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ABSTRACT

1. INTRODUCTION

A recent phylogenetic inference indicated that the
2009 pandemic H1N1 strains circulating from March
2009 to September 2009 could be divided into two
closely related but distinct clusters. Cluster one contained most strains from Mexico, Texas, and California, and cluster two had most strains from New York,
both of which were reported to co-circulate in all
continents. The same study further revealed nine nucleotide changes in six gene segments of the new virus
specific for the two clusters. In the current study, the
informational spectrum method (ISM), a bioinformatics technique, was employed to study the receptor
binding patterns of the two clusters. It discovered
that while both groups shared the same primary human binding affinity, their secondary binding preferences were different. Cluster one favored swine
binding as its secondary binding pattern, whereas
cluster two mostly exhibited the binding specificity of
A/South Carolina/1/18 (H1N1) (one of the 1918 flu
pandemic strains) as its secondary binding pattern.
Besides all the nine nucleotide changes found in the
previous study, Random Forests were applied to uncover several new nucleotide polymorphisms in 10
genes of the strains between the two clusters, and
several amino acid changes in the HA protein that
might be accountable for the discrepancy of the secondary receptor binding patterns of the two clusters.
Finally, entropy analysis was conducted to present a
global view of gene sequence variations between the
two clusters, which illustrated that cluster one had
much higher genetic divergence than cluster two.
Furthermore, it suggested a significant overall correspondence between the nucleotide positions of high
importance in differentiating the two clusters and
nucleotide positions of high entropy in cluster one.

The 2009 pandemic H1N1 influenza virus has brought
great challenges and opportunities to flu research. Extensive studies to date on different genes of 2009 pandemic H1N1 have offered valuable insight into the nature of this novel virus. A brief summary of the recent
findings on the 2009 pandemic H1N1 virus can be found
in [1]. One of the key issues in the study of this new
virus is to discover its molecular characteristics. However, many of the molecular indicators of adaptation to
human hosts or to the generation of a pandemic virus are
found to be lacking in 2009 pandemic H1N1, implying
that other previously unrecognized molecular determinants are accountable for its capacity to infect humans
[2]. Therefore, it is important to uncover new molecular
features of 2009 pandemic H1N1. In [1] Random Forests
were employed to identify specific amino acids as novel
host markers in 10 proteins of the 2009 pandemic H1N1
virus, and to determine specific nucleotides as host
markers in 10 genes of the avian, human, 2009 pandemic
H1N1, and swine influenza viruses in a follow-up study
[3].
In references [4,5] the informational spectrum method
(ISM) [6] was applied to probe the interaction between
HA and its receptors, and to find one single highly conserved domain in HA of various subtypes of influenza
viruses that was responsible for each binding pattern.
The study in [7] located multiple such domains in the
HAs of 2009 pandemic H1N1 and avian H5N1, thus
expanding the known repertoire of key regions in HA
associated with receptor binding affinity. These conserved domains in HA might be served to identify new
therapeutic targets for drug development.
The analysis of amino acid sequence and the
three-dimensional structure of HA indicated the antigenic similarity between the viruses of the pandemics of
1918 and 2009, and demonstrated that both are susceptible to neutralization by the same antibodies [8-10]. HA
is not only a primary target of host immune responses,
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but also is a major player in host cell receptor binding.
Uncovering the receptor binding affinity of 2009 pandemic H1N1 is essential for the understanding of this
new virus. In one study [11], two 2009 pandemic H1N1
viruses, A/California/4/2009 and A/Hamburg/5/2009,
exhibited dual receptor specificity (human and avian),
whereas another virus (A/Darwin/2001/2009) revealed a
strict preference for human receptors in a subsequent
report [12], which implied that the binding preference of
one strain might be different from other strains.
HA mutations have an impact on the host cell receptor
specificity. The ISM was employed to identify mutations
in the influenza viruses within or between hosts, and to
quantify the contribution from each mutation to receptor
binding switch. It reported that the strains of 2009 pandemic H1N1 tended to favor human receptor binding as
a group, demonstrating that this bioinformatics approach
offered a valuable alternative in the study of receptor
binding that could process many strains in one analysis.
Additionally, the ISM was also applied to quantify the
effects of several well-known mutations on binding
preference shifts, including E190D/G225D in H1N1 and
Q192R/S223L/Q226L/G228S in H5N1 [13]. A recent
report [14] revealed that the HAs of human H1N1 followed two different evolutionary paths at positions 190
and 225. The antigenic drift of 1918 pandemic has occurred at position 225, and that of epidemic HAs happened at position 190. Surprisingly, the HAs of 2009
pandemic H1N1 took a different path, i.e., they were
highly conserved at both positions 190 and 225.
In [4,5] it was found that the consensus informational
spectrum (CIS) of HA of influenza strains have the following characteristic dominant peaks at different IS frequencies as presented in Table 1. In this study, F(0.295)
will be termed as 2009 pandemic H1N1 receptor interaction frequency, F(0.055) as swine receptor interaction
frequency, and F(0.258) as 1918 pandemic H1N1 receptor interaction frequency. In addition to the dominant
peak at IS frequencies in each subtype, there are secondary peaks at various IS frequencies [4,5,13].
Elucidation of the genetic evolution of the 2009 pandemic H1N1 influenza virus is an important undertaking.
Current research suggested that the 2009 pandemic
H1N1 strains have already diversified into distinct viral
lineages with defined spatial patterns. One study reported
Table 1. Characteristic IS frequencies of HA proteins in 2009
pandemic H1N1, swine H1N1/H1N2, and 1918 pandemic
H1N1.
Subtype

2009 Pandemic
H1N1

Swine
H1N2/H1N1

A/South
Carolina/1/18 (H1N1)

Frequency

F(0.295)

F(0.055)

F(0.258)
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that the strains circulating from April 2009 to July 2009
could be divided into seven phylogenetically distinct
viral clades [15], and another analysis indicated that the
strains circulating from March 2009 to September 2009
could be divided into two distinct clusters [16]. Cluster
one contained most strains from Mexico, Texas, and
California, and cluster two had most strains from New
York. Strains of cluster one occurred about two weeks
earlier than those of cluster two. Both clusters were reported to co-circulate in all continents. Nine nucleotide
changes were uncovered in six gene segments (HA, NA,
M, NP, NS, PB2) of the strains between the two clusters.
A subsequent report [17] revealed that the 2009 pandemic H1N1 virus has evolved worldwide, shifting from
an initial mixed clade patterns to one predominant clade
(clade 7 in [15] or cluster 2 in [16]), and cluster 2 virus
has been under strong purifying selection pressure.
It is of interest to determine the differences in the biological functions of the 2009 pandemic H1N1 strains in
the two clusters identified in [16]. The purpose of this
study is three fold. One is to explore the HA receptor
binding preferences of the two clusters using ISM. The
second is to investigate new nucleotide polymorphisms
that can characterize the differences between the two
clusters with the feature selection capability of Random
Forests. The third is to calculate the entropy of 10 genes
in the two clusters to achieve a global revelation of the
sequence variations of these two clusters.

2. MATERIALS AND METHODS
2.1. Sequence Data
All the protein and nucleotide sequences were retrieved
from the Influenza Virus Resource (http://www.ncbi/
nlm.nih.giv/genomes/FLU/FLU.html) of the National
Center for Biotechnology Information (NCBI). We utilized 96 isolates that had all six gene segments belonging
to cluster one, and 155 isolates that had all six gene
segments belonging to cluster two [16]. All the sequences used in the study were aligned with MAFFT
[18].

2.2. Entropy
In information theory [19], entropy is a measure of disorder or randomness associated with a random variable.
Let x be a discrete random variable that has a set of possible values a1 , a2 , a3 , an  with probabilities
 p1 , p2 , p3 , pn  where P  x  ai   pi . The entropy
H of x is
H  x    i pi log pi

In the current study, each of the n columns in a multiple
sequence alignment of a set of sequences of N symbols
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is considered as a discrete random variable xi (1 ≤ i ≤ N)
that takes on one of the 20 amino acid types or 4 nucleotide types with some probability. H  xi  has its minimum value 0 if all the symbols at position i are the same,
and achieves its maximum if all the 20 amino acid types
or all the 4 nucleotide types appear with equal probability at position i, which can be verified by the Lagrange
multiplier technique. A position of high entropy means
that the sequences are often varied at this position.
H  xi  measures the genetic diversity at position i in
our current study.

2.3. Random Forests
Random Forest, proposed by Leo Breiman in 1999 [20],
is an ensemble classifier based on many decision trees.
Each tree is built on a bootstrap sample from the original
training set and is unpruned to obtain low-bias trees. The
variables used for splitting the tree nodes are a random
subset of the whole variable set. The classification decision of a new instance is made by majority voting over
all trees. About one-third of the instances are left of the
bootstrap sample and not used in the construction of the
tree. These instances in the training set are called
“out-of-bag” instances and are used to evaluate the performance of the classifier, which can achieve both low
bias and low variance with bagging and randomization.

2.4. Feature Selection Using Random Forests
Random Forest calculates several measures of variable
importance. The mean decrease in accuracy measure was
employed in [21] to rank the importance of the features
in prediction. This measure is based on the decrease of
classification accuracy when values of a variable in a
node of a tree are permuted randomly. In this study, two
packages of R, randomForest and varSelRF [21], were
utilized to compute the importance of the amino acids in
a given sequence dataset. The effectiveness and robustness of this technique as a feature selection method has
been demonstrated in various studies [22-27].
Random Forests produce non-deterministic outcomes.
To compensate this bias, the Random Forests algorithm
was run multiple times and then the average of the results was taken. The importance of each residue or nucleotide in the sequences was based on the averaged
calculations by using the function randomVarImpsRF in
varSelRF repeated 20 times.

3. RESULTS
3.1. Receptor Binding Patterns of the Strains in
the Two Clusters
As demonstrated in [11,13], the HAs of 2009 pandemic
Copyright © 2010 SciRes.
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H1N1 largely favored human receptor binding, although
some of them exhibited dual binding preference. It was
intriguing to explore the receptor binding differences of
the two clusters identified in [16]. The ISM confirmed
that the primary binding specificity of both clusters was
human receptor types at IS frequency F(0.295). After
setting the S/N ratio to zero at the primary frequency
F(0.295), the secondary peaks of IS of the two clusters
were different (Figure 1). Cluster one revealed a peak at
frequency F(0.055) (swine binding) but cluster two
showed a peak at frequency F(0.258) (1918 pandemic
binding) according to the definition given in [4,5].
While all the stains in the two clusters had the same
primary binding frequency F(0.295), the secondary
binding frequencies varied between the two clusters. To
sharpen the search of the true amino acids causing this
discrepancy of the secondary binding preferences, two
new sub-clusters were constructed by selecting the
strains from cluster one that had the primary frequency
F(0.295) and the secondary frequency F(0.055) (n = 83),
and the strains from cluster two that had the primary
frequency F(0.295) and the secondary frequency F(0.258)
(n = 148). Random Forests produced the top important
amino acid positions in the HA protein and the top nucleotide positions in the HA gene (Figure 2) that could
separate the two new sub-clusters, having homogenous
primary and secondary binding patterns within each
sub-cluster.
Although the amino acids in HA were mainly accountable for the receptor binding affinity, the codon
positions in HA were also displayed in Figure 2 to provide finer details of these positions that could differentiate these two sub-clusters. Because there were only a
few residue positions of non-zero importance in the HA
protein, all these positions were present in the left plot of
Figure 2. Seven residue positions 49, 100, 214, 220, 239,
240, and 293 in the left plot of Figure 2 were located in
HA1, one of the two domains of HA that is directly involved in the binding of HA to its receptors. It was of
note that several codon positions in the right plot of
Figure 2 were not present in the left plot of Figure 2,
since some nucleotide changes might not be detected at
the protein level as a consequence of synonymous mutations. In one case, the consensus HA protein sequence of
cluster one had an S (triple-letter codon: tca) at residue
220 and that of cluster two had a T (triple-letter codon:
aca) at the same position. In another case, the consensus
HA protein sequence of cluster one had a L (triple-letter
codon: cta) at residue 470 and that of cluster two had a L
(triple-letter codon: tta) at the same position. For this
reason, both plots in Figure 2 had position 220 but only
the right plot contained position 470.
ABB
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Figure 1. CIS (primary peaks and secondary peaks) of consensus HA1 sequences of the two clusters discovered in [16].

Figure 2. Important positions in the HA of 2009 pandemic H1N1 that could separate the two sub-clusters. The positions with an asterisk are those that were identified in [16]. The number in parenthesis is the position within the codon that was selected by Random
Forests.

Copyright © 2010 SciRes.
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3.2. Significant Codon Positions That Could
Distinguish the Two Clusters

3.3. Entropy of Ten Genes of the Strains in the
Two Clusters

In addition to locating all the nine nucleotide changes
found in [16], Random Forests were also able to report
two new nucleotide mutations that were as significant as
these nine mutations, including codon 106(1) in NA and
codon 416(3) in NP (Figure 3). Sequence inspection
indicated that the consensus NA sequence of cluster one
had a V (triple-letter codon: gta) at residue position 106
and that of cluster two had an I (triple-letter codon: ata)
at the same position, with a nucleotide difference in the
first position within codon 106. Moreover, the consensus
NP sequence of cluster one had an R (triple-letter codon:
cgg) at residue position 416 and that of cluster two had
an R (triple-letter codon: cga) at the same position, with
a nucleotide difference in the third position within codon
416. Even though their importance was not as high as
those nine mutations, two significant codon positions,
353(2) in PB1 and 581(1) in PA, were revealed by Random Forests. All the other codon positions in Figure 3
were subtle in the differentiation of the two clusters.

To gain an overall perspective of sequence variations,
the entropy of 10 genes of the strains in the two clusters
was computed (Figure 4). The observed pattern of entropy suggested that cluster one had more sequence divergence than cluster two, highlighting the evolutionary
trends of this novel virus. The top 10 entropy positions
in each of the 10 genes were listed in Table 2, where
many of the high entropy positions in cluster one were
also important positions that could discriminate the two
clusters (Figure 3). It appeared that the high entropy
positions in cluster one, not those in cluster two, could
influence the separation of the two clusters. This tendency was more apparent among NP, PA, PB1, and PB2,
the genes that are critically involved in the replication of
the influenza viruses. As expected, the M2 gene in both
clusters exhibited the least sequence variation having
only five non-zero entropy positions (Table 2). There
were two nucleotide positions 279(3) in HA and 65(3) in
M2 that displayed high entropy in both clusters, and

Copyright © 2010 SciRes.
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Figure 3. Top 10 important codon positions in 10 genes of 2009 pandemic H1N1 that could differentiate the two clusters. If a gene
had less than 10 positions of nonzero importance, then all the nonzero positions in that gene were plotted. The positions with an asterisk are those that were identified in [16]. The number in parenthesis is the position within the codon that was selected by Random
Forests.

Copyright © 2010 SciRes.
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Figure 4. Entropy of 10 genes of the strains in the two clusters. In each plot, the x-axis represents the nucleotide positions in a gene
and the y-axis represents the entropy.
Table 2. Top 10 entropy codon positions, ordered by their decreasing entropy values from left to right in each row, in 10 genes of the
strains in the two clusters. The positions with an asterisk are those that were identified as important positions in Figure 3. The number in parenthesis is the position within the codon where the corresponding nucleotides had high entropy. The M2 gene of the strains
in both clusters had only five non-zero entropy positions.
HA (Cluster 1)

*49(1)

391(3)

521(3)

*297(3)

*8(1)

*100(1)

279(3)

338(1)

*400(1)

241(1)

HA (Cluster 2)

428(1)

427(3)

218(3)

307(3)

70(2)

251(1)

279(3)

291(1)

318(3)

522(3)

NA (Cluster 1)

*95(1)

*410(3)

*348(3)

*262(3)

*80(1)

*237(3)

*444(3)

118(3)

271(3)

*286(1)

NA (Cluster 2)

407(3)

254(3)

377(3)

282(3)

16(1)

314(3)

451(2)

15(3)

42(1)

44(2)

M1 (Cluster 1)

*174(3)

*239(3)

*55(3)

30(2)

58(3)

92(3)

100(3)

108(3)

115(1)

117(1)

M1 (Cluster 2)

227(1)

129(3)

3(3)

4(3)

52(1)

98(1)

103(3)

113(2)

146(1)

162(3)

M2 (Cluster 1)

*10(2)

*82(2)

49(3)

65(2)

65(3)

‐

‐

‐

‐

‐

M2 (Cluster 2)

3(3)

4(3)

47(1)

65(3)

95(1)

‐

‐

‐

‐

‐

NS1 (Cluster 1)

*55(2)

*12(3)

*32(1)

*45(1)

*52(3)

18(3)

25(1)

43(1)

51(3)

52(1)

NS1 (Cluster 2)

97(3)

112(3)

178(1)

148(3)

17(1)

34(3)

49(3)

57(1)

77(3)

91(1)

NS2 (Cluster 1)

*101(3)

*89(2)

*106(1)

34(1)

49(3)

60(2)

67(1)

104(3)

105(1)

108(2)

NS2 (Cluster 2)

86(2)

20(3)

67(3)

16(3)

25(3)

36(1)

40(3)

44(3)

68(3)

75(3)

NP (Cluster 1)

*373(2)

*44(3)

*89(3)

*133(1)

*160(3)

*363(1)

*463(3)

16(2)

*100(1)

217(1)

NP (Cluster 2)

118(2)

242(3)

436(3)

105(1)

261(3)

16(1)

39(3)

65(3)

142(3)

149(3)

PA (Cluster 1)

*581(1)

*3(2)

*187(3)

*662(3)

*224(1)

*266(2)

*66(3)

*165(3)

*196(3)

*649(1)

PA (Cluster 2)

648(3)

439(3)

14(1)

186(3)

269(2)

346(1)

591(3)

3(2)

4(3)

17(3)

PB1 (Cluster 1)

*353(2)

*100(3)

*150(3)

*587(2)

*586(3)

*181(1)

*444(3)

*480(2)

*535(1)

*566(1)

PB1 (Cluster 2)

387(3)

363(3)

608(3)

678(2)

680(3)

263(3)

10(1)

14(1)

63(3)

65(3)

PB2 (Cluster 1)

*182(3)

*526(2)

*436(3)

*677(2)

*406(3)

*624(3)

37(2)

91(3)

*267(1)

*368(2)

PB2 (Cluster 2)

147(3)

576(3)

194(1)

2(2)

2(3)

3(1)

3(2)

3(3)

160(3)

427(3)

Copyright © 2010 SciRes.
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three codon positions 65 in M2, 67 in NS1, and 16 in NP
that showed high entropy in both clusters.

4. CONCLUSIONS
Although the strains in the two clusters defined in [16]
shared the same primary binding specificity (2009 pandemic binding), their secondary bindings were different.
Cluster one liked swine binding, on the other hand cluster two favored 1918 pandemic binding. Residue positions 49, 100, 214, 220, 239, 240, and 293 in the HA1
domain of HA were reported by Random Forests to be
responsible for this discrepancy of secondary bindings.
Random Forests also found several new nucleotide
polymorphisms including codon 106(1) in NA, codon
416(3) in NP, codon 353(2) in PB1, and codon 581(1) in
PA, thus expanding the known nucleotide changes that
could distinguish the two clusters. Finally, entropy
analysis illustrated that the strains in cluster one exhibited an increased genetic variation compared with cluster
two. It also highlighted a remarkable overall association
between the nucleotide positions of high importance in
differentiating the two clusters and nucleotide positions
of high entropy in cluster one.
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