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Abstract

Abstract

Influenza viruses are persistently threatening public health, causing annual epi-
demics, and sporadic pandemics. The majority of influenza viruses reside among
the avian species due to host range restriction. However, some avian strains do
acquire the capability to overcome host species barrier to cause human infections
due to mutations and reassortments. These novel influenza strains may cause high
mortality and morbidity. The main target of this thesis is to analyze the lethality
of influenza A virus by profiling its virulence and antigenicity using machine

learning approaches.

Firstly, potential critical virulent sites are investigated based on the hemag-
glutinin of the influenza A virus using past pandemic strains. Three rule-based
algorithms are utilized to classify the pandemic and non-pandemic strains and
extract the rules. These rules consist of mutations that occurred on the potential
critical virulent sites. Fourteen out of the sixteen sites detected by our experi-

ments are validated as receptor binding sites or antigenic sites.

Secondly, a host tropism framework to predict avian, human and swine strains.
Seven physicochemical properties are used to generate features through Amino
Acid Composition (AAC) and global descriptor CTD (Composition, Transition,
Distribution). A novel computational method named HopPER is then developed
based on the host tropism prediction system through random forest. In addi-
tion to the accurate prediction of reassortment for complete genomes, HopPER
also demonstrates its effectiveness on incomplete genomes. The analysis of the

evolutionary patterns of avian, human and swine strains by HopPER has further



Abstract

revealed the reassortment history of the influenza viruses.

Thirdly, an integrative model is created to predict influenza virulence, incor-
porating prior mutation and reassortment information of influenza viruses. Using
the mouse lethal dose 50, the virulence of the infections is classified as aviru-
lent and virulent. The prior information on mutation and reassortment of input
genomes are obtained by the previous computational models. By integrating this
prior knowledge into all the predictive models using the posterior regularization
technique, the proposed framework can improve the performance of virulence
prediction. The experimental results validate the effectiveness of our proposed
framework for virulence prediction. Moreover, the importance weights of the
prior viral information will assist biologists to gain a better understanding of how

the mutations influence the degree of virulence.

Lastly, it is shown that antigenicity is another crucial factor reflecting viral
lethality. A novel algorithm is proposed to predict influenza antigenic variants
of influenza A viruses via a 2D convolutional neural network. Specifically, the
introduction of a new distributed representation makes it possible to deal with
sequence and antigenic data of influenza strains. The squeeze-and-excitation
mechanisms are integrated into the convolutional neural networks (CNNs), which
enables networks to focus on informative residue features. Experimental results
on three different influenza datasets have demonstrated superior performance

over the existing state-of-the-art computational models.

In summary, this thesis elaborates novel methodologies for the analysis of the
lethality of influenza A virus through predicting its virulence and antigenicity
using machine learning approaches. This offers an improvement on existing
influenza virologic surveillance and provides an early warning of an impending

outbreak.

ii
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Chapter 1

Introduction

This chapter starts with the background of influenza. Following the objectives
to be explored, in a receding sequence, the theme of the thesis is to establish
computational models to analyze the lethality of influenza viruses through vir-
ulence and antigenicity prediction with machine learning approaches. Research

contributions and the organization of this thesis are presented as well.

1.1 Background

Influenza is an infectious disease that can lead to headaches, body aches,
fever, pneumonia and even death when humans get infected [1]. There are four
types of influenza, that is A, B, C and D. Influenza A and B are the main types
that infect humans and cause epidemics every year. Influenza C generally causes
a mild respiratory illness and is not considered to cause epidemics [2], while
Influenza D viruses primarily affect cattle and have not infected or caused illness
in people yet [3]. Among these four influenza types, influenza A is the most
widespread and influential that is my main research target. It will become an
epidemic when influenza viruses rapidly infect many people within a short period
in a given population, which occurs every year around the world [4]. Every year,
there are about 250,00 to 500,000 deaths around the world according to the World
Health Organization (WHO) [5]. However, an epidemic will turn to a pandemic

if it spreads to other countries or continents and affects numerous people. In
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history, there were mainly five influenza pandemics since the nineteenth century
that include the HIN1 Spanish pandemic in 1918, the H2N2 Asian flu in 1957, the
H3N2 Hong Kong flu in 1968, the HIN1 Russian flu in 1977 and the most recent
swine-origin flu in 2009 [6] [7]. Millions of people are infected with enormous
economic loss, intensively threatening public safety and health. Most recently,
the outbreak of the new type of bird flu H7N9 in China has raised huge public
concern due to the unusually high mortality rate [8], which has the potential of

triggering another pandemic in the future.

Though restrained to the specific host species, influenza strains indicate high
diversity. The viruses possess mutability and high frequency of genetic reassort-
ment and have a great ability to be lethal and lead to disease. Virulence is the
degree of damage caused to a host by parasite infection [9]. It denotes the capac-
ity of an influenza virus to produce disease on its host. Eradicating the influenza
viruses is an unrealistic goal due to the high evolutionary rates. Instead, formu-
lating flu surveillance systems and vaccines are the main and achievable methods
of preventing influenza-related diseases. Current systems of the flu vaccine by
WHO rely on empirical determination of antigenicity by traditional biological
experiments such as hemagglutination inhibition (HI) and micro-neutralization

assays, which are time-consuming and labor-intensive.

Mutations on hemagglutinin (HA) and neuraminidase (NA) segments that
cause antigenic drift will make the protein unrecognizable to pre-existing host
immunity. This is a complex process and hence making a judgment based on
sequence only will fail to estimate its perniciousness. Nevertheless, a single study
may not provide sufficient confidence about influenza lethality, hence combining
different aspects for a meta-analysis to estimate the lethality will provide novel

insight.
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1.2  Objectives

The main goal of this research is to analyze the lethality of influenza A viruses
by inferring their virulence and antigenicity through computational models. To
start with, the virulence of the viruses directly reflects the degree of lethality.
However, single genomic marker or element would not be adequate to com-
prehensively determine the virulence level of influenza strains. Several factors
are investigated that are associated with virulence, including viral mutation and
reassortment. An integrative model is then constructed to detect the virulence
label using prior mutation and reassortment information, which is the first goal of
the thesis. Apart from the virulence, antigenicity is also a crucial metric that can
evaluate the lethality of influenza strains. Hence, building computational models
to predict influenza antigenicity is the second goal. Combining the predictive
results of influenza virulence and antigenicity, we can further infer the lethality
of the viruses and promote flu surveillance. The objectives of this thesis are

presented below:

e Explore and identify the biological process and factors that are associated

with the influenza virulence.

e Forecast the virulence of influenza A viruses through an integrative frame-

work with prior viral knowledge

e Develop methodology for reliable prediction of influenza antigenicity

The main contributions of this thesis are:

e Build novel computational methods to identify the potential virulent muta-

tion sites and detect the probability of influenza reassortment
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e Develop an integrative framework to predict influenza virulence incorpo-

rating mutation and reassortment information with extensive experiments
e Propose a new 2D CNN-based model for influenza antigenicity prediction

e Provide strategies for the inference of viral lethality through meta-analysis

of virulence and antigenicity

1.3  Thesis organization

The meta-analysis on the lethality of influenza viruses is characterized by
using an integrative framework and a series of computational tools. The results
from this work can help to infer the lethality of influenza strains and further
facilitate the surveillance system and protect public safety from possible future
pandemic and epidemic. Figure 1.1 shows a systematic overview of the research

structure.

This thesis contains seven chapters that the research background and the main

objectives are in Chapter 1. Chapter 2 comprises an overall up-to-date literature

R Virulent
& i
% mutation

Qp\‘:\y identification
Data Pool

Z \

ntegrative Virulence
model | prediction

HopPE Reassortment
| estimation Lethality - Influenza
equence Antigenic analysis surveillance
data data | 4
.q
| &

ho&'lr ,
Antigenic  Convolutional |Antigenicity

Relation o work Prediction

Figure 1.1: The overview of research workflow for the lethality analysis of

influenza A viruses.
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review on influenza A virus, viral factors on virulence i.e., mutations (antigenic
drift) and reassortments (antigenic shift), current state-of-the-art computational
models applied to the prediction of influenza virulence, as well as existing bioin-

formatic methods to detect its antigenicity.

Chapter 3 identifies virulence-associated sites on the hemagglutinin of in-
fluenza A virus using pandemic strains. Here a binary classification problem
is defined that categorizes influenza strains into pandemic and non-pandemic
classes based on their protein sequences. Three rule-based algorithms are ap-
plied, namely OneR (One Rule), JRip/RIPPER (Repeated Incremental Pruning
to Produce Error Reduction) and PART (Projective Adaptive Resonance Theory),
to extract rules, which comprise potential critical virulent sites for the pandemic

strains.

Chapter 4 first constructs computational models to predict host tropism of
influenza on eight different proteins of influenza viruses that use Amino Acid
Composition (AAC) and global descriptor CTD (Composition, Transition, Dis-
tribution) through seven physicochemical attributes. Based on the host prediction
model, a novel computational method named HopPER (Host-prediction-based
Probability Estimation of Reassortment) is developed, that sturdily estimates re-
assortment probabilities with random forest. Additionally, not only can HopPER
be applied to complete genomes but its effectiveness on incomplete genomes is
also demonstrated. Further analysis of the evolutionary success of avian, human
and swine viruses generated through reassortment across different years using

HopPER has revealed the reassortment history of the influenza viruses.

Chapter 5 describes an integrative model to predict the virulence of influenza
viruses using prior viral information, i.e., mutation (Chapter 2 and 3) and re-

assortment (Chapter 4) information, which enables us to incorporate heteroge-
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neous discrete biological knowledge for the predictive models. Specifically, the
proposed model leverages deep learning-based approaches as the basic predic-
tive model with posterior regularization for the constraint posterior feature set,
which automatically learns the bounds of constraint features. The experiments
are implemented on the collected influenza dataset and the results show that
the proposed model outperforms existing traditional machine learning classifiers
and deep learning-based methods. Moreover, it can display the importance of
different prior knowledge that contributed to the virulence prediction model. The
experiments on individual influenza subtypes further demonstrate the utility and

robustness of the proposed model.

Chapter 6 proposes a 2D convolutional neural network (CNN) model to infer
influenza antigenic variants (IVA-CNN). Hemagglutinin inhibition (HI) assay
is one of the main methods for the determination of influenza antigenicity and
vaccine selection. However, it is costly and time-consuming that will not meet
the increasingly available sequences. ProtVec, a new distributed representation of
amino acids, is proposed in a variety of downstream proteomic machine learning
tasks. After splittings and embeddings of influenza strains, a 2D squeeze-and-
excitation CNN architecture is constructed that enables networks to focus on
informative residue features by fusing channel-wise and spatial information with
local receptive fields at each layer. The proposal of IVA-CNN in this chapter
incorporates techniques to address the barrier of HI assay and presents a superior
performance on the prediction of antigenic variants on three different influenza

datasets.

Chapter 7 summarizes the previous work and proposes future directions in
completing the construction of computational models on the inference of in-

fluenza lethality and flu surveillance.
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Chapter 2

Literature review

I'This chapter presents a literature review on the analysis of influenza lethality
through virulence and antigenicity by computational models. It contains the
introduction of influenza A virus, viral factors affecting the virulence (antigenic
shift and drift), genetic markers associated with virulence, existing bioinformatics
methods and machine learning on mutation and reassortment identification, as

well as influenza antigenicity prediction.

2.1 Influenza A virus

The influenza A virus is a member of the Orthomyxoviridae family that con-
sists of eight negative-sense, single-stranded RNA segments, encoding up to 16
classic proteins. The structure of the influenza A virus is shown in Figure 2.1 [10].
Among all the segments, HA and NA segments are the most important that
characterize influenza A viruses [11]. The HA segment is responsible for binding
the virus to cells with sialic acid on the membranes [12]. It is initially synthesized

as a single polypeptide precursor (HAQ), which needs to be cleaved into subunits

IPart of the work in this chapter has been published in [Yin R, Tran V H, Zhou X, et al.
Predicting antigenic variants of HIN1 influenza virus based on epidemics and pandemics using
a stacking model[J]. PloS one, 2018, 13(12): €0207777] and [Yin R, Zhou X, Zheng J, et
al. Computational identification of physicochemical signatures for host tropism of influenza A

virus[J]. Journal of bioinformatics and computational biology, 2018: 1840023-1840023]



Chapter 2

Lipid envelope

=

2

M1

HA

NP

NA

.‘/; Pg?éfp H;: /N;‘“N | M r;s. /. (o
7& NN .

0, T
>

80-120nm

.

M

Figure 2.1: Structure of influenza A virus. Reprint with permission from

reference Copyright 2018, Springer Nature [10].

HA1 and HA2 by cellular proteases to become biologically active [13]. NA
segment functions as a tetramer that cleaves sialic acid from cells and virion gly-
coproteins to prevent clumping of released viruses [14]. The influenza A viruses
are categorized into subtypes based on the antigenic and genetic properties of HA
and NA segments. Up to now, 18 hemagglutinin subtypes (HI to H18) and 11
neuraminidase subtypes (N1 to N11) have been identified [15].

Apart from the HA and NA segments, the influenza A virus particle comprises
nucleoprotein (NP), non-structural proteins NS1 and NS2, matrix proteins M1
and M2, and three RNA polymerase subunits, namely, polymerase acidic pro-
tein (PA), polymerase basic protein 1 (PB1) and polymerase basic protein (PB2)
[16]. The RNA polymerase complex plays crucial roles in both transcription and
replication of the viral genomes [17]. The PA segment contains a second open

reading frame that encodes the PA-X protein [15]. Similarly, the PB1 segment
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can encode two more proteins, which are PB1-F2 and PB1 N40. The M1 protein
mediates virion assembly, while M2 protein forms the channels for the viral entry.
Moreover, NS1 protein functions as an antagonist that inhibits interferon related
activities [18] and NS2 protein has been implicated in mediating the nuclear
export of ribonucleoprotein (RNP) complexes and recruiting ATPase for efficient

viral exit [19].

The influenza viruses are known to infect a broad range of hosts across species
that include avian, human, swine and other mammals. There has been a long
history of human infections by influenza viruses with high mortality and mor-
bidity rates. Migratory waterfowls are the natural reservoirs of influenza viruses
of all known subtypes. Usually, most of these strains are confined within their
host species and do not cross the host-species boundary [20]. However, on rare
occasions, adaptations had taken place over multiple loci in the virus genome,
enabling the virus to the cross-species barrier and infect humans or other animals
[21]. The cases of human infection were confirmed by the outbreaks of epidemics
or pandemics. Table 2.1 shows several outbreaks of flu pandemic in history.
The 1918 flu pandemic caused the systematic spread of the HIN1 viruses and
killed as many as 50 million people worldwide, and then another pandemic arose
that introduced avian viruses H2 HA and N2 NA genes into humans [22]. In
1968, the reassortant of human and avian strains that possessed an H3 HA gene
of avian-origin viruses led to the Hong Kong flu pandemic. The attack rates
were the highest (40%) among children of 10 to 14 years old [23]. Besides,
the emergence of the highly pathogenic avian influenza (HPAI) HSN1, despite
weak human-to-human transmissibility, caused severe acute respiratory diseases
to those infected, having a 60% mortality rate [24]. Besides, several outbreaks of
HPAI H7 viruses in poultry have resulted in human infections. In 2003, a large

outbreak of an HPAI H7N7 virus in poultry in the Netherlands caused 89 cases
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Table 2.1: The summary of several flu outbreaks in the history.

Year | Pandemic Name | Subtype | Death Origin of virus genes
) 17 ~50 Unclear origin, probably Kansas with m
1918 | Spanish Flu HIN1
million ammalian and avian genetic information
Originated from an avian influenza
1957 | Asian Flu H2N2 | 2 million | A virus, including the H2 hemagglutinin
and the N2 neuraminidase genes.
Two genes from an avian influenza A
o virus, including a new H3 hemagglutinin,
1968 | Hong Kong Flu | H3N2 1 million
but also contained the N2 neuraminidase
from the 1957 H2N2 virus.
Resulted from reassortment, a process
) o 151,700 to | through which two or more influenza
2009 | Swine-origin Flu | HIN1
575,400 viruses can swap genetic information

by infecting a single human or animal host.

of human infections [25]. Another novel influenza A virus H7N9, derived from

multiple reassortments between avian strains, caused human infections with a

fatality rate of approximately 30% and quickly spread to more than 18 provinces

and municipalities in China [26].

Most recently, direct-contact and airborne

transmission of influenza subtype HON2 viruses were double or even triple re-

assortants that have amino acid signatures in their hemagglutinin, indicating their

potential to infect humans, which could lead to the next influenza pandemic

among humans [27]. Researchers are employing word embedding approach to

classify unstructured text data, e.g., Twitter, Facebook, and identify actionable

information during early stages to stem the proliferation of an outbreak [28].
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2.2  Mutation and reassortment of influenza A viruses

Mutations are the key mechanisms driving the evolution of influenza viruses.
They have enabled changes in viral proteins with the emergence of novel strains,
affecting the virulence when these new viruses adapt to different hosts. The
occurrence of novel antigenic variants often results in vaccine failure due to the
antigenic drift. [29]. The frequent mutations in RNA viruses enable them to form
highly diverse strains, surviving and reproducing in the environment [30]. In
particular, HA has the highest mutation rate (~5.7 x 102 substitutions per site

per year) among all segments [31].

Tracing the evolution of influenza viruses could provide a comprehensive
understanding of the dynamics of viral evolution. The mutations are the major
driving force that contributes to the genetic and antigenic evolution of influenza
viruses. Smith et al. developed the antigenic cartography to quantify and visual-
ize the antigenic differences and site mutations of H3N2 using hemagglutination
inhibition (HI) assay data [32]. Fleury et al. presented that some key mutations
revealed by the binding affinity studies of H3N2 could escape antibody neutral-
ization [33]. The study of Shih et al. suggested not only the positive selection
has occurred in most of the time but also uncovered that multiple mutations at the
antigenic sites cumulatively enhance the antigenic drift [34]. Du et al. outlined a
network model to illustrate H3N2 virus evolutionary patterns and dynamics [35].
The analyses strengthened the findings that simultaneous multi-site mutations
underpin the dynamics of human H3N2 evolution in known antigenic regions of
the viral HA. Moreover, the mutations in the HA protein altered receptor-binding
preference which allowed for the transmission of highly pathogenic avian HSN1
between mammals [36]. de Vries et al. found that three amino acid mutations

on HA of H7N9 could change specificity to human-type receptors [37]. Overall,

11
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most of the mutations in influenza viruses were deleterious or lethal that would

impact the influenza evolution at the global scale [38] [39] [40].

Apart from the mutation, another important source of the diversity of RNA
viruses is the error-prone nature of RNA synthesis. Reassortment is the key bio-
logical mechanism that drives the evolution of influenza viruses and significantly
increases the diversity of circulating strains. The segmented structure of the viral
genome allows for the exchange of the segments from different influenza strains
to co-infect the host cell [41]. From a co-infection with two viral strains, each
carrying eight segments, 28 = 256 different progeny genotypes can be produced
through reassortment [42]. Thus, the gene swapping through reassortment plays

an important role in the evolution of influenza viruses and viral diversity.

Recent studies of viral evolutionary dynamics have displayed the surprisingly
high frequency of mixed influenza virus infections and revealed the importance of
reassortment in generating epidemic and pandemic [42]. The evidence suggested
that the first pandemic in 1918 caused by influenza A HINT1 virus in Spanish is
mixed recombination between the North American HIN2 swine influenza virus,
European HIN1 swine influenza virus, North American avian influenza virus
and H3N2 influenza virus [43]. Besides, three other influenza pandemics were
also associated with emerging strains due to the reassortment process. For ex-
ample, it was suggested that the reassortant strains from the combination of
avian and human viruses are responsible for the two pandemics in 1957 and
1968, respectively [44] [45] [46]. Besides, it was believed that the 1957 Asian
flu originated from the 1918 Spanish flu. The segments of HA and NA were
derived from other avian viruses, while five of the rest of the segments were
retained. Similarly, with six conserved gene segments (PA, PB2, NA, NP, NS and
M), the 1968 Hong Kong flu was the descendant of previous strains from 1957

Asian flu. The reassortment of human and avian strains with an H3 HA gene
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originated from the avian virus led to the 1968 H3N2 pandemic [47]. The most
recent pandemics in 2009 was caused by a reassortant strain generated through
the reassortment of human, avian and swine strains [7]. Furthermore, except
for the pandemic strains, it was reported that the new emerging H7N9 strains
were also uncovered as progeny through the reassortment between H7N9 and
HON?2 subtypes [48] [49]. Therefore, the reassortment mechanism has made a
significant impact on the occurrence of novel strains with high virulence and so
as the outbreak of pandemics which infects a huge amount of people with illness
and deaths. It is a crucial factor that characterizes the virulence of influenza

strains.

2.3  Genetic markers associated with virulence of influenza A

viruses

The measurements of virulence of the influenza strains remain a complicated
and challenging issue. In regards to the genomic sequences, genetic signatures
are usually utilized to investigate the influence on virulence through aspects such
as interspecies transmission and receptor binding specificity [50]. The genetic
markers are usually obtained from biological experiments or sequence analysis of
amino acid residues with computational techniques [51]. Table 2.2 summarizes

the molecular mutations of influenza A viruses that will influence the virulence.

The mutations in viral genes that are associated with virulence have been
explored in many ways. These include the generation of mouse-adapted influenza
avian viruses through lung-to-lung passage using plasmid-based reverse genetic
techniques combined with mutagenesis methods. The analyses of the transmissi-
ble ability of swine-origin 2009 A/HINI1 by establishing ferrets and mice model

[67]. All these techniques have provided various insights into viral mutations that
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Table 2.2: Literature summary of the molecular mutation markers of influenza viruses that are

associated with virulence or virulent factors.

Protein  Position Mutation Determinant References
138 Ser (S) - Ala (A) Sialic acid linkage [52]
163 Lys (K)- Glu (E) Associated with pandemics strains [53]
185 Asp (D) - Ser (S) Associated with pandemics strains [54]
187 Gly (G) - Asp (D) Associated with pandemics strains [54]
HA! 190 Glu (E) - Asp (D) Specificity mammalian transmissibility [55]
222 Asp (D) - Gly (G) Increased pathogenicity [53]
225 Gly (G) - Asp (D) Receptor-binding specificity [56]
226 Gln (Q) - Leu (L) Receptor-binding specificity [56]
228 Gly (G) - Ser (S) Receptor-binding specificity [57]
223 Thr (T) - Ile (I) [58]
NA! Virulence
275 His (H) - Tyr (Y) [59]
591 GlIn (Q) - Lys (K) Virulence [60]
PB2 627 Glu (E) - Lys (K) Polymerase activity [61]
701 Asp (D) - Asn (N) Mammalian transmissibility [62]
35 Phe (F) - Leu (L) Associated with pandemics [53]
97 Thr (T) - Ile (I) Virulence [63]
PA 224 Ser (S) - Pro (P) Increased polymerase [64]
383 Asn (N) - Asp (D) activity [64]
NS1 92 Asp (D) - Glu (E) Virulence [65]
PB1-F2 66 Asn (N) - Ser (S) Virulence [66]

14
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influence the virulence of viral infections. For example, previous studies have
demonstrated the specific mutation on viral proteins may lead to increased viru-
lence or enhanced transmission. Increased pathogenicity is revealed in macaques
when the avian-type receptor binding ability was conferred by HA-222D and
HA-222G [68]. The evidence suggested that the substitutions Q222L and G224S
have contributed to the outbreak of the 1957 and 1968 pandemics, which changed
the receptor binding of H2 and H3 avian influenza binding specificity to alpha
(2,6) linked sialic acid [69]. Mutations in PB2 have also been considered as
the most notable marker in host range restriction. The substitution E627K in
avian viruses allowed for efficient replication in mammalian cells [61]. Also,
the mutation D701N proved the increased transmission and replication of the
virus [62]. Interestingly, another single mutation N66S in the accessory protein

PB1-F2 could also contribute to the increase of virulence [66].

Moreover, the genetic markers from other segments can also influence vir-
ulence and pathogenicity. The mutations at position 223 and 275 in the NA
protein [58] [59], 97 in PA [63] and 92 in NS1 [65] were related to enhanced
virulence in mammalian hosts. Moreover, it was shown that mutation in multiple
sites of a specific influenza protein and multiple genes would make a synergistic
effect on the virulence of influenza viruses. For example, the synergistic effect of
dual mutations N383D and S224P in PA led to the increased polymerase activity
and has been used as the hallmark for natural adaption of HIN1 and H5N1 viruses
to mammals [64]. Another example was the synergistic action of two mutations
D222G and K163E in HA protein with the mutation F35L in PA of 2009 HIN1

pandemic strain that causes lethality in the infected mouse [53] [62].
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2.4 Computational methods to identify mutation and reas-

sortment of influenza A viruses

With the increasing progress of computing ability and the development of ma-
chine learning, computational techniques enable researchers to discover knowl-
edge more efficiently. Data mining approaches have been demonstrated to be
more powerful than manpower in some fields including biology. Large-scale
available sequences make it possible to retrieve clues from past strains and to
estimate the mutations of influenza viruses. The prediction of genetic mutation
and its effect on influenza viruses and has attracted considerable attention in
recent years. Rapid progress has been achieved in predicting the mutations and
analyzing mutation effects including single nucleotide variant prediction [70]
[71] [72], the prediction of potential protein secondary structure in the generation
of post-mutation [73] [74] and the detection of the resistance of the virus to
drugs after mutations [75] [76]. Salama et al. applied neural networks to predict
the possible point mutations that occurred on the alignments of primary RNA
sequence-structure [77]. Neher et al. proposed a model to predict the properties
of viruses that have not been characterized antigenically using phylogenetic trees
[78]. By mapping the antigenic changes along the path connecting viruses in
phylogenetic trees, it allowed the prediction of antigenicity through HA sequence
data and further estimated the makeup of future H3N2 seasonal influenza virus
population. Marta Luksza and Michael Léassig described a fitness model for
haemagglutinin to predict the frequency of its descendant strains in the following
year [79]. Zhu et al. found that some mutations in polymerase genes enhanced
the virulence of the 2009 pandemic HIN1 influenza virus in mice using statistical
analysis [80]. Peng et al. identified genome-wide nucleotide sites associated with

mammalian virulence in influenza A viruses by computational analysis [81].
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Table 2.3: Summary of studies identify influenza reassortment with computational methods.

Datasets Methods Results References
156 H3N2 human genomes of The combinational analysis Multiple co-circulating clades
influenza A viruses collected of individual and whole gene with different population [82]

between 1999 and 2004

segment with phylogeny

frequencies

18 HIN1, HIN2 and H3N2
viruses that circulated in North

America from 1997 to 2005

Genetic and phylogenetic
analyses with cycle sequencing

and amplification

Wholly human and reassortant

virus genotypes

[83] [84] [85]

16 Resembled swine-origin

Enumerating maximal bicliques

Facilitate identification of

influenza viruses (S-OIV) with a defined incompatibility reassortment patterns and shed [86]
from Thailand graph lights on the cause of S-OIV
6 Triple reassortant H3N2
Phylogenetic analysis by the Suggest a fast and complicated
viruses isolated from pigs
method of maximum parsimony interspecies transmission of [87]
and turkeys throughout
with bootstrap resampling reassortants
Canada in 2005
Statistical analysis by diversity =~ Not only HA and NA but also
39 complete and incomplete
and entropy measures of each the PB1 segment reassorted more [88]
genome sets
segment and its correlations frequently in swine viruses
36 well-supported candidate Using neighborhood of each Provide evidence to draw a more
reassortants with strong segment and nucleotide well-rounded picture of the origin ~ [39]
confidence distance matrix of some previous strains
Graph mining technique by
93 comprehensive reassortment Account for uncertainties in the
searching large collections of
study including human, avian inferred phylogenies of reassortant ~ [90] [91]
Markov chain Monte
and S-OIV influenza populations strains
Carlo-sampled trees
Reconstructed phylogenetic Achieve 0% false positive rate
Synthetic datasets produced by
trees of the individual and 10% or less false negative [92]
the flu evolution simulator
segments and the full genome rates on the test dataset
Simulated dataset and a small
Maximum likelihood and Effectively identify reassortment
collection of real viral data [93]
Bayesian approach events in small viral datasets
isolated in Hong Kong in 1999
Human H3N2 viruses isolated Suggest that the patterns of
A quantitative way to measure
in New York State (1995-2006) reassortment in the viral population  [94]

and New Zealand (2000 - 2005)

genetic shifts

are not random
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Despite the improvement and availability of sequencing analysis and compu-
tational ability, the antigenic evolution and how it connects with reassortment is
still under exploration [95]. One of the main reasons is that the unavailability
of automated tools that can fast and accurately detect the reassortment. Table
2.3 summarizes some computational approaches that can identify reassortments
by reconstructing and analyzing species and segments tree. From the table,
it can be observed that bioinformatic methods are widely adopted in detecting
reassortment of influenza A viruses. Edward performed a phylogenetic anal-
ysis of 156 complete genomes of human H3N2 influenza A viruses collected
between 1999 and 2004 and the results revealed that multiple reassortment events
occurred among these clades [82]. Kingsford et al. conducted a comprehensive
computational search of all available sequences of the surface proteins of HIN1
swine influenza isolates and found that a similar strain to swine-origin influenza
viruses (S-OIV) appeared in Thailand [86]. de Silva et al. presented a new ap-
proach to identify reassortants from large data sets of influenza whole genome
nucleotide sequences [89]. Svinti ef al. described the implementation of two
approaches, namely maximum likelihood and the second Bayesian approach for
robustly identifying reassortment events. The algorithms rested on the idea of
the significance of the difference between phylogenetic trees and subtree prun-
ing and regrafting operations, which mimic the effect of reassortment on tree
topologies [92]. Moreover, Niranjan described a novel computational method,
called GiRaF (Graph-incompatibility-based Reassortment Finder), that robustly
identifies reassortments in a fully automated fashion while accounting for uncer-
tainties in the inferred phylogenies [90]. Yurovsky and Moret developed a fully
automated flu virus reassortment finder, which is inspired by the visual approach
to reassortment identification and thus uses the reconstructed phylogenetic trees

of the individual segments and the full genome [93]. These studies reflect the
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more advanced methods to investigate the reassortment of influenza viruses.

2.5 Antigenicity prediction of influenza A viruses

In addition to the virulence, antigenicity is another indicator that can be used
to evaluate the degree of lethality of influenza strains. Table 2.4 illustrates typ-
ical experimental and computational approaches for the detection of influenza
antigenicity. Among all the experimental methods, hemagglutinin inhibition (HI)
assay is the primary way to determine the antigenicity of influenza viruses and
quantitative antibody titers for vaccine selection [96]. However, HI assay is a
labor-intensive and time-consuming method, which prompts the development of
computational techniques for the prediction of antigenic similarity between anti-
sera and antigens to identify the antigenic variants. Sequence-based methods and
imputation-based methods [97] are the most common computational methods for
antigenic prediction. Smith et al. constructed an antigenic map to determine the
antigenic evolution of influenza A H3N2 virus from 1968 to 2003 [32]. Lorusso
et al. used antigenic cartography to analyze the antigenic properties of 2008 H1
viruses and demonstrated that the viruses in the different phylogenetic clusters are
also antigenically divergent [98]. The antigenic patterns and evolution of human
influenza A (HIN1) viruses were investigated by Liu et al., who inferred the
antigenic clusters from a large-scale sequence data covering the whole epidemic
history of HIN1 [99]. Bedford et al. and Du et al. constructed the maps of
the global circulation patterns of seasonal flu strains and antigenic evolution,
respectively [100] [101]. These previous works depicted the evolutionary paths of
influenza and provided the foundation for computational models of antigenicity

prediction.

As for the sequence-based models, Ren et al. applied random forest regres-
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Table 2.4: The summary of methods for influenza antigenicity detection.

Category Reference
Hemagglutination inhibition (HI) assay [102]
Experimental
Micro-neutralization (MN) assay [103]
methods
Enzyme-linked immunosorbent assay (ELISA) [104]
Imputation-based Mapping the antigenic and genetic evolution [32]
methods 3D antigenic cartography construction [97]
Random forest and support vector regression [105]
Computational
Universal model based on conserved antigenic structures | [106] [107] [108]
methods Sequence-based
Graph-guided multi-task sparse learning model [109]
methods
Mutation-based antigenicity prediction [110][111]
Bootstrapped ridge regression model [112]

sion and support vector regression to identify antigenicity-associated sites in the
hemagglutinin protein of A/HIN1 seasonal influenza virus [113]. Besides, one of
the most crucial factors for the success of influenza vaccination is the timely de-
termination of emerging influenza virus antigenic variants. Sun et al. provided a
novel, experimentally validated, computational method for determining influenza
virus antigenicity based on HA sequences [114]. Liao et al. proposed a method by
incorporating scoring and regression methods to predict antigenic variants of in-
fluenza A/H3N?2 viruses [115]. Yao et al. proposed a joint random forest method
for predicting influenza H3N2 antigenicity from hemagglutinin sequence data
[105]. Lee and Chen used the number of amino acid changes located on the five
epitope regions for the antigenic variants prediction [116]. Lees et al. provided
an update for the frequently referenced five antigenic sites and increase additional
assignments to establish five canonical regions [117]. Qiu et al. incorporated the

structural context of HA protein to calculate the antigenicity for influenza virus
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A/H3N2 with an accuracy of 0.875 [107]. Furthermore, by building a universal
model for all HA subtypes of influenza A viruses based on conserved antigenic
structures, Peng et al. achieved an accuracy of 0.77 for predicting antigenic
variants of avian influenza HON2 viruses [ 106]. Furthermore, Richard Neher et al.
showed the antigenic differences measured by serological data are well described
by antigenic changes along the path connecting viruses in phylogenetic trees [78].
It allows predicting antigenicity from HA sequences by mapping on the trees.
Luksza and Laessig developed a fitness model for haemagglutinin that predicts
the evolution of the viral population, which maps the adaptive history of influenza
A and suggests guidance for vaccine selection [79]. Han et al. developed a Graph-
Guided Multi-Task Sparse Learning model that uses multi-sourced serologic data
to learn antigenicity-associated mutations and infer antigenic variants [109]. This
method enables the rapid characterization of antigenic profiles and the identifica-
tion of antigenic variants in real-time and on a large scale. All these methods
above not only demonstrate the feasibility in predicting the influenza antigenicity
but also guarantee the timeliness of identification. Future predictive models
would have to consider the antigenicity of influenza strains when evaluating the

virulence level of the viruses.

2.6 Influenza surveillance

It has been decades for exploring in influenza field. Although significant
progress has been made in mutation and co-mutation identification [118] [119],
protein structure prediction [120], reassortment detection [121], and vaccine rec-
ommendation [122], etc., it is still not possible to completely prevent the out-
break of influenza epidemics or pandemics. Current methods in flu surveil-

lance remained limited and immature, which mainly relies on the application
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of influenza vaccines. To track the genetic composition of circulating influenza
strains for the appearance of novel antigenic variants, the WHO has run the
Global Influenza Surveillance and Response System (GISRS) [123]. Tradition-
ally, the circulating strains are prepared and sent to WHO by some influenza
centers from different countries. These samples that encompass genetic, anti-
genic and epidemiological data are collected from patients with influenza-like
illness. The WHO collaborative centers produce the viruses of selected strains
in hens’ eggs. Then the ‘reassortant laboratories’ create reassortants, which are
primarily used for vaccine production [124]. The antigenic changes of these
reassortants are examined for further evaluation. Selected viruses representative
of circulating strains will be characterized based on hemagglutination inhibition
and virus micro-neutralization (MN) assays for vaccine virus decision-making
purposes. The final vaccine strains for recommendation will be decided in the
WHO Influenza Vaccine Consultation Meeting. However, the vaccine strains
must be updated periodically to match with circulating viruses for antigenicity
determined by HI and/or MN assays. The process of vaccine manufacturing
is complicated and time-consuming and that takes 6 months from the time the
vaccine strains are recommended [125]. By the time new vaccines are distributed,
the dominant viruses in circulation may be different from the vaccine strains
selected earlier. Meanwhile, the measurements by HI assays, affected by the
substitutions in the host cell receptor binding [111], may also impel influenza
evolution and the mechanisms of how to drive viral evolution have been not
fully understood [126]. In this regard, timely inference of influenza lethality
could vastly facilitate flu surveillance and prevention, which allows for accurate
analysis of influenza strains to formulate strategies for disease prevention and

control.
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2.7  Chapter summary

This chapter describes the literature review of the research objectives in this
thesis. There are primarily four types of influenza viruses and influenza A is
the most important. Influenza strains are mainly circulating in animals while
some of them will manage to cross the host species barrier and infect humans,
which could cause the outbreak of epidemics and even pandemics. The large
diversity of influenza virus is due to their error-prone RNA polymerase leading
to high mutation rates and frequent reassortment of viral RNA segments during
co-infection with two or more distinct strains. Mutation and reassortment are
also the key mechanisms driving the evolution of influenza viruses and associated
with the virulence of influenza strains. The identification of genetic markers is
usually used to investigate how they influence the virulence of influenza viruses.
With the improvement of computing ability and increasing available biological
sequences, many studies have employed the computational model to analyze
influenza-related problems that contain genetic marker identification, mutation
prediction, reassortment event detect and antigenicity prediction. The flu vaccine
is the major preventive countermeasure by eliciting antibody responses against
circulating viruses. However, current surveillance methods do not have the capa-
bility to estimate the lethality of influenza viruses on infected humans. Further
research on identifying virulence-associated factors as well as more advanced
computational methods are needed to develop models to better analyze the degree

of viral lethality.
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Chapter 3

Identification of potential critical virulent sites based
on hemagglutinin of influenza A virus in past pan-

demic strains

2The influenza pandemics have caused millions of deaths and enormous eco-
nomic loss. Current circulating influenza viruses in human, avian, swine and
other animals are potential to evolve into novel strains that may cause another
pandemic in the future. Hence, recognizing the determinants of pandemic strains
helps to raise the alarm of future pandemics. With increasingly large biological
data, computational modeling is a good technique for analyzing data, providing
novel insight into significant patterns and rules. Here a binary classification
problem is defined that the influenza strains are categorized into pandemic and
non-pandemic classes based on amino acid sequences. Three rule-based algo-
rithms are applied, namely OneR, JRip and PART, to extract rules, consisting of
potential critical virulent sites. The results present good performance in terms
of accuracy, specificity, sensitivity and F-measure (more than 0.9 on average
for each). Fourteen out of the sixteen potential critical virulent sites detected

in the experiments are overlapped with receptor binding sites or antigenic sites.

2The work in this chapter has been published in [Yin R, Zhou X, Ivan F X, et al. Identification
of Potential Critical Virulent Sites Based on Hemagglutinin of Influenza a Virus in Past Pandemic
Strains[C] Proceedings of the 6th International Conference on Bioinformatics and Biomedical

Science. ACM, 2017: 30-36]
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Besides, some variations occurred in these sites are known to affect the virulence

of influenza viruses or to cause more severe symptom in the infected patients.

3.1 Introduction

The influenza A virus is a member of the Orthomyxoviridae family, contain-
ing a genome makeup of eight single-stranded, negative-sense RNA segments. It
may cause fever, headaches, sore throat, body aches, nose congestion, bronchitis,
pneumonia and even death when humans get infected [1]. Influenza infection
becomes an epidemic when it rapidly spreads to many people within a short
period in a given population, which occurs every year around the world [4]. While
an epidemic is usually restricted to the locations, if it spreads to other countries
or continents and affects numerous people, then it will turn to a pandemic. As
mentioned in Chapter 1, there are mainly five influenza pandemics since the nine-
teenth century, which caused millions of deaths as well as enormous economic
loss, intensively threatening public health and safety. In 2009, WHO made a
restatement description of the pandemic to make clear the meaning of the word
pandemic and the way to recognize it quoted as ”An influenza pandemic may
occur when a new influenza virus appears against which the human population
has no immunity [127].” Recently, a new influenza type H7N9 appeared in China,
cumulative reported human infections with 359 deaths out of 918 cases by 16 Jan
2017. People are concerned about its potential of triggering another pandemic of
this virus and the risk of impacting public health. Therefore, the identification
of critical sites from previous pandemic strains that caused human diseases with
high virulent influenza viruses is a very important step in promoting the surveil-

lance system and protecting public safety from a possible future pandemic.

The determinants of pandemic influenza strains remain an open and challeng-
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ing problem. Animal models, such as mice, ferrets and non-human primates, have
been significant helpers in analyzing the host-range, antigenicity and virulence
(from mild to severe) of influenza virus. Guinea pigs are also often used for trans-
mission studies. Maines et al. analyzed the transmissible ability of swine-origin
2009 A/H1NI by establishing ferrets and mice model, shedding light on the atyp-
ical symptoms, including gastrointestinal distress and vomiting [67]. Some works
demonstrated increased virulence or enhanced transmission with the acquisition
of specific mutations. For example, Tokiko et al. showed increased pathogenicity
in macaques when conferred the avian-type receptor binding ability by HA-222D
and HA-222G [68]. Sander at al. selected mutant A/H5N1 viruses, indicating
Q222L and G224S changed the receptor binding of H2 and H3 avian influenza
binding specificity to alpha (2,6) linked sialic acid, which contributed to the out-
break of 1957 and 1968 pandemics [69]. Chinh et al. found that mutation R289K-
induced conformation in H7N9 suggests potential adaption of the virus itself
for future drug-resistance [128]. Although experiments have detected several
determinants of pandemic influenza strains, these animal models are expensive,

difficult to work with and it is hard to analyze all factors thoroughly.

On the contrary, computational techniques will enable researchers to discover
knowledge more efficiently. Data mining approaches have been demonstrated
to be more powerful than manpower in some fields including biology. Large-
scale sequences available makes it possible to retrieve clues from past strains and
to estimate the mutations of influenza viruses. Wu et al. gave a review from
a computational mutation viewpoint on the mutation trend of hemagglutinin of
influenza A virus [129]. Conenello et al. proved that a single mutation in the
PB1-F2 of HSN1(HK/97) and 1918 influenza A viruses contributed to increased
virulence [66]. Miotto et al. identified a catalog of sites as human-to-human

transmission markers [130], and Chen et al. explored the mutation co-occurrence
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in HA1 sequences and detected co-mutation sites under strong selective pressure,

predicting the potential drifts with specific mutations of the viruses [110].

However, those works do not explore the virulence of influenza directly. To
investigate the critical sites of virulent strains, a binary classification problem is
defined. Sequences from recent pandemics are labeled as high virulent, while the
seasonal flu or epidemics strains are labeled as mild or less virulent. By applying
three typical rule-learning based classification algorithms, namely OneR, JRip
and PART, the results indicate high accuracy classifying the strains. Besides,
rules generated by those algorithms can provide insights on the crucial virulent
sites and assist their detection. To evaluate the outcomes, they are compared with
experimental results of animal models and it is found that 14 out of 16 detected
sites are either located in epitope regions or relevant to the binding site to the host.
Besides, the rest are also indicated to be highly potential to play an important role

in the virulence of an influenza strain.

3.2 Materials and methods

3.2.1 Overview

The hemagglutinin (HA) sequences of past pandemic and non-pandemic strains
were first collected with three subtypes of influenza, namely, HIN1, H2N2 and
H3N2. Then the data cleaning and preprocessing were carried out to acquire
qualified strains. Next, three benchmark rule-based algorithms were applied to
classify pandemic strains from non-pandemic strains using HIN1 dataset with
ten-fold cross-validation. The rules of classifying virulent pandemic strains and
their corresponding critical sites were obtained. Finally, these sites were mapped

into H2N2 and H3N2 pandemic strains based on amino acid distribution. The
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workflow of this work is summarized in Figure 3.1.

Preparing and Preprocessing|
of PDM and NONPDM
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(10-fold cross validation)

Output 1: Rules and sites (Table 3.3)
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w

Comparing the detected sites
Step 6: Validation with experimentally
detection

Figure 3.1: The flowchart for binary classification of pandemic and non-

pandemic strains
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3.2.2 Data collection

Influenza sequences were obtained from Influenza Virus Resource (IVR) on
31 Dec 2016 [131]. These HA sequences were retrieved with full length and
human host from 1918 to 2016. The experimental strains can be categorized into
two types, pandemic and non-pandemic classes. The pandemic class is denoted
as PDM that includes sequences from five pandemics in recent centuries, namely
HINI1 for 1918 Spanish flu, 1977 Russian flu and 2009 swine originated influenza
virus, H2N2 for the 1957 Asian flu and H3N2 for 1968 Hong Kong pandemic.
Viruses could circulate for a while even after the pandemic. The sequences from
two consecutive years of each pandemic were also labeled as PDM sequence.
Correspondingly, the dataset collected for the non-pandemic class denoted as
NONPDM was made up of all the strains of subtype HIN1, H2N2 and H3N2
from 1918 to 2016 excluding the pandemic strains, during which there were only
some small-scale outbreaks that happened seasonally. The datasets ended up with
3275 samples (collapsing identical sequences) for PDM class, with 3216 HIN1
strains, 35 H2N2 strains and 24 H3N2 strains respectively. Meanwhile, 8989
samples are obtained for the NONPDM class, with 3329 HINI1 strains, 45 H2N2
strains and 5615 H3N?2 strains. The details of the datasets collected for each class

are in Table 3.1.

3.2.3 Data cleaning and preprocessing

Due to the different lengths of each subtype of HA, the strains were classified
from multiple clades of H1, H2 and H3. The PDM and NONPDM strains of
HINTI1 were first assembled. Multiple sequence alignment was implemented by

MAFFT (Multiple Alignment using Fast Fourier Transform) with FASTA output
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Table 3.1: Data collection of subtype HIN1, H2N2 and H3N2 in pandemic and

non-pandemic years of recent centuries.

Period Name Circulating | Subtype | Number Class
1918-1919 | Spanish flu 1950s HIN1 1 PDM
1957-1958 Asian 1960s H2N2 35 PDM
1968-1969 | Hong Kong | circulating | H3N2 25 PDM
1977-1978 Russian circulating | HINI 14 PDM
2009-2010 China circulating | HINI1 3201 PDM
1920-1976 | Seasonal — HINI 54 NONPDM
1979-2008 | Seasonal — HINI 1072 | NONPDM
2011-2016 | Seasonal - HINI1 2203 | NONPDM
1918-1956 | Seasonal - H2N2 0 NONPDM
1959-2016 | Seasonal - H2N2 45 NONPDM
1918-1967 | Seasonal - H3N2 0 NONPDM
1970-2016 | Seasonal - H3N2 5615 | NONPDM

format in the same order as input samples. FFT-NS-2 mode was selected as the
running strategy. The results showed many deletions and insertions of aligned
sequences because of different HA lengths in HIN1, which turned out to have a
great impact on the distribution and alignment of amino acid sites. The length
of 566 amino acids was the most common length for a complete HA segment of
HINT1 of the influenza A virus that was used as a criterion to eliminate the strains
that have more than 566 residues. The remaining samples of HIN1 included
3201 PDM strains and 3327 NONPDM strains. Multiple sequence alignment
was repeated by MAFFT with the same parameter settings. This process was

also applied to subtype H2N2 and H3N2 samples.

A comparison of residues between subtypes of the influenza virus has been
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increasingly utilized for comparative studies across subtypes. An analysis of
N-terminal cleavage sites for thirteen subtypes of influenza A hemagglutinin
sequence has been described by Nobusawa and colleagues [132]. F. Burke and
J.Smith extended this work for eighteen subtypes [133]. The analysis of known
structures of HA of influenza virus allows us to define structurally and func-
tionally equivalent amino acids across all subtypes using a numbering system
based on mature HA sequences. The N-terminal signal peptide cleavage site of
HA was predicted using signals for all HA subtypes [134]. On account of this
numbering system, it was able to unify equivalent sites across subtypes H1, H2
and H3 of influenza A viruses by deleting signal peptides. The three representa-
tives with N-terminal sequences of mature HA proteins starting with "DTICIGY-
HANNS”, "DQICIGYHANNS”, and "QDLPGNDNSTATLCLGHHAVPN” are
”A/California/04/2009/HIN1pdm”, ”A/Singapore/1/1957/H2N2” and " A/AICHI/-
2/68/H3N2”, respectively [133].

For each sequence in the preprocessed dataset, every site was regarded as one
feature by concatenating the residue and its position (for example T190). If there
was an insertion or deletion, ‘-’ would be used for replacement. As a result, there
are 549, 547 and 550 features for every sequence of HIN1, H2N2 and H3N2
respectively, followed by the label at the end of each sequence that class PDM is
denoted as ‘1’ and NONPDM is ‘0.

3.2.4 Binary classification

Machine learning has been widely applied in bioinformatics for many years
and the diverse range of rapidly expanding data produced by modern molecular
biology has fueled a need for accurate classification and prediction algorithms

[135]. Compared with traditional machine learning approaches, rule-based meth-
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ods suggest a more efficient way to manipulate knowledge and interpret informa-
tion [136]. They are usually leveraged for identifying a set of context-dependent
rules that collectively store and apply knowledge in a piece-wise manner to make
predictions, which is selected for the binary classification task and detect critical
virulent sites in PDM strains. However, there is no unique classifier or rule that
can be used to outperform others for all problems. Hence, three different rule-
based classification algorithms are applied, namely, OneR, JRip and PART, to
integrate the results of all the classifiers to complement each other. A comparative
analysis of their performance of different classifiers will also be described and all

methods are implemented by Weka [137].

OneR, short for “One Rule”, is a simple and accurate learning classification
algorithm that generates one rule for each predictor. It only selects one rule with
the smallest total error. The drawback of this method is that it can only identify
a single feature that matters most in the dataset without informing more rules
that are potentially related. The second algorithm JRip implements a proposi-
tional rule learner, Repeated Incremental Pruning to Produce Error Reduction
(RIPPER), which is based on association rules with reduced error pruning, a very
common and effective technique in decision tree algorithms. Rules are optimized
by generating and pruning two variants of each rule from randomized data, from
which the one with the minimal decision length is selected. Finally, rules that
would increase the decision length were deleted from the ruleset and the optimal
rule set is obtained. PART (Projective Adaptive Resonance Theory) is the third
algorithm that uses partial decision trees to generate the decision combining two
dominant rule mining strategies C4.5 and RIPPER, which is straightforward for

global optimization by either discarding or adjusting individual rules.

Considering different lengths of HIN1, H2N2 and H3N2 features as well

as sample distributions for the three subtypes, HIN1 samples manifested the best
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quality with sufficient numbers of PDM and NONPDM strains in a balanced way,
compared with the other two subtypes, for which there is a lack of enough PDM
strains or imbalanced class distribution. Therefore, HIN1 samples are used as the
input dataset. Ten-fold cross-validation was applied to identify the rules and sites
that are related to pandemic strains in the HIN1 subtype. The detected sites were
mapped across H2 and H3 subtypes with equivalent sites by a numbering system
based on mature HA sequences. Overlapped sites were found using H2N2 and

H3N?2 strains based on amino acid distribution.

3.3 Results

The results show that these three classification algorithms have achieved com-
petitive performance. To evaluate the performance of three classification al-
gorithms, we use precision, sensitivity, specificity, F-measure and ROC area
as metrics. We define that sequences in the PDM class are taken as positive
instances, while the NONPDM sequences are negative. Thus, precision denotes
the ratio of correctly identified PDM over all positive samples. To measure the
proportions of positives and negatives that are correctly identified, sensitivity and
specificity are also leveraged to better understand the performance of PDM and
NONPDM strains classification. F-measure is the harmonic mean of precision

and sensitivity. Table 3.2 shows the details of performance for the classifiers.

The rules were discovered by OneR, JRip and PART with HIN1 datasets.
OneR selected only one feature, site 185 that gets the smallest total error with
0.883 precision. JRip discovered six rules for the classification of PDM strains
with twenty different sites identified with 0.926 precision, which performed the
best among these three methods. In the method of PART, which is based on

partial decision trees, generating more rules than the previous two methods. Here
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only the top two rules classified as PDM by PART are presented that occupied
most of the PDM strains with the precision of 0.921, ignoring NONPDM rules
that were less important with the identification of critical virulent sites. Details

of rules and detected sites of these three methods are shown in Table 3.3.

On obtaining the sites from generated rules by using the HA sequences of
HIN1 PDM and NONPDM datasets, these identified sites are transferred into
equivalent ones that located in H2N2 and H3N2 by a numbering system based
on mature HA sequence. Due to the limited strains in H2N2 (45 NONPDM
strains and 35 PDM strains) and imbalanced strains in H3N2 (5614 NONPDM
strains and 24 PDM strains), directly applying these rule-based algorithms in
H2N2 and H3N?2 datasets did not present many rules associated with critical sites,
neither making consistent results with the identified sites in HIN1 experiments.
Considering that, the sites identified in HIN1 are mapped into equivalent ones
in H2N2 and H3N?2 strains using a cross-subtype numbering scheme proposed
by Burke and Smith [134]. As a result, the sites are selected that are related to
the virulence of influenza strains using H2N2 and H3N2 datasets based on the
following two constraint conditions. The first constraint is that the type of amino
acid for each site in H2/H3 PDM strains is almost the same, but different from

most amino acids in NONPDM strains in the same site. The second constraint is

Table 3.2: Performance using OneR, JRip and PART methods

Metric OneR Jrip PART
Precision 0.883 0.926 0.921
Sensitivity 0.910 0.928 0.923
Specificity 0.858 0.925 0.919
F-measure 0.881 0.926 0.921
ROC area 0.880 0.952 0.971
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Table 3.3: Rules and sites generated by OneR, JRip and PART that are associated with PDM and
NONPDM strains.

Rules (x/y)* Sites
G185—PDM, N185—PDM, S185—PDM, V185—PDM 185
OneR | A185—+NONPDM, D185—NONPDM, 1185—NOMPDM,
K185—NONPDM, M185—NONPDM, P185—NONPDM,
R185—NONPDM, T185—+NONPDM (5751/775)
(S185+E374+A186+S183)—PDM (1846.0/17.0) 97, 134, 143,
(S185+1216+V272+K163+S451+A134)—PDM (730.0/23.0), 153, 162, 163, 183,
(T190+K274)—PDM (441.0/169.0) 185, 186, 187, 190,
JRip (E499+S143+D97+E374+S162)—PDM (91.0/17.0) 216,271,272,
(E499+S143+D97+V520+S162+P271)—PDM (192.0/66.0) 274,374,451,
(S451+T190+K274+D187+V153)—PDM (20/0) 499, 520
~b — NONPDM (3209.0/180.0)
(S185+K239+1216+T133+A521+N473+1372+K494+T281+ 13,25, 31,71, 84,97, 133, 134,
T25+K146+A423 41526+ T13+A134+S143+V272+S451+, 143, 146, 154, 163, 169, 185, 190,
) S263+N228+K169+S71+E491+K154+K163+K308+ 197, 202, 216,223, 228, 234, 239,
PART? G202+V234+H273+Q223) — PDM (2195.0/11.0) 259, 263, 266, 272, 273,281, 302,
(E374+K458+V479+N31+D97+K409+N540+1266+R259+ 308, 372, 374, 409, 423, 451,
K302+I510+S190+A197+S84) — PDM (339.0/12.0) 458,473,479, 491, 494, 510, 521, 526, 540

% x stands for the number of instances covered by the rule, while y is the number of misclassified instances.

b~ means all the other features.

¢ Only two main rules are presented that identifying PDM class, for which the sites are important related to virulence.

the amino acid existing in the PDM strains of each site but not the majority of the
second majority amino acid. After cross-type site transformation and selection,
some critical sites generated by the rule-based classification are acquired that
not only existing in the HIN1 subtype but also make sense in H2N2 or H3N2

subtypes. The selection sites of different subtypes are presented in Table 3.4.
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Table 3.4: Summary of features in the generated rules across HIN1, H2N2 and
H3N2 of PDM strains (H] numbering system)

Features(a) (b/a)*
OneR 185 1/1
JRip 134, 143, 153, 185, 186, 187, 273, 274, 451 8/9
PART | 134, 143, 185, 190, 202, 216, 223, 239, 259, 273, 451, 540 | 10/12

" a stands for the number of features included in the extracted rules and b is the number of
features located in epitope regions. The features located on the epitope regions are in bold

font. Features with reported effects but not on the epitope are underlined.

3.4 Discussion

Since the first emergence of pandemic after the nineteenth-century, influenza
A viruses have been circulating and evolving up to now, during which several
other pandemics occurred with the emergence of novel influenza strains, causing
millions of human deaths and enormous economic loss, seriously affecting the
public health. This study aims at identifying some critical sites that are related
to the virulence of PDM strains. The analysis performed in this study using the
HA gene of PDM and NONPDM sequences revealed the presence of sixteen
distinct sites that may affect virulence, leading to the outbreak of the pandemic.
To evaluate the sites identified by the algorithms, all the sites are mapped on
the HA protein presented in Table 3.4 that 14 out of 16 are found in epitope
regions [138]. The results visualized in Figure 3.2 also show that sites 134, 153,
186 and 187 identified by JRip and the sites 134 and 216 identified by PART are
the receptor-binding sites among the 13 serotype HAs. The receptor specificity
of HA has been considered as one of the determinants of the tissue tropism and
host range in the influenza virus [139]. Specific mutations on sites 134, 187, 190

and 223 could lead to increased virus binding to alpha (2,6) linkage [133]. Also,
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Epitope A

Epitope B

Figure 3.2: Mapping the detected sites onto hemagglutinin of the HIN1 virus
(PDB ID: 4EDB). The blue, red, cyan, yellow and green regions represent the
five epitope regions A-E respectively. The spheres with corresponding numbers

are the detected sites locating at the epitope regions.

some more sites are in four major antigenic regions defined by Brownlee and
Fodor [140] including sites 185, 186 and 187 from region Cal and site 202 from
Sb. The accumulation of HA mutations by antigenic drift arising from population
immune pressure is a significant cause of the emergence of new seasonal human

influenza viruses [141].

Apart from the sites that are receptor binding sites or antigenic sites, there
are several residue positions and mutations that could be indicated by other ex-
perimental results. For example, the amino acid change S143G, which occupied
29/55 (52.7%) of viruses analyzed during the 2009-2010 season, is located next

to the antigenic region Ca [142]. Meanwhile, a previous report indicates that two
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viruses with the S143G substitution were observed to have reduced antigenicity
against the A/California/07/2009 vaccine virus in the HI test [143]. Some amino
acid changes in H3N2, HIN1 and H1N2 viruses between seasons in site 239 sug-
gest that this site could have been through the cross-type transmission. Mutation
E274K occurring between 2004 and 2007 were maintained in the oseltamivir-
resistant viruses that caused epidemics in the 2007-2009 seasons [144], which is
also located next to the antigenic site 273. Substitution S451N, found by Antonio
Piralla et al., may increase the severity of a symptom of infected patients [142].

Annotations and references on those sites are summarized in Table 3.5.

To sum up, three rule-based classification algorithms provide competitive
performance in classifying pandemic strains from non-pandemic. By retrieving
experimentally determined functional features and epitope regions, it is not diffi-
cult to find that the detected sites are highly overlapped with the experimentally
determined functional sites, mostly affecting the antigenicity or receptor binding
mechanisms with host cells. When it comes to the virulence, the adaption of
an influenza A virus to recognize host cells and immune responses are always
considered critical measurements. Here, this work focused on virulence to hu-
mans, and the binding mechanism to human cells will affect the pathogenicity
to individuals and transmission efficiency among populations, both of which are
key requirements of a pandemic. Avian influenza viruses prefer an alpha (2,3)
sialic linkage, which is preferentially expressed on cells deeper in the human
lungs besides the avian intestinal epithelium. Normally an avian influenza virus
has little chance to infect humans, whose upper respiratory cells are mostly alpha
(2,6) sialic linkages, but it will cause more acute symptoms once humans get in-
fected. However, when the avian influenza virus has conferred the ability to bind
the alpha (2,6) linked sialic acid, it would be more pathogenic and contagious.

Another factor, epitope, the antigenic determinant of viruses, is the main target
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Table 3.5: Summary of annotations of features bearing specific functions (H1

numbering system).

Features Annotations References

134 Receptor binding site, mutation S134A increased virus binding [133]

to alpha2-6 glycans
143 S143G observed reduced antigenicity against the [143]

A/California/07/2009 vaccine virus in the HI test
153 Receptor binding site [133]
185 Antigenic site [140]
186 Antigenic site, receptor binding site [133] [140]
187 Antigenic site, receptor binding site, mutation E187G increased | [133] [140]
virus binding to alpha2-6 glycans

190 Receptor binding site, mutation K190R increased virus binding [133]

to alpha2-6 glycans
202 Antigenic site [140]
216 Receptor binding site [133][142]
223 Receptor binding site, mutation Q223L increased virus binding [133]

to alpha2-6 glycans
239 Amino acid changes in H3N2, HIN1, HIN2 viruses between [141]

seasons
273 Antigenic site [140]
274 Mutation E274K were maintained in the oseltamivir-resistant
viruses that caused epidemics during 2007-2009

451 Substitution S451N may increase the severity of infected patients [142]

recognized by the immune system. Thus, it makes a significant sense that sites

on epitope regions are classifiers between the pandemic and the non-pandemic

strains.
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According to the experimental results, a few other sites detected, 451 and
540, are found outside the epitope regions or link to the binding of the human
host. No significant mutations are identified at site 540 affecting pathogenicity,
which may indicate it is not as important as the top ones. However, it should
also be noted that they are still potential key sites in causing pandemics. More
biological experiments are needed for validation on these sites with the guidance

of computational techniques.

3.5 Chapter summary

In this chapter, a binary prediction task is defined and three rule-based ma-
chine learning algorithms have been applied to classify pandemics strains as well
as identify the potential virulent sites using past pandemic strains, which prove to
be a powerful and efficient way of biological knowledge discovery. The experi-
mental results show a good performance with over 0.9 precision rate on average,
detecting 16 potential virulent sites in total. Further validation has confirmed that
14 out of 16 sites are located in epitope regions or relevant to the binding of host
cells, which contributes a better understanding for the rapid detection of genetic
variants with the potential of causing pandemics or epidemics. The findings in
this work will be leveraged for the construction of the virulence prediction model

in the subsequent sections.
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Chapter 4

HopPER: an adaptive model for probability estima-
tion of influenza reassortment through host predic-

tion

3Influenza reassortment, a mechanism where influenza viruses exchange their
RNA segments by co-infecting a single cell, has been implicated in several major
pandemics since the 19th century. Owing to the significant impact on public
health and social stability, great attention has been received on the identification
of influenza reassortment. A new computational method named HopPER (Host-
prediction-based Probability Estimation of Reassortment) is proposed, that stur-
dily estimates reassortment probabilities through host tropism prediction using
147 new features generated from seven physicochemical properties of amino
acids. The experiments are conducted on a range of real and synthetic datasets
using HopPER and several other state-of-the-art methods for comparison. The
results indicated 280 out of 318 candidate reassortants have been successfully
identified. Additionally, not only can HopPER be applied to complete genomes
but its effectiveness on incomplete genomes is also demonstrated. The analysis
of the evolutionary success of avian, human and swine viruses generated through

reassortment across different years using HopPER further revealed the reassort-

3Part of the work in this chapter has been published in [Yin R, Zhou X, Zheng J, et al.
Computational identification of physicochemical signatures for host tropism of influenza A

virus[J]. Journal of bioinformatics and computational biology, 2018: 1840023-1840023]
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ment history. This chapter presents a new method for influenza reassortment
estimation. The method could facilitate rapid reassortment detection and shed

light on the evolutionary patterns of influenza viruses.

4.1 Introduction

Influenza A viruses, as highly infectious respiratory pathogens, can transmit
across host species and evade host immune responses. As illustrated in Chapterl,
a complete influenza genome consists of eight independent gene segments, where
the subtype of influenza is characterized by the HA and NA segments [145].
Transcription and replication take place by the viral RNA-dependent polymerase
complex PA, PB1 and PB2 [15]. The rest of the segments encode the NP, M1,
M2 and two non-structural proteins. This segmented structure of the virus enables
the exchange of different segments between influenza viruses when co-infecting
a cell [146]. The mechanism of genetic recombination, named reassortment, may

lead to the occurrence of novel progeny viruses [147].

It has been well recognized that reassortment is an evolutionary mechanism of
segmented viruses that play important roles in the interspecies transmission and
generating novel strains. The reassortment could accelerate the rate of acquir-
ing new genetic markers that would faster overcome host barriers than the slow
process of incremental accumulation of mutations [148]. In Chapter 2, we know
that the outbreak of three major influenza pandemics was associated with the
reassortment that produced new strains infecting humans since the 19th century
[149]. In more detail, the evidence indicated that the HA and NA segments of the
1957 Asian pandemic were substituted by genes related to avian strains. The reas-
sortment of human and avian strains led to the 1968 H3N2 pandemic that the H3

HA gene was derived from avian-origin viruses [47]. Besides, reassortment be-
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tween two different swine influenza viruses, which themselves comprised genes
from previous strains of different hosts, caused another pandemic in 2009 [7].
These pandemics have not only killed numerous people but also led to enormous
economic losses. Therefore, early identification of influenza reassortment and
potential reassortant strains are crucial for the surveillance and prevention of

pandemics in the future.

With the rapid growth of flu data in recent years, increasing complete in-
fluenza genomes are publicly available [150]. Many efforts have been made to de-
tect influenza reassortment events using the influenza genomic data. The common
approach of identifying influenza reassortment is to construct fixed phylogenetic
trees relating each segment of the strains [82] [151] [152]. Two methods were
proposed for identifying reassortment events based on the difference between
phylogenetic trees [92]. These trees are compared to detect disagreements of
different strains, but it is a laborious and time-consuming process. Moreover, it
provides no guarantee that all reassortments have been found. To account for
the uncertainty in the inferred phylogenies, a novel computational method named
GiRaF was developed to identify reassortment [90]. In GiRaF, large collections of
Markov chain Monte Carlo sampled trees were searched for groups of incompati-
ble splits. This successfully detected some known reassortments in avian, human
and swine influenza strains. Yurovsky and Moret presented a fully automated flu
reassortment finder called FIuRF that employed a bottom-up search on the recon-
structed phylogenetic trees of full and segment-based genomes [93]. However,
the computational cost of phylogeny laid a formidable barrier for reassortment
detection using phylogenetic analysis with a large scale of the dataset. Silva et
al. aimed to solve this problem by formulating a phylogeny independent method
that only utilized nucleotide distance matrices as input for reassortment detection

[89]. Furthermore, Rabadan et al. provided a quantitative method to measure
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the genetic shift from nucleotide sequence data that did not rely on phylogenetic
analysis for reassortment detection [94]. Villa and Léssig determined rate and
average selective effect of reassortment process in human influenza H3N2 using
a new method to map reassortment events from joint genealogies of multiple

genome segments [153].

Despite the growing data of genomic sequences and powerful computational
capability for constructing various phylogenies to detect reassortment events,
these approaches are generally applicable in a small scale of the dataset with well-
defined phylogenetic trees. In this chapter, a novel approach named HopPER
(Host-prediction-based Probability Estimation of Reassortment) is developed that
employs machine learning techniques to calculate the reassortment probability
by predicting the host tropism in a given collection of genomic sequences. Hop-
PER first generates the feature vectors by seven physicochemical properties from
avian, human and swine strains with global descriptors CTD (Composition, Tran-
sition and Distribution). It then applies a kernel perspective on host probability
estimation by the random forest [154] for a single sequence and then combines
all segments of the genome to produce an overall estimation of reassortment
probability. The HopPER is tested on both real datasets and synthetic datasets for
the evaluation of the capacity of estimating the reassortment possibility. Com-
pared with several other computational methods, it is shown that HopPER has
successfully identified reassortments with better precision. Furthermore, Hop-
PER is efficient in detecting reassortment for even incomplete genomes (with at
least two available genomic segments) and in analyzing large datasets. Thus,
the development of HopPER can assist in flu surveillance and prevent future

pandemics.
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4.2 Materials and methods

4.2.1 Problem formulation

The concepts of reassortment are broadly applicable to other multipartite
genomes, most of which have been studied. Here, only influenza reassortment
is investigated in this chapter. As far as we know, the reassortant strains are
responsible for the majority of flu pandemics in history and will continuously
threaten public health. While any exchange of genetic material between differ-
ent the segments of influenza viruses can be considered as reassortment. This
work mainly focuses on identifying interspecies reassortments that have occurred
across hosts. It is similar to definitions of host tropism predictors in the literature,
except that here the problem is formulated probabilistically to enable a quantified
estimate of host origin. Hence, host tropism is modeled by quantifying the
reassortant probabilities. The model can also detect intra-host reassortments,
for instance between different viral strains that originate from one single host
category such as avian. In the model, the actual host in which the mixing occurred
is disregarded and the focus is mainly on detecting past reassortants and the
potential evolutionary relationships. For all practical purposes, only avian, human
and swine strains are used that occupy the overwhelming majority of the existing
sequence data. The following subsections respectively elaborate on the dataset

and the structure of the proposed model. Figure 4.1 presents the flowchart.

4.2.2 Data collection and preprocessing

The amino acid sequences of all segments with avian, human and swine

hosts are downloaded from NCBI on 31 Dec 2017 [131]. The datasets contain
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influenza sequences with annotations such as accession number, host, collection
year, region. Only full-length sequences are acquired and duplicate strains are
removed from the collection. The results are presented in Table 4.1. The proteins

of PB1-F2 and PA-X are excluded as they are completely contained in PB1 and
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Figure 4.1: Schematic overview of analysis workflow in HopPER. a) The
general diagram of the host prediction model based on seven physicochemical
properties and reassortment probability estimation in the random forest. b)
Specific algorithmic steps for estimation probability model on influenza genome

reassortment detection.
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Table 4.1: The number of influenza sequences for selected segments on avian,

human, swine hosts and combined dataset.

Host type
Protein
Avian | Human | Swine | Combined

HA 12248 13607 6257 32112
NA 9452 10107 5734 25293
NP 4841 2659 2292 9792
PA 8428 5498 3059 16985
PB1 7699 4869 2892 15460
PB2 8106 5490 2901 16497
NS1 6115 4133 2662 12910
M2 2237 1404 1534 5175

PA respectively. It would be impossible for PB1-F2 and PA-X to have different
host designation to PB1 and PA. Similarly, segment M consists of M1 and M2,
while segment NS comprises NS1 and NS2. Only NS1 and M2 proteins are
selected as representatives for host tropism prediction. This is because many
more samples on NS1 and M2 are available to construct the model. Finally,
the data of eight different proteins is obtained and the avian, human and swine

sequences are labeled as ’0’, ’1” and ’2’, respectively.

Besides, whole-genome datasets are also collected from NCBI on the same
date and settings. To analyze the global patterns of reassortment events from
the year 1918 to 2017, It is ended up with 13598, 20614 and 4380 complete
and incomplete genomes of avian, human and swine hosts respectively after data
preprocessing. Further analysis is performed to illustrate the potential reassor-
tants using genomic sequences. Also, synthetic genomes are collected from the

Global Initiative on Sharing All Influenza Data (GISAID) [155]. These strains
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are synthesized from the laboratory and labeled as true reassortants that contain
87 complete genomes and 25 incomplete genomes to evaluate the performance
of HopPER. The incomplete genomes have at least two different segments so
that we could calculate the probability of host tropism for each segment and
exert statistical probability estimation to identify the reassortment. Apart from
synthetic genomes, The HopPER is also validated through real samples that have

been tested by some state-of-the-art methods.

4.2.3 Feature transformation

The feature transformation of protein sequences is conducted based on AAin-
dex, a database of amino acid physicochemical properties, substitution matri-
ces and statistical protein contact potentials [156]. The method developed by
Dubchak is performed to transform protein sequences into feature vectors [157].
The transformation is implemented by using three global descriptors: composi-
tion (C), transition (T) and distribution (D) to calculate the numerical values for
each amino acid properties. The amino acid physicochemical properties contain
polarity, net charge, hydrophobicity, normalized van der Waals volume, solvent
accessibility, polarizability and secondary structure [158]. These amino acids are
divided into three different groups based on the physicochemical properties of
amino acid indices [159] that can be seen in Table 4.2. Meanwhile, the equations

for three global descriptors are formulated as follows:

. Ca1 Co2 Cgs
t = 4.1
Composition = ( NN N ) 4.1)
T T T
Transition — ( cic2 lcies G2G3) 4.2)

N—-1"N—-1"N-1
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Table 4.2: The division of amino acid groups based on physicochemical

properties and amino acid indices.

Attributes Group 1 Group 2 Group 3
o Polar Neutral Hydrophobic
Hydrophobicity
QERKDN | GPHASTY | CVELILMW
o 0-1.08 0.128-0.186 0.219- 0.409
Polarizability
S,D,G,A, T C,QLPN,VEL | YMK,RHFEW
Normalized 0-2.78 2.95-4.0 4.0-8.1
Van der Waals | S,C, G, A, T,P,D E,Q.N,V,ILL K,FEM, HR,Y,W
4.9-6.2
) 8.0-9.2 10.4-13.0
Polarity W,C,L, L F
T,G,P, A, S K,N,H,Q,R,E,D
M, V,Y
Buried
Solvent Exposed Intermediate
A,LEC,G,
Accessibility R, K,Q,E,N,D M,S,PT,H,Y
L,VW
Helix
Secondary Strand Coil
E,A,L,M,Q,
Structure V,LY,C,W,ET G,N,P,S,D
K,R,H
Neutral
Positive A,N,C,Q,G,H, Negative
Charge
K,R LLMEPS,T, D,E
W, Y,V
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Dio Dios Diso Dirs DilUO)
N N’ N’ N’ N

(4.3)

Distribution = (

Composition describes the percentage frequency of each amino acid property
group across the entire protein sequence. N is the number of amino acids and
(i 1s the frequency of amino acid property of group i in the sequence. Transition
characterizes the percentage frequency with which amino acid from a group is
followed by another group denoted as T;;. It means the property in group i is
followed by group j or the other way around such that i, j = 1,2,3 and G; # G.
The third descriptor illustrates the distribution of each attribute in the sequence
and D; represents the percentage in these positions of the amino acid properties
in group i. The distribution is based on the first, 25%, 50%, 75% and 100% of the
amino acids for each attribute [157]. Therefore, 21, 21 and 105 new features are
generated based on seven amino acid physicochemical and structural properties
for global CTD descriptors respectively. In total, 147 amino acid feature vectors

have been used to build the model for host tropism prediction.

4.2.4 Host tropism prediction

The experiments are first carried out on the host tropism prediction for se-
lected proteins, which is the basis for the probability estimation of influenza
reassortment. The effectiveness of host tropism prediction on influenza HA pro-
teins and zoonotic strains prediction has been demonstrated by Eng et al. [160].
Previous work supplemented this work on the host prediction of human-adapted
subtypes using random forest that achieved better results over other classifiers
[161]. By constructing a multitude of decision trees, it applies the general tech-
nique of bootstrap aggregating to tree learners and then splits leaf nodes in the

trees by random subset of feature space [154]. This comes at the expense of a
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small increase in the bias and some loss of interpretability, but generally greatly
boosts the performance in the final model [162]. To ensure the robustness of the
constructed models, all the datasets are split into an independent training dataset
and testing dataset with a ratio of 0.8:0.2. Ten-fold cross-validation is adopted to
evaluate the training process with random forest classifier. To assess the ability
of HopPER, the independent testing data is used to predict the host tropism.
The evaluation metrics include accuracy, precision, recall, G-means [163] and

Matthew’s correlation coefficient (MCC) [164].

4.2.5 Construction of training data

In Figure 4.1b, for the given input genomes for reassortment detection, the
genomes are split into segments. The host tropism prediction for each segment
is performed by individual independent models with random forest. To reduce
the overfitting of the model for host prediction, an algorithm named Ratcliff-
Obershelp [165] is introduced and this method measures the similarity between
input sequences and training sequences using gestalt pattern matching. The simi-
larity between a pair of sequences ranges from 0 to 1. The threshold is set as 0.99
to filter the sequences from the training data that are similar to input sequences.
The remaining sequences are utilized to train the host prediction model and con-
struct HopPER. Removal of similar sequences establishes the independence of
train and test datasets. It ensures the cross-validated results are a “true reflection”
of model performance. and make HopPER adaptive to the distinct input genomes

for reassortment detection.
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4.2.6 Reassortment probability estimation

In the reassortment probability estimation, x;, denotes the influenza sequence
and y; is the possible host. The variable z;, represents the influenza protein type
a in genome :. Here, a belongs to one of the selected proteins while the ordered
elements in setj = 0,1,2 correspond to avian, human and swine hosts, respectively.
To better calculate the reassortment probability, it is assumed that the distribution
of pairs of influenza sequences and its host labels are independent and identical,
that is x;, and y; are related according to an unknown conditional class probabil-
ity function Py, |x;,). Typical classification is to discriminate whether P(y;|x;,)
> 0.5 to predict the class of a new input sequence as described in the subsection
of host tropism prediction above. However, the goal is to directly estimate the

probability of host tropism for each protein in a genome.

To the best of our knowledge, there is no literature regarding reassortment
probability estimation in random forest models. This is probably that virologists
would usually check for reassortment by a homology search or by phylogenetic
analysis of influenza segments. Meanwhile, a previous study has indicated that
random forests are difficult to calibrate by standard calibration methods [166].
However, random forest achieves the best performance of estimation among ma-
chine learning classifiers after calibration [167]. Some other researchers have in-
vestigated the effect of utilizing corrected probability estimates in random forests
by Laplace and m-estimates at the nodes have demonstrated its usefulness [168].
Though there still exists limited empirical evidence for the effect of random forest
probabilities estimation [169], the framework of kernel regression in the random

forest probability estimation produces better results [170].

Consisting of a collection of 7" un-pruned decision trees, where one tree is

built from each bootstrap sample, random forests allow consistent estimation
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of individual probabilities [171]. A tree is constructed by introducing recursive
binary splits to the data based on the covariates and only a subset of covariates of
predefined size mtry is randomly selected at each node. The randomness in each
tree is represented by a random variable # € ©, which is an indicator to index
the trees in the forest. The class probability estimates for a terminal node are
obtained by the relative frequency of the class in that terminal node. For example,
the probability estimate of the tree for a new item is the class probability of the
corresponding terminal node. The decision tree will partition the input space
by the terminal nodes that would be denoted in the tree generated through 6 €
©®, where a point x4 belongs to Ry(xg). And the number of the samples in this
node will be represented by Ny(zp). Under these assumptions, the probability
estimation for a single tree at a point z could be defined as function f(0, z)

formulated below.

f(@,xo) _ Z H(xz € R0($0))yj (44)

A random forest is composed of a set of independent random draws 6,,...,6;,
and the associated trees f(01,-),...,f (6, ). In the case of host tropism predic-
tion of influenza sequences, the probabilities are estimated by making the host
label for each tree round(f(6;, o)) and counting the fraction of trees that vote
for its class. The results are aggregated by averaging the probability estimates
denoted by REP™(-) for the new input data over all trees (Figure 4.2). Here
the function is defined as REFP""(x,) that approximates the conditional class
probability P(y;|x¢), calculating the probability of each possible binding host

for input sequence .

REP™(10) = Z round(f (0, x)) 4.5)

t=1

Nl

The random forest sustains significant basis for host tropism prediction of in-
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(Random ForestT )

RFPrb(X )=P(y,[x,)

o /

Figure 4.2: The structure of random forest T for probability estimation. 6, is
an independent random draw and f(6;, zo) stands for the probability estimate by
associated tree ¢ at point zo. P(y;|x,) characterizes the aggregation of conditional

probability of all trees for label y;.

fluenza sequences but cannot directly identify reassortment or reassortant strains.
To perform reassortment probability estimation, it is necessary to know the origi-
nal host types for all influenza sequences of the genome. In practice, the sequence
in genome ¢ is denoted as z;, where a € S{HA, NA, NP, PA, PB1, PB2, NS1,
M2}. The probability estimation for certain host of protein is represented as x;,,
and could be calculated by REF?P™(z;,,), that is, P(y;|z:4,), where y; indicates
different host labels and a; is certain protein. For a candidate genome g; contain-
ing n different proteins, a,, is used to denote the possible segments in g;, where

as C a, C S and z;,, € g,. The probability estimation of g; being non-reassorted
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could be represented as Non REP™(g;) and is formulated below.
NonRE"(g;) = P(y;lgi)

dn (4.6)
= Hp(yj‘xias)

Taking all the available sequences into the calculation, the estimate of in-
fluenza reassortment probability is given as REP™(g;) shown in eq.7. Algo-
rithm 1 clarifies the detailed steps of estimating reassortment probability. It not
only allows the estimation of reassortment probabilities in complete genomes but
also displays effectiveness in incomplete genomes. Random forest probability
estimation provides a principled way to view the reassortments in terms of con-
ditional probability functions. Hence, such a problem formulation motivates the
discussion of estimation function as a fundamental and quantitative way to predict
influenza reassortment. For instance, a prediction that an avian host origin is more
likely than a human or swine host can narrow the sequence or homology search
space for a virologist, given a sequence of interest.

2
RE"(g;) =1-Y  NonRE"(g;) (4.7
j=0

A genome is regarded as a reassortant strain if the estimated probability is
greater than 0.5, otherwise, it is a non-reassortant strain. The true positive value
(TPV) in equation (8) is leveraged to measure the ability of HopPER in reas-
sortant detection. Apart from the detection of reassortment, HopPER can also
predict the non-reassortant strains with the same principle. However, as far as we
know, the study of non-reassortant strains attracts less attention and it is usually
difficult to confirm or deny a strain without reassortment. Direct validation of
true negative samples by HopPER poses great challenges. As an alternative,

it is intended to sketch the contours of the distribution of reassortant strains
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Algorithm 1 Probability estimation for influenza reassortment
Input: Training sequences t; € G, detected genome g; that contains sequences

Tia
Output: Reassortment probability estimation REP™(g;)
n <— Number of sequences in genome g;
for s=1tondo
as <— Certain protein type of input sequences x;,
if Similarity(z;,,,tx) j= threshold then
G’ + Remove t; from G
feature(G;S) + Feature generation on updated datasets G’ on protein a,
end if
form =1totdo
0,, < Select independent random draw
f (6, Tia,) < Probability estimation for single tree based on feature(G,, )
end for
REFP™ (1, ) < Aggregate probabilities of ¢ trees on protein a,
P(y|x;4,) + Obtain probabilities for different host labels y on a, through
RF?(4,)
end for
REP™(gi) + Calculate the final reassortment probability of genome g; by
taking P(y|as—1, ) under reassortment rules

return REP™(gi)

across different years and analyze the rate variation of the evolutionary success
of viruses generated through reassortment by HopPER. The reassortant strain
rate (RSR) is defined as the ratio of reassortments that have occurred and the
strains reproduced from the past reassortants to total genomic strains, which

is a measurement of the subsequent evolutionary success of viruses generated
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through reassortment. It could be calculated by identifying the reassortant and
non-reassortant strains by HopPER. As a result, we could outline RSR variation
by year and analyze the potential evolutionary patterns of the avian, human and

swine strains.

number of correct predictions

TPV = (4.8)

number of genomes

4.3 Results and discussion

4.3.1 Performance of individual protein on host tropism pre-

diction

After data preprocessing and feature generation for all available sequences
from NCBI, individual prediction models for each protein were built by random
forest. Table 4.3 presents the performance of predictive models for individual
proteins on independent training and testing data. It is shown that the constructed
models achieved outstanding performance in both training data and independent
test data. In more detail, the HA model obtained the highest accuracy of 0.966
(G-means = 0.953, MCC = 0.943), whereas the lowest was M2 model with 0.876
accuracy (G-means = 0.854, MCC = 0.805) in the training set. Regarding in-
dependent test results, HopPER showed comparative performance with accuracy
ranging from 0.865 to 0.965 for different proteins, which further demonstrated
the robustness of the proposed models on host tropism prediction. Furthermore,
it was also reported the predictive performance based on each class of avian,

swine and human to help increase the confidence of HopPER (Table 4.4).

The results suggest that all the prediction models have presented high pre-
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Table 4.3: Performance of host tropism predictive models for individual proteins on independent

training and testing data.

Training data

Testing data

Model Accuracy | Precision | Recall | G-means | MCC | Accuracy | Precision | Recall | G-means | MCC
HA 0.966 0.967 0.956 0.953 | 0.943 0.965 0.969 0.956 0.955 | 0.947
NA 0.961 0.962 0.953 0.953 | 0.939 | 0.957 0.958 0.95 0.949 | 0.933
NP 0.947 0.944 0.933 0.931 | 0912 | 0.954 0.951 0.944 0.943 | 0.927
PA 0.929 0.916 0.893 0.89 0.881 0.922 0.906 0.892 0.888 | 0.875
PB1 0.931 0.927 0.907 0.902 | 0.887 0.937 0.933 0914 0912 | 0.898
PB2 0.943 0.937 0.912 0913 | 0.906 | 0.945 0.938 0.923 0.921 | 0911
NS1 0.934 0.928 0.917 0916 | 0.896 | 0.931 0.93 0.919 0917 | 0.896
M2 0.876 0.866 0.856 0.854 | 0.805 0.865 0.86 0.853 0.848 | 0.795

dictive performance, capable of classifying avian, human and swine strains. The

viruses transmit between different host species, which allows for the mixture of

gene segments and produces reassortant strains. This might enhance the pathogenic-

ity of the virus, assisting novel strains to adapt to new host species [172]. How-

ever, it is still a challenge to directly predict the interspecies transmission and

identify the capability of an avian strain to cross the species barrier and infect

humans. But the results have proved the effectiveness of all models in predicting

host tropism, which paves the way for further reassortment probability estimation

through host prediction.
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Table 4.4: The predictive performance of host tropism using HopPER based on each class of

avian, human, and swine, labeled as ‘0’, ‘1’ and ‘2’, respectively.

Training data

Testing data

Model | Class
Precision | Recall | Fl-score | Support | Precision | Recall | Fl-score | Support
0 0.98 0.99 0.98 9849 0.97 0.98 0.98 2399
HA 1 0.96 0.97 0.96 10897 0.95 0.98 0.96 2710
2 0.97 0.9 0.94 4943 0.98 0.9 0.94 1314
0 0.97 0.99 0.98 7613 0.97 0.98 0.98 1839
NA 1 0.95 0.96 0.96 8101 0.94 0.96 0.95 2006
2 0.97 0.91 0.94 4520 0.96 0.9 0.93 1214
0 0.96 0.99 0.97 3867 0.96 0.99 0.98 974
NP 1 0.93 0.9 0.92 2120 0.95 0.92 0.93 539
2 0.93 0.91 0.92 1846 0.94 0.93 0.93 446
0 0.95 0.98 0.97 6783 0.95 0.99 0.97 1645
PA 1 0.9 0.93 0.91 4351 0.92 0.9 0.91 1147
2 0.89 0.78 0.83 2454 0.85 0.79 0.82 605
0 0.95 0.98 0.97 6175 0.95 0.99 0.97 1524
PB1 1 0.9 0.92 0.91 3881 0.92 0.92 0.92 988
2 0.93 0.81 0.87 2312 0.93 0.84 0.88 580
0 0.96 0.99 0.97 6499 0.96 0.98 0.97 1607
PB2 1 0.92 0.94 0.93 4348 0.93 0.95 0.94 1142
2 0.93 0.82 0.87 2350 0.92 0.84 0.88 551
0 0.96 0.98 0.97 4922 0.96 0.98 0.97 1193
NS1 1 0.91 0.92 0.91 3300 0.91 0.92 0.91 833
2 0.92 0.85 0.88 2106 0.93 0.85 0.89 556
0 0.93 0.96 0.94 1812 0.89 0.96 0.93 425
M2 1 0.82 0.78 0.8 1092 0.87 0.75 0.8 312
2 0.83 0.84 0.83 1236 0.82 0.85 0.83 298
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4.3.2 Evaluation on real datasets

To measure the effectiveness of HopPER, several other independent influenza

datasets are tested on HopPER. Genomic sequences for 18 typical reassorted

HINI, HIN2 and H3N2 genomes isolated from pigs in North America were
studied in Karasin et al. [84], [85], [83]. The datasets of 16 resembled novel 2009

swine-origin isolates, 6 triple reassortant H3N2 strains throughout Canada and

39 reassortment events in swine influenza strains were constructed from a large-

scale whole-genome sequences [86], [87], [88]. More comprehensively, 36 well

supported candidate reassortants [89], 93 single-taxa and multi-taxa reassortment

candidates [91], [90] were also selected for validation. A brief description of

these genome datasets follows below.

1)

2)

Karasin et al. investigated the genetic characterization of HIN1, HIN2 and
H3N?2 viruses that circulated in North America from 1997 to 2005. Due
to the occurrence of influenza pandemics in 1957 and 1968, the reassortant
human/avian viruses have circulated in the world and been collected from
pigs in Europe [173]. After that, the wholly avian HINT viruses adapted
to the swine population and spread to North America with classical swine
influenza virus [174], [175], [176]. The results obtained by genetic and
phylogenetic trees indicated the evidence for wholly human and reassortant

virus genotypes.

Kingsford et al. dataset contained 16 genome sequences that were similar
to swine-origin influenza viruses (S-OIV) that appeared in Thailand. These
swine-origin isolates only caused one cause of human infection A/Thailand/
271/2005 (HIN1). The comparison between these earlier resembled S-OI'V

reassortant strains and the real S-OIV strains could facilitate the identifica-
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tion of reassortment patterns.

3) Olsen et al. dataset contained 6 triple reassortant H3N2 viruses isolated
from pigs and turkeys throughout Canada in 2005. These were human
classical swine/avian reassortants similar to the viruses in 1998 except a
distinct human-lineage NA segment, which suggested a fast and compli-

cated interspecies transmission of reassortants.

4) Khiabanian et al. dataset was used to explore the process and patterns of
viral reassortment with 39 complete and incomplete genome sets. The
analysis of reassortment phenomena in swine influenza viruses was per-
formed by several statistical techniques. The finding indicated that not
only the surface glycoprotein coding proteins (HA and NA) but also the
PB1 segment reassorted more frequently compared with other segments in

swine viruses.

5) de Silva et al. dataset presented 36 well-supported candidate reassortants
with strong confidence. The results indicated that the combination of novel
HA and/or NA genes from different circulating viruses led to reassortment
events. Reassortment patterns of the identified strains drive us to outline
a more well-rounded picture of the evolution of some previously existing

reassorted strains.

6) Nagarajan et al. presented a more comprehensive reassortment study in-
cluding human, avian and S-OIV influenza populations. The framework
GiRaF was applied to detect the sets of taxa based on a fast biclique enu-

meration algorithm.

HopPER is compared with the above 6 described computational methods by

their ability to detect reassortment on real test datasets. Table 4.5 presents the
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Table 4.5: The results of reassortant strains identified using HopPER that was validated by

alternative methods for reassortment analysis.

Carlo-sampled trees for groups of incompatible splits

using a graph mining technique.

Datasets | Number Original Methods Identified | TPV
of number
genomes by
HopPER
Karasin 18 Genetic and phylogenetic analyses with cycle se- 16 0.889
et al. quencing and amplification by reverse transcription-
PCR.
Kingsford 16 Enumerating maximal bicliques with a defined in- 14 0.875
et al. compatibility graph to detect high-probability incon-
sistencies between the distributions of trees.
Olsen 6 Phylogenetic analysis by the method of maximum 6 1.000
etal. parsimony with bootstrap resampling for the genetic
characterization of reassortant H3N?2 viruses.
Khiabanian 39 Applying statistical methods such as diversity and 33 0.846
et al. entropy measures of each segment and its correlations
to investigate reassortment patterns.
de Silva 36 Comprehensive analysis based on neighborhood of 29 0.806
et al. each segment and using only nucleotide distance
matrix as input to formulate the phylogeny.
Niranjan 93 Graph-incompatibility based reassortment finder that 80 0.860
et al. searches large collections of Markov chain Monte
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results of the number of reassortants identified by HopPER and other methods.
The threshold is set as 0.5 to classify the reassorted and non-reassorted strains in
HopPER. The results have demonstrated that HopPER easily picked up reassor-
tants where the strains varied in hosts across different periods. Overall, 178 out
of 208 strains were successfully detected as reassortants. Looking at outcomes in
each dataset, it is apparent that all the similar swine-origin H3N2 influenza strains
were recognized as reassortants. Perhaps the number of test genomes on this
dataset was not significant and the TPV was only 0.806 on de Silva et al. dataset,
slightly worse than other datasets. Some of the reassortant strains identified by
Silva et al. were reported for the first time. This could decrease the confidence
of the candidates as true reassortant strains. Nevertheless, the evaluation of the
real datasets displayed strong evidence for the characterization of reassortment by
HopPER, e.g., the validation on Nagarajan et al. dataset achieved TPV of 0.860,

which contained a larger quantity of genomes with a diversity of strains.

One of the most critical strains A/CALIFORNIA/04/2009 was estimated to
be reassortant with the probability of 0.885. Of particular interest was the po-
tential host adaptation for individual segments of the genome. Selected avian,
human and swine genomic strains are shown in Table 4.6, indicating the re-
assortment patterns based on host tropism and reassortment probabilities. The
results incorporated the most likely host adaptation for each protein. Most of
the reassortants displayed a diversity of host adaptation of influenza sequences
in the genome. Table 4.6 indicates that more than one host species exists in all
genomes except the strain A/domestic teal/Hunan/79/2005, which is estimated
as a reassortant with the probability of 0.701, with the host tropism for each
segment being the same. Another finding was that the reassortment probability
of strain A/domestic teal/Hunan/79/2005 was not high compared with others. It

may infer that interspecies transmission of influenza viruses had a direct impact
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Table 4.6: Reassortment patterns on host distribution of selected avian (0), human (1) and swine

3

(2) strains and the gap ‘-” denoted the missing sequence in the genome.

Strain Subtype HA M2 NA NP NS1PA PB1PB2 REP™
Avian A/domestic teal/Hunan/79/2005 HNI O O O O 0 0 0 0 0701
A/pekin duck/California/P30/2006 H4N2 O O O O 0 2 0 O 0.856
A/mallard/Pennsylvania/454069-12/2006 H5N4 0 O 1 O O O O O 0.804
A/chicken/Hubei/C1/2007 HON2 0 2 0 0 2 2 0 0 0976
Human A/California/05/2009 HINT 1T 1 1 1 - 1 1 1 0.888
A/Texas/05/2009 HINT 1T 2 2 1 1 1 1 1 0993
A/California/04/2009 HINT 1 2 1 1 1 1 1 1 02885
A/New Jersey/1976 HINT 2 0 1 1 1 1 1 1 00984
Swine A/Thailand/271/2005 HINT 1T - 1T 0 2 2 2 2 0995
A/swine/Ontario/00130/97 H3N2 2 1 1 2 2 1 1 2 1
A/swine/Ontario/53518/03 HINI 2 2 2 2 2 2 1 2 095
A/swine/Hong Kong/273/1994 HINI 1T 2 1 1 2 2 1 2 099

on probability estimation. Correspondingly, more credible reassortment events
would be obtained if the sequences in the genome stemmed from different species

can be demonstrated.

Reassortant strains are implicated in several major pandemics in history with
reassortments occurring across different hosts. An example is a swine-origin
reassortant, which comprises genes derived from avian, human and classical
swine [7]. More attention is needed for the reassortant strains when the com-
plement of individual protein sequences are from three or more different host
species detected by HopPER. Besides, the emergence of novel HA segment in a

reassorted genome is crucial for the outbreak of potential pandemics that has to
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be considered.

Moreover, It can further identify latent breakdowns in the ancestry of known
reassortants and give insights for interspecies transmission and evolution of in-
fluenza viruses. For example, in A/swine/Ontario/53518/03, It is found that the
segment PB1 was derived from human influenza virus lineages whereas the rest
of the segments were in classical swine lineage [83]. The H3N2 viruses recov-
ered from Canada in January 1997 like A/swine/Ontario/00130/97 from Ontario
isolates, which were regarded as wholly human influenza viruses [84]. It was
consistent with the experimental results that four segments M2, NA, PA and PB1
originated from human influenza viruses, suggesting strong interspecies trans-
mission of the different clades. Similarly, the highly pathogenic avian influenza
(HPAI) H5NT lineage has demonstrated various combinations of its genes to form
several generations of multiple reassortants [177]. The precursor of HSN1 strain
A/Goose/Guangdong/1/96 and the re-emerging strain A/peregrine falcon/Hong
Kong/2142/2008 were reassortants with probabilities 0.748 and 0.546 respec-
tively. The complex reassortment mechanism and the manifold possibility of
combination could adversely affect the host tropism prediction and overestimate
the probability of reassortment, but HopPER has manifested the robustness of its
capability to identify reassortment and also provided perspectives for evolution-

ary patterns.

4.3.3 Evaluation on synthetic datasets

To further verify the model’s ability to identify induced reassortants and as-
sess performance in a controlled setting, experiments on lab-synthesized reas-
sortant strains were carried out. These synthetic strains were regarded as the

true label on the detection of reassortants. The synthetic dataset was divided into
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complete and incomplete genomes that contained 85 and 25 samples respectively.
According to the rules, the data of incomplete genomes contained two different
sequences at least. The results of reassortment detection on both complete and
incomplete strains by HopPER were summarized in Table 4.7. HopPER correctly
identified 19 out of 25 reassortants for incomplete genomes and 83 out of 85
reassortants for complete genomes on synthetic strains. Though the incomplete
information of genomes likely influenced the prediction of reassortment, the TPV
achieved by HopPER on the laboratory dataset (0.927) was more persuasive com-
pared with the real dataset (0.855). On observation, the false positives reported by
HopPER were dominated by incomplete samples. It was found that all these false
positives only contain HA and NA proteins while most of the rest of incomplete
genomes have more than two different segments (Table 4.8). In general, it can
be inferred that the number of available segments in a genome is a critical factor
impacting the reliable estimation of reassortment probability. Despite this, the

false positive rate was still less than 0.1 on synthetic datasets.

Table 4.7: The number of predicted reassortant strains identified by HopPER for

complete and incomplete genomes in both real and synthetic datasets.

Integrity of Predicted reassortants
Genomes
genome /total number
Complete 154/173
Real
Incomplete 24/35
Complete 83/85
Synthetic
Incomplete 19/25
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Table 4.8: The reassortant strain names and their reassortment patterns of incomplete synthetic

strains that ‘0’ is avian host, ‘1’ is human host, ‘2’ is swine host and ‘-’ stands for - sequences.

Index Strain name
0 A/REASSORTANT/X157(NEW YORK/55/2004 X PUERTO RICO/8/1934)
1 A/REASSORTANT/NYMC X-185
2 A/REASSORTANT/NYMC X-197
3 A/REASSORTANT/IVR-148(BRISBANE/59/2007 X TEXAS/1/1977)
4 A/REASSORTANT/CBER_RG1(DUCK/LAOS/3295/2006 X PUERTO
5 A/REASSORTANT/IDCDC-RG18(TEXAS/05/2009 X NEW YORK/18/2009 X PUERTO RICO/8/1934)
6 A/REASSORTANT/IGYRP16(CALIFORNIA/07/2004 X PUERTO RICO/8/1934)
7 A/REASSORTANT/IDCDC-RG56B(HONG KONG/125/2017 X PUERTO RICO/8/1934)
8 A/REASSORTANT/IDCDC-RG20(TEXAS/05/2009 X PUERTO RICO/8/1934)
9 A/REASSORTANT/NYMC X-183
10 A/REASSORTANT/IDCDC-RG56N(HONG KONG/125/2017 X PUERTO RICO/8/1934)
11 A/REASSORTANT/IDCDC-RG13(EGYPT/3300-NAMRU3/2008 X PUERTO RICO/8/1934)
12 A/REASSORTANT/RESVIRO(NANCHANG/933/1995 X PUERTO RICO/8/1934)
13 A/REASSORTANT/X-99
14 A/REASSORTANT/X161(WISCONSIN/67/2005 X PUERTO RICO/8/1934)
15 A/REASSORTANT/RESVIR17(PANAMA/2007/1999 X PUERTO RICO/8/1934)
16 A/REASSORTANT/IVR147(BRISBANE/10/2007 X PUERTO RICO/8/1934)
17 A/REASSORTANT/JLUMV _RGI1(CHICKEN/EGYPT/VSVRI/2009 X PUERTO RICO/8/1934)
18 A/REASSORTANT/IDCDC-RG42A(SICHUAN/26221/2014 X PUERTO RICO/8/1934)
19 A/REASSORTANT/NIBRG268(ANHUI/1/2013 X PUERTO RICO/8/1934)
20 A/REASSORTANT/X-73
21 A/REASSORTANT/IDCDC-RG56B
22 A/REASSORTANT/NYMC X-191
23 A/PHILIPPINES/2/82/BS [A/PR/8/24 X A/PHIL/2/82 REASSORTANT]
24 A/REASSORTANT/X147(WYOMING/3/2003 X PUERTO RICO/8/1934)
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Detecting the reassortment is usually hard or impossible by either HopPER
or other methods if the input genome is incomplete. It poses great challenges for
any other computational tools to identify reassortment events with lots of missing
information in the genome. Estimating the probabilities without constraining
the integrity of genomes enables us to explore the reassortant strains in syn-
thetic genomes. Though the reassortment analysis on incomplete genomes brings
uncertainty of probability estimation and increases the difficulty of identifying
reassortment, the results are not greatly affected using HopPER. 24 out of 35
and 19 out of 25 incomplete strains have been successfully identified in real and
synthetic datasets respectively. The TPVs of reassortment detection on incom-
plete strains have achieved noteworthy performance in comparison to complete
ones. However, a look into the unsuccessful cases of incomplete strains finds
most of the failures in genomes with only 2 segments. The predicted reassortant
strains by the number of available sequences in the genome are listed in Table
4.9. It demonstrates the effectiveness of HopPER in predicting the reassortment

of incomplete strains.

4.3.4 Analysis on reassortment history

Influenza viruses have caused substantial morbidity in humans since the emer-
gence of the Spanish pandemic [178]. Despite the long-term existence of the
viruses, the influence of the reassortment in the expected transmission properties
of influenza viruses is still an area of active research. A study on 71 representa-
tive complete genomes sampled between 1918 to 2006 showed reassortment oc-
curred frequently throughout the evolutionary history of the virus [179]. Though
some reassortment events would not cause severe infections or lead to outbreaks,

reassortment still plays an important role in the process of evolution and epi-
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Table 4.9: The number of predicted reassortant strains identified by HopPER in

the case of different number of available sequences contained in the genome.

Available sequence Number of test strains Number of reassortant
of a genome (real and synthetic datasets) | identified by HopPER
2 14 6
3 4 4
4 6 4
5 8 7
6 15 12
7 13 10
8 258 237

demiology for influenza viruses, particularly when considering transmission from
avian or swine host populations into human populations. For example, pigs have
been known as a mixing vessel with multiple reassortment events occurring.
While most of the cases were mild to humans, three out of four pandemics
are related to the reassorted swine strains. The reassortment between influenza
viruses from different host species can generate novel pandemic-potential strains.
These antigenic and genetic novel strains are usually not well matched to the
contemporaneous vaccines, and so existing vaccines offer little protection [82].
Detecting reassortment frequency among influenza viruses is also a crucial aspect

to capture evolutionary history [180].

The HopPER is applied to investigate the reassortment history on avian, hu-
man and swine species respectively. RSR is utilized to illustrate the variety of re-
assortant strains. Figure 4.3 presents the RSR of influenza strains on three distinct
species across different years. The experiments are conducted on the years with

more than 20 genomes. The results reflect the complex reassortment histories and
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Figure 4.3: The reassortant rate of three distinct host species of influenza strains across different

years detected by HopPER. (a) The reassortant rate of avian species from 1988 to 2017. (b) The

reassortant rate of human species from 1975 to 2017. (c) The reassortant rate of swine species

from 2000 to 2017.

suggest the reliability compared with the actual evolutionary patterns. In Figure
4.3a, the RSR sustains a relatively low level until 2004, when the HPAT H5N1
virus has re-emerged [181]. These viruses have managed to transmit through both
human and avian hosts, leading to novel reassortant strains [182]. The human
species describes the different situations in which RSR reaches the local peaks
around the pandemic years. The RSR starts to decrease after the outbreak of
the 1976 pandemic when a new HINT strain predominated. After that, another
pandemic caused by a triple reassortant swine-origin human strain occurred in
2009, when there is a rapid increase of RSR in Figure 4.3b. The RSR of swine
species varies differently from avian and human and it gains high value, except
in 2008. It can be inferred that the swine species, as the mixing vessel, more
frequently participate in the reassortment process with both avian and human
strains. According to Figure 4.3, the RSR remains at a relatively high level after

2009. This is because the progeny strains of these 2009 strains are still circulating
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the world. Haemagglutination inhibition (HI) tests with post-infection ferret
antisera indicate that the majority of A(HIN1)pdmO09 viruses are antigenically
homogeneous and closely related to the vaccine virus A/CALIFORNIA/7/2009
[183]. It is noteworthy as a possible indication for the resurgence of another
potential pandemic or epidemic after the current reassortant strains have been in

circulation.

4.4  Chapter summary

HopPER has been proposed for the probability estimation of influenza reas-
sortment based on host prediction. Though the development of HopPER mainly
focuses on influenza datasets, it could also be helpful for the research of other
viral datasets that contain different host species. Demonstrated by different real
and synthetic datasets, HopPER is validated by the comparison with alternative
methods for reassortment detection. Meanwhile, it can also be leveraged to detect
any known complete or incomplete strains for reassortment identification and
reassortant strains with robustness, which makes it possible to monitor the trans-
mission of influenza viruses and assist flu surveillance. This chapter witnessed
the success of reassortment detection through HopPER, which paves the basis
for the next chapter. More specifically, HopPER not only achieves a high true
positive rate of identifying reassortant strains. but also calculates the estimated
probabilities of viral genomes being reassortant. The results would be utilized
as prior knowledge incorporated into the input data to establish the model for

influenza virulence prediction.
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Chapter 5

Virulence prediction of influenza A viruses with prior
mutation and reassortment knowledge using all 8 seg-

ments

Influenza viruses greatly pose threats to public health and cause economic
loss. Previous work has been investigated to reveal the viral factors that influence
the virulence of influenza viruses. However, none of the existing work explicitly
predicting influenza virulence. In this chapter, a novel and general framework is
proposed for virulence prediction tasks by incorporating prior mutation (Chapter
2 and 3) and reassortment (Chapter 4) information into predictive models using
all 8 segments. Firstly, 488 samples of influenza A virus infections are collected
that are classified as virulent and avirulent labels using mouse lethal dose (MLD)
50. The posterior regularization technique is applied to convert prior mutation
and reassortment knowledge into constraint features. Three deep learning-based
approaches are leveraged for modeling, incorporating transformed constraint fea-
tures. Experimental results on the collected dataset validate the effectiveness of
the proposed framework for virulence prediction compared with other baselines.
Moreover, it can display the importance weights of the prior viral information,
which suggests the biological significance of the model and provides assistance

for the accurate detection of influenza virulence.
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5.1 Introduction

Influenza virus can easily infect the respiratory and cause a highly contagious
disease, composed of 8 single-stranded RNA segments [145]. The viruses pos-
sess mutability and high frequency of genetic reassortment [148] [184]. They
will have a great ability to be virulent and are in high mortality and morbidity
infecting humans, which usually leads to epidemics. As illustrated in Chapter
1, apart from seasonal influenza epidemics, when millions of people are infected
worldwide and up to 500,000 people are killed every year [5], influenza viruses
are responsible for severe outbreaks in history. The pandemic strains are still
circulating among humans and continuously cause recurrent epidemics. Apart
from the strains that caused epidemics and pandemics, it is found that some
other subtypes i.e., HSN1, H6N1, H7N9 and HON2, etc. have also infected on
humans [185] [186]. Among them, HSN1 and H7N9 suggest a high fatality rate
on infected humans that has the potential to lead to the outbreak for the next
epidemics even pandemics [187]. Overall, the detection of virulence level is
needed to estimate the lethality of viruses and facilitate flu surveillance for better

precautions.

Influenza virulence indicates the degree of pathogenicity and the capacity
of the viruses to cause disease, which has a direct correlation to lethality on
infected humans. Mutations and reassortment in the influenza viruses will cause
antigenic drift and shift that makes the protein unrecognizable to pre-existing host
immunity, which will increase the viral virulence. The signatures that influence
the virulence of influenza A viruses have been investigated in many methods. For
example, the mutations in the region 130-loop, 190-helix and 220-loop during
the adaptation of influenza A virus have increased its virulence [55]. The muta-

tions E627K and D701N in protein PB2 have also been considered as biological
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markers for the virulence of influenza viruses [62]. Surprisingly, it was shown
that a single mutation N66S on PB1-F2 protein has contributed to the increased
virulence [66]. The dual mutation S224P and N383D in PA protein caused the
increase of polymerase activity [64]. The evidence suggested that the substitu-
tions Q222L and G224S have contributed to the outbreak of the 1957 and 1968
pandemics, which changed the receptor binding of H2 and H3 avian influenza
binding specificity to alpha (2,6) linked sialic acid [36]. The mutation R289K-
induced conformation in H7N9 showed the potential adaptions of the virus itself
for future drug-resistance [128]. In addition to the mutations on HA, PB2 and
PB1 proteins, the substitutions at site 223 and 275 of NA protein [58] [59], site
97 of PA protein [63] and site 92 of NS1 protein [65] have also made an effect

with enhanced virulence in mammalian hosts [61].

Deep neural networks (DNNSs) have been widely applied to a variety of fields
for learning patterns from massive data, including image classification [188],
machine translation [189], speech recognition [190], protein secondary structure
prediction [120], etc. Despite the significant progress on the performance of
computational models, DNN methods still have limitations. The high predictive
results have heavily relied on large amounts of training data. The purely deep
learning neural networks have created a black box that leads to uninterpreted and
sometimes counter-intuitive results [191] [192]. On the other hand, the cognitive
process of humans indicates that people not only learn from concrete samples but
also different types of experience and knowledge [193]. However, it is easy to
ignore the importance of general information and domain knowledge to construct

computational models and regulate the learning process.

In this chapter, a novel framework is presented that enables neural networks
to learn simultaneously from label genome sequences as well as prior knowl-

edge (Chapter 3 and 4) to predict the virulence of influenza A viruses. This
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is through an iterative rule knowledge distillation process [194] that converts
the encoded discrete prior knowledge into the network parameters. The prior
knowledge includes mutation information and the reassortment probability of the
input genomes. At each iteration, posterior regularization [195] is leveraged to
convert the prior genomic information by converting the posterior distribution
into the constraint feature sets. Compared with the baseline methods, it achieves
better or comparable performance on the collected influenza dataset. As far as
we know, it is the first time that attempts to utilize prior knowledge, i.e., mutation
and reassortment information for virulence prediction of influenza A viruses. The
encouraging predictive results indicate that this model can be used to estimate the
lethality of viruses and facilitate flu surveillance of the novel emerging influenza

strains.

5.2 Materials and methods

5.2.1 Definition of virulence

The definition of virulence is generally regarded as the ability of a pathogen
or microbe to infect or damage a host [9]. More specifically in animal systems,
it refers to the degree of damage caused by a microbe to its host [196]. Only
the virulence of influenza A virus is explored in this work. As far as we know,
virulence has not been clearly defined with a rigorous mathematical definition.
Here the mouse lethal dose (MLD) 50 is leveraged to measure the virulence of
infections. The level of virulence is categorized into avirulent and virulent types
that are labeled as “0” and “1”, respectively. If the MLD50 is greater than 10E6.0,
itis regarded as avirulent. Otherwise, it is virulent. Besides, if the virulence label

cannot be obtained from the upper or lower bound of MLD50, the RULE 1 to 6
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from [197] is utilized to classify the remaining samples.

5.2.2 Data collection

The datasets contain viral sequences and their virulence information. The
virulence information was based on Ivan et al. dataset [197], which was collected
through previous publications and experiments. The MLD 50 information was
recorded in each infection with specific influenza A virus strain and mouse strain.
The corresponding sequence data found in the literature information was down-
loaded from NCBI [198] and GISAID [155]. The sequence data consists of all
segments of the strains. For those of incomplete influenza genomes, basic local
alignment search tool (BLAST) [199] [200] was performed to search the most
similar strains to supplement the genomic data. The collection ended up with 488
unique records of influenza A virus information with corresponding complete
genome strains. To further validate the robustness of the proposed model, the vir-
ulence is predicted based on the individual subtypes. These influenza sequences
were divided into HIN1, H3N2, H5N1 and other subtypes, with 113, 54, 168 and

138 samples, respectively.

5.2.3 Feature transformation

The collected data of each influenza A virus protein type have been aligned
with Multiple Alignment Using Fast Fourier Transform (MAFFT) [201]. The
protein sequence from the same genome was concatenated using BioEdit [202]
with virulence label. Each concatenated alignment of the genomic sequence
was 4871 in length. Feature transformation in Chapter 4.2.3 was leveraged to

efficiently encode these genome sequences. Seven physicochemical properties
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(net charge, hydrophobicity, polarizability, normalized van der Waals, volume
polarity, solvent accessibility and secondary structure) of amino acids were used
to generate numerical vectors with AAindex that can be processed by machine
learning algorithms. The transformation was performed by the CTD method and
the details can be found in Chapter 4.2.3. Finally, the size of 147-dimensional

vector was obtained for each genome sample.

5.2.4 Model construction

To tackle the issue of accurately predicting influenza virulence with interpre-
tation, the posterior regularization technique [195] is utilized for the virulence
prediction. The flowchart of the proposed framework for virulence prediction of
influenza A viruses is presented in Figure 5.1. Given the input data X "=[x?!,
x2, ... ,x™] that each sample is the concatenated genome of all 8 segments, the
true label vector is denoted as Y"=[y', y2, ... ,y™]. The prediction model can
be leveraged to acquire the predictive probability vector y”" = P(Y™|X™; ).
The primary contribution of this model is to incorporate prior viral information

into the existing model by utilizing the desired distribution q(y™) with posterior

regularization.

Posterior regularization [195] contains indirect supervision, i.e., prior muta-
tion and reassortment information, via structural constrain on posterior distribu-
tions of latent variables [195]. The goal of the posterior regularization framework
is to restrict the space of the model posteriors using prior information to guide
the model towards desired parameter distributions. It has been widely applied
to the prediction tasks, such as sentimental analysis [203] and risk prediction on
electronic health records [204]. In this case, posterior information is denoted with

sets @ of allowed distributions over hidden variables Y. Assume q(y™) as the
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desired distribution of sample 1, the posterior regularized loss function is defined
as

IN|
1 . n n|..n,
F(0,q) = L(0) +a—|N| ;{IrggKL(q(y NPy |x™;0)) (5.1

where « is a hyperparamter that makes a balance between the loss of predictive
model and posterior regularization. KL(-||-) represents the Kullback-Leibler di-
vergence [205] to measure the difference between the desired distribution and the
posterior distribution of the prediction model. IN is the set of all input sequences
and let | IN| denote the number of input sequences, where n € |IN|. @ represents

the set of constraints for posterior information which is defined as:

Q = {q(y") : Eg[ep(z", y")] < b} (5.2)

where ¢ (™, y™) is the constraint features on sample n and b denotes the bounds

on the desired expected values of constraint features. To specify the bound b

[ Input Data (X,Y)
Virulence KL(Q|[P)
Prediction
Model LY A
P (Y}X; 0) v
P (YX; 0)
A4
Loss

Figure 5.1: The flowchart of the proposed model for virulence prediction of

influenza A viruses incorporating prior knowledge.

79



Chapter 5

for different constraint features, a log-linear model is leveraged to represent the
desired distribution @ that the objective function can be formulated as follows:
1 IV ,
I (8, w) = L(6) + oy ni_j KL(§"||P(y"|=";0)) + BL (1, w)
(5.3)
where the desired distribution g™ = Q(y™|x™; T, w), which encodes prior mu-

tation and reassortment information. The mathematical equation of y™ is defined

below:

exp{tT - p(x", y™;w)}
nlgms _ : 5.4
R S R TR AT S

where 7 is the updated confidence matrix for different categories of constraint

features. The parameter w is added to successfully distinguish the difference
among multiple pieces of the same categorical prior information. 3 is the hyper-
parameter and L’ (7, w) stands for the average cross entropy between the ground
truth y™ and desired distribution ™. The equation of L' (7, w) can be found:
IN|
L'(r,w) = “IN > (y"log(§") + (1 — y™)log(1 — §")) (5.9

n=1

From these equations, it is observed that prior knowledge is incorporated
into the model for the virulence prediction. Moreover, it is easy to optimize
the objective function from Eq.(5.3) using different optimizer. In the training
process, the goal of the proposed model is to minimizing the objective function
by learning a set of parameters that can be represented by

6,7+, = argmin{Q(0, 7, w)} (5.6)
0,7,w
Provided with the updated parameters, the virulence label can be predicted for a

new concatenated input sequence ™ according to

g™ = argmax{P(y"|z™; 0)} (5.7)
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Although the equation above enable us to make predictions for any given se-
quences, it ignores the effect of prior mutation and reassortment information of
the input sequence and could weaken the predictive ability of the model. Here,
following formulation is leveraged to predict the virulence of any given influenza

strains by incorporating prior knowledge into the model:
§" = argmax{P(y"|z"; 0) + Q(y"|z"; 7, )} (5:8)

where P(y"|z™; ) is the virulence prediction and Q(y™|z";+, ) denotes

prior knowledge prediction.

5.2.5 Constraint feature design

The proposed model allows learning from both raw data and general rules.
Since previous work has demonstrated several elements that influence the viru-
lence of influenza viruses. Here these biological factors are categorized into two
types: mutations and reassortment information. The prior mutation knowledge
is on sequence level while the prior reassortment knowledge provides genome
information of influenza viruses. In the following, the constraint feature design is

formally provided based on these two types of prior information for each class.

5.2.5.1 Mutation information

It is natural to consider mutation information into the study of influenza vir-
ulence. Chapter 2 has described numerous studies on the influence of influenza
virulence due to the mutations. These mutations may occur at different sites from
the exiting proteins. For example, several mutations on HA segment, i.e., S138A,
D222G and Q226L are considered to be associated with virulence [52] [53]

[56]. Therefore, it is beneficial to take mutation information into consideration as
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constraint features in the predictive model. Table 5.1 summarizes some important
mutations on distinct proteins for constructing the constraint features. These
mutations are either from previous studies (Chapter 2) or the identified virulent
sites (Chapter 3). According to the results, although almost half of the mutations
occur on HA protein, it shows an obvious diversity that many other mutations are

found at other different proteins.

Given the constraint mutation information g™ = [(g%)™, (g2)™] of sequence
sample n at position ¢, and the corresponding label is y™. The feature on amino
acids in certain sites can be defined as follows:

1 if (g™ = (g2)"

0 otherwise

di(x}, y;') = (5.9)

b)n

where (g{*)™ represents the residue information at site ¢ of sample n and (g,
is the mutation residue at the same site. The value of ¢; is either 1 or 0, which
determines the constraint feature at a certain site, illustrating the mutation in-
formation on the input data. For most of the sequences, there is usually more
than one mutation in the genomic sequence. The more mutations occurred, the

more virulent it will be as the virus may escape from the immune system and

cause severe symptoms on humans. To take full advantage of all the underlying

Table 5.1: The summary of virulence-associated mutations

Protein Virulence-associated mutation
HA S138A, K163E, D185S, G187D, E190D,
D222G, G225D, Q226L, G228S
NA T2231, H275Y
PB2 Q591K, E627K, D70IN
PA F35L, T971, S224P, N383P
NS1 D92E
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mutation information located at different influenza proteins, similar procedures
are applied to the other important sites in Table 5.1 to extract the constraint

features from mutations.

5.2.5.2 Reassortment probability

Reassortment is another key mechanism in the viral evolution, resulting in
the emergence of numerous novel stains. Different combination of influenza
segments from distinct parent strains has indicated numerous descendant strains.
The reassortant strains have been responsible for several pandemics since the
19th century and infected numerous people. Thousands of people died because
of pandemics. The underlying influence of reassortment is another critical factor
for the increased virulence of influenza viruses. If influenza strains have been
detected to be reassortant, then the probability of being virulent is higher than
those that are not reassortant. To obtain the potential reassortment information
of influenza viruses, a novel model named HopPER is proposed in Chapter 4
that aims at estimating influenza reassortment probabilities through host tropism
prediction. The details of HopPER are elaborated previously and the function
of reassortment estimation for genome x is REprob(x) (Eq.(4.7)). Based on
REprob(x), the constraint feature of reassortment is defined as follows:

1 if REprob(z™) > 0.5

or (", y") = (5.10)
0 ¢f REprob(z™) < 0.5

5.3 Experimental setup

To fairly evaluate the effectiveness, the proposed model is tested on the col-

lected dataset with the MLD-based definition of virulence. The experimental
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results indicate that it obtains better predictive performance by incorporating prior
mutation and reassortment information. Furthermore, this model can also learn
the importance of distinct prior determinants of virulence for the final predic-
tion. Next, the experimental settings are described followed by the performance

comparison between the proposed model and the baseline approaches.

5.3.1 Baseline approach

Three types of baselines are set up for prediction to measure the ability of
the proposed model. The first baseline directly applies rule-based methods from
[197] to detect the virulence of influenza A viruses. As three different learning
approaches are leveraged from this work. Only the best results are shown as
the benchmark for comparison. The second baseline is to compare the proposed
model with three traditional classification approaches, including neural network
(NN), support vector machine (SVM) and logistic regression (LR). The third
baseline is using deep learning methods that contain three variants of CNN archi-
tecture VGG-19 (Visual Geometry Group) [206], ResNet-50 [207] and ResNext-
50 [208]. Figure 5.2 shows the structures of three deep learning-based approaches.
The proposed framework is based on three deep learning models by incorporating
prior knowledge with the posterior regularization technique. They are denoted as
VGG-19%, ResNet-50* and ResNext-50*, which use VGG-19, ResNet-50 and
ResNext-50 as the base models. The settings of proposed models are the same as
deep learning-based baselines. For all compared methods, feature transformation
(Section 5.2.3) is performed on the concatenated input sequence in the training

process.
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ResNet-50 ResNeXt-50
VGG-19 Input data Input data
Input data Conv2-64 Conva-64
@ Maxpool Maxpool
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Conv2-64 ﬂ
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Iyl conv | 3x3,64 | *3 conv | 3x3, 64, C=32 |*3
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Figure 5.2: The structures of three different deep learning-based baselines for the

virulence prediction.

5.3.2 Implementation and evaluation

All the approaches are implemented with Scikit-learn [209] and PyTorch
[210]. The processed data is randomly divided into training and testing samples
in a ratio of 0.8:0.2. The setting from [197] is utilized when implementing
rule-based methods for virulence prediction. For traditional machine learning
methods, the parameters for these models are set by default. For all deep learning-
based models, stochastic gradient descent is applied with a minimum batch size
of 4 for optimization. The learning rate is 0.001 and the size of the filter window

is 10 with 130 filter maps. The L1 regularization and drop-out (rate = 0.5)
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strategy are carried out for all deep learning approaches with 100 training epochs.
The evaluation metrics comprise accuracy, precision, recall and F-score that are

utilized in all comparing the methods in for virulence prediction.

5.4 Results and discussion

5.4.1 Comparative performance between the proposed model

and other machine learning approaches

Table 5.2 shows the results of all the methods on the processed influenza
dataset for virulence prediction. According to the table, the proposed model
outperforms all the baselines by all the measures. In more detail, the baseline of
rule-based method JRip achieves better performance than traditional classifiers
LR, SVM and NN, whereas it is worse than deep learning-based models ResNet-
50 and ResNext-50. This indicates that it is more effective for deep learning
techniques to deal with the high dimensional feature space. As for the deep
learning-based baselines, ResNet-50 performs better than VGG-16 and ResNext-
50. Since CNN is constructing more complicated architecture, training such
models needs abundant sequence samples. Even though, the performance of
CNN is not as well as traditional image classification tasks. This is because a
relatively small dataset is applied for virulence prediction, which significantly
affects the predictive outcome. Nevertheless, CNN based models still outperform

other baselines of rule-based and traditional machine learning approaches.

For the proposed models, ResNet-50* achieves the best performance than the
other two methods in accuracy, precision and F-score on the testing set, which
are 0.721, 0.711 and 0.816 respectively. The proposed model VGG-19* obtains

the highest recall that the true positive rate is 1. Meanwhile, it is shown that
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Table 5.2: Comparative performance of virulence prediction on influenza dataset.

Training set Testing set
Model
Accuracy | Precision | Recall | F-score | Accuracy | Precision | Recall | F-score
Baseline JRip 0.722 0.725 0.733 | 0.729 0.684 0.682 0.695 | 0.688
LR 0.561 0.508 0.428 | 0.426 0.549 0.500 0.463 | 0.445
Traditional
SVM 0.627 0.369 0.487 | 0.379 0.617 0.323 0.490 | 0.388
classifier
NN 0.554 0.330 0.521 | 0.413 0.554 0.371 0.506 | 0.380
VGG-19 0.666 0.663 0.982 | 0.791 0.653 0.662 0.969 | 0.787
Deep learning
ResNet-50 0.745 0.782 0.833 | 0.806 0.687 0.685 1.000 | 0.813
model
ResNext-50 0.733 0.803 0.781 | 0.792 0.667 0.685 0.895 | 0.776
Deep learning VGG-19* 0.692 0.667 0.986 | 0.796 0.690 0.655 1.000 | 0.792
model with ResNet-50* 0.763 0.740 0.909 | 0.816 0.751 0.711 0.958 | 0.816
prior knowledge | ResNext-50* 0.757 0.773 0.886 | 0.826 0.720 0.694 0.905 | 0.785

the performance of all proposed models is better than the corresponding deep
learning-based baselines. These observations provide strong evidence that the
performance has been improved by incorporating prior mutation and reassortment
information into the model. Since the number of training samples of influenza
strains whose virulence is defined by MLDS50 is relatively small, the rule-based
approach achieves comparative performance in comparison with deep learning-
based methods. Even though, on the simple data, it is concluded that integrating
prior biological information into the existing model for virulence prediction of

influenza viruses enhances the predictive performance.
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5.4.2 Constraint feature analysis

One of the advantages of the proposed framework is that it can automatically
learn the weights for constraint features. Figure 5.3 shows the weights learned

by the proposed model ResNet-50* on virulence prediction of influenza viruses
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Figure 5.3: Learned weights by ResNet-50* for constraint features on the
prediction of influenza virulence. The X-axis represents constraint mutation or
reassortment information. As the values of the learned weights could be negative,
the weight vector of constraint features is normalized with softmax function.
Y-axis represents the weights after normalization. Only the top ten constraint

features are shown with their weights.
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for the constraint features. The softmax function is leveraged to normalize the
learned weight vectors as they could be negative values. Only the top ten con-
straint features that are assigned larger values are presented in this figure. It is
shown that all the constraint feature are mutation-based constraint features. For
the virulence prediction, the mutations on site 701 of PB2 protein and site 138 of
HA protein play more important roles than other selected sites. Interestingly, the
constraint reassortment feature is not ranked within the top 10 constraint features,
which suggests that it may not make a significant impact on the virulence in this
dataset. One of the possible reasons is that plentiful constraint features generated
from mutation information overwhelm transformed reassortment constraint fea-
tures. However, it does not mean that the reassortment or other mutation sites that
are out of the top ten are not the factors for the prediction of influenza virulence.
Figure 5.3 shows the learned weights for virulence prediction of the proposed
model, which proves its ability for different constraint features according to the

characteristics of the input sequence.

5.4.3 Model evaluation on individual subtypes

To further validate the utility and robustness of the proposed framework,
experiments on individual influenza subtypes are performed for virulence predic-
tion. Table 5.3 shows the predictive performance on each type. Compared with
the values in Table 5.2, it presents worse results on all measures. The reason is
that the number of samples used for training of each subtype is smaller than those
in Table 5.2, which is directly related to the predictive performance. Nevertheless,
the proposed framework shows better performance over the baseline of deep
learning models on the values of most measures. The difference is that ResNet-

50* only achieves the highest accuracy in the H3N2 subtype, while VGG-16*
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Table 5.3: Performance of virulence prediction on individual subtypes of influenza

A viruses.
Subtype Model Accuracy | Precision | Recall | F-score
VGG-19 0.500 0.687 0.460 | 0.551
Deep learning
ResNet-50 0.647 0.664 0.950 | 0.782
models
ResNext-50 0.640 0.667 0.920 | 0.773
HINI1
Deep learning VGG-19* 0.620 0.652 0.920 | 0.763
models with ResNet-50* 0.667 0.667 1.000 | 0.800
prior knowledge | ResNext-50* 0.693 0.671 1.000 | 0.803
VGG-19 0.571 0.575 0.958 | 0.719
Deep learning
ResNet-50 0.571 0.588 0.833 | 0.690
models
ResNext-50 0.619 0.600 1.000 | 0.750
H3N2
Deep learning VGG-19* 0.548 0.564 0917 | 0.698
models with ResNet-50* 0.705 0.720 0.750 | 0.750
prior knowledge | ResNext-50* 0.667 0.708 0.708 | 0.708
VGG-19 0.654 0.672 0.898 | 0.769
Deep learning
ResNet-50 0.556 0.627 0.755 | 0.685
models
ResNext-50 0.627 0.636 0.980 | 0.771
H5N1
Deep learning VGG-19* 0.713 0.698 0918 | 0.793
models with ResNet-50* 0.647 0.724 0.724 | 0.724
prior knowledge | ResNext-50* 0.667 0.667 0.959 | 0.787
VGG-19 0.664 0.675 0912 | 0.776
Deep learning
ResNet-50 0.587 0.638 0.813 | 0.715
models
ResNext-50 0.629 0.638 0.967 | 0.769
Others
Deep learning VGG-19* 0.695 0.677 0.967 | 0.796
models with ResNet-50* 0.664 0.690 0.857 | 0.765
prior knowledge | ResNext-50* 0.671 0.669 0.956 | 0.787
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proves superior results in HSN1 and the other subtypes. This is probably VGG-
16* is more sensitive to the number of training samples, whereas ResNet-50*
performs better on large scale training dataset. Nevertheless, it is indicated that
the proposed framework outperforms other baseline approaches for virulence pre-
diction on the dataset of individual subtypes. This has further demonstrated the
utility and effectiveness of incorporating prior knowledge into existing prediction

models for the improvement of predictive performance.

5.5 Chapter summary

In this chapter, a general framework is proposed on virulence prediction of
influenza A viruses using all 8 segments. By integrating prior mutation and
reassortment knowledge into all the existing models, the proposed framework
can improve the performance of virulence prediction. Specifically, three CNN
architectures are employed as basic predictive models. To add discrete and het-
erogeneous prior influenza information, the posterior regularization technique is
applied to the proposed model. Experimental results indicate that it outperforms
existing machine learning methods on all measures. Moreover, it can provide the
learned weights for different prior constraint features. The analysis of the learned
weights indicates the importance of mutation on different sites and reassortment
on influenza virulence, which can provide novel insights into the formation of

virulence and the support for the inference of the lethality of influenza viruses.
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Chapter 6

IAV-CNN: a 2D convolutional neural network model

to predict antigenic variants of influenza A virus

In previous chapters, the framework of virulence prediction is constructed
using prior mutation and reassortment information, which could be utilized to
analyze the lethality of viruses. Timely determination of antigenicity is another
critical element associated with viral lethality. Empirical experimental meth-
ods like hemagglutination inhibition (HI) assays are time-consuming and labor-
intensive, requiring live viruses. Recently, many computational models have been
developed to predict the antigenic variants without considerations of explicitly
modeling the interdependencies between the channels of feature maps. Moreover,
the influenza sequences consisting of similar distribution of residues will have
high degrees of similarity and will affect the prediction outcome. Consequently, it
is challenging but vital to determine the importance of different residue sites and
enhance the predictive performance of influenza antigenicity. A 2D convolutional
neural network (CNN) model is proposed to infer influenza antigenic variants
(IAV-CNN). Specifically, a new distributed representation of amino acids, named
ProtVec is introduced that can be applied to a variety of downstream proteomic
machine learning tasks. After splittings and embeddings of influenza strains, a
2D squeeze-and-excitation CNN architecture is constructed that enables networks
to focus on informative residue features by fusing both spatial and channel-wise

information with local receptive fields at each layer. Experimental results on three
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influenza datasets show IAV-CNN achieves state-of-the-art performance combing
the new distributed representation with the proposed architecture. It outperforms
both traditional machine algorithms with the same feature representations and the
majority of existing models in the independent test data, which can be served as

a reliable and robust tool for the prediction of antigenic variants.

6.1 Introduction

Seasonal influenza seriously threats public health and the global economy
[211]. Influenza A/HIN1, A/H3N2, A/H5N1 are the principal subtypes circulat-
ing in humans [212]. Vaccination is the most effective way to prevent infection
and severe outcomes caused by influenza viruses [29]. The components of vac-
cines have to be updated regularly to ensure its efficacy [213]. The influenza
virus surface glycoproteins hemagglutinin (HA) is the main target for host im-
munity [214]. However, as stated in Chapter 3, the accumulation of mutations
on HA proteins results in the emergence of novel antigenic variants that can
not be effectively inhibited by antibodies, posing great challenges for vaccine
design. Developing rapid and robust methods to determine influenza antigenicity

is critical to influenza vaccine design and lethality analysis.

Hemagglutinin inhibition (HI) assay is the primary method to evaluate the
antigenicity of influenza viruses by measuring the ability of antisera to block the
HA of the antigen from agglutinating red blood cells [215]. Smith et al. created
an antigenic map using HI assay data and determined the antigenic evolution of
influenza A H3N?2 virus from 1968 to 2003 [32]. Liu et al. developed PREDAC-
H1 that systematically depicted the antigenic patterns and evolution of human
influenza A HINT viruses [99]. By utilizing 1572 HA sequences and 197 pairs

of HA sequences with HI assays data, Huang er al. presented the entropy and

93



Chapter 6

likelihood ratio to model amino acid diversity and antigenic variant score [216].
Ren et al. employed random forest regression and support vector regression
to identify antigenicity-associated sites on HA of A/HINI1 seasonal influenza
virus [113]. Richard Neher et al. showed a web-based application to interpret
measured antigenic data and predict the properties of viruses [78]. Harvery et
al. analyzed the sequence and 3-D structure information of HA, together with
corresponding HI assay data to identify the high- and low-impact amino acid

substitutions that drive the antigenic drift of influenza HINT1 viruses [217].

Numerous studies have been conducted to timely predict the antigenic vari-
ants or antigenicity of influenza viruses. Lee and Chen investigated 70 mouse
monoclonal antibody binding sites for predicting antigenic variants of influenza
A/H3N2 with 83% agreement [116]. Sun et al. provided a novel method for
quantifying antigenic distance and identifying antigenic variants using sequence
alone [114]. Additionally, Yin et al. presented a stacking model to predict
antigenic variants of the HIN1 influenza virus based on epidemics and pandemics
[218]. A universal computational model was integrated to predict the antigenic
variants for all HA subtypes of influenza A viruses through conserved antigenic
structures [106]. Regarding the prediction models on antigenicity, there are sev-
eral different works to infer the influenza antigenicity with computational models.
Qiu et al. built an antigenicity prediction model for influenza A/H3N2 viruses by
incorporating the structural context of HA protein [107]. Moreover, Yao et al.
applied a joint random forest method to human H3N2 seasonal influenza data for
predicting antigenicity [105]. Wang et al. developed a novel low-rank matrix
complete model to infer antigenic distances between antigens and antisera [112].
This model exploited the correlations of the viruses and vaccines in serological

tests in predicting influenza antigenicity.

Recently, with the successful application of deep neural networks in a variety
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of areas including bioinformatics. CNN is one of the most popular approaches
applied to solve bioinformatics problems, for example, classification of efflux
proteins from membrane [219], human leukocyte antigen class I-peptide binding
prediction [220], prediction of protein secondary structure [221] and prediction
of protein-protein interaction [222]. In this chapter, deep learning techniques
from the natural language processing (NLP) domain are leveraged to tackle the
problem of antigenic variants prediction of influenza A viruses. Specifically, a
new distributed representation amino acids, named ProtVec, is introduced that
maps a 3-grams (three consecutive amino acids) to a 100-dimensional vector
space. Then an approach is proposed that combines the 2D CNN model with
squeeze-and-excitation mechanisms, named IAV-CNN, for the task of antigenic
variants prediction. The flowchart of IAV-CNN is presented in Figure 6.1. The
experimental results demonstrate that it achieves better performance compared

with several state-of-the-art approaches on three different influenza datasets.

6.2 Materials and methods

6.2.1 Dataset

In the experiment, the antigenic data and sequence data are adopted including
subtypes HIN1, H3N2 and H5N1. The antigenic data obtained by hemagglutina-
tion inhibition (HI) assays is collected from reports of international organizations
and published papers. In total, 1562, 1249 and 666 distinct pairs of antigenic
data are collected for influenza A/HIN1, A/H3N2 and A/H5N1, respectively.
Correspondingly, the protein sequences of HA are derived from IVR [198] and
GISAID [155]. The sequences are selected by full-length strains with the human

host and the duplicate sequences are eliminated from the collection. Finally, it is
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ended up with 294, 697 and 260 unique HA sequences for subtypes HIN1, H3N2

and H5N1.

— Data collection and preprocessing — Feature generation

ProtVec

Diml Dim2 ¢« Dim99 Dim100
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Figure 6.1: The flowchart of TAV-CNN for antigenic variants prediction using two-

dimensional convolutional neural networks with squeeze-and-excitation modules.
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6.2.2 Preprocessing

The antigenic distance D);; between two strains is defined by Archetti-Horsfall

distance [223] as follows:

. Hu * Hjj
D =7 (6.1)
Hij * ng

where the HI titer H;; is the maximum dilution of antisera raised in strain ¢ to
inhibit cell agglutination caused by strain j. If the antigenic distance D);; is equal
or greater than 4, strain ¢ and strain j are antigenic distinct [115]. Otherwise, the
pair of strains are regarded as antigenic similar. For the repetitive strain pairs
where the HI titer is measured by different independent institutions, the median
titer value is utilized to calculate the antigenic distance [102]. As a result, 937,
606, 409 antigenic distinct pairs and 625, 643, 257 antigenic similar pairs of
A/HINI1, A/H3N2 and A/H5NI1 strains are acquired.

For HA sequence data, only the HA1 proteins are kept for each subtype and
the signal peptide is removed from the collected HA1 sequences. As a result, the
HAT1 lengths of subtype HIN1, H3N2, H5N1 are 327, 329 and 320, respectively.
Multiple sequence alignment is performed using the software MAFFT [201] on
HAT proteins for each subtype. Finally, 294 unique sequences are obtained for

HI1NT1, 697 for H3N2 and 260 for HSN1 in the experiment.

6.2.3 Feature generation

The representation of biological sequences is one of the most important prob-
lems expressing the biological information with a discrete model or a vector
that keeps key pattern characteristics. This is because all the existing machine

learning models can only handle vectors but not sequences as elucidated in a
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comprehensive review [224]. Distributed representation has displayed significant
success in NLP to train word embeddings, the mapping of words to numerical
vector space [225], [226]. Recently, it has been explored for bioinformatics
applications such as protein classification [227] and structure prediction [228].
To convert the protein sequence information into feature sets that can be managed
by neural networks, ProtVec is introduced to encode proteins through distributed
representation that each trigram (sequence of three amino acids) protein is em-

bedded in a size of 100-dimension vector [227].

To preserve the sequence pattern information, protein sequences are split into
shifted overlapping residues in the window size of 3 (3-grams). The splittings and
embeddings are shown in Figure 6.2. Here the subtype HINT1 is used as an exam-
ple to describe the process that a pair of influenza HA1 proteins are represented
by 325 pairs of trigrams. The subtraction of a pair of trigrams characterizes the
distinction between two strains at certain positions that can be denoted by a dif-
ference vector. The difference vectors V' = [vq, va, ..., U325] are derived from
ProtVec embeddings. For each vector, i.e., v1 = ProtVec(trigraml) —
ProtVec(trigram?2), where ProtV ec(trigram) is the distributed rep-
resentation of a trigram in 100-dimension vector space, mapping from ProtVec.
Therefore, the antigenic relationship between two HA1 strains is represented in a
325x100 dimensional vector space. The trigram that contains ’-’ at any positions

will be assigned the "'unknown’ embedding from ProtVec.

6.2.4 CNN structure

CNNs have been applied in a variety of fields with impressive results, es-
pecially in computer vision when the input is generally a 2D image. Much of

the recent fervor has been spurred by accessibility to large training datasets and
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Figure 6.2: The procedure of splittings and embeddings of a pair of influenza
HIN1 HAT1 proteins. Each pair is embedded in a 325 * 100%* dimensional
vector space to represent the information of antigenic distance. Strain 1:

A/California/07/2009, Strain 2: A/Ohio/9/2015.

advances in cheap computing power to train deep neural networks in an affordable
amount of time. Although originally proposed for image classification [188],
[206], [229], CNN have been found work well for biological sequence data such
as protein classification [219], [230], [231] and prediction of protein function

[232], [233]. Encouraged by the successful application of CNN, I take advantage
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of the CNN architecture applied to 2D image classification and conveniently
generate similar 2D inputs of the ProtVec-based matrix that explores the antigenic
relationship between two influenza strains. It is with this insight that the proposed

TAV-CNN aims at the task of antigenic variants prediction with CNNss.

Regarding the way of constructing IAV-CNN, the fundamental CNN architec-
ture is first leveraged. To enhance the representational power of the network and
boost meaningful sites of strains, while suppressing weak ones, the Squeeze-and-
Excitation (SE) block [234] is introduced in the CNN architecture. The SE block
squeezes along the spatial domain and reweighs along the channels. The attention
and gating mechanisms are activated by modeling the interdependencies between
the channels of feature maps. The main idea is to add parameters to each channel
of a convolutional block so that the network can adaptively adjust the weighting of
each feature map and emphasize useful channels. Hence, it is capable of biasing
the allocation of available computational resources towards the most informative
residues of strains through SE blocks. The illustration of the SE block is shown

in Figure 6.3.

Assume an input X € RH*XW'XK’ that passes through a transformation
F;,., a convolutional operator, to generate output feature map U € REXWXK,
Here H’ and W', H and W are the spatial height and width before and after
transformation, with K’ and K being the input and output channels. The vector

V = [v1,va,..., VK] represents the learned set of filter kernels, where vy,

stands for the parameters of the k-th filter. The output is denoted as U =

[w1, gy ..., ug]. For each uy, it is formulated by
K
wp = Z CHER (6.2)
n=1

RHXW

where * denotes convolution and u, € uy, is a 2D spatial kernel

denoting a single channel of v, that acts on the corresponding channel of input
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Figure 6.3: The schematic overview of squeeze-and-excitation unit with

fundamental CNN module.

X. To tackle the issue of exploiting channel dependencies, the global spatial
information is squeezed into a channel descriptor by using global average pooling
to generate channel-wise statistics. Consequently, a statistic z is obtained by
squeezing U through its spatial dimensions H X W. The k-th element of z is
formulated by
1 :
%= Z Z u (i, 7) (6.3)

=1 j=1

To capture channel-wise dependencies and make full use of information ag-
gregated in the squeeze operation, a gating mechanism is employed with a sig-
moid activation. The equation is described below, where § refers to the ReLU
function [235], W; € R+ %K and W, € REX7 . The gate mechanism consists
of two full-connected (FC) layers around the non-linearity, i.e., a ReLU and

then follow by sigmoid activation, which returns to the channel dimension of
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the transformation output U. The hyperparameter r is the reduction ratio that
allows us to adjust the computational cost and capacity of the SE modules in the
network [234].

s = o(W30(W;z)) (6.4)

The output of the SE module is finally obtained by rescaling U with the activation

S

:ik = Fscale(uk? Sk:) (65)

Where X = [Z1, T2y ...y Tk] and Fseqre(uk, Si) is the multiplication between
the scalar si and the feature map wg. In this regard, the squeeze operator com-
presses global spatial information into local descriptors and the excitation opera-
tor maps these specific descriptors into a set of channel weights. Consequently,
SE modules present a global understanding of each channel by squeezing the
feature maps to a single numeric value and dynamically change it by adding a
content-aware mechanism to weight each channel. Algorithm 2 clarifies the de-
tailed steps of the proposed model for predicting influenza antigenic relationships

using 2D CNNs based on ProtVec.

6.2.5 Baseline approaches

Two types of baselines are set to evaluate IAV-CNN. The first baseline is to
compare the proposed model with several traditional machine learning algorithms
using the same feature space for the prediction tasks. The classifiers include logis-
tic regression (LR), K-nearest neighbor (KNN), support vector machine (SVM),
random forest (RF) and neural network (NN). The second baseline is to apply
several art-of-the-state approaches. Liao et al. proposed a method by incorporat-
ing scoring and regression methods to predict antigenic variants [115]. Yao et al.

developed a joint random forest regression algorithm, cooperatively consider top
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Algorithm 2 The TAV-CNN algorithm for predicting influenza antigenic variants

through ProtVec.
Input: A pair of influenza HA1 sequences a and b

Output: Antigenic relationship between a and b
Feature generation (Section 2.3)
2: n <— The length of HA1 protein
for:=1tondo
4:  a;, b; < Splittings for strains a and b
ProtVec(a;), ProtVec(b;) <— Embedding vectors for HA1 subsequences
a; and b;
6: wv; = ProtVec(a;) - ProtVec(b;) < The difference vector for two
subsequences a; and b;
end for
8: V = [vy, ..., U,] < The representation of two stains @ and b
X, Y < The training samples through feature space V'
10: for 2z = 1 to epoch do
Do initialization
12: met =train(IAV-CNN, parameters)
for 5 = 1 to numbatches do
14: Xbpateh = X [j : J + batchsize,:,:, ]
Yoatcn =Y [J : J + batchsize]
16: scores = net(Xpatch)
loss = CrossEntropyLoss(scores, Yoaich)
18: optimizer.step()
Predictions = Output(scores)
20:  end for
end for

22: return Predictions
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substitution matrices that can improve the prediction performance [105]. Lee and
Chen used the number of amino acid changes located on the five epitope regions
for the antigenic variants prediction [116]. Lees et al. provided an update for the
frequently referenced five antigenic sites and increase additional assignments to
establish five canonical regions [117]. They constructed a range of linear models
based on banded changes for the prediction. Peng et al. built a universal model
for the antigenic variation prediction of influenza A virus HIN1, H3N2 and
H5NT1 using conserved antigenic structures [106]. The reconstruction of these
models is implemented to predict antigenic variants on three influenza datasets in

comparison with the proposed algorithm.

6.2.6 Implementation and evaluation

All the approaches are implemented with Scikit-learn [209] and PyTorch
[210]. The antigenic distinct is labeled as *1’ and antigenic similar is ’0’ for the
relationship of two strains. The influenza datasets of each subtype are randomly
divided into independent training and testing set with a ratio of 0.8:0.2. The
training process is evaluated on the training dataset and the independent testing
dataset is used to assess its capability in predicting relations of novel antigenic
variants. For CNN-based models, several algorithms are applied with a minimum
batch size of 32 for optimization. The one that achieves the best performance
of the experimental results will be selected. The drop-out (rate=0.5) strategy is
carried out with the learning rate of 0.001 and all the models are iterated for 100
training epochs. Five different metrics are adopted including accuracy, precision,
recall, f-score and Matthews’s Correlation Coefficient (MCC) to evaluate the

predictive performance of the models.
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6.3 Results and discussion

The quality and reproducibility of the model is a crucial factor for the study. In
the experiments, the effect of using different optimizers is investigated, including
Adaptive Moment Estimation (Adam) [236], Adadelta [237], Adaptive Gradient
Algorithm (AdaGrad) [238], Root Mean Square Propagation (RMSProp) [239]
and Stochastic Gradient Descent (SGD) [240]. Next, IAV-CNN is described and
how it made use of the new distributed representation of amino acids to solve the
problem of antigenicity prediction over other traditional classifiers. Finally, the
experimental results obtained by IAV-CNN were presented against the recently

developed computational prediction methods.

6.3.1 The performance of IAV-CNN with different optimizers

Table 6.1 shows the predictive performance of IAV-CNN with different op-
timizers on the testing data of three influenza subtypes. The best results for
each dataset are highlighted in bold. It is observed from the table that by using
SGD optimizer, IAV-CNN achieves the best performance of 0.876, 0.897, 0.851
0.843 and 0.735 in terms of accuracy, precision, recall, F-score and MCC on
H3N2 influenza data. Similarly, when applied SGD optimizer in the other two
datasets, the proposed model also displays the best performance in all of the
metrics except recall. Therefore, the SGD algorithm is used as the optimizer
on subsequent experiments in comparison with other approaches for antigenicity
prediction. However, varied performance is observed for different datasets, for
instance, HIN1 displays an overall more desirable outcome than the other two
types, This may largely owe to the inconsistent sample size that the model on

HINT dataset presents better predictive results compared with H3N2 and H5N1.
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Table 6.1: Performance comparison of IAV-CNN model with different optimizers

on HIN1, H3N2 and H5N1 datasets.

Dataset | Optimizer | Accuracy | Precision | Recall | F-score | MCC
Adam 0.850 0.857 0914 | 0.885 | 0.663
Adadelta 0.856 0.928 0.824 | 0.873 | 0.716
HIN1 | AdaGrad 0.885 0.896 0915 | 0.906 | 0.759
RMSProp | 0.872 0.871 0.933 | 0.901 | 0.725
SGD 0.917 0.928 0915 | 0.924 | 0.806
Adam 0.796 0.866 0.729 | 0.792 | 0.603
Adadelta 0.806 0.831 0.737 | 0.787 | 0.586
H3N2 | AdaGrad 0.828 0.851 0.759 | 0.785 | 0.622
RMSProp | 0.784 0.819 0.724 | 0.763 | 0.598
SGD 0.876 0.897 0.851 | 0.843 | 0.735
Adam 0.836 0.868 0.846 | 0.857 | 0.665
Adadelta 0.813 0.863 0.808 | 0.834 | 0.623
H5N1 | AdaGrad 0.851 0.822 0.949 | 0.881 | 0.696
RMSProp | 0.836 0.826 0910 | 0.866 | 0.661
SGD 0.881 0.908 0.885 | 0.896 | 0.756

6.3.2 Comparative performance between IAV-CNN and tradi-

tional classifiers on ProtVec-based features

Table 6.2 summarizes the comparative results of IAV-CNN and other tradi-
tional machine learning methods including logistic regression, k-nearest neigh-
bor, support vector machine, random forest and neural network. For a fair com-
parison, the optimal parameters are utilized for the classifiers in all experiments.

Specifically, for all subtypes of influenza data, random forest and neural networks
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perform higher accuracy than the proposed model on the training data, whereas
IAV-CNN has demonstrated better predictive results on the testing data. This
is probably the overfitting problem that the classic algorithms fit too well with
the training data, but it is difficult for them to well generalize on new samples
that are not in the training set. IAV-CNN overcomes this issue by applying
the dropout mechanism that randomly sets activation to zero during the training
process to avoid overfitting. The results present the accuracy of 0.917, 0.876
and 0.881 for three subtypes. The results are 5.4%, 4.8% and 5.3% higher
than the best traditional classifiers, which only achieve 0.895, 0.824 and 0.833,
respectively. Besides, it is noticed that a simple SVM algorithm is not suitable
for the prediction of small-scale HSN1 data. The SVM finds a maximum edge
hyperplane for classification. Since there is no large number of the iterative

process, the prediction ability is limited and the accuracy is low.

6.3.3 Comparative performance between IAV-CNN and other

methods

To demonstrate the effectiveness, IAV-CNN is further compared with sev-
eral state-of-the-art methods on the prediction of influenza antigenicity on three
datasets. Here, 5-fold cross-validation is adopted in the training data, which has
been utilized by many investigators to construct the predictive models. According
to the experimental results in Table 6.1 and 6.2, SGD has been chosen as the best
optimizer for IAV-CNN. The parameters including the learning rate (0.001) with
a dropout (0.5) mechanism remain the same in the experiments for CNN-based
models. Furthermore, independent testing data is used to evaluate the ability
of the model to predict new sample data with robustness. Figure 6.4 shows

the performance comparison of IAV-CNN with other computational methods on
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Table 6.2: Comparative performance between IAV-CNN and other machine learning methods using

ProtVec features on training and testing data of three influenza subtypes. Acc: Accuracy; Pre:

Precision; Rec: Recall; F1: F-score

Training data

Testing data

Subtype| - Model Acc Pre Rec F1 MCC | Acc Pre Rec F1 MCC
LR 0.817 | 0.816 | 0.892 | 0.853 | 0.616 | 0.722 | 0.752 | 0.826 | 0.787 | 0.392

KNN 0.901 | 0.956 | 0.873 | 0.913 | 0.803 | 0.815 | 0.915 | 0.774 | 0.839 | 0.637

SVM 0.594 | 0.594 | 1.000 | 0.745 | 0.409 | 0.623 | 0.623 | 1.000 | 0.768 | 0.423

HIN RF 0.987 | 0.993 | 0985 | 0.989 | 0.974 | 0.863 | 0.884 | 0.897 | 0.891 | 0.706
NN 0.998 | 0.997 | 0.999 | 0.998 | 0.995 | 0.859 | 0.895 | 0.877 | 0.886 | 0.703

IAV-CNN | 0968 | 0.976 | 0.972 | 0.974 | 0.937 | 0917 | 0928 | 0.915 | 0.924 | 0.806

LR 0.847 | 0.872 | 0.793 | 0.831 | 0.694 | 0.696 | 0.761 | 0.624 | 0.686 | 0.404

KNN 0.863 | 0.893 | 0.808 | 0.848 | 0.727 | 0.728 | 0.804 | 0.647 | 0.717 | 0.471

SVM 0473 | 0473 | 1.000 | 0.643 | 0.403 | 0.532 | 0.532 | 1.000 | 0.695 | 0.429

NG RF 0962 | 0968 | 0.951 | 0.959 | 0.924 | 0.776 | 0.824 | 0.737 | 0.778 | 0.557
NN 0973 | 0967 | 0.977 | 0972 | 0.946 | 0.772 | 0.817 | 0.737 | 0.775 | 0.548

TAV-CNN | 0.953 | 0928 | 0911 | 0.937 | 0.909 | 0.876 | 0.897 | 0.851 | 0.843 | 0.735

LR 0.889 | 0.902 | 0921 | 0912 | 0.763 | 0.813 | 0.863 | 0.808 | 0.834 | 0.623

KNN 0.883 | 0.930 | 0.879 | 0.904 | 0.758 | 0.799 | 0.849 | 0.795 | 0.821 | 0.593

SVM 0.378 | 0.000 | 0.000 | 0.000 | 0.000 | 0.418 | 0.000 | 0.000 | 0.000 | 0.000

NI RF 0976 | 0.991 | 0.970 | 0.980 | 0.949 | 0.828 | 0.867 | 0.833 | 0.850 | 0.651
NN 0.981 | 0.997 | 0.973 | 0985 | 0.961 | 0.828 | 0.867 | 0.833 | 0.850 | 0.651

IAV-CNN | 0.955 | 0.997 | 0.990 | 0.994 | 0.983 | 0.881 | 0.908 | 0.885 | 0.896 | 0.756

independent testing data, as detailed below.

The x-axis represents the different methods applied to the prediction and the
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y-axis shows the values of all metrics. It is shown that IAV-CNN achieves a
remarkable higher performance than compared methods. In more detail, it can
obtain an accuracy of 0.920, 0.873 and 0.889 for independent HIN1, H3N2 and
HS5NI testing data, respectively. The results are 13.9%, 8% and 6.7% higher

B leeetal. B Liao et al. I leesetal. Il Peng et al. I Yao et al. I |AV-CNN

HIN1

0.75 4
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Accuracy Precision Recall F-score MCC
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0.50

Performance

0.25 4
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Accuracy Precision Recall F-score MCC

H5N1

0.75 4
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0.25 4

0.00 -
Accuracy Precision Recall F-score MCC

Evaluation metric

Figure 6.4: The comparative performance between IAV-CNN and other advanced
methods for predicting influenza antigenic variants on independent testing data of

three influenza subtypes.
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than the best performance of compared methods. Regarding other evaluation
metrics, the results also indicate that IAV-CNN outperforms the current methods
on all datasets. Overall, it is demonstrated that [AV-CNN can accurately predict
influenza antigenic variants on selected subtypes with feasibility and robustness.
It may also be applicable to predict the antigenicity of a wide range of viruses

and drive the development of personalized medicine for infectious diseases.

6.3.4 Interpretation

The prediction of influenza antigenicity is critical for the study of viral evo-
lution and vaccine selection. Although many methods have been proposed to
predict novel influenza variants using diverse feature representations, i.g. epitope
and physicochemical properties, when establishing the machine learning models,
the correlation between features are never taken into consideration. The proposed
IAV-CNN is an important type of 2D CNN model consisting of a convolutional
kernel, squeeze-and-excitation module and a full-connected layer. It intends
to capture meaningful residue sites and even hidden features by scanning the
sequences of pair of strains. The introduction of SE modules helps us to focus
on the sites with different residues that are given larger weights in the training
process. The results prove that IAV-CNN can enhance the predictive performance
over other existing machine learning approaches by capturing important residue
sites of the compared strains. As a result, the proposed model can be served as a
reliable tool for the prediction of influenza antigenicity, which assists biologists to
gain a better view to judge the lethality of influenza viruses and facilitate vaccine

selection for seasonal epidemics.
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6.4 Chapter summary

In this chapter, it has been demonstrated that how machine learning tech-
niques from NLP domain could be leveraged to solve bioinformatic problems,
specifically the antigenicity prediction of influenza A viruses. IAV-CNN is pro-
posed to extract a vector space with a distributed representation of amino acids
through ProtVec and predict the influenza antigenic variants, using a 2D CNN
architecture with squeeze-and-excitation mechanisms. Compared with other tra-
ditional machine learning algorithms, IAV-CNN produces superior predictive ef-
ficacy with the same feature representations on three different influenza datasets.
Moreover, further experiments demonstrate that the proposed model achieves
state-of-the-art antigenicity prediction results on the majority of test sets over
existing models. This presents an exciting prospect for the estimation of viral
lethality where it is possible to detect potential dangerous strains that may infect

humans.
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Chapter 7

Conclusion and future work

Despite increasingly available biological sequences and progress in bioinfor-
matic tools for the study of influenza viruses in recent years, novel influenza
strains are still emerging to cause severe human infections. Current flu surveil-
lance mainly depends on traditional experiments to estimate the degree of lethal-
ity of influenza viruses, which is costly and time-lagged. Therefore, there is
a pressing need to develop a timely efficient framework with the capability to

analyze the lethality of emerging influenza strains and promote flu surveillance.

7.1  Thesis summary

This thesis aims at the lethality analysis of influenza strains through their
virulence and antigenicity. It first introduces the background, purpose and ob-
jectives in Chapter 1. The literature review is provided to present an overview
of the previous research that has been done as well as the challenges left to be
solved in Chapter 2. Then, computational methods are systematically explored to
address the problem of predicting the virulence and antigenicity of influenza A
viruses, respectively. This will show significant help with the increasing efforts in
flu surveillance and a large amount of available sequence data. The application of
machine learning methods on the existing viral sequences allows us to establish
computational models and achieve final prediction goals. This is implemented

through four phases that are illustrated in Chapters 3 to 6.
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This first phase is the identification of potential critical virulent sites through
the hemagglutinin of influenza A virus in Chapter 3. By labeling the influenza
strains into two categories (i.e., pandemic and non-pandemic) based on the infor-
mation of previous pandemics, it is successfully converted into a binary classifica-
tion problem. Three rule-based methods are applied to classify pandemic strains
as well as extract corresponding rules to identify potential virulent sites (Table
3.3). Experimental results indicate high performance with over 90% in accuracy
(Table 3.2). Meanwhile, 16 different sites on HA protein are detected as potential
virulent sites, where 14 of them are experimentally validated as antigenic sites or

make an impact on the virulence (Figure 3.2).

Next, the detection of reassortment of influenza A viruses using host tropism
prediction is performed at the second phase (Chapter 4). The host tropism of
the influenza genome is first examined to understand the reassortment process by
exchanging the segments between different viruses. Eight individual models are
constructed to predict host tropism independently based on the physicochemical
properties of amino acids (Table 4.2). The predictive results range from 86.5%
t0 96.5% in accuracy on the testing data for different protein models (Table 4.3).
Based on these host tropism prediction models, HopPER is further proposed to
effectively estimate the probabilities of influenza reassortment. The experiments
on real and synthetic datasets show comparative predictive performance over
existing state-of-the-art methods on reassortment detection (Table 4.5). It has also
been demonstrated that HopPER is effective in both complete and incomplete
genomes (Table 4.7). Moreover, the analysis of evolutionary success through
reassortment across different years offers novel insights for the evolution path of

influenza viruses (Figure 4.3).

The identification of virulent sites and detection of reassortment for influenza

viruses lead to the construction of an integrative framework for the prediction of
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influenza virulence in the third phase (Chapter 5). The mutation and reassortment
information of influenza viruses are used as prior knowledge and added to the
feature space using posterior regularization, which makes the training process
more efficient using deep learning models. The proposed model with prior knowl-
edge outperforms other machine learning approaches on the processed dataset for
virulence prediction (Table 5.2). Besides, the model is capable of automatically
learning the weights for different constraint features (Figure 5.3), which indicates
the importance of mutations from different sites and reassortment that have con-
tributed to influenza virulence. The experiments on individual subtypes further
prove the utility of the proposed model on the virulence prediction of influenza

viruses.

Finally, a 2D CNN model is developed to predict antigenic variants of in-
fluenza A virus in the fourth phase (Chapter 6). Specifically, sequence data
is used to generate features in the training process and the label is produced
by calculating the antigenic distance between two strains. A new distributed
amino acid representation named ProtVec is introduced to encode biological se-
quences. To deal with long-length influenza strains, the raw sequences are split
into subsequences of 3-grams. Squeeze-and-excitation module is added into the
fundamental CNN architecture, which allows us to focus on informative residue
features. Compared with existing machine learning approaches, the proposed
model achieves a significantly better performance on the testing data (Table 6.2
and Figure 6.4). This model can be used to analyze the antigenicity of novel
emerging strains compared with exiting known viruses. Hence, this model will

facilitate the rapid determination of antigenicity and influenza surveillance.

In conclusion, the primary goal of meta-analysis for analyzing the lethality of
influenza A viruses concerning virulence and antigenicity using machine learning

approaches has been accomplished. The detection of the potential virulent sites
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and the estimation of influenza reassortment in Chapters 3 and 4 pave the path
for the construction of a novel virulence prediction model in Chapter 5, which
takes prior biological information into consideration. A 2D CNN built in Chapter
6 on the prediction of antigenicity of influenza viruses reflects the capacity of
viral antigen to bind to or interact with the host immunity system, which further

describes the lethality of the potential damage the virus will cause on hosts.

7.2  Strategies for lethality estimation

The development of computational models in Chapters 3 to 6 for virulence
and antigenicity prediction aims at profiling the lethality of influenza viruses, as
well as improving the current influenza surveillance system. With the increasing
biological data and the improvement of sequencing technology, the surveillance
of influenza viruses has been already created. Existing risk assessment still de-
pends on genomic markers to detect the lethality of new emerging influenza
strains that may infect humans [241]. While other evaluation metrics consist
of the detection of receptor binding property, antiviral treatment resistance and
lab animal transmission. All of these methods require a large amount of time
and are label-intensive. Thus they will not meet the requirement for a timely
determination regarding the risk of novel emerging influenza strains, which is

critical for the prevention of the outbreak of catastrophic epidemics or pandemics.

Therefore, lethality is leveraged as one of the indicators to complement the
existing influenza virologic surveillance. By constructing machine learning tools
to predict the virulence and antigenicity of influenza viruses, it can infer the
lethality of the virus to timely predict the risk of the influenza strains. As an
example, during the flu outbreaks, the viral samples can be collected and obtained

using sequencing technology. On the one hand, the virulence of the collected
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strains can be rapidly estimated through the models developed in Chapter 5. On
the other hand, the methods in Chapter 6 would help us to identify its antigenicity
by comparing it with previous existing strains. The results are integrated to
determine the lethality and estimate the risks when the viruses spread to humans,
which enables the authorities to make a more informed decision swiftly in the

event of any potential widespread outbreaks.

7.3  Future directions

This thesis is just the beginning of leveraging machine learning approaches to
investigate the lethality of emerging influenza A viruses. It analyzes the degree
of lethality through virulence and antigenicity of influenza virus using primarily
protein sequences and antigenic data. Several potential directions are proposed

for future work.

One important direction is the increase of virulent and antigenic influenza
data, which significantly influences the performance of computational models.
Besides, the integration of heterogeneous biological data, such as spatiotemporal
and medical data can strengthen the diversity of data sources. For example, Incor-
porating accurate timing information, host information and geographical location
of each strain would provide more detailed information about the outbreak of
flu, enabling more comprehensive studies on specific outbreaks and identify the
lethality of the viruses. Similarly, the inclusion of ecological data is useful to
track the path of the virus and possibly predict future transmission paths [242].
Collectively, the increase and integration of data from multidisciplinary sources
can provide more information on the virus, allowing for comprehensive analysis

for the estimation of the lethality of viruses.
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Another possible direction is to accommodate more virulence-associated fac-
tors into virulence prediction. In this work, only mutations and reassortment
are taken into consideration as prior information for the construction of the vir-
ulence prediction model. In reality, it is a complex process for the formation of
virulence. A single one or two factors may not provide enough confidence to
determine the virulence. Therefore, uncovering more factors that are responsible
for the virulence of viral infections and converting them into the computational
model can provide a more comprehensive analysis and higher predictive accuracy.
Hence, the virulence prediction model developed in Chapter 5 can be further
expanded by incorporating more constraint viral features such as the co-occurring
mutations [110], host immune system [243] and environmental elements [244] to

improve the predictive performance.

Moreover, the objective of this thesis is to analyze the lethality of influenza
viruses using machine learning approaches, which is decomposed by the predic-
tion of viral virulence and antigenicity through computational models. However,
the direct inference of viral lethality is a highly complex task and poses signifi-
cant challenges to quantitatively identify lethality based on influenza sequences.
Though several models have been proposed for the prediction of virulence and
antigenicity, the determination of lethality not only depends on these two mea-
sures but is closely related to the information of host infections, such as the
immune system and health status. Besides, there is a lack of qualitative models
to infer the lethality of influenza viruses. As a result, more efforts are needed to

address this issue in future studies.

Finally, the ultimate goal of this research is accurate influenza surveillance
that includes the ability to predict future epidemics or pandemics, the detection
of viral lethality, etc. This is, in truth, a huge project that may not be achieved in

a short period with the current state of the technological and available biological
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data. Even though the methodology and framework proposed in this thesis will
contribute to the final goal of influenza research and can be applied to the lethality
analysis of other RNA viruses such as Ebola virus [245], Henipavirus [246] and
Dengue virus [247] and the recent emerging novel coronavirus [248]. Of partic-
ular interests, this new coronavirus named COVID-19 has rapidly spread to 216
countries or territories on May 21, 2020, leading to 4,904,413 confirmed cases
with 323,412 deaths according to the World Health Organization [249]. It has
caused great morbidity and mortality, and unfortunately, the fast and untraceable
virus mutations take the lives of people before the immune system can produce
the inhibitory antibody [250]. No miracle drug or vaccines are available to treat
or prevent the humans infected by coronaviruses [251] [252]. Therefore, there
is a desperate need for developing therapeutics to defeat novel coronavirus. I
believe that the proposed framework in this thesis can shed light on the inference
of the lethality of coronaviruses using machine learning approaches. Through the
effective representation of the molecular structure of amino acids and analysis of
antigen-antibody interaction, it could even facilitate the discovery of neutralizing
antibodies for potential novel coronavirus, and further assist the development
of vaccines design and enables other scientists to gain a better understanding
of coronavirus. That, in turn, will improve public health and provide effective

preparedness for potential future epidemics or pandemics.
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