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Abstract. The current COVID-19 pandemic creates the biggest health and economic challenges to the world.
However, not much knowledge is available about this coronavirus, SARS-CoV-2, because of its novelty.
Indeed, it necessarily knows the fate of proteins generated by SARS-CoV-2. Anyway, before a large-scale
study on proteins from SARS-CoV-2, it would be better to conduct a small-scale study on a well-known
protein from influenza A viruses, because both are positive-sense RNA viruses. Thus, we applied a simple
method of amino-acid pair probability to analyze 94 neuraminidases of influenza A viruses for better
understanding of their fate. The results demonstrate three features of these neuraminidases: (i) the N1
neuraminidases are more susceptible to mutations, which is the current state of the neuraminidases; (ii) the
N1 neuraminidases have undergone more mutations in the past, which is the history of the neuraminidases;
and (iii) the N1 neuraminidases have a larger potential towards future mutations, which is the future of the
neuraminidases. Moreover, our study reveals two clues on the mutation tendency, i.e. the mutations represent
a degeneration process, and chickens, ducks and geese are rendered more susceptive to mutation. We hope to
apply this approach to study the proteins from SARS-CoV-2 in near future.

Because of this very big genetic variability in influenza
A viruses, it imposes the difficulties to diagnosis,
treatment, and vaccination development, so impedes
prevention of influenza in humans to different degree. In
reality, the genetic variability is not in the same range
among influenza A virus proteins, because each type of
proteins faces different selective pressure and plays
different roles in virus. This leads some proteins to mutate
faster than other proteins in a virus. Hence, it necessarily
finds the pattern of mutation in each type of proteins for
the benefit of diagnosis, treatment, vaccination and

1 Introduction

Influenza A viruses have led several pandemics in humans
and animals [1]. The most famous pandemic is the Spanish
flu, which led to a great loss of life and devastating impact
on world economy before the ending of World War I [2,
3]. Then, there were a series of epidemics from 1957 until
very recently around the world at different places with
different species [4-7].

Heterogeneity is the characteristic of the original

H5N1/01 isolates of genotypes A, C, D, and E [8-10]. prevention ofmﬂuepza mn humans.. .
Therefore, the huge genetic variability exists in the In influenza A virus, the mutations frequently occur in

influenza A viruses, either by continuous and gradual Fhe RNA genes, WhiCh code for th.e §urface glycoproteins,
mutation or by reassortment of gene segments between 1.¢. hemggglutmm and. rileuramm%dase [.18’. 19] The
viruses, or both [3, 11]. A number of approaches have neur.ammldase not only is involved in the bmdmg of virus
been used to study the antigenic drift and shift, for p amdes to recep t0.r5. on hogt Ceus but also is the major
example, sequence analyses [12—14], the modeling of antigen fo? peutra!lzmg antl‘t?odles [20]. OF 15. subtype
protein evolution [15], the mathematical model deals with hemagglutinins of influenza viruses, the H5NI viruses are

both realistic epidemiological dynamics and viral highly pathogenic in view of classification of

evolution at the sequence level [16], and the traveling lll(ema%\%}gtli;}g;. H 6IF\Iulrth§ rfrlnore, .the dA/}:eal}iHong
waves in a one-dimensional model [17]. Regarding the ong ( ) influenza virus and the human

host-mediated variation of influenza A viruses, it has been H5N1 and HON2 influenza viruses contain similar genes

so far proposed, at least, two mechanisms. The first encoding internal proteins [21, 22].

: . Since the enzymatic active centre in neuraminidase is
mechanism focuses on the pressure of the antibody th }11. a . the blocki £ thi
. . e same across all influenza viruses, the blocking of this

whereas the second mechanism emphases the selective ’ g

pressure for the appearance of host cell variant with enzymatic active center is an approach to treat influenza.

altered receptor binding specificities [18] This could in principle stop the viral replication and
' alleviate, and even prevent the typical symptoms of

influenza such as weakness, fever, and bodily aches and
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pains. As an enzyme, neuraminidase was discovered long
time ago [23], cleaves the sialic acid residues terminally
linked to glycoproteins and glycolipids, and thus becomes
a major target for drugs and inhibitors [24].

In this study, we applied a simple method of amino-
acid pair probability, which was developed by us [25], to
estimate 94 neuraminidases from influenza A viruses for
better understanding of their probabilistic fate.

2 Materials and Methods

The amino acid sequences of 94 neuraminidases are
downloaded from the influenza virus resources [26].

2.1 Randomly Predictable Present Type of
Amino-Acid Pair with Predictable Frequency

Neuraminidase Q807U2 has 54 serines (S) and 34
asparagines (N). The frequency of amino-acid pair of “SN”
is 4 (54/469 x 34/468 x 468 = 3.915). Indeed, there are
four “SN”’s in neuraminidase Q807U2, so the type of “SN”
is present and its frequency is 4. In this case, not only the
presence of the type “SN” but also its frequency are
predictable, and the difference between its actual and
predicted values is 0.

2.2 Randomly Predictable Present Type of
Amino-Acid Pair with Unpredictable Frequency

Neuraminidase Q807U2 has 46 glycines (G), and the
frequency of “NG” is 3 (34/469 x 46/468 x 468 = 3.335).
Interestingly, “NG” comes out 9 times in neuraminidase
Q807U2. Naturally, the presence of the type “NG” is
predictable, but its frequency is unpredictable, and the
difference between its actual and predicted values is 6.

2.3 Randomly Unpredictable Present Type of
Amino-Acid Pair

Neuraminidase Q807U2 has 14 glutamines (Q) and 10

histidines (H). The frequency of “QH” is 0 (14/469 x

10/468 x 468 = 0.299), so the type of “QH” would not

come out in neuraminidase Q807U2. By contrast, the “QH”
appears twice in the reality, so the presence of the type of
“QH” is unpredictable. As a result, its frequency is

unpredictable too, and the difference between its actual

and predicted values is 2.

2.4 Randomly Predictable Absent Type of Amino-
Acid Pair

Neuraminidase Q807U2 has 7 methionines (M), and the
frequency of “MQ” is 0 (7/469 x 14/468 x 468 = 0.209),
consequently the type of “MQ” would not show in
neuraminidase Q807U2, which is true. Subsequently, the
absence of the type of “MQ” with its frequency is
predictable, and the difference between its actual and
predicted values is 0.

2.5 Randomly Unpredictable Absent Type of
Amino-Acid Pairs

The frequency of “GG” is 4 (46/469 x 45/468 x 468 =
4.414), i.e. four “GG”s exist in neuraminidase Q807U2.
But no “GG” is found. As such, the absence of “GG” is
unpredictable. Fairly its frequency is unpredictable too,
and the difference between the actual and predicted values
is —4.

2.6 Statistics

For actual and predicted values in a single protein, the
statistical inference is performed as follows. Essentially
each of 20 kinds of amino acids has the chance of 1/20 (p
= 0.05) to repeat again, and a type of amino-acid pair has
the chance of 1/400 (p = 0.0025) to repeat again. In
neuraminidase Q807U2, the most abundant amino acid is
54 “S”s, and the least abundant amino acid is 7 “M”’s, If
the first amino acid is “S”, then the chance of the second
amino acid being “S” is 53/468 (p = 0.113 > 0.05). If the
first amino acid is “M”, then the chance of the second
amino acid being “M” is 6/468 (p = 0.013 < 0.05).
Following that, the chance of the first amino-acid pair
being “SS” is 54/469 x 53/468 (p = 0.013 < 0.05), and the
chance of the second amino-acid pair being “SS” is 52/467
% 51/466 (p =0.012 <0.05). For the least abundant amino
acids “M”, the chance of the first amino-acid pair being
“MM” is 7/469 x 6/468 (p = 0.0002 < 0.001), and the
chance of the second amino-acid pair being “MM” is
5/467 x 4/466 (p = 0.0001 < 0.001). Reasonably, the
probability is less than 0.05 if the difference between
actual and predicted values is greater than or equal to one.

For comparisons among proteins, the statistical
inference is done as follows. The Kolmogorov-Smirnov
test is used to examine all the data to determine their
distribution property. For the normal distribution, the data
are shown as mean+SD. For the non-normal distribution,
the data are shown as median with interquartile range. The
outlier is detected based on the Healy’s method [27]. The
one-way ANOVA and the Friedman ANOVA rank tests
are used for parametric and non-parametric tests,
respectively, followed by comparison tests. The
SigmaStat for Windows (SPSS Inc, 1992-2003) is used to
operate all the statistical tests, and the p < 0.05 is
considered statistically significant.

3 Results

After all the computation, the amino-acid pairs in a
neuraminidase are classified into predictable and
unpredictable portions. After comparison of the
percentages of predictable portion with unpredictable
portion among different neuraminidases, one can know
which neuraminidase has a larger unpredictable portion
than other neuraminidases. It turns out this neuraminidase
would be more susceptible to mutations accordingly [28—
34].

Fig. 1 illustrates the predictable and unpredictable
portions in three subtypes of neuraminidases. In Fig. 1, the
length of each bar represents 100%, which is located at
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both unpredictable and predictable sites separated by
dotted line. For example, the absent types of NI
neuraminidases (the dark green bar) are composed of
31.75% predictable portion (the right panel) and 68.25%

unpredictable portion (the

left panel). Statistical

differences are found in comparison between two subtype
neuraminidases in terms of the absent types (p < 0.001),
while no significant differences are in both the present

types and frequencies.
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Absent types

Present types
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NI (n-68)
[ N2(n=26)
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Unpredictable and predictable portions (%)

Figl. Predictable and unpredictable portions of amino-acid

Fig. 2 depicts the percentages of unpredictable types
and frequencies in terms of whether the actual values are
larger or smaller than their predicted values in two
subtypes of neuraminidases. Practically Fig. 2 is a
subdivision of Fig. 1 with stratification of the data in the
left panel of Fig. 1 into two criteria, i.e. the actual values
are smaller than their predicted values or vice versa. The
left panel of Fig. 2 details that the unpredictable types are
statistically larger in N1 neuraminidases than in the N2
neuraminidases, and the unpredictable frequencies are
statistically smaller in N1 neuraminidases than in the N2
neuraminidases. Meanwhile the right panel of Fig. 2
details that the unpredictable types are statistically smaller
in N1 neuraminidases than in N2 neuraminidases. In the
wake of the data in the right panel of Fig. 2, we understand
that the N1 neuraminidases have undergone more
mutations in the past. In the wake of the data in the left
panel of Fig. 2, it turns out that the mutation pattern in N1
neuraminidases is to form the new type of amino acid pairs
rather than to increase the frequency of present type of
amino acid pairs.

Along these results, attention is particularly directed to
the difference between the actual and predicted values for
we have shown that the larger the difference between the
actual and predicted values is, the bigger the potential
towards future mutations is [28—34].

pairs in neuraminidases. The data are shown as mean+SD.
#, the statistical difference between two groups at p <
0.001 level

Hereafter, attention is paid to the unpredictable
portions (the left panel in Fig. 1), because they are not
driven by randomness. As discussed in Materials and
Methods section, an unpredictable portion includes both
unpredictable types and predictable types with
unpredictable frequencies. These data can be in forms that
the actual values are either larger or smaller than the
predicted values. In the past, we demonstrated that the
amino-acid pairs whose actual value is larger than their
predicted value are likely to be targeted by mutations and

the amino-acid pairs whose actual value is smaller than
their predicted one are more likely to be formed through

mutations [28-34].
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Fig2. Percentages of unpredictable types and frequencies in
terms of whether the actual value is larger or smaller than
the predicted value in neuraminidases. The data are
shown as mean+SD. * and #, the statistical difference
between two groups at p < 0.05 and p < 0.001level,
respectively
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Fig3. Difference between the actual and predicted values in N1
and N2 neuraminidases. The data are shown as mean+SD.
* and #, the statistical difference between N1 and N2
neuraminidases at p < 0.05 and p < 0.001 level,
respectively

Fig. 3 displays the size of the difference between the
actual and predicted values in two subtypes of
neuraminidases. Apparently, the N1 neuraminidases have
larger differences than the N2 neuraminidases, suggesting
that the N1 neuraminidases are more vulnerable to future
mutations than the N2 neuraminidases.
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Fig4. Difference between the actual and predicted values in N1
neuraminidases isolated from different years. The data are
shown as mean+SD. *, # and T, the statistical difference
from 1997, 1999 and 2000 groups, respectively, at p <
0.05 level

Yet, the size of difference between the actual and
predicted values can implicate the direction of future
mutations if we arrange the size of difference along the
time course. Fig. 4 pictures the size of difference between
the actual and predicted values of N1 neuraminidases of
influenza A viruses isolated along the time course.
General speaking, the differences increase in the amino-
acid pairs whose actual value is smaller than their
predicted value (the left panel in Fig. 4), whereas the
differences decrease in the amino-acid pairs whose actual
value is larger than their predicted value (the right panel
in Fig. 4). As the percentage of frequency is about 6-fold
higher in the right panel than in the left panel (Fig. 2),
these results imply that a mutation in the NI
neuraminidases is to reduce the difference between the
actual and predicted values, so that the construction of
amino-acid pairs becomes more random.

Additionally, the difference between actual and
predicted values can indicate which species is subject
more to mutations if we arrange the number of amino-acid
pairs against the difference between actual and predicted
values in neuraminidases from different species.

Fig. 5 exhibits this type of analysis, where the scale of
the vertical axes is presented by logarithm in order to
stress the amino-acid pairs with large differences between
actual and predicted values. As can be seen in Fig. 5, the
N1 neuraminidases of influenza A viruses from chickens,
ducks and geese have the largest difference between actual
and predicted values.

100 +

Number of amino acid pairs
y

-3 -2 -1 0 1 2 3 4 5 6
Difference between actual and predicted values
FigS. Number of amino-acid pairs of neuraminidases from
different species with respect to the difference between
their actual and predicted values. The data are shown as
mean+SD

4 Discussion

This study demonstrates three features from N1 and N2
neuraminidases of influenza A viruses. Besides, this study
generates two clues on the mutation tendency and on the
species susceptibility.

The first feature is that the N1 neuraminidases are
more susceptible to mutations, which is the current state
of the neuraminidases. This feature is supported by the fact
that the unpredictable portion of absent types is larger in
the N1 neuraminidases than in the N2 neuraminidases,
although the percentages of the present types and
frequencies are similar in the two subgroups of
neuraminidases (Fig. 1).

The second feature is that the N1 neuraminidases have
undergone more mutations in the past, which is the history
of the neuraminidases. The reasoning is that the N1
neuraminidases have a larger percentage of unpredictable
types with a smaller percentage of unpredictable
frequencies (the right panel in Fig. 2).

The third feature is that the N1 neuraminidases have a
stronger potential towards future mutations, which is the
future of the neuraminidases. The interpretation is that the
N1 neuraminidases have larger differences between actual
and predicted values (Fig. 3). This implies that the N1
neuraminidases have a stronger potential towards future
mutations.

From a probabilistic viewpoint, the mutation tendency
hints that at least some mutations direct to a
probabilistically capable way. In order to make a protein
functional, nature should deliberately spend more time
and energy to construct particular amino-acid pairs with
big differences between their actual and predicted
frequencies while the random construction of an amino-
acid pair is the least time- and energy-consuming [23]. The
future mutations in neuraminidases are likely to link with
the balance between the random and purpose-oriented
construction of amino-acid pairs. Therefore, some
mutations on neuraminidases represent a degeneration
process in Fig. 4, and this observation is identical with the
proteins, which have a high year-to-year mutation rate
[28-34].

From a point of view of species susceptibility, the
second hint is that chickens, ducks and geese are rendered
more susceptive to mutation. The species susceptibility
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probabilistically relies on the number of amino-acid pairs
with the biggest difference between actual and predicted
values. Fig. 5, at least partially, highlights why so many
mutations were found in the neuraminidases of influenza
A viruses from chickens, ducks and geese. Fig. 5 supports
the finding that avian species plays an important role in
harboring a large amount of influenza A virus strains,
which can contribute genes to form potentially new
pandemic human strains [1]. Also, avian viruses can infect
humans without acquiring human influenza genes by
reassortment in an intermediate host [35].

In conclusion, the fate of neuraminidases from
influenza A viruses could shed some light on the current
COVID-19 pandemic.
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