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Preface

Natural selection has been observed in many viruses circulating in the human population. For
example, the antigenicity of H3N2 subtype of influenza A virus circulating in humans has been altering
for more than 40 years since the virus caused a pandemic in 1968. The transmissibility of the severe
acute respiratory syndrome coronavirus 2 (SARS-CoV-2) has increased as the dominant virus changed
from its original Wuhan strain to Alpha, Delta, and Omicron variants. When a new variant of a virus is
selected by natural selection, phenotype such as antigenicity or transmissibility changes, because natural
selection favors variants having phenotypes better adapted to the environment. Evolving viruses require
public health sectors to update control measures in order to respond to the altered phenotypes of new

variants.

Population genetics is a field of study that focuses on how the genetic compositions within
populations change over time. Natural selection is a process where phenotypes of individuals in the
population change depending on the difference in individuals’ ability to generate offspring. My research
aims to use population genetics to study the natural selection acting on variants of viruses. This
dissertation develops population genetics models describing the process of variant selection in the viral
population. The parameters of the models are estimated using observed data. The estimated parameters
are used to explain epidemiological implications and to predict future. The results will serve as
additional information for public health sectors to develop control measures against epidemics caused

by the selected variants.

This dissertation is divided into two chapters. Chapter 1 describes the fixation of variants having
new amino acids on the hemagglutinin (HA) protein of HIN1pdm2009 influenza viruses and how it is
linked to patient age distribution. Chapter 2 describes the relative reproduction number of the Delta
variant with respect to the Alpha variant of SARS-CoV-2 and how it can predict the time course of the

Alpha-to-Delta replacement from early observations.

Influenza viruses alter their antigenicity via amino acid substitutions on antigenic sites on HA,
which is the virus’s major antigen. Natural selection drives the fixation and extinction of variants having
amino acid substitutions on HA. In Chapter 1, associations between the fixation probability of variants
having amino acid substitutions on HA of HIN1pdm2009 influenza and the attributes of the variants
were investigated. Kimura’s formula of fixation probability under advantageous selection was extended
to deal with not only variant frequency but also other attributes of viruses. The importance of the
distribution of patient ages in predicting adaptive evolution of seasonal influenza viruses was discussed

in the chapter.

Variants of SARS-CoV-2 have undergone natural selection since the virus was introduced in the

human population in China in 2019. The factor that drives the natural selection is the difference in



reproduction numbers among variants. Chapter 2 describes a method to estimate the difference in
reproduction numbers among variants. I used the relative reproduction numbers, which is the ratio
between the reproduction number of a variant and that of another variant. The relative reproduction
numbers of variants with respect to another variant was estimated using temporal data on variant
frequency. The predictability of the trajectory of variant replacement using the relative reproduction

numbers estimated from early phases of variant replacement are discussed in the chapter.

Finally, findings from Chapter 1 and Chapter 2 are summarized in the Conclusion of this

dissertation. Limitations and future direction of the research are also discussed in the Conclusion.



Chapter 1. Modeling the selective advantage of variants having
new amino acids on the hemagglutinin of HIN1 influenza viruses

using their patient age distributions

1.1. Summary

In 2009, a new strain of HIN1 influenza A virus caused a pandemic, and its descendant variants are
causing seasonal epidemics worldwide. Given the high mutation rate of influenza viruses, variants
having different amino acids on HA continuously emerge. To prepare vaccine strains for the next
influenza seasons, it is an urgent task to predict which strains will be selected in the viral population.
An analysis of 24,681 pairs of amino acid sequences of HA of HIN1 influenza viruses circulating from
2009 to 2020 and their patient age showed that the empirical fixation probability of variants having new
amino acids on HA significantly differed depending on their frequencies in the population, patient age
distributions, and whether or not it involves the antigenic sites. The selective advantage of a variant
having an amino acid substitution on HA was modeled by linear combinations of patient age
distributions and its involvement on antigenic sites. The fixation probability of the variants having a
new amino acid was modeled using Kimura’s formula for advantageous selection. Cross validation tests
showed that the fixation and extinction of variants having a new amino acid on HA could be predicted
with a sensitivity of 0.78, specificity of 0.86, and precision of 0.83 once the relative frequency of the
amino acid exceeded 0.11. Estimated parameters showed that the fixation probability increased when
variants having a new amino acid could infect patients in higher age groups better than those having the
old amino acid. This result suggested that variants of HIN1 influenza viruses tend to be selected in the
adult population and that patient ages of variants are useful for predicting fixation and extinction of

variants of HIN1 influenza viruses.
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1.2. Introduction

One billion seasonal influenza cases, with three to five million severe cases, and around 409
thousand influenza-related deaths are being reported annually (World Health Organization, 2019). The
seasonal influenza is caused by two subtypes of influenza A viruses, HIN1 and H3N2, and two lineages
of influenza B viruses circulating in the human population. Quadrivalent vaccines, containing two
strains from type A viruses and two strains from type B, or trivalent vaccines, containing two from type
A viruses and one type B strain, are used to reduce the risk of severe symptoms caused by seasonal

influenza (World Health Organization, 2020).

The HA protein, the major antigen of influenza A viruses, undergoes adaptive evolution that alters
their antigenicity in human population. This antigenic evolution is caused by a process where human
immunity selects strains that are antigenically different from strains that have been circulating in the
past (Smith et al., 2004). Amino acid substitutions on antigenic sites on HA are responsible for the
difference in antigenicity (Koel et al., 2013). HA of subtype H3N2 has 5 antigenic sites (Wilson & Cox,
1990), while HIN1 HA has 4 antigenic sites (Igarashi et al., 2010). It is known that antigenic sites on
HA show positive selection, under which non-synonymous mutations occurred more frequently than
synonymous mutations (Bush, Bender, et al., 1999; Suzuki, 2008). The adaptive evolution of circulating
influenza strains can be observed using genomic sequences stored in public databases in real-time

(Neher & Bedford, 2015).

Different age groups have different adaptive immune profiles against influenza viruses. An
individual’s immunity is known to be mostly affected by the first infection in life. This phenomenon is
called the original antigenic sin (Francis et al., 1947; Davenport et al., 1955; Francis, 1960; Lessler et
al., 2012; Nachbagauer et al., 2017). Using a mathematical model, Kucharski and Gog demonstrated
that the more influence the original antigenic sin has on current immunity against seasonal influenza,
the more it alters the age distribution of immunity (Kucharski & Gog, 2012). Gostic et al. showed that
the subtype with which an individual was infected first in life affected the severity of infections with
H5N1 and H7NO (Gostic et al., 2016). Using data on vaccine efficacy, Arevalo et al. showed that
severity of HIN1 and H3N2 influenza infections was reduced depending on the subtype that the
individual was first infected with (Arevalo et al., 2020).

The driving force of the adaptive evolution of seasonal influenza viruses is immunity in the human
population, which are different depending on age groups. Several studies have developed computational
models to predict influenza variants that would become dominant in subsequent seasons. Bush et al.
predicted strains that became dominant in next seasons by using positively selected codons (Bush, Fitch,
et al., 1999). Ito et al. used statistics on the number of different amino acids from past strains to predict

future dominant strains of H3N2 viruses (Ito et al., 2011). Physicochemical properties of amino acids
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on HA have also been used to predict the antigenic variations of H3N2 (Du et al., 2012; Suzuki, 2013;
Cui et al., 2014; Suzuki, 2015). Steinbriick et al. combined serological data with the phylogenetic tree
of HA to predict suitable vaccine strains (Steinbriick et al., 2014). Luksza and Léssig developed a model
to estimate the fitness of H3N2 strains using adaptive mutations on antigenic sites and deleterious
mutations outside the antigenic sites on HA (Luksza & Léssig, 2014). Neher et al. used the shape of
genealogical tree to predict progenitor lineage of the upcoming season (Neher et al., 2014). Huddleston
et al. developed a model to predict the frequency of an H3N2 strain in the future using its current
frequency and fitness, determined by the novelty of antigenic sites and the mutational load in non-
antigenic sites of HA (Huddleston et al., 2020). A comprehensive list of previous models attempting to
predict the evolution of influenza viruses can be found in a review paper by Morris et al. (Morris et al.,
2018). However, none of these previous studies considered the age distribution of patients to predict

the evolution of influenza viruses.

Given the high mutation rate of influenza viruses, variants having different amino acids on HA
continuously emerge during seasonal epidemics (Fitch et al., 1991). However, only a limited number
of new amino acids become fixed in the viral population while most of them become extinct. The
probability that a new allele becomes fixed is called fixation probability. The relationship between allele
frequency and fixation probability was investigated in conditions under neutral evolution (Kimura,
1955), adaptive evolution (Kimura, 1962), nearly neutral evolution (Ohta, 1992), and various relaxed
assumptions (Gerrish & Lenski, 1998; Gavrilets & Gibson, 2002; Wilke, 2003; Lambert, 2006; Patwa
& Wahl, 2008). There are a few previous works studying the fixation probability of variants of influenza
viruses. Steinbriick et al. analyzed the allele frequency of H3N2 viruses over time and showed that
alleles that increases in frequency more rapidly were more likely to become fixed (Steinbriick &
McHardy, 2011), and this phenomenon was later confirmed by computer simulations (Castro et al.,
2020). Strelkowa et al. found that non-synonymous mutations on non-antigenic sites of HA reduced the
fixation probability of strains (Strelkowa & Lissig, 2012). Illingworth et al. modeled the effect of
linkage disequilibrium on the selection of alleles in adaptive evolution, and they estimated the influence

of interference by other alleles in the evolution of H3N2 strains (Illingworth & Mustonen, 2012).

In this chapter, the relationships between fixation probabilities of amino acid substitutions on HA
and variant frequencies, patient age distributions, and the involvement on antigenic sites are
investigated. Mathematical models of the selective advantage of a variant having a new amino acid are
constructed using patient age distributions and antigenic site involvement. The fixation probability is
calculated using Kimura’s formula for advantageous selection. The model parameters are estimated by
maximizing the likelihood of fixation and extinction events observed in the HA sequence data of HIN1
influenza viruses circulating from 2009 to 2020. The predictability of models is evaluated using

training-test cross-validations.
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1.3. Materials and Methods

1.3.1. Sequence data

Complete HA sequences of HIN1 pandemic 2009 influenza A viruses isolated from humans during
March 2009 to May 2020 were downloaded from the Global Initiative on Sharing All Influenza Data
(GISAID) (Shu & McCauley, 2017). The HA sequences that had metadata about ages of patients were
selected and used for subsequent analyses. As a result, a total of 24,681 unique pairs of an HA amino
acid sequence of the virus variant and the age of its patient were obtained. To investigate temporal
changes in the frequency of variants having different amino acids on HA, the sequences were grouped
into four-month sliding windows. A total of 130 four-month sliding windows were obtained. The first
sliding window contained HA sequences from March to June 2009, the second contained those from
April to July 2009, and the last contained those from February to May 2020. The four-month sliding
windows contained an average of 741.58 sequences with a minimum of 47 and a maximum of 4,347
sequences. The temporal changes in the number of sequences in each four-month window is shown in
Figure 1.1A. The patient age distribution for each year from March 2009 to May 2020 is shown in
Figure 1.1B.

13
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and second and fourth quartile of patient ages in each year are shown in each panel.
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1.3.2. Tracking frequencies of newly emerged amino acids

Amino acid substitution is a process where an allele having a new amino acid at a residue position
on a protein becomes fixed and those having the other amino acids at the position become extinct. To
track the transition from an old amino acid to a new amino acid at a position on HA, frequencies of
amino acids on each position for each sliding window were calculated. Historically, an allele is called
fixed when its frequency becomes 1.0, and extinct when it becomes 0.0. In this study, however, the
condition of fixation was relaxed and considered an amino acid as fixed when its frequency exceeds
0.95 in a sliding window. The reason for this relaxation is that variants with new amino acids other than
the amino acid of interest emerge from time to time, and there is almost no chance for the frequency to
become 1.0. The condition for extinction remains the same as the classical definition, where an allele
becomes extinct at a frequency of 0.0. For each residue position on HA, an amino acid in a window is
called old if the amino acid has just become fixed in the current window or it has been old in its
preceding windows. After a fixation event, the other amino acids found at this position are considered
as new amino acids. An old amino acid remains old, even though its frequency drops below 0.95, until
another amino acid becomes fixed at its position. When an old amino acid has been substituted by
another amino acid and appears after the substitution, it is considered as a new amino acid. In the first

window, the old amino acid at each position is defined by the amino acid with the highest frequency.

1.3.3. Months from emergence and frequency of amino acids

For each new amino acid, a set of consecutive four-month sliding windows from its emergence to
its evolutionary outcome, namely fixation or extinction, was identified. Frequencies of the new amino
acid in these windows were recorded with its evolutionary outcome. Amino acids were stratified in the
identified four-month sliding windows into strata of frequency ranges with a width of 0.1 starting with
(0.0, 0.1] and ending with (0.9, 1.0] according to their frequencies. For each frequency range, the
evolutionary outcomes of new amino acids of which frequencies at a time point were within the range
were collected and used to calculate the empirical fixation probabilities. The empirical fixation
probability of new amino acids within each frequency range was calculated as the number of new amino
acids that later became fixed divided by the total number of new amino acids. Amino acids in which
their outcomes have not yet been determined were excluded from the calculation. Amino acids with
frequencies higher than 95% were excluded from the analysis because they were considered to have
already been fixed. The 95% binomial confidence intervals of fixation probabilities were calculated by

the method of Clopper and Pearson (Clopper & Pearson, 1934).
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1.3.4. Comparison of patient age distributions between new and old amino acids
The transition phase of an amino acid substitution was defined as the period from its emergence to
its fixation. For each new amino acid at a position on HA that later became fixed, sequences in each
four-month sliding window during its transition phase were divided into three groups: those having the
new amino acid that later became fixed at the position, those having new amino acids which later
became extinct, and those having the old amino acid. The patient age information paired with the
sequences in each group were collected. Patient ages of sequences with the new amino acids that later
became fixed and those with old amino acids were compared using two-tailed Wilcoxon rank-sum test,
with a null hypothesis that the distribution of patient ages of sequences with the new amino acid that
later became fixed are the same as those of the old amino acid. The resulting p-values from the two-
tailed Wilcoxon rank-sum test were adjusted by Bonferroni’s correction. Cohen’s d (Cohen, 1992) was
used to estimate the effect size of having a new amino acid on the median patient ages for fixed amino

acid substitution.

1.3.5. Relationship between empirical fixation probability and patient ages and

epitope flags

For each four-month sliding window that contains at least one new amino acid, the evolutionary
outcomes of all new amino acids were collected. To exclude four-month sliding windows that had
extremely small numbers of sequences, four-month sliding windows containing less than 60 sequences,
the 1* percentile of numbers of sequences of all windows, were excluded from the analyses. A threshold
on the minimum frequency was set for a new amino acid in a four-month sliding window to be included
in the calculation of the empirical fixation probability. The threshold was set to 0.11 in order to have a
total empirical fixation probability of 0.5 (Figure 1.2A). This ensures that the number of four-month
sliding windows consisting of new amino acids which became fixed is almost equal to the number of
those which became extinct. However, new amino acids which became extinct would naturally appear
in less numbers of windows compared to those that became fixed. Thus, the number of unique new

amino acids may not be equal. See Discussions for the reason for setting a threshold.
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Figure 1.2 Effects of frequency thresholds on the empirical fixation probability of new amino acids. A point in panel
(A) represents the empirical fixation probability of new amino acid having a frequency more than the threshold on the
x-axis (floor threshold). A point in panel (B) represents the empirical fixation probability of new amino acid having a
frequency less than the threshold on the X-axis (ceiling threshold). If no floor threshold for frequency was set during
analysis, the fixation probability of all new amino acids would become no more than 0.02 as represented by the left
most point in panel (A) and the right most point in panel (B). In this study, a floor threshold frequency was set to 0.11,

where the overall empirical fixation probability was closest to 0.5 (A).
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For each new amino acid of which frequency among all sequences at its position is more than 0.11
in a four-month sliding window, the profile of the new amino acid was defined as follows. The profile
of new amino acid i in a four-month sliding window is represented by a combination of three variables
(fi, ai, €;), where f; is the relative frequency of i in the four-month sliding window, a; is its patient age
statistic, and e; is its epitope flag. The epitope information of HA of HINI1 viruses was acquired from
Igarashi et al. (Igarashi et al., 2010). For epitope flags, e; = 1 if i is a new amino acid in an antigenic

site on HA and e; = 0 otherwise.

Profiles of new amino acids in all four-month sliding windows were stratified according to patient
age statistic a; and epitope flag e;. The patient age statistics included the median patient age of the new
amino acids, median patient ages of old amino acids, differences of median patient ages between new
and old amino acids, and differences of distribution of patient ages between new and old amino acids,

which are defined as follows.

Let X and Y be sets of patient ages of amino acid sequences with a new amino acid and an old

amino acid at a position on HA, respectively. The median age difference, a. dif f, is defined by
a.diff = median(X)-median(Y). (1.1)

As another statistic for the difference in distributions of patient ages between a new amino acid and
an old amino acid at the same position, the z-value of the W statistic under its normal approximation,
which is used in the Wilcoxon rank sum test with continuity correction, was used (Hollander et al.,

2014). The z-value of rank-sum of a new amino acid, a. wilcox, is defined by

Y rank (x) — py
Ox

(1.2)

a.wilcox =

Here, x; represents an element of X and rank(x) represents the rank of x in X U Y, and |X| and |Y|
represent sizes of X and Y, respectively. The py and gy are the expected mean and the standard

deviation of the sum of ranks of x in X, which are obtained by

_XIAxXI+ 1Y+ 1)

Hx 2 (1.3)

and

(1.4)

IXIYI(X]+ Y]+ 1)
Oy = 12 .
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The empirical fixation probability for each stratum was calculated from the number of profiles of

new amino acids that later became fixed and those that later became extinct.

1.3.6. Model of fixation probability
Kimura's formula for advantageous selection (Kimura, 1962) was used to represent the fixation

probability of a new amino acid. Thus, the fixation probability of a new amino acid at a residue position

on HA, Pri (f, Ns), is given by

1— e—4NSf
Prix(f,Ns) = TN (1.5)

where N is the effective population size, s is the selective advantage of the amino acid, and f (0 <
f < 1) is the frequency of viruses having the new amino acid at the position on HA in the viral
population. N was assumed to be constant over time to use Equation 1.5 as the first approximation for

its simplicity. This constant assumption of viral population is discussed in detail in the Discussion.

Let s; be the selective advantage of viruses that have new amino acid i at a position on HA over
those having the other amino acids at the same position. In this study, it is hypothesized that s; can be
represented as a linear combination of factors associated with survival in the human population. By
assuming a constant effective population N, the product of N and selective advantage s; are expressed

as
NSL' = Caal- + Ceei + CO) (16)

where the parameter a; is an age statistic representing how effectively the viruses with new amino
acid i can infect adults compared to those with the old amino acid at the same position. The parameter
e; is the epitope flag of the position expressing whether the position is an antigenic site of HA. C,, C,,

and Cy represent coefficients for the age statistic, the epitope flag, and the intercept, respectively.

Combinations of age statistics a. dif f;, a. wilcox;, and epitope flag e; for a new amino acid i yield

a total of six models.
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M1) Ns; =Cy >
(M2) Ns; = Cua. dif f; + Cy ,
M3) Ns; = Caa.wilcox; + Cy ,
(M4) Ns; =Cepe; + Cy ,
(M5) Ns; = Cua.dif fi + Cee; + Cy ,
(M6) Ns; = Cya.wilcox; + Cpe; + Cy

Suppose F = {(ff,al, e, (ff,af,el),..., (fF,ak, el )} is a set of profiles of new amino acids
that later became fixed and E = {(f£, af,ef), (ff,ak,e¥),..., (fE, ak, ek)} is a set of those that later

became extinct. The likelihood of coefficients 8 = (Cy, C,, Cp) is given by

n

L(O) = 1_[ (Prix(£F NSF)) 1_[ (1= Prax(fF. NsE))

i=1 j=1

n

1 — exp(—4NsF;fF )T 1- exp(—4NsEjij))
= l (1 -

1 — exp(—4NsF)) 1 — exp(—4NsE))

i=1

n

1—[1 —exp(—4(C,af; + Ceef; + CO)fFL.)
B 1 —exp(—4(Cuaf; + C.ef; + Cyp))

i=1

- ﬁ 1— (1 — exp (_4(Caan + Cee®j + C")fEf)) (1.7)

=1 1—exp (—4(Caa5j + Ccefj + CO))

The maximum likelihood estimation of 6 = (Cg, C,, Cy) was performed by maximizing the
logarithm of L(8). The optim function in R software was used for the maximization of log likelihood
(Bélisle, 1992). The 95% confidence intervals for each parameter were obtained by the profile

likelihood methods (Pawitan, 2001).

1.3.7. Evaluation of models

The models of fixation probability were evaluated using four-fold cross-validation prediction tests.
From March 2009 to May 2020, there were 62 new amino acids exceeding relative frequency of 0.11,
of which 19 resulted in fixation and 43 resulted in extinction. The 19 fixed amino acids were considered
as positive samples, F = Di" U DS U --- U Dy, consisting of 304 profiles in total. The 43 extinct amino
acids were considered as negative samples, E = D{ U D; U ---U D3, consisting of 286 profiles in total.
Because it can take longer than four months for an amino acid to reach fixation or extinction, the same

new amino acid appears in multiple profiles from different four-month windows during the course of
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its evolutionary trajectory. For this reason, the number of profiles exceeds the number of fixed amino

acids and extinct amino acids.

New amino acids at different positions may evolve in an almost perfect linkage disequilibrium. If
profiles of an amino acid substitution in a test set is linked to another amino acid substitution in the
training set, the result of the cross-validation test may be affected by the shared information of a single
evolutionary event. To avoid sharing information of the linked amino acid substitution between the
training set and the test set in cross-validation tests, groups of amino acid substitutions that are almost
in perfect linkage disequilibrium were identified using correlation coefficient squared 72 based on

linkage disequilibrium coefficient (Sved & Hill, 2018).

Suppose we have a new amino acid, A4, at a position of HA and a new amino acid, B, at another
position. Let p(A) and p(B) denote the frequency of allele A and B in the population, respectively. The
square of correlation coefficient between two alleles, 72, which is commonly used to measure linkage

disequilibrium of a pair of alleles at two loci, is defined by

(p(4B) — p(A)p(B))’

2 =
AR = (1 =@ (B (1 = p(B))

(1.8)

An r2 value of one means that the pair are in perfect linkage disequilibrium. To identify groups of
linked new amino acids, pairwise 72 between all new amino acids occurring during overlapping periods
were calculated. Highly linked new amino acids, defined by having pairwise 72 of more than 0.75, are
grouped together using DBSCAN algorithm (Sander et al., 1998). The cutoff value for 72 of 0.75 was
selected so that all synchronized pairs of fixed new amino acids, visually identified from Figure 1.3,
were grouped together and that the total number of groups remained as large as possible (Figure 1.4).
Using the cutoff value, a total of 49 groups of amino acid substitutions, each of which consists of new
amino acids that are almost in perfect linkage disequilibrium with another amino acid in the group, were

identified.
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Figure 1.3 Timing chart of amino acid substitutions in different birth-year groups. Panels in the figure correspond to
amino acid substitutions shown in panels in Figure 1.12. An asterisk indicates that the amino substitution occurred at
a position on the antigenic sites. In order to see the synchronized transitions of amino acids in different positions, the
frequency of viruses having the fixed new amino acid in the population of a birth-year group were depicted for four-
month sliding windows started from March 2009 to February 2020. See the legend of Figure 1.12 for details of X-axis,

Y-axis, heatmap, and bars.
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where all visually identified synchronized pairs of fixed amino acids are grouped together.
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Finally, in order to perform four-fold cross-validation, the 49 groups were randomly assigned to
four datasets. Three of which consisted of 12 groups and the other consisted of 13 groups (Figure 1.5).
For each random assignment, profiles in three of the datasets were used as training set to estimate
parameters of each model by maximizing log likelihood to the observed evolutionary outcomes. The
other dataset was used as test set to evaluate the predictability of the model. Four cross-validation tests
were conducted in each random assignment and this process was repeated 100 times. The cross-
validation was performed 400 times in total. The grouping of profiles prior to cross-validation ensured
that no fixation or extinction events of the same amino acids or amino acids in linkage disequilibrium
were shared between the training and test data during cross-validation. The models' Akaike information
criteria (AICs) were calculated from the log likelihood estimation of the training set. Figure 1.5 shows

the schematic diagram of cross-validation tests.

In each prediction test, the model predicts a new amino acid to become fixed if P;y for its profile
in its four-month sliding window is greater than 0.5, and extinct if otherwise. Sensitivity, specificity,
precision, and Youden’s index of each model were calculated from the number of true positive
predictions (tp), true negative predictions (tn), false positive predictions (fp), and false negative

predictions (fn) as follows:

tp
S itivity = ————, 1.9
ensitivity P (1.9)
Specificit o (1.10)
ecificity = ———, .
p Y fr
t
Precision = —p, (111
tp + fp
Youden's index = Sensitivity + Specificity — 1 (1.12)
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1.3.8. Timing of amino acid substitutions in different birth-year groups

The timing of amino acid substitutions in different birth-year groups were visualized as follows.
For each new amino acid that later became fixed, amino acid sequences during its transition phases
were divided into ten-year bins according to the year when patients were born. The relative frequency
of sequences having the new amino acid at the position among those having new and old amino acids
was calculated for each birth-year group in each four-month sliding window. The frequency of a new
amino acid for a birth-year group equals zero when the new amino acid has not yet been found at its
position on HA of viruses isolated from patients in the birth-year group. The frequency becomes one
when viruses having the old amino acid at the position on HA was completely replaced by those having

new amino acid in patients of the birth-year group.

The dominant amino acids on HA of the HIN1 strains circulating before the 2009 pandemic were

determined from amino acid sequences obtained from GISAID database.

1.4. Results

1.4.1. Empirical fixation probability of new amino acids on HA

From March 2009 to May 2020, HA had a total of 4,580 new amino acids at 491 amino acid
positions, which cover 89% of residues of the molecule. Figure 1.6A shows trajectories of frequencies
in four-month sliding windows of all these amino acids. For some amino acids, it took twelve months
to become fixed while some took fifty-four months. Most of the new amino acids became extinct shortly
after their emergence, while a few of them remained for more than seventy months. Of 4,580 new amino
acids, nineteen resulted in fixation (solid lines) while the others became extinct (dotted lines). The
empirical fixation probability of all new amino acids was 0.004. However, the empirical fixation
probability increased as the frequency of new amino acids increased (Figure 1.6B). Table 1.1 shows the
number of fixed and extinct amino acid trajectories that reached a frequency of 0.10 and those that did
not reach the frequency. The number of fixed and extinct amino acid trajectories is dependent on
whether the frequency of viruses having new amino acids have exceeded 0.10 or not (p < 10~1¢ with
x? test). The fixation probabilities exceeded the mid-point value of each frequency range of the new
amino acids when the frequency is above 0.10. The lower 95% confidence intervals of fixation
probabilities for the frequency ranges within 0.20 to 0.55 exceeded the mid-point values of those

frequency ranges.
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Figure 1.6 The frequency of new amino acids on HA and their empirical fixation probability. (A) Trajectories of the
frequency of new amino acids in the population from their emergence to fixation or extinction. Solid lines represent the
frequency of new amino acids that later became fixed while dotted lines represent those that later became extinct. (B)
Empirical fixation probabilities of new amino acids stratified by their frequencies. X-axis represents the frequency of
new amino acids at a position in the population. Y-axis represents the empirical fixation probability of new amino acid
trajectories that reached the frequency on the X-axis. Error bars are the 95% binomial confidence intervals of the

fixation probability.
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Table 1.1 Number of fixed and extinct amino acid trajectories that reached a frequency of 0.10 and those that did not

Frequency Number of new amino acids which Number of new amino acids which became
became fixed extinct

(0.00, 0.10] 18 4451

(0.10, 1.00] 143 89
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Neutral evolution is an evolutionary process where every new allele becomes fixed with an equal
chance. It is known that the fixation probability of a strain would be equal to its frequency under neutral
evolution (Kimura, 1955). If the fixation of amino acid substitutions occurs under neutral evolution, the
fixation probability will fall upon the neutral line (dashed line in Figure 1.6B). The excess of the
empirical fixation probability indicates that the fixation of new amino acids on HA is under adaptive

evolution where viral or environmental factors increase their chance of becoming fixed.

1.4.2. Fixation of new amino acids on HA

As of December 2020, nineteen new amino acids on HA have become fixed since the beginning of
the pandemic in 2009 (Table 1.2). The nineteen fixations occurred on eighteen positions on HA as two
fixations occurred at the same position, 185 on HA. These eighteen positions spread across the HA1
domain with three exceptions occurring on HA2 (positions 374, 451, and 499). Seven (36.84%) out of
nineteen substitutions occurred on either of the four distinct antigenic sites, Sa, Sb, Ca, and Cb (Igarashi

etal., 2010).

Of nineteen fixed new amino acids, seventeen had higher median patient ages than old amino acids
during their transition phases (Table 1.2). Exceptions were amino acid substitutions at positions 74 and
164. Arginine (R) at position 74 had the same median age as Serine (S). Threonine (T) at position 164
had lower median patient age than S. The median patient ages of viruses having the fixed new amino
acids was higher than those of the old amino acids by an average of 4.4 years. Viruses having fourteen
fixed new amino acids (73.68%) had significantly higher patient ages than those having the old amino
acids at the same position during their transition phases. Cohen’s d effect size based on the 19 pairs of
median patient ages of new amino acid and old amino acid in Table 1.2 was estimated to be 1.11, with
95% CI from 0.45 to 1.77. The effect sizes are considered as negligible, small, medium, and large when
|d| <0.2,]d| <0.5,|d| < 0.8, and |d| = 0.8, respectively (Cohen, 1992). Thus, we can reject a null
hypothesis that the effect of having a new amino acid on median patient age is negligible in fixed amino
acid substitutions. This result indicated that viruses that had been selected by human immunity had non-
negligible excess infectivity to the adult population. The patient ages of viruses having new amino acids

may be used as an indicator for viral fitness driving the amino acid substitutions.
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Table 1.2 Amino acid substitutions on HA and median patient ages during their transition phases

Old amino acids New amino acids Difference
between
Position Anti'genic Transition Duration Afnino Median Afnino Median mec}ian p-value
site phase (month) acid (n) patient age acid (n) patient age patient
(Q1, Qa)f (Q1, Qa)f ages
(year) (year) (vear)
203 Ca 2009.03-2009.09 6 S(211) 18(9,31) T (632) 20(11,33) 2 ~1
374 - 2009.03-2011.04 25 E (1747) 19 (10,31) K (984) 21(8,36.25) 2 0.6538
451 - 2009.04-2012.08 40 S (2468) 19(9,31) N (691) 23(10,41) 4 0.0002%**
185 Sb 2009.10-2012.08 34 S (1647) 19(9,31) T(669) 23(9,41) 4 0.0004***
97 - 2009.04-2013.05 49 D (2654) 19 (9,32) N (1056) 24 (8, 41) 5 0.0002%**
499 - 2011.07-2013.05 22 E(482) 22(8,37) K (437) 28(9,43) 6 0.0262*
283 - 2012.03-2013.06 15 K 345) 21(7,37) E (453) 28(10,44) 7 0.0141*
163 Sa 2012.07-2013.11 16 K (464) 26 (6,40.25) Q(303) 30(16.5,44) 4 0.0208*
256 - 2012.07-2013.11 16 A (588) 25(6,41) T (308) 29 (16,44) 4 0.0231*
84 - 2014.08-2016.06 22 S (1176) 23 (5, 47) N (3900) 31(7,51) 8 5.13x1 (6%
216 - 2014.10-2016.06 20 1(1467) 23 (5,47) T(3579) 32(7,52) 9 6.33x 10 %
162 Sa 2015.05-2016.06 13 S (852) 20(4,43) N (3568) 32(7,52) 12 8.81x 1 14k
295 - 2016.09-2017.09 12 1(958) 25(5,47) V(399) 29(,51) 4 ~1
74 Cb 2016.09-2017.10 13 S(971) 24(5,47) R(583) 24(4,48) 0 ~1
164 Sa 2016.10-2017.10 12 S (1082) 27(5,48) T@385) 19(3,47) -8 0.1883
183 - 2014.08-2019.02 54 S (8713) 27(5,49) P (6392) 28(6,52) 1 4.51x 1034
260 - 2017.06-2020.01 31 N (7413) 22 (5, 48) D (6020) 33 (8, 55) 11 6.50x 1048
T 28 (5,51) 30 (6, 53) 2 0.0072%*

185 Sb 2015.09-2020.02 53 (13718) 1(5088)
129 - 2017.06-2020.02 32 N (8764) 26 (5, 50) D (4718) 32(7,54) 6 1.58x 1018k

TQi and Qs represent the first and third quartiles of patient ages, respectively.

T1The difference in median patient age is calculated by subtracting the median patient age of old amino acid from the
median patient age of new amino acid.

*p < 0.05 by two-sided Wilcoxon rank-sum test adjusted by Bonferroni’s correction with n = 19.

**p < 0.01 as above.

***p < 0.001 as above.
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1.4.3. Factors associated with fixation probability

Figure 1.7 shows empirical fixation probabilities of new amino acids stratified by attributes in their
profiles. Empirical fixation probabilities of new amino acids varied with median patient ages (Figure
1.7A and 1.7B). Table 1.3 shows the number of fixed and extinct new amino acid profiles having median
patient ages between 25 and 35 and those of the others. The number of fixed and extinct new amino
acid profiles is dependent on whether their median patient ages are between 25 and 35 or not (p <
10715 with y? test). Table 1.4 shows the number of fixed and extinct new amino acid profiles in which
median patient ages of old amino acids are less than or equal to 15 and those of the others. The number
of fixed and extinct new amino acid profiles is dependent on whether the old amino acids have a median
patient age less than or equal to 15 (p < 107° with y? test). These results indicated that new amino
acids tended to become fixed when the viruses with the new amino acids infected the population with
a median age between 25 to 35 or when the viruses having the old amino acids at the corresponding

positions infected the population with a median age from 0 to 15.

The correlation between empirical fixation probabilities and the excess infectivity of strains with
new amino acids to the adult population over strains with old amino acids was further investigated
(Figure 1.7C and 1.7D). The excess infectivity of the new strains to the adult population was measured
by comparing patient age distributions of amino acid sequences with new amino acids and old amino

acids at the same positions on HA.

Empirical fixation probabilities of new amino acids were positively correlated with the excess of
median patient ages of new amino acids with respect to those of old amino acids (Figure 1.7C).
Pearson’s correlation coefficient between fixation probability and excess in median patient ages was
0.94 (p < 1073). The empirical fixation probability was also positively correlated with the z-value of
rank-sums of the patient ages of new amino acids (Figure 1.7D), with a correlation coefficient of 0.95
(p < 1072). Figure 1.8A shows a scatterplot of fixation probability versus excess in median patient
ages with its regression line. Figure 1.8B shows a scatterplot of fixation probability versus z-value of
rank-sums of the patient ages of new amino acids with its regression line. Both results indicated that
fixation probabilities of new amino acids increased when viruses having the new amino acids on HA
infected the population with a higher age than those infected with viruses with old amino acids at the

corresponding positions.
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Figure 1.7 Distributions of new amino acids and their empirical fixation probabilities. Empirical fixation probabilities
of new amino acids stratified with (A) the median patient ages of sequences having new amino acids, (B) median patient
ages of sequences having old amino acids, (C) excesses of median patient age of sequences having new amino acids with
respect to old ones, (D) z-values of rank-sum of patient ages of sequences having new amino acid, (E) epitope flags at

the position of amino acids. The error bars indicate the 95% binomial confidence intervals of fixation probabilities.
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Table 1.3 Number of fixed and extinct new amino acid profiles having median patient ages between 25 and 35 and those

of the others

Median ase of new amino acid Number of new amino acids Number of new amino acids
8 which became fixed which became extinct
(25, 35] 189 81
Others 115 205

Table 1.4 Number of fixed and extinct new amino acid profiles in which median patient ages of old amino acids are less

than or equal to 15 and those of the others

Median age of old amino acid Number of new amino acids Number of new amino acids
8 which became fixed which became extinct
(0, 15] 62 9
Others 242 277
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Figure 1.8 Scatterplots of fixation probability and difference between patient ages. (A) A scatterplot of fixation
probability versus excess in median patient ages with its regression line. X-axis corresponds to the excess of median
patient age of new amino acids (a. dif f). (B) A scatterplot of fixation probability versus z-value of rank-sums of the
patient ages of new amino acids with its regression line. X-axis corresponds to the z-value of rank-sums of the patient
ages of new amino acids (a. wilcox). Y-axis of each panel represents fixation probability of new amino acids. Each
circle represents the empirical fixation probability of new amino acids having a.dif f or a. wilcox within ranges
between the two adjacent tick marks on the x-axis. Error bars indicate the 95% binomial confidence intervals of

fixation probabilities. Correlation coefficient is calculated using fixation probabilities plotted in circles.
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Figure 1.7E shows empirical fixation probabilities of new amino acids stratified according to its
involvement on antigenic sites. The empirical fixation probability of new amino acids at antigenic sites
was 0.66 with a 95% binomial confidence interval of 0.57 to 0.74. On the other hand, the empirical
fixation probability of new amino acids at non-antigenic sites was 0.48 with a 95% binomial confidence
interval of 0.43 to 0.52. The fixation probability of new amino acids at antigenic sites was significantly

higher than that of new amino acids at non-antigenic sites (p < 10~3 with ? test).

1.4.4. Models of fixation probability

Table 1.5 shows results of the maximum likelihood estimation of parameters of models using
profiles having frequencies more than 0.11 in the dataset (See Discussion for details). Model M1, which
assumes Ns is constant, has a maximum log likelihood of —260.441 and an AIC of 522.882. The
maximum likelihood increased when included age statistics, a. dif f (M2) or a. wilcox (M3), and the
AIC decreased to 503.345 and 505.310, respectively. When the epitope flag e was added (M4), the
maximum likelithood also increased, and the model’s AIC decreased to 512.886. The increase in
maximum likelihood from the constant advantage model (M1) when modeled with epitope flags (M4)

was smaller than the increases when modeled with patient age statistics (M2 and M3).

When Ns was modeled using a combination of a patient age statistic and the epitope flag (M5 and
Mb6), further increases in the maximum likelihood and decreases in AIC were observed. The AIC of M5
was 494.298, which was lower than those of its simpler models, M2 and M4. Similarly, the AIC of M6
was 493.761, which was lower than those of its simpler models M3 and M4. Models using a
combination of a patient age statistic and epitope flag seemed to be better to represent the selective

advantage of HIN1 influenza viruses than those using either parameter alone.

In the maximum likelihood estimation of M6 in Table 1.5, the 95% CI for C;, contains zero, which
means that the intercept may not necessarily be positive in M6. The epitope flag in the model takes the
value of zero or one. The term C,e always takes a non-negative value if C, is positive. The average of
Ns can become positive even if Cy takes a negative value. The lower bound of 95% CI for €, for M6
would be positive if epitope flags of —1 and +1 were used. The small positive value of the lower bound

0f 95% CI for M5 can be explained by the same reason.
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Table 1.5 Maximum likelihood estimation of parameters of six models

c C

Co

Maximum

a e
Model (95% CI) (95% CI) (95% CI) log likelihood AIC AAICY
_ . 0.126 0.572 0.115
(M6) Ns = C,a.wilcox + C.e + C, (0.073,0.185)  (0.265,0.922)  (-0.012,0.243) —243.881 493.761 0
_ . 0.032 0.521 0.141
(M5) Ns = Cya.diff + Coe + C (0.018,0.047)  (0.206,0.870)  (0.016,0.265) —244.149 494.298 0.537
_ . 0.031 « 0.228 B
(M2) Ns = Cya. diff + C, (0.018, 0.045) - (0.115, 0.329) 249.672 503.345 9.584
_ . 0.119 0.217
(M3) Ns = C,a.wilcox + C, (0.065. 0.175) - (0.102, 0.333) —250.655 505.310  11.549
_ 0.526 0.225
(M4) Ns = C.e + C, (0.219,0.867)  (0.109, 0.343) —254.443 512.886 19.125
M1) Ns = C, - - 0.313 —260.441 522.882  29.121

(0.207, 0.421)

*The hyphens indicate the model does not use that parameter.
TAAIC is calculated by subtracting AIC of M6 from the AIC of the model.
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1.4.5. Linkage disequilibrium among amino acids

Table 1.6 shows groups of new amino acids that are almost in perfect linkage disequilibrium.
Groups of linked amino acids were identified using correlation coefficient squared 72 based on the
frequency of the amino acids. Using a cutoff value of 72 at 0.75, a total of 49 groups of amino acid
substitutions, each of which consisted of new amino acids that are almost in perfect linkage
disequilibrium with another amino acid in the group, were identified in the 62 sets of new amino acid

profiles.
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Table 1.6 New amino acids identified as being almost in perfect linkage disequilibrium

Group no. Profile set Substitution = Outcome Emergence month Outcome month r

3 D*; S185T fixed 2009-10 2012-08 0.9592
D%y S451N fixed 2009-04 2012-08

5 D% E499K fixed 2011-07 2013-05 0.7943
D% K283E fixed 2012-03 2013-06

6 D'y K163Q fixed 2012-07 2013-11 0.9797
D% A256T fixed 2012-07 2013-11

8 D'y S162N fixed 2015-05 2016-06 0.9689
Dy, 1216T fixed 2014-10 2016-06

9 D*i3 1295V fixed 2016-09 2017-09 0.9893
D14 S74R fixed 2016-09 2017-10

13 D*is N129D fixed 2017-06 2020-02 0.7528
D*y9 T1851 fixed 2015-09 2020-02

24 Dy 1216V extinct 2010-08 2012-08 0.8785
Dy R205K extinct 2009-03 2014-04

25 Dz E356A extinct 2010-10 2012-08 0.7829
Dy H138Q extinct 2010-10 2013-06

27 D4 S69T extinct 2011-09 2013-01 0.9506
Dis N260D extinct 2011-07 2013-01

34 D3 A197T extinct 2010-07 2013-07 0.9247
Dras S143G extinct 2010-08 2013-11

45 D36 R45G extinct 2017-06 2019-05 0.9504 with D37
D3y P282A extinct 2017-07 2019-05 0.9558 with D39
D39 1298V extinct 2017-07 2019-08 0.936 with D36

47 Drao E68D extinct 2018-07 2020-02 0.9175
Dy S121N extinct 2017-08 2020-02
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1.4.6. Evaluation by cross-validation

The predictability of models using four-fold cross-validation tests were evaluated. Table 1.7 shows
the means and the standard deviations of AIC and maximum log likelihood for training sets and the
means and the standard deviations of sensitivity, specificity, precision, and Youden’s index for test sets
in the cross-validations. The models were sorted in the descending order of Youden’s indices, which is

the sum of sensitivity and specificity minus one.

Consistent with Table 1.5, model M6 had the best AIC for training sets, followed by M5. However,
model M3 had the highest mean Youden’s index of 0.64 with a mean sensitivity of 0.78 and a mean
specificity of 0.86. The model M2 had the second highest Youden’s index of 0.63 with a mean
sensitivity of 0.79 and a specificity of 0.84. The model M1, which assumed Ns is constant, had the third
highest Youden’s index of 0.62 with a mean sensitivity of 0.76 and mean specificity of 0.86. Models
M6, M4, and M5 had lower Youden’s indices than M1.

Youden’s indices of M3 and M2 have a mean of 0.64 with a standard deviation of 0.11 and a mean
of 0.63 with a standard deviation of 0.12, respectively. The difference between the Youden’s indices of
the models becomes clear when a result using a model for each test is compared to the result using M1
in a pair-wise manner. Figure 1.9 shows the distribution of excess Youden’s indices of M2, M3, M4,
MS5, and M6 over M1 in 400 cross-validation tests. Panel A in Figure 1.9 clearly shows that the excess
Youden’s index of M3 over M1 was distributed more in the positive side than the negative side. Paired
two-sided Wilcoxon rank-sum test adjusted by Bonferroni’s correction shows that the Youden’s indices
of M3 and M2 are significantly larger than that of M1 with p-values of 5.76x10% and 0.003,
respectively. There is no significant difference between the Youden’s indices of M6 and M4, compared
to M1 (p = 1.000 and p = 0.218, respectively). The Youden’s indices of M5 is significantly lower
than that of M1 (p = 4.01 X 10™°). These results indicate that the predictability of the fixation of new
amino acids is significantly improved compared to the constant advantage model, M1, when Ns is

modeled using a. wilcox or a.dif f with an intercept.
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Table 1.7 Results of cross-validation tests

Training Test

Model AIC Mﬁferllilll::(l)(ljog Sensitivity Specificity Precision Y(i):g:;l’s ( 11: :a‘:_l(l;:))
(M3) Ns = Cpa.wilcox + Cy 37427 +45.02 —185.13 +22.51 0.78+0.09 0.86=0.11 0.83+£0.17 0.64£0.11 5.76x10-20%**
(M2) Ns = Cpa.diff + C 373.00 +44.65 -184.50+22.33  0.79+£0.10 0.84+0.11 0.81+£0.17 0.63+0.12 0.003**
M1) Ns = C, 388.27+42.33 -193.13+21.17 0.76£0.08 0.86+0.11 0.83+£0.18 0.62+0.11 -
(M6) Ns = Cpa.wilcox + C.e + Cy 366.35+43.52 —179.17+£21.76  0.77+£0.11 0.84+£0.11 0.80+0.18 0.61+0.14 ~1.000
(M4) Ns = Cee + Cy 381.72+40.84 -187.86+20.42  0.75+£0.10 0.85+0.11 0.81+£0.18 0.6+0.13 0.218
(MS5) Ns = Cpa.diff + C,e +Cy  366.92+43.41 —179.46+21.71 0.77+0.11 0.82+£0.11 0.79+£0.18 0.59+0.14 4.01x10>%***

All values, except p-values, are presented as mean + standard deviation in 400 cross-validation tests.
*p < 0.05 by two-sided paired Wilcoxon rank-sum test adjusted by Bonferroni’s correction with n = 5 with a null
hypothesis that the model’s Youden’s indices are the same as those of M 1.

**p < 0.01 as above.
***p < 0.001 as above.
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Figure 1.9 Distribution of excess Youden’s indices of models over M1. The distribution of excess Youden’s indices of
M3 (A), M2 (B), M6 (C), M4 (D), and M5 (E) over M1 in 400 cross-validation tests. For each test, the excess of Youden’s

index of each model was calculated by subtracting the Youden’s index of M1 from the Youden’s index of the model.
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In Table 1.7, a new amino acid was predicted to become fixed when Py;y is higher than a threshold
of 0.5. The effect of the threshold of Py, T, on the prediction of the fixation of new amino acids was
further investigated. For each model, sensitivity and specificity for predicting the fixation of new amino
acids were obtained by using different thresholds T from zero to one in cross-validation tests. The
sensitivities and specificities were averaged over 400 cross-validation tests for each threshold for each
model. Figure 1.10 shows the receiver operating characteristic (ROC) curve created from the resulting
sensitivities and specificities. Points around the lower left corner correspond to cross-validation tests
using T = 1 and points around the upper right correspond to cross-validation tests using T = 0. The
cross on the curve of M3 represents the sensitivity and specificity of M3 when 7 equals 0.5, which is
shown in Table 1.7. The ROC curve of M3 reached the maximum distance from the diagonal line when
T equals 0.43 (circle). This threshold increased Youden’s index of M3 to 0.656 from 0.646 which is
obtained when 7 equals 0.5. The order of the furthest distances from the diagonal line was the same as
the order of Youden’s indices in Table 1.7. These results indicated that M3 had the highest predictive
power when using a threshold of 0.43. The choice of threshold for Py;, faces the trade-off between the

sensitivity and specificity, and the value should be determined by considering the purpose of prediction.
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Figure 1.10 The receiver operating characteristic curve for predicting the fixation of new amino acids. A new amino
acid was predicted to become fixed when Py, is higher than threshold 7. The receiver operating characteristic curve
for each model was obtained by varying the threshold z. The cross represents the point where 7 equals 0.5 for M3. The
distance from the diagonal line to the curve of M3 reaches a maximum length when t equals 0.43 (circle). Points around
the lower left corner correspond to cross-validation tests using T =~ 1 and points around the upper right correspond to

cross-validation tests using T =~ 0.
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1.4.7. The fixation probability of a new amino acid on HA

Figure 1.11A shows the three-dimensional surface plot of the fixation probability of a new amino
acid on HA based on model M3 with its parameters in Table 1.5. The fixation probability of a new
amino acid increases as its frequency increases, as expected from the property of Equation 1.5. The
fixation probability starts from zero when the frequency equals zero, as shown in green, and it
approaches one when the frequency approaches one, shown in blue. The fixation probability also
increases as the z-value of the rank-sum of patient ages of the new amino acid becomes larger, as one
can observe an increase in height when looking at a band of the same color in the increasing direction
of the z-value of the age rank-sum. This result indicates that viruses with a new amino acid on HA
obtains additional chance to become fixed, when they can infect elderly patients more effectively than
the viruses with the old amino acid at the same position. In other words, new variants’ excess infectivity
to adult population over old variants increases their chances to become fixed in addition to its chance
of fixation gained from how large a fraction of the population they are currently infecting. Figure 1.11B
shows the same information as Figure 1.11A in a two-dimensional presentation. The lines in Figure
1.11B represent the fixation probabilities at values of a. wilcox from —5 to 5 with each increasing step

of 1.

44



-
o

1.0
2
% 0.8
E > 0.8 —
o 0.6 E
Q ©
c o 0.6
o 04 o
:
i S 0.4 —
©
X
. -
2. 0.2
~Va/ue
0.0
Wil T T T T T T
-  —
OX) 0 01 02 0.‘3 OI4 05 06 07 08 09 1 00 02 04 06 08 10

Frequency Frequency

Figure 1.11 The fixation probability of viruses with a new amino acid on HA.(A) Three-dimensional surface plot of the
fixation probability of viruses with a new amino acid on HA. X-axis and color represent the frequency of virus having
the new amino acid in the viral population. Green represents frequencies close to zero, blue nearly reaching one, yellow
and orange in-between. Y-axis represents the fixation probability of the new amino acid. Z-axis represents its a. wilcox,
calculated by z-value of its patient age rank-sum compared to the old amino acid, representing the excess infectivity to
adult population of viruses having the new amino acid compared to viruses with the old amino acid at the same position
on HA. (B) The relationship between the frequency of a new amino acid on HA and fixation probability when the new
virus infects different age groups compared to the old virus. X-axis represents the frequency of virus having the
new amino acid in the viral population. Y-axis represents the fixation probability of the new amino acid. Color
represents its a.wilcox , calculated by z-value of its patient age rank-sum compared to the old amino
acid, representing the excess infectivity to adult population of viruses having the new amino acid compared to viruses

with the old amino acid at the same position on HA.
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1.4.8. Timing of selection of new amino acids in different birth-year groups

Figure 1.12 shows the time evolution of frequencies of amino acid sequences having the nineteen
fixed new amino acids on HA in different birth-year groups during their transition phases. Panels A to
S in the figure correspond to amino acid substitutions shown in Table 1.2 in the same order. The patients
were assumed that they were firstly exposed to the dominant strain of the HIN1 viruses circulating in

the year when they were born.

The transitions from old amino acids to new amino acids showed different timings of emergence
and fixation depending on birth-year groups (Figure 1.12). Amino acid T at position 203 on HA have
had frequencies of more than 0.30 in all birth-year groups since the first four-month sliding window
starting from March 2009 (Figure 1.13A). The next three fixed new amino acids, lysine (K) at position
374, asparagine (N) at position 451, and T at position 185 exceeded a frequency of 0.10 firstly in the
youngest birth-year groups followed by others (Figure 1.14B, 1.14C, and 1.14D). Amino acid N at
position 97 exceeded a frequency of 0.10 and 0.30 firstly in the second oldest birth-year groups (Figure
1.14E and 1.14E). However, the tendency is not clear because of the drop in the frequency of new amino

acid in the middle of its transition phase (Figure 1.12E).

After 2011, a general tendency that new amino acids exceeded a frequency of 0.30 earliest in the
old and middle-aged birth-year groups was observed (Figure 1.13). These include K at position 499
(Figure 1.13F), glutamic acid (E) at position 283 (Figure 1.13G), glutamine (Q) at position 163 (Figure
1.13H), T at position 256 (Figure 1.13I), N at position 84 (Figure 1.13J), T at position 216 (Figure
1.13K), N at position 162 (Figure 1.13L), valine (V) at position 295 (Figure 1.13M), R at position 74
(Figure 1.13N), T at position 164 (Figure 1.130), proline (P) at position 183 (Figure 1.13P), aspartic
acid (D) at position 260 (Figure 1.13Q), isoleucine (I) at position 185 (Figure 1.13R), and D at position
129 (Figure 1.13S).

Figure 1.15 shows a clear trend that the fixation starts from old birth-year groups, followed by the
middle-aged birth-year groups and ended with the young birth year groups for all the nineteen fixed
amino acids (See Materials and Methods for the definition of fixation in this study). Despite this general
tendency, three new amino acids became fixed quite early in the youngest birth-year group (Figure
1.15B, 1.15C, 1.15D). However, the timing of overturn, when the frequency of a new amino acid

exceeds 0.50 in a birth-year group did not show a clear tendency (Figure 1.16).
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Figure 1.12 Timing of amino acid substitutions in different birth-year groups. (Figure caption continues next page)
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Panels A to S in the figure correspond to amino acid substitutions shown in Table 1.2 in the same order. In each panel,
X-axis represents the first month of a four-month sliding window, and Y-axis represents the birth-year of patients. The
population of patients were grouped into 10-year birth-year groups. Each cell in a heatmap is color-coded according
to the frequency of viruses having the fixed new amino acid in the population of a birth-year group at Y-axis in a four-
month sliding window starting at the month on the X-axis. A cell is green if the frequency of new amino acid in the
birth-year group is zero, and it is blue if the frequency in the birth-year group is one, as shown in the color key in the
legend. Cells with no data are represented in white. The horizontal bars on the left of each heatmap represent the
dominant amino acid at the corresponding position on HA of viruses circulating in the year on the Y-axis. The color of
a bar on the left of each heatmap represents the dominant amino acid at the same position on HA of viruses circulating
in the year when patients were born. A green bar indicates the circulation of viruses having the old amino acid at the
substituted position on HA in the year when patients were born, and a blue bar indicates the circulation of viruses
having the new amino acid at the same position. A bar with grey or black color indicates the circulation of viruses
having a dominant amino acid different from both the old and new amino acids at the substituted position in the year
when the patients were born. Amino acid substitutions with an asterisk represent substitutions which occurred at an

antigenic site.
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Figure 1.13 Timing when a fixed new amino acid has exceeded a frequency of 0.30 in different birth-year groups. Each

cell in a panel corresponds to a cell representing the frequency of a fixed new amino acid shown in its corresponding
heatmap in Figure 1.12. A cell is black if the frequency of the new amino acid in a birth-year group is less than or equal
to 0.30, and it is lime-green if the frequency in the birth-year group is more than 0.30. Cells with no data are represented
in white. X-axis represents the first month of a four-month sliding window, and Y-axis represents the birth-year of

patients in the same manner as Figure 1.12. The population of patients were grouped into 10-year birth-year groups.
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Figure 1.14 Timing when a fixed new amino acid has exceeded a frequency of 0.10 in different birth-year groups. Each

cell in a panel corresponds to a cell representing the frequency of a fixed new amino acid shown in its corresponding

heatmap in Figure 1.12. A cell is black if the frequency of the new amino acid in a birth-year group is less than or equal

to 0.10, and it is green if the frequency in the birth-year group is more than 0.10. Cells with no data are represented in

white. X-axis represents the first month of a four-month sliding window, and Y-axis represents the birth-year of

patients in the same manner as Figure 1.12. The population of patients were grouped into 10-year birth-year groups.
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Figure 1.15 Timing when a fixed new amino acid has exceeded a frequency of 0.95 in different birth-year groups. Each

cell in a panel corresponds to a cell representing the frequency of a fixed new amino acid shown in its corresponding

heatmap in Figure 1.12. A cell is black if the frequency of the new amino acid in a birth-year group is less than or equal

to 0.95, and it is blue if the frequency in the birth-year group is more than 0.95. Cells with no data are represented in

white. X-axis represents the first month of a four-month sliding window, and Y-axis represents the birth-year of

patients in the same manner as Figure 1.12. The population of patients were grouped into 10-year birth-year groups.
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Figure 1.16 Timing when a fixed new amino acid has exceeded a frequency of 0.50 in different birth-year groups. Each

cell in a panel corresponds to a cell representing the frequency of a fixed new amino acid shown in its corresponding
heatmap in Figure 1.12. A cell is black if the frequency of the new amino acid in a birth-year group is less than or equal
to 0.50, and it is orange if the frequency in the birth-year group is more than 0.50. Cells with no data are represented
in white. X-axis represents the first month of a four-month sliding window, and Y-axis represents the birth-year of

patients in the same manner as Figure 1.12. The population of patients were grouped into 10-year birth-year groups.
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Some amino acid substitutions were associated with the dominant amino acids of the viruses
circulating in the year when patients were born. For example, the transition from K to Q at position 163
on HA appeared earlier in patients born in 1940-1950 than those born in 1930-1940 (Figure 1.12H).
More accurately, the timings when Q at position 163 on HA first exceeded a frequency of 0.30 in
patients born in 1940-1950 preceded those born in 1930-1940 by seven months (Figure 1.13H). The
dominant amino acid at position 163 on HA of viruses circulating during 1940-1950 was K (Figure
1.12H). In contrast, as shown in the black bars in Figure 1.12H, the dominant amino acid at position
163 on HA of viruses circulating during 1930-1940 was neither K nor Q. Patients born in 1940-1950
may be first exposed to viruses having K at position 163. The substitution from K to Q at position 163
may have selective advantage in patients born in 1940—-1950. On the other hand, the birth-year group in
1930-1940 may be first exposed by viruses having a different amino acid other than Q or K at position
163. The viruses having Q at position 163 may not have large advantage compared to viruses having K
at this position in birth-year group of 1930-1940. The difference in the timings of amino acid
substitutions between the two birth-year groups may be attributed to the different amino acids at this

position on HA of viruses that first infected to patients of the two birth-year groups.

Some amino acid substitutions may be associated with the disappearance of HIN1 viruses in the
human population during 1957 to 1977, which is the period between the year of the Asian flu pandemic
in 1957 and the year of the Russian flu pandemic in 1977. For example, the transition from S to N at
position 84 on HA appeared earlier in patients born in 19501960 than those born in 1940-1950 (Figure
1.12]). Precisely, the first sliding window in which N at position 84 on HA exceeded a frequency of
0.30 in patients born in 1950-1960 was five months earlier than that in patients born in 1940-1950
(Figure 1.13J). The same tendency can be found for frequencies of 0.10 and 0.50 (Figure 1.14J and
Figure 1.16J). The amino acid substitution from S to N at position 84 may have immunological
disadvantage because most population have firstly exposed to viruses having N at position 84, as shown
in the blue bars in Figure 1.12J. Due to the absence of HINI during 1957 to 1977, a considerable
number of patients of birth-year groups 1950-1960 and 1960-1970 are likely to be infected first with
H2N2 influenza viruses. Viruses having N at position 84 on HA may have less immunological
disadvantage in these birth-year groups, resulting in an earlier transition from S to N at this position
than the birth-year group of 1940-1950. The delay in transition from K to Q in 163 in patients of birth-
year group 1950—-1960 can also be explained by the absence of HIN1 strain during 1957 to 1977.

When the whole period of transition was considered, the age distributions of patients infected with
viruses having the new amino acids were not significantly different from those of old amino acids at
positions 203, 374, 295, 74, and 164 on HA (Table 1.2). However, when observing the timing of amino
acid substitutions in different birth-year groups, amino acid substitutions at positions 295, 74, and 164

still followed a general tendency of beginning in the old and middle-aged birth-year groups and ending

53



in the youngest birth-year groups (Figure 1.12N, 1.120 and 1.12P). This suggests that, even though age
distributions of patients may not significantly differ between viruses having new and old amino acids
when considering the whole transition period, the new amino acid’s distributions of patient ages in each
window still tend to be skewed towards people in older birth-year groups for these amino acid

substitutions.

1.5. Discussion

In this study, the patient age distributions and fixation probabilities of new amino acids on HA of
2009 pandemic strains of HIN1 influenza viruses were investigated. The empirical probability that a
new amino acid on HA later became fixed in the viral population was only 0.004. The empirical fixation
probability significantly increased when the frequency of viruses having new amino acids exceeded 0.1.
The empirical fixation probability also significantly increased when the viruses having the new amino
acids more effectively infected the adult age population from 25 to 35 years old than the viruses with
old amino acids at the same position. Based on these observations, fixation probability of a new amino
acid was modeled using Kimura’s formula of advantageous selection. The selective advantage of a new
amino acid was modeled by a linear combination of patient age distributions and the involvement on
antigenic sites. The parameters of models were estimated by maximizing the likelihood of parameters
from profiles of fixed and extinct new amino acids from 2009 to 2020. Four-fold cross-validation tests
revealed that the model using the difference in patient age distribution and frequency of new amino acid
predicted amino acid substitutions on HA with a sensitivity of 0.78, specificity of 0.86, and precision

of 0.83.

When looking at trajectories of new amino acids that emerged on HA of HIN1 viruses from March
2009 to May 2020, the empirical fixation probability of a new amino acid was only 0.004 (Figure 1.6).
It means that 99.6% of the new amino acids that appeared on HA went extinct. If we look at the
relationship between the frequency of a new amino acid and its empirical fixation probability in a four-
month sliding window, the empirical fixation probability became different, because the fixed new
amino acids can be counted multiple times in different four-month sliding windows. A new amino acid
having a frequency no more than 0.11 in a four-month sliding window had an empirical fixation
probability of 0.02 (Figure 1.2B). This means that a new amino acid having a frequency below 0.11 in
a four-month sliding window had almost no chance of becoming fixed later. In contrast, a new amino
acid having frequencies more than 0.11 in a four-month sliding window had an empirical fixation
probability close to 0.50 (Figure 1.2A). It means that a new amino acid having a frequency more than
0.11 in a four-month sliding window would have equal chance of becoming either fixed or extinct. Thus,
the prediction of fixation of a new amino acid having a frequency more than 0.11 in a four-month sliding

window, which have an empirical probability close to 0.50, is the most difficult setting to predict the
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fixation of new amino acids. For this reason, the study focused on the prediction of the fixation of new

amino acids which exceeded a frequency of 0.11 in a four-month sliding window.

Results found that the frequency of new amino acids alone can achieve high sensitivity, specificity,
and precision in predicting the fixation of a new amino acid of which frequency is more than 0.11 in a
four-month sliding window. Model M1, which modeled the fixation probability of a new amino acid
using its current frequency under the assumption of a constant selective advantage, predicted the
fixation of a new amino acid with an average sensitivity of 0.76, specificity of 0.86, and precision of
0.83 in four-fold cross-validations (Table 1.7). This result suggested that the fixation probability of a
new amino acid is largely attributed to its frequency. The constant for the selective advantage, C, was
estimated to be 0.313 with its confidence intervals of from 0.207 to 0.421 by the maximum likelihood
method (Table 1.5). Since a positive coefficient for Kimura’s formula indicates advantageous selection,
it can be concluded that viruses with a new amino acid having a frequency higher than 0.11 in a four-
month sliding window has a significantly higher selective advantage compared to viruses with the old

amino acid at the same position.

The predictability of the fixation of a new amino acid was significantly improved by considering
the Z-value of patient age rank-sums of new amino acids compared to the constant selective advantage
model in cross-validation tests. Youden’s index, which is the sum of sensitivity and specificity minus
one, was significantly improved in model M3 from model M1 (Table 1.7). The coefficient for a. wilcox,
C,, was estimated to be 0.119 with its confidence intervals of from 0.065 to 0.175 by the maximum
likelihood method (Table 1.5). Since a. wilcox represents the excess infectivity to the adult population
of viruses having new amino acids compared to those having old amino acids, this result suggests that
inclusion of age statistics of viruses significantly improved the prediction of the fixation of a new amino
acid. This result is consistent with the current understanding of the mechanism of evolution of influenza
viruses, in which new strains are selected by the immunity of people who were infected with and

recovered from strains circulating previously (Ferguson et al., 2003).

The proportion of adults who have been infected with influenza viruses is higher than that of
children, because adults have more chance of being exposed to the viruses due to their longer time since
birth compared to children. Therefore, viruses having different antigenicity from viruses which have
been circulating before can have a higher advantage in adult population than in child population. In
other words, the advantage of a new amino acid that alter the antigenicity of HA over its old amino acid
in the child population can be lower compared to the advantage in adult population. It is likely that this
is the main reason why a statistic of patient age distributions improved the accuracy of the prediction
of amino acid substitutions. In addition to this straightforward interpretation, another explanation can
be considered. Viruses infecting adults are more likely to be spread globally than children as adults are

more likely to travel long distances (Bedford et al., 2015). This is an alternative explanation of the
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phenomena, but a clear trend that the fixation starts from old birth-year groups, followed by the middle-
aged birth-year groups and ended with the young birth year groups (Figure 1.15) supports the first
interpretation that the higher selective advantage in adult population is attributed to the immunity from

previous infections.

Since influenza viruses are transmitted among individuals of different age groups, the difference in
the age distributions between new amino acids and old amino acids were not supposed to differ largely.
As shown in Figure 1.1B, the distributions of patient ages of GISAID sequences are bimodal, with one
mode in the children population younger than 15 years old, and another mode in the adult population
older than 15, especially after 2012. The number of fixed and extinct new amino acid profiles in Table
1.3 is dependent on whether their median patient ages are between 25 and 35 or not (p < 1071° with
x? test). Furthermore, the number of fixed and extinct new amino acid profiles in Table 1.4 is dependent
on whether the old amino acids have a median patient age less than or equal to 15 or not (p < 107°
with x?2 test). The most probable hypothesis for the bimodal distribution is as the following. In the
younger population who haven’t experienced influenza infections, the variants with old amino acids
can infect as effectively as variants with new amino acids. The number of infections in the younger
population decreases as patient age increases because of acquisition of immunity by the first exposure
to influenza viruses. In the adult population who has experienced previous exposures, on the other hand,
variants having new amino acids is more infectious than those having old amino acids because of the
original antigenic sin. The first mode in the patient age distribution is formed by the first influenza
infection in life and the second mode was formed from the second or subsequent influenza infections.

This is my best explanation for the results obtained in this study.

It is known that the 2009 pandemic strain shows cross-reactivity with the Spanish flu and Russian
flu strains (Garten et al., 2009; Itoh et al., 2009). An individual’s immunity profile against influenza is
highly affected by their first infection in their childhood (Francis et al., 1947). Some strains having a
new amino acid on HA seemed to have an advantage in infecting patients who were infected with the
viruses having the old amino acid in their first infection. Examples of these amino acid substitutions
include K163Q (Figure 1.12H). Some amino acid substitutions may be associated with the
disappearance of HIN1 viruses in the human population during 1957 to 1977, which is the period
between the year of the Asian flu pandemic in 1957, caused by a strain of H2N2 viruses, and the year
of the Russian flu pandemic in 1977, caused by a strain of HIN1 viruses. A considerable number of
patients of birth-year groups 1950-1960 and 1960-1970 are likely to be firstly infected with H2N2
influenza viruses. Viruses having the S84N substitution have less immunological disadvantage in these
birth-year groups compared to the birth-year group of 19401950, resulting in the different timings of
transition from S to N (Figure 1.12J). Selections of these strains can be explained as an effect of the

original antigenic sin.

56



Results showed that epitope flags of substituted positions did not largely contribute to the prediction
of amino acid substitutions in cross-validation tests. From nineteen fixed amino acid substitutions on
HA observed in this study, only seven (36.84%) occurred on its antigenic sites (Table 1.2). It has been
suggested that amino acid substitutions on non-antigenic sites compensate the fitness cost of
substitutions on antigenic sites (Kryazhimskiy et al., 2011; Koel et al., 2013; Yokoyama et al., 2017).
However, 90.5% of amino acid substitutions on the HA1 domain of H3N2 viruses were known to have
occurred at its antigenic sites (Shih et al., 2007). A possible reason for the small contribution of epitope
flags in prediction is that the positions of antigenic sites used in this study have been determined from
HIN1 viruses before the 2009 pandemic (Igarashi et al., 2010). The antigenic sites for the 2009
pandemic strain may differ from the antigenic sites for previous seasonal strains circulating before 2009
pandemic. In fact, Ren et al. showed that antigenic regions cover a larger area than regions previously
defined as the antigenic sites (Ren et al., 2015). The same was true for H3N2 (Lees et al., 2010). Further

studies are required for a wider characterization of antigenic sites on HA of influenza viruses.

The human influenza shows seasonality, and the population of the viruses fluctuates depending on
the time of year. Although the assumption of constant effective population size may not be valid for the
population genetics of seasonal influenza viruses, this Kimura’s formula was used under the assumption
of constant effective population size for its simplicity. It is suggested that the fixation probability
increases when the effective population size is growing (Fisher, 1930). This means the fixation
probability predicted from the model would be underestimated during influenza seasons when the
number of new cases is growing. Even so, the model has achieved high predictability in cross-validation
tests, indicating that the error may be marginal and an acceptable trade-off for the model’s simplicity.
However, for more precise predictions, the method may adopt fixation probability models which take

into account changing population sizes (Lambert, 2006).

Synchronized substitutions were observed at positions 451 and 185, positions 499 and 283,
positions 163 and 256, positions 84, 216, and 162, positions 295 and 74, and positions 185 and 129
(Figure 1.3). Fixations of the synchronized amino acids may be hitchhiking substitutions, which do not
contribute to the increase in viral fitness but became fixed due to the selective advantage gained from
another substitution on HA of the same strain (Barton, 2000; Smith et al., 2004). For example,
transitions from S to N at position 84, I to T at position 216, and S to N at position 162 occurred
simultaneously (Figure 1.3). HINI1 strains circulating before the 2009 pandemic had S at position 162
on their HA (Figure 1.12L). Since position 162 is located in the antigenic site Sa (Table 1.2), variants
having N at this position may have had selective advantage over variants having S at this position. In
contrast, S at position 84 and I at position 216 of the 2009 pandemic strain were different from amino
acids at these positions on HA of HIN1 strain circulating before the 2009 pandemic (Figure 1.12] and

1.12K). These two substitutions may not have a selective advantage in terms of antigenicity, and there
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is a possibility of hitchhiking substitutions of S162N. Another explanation of the synchronized
transitions of amino acids is that the fixations can occur through synergistic epistasis between several
mutations (Neverov et al., 2015). Viruses with a new amino acid with slow transition may initially lack
large advantage over viruses with an old amino acid at the same position. These viruses became fixed
when they gained a synergistic advantage from another new amino acid on HA. For example, the slow
transition from D to N at position 97 have become fixed when viruses have additional new amino acids

at positions 499 and 283.

One of the limitations of this study’s method is that the model can only predict the evolutionary
outcome of new amino acids. Thus, the model cannot predict the time it takes before they became fixed
in viral population. Each year, WHO makes recommendations for vaccine strains by reviewing the
circulation and spread of new strains through their global influenza surveillance network (Russell et al.,
2008). The recommendation of vaccine strains must be decided eight months before the season starts
for the vaccine development and production process (World Health Organization, 2007). The method
can predict the fixation of a new amino acid accurately once its frequency exceeds 0.11. According to
the dataset used in this study, the time for a new amino acid to become fixed or extinct after exceeding
a frequency of 0.11 had a mean of 18.8 months with a standard deviation of 13.6 months. Assuming
that the time to fixation or extinction after exceeding a frequency of 0.11 follows a normal distribution
with a mean of 18.8 months and a standard deviation of 13.6 months, predictions by the model can be
obtained eight months earlier than its fixation or extinction for 79% of new amino acids that exceed a
frequency of 0.11 in a four-month sliding window. Thus, the applicability of this study’s method to the
actual vaccine selection process is not largely restricted by the limitation due to the lack of a mechanism

for predicting the timing of fixation.

The applicability of the method to H3N2 viruses should be tested in the future. Most studies to
predict amino acid substitutions have targeted H3N2 viruses as sequence data are available from its
emergence in 1968 (Agor & Ozaltin, 2018; Klingen et al., 2018). HIN1 viruses emerged in the Spanish
flu pandemic in 1918 (Cohen, 2010), disappeared in 1957, and re-emerged in the Russian flu in 1977,
and were replaced with a swine flu strain in the 2009 pandemic (Girard et al., 2010). In contrast, H3N2
viruses have been circulating in the human population since its pandemic in 1968. The structure of the
population having immunity against H3N2 viruses may be simpler than that of HIN1 viruses. However,
due to the limitation of patient age information of amino acid sequences of past H3N2 viruses, the

method can be applicable only to the fixation of new amino acids that have been observed recently.
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Chapter 2. Predicting the trajectory of replacements of SARS-

CoV-2 variants using relative reproduction numbers

2.1. Summary

New variants of SARS-CoV-2 with high effective reproduction numbers are continuously being
selected by natural selection. To establish effective control measures for new variants, it is crucial to
know their transmissibility and timing of replacement in advance. In this chapter, retrospective
prediction tests for the variant replacement from Alpha to Delta of SARS-CoV-2 in England were
conducted using the relative reproduction numbers of Delta with respect to Alpha estimated from partial
observations. Results showed that once Delta’s relative frequency reached 0.15, the date when relative
frequency of Delta would reach 0.90 was predicted with maximum absolute prediction errors of 3 days.
This means that the time course of the variant replacement could be accurately predicted from early
observations. Together with the estimated relative reproduction number of a new variant with respect
to old variants, the predicted replacement timing will be crucial information for planning control

strategies against the new variant.
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2.2. Introduction

Since its first emergence in the human population in 2019, SARS-CoV-2 has been generating new
variants. Natural selection favors new variants that has higher effective reproduction numbers than other
circulating variants. As a result, the average transmissibility in the viral population increases over time
(Taoetal., 2021). The emergence and replacement among variants of concern (VOCs), Alpha (B.1.1.7),
Beta (B.1.351), Gamma (P.1), Delta (B.1.617.2), and Omicron (B.1.1.529) (World Health Organization,

2022) are the observed process of natural selection.

It is important to know the transmissibility of new variants in comparison with previously
circulating variants because the average reproduction number of the circulating virus changes when
new variants become dominant. Several studies have analyzed the reproduction numbers of new
variants that have replaced old ones. Volz et al. estimated the effective reproduction number of Alpha
in England to be 1.5-2.0 times higher than that of non-VOCs using a logistic growth model for relative
variant frequencies (Volz et al., 2021). Leung et al. estimated the basic reproduction number of Alpha
to be 1.75 times higher than that of previously circulating variants in England using a renewal-equation-
based model (Leung et al., 2021). Ito et al. estimated the effective reproduction number of Delta to be
1.35 times higher than that of Alpha from relative variant frequencies observed in Japan by using an
approximated version of the renewal-equation-based model (Ito et al., 2021a). Using the same method,
Ito et al. estimated the effective reproduction number of Omicron to be 3.15 times higher than that of
Delta in Denmark (Ito et al., 2021b), and Nishiura et al. estimated the effective reproduction of Omicron

to be 4.2 times higher than that of Delta in South Aftrica (Nishiura et al., 2021).

In order to prepare control measures against new variants, it is crucial to predict the trajectory of
the variant replacements in advance. The prediction of variant selection has been widely studied in
seasonal influenza viruses (Morris et al., 2018). Luksza and Léssig developed a fitness model using
mutations on antigenic sites and non-antigenic sites to predict selected variants (Luksza & Lassig, 2014).
Huddleston et al. predicted the future relative frequency of variants using its current relative frequency,
the novelty of antigenic sites, and the mutational load in non-antigenic sites (Huddleston et al., 2020).
Chapter 1 of this dissertation modeled the fixation probability of variants using relative variant
frequency and statistics on patient ages (Piantham & Ito, 2021). In the case of seasonal influenza, the
main driving force of natural selection was the population immunity acquired from previous infections.
In contrast, most of the human population were considered naive to SARS-CoV-2 at the beginning of
the pandemic, and a method to predict the trajectory of variant replacements in the early stage of the

pandemic can be simpler than those assuming pre-existing immunity from previous infections.

The transmissibility of an infectious agent can be measured by its reproduction number. The

effective reproduction number at time t (R;) is defined as the average number of infections that
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someone infected at time ¢ could expect to produce if conditions should remain unchanged (Fraser,
2007). When more than one variant of the infectious agent is circulating, the relative reproduction
number can be used to measure the relative transmissibility of a variant compared to a baseline variant
(Leung et al., 2017; Leung et al., 2021). However, the method requires the numbers of new cases in
addition to the relative frequencies of variants, and it is not applicable for predicting variant replacement
in the future. Using approximations, Ito et al. proposed a method to determine the relative reproduction
number without knowing the number of new cases (Ito et al., 2021a). This method allows us to predict

the future trajectory of variant replacements.

Nucleotide sequences of SARS-CoV-2 variants have been collected worldwide and accumulated in
the GISAID database (Shu & McCauley, 2017). It is known that different geographical locations have
different distributions of variants (Hadfield et al., 2018). As of 28 September 2022, a total of 13,283,666
sequences have been registered on the database worldwide. Of these, 2,286,890 (17.2%) were submitted
from England, which has their population account for 0.71% of the world population. These numbers
indicate that England is one of the locations having highest sequencing capacity. In England, the Alpha—
Delta replacement was observed from March 2021 to June 2021. The sequence information during the
Alpha—Delta replacement in England is one of the best datasets to evaluate the predictability of variant

replacement in SARS-CoV-2.

In this Chapter, retrospective prediction tests were conducted using the nucleotide sequences
collected in England during the Alpha—Delta replacement. For each given time point, partial sequence
data observed only up to that time point were used to estimate the relative reproduction number of Delta
with respect to (w.r.t.) Alpha. The estimated relative reproduction number is then used to predict the
future trajectory of variant replacement. The estimated relative reproduction numbers and the predicted

trajectories are evaluated by being compared to those estimated using the entire dataset.
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Materials and Methods

2.2.1. Sequence data

Nucleotide sequences of SARS-CoV-2 viruses collected from England during 1 January 2021 to 31
July 2021 were downloaded from the GISAID database on 16 November 2021. Of these, 411,123
sequences had complete information about date of sample collection in the metadata. The PANGO
lineage names (Rambaut et al., 2020) of these sequences were collected from metadata and recorded
with their collection dates. Sequences that are labeled as “B.1.1.7” or sublineage names starting with
“Q.” were classified as the Alpha variant. Sequences that are labeled as “B.1.617.2” or sublineage
names starting with “AY.” were classified as the Delta variant. There were 11,773 sequences (2.9%) of
lineages other than Alpha and Delta, and these were ignored in subsequent analyses. A total of 399,350
sequences of Alpha (192,250) and Delta (207,100) were used for counting the daily numbers of
sequences belonging to Alpha and Delta (Figure 2.1).
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Figure 2.1 Daily variant frequencies in England from 1 January to 31 July 2021. Frequencies of Alpha (red), Delta

(blue), and other variants (gray) were calculated from nucleotide sequences corresponding to those variants which were

submitted in England on the GISAID database.
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2.2.2. Model of advantageous selection

The relative reproduction number of a variant w.r.t. a baseline variant were estimated using an
approximated version of the renewal-equation-based model (Ito et al., 2021a). Let X and Y represent
variants circulating in the population and gy (t) and gy (t) denote relative frequencies of X and Y at
calendar time ¢, respectively. Suppose that variant X was dominant at £, and variant Y was introduced
into the population at that time with an initial relative frequency of gy (ty). Assume that the effective
reproduction number of variant ¥ was k times higher than that of variant X and that k is constant over
time. Let f(7) be the probability density function of generation time 7 for SARS-CoV-2 infections. In
this study, f(7) was assumed to follow the gamma distribution with a shape parameter of 3.42 and a

scale parameter of 1.36 (Nishiura et al., 2020). The gamma distribution f (7) was discretized to g(j) =
f] .j_ S (t)dt for 1 <j <19. The generation time distributions were truncated at T > 20 and set

g20) = | 10(: f(t)dr so that 212-21 g(j) = 1. Let I(t) be the total number of new infections by either X

or Y at calendar time t. Based on Fraser’s time-since-infection model (Fraser, 2007), the effective

reproduction numbers of variant X and Y can be calculated as

_ qx(OI(t)
el =530 Pt — i = @D
and
Ry (t) = qy (OI(t) 2.2)

20 gDayt —DIE—))

Since the effective reproduction number of variant Y is k times higher than that of variant X, the

effective reproduction number of variant Y at time ¢ is given by
Ry (t) = kRx (1) (2.3)

Assuming that the viral population at time t comprises of only variants X and Y, the relative

frequency of variant Y at calendar time ¢, gy (t), can be calculated as

qy (©)I1(t)

ax (I + gy OI() (2.4)

qy(t) =
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The numbers of new infections were assumed to not vary greatly for 20 days, i.e.
I(t—1)=--=I(t—20), (2.5)

for t > t,. In our previous publication using SARS-CoV-2 data from Denmark, models using Equation
2.5 were compared to models not using Equation 2.5. As a result, models using approximation with
Equation 2.5 had lower AIC than their corresponding models without the approximation, suggesting
that approximation using Equation 2.5 gives a better model than that without Equation 2.5 by
eliminating noise in observed I(t) (Ito et al., 2022). Using this approximation with Equations 2.1, 2.2,

and 2.3, Equation 2.4 can be rewritten using gy (t — j) for 1 <j < 20 as

k2521 9(May (¢ - )
209Maxt =N +kE2, g(Dart -1

qy(t) = (2.6)

The average reproduction number of circulating viruses can be determined by the expected value
of reproduction numbers of circulating variants. Since relative reproduction number of X is 1, and that
of Y is k, the average relative reproduction number of circulating viruses at time t w.r.t. variant X is

given by
qx () + kqy (0). (2.7)

2.2.3. Parameter estimation from the number of sequences

Let Ny (t) and Ny (t) be the number of sequences of variant X and Y observed at calendar time t,
respectively. Suppose that variant Y is sampled and sequenced following a beta-binomial distribution
having distribution parameters of a = qy(t)M and f = (1 — qy(t))M, where M = a + 3. The
parameter M represents the sum of the two shape parameters of the underlying beta distribution and it

determines how proportions of variants vary during sampling. Note that this beta-binomial distribution

£ (Nx(D)+Ny () ax () qy () (Nx(£)+Ny(£)+M) " To

has a mean of (Nx(t) + Ny(t))qy(t) and a variance o i

reduce computational time, the upper limit of M is set to 2000. When gy (t) = 0.5 and M = 2000, the
first and third quartiles of the beta distribution are 0.492 and 0.508, respectively. The beta-binomial
distribution becomes the binomial distribution when M = co. The following equation gives the
likelihood function of parameters k, qy(ty), and M for observing Ny (t) and Ny(t) sequences of

variants X and Y at calendar time t:
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(2.7)

Lk, qy (to), M ; Ny (£), Ny(£)) = <Nx<f1>vy+(t1)vy(t>> B(Ny () ;(Z' Z))((o +8)

rrey)

where @ = qy ()M, B = (1 — qy(t))M, and B(x,y) = o)

The likelihood for observing

Ny (t) sequences of variant Y during the period on calendar times t4,...,t, is given by the product of

the above formula for1 <t < n.

Alpha and Delta were considered as variants X and Y, respectively. Ny (t) and Ny (t) are the
numbers of sequences of Alpha and Delta in England at calendar time ¢, respectively. The date of first
introduction of Delta, t,, was set to the first date when N,,(t) > 1 (18 March 2022). The estimates of
k, qy(ty), M, and gy (t) were obtained by maximizing the likelihood function from t = t, until the
latest t in which qy (t) < 1 (4 July 2021). The 95% confidence intervals (95% CI) of k, qy (t;), and M
were determined using the profile likelihood method (Held & Bové, 2020). From the maximum
likelihood estimates of k and gy (t), the average relative reproduction number of circulating viruses
w.r.t. Alpha at time t was estimated from Equation (7). The 95% CIs of gy (t) and the average relative
reproduction number of circulating viruses w.r.t. Alpha at time t were determined using combinations

of parameters within 95% confidence region (Held & Bov¢, 2020).

2.2.4. Prediction of relative variant frequency and average relative reproduction

number

Relative frequencies of Delta and average relative reproduction numbers of circulating viruses w.r.t.
Alpha in future were predicted using the maximum likelihood estimates of parameters calculated from
early observations. For each proportion p = 0.05, 0.10, 0.15, 0.20, 0.25, 0.30, 0.35, 0.40, 0.45, 0.50,
0.55, 0.60, 0.65, 0.70, 0.75, 0.80, 0.85, 0.90, and 0.95, the calendar times s, were determined as when

the estimated relative frequency gy (sp) exceeded p using the maximum likelihood estimates calculated
with the entire observations from 18 March to 4 July 2021. For each date s, determined above, the
maximum likelihood estimates of k, gy (to), and M were calculated using observations no later than s,,.

Relative frequencies of Delta and average relative reproduction numbers of circulating viruses w.r.t.
Alpha in future were predicted by substituting k and qy (t,) in Equations 2.5 and 2.6, respectively. The
95% CIs of gy (t) and the average relative reproduction number of circulating viruses w.r.t. Alpha at
time t > s, were determined using combinations of parameters within 95% confidence region

estimated from observations at time t < Sp-
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2.3. Results

2.3.1. Estimation of relative reproduction number from entire observations

Table 2.1 shows maximum likelihood estimates and their 95% Cls of model parameters calculated
from the entire observations in England from 18 March to 4 July 2021. The relative reproduction
number (k) of Delta w.r.t. Alpha was estimated to be 1.88 (95% CI: 1.85, 1.91) with a beta-binomial
distribution parameter (M) of 288.54 (95% CI: 202.96, 406.26). Each of these estimates are referred to

as the ‘final estimate’ of each parameter.

Figure 2.2(a) shows the observed and estimated relative frequencies of Delta during the Alpha—
Delta replacement in England. The blue curve and black curves around the blue curve represent the
maximum likelihood estimates and 95% CI of relative frequencies of Delta. The gray area represents
95% equal-tailed intervals of the beta distribution with the parameters qy (t)M and (1 — qy(t))M.
Figure 2.2(b) shows the maximum likelihood estimates and 95% CI of the average relative reproduction
number of circulating viruses w.r.t. Alpha during the same period. Dashed vertical lines in both panels
indicate the dates when relative frequencies of Delta exceeded each 0.05 increment from 0.05 to 0.95
(Table 2.2). It took 47 days for Delta to reach from relative frequencies of 0.05 (21 April 2021) to 0.95
(7 June 2021).
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Table 2.1 Parameters estimated using the entire observations during the Alpha—Delta replacement in England

k (95% CI) qy (t)) (95% CI) M (95% CI) Log Likelihood

1.88 (1.85,1.91) 0.0005 (0.0004, 0.0006) 288.54 (202.96, 406.26) —431.00
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Figure 2.2 Estimated relative frequencies of the Delta variant and average relative reproduction number of circulating
viruses with respect to Alpha using entire observations in England from 18 March to 4 July 2021. (a) The observed and
estimated relative frequencies of Delta during the Alpha—Delta replacement. Circles represent relative frequencies of
Delta sequences collected in England. The blue curve rep-resents the maximum likelihood estimates of relative
frequencies of Delta. Black curves sur-rounding the blue curve represent 95% confidence intervals of the estimated
relative frequencies of Delta. Gray area represents the 95% equal-tailed interval of beta distribution for the maximum
likelihood estimations of parameters of the estimated beta-binomial distribution. (b) The maxi-mum likelihood
estimates and 95% confidence intervals of the average relative reproduction number of circulating viruses with respect
to Alpha. The blue curve and black curves represent the maximum likelihood estimates and 95% confidence intervals
of the average relative reproduction number of circulating viruses with respect to Alpha. Vertical dashed lines in both
panels indicate the dates when the estimated relative frequency of Delta reached 0.05, 0.10, 0.15, 0.20, 0.25, 0.30, 0.35,
0.40, 0.45, 0.50, 0.55, 0.60, 0.65, 0.70, 0.75, 0.80, 0.85, 0.90, and 0.95.
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Table 2.2 Maximum likelihood estimates for dates when Delta exceeded certain relative frequencies and the average

relative reproduction numbers w.r.t. Alpha on those dates

Relative Date when Delta exceeded the Average relative reproduction number
frequency relative frequency (95% CI) w.r.t. Alpha (95% CI)
0.05 2021-04-21 (2021-04-16, 2021-04-24) 1.049 (1.045, 1.053)
0.10 2021-04-26 (2021-04-23, 2021-04-29) 1.090 (1.084, 1.095)
0.15 2021-04-30 (2021-04-27, 2021-05-02) 1.141 (1.134, 1.148)
0.20 2021-05-03 (2021-04-30, 2021-05-05) 1.193 (1.185, 1.203)
0.25 2021-05-05 (2021-05-03, 2021-05-07) 1.235(1.223, 1.246)
0.30 2021-05-07 (2021-05-05, 2021-05-09) 1.281 (1.267, 1.295)
0.35 2021-05-09 (2021-05-07, 2021-05-10) 1.332(1.314, 1.349)
0.40 2021-05-10 (2021-05-08, 2021-05-12) 1.358 (1.339, 1.377)
0.45 2021-05-12 (2021-05-10, 2021-05-14) 1.412 (1.389, 1.434)
0.50 2021-05-14 (2021-05-12, 2021-05-15) 1.467 (1.440, 1.493)
0.55 2021-05-15 (2021-05-13, 2021-05-17) 1.493 (1.465, 1.521)
0.60 2021-05-17 (2021-05-15, 2021-05-19) 1.545 (1.513, 1.577)
0.65 2021-05-19 (2021-05-17, 2021-05-21) 1.594 (1.559, 1.628)
0.70 2021-05-20 (2021-05-18, 2021-05-23) 1.617 (1.580, 1.652)
0.75 2021-05-23 (2021-05-20, 2021-05-25) 1.677 (1.638, 1.716)
0.80 2021-05-25 (2021-05-23, 2021-05-28) 1.712 (1.671, 1.751)
0.85 2021-05-28 (2021-05-25, 2021-05-31) 1.754 (1.713, 1.794)
0.90 2021-06-01 (2021-05-29, 2021-06-05) 1.796 (1.754, 1.837)
0.95 2021-06-07 (2021-06-03, 2021-06-13) 1.835 (1.794, 1.875)
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2.3.2. Relative reproduction number of Delta with respect to Alpha estimated from
partial data

Table 2.3 shows the parameters of the model estimated using the partial data collected no later than
each of dates in Table 2.2. The final estimate of k using observations of the entire period in the Alpha—
Delta replacement was 1.88 (Table 2.1). The final estimate was within 95% Cls of estimations in
seventeen out of nineteen estimations using the partial observations. Only the two early estimations,
made at relative frequencies of 0.05 and 0.10, failed to cover the final estimate of k in their 95% Cls.
All 95% CIs of k estimated at relative frequencies greater than or equal to 0.15 covered the final
estimate of k. These results implied that it was possible to accurately estimate the relative reproduction
number of Delta w.r.t. Alpha when relative frequencies of Delta became 0.15 or later. It took 38 days
for Delta to reach a relative frequency of 0.95 (7 June 2021) from when it was 0.15 (30 April 2021)
(Table 2.2). Therefore, it would be possible to estimate the relative reproduction number of Delta w.r.t.

Alpha more than one month before its fixation.
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Table 2.3 Parameters estimated using partial observations

Observed
relative
frequency

k (95% CI)

qy(to) (95% CI)

M (95% CI)

Log Likelihood

0.05
0.10
0.15
0.20
0.25
0.30
0.35
0.40
0.45
0.50
0.55
0.60
0.65
0.70
0.75
0.80
0.85
0.90
0.95

2.15 (2.00, 2.45)
2.06 (1.92,2.21)
1.93 (1.83, 2.05)
1.97 (1.87, 2.08)
1.92 (1.83,2.02)
1.91 (1.83, 2.00)
1.92 (1.85, 2.00)
1.93 (1.86, 2.00)
1.90 (1.84, 1.96)
1.86 (1.79, 1.92)
1.85 (1.79, 1.91)
1.86 (1.80, 1.91)
1.87 (1.81, 1.92)
1.86 (1.81, 1.91)
1.86 (1.82, 1.91)
1.87 (1.82, 1.91)
1.84 (1.81, 1.89)
1.86 (1.82, 1.90)
1.88 (1.85, 1.92)

0.0002 (0.0001, 0.0003)
0.0002 (0.0001, 0.0004)
0.0004 (0.0002, 0.0006)
0.0003 (0.0002, 0.0005)
0.0004 (0.0002, 0.0006)
0.0004 (0.0003, 0.0006)
0.0004 (0.0003, 0.0006)
0.0004 (0.0003, 0.0006)
0.0004 (0.0003, 0.0006)
0.0005 (0.0004, 0.0008)
0.0006 (0.0004, 0.0008)
0.0005 (0.0004, 0.0007)
0.0005 (0.0004, 0.0007)
0.0005 (0.0004, 0.0007)
0.0005 (0.0004, 0.0007)
0.0005 (0.0004, 0.0007)
0.0006 (0.0004, 0.0007)
0.0005 (0.0004, 0.0007)
0.0005 (0.0004, 0.0006)

834.12 (346.81, 2000.007)
581.40 (268.62, 1426.19)

399.87 (202.44, 832.82)
362.81 (188.91, 720.53)
307.07 (165.69, 575.00)
310.63 (170.09, 574.06)
328.39 (182.12, 607.05)
339.98 (189.18, 628.24)
315.00 (179.08, 565.97)
231.61 (136.25, 392.22)
234.52 (139.84, 401.81)
247.76 (147.88, 419.60)
248.77 (150.01, 415.23)
250.70 (152.17, 417.80)
271.02 (164.92, 448.18)
285.77 (174.67, 473.56)
250.12 (159.20, 426.80)
238.70 (154.56, 365.00)
209.79 (142.17, 313.90)

-80.91
-102.87
—-123.23
—-137.69
—148.88
—158.03
—-166.02
—-170.45
—-180.84
—194.90
—198.95
—207.59
—217.85
—222.51
—235.19
—244.46
—261.43
—284.10
—321.85

+The upper bound of M in the maximum likelihood estimation was set to 2,000.

72



2.3.3. Prediction of relative variant frequency in future

Retrospective prediction tests were conducted on the future relative frequency of Delta and the
average relative reproduction number of circulating viruses w.r.t. Alpha using model parameters in
Table 2.3, which were estimated from partial observations. Figure 2.3 shows predicted trajectories of
the Alpha—Delta replacement using partial observations up to different time points in Table 2.2. The
maximum likelihood predictions made at relative frequencies of 0.05 and 0.10 overestimated the future
relative frequencies of Delta (Figure 2.3(a) and 2.3(b)), while predictions made at relative frequencies

greater than or equal to 0.15 fitted well with future observations (Figure 2.3(c—1)).

According to the final estimate using the entire observations, Delta exceeded relative frequencies
0f 0.50, 0.70, and 0.90 on 14 May, 20 May, and 1 June 2021, respectively (Table 2.2). The accuracy of
predictions was evaluated by analyzing predictions targeted on these dates (Figure 2.4). When
predictions were made before relative frequencies of Delta reached 0.15, the relative frequencies of
Delta on the target dates were overestimated (Figure 2.4(a—c)) and the dates predicted to exceed target
relative frequencies were earlier than the final estimates (Figure 2.4(d—f)). The reason for these was that
these early predictions overestimated the relative reproduction numbers of Delta w.r.t. Alpha (Table
2.3). In contrast, predictions made when relative frequencies of Delta were greater than or equal to 0.15
were close to the final estimate of relative frequencies (Figure 2.4(a—c)) and dates (Figure 2.4(d—f)).
When relative frequencies of Delta were greater than or equal to 0.15, the predicted relative frequencies
targeted on 14 May, 20 May, and 1 June 2021 had median errors of 0.060 (n = 7), 0.023 (n = 11), and
0.004 (n = 15) with maximum absolute errors of 0.092 (n = 7), 0.060 (n = 11), and 0.034 (n = 15),
respectively (Table 2.4). With the same setting, the predicted dates exceeding targeted relative
frequencies of 0.50, 0.70, and 0.90 had median errors of 1 (n = 7), 1 (n = 11), and 1 (n = 15) days
with maximum absolute errors of 2 (n = 7), 2 (n = 11), 3 (n = 15) days, respectively (Table 2.5).
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Figure 2.3 Prediction of future relative frequencies of the Delta variant using partial observations. Panels (a), (b), (c),

(d), (e), (D, (g), (h), and (i) represent predictions estimated using observations until 21 April, 26 April, 30 April, 3 May,

5 May, 7 May, 9 May, 10 May, and 12 May 2021, re-spectively. Blue circles represent observed relative frequencies

used for predictions. Red circles represent future observations that were not used for predictions. The vertical dashed

line in each panel represents the date of the last observations used for prediction. The blue curve in each panel

represents the maximum likelihood estimates of relative frequencies of Delta, and the red curve represents the relative

frequencies predicted by the model using the estimated parameters. Black curves represent 95% confidence intervals

of the relative frequencies of Delta.
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Figure 2.4 Predictions of relative frequencies of Delta on target dates and predictions of the dates when Delta would

reach target relative frequencies. In each panel, x-axis represents dates until which observations were used in the

prediction. Y-axes in panels (a), (b), and (c) represent the predicted relative frequencies on 14 May, 20 May, and 1 June,

respectively. Y-axes in panels (d), (e), and (f) represent the predicted dates when Delta would reach relative frequencies

of 0.50, 0.70, and 0.90, respectively. Cross marks represent predicted relative frequencies and dates with vertical bars

showing their 95% confidence intervals. The blue horizontal solid lines represent the final estimates using the entire

observations. The blue horizontal dashed lines represent 95% confidence intervals of the final estimates.
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Table 2.4 Errors of predicted relative frequencies on target dates

Final estimate of relative Number of _ Absolute errors in predicted relative frequency

Target date frequency predictions¥ Median Maximum
14 May 2021 0.50 7 0.060 0.092
20 May 2021 0.70 11 0.023 0.060

1 June 2021 0.90 15 0.004 0.034

1The two earliest predictions, made when Delta was less than 0.15, were excluded.

Table 2.5 Errors of predicted dates exceeding target relative frequencies

Number of _Absolute errors of predicted dates

Target relative frequency  Final estimate of date

predictionst Median Maximum
0.50 14 May 2021 7 1 2
0.70 20 May 2021 11 1 2
0.90 1 June 2021 15 1 3

1The two earliest predictions, made when Delta was less than 0.15, were excluded.
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2.4. Discussion

The replacement from the Alpha variant to the Delta variant in England were analyzed using
nucleotide sequences on the GISAID database collected from 18 March to 4 July 2021. The estimated
relative reproduction number, k, of Delta w.r.t. Alpha was 1.88 (95% CI: 1.85-1.91) with a beta-
binomial distribution parameter (M) of 288.54 (95% CI: 202.96-406.26) (Table 2.1). The relative
reproduction number of Delta w.r.t. Alpha was accurately estimated from early observations once
relative frequencies of Delta reached 0.15 (Table 2.3). Using these estimates of the relative reproduction
number, the date when relative frequency of Delta would reach 0.90 was predicted with a maximum

absolute prediction error of 3 days (Table 2.5).

Several studies have estimated the relative reproduction of Delta w.r.t. Alpha in different countries.
Ito et al. estimated the relative reproduction number of Delta w.r.t. Alpha in Japan to be 1.35 (Ito et al.,
2021a). Hansen estimated the relative reproduction number of Delta w.r.t. Alpha in Denmark to be 2.17
(Hansen, 2022). In this study, the relative reproduction number of Delta w.r.t. Alpha was estimated to
be 1.88 (95% CI: 1.85-1.91) (Table 2.1). Figgins and Bedford found that the relative reproduction
number of Delta and Alpha w.r.t. non-VOC variants in the United States were different depending on
the states (Figgins & Bedford, 2021). The differences in relative reproduction numbers of Delta w.r.t.
Alpha among countries or states may be attributed to the differences in the vaccine usage or the ethnicity

of the target populations.

The model assumes that the sequences on GISAID database was sampled following a beta-binomial
distribution. It is possible use the binomial distribution in the model instead of the beta-binomial
distribution. The model using beta-binomial distribution resulted in lower Akaike information criterions
(AIC) compared to the model using binomial distribution (Table 2.6). This means that the observed
variance was larger than the variance of the binomial distribution. The additional variance to the
binomial distribution may be attributed to the difference between relative variant frequencies among
subpopulations, indicating that the target population was not well-mixed. For example, different regions

may show different progresses in the variant replacement. The same may be true for different age groups.

The lockdown restrictions in the UK were relaxed from 17 May 2021. The relative reproduction
number estimated using data up to 28 May 2021 was slightly lower than the final estimation using entire
observations (Table 2.3). This is attributed to the decrease of relative frequency of Delta and the increase
of the relative frequency of Alpha around 28 May 2021 (Figure 2.2). The underlying mechanism of the
drop in the relative frequency of Delta after the relaxation of lockdown is unknown and needs to be

further investigated.
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Table 2.6 Parameters estimated from entire observation by the binomial distribution model and comparison of AIC

values with that of the beta-binomial distribution model

Model k (95% CI) qy (ty) (95% CI) M (95% CI) Log likelihood AIC?
Beta-binomial distribution 1.88 (1.85, 1.91) 0.0005 (0.0004, 0.0006) 288.54 (202 96,406.26)  —431.00  868.00
Binomial distribution 1.92 (1.91, 1.93)  0.0003 (0.0003, 0.0004) —643.06  1292.12

TAIC refers to the Akaike information criterion of the model.
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Prediction tests conducted in this study used the date of sample collection and did not consider
delay in sequence submissions. Nucleotide sequences collected during the period from 18 March 2021,
the introduction of Delta, to 13 May 2021, the date when Delta reached a relative frequency of 0.95,
were submitted after 10.78 days on average with a standard deviation of 3.76 days. The 95% of
sequences during this period were submitted to the GISAID database within 16 days after sample
collection. This means real-time prediction may need additional 10—16 days to get prediction accuracy

similar to results shown in this study.

The model assumes that there was no difference between the generation times of both variants with
a mean value of 4.64 days (Nishiura et al., 2020). However, Hart et al. estimated the generation time of
Delta (4.7 days) to be shorter than that of Alpha (5.5 days) (Hart et al., 2022). To allow differences
between generation times of variants, it is necessary to extend the model to also estimate the relative

generation times of the variant w.r.t. that of the baseline variant (Ito et al., 2022).

During the period of analysis, the percentage of people receiving two-dose vaccinations in England
was increasing from 7% on 1 April to 39% on 1 June 2021. The model assumes that there was no
difference between vaccination efficacy against Alpha and Delta. If there was difference between
vaccine efficacies against Alpha and Delta, the relative reproduction number of Delta w.r.t Alpha would
change as population vaccine coverage increases. Detection of the difference in vaccine efficacy among
variants may be possible by analyzing temporal change of relative reproduction number using

vaccination coverage data if there is a sufficient difference.

In this study, the relative reproduction number of Delta w.r.t. Alpha in England and its future
trajectory of replacement could be predicted one month before it reached a relative frequency of 0.90.
Public health policy makers have only one month to prepare control measures for the increase in viral
transmissibility. This implies that a quick decision-making process is needed to take advantage of the
prediction. This period can be extended if accurate predictions is available using data earlier than one
month. Further research is needed to investigate how much additional information was required for

obtaining accurate predictions using data earlier than one month.
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Conclusion

This research developed two population genetics models of variant replacements of viruses. Chapter
1 developed models describing variant replacement under natural selection in an aging population.
Chapter 2 developed a model describing variant replacement under natural selection among variants
with different transmissibilities. In both chapters, parameters of the models were estimated using
observed data of nucleotide sequences retrieved from a public database, and the predictability of variant

replacements in future was evaluated using the developed models.

In Chapter 1, the fixation probability of variants in an aging population was modeled based on
Kimura’s formula of advantageous selection. Fixation and extinction of variants of human HINI
influenza viruses circulating from 2009 to 2020 were used to estimate the parameters of the models.
Performances in predicting amino acid substitutions on HA were evaluated using cross-validation tests.
Results showed that the best model could predict amino acid substitutions with a sensitivity of 0.78,
specificity of 0.86, and precision of 0.83 once the amino acid relative frequency exceeds 0.11. Further
investigations of model parameters revealed that the fixation probability of variants having a new amino
acid increased as its frequency increased. The fixation probability also increased when variants having
the new amino acid on HA could infect patients of higher age groups more effectively than those having
the old amino acid on the same position. Possible explanation of this phenomenon is attributed to the
different amino acids at this position on HA of the variants that first infected patients of the different
age groups. However, an important limitation of the described method is that the model can only predict
the evolutionary outcome of variants having new amino acids but cannot predict the time when they

will become fixed in viral population.

In Chapter 2, the temporal change in variant frequencies was modeled using the relative
reproduction number, which is the ratio of the reproduction number of a variant to that of another variant.
Variant frequencies during the Alpha-to-Delta replacement in England were used to estimate the
relative reproduction number of Delta w.r.t. Alpha, giving a value of 1.88 (95% CI: 1.85-1.91). The
relative reproduction number of Delta w.r.t. Alpha was estimated using partial observations of variant
frequencies during early phases and was accurately estimated once frequencies of Delta had reached
0.15, which was one month before its fixation. Public health policymakers would have had one month
to prepare control measures for the increase in viral transmissibility and a quick decision-making
process is needed to take advantage of the prediction. This period can be extended if accurate predictions
are available using data earlier than one month. Further research is needed to investigate how much

additional information was required for obtaining accurate predictions using data earlier than one month.

The methodologies in both studies in Chapter 1 and Chapter 2 may be applicable to the prediction

of variant replacement of viruses other than the ones described here. The model described in Chapter 1
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may be applied for antigenic evolution of other viruses such as H3N2 influenza A virus, influenza B
virus, and SARS-CoV-2. The model introduced in Chapter 2 may be applied not only to other variants
of SARS-CoV-2 but also to other newly emerged viruses. Evaluation of predictions using proposed
models with other viruses must be investigated in future. The generalization of proposed models using
additional parameters is another direction of future research. It is worth noting that this dissertation
focuses on how natural selection act on new variants of viruses that have already emerged. It does not

cover predictions of future variants that have not yet emerged in the viral population.
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