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Chapter 1: Introduction

1!INTRODUCTION

In my thesis, I have devided the main contents into three areas. The first area is
to solve problems related to zeolite structures. Known zeolite structures have
relatively few seven-membered rings. Previous quantum mechanical
calculations suggest there is no particular energy penalty for seven-membered
rings. Predicted zeolite structures sampled from all possible symmetries also do
not explain why there are so few observed seven-membered rings. In chapter 2,
I analyze the ring size distributions of predicted structures as a function of
energy and density. I show that predicted structures with low density, in the
range where known zeolites exist, have relatively few seven-membered rings. It
appears that the constraint of proximity to the low-density edge of predicted
structures is what leads to a low probability of seven-membered rings. These
results suggest that low-density predicted structures are similar to known
zeolites and of greatest interest as new synthetic targets.
The second part concerns about the evolution of Influenza viruses and discusses
a way to prediction vaccine effectiveness. Influenza A is a serious disease that
causes significant morbidity and mortality, and vaccines against the seasonal
influenza disease are of variable effectiveness. In chapter 3, I discuss the use of
the pepitope method to predict the dominant influenza strain and the expected
vaccine effectiveness in the coming flu season. I illustrate how the effectiveness
of the 2014/2015 A/Texas/50/2012 [clade 3C.1] vaccine against the
A/California/02/2014 [clade 3C.3a] strain that emerged in the population can be
estimated via pepitope. In addition, I show by a multidimensional scaling analysis
of data collected through 2014, the emergence of a new A/New
Mexico/11/2014-like cluster [clade 3C.2a] that is immunologically distinct from
Xi Li - August 2016
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the A/California/02/2014-like strains.
The last chapter discusses detecting the emergence of new flu strains. Early
detection of incipient dominant influenza strains is one of the key steps in the
design and manufacture of an effective annual influenza vaccine. In chapter 4, I
summarize the state of the predictive art and report the most current results for
pandemic H3N2 flu vaccine design. A 2006 model of dimensional reduction
(compaction) of viral mutational complexity derives two-dimensional Cartesian
mutational maps (2DMM) that exhibit an emergent dominant strain as a small
and distinct cluster of as few as 10 strains. I show that recent extensions of this
model can detect incipient strains one year or more in advance of their
dominance in the human population. My structural interpretation of my
unexpectedly rich 2DMM involves sialic acid, and is based on nearly 6000
strains in a series of recent 3-year time windows. Vaccine effectiveness is
predicted best by analyzing dominant mutational epitopes.

Keywords: Zeolite, Ring member, Influenza evolution, Vaccine effectiveness,
pepitope, Multidimensional reduction, Kernel density estimation
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2!ZEOLITES STRUCTURES

2.1!Introduction
2.1.1!Why Zeolites Are So Important
Zeolites are fascinating examples of SiO2 composition leading to a dramatic
diversity of architectures.1 There are over 200 known zeolite topologies, most of
which can be made synthetically, roughly 50 of which are naturally occurring.2
The pore and channel structures of zeolites make these materials selective
adsorbants and catalysts. For example, the ring size of the apertures of zeolite
frameworks varies between different topologies, and the results of kinetic
accessibility and catalytic test reaction are often interpreted in terms of the
limiting ring size in a given material. Here, for instance, a “seven-ring” refers to
a closed loop that is built from seven tetrahedrally coordinated silicon (or
aluminum) atoms and seven oxygen atoms.3 These rings are not always
perfectly flat or symmetrical due to a variety of effects, including strain induced
by the bonding with atoms not in the ring or coordination of some oxygen atoms
of the rings to cations within the structure.4,5 Therefore, the pore openings for all
rings of one size are not identical.6 Nonetheless, ring distribution is a
fundamental characteristic of a zeolite structure.
2.1.2!Zeolite Structures
It is remarkable how few known zeolites contain seven rings. Early quantum
mechanical studies were carried out to determine whether rings containing
seven Si atoms were energetically unfavorable.7 These studies concluded that
Xi Li - August 2016
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there is no energetic bias against seven-membered rings. Most zeolites are
highly symmetrical, and in monoclinic, rhombohedral, tetragonal, or
trigonal/hexagonal systems there is one unique axis which has higher rotational
symmetry than the other two axes and which might inhibit odd-membered rings.
Studies that sample the entire space of symmetrical structures, however, also do
not show a general bias against seven- membered rings.8,9 Other general
physiochemical properties of predicted zeolite structures, such as energy,
density, X-ray diffraction patterns, ring-size distributions other than seven, and
I/I(cor) are in good agreement with those from known zeolites. Thus, previous
work presents a conundrum as to why there are so few seven-membered rings in
known zeolites.
Predicted zeolite structures are often parametrized by their energy and density.
Indeed, most of the known zeolites lie near a line, the distance from which is
termed the feasibility factor.10 This line is at the low-density edge of the
distribution of predicted structures, presumably because zeolites nucleate from a
low-density solution, and a zeolite nucleates as soon as the density is high
enough to be within the distribution of possible structures.9 Thus, known
zeolites lie at the low-density edge of predicted, thermodynamically possible
structures.
Not only synthesizability but also other general features of predicted zeolites
may depend on their location in density− energy space. In particular, the
probability of a seven- membered ring in a structure may depend on the
coordinates in density−energy space. In this work, I measure the ring size
distribution as a function of distance from the low-density edge of the
distribution of predicted structures. This paper is organized as follows. Section
2 describes the Monte Carlo procedure used to sample the space of predicted
zeolite materials and the methods for construction of the ring size distributions
as a function of density and energy. Section 3 presents the histograms of ring
distributions, as a function of distance from the low-density structures. Section
4 discusses the results, focusing on how the probability of seven- and ninemembered rings differ between the low-density structures and higher-density
structures. I conclude in section 5.

4
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2.2!Methods
The database of predicted zeolite structures contains over 2.6 million distinct
topologies.9 The database was created by a Monte Carlo sampling of a zeolite
Hamiltonian, given constraints of symmetry and unit cell size. Unit cell sizes
consistent with known zeolites and all space groups were examined in the
construction of the database. Si atom positions were determined from the Monte
Carlo sampling and then optimized to determine final Si and O atom positions
in the unit cell. Two distinct interatomic potentials, Sanders−Leslie−Catlow
(SLC) and van Beest−Kramer−van Santen (BKS), were used.11,12 For each
structure, the atomic positions as well as several structural properties, such as
unit cell parameters and symmetry, density, computed energy, dielectric
constant, compressibility, and ring distributions, were computed. There are over
330K structures within +30 kJ/mol Si of α-quartz in the SLC database and over
590K within +65 kJ/mol Si of α-quartz in the BKS database. I note that BKS
1

energy differences must be scaled by a factor of /3 to agree with experiments.
These structures are considered to be thermodynamically accessible and hence
especially interesting from the point of view of synthesis of novel zeolites. I
here analyzed the database of structures with the SLC interatomic potential,
including only structures within +30 kJ/mol Si of α-quartz, as the SLC
interatomic potential is generally regarded as accurate for zeolites.13

Most known zeolites are near a line in density−energy space.10 The distribution
of predicted structures and this line are shown in Figure 2.1. In the present
calculations, structures with ultralow densities below 10 Si/1000 Å3 were
excluded. Structures were classified by their feasibility factor,10 d, the signed
distance from the line fit to known structures.8 The properties of the predicted
structures in bands from d to d + 1 were calculated. The nine intervals in the
range from −4 to +5 were considered. Most of the known zeolites lie in this
range.

Xi Li - August 2016
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Figure 2.1: Energy−density distributions for computationally predicted zeolite
structures.
(a) All predicted structures. A linear fit to the known zeolites is shown as a red
line.9 (b) Structures, excluding those with density below 10 Si/1000 Å3. The
signed feasibility factor,10 d, is the distance from the linear fit to the known
zeolites. The signed feasibility factor is the length of the blue arrow, positive to
the right of the red line, and negative to the left. Known zeolites have low
absolute values of d. All predicted structures between the two yellow lines were
used in the calculation of the ring histograms.

6
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The ring size distributions were calculated for each band d to d + 1. A ring is
defined by the number of Si atoms within it. The size distributions were
calculated for fundamental rings, and a fundamental ring was defined as a ring
that cannot be divided into a set of smaller rings.5,14 The minimum number of
bonds between any two atoms in a fundamental ring is given by the number of
bonds that separate them on the ring; there is no other shorter path connecting
them in the rest of the zeolite. Ring sizes from 3 to 20 were tabulated for each
zeolite. Ring histograms were computed per unit cell of the zeolite, and each
fundamental ring identified was weighted by its fraction contained within the
primary unit cell. Ring histograms from different structures were averaged

Xi Li - August 2016
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within the band d to d + 1, where each structure was weighted by its unit cell
volume. Figure 2.1b shows the distribution of zeolites for which ring histograms
are calculated.
2.3!Density and Energy Distribution
The density−energy distribution of predicted zeolite structures in the SLC
database is shown in Figure 2.1a. There are two parts to the distribution. There
is a main distribution with densities above 10 Si/1000 Å3. This is the
distribution used in the present work and shown in Figure 2.1b. There is also a
low-density distribution with densities below 10 Si/1000 Å3. While several
intriguing zeolites with densities in this range have recently been
synthesized,15,16 this part of the distribution was not considered in the present
work. The limits of d = −4 and d = 5 shown in Figure 2.1b define the lowdensity structures that are the focus of the present work.
2.4!Ring Histograms Depend on the Feasibility Factor
Histograms of ring sizes were calculated for feasibility factors between d = −4
and 5, in bands of d to d + 1. Results are shown in Figure 2.2. I see that the
probability of a seven-ring decreases as the density decreases from the central
part of the distribution to the low-density edge of the distribution. That is, the
results show that known zeolites, which have a low value of |d|, should have a
smaller probability of a seven-ring than does the average zeolite in the predicted
database. The known zeolites used to defined the feasibility factor lie in the
range [−3,10].8

8
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Figure 2.2: Ring Size Distribution
Ring size distributions according to different feasibility values. Results are
shown for each stripe d to d + 1. Note that the probability of a seven-membered
ring decreases as d is reduced to the low-density edge of the distribution of
predicted structures.

Xi Li - August 2016
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2.5!Probability of Seven-Membered Rings Depends on the Feasibility Factor
One of the most striking results of Figure 2.2 is the dependence of the
probability of a seven- membered ring on the feasibility factor. In Figure 3, this
probability is displayed as a function of the feasibility factor. This probability is
shown for the nine bands of structures considered, those within the yellow lines
of Figure 2.1b.

Xi Li - August 2016
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Figure 2.3: Probability of Seven-Membered Ring
Probability of a seven-membered ring, as it depends on the feasibility factor.
These data were taken from Figure 2.2.
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2.6!Discussion
The database provides an unbiased sample of possible zeolite structures. What I
have shown is that known zeolites lie in a range of energy−density space in
which seven-rings are rare. This result is not a priori obvious.
Zeolites are often thought to be metastable species, at least in the absence of
organic structure-directing agents and synthesis solution conditions, perhaps
kinetically determined. Indeed, kinetic limitations likely explain why zeolites
are at the low- density edge of predicted structures. As a zeolite nucleates from
a low-density solution to a condensed phase, the density increases, and when the
trajectory in energy−density space reaches the low-density edge of the
distribution of possible zeolites (Figure 2.1a), a zeolite nucleates.9 Thus, most
known zeolites are at the low-density edge of the distribution of possible
zeolites.
The present results show that the kinetic limitation to be at the low-density edge
of possible structures implies a reduction in the probability of seven-rings. As
shown in Figure 2.3, the probability of observing a seven-membered ring in a
predicted zeolite increases with an increase of the signed feasibility factor.
Known zeolites are at lower values of the feasibility factor, near the low-density
edge of the distribution of possible zeolites, as shown in Figure 2.4. The
feasibility factor range of [−3,1] covers nearly 80% of all known structures. The
histogram of ring sizes is shown for the known zeolites in Figure 2.5. Therefore,
known zeolites have a lower probability of a seven-ring than the bulk of the
predicted structures in the SLC database. Alternatively, one may say that the
low-density edge of the distribution of predicted structures is most
representative of the currently known zeolites.17 The best agreement between
the predicted structures and the known structures appears in the feasibility
factor range of [−3,−1].

Xi Li - August 2016
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Figure 2.4: Feasibility Distribution of Known Zeolites
Histogram of the known zeolites as a function of the signed feasibility factor.
These structures cluster around the red line in Figure 2.1.
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Figure 2.5: Ring Size Distribution of Known Zeolite Structures
Ring size distribution of the known zeolite structures: (a) all known zeolites and
(b) known zeolites, excluding structures with three-membered rings. Note that
nine-membered rings are rarely observed in the absence of three-membered
rings.

Xi Li - August 2016
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As noted above, there is agreement between the known zeolite structures and
the predicted structures for the probability of seven-membered rings in the
range [−3,1], in which most known feasibility factors lie. This result explains
why there are so few seven-rings in the known zeolites: the database of
predicted structures shows there are few seven-rings in structures with
feasibility factors less than 1. That is, seven- membered rings are relatively rare
in parts a−e of Figure 2.2 compared to the rest of the figure, the average of
which is shown as Figure 2.2a in ref 9.
In the known zeolites, ring size 3 and 9 are correlated and tend to occur
simultaneously in the same structure. This trend is demonstrated by a
comparison of parts a and b in Figure 2.5. While some three-membered rings

22
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occur in the predicted structures, they are highly strained and are not common.
In known zeolites, three-membered rings usually require the presence of
heteroatoms such as beryllium, zinc, or germanium.18 Thus, there are more ninerings in the known zeolites than in the predicted structures because the predicted
pure silica structures have fewer three-membered rings than do the known
structures. The histograms of known structures in Figure 2.5b are similar to the
histogram from the low-density predicted structures, with feasibility factor in
the range [−3, −1] (see TOC entry).
Many properties of the bulk distribution of predicted zeolites are similar to
those of the known zeolites. Other than the probability of seven-membered
rings, the ring histograms are quite similar. For example, the probability of oddmembered, large rings is low in both the predicted and known zeolite structures.
Other properties of the predicted structures, such as powder X-ray diffraction
patterns, are also similar to those of known zeolites.9
These results for the dependence of the seven-ring probability on the feasibility
factor illustrate the value of partitioning the database of predicted structures into
low- and high-density materials.17 While some of the properties of the materials
may be relatively uniform in the density−energy space, others may be more
sensitive to the coordinates in density−energy space. For example, in addition to
the probability of seven-rings, the ease of synthesis also depends on the
feasibility factor. It may be the case that other interesting features depend on the
feasibility factor. Furthermore, it may be the case that known zeolites and the
predicted materials may differ in more subtle ways that depend on variables in
addition to the feasibility factor. Further screens of the database for performance
metrics and, hopefully, synthesis of some of the predicted structures will shed
light on the distributions of known, possible, and predicted zeolite structures.
This database may be used to identify newly made materials, search for novel
materials with defined function, or motivate the synthesis of new materials. For
example, the recently discovered ITQ-4016 is an example of a 16-membered ring
structure whose general class was predicted to exist a decade ago before any
such materials were known.5 The recently discovered ITQ-5119 is another
example of a 16-membered ring zeolite and is in the database.9 In the search for
new known materials in the database of predicted structures, low-density
predicted structures should be preferentially examined. Conversely, when
screening the database of predicted structures for potential applications, lowXi Li - August 2016
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density structures should be given preferential weight, as was done in the
screening of carbon capture materials.17
2.7!Conclusion
The observed frequency of seven-membered rings in zeolite structures is lower
than previous energetic, quantum mechanical, and crystallographic arguments
can explain. A partitioning of the database of predicted zeolite structures by
density and energy was considered. It was shown that the probability of sevenmembered rings decreases as the density is decreased toward the low-density
edge of the distribution of predicted zeolites. Thus, not only does the feasibility
of zeolite synthesis increase as density is lowered but also does the probability
of a seven-membered ring decrease.
The database of computationally predicted zeolite-like materials contains over
2.6 million unique structures. Roughly 330K of the materials in the SLC portion
of the database lie within the +30 kJ/mol Si energetic band above α-quartz in
which the known zeolites lie. Additionally, 80% of the known zeolites have a
feasibility factor less than 1. The subset of the database of predicted structures
in this feasibility range shows a reduced seven-membered ring probability,
consistent with the known zeolites. These low-density predicted structures are
of most interest in screening of the database for new functional materials to be
synthesized with current zeolite synthesis techniques. Of the 330K predicted
structures, 26282 lie in the low-dimensional feasibility factor range of [−3,1].
Perhaps the evolutionary method to design chemically synthesizable linkers will
aid in the synthesis of some of these new, predicted materials.20,21

24
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3!INFLUENZA EVOLUTION AND VACCINE EFFECTIVENESS

3.1!Introduction
Influenza is a highly contagious virus, usually spread by droplet or fomite
transmission. The high mutation and reassortment rates of this virus lead to
significant viral diversity in the population.22,23 In most seasons and regions, one
type of influenza predominates among infected people, typically A/H1N1,
A/H3N2, or B. In the 2014/2015 season, A/H3N2 was the most common.24
While there are many strains of influenza A/H3N2, typically there is a dominant
cluster of strains that infect most people during one winter season. Global travel
by infected individuals leads this cluster of sequences to dominate in most
affected countries in a single influenza season. New clusters arise every 3–5
years by the combined effects of mutation and selection.25,26 There is significant
selection pressure upon the virus to evolve due to prior vaccination or
exposure.27,28
Due to evolution of the influenza virus, the strains selected by the World Health
Organization (WHO) for inclusion in the seasonal vaccine are reviewed
annually and often updated. The selection is based on which strains are
circulating, the geographic spread of circulating strains, and the expected
effectiveness of the current vaccine strains against newly identified strains.29
There are to date 143 national influenza centers located in 113 countries that
provide and study influenza surveillance data. Five WHO Collaborating Centers
for Reference and Research on Influenza (Centers for Disease Control and
Prevention in Atlanta, Georgia, USA; National Institute for Medical Research in
London, United Kingdom; Victorian Infectious Diseases Reference Laboratory
in Melbourne, Australia; National Institute of Infectious Diseases in Tokyo,
Japan; and Chinese Center for Disease Control and Prevention in Beijing,
26
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China) are sent samples for additional analysis. These surveillance data are used
to make forecasts about which strains are mostly likely to dominate in the
human population. These forecasts are used by the WHO to make specific
recommendations about the strains to include in the annual vaccine, in 2016 one
each of a A/H1N1, A/H3N2, and influenza B Yamagata lineage or Victoria
lineage subtype strain. Additionally, for each recommended strain there is often
a list of 5–6 “like” strains that may be substituted by manufacturers for the
recommended strain and which may grow more readily in the vaccine
manufacturing process that uses hen’s eggs.
I here focus on predicting the expected effectiveness of the current vaccine
strains against newly identified strains and on predicting or detecting the
emergence of new influenza strains. Predicting effectiveness or emergence
without recourse to animal models or human data is challenging. The influenza
vaccine protects against strains similar to the vaccine, but not against strains
sufficiently dissimilar. For example, the A/Texas/50/2012(H3N2) 2014/2015
Northern hemisphere vaccine has been observed to not protect against the
A/California/02/2014(H3N2) virus. Furthermore, there is no vaccine that
provides long-lasting, universal protection, although this is an active research
topic.30
Vaccine effectiveness is expected to be a function of “antigenic distance.”
While antigenic distance is often estimated from ferret animal model
hemagglutination inhibition (HI) studies, the concept is more general. In
particular, in the present study I am interested in the antigenic distance that the
human immune system detects. A measurement of antigenic distance that is
predictive of vaccine effectiveness for H3N2 and H1N1 influenza A in humans
is pepitope.31-35 I show that this approach correlates with H3N2 vaccine
effectiveness in humans with R2 = 0.75. The quantity pepitope is the fraction of
amino acids in the dominant epitope region of hemagglutinin that differ
between the vaccine and virus.32 The structure of the H3N2 hemagglutinin is
shown in Figure 3.1, and the five epitopes are highlighted in color. The quantity
pepitope is an accurate estimate of influenza antigenic distance in humans.
Previous work has shown that pepitope correlates with influenza H3N2 vaccine
effectiveness in humans with R2 = 0.81 for the years 1971–2004.32 While my
focus here is H3N2, other work has shown that pepitope also correlates with
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influenza H1N1 vaccine effectiveness in humans.34,36 The pepitope measure has
been extended to the highly pathogenic avian influenza H5N1 viruses.37 The
pepitope measure has additionally been extended to veterinary applications, for
example equine H3N8 vaccines.38
Figure 3.1: Molecular Structure of Hemagglutinin in H3N2
Shown is the structure of hemagglutinin in H3N2 (accession number 4O5N).
The five epitope regions32 are color coded: epitope A is red (19 amino acids), B
is yellow (21 aa), C is orange (27 aa), D is blue (41 aa), and E is green (22 aa).
Note epitope B was dominant in 2013/2014 and 2014/2015.

In order to determine the strains to be included in the vaccine, the emergence of
28
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new strains likely to dominate in the human population must be detected. I here
use the method of multidimensional scaling to detect emerging strains. As an
example, I apply the approach to the 2014–2015 season. Dominant, circulating
strains of influenza H3N2 in the human population typically have been present
at low frequencies for 2–3 years before fixing in the population. While the
frequencies of such emerging strains are low, they are high enough that samples
are collected, sequenced, and deposited in GenBank. Multidimensional scaling,
also known as principal component analysis,39 has been used to identify clusters
of influenza from animal model data.25 Thus, this method can be used to detect
an incipient dominant strain for an upcoming flu season from sequence data
alone, before the strain becomes dominant.26 I here use this method to detect
emerging strains in the Northern Hemisphere 2014–2015 season. Interestingly,
H3N2 evolves such that the reconstructed phylogenetic tree has a distinct onedimensional backbone.26,40
In this paper, I show that the current A/Texas/50/2012 vaccine is predicted not
to protect against the A/California/02/2014 strain that has emerged in the
population, consistent with recent observations.41 This A/California/02/2014
strain can be detected and predicted as a transition from the A/Texas/50/2012
strain. The proposed Southern Hemisphere summer 2015 and Northern
Hemisphere 2015/2016 vaccine strain is A/Switzerland/9715293/2013, which is
identical in the expressed hemagglutinin (HA1) region to the
A/California/02/2014 strain.42 Furthermore, I find that there is in 2015/2016 a
transition underway from the A/California/02/2014 cluster to an A/New
Mexico/11/2014 cluster. The latter may be an appropriate vaccine component
for Northern Hemisphere 2015/2016 season, because the new A/New
Mexico/11/14 cluster is emerging and appears based upon representation in the
sequence database to be displacing the A/California/02/14 cluster.

3.2!Methods
3.2.1!The pepitope Method
I calculate pepitope, the fraction of amino acids in the dominant epitope region of
hemagglutinin that differ between the vaccine and virus.32 I use epitope sites as
in [32] and illustrated in Fig. 1. For each of the five epitopes,31,32 I calculate the
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number of amino acid substitutions between the vaccine and virus and divide
this quantity by the number of amino acids in the epitope. The value of pepitope is
defined to be the largest of these five values.
3.2.2!Identification of Vaccine Strains and Circulating Strains
The dominant circulating influenza H3N2 strain and the vaccine strain were
determined from annual WHO reports.41-53 These strains are listed in Table 3.1.
In many years, the WHO report lists a preferred vaccine strain, while the actual
vaccine is a “like” strain. Additionally, in some years, different vaccines were
used in different regions. For each study listed in Table 3.1, the vaccine strain
used is listed.
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Table 3.1 Historical vaccine strains, circulating strains and vaccine effectiveness
H3N2 influenza vaccine effectiveness in humans and corresponding pepitope antigenic distances for the 2004 to 2015
seasons. The vaccine and circulating strains are shown for each of the years since 2004 that the H3N2 virus has been the
predominant influenza virus and for which vaccine effectiveness data are available. Vaccine effectiveness values are taken
from the literature. Here Nu is the total number of unvaccinated subjects, Nv is the total number of vaccinated subjects,
nu is the number of H3N2 influenza cases among the unvaccinated subjects, and nv is the number of H3N2 influenza
cases among the vaccinated subjects. Also shown are the distances derived from ferret HI data by the two common
measures32.
!
Year!
!

!
Vaccine!
!

!
!

!
2004–05!!!A/Wyoming/3/2003!
(AY531033)!
2005–06!!A/New!York/55/2004!
(AFM71868)!
2006–07!!!A/Wisconsin/67/2005!
(ACF54576)!
2007!
A/Wisconsin/67/2005!
(ACF54576)!
2008–09!!A/Brisbane/10/2007!
(ACI26318)!
2010–11!!A/Perth/16/2009!
(AHX37629)!

Circulating!strain!
!
!

!!!!!!Dominant!!!!!!
!!!!Strain!Epitope!

!

!

A/Fujian/411/2002!
(AFG72823)!

!!!B!

A/Wisconsin/67/2005!
(AFH00648)!
A/Hiroshima/52/2005!
(ABX79354)!
A/Wisconsin/67/2005!
(AFH00648)!
A/Brisbane/10/2007!
(AIU46080)!
A/Victoria/208/2009!
(AIU46085)!

2011–12!!A/Perth/16/2009!
(AHX37629)!

A/Victoria/361/2011!
(AIU46088)!

2012–13!!!A/Victoria/361/2011!
(AGB08328)!
2013–14!!!A/Victoria/361/2011!
(AGL07159)!
2014–15!!A/Texas/50/2012!
!
(AIE52525)!

A/Victoria/361/2011!
(AIU46088)!
A/Texas/50/2012!
(AIE52525)!
A/California/02/2014!
(AIE09741)!

!

Pepitope

Vaccine effectiveness

!0.095!!!!!!! ! ! ! !

! ! ! 9%!

50!

!

nu

!!!!!!!!!!!6!

Nu

nv

Nv

d1

d2

!!!40!!!!!!!!50!!!!!!!367!!!!!!2!61! ! ! ! ! ! ! ! ! ! ! 1!61!

A!

!!!!!!!!!!!!!!!!!!!!0.053!!!!! ! ! ! ! ! !

36%!62 !

!

!!!!!!!43!!!! ! ! 165!!!!!!!!6!!!!!!!!!36!!!!!1!63 ! ! ! ! ! ! ! ! ! ! ! 2!63!

A!!!
!
B!
!
!

!!!!!!!!!!!!!!!!!!!!0.105!!!!! ! ! ! ! !
!
!!!!!!!!!!!!!!!!!!!!0.048!!!!!! ! ! ! ! ! !

! 5%!

!

!!!!!!130!!!!!!!406!!!!!!!!20!!!!!!!66!!!!!!!1!65! ! ! ! ! ! ! ! ! ! ! 2!65!

54%!66!

!

!!!!!!!74!!!!! ! ! 234!!!!!!!!!!8!!!!!!! 55!

51%!67!

!

!!!!!!!36!!!!! ! ! 240!!!!!!!!!!4!!!!!!! 54!

!!!

0!!!!!! ! ! ! ! !

!!!

64!

!!!A!

!

!0.053!!!! ! ! ! ! !

! 39%!

51,68!!

100!!!!!!!991!!!!!!!!!35!!!!569!!!!!!0!69! ! ! ! ! ! ! ! ! 1.4!69!

!!!C!

!

!0.111!!!!! ! ! ! ! !

! 23%!

52,70!

335!!!!!!!!616!!!!!!!!!47!!!!!112!!!!!!1!71! ! ! ! ! ! ! ! ! ! 2.8!71!

!!B!
!
!!B!
!
!!B!

!

0.095!!! ! ! !

!

35%!72 !

!

!!!!!288!!!!!!!1257!!!!!!15!!!!!100!!!!!!5!73!!!!!!!!!!!!!!473!

!

0.190!!!! ! ! !

!

12%!74 !

!

!!!!!145!!!!!!!!476!!!!!!!!16!!!!!!60!!!!!!!5!73!!!!!!!!!!!!!!473!

!

0.191!!!! ! ! ! ! ! !

14%!24 !

!

!!!!!135!!!!!!!!342!!!!!!!100!!!!293!!!!!4!54 !!!!!!!!!!!5.6!54!

!
!

!
!
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3.2.3!Estimation of Vaccine Effectiveness
Vaccine effectiveness can be quantified. It is defined as:32
!=

#$%
#

(1)

where u is the rate at which unvaccinated people are infected with influenza,
and v is the rate at which vaccinated people are infected with influenza. The
vaccine effectiveness in Eq. 1 was calculated from rates of infection observed in
epidemiological studies. Influenza H3N2 vaccine effectiveness values for years
1971–2004 are from studies previously collected.32 Laboratory-confirmed data
for the years 2004–2015 were collected from the studies cited in Table 3.1.
Epidemiological data from healthy adults, aged approximately 18–65, were
used. For each study, the total number of unvaccinated subjects, Nu, the total
number of vaccinated subjects, Nv , the number of H3N2 influenza cases among
the unvaccinated subjects, nu, and the number of H3N2 influenza cases among
the vaccinated subjects, nv , are known and listed in the table. From these
numbers, vaccine effectiveness was calculated from Eq. 1, where u = nu/Nu and
v = nv/Nv . Error bars, ε, on the calculated effectiveness values were obtained
assuming binomial statistics for each data set32: ε2 = [σ2/u2/Nv +
(v/u2)2σ2/Nu], where σv 2 = v(1-v), and σu 2 = u(1-u).
3.2.4!Virus Sequence Data in 2013 and 2014
The evolution of the HA1 region of the H3N2 virus in the 2013/2014 and
2014/2015 seasons was analyzed in detail. I downloaded from GenBank the
1006 human HA1 H3N2 sequences that were collected in 2013 and the 179
human HA1 H3N2 sequences that were collected in2014.
3.2.5!Sequence Data Alignment
All sequences were aligned before further processing by multialignment using
Clustal Omega. Only full length HA1 sequences of 327 amino acids were used,
as partial sequences were excluded in the GenBank search criterion. Default
clustering parameters in Clustal Omega were used. There were no gaps or
deletions detected by Clustal Omega in the 2013 and 2014 sequence data.
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3.2.6!Multidimensional Scaling
Multidimensional scaling finds a reduced number of dimensions, n, that best
reproduce the distances between all pairs of a set of points. In the present
application, the points are HA1 sequences of length 327 amino acids, and the
data were reduced to n = 2 dimensions. Distances between two sequences were
defined as the Hamming distance, i.e. the number of differing amino acids,
divided by the total length of 327. In this way, multidimensional scaling places
the virus sequences in a reduced sequence space so that distances between pairs
of viral sequences are maintained as accurately as possible. This lowdimensional clustering method enables one to visualize the viruses, by finding
the two best dimensions to approximate the Hamming distances between all
clustered sequences.
3.2.7!Gaussian Kernel Density Estimation
The method of Gaussian kernel density estimation was used to predict the
probability density of sequences in the reduced sequence space identified by
multi-dimensional scaling.26 Briefly, each sequence was represented by a
Gaussian distribution centered at the position where the sequence lies in the
reduced space. The total estimated viral probability density was the sum of all
of these Gaussians for each virus sequence. The weight of the Gaussian for each
sequence was constant. The standard deviation of the Gaussian for each
sequence was roughly one-half amino acid substitution in the dominant epitope,
σ=0.5 / 327. In other words, the reconstructed probability density of the viruses
given by p(x, y) ∑ exp{−[(& − & )2 + (' − ' )2]/(2(2)} , where the location )))
of virus i in the reduced space is (xi, yi), and σ is the standard deviation. In this
way, a smooth estimation of the underlying distribution of virus sequences from
which the sequences deposited in GenBank are collected is generated.
There are three criteria by which a new cluster can be judged to determine if it
will dominate in the human population in a future season. First, the cluster must
be evident in a density estimation. Second, the cluster must be growing. That is,
there must be evident selection pressure on the cluster. Third, the cluster must
be sufficiently far from the current vaccine strain, as judged by pepitope, for the
vaccine to provide little or no protection against the new strains. From prior
work32 and from the results discussed below, peaks separated by more than
roughly pepitope = 0.19 are sufficiently separated that protection against the
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virus at one peak is expected to provide little protection against the viruses at
the other.

3.3!Results and Discussion
3.3.1!Vaccine Effectiveness Correlates with Antigenic Distance

Figure 3.2: Vaccine Effectiveness as a Function of pepitope
Vaccine effectiveness in humans as a function of the pepitope antigenic distance.
Vaccine effectiveness values from epidemiological studies of healthy adults,
aged approximately 18–65, are shown (triangles). Also shown is a linear fit to
the data (solid, R2 = 0.75). Vaccine effectiveness declines to zero at pepitope = 0.19
on average. The error bars show the standard estimate of the mean of each
sample point, as discussed in the text.
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Figure 3.2 shows how vaccine effectiveness decreases with antigenic distance.
The equation for the average effectiveness (the solid line in Figure 3.2) is
E = −2.417 pepitope+ 0.466.
Vaccine effectiveness declines to zero at approximately pepitope > 0.19, on
average. When the dominant epitope is A or B, in which there are 19 or 21
amino acids respectively, this means that vaccine effectiveness declines to zero
after roughly 4 substitutions. When the dominant epitope is C, in which there
are 27 amino acids, the vaccine effectiveness declines to zero after roughly 5
substitutions.
Figure 3.2 shows that H3N2 vaccine effectiveness in humans correlates well
with the pepitope measure of antigenic distance. In particular, the Pearson
correlation coefficient of pepitope with H3N2 vaccine effectiveness in humans is
R2 = 0.75. Interestingly, this correlation is nearly the same as that previously
reported for the 1971–2004 subset of years,32 despite the addition of 50% more
data. Also of significance to note is that these correlations with pepitope are
significantly larger than those of ferret-derived distances with vaccine
effectiveness in humans, which are R2 = 0.39 or R2 = 0.37 for the two most
common measures.32

3.3.2!Consistency of Epitopic Sites
Analysis of HA1 sites shows that of the sites under diversifying selection35
shows, there are only 10 that by this measure should be added to the 130 known
epitope sites.32 Alternatively, of the sites under diversifying selection, 81% are
within the known epitope regions.35 The 130 epitope sites that I have used
nearly cover the surface of the head region of the HA1 protein, and this is why
they are nearly complete. Another recent study54 identified epitopes somewhat
different from those that I use and further suggested that proximity to receptor
binding site is a significant determinant of H3 evolution. Distance from the
sialic acid receptor binding site is significant because the sialic acid receptor
binding site is in epitope B, which is adjacent to epitope A, and epitopes A and
B are the most commonly dominant epitopes over the years (Table 3.1, and
Table 1 of [32]). I note, however, that upon computing the correlation of pepitope
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using the four epitope sites defined in [54] with the human vaccine effectiveness
2
data considered here, one finds R =0.53. This result is to be compared to the
2
R =0.75 illustrated in Figure 3.2.
3.3.3!The Influenza A/H3N2 2014/2015 Season
The 2014/2015 influenza vaccine contains an A/Texas/50/2012(H3N2)-like
virus to protect against A/H3N2 viruses.41 Novel viral strains detected in the
human
population
this
year
include
A/Washington/18/2013,
A/California/02/2014, A/Nebraska/4/2014, and A/Switzerland/9715293/2013.53
It should be noted that A/California/02/2014 and A/Switzerland/9715293/2013
are completely identical in the HA1 sequence that contains the HA epitopes.
(There is one substitution each in epitopes A, B and D for the
A/Switzerland/9715293/2013 E4/E2 strains.) Table 3.2 shows the pepitope values
between the vaccine strain and these newly-emerged strains. The values
indicate, along with Figure 3.2, that the vaccine is unlikely to provide much
protection against these strains, because pepitope >0.19.
Table 3.2 The pepitope Distances to A/Texas/50/2012(egg)
The pepitope distances between the vaccine strain A/Texas/50/2012(egg) and
reported novel strains54 in 2013 and 2014. The pi values for each epitope (i = A–
E), the number of substitutions in epitope i divided by the number of amino
acids in epitope i, are also shown. The value of pepitope is the largest of the pi
values, and the corresponding epitope i is dominant. Zero values indicate no
substitutions in that epitope.
pi for each epitope i
Strain'name'

Collection'date'

A'

B'

C'

D'

E'

pepitope '

predicted''effectiveness'

A/Texas/50/2012(cell)'

2012@04@15'

0'

0.0476'

0'

0.0244'

0'

0.0476'

35%'

A/Washington/18/2013' 2013@11@29'

0.1053'

0.1905'

0'

0.0244'

0'

0.1905'

0%'

A/California/02/2014'

2014@01@16'

0.1579'

0.1905'

0'

0.0244'

0'

0.1905'

0%'

A/Nebraska/04/2014'

2014@03@11'

0.1053'

0.2381'

0.0370'

0.0244'

0.0455'

0.2381'

0%'

3.3.4!Dynamics of Influenza Evolution
Figure 3.3: Multidimensional Reduction of H3N2 Sequences in Human
36
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Dimensional reduction of all H3N2 influenza sequences collected from humans
in 2013 and 2014 and deposited in GenBank. Distances are normalized by the
length of the HA1 sequence, 327 aa. Dimensional reduction identifies the
principal observed substitutions, i.e. those correlated with fitness of the virus,
which I expect to be in the epitope regions. A value of pepitope = 0.19 corresponds
to a distance of 0.012 here. Sequences from Table 3.2 are labeled. While the
A/Texas/50/2012 sequence was collected in 2012, substantially similar strains
were collected in 2013 and downloaded from GenBank.

0.02

0.015
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0.01
Sep.2013
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0
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−0.015
A/Texas/50/2012
Dec.2012
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0
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The strains detected in 2013 and 2014 cluster in sequence space. While the
strains are sparse in the full, high-dimensional sequence space, this clustering is
detected by multidimensional scaling to the two most informative dimensions,
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as shown in Figure 3.3. The novel strain A/Washington/18/2013 emerged in
2013, followed by A/California/02/2014 and A/Nebraska/4/2014 in 2014, as
shown in Figure 3.3. The later two are sufficiently distinct from previous
vaccine strains that expected vaccine effectiveness is limited.
Figure 3.4: Gaussian Density Estimation of Sequences in 2-D Space
Gaussian density estimation of sequences in reduced two dimensions for (a) all
2013 H3N2 influenza sequences in humans, (b) those 2014 H3N2 influenza
sequences in humans near the A/Texas/50/2012 sequence, and (c) all 2014
H3N2 influenza sequences in humans. The consensus strain of the cluster to
which A/ Nebraska/4/2014 belongs is A/New Mexico/11/2014.
(a)
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(b)

(c)
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Figure 3.4 is an estimate of the density distribution of the influenza H3N2 HA1
sequences in years 2013 and 2014 in the low-dimensional space provided by the
multidimensional scaling. Dimensional reduction was applied to the subset of
sequences in each subfigure 3.4 a, b, or c. Then, Gaussian kernel density
estimation was applied to estimate the distribution of sequences in the reduced
two dimensions. Each sequence is represented by a Gaussian function with a
standard deviation of one-half substitution in the dominant epitope.
By the criteria above, A/California/02/2014(H3N2) represented the dominant
strain circulating in the human population in 2014/2015. The time evolution in
Figure 3.3, or a comparison of Figure 3.4a with Figure 3.4b, shows that the
A/California/02/2014 cluster emerged in 2014. Table 3.2 shows that the
distance of this new cluster from the A/Texas/50/2012(egg) strain is pepitope >
0.19, and so from Figure 3.2 the expected effectiveness of
A/Texas/50/2012(egg) against these novel A/California/02/2014-like strains is
40
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zero. Conversely, an effective vaccine for this cluster in the 2014/2015 flu
season could be A/California/02/2014, or the A/Switzerland/9715293/2013 that
is identical in the HA1 region.
3.3.5!Early detection of new dominant strains
Surprisingly, when I enlarge the region of sequence space considered, going
from Figure 3.4b to Figure 3.3 or Figure 3.4c, I find another large and growing
peak at a distance pepitope = 0.24 from the A/Texas/50/2012 sequence. This new
cluster contains the A/Nebraska/4/2014 sequence. The A/Nebraska/4/2014
sequence is pepitope = 0.16 from the A/California/02/2014 sequence. The
A/Nebraska/4/2014
sequence
appears
to
be
dominating
the
A/California/02/2014 sequence in the 2015/2016 season. The consensus strain
of this cluster to which A/Nebraska/4/2014 belongs is A/New Mexico/11/2014.
The consensus strain minimizes the distance from all strains in the cluster, thus
maximizing expected vaccine effectiveness. Thus, A/New Mexico/11/2014
might be a more effective choice of vaccine for the majority of the population in
comparison to A/Switzerland/9715293/2013 or A/California/02/2014.
3.3.6!Phylogenetic Analysis
A systematic phylogenetic analysis of recent A/H3N2 virus HA nucleotide
sequences has been carried out.55,56 Briefly, phylogenetic trees were
reconstructed from three reference sequence datasets using the maximum
likelihood method,55 with bootstrap analyses of 500 replicates. Dominant
branches of the tree were identified with distinct clade labels. Analysis of the
HA protein sequences showed that there were relatively few residue changes
across all HA clades. The 2014 vaccine strain A/Texas/50/2012 falls into clade
3C.1, while the new emerging A/California/02/2014 strain falls into subclade
3C.3a. The A/Nebraska/4/2014 and the consensus A/New Mexico/11/2014
strains fall into subclade 3C.2a. The phylogenetic analysis indicates a closer
relationship of A/Nebraska/4/2014 or A/New Mexico/11/2014 to
A/California/02/2014 than to A/Texas/50/2012.

Note that phylogenetic methods make a number of assumptions. For example,
substitution rates at different sites are assumed to be the same and constant in
time. Due to selection, however, substitution rates are dramatically higher, at
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least 100x, in dominant epitope regions than in non-dominant epitope or stalk
regions. Multi-gene phylogenetic methods are inconsistent in the presence
reassortment, and single-gene phylogenetic methods are inconsistent in the
presence of recombination, with the former being perhaps more significant than
the latter in the case of influenza. Multidimensional scaling, on the other hand,
does not make either of these assumptions. MDS also naturally filters out
neutral substitutions that are random as the dominant dimensions are identified.
Thus, MDS provides a complementary approach to the traditional phylogenetic
analysis.
3.3.7!Ferret HI Analysis
Since an analysis showing the correlations between the two standard methods of
analyzing ferret hemagglutinin inhibition antisera assays with vaccine
2
2
effectiveness in humans in the years 1968-2004 were R =0.47 and R =0.57,32 a
number of studies have appear supporting these low correlations. For example,
Table 3 of [57] shows that correlation of various immunogenicity parameters is
higher with genetic distance than with HI measures of antigenic distance. The
study by Xie et. al. (2015) further illustrated the limitations of relying on ferret
HI data alone.58 I have updated my calculation of the correlations between the
two standard methods of analyzing ferret hemagglutinin inhibition antisera
assays with vaccine effectiveness in humans to the years 1968-2015, see [32]
and the last two columns of Table 1. The correlations with d1 and d2 are now
2
2
R =0.39 and R =0.37 respectively, showing that ferret HI studies have become
even less correlated with human vaccine effectiveness in recent years.

3.4!Conclusion
In conclusion, I have shown how vaccine effectiveness can be predicted using
pepitope values. This method requires only sequence data, unlike traditional
methods that require animal model data, such as ferret HI assay experiments or
42
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post-hoc observations in humans. Interestingly, the correlation of pepitope with
H3N2 vaccine effectiveness in humans is R2 = 0.75, nearly the same as that
previously reported for the 1971–2004 subset of years,32 despite the addition of
50% more data. The correlation of H3N2 vaccine effectiveness in humans with
p
is significantly larger than with ferret-derived distances, which are R2 =
epitope

0.37 or R2 = 0.37 for the two most common measures.32 As an application, I
estimated the effectiveness of the H3N2 vaccine strain of A/Texas/50/2012
against the observed A/California/02/2014 strains.
Clustering of the 2013 and 2014 sequence data confirms the significance of the
pepitope measure. I showed from data through 2014 that there is a transition
underway from the A/California/02/2014 cluster to a A/New Mexico/11/2014
cluster. The consensus sequence of A/New Mexico/11/2014 from this cluster
could have been considered in late Winter 2015 for inclusion among the H3N2
candidate vaccine strains for the 2015/2016 flu season.
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4!EARLY RECOGNITION OF EMERGING FLU STRAIN CLUSTERS

4.1!Introduction

Influenza is an RNA virus with a high mutation rate, nearly one mutation per
replication.74 It is also highly infectious, extending across an effective
population size of donor-recipient pairs estimated to be approximately 100-200
contributing members.75 This high mutation/transmission rate facilitates rapid
selection for viruses that succeed in evading antibody-mediated immunity, and
may
involve
~3-5%
substitutions
in
the
antibody-recognized
regions. Traditionally viral evolution (sometimes called antigenic drift and
shift) has been represented by phylogenic trees,76 but the utility of this
representation has been questioned on fundamental grounds,77,78 and in practice
it is imperfectly reliable. Methods for representing influenza evolution are
relevant to recent practice, as the vaccine for the H3N2 flu type was only 15%
effective in North America for 2013-2014 and 2014-2015. Among other
reasons, a contributing factor to the low effectiveness is the slow response of
phylogenic methods to identifying dominant circulating strains and anticipating
vaccine effectiveness.79,80 Improvements in the methods used to identify
emergent strain clusters and evaluate vaccine effectiveness are, therefore,
needed.
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The set of evolving influenza hemagglutinin strains in vaccinated humans tends
to form a cluster that is visible when displayed most conveniently in a reduced,
two-dimensional sequence space. This cluster of strains remains until
sufficiently recognized by antibodies in the human population,81 at which point
selection leads to a new antibody-evading strain, which propagates rapidly to
initiate a new cluster. This process is a dramatic example of punctuated
evolution,82-84 and it is modelled with cluster-specific immunity.85
There are several types of flu viruses, and the current vaccine cocktail treats the
most common three. The oldest type A/H1N1 was responsible for both the
deadly 1918 pandemic and the comparatively harmless 2009 “swine flu”
pandemic. The A/H1N1 type strains have stabilized, are milder, and are more
effectively vaccinated against.86 Higher morbidity and mortality are now
associated with the A/H3N2 strains,87 which are discussed here.
There are three major problems facing the influenza vaccination
community. The first is the lengthy temporal delay between the arrival of new
evasive viral strains, their reported sequencing, and determination of suitability
of new strains as vaccine targets in egg-based production methods. The second
is the effect of mutations in the currently circulating strains on the effectiveness
of vaccines based on older strains, including a second and lengthier delay due to
collection of ferret animal model data. A third problem concerns the changes in
the viral sequence that occur during egg production,88,89 which are usually small
compared to sequential punctuated drift of the dominant circulating strain
cluster.
Early strain clustering efforts also utilized indirect measurements of viral
activity, for instance, by measuring hemagglutination inhibition (HI) from ferret
animal model studies, and these are still standard practice, especially in
manufacturers’ research to determine WHO target strains,100 for instance [77]
and Eqn. (11) of [91]. The H3N2 HI correlation coefficients for the periods
1968-2004 and 2005-2015 were respectively 0.57 and 0.39. In other words, HI
has recently become a much less effective tool for measuring and predicting
vaccine effectiveness for H3N2.
Sequences are unambiguous, and the historical sequence database has grown to
be much larger and more timely than the still sparse, temporally lagging, and
ambiguous ferret viral antigenic database.92,93 Thus [94] studied molecular
evolution at the amino acid sequential level only. Indeed, it has recently been
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shown that strain detection and vaccine effectiveness prediction is possible
based upon H3N2 sequence alone and is more accurate.79,95,96 Differences
between the ferret data and human responses cause strain detection based upon
ferret data occasionally to be imperfect. As discussed later below, the
2014/2015 and 2015/2016 Northern hemisphere vaccine seasons provide
examples of this.79
Sequential substitutional displacements can be measured in different ways. One
measure of distance between any two sequences is the number of mutations.94
The most substitutionally active part of flu viruses is the ~ 100 amino acid head
receptor region 115-215 of the hemagglutinin protein, HA1, which contains 317
amino acids. One might suppose that greater weight should be given to the
receptor region, but heuristically uniform weighting is best for identifying new
strain clusters.93,95 Strong post facto evidence supporting this result has been
reported in an extensive survey of 7678 NMR studies of proteins with 10
different structures.97 The conclusion is that all studied proteins were
thermodynamically critical, in the sense that the effective correlation length
spanned the entire chain, which supports the uniform weighting of 2DMM.
An independent measure of difference between strains’ antibody interactions
begins by identifying the five HA1 epitopic subsets (A-E), containing the most
frequently substituted amino acids in a given year. The B epitope patch is
concentrated at the top of the head region, near the sialic acid receptor,95,96 while
the A epitope region is concentrated just below the B region.79 The separation of
dual epitopic and 2DMM mechanisms is characteristic of modern replica
theory98 and deep neural networks99.
The best correlation with vaccine effectiveness to date defines distances
between sequences in terms of the numbers of substitutions at epitopic sites,
normalized by the size of the epitope, and identifies the epitope that is
dominating the difference between the current circulating strain and the lagging
vaccine strain.79,94 The fractional number of all mutations of this dominant
epitope, pepitope, correlates with H3N2 vaccine efficacy with R2 ~ 0.8 over the
period 1971-2015, which is much better than one obtains from antigenic ferret
data, or mixed ferret-sequence data, R2 ~ 0.39.79,94 This direct correlation is the
single best measure of vaccine effectiveness.
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An accurate and rapid way to quantify strain drift, and at the same time
recognize formation of clusters of new strains, is to compress dimensionally the
interstrain Hamming distances in the full amino acid space, which for A/H3N2
is 317 dimensions, to the two eigenvectors best capable of minimizing the
interstrain distances over the considered years.94,95 My present results involve
nearly 6000 strains over the last three years.
Dimensional compression and epitopic analysis are both based only on HA1
amino acid sequences, and are thus topologically homogeneous, which is not
the case for some other methods, such as antigenic cartography,76 which is still
being used every year by WHO to decide which strains are to be put in the
annual influenza vaccine.90 2DMM was developed heuristically and epitopic
analysis was developed by considering the biological mapping of a spin glass
model for immune system dynamics110 in the context of flu evolution over
several decades. Alternative non-uniform mutational weightings, involving for
example hydropathic mutational differences, yield no improvements in R2.
The compression from 317 dimensions to two dimensions can be regarded as an
extreme case, which can introduce both common and distinctive features as new
data are added. This point is discussed in Figures below, showing strain cluster
evolution over three year time windows advancing over successive 3 month
displacements in 2014-2015. As more data are added at later times, drift away
from the old vaccine strains is observed, and new strain clusters emerge. These
two-dimensional features are subtle aspects of the very large sequence database
used, and they can presage new branches of essentially one-dimensional
phylogenetic trees.77,78
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4.2!Methods
4.2.1!Markov Analysis
Markov analysis, using transition matrices,85,95,100 is designed specifically to
include effects such as prior immunity and vaccinations on vaccine
effectiveness. Multi-dimensional reduction107,108 was carried out on protein
sequences of Influenza A/H3N2 downloaded from the NCBI Influenza Virus
Database(http://www.ncbi.nlm.nih.gov/genomes/FLU/Database/nphselect.cgi#mainform), translated from sequences collected from humans. HA1
regions with a length of 317 were used in the analysis. Multiple alignment was
performed using MAFFT. To compensate for the uneven distribution of
sequences per year, each sequence was weighted by the reciprocal of the total
number of sequences collected in the year. Thus, the set of distances in each
year was given equal weight, independent of the total number of sequences in
each year. Here I have compressed the dimensionality to 2, because this is most
convenient for early recognition of emerging clusters. The dimensional
dependence (d = 1-4) of residual variances is proportional to 80,40,10,5, so one
can say there is an optimal dimension elbow between d = 2 and 3, see abscissa
arrows of Fig. 2 in [111], far from d = 1 (phylogenic trees).
4.2.2!Multi-dimensional Scaling
Multidimensional scaling, or dimensional reduction, finds a reduced set of
dimensions that best reproduce the distances between all pairs of a set of points.
In the present application, the points are HA1 sequences of length 317 amino
acids, and the data were reduced to n = 2 dimensions. Distances between two
sequences were defined as the Hamming distance, i.e. the number of differing
amino acids, divided by the total length of 317. In this way, multi- dimensional
scaling places the virus sequences in a reduced sequence space so that distances
between pairs of viral sequences are maintained as accurately as possible. This
low-dimensional clustering method enables one to visualize the viruses, by
finding the two best dimensions to approximate the Hamming distances
between all clustered sequences.
Kernel density estimation (KDE) is a non-parametric way to estimate the
probability density function of a random variable. K-means clustering, which
was first proposed by Stuart Lloyd’s in 1957, is an iterative, data-partitioning
algorithm that assigns n observations to exactly one of k clusters defined by
48
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centroids, where k is chosen before the algorithm starts. Here, I choose k to be
4. The algorithm of Hartigan and Wong (1979) is used here.103 The algorithm
proceeds as follows: Choose k initial cluster centers (centroid). The data from
multi-dimensional scaling results are clustered by the k-means method, which
aims to partition the points into k groups such that the sum of squares from
points to the assigned cluster centers is minimized. At the minimum, all cluster
centers are at the mean of their Voronoi sets (the set of data points which are
nearest to the cluster center).
4.3!Results
The most obvious feature of Figure 4.1 for 2012 to Fall 2014 is the large
separation between A/Texas/50/2012(egg) (AIE52525) and the central
collapsed 2013-2014 cluster, with pepitope = 0.19 (derived from the B epitope),
which explains why the Northern Hemisphere 2014-2015 vaccine based on
A/Texas/50/2012(egg) had low effectiveness, because the central cluster
dominated, and expected vaccine effectiveness falls to zero at pepitope ≈
0.19.94 This figure also explains why the 2013-2014 vaccine had low
effectiveness, as the vaccine strain was A/Victoria/361/2011 (AGB08328), with
pepitope = 0.14, and the observed effectiveness was only 12%, compared to 50%
with pepitope = 0.79 The strain selected by the World Health Organization as the
target for the 2015-2016 vaccine was A/Switzerland/9715293/2013, with the
same HA1 head sequence as A/California/02/2014 (AIE09741). This was a
novel cluster in 2013-2014, but there is another novel cluster in 2014-2015,
centered near A/Nebraska/4/2014 (AIU46536). The pepitope separating these two
different 2015-2016 candidate clusters, derived from the A epitope, is 0.16, in
the same range as pepitope between the vaccine target and dominant strain in the
pandemic years 2013-2014 and 2014-2015 with low vaccine effectiveness.
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Figure 4.1: Early 2D Multidimensional Reduction of H3N2
An early 2DMM of H3N2, starting before the 2013-2014 and 2014-2015
pandemic seasons. With this small data set the A/Texas/50/2012(egg) strain is
well separated from most of the circulating strains, implying possible poor
vaccine effectiveness, confirmed by values of pepitope. The A/Nebraska/4/2014
cluster began to appear as a few strains by December 2013, and contained > 10
strains by March 2014. The A/California/02/2014 cluster also contains the
WHO 2015-2016 vaccine target strain A/Switzerland/9715293/2013; it had
fewer early strains.
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Next I look carefully at the A/Nebraska/4/2014 cluster, and compare with
A/California/02/2014. Which better represents the dominant circulating strain
for 2015? In Figure 4.2 I show what happens when the late 2014 strains
reported
in
early
2015
are
added
to
Figure
4.1.
The
A/Switzerland/9715293/2013 (A/California/02/2014) strain moves closer to
centered earlier strains, while >90% of the new strains are added to the wellseparated A/Nebraska/4/2014 cluster. This is still far from the vaccine target
strain A/Switzerland/9715293/2013 cluster, with a separation value of pepitope =
0.16 large enough to predict low vaccine effectiveness again in 2015-2016.80
Figure 4.2: 2DMM of H3N2 HA1 from 2012 to 12/2014
2DMM of all HA1 sequences deposited in GenBank from 2012 through
12/2014, a much larger data set (4810 strains) than Figure 4.1. The
A/Nebraska/4/2014 cluster is clearly the most distant and therefore the most
dangerous cluster.
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It is tempting to suppose that perhaps better predictability could be achieved by
including deleterious mutations outside the A-B receptor region
phylogenetically.100 In this way, and using observed sequence data to estimate
clade “fitness,” some encouraging H3N2 results (inset to their Figure 4.3) were
obtained. These results stopped short of reaching a correlation with vaccine
effectiveness similar to that reported earlier [94] for A/H3N2 using all
epitopes. There are several models of network “fitness”,101 but they all involve
only short-range connectivity, and no critical long-range forces. Long-range
forces can be modelled using hydropathic profiles. Because of criticality,97 they
are not needed here for predicting vaccine targets.102

52

Xi Li - August 2016

Chapter 4: Early Recognition of Emerging Flu Strain Clusters

Figure 4.3: 2DMM of H3N2 HA1 from 2012 to 03/2015
Most of the 877 late 2014 strains reported in early 2015 are concentrated in the
A/Nebraska/4/2014 cluster, which is far separated from the
A/Switzerland/9715293/2013 (A/California/02/2014) cluster. These 2DMM are
best viewed online at high magnification. In addition to the two clusters there
are also two mysterious linear blue and yellow “canals”102 associated with 2012early 2013, and late 2014. For clarity the graphical resolution of 5718 points
including more early 2014 points (delayed reporting) and 877 late 2014 points
added to Figure 4.1 is limited.
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Some delays in reporting data mean that more recent data are underweighted,
for which allowance has been made. Note the two striking nearly linear regions
associated with different years in Figure 4.3. These were already present in
Figure 4.2, but the lines have straightened and narrowed in Figure 4.3 and
Figure 4.4. This novel feature is unlikely to be accidental.80 It appears to
represent correlated evolution of independent viral clusters.

Figure 4.4: 2DMM of H3N2 HA1 from 2012 to 06/2015
By June 2015 it was clear that the A/Nebraska/4/2014 represented the dominant
circulating strain, which was recognized as likely by the 2DMM shown in
Figure 4.1. The separation of successive clusters is best measured by pepitope, but
even here one can see that the separation of the A/Nebraska/4/2014 cluster from
the A/California/02/2014 cluster is large (5784 strains).
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Why is the dominant epitope model so effective? A model describes the A-B
epitope dominance switching as vector “canalization”,103 which could be
generalized to identify a single antigenic axis for each dominant
epitope. Markov analysis explored this question at length for the historical
H3N2 switching between A and B dominant epitopes (1971-2004)96: There was
a positive selective pressure for increasing charged amino acids in the immune
dominant epitopes, which decrease absolute values of binding energies of
epitopes to antibodies, by increasing the epitope’s affinity for water.
The 2DMM displayed here contain far more structure than one might have
expected from dimensional compression, which might have been expected at
most to yield a central cluster of more common strains, surrounded by a sparse
scatter-shot distribution of less common strains. The rich observed structure of
multiple clusters and lines is at least partly consistent with two dominant
eigenvectors, but more can be said. That the blue and yellow curves should be
linear could reflect very small globular surface distortions relative to the
principal axes of the sialic acid receptor interface. This H3 interface with N2
(neuraminidase type 2) may have become less stable since 2013 (Figure 4.2 of
[102]). This is consistent with using epitopes to quantify vaccine effectiveness
and 2DMM to identify emerging dominant circulating strains, kinetically
limited by sialic acid geometry. At the very least, these two lines represent
sequential mutations in independently evolving influenza lineages.
The dramatic differences between the WHO
adopted strain
(A/Switzerland/9715293/2013), and my predicted dominant circulating strains
(A/Nebraska/4/2014 or A/New Mexico/11/2014), for 2015-2016 appear to have
had limited effect on the North American H3N2 flu season. It appears that
A/H1N1 and B were the dominant flu types in 2015/2016, with a limited
number of A/H3N2 cases.111,112 Additionally, the 2015/2016 winter was
unusually warm (strongest El Niňo in 16 years), which may have affected the
epidemic season. The WHO 2016-2017 A/HongKong/4801/2014 strain is
close, but not identical, to my predicted A/New Mexico/11/2014 strain
([105,106], Table I). Small differences (such as early vaccination104) are
important in pandemic control. Note that I identified A/New Mexico/11/2014
in December 2014, and A/HongKong/4801/2014 was identified with more data
in September 2015.
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I note that the egg-adapted strains can sometimes be quite different from the
original strain. For example, see the respective pepitope values for
A/HongKong/4801/2014 (E5/E2) and A/HongKong/4801/2014(C4/S2) in table
I. The value for A/HongKong/4801/2014 (E5/E2) is such that expected vaccine
effectiveness is only moderate. I would predict a more effective vaccine would
result from a strain closer to the A/HongKong/4801/2014(C4/S2) or A/New
Mexico/11/2014 sequences. At this writing the online Wichita National
Weather Service is predicting (75% confidence) a colder than average 20162017 winter, reversed from the unusually warm 2015/2016 winter. This abrupt
reversal could create a new cluster of dominant circulating H3N2 strains,
different from the strains listed in Table I (see Figure 4.1). Given that the 2014
Nebraska and New Mexico strains are adapted to average or colder winters, egg
strains could be developed for them, in preparation for the expected new 2016
cold-adapted cluster.

56

Xi Li - August 2016

Chapter 4: Early Recognition of Emerging Flu Strain Clusters

Figure 4.5: Time Division Map of 2DMM of H3N2
To emphasize the evolution of the 2014-2015 season, the 2DMM (5784 strains)
is divided into three parts, up to December 2104, and two three-month periods
after January 2015. In the second three months period, 99% of submitted
sequences are concentrated in the A/Nebraska/4/2014 cluster.
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Figure 4.6: 2DMM of H3N2 HA1 from 2012 to 12/2015
The Southern Hemisphere Hong Kong circulating wild type (C4/S2) and eggprocessed (E5/E2) strains were chosen as target strains for the 2016-2017
vaccine. They are at the center of the Nebraska cluster identified earlier in
Figure 4.2; New Mexico 2014 is in the same cluster. The data shown here
include the period 2015.7-2015.12.
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Figure 4.7: Gaussian Kernel Density Estimation of H3N2 from 2012 – 2015
Gaussian Kernel Density estimation graph of the multidimensional scaling
results. The data includes all strains from 2012.01 – 2015.12. Color and height
represent for the density of the region on the map. It is obvious that, on the leftbottom side of the plot, there is a significant cluster arising, which corresponds
to the new 2015 data.
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Figure 4.8: K-means Clustering of 2DMM H3N2 Strains
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4.4!Conclusion

In conclusion, rapid and reliable identification of emergent strain clusters is one
key to developing an effective annual flu vaccine.79,80,94 Traditional
measurements of viral antigenicity or phylogenetic theories, or their
cartogenetic combination, are correlated with H3N2 vaccine effectiveness in
humans with R2 ~ 0.39. Improved methods of predicting antigenic phenotypes
have not yet reached prediction of vaccine effectiveness.106 Dimensional
reduction (2DMM) in sequence space, supported by identification of dominant
epitopes,80 is strongly correlated with H3N2 vaccine effectiveness in humans
with R2 ~ 0.8. These linear methods might be refined by using nonlinear
tools.107-109 Note that the Cartesian coordinates in 2DMM are automatically
orthogonal, but not in sequence space when determined via antigenic data.
Stakes here are high, as roughly 5-15% of the human population is infected
annually with influenza, and so influenza vaccine design has substantial societal
and economic impact. Improvements in the methods used to identify emergent
strain clusters and evaluate vaccine effectiveness will allow vaccine strains with
greater expected effectiveness to be chosen with greater confidence.79 The
2DMM methods were invented in 2006, as an extension of the non-antigenic
sequence methods introduced in 2002 for fewer H1N1 strains before the H1N1
pandemic.110 They have a far better basis in “big data” statistical methods,111
and have turned out to be more accurate than the phylogenic tree and cartogenic
methods favored by manufacturers. The statistical physics approach to
producing a better H3N2 flu vaccine is a practical response to the
interdisciplinary challenges of modern science.112
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5!CONCLUSION

In summary, I have reached the following conclusions.
Firstly, the observed frequency of seven-membered rings in zeolite structures is
lower than previous energetic, quantum mechanical, and crystallographic
arguments can explain. A partitioning of the database of predicted zeolite
structures by density and energy was considered. It was shown that the
probability of seven-membered rings decreases as the density is decreased
toward the low-density edge of the distribution of predicted zeolites. Thus, not
only does the feasibility of zeolite synthesis increase as density is lowered but
also does the probability of a seven-membered ring decrease. The database of
computationally predicted zeolite-like materials contains over 2.6 million
unique structures. Roughly 330K of the materials in the SLC portion of the
database lie within the +30 kJ/mol Si energetic band above α-quartz in which
the known zeolites lie. Additionally, 80% of the known zeolites have a
feasibility factor less than 1. The subset of the database of predicted structures
in this feasibility range shows a reduced seven-membered ring probability,
consistent with the known zeolites. These low-density predicted structures are
of most interest in screening of the database for new functional materials to be
synthesized with current zeolite synthesis techniques. Of the 330K predicted
structures, 26282 lie in the low-dimensional feasibility factor range of [−3,1].
Perhaps the evolutionary method to design chemically synthesizable linkers will
aid in the synthesis of some of these new, predicted materials.20,21
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Second, I have shown how vaccine effectiveness can be predicted using pepitope
values. This method requires only sequence data, unlike traditional methods that
require animal model data, such as ferret HI assay experiments or post-hoc
observations in humans. Interestingly, the correlation of pepitope with H3N2
vaccine effectiveness in humans is R2 = 0.75, nearly the same as that previously
reported for the 1971–2004 subset of years,32 despite the addition of 50% more
data. The correlation of H3N2 vaccine effectiveness in humans with pepitope is
significantly larger than with ferret-derived distances, which are R2 = 0.37 or
R2 = 0.37 for the two most common measures.32 As an application, I estimated
the effectiveness of the H3N2 vaccine strain of A/Texas/50/2012 against the
observed A/California/02/2014 strains. Clustering of the 2013 and 2014
sequence data confirms the significance of the pepitope measure. I showed from
data through 2014 that there is a transition underway from the
A/California/02/2014 cluster to a A/New Mexico/11/2014 cluster. The
consensus sequence of A/New Mexico/11/2014 from this cluster could have
been considered in late Winter 2015 for inclusion among the H3N2 candidate
vaccine strains for the 2015/2016 flu season.
Last but not least, rapid and reliable identification of emergent strain clusters is
one key to developing an effective annual flu vaccine.79,80,94 Traditional
measurements of viral antigenicity or phylogenetic theories, or their
cartogenetic combination, are correlated with H3N2 vaccine effectiveness in
humans with R2 ~ 0.39. Improved methods of predicting antigenic phenotypes
have not yet reached prediction of vaccine effectiveness.106 Dimensional
reduction (2DMM) in sequence space, supported by identification of dominant
epitopes,80 is strongly correlated with H3N2 vaccine effectiveness in humans
with R2 ~ 0.8. These linear methods might be refined by using nonlinear
tools.107-109 Note that the Cartesian coordinates in 2DMM are automatically
orthogonal, but not in sequence space when determined via antigenic data. The
statistical physics approach to producing a better H3N2 flu vaccine is a practical
response to the interdisciplinary challenges of modern science.112
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APPENDIX 1 INFLUENZA TYPE A/H3, A/H1 AND TYPE B EVOLUTION FIGURE

(a)!Influneza A/H3N2 Evolution Map(2D)
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(b)!Influneza A/H3N2 Evolution Map(3D)
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(c)!Influneza A/H1N1 Evolution Map(2D)
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(d)!Influneza A/H1N1 Evolution Map(3D)
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(e)!Influneza B Evolution Map(2D)
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(f)!Influneza B Evolution Map(3D)
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APPENDIX 2 KERNEL DENSITY ESTIMATION OF INFLUENZA TYPE A AND B

(a)!XY Direction Projection of 3DMM of Influenza B
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(b)!XZ Direction Projection of 3DMM of Influenza B

(c)!KDE of Influenza A subtype H3N2
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