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ABSTRACT

A deep neural network-based program for sequence-based prediction of supersecondary structure
codes (SSSCs), called SSSCPrediction (SSSCPred) was constructed. Furthermore, to predict the
flexibility and conformational change of proteins, a comparison program of three deep-neural-
network-based prediction systems (SSSCPred200, SSSCPred100, and SSSCPred) was developed.
I compared the predicted and observed flexible conformations of SARS-CoV-2 and SARS-CoV
spike proteins by using SSSCs and the comparison program. The SARS-CoV SSSC sequences of
the receptor-binding motif predicted by the three deep-neural-network-based systems well
reproduced those of the Protein Data Bank (PDB) data, including the structured loops. In contrast,
the receptor-binding motif SSSCs of SARS-CoV-2 differs greatly from those of SARS-CoV, with
that of SARS-CoV-2 being more flexible. Only one common identical motif (SSSC:
SSSHSSHHHH) among all of the compared SSSC sequences, including predicted and observed
ones, was found at the S2 subunit. This motif has an extremely rare and relatively undeformable
conformation. The comparison program may be helpful to explore undeformable drug discovery

targets of many unsolved protein structures.

Key words: Conformation; Deep neural network; SARS-CoV-2; Sequence-based prediction;

Supersecondary structure code.



INTRODUCTION

There are around 110.3 million non-redundant protein sequences in the RefSeq database,'? and
many methods for sequence-based prediction of secondary and supersecondary structures have
been developed in the past several years.*!! Further, many secondary structure prediction methods

based on deep learning have also been reported.'?'® However, the classification and prediction of
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fine structured loops other than a-helixes, B-strands, coiled coils, and disordered regions
remains elusive.

Intrinsically disordered regions are protein regions that undergo conformation changes and
therefore lack a stable three-dimensional structure. It has been shown that intrinsically disordered
regions are important for protein—protein interactions and the binding of proteins to RNA and
DNA; therefore, there is a need for an accurate way of predicting the conformations of these
regions.?>?

In the past decade, a means of identifying and codifying supersecondary structures
(supersecondary structure code; SSSC) has been developed that uses the concept of Ramachandran

plot data?*2°

with @ angles, and the specification of positions of torsion angles in a protein derived
from a fuzzy search of structural code homology using template patterns, represented as
conformational codes 3a5c4a (a-helix-type conformation) and 6¢4a4a (B-sheet-type conformation),
to describe supersecondary structural motifs and their conformation.?’*® SSSC is transcribed using
the letters H, S, T, and D to refer to an a-helix-type conformation, a B-sheet-type conformation,
other-type conformations, and disordered residues or the C-terminus, respectively.

The DSSP (Dictionary of Secondary Structure in Proteins) program has been used to standardize
).29:30

secondary structure assignments for all of the protein entries in the Protein Data Bank (PDB

This program is able to identify hydrogen bonds between main chain carbonyl groups and amide



groups and then use that information to assign a secondary structure; however, it does not handle
the fine characterization of loops or irregular regions very well because no hydrogen bonds exist
in such regions. In contrast, supersecondary structure code is very sensitive to differences among
similar protein supersecondary structures. For example, this code can distinguish the difference of
characteristic loop structures between IgG immunoglobulin (SSSC: SHHSHSS) and IgM
rheumatoid factor (SSSC: TTTSSSS).?”8 Interferon a, B, and y, GroEL, and ubiquitin-associated
domains also have a unique common motif (SSSC: HHHTTSHHH).?’

Recently, a deep-neural-network-based program for sequence-based prediction of SSSCs, called
SSSCPrediction (SSSCPred) was constructed. For files containing the keywords ALKALINE,
GLUCOSIDASE, OUTER MEMBRANE, ENVELOPE, PORIN, REPLICATION,
INTERLEUKIN, and RIBOSOMAL PROTEIN, the concordance rate was <0.60; however, these
keywords were sometimes found in files with concordance rate > 0.90 and were associated with
flexible conformations. Furthermore, to predict the flexibility and conformational change of
proteins, a comparison program of three deep-neural-network-based prediction systems
(SSSCPred200, SSSCPred100, and SSSCPred) was developed.

To develop a vaccine against the coronavirus disease 2019 (COVID-19), which is currently
prevalent all over the world, structural information on the virus is required.?! The sequence of
severe acute respiratory syndrome coronavirus (SARS-CoV) moderately resembles that of SARS-
CoV-2 (about 79% identity).>! Several observed structures in SARS-CoV?3?*7 and SARS-CoV-
2,3% including cryo-electron microscopy (Cryo-EM) structures, have been registered in the PDB
database®® and are thus available for use in comparing the predicted SSSCs of SARS-CoV-2.

Here, I show the construction of the deep-neural-network-based program for sequence-based

prediction of SSSCs (SSSCPrediction) and the comparison program of three deep-neural-network-



based prediction systems (SSSCPred200, SSSCPred100, and SSSCPred) and that the receptor-
binding motif (binding to human angiotensin-converting enzyme 2, ACE2) SSSCs of SARS-CoV-
2 differs greatly from those of SARS-CoV, with that of SARS-CoV-2 being more flexible. I also
describe the only shared, relatively undeformable motif (SSSC: SSSHSSHHHH), which in SARS-

CoV-2 S2 subunit is associated with cell adhesion and cell division.

MATERIALS AND METHODS

Dataset

A total of 582,813 FASTA-format files containing the amino acid sequences and SSSCs of protein
subunits were extracted from 139,932 PDB files®® by using the SSSCview program (available
online at
https://researchmap.jp/multidatabases/multidatabase contents/detail/256924/6216cafbe7d56e9a6
5c¢649886edcb0a3?frame id=708960).2” Of these FASTA files, 379,334 files containing subunits
with more than or equal to 100 continuous amino acid residues were extracted, and from those
files 150,000 files as training data for the deep neural network, 10,000 files as test data for the deep
neural network, and three sets of 10,000 files as test data for the inference system were randomly
selected.

From each FASTA file, a set of 100 continuous amino acid residues and the corresponding SSSC
were randomly extracted. SSSC terms “H”, “S”, “T”, and “D” were converted to [1,0,0,0], [0,1,0,0],
[0,0,1,0], and [0,0,0,1], respectively, and a set of matrices (100, 4) was constructed. The amino
acid sequence was also similarly converted.*’ The dataset for the deep neural network was prepared

by using python.*®



SSSCPrediction

Deep learning for the prediction of SSSCs from amino acid sequences was performed by using
Neural Network Console (https://dl.sony.com/app/). The revised template of network
“12_residual _learning.sdcproj” for the standard MNIST dataset was used to provide the initial
structure of the deep neural network, which was then trained with our prepared training dataset.
The obtained network is shown in Figure 1 (activation function: ReLU; cost function: HuberLoss;
max epoch: 20; batch size: 64; precision: float; structure search: Network Feature + Gaussian
Process; updater: Adam; update interval: 1 iteration; alpha: 0.001; betal: 0.9; beta2: 0.999; epsilon:
1E-8). The obtained network and parameters were introduced to the SSSCPrediction inference
system, and the system was set to examine amino acid sequences containing at least 100 amino
acid residues. For each amino acid sequence, SSSC terms were predicted for every 50 continuous
amino acid residues and for the initial and final 100 amino acid residues in the sequence. Then,
the first 70 SSSC terms in the sequence were selected, followed by every 50 SSSC terms; any
remaining SSSC terms at the end of the sequence were also selected. The other prepared three sets
of 10,000 test data files for the SSSCPrediction inference system were then used to evaluate
concordance rate.

Comparison of SSSCPrediction with Quick2D® was carried out by using an amino acid sequence
of a PDB file (1a00_A). The method was benchmarked by using 612 and 17,169 protein subunits
containing at least 100 amino acid residues in the CB513 and CullPDB datasets.!* The CASP10,
CASP11 and CASP12 datasets could not be used for the benchmark because all of the correct
answer data could not be obtained for SSSCPrediction. The 150,000 training data files and the
10,000 test data files for the prediction of SSSCs from amino acid sequences using the deep neural

network were also tested to evaluate concordance rate.



SSSCPrediction is available as a standalone program at
https://researchmap.jp/multidatabases/multidatabase contents/detail/256924/8fe07c64e364d8218

108144f0d33c142?frame 1d=708960.

Comparison program of three deep-neural-network-based prediction systems

I constructed two additional deep-neural-network-based prediction systems by using procedures
similar to that used to construct SSSCPrediction (SSSCPred). A total of 582,666 FASTA-format
files containing the amino acid sequences and SSSCs of protein subunits were extracted from
139,932 PDB files®® by using the SSSCview program.?’” Of these FASTA files, 207,738 files
containing subunits with more than or equal to 200 continuous amino acid residues were extracted,
and from those files 150,000 files as training data for the deep neural network, 10,000 files as test
data for the deep neural network, and 10,000 files as test data for the inference system were
randomly selected for SSSCPred200. From each FASTA file, a set of 200 continuous amino acid
residues and the corresponding SSSC were randomly extracted. SSSC terms “H”, “S”, “T”, and
“D” were converted to [1,0,0,0], [0,1,0,0], [0,0,1,0], and [0,0,0,1], respectively, and a set of
matrices (200, 4) was constructed. The amino acid sequence was also similarly converted. Deep
learning for the prediction of SSSCs from amino acid sequences was performed by using Neural
Network  Console (https://dl.sony.com/app/). The revised template of network
“12 residual learning.sdcproj” for the standard MNIST dataset was used to provide the initial
structure of the deep neural network, which was then trained with the prepared training dataset.
The obtained network and parameters were introduced to the SSSCPred200 inference system, and
the system was set to examine amino acid sequences containing at least 200 amino acid residues.

For each amino acid sequence, SSSC terms were predicted for every 50 continuous amino acid



residues and for the initial and final 200 amino acid residues in the sequence. Then, the first 125
SSSC terms in the sequence were selected, followed by every 50 SSSC terms; any remaining SSSC
terms at the end of the sequence were also selected.

Training data of 200 continuous amino acid residues and 150,000 subunits were used to construct
SSSCPred200; those of 100 continuous amino acid residues and 350,000 subunits were used for
SSSCPred100; and those of 100 continuous amino acid residues and 150,000 subunits were used
for SSSCPred. The systems well reproduced many SSSCs of the PDB subunit data; the
benchmarks (average concordance rates) of the three systems were as follows: for SSSCPred200,
CullPDB, " 0.905 (9851 subunits) and CB513,'* 0.911 (361 subunits); for SSSCPred100, CullPDB,
0.896 (17,169 subunits) and CB513, 0.907 (612 subunits); and for SSSCPred, CullPDB, 0.861

(17,169 subunits) and CB513, 0.882 (612 subunits).

RESULT AND DISCUSSION

Translation of amino acid sequences to SSSCs

The comparison of SSSCPrediction with Quick2D® was carried out by using the PDB file
(1a00_A). As shown in Figure 2, the main difference between SSSCPrediction and Quick2D was
found in the structured loop regions. Only SSSCPrediction could predict the fine loop
conformations. Although a direct comparison could not be made because of the difference of
correct data between SSSCPrediction and other prediction methods, the concordance rates for the
translation of amino acid sequences to SSSCs using 612 and 17,169 protein subunits containing at
least 100 amino acid residues in the CB513 and CullPDB datasets'® for the benchmark of

SSSCPrediction were 0.88 and 0.86, respectively.



The average concordance rate for the translation of amino acid sequences to SSSCs using the
three test datasets comprising 10,000 FASTA files each was 0.90. A total of 3450 files in the test
dataset had a concordance rate > 0.95, and 6000 files had a concordance rate > 0.90 (Figure 3). In
the past three decades, much progress has been made in the development of accurate predictors of
protein secondary structure. Recently, prediction accuracy has increased from about 82% to 84%,
which is approaching the estimated upper accuracy limit of around 88%.%!%!* Although a direct
comparison of accuracy is impossible due to the differences between secondary structures and
supersecondary structures, these prediction accuracies are comparable.

The correlation between keywords in the training files and concordance rate was examined to
understand more about the target subunits for SSSCPrediction. For files containing the keywords
PROTEASOME, FAB, LYSOZYME, HEMOGLOBIN, MICROGLOBULIN, HLA, and
MYOGLOBIN, the ratio of files with that keyword and concordance rate > 0.90 to total no. of files
with that keyword was extremely high (>0.92; Table 1). In contrast, for files containing the
keywords ALKALINE (ratio of files with that keyword and concordance rate > 0.90 to total no. of
files with that keyword: 4/97), GLUCOSIDASE (81/245), OUTER MEMBRANE (158/362),
ENVELOPE (122/271), PORIN (126/262), REPLICATION (134/271), INTERLEUKIN
(265/472), and RIBOSOMAL PROTEIN (1259/1908), the concordance rate was much lower
(<0.60); however, these keywords were sometimes found in files with concordance rate > 0.90 and
were associated with flexible conformations, and there were no keywords found only in files with
a low concordance rate. In the 379,334 files in the overall dataset, the keywords KINASE
(4219/6080), TRANSFERASE (3812/6010), SYNTHASE (2868/4159), REDUCTASE
(3050/4302),  DEHYDROGENASE  (2545/3815), @ HYDROGENASE  (2732/4120),

POLYMERASE (1863/2888), HYDROLASE (1199/2041), PROTEASE (1344/1765),



PHOSPHATASE (990/1,690), ISOMERASE (1279/1912), and OXIDASE (1086/1682)
frequently appeared, and the ratios of files with that keyword and concordance rate > 0.90 to total
no. of files with that keyword ranged from 0.59 to 0.76. Thus, there were no keywords associated
only with a low concordance rate, and many files with the same keywords were found to have
different SSSCs.

To confirm whether the flexibility and conformational change of proteins can be predicted or
not, I constructed two additional deep-neural-network-based prediction systems by using
procedures similar to that used to construct SSSCPrediction (SSSCPred). The benchmarks
(average concordance rates) of the three systems were as follows: for SSSCPred200, CullPDB, '3
0.905 (9851 subunits) and CB513,'* 0.911 (361 subunits); for SSSCPred100, CullPDB, 0.896
(17,169 subunits) and CB513, 0.907 (612 subunits); and for SSSCPred, CullPDB, 0.861 (17,169
subunits) and CB513, 0.882 (612 subunits). For CullPDB files, total no. of files with that
concordance rate < 0.65 between SSSCPred200 and PDB data was 66. Of these CullPDB files, the
ratio of files with that concordance rate < 0.70 between SSSCPred200 and SSSCPred100 data to
total no. of files was 0.83 (see Table S1). For CB513 files, total no. of files with that concordance
rate < 0.75 between SSSCPred200 and PDB data was 17. Of these CB513 files, the ratio of files
with that concordance rate < 0.80 between SSSCPred200 and SSSCPred100 data to total no. of
files was 0.59 (see Table S2). Exceptionally, in the CB513 files, the subunit with the keyword
PHOSPHOGLYCERATE MUTASE 1 (3pgm_A) showed the high concordance rate (0.91)
between SSSCPred200 and SSSCPred100 data in contrast with the low concordance rate (0.62)
between SSSCPred200 and PDB data. In that case, the PDB file (1qhf A) of the same keyword
with the high concordance rate (0.96) between SSSCPred200 and PDB data was found. This means

that the PDB files 3pgm_A and 1ghf A have the identical amino acid sequence, but the SSSC
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sequences, which reflect the subunit flexibility, are largely different. The value size of concordance

rates among the three systems provides a good indication of the flexibility of the protein subunits.

Predicted and observed SSSC sequences of SARS-CoV-2 spike protein

I then compared the predicted and observed SSSC sequences of spike proteins of SARS-CoV-2
and SARS-CoV at the receptor-binding domain (Figure 4; see Figure S1 for complete sequences).
The SSSC sequences of SARS-CoV predicted by the three deep-neural-network-based systems
well reproduced those of the PDB data (6acc A, 5xIr A, 5x58 A, and Swrg_A), including the
structured loops. The observed SSSC sequence of SARS-CoV-2 main protease (6lu7_A)
corresponded well to the predicted ones (av. 0.919, see Figure S2). In contrast with the relatively
undeformable receptor-binding motif (binding to human ACE2) of SARS-CoV, the corresponding
motif of SARS-CoV-2 indicated the possibility of conformational change between the a-helix and
B-strand. This possibility was also supported by a Quick2D analysis, including a series of
secondary structure predictions (Figure 4).° Actually, the receptor-binding motif SSSCs of SARS-
CoV-2 with blanks for the Cryo-EM structure data of the entire SARS-CoV-2 spike protein (6vsb,
6vxx, and 6vyb) differs greatly from those of SARS-CoV, with that of SARS-CoV-2 being more
flexible (Figure 4). On the other hand, the receptor-binding motif SSSCs of SARS-CoV-2
connected with human ACE2 for the Cryo-EM or X-ray structure data of the partial receptor-
binding domain (6m17, 6vwl _E, 6lzg B, 6m0j E, and 6w41 C) are very similar to those of
SARS-CoV. Wrapp and coworkers reported that although spike protein S1 of SARS-CoV-2 binds
human ACE2 with higher affinity than that of SARS-CoV, several published SARS-CoV receptor-
binding-domain-specific monoclonal antibodies do not have appreciable binding to that of SARS-

CoV-2.%® Yuan and coworkers described that a neutralizing antibody previously isolated from a
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convalescent SARS patient, in complex with the receptor-binding domain of the SARS-CoV-2
spike protein, targets a highly conserved epitope, distal from the receptor-binding site, that enables
cross-reactive binding between SARS-CoV-2 and SARS-CoV.* The observed SSSCs of the
highly conserved epitope (6w41 C) resembles those of SSSCPred100, and the gap of the epitope
SSSCs among the three systems is smaller than that of the receptor-binding-motif SSSCs (see
Figure S1). It is suggested that although the binding of receptor-binding motif to human ACE2
stabilizes the connected conformation, the flexibility of receptor-binding motif in SARS-CoV-2
disturbs the appreciable binding of the SARS-CoV receptor-binding-motif-specific monoclonal
antibodies.

The sequence identity of spike protein S2 between SARS-CoV-2 and SARS-CoV (aa 668 to
1255, about 90% identity) was greater than that of S1 (see Figure S1). Only one identical motif
(SSSC: SSSHSSHHHH) among all of the compared SSSC sequences, including predicted and
observed ones, was found at the S2 subunit (Figure 5). This motif is extremely rare: only 200
subunit files containing the SSSC sequence of the motif exist among all of the 582,666 PDB
subunit files (see Figure S3). Usually, the number of subunits for a commonplace motif (SSSC:
SSSHHTSSS) is about 140,000. Even for an already reported common motif (SSSC:
SSSHHSHSSS) in antibodies and in major histocompatibility complex class I and II molecules,
34,039 subunits exist.”® Apart from virus proteins, integrin oL (leukocyte function associated
antigen 1),**® and cell division protein kinase 2 (CDK2),* which are involved in cell adhesion
and cell division, are the main proteins that have such a relatively undeformable motif (Figure 6).
For CDK2 with cyclin A, an adenosine-5’-triphosphate (ATP) molecule interacts with this motif. >
The SSSC of this motif in the free-form of CDK2 (1buh_A)’! is identical to that in the ATP-

binding form (1fin_A).>* The relatively undeformable motif protrudes on the molecular surface,
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and the amino acid sequence of the motif for SARS-CoV differs from the other proteins (6acc A:
LPPLLTDDMI; 3f74 A: YKTEFDFSDY; 3ig7 A: EFLHQDLKKEF). Walls and coworkers found

that the SARS-CoV-2 S glycoprotein harbors a furin cleavage site (NSPRRAR | S) at the

boundary between the S1/S2 subunits, which is processed during biogenesis and sets this virus
apart from SARS-CoV and SARS-related CoVs.*! Therefore, the relatively undeformable motif at

the S2 subunit may be available for the drug discovery targets.

CONCLUSIONS

SSSCPrediction (SSSCPred) is a program for the prediction of SSSCs from amino acid
sequences. SSSCPred was tested using three datasets each comprising 10,000 FASTA files
containing the amino acid sequences and SSSCs of protein subunits and two datasets of subunits
from CB513 and CullPDB. To confirm whether the flexibility and conformational change of
proteins can be predicted or not, two additional deep-neural-network-based prediction systems
(SSSCPred200 and SSSCPred100) were constructed. The value size of concordance rates among
the three systems provides a good indication of the flexibility of the protein subunits. The
comparison program may be helpful to explore undeformable drug discovery targets of many

unsolved protein structures.
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Table 1. Keywords included in the training dataset files that afforded high concordance rates

Keyword Files with concordance rate | Total number of files (B) | A/B ratio
>0.90 (A)
PROTEASOME 3283 3551 0.92
FAB 1989 2071 0.96
LYSOZYME 786 830 0.95
HEMOGLOBIN 760 825 0.92
MICROGLOBULIN 501 534 0.94
HLA 402 424 0.95
MYOGLOBIN 174 178 0.98
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FIGURE LEGEND

Figure 1 Network architecture of SSSCPrediction.

Figure 2 Comparison of SSSCPrediction with Quick2D.® The PDB file (1a00 A) was used for the
comparison (SSSCPrediction: H, a-helix-type conformation; S, B-sheet-type conformation; T,
other-type conformation; and D, disordered residue or C-terminus. Quick2D: H, a-helix; E, B-
strand; and D, disorder).

Figure 3 Distribution map of concordance rate. The average concordance rate of translation of
amino acid sequences to SSSCs was 0.90.

Figure 4

Comparison of predicted and observed SSSC sequences of spike proteins in SARS-CoV-2 (first
19 lines) and SARS-CoV (next 12 lines) at the receptor-binding domain (red), including the
receptor-binding motif (purple, binding to human ACE2). A comparison of the SSSCPred200
(SARS-CoV-2 and SARS-CoV) results with those of Quick2D (from 32 to 59 lines)® is also shown.
The receptor-binding motif of SARS-CoV is more undeformable than that of SARS-CoV-2.

Figure 5

Comparison of predicted and observed SSSC sequences of spike proteins in SARS-CoV-2 (first
14 lines) and SARS-CoV (next 11 lines) at aa 851 to 935 (green, heptad repeat 1). A comparison
of SSSCPred200 (SARS-CoV-2) results with those of Quick2D (from 26 to 39 lines)® is also
shown. Only one undeformable motif, the structured loop (red and blue, SSSC: SSSHSSHHHH),

was common to the compared SSSC sequences.
Figure 6

Common undeformable motif of structured loop (blue, SSSC: SSSHSSHHHH). (A) SARS-CoV
(6acc, monomer), (B) SARS-CoV (6acc, trimer), (C) integrin oL (3f74), (D) leukocyte function-
associated antigen 1 (l1zop), and (E) cell division protein kinase 2 (3ig7). The relatively

undeformable motif protrudes on the molecular surface.
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Protein ID: Q 2483096

AA_QUERY 1 VLSPADKTNVKAAWGKVGAHAGEY GAE ALERMFLSF PTTKTYFPHFDL SHGSAQVKGHGKKVADAL TNAVAHVDDMPNALSALSD
SSSCPrediction TSSHHHHHHHHHHHHHHT HHHHHHHHHHHHHHHHHT HHHHHH THHSSHSS T SHHHHHHHHHHHHHHHHHHHT HHT HHHHHHHHHH
SS_PSIPRED HHHHHHHHHHHHHHHHHHHHHHHHHHHHHHAH - HHHHHH HHHHHHHHHHHHHHHHHHH  HHHHHHHHHH
SS_SPIDER3 HHHHHHHHHHHHHHH ~ HHHHHHHHHHHHHRH  HHHH HHHHHHHHHHHHHHHHHHH  HHHHHHHHHH
SS_PSSPRED4 HHHHHHH ~ HHHHHHHHHHHHHH E EEEE  HHHHHHHHHHHHHH  HHHHHHHHH
SS_DEEPCNF HHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHH HHHHHHHHHHHHHHH  HHHHHHHHHH
SS_NETSURFP2 HHHHHHHHHHHHHHHH HHHHHHHHHHHHHAH HHHHHH HHHHHHHHHHHHHHHHHHH  HHHHHHHHHH
DO_DISOPRED DDDDD

AA_QUERY 86 LHAHKLRVDPVNFKLLSHCLLVTLAAHLPAEFTPAVHASLDKFLASVSTVLTSKYR 141

SSSCPrediction HHHHHH TSSHHHHHHHHHHHHHHHHHH THHHTS HHHHHHHHHHHHHHHHHHHHHHTD

SS_PSIPRED HHHHH  HHHHHHHHHHHHHHHHHH  HH HHHHHHHHHHHHHHHHHHHHH

SS_SPIDER3 HHHHH  HHHHHHHHHHHHHHHHHH HHHHHHHHHHHHHHHHHHHHH

SS_PSSPRED4 HHH HHHHHHHHHHHHHHH HHHHHHHHHHHHHHHHH

SS_DEEPCNF HHH HHHHHHHHHHHHHHH HHHHHHHHHHHHHHHHHHH

SS_NETSURFP2 HHHHH  HHHHHHHHHHHHHHHHHH  HH HHHHHHHHHHHHHHHHHHHHH

DO_DISOPRED D

Figure 2
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Figure 5

CAQKFNGLTVLPPLLTDEMIAQYTSALLAGT I TSGNTFGAGAALQ | PFAMOMAYRFNG | GVTQNVLYENQKL | ANOFNSAIGKIQ
HHSHHSHS$S55SHS SHHHHHHHHHHHHHHHHHHHHHHS ST S $S SSSHHHHHHHHHH THT SSHHHHHHHHHHHHHHHHHHHHHHH
HSSSHSHSSS555HS SHHHHHHHHHHHHHHHHHHHS SSTHT $SS 5SS THHHHHHHHT TS SSSHHHHHHHHHHHHHHHHHHHHHHS
HHHHHHTSSHS S SHS SHHHHHHHHHHHHHHHHHS TS SSSSTSSSSSSHSS TSSSSSHSS SSSHHHHHHHHHHHHHHHHHHHHHHH
TSHT 155555 5HS SHHHHHHHHHHHHHHHHHHTHHHHHS $58 8 S SHHHHHHHHHHHH TSSHHHHHHHHHHHHHHHHHHHHHHH
TSHSTS8555SHSSHHHHHHHHHHHHHHHHHHTHHHHHS SSS SSSHHHHHHHHHHHHT SSHHHHHHHHHHHHHHHHHHHHHHH
TSH8T$55555HS SHHHHHHHHHHHHHHHHHHTHHHHHS $ 8§88 SSHHHHHHHHHHHHT SSHHHHHHHHHHHHHHHHHHHHHHH
THHTSS8555HS SHHHHHHHHHHHHHHHHHHTHHHHHT $ 555 SSHHHHHHHHHHHHT SS HHHHHHHHHHHHHHHHHHHHHHH
THHTSSS555HS SHHHHHHHHHHHHHHHHHHTHHHHHT S SSSSSHHHHHHHHHHHH T SSHHHHHHHHHHHHHHHHHHHHHHH
THHT$8855 5HS SHHHHHHHHHHHHHHHHHHTHHHHHT $ $8 8 SSHHHHHHHHHHHHT SS HHHHHHHHHHHHHHHHHHHHHHH
THTS55555HS SHHHHHHHHHHHHHHHHHHTHHHHHT $ 558 $SHHHHHHHHHHHHT SSHHHHHHHHHHHHHHHHHHHHHHH
THHTSSS555HS SHHHHHHHHHHHHHHHHHHTHHHHHT S S8 SSSHHHHHHHHHHHH T SSHHHHHHHHHHHHHHHHHHHHHHH
TT5558555HSSHHHHHHHHHHHHHHHHHHTHHHHHT $S§ $SSHHHHHHHHHHHH T SSHHHHHHHHHHHHHHHHHHHHHHH
THHHHHHHHHHHHHHHHHHHHHHH
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