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ABSTRACT

We have developed a novel Markov model which models
the genetic distance between vir usesbased on the Hemag-
glutinin  (HA) gene, a major surface antigen of the avian
inuenza virus. Using this model we estimate the prob-
ability of nding highly similar virus sequencesseparated
by long time gaps. Our biological assumption is based on
neutral evolutionary theory, which has been applied previ-
ously to study this virus [Gojobori, Moriyama, and Kim ura.
PNAS Vol 87. 1990]. Our working hypothesis is that after
a long enough time gap and with the high mutation rate
usually found in RNA viruses, many site mutations should
accumulate, leading to distinct modern variants. We ob-
tained 3439 HA protein sequencesisolated through years
1918to 2006 from around the globe, aligned them to a con-
sensussequenceusing the NCBI alignment tool, and used
a Hamming distance metric on the aligned sequences. We
tested our hypothesis by combining a standard Poissonpro-
cesswith a Markov model. T he Poissonprocessmodels the
occurrencesof mutations in a given time interval, and the
Markov model estimates the probabilities of changesto the
genetic distances due to mutations. By coalescing all se-
guencesat a given genetic distance to a single state, we
obtain a tractable Markov chain with a number of states
equal to the length of the basepeptide sequence.T he model
predicts that the probability of nding highly similar virus
after seweral decadesis extremely small. T he existenceof re-
cert viruseswhich are very similar to older vir usessuggests
that potentially there exists someresewoir which presewes
vir usesover long periods.
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1. INTRODUCTION

For the past cerntury reseachers have been studying in-
uenza viruses(lV). Belonging to the viral family Orthomyx-
oviridae, in uenza viruseshave eight unique RNA segmerns
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[20]that encode 10di er ent geneproducts (PB1 polymerase,
PB2 polymerase,PA polymerases,Hemagglutinin (HA), Nu-
cleoprotein (NP), Neuraminidase (NA), Matrix M1 and M2
proteins, and Nonstructural NS1 and NS2 proteins). The
target of our study is the Hemagglutinin HA gene product.
We have developed a novel Markov model which models the
genetic distance between vir uses based on the Hemagglu-
tinin (HA) gene, a major surface antigen of the avian in-
uenza virus. Our working hypothesis is that after a long
enough time gap, many site mutations should accumulate
in the virus due to a lack of a proofreading function [6],
leading to distinct modern variants. We based our biolog-
ical assumption on neutral theory of evolution [7, 12, 17,
8] and that each amino acid site is under a neutral muta-
tion pressue. Previous studies have shown that subtypes
of in uenza virus are subjected to higher silent substitution

rate [7, 24], which is consistert with the neutral theory of
molecular evolution. Although their studies were conducted
using nucleotide sequences,we believe that the same gen-
eral concept and framework can be applied to study protein
sequencesof this virus under this evolutionary assumption.
We test our hypothesis by combining a standard Poisson
processwith the Markov model. The Poisson processmod-
elsthe occurrencesof mutations in a giventime interval, and
the Markov model estimates the probabilities of changesto
the genetic distances due to mutations. We show that it
is highly unlikely that very similar sequenceswould arise
long after the original sequence. Given the obsewations of
seweral pairs of very similar sequencesseparated by seweral
decades,we conclude that there must be someresewoir or
evolutionary mecdhanism that is capable of preserving old
vir us strains, allowing them to reappear after extended time
intervals.

2. MATERIALS AND METHODS

2.1 Protein SequenceData and Processing

The HA protein is the major surface antigen of the in-
uenza virus. Its role is to bind to host cell receptors pro-
moting fusion between the viron envelope and the host cell
[20]. Inuenza A virus HA geneshave been classied into
16 subtypes (H1-H16) according to their antigenic proper-
ties. This HA protein is cleaved into two peptide chains
HA1 and HA2 respectively when matured [19]. The HA2
chain has been found to vary less and is more consewed
compared to HA1 chain [10]. The HA1 chain is 329 residues
long and is the immunogenic part of HA protein. Past stud-
ies have showvn that HA1 is undergoing contin ual diversify-



ing change [5, 14] and is the most variable portion of the
in uenza genome[16].

Using the NCBI In uenza database available online [23],
we have collected 3439 in uenza virus type A protein se-
guencesdeposited before Decenber, 2007 (excluding iden-
tical sequencesand lab strains/NIAID FLU project). This
collection of protein sequencesontains isolates from around
the globe and from a diverse range of hosts. We used pro-
tein sequenceshecausethey were known to give more re-
liable results than nucleotide sequenceswhen constructing
evolutionary history [19]. Each of the 3439 sequenceshas
a unigue annotation which contains the host organism, the
strain number, the year of isolation, subtype, and protein
name. We aligned all sequencesto a consensussequence
using the NCBI alignment tool. According to the study pre-
serted by [16], a uniform consensusstrain tends to circulate
for sometime, since the mutations that occur during repli-
cation do not become xed in the early stagesof circulating.
The aligned sequencedata were then used with a genetic
distance function to determine the pairwise genetic distance
(including gaps) of the sequences.

T he genetic distance betweentwo sequencesan be thought
of asthe \edit" distance, which is the number of single letter
changesneededto tr ansform one sequenceo the other. T his
yields a simple scoring function assigninga zero to a match-
ing amino acid base and a one to a mismatch. The sum
of all mismatches is usually called the Hamming distance
(k) or Hamming score for the pairwise sequencecompari-
son. For comparison of very similar biological sequences,
this Hamming distance can be used under the assumption
that the obserwed di er ence between a pair of sites repre-
serts one mutation [3]. The presen study could also be
carried out using BLAST or any alignment algorithm, but
as considerably greater expense. In [15], Hamming distance
was successfullyused to nd interesting clusters of IV HA
sequencesand to predict vaccine strains with good results.
Hamming distance as genetic distance between vir useshas
also beenused e ectiv ely in modeling in uenza viruses[18].
In our study, we compute the Hamming distance based on
a consensusalignment to accourt for the small number of
insertions and deletions. We then store the pairwise Ham-
ming distance scoresof HA genein a pairwisea nit y matrix
and identify virus sequencepairs sharing high sequencesim-
ilarity (at least 90 percert) but separated by a long time
gap.

2.2 Mark ov model

We model all mutations asthe combination of seweral sin-
gle point mutations and use a Poisson processto model the
mutation rate. The Poisson processnaturally admits more
complex mutations, treating them as sewral single point
mutations occurring in rapid succession. Then we build a
compact Markov model to model the mutations themselves.
Markov models have proven to be a powerful tool for phy-
logenetic inference and hypothesis testing when modeling
tr ansitions betweenamino acid states. Modeling amino acid
transitions is complex since proteins are made of twenty
amino acids. Becauseof this, we take a very dier ent ap-
proach in building our Markov model. We aretrying to avoid
a Markov chain where each sequenceis a state becausethis
would give rise to an exponertially large number of states
(20" where n is the number of sites). In our Markov model,
we collect into a single state Hy all the protein sequences
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Figure 1: Mark ov transition matrix

at given Hamming distance k from the starting sequence
so 2 Ho. The starting sequencesy can be chosen either as
the earliest isolated sequenceor the most recert one as long

as a large time gap is obsewved when comparing to other

sequences.Our Markov model assignsthe probability of an

arbitr ary HA sequences; 2 Hy mutating into adier ent HA

sequences; 2 H, through a single point mutation, where |

must beoneof k  1;k;k + 1.

Previous studies [4, 13] have shawn that to better t the
model, active sites should be excluded in the analysis under
the neutral theory framework. Here we have taken the same
approach where we have limited the mutations captured by
our Markov chain to the HA1 domain consisting of n = 329
sites, sincethis regionis lessconsewred than the HA2 region
[15, 14]. Therefore, our Markov model hasonly n+ 1= 330
states instead of the 20" states it would have if we kept each
state and ead possible tr ansition separate.

Formally, considera nite setof stateslabeledfHo;:::;; Hn Q.
In order to keepthe Markov chain to a manageablesize, we
group all the sequenceswithin Hamming distance of k from
a start sequencento a single\sup er state" Hy. At eac tran-
sition, we assumea single point mutation occurs, and that
this mutation of amino acid replacemen exhibits uniform
rate of evolution thr oughout long periods of evolutionary
time [25]. This assumption is particular ly consistert with
the concept of "molecular evolutionary clock" and is certr al
to the neutral theory [1, 7, 22]. Becauseof the high rate at
which RNA virusesewolve, it has been obsewed that these
sequencesshow the typical pattern of neutral evolution [7].

We denote by a the size of the alphabet of amino acids,
in our case20. For a sequences; 2 Hy, there is a probabil-
ity k=n that the mutation occurs in one of the k positions
where s; dier sfrom sp, and if this change occurs, there is
al=(a 1) chancethat the new amino acid in this position
will match that in the sameposition of so. Hencethe prob-
ability xx of a transition from Hy to Hy 1 is xx = r'j— —
Similar reasoningyields the probability yx that atr ansmon
will remain at the same Hamming distance: y, = £ 22,
The probability that mutation WI|| be in one of the n  k
sites that still match sp is zx = 1 r‘j corresponding to
a transition from H¢ to Hy+ . The resulting probabilities
Xk ;Yk; Zx are assenbled into a Markov transition matrix M
shown in Figure 1. The ertriesin eat row of M add up to
1.

Using this model, we can compute the probability g that
a virus will have a Hamming distance at most k from the
initial source sequenceafter t mutations. We give the gen-
eral form of how to compute the above probability. We
let vi = (Vio;Vi1;:::;Vin) be the row vector of probabili-
ties of being in state Ho;H1;:::;Hn, respectively, after t
mutations. At t = O we are in state Ho consisting of just
the initial sequence. This is represeried by the row vector
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Figure 2: H1 subtype pairwise Hamming distance
plot

Table 1: HIN1 subtype long time gap strains (Rate:
2 10 2 per site per year). H = Hamming distance,

Y = Year, EG = Exp ected number of mutations.
Strain H|Y EG P -value
AA D17229: A/South 0 0 0 source
Carol ina/1/1918 sequence
AAA 91616: A/swi ne/St-
Hyacinthe /148/1990(H  1N1) | 20 | 72 | 47.3 | 6.3499-06

Vo = (1;0;0;:::;0). Then the vector of probabilities after
t + 1 mutations is related to the probabilities after t muta-
tions by vi+a = vi M. The probability of being at most
distance k from sp after t mutatlgns is the sum of the r st
k + 1 componerts of vi: (K) = [y Vi .

The above analysis counts events consisting of a single
mutation. The mutation rate is modeled by a Poisson pro-
cess[4, 11]. This includes the possibility that no mutation
or seweral mutations take place in a given time interval, as-
suming all sites undergo the same substitution rate. This
assumesthat the probability of a mutation in a given time
interval depends only on the length of the interval but is
independert of the behavior outside the time interval. If

is the average number of mutations in a time interval of
1 year, then the probability that t mutations occur in any
time interval of length Y is given by p(Y) = e ¥
T he Poisson processmodels when mutations occur and the
Mar kov model modelsthe natur e of the mutations. Combin-
ing thesetwo modelsyields the probability P (Y) that after
Y years a sequencewould apq;ear with a genetic distance
fromso of , namely P (Y)= [, pe(Y) a().

3. RESULTS AND DISCUSSION

We r st identied viruseshaving very close genetic dis-
tance but with large time gap. Figure 2 shows the H1 sub-
type HA1 domain pairwise sequencegenetic distance plotted
against time of isolation in year. The genetic distance cor-
responds to the Hamming distance including gaps. Tables1
and 2 show vir usessharing very high sequencesimilarity but
with large time gap. We used the amino acid substitution
rate of r = 2 10 2 per site per year for H1 and H2 subtype
vir uses,estimated using the entir e region of the HA geneand
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Table 2: H2 subtype long time gap strains

Strain H|Y | EG P -value
AAY 28987: A/H uman/ 0 0 0 source
Canada/720/2005(H 2N2) sequence
NoLy iRy ARSI 16 | 48 | 31.5 | 7.807e-09
oLy iR, ARIS 3 | 48| 315 1.206e-11
o835y napore | 5 | 48 | 315 | 1.155e-09
g*gg\an,305?1g\5’;*(,$mgm) 5 | 48 | 31.5 | 1.155e-09

assuming that the molecular clock is followed [19] thr ough-
out evolutionary history. This yields an annual mutation
rateof = nr = 3292 10 ® = 0:658. We give two examples
of unlik ely similarities over long time gapsin table 1 and 2.
Each table includes the accessiommnumber\Accession", strain
name\Str ain", the Hamming distance\H" (calculated from
the r st strain), expected number of mutations \EG" , the
year dier ence\Y" , and the P-value, the probability that
this Hamming distance (or less)would be obsewved after the
given time interval as predicted by our model. Using the
pandemic strain A/South Carolina/1/1918 and A/sw ine/St-
Hyacinthe/148/1990(H1N1) from Table 1, the interpretation
of the result is that after 72 years, the expected number
of mutations is 47.3 and the probability of being within a
Hamming distance of 20 of the original source sequenceis
6:35 10 5. A very recert published reseach study [22] em-
ploying the state-of-the-art Bayesian Markov chain Monte
Carlo [2] which allows for substitution rate variation and
maximum likelihood phylogenetic methods indicates that
this A/sw ine/St-Hy acinthe/148/1990(H1N1) virusis a con-
taminant from the A/swine/1930 strain. The genetic dis-
tance of the pandemic strain to the A/sw ine/1930 strain is
22. The genetic distance of A/sw ine/1930 to A/sw ine/St-
Hyacinthe/148/1990(H1N1) is only 3 indicating that these
two strains are virtually identical. From table 2, we seethat
A/Human/C anada/720/2005(H2N2) strain isolated in 2005
is exceptionally similar to the two asian pandemic strains
A/Singap ore/1/1957(H2N2) and A/Human/Japan/305/
1957(H2N2) in terms of the genetic distance. These two
pandemic strains were human tr ansmissible and currently
no in uenza vaccines contained the H2N2 virus [21]. This
reappearance of the highly pathogenic H2N2 virus could
cause a potential pandemic as current population is not
immunized against this strain of virus. The origin of the
A/Human/C anada/720/ 2005(H2N2) strain wastr acedback
to human error at a laboratory distributing virus samplesfor
training purposesand the distributed strains were quickly
destroyed at all receiving laboratories [21].

To ched&k how our model matches the data, we show the
predicted distribution of Hamming distances in Figure 3
basedon a time interval of Y = 49 and annual mutation rate
of nr = 0:658 for the H2 subtype. The peak of the curve
indicates that with high probability, roughly 30-40 muta-
tion events would have taken place. This tells us that we
should expect to seethe majority of H2 sequencepairs with
Hamming distances in the vicinity of 40 given the length
of time interval equals 49 years base on Poisson processas-
sumption. We compare this to the actual distribution of
Hamming distances found in the H2 subtype data shown in
Figur e 4 over the range of data available (from 1957thr ough
20060r a spanof 49 years). Figure 4 shovsthat the majority



Probability in log scale

15 I I I I I I

0 10 20 0 4 50 60 0
Number of mutations

Figure 3: Poisson pro cess distribution  plot

H2 subtype Hamming distance distribution

400 600 800 1000
I I I |

Number of H2 sequence pairs

200
I

r T T T T 1
0 20 40 60 80

Hamming distance

Figure 4: H2 subt yp e histogram plot

of the H2 sequencepairs have Hamming distances around
35, which matches the Poisson processprediction. Figure
6 illustr ates how the probability values of 3 H2 strains in
Table 2 are rapidly dropping against the expected number
of mutations from the Markov model calculation. Figure 5
shows the predicted distribution within the time interval of
70-85years from the combined Poisson processand Markov
chain model using H1 subtype HA1 sequences. T he curve
shows that with high probability most sequencesshould be
in statesHgo to H7o. This re ects what is obsewvedin gur e
2and gur e 7 where most sequencehave Hamming distance
around 60-70. T his suggeststhat our model is able to cap-
tur e the overall evolutionary behavior of the in uenza virus
according to a molecular clock, leading to a natur al increase
in the genetic distance astime passes,consistert with [1].
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4. CONCLUSIONS

T he extensive genetic diversity of in uenza A vir usesthr ough
genetic drift and reassotment in the past certury has re-
sulted in many new strains being produced. However, H1,
H2, and H3 subtypes strains have displayed cyclic behavior
resulting in in uenza pandemics [6]. In the presen study,
we applied neutral evolution theory to inuenza virus HA
protein sequencedo investigate the evolutionary dynamics
of the virus. Using the combination of a Poissonmodel with
a novel Markov model, we were able to calculate the proba-
bilit y values of nding a very similar sequencecomposition
separated by a large time gap. We have so far been able
to identify seweral anomalies due to laboratory artifacts or
human error. This nding is promising since we have yet
to apply it in a full scale comprehensivwe analysis of all 16
subtypes of the virus. However, judging by the extremely
low probability values obtained for some obsewved sample
strains, we conclude that there may be one or more sources
of various strains of the virus in which they are preseved
over long time periods. The existence of resewoirs presewn-
ing virusesfor decadescannot be completely eliminated.
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5. FUTURE WORK

For futur e work, our immediate next steps are: (1) ap-
ply our model to nucleotide sequenceswhich allows us to
compare our model with other existing models that study
nucleotide sequencef the virus, and (2) usea more robust
distance function in which we can incorporate antigenic dis-
tance information to the model. T he evolutionary modeling
of inuenza virus has primarily been based on models us-
ing nucleotides substitution models and phylogenetic analy-
sis. Our approac is di er ent in that we demonstrated that
by applying the same theoretical concept, we can instead
model the dier encesbetween viral protein sequences. A
key advantage of modeling the di er encesbetweensequences
is that the distance function can be further re ned so that
additional genetic information can be incorporated into the
model. However, it is imp erativ e that we compare our model
to existing models where nucleotide sequencesare used and
to provide a rigorous statistical framework in support of our
new Markov model.

Incorporating antigenic distance information is vital due
to the fact that vaccine strain selection is largely based on
the antigenic di er encesbetween circulating strains and in-
uenza virusesare antigenically variable in ead inuenza
season. The antigenic distance map, originally proposed
by Lapedesand Farber [9], is a geometric interpretation of
Hemagglutination Inhibition (HI) binding assa data wheres
a point is assignedin a two dimensional grid between each
antigen and antiserum and this distance re ects the direct
HI measuremert. The antigenic distance measuremert can
be included in the genetic distance function to nd a total
distance value. Further, HI binding assa data is generated
thr ough the binding of individual viral protein to red blood
cells[6], this implies that a pairwise alignment schemefor se-
guence comparison can be usedto capture eac sequence's
compositional characteristic.
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