. 6) presents ideal
results in this model. Also, 24% of the predicted

ASUs have the same rotation yet require
translation to identically overlap the expected
ASUs. Check the viruses in (Fig. 7) and (Fig. 8) as
examples. Such translation error is evaluated
based on Euclidian distance between center of
the predicted ASUs and the center of expected
ASUs. While 18% of the predicted ASUs failed to
match both translation and rotation of the
expected ASUs.

Figure 6; An accepted case in virus with code
1ncq where the predicted ASU (in blue) is
almost exactly as the expected ASU (in brown)
(Chakravarty, et al., 2000).
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Figure 7; An accepted case in virus with code
1r09 where the predicted ASU (in blue)
intersects with the expected ASU (in brown)
by more than half of the ASU (Chapman, et al.,
1991).

Figure 8; Virus with code 1c8m where the
predicted ASU (Blue) is far from the expected
ASU (Brown) (Chakravarty, et al., 2000).

Icosahedral Asymmetric Unit

B Accepted M Not Acceptted

Figure 9; The percentage of the accepted
ASUs in the testing dataset.

Since the translation vector is not counted as
an error in this model, then such translation errors
are accepted. Based on this fact, the accepted
results according to Icosahedral Asymmetric units
are 83% as shown in (Fig. 9).

In the second criterion, we visualized the
results and found that some crystal asymmetric
units position are the same as the original units
(Fig. 10), and some crystal asymmetric units are
constructed far from the original position due to
ignoring the translation vector in this model (Fig.
11), however, it is accepted output due to forming
no gabs. Accordingly, the accepted results are
89% as in (Fig. 12).

For future work, we aim to build a model that
predicts the translation vector and the regular
symmetry in order to construct the whole capsid
using deep leaning approach.

Figure 10; Virus with code 2rrl where the
expected crystal asymmetric unit position and
the predicated crystal asymmetric unit
position lays on top of the other (Badger, et
al., 1990).

Figure 11; Virus with code 1mec where on the
right is the expected crystal asymmetric unit
position  while the predicted crystal
asymmetric unit position is on the left. and
this error is accepted in the model (Rossmann,
1994).

Accepted Crystal Asymmetric Unit

11%

B Accpeted  H Not Accepted

Figure 12; The percentage of the accepted

crystal asymmetric unit in the proposed
model.
CONCLUSION

Virus capsid protects its genatic material.

Bioscience Research, 2019 volume 16(3): 3210-3216

3214



Mohamed et al.,

Detecting Non-crystallographic Symmetry Using Deep Learning

Capsid assembles and disassembles to
coat/protect or release the genetic material for
replication process in the host cell. Understanding
capsid assembly and disassembly is a vital for
breaking the virus replication cycle. Various
models are built for studing the assembly of the
virus capsid such as mathematical or simulation
models. Yet few models found in computer scince.
This paper proposes a deep neural network model
for virus capsid. This model predicts
noncrystallographic symmetry found in capsid
virus. Results were promesing as it reached 89%.
Also, results have been verified visually using
VMD and UCSF Chimera. This model maybe a
step in developing a neural network that predicts
the full capsid with its two types of symmetry
(noncrystallographic and regular symmetries).
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