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ABSTRACT 

 Influenza continues to pose global public health threats, including several pandemics in 

history, heavy disease burdens in humans with annual seasonal outbreaks, and high economic 

loss with highly pathogenic virus causing large outbreaks in poultry. In addition, seasonal 

influenza requires tremendous efforts to update and distribute vaccines annually, while zoonosis 

of potential pandemic strains poses another threat of no stockpile of effective vaccines. To 

overcome the predicament of influenza vaccine and disease prevention, phylogenetic modeling 

with currently advanced mathematical models, global genomic data sharing and increased 

computing capability becomes a powerful tool to understand rapidly evolving pathogens and 

ultimately achieve the goal of effective prevention. In this dissertation, I aimed to develop novel 

models and apply advanced models to study the evolutionary and epidemiological dynamics of 

influenza virus across ecological scales in order to improve disease control. Specifically, aim 1 

focused on developing a model to incorporating hemagglutinin (HA) protein structure to better 

understand the evolution of vaccine targets. The new phylogenetic model that accounted for rate 

variations across protein structural domains and across codon positions significantly improved 

the reconstruction of influenza viruses. It revealed valuable biological insights on protein 



structural domain-specific evolutionary characteristics and approximate selection pressure on 

these domains, which can provide new approach for broadly-reactive vaccine design. Aim 2 

explored viral diffusion patterns and ecological factors that potentially affect the diffusion in the 

U.S. via phylodynamic modeling. It identified regions with busiest airports played as a primary 

hub for viral diffusions in the U.S. Higher proportion of high-risk populations including the 

youth and the elderly and more flight connections may significantly increase viral migration 

rates. Aim 3 explored the impacts of H3N2 live attenuated influenza vaccine (LAIV) on viral 

genetic diversity and diffusion dynamics in Central Texas via discrete trait analysis and 

structured coalescent model. The vaccinated population needed more external introductions to 

sustain the epidemics and disseminated less to external regions, which provided the phylogenetic 

evidence of vaccination benefits. Taken together, findings from these studies provided 

instructive insights/recommendations on vaccine design, administration strategy and effective 

prevention measures of influenza viruses. 
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CHAPTER 1 

INTRODUCTION 

Literature Review  

Viral respiratory infections commonly affect the upper or lower respiratory tract, occur in 

epidemics and spread rapidly across communities in the globe (1,2). The symptoms may vary 

from mild to severe respiratory diseases with life-threatening outcomes (3–8). Among the 

etiologies of respiratory infections, influenza and respiratory syncytial virus (RSV) are the 

leading viral pathogens to cause morbidity and mortality in all ages, with significantly higher 

impacts on children younger than 5 years and the elderly (9). Every year, influenza leads to 

respiratory tract infections in 5–15% of the population, severe illness in 3–5 million individuals 

(2), and seasonal influenza-associated respiratory deaths in 0.3–0.65 million people (10). 

Another impact of viral respiratory infections on disease burden is that they increase disease 

susceptibility and severity of secondary viral/bacterial infections or other co-morbidities (3,11), 

since the primary viral infections might change the immunity and pathology in the host (3,12). 

For example, the estimated deaths from 1918 H1N1 influenza pandemic are 40-50 million 

individuals, of which many are attributable to secondary bacterial pneumonia with Streptococcus 

pneumoniae (13).  

Respiratory viruses can spread rapidly due to the ease of transmission, usually via 

contact, fomites, droplets, or aerosols (14). Especially, airborne transmission via droplets and 

aerosols enables some of these viruses to spread efficiently among humans, causing outbreaks 

that are difficult to control (14). Studies on influenza viruses have shown that some 
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environmental and ecological factors can affect the size, stability, and inhalation of both droplets 

and aerosols (15–18). Such factors include temperature, humidity, and transportation connections 

(15–18), which may affect the seeding and geographic diffusion of influenza viruses. While 

some geographic diffusion patterns of influenza viruses have been reported (18–22), further 

characterizing the global and local transmission dynamics and their associated epidemiological 

and ecological factors can facilitate effective outbreak prevention measures (20).  

Another important reason for the continuous outbreaks and rapid spread of influenza 

viruses is that viral genetics are highly diverse and host populations usually only have naïve or 

partial immune protection due to rapid viral genetic and antigenic changes (23,24). The most 

common mechanisms of genetic and accumulated antigenic changes in RNA viruses are high 

point mutation rates (usually cause “antigenic drift”), immune selection and migration (25,26). 

Additionally, frequent reassortments of influenza viruses due to their segmented genome can 

result in “antigenic shift” leading to novel antigenic strains that can cause influenza pandemics 

(26–28). Accurate estimation and reconstruction of the evolutionary history of influenza viruses 

can enhance the understanding of pathogen changes and outbreak dynamics, identify significant 

prevention measures, and facilitate effective vaccine design (28,29).  

The growing importance of statistical phylogenetic methods to study the epidemiology, 

evolution and ecology of rapidly evolving viral pathogens has been driven by the increasing 

availability of genetic sequences, development of advanced algorithms and rapid improvement of 

computing capability (30). In recent decades, viral phylogenetic analysis has become a powerful 

tool to reveal the evolutionary history of pathogens and understand viral diffusion and disease 

outbreaks (28,30). In this literature review, I will present an overview of influenza viruses and 

vaccines, basic phylogenetic modeling tools, and recent studies of viral diffusion and disease 
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dynamics. It aims to lead to the knowledge gaps and research questions I intend to answer in this 

dissertation. 

 

Pathogen: Influenza Viruses  

Influenza, mostly referred to as “flu”, is an acute respiratory disease caused by the 

influenza viruses belonging to the family of Orthomyxoviridae with a negative-sense, single 

stranded, enveloped, and segmented RNA genome (31,32). Influenza viruses have very diverse 

antigenic characteristics, where they have been classified into 4 types: A, B, C, and D (31,33). 

Type D, first isolated from swine in 2011, only circulates in some major livestock like cattle, 

sheep, and goats (33), which is not known to infect humans. Type C has been observed to only 

cause sporadic mild upper respiratory symptoms and is not thought to cause epidemics (31). The 

epidemics and outbreaks of influenza are mainly caused by types A and B (34), attracting the 

most attention in research and healthcare. Compared to influenza B, which only circulates in 

humans (35), influenza A viruses can infect a wide range of host species, including avian, 

humans, and other mammals (36).  

The RNA genome of influenza A and B viruses consists of eight discrete gene segments, 

each coding for at least one protein (31). The surface glycoproteins, hemagglutinin (HA) and 

neuraminidase (NA), function for host cell entry and release, and contain the antigenic 

determinants recognized by the adaptive immune system of the host (37). Due to the distinctive 

serology of HA and NA, influenza A viruses have been subdivided into subtypes with 18 highly 

variable HAs (H1 to H18) and 11 distinct NAs (N1 to N11) (38). Three polymerase proteins – 

polymerase basic 1 (PB1), polymerase basic 2 (PB2), and polymerase acidic (PA) – and the 

nucleoprotein (NP) form the ribonucleoprotein (RNP) complex that is essential for virus 
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transcription and replication (39). The matrix protein (M1) underlies the virion lipid envelope, 

and the membrane protein (M2) is inserted into the host-derived lipid envelope and conduct ion 

channel activity (40). The non-structural proteins NS1 and NS2/nuclear export protein (NEP) 

have multiple functions like assisting in RNP nuclear export but other specific roles are still 

under investigation (36,41). Influenza B viruses have no subtypes due to their fixed antigenic 

characteristics of HA and NA, though their viral structure is very similar to type A. But influenza 

B viruses have diverged into two antigenically distinguishable lineages – B/Yamagata-like and 

B/Victoria-like, based on the accumulated antigenic variabilities since 1970 (31,42). 

Epidemiology: pandemic, seasonal and emerging influenza viruses  

The zoonosis of influenza A viruses has significant public health implications, where 

infecting both animal reservoirs and humans results in continuous cross-species transmissions 

(43–45) and frequent reassortments to generate antigenic shifts and potential pandemic strains 

(46–49). Pandemic influenza is a global-scale epidemic characterized by the rapid spread of an 

antigenically novel virus through human populations (35), which often causes high morbidity 

and mortality (43). Four influenza pandemics have occurred in the last century: the 1918 Spanish 

H1N1, the 1957 Asian H2N2, the 1968 Hong Kong H3N2, and the 2009 pandemic H1N1 (50). 

Although there have been controversies on the exact origins or animal source of genes for the 

early pandemic viruses, studies agree on that these pandemics were originated by the successful 

adaptation of a novel HA subtype to humans from an animal source (50). The abrupt and major 

change in HA (also called “antigenic shift”) results in new HA protein to which most humans 

have no immunity. It is estimated that about 50 million people were killed during the 1918 

Spanish H1N1 pandemic (31). The most recent 2009 H1N1 pandemic, which emerged in early 

April 2009 and ended in April 2010, has provided large viral samples and sequencing dataset to 
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explore its emergence. Previous studies via phylogenetic analysis have inferred that genes of the 

2009 H1N1 pandemic viruses were derived from H3N2 and/or H1N2 triple reassortant viruses 

originally isolated from swine in North American in 1998 (51) and H1N1 avian-like swine virus 

first isolated from swine in Europe in 1979 (50). This indicates that close surveillance, 

investigation of the emergence and accurate reconstruction of evolutionary history of the 

pandemic viruses can provide important implications on early preparation and control of future 

potential pandemics.  

After a novel pandemic influenza A virus was introduced into human population the virus 

continues to circulate with seasonal annual patterns with continuous antigenic evolution. 

Currently circulating seasonal influenza viruses are influenza A/H1N1, A/H3N2, and two 

influenza B lineages – B-Yamagata and B-Victoria. They have clear seasonality with epidemic 

peaks during winter months in temperate regions (October through the next May in the Northern 

Hemisphere and April to September in the Southern Hemisphere) but have year-round 

occurrence in tropical regions (52). The global disease burden of seasonal influenza viruses is 

one of the highest among viral pathogens to cause respiratory diseases (53). Seasonal influenza 

affects all age groups, but usually causes higher incidence and more severe symptoms in young 

children and the elderly (9). Based on the systematic analysis of seasonal influenza in 195 

countries during 1990 - 2016, the incidence of influenza-associated lower respiratory infections 

was 5.3 per 1,000 persons in all age groups, 9.1 per 1,000 persons in children younger than 5 

years, and 15.8 per 1,000 persons in adults older than 70 years, respectively (9). Seasonal 

influenza vaccines have been the most effective prevention measure to control disease outbreak, 

though the effectiveness of vaccines can vary for each season. The estimates of vaccine 

effectiveness during flu season from 2004 to 2018 range between 10%-60% (54).  
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The World Health Organization (WHO) also highlights some subtypes of influenza A 

viruses to keep close surveillance and risk assessment as they have the potential to cause 

pandemics, for example, highly pathogenic avian influenza (HPAI) H5Nx (including N1, N2, 

N6, and N8) and H7N9 (55). These two subtypes can infect humans directly from close contacts 

with avian populations and cause high case fatality in both birds and humans (56,57). Not only 

are the disease burden and public health risks from H5Nx and H7N9 significant, but also the 

economic impacts are high due to the tremendous loss of protein products during outbreaks in 

the poultry population (58). The pandemic potential and severe health risks in both humans and 

poultry population make these two subtypes important to monitor and study.  

HA hypervariability and protein structure 

The HA is usually the target to study immune responses and develop effective vaccines, 

due to its immunodominance. This results in the HA sequences being the most abundant genetic 

data out of all other influenza virus gene segments. Correspondingly, the epidemiological, 

immunological and ecological data associated with these infections are also the most abundant 

for inferring viral dynamics and evolutionary history. Currently, the HA glycoprotein of 

influenza A viruses has been classified into 18 subtypes based on serological tests (38). Even 

within one subtype, the interaction between continuous immune selections and rapid mutations 

allowing the virus to escape from host’s immune responses results in highly diverse HAs (59). 

The hypervariability and continuous evolving of HA protein are the main reason to require 

annual surveillance and updates for seasonal influenza vaccines (60,61).  

The HA protein with a spike-shaped structure, binding the virus to the sialic acid on the  

host’s cell membranes, is the major target of protective antibody response against influenza virus 

infection, especially against the globular head domain of HA (62). The mature form of the HA 
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glycoprotein is a homotrimer of three HA monomers. The monomer is composed of signal 

peptide, globular head domain, stalk domain, transmembrane domain and cytoplasmic domain 

(62,63). Due to their functions of each domain, evolutionary or immune selection pressure is not 

uniform across the protein (64,65). Evolutionary models that account for the conservation of 

functional structures and distinct selection pressure on each domain may be critical to more 

precisely understand the evolutionary history of HA (66).  

 

Disease Prevention: Influenza Vaccines 

Vaccines are amongst the most cost-effective prevention measures for many infectious 

diseases (67). In the U.S., the development and use of influenza vaccines has started in the 30’s 

after Influenza types A and B were isolated in 1933 and 1936, respectively (68). With the 

discovery that influenza viruses could grow in embryonic chicken eggs, the first inactivated 

influenza vaccine was developed in 1938 and administered to the U.S. soldiers during World 

War II, which ultimately made no difference on clinical outcomes in vaccinated and 

unvaccinated populations (69). Early influenza vaccines only contained inactivated type A 

(monovalent) but became a bivalent vaccine in 1942 with both types A and type B (69). These 

vaccines also resulted in high incidence of side effects due to the crude and impure preparations 

manufactured by early production methods (70). Another important change in the history of 

vaccine development is the discovery and introduction of cell culture for influenza virus growth 

in 1949 to produce more purified vaccine components (71). Eventually, the protective efficacy of 

these inactivated vaccines was first confirmed in the 1950s through surveillance studies and 

continuous vaccine development (68,69).  
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In order to regularly monitor and report the virus-vaccine mismatches, in 1952, WHO 

initiated the first surveillance system of circulating seasonal influenza strains in several countries 

worldwide (71). In 1973, based on the improved surveillance system covering the majority of the 

global regions, WHO begun the routine of issuing annual recommendations for the composition 

of seasonal influenza vaccine (69). In 1978, the first trivalent vaccine containing two type A 

strains and one type B strain was developed (71–73). During 1960s – 1980s, most of the vaccine 

side effects have been reduced by the design of split and subunit vaccines and the engineering of 

genetic reassortment, where chemically or physically inactivated virions treated with detergent 

are split vaccines and further purification of the HA and NA proteins of these viruses are subunit 

vaccines (71,73). The first live attenuated influenza vaccine (LAIV), called “FluMist®”, was 

authorized by the U.S. Food and Drug Administration (FDA) in 2003, which is intranasally 

administered in healthy population of 5-49 years old (74). In the following years, the updated 

vaccines were recommended for a broader age range, including infants. In 2012, the first 

quadrivalent LAIV called “Fluarix®” was approved by FDA, which contains two type A strains 

(A/H1N1 and A/H3N2) and two type B lineages (B-Yamagata-like and B-Victoria-like) (75). 

Meanwhile, cell-based influenza vaccine instead of chicken embryo-cultured vaccine has been 

developed since 2012, which eliminates allergens introduced by egg culture and expands the 

usage of different cell types to make high productivity of cell-cultured vaccine possible (73). A 

more complete history of vaccine design, application and future directions has been summarized 

in these reviews (70,71,73).  

Behind these important changes in influenza vaccine development, the core effort is to 

select vaccine candidates that match the currently circulating strains. These vaccine candidates 

from natural influenza virus strains are recommended by WHO based on the characterization and 
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prediction of circulating strains that are likely to dominate in the upcoming epidemic season. 

Twice a year, the expert panel from the WHO Collaborating Centers and essential 

laboratories/academies reviews the evidence of global surveillance, laboratory and clinical 

studies, and evaluates the availability of vaccine strains to make recommendation on the 

components of influenza vaccine for North and South Hemisphere, respectively (76). The 

evaluation procedure is mainly based on viral antigenic and genetic characterization, which 

requires tremendous annual surveillance efforts and laboratory tests. After the selection of 

vaccine strains, it takes at least 6-8 months to produce sufficient global supplies of influenza 

vaccine via current vaccine production technologies with egg-based, cell-based or 

recombination-based approaches (77).  

Some critical problems have demonstrated the limits of traditional vaccine design for the 

rapidly evolving viruses. The influenza vaccines selected from wild strains predominantly elicit 

specific antibodies against the globular head domain of HA glycoprotein for each subtype or 

lineage, which is only effective to protect against closely-matched antigenic variants (60). The 

HA, however, undergoes rapid antigenic drift, allowing the virus to escape neutralizing antibody 

responses (78) and resulting in imprecise prediction of circulating strains. Even with tremendous 

efforts of continuous surveillance to update the vaccine strain and evaluate vaccine effectiveness, 

vaccine mismatch has occurred many times (79). In addition to potential antigenic mismatch 

from selection procedure and delays in production, egg-adapted mutations accumulated during 

egg-based vaccine production can further exacerbate this issue, where the vaccine strain cultured 

in chicken embryo acquires amino acid change in the HA protein, resulting in low vaccine 

effectiveness (80–83). Studies investigating the impacts of vaccine mismatch have reported 

broad ranging efficacy (10% to 60%) for these annual vaccines, demonstrating severely low and 
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unstable immune protection from influenza infection (84). Furthermore, the seasonal vaccines 

offer little or no protection to emerging zoonotic influenza viruses with pandemic potential. For 

instance, when the surface glycoproteins, HA and/or NA, are replaced through reassortment, the 

human population has no pre-existing immune protection and the vaccines in use are not cross-

reactive with these new strains (47,50,85). This is the mechanism whereby influenza pandemics 

or novel zoonotic outbreaks with high case fatality have emerged. To overcome these significant 

challenges, novel approaches, like computational design, have been employed to rationally and 

promisingly develop vaccine candidates that can induce broadly (ideally universally) cross-

protective and durable immunity for all seasonal even emerging pre-pandemic strains (79,86,87).  

 

Tools: Bayesian Phylogenetic Framework  

Phylogenetic analysis is a powerful tool that uses information from genetic data to 

reconstruct the shared ancestry among organisms and provides insights about organism origins 

and evolutionary dynamics (88,89). The Bayesian statistical framework has been largely used in 

phylogenetic inference due to powerful computing capacity and advanced model development 

(30,90). It has the advantage of simultaneously co-estimating important evolutionary parameters 

with major basic model components, and the capability of inferring the posterior distribution of 

reconstructed phylogenetic trees rather than only relying on one or several maximum likelihood 

tree(s) (30). The major model components in Bayesian framework to reconstruct the time-

resolved phylogenies include nucleotide substitution model, molecular clock model and 

coalescent model (91). The nucleotide substitution models are to describe the process of 

nucleotide changes based on different probabilistic models and assumptions. For example, the 

popular Hasegawa, Kishino, and Yano (HKY) substitution model developed in 1985 considers 
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unequal nucleotide base frequencies and allows for the unequal rates of transitions and 

transversions (92). The most parameter-rich substitution model is the generalized time reversible 

(GTR) model developed in 1986, which allows for unequal nucleotide base frequencies and 

unequal rates of any exchanging pairs of the nucleotide bases (93,94). Substitution model 

computes the genetic changes between nucleotide sequences and provides the branch length on 

the phylogenetic tree as numbers of substitutions per site. To calibrate the absolute substitutions 

with real calendar time information, the molecular clock model was introduced where the 

evolutionary rate and divergence dating can be inferred (95,96). The simplest and usually 

unrealistic clock model, called a strict clock, assumes that every branch in a phylogenetic tree 

evolves at the same evolutionary rate (97). The commonly used molecular clock model in 

Bayesian framework is the uncorrelated relaxed clock allowing rate heterogeneity across the 

phylogenetic trees with branch rates drawn from a log-normal distribution (96,98,99). Lastly, the 

coalescent model is used to incorporate the organism population dynamics that maintain the 

observed genetic diversity under the estimated evolutionary rates (28,100). This model is based 

on any two dated genetic samples to trace back to a common ancestor (i.e. a coalescent event) 

and to infer the effective population size to sustain the divergence of the two samples (101). 

Different parametric or non-parametric coalescent models have been developed to describe 

distinctive scenarios of population dynamics. Which to use can be decided based on the prior 

knowledge or model fitting and selection procedure (102).  

The pillar of Bayesian phylogenetic framework to compute posteriors from selected 

models, priors, and data is the Markov chain Monte Carlo (MCMC) usually constructed by the 

Metropolis-Hastings algorithm (30,103). This algorithm calculates the ratio of posterior densities 

from two chain steps to move forward with accepted higher posterior, which avoids the direct 
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calculation of the posterior density itself, significantly saving the computing cost. Details of 

applying this algorithm can be found in the review (30).  

Viral Phylodynamics 

In 2004, the term “viral phylodynamics” was coined. It is defined as “the study of how 

epidemiological, immunological, and evolutionary processes act and potentially interact to shape 

viral phylogenies” (28,100). Due to the high mutation rates of RNA viruses, the ecological and 

epidemiological processes that shape their phylogenies likely occur at the same time scale as 

their evolution, that is, the imprints from immunological and epidemiological process can be 

inferred on the evolution tree (100). Therefore, with the impacts from transmission dynamics and 

immune selection on viral genetic variation, viral phylogenies can be used to explore the 

interaction of important epidemiological, immunological, and evolutionary processes, such as 

spatiotemporal dynamics and epidemic spread among different populations, transmission barriers 

of host species, avian virus zoonotic transmissions, and antigenic drift (28). Of particular 

interest, host movement and viral migration are examples of cryptic processes that contribute to 

the spread and seasonality of influenza epidemics. The application of phylodynamics into the 

studies of viral geographic diffusion, termed as “phylogeography” (104,105), has been revealing 

very important geographic spread patterns for avian and seasonal influenza viruses. For example, 

phylogeographic analysis has been conducted on multiple avian subtypes with pandemic 

potential following human and mass poultry outbreaks to decipher the viral origins and 

transmission patterns between different locations, including H9N2 (106,107), HPAI H5N1 

(108,109), and HPAI H7N9 (110). Phylodynamic models have also been applied to explore 

whether the seasonal influenza viruses are spread globally from potential source populations 

during each season or whether local persistence is the main pattern (19–21,46).  
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Bayesian phylogenetic models applied in the phylogeographic framework are not limited 

to only geographic traits but also can be applied to other discrete epidemiological factors, like 

host species, specific antigenic traits, etc. (109). This allows for the simultaneous reconstruction 

of the evolution of both the virus population and the discrete trait in the context of each other. 

Furthermore, the generalized linear model (GLM) has been introduced into this framework to 

explore the tree diffusion processes under the impacts of epidemiological and ecological factors 

(111). The GLM diffusion approach has the advantage of efficiently exploring multiple 

epidemiological and ecological factors that can be either discrete or continuous variables (111). 

This model framework powerfully unifies the evolutionary and epidemiological processes, which 

can identify the relevant predictors in the epidemiological process and more precisely predict 

influenza spatial spread (98). For instance, in the predictive model of the known pandemic 

expansion of H1N1 during 2009, when using the population migration rates generated with both 

genetic sequence data and passenger flux data via GLM into the epidemiological susceptible-

infected-recovered (SIR) model simulation can provided the best predication of the global spatial 

spread, when compared to only using genetic data or only passenger flux data (18,98).  

Structured Coalescent 

Population structure can have strong influence on the shape of viral phylogeny. Besides 

discrete trait analysis in the source-sink model, another way to take population structure into 

consideration is to distinguish the mutation and migration events in the coalescent procedure, 

which is not considered in most of the current coalescent models (112–114). To incorporate the 

heterogeneity of host populations, structured coalescent model comes into use with the 

development of sophisticated algorithms and increased computing power (114). With structured 

coalescent model, the host structure or geographic location of isolation is not used as discrete 
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traits outside coalescent model but can be defined directly in the coalescent model to estimate the 

viral movement between these populations with important parameters to be reported. For 

example, a recent study of Middle Eastern Respiratory Syndrome Coronavirus (115) defines 

human and camel populations as two separate populations, referred to as “demes”, in the 

coalescent model. Then the coalescent rate can be estimated separately for each deme, and the 

movement rates between two demes can also be estimated. Compared to the model considering 

the hosts as discrete traits, even though the sequence sampling schemes have strong biases, the 

structured coalescent gives more reasonable inferences on the viral transmissions and dynamics 

(115). Another study using both simulated data and real-world observations from the 2013-2016 

Ebola virus epidemic in West Africa also reports that structured coalescent can give precise 

estimation of evolutionary rates even when only a small amount of data are available at the early 

stage of the outbreak, where other tree prior coalescent models always overestimate the 

evolutionary rates (116).  

 

Viral Evolution and Diffusion Dynamics 

Applied phylodynamic modeling and comparative genomic analysis of respiratory 

viruses can be applied to tackle important unanswered questions including developing novel 

models to improve the accuracy of inferred viral evolutionary parameters, exploring geographic 

diffusion of seasonal viruses and identifying significant epidemiological and ecological 

predictors for the transmission dynamics. These questions can address how the epidemiological 

and ecological processes can impact viral genetic diversity and thereby enhance the 

understanding of viral evolvability (117). This information can be very valuable for epidemic 

prediction, prevention and vaccine selection.  
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Protein Structure in Evolutionary Models 

Understanding how the vaccine targeted protein evolves can help with effective vaccine 

design. Since different functional domains of viral protein can be under disparate immunologic 

pressure, they may have different evolutionary characteristics (118,119). As mentioned 

previously, the globular head domain of HA protein acts as immunodominant region to induce 

neutralizing antibodies and are under higher immune pressure, compared to the stalk domain. 

Current seasonal influenza virus vaccines induce humoral immune responses mainly targeting 

the immunodominant globular head domain, which can have strong specific protection from 

infecting virus that is similar with vaccine candidates, but have weak cross-reactivity to antigenic 

drift variants (120,121). Conversely, studies in the ferret experimental model demonstrate that 

the stalk domain was highly conserved across influenza A subtypes and stalk-specific antibodies 

could provide cross-reactive protection to a high diversity of influenza A subtypes (120,122). In 

Chapter 2 of this dissertation a phylogenetic model that utilizes protein structure to inform a 

partitioning strategy will be presented to study how substitution rates and patterns vary across 

functional domains and provide valuable insights to understand viral evolution (123). Chapter 3 

is a case study to extend this strategy to develop a phylogenetic model for respiratory syncytial 

virus (RSV). 

Some studies have developed phylogenetic models with simple representation of protein 

structure and stability, for example, a scoring system to represent protein structure (124). 

Kmiecik et al. has explored protein structure with coarse-grained models for protein structure 

prediction and molecular dynamic simulations of protein folding (124). This provides the 

statistical scoring system for sequence-structure compatibility, which can be used to evaluate the 

probability of fixation of a given mutation and improve the precision of ancestral reconstruction 
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(125). However, this model does not consider the functional structure of the protein. 

Furthermore, in a phylogenetic context, structurally informed models are still outperformed by 

some site-independent models in terms of model fitting (125). The simple representation of 

protein physical structure has been used so far, but novel models with including information of 

protein structure to reflect biological realism may be expected to yield a better fit.  

The integration of protein functions and structures into evolutionary models has two main 

challenges: 1) published viral protein structural and functional information may not be available 

or sufficiently resolved based on current studies; 2) The assumption of nucleotide site 

independence in the model cannot capture the biological reality that some sites are linked due to 

shared function (126). The first challenge has been partially resolved for some important surface 

proteins. For example, the functional domains of influenza HA protein and the fusion (F) protein 

of RSV have been well defined (127,128). For other proteins of interest, high-throughput 

experiments termed “deep mutational scanning” (129,130) can quantify the effects of all single 

mutations on gene function. Then evolutionary model can adequately capture the heterogeneity 

of selection at different sites, which may improve phylogenetic inference and ancestral sequence 

reconstruction. This technique has been used to quantify the impacts of codon changes on several 

proteins or functional domains (129,131–135). The second challenge can be resolved with a 

partitioning strategy, where the rational is that sites in the same partition have similar 

evolutionary characteristics while different partitions have distinctive evolutionary 

characteristics (30,136,137). The characteristics could be substitution rates, base composition, 

synonymous changes, branch lengths, or even the tree topology (30). Bayesian phylogenetic 

framework can separately estimate parameter values for these defined partitions under one 

phylogenetic tree, thus accounting for their heterogeneity in the evolutionary process. For 
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example, the approximate codon model (usually called SRD06 model) incorporates information 

of the genetic code, where it partitions the third codon position separately from the first and 

second codon positions. This model allows for a rate variation between these two partitions, 

because the changes on the third codon position usually does not result in an amino acid change 

(synonymous mutations) but changes in the first and second codon positions usually cause an 

amino acid change (nonsynonymous mutations) (137). This codon portioning strategy thus 

indirectly captures different selection pressure on codon positions. It provides insights on 

partitioning a protein based on its structural and functional domains to explore how the 

evolutionary process acts distinctively on these domains. 

Spatiotemporal diffusion of seasonal influenza viruses 

Seasonal influenza viruses, causing outbreaks on a worldwide scale, have clear pattern of 

annual epidemics with global impacts (138,139). Mapping the spatiotemporal diffusion pattern 

of the pathogen is very important to understand the seasonality and factors that affect outbreaks 

(111,140), which can lead to effective prevention measures. Previous studies either based on the 

analysis of epidemiological data alone or combined with genetic data (phylodynamic modeling) 

have provided valuable inferences on spatiotemporal diffusion dynamics (19–22,46,141). 

Bayesian phylodynamic modeling has been well developed as a powerful tool to understand viral 

diffusion dynamics (98,142). A distinct advantage of Bayesian phylodynamic modeling is that 

models of rapid viral genetic evolution can be unified with epidemiological and ecological 

predictors to both improve the accuracy of evolutionary reconstruction and reveal statistical 

associations between the predictors and viral spread rates (98,104).  

Recent applications of Bayesian phylodynamic modeling and newly developed analysis 

techniques have provided a clear depiction of global dynamics and the source populations for the 
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diffusion of seasonal influenza viruses (18,19,21,46). Rambaut et al. (46) studied how genomic 

processes related to global influenza dynamics with A/H3N2 and A/H1N1 in temperate regions 

during 1992-2005. It showed that seasonal influenza A viruses had a complicated interplay 

between periodic selective sweeps and ressortments (46). They also compared the different 

dynamics between A/H3N2 and A/H1N1, demonstrating A/H1N1 viruses have weaker antigenic 

drift. Taken together, this study via a source-sink phylogeographic modeling procedure 

hypothesized that the persistence reservoir may be located in the tropics and spread to the 

temperate regions. This can be explained by that the year-round transmission and consequently 

its constantly larger effective population size of influenza A virus in the tropical population 

allow more efficiently natural selection for antigenic diversity than in the sink populations which 

experience major seasonal bottlenecks. But some contradictory conclusions have appeared in 

later studies. Bedford, et al. (21) developed Bayesian framework and phylogenetic tree trunk 

reconstruction models to reconstruct the evolutionary history and global dynamics of A/H3N2 

collected during 1998 to 2009. They found that China and Southeast Asia played the largest role 

in seeding the seasonal strains, but they also found that some strains with mutations harbored in 

the temperate regions can emigrate to more favorable climes and persist for multiple seasons in 

the global virus population (21). Later, Bahl et al. (19) investigated the seasonal dynamics and 

migration patterns of influenza A/H3N2 viruses isolated from global urban centers during 2003-

2006 with Bayesian phylogeographic analysis. It revealed that tropical regions may not maintain 

a source for annual A/H3N2 influenza dynamics, but each region may function as a potential 

source viral population in temperate regions and spread the virus via population migrations. To 

explore what drove the viral migration, Lemey et al. (18) developed novel phylodynamic models 

which unified viral genetics and human air transportation data to explore the global transmission 
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dynamics of A/H3N2, with isolates collected from 2002 to 2007. This study showed that global 

transmissions of A/H3N2 were driven by human migration via air transportation and the scales 

of local spread were negatively correlated with geographic distance. They emphasized the central 

role of mainland China and Southeast Asia to maintain a source for global A/H3N2 diversity.  

The most complete study to date on global diffusion patterns of seasonal influenza has 

been conducted by Bedford et al. with large and long-term datasets (20). Phylodynamic analysis 

was performed on A/H3N2, A/H1N1, B-Victoria, and B-Yamagata viruses collected during 

2000-2012 to explore and compare global circulation patterns of these major influenza virus 

lineages (20). The analyses showed that genetic variants of A/H3N2 viruses did not persist 

locally between epidemics and were reseeded from East and Southeast Asia. In contrast, 

A/H1N1 and type B viruses persisted across several seasons and exhibited complex global 

dynamics, where East and Southeast Asia played limited roles of disseminating new variants. 

They concluded that there may be viral, host and ecological factors that complicated the global 

dynamics (20). In sum, these studies via phylodynamic modeling integrate both genetic and 

epidemiological information to understand global diffusion dynamics of seasonal influenza 

viruses, which offers potential for improving epidemiological surveillance through 

phylodynamic reconstructions.  

Many studies have reported that epidemiological and ecological factors may impact the 

diffusion of seasonal influenza viruses. Global or local studies mainly based on epidemiological 

data (141,143–145) have reported that temperature, humidity, precipitation, host movement, 

population size, and air transportation can affect the diffusion and dynamics of seasonal 

influenza viruses. In a recent study, Dalziel et al. (22) used weekly incidence data of influenza-

like illness from 603 cities in the U.S. to explore important spatial variations, which revealed that 
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population size and age structure, humidity and the peak climatic conditions of urban centers can 

drive the incidence of influenza infections and its spatiotemporal dynamics. While this study 

provided evidence that environmental characteristics may alter herd immunity for different levels 

of urbanized population, viral genetic data was not incorporated into the analysis. Phylogenetic 

approaches conducted on a more recent and systematic dataset could quantitatively evaluate the 

effects of environmental factors on viral diffusion patterns.  

As summarized above, previous phylodynamic analyses have provided insights to global 

spatiotemporal diffusion of seasonal influenza viruses. However, local dynamics, for example, 

the specific source populations of seasonal influenza viruses into the U.S. and the viral diffusion 

patterns within the U.S., have not been well explored and quantified. By identifying the close 

geographic region sources from global settings and transmission connections in the U.S., a better 

understanding of viral dynamics can improve the prediction of circulating strain and further 

assist vaccine selection. Chapter 4 of this dissertation will explore the within country (i.e. within 

the U.S.) diffusion patterns of all seasonal influenza subtypes/lineages. It will first identify 

important external global introductions into the U.S. via a global dataset. It will also compare the 

sources of influenza viruses for different seasonal influenza subtypes or lineages. The second 

part of this chapter will focus on understanding the viral dynamics amongst the U.S. regions. It 

will further explore the important epidemiological and ecological factors of the U.S. regions to 

potentially explain the dynamics, which may provide valuable information for viral spread 

prediction and disease prevention. This dissertation fully takes advantage of a large and complete 

global and U.S. local genetic and epidemiological datasets of all four seasonal influenza 

subtypes/lineages to answer the important questions listed above. 
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Vaccine impacts on seasonal influenza viruses 

Since the introduction of influenza vaccines into the population, vaccine efficacy and 

safety are always the main concerns in the healthcare and research communities (146,147). But 

evidence has shown that vaccines may shape the dynamics of the pathogen populations 

(148,149). One explanation is that the host immune landscape, modulated by vaccination, can 

put strong selection pressure on the pathogen (150). Furthermore, imperfect vaccine design or 

vaccination procedure may also drive the evolution and genetic diversity of pathogens (151). 

Questions regarding the impact of influenza vaccine on viral diversity and diffusion dynamics 

within and between communities have not been adequately studied due to limited information 

regarding vaccination status of infected individuals. Chapter 5 will utilize samples collected 

through vaccine trials in central Texas to evaluate the impacts of vaccination on viral genetic 

diversity during an epidemic season. This study will address the following specific questions: 1) 

Does the vaccinated population have a higher genetic diversity? 2) Does the vaccinated 

population have a lower transmission rates to the unvaccinated population and to the global? 

Answers from these questions can be very valuable to understand local viral source and 

transmissions, and quantitatively evaluate the impacts of LAIV on viral diversity and diffusion 

dynamics. 
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Purpose of the Study 

This dissertation will develop and apply phylogenetic models in the Bayesian framework 

to enhance the understanding of viral evolution and spatiotemporal dynamics. The targeted 

pathogens are primarily multiple influenza A virus subtypes and two influenza B lineages, which 

continue to pose global public health threats, including several pandemics in history, heavy 

disease burdens in humans with annual seasonal outbreaks, and high economic loss with highly 

pathogenic viral strains causing large outbreaks in avian hosts. Understanding viral evolution and 

diffusion dynamics by integrating large genetic and epidemiological data is critical for disease 

prevention and control. In this dissertation I aim to examine the evolutionary and 

epidemiological dynamics across ecological and biological scales in order to provide insights 

that could improve disease control. To achieve this, specific studies are conducted to provide 

insights on: whether integrating viral protein structure can improve phylogenetic inference and 

better understand the evolution of vaccine targets; how the seasonal influenza epidemic spread 

among U.S. regions; and whether increased vaccination rate within a community can impact 

viral diversity and diffusion dynamics.  

 

Specific Aims 

Aim 1. To develop structurally informed evolutionary models of HA protein for emerging, 

seasonal and pandemic influenza viruses. Novel phylogenetic model to incorporate protein 

functional structure is developed and compared with other phylogenetic models via model 

selection procedure to evaluate the model fitting. Evolutionary rates and approximate selection 

pressure from the new model are estimated for each functional domain of HA protein to provide 

insights on how the vaccine targets evolve. 
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Sub Aim 1. A case study extends the structurally informed partitioning scheme to 

improve phylogenetic inference of respiratory syncytial virus (RSV) and assess the 

generalizability of the application of this new model to other viral respiratory pathogens. It 

focuses on a specific protein partitioning scheme for RSV, where it considers the different 

conformations of Fusion protein (F protein) structure before and after the fusion process. The 

structurally informed evolutionary models are conducted with F protein of both RSVA and 

RSVB to explore the evolutionary history and approximate selection pressure of each functional 

domain.  

 

Aim 2. To systematically infer global introductions of seasonal influenza viruses into the 

U.S. and estimate viral diffusion amongst U.S. regions. The main global regions that introduce 

seasonal influenza viruses into the U.S. are inferred via phylogeographic models. Furthermore, 

viral diffusion patterns among the Health and Human Services (HHS) regions in the U.S. are 

explored with further examining what are the main drives for viral diffusion, where potential 

ecological and epidemiological predictors are constructed in the phylodynamic model via 

generalized linear model. The viral diffusion patterns and significant predictors are compared 

across different seasonal influenza subtypes or lineages. 

 

Aim 3. To evaluate the impacts of influenza vaccine on genetic diversity and diffusion 

dynamics of H3N2 during 2004-2006 in Central Texas, USA. The viral sources of Texas local 

cities are inferred via phylogeographic models to first understand whether the vaccinated Texas 

cities and unvaccinated Texas cities have different viral sources and diffusion patterns. The 

hypothesis is that vaccinated population needs more external introductions compared to 
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unvaccinated population. Then the impacts of influenza vaccine on viral genetic diversity and 

diffusion dynamics are quantified via structured coalescent model, where the tested hypothesis is 

that higher migration rate from unvaccinated population to vaccinated population can be inferred 

and larger coalescent time can be observed in the vaccinated population to indicate a higher viral 

diversity.  
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CHAPTER 2 

STRUCTURALLY INFORMED EVOLUTIONARY MODELS IMPROVE PHYLOGENETIC 

RECONSTRUCTION FOR EMERGING, SEASONAL, AND PANDEMIC INFLUENZA 

VIRUSES 1 
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Abstract 

Precise estimation of genetic substitution patterns is critical for accurate reconstruction of 

pathogen phylogenies. Few studies of viral evolution account for variations of mutation rate 

across a single gene. This is especially true when considering evolution of segmented viruses 

where individual segments are short, encoding for few proteins. However, the structural and 

functional partitions of these proteins could provide valuable information for more accurate 

inference of viral evolution, due to the disparate immune selection pressure on different 

functional domains. Accurately reconstructed evolutionary features on specific functional 

domains can in turn provide biological information on viral protein and immune targets for 

vaccine design. In this study I developed and evaluated a structurally informed partitioning 

scheme that accounts for rate variation among immunogenic head and stalk domains of the 

surface protein hemagglutinin (HA) of influenza viruses. I evaluated the model fit and 

performance of four different models - HKY, SRD06 codon, HKY with a structurally informed 

partitioning scheme, SRD06 with a structurally informed partitioning scheme on pandemic 

A/H1N1pdm09, seasonal A/H1N1postpdm, A/H3N2, B-Yamagata-like and Victoria-like 

lineages, and two highly pathogenic avian influenza A viruses H5Nx and H7N9. Results showed 

that structurally informed partitioning with SRD06 performed better for all datasets with 

decisively statistical support. Significantly faster nucleotide substitution rates for head domain, 

compared to stalk domain was observed and may provide insight for stalk derived broadly 

reactive vaccine design. Taken together, integrating a functionally informed partitioning scheme 

based on protein structures of immune targets allows for significant improvement of 

phylogenetic analysis and providing important biological insights. 
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Introduction 

The importance of statistical phylogenetic methods to study the epidemiology, evolution 

and ecology of rapidly evolving viral pathogens has been driven by the growing availability of 

whole genome sequences (152). Precisely estimating the pattern of genetic variations is critical 

to reconstruct the accurate pathogen phylogenies (136,153). Nucleotide substitution models have 

been developed to describe the process of change from one nucleic state to another among viral 

isolates, where they often allow for rate variations between transitions and transversions (92), or 

incorporate nucleotide base frequencies with substitution rate parameters (154,155). Segmented 

viruses, such as influenza A virus (IAV), contain short gene segments that encode for few 

proteins (36). Consequently, the literature regarding model development of phylogeny 

reconstruction is dominated by the analysis on complete protein coding regions. For example, the 

complete viral surface glycoprotein hemagglutinin (HA) is used the most when studying 

influenza viral evolution and diffusion (98). However, assuming natural selection acts uniformly 

across the protein domains may not be justified (156). Some partitioning strategies have been 

developed to account for variations inside one gene segment (136,137). For example, 

approximate codon-models, such as the SRD06, incorporate information about the genetic code 

by allowing for a rate variation by defining substitution models for codon positions 1 and 2 and 

an independent model for codon position 3. This model accounts for the rapid accumulation of 

synonymous mutations in the third codon position (137). 

HA glycoprotein with a spike-shaped structure binds to the receptors on the targeted host 

cell membrane when the virus begins the infection (62). This protein has two main domains – the 

globular head domain and stalk domain. Functionally different, the globular head domain 

contains the receptor binding sites, while the stalk domain is a main structure responsible for 
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membrane fusion machinery (62,63). Even though immune selection strongly drives antigenic 

drift, allowing for accumulation of mutations in the head domain, the stalk domain is 

functionally conserved across viral subtypes. Current seasonal influenza virus vaccines induce 

humoral immune responses primarily targeting the immunodominant globular head domain 

(120,121), which can provide strong protection from an infecting virus that is similar with 

vaccine candidates, but have weak cross-reactivity to antigenic drift variants. Conversely, studies 

in the ferret experimental model demonstrate that the stalk domain is highly conserved across 

IAV subtypes and stalk specific antibodies could provide cross-reactive protection to a high 

diversity of IAV subtypes (120,122). Despite the importance of understanding how substitution 

rates and patterns vary across functionally conserved domains in universal vaccine design 

(123,157), few studies have incorporated protein structure in phylogenetic models. 

In this study I proposed a novel phylogenetic model that incorporates a protein structure 

informed partitioning scheme to account for variable evolutionary rates resulting from immune 

selection. I aimed to evaluate the appropriateness of the novel model to reliably to estimate 

biologically informative parameters from available genetic data. I evaluated and compared four 

different models: HKY, SRD06 codon, HKY with a structurally informed partitioning scheme, 

SRD06 with a structurally informed partitioning scheme. I also evaluated the model performance 

across multiple viral subtypes, including pandemic H1N1pdm09, seasonal A/H1N1postpdm, 

A/H3N2, the two seasonal Influenza B virus lineages – Yamagata-like and Victoria-like, and two 

highly pathogenic avian Influenza (HPAI) H5Nx and H7N9 viruses. I further conducted 

sensitivity analysis to determine whether the new model was sensitive to sample size, data 

distribution and epidemic stage resulting in biased estimation. Separate estimation of viral 

evolutionary rates for the head and stalk domain may be informative for vaccine design. I 
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therefore formally tested the hypothesis that evolutionary rates in each domain were significantly 

different and further estimated the relative selection pressure for each functional domain of HA 

protein. 

 

New Approaches 

This study proposed a new model to incorporate a structurally informed partitioning 

scheme on a single protein into phylogenetic reconstruction. Decisive statistical support from the 

model selection procedure and stably supported across multiple influenza subtypes validated the 

superiority of the new model. The model can provide biological insights for viral evolution, with 

reporting domain-specific evolution rates and approximate selection pressure. The tree branches 

with domain-specific rate ratio dC1+2/dC3 can inform the approximate selection pressure on each 

strain, suggesting some biological explanations related to antigenic drift and emerging strains. 

The structurally informed phylogenetic model may reveal novel biological insights of viral 

evolution and have the potential to reveal more biological realism without over-parameterization.  

 

Methods 

Datasets 

Multiple datasets representing pandemic, seasonal and emerging influenza viruses were 

used to develop and broadly test the proposed structurally informed partitioning models, 

including pandemic H1N1pdm09, seasonal influenza viruses A/H1N1postpdm, A/H3N2, 

B/Yamagata-like and B/Victoria-like, and two HPAI H5Nx and H7N9. Except for HPAI H7N9, 

H1N1pdm09 and seasonal A/H1N1postpdm that have been directly downloaded from the Global 

Initiative on Sharing All Influenza Data (GISAID, https://www.gisaid.org/), all other datasets 
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were from published research, including seasonal A/H3N2 (20), HPAI H5Nx (158), 

B/Yamagata-like and B/Victoria-like (159). To avoid improper weights of duplicate isolates on 

the partitioning models, sequences with 100% similarity were removed for all datasets (final 

datasets can be found in the corresponding xml files via the GitHub link: 

https://github.com/XuetingQiu/FluPartitioningModels).  

Briefly, the final datasets contained 505 global isolates for H1N1pdm09 during 2009/04 – 

2009/12, 635 global isolates for HPAI H7N9 during 2013-2018, and 554 global isolates for 

seasonal A/H1N1postpdm during 2012-2018. HPAI H5Nx contained 1,095 isolates during 1996-

2016, after removing the vaccine candidates (158). The two influenza B virus lineages were full 

genome datasets sampled during 2002-2013 in eastern Australia and New Zealand (159). For B-

Victoria, the dataset finally retained 214 isolates after randomly sampling down to 50% of the 

original dataset and removing the duplicates. For B-Yamagata, 241 isolates were included after 

removing the duplicates. The global dataset of seasonal A/H3N2 (20) contained 906 isolates 

during 2000-2012 after the duplicates were removed and further randomly subsampled. 

 

Definition of HA protein structural partitions 

HA glycoprotein has been defined as different functional domains, including signal 

peptide, stalk domain, globular head domain, transmembrane domain and cytoplasmic domain 

(62,63). These protein domains labeled with sites of amino acid were translated into the linear 

sites on the nucleotide sequences of HA gene (Fig. 2.1a and 2.1b). To use the full length of HA 

sequences and avoid some partitions being too short and lack of information, signal peptide, 

transmembrane domain, and cytoplasmic domain were combined as one partition named STC, 

given the similarly evolutionary characteristics of these functional domains. Though the stalk 



 

31 

domain on the linear nucleotide sequence was separated by the head domain, the two gene 

regions of stalk domain were merged together for analysis (supplemental table I-1 and xml files 

in GitHub https://github.com/XuetingQiu/FluPartitioningModels).  

 

Structurally informed phylogenetic models  

As shown in Fig. 2.1b, four different Bayesian phylogenetic models were conducted 

using the same molecular clock model and coalescent model for each dataset. Only the 

partitioning strategies on the nucleotide sequences were different. The base model applied HKY 

substitution model (92) with Gamma invariant distribution, where this model accounts for base 

frequencies and allows for rate variations between transitions and transversions. SRD06 codon 

model (C model in Fig. 2.1c) (137) partitioned all codons of the HA gene reading frame into 

codon positions 1+2 and codon position 3, where these two partitions also used HKY 

substitution model. Protein structure partitioning model (P model in Fig. 2.1c) contained STC, 

stalk and head functional domains with HKY substitution model for each domain. The last model 

(CP model in Fig. 2.1c) combined the partitioning strategy in both C and P models, that is, codon 

positions in each protein functional domain were further partitioned into codon positions 1 + 2 

and codon position 3.  

 

Tree likelihood construction in the partitioning models 

After partitioning with codon positions or/and protein structural domains, the overall tree 

likelihood calculations need to be explained. The general Bayesian inferences are based on the 

posterior probability of a hypothesis, for example, a given tree !. Then the posterior probability 

of the tree based on the data can be obtained using Bayes theorem, 
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"#(!|&)= ()(*|+)()(+)
∑()(*|+)()(+)

    [1] 

In which, Pr(!) is the prior probability of the tree hypothesis ! based on data x; Pr(x|!) is 

the probability of observing the data at a specific site. 

Then assuming independence of substitution across sites, the general likelihood based on 

a specific phylogenetic model, i.e. the probability of observing the aligned matrix X of all j 

sequences is, 

-./0!1, 31, 4, 56 = 	9 -.&:0!1, 31, 4, 56				[2]
>

:?@
 

In which, c is the number of total sites along the sequences; ! represents the tree hypothesis, 3 

represents the branch lengths, 4 is the substitution model parameters, and 5 represents all other 

model parameters. 

The proposed structurally informed partitioning model based on HA protein functional 

domains extends the formula [2] of the tree likelihood estimation. Each of the defined partition 

has its tree likelihood estimated independently, therefore, the overall tree likelihood is the 

products of each partition-specific likelihood, that is,  

-./0!1, 31, 4, 56

=9 -(&:|!1, 31, 4, 5)
>A

:?@

∗9 -.&:0!1, 31, 4, 56 ∗ … ∗9 -(&:|!1, 31, 4, 5)
>D

:?@
	

>E

:?@
 

In which, the sum of c1, c2, …, cn is equal to c, the total number of nucleotide sites along 

the sequences; and n is the number of partitions in the model. 

 

 



 

33 

Phylogenetic model simulations 

All models were simulated in the package of Bayesian Evolutionary Analysis Sampling 

Trees (BEAST) v1.8.4 (160). To allow for rate variations across lineages, the uncorrelated 

lognormal relaxed molecular clock was used with an initial mean of 0.0033 with a uniform prior 

ranging from 0.0 to 1.0. Based on prior knowledge, a smooth and time-aware Gaussian Markov 

random field (GMRF) process prior on the population sizes was applied in the Skyride calescent 

model (161). Each model was performed at least four independent runs of 100 million Markov 

Chain Monte Carlo (MCMC) generations. To report the substitution rates and phylogenetic trees, 

four runs for each model were combined after removal of burn-in to achieve an Effective Sample 

Size (ESS) of >200 as diagnosed in Tracer v 1.5. Visualized violin plots for substitution rates 

were generated via personal R scripts (GitHub 

https://github.com/XuetingQiu/FluPartitioningModels). 

 

Model selection procedure and criteria 

The goal of model selection procedure is to compare model superiority and identify a 

model that is sufficiently complex to capture the biological realism and evolutionary processes 

that have occurred but to avoid overparameterized models with more parameters than these can 

be reliably estimated from the available data (102,136). In this study, both path-sampling (PS) 

(162) and stepping-stone sampling (SS) (163) were used to compute the marginal likelihood 

estimation to perform the model selection procedure. PS and SS approaches account for both the 

number of parameters and the appropriateness of prior distributions for these parameters. 

The marginal likelihood is the probability of the data (that is, likelihood) given the model 

type, not assuming any particular model parameters (102). The marginal likelihood estimation 
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for both PS and SS with Beta path step distributions is set to run 100 path steps and length of 

chains as 1 million. Bayes Factors (BF), the ratio of marginal likelihood estimations from two 

models, are used to evaluate the significance of the model comparison. When converted to a log 

scale, BF becomes the difference between two log marginal likelihood estimations. The 

mathematical conversion is below (164): 

For a model with parameters Θ, the marginal likelihood for the model M with data X is, 

p (X | M) =∫H	(/|Θ,M) H(Θ|M)JΘ   [3] 

Then the Bayes factor can be calculated for model M1 against model M2, 

KL@M = 	
H(/|N@)
H(/|NM)

= 	
∫ H	(/|Θ1,N@) H(Θ1|N@)JΘ1
∫H	(/|Θ2,NM) H(Θ2|NM)JΘ2

				[4] 

The log scale of BF is derived as below,  

logBF12 = log H(/|N@)	– log H(/|NM)= dB    [5] 

With log scale BF as dB, the criteria for model selection are: dB <0 means the selection 

supports M2; 0 £ dB <5 means no evidence for supporting M1; 5 £ dB < 10 means substantial 

strength of evidence for supporting M1; 10 £ dB <15 means strong evidence of supporting M1; 

15 £ dB < 20 means very strong evidence of supporting M1; dB ³ 20 means decisive evidence of 

supporting M1.  

 

Model performance, validation and sensitivity analysis 

To compare model performance among four models for each dataset, two basic 

evolutionary parameters were estimated and reported: the root heights and overall substitution 

rates. If the parameters for each dataset were similar across these four models, then it indicated 

that the model can provide accurate and stable estimation no matter how many partitions it has 

included.  
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To evaluate whether the structurally informed partitioning model was sensitive to sample 

size, sensitivity analysis was performed on HPAI H5Nx from 1996-2017, the largest final dataset 

with 1,095 isolates in this study. With retaining the oldest isolate of H5Nx, the rest was 

randomly subsampled to keep 80%, 60%, 40% and 20% of the dataset, respectively. Four runs of 

100 million MCMC chain length of the four models for the full dataset and these subsampled 

datasets were conducted with marginal likelihood estimations for model selection. Tree height 

parameters, domain-specific substitution rates, and model selection BFs were reported to 

evaluate the data sufficiency for model stability. 

To further conduct model validation, two more approaches were applied. Firstly, to 

evaluate whether the structurally informed partitioning model was sensitive to data distribution, 

the full seasonal A/H3N2 dataset was randomly and repeated sampled 40% of the full dataset 

into two subsets. These two subsets had different geographical and temporal distributions of 

A/H3N2 isolates. Secondly, to assess whether the new model was sensitive to the epidemic 

stage. With the H1N1pdm09 dataset, the Early stage of the pandemic was defined as April to 

middle of July, 2009, and the Later stage of the pandemic was July-December, 2009. The same 

model variations and model selection procedure were conducted to all these subsets.  

 

Domain-specific dC1+2/dC3 recorded to tree branches 

The new model can report domain-specific rates and dC1+2/dC3 values. To visualize these 

specific rates or ratios on the tree branches, the BEAST xml files (GitHub link: 

https://github.com/XuetingQiu/FluPartitioningModels) were coded to compute and load the 

specific branch rates for stalk domain codon positions 1+2, stalk domain codon position 3, head 

domain codon positions 1+2, and head domain codon position 3. Python script (GitHub link: 
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https://github.com/XuetingQiu/FluPartitioningModels) was constructed to compute and write the 

dC1+2/dC3 for stalk and head domain from the median rate of each partition to the final 

summarized tree branches. Seasonal A/H3N2 and all Egypt H5Nx data were used as examples to 

show the domain-specific dC1+2/dC3 changes in A/H3N2 with different vaccine isolates 

introduced and the changes in different hosts (human v.s. avian) in Egypt H5Nx.  

 

Results 

Model selection 

To compare the four models, the log scale Bayes Factor (BF) was used, which was the 

difference of log marginal likelihood estimations from two models. Marginal likelihood 

estimation was conducted with two approaches – path-sampling and stepping-stone sampling, 

where both generated consistent results. Based on the model selection procedure for all subtypes 

(Fig. 2.1), the model with mixed partitioning on both codon positions and HA protein structure 

(CP model in Fig. 2.1c) had decisive BF support for better model fitting in all datasets compared 

to HKY and HKY with protein structure partitioning model (HKY model and P model in Fig. 

2.1c). Compared to SRD06 codon model (C model in Fig. 2.1c), CP model performed 

significantly better for all datasets, with different levels of BF supports. HKY with protein 

structure model (P model) performed significantly better than HKY model for human influenza 

A and B viruses, but it was not significant in highly pathogenic avian influenza H7N9 and H5Nx 

datasets. This may indicate that these emerging viruses with avian-dominated host populations 

have a different immune selection pressure pattern compared to human influenza viruses.  
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Tree root height and substitution rates 

To evaluate the accuracy and stability of model performance, tree parameters and 

estimated substitution rates were used to compare different models. Results from four models 

showed very similar tree root height and 95% Bayesian Credible Interval (BCI) for each 

influenza subtype (Table 2.1). The estimated mean substitution rates (Fig. 2.3) estimated from all 

models were similar for each dataset suggesting that the CP model generated reliable estimations 

for important evolutionary parameters that were comparable to other models. Furthermore, since 

both CP and P model incorporated partitioning scheme on protein structure, these two models 

provided domain-specific substitution rates for STC (including signal peptide, transmembrane 

domain and cytoplasmic tail), stalk and head domains, respectively. However, the domain-

specific rates reported by P model were underestimated, compared to CP model (results shown in 

Supplemental Table I-2). Such an observation was unsurprising since the HKY substitution 

model on each protein structure partition cannot account for more realistic variations among 

codon positions, same as Shapiro et al. reported in (137). One thing to note, though STC domain 

was not partitioned on codon positions, its small amount of information from short nucleotide 

length (about 150 nucleotides) resulted in high uncertainty of the STC substitution rates, showing 

long tails in the violin plots. 

Comparing the overall substitution rates for each influenza subtype, I observed that the 

pandemic H1N1pdm09 had the highest substitution rate (~7.5 ´ 10-3 substitution/site/year). 

HPAI H7N9 and H5Nx had the substitution rates around 4.0 – 4.8 ´ 10-3 substitution/site/year. 

Seasonal influenza viruses had the range as 2.0 – 3.5 ´ 10-3 substitution/site/year, where the two 

type B lineages had lower rates than the two A subtypes.  
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Furthermore, I compared the separate substitution rates for stalk and head domains from 

the CP model. The absolute rates calculated directly from each step of the Bayesian Markov 

Chain Monte Carlo (MCMC) simulation were plotted into violin plot (Fig. 2.3). Results showed 

that the head domain had a significantly higher substitution rate than stalk domain for all 

influenza subtypes, under the unit of substitutions per site per year. The Bayes Factors (BF) for 

the statistical tests between the substitution rates of head and stalk domains were 1137 

(H1N1pdm09), 6 (H1Npostpdm), 577 (A/H3N2), 197 (B-Victoria), 191 (B-Yamagata), 303 

(H7N9), +infinity (H5Nx), respectively, with the significant criteria as BF>3.  

 

Approximate selection pressure 

With partitioning on codon positions, the CP model can estimate the ratio of substitution 

rate of codon positions 1 and 2 (majority of non-synonymous changes occur in these codons) 

over the rate of codon position 3 (majority changes are synonymous), that is, dC1+2/dC3, for stalk 

domain and head domain separately. The relative rate of C3 to C1+2 is a good predictor of the ω 

parameter of selection pressure measure (137) and thus could reflect the domain specific 

selection pressure. As shown in Table 2.2, the range of dC1+2/dC3 was 0.10 – 0.32 for stalk 

domain and 0.25 – 0.87 for head domain from all subtypes of influenza viruses included in the 

study. The overall dC1+2/dC3 for the whole HA protein calculated from the c model was lower 

than head domain but higher than stalk domain for each influenza subtype. I also observed that 

the stalk domain had a significantly lower dC1+2/dC3 than head domain for each influenza 

subtype (Bayes Factors shown in Table 2.2), which indicated that stalk domain experienced 

stronger purifying selection to maintain its conservation. Further to compare pandemic 

H1N1pdm09 and seasonal A/H1N1 post pandemic, I found that the seasonal H1N1 post 
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pandemic had lower dC1+2/dC3 in both stalk and head domains, indicating the approximate 

selection pressure changed as disease dynamics changed from pandemic to seasonal epidemic 

patterns. 

To observe different patterns of selection pressure on the viral populations, phylogenetic 

tree branch-specific stalk dC1+2/dC3 and head dC1+2/dC3 were calculated and visualized via 

mapping the upper and lower quantiles of the ratio values onto the phylogenetic tree. I used 

seasonal H3N2 (Supplemental Fig. I-1) and Egypt H5Nx (Supplemental Fig. I-2) as examples. 

The dC1+2/dC3 had a range of 0.63 – 0.75 for H3N2 head domain, 0.21 – 0.23 for H3N2 stalk 

domain, 0.12 – 1.87 for Egypt H5Nx head domain and 0.09 – 0.32 for Egypt H5Nx stalk domain. 

Again, results from the branch-specific dC1+2/dC3 demonstrated that the head domain had 

significantly higher dC1+2/dC3 compared to stalk domain, which indicated that stalk domain was 

under stronger purifying selection pressure to maintain its conservation. To note, the majority of 

the dC1+2/dC3 values were less than 1, which indicated purifying selection, but occasionally some 

diversifying selection pressure (dC1+2/dC3 >1) was observed in Egypt H5Nx head domain in 

chicken-dominated population. This high dC1+2/dC3 in H5Nx chicken population may indicate 

that the viruses circulating in chicken may experience less purifying selection pressure to 

generate higher diversity with keeping more non-synonymous changes compared to that in 

human population. This suggests that viruses circulating in chickens potentially have greater 

evolvability and generate more variants, which may have pandemic potential. 

 

Sensitivity analysis and model validation 

With the largest dataset HPAI H5Nx in this study, sensitivity analysis was performed to 

estimate the stability of model performance under different sample sizes. The same model fitting 
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and selection procedure was tested on randomly selected 80%, 60%, 40% and 20% of the H5Nx-

full dataset. The model selection procedure (Fig. 2.4) showed that all these datasets had decisive 

BFs to favor the structurally informed partitioning model with SRD06 (CP model). Tree root 

height estimation (Table 2.3) from these datasets had similar estimates and 95% BCI, where it 

was only slightly overestimated in the 20% of H5Nx dataset. The substitution rates of protein 

structure partitions (Fig. 2.5) also showed stable estimations across different sample sizes but 

only had slight overestimation with the 20% H5Nx dataset. Taken together, though the new 

model with partitioning on both codon positions and protein functional domains introduced more 

parameters, it performed stably with different amount of data and thus was not sensitive to 

sample size.  

With two subsets of random selection from seasonal H3N2, model selection procedure 

and evolutionary parameter estimations generated very similar results. It indicated that the new 

model validated through different subsets and was not sensitive to the different distributions of 

epidemiological factors, including geographic location and isolation time (shown in 

Supplemental Table I-3).  

With dividing the H1N1pdm09 dataset into the Early stage and Later stage of an 

epidemic outbreak, model selection procedure reported that the CP model was significantly 

better than all other models in both datasets. The overall and domain-specific substitution rates in 

the Early stage was slightly higher compared to the Later stage of the outbreak (shown in 

Supplemental Table I-4). And the Early stage had a higher dC1+2/dC3, indicating it experienced 

weaker purifying selection pressure to be relatively diverse. This may be related to host 

adaptation in the Early stage, where it generated more variants for the advantage of widely 

spreading in the host population. 
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Discussion 

In this study a novel phylogenetic model with integrating both codon positions and 

protein structure was developed and tested with HA protein of influenza viruses. Results showed 

that the new model was statistically supported to fit the data better and provided novel biological 

information that can reveal new insights into viral evolution. The substitution rates of stalk and 

head domains of HA protein were significantly different, with a higher rate in head domains for 

all the tested influenza types. Approximate selection pressure constructed from codon position 

partitions showed that stalk domain experienced higher purifying selection pressure to maintain 

its conservation. Model validation from subsets of multiple influenza subtype reported the model 

performed stably and was not sensitive to sample size, data distribution and epidemic stage. 

Taken together, this new model could provide potential biological explanations related to 

antigenic drift, vaccine escape and pandemic emergence to understand viral evolution and risk 

assessment. 

Partitioning scheme on genetic data allows for capturing similar evolutionary features 

inside one partition of data and comparing different partitions to generate new insights on viral 

evolution. For example, SRD06 codon model categories the first and second codon positions 

together since they behave similarly to mainly generate non-synonymous changes, while the 

third codon position is treated as a separate partition due to mostly generating synonymous 

changes (136,137). Some models conduct partitioning scheme on multiple proteins to reconstruct 

the co-evolution and estimate protein-specific rates under one model (165). These models 

function well for some purposes of observing the co-evolution of multiple proteins, however, it 

assumes evolutionary processes act uniformly across one protein, which may not be the 

biological reality due to distinctively functional domains on one protein.  
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When developing the new model in this study, the primary tasks are to efficiently capture 

the information regarding HA protein structural and functional domains and to properly 

incorporate this information into the evolutionary models. Therefore, how to partition on the 

protein structure with genetic data is critical. One solution is to compare all possible partitioning 

schemes for a given genetic sequence dataset to find the best partitioning strategy (136). 

However, this approach is computationally inflexible because the combination of possible 

partitioning schemes is tremendous even for a very small number of data blocks (166). 

Consequently, many previous studies ended up either arbitrarily choosing a single partitioning 

scheme or just selecting the best scheme based on statistical model selection (136,167,168). With 

these limitations on proper partitioning, the accuracy of the inferences from partitioned 

phylogenetic analysis remains uncertain, even though advanced developments in phylogenetic 

analysis have been achieved in recent decades (136). Due to advanced progress in viral protein 

structure (127), partitioning scheme in this study is based on biological functions of different 

protein domains, where HA protein has been defined to distinguish the immunogenic roles and 

other molecular-level functions during viral infection. Molecular mechanism of influenza 

viruses, for example, the initiation of viral fusion or antigenic-immune stimulation, is determined 

by the head domain of the protein. Nucleic acid changes observed in this domain usually result 

from a balance between immune selection and conserved functionality (169–171). The new 

partitioning model considers the distinctive functions of head domain to mainly bind to host-cell 

receptors and the stalk domain to perform membrane fusion. 

Another advance in this study is that a formal model selection procedure with reliable 

approaches (172) to quantitatively evaluate the model performance and accuracy of inferences 

for pandemic, all seasonal and two emerging influenza viruses. Previously the harmonic mean 
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estimate (HME) and Akaike’s information criterion through MCMC (AICM) (173) have been 

commonly used. In recent years, several new approaches to perform model selection in the field 

of phylogenetics, such as path- sampling (PS) (162) and stepping-stone sampling (SS) (163). 

Baele et al. (102) have tested HME, AICM, PS, and SS approaches for demographic and 

molecular clock model comparison, which “confirmed that HME systematically overestimates 

the marginal likelihood and fails to yield reliable model classification, and PS and SS 

substantially outperform HME estimators” (174). Therefore, in this study both PS and SS 

approaches have been used to perform the model selection procedure to generate reliable results 

of model comparison. 

The new model with both partitioning on codon positions and protein structure 

incorporates biological functional domains inside one protein to allow for a quantitative 

exportation of the evolutionary process as a function of approximate host immune selection. The 

model did capture the different evolutionary process of these functional domains, which showed 

that the stalk domain had a significantly lower substitution rates and lower dC1+2/dC3, indicating 

that the stalk domain experienced stronger purifying selection and maintained its conserved 

functionality. The estimated domain-specific dC1+2/dC3 can reveal insights of selection pressure 

on different viral isolates in different host populations. For example, diversifying selection 

pressure on the head domain has been observed only in chicken population in Egypt. One 

possible explanation could be that the failed efficacy of poultry influenza H5 vaccines 

implemented in Egypt (175,176) may drive the genetic diversity of the viruses in the chicken 

population.  

Even though dC1+2/dC3 estimated by the model is not an exact measurement of the ω 

parameter, it is a good predictor of the ratio of non-synonymous changes over synonymous 
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changes (137). The new model can provide an informative approximation and avoid heavy 

computational demands of a full codon or amino acid models (137). When assuming 

synonymous changes do not affect viral fitness, the dC1+2/dC3 value can provide corresponding 

estimation for selection pressure compared to mutation-selection models which assess the 

strength of natural selection on specific mutations (177). Furthermore, the partitioning scheme 

and additional parameter estimation did not significantly increase the analysis run time compared 

to other models in this study under the same computing environment.  

The structurally informed evolutionary model may provide insight for universal vaccine 

design. The higher rates observed in the head domain are probably due to strong immune 

selection targeted on the globular head, where some sites are mostly targeted by the neutralizing 

immunity induced by seasonal influenza vaccine (120). Supported by many laboratory studies, 

stalk domain could be used to induce more broad-reactive vaccines (120,122,123). This model 

can provide important insights into the evolvability and potential durability of stalk-based 

vaccines. Accurate reconstruction of ancestral stalk domain sequence under a shared viral 

phylogeny has potential to induce broad protection against influenza A virus Group 1 (H1, H2, 

H5, H6, H8, H9, H11, H12, H13, H16, and H17) and Group 2 (H3, H4, H7, H10, H14 and H15) 

(170), respectively, which might be a promising approach to design a universal influenza 

vaccine.  

While this model has been developed with influenza in mind, there is potential to apply 

this approach to other viruses. Proteins, such as the respiratory syncytial virus F and G protein or 

the coronavirus spike protein that have multiple functional domains including immune 

stimulators, may be well suited to the novel approach that incorporates protein structural and 

functional domains into the nucleotide substitution models. Incorporating this type of 
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information into comparative genomic analyses has the potential to provide important biological 

information and improve both vaccine design and evaluation.  
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Tables and Figures 

Table 2.1. Tree root height estimation and its 95% Bayesian credible interval (BCI) from each model for each influenza 
subtype. Results from four models show very similar tree root height and 95% BCI for each influenza subtype. The unit of the root 
height is in years.  
 
Models: HKY model is a substitution model that considers different base frequencies and assigns different rates for transitions v.s. 
transversions. The c model represents SRD06 codon position model. The partitioning strategy is to analyze codon positions 1 + 2 and 
codon position 3 separately. The p model takes the protein structure partitions into account based on the amino acid positions for each 
domain on the linear diagram. The cp model combines both c and p models, which estimates codon positions in protein structural 
partitions. All models use HKY substitution model.  
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Table 2.2. Substitution rate and dC1+2/dC3 of stalk and head domain for each influenza 
subtype. Compared to the head domain, the stalk domain with lower value of dC1+2/dC3 
experiences stronger purifying selection to maintain its conserved functionality.  
 

 Datasets 
Substitution rates (subs/site/year) dC1+2/dC3* 

Stalk 1+2* Stalk 3** Head 1+2 Head 3 Stalk Head BF++ Overall^ 

H1N1pdm09 3.80E-03 1.18E-02 6.78E-03 1.42E-02 0.32 0.48 53 0.42 

H1N1postpdm 1.26E-03 6.37E-03 2.16E-03 6.07E-03 0.20 0.36 +Inf 0.28 

A/H3N2 1.39E-03 6.28E-03 3.66E-03 5.42E-03 0.22 0.68 +Inf 0.43 

B-Victoria 5.44E-04 4.04E-03 1.51E-03 4.63E-03 0.13 0.33 8804 0.21 

B-Yamagata 5.12E-04 4.93E-03 1.39E-03 5.56E-03 0.10 0.25 8875 0.18 

H7N9 1.48E-03 7.48E-03 3.05E-03 7.80E-03 0.20 0.39 +Inf 0.30 

H5Nx-full 1.74E-03 7.23E-03 6.11E-03 7.03E-03 0.24 0.87 +Inf 0.43 

+: dC1+2/dC3 means the ratio of substitution rate of codon positions 1 and 2 over the rate of 
codon position 3. 
++: BF is Bayes Factor. BF>3 represents statistical significance.  
*: 1+2 represent the mean substitution rates of the codon positions 1 and 2. 
**: 3 means the codon position 3. 
^: overall dC1+2/dC3 is calculated from the SRD06 codon model for the whole HA gene.  
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Table 2.3. Tree root height estimation and its 95% Bayesian credible interval (BCI) from each model for all H5Nx datasets. 
The statistical significance of the new model holds across different subsampling datasets. Only 20% dataset has the trend to slightly 
overestimate the root height and would not report the precise evolution history of H5Nx. In sum, the new model is not sensitive to 
sample size. The unit of root height is in years.  
 
Models: HKY model is a substitution model that considers different base frequencies and assigns different rates for transitions v.s. 
transversions. The c model represents SRD06 codon position model. The partitioning strategy is to analyze codon positions 1 + 2 and 
codon position 3 separately. The p model takes the protein structure partitions into account based on the amino acid positions for each 
domain on the linear diagram. The cp model combines both c and p models, which estimates codon positions in protein structural 
partitions. All models use HKY substitution model.  
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Figure 2.1. Conceptual diagram for influenza virus Hemagglutinins (HA) domains and four 

models tested  

1a. HA protein 3D structure: Stalk and Head domains. Head domain is the immunodominant 
with high plasticity, which contains the receptor binding sites. Stalk domain is immune-
subdominant and more conserved. 1b. Linear diagram for functional domains on HA 
nucleotide sequence. The stalk domain has two parts separated by head domain on the linear 
sequence. To compensate for short length, signal peptide, transmembrane domain, and 
cytoplasmic tail are combined into one partition, referred to as “STC” in the analysis. 1c. Model 
conceptual design. Four models are applied and compared for each dataset. HKY model is a 
substitution model that considers different base frequencies and assigns different rates for 
transitions v.s. transversions. C model represents SRD06 codon position model. The partitioning 
strategy is to analyze codon positions 1 + 2 and codon position 3 separately. P model takes the 
protein structure partitions into account based on the amino acid positions for each domain on 
the linear diagram. CP model combines both C and P models, which estimates codon positions 
in protein structural partitions. All models use HKY substitution model. 
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Figure 2.2. Log scale Bayes Factors for model selection procedure for each influenza 

subtype. All these Bayes Factors (BF) are calculated to compare with HKY via path-sampling 
(upper panel) and stepping-stone sampling (lower panel) approaches to compute the marginal 
likelihood estimates for each model. The asterisk * means a significant supportive BF for the 
structurally informed codon model (cp), compared to SRD06 codon only model (c model). Both 
cp and c models perform better than HKY model with decisive BF supports in all datasets. The 
HKY plus structurally informed model (p model) perform better in all datasets except for H7N9. 

 
Log scale BF criteria: BF< 5 represents no significance; 5 ≤ BF< 10 means substantial support; 
10 ≤ BF< 15 means strong support; 15 ≤ BF < 20 means very strong support; BF ≥ 20 means 
decisive support.  
 
Models: HKY model is a substitution model that considers different base frequencies and 
assigns different rates for transitions v.s. transversions. The c model represents SRD06 codon 
position model. The partitioning strategy is to analyze codon positions 1 + 2 and codon position 
3 separately. The p model takes the protein structure partitions into account based on the amino 
acid positions for each domain on the linear diagram. The cp model combines both c and p 
models, which estimates codon positions in protein structural partitions. All models use HKY 
substitution model. 
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Figure 2.3. Overall mean substitution rates estimated from four models and domain-

specific substitution rates from structurally informed partitioning model. Violin plots show 
the substitution rates from each step of Bayesian simulation. The results show overall mean 
substitution rates from four models for each dataset are similar, but the head domain has a 
significantly faster rate than that of stalk domain based on the new model (cp model). Generally, 
STC domain has more uncertain estimation with long tails of the violin plot, which is probably 
due to short length of nucleotides. Bayes Factors for the statistical tests on the differences of 
head and stalk domain substitution rates are 1,137 for H1N1pdm09, 6 for H1N1postpdm, 577 for 
A/H3N2, 197 for B-Victoria-like, 191 for B-Yamagata-like, 303 for H7N9 and +Infinity for 
H5Nx.  
 
Models: HKY model is a substitution model that considers different base frequencies and 
assigns different rates for transitions v.s. transversions. The c model represents SRD06 codon 
position model. The partitioning strategy is to analyze codon positions 1 + 2 and codon position 
3 separately. The p model takes the protein structure partitions into account based on the amino 
acid positions for each domain on the linear diagram. The cp model combines both c and p 
models, which estimates codon positions in protein structural partitions. All models use HKY 
substitution model. 
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Figure 2.4. Log scale Bayes Factors for sensitivity analysis on full and subsampled HPAI 

H5Nx datasets. All these Bayes Factors (BF) are calculated to compare with HKY via path-
sampling (upper panel) and stepping-stone sampling (lower panel) approaches to compute the 
marginal likelihood estimates for each model. The asterisk * represents a significant supportive 
BF for the structurally informed codon model (cp), compared to SRD06 codon only model (c 
model). Both cp and c models perform better than HKY model with decisive BF supports. The 
HKY plus structurally informed model (p model) performs better with supportive BFs in all 
datasets. 
 
Log scale BF criteria: BF< 5 represents no significance; 5 ≤ BF< 10 means substantial support; 
10 ≤ BF< 15 means strong support; 15 ≤ BF < 20 means very strong support; BF ≥ 20 means 
decisive support.  
 
Models: HKY model is a substitution model that considers different base frequencies and 
assigns different rates for transitions v.s. transversions. The c model represents SRD06 codon 
position model. The partitioning strategy is to analyze codon positions 1 + 2 and codon position 
3 separately. The p model takes the protein structure partitions into account based on the amino 
acid positions for each domain on the linear diagram. The cp model combines both c and p 
models, which estimates codon positions in protein structural partitions. All models use HKY 
substitution model. 
 
  



 

56 

 

 

 

 

 

 

 

 

 

 

  

Pa
th

-S
am

pl
in

g 
B

ay
es

 F
ac

to
r

0

100

300

400

St
ep

pi
ng

 S
to

ne
 B

ay
es

 F
ac

to
r

HKY c p cp HKY c p cp HKY c p cp HKY c p cp HKY c p cp

200

0

100

300

400

200

H5Nx-full

Datasets / Models

*

H5Nx-80% H5Nx-60% H5Nx-40% H5Nx-20%

*
*

* *

* *
*

* *



 

57 

Figure 2.5. Sensitivity analysis: overall mean substitution rates and domain-specific 

substitution rates from structurally informed partitioning model for HPAI H5Nx 

subsampled datasets. Violin plots show the substitution rates from each step of the Bayesian 
simulations. Only 20% dataset has the trend to slightly exaggerate the rates and would not report 
the precise evolution history of H5Nx. The model superiority generally holds in the sensitivity 
analysis and the model is not sensitive to sample size. 
 
Models: The cp model combines both c and p models, which estimates codon positions in 
protein structural partitions. It uses HKY substitution model. 
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CHAPTER 3 

SUB AIM 1. A CASE STUDY OF STRUCTURALLY INFORMED EVOLUTIONARY 

MODELS ON RSV F GENE  

 

Introduction 

As elaborated in Chapter 2, the novel structurally informed evolutionary model has been 

developed with influenza viruses. Intuitively, there is potential to apply this approach to other 

viruses with spike-shaped protein that have multiple functional domains including immunogenic 

stimulators. Therefore, to test the generalizability of the structurally informed partitioning 

scheme to improve phylogenetic inference, Human Respiratory Syncytial Virus (RSV) is used as 

a case study to extend the application of partitioning phylogenetic modeling to other respiratory 

viral pathogens. Below is a brief introduction of this pathogen. 

RSV is the most important viral agent of severe acute pediatric lower respiratory tract 

illness (LRI) worldwide, commonly infecting infants and children under 5 years (9,53,178,179). 

RSV infections mostly cause mild flu-like symptoms but some can develop severe respiratory 

diseases, such as pneumonia and bronchiolitis (4,178). Epidemic seasonality of RSV is an annual 

or two-yearly epidemic in the temperate regions with unclear pattern for the tropics (178). 

Besides infants and children under 5 years, the elderly and immunosuppressed individuals also 

suffer higher risk of RSV infections and severe outcomes (53). The annually global disease 

burden of RSV includes about 3.2 million hospital admissions, 59,600 in-hospital deaths in 

children under 5 years, and the overall RSV acute LRI mortality is about 118,200 cases (53,180). 
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Evidence has shown severe RSV disease early in life is associated with lingering abnormalities 

in pulmonary function, which indicates vaccine for preventing from RSV infection is the best 

approach to protect susceptible populations (181). Unfortunately, due to the poor growth in vitro 

and physical instability of RSV, research on effective vaccine and antiviral therapeutic drugs has 

not been successful (181–183).  

RSV is the member of family Paramyxoviridae, an enveloped and cytoplasmic virus 

(178). Serologically, it has been classified into two antigenic subgroups, RSVA and RSVB, 

which can co-circulate in one epidemic season (178,184,185). Genetically, it has a single-

stranded, non-segmented, and negative-sense RNA genome (182). The 10 genes in the genome 

encode for 11 separate functional proteins (182). Fusion (F) glycoprotein, a viral surface protein 

with a globular head domain and the stem stalk domain, initiates the infection by fusing the 

virion membrane with a targeted host cell membrane. It is also the major antigen, inducing 

protective immune responses to neutralize infectivity efficiently or inhibit viral fusion process 

(127,184,186). Therefore, F protein plays an important role on vaccine design and candidate 

selection (187), where the antigenic sites and functional domains of RSV F glycoprotein have 

been defined for understanding the protein structure (127,186–188). One special feature of F 

protein is that it has significant rearranged conformations before and after the viral fusion 

process (for details refer to the paper (127)). Briefly, the most obvious change between the two 

conformations is the protein packing of the heptad repeat A and B (HRA and HRB) regions. 

Before the fusion process, the HRA region is packed into the globular head domain, exposed on 

the protein surface, and HRB itself forms the stalk domain (127). In the post-fusion 

conformation, HRA moves down to the stalk domain, together with HRB to form the coiled coil 

structure of the stalk domain (127). Understanding how immune selection can act differentially 
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on the pre- and post-fusion orientations of the F gene may provide valuable insights for antigen 

selection and vaccine development. 

With knowing which domains of RSV F protein are located in the pre- and post-fusion 

conformations, questions can be asked: what are the evolutionary rates of these different 

structural domains of F protein given that they function differently before and after the fusion 

process? Can these differences be inferred and explained by immune selection and how this may 

inform F-protein based vaccine design? To answer these questions, I have developed a 

structurally informed evolutionary models to analyze the F protein of RSVA and RSVB to 

explore the evolutionary history and approximate selection pressure of each domain, while 

considering the different conformations of F protein in pre- and post-fusion process.  

 

Methods  

Publicly available data of RSVA and RSVB F gene sequences were downloaded from 

GenBank (https://www.ncbi.nlm.nih.gov/genbank/). After sequence alignment and removing the 

duplicates, 518 RSVA (1977-2015) and 364 RSVB (1977-2016) were included in two separate 

datasets. Based on the pre- and post-fusion structure of F protein, the structural partitioning 

scheme included 4 partitions: STC (signal peptide, transmembrane domain and cytoplasmic tail), 

HRA (heptad-repeat A, located on the head domain of pre-fusion F protein but on the stalk 

domain post-fusion), HRB (heptad-repeat B, located on the stalk both pre- and post-fusion) and 

Other-Head (located on the head domain both pre- and post-fusion). The model simulations and 

model selection approaches were the same as what have been developed in Chapter 2. Briefly, 

four models were compared: HKY substitution model (HKY model), SRC06 codon position 

model (c model), HKY substitution model with protein structure partitioning scheme (p model), 
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and SRD06 codon position model with protein structure partitioning scheme (cp model). All 

partitioning models applied HKY substitution model for each partition. The uncorrelated relaxed 

molecular clock with a log-normal distribution was applied to infer the evolutionary rate from 

the dated samples (172). A smooth and time-aware Gaussian Markov random field (GMRF) 

process prior on the population sizes in the Skyride calescent model was used to incorporate 

population demographic dynamics (161). Model selection procedure and reports of parameters 

resembled the steps in Chapter 2. All xml files can be found here: 

https://github.com/XuetingQiu/RSVPartitions. 

 

Results  

Model selection procedures with two sampling approaches (path-sampling (PS) and 

stepping-stone (SS) sampling) reported similar Bayes Factors (BF) which statistically supported 

the cp model. The cp model performed the best for both RSVA and RSVB (Figure 3.1). This 

indicates that the cp model both statistically fitted the data better and captured more biological 

reality without over-parameterization. Checking the stability of the model performance, 

phylogenetic tree root heights (Table 3.1) and nucleotide substitution rates (Figure 3.2) from 

each model were reported. It demonstrated very similar tree root heights and 95% Bayesian 

Credible Interval (95% BCI) across different models for RSVA and RSVB, respectively. Violin 

plot to show the distribution of substitution rates from each Markov Chain Monte Carlo 

(MCMC) simulation in Figure 3.2 indicated that the overall mean substitution rates from each 

model were similar. Together, these evidences indicated that the cp model had stable 

performance and provided accurate estimates on important evolutionary parameters compared to 

other models.  
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With the cp model, partition-specific rates were reported (Figure 3.2). Focusing on the 

domain-specific rates, the model estimated that in RSVA, the highest rate was Other Head 

region, followed in order by the rate of HRA and then of HRB (i.e. Other Head > HRA > HRB). 

In RSVB, the order was slightly different, where HRB had the highest rate, followed in order by 

the rate of Other Head and then HRA (i.e. HRB > Other Head > HRA). Furthermore, the cp 

model can estimate the ratio of substitutions rate of codon positions 1 and 2 (majority of non-

synonymous changes occur in these codons) over the rate of codon position 3 (majority changes 

are synonymous), that is, dC1+2/dC3, for each functional partition separately. The relative rate of 

C3 to C1+2 is a good predictor of the ω parameter (137) and could reflect the partition specific 

selection pressure. As shown in Table 3.2, the values of dC1+2/dC3 were 0.10, 0.18 and 0.13 for 

RSVA Other Head, HRA, and HRB region, respectively. For RSVB, the values of dC1+2/dC3 

were 0.12, 0.15 and 0.09 for Other Head, HRA, and HRB region, respectively. Though the 

evolutionary rates and selection pressure showed differences between RSVA and RSVB, the 

HRA region in both RSVA and RSVB had the highest dC1+2/dC3, indicating that HRA 

experienced weaker purifying selection, which was statistically significant (BF>3).  

 

Discussion 

This extended case study on RSV further confirms that the structurally informed codon 

position model statistically fits the sequence data better and captures more biological reality 

without over-parameterization. Stable performance on inferring evolutionary parameters and 

extra information (partition-specific substitution rate and dC1+2/dC3 to indicate approximate 

selection pressure) on the evolutionary history make this new model valuable for vaccine design. 

Distinctive partition-specific rates of RSVA and RSVB F gene were estimated from the model, 
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which may indicate different evolutionary history of these two types and further different 

strategies needed for each vaccine design. The different estimated selection pressure can be used 

to understand the evolution and biological behaviors of each partition, which may provide new 

insights for vaccine design. HRA was inferred to experience weaker purifying selection pressure 

compared to other regions, which may be due to its unique feature of migrating from head 

domain to stalk domain during the fusion process (127). It indicates that the fusion process may 

affect the behavior of the partition, which should be taken into consideration for vaccine design.  

One main limitation of this study is data sampling biases, where the amount of RSVB 

isolates is much less than RSVA, though both types need more efforts on viral sampling and 

sequencing (189). The large uncertainty due to small sample size are also reflected from the 

wider 95% BCI on the root height. Better surveillance efforts to collect sufficient data on the 

distribution of global RSV and its molecular epidemiology will improve the inferences on viral 

evolution (189), including more accurate partition-specific rates estimated by the new model. 

Another limitation is that the biological mechanisms to explain the behavior and evolutionary 

characteristics of each partition need to be explored. This process may lead to identify critical 

antigenic sites for vaccine design. Nevertheless, the structurally informed model can be extended 

to other respiratory viruses with distinctive structures and functions of protein domains and 

provide additional information on the partition-specific evolutionary history. 
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Tables and Figures 

Table 3.1. Tree root height and its 95% Bayesian Credible Interval (BCI) from each model 

for RSVA and RSVB. Results from four models show very similar tree root height and 95% 
BCI for RSVA and RSVB, respectively. The unit of root height is in years.  
 

Models: HKY model is a substitution model that considers different base frequencies and 
assigns different rates for transitions v.s. transversions. The c model represents SRD06 codon 
position model. The partitioning strategy is to analyze codon positions 1 + 2 and codon position 
3 separately. The p model takes the protein structure partitions into account based on the amino 
acid positions for each domain on the linear diagram. The cp model combines both c and p 
models, which estimates codon positions in protein structural partitions. All models use HKY 
substitution model. 
 

Models RSVA RSVB 

Height 95% BCI* Height 95% BCI* 

HKY 46.11 42.40 50.43 48.55 44.26 53.58 

c 46.11 42.48 50.66 48.50 44.30 53.33 

p 46.10 42.27 50.50 48.55 44.31 53.55 

cp 46.06 42.01 50.53 48.46 44.02 53.13 
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Table 3.2. Substitution rate and dC1+2/dC3 of each partition for RSVA and RSVB. Lower 
value of dC1+2/dC3 indicates higher purifying selection pressure on this partition to maintain its 
conserved functionality. The differences between partition-specific rates are statistically 
supported with Bayes Factor >3. The unit of the substitution rate in each column is 
substitutions/site/year. 
 

Partitions 
RSVA RSVB 

Codon3+ Codon1+2+ dC1+2/dC3* Codon3 Codon1+2 dC1+2/dC3 

STC 2.18E-3 7.23E-4 0.33 2.05E-3 8.10E-4 0.40 

Other Head 1.92E-3 2.00E-4 0.10 2.03E-3 2.48E-4 0.12 

HRA 1.57E-3 2.81E-4 0.18 1.83E-3 2.81E-4 0.15 

HRB 1.40E-3 1.77E-4 0.13 2.31E-3 2.13E-4 0.09 

Overall F# 1.85E-3 3.23E-4 0.18 2.04E-3 3.60E-4 0.18 

 *dC1+2/dC3 means the ratio of substitution rate of codon positions 1 and 2 over the rate of codon 
position 3. 

+ Codon3 means the nucleotide substitution rate of codon position 3; Codon1+2 means the 
nucleotide substitution rate of codon positions 1 and 2. 

# Overall F protein. The rates for this overall come from the c model. The partition-specific rates 
are generated in cp model. 

Partition Abbreviations: STC represents the combination of signal peptide, transmembrane 
domain and cytoplasmic tail; HRA represents heptad-repeat A, which locates on the head domain 
of pre-fusion F but on the stalk domain post-fusion; HRB represents heptad-repeat B, which 
locates on the stalk both pre- and post-fusion; and Other Head represents other regions except for 
prefusion HRA that form and locate on the globular head domain both pre- and post-fusion.  
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Figure 3.1. Log scale Bayes Factors for model selection procedure for RSVA and RSVB. 

All these Bayes Factors (BF) are calculated to compare with HKY via path-sampling (left panel) 
and stepping-stone sampling (right panel) approaches to compute the marginal likelihood 
estimates for each model. The red asterisk * means a significant supportive BF for the 
structurally informed codon model (cp), compared to SRD06 codon only model (c model). Both 
cp and c models perform better than HKY model with decisive BF supports in all datasets. 
 
Log scale BF criteria: BF< 5 represents no significance; 5 ≤ BF< 10 means substantial support; 
10 ≤ BF< 15 means strong support; 15 ≤ BF < 20 means very strong support; BF ≥ 20 means 
decisive support. 
 
Models: HKY model is a substitution model that considers different base frequencies and 
assigns different rates for transitions v.s. transversions. The c model represents SRD06 codon 
position model. The partitioning strategy is to analyze codon positions 1 + 2 and codon position 
3 separately. The p model takes the protein structure partitions into account based on the amino 
acid positions for each domain on the linear diagram. The cp model combines both c and p 
models, which estimates codon positions in protein structural partitions. All models use HKY 
substitution model. 
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Figure 3.2. Overall mean substitution rates estimated from four models and domain-

specific substitution rates from structurally informed partitioning model. Violin plots show 
the substitution rates from each step of the Bayesian simulations. The results show overall mean 
substitution rates from four models for each dataset are similar, but domain-specific rates from 
the cp model vary within each dataset.  
 
Models: HKY model is a substitution model that considers different base frequencies and 
assigns different rates for transitions v.s. transversions. The c model represents SRD06 codon 
position model. The partitioning strategy is to analyze codon positions 1 + 2 and codon position 
3 separately. The p model takes the protein structure partitions into account based on the amino 
acid positions for each domain on the linear diagram. The cp model combines both c and p 
models, which estimates codon positions in protein structural partitions. All models use HKY 
substitution model. 
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CHAPTER 4 

DIFFUSION DYNAMICS OF SEASONAL INFLUENZA VIRUSES IN THE U.S. DRIVEN 

BY FLIGHT CONNECTIONS AND HIGH-RISK POPULATIONS 2

 
2 Qiu, X., Chen, J., Hicks, J.T., et al. To be submitted to PLOS Computational Biology, 12/2019.  
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Abstract  

Understanding the viral diffusion patterns and environmental factors that affect the 

dynamics is critical for the prevention and control of influenza outbreaks. Building upon the 

knowledge learned from other global studies on seasonal influenza virus diffusion, in this paper 

we explored the global introductions into the U.S. and studied the diffusion dynamics inside the 

U.S. We took advantage of a large and complete genetic and epidemiological dataset of all four 

seasonal influenza virus subtypes to answer important questions regarding diffusion patterns and 

ecological/epidemiological predictors of viral spread. Analysis demonstrated that different global 

regions contributed viruses to seasonal epidemics in the U.S., where East Asia and Pacific 

(EAP), Europe and Central Asia (ECA), and Latin America and Caribbean (LAC) were the main 

sources of transmission to the U.S. Each U.S. epidemic season may have a different region 

acting as the major viral contributor to the outbreak. Dynamics amongst different Health and 

Human Services (HHS) Regions in the U.S. demonstrated a primary hub pattern: Region 5 for 

A/H3N2 and B-Victoria, Region 4 for A/H1N1, and Region 8 for B-Yamagata. With detailed 

epidemiological and ecological factors for these regions, important predictors for disease 

transmission were identified as geographic distance, flight connections, different population age 

structures and average precipitation. Longer geographic distance is a barrier for viral diffusion. 

More flight connections, lower proportion of adult (18 to 64 years old), and higher precipitation 

strongly correlates with viral spread. These results suggest that increased hygiene in the high 

traffic occasions and targeted vaccine administration to the high-risk populations may impact 

viral spread among communities at national scales. 
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Introduction 

Seasonal influenza viruses infect the respiratory tract, causing epidemics that spread 

rapidly within communities across the globe (1,2). These viruses cause heavy disease burden in 

the United States (U.S.), with especially high impacts on children and the elderly (9) (190). 

While influenza vaccines are amongst the most effective ways to prevent infections, 

understanding the spatiotemporal diffusion patterns of seasonal influenza viruses is critical for 

tracking the disease spread and exploring the factors that affect outbreaks (111,140). Previous 

studies either based on the analysis of epidemiological data alone or combined with genetic 

information (phylodynamic modeling) have provided valuable inferences on spatiotemporal 

diffusion dynamics (19–22,46,141). Bayesian phylodynamic modeling has been well developed 

as a powerful tool to understand viral diffusion dynamics (98,142). A distinct advantage of 

Bayesian phylodynamic modeling is that models of rapid viral genetic evolution can be unified 

with epidemiological and ecological predictors to both improve the accuracy of evolutionary 

reconstruction and reveal statistical associations between the predictors and viral spread rates 

(98,104). The rational of unifying genetic and epidemiological data is that the evolutionary and 

epidemiological processes of rapidly evolving pathogens are on the same time scale (28,153). 

Bayesian framework phylodynamic approaches can connect genetic sequence data to trait 

evolution for rapidly evolving pathogens, where the traits can be host, geographic location, or 

antigenic information. Furthermore, the technique of Bayesian stochastic search variable 

selection (BSSVS) (98) and generalized linear model (GLM) (111) can incorporate and test the 

significance of the covariates relating to the pathogen evolutionary and epidemic processes in the 

phylogenetic reconstruction procedures (98).  
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Recent years, the application of Bayesian phylodynamic modeling and new developed 

analysis techniques have provided a clear depiction of global dynamics and the source 

populations for the diffusion of seasonal influenza viruses (18,19,21,46). Via source-sink 

phylogeographic diffusion modeling, Rambaut et al. (46) studied how genomic processes relate 

to global influenza dynamics with A/H3N2 and A/H1N1 in temperate regions during 1992-2005, 

demonstrating that seasonal influenza A viruses have a complex interaction between periodic 

antigenic drifts and reassortments. Bedford et al. (21) later developed a phylogenetic tree trunk 

reconstruction models to reconstruct the evolutionary history and global dynamics of A/H3N2 

collected from 1998 to 2009, revealing that China and Southeast Asia seed global outbreaks. 

With Bayesian phylogeographic analysis applied to influenza A/H3N2 viruses isolated from 

global urban centers during 2003-2006, Bahl et al. (19) have reported that tropical regions did 

not function as a source for A/H3N2 yearly dynamics, but that each outbreak region could have 

multiple external sources and could also play as a potential source viral population. The 

important role of population migration to diffuse viruses has been further studied by Lemey et al. 

(18) via GLM to unify viral genetics and human air transportation data to explore the global 

transmission dynamics of A/H3N2. They found that human migration via air transportation 

drives global transmission of A/H3N2 and longer geographic distance is a key barrier for the 

scales of local spread (18). The most complete study to date on global diffusion patterns of 

seasonal influenza has been conducted by Bedford et al. with large and long-term datasets (20). 

Phylodynamic analysis was performed on A/H3N2, A/H1N1, B-Victoria, and B-Yamagata 

viruses collected during 2000-2012 to explore and compare global circulation patterns of these 

major influenza virus lineages. The analyses showed that genetic variants of A/H3N2 viruses did 

not persist locally between epidemics but were reseeded from East and Southeast Asia. In 
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contrast, A/H1N1 and type B viruses persisted across several seasons and exhibited complex 

global dynamics. They concluded that there may be viral, host and ecological factors that are 

complicating the global dynamics. These studies integrated both genetic and epidemiological 

information, which offered potential for epidemiological surveillance through phylodynamic 

reconstructions.  

Many studies have reported that epidemiological and ecological factors may impact the 

diffusion of seasonal influenza viruses. Global or local studies mainly based on epidemiological 

data (141,143–145) have reported that temperature, humidity, precipitation, host movement, 

population size, and air transportation can affect the diffusion and dynamics of seasonal 

influenza viruses. In a recent study, Dalziel et al. (22) used weekly incidence data of influenza-

like illness from 603 cities in the U.S. during 2002 – 2008 to explore important spatial variations, 

which revealed that population size and age structure, humidity, and peak climatic conditions of 

urban centers can drive the incidence of influenza infections and its spatiotemporal dynamics. 

While this study provides evidence that environmental characteristics may alter herd immunity 

for different levels of urbanized population, viral genetic data was not incorporated into the 

analysis. Phylogenetic approaches conducted on a more recent and systematic dataset could 

quantitatively evaluate the effects of environmental factors on viral diffusion patterns.  

As summarized above, previous phylodynamic analyses have provided insights to global 

spatiotemporal diffusion of seasonal influenza viruses. However, local diffusion dynamics, for 

example the specific source populations of seasonal influenza viruses into the U.S. and the 

diffusion patterns amongst important U.S. regions, have not been well explored and quantified. 

By identifying the close geographic region sources from global settings and transmission 

connections in the U.S., a better understanding of viral dynamics could improve circulating strain 
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prediction and vaccine selection. Therefore, the major goals in this study were to characterize 

viral introductions and quantitatively estimate diffusion patterns of each subtype of seasonal 

influenza in the U.S. with the most abundant and complete genetic and epidemiological data to 

date (period 2011-2018). Furthermore, phylodynamic approach with generalized linear model 

(GLM) was applied to explore the association between epidemiological and ecological predictors 

and seasonal influenza transmission among U.S. regions to reveal insights for disease prevention.  

 

Methods  

Data management 

To explore seasonal influenza virus introductions into the U.S., viral HA sequence 

datasets of the four major seasonal influenza subtypes/lineages were collected, including 

A/H1N1 (2011-2018), A/H3N2 (2011-2018), B-Victoria-like (2011-2018), and B-Yamagata-like 

(2011-2018). Sequence data were downloaded from the Global Initiative on Sharing All 

Influenza Data (GISAID, https://www.gisaid.org/). The following inclusion and exclusion 

criteria were applied: a) the minimum amount of epidemiological data for each sequence must 

include collection date (at least year and month information) and country information; b) the 

minimum length of the sequences should be more than 50% of the full gene length; c) vaccine, 

derivative, recombinant and laboratory sequences should be excluded; d) duplicate sequences 

with the exactly same location and 100% similarity should be excluded with the oldest dated 

strain retained.  

Sequence datasets were aligned separately with the high accuracy and high throughput 

software, MUSCLE v3.8.31 (191). Manual alignment was used to manage unreasonable 

insertions and deletions. Primary phylogenetic analysis was conducted with maximum-likelihood 
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(ML) approaches in Randomized Axelerated Maximum Likelihood (RAxML) v8.0 (192), which 

has the advantage of handling large datasets. ML trees were examined in TempEst (193), 

employing root-to-tip divergence regression and distribution of residuals to assess for temporal 

signal of these heterochronous sequences and outlier removal.  

 

Global datasets 

After alignment, to guarantee sufficient sample size in each location and to reduce the 

dimension of the transmission matrix, these datasets were categorized by global geographic 

regions, where the U.S. was kept as a separate geographic location to infer the introductions into 

the U.S. from the global community. The global regions were coded into seven regions defined 

by the World Bank (194): East Asia and Pacific (EAP), Europe and Central Asia (ECA), Latin 

America and Caribbean (LAC), Middle East and North Africa (MENA), North America (NA), 

South Asia (SAS), and Sub-Saharan Africa (AF). Details of the data distribution by year and by 

region can be found in the Supplemental Table II-1.  

 

U.S. Region datasets 

To explore the diffusion dynamic modeling between U.S. regions defined by the U.S. 

Department of Health and Human Services (HHS) 

(https://www.hhs.gov/about/agencies/regional-offices/index.html), the HA sequences of U.S. 

state level were identified. Modifying the 10 HHS regions (specific geographic components of 

each region were listed in the HHS website), Alaska from the Seattle region and Hawaii from the 

San Francisco region were treated as a separate region given their distinctive climate and 
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geographic locations, resulting in 12 geographic regions for the U.S. region-level analysis. 

Details of data distribution by year and by region can be found in Supplemental Table II-2. 

 

Subsampling procedure 

After categorized into regions, identical sequences collected from the same region were 

removed to reduce the sampling weight on the identical viral isolates. To examine potential over-

representation of some regions, descriptive analysis by year and region was conducted to develop 

a subsampling strategy. After conducting descriptive statistics of metadata distributions, random 

sampling was used to generate a representative subset in each region (Details in Supplemental 

Text II-1). Multiple sets of subsampled data were generated to conduct a preliminary analysis by 

checking the estimated root height, evolutionary rates and potential outliers to confirm the 

subsampling strategy was proper. This process was conducted for both global data and U.S. 

domestic region-level data.  

 

Covariates  

To explore which epidemiological and ecological factors have impacts on the 

transmission patterns in the U.S., publicly accessible covariate measures were collected, 

including demographic information, flight connections, climate data, vaccination rates, epidemic 

peak time and epidemic size.  

Demographic information 

Total population size and population age structure were based on the 2010 population 

census from the United States Census Bureau (https://www.census.gov/). Total population in 

each state was collected and then combined into the total population for each HHS region. Age 
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structure of the populations was also collected, where it divided the population into 3 categories: 

children/youth (<18 years), adults (18-64 years) and the elderly (³65 years). Regional population 

density (persons/square miles) was calculated by dividing total regional population by HHS 

region area calculated by ArcGIS Pro (https://www.esri.com/en-us/arcgis/products/arcgis-

pro/resources).  

Total flight connections 

The flight connections were collected from a publicly available data source from United 

States Department of Transportation (https://www.transtats.bts.gov/DL_SelectFields.asp). Since 

the scheduled flights in each month in each state had little variation during 2011-2018, the 2015 

flight counts were used. With the airline data, each fight in the U.S. was identified at the state-

level, and then counted into the monthly numbers of inbound and outbound flights for each state. 

All monthly state-level data during flu season (September to the next May) in the U.S. were 

summed up into HHS regions to generate a total number of region-level flights.  

Climate data and geographic distance 

For the climate covariates, average temperature, precipitation and relative humidity 

during 2011-2018 were included. These data were extracted from the National Oceanic and 

Atmospheric Administration (NOAA, https://www.ncdc.noaa.gov/). For temperature and 

precipitation, the monthly data were summarized from the website 

(https://www.ncdc.noaa.gov/cag/statewide/mapping/110/tavg/201002/1/value) to get the average 

temperature and precipitation for all states from November to the next year February as winter 

measures and from May to August as summer measures. The mean temperature (in Fahrenheit) 

and precipitation (in inch) from state-level data was used as the region-level data. For humidity 

data, the U.S. census shapefile data with 1:20,000,000 resolution level were used to define the 
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HHS regions, in which, Alaska and Hawaii were kept separately. The monthly mean data for 

relative humidity at 1:20,000,000 resolution dataset 

(https://www.esrl.noaa.gov/psd/data/gridded/data.narr.monolevel.html) was used to summarize 

the monthly mean of relative humidity from November to February during 2011-2018 for each 

HHS region, Alaska and Hawaii, with the unit as percentage. Similar process for summer relative 

humidity was calculated from May to August. The distance between regions was defined as the 

distance between the region centroids identified in ArcGIS 

(http://kb.mit.edu/confluence/pages/viewpage.action?pageId=10977309) and the unit was in 

kilometers.  

Region vaccination rate and epidemic curve 

Vaccination rates were collected from the U.S. Centers for Disease Control and 

Prevention (CDC; www.cdc.gov/flu/fluvaxview) during 2011-2018. The average vaccination 

rate was used for each HHS region, Alaska, and Hawaii. The epidemic curve data of clinical 

influenza positive samples were gathered from CDC FluView Interactive 

(https://www.cdc.gov/flu/weekly/fluviewinteractive.htm) for each state during 2011-2018 and 

then summarized into HHS regions. New epidemic curves were generated with the summarized 

region data. The epidemic size for each region was ranked based on the magnitude of the 

positive samples, where 1 represented the smallest epidemic size and 12 represented the largest. 

The epidemic peak week (the week with the highest count of positive samples) of each 

geographic category was identified for each season. Region with the earliest peak week was set 

as 0 and other regions took the differences for each season. The peak time during 2011-2018 was 

summed up and ranked from earliest to the last as 1-12.  
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Correlations between these covariates were calculated with Pearson Correlation (195). If 

the correlation coefficient was larger than 0.70 indicating high co-linearity between two 

covariates, one of the covariates was not included in the model. With the correlation test, it 

ended up with removing total population size and summer climate data but keeping population 

density and winter climate data in the model.  

 

Phylogenetic analysis and empirical trees 

To evaluate how many introductions into the U.S. from global regions, phylogenetic 

analysis was conducted in Bayesian Evolutionary Analysis Sampling Trees (BEAST) v1.10.3 

(160). The statistically well-supported general time reversible (GTR) substitution model (93,94) 

was applied with gamma-distributed rate variation among sites. The lognormal relaxed molecular 

clock (98) was used with an initial mean of 0.0033 with a uniform prior ranging from 0.0 to 1.0, 

given that the estimates of substitution rates for influenza viruses were power to -3. Based on 

prior knowledge, a smooth and time-aware Gaussian Markov random field (GMRF) process 

prior on the population sizes was applied in the Skyride coalescent model (161).  

Due to the large sample size, seven independent Markov Chain Monte Carlo (MCMC) 

chains of 200 million generations were simulated, sampling every 20,000 generations to yield 

10,000 trees per run. The convergence of all seven runs was diagnosed in Tracer v1.7 

(http://tree.bio.ed.ac.uk/software/tracer/) for all parameters to ensure a sufficient effective sample 

size (ESS > 200). LogCombiner v1.10.3 as part of the BEAST software package was used to 

combine the multiple runs to generate log and tree files after appropriate removal of the burn-in 

from each MCMC chain to guarantee convergence of these runs. The Maximum Clade 

Credibility (MCC) tree was summarized in TreeAnnotator v1.10.3 from the combined tree file. 
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The MCC tree was visualized in FigTree v1.4.4 (https://github.com/rambaut/figtree/releases), 

where the posterior probability for each node (>0.50) and the 95% Bayesian credible intervals 

(BCI) of node age were checked as indicators of phylogenetic estimation uncertainty. To further 

conduct discrete source-sink model and generalized linear model for covariates, an empirical 

distribution of phylogenetic trees was estimated from these converged runs.  

 

Source-sink model 

With dated samples and tip-associated geographic region characters, the continuous-time 

Markov chain (CTMC) model of discrete traits was applied to infer how these region traits have 

evolved with the viral population over the sampling time (98,109). In addition, the number of 

state changes (i.e., state transition events or Markov jumps) across the phylogeny for each state 

was estimated at the internal tree nodes. These Markov jumps were counted along each sampled 

phylogenetic tree (196) to represent the overall transitions between regions during the sampling 

timeframe. An asymmetric CTMC matrix model was used to estimate the transition rates and 

absolute Markov jump counts for both directions between two trait character states. The 

Bayesian stochastic search for variable selection (BSSVS) approach was employed to provide 

the most parsimonious diffusion process to randomly turn on (indicator = 1) and turn off 

(indicator = 0) the transmission between two geographic traits (98,109). Further, BSSVS allowed 

for the calculation of the Bayes Factor (BF) as a measure of statistical support for each transition 

rate. The BF was calculated for each transition rate using the posterior probability of non-zero 

indicators and the prior probability. The strength of the statistical support was interpreted with 

these criteria: BF < 3 indicated no significance; 3 ≤ BF <10 indicated substantial support, 10 ≤ 

BF < 30 indicated strong support, 30 ≤ BF <100 indicated very strong support, and BF ³ 100 
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indicated decisively statistical support (106). BF calculation was done by the program SpreaD3 

(197). Transmission rates were extracted and calculated using personalized Python scripts (found 

in the Github link: https://github.com/XuetingQiu/FluDiffusionUS).  

 

Generalized linear regression 

The generalized linear model (GLM) (18,198) was incorporated into the previously 

defined diffusion model to evaluate the impacts of multiple epidemiological and ecological 

factors on viral diffusion patterns across U.S. regions. The logarithm scale of the covariates was 

calculated and standardized by a normal distribution with mean as 0 and standard deviation as 1, 

to avoid the effects from the different magnitude of these covariates.  

The GLM parameterized each rate of among-location transition in the diffusion model as 

a log-linear function of various potential predictors as shown in the following equation: 

#$%&'( = 	+,-,.,'(	 +	+0-0.0'(	 + ⋯+2-2.2'(	  

In which, A and B represented geographic regions, g represented the estimated transition 

rate between A and B given the diffusion model, Xi, (1£i£j) were the ecological/epidemiological 

factors of interest, bi,(1£i£j) were the coefficients on a log scale quantifying the effect size of the 

factor on the transmission rates, and qi,(1£i£j) were the binary indicators introduced by the BSSVS 

allowing the factor to be included or excluded from the model at each MCMC generation.  

Exploratory GLM analysis was applied separately to each subtype/lineage of seasonal influenza 

viruses, where each subtype had been fit with two models – one without sample size of each 

region and one with sample size to explore whether the sample size of each region had impacts 

on the model fitting. Then assuming all seasonal influenza A viruses in humans were transmitted 

by the same mechanisms a joint GLM estimation was used to evaluate the effects of a single set 
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predictors shared by all seasonal influenza A subtypes on viral diffusions, where the predictors 

were fit with four sets of rate matrices for all seasonal influenza subtypes/lineages. The same BF 

criteria as the source-sink model described in the previous section were used to identify 

statistically supported epidemiological and ecological factors. The coefficient, 95% BCI and BF 

were reported to quantitively estimate the conditional effect size of the factor and its statistical 

significance. Xml codes, python and R scripts can be found via the Github link: 

https://github.com/XuetingQiu/FluDiffusionUS.  

 

Ethics Statement  

All the genetic and epidemiological data used in this study are publicly available without 

the host’s identification. Publicly available data from GISAID do not include protected health 

information or personal identifiers of patients from whom the samples were isolated. 

 

Results  

Global introductions of seasonal influenza into the U.S.  

Data distribution and the phylogenies  

After the subsampling scheme by region and by year, the final global data distribution 

can be found in Table 4.1. Since one of the goals was to capture the introductions into the U.S., 

higher proportion of seasonal samples in the U.S. was subsampled compared to other global 

regions. The phylogeny of each influenza virus subtype was reconstructed with Bayesian 

phylogenetic framework (Supplemental Figure II-1a-d). These trees showed clear ladder shape 

and bushy leaves, which corresponded to the strong seasonal patterns of outbreaks and immune 

selection. The medians of estimated substitution rates were 4.78E-3 (95% BCI: 4.46E-3, 5.13E-
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3) and 4.45E-3 (95% BCI: 4.16E-3, 4.76E-3) for A/H1N1 and A/H3N2, respectively. B-lineages 

had lower substitution rates with medians as 2.33E-3 (95% BCI: 2.14E-3, 2.52E-3) for B-

Victoria lineage and 2.52E-3 (95% BCI: 2.32E-3, 2.73E-3) for B-Yamagata lineage. The 

medians of the estimated most recent common ancestor time (tMRCA) were about 0.75 – 1.25 

years prior to the oldest isolate in the dataset with very narrow 95% BCI (Supplemental Table II-

3a), indicating less uncertainty in these estimations. The dynamics of effective population size 

for each subtype were reconstructed with Skyride coalescent model (Figure 4.1). We found that 

the effective population sizes of A/H1N1 and B-Victoria lineage showed clear seasonality, where 

each seasonal peak had slight variations on the magnitude. B-Yamagata lineage had a flat curve 

with weak signals of seasonal peaks. The 2018 B-Yamagata seasonal epidemic had the highest 

effective population size but with higher uncertainty. The most interesting pattern was found in 

A/H3N2, where it had earlier peak time compared to other subtypes and peak seasons were 

usually followed by a relatively flat season. 

Diffusion dynamics  

To estimate global introductions into the U.S., a discrete state source-sink 

phylogeographic model was applied to each dataset. For A/H1N1 (Figure 4.2a and Table 4.2), 

the statistically supported main global introductions into the U.S. were from Europe and Central 

Asia (ECA), East Asia and Pacific (EAP), South Asia (SAS) and North America (NA) with 

decisive Bayes Factors (BFs > 100). Though Middle East/North Africa (MENA) and Latin 

America/Caribbean (LAC) were also statistically supported, they had very low migration rates. 

Sub-Saharan Africa (AF) was not a supported source for the migration to the U.S. When 

breaking down U.S. data into seasons during 2011-2018, it was reported that each season had 2-6 

supported sources, but for the most part, only one or two main sources (ECA or NA) contributed 
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to the majority of introductions for that season. The pie charts in Figure 4.3 showed the 

proportional source populations into the U.S. for each season. Two seasons (season 2013-2014 

with Bayesian posterior probability as 0.24 and season 2016-2017 with posterior probability as 

0.80) had introductions from U.S. previous season, which indicated that some of the isolates of 

A/H1N1 may either be circulating locally at low levels or circulating in a region that was not 

sampled but later transmitted virus into the U.S.  

For A/H3N2 (Figure 4.2b and Table 4.2), the main global sources into the U.S. were from 

EAP, ECA, SAS and LAC with decisive BFs. NA and AF had lower migrations into the U.S., 

while MENA was not supported as a source. When looking into each season, it was reported that 

each season had different main sources and the majority were from ECA and EAP (Figure 4.3). 

Specifically, though NA had low migrations overall, but it had higher contributions for several 

seasons, for example, season 2012-2013 and season 2014-2015. No local persistence was found 

for A/H3N2, which indicated that A/H3N2 always required external introductions to sustain the 

outbreak in the U.S.  

For B-Victoria lineage (Figure 4.2c and Table 4.2), the main global sources into the U.S. 

were EAP, LAC and ECA. AF was statistically supported, but it had very low migration rate. 

MENA, NA and SAS were not supported as viral sources into the U.S. When I broke down the 

U.S. data into seasons, I found that the main sources for each season were different and local 

persistence could be a major source (Figure 4.3). For example, the main source was EAP for the 

season 2011-2012, but in the next season, the main source was from U.S. prior season with 

posterior probability = 1.0, with only some minor introductions from EAP and SAS. Supported 

local persistence was observed for all studied seasons, where part of the viral sources for the 

season was from its prior season. The local persistence had supported posterior probability 
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ranging from 0.32 to 1.0, where two of them generated decisively supported BFs (BF>100) and 

one had a very strong BF (BF>30). No more than two continuous seasons of local persistence 

was found, for example, the 2011-2012 viral population circulated in 2012-2013 season but did 

not circulate in 2013-2014 season or later.  

For B-Yamagata lineage (Figure 4.2d and Table 4.2), with the exception of NA, all other 

regions were identified as sources for the U.S. outbreak, in which ECA and EAP were the main 

sources with decisive BFs. When divided into seasons, the main sources were still EAP or ECA, 

except for 2012-2013 season, where local persistence was the main source with posterior 

probability = 0.98 (BF=520) (Figure 4.3). We also found some local persistence in season 2016-

2017 with posterior probability as 0.61 (BF=19).  

In sum, for different subtypes of seasonal influenza, the main sources of transmission to 

U.S. were slightly different, and regions with the highest transmission rate were ECA for 

A/H1N1 and B-Yamagata, EAP for A/H3N2, and LAC for B-Victoria (Supplemental Figure 

4.2). The full transmission matrices with and without specific U.S. seasons for each influenza 

type can be found in Supplemental Table II-4a-d and Supplemental Table II-5a-d, respectively.  

 

Viral diffusion dynamics among U.S. regions 

Data distribution and the phylogenies 

The final data to study diffusion dynamics within the U.S. were generated via random 

sampling scheme by each HHS region with Alaska and Hawaii separately. The distribution of 

each dataset can be found in Table 4.3. The phylogenies (Supplemental Figure II-3a-d) and 

estimated substitution rate for each viral subtype were very similar with global dataset to explore 

viral introductions into the U.S. Similarly, the medians of estimated tMRCAs were about 0.63 – 
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0.84 years prior to the oldest isolate in the dataset with very narrow 95% BCI (Supplemental 

Table II-3b). The estimated patterns of effective population size (Supplemental Figure II-4) were 

close to the global pattern, but B-Yamagata lineage in the U.S. showed more seasonal peaks than 

the global dataset.  

 

Diffusion dynamics and significant predictors in the U.S. 

Phylodynamic modeling with 12 discrete traits (10 HHS regions, Alaska, and Hawaii) 

was applied to explore the viral diffusion dynamics for each subtype within the U.S. To capture 

the main diffusion dynamics among these regions out of the complicated dynamics within the 

U.S., Figure 4.4a-d showed the transmission rates greater than the mean of all the significant 

rates (BF³3) or the rates that have a decisive support (BF³100) for each viral type, while 

Supplemental Table II-6a-d demonstrated the full matrices of the transmission rates and BF 

support levels. Furthermore, the separate and joint generalized linear model (GLM) was used to 

evaluate what ecological and epidemiological factors may affect the diffusion dynamics. The 

descriptive statistics of these factors can be found in Table 4.4. For the separate GLM for each 

subtype, one extra model was fit to include sample size of each region to evaluate the impacts of 

sample size. Results showed that the sample size did not affect the significance of these 

predictors (Figure 4.5 and Supplemental Figure II-5), which indicated that the subsampled data 

can represent the viral populations. The effective size and statistical support of each predictor 

reported below was based on the model with sample size (Figure 4.5 and the left panel of each 

subtype in Supplemental Figure II-5).  

For A/H1N1, in the full transmission matrix, 87 rates out of 132 were statistically 

supported (Supplemental Table II-6a). HHS regions 4 and 5 were the main transmission hubs to 
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spread the viruses to other regions with decisive or strong BFs (Figure 4.4a). The two factors that 

significantly affected the viral diffusions identified by GLM were geographic distance and 

population over 65 years (Figure 4.5a). The geographic distance had an estimated effect size on a 

log scale as -0.24 with a decisive statistical support for its inclusion in the model (posterior 

probability = 0.97 and Bayes Factor = 914). The effect size indicated that viral lineage migration 

rates to the longest geographic distance were about 0.79 (345.07) times the rates compared to the 

shortest distance, after controlling for all other factors in the model. Population of over 65 years 

at the origin region had an estimated effect size of 0.52 (posterior probability = 1.0 and BF = 

281,086) on a log scale, which means higher proportion of the elderly at the origin region 

facilitated viral diffusion to other regions.  

For A/H3N2, in the diffusion matrix, 83 rates out of 132 were statistically supported 

(Supplemental Table II-6b). HHS region 5 was the main transmission hub to connect all other 

regions with decisive BFs (Figure 4.4b). Furthermore, region 3 was another main source for 

region 1, 2, 4 and 5 with decisive BFs. Alaska was a main source for region 5. When checking 

these predictors, we found more factors that could have impacted A/H3N2 diffusion compared to 

other viral types (Figure 4.5b). It included geographic distance (conditional effect size on a log 

scale = -0.21, posterior probability = 0.45, BF=27), total flight number at origin (conditional 

effect size on a log scale = 0.84, posterior probability=0.84, BF=171), and total flight at 

destination (conditional effect size on a log scale = 0.18, posterior probability=0.42, BF=24), 

winter average relative humidity at origin (conditional effect size on a log scale = 0.44, posterior 

probability=0.17, BF=7), winter average temperature at origin (conditional effect size on a log 

scale = -0.74, posterior probability=0.99, BF=4,231), peak time rank (conditional effect size on a 

log scale = -0.27, posterior probability=0.14, BF=6), population of age between 18 and 64 at 
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origin (conditional effect size on a log scale = -0.42, posterior probability=0.16, BF=6) and 

population of age over 65 years at origin (conditional effect size on a log scale = 0.51, posterior 

probability=0.22, BF=9). Among these factors, shorter geographic distance, more flights 

connections that were at both origin and destination regions, higher winter humidity, lower 

winter temperature, earlier the epidemic peak time, lower percentage of adult between 18-64 

years, and higher percentage of the elderly in the population at the origin region could facilitate 

the viral diffusions.  

For B-Victoria lineage, complicated diffusion dynamics occurred between regions where 

75 out of 132 transmission rates were statistically supported, but Alaska was not a source for any 

other regions (Supplemental Table II-6c). HHS region 5 was identified as the main transmission 

center showing the highest transmission rates to all other regions with decisive BFs (Figure 

4.4c). Region 5 also received viral introductions from many other regions. When GLM was 

applied to check the ecological and epidemiological factors that may affect these migrations 

(Figure 4.5c), the significant predictors were geographic distance (conditional effect size on a log 

scale = -0.40, posterior probability =0.99, BF = 4,493), population density at origin (conditional 

effect size on a log scale = 0.98, posterior probability = 0.39, BF=21), vaccination rate at origin 

(conditional effect size on a log scale = -0.55, posterior probability = 0.11, BF = 4), total flight 

numbers at origin (conditional effect size on a log scale = 0.74, posterior probability = 0.55, BF 

= 40), winter average temperature at destination (conditional effect size on a log scale = 0.21, 

posterior probability = 0.20, BF = 8), and the population of age under 18 at origin (conditional 

effect size on a log scale = 0.65, posterior probability = 0.16, BF = 6). Briefly, higher population 

density, higher vaccination rate, more total flight connections, higher percentage of youth 
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population < 18 years in the origin region, closer geographic distance between two regions, and 

higher winter temperature at the destination may intensify the viral diffusions.  

For B-Yamagata lineage, migrations between regions were more complicated than these 

in B-Victoria lineage. A total of 99 rates out of 132 in the transmission matrix were statistically 

supported (Supplemental Table II-6d). HHS region 8 was the main source for all other regions 

with decisive BFs (Figure 4.4c). The GLM (Figure 4.5d) reported significant predictors as 

geographic distance (conditional effect size on a log scale = -0.26, posterior probability = 0.76, 

BF = 103), winter average relative humidity at the origin (conditional effect size on a log scale = 

-0.43, posterior probability = 0.72, BF = 84), and peak time rank at the origin (conditional effect 

size on a log scale = -0.50, posterior probability = 0.18, BF = 7). Shorter geographic distance, 

lower winter humidity and earlier epidemic peak time at the origin region may increase viral 

migrations.  

Joint estimation of significant predictors in the U.S. 

Assuming seasonal influenza A viruses are transmitted under similar mechanisms 

regardless of subtype, we conducted a joint GLM analysis where a shared set epidemiological 

and ecological features could predict the migration patterns observed for each influenza subtype. 

Results (Figure 4.6) from this joint model highlighted the significant predictors including 

geographic distance (conditional effect size on a log scale = -0.28, posterior probability = 1, BF 

= 149,026), total flight numbers at the origin (conditional effect size on a log scale = 0.14, 

posterior probability = 0.13, BF = 4.5), the population of adults (18 to 64 years) at the origin 

(conditional effect size on a log scale = -0.38, posterior probability = 1, BF = 149,026), and 

winter average precipitation at the origin (conditional effect size on a log scale = 0.17, posterior 

probability = 0.09, BF = 3.1). It indicated that longer geographic distance, lower flight 
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connections, higher proportion of adults and lower winter precipitation could barrier viral 

diffusions. In this joint model, the epidemic size was included, compared to the model without 

epidemic size (Supplemental Figure II-6), significant predictors were reported as the same, but 

the values of their conditional effect sizes were slightly different.  

 

Discussion  

Understanding the viral diffusion pattern is critical for the prevention and control of 

influenza outbreaks (18). Building upon the knowledge and methodologies learned from 

previous global studies on seasonal influenza virus diffusion (18–20,46), this study explored the 

global introductions into the U.S. and inferred the diffusion dynamics inside the U.S. It took the 

advantage of large and complete (global and U.S. local) genetic and epidemiological datasets of 

all four types of seasonal influenza viruses. The main findings answered several important 

questions regarding diffusion patterns and significant epidemiological and ecological predictors. 

Firstly, global phylogeographic analysis identified that the U.S. seasonal epidemics were seeded 

with one or several external introductions each season, indicating that the viral diversity in the 

U.S. was high. Secondly, the viral diffusion inside the U.S. showed that a major transmission 

hub diffused virus to other regions: Region 5 for A/H3N2 and B-Victoria, Region 4 for A/H1N1, 

and Region 8 for B-Yamagata. Lastly, important predictors on disease transmission were 

identified, such as geographic distance, flight connections, winter precipitation and different 

population age structures.  

Diffusion dynamics of seasonal influenza have been studied more thoroughly on the 

global scale. Though slightly different conclusions have been drawn from these studies (18–20), 

the importance of reseeding by each season and of no local persistence for A/H3N2 global 
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circulation has been consistently reported. But for A/H1N1 and B viruses, they could sustain 

local persistence for multiple seasons, especially in India and China with mean duration > 2 

years, and their global dynamics were complicated without clear patterns of reseeding from 

certain regions (20). In the global region scale, Bedford et al (20) reported that the persisting 

time in different regions had an average of 6 month for A/H3N2, 9 months for A/H1N1, 13 

months for B-Victoria and 12 months for B-Yamagata. Similarly, this study found comparable 

local persistence in the U.S., that is, A/H3N2 required external introductions by each season but 

A/H1N1 and B type viruses could persist to next season. This may be related to the viral biology 

features and patterns of population immunity, for instance, the clear antigenic drift of A/H3N2 

and population immunity may be related to the pattern of no local persistence of A/H3N2 

(20,199). It may also indirectly reflect that A/H3N2 has higher diversity with multiple viral 

sources into the U.S. compared to other types. 

Viral population dynamics reconstructed from coalescent model could reveal some 

characteristics of epidemic seasons (200). A/H3N2 had earlier peak time compared to other 

subtypes and its peak seasons were usually followed by a relatively flat season, which may be 

related to antigenic drifts and vaccine mismatching for the peak years (84,201). For example, 

2011-2012 had a new antigenic variant A/Texas/50/2012 (H3N2)-like; 2014-2015 had very low 

vaccine effectiveness (only 19%); 2016-2017 had a new antigenic variant A/Singapore/INFIMH-

16-0019/2016; and 2017-2018 had A/Kansas/14/2017 (H3N2)-like virus. These variants were 

recommended as vaccine candidates for later seasons. 

Viral migrations between U.S. regions showed one or two primary hubs to diffuse viruses 

to other regions. A/H1N1, A/H3N2 and B-Victoria had Region 5 (Chicago area) and/or Region 4 

(Atlanta area) as the central hub, while B-Yamagata showed the important role of Region 8 
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(Denver area and its north) to spread viruses. Though geographic distance is a significant barrier 

for all viral types, flight connections may explain the central hub pattern of viral diffusions. 

Based on the average flight numbers during flu season, Regions 4 and 5 are among the highest 

flight numbers. Regions 4, 5 and 8 own the top busiest airports in Atlanta, Chicago and Denver, 

respectively (202). Though Dallas in region 6 is recognized as another top busy airport, region 6 

is not identified as a major hub. The further predictor analysis suggested that climate conditions 

and population demographic factors could confound the viral diffusion role of flight connections. 

Local spatial diffusions of all subtypes in the U.S. were decisively determined by the processes 

that were related to geographic distance, where transmissions were more likely to occur between 

closer regions. This result is corresponding with what Lemey et al. reported in their global study 

(18). Furthermore, this study reported that total flight number was positively associated with 

viral diffusion rate, consistent with studies on global spread and transmission patterns (18). This 

may indicate that hygiene prevention measures in airports could reduce viral diffusion. The joint 

GLM estimation also reported that higher winter precipitation may facilitate viral diffusion, 

which corresponded to the role of precipitation in the previous epidemiological study (203).  

The most interesting novel findings with the GLM were population age structure. Results 

from separate analysis of each subtype were generally consistent with the joint estimates, but the 

latter provided more robust estimation of the effective size on viral diffusions. The main 

difference was that in the separate analysis the youth population and the elderly were reported as 

potential drivers of virus spread for multiple influenza types; but the joint estimation reported 

that higher proportion of adults in the population was a decisively supported protective predictor. 

This may be explained by the confounding factors of vaccine effectiveness and relative weight of 

herd immunity from larger proportion of low risk populations: vaccines may have different 
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effectiveness for a certain subtype/lineage during a flu season, where if vaccine effectiveness in 

the high risk populations is relatively lower (either due to low efficacy of vaccination or lower 

vaccine coverage in the high risk populations) than the herd immunity from low risk populations 

(i.e. the adults), then the significance of the youth and the elderly on enhancing viral diffusion 

may be observed for this subtype/lineage. But when joint analysis combines the vaccine 

effectiveness for all subtypes/linages, the weight of adults becomes significant to prevent viral 

diffusion. This speculation has been studied in the past (204), but needs further validation by 

simulation studies. Taken together, the youth and the elderly are the high risk populations for 

influenza infections (9). Therefore, vaccinating these high-risk populations with effective 

vaccines and vaccination strategies could provide critical prevention on viral spread and 

transmissions.  

This study had the advantages of using the large and complete dataset from recent years 

with both viral genetic data and well-recorded metadata. The integrated analysis on viral genetic 

data and epidemiological data improved the accuracy of viral evolutionary history reconstruction 

and revealed important predictors on viral spreading (18,98). However, several limitations exist 

in this study. One universal problem is that sampling biases or missing data could reduce the 

power of the inferences. For example, some locations had very scare data or no data for a certain 

year, which limited the inference on the transmission paths. But since samples from several years 

and multiple locations were combined into one global region, the overall representative of each 

global region was balanced. To control for sampling biases and to confirm the results, 

subsampling scheme was repeatedly applied to generate multiple datasets. Another limitation is 

that predictors were summarized over seasons and over states to represent one HHS region, 

which reduced the resolution and limited the ability to detect the seasonal or state-level 
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variations of these predictors on viral spread. Some factors did not have large variations over 

time, for example, population density, total flight number and the climate data. However, the 

peak time could be very different in each season and the role of this predictor may not be 

precisely inferred due to low resolution in this study. The categorization of some predictors may 

confound the importance of the predictor. For example, the youth population included all 

population under 18 years old rather than had a specific category of under 5 years old. This may 

be the reason why the population of under 18 years was only statistically supported for B-

Victoria lineage but not found for other types.  

Nevertheless, this study identified major global sources for different types of seasonal 

influenza viruses, which may indirectly indicate that A/H3N2 has higher genetic diversity from 

various external introductions each season. Within the U.S., complicated diffusion patterns were 

observed, but different primary diffusion hub was identified for each viral type. Furthermore, 

geographic distance, total flight connections, winter average precipitation and the population age 

structure can significantly affect the diffusion rates. Hygiene intervention inside flights or heavy 

traffic settings may help to prevent viral diffusion during flu season. Furthermore, developing 

highly effective vaccines and administration strategies for the high-risk populations including the 

youth and the elderly could be a major approach for interrupting viral spread and transmission.  
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Tables and Figures 

Table 4.1. Distribution of global datasets by regions and by influenza types after 

subsampling via random sampling strategy.  

 
Regions A/H1N1 A/H3N2 B-Victoria B-Yamagata 

AF 180 170 144 152 

EAP 230 300 200 220 

ECA 270 320 190 230 

LAC 210 210 160 161 

MENA 170 180 103 127 

NA 148 210 80 89 

SAS 170 160 117 132 

USA 340 380 347 350 

Total 1,718 1,930 1,341 1,461 

Abbreviations: East Asia and Pacific (EAP), Europe and Central Asia (ECA), Latin America and 
Caribbean (LAC), Middle East and North Africa (MENA), North America (NA, excluding the 
U.S.), South Asia (SAS), Sub-Saharan Africa (AF). 
  



 

 98 

Table 4.2. Count of introductions, migration rate and 95% BCI from each global region 

into the U.S. for each influenza type. The three items in each matrix cell in order are count of 
introductions, migration rate, and its 95% Bayesian Credible Interval (95% BCI). The rows of 
the table are the donor region and the columns are the recipient region. The cell color indicates 
Bayes Factor (BF) levels, where BF < 3 means no statistical support, 3 ≤ BF <10 indicates 
substantial support, 10 ≤ BF < 30 indicates strong support, 30 ≤ BF <100 indicates very strong 
support, and BF ³ 100 implies decisively statistical support.  
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Table 4.3. Distribution of U.S. region dataset by locations and by influenza types after 

random sampling strategy. 

 
USA-region A/H1N1 A/H3N2 B-Victoria B-Yamagata 

Region 1 90 110 80 90 

Region 2 100 110 76 80 

Region 3 100 120 80 90 

Region 4 110 120 90 100 

Region 5 110 140 90 100 

Region 6 100 120 80 90 

Region 7 80 100 65 80 

Region 8 100 110 80 90 

Region 9 100 120 80 90 

Region 10 90 110 80 90 

Hawaii 80 90 70 80 

Alaska 68 90 20 65 

Total 1,128 1,340 891 1,045 
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Table 4.4. Geographic, climate and demographic characteristics of the 10 Health and 

Human Services regions, Hawaii, and Alaska. 

 
Predictors Median Mean SD* Minimum Maximum 

Geographic distance (km) 3014.0 2402.2 1993.5 426.7 8134.9 

Population Density (per mile2) 138.0 150.0 135.8 1.2 493.7 

Vaccination Rate (%) 45.4 45.6 3.4 39.6 50.9 

Total flights during flu season 548,396 709,754 597,187 48,094 1,790,528 

Winter relative humidity (%) 76.5 74.1 8.8 54.4 84.5 

Winter average precipitation (inch) 2.8 2.6 1.1 0.9 4.2 

Winter average temperature (F) 32.8 36.9 16.0 10.0 75.5 

Epidemic peak delay weeks  3.9 4.3 0.9 3.3 5.9 

Age under 18 years (%) 23.9 23.8 1.9 20.7 26.4 

Age between 18-64 years (%) 63.3 62.7 2.5 55.5 65.9 

Age over 65 years (%) 13.4 13.5 3.7 7.7 23.7 

SD*: Standard deviation.  

  



 

 101 

Figure 4.1. Estimated effective population size by Skyride coalescent model for global 

samples. The x axis represents time in years and the y axis represents viral effective population 

size on a log scale. The bolder dashed vertical line indicates the estimated most recent common 

ancestor time (tMRCA) for the viral population. The thinner dashed vertical lines are the 95% 

BCI for the tMRCA. The horizontal blue line and blue shadow indicate the median and 95% BCI 

bands of estimated effective population size, respectively.  
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Figure 4.2. Global introductions into the U.S. for each influenza type. The stroke weights of 
the arrows are proportional to the values of the transmission rates. Only statistically significant 
rates (BF>3) from global regions to the U.S. were shown. The main sources were slightly 
different for different subtypes of seasonal influenza. The source region with highest migration 
rate was ECA for A/H1N1 and B-Yamagata, EAP for A/H3N2, and LAC for B-Victoria.  
 
Abbreviations: East Asia and Pacific (EAP), Europe and Central Asia (ECA), Latin America and 
Caribbean (LAC), Middle East and North Africa (MENA), North America (NA, excluding the 
U.S.), South Asia (SAS), Sub-Saharan Africa (AF). 
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Figure 4.3. Components of viral sources for each U.S. season. Each viral type had one or two 
different main sources for each season. A/H3N2 required external introductions for each season 
but A/H1N1 and B viruses could have local persistence. Introduction counts represent the counts 
of trait state transitions in the reconstructed phylogeny.  
 

Abbreviations: East Asia and Pacific (EAP), Europe and Central Asia (ECA), Latin America and 
Caribbean (LAC), Middle East and North Africa (MENA), North America (NA, excluding the 
U.S.), South Asia (SAS), Sub-Saharan Africa (AF). 
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Figure 4.4. Major diffusion dynamics within U.S. regions for each influenza type. For each 
viral type, the arrows are only showing the migration rates greater than the mean of all the 
significant rates (BF³3) or the rates that have a decisive support (BF³100). The stroke weights of 
the arrows are proportional to the values of migration rates. Region 4 and/or Region 5 have been 
identified as the primary transition hub for A/H1N1, A/H3N2 and B-Victoria, but Region 8 is 
recognized as the major hub for B-Yamagata.  
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4.4a. A/H1N1 

 

4.4b. A/H3N2  
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4.4c. B-Victoria 

  
4.4d. B-Yamagata 
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Figure 4.5. Generalized linear model with sample size reported significant predictors to 

affect diffusion dynamics for each influenza type in the U.S. The conditional effect size 
represented by the blue dot is the median of the coefficient when this predictor is included in the 
model. The bar on the blue dot indicates the 95% Bayesian Credible Interval (BCI). The 
posterior probability is the probability of this factor being included in the model, which is used to 
calculate Bayes Factor (BF). The dash vertical blue line indicates BF=3, where if the posterior 
probability is beyond the dashed line, it represents this indicator has statistical support to be 
included in the model. The solid vertical blue line represents BF=100, where if the posterior 
probability is beyond the solid line, then the indicator has decisively statistical support to be 
included in the model. Black dot with “na” indicates the conditional effect size is not available 
since the predictor is never included in the model during the simulation process. _O: geographic 
region as origin location; _D: geographic region as destination location. Abbreviation: PopDens 
– population density; VaccRate: average vaccine rate. For all subtypes, the sample size did not 
affect the significance of these predictors. 
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Figure 4.6. Joint generalized linear model with epidemic size reported significant 

predictors to affect diffusion dynamics in the U.S. The joint estimation unified four 
transmission rate matrices of each influenza type into one model to estimate the joint effect size 
of the predictor. With epidemic size being included in the model, the same significant predictors 
were reported but the impacts of these predictors were slightly different compared to 
Supplemental Figure II-6. The conditional effect size represented by the blue dot is the median of 
the coefficient when this predictor is included in the model. The bar on the blue dot indicates the 
95% Bayesian Credible Interval (BCI). The posterior probability is the probability of this factor 
being included in the model, which is used to calculate Bayes Factor (BF). The dash vertical blue 
line indicates BF=3, where if the posterior probability is beyond the dashed line, it represents this 
indicator has a statistical support to be included in the model. The solid vertical blue line 
represents BF=100, where if the posterior probability is beyond the solid line, then the indicator 
has a decisively statistical support to be included in the model. Black dot with “na” indicates the 
conditional effect size is not available since the predictor is never included in the model during 
the simulation process. _O: geographic region as origin location; _D: geographic region as 
destination location. Abbreviation: PopDens – population density; VaccRate: average vaccine 
rate.  
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CHAPTER 5 

EVALUATE THE IMPACTS OF H3N2 LAIV ON VIRAL DIVERSITY AND  

DIFFUSION DYNAMICS 3 

 
3 Qiu, X., Avadhanula, V., Fabrizio, T., et al. To be submitted to Influenza And Other Respiratory Viruses, 11/2019.  
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Abstract  

Since the first introduction of the live attenuated influenza vaccines (LAIV) in 2003 in 

the U.S., safety and efficacy studies have been conducted continuously. However, studies that 

explore the potential impacts of LAIV on viral population are rare. This study took the advantage 

of data availability from the Texas Central Trial on the control of epidemic influenza via largely 

vaccinating school-aged children in the community during 2004-2006. Advanced phylodynamic 

modeling, including discrete trait analysis and structured coalescent analysis, have been 

conducted to quantitatively evaluate how vaccination could impact the viral genetic diversity and 

transmission dynamics. Results from this study indicated that the vaccinated population had 

higher genetic diversity, needed more external introductions to sustain the epidemics, and 

reduced viral dissemination resulting in lower transmissions to external local regions. Taken 

together, vaccination could impact viral diffusion in a beneficial way to interrupt epidemic 

chains, probably due to the immune landscape change in the susceptible and high-risk 

population. 
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Introduction 

Seasonal influenza is a fast spreading disease that commonly affects the respiratory tract 

and can cause large epidemics across communities in the globe (1,2). The symptoms may vary 

from mild to severe respiratory diseases with potential life-threatening outcomes (4,6). The 

disease burden associated with seasonal influenza is very high across the globe. Every year, 

influenza leads to respiratory tract infections in 5–15% of the global population, severe illness in 

3–5 million individuals (2), and seasonal influenza-associated respiratory deaths in 0.3–0.65 

million people (10). Based on the systematic analysis of seasonal influenza in 195 countries 

during 1990-2016 , the incidence of influenza associated with lower respiratory infections was 

5.3 cases per 1,000 persons in all age groups, 9.1 cases per 1,000 persons in children younger 

than 5 years, and 15.8 cases in adults older than 70 years, respectively (9). The Center for 

Disease Control and Prevention (CDC) has estimated that from 2010-2011 through 2017-2018 

influenza seasons in the United States (U.S.): influenza has annually caused 9.3-49 million 

illnesses, 140,000-960,000 hospitalizations, and 12,000-79,000 deaths, where heavier outbreaks 

usually are associated with mismatching influenza vaccines (190).  

Influenza viruses can spread rapidly due to the ease of transmission, usually via contact, 

fomites, droplets, or aerosols (14). Environmental and ecological factors can affect the size, 

stability, and inhalation of both droplets and aerosols (15–18). Such factors include temperature, 

humidity, population structure and density, and transportation connections, which may affect the 

seeding and geographic diffusion of influenza viruses (15–18). Two other important reasons for 

seasonal outbreaks and rapid spread of influenza viruses are the rapid viral genetic and antigenic 

changes, where population level immune protection is limited to prevent infections from high 

diverse viruses (23,24). The most common mechanisms of genetic and antigenic changes in 
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seasonal influenza viruses are high point mutation rates, immune selection, and viral population 

migration (205). 

Vaccines are amongst the most cost-effective prevention measures for many infectious 

diseases (67). In the U.S., the development and use of influenza vaccines has started in the 30’s 

(69) after Influenza types A and B were isolated in 1933 and 1936, respectively (68). With the 

discovery that influenza viruses could grow in embryonic chicken eggs, the first inactivated 

influenza vaccine was developed in 1938 and administered to the US soldiers during World War 

II, which ultimately made no difference on clinical outcomes in vaccinated and unvaccinated 

populations (69). Early influenza vaccines only contained inactivated type A (monovalent) but 

became a bivalent vaccine in 1942 with both types A and B (69). The protective efficacy of these 

inactivated vaccines was confirmed in the 1950s through surveillance studies and continuous 

efforts on vaccine development (68,69). In 1978, the first trivalent vaccine containing two type A 

strains and one type B strain was developed (71–73). These were split or subunit vaccines, where 

chemically or physically inactivated virions treated with detergent results in split vaccines and 

further purification of the haemagglutinin (HA) and neuraminidase (NA) of these viruses leads to 

subunit vaccines (71,206). The first live attenuated influenza vaccine (LAIV), called “FluMist®”, 

was authorized by the U.S. Food and Drug Administration (FDA) in 2003, which is intranasally 

administered in healthy population of 5-49 years old (74). In the following years, the updated 

vaccines were recommended for a broader age range, including infants. In 2012, the first 

quadrivalent LAIV called “Fluarix®” was approved by the FDA, which contains two A subtypes 

(A/H1N1 and A/H3N2) and two B lineages (B/Yamagata-like and B/Victoria-like) (75).  

Since the introduction of influenza vaccines into human populations, the efficacy and 

safety of these are one of the main concerns in the healthcare and research communities 
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(146,147). But evidence has shown that vaccines may impact the genetic diversity and 

distributions of the pathogen populations (148,149). These may be due to vaccination-induced 

adaptive immune responses and selection pressures on the pathogen (150). Imperfect vaccine 

design or vaccination procedure may also drive the evolution of pathogens (151). Additionally, 

the vaccine covered serotypes of the pathogen can modify the competitive ecological constraints 

that allow non-vaccine types to be dominant, which has been well studied in Pneumoniae 

Streptococcus with the introduction of pneumococcal conjugate vaccine (PCV) (149). 

Furthermore, influenza vaccines can change the host immune landscape with reducing the 

availability of susceptible host, which may drive viral evolution. This is especially true for 

seasonal influenza viruses that have high antigenic diversity, showing a ladder shape phylogeny 

with strong immune selection (207), (100). However, the impact of vaccines on circulating 

influenza viral genetic diversity and disease diffusion within and between communities have not 

been studied, often due to limited availability of appropriate viral genetic dataset.  

The Central Texas Trial on the Control of Epidemic Influenza (referred to as “the Central 

Texas Trial”) during 1998-2010 (208–213) has provided the opportunity to retrospectively study 

the impacts of the first introduction of LAIV on viral diversity and diffusion dynamics. The 

initial purposes of this study aimed to improve the influenza vaccination coverage in school-aged 

children, evaluate the direct effectiveness and herd immunity provided by vaccines, and assess 

the safety of different types of vaccines, especially the first introduction of LAIV in 2003. The 

intervention was a non-randomized and community-based study. LAIV vaccine was applied to 

school children (age 5-18 years) in two cities Temple and Belton (TB-v) in Texas as the 

experimental arm, while two cities, Waco and Bryan College Station (WBC-uv), were selected 

as the control arm without LAIV vaccination. This study collected influenza positive samples 



 

 119 

and complete records of epidemiological data including population structure, population size, 

vaccine coverage, influenza incidence.  

Recent years, phylodynamic modeling approaches have allowed both genetic data and 

epidemiological data to be integrated into a unified statistical framework to understand viral 

diffusion dynamics with discrete trait analysis (98). Another advanced approach to improve the 

accuracy of ancestral reconstruction is to distinguish the mutation and migration events in the 

coalescent procedure, which is not considered in most of the current coalescent models 

(112,114,214). Mutation events are naturally related to viral genetics, but migration events are 

related to host population structure. To incorporate the heterogeneity of host populations, a 

structured coalescent model can provide important insights into local scale disease dynamics 

including how population vaccine status or migration dynamics between populations might 

impact disease transmission and diffusion dynamics (114,115).  

In the current study I aimed to apply these advanced tools to understand the impacts of 

LAIV on viral genetic diversity and diffusion dynamics with the available dataset from the 

Central Texas Trial. I first employed phylodynamic modeling with discrete trait analysis to 

understand the viral sources of Texas local dynamics and evaluate whether vaccination caused 

differences in local transmission dynamics and viral genetic diversity. The tested hypothesis is 

that increased vaccination rate will lower local persistence and lineage transmission where the 

epidemic will require more external introductions to be sustained. Secondly, I assessed the 

impacts of vaccination and local transmissions between vaccinated and unvaccinated populations 

with the structured coalescent framework by testing the hypothesis that pathogen migration rates 

from unvaccinated population to vaccinated population will be higher. 
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Methods  

Datasets preparation 

Data in this study included publicly available global H3N2 HA nucleotide sequences 

during 2003-2007 downloaded from the Global Initiative on Sharing All Influenza Data 

(GISAID, https://www.gisaid.org/), and H3N2 isolates from the Central Texas Trial during 

2004-2006. Global data from two extra seasons (one season before and one season after the 

vaccination intervention in Texas) have been included to perform spatial diffusion analysis 

between the global and the local datasets. The following inclusion and exclusion criteria were 

used for the global data download: a) all sequences must include collection date (at least year 

information) and geographic location with country information; b) the minimum length of the 

sequences should be more than 50% of the full gene length; c) all vaccine, derivative, 

recombinant and laboratory sequences are excluded; d) duplicate sequences with the exact same 

location and 100% nucleotide similarity are excluded with the oldest dated strain retained.  

Two main datasets were generated (data management process was detailed below). One 

was the full dataset containing 484 HA sequences of both the global and Central Texas Trial 

samples to study the dynamics between Texas local cities and the global regions. Another dataset 

was the subsampled dataset from the full dataset with 188 isolates containing Central Texas Trial 

samples sequences with their most closely genetic-related global sequences to further perform 

the structured coalescent analysis and explore the migration rates between vaccinated and 

unvaccinated populations.  

Samples from the Central Texas Trial 

The vaccination intervention in central Texas was conducted when the first LAIV was 

approved for use in the 5-49 year old population in 2003 in the U.S. (74). Active surveillance 
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was conducted during the whole flu season. Despite the trial of LAIV lasted for 3 years during 

2003-2006, only the data between 2004-2006 were used because the planned 2003-2004 

intervention had not been implemented due to the earlier epidemic than regular seasons. From 

the two-year surveillance (that is, 2004-2005 and 2005-2006 flu seasons), a total of 781 influenza 

A positive samples were collected and 81 H3N2 full genomes (about 10% of all positive 

samples) were randomly selected and sequenced to balance the sample representative and 

funding allocation.  

NGS library preparation, sequencing and assembly 

The 81 H3N2 positive samples were prepared for next-generation whole-genome 

sequencing (NGS). Viral RNA was extracted using the MagMAX-96 AI/ND Viral RNA 

Isolation Kit (Applied Biosystems AM1835) on the KingFisher Flex Magnetic Particle Processor 

(ThermoFisher). The RNA was then reverse transcribed using SuperScript III Reverse 

Transcriptase (Invitrogen 18080044) per the included protocol and using the universal influenza 

A primer, Uni12. The influenza genome was then amplified in a multisegment PCR protocol 

using Uni12/13 primers in addition to universal influenza A polymerase segment primers (primer 

sequences available upon request) with Phusion High-Fidelity PCR Master Mix with HF Buffer 

(NEB M0531S). The temperature cycle parameters were 98℃ for 30 s, with 10 cycles (98℃ for 

10 s, 45℃ for 30 s, and 72℃ for 2 min), followed by 20 cycles (98℃ for 10 s, 56℃ for 30 s, and 

72℃ for 2 min) and a final elongation step of 72℃ for 10 min. The PCR products were purified 

using the QIAquick 96 PCR Purification Kit (Qiagen 28181) and sample QC was assessed on the 

Agilent Bioanalyzer and quantified using the Quant-iT PicoGreen dsDNA Assay Kit (Invitrogen 

P7589). The next generation sequencing libraries were prepared using the Nextera XT DNA 

Library Preparation Kit (Illumina) with 96 dual index barcodes according to the manufacturer’s 
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protocol. The normalized libraries were pooled and run on the Illumina MiSeq platform using 

paired-end 150 base-pair cycling conditions. These paired reads were assembled with Iterative 

Refinement Meta-Assembler (IRMA), which was developed specifically for highly variable 

RNA viruses with more robust assembly and variant calling (215). IRMA v0.6.7 

(https://wonder.cdc.gov/amd/flu/irma/) was used with its embedded influenza assembly module. 

From the 81 sequenced isolates, only 79 HA gene were generated, since two of the samples did 

not have enough read coverage on the HA gene.  

Data alignment and inspection 

Sequence alignment of the data used in this study (H3N2 HA sequences from the global 

and Central Texas Trial) was performed with the software MUSCLE v3.8.31(191). Manual 

alignment was performed to manage unreasonable indels (insertions/deletions). Primary 

phylogenetic analysis was conducted with the maximum-likelihood (ML) approach in 

Randomized Axelerated Maximum Likelihood (RAxML) v8.0 (192), which has the advantage of 

efficiently handling large datasets. Temporal signal of the ML tree was examined in TempEst 

(193) with the root-to-tip divergence regression and outliers were inspected in the distribution of 

residuals of the samples.  

Global data spatial distribution and subsampling 

After alignment and outlier removal, spatial distribution of the data was conducted. To 

reduce the dimension of the geographic discrete traits and have enough samples in each 

geographic trait, global region instead of country was used as the geographic location unit to 

explore the viral dynamics between the global and Texas data. The global H3N2 HA sequences 

during 2003-2007 were categorized into seven regions defined by the World Bank (194): East 

Asia and Pacific (EAP), Europe and Central Asia (ECA), Latin America and Caribbean (LAC), 
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Middle East and North Africa (MENA), North America (NA, excluding the US), South Asia 

(SAS), and Sub-Saharan Africa (AF). The U.S. data was separately categorized to examine the 

potential distinctive roles of other global regions and the U.S., of which the latter was considered 

as a domestic location on viral diffusion into Texas. Sequences with 100% similarity in one 

region were removed with retaining the oldest isolate to avoid the weight of the duplicated 

sequences being overrepresented in the phylodynamic source-sink model, resulting in a full 

dataset with 4,478 sequences. A subsampling strategy was used to fully capture the viral 

diffusions into Texas local cities, that is, ML trees were generated with all the isolates to only 

obtain the global viruses that were phylogenetically clustered with the Central Texas Trial 

samples. The subsampled global samples with this approach (n= 423) contained 152 from EAP, 

90 from ECA, 50 from LAC, 3 from MENA, 3 from SAS, and 125 from the U.S.  

Central Texas Trial data subsampling 

After outliers were identified by TempEst in the Central Texas Trial samples, the 

remained 76 isolates were designated as vaccinated population (TB-v) and unvaccinated 

population (WBC-uv). With removing the duplicated sequences in each population, there were 

40 TB-v samples and 29 WBC-uv samples. To control the over-representation of TB-v samples 

in 2005-2006 season compared to WBC-uv (24 versus 11 samples), 8 sequences in TB-v group 

were randomly removed. Together with global data, the final dataset contained 484 HA 

sequences which was referred to as “full dataset”. 

To further study the impacts of vaccination and reduce the dimensions of the geographic 

discrete traits, a smaller dataset referred to as “subsampled dataset” containing Central Texas 

Trial samples and their genetic closely related global sequences was prepared to perform the 

structured coalescent analysis to explore the migration rates between these populations. This 
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dataset contained 188 HA sequences, where they were categorized into three groups: 127 

sequences as “Global” unvaccinated population (including 37 sequences from EAP, 26 from 

ECA, 4 from LAC, 1 from MENA, and 59 from the U.S.), 32 sequences as “TB-v” to represent 

Texas vaccinated population, and 29 sequences as “WBC-uv” to represent Texas unvaccinated 

population. To further quantify local dynamics, only Central Texas Trial data with two groups 

“TB-v” for vaccinated population and “WBC-uv” for unvaccinated population was used to 

conduct the structured coalescent analysis. 

 

Bayesian phylodynamic modeling 

Diffusion dynamics with source-sink model 

To understand the viral sources for the epidemics in Texas local cities, source-sink 

phylodynamic modeling with discrete geographic locations for both full dataset and subsampled 

dataset was conducted in Bayesian Evolutionary Analysis Sampling Trees (BEAST) v1.10.3 

(160). The well-supported and parameter-rich substitution model general time reversible (GTR) 

model (93,94) was applied with gamma-distributed rate variations among sites. The lognormal 

relaxed molecular clock (98) was used with an initial mean of 0.0033 with a uniform prior 

ranging from 0.0 to 1.0. Based on the prior knowledge, a smooth and time-aware Gaussian 

Markov random field (GMRF) process prior on the population sizes was applied in the Skyride 

coalescent model (161).  

With dated samples and tip-associated trait characters, the continuous-time Markov chain 

(CTMC) model of discrete traits was applied to infer how the trait has evolved with the viral 

population since the sampling time (98,109). In addition, the number of state changes across the 

phylogeny for each state was estimated at the tree internal nodes denoting a state transition event 
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and referred to as Markov jump. These Markov jumps were counted along each phylogenetic 

tree sampled (196) to represent the overall transitions between regions during the sampling 

timeframe. An asymmetric CTMC matrix model was used to estimate the transition rates and 

absolute Markov jump counts for both directions between two trait characters. The Bayesian 

stochastic search for variable selection (BSSVS) approach was employed to provide the most 

parsimonious diffusion process and further compute the statistical support of transmissions 

between two trait characters (98,109). 

Six independent MCMC chains of 100 million generations were simulated with sampling 

step every 10,000 generations to yield 10,000 trees per run. Convergence of 6 runs was 

diagnosed in Tracer v 1.7.1 (http://tree.bio.ed.ac.uk/software/tracer/) for all parameters to ensure 

a sufficient effective sample size (ESS > 200). LogCombiner v1.10.3 as part of the BEAST 

software package was used to combine the multiple runs to generate log and tree files after 

appropriate removal of the burn-in from each MCMC chain to guarantee convergence of these 

runs. The Maximum Clade Credibility (MCC) tree was summarized in TreeAnnotator v1.10.3 

from the combined tree file. The MCC tree was visualized in FigTree v1.4.4 

(https://github.com/rambaut/figtree/releases), where the posterior probability for each node 

(>0.50) and the 95% Bayesian credible intervals (BCI) of node age were displayed as indicators 

of phylogenetic estimation uncertainty. All xml files for these runs can be found here 

https://github.com/XuetingQiu/LAIV_impacts. 

With BSSVS, Bayes factor (BF) was calculated for each transition rate with the 

probability of non-zero indicators and the prior probability (18,142). The value of BF reflects 

whether the transition rate is statistically important. The strength of statistical supports was 

interpreted with these criteria: BF < 3 indicates no significance; 3 ≤ BF < 10 indicates substantial 
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support, 10 ≤ BF < 30 indicates strong support, 30 ≤ BF < 100 indicates very strong support, and 

BF ³ 100 implies decisively statistical support (106). BF calculation was done by the program 

SpreaD3 (197) with the combined log file. Transmission rates and jump counts were extracted 

and calculated by python scripts with combined log file (python scripts can be found 

https://github.com/XuetingQiu/LAIV_impacts).  

Structured coalescent  

To infer the impacts of vaccination, structured coalescent was conducted to “subsampled 

dataset” containing three demes: Global, WBC-uv, TB-v; and also to Texas only dataset with 

two demes: WBC-uv and TB-v. The structured coalescent model was performed via the 

MultiTypeTree module (214) of BEAST v2.4.3 (216). This model can estimate migration rates 

between demes and effective population size for each deme. The GTR substitution model with 

Gamma invariant distribution was specified (93). The uncorrelated relaxed molecular clock with 

a log-normal distribution (98) was used to infer the evolutionary rate from dated samples. All 

parameters were set as the default priors, but the population size was set as a log-normal 

distribution and migration rate between demes was set as an exponential prior with a mean of 1.0 

(115). Due to the complexity of MultiType tree parameters, twelve independent MCMC chains 

of 200 million generations were simulated with sampling every 20,000 steps. Convergence was 

assessed in Tracer v1.7.1 and proper burn-in was removed to guarantee good convergence (ESS 

>200). LogCombiner in BEAST v2.4.3 (216) was used to combine these multiple runs to 

generate the log and tree files. TreeAnnotator v2.4.3 was used to summarize all trees to report 

the median of tree heights and its 95% BCI (217). All xml files for these runs can be found here 

https://github.com/XuetingQiu/LAIV_impacts. 
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Ethics Statement  

The majority of the genetic and epidemiological data used are publicly available, but 

without the host’s identification. Publicly available data from GISAID do not include protected 

health information or personal identifiers of patients from which the samples were isolated. The 

newly sequenced data from 81 patients have been deidentified before these data were used. No 

further medical or private information was disclosed. The original intervention study and data 

collection was conducted with IRB approval from Baylor College of Medicine. The subsequent 

sequencing activity and secondary data analysis of these biological samples was also approved 

by Baylor’s IRB.  

 

Results  

Phylogeny of Texas H3N2 samples 

To examine the phylogeny of Texas samples, Bayesian phylogenetic analysis was applied 

to the full dataset. The phylogeny (Figure 5.1 and Supplemental Figure III-1 with taxa 

information) showed the typical seasonality of influenza epidemics where each season of the 

Central Texas Trial samples clustered together with the global and U.S. samples in the 

corresponding North Hemisphere season. These Texas samples were locally clustered between 

WBC-uv and TB-v, and some globally clustered with U.S. and ECA samples. The estimated 

median of the most recent common ancestor time (tMRCA) was 2004.29 with a very narrow 

95% Bayesian Credible Interval (BCI) as [2004.21, 2004.37]. The estimated median of the 

substitution rate was 5.29E-3 substitutions/site/year with 95% BCI as [4.60E-3, 5.98E-3].  
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Transmission dynamics in the global scale 

Discrete trait model with BSSVS was employed to further quantify the transmission 

dynamics between the global regions, the U.S. and Texas. Results (Figure 5.2) showed that the 

U.S. significantly diffused H3N2 to EAP, ECA and LAC global regions, while EAP and EAC 

significantly transmitted viruses to the U.S. Among the world regions, EAP and ECA were the 

main sources to disseminate viruses to other regions. Since Texas-clustered subsampling scheme 

was used to capture the transmissions into and out of Texas, the role of SAS and MENA regions 

on viral diffusion may not be fully depicted by this dataset. Further to explore Texas samples 

with two discrete traits as the vaccinated cities TB-v and the unvaccinated cities WBC-uv, the 

transmissions were mostly restrained between these locals or with the U.S., while global regions 

rarely interacted with Texas local. Only one significant transmission between ECA and WBC-uv 

was observed.  

In detail (Table 5.1), the U.S. had 15.75 discrete state transitions with a rate of 1.52 (95% 

BCI: [0.56, 2.90]) events per lineage per year to transmit to WBC-uv and 24.49 discrete state 

transitions with a higher rate of 2.35 (95% BCI: [0.94, 4.08]) events per lineage per year to 

transmit to TB-v during 2004-2006, respectively. But these Texas local cities had very low 

transmissions back to the U.S., where the transmission between WBC-uv and the U.S. was even 

not statistically supported. Besides higher transmissions into TB-v from the U.S., Texas local 

transmissions reported 6.44 discrete state transitions from WBC-uv to TB-v, while the vice versa 

was 2.07, both of which were statistically supported. The exact transmission rates and their 95% 

BCI visualized in Figure 5.2 can be found in Table 5.1.  
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Transmission dynamics with both discrete trait analysis and structured coalescent  

To further explore the transmission dynamics between Texas local and other regions, 

discrete trait model and structured coalescent model were both applied to the subsampled dataset, 

including 127 “Global” sequences, 32 “TB-v” and 29 “WBC-uv”. The structured coalescent was 

used to quantify the migration rate, since it has the advantage to differentiate mutation events and 

migration events and improve the accuracy of phylogenetic reconstruction. The estimated 

medians of tMRCA and substitution rate were very similar from these two approaches 

(Supplemental Table III-1). These results showed a slightly wider 95% BCI compared with the 

estimates from the full dataset, which was probably because a smaller sample size can increase 

the uncertainty of the estimates.  

With the discrete trait model (Supplemental Table III-2), the transmissions between the 

Global, WBC-uv and TB-v showed very similar results with the full dataset: higher 

transmissions from the Global and WBC-uv into TB-v. But the transmissions from Texas local to 

the global were not statistically supported. The Global had 18.3 jump counts into WBC-uv and 

25.6 jump counts into TB-v with decisively statistical support (BF³100). WBC-uv had higher 

jump counts into TB-v (n=5.3) with a rate of 1.06 (95% BCI: [0.03, 2.76]) events per lineage per 

year compared to the vice versa (n=2.3) with a rate of 0.61 (95% BCI: [0.0005, 2.08]) events per 

lineage per year. These results suggested that compared to the unvaccinated population, 

vaccination intervention in a population may interrupt the transmission chains inside one 

population and require more introductions from external sources. Tree structure (Supplemental 

Figure III-2 with taxa information) also showed that the samples from Texas vaccinated 

population had less clustering and higher diversity. 
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Comparably, results with structured coalescent model showed that the median of 

migration rate from TB-v to WBC-uv was 0.45 (95% BCI: [5.48E-4, 1.30]) events per lineage 

per year, while the vice versa was 3.65 (95% BCI: [1.18, 7.04]) events per lineage per year. This 

result also emphasized that for the local transmission, the vaccinated population needed more 

external introductions to sustain its epidemics. Furthermore, the coalescence rates reported as 

coalescent time by the model showed that the Texas vaccinated population had a longer 

coalescent time (6.50 years, 95% BCI: [0.35, 35.54]), compared to the Texas unvaccinated 

population (0.08 years, 95% BCI: [0.005, 0.31]). The average 6.5 years to find a coalescent event 

in the vaccinated population indicated that the vaccinated population cannot form community 

transmissions but need various viral introductions from external sources.  

 

Structured coalescent model for Texas samples only 

To further narrow down and examine the transmission dynamics between Texas local, a 

separate structured coalescent model was conducted to the 61 isolates in Texas during 2004-2005 

and 2005-2006 influenza seasons. The phylogenetic tree (Figure 5.3a and supplemental Figure 

III-3 with taxa information) demonstrated a typical seasonal cluster within each flu season. The 

median of the estimated tMRCA was 2004.12 with 95% BCI as [2003.41, 2004.65]. The 

estimated median of substitution rate was 6.91E-3 with 95% BCI as [3.99E-3, 1.07E-2], which 

was slightly higher than the estimates from the full mater dataset and also had higher uncertainty 

with wider 95% BCI due to small sample size. The structured coalescent model indicated that 

WBC-uv was more likely to be the “source” transmitting virus to TB-v. The transmission counts 

from WBC-uv to TB-v had an estimated median of 57 (95% BCI: [28, 144]). The median of 

transmission counts from TB-v to WBC-uv was 27 (95% BCI: [0, 106]), where the 95% BCI 
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included 0, which indicated the transmission was not statistically supported. The median of the 

migration rate (Figure 5.3b) from TB-v to WBC-uv was 0.32 (95% BCI: [3.24E-4, 1.20]), and 

the vice versa was 2.40 (95% BCI: [0.70, 5.00]), which was statistically supported with a 

decisive BF= 690.78. Texas vaccinated population had an average coalescent time of 9.83 years 

(95% BCI: [0.06, 60.89]), while Texas unvaccinated population had the average coalescent time 

of 0.69 years (95% BCI: [0.02, 4.81]). This evidence echoed the results in the previous structured 

coalescent model conducted with the subsampled dataset, that is, vaccinated population had 

higher viral diversity with various introductions from external sources. The large coalescent time 

indicated that the vaccinated population cannot form community “clonal” transmissions.  

 

Discussion  

Global patterns of seasonal influenza H3N2 viruses on their genetic and antigenic 

variations have been well characterized (218). Frequently updated vaccines are necessary to 

match the rapidly changing antigenicity of circulating strains. Since the first introduction of the 

live attenuated influenza vaccines (LAIV) in 2003 in the U.S., the H3N2 vaccine candidates 

recommended for the North Hemisphere have been updated annually for continuous three 

seasons (A/Moscow/10/99-like virus for 2003-2004; A/Fujian/411/2002-like virus for 2004-

2005; A/California/7/2004-like virus for 2005-2006). Safety and efficacy studies on the vaccines 

have been conducted continuously, however, studies that explore the potential impacts of LAIV 

on viral population are rare. Therefore, this study took the advantage of data availability from the 

Central Texas Trial on the Control of Epidemic Influenza during 2004-2006 to quantitatively 

evaluate how vaccination could impact the viral genetic diversity and transmission dynamics for 

the first time. Results from this study indicate that the vaccinated population has higher genetic 
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diversity, needs more external introductions to sustain the epidemics in the community, and 

interrupts viral dissemination resulting in lower transmissions to external populations. 

The vaccination intervention in Central Texas during 2003-2006 covered the first 

introduction of LAIV in 2003 but before the universal recommendation of LAIV seasonal 

influenza vaccines in the U.S. and the globe, so that data outside the Texas represented the 

general population without any LAIV usage. This provided a unique opportunity to compare the 

population with planned usage of LAIV population to LAIV-naïve populations. To gradually 

narrow down the evaluation scope of the impacts of LAIV on genetic diversity and disease 

transmissions, analysis on different geographic scales were included: from a full global scale to a 

global subset scale and lastly to Texas local scale. The global transmission dynamics in this 

study echoed other studies regarding the important role of East Asia to disseminate H3N2 

seasonal virus to other regions (20), but the U.S. itself in this study was also identified as a major 

source. This result may be an artifact of the phylogenetic clustering subsampling strategy used in 

this study, which intended to capture all isolates that were closely clustered with the Texas 

samples but resulted in a “biased” sample (overrepresented U.S. sample) for the global 

transmission. Regardless, analyses from these different geographic scales consistently supported 

that the Texas vaccinated population received more introductions from Texas unvaccinated 

population but spread less to the Texas unvaccinated population. 

Furthermore, the structured coalescent model with only Texas data inferred that 

compared to the unvaccinated population, the vaccinated population had a very large averaged 

coalescent time to trace back and find a coalescent event for two viral samples. This indicated 

that the vaccination may interrupt the “clonal” transmissions inside one community but require 

more external introductions to sustain the epidemic. It supports the hypotheses I intended to test. 
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Though the biological mechanisms related to the host immune landscape in different populations 

cannot be inferred with the data, one potential explanation could be that the vaccination 

decreases the proportion of susceptible people in the population or/and reduces the amount of 

shedding virions in the infected people, which could interrupt the transmission chain within the 

population (219). With fewer susceptible hosts, the transmissions inside the population may be 

unlikely to establish but continuously introductions are needed to sustain the seasonal epidemics. 

Less virion shedding may not only break the transmission chain inside the vaccinated population 

but also reduce the possibility to transmit to the unvaccinated population. Taken together, though 

the epidemics in the vaccinated population have higher viral genetic diversity, which is probably 

a phenomenon created by “gathering” viruses from various external introductions, a lower 

dissemination from the vaccinated population could ultimately interrupt the transmissions during 

the epidemic season. This may have explained the herd immunity of vaccination from viral 

phylogenetic perspective.  

This study quantitatively evaluated the impacts of LAIV on viral genetic diversity and 

transmission dynamics, and provided phylogenetic evidence to recommend the usage of 

vaccines. But several limitations exist. These Texas samples are secondary data from an 

intervention study of which the primary goals were to improve the vaccination coverage in 

school-aged children and assess the safety and efficacy of the vaccines, where only very small 

number of positive samples (about 10% randomly selected) were able to be sequenced. This may 

result in an unrepresentative sample of the viral population. Furthermore, the original 

intervention study was inconsistent for each influenza season due to changes in epidemic start 

time or vaccination policy. For example, the epidemic started early during 2003-2004 with the 

H3N2 Fujian-like virus, which resulted in vaccination intervention unable to be implemented in a 
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timely manner. Another limitation is that the vaccination status of these samples was categorized 

based on the population status rather than individual level. Original studies (208,212) to explore 

the vaccine efficacy showed that the vaccination provided both direct protection and herd 

immunity in the intervention cities, which supported the study to categorize the vaccination 

status on the population level. But it restrains that results in this study only speak on the 

population-level. Finally, the study assumed that the epidemic sizes in vaccinated and 

unvaccinated population were the same based on the comparable total population size and age 

structure during each season within each location. A different conclusion may be drawn from 

other populations when they have a very different epidemic size each season.  

Nevertheless, this study showed consistent and statistically supported results from 

different geographic scales and different models, emphasizing that vaccination in a population 

could prevent disease transmissions to other populations. Phylogenetically, the vaccinated 

population has higher viral genetic diversity, needs more external introductions, but disseminates 

less to other populations. Further studies on a larger sample size with vaccination status available 

at the individual level are needed to verify these findings and identify the involved biological 

mechanisms. Taken together, this study has found the phylogenetic evidence for the benefits of 

vaccination.  
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Tables and Figures 

Table 5.1. Estimated introductions, transmission rates and their 95% BCI between different locations. The items in the cell in 
order are count of introductions, transmission rate and its 95% BCI. The cell color indicates Bayes Factor levels, where BF < 3 means 
no statistical support, 3 ≤ BF <10 indicates substantial support, 10 ≤ BF < 30 indicates strong support, 30 ≤ BF <100 indicates very 
strong support, and BF ³ 100 implies decisively statistical support.  
 
Geographic region abbreviation: East Asia and Pacific (EAP), Europe and Central Asia (ECA), Latin America and Caribbean (LAC), 
Middle East and North Africa (MENA), South Asia (SAS), Texas unvaccinated cities Waco and Bryan College Station (WBC-uv), 
Texas vaccinated cities Temple and Belton (TB-v). 
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Figure 5.1. Maximum clade credibility tree of H3N2 phylogeny with global regions, the 
U.S., and 2004-2006 Central Texas Trial samples. 
 
Geographic region abbreviation: East Asia and Pacific (EAP), Europe and Central Asia (ECA), 
Latin America and Caribbean (LAC), Middle East and North Africa (MENA), North America 
(NA, excluding the US), South Asia (SAS), Sub-Saharan Africa (AF), Texas unvaccinated cities 
Waco and Bryan College Station (WBC-uv), Texas vaccinated cities Temple and Belton (TB-v). 
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Figure 5.2. Transmission dynamics between global regions, the U.S., Texas vaccinated cities 
and Texas unvaccinated cities. Only statistically supported (Bayes Factor ³3) transmission 
rates are shown, with the arrow stroke weight proportional to the rate values.  
 
Geographic region abbreviation: East Asia and Pacific (EAP), Europe and Central Asia (ECA), 
Latin America and Caribbean (LAC), Middle East and North Africa (MENA), North America 
(NA, excluding the US), South Asia (SAS), Sub-Saharan Africa (AF), Texas unvaccinated cities 
Waco and Bryan College Station (WBC-uv), Texas vaccinated cities Temple and Belton (TB-v). 
  



 

 140 

 

 
 

 
 
  



 

 141 

Figure 5.3a. The typed-node maximum clade credibility tree for Texas-unvaccinated and 
Texas-vaccinated populations. The stroke weight of the branch is proportional to the posterior 
probability of the assigned type.  
 
Geographic location abbreviation: Texas unvaccinated cities Waco and Bryan College Station 
(WBC-uv), Texas vaccinated cities Temple and Belton (TB-v). 
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Figure 5.3b. The posterior backwards migration rate estimated between Texas-
unvaccinated and vaccinated populations. The y-axis represents density on a log scale. The 
left curve is the migration rate from Texas vaccinated to Texas unvaccinated population and the 
right curve is vice versa. The median migration rate from TB-v to WBC-uv is 0.32 (95% BCI: 
[3.24E-4, 1.20]) events per lineage per year, and the vice versa is 2.40 events per lineage per year 
(95% BCI: [0.70, 5.00]), which is statistically supported with a decisive BF= 690.78.  
 
Geographic location abbreviation: Texas unvaccinated cities Waco and Bryan College Station 
(WBC-uv), Texas vaccinated cities Temple and Belton (TB-v). 
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CHAPTER 6 

SUMMARY AND CONCLUSIONS 

 

The major objective of this dissertation is to develop and apply advanced phylogenetic 

models in the Bayesian framework to enhance the understanding of viral evolution and 

spatiotemporal dynamics. The targeted pathogens are primarily different influenza A virus 

subtypes and influenza B viruses, which continue to pose global public health threats, including 

several pandemics in history, heavy disease burdens in humans with annual seasonal outbreaks, 

and high economic loss with highly pathogenic viral strains causing large outbreaks in avian 

hosts (220). Vaccines are the most cost-effective approach to prevent infectious diseases, 

however, seasonal influenza viruses require large efforts to frequently update and distribute the 

vaccines annually, while zoonosis of the potential pandemic strains poses another threat of no 

stockpile of effective vaccines.  

To overcome the predicament of influenza vaccines, the National Institute of Allergy and 

Infectious Diseases (NIAID) has summarized the important research areas of influenza viruses 

that envision a transformative effort toward successful development of a universal influenza 

vaccine (54). A major component of research areas requires an improved understanding of 

influenza viral evolution and transmission to improve disease control measures. With advanced 

development of mathematical models, global genomic data sharing and improvement on 

computing power, computational modeling could be a powerful tool to understand this rapidly 

evolving pathogen and achieve the goal of a broadly protective or universal influenza vaccine. 
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Therefore, to extend and apply advanced models with integrating large genetic and 

epidemiological data to understand viral evolution and diffusion dynamics is critical for disease 

prevention and control (18).  

In this dissertation, I aimed to examine the evolutionary and epidemiological dynamics of 

influenza virus across ecological scales in order to improve disease control. To achieve this, 

specific studies were conducted to provide insights on: whether integrating viral protein structure 

can improve phylogenetic inference and better understand the evolution of vaccine targets; how 

the seasonal influenza epidemic spread among U.S. regions; and whether increased vaccination 

rate within a community can impact viral diversity and diffusion dynamics. Specifically, aim 1 

focused on developing a novel model to incorporating functional structure of hemagglutinin 

(HA) protein; aim 2 examined viral diffusion patterns and environmental factors that potentially 

affect the diffusion in the U.S. via phylodynamic modeling; aim 3 explored the impacts of H3N2 

live attenuated influenza vaccine (LAIV) on viral genetic diversity and diffusion dynamics in 

Central Texas, U.S., with a unique dataset. In this summary chapter, I will review the major 

results related to each aim, explore the potential applications, and finally discuss future 

directions. 

 

Highlights  

The novel structurally informed model developed in aim 1 incorporates the different 

structure domains and immune targets of HA glycoprotein, where globular head domain is the 

hypervariable and immunodominant region undergoing continuous antigenic drift while the more 

conserved stalk domain proximal to viral envelope is the immune-subdominant region (118,221). 

Though it has been reported that the head domain is highly plastic and amino acid mutations on 
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the head domain are the main sources for immune escape (65,118,157,221), there was no 

computationally flexible model to specifically quantify the evolutionary characteristics on each 

specific immunogenic domain, especially for viruses with a large population. Previously studies 

have used partitioning strategy mostly for multiple viral gene segments with keeping each whole 

gene as a partition (136) or on the codon positions inside one single gene (137), but partitioning 

strategy to reflect biologically functional structures have not been applied to HA. One major 

concern would be over-parameterization, where partitioning scheme adds extra parameters into 

the model but short length in each partition may not contain sufficient information for all the 

parameters to provide accurate reconstruction and estimation on viral evolution (136,222). 

Therefore, I proposed and tested a new model to incorporate a structurally informed partitioning 

scheme on a single protein into phylogenetic reconstruction. I evaluated the model fit and 

parameter estimations of four different models – HKY base model, SRD06 codon model, HKY 

with a structurally informed partitioning scheme, SRD06 with a structurally informed 

partitioning scheme - on pandemic H1N1pdm09, seasonal H1N1postpdm, A/H3N2, B-

Yamagata-like and Victoria-like lineages, and two highly pathogenic avian influenza A viruses 

H5Nx and H7N9. Decisive statistical support from the model selection procedure (via both path 

sampling and stepping-stone sampling) and accurate estimation on important evolutionary 

parameters validated the significance and superiority of the new model (i.e. SRD06 with a 

structurally informed partitioning scheme), which partitions on both codon positions and protein 

structural domains. The model can further provide biological insights for viral evolution, with 

domain-specific evolutionary rates and estimations on approximate selection pressures (i.e., 

dC1+2/dC3, the approximate ratio of non-synonymous changes over synonymous changes). The 

tree branches with domain-specific dC1+2/dC3 can inform the approximate selection pressure on 
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each strain, indicating some biological explanations related to antigenic drift and emerging 

strains. An extended case study of the new model on RSV showed similar results and 

conclusions on the different domains of RSV Fusion protein which is one of the main spike-

shaped surface glycoprotein on RSV viral envelope to induce immune responses in humans 

(127). Taken together, integrating a functionally informed partitioning scheme based on protein 

structures of immune targets allows for significant improvement of phylogenetic analysis and 

providing important biological insights for vaccine design. 

Aim 2 was conducted to understand the viral diffusion patterns and environmental factors 

that potentially affect the spatiotemporal dynamics, which is critical for the prevention and 

control of influenza outbreaks (18). Standing on the knowledge learned from other global studies 

on seasonal influenza virus diffusion (18–20,46), aim 2 specified the global introductions into 

the U.S. and explored the diffusion dynamics amongst the U.S. regions. I fully took the 

advantage of large and complete genetic and epidemiological datasets of all four 

subtypes/lineages of seasonal influenza viruses to answer important questions regarding viral 

diffusion patterns and significant predictors. Multiple global viral sources diffused viruses into 

the U.S., showing that East Asia and Pacific (EAP), Europe and Central Asia (ECA), and Latin 

America and Caribbean (LAC) are generally the main sources of transmission to the U.S., 

though each flu season in the U.S. may have a different major viral source. The diffusion 

patterns were compared longitudinally for each seasonal influenza subtype/lineage, showing that 

external introductions are the only sources for A/H3N2 seasonal outbreaks but local persistence 

from the prior season could be a source for A/H1N1, B-Victoria and B-Yamagata (especially for 

B-Victoria in which each season has viral source from the prior season). This viral source 

information can be valuable for the prediction of circulating strains in the U.S. Dynamics 
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amongst different regions (based on HHS official regions) in the U.S. demonstrated complicated 

diffusion patterns between regions, where a major hub diffused virus to all other regions: region 

5 for A/H3N2 and B-Victoria, region 4 for A/H1N1, and region 8 for B-Yamagata. With 

incorporated epidemiological and ecological factors for these regions into the model via 

generalized linear model, important predictors for disease transmission were identified, such as 

geographic distance, flight connections, and different population age structures. Longer 

geographic distance was identified as a barrier for viral diffusion. But more flight connections 

and lower proportion of the adults (18 to 64 years) [i.e., higher proportion of the youth (<18 

years) and the elderly (>65 years)] in the population may drive viral spread. This information 

highlights that improving prevention hygiene in the heavy traffic settings such as airports and 

increasing vaccine administration to the high-risk populations could be effective measures to 

prevent viral spread. 

Aim 3 zoomed in to check viral diffusion among local cities in Texas, with advanced 

phylodynamic modeling and structured coalescent model (115,223). Seasonal influenza H3N2 

viruses are highly antigenic diverse and have been well characterized on its global pattern of 

antigenic dynamics (218). This study took the advantage of data availability from the Texas 

Central Trial on the Control of Epidemic Influenza during 2004-2006 to quantitatively evaluate 

how H3N2 LAIV could impact the viral genetic diversity and transmission dynamics for the first 

time. The vaccine intervention was largely implemented to the school-aged children in the 

community scale in the experimental cities, while the control cities had no vaccine intervention. 

Results from this study indicated that the vaccinated population displays higher genetic diversity, 

needs more external introductions to sustain the epidemics, and interrupts viral dissemination 

resulting in lower transmissions to external regions. Therefore, this study found the phylogenetic 
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evidence of vaccination, which could affect viral diffusion in a beneficial way by interrupting the 

epidemic chains in the population, probably due to the immune landscape change in the 

susceptible and high-risk population. 

 

Applications 

Findings from developing the structurally informed phylogenetic model and exploring 

viral diffusion dynamics carry important insights of vaccination scheme and prevention measures 

for influenza viruses. How to apply the new model for optimizing vaccination strategy and how 

to come up effective prevention measures based on these findings will be discussed in this 

section.  

Vaccination strategy 

Vaccination is amongst the most cost-effective approaches available to prevent infectious 

diseases (224,225). Though the efficacy of seasonal influenza vaccines could vary from 10% - 

60%, the efforts on annual vaccine updates and administration have provided significant 

protection (84). In aim 2, results from the generalized linear model supported that higher 

vaccination rate in a region could lower the viral diffusion rates to other regions in the U.S. 

region-level. Furthermore, local dynamic study in Central Texas in aim 3 demonstrated that 

vaccination in school-aged children could interrupt the epidemic chain in the population with 

requiring more external introductions to maintain viral genetic diversity and sustain the 

epidemics but spread less viruses to unvaccinated populations. Therefore, the importance of 

vaccination to prevent influenza is valid.  

Another perspective regarding vaccination reflected in the study is who should be 

vaccinated. Aim 2 reported that the population age structure is a significant predictor for viral 
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spread. Higher proportion of the youth (<18 years) and the elderly (> 65 years) is positively 

associated with the migration rates in some viral subtypes/lineages, and lower proportion of 

adults (18 to 64 years) in the population can increase the viral migration rates with decisive 

statistical support in the joint estimate. These populations, especially children < 5 years and the 

elderly > 65 years, are considered at high risk for influenza infections (226). Currently, 

individuals age 6 months or older are recommended to receive 1 dose inactivated influenza 

vaccine (IIV), recombinant influenza vaccine (RIV) or LAIV annually (227,228). With our 

findings highlighting the roles of young children and the elderly on spreading viruses, the typical 

vaccination strategy may need to be reconsidered and reformed. According to the benefits of 

community-based vaccination on school-aged children in Central Texas (208–210,212), 

mandatory vaccination via community-level intervention could be used to guarantee a high 

percentage of vaccination in the high risk populations, including children and the elderly in the 

community. Furthermore, special vaccination scheme of customized high-dose vaccine or mixed 

types of vaccines needs to be developed for the weaker immune responses of young children and 

older adults. Cowling et al (229) is currently leading a clinical trial (ClinicalTrials.gov Identifier: 

NCT03330132) in Hong Kong to test the immune profiles over time of older adults aged 65-82 

years following different influenza vaccination strategies. This study to find the best vaccination 

strategy for the elderly has been undergoing since 2017. The importance of this study or future 

extended study for young children is supported by the findings in this dissertation. 

 

Other Effective prevention measures for influenza 

Besides vaccination, aim 2 also identified and confirmed an important congregation place 

where regular non-pharmaceutical prevention measures could be implemented, that is, in the 
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airports (or inside airplanes). Lemey et al. (18) reported the important role of flow passengers on 

spreading viruses in their global study. Aim 2 reported regions with busiest airports played as a 

primary hub for viral transmissions in the U.S. and flight connections between regions were 

recognized as a significant predictor for higher viral migration rates. Regular effective 

prevention measures include hand hygiene, wearing mask during sick, covering nose and mouth 

when coughing or sneezing, and disinfecting surfaces that are potentially contaminated 

(230,231). Especially, hand hygiene has been reported as the most effective prevention measure 

even in the household with close contact to sick individuals (230). A standardized disinfecting 

procedure for airports and airplanes, and improved hand hygiene via health education and 

providing disinfectant supplies to passengers during the flu season may help constrain viral 

spread. 

 

Future Directions  

In this dissertation, to enhance the understanding of viral evolution and diffusion 

dynamics and to facilitate disease prevention, novel phylogenetic model was developed and 

advanced phylodynamic models were applied. Findings in these specific studies can be applied 

to computational vaccine design and implementation of effective prevention measures for 

influenza infection. Future directions can be summarized into several perspectives. 

 

Two extended applications of the structurally informed phylogenetic model 

The structurally informed phylogenetic model developed in aim 1 has strong statistical 

support on its superiority to improve the accuracy of viral evolution reconstruction and provide 

valuable biological insights on protein structure domain-specific evolutionary rates and selection 
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pressure. To apply the novel model to computational influenza vaccine design, the reconstructed 

HA ancestral sequences via this model should be further tested in animal models to evaluate the 

magnitude and duration of cross-reactive immune responses (232). The application of this model 

can be extended to another influenza surface glycoprotein neuraminidase (NA) and to other viral 

pathogens with similar structurally distinctive immunogenic domains. The cross-reactive 

immunity induced by NA was largely ignored in vaccine development but has been drawing 

more attention in the scientific community recent years (233). NA has similar spike-shaped 

structure and high genetic diversity as HA, where the structurally informed model could be used 

to enlighten the domain-specific evolutionary history and predict how the viral population might 

evolve given a widely used NA vaccine. The potential to apply this model to other pathogens 

have been supported by the model testing on RSV in sub aim 1. It showed the model performed 

significantly better and provided extra information on viral protein domain-specific evolutionary 

characteristics. This model may provide valuable insights on vaccine design for RSV, of which 

currently no effective vaccine is available.  

 

Diffusion dynamics incorporated into Nextstrain platform 

Understanding and monitoring viral evolution and diffusion dynamics is important for 

effective prevention measures and surveillance. The diffusion dynamics from the global into the 

U.S. and among the U.S. regions can be incorporated into the nearly real-time tracking platform 

of pathogen evolution, Nextstrain (234). Nextstain is designed to integrate a database of 

pathogen genomes, an analysis pipeline of phylodynamic modeling and a flexibly interactive 

visualization (234). Though the platform is currently based on maximum likelihood approach, 

verifying and incorporating the dynamics generated by Bayesian framework could improve the 
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credibility of reconstruction on viral dynamics. The growing importance of real time tracking to 

prevent disease outbreak could be complemented by the accuracy and validation of viral 

diffusion dynamics reconstruction via Bayesian framework. In return, Nextstrain platform can 

provide a more informative prior to Bayesian inference via timely integrating data from new 

outbreak or early cases of the epidemic season, which can improve the model fitting in Bayesian 

framework to infer future diffusion dynamics.  

 

Vaccine design 

Traditional approaches have failed to produce stable and protective vaccines for 

hypervariable and rapidly-evolving viral pathogens, including influenza viruses and RSV 

(29,183). Currently, there is no effective vaccine for RSV (178). Challenges for influenza viruses 

include the rapid antigenic drifts and hypervariability of HA surface protein for different 

influenza subtypes, where influenza A viruses have been classified into Group 1 (H1, H2, H5, 

H6, H7, H8, H9, H11, H12, H13, H16, H17, and H18) and Group 2 (H3, H4, H7, H10, H14, and 

H15), and influenza B with two lineages B-Yamagata and B-Victoria (118). The annually WHO-

selected seasonal vaccine candidates (235) have frequently mismatched with circulating strains 

and failed to provide broad spectrum and long-lasting protection from seasonal human strains, 

not to say the probability of against potential pandemic from zoonosis strains (236,237). 

Fortunately, the growth of databases containing genome sequences sampled throughout global 

epidemics (238–240), increased computational power and theoretical algorithms allow complex 

data sources to be integrated into a unified framework providing the opportunity for a more 

complete understanding of pathogen and host features. This makes computational approaches 

valuable to provide novel insights on vaccine selection and design.  
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First, phylodynamic modeling to identify the viral diffusion patterns and potential 

predictors can improve the current approaches and be incorporated into predictive models for 

vaccine candidate selection (241,242). Aim 2 explored the main viral sources for the four 

subtypes/lineages of seasonal influenza viruses into the U.S. for each season. This information 

could be used to monitor and select vaccine candidates from the main viral source regions. 

Furthermore, epidemiological and ecological factors identified from global studies (18,20,243) 

and aim 2 in this dissertation could help predict the global and national diffusion patterns of 

seasonal influenza. Predictive models of viral evolution to forecast dominant circulating 

influenza viral strains in the upcoming influenza seasons through the analysis of genetic and 

epidemiological data from influenza surveillance system have been developed to make 

quantitative predictions of viral evolution and aim to improve the selection of seasonal influenza 

vaccine candidates (244,245). Though predictive model still relies on the traditional vaccine 

design pipeline requiring annual surveillance, it has demonstrated the potential to integrate 

multiple data sources to improve influenza vaccine design (244,245). 

Secondly, computational approaches to identify candidates for influenza vaccine design 

have been used with a variety of novel vaccine production strategies in development, including 

epitope-based design (79,246,247) and multiple sequence alignment comparison to generate 

computationally optimized broadly reactive antigens (COBRA) (86,248–251). These approaches 

mainly focus on the ‘unnatural immunity’ (252) induced by more conserved or less immune-

dominant domains in the surface proteins, internal proteins or both, to tackle with the high 

degree of variability in influenza viruses by boosting the immunity from the conserved or less 

evolvable proteins of the viruses. With the concept of unnatural immunity, ancestral sequence 

reconstruction based on maximum-likelihood (ML) approach (253) to generate evolutionarily 
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conserved sequences or HA stalk-based vaccine design (122,157,254) to use the conserved 

antigens in the stalk domain have been developed. The ancestral sequence reconstruction with 

ML approach has the disadvantage of being prone to sampling biases of viral sequences and not 

accountable for the variability of substitution rates among sites (253). Though currently HA 

stalk-based vaccine design is not based on computational approaches (232), it has demonstrated 

cross-reactive protection for different subtypes of influenza viruses (254). Despite the potential 

for HA-stalk design to elicit broadly reactive immune response, a number of challenges remain 

(reviewed in (255) and (65)), including a limited understanding of the full repertoire of potential 

epitopes on viral proteins. 

The novel structurally informed model developed in aim 1 can overcome the problems in 

ML approach and extend the concept of stalk-based design to identify the full repertoire of 

conserved epitopes in all viral proteins (Figure 6.1). The structurally informed model, a Bayesian 

approach, generates a distribution of the possible ancestral sequences with accounting for the 

uncertainty of the estimation, rather than only one or a few maximum likelihood sequence (256). 

It also considers that the substitution rate variations in the structural domains and the codon 

positions of pathogen protein can be under disparate immunologic pressures and thus have 

impacts on the evolutionary phylogeny (118) and the accuracy of ancestral sequence 

reconstruction. With this approach, ancestral sequences to capture the conserved epitopes for the 

whole genome can be used to test the cross-reactive protection from multiple subtypes of 

influenza viruses, which ultimately aims for designing a universal vaccine (54). The extended 

review of computational approaches for influenza universal vaccine design can be found in the 

Appendix IV.  
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Figure 6.1. Ancestral sequence reconstruction from structurally informed phylogenetic 
modeling. This novel Bayesian approach can be used to reconstruct ancestral sequence at the 
ancestral node (shown as black dot on the tree). Evolutionary models that incorporate protein 
structural domains can separately estimate the evolutionary history on each functional partition 
as the HA head and stalk domains. Based on the evolutionary relationship among different 
subtypes of influenza A virus, common ancestral sequences of head and stalk domains can be 
generated within influenza A virus Group 1 (H1, H2, H5, H6, H7, H8, H9, H11, H12, H13, H16, 
H17, and H18) and within Group 2 (H3, H4, H7, H10, H14, and H15), respectively. It can 
generate common ancestral sequences or understand the mutation characteristics separately for 
each group. Outputs from this approach, like ancestral epitopes, peptides, or proteins will be 
tested at in-vitro and/or in-vivo models to evaluate their immunogenicity. The proposed concept 
as shown is based on HA gene sequences, but it should be used for all the gene segments of 
influenza viruses to generate a full profile of viral immunogenicity. 
 

 
 

 

Verifying the significant predictors in a higher resolution 

In aim 2, the geographic unit for testing the epidemiological and ecological predictors is 

the U.S. Human Health Service regions, resulting in lower resolution of these predictors with 

averaged measures from multiple states across several seasons. It is important to verify the 

conclusion in a smaller geographic unit, for example, different cities in the U.S. After verified, 

including these predictors in predictive models for circulating viral strains may improve the 

accuracy of prediction (245).  
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Vaccine impacts on viral evolution with long-term data 

Aim 3 found that population vaccinated with live attenuated vaccines required more 

external viral introductions to sustain the epidemic and had less disseminations to unvaccinated 

population. To further confirm the impacts of vaccines on viral genetics and diffusion dynamic, 

long-term or multi-location datasets are needed. One potential great dataset would be from the 

ongoing clinical trial for the elderly in Hong Kong (229). This study could provide data with a 

four-year time span and using different vaccination strategies in the elderly, including standard 

inactivated influenza vaccine, MF59-adjuvanted inactivated influenza vaccine, high-dose 

inactivated influenza vaccine, and recombinant HA inactivated influenza vaccine. Data from this 

study will help evaluate the impacts of different types of influenza vaccine on viral diversity and 

diffusion dynamics when vaccinating the elderly in the community.  

 

Conclusions 

Taken together, the main contribution of this dissertation includes: 1) the integration of 

protein structure to improve phylogenetic model on viral evolutionary reconstruction; and 2) the 

application of advanced viral phylodynamic modeling to quantify viral diffusion dynamics and 

vaccine impacts in the U.S. The new phylogenetic evolutionary model that accounts for rate 

variations across a single protein and across codon positions significantly improves phylogenetic 

reconstruction of influenza viruses (and RSV). It is a valuable tool that is able to provide 

biological insights on protein structure domain specific evolutionary characteristics and 

approximate selection pressure on these domains. Advanced phylodynamic modeling applied 

across ecological scales for the U.S. national and local data delivered information on the patterns 

of viral diffusion, significant epidemiological and ecological predictors that affect the diffusion, 
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and the role of vaccination on local disease dynamics. These findings from these studies provide 

the standing points for future studies to apply and verify the instructive recommendations on 

vaccine design, surveillance and prevention measures of influenza viruses. 
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APPENDICES 

 

I. SUPPMENTAL MATERIAL FOR CHAPTER 2 

STRUCTUALLY INFORMED EVOLUTIONARY MODELS IMPROVE PHYLOGENETIC 

RECONSTRUCTION FOR EMERGING, SEASONAL, AND PANDEMIC INFLUENZA 

VIRUSES 

 

Supplemental Table I-1. The nucleotide sites of functional partitions for each influenza 
subtype. The nucleotide sites are corresponding to the aligned HA open reading frame of 
nucleotide sequences for each influenza subtype. STC represents the combination of signal 
peptide, transmembrane domain and cytoplasmic tail. HPAI means highly pathogenic avian 
influenza. 
 

Influenza subtypes STC domain Stalk domain Head domain 

A/H1N1pdm09 1-51, 1591-1701 52-216, 874-1590 217-873 

A/H1N1postpdm 1-51, 1591-1701 52-216, 874-1590 217-873 

A/H3N2 1-48, 1588-1701  49-204, 877-1587  205-876 

B-Victoria 1-45, 1645-1758 46-171, 922-1644 172-921 

B-Yamagata 1-45, 1642-1755 46-171, 919-1641 172-918 

HPAI H7N9 1-54, 1573-1683 55-216, 856-1572 217-855 

HPAI H5Nx 1-48, 1597-1713 49-174, 868-1596 175-867 
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Supplemental Table I-2. The domain-specific rates from p model compared to cp model for 
each influenza subtype. The results showed that p-model slightly underestimates the domain-
specific rate compared to cp model. HPAI means highly pathogenic avian influenza.  
 
Models: The P model takes the protein structure partitions into account based on the amino acid 
positions for each domain on the linear diagram. The CP model combines both c and p models, 
which estimates codon positions in protein structural partitions. Both models use HKY 
substitution model. 
 

 Datasets 

Substitution rates (subs/site/year) 

P model CP model 

Head Stalk Head Stalk 

A/H1N1pdm09 9.18E-03 6.46E-03 1.05E-02 7.81E-03 

A/H1N1postpdm 3.37E-03 2.98E-03 4.12E-03 3.81E-03 

A/H3N2 3.87E-03 3.02E-03 4.54E-03 3.83E-03 

B-Victoria 2.50E-03 1.68E-03 3.07E-03 2.29E-03 

B-Yamagata 1.80E-03 7.73E-04 3.47E-03 2.72E-03 

HPAI H7N9 4.45E-03 3.52E-03 5.43E-03 4.48E-03 

HPAI H5Nx-full 5.26E-03 3.80E-03 6.85E-03 5.26E-03 
 
Supplemental Table I-3. Model selection and parameter estimations from two subsets of 
H3N2. The full H3N2 dataset is randomly sampled down to 40% to generate two subsets, which 
results in each containing 365 isolates from different geographical and temporal distributions. 
The results show that the new model performs stably for different subsets and are not sensitive 
the different distributions of the dataset by year and by country (Distributions of the two subsets 
are shown in Table I-3 in appendix figures a and b following the table).  

Models: HKY model is a substitution model that considers different base frequencies and 
assigns different rates for transitions v.s. transversions. The c model represents SRD06 codon 
position model. The partitioning strategy is to analyze codon positions 1 + 2 and codon position 
3 separately. The p model takes the protein structure partitions into account based on the amino 
acid positions for each domain on the linear diagram. The cp model combines both c and p 
models, which estimates codon positions in protein structural partitions. Both models use HKY 
substitution model. 
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Parameters H3N2 subset 1 H3N2 subset 2 

Bayes Factors by path-
sampling for model 
selection 

  

HKY model - - 
c model 146.3 130.9 
p model 5.2 6.0 

cp model 167.3 144.5 
Bayes Factors by 
stepping-stone for 
model selection 

  

HKY model - - 
c model 146.2  130.8  
p model 5.2 5.7 

cp model 167.8 144.0 
Substitution rates  
for each model 

  

HKY model 4.39E-03 [3.9596E-3,4.8401E-3] 4.33E-03 [3.9024E-3,4.7817E-3] 
c model 4.51E-03 [4.0855E-3,4.9475E-3] 4.43E-03 [3.9946E-3,4.8712E-3] 
p model 4.37E-03 [3.9456E-3,4.8208E-3] 4.31E-03 [3.8896E-3,4.7522E-3] 

cp model 4.50E-03 [4.0775E-3,4.9391E-3] 4.36E-03 [3.9300E-3,4.8035E-3] 
Root Height  
for each model  

  

HKY model 13.851 [13.2406,14.7147] 13.866 [13.2242,14.7571] 
c model 13.855 [13.2584,14.7190] 13.881 [13.1729,14.7161] 
p model 13.858 [13.2862,14.7688] 13.878 [13.2330,14.7818] 

cp model 13.859 [13.2574,14.7566] 13.874 [13.1963,14.7553] 
Partition-Specific 
substitution rates 

  

Stalk domain  5.08E-03 4.93E-03 
Head domain  6.01E-03 5.71E-03 
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Table I-3 appendix figure a. Distribution of H3N2 subset 1 by year and by country. 
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Table I-3 appendix figure b. Distribution of H3N2 subset 2 by year and by country. 
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Supplemental Table I-4. Model selection and parameter estimation from the Early and 
Later epidemic stage of H1N1pdm09. The early epidemic stage of H1N1pdm09 is defined as 
04/01/2019-07/15/2019 with 274 isolates, and the Later epidemic stage of H1N1pdm09 is 
defined as 07/16/2019-12/31/2019 with 231 isolates. The results show that the superiority of the 
new model holds (BF>5 compared to HKY model) and performs stably (overall substitution 
rates, root height and domain-specific substitution rates are similar from each model) for dataset 
from different stage of epidemics. The substitution rates and overall dC1+2/dC3 are lower at the 
later stage of the pandemic than the early stage of the pandemic.  
 

Parameters H1N1pdm09-Early H1N1pdm09-Later 

Bayes Factors by 
path-sampling for 
model selection 

  

HKY model - - 
c model 34.0 28.2 
p model 5.3 7.5 

cp model 40.9 35.7 
Bayes Factors by 
stepping-stone for 
model selection 

  

HKY model - - 
c model 33.6 27.5 
p model 5.7 7.0 

cp model 42.5 34.9 
Substitution rates  
for each model 

  

HKY model 9.66E-03 [7.54E-03, 1.20E-02]  8.03E-03 [6.57E-03, 9.54E-03]  
c model 9.84E-03 [7.71E-03, 1.21E-02] 8.06E-03 [6.65E-03, 9.54E-03]  
p model 9.66E-03 [7.49E-03, 1.19E-02]  8.02E-03 [6.50E-03, 9.52E-03]  

cp model 9.75E-03 [7.51E-03, 1.20E-02] 8.09E-03 [6.66E-03, 9.59E-03] 
Root Height  
for each model  

  

HKY model 0.551 [0.4311, 0.7001] 0.8801 [0.7322, 1.0806]  
c model 0.546 [0.4313, 0.7009] 0.8821 [0.7353, 1.0773]  
p model 0.547 [0.4305, 0.6950] 0.8819 [0.7379, 1.0863]  

cp model 0.551 [0.4334, 0.7066] 0.8808 [0.7313, 1.0704] 
Partition-Specific 
substitution rates 
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Stalk domain  9.36E-03 8.59E-03 
Head domain  1.32E-02 1.10E-02 

Overall dC1+2/dC3 0.45 0.39 
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Supplemental Figure I-1. H3N2 Branch Specific dC1+2/dC3 for Head and Stalk domain 
separately. dC1+2/dC3 means the ratio of substitution rate of codon positions 1 and 2 over the 
rate of codon position 3. Figure a is for Head domain and b is for Stalk domain. These branch 
specific dC1+2/dC3 is the median value for each branch from the MCMC steps. The branch stroke 
weight is proportional to the value of dC1+2/dC3 for each tree. The blue branch color represents 
the branch specific dC1+2/dC3 is lower than the overall median of dC1+2/dC3 for all isolates, while 
the orange branch color means the branch specific value is higher than the overall median. 
Vertical lines indicate the introduction time of vaccine strains selected by WHO. Solid vertical 
line represents North Hemisphere vaccine strain and dashed line represents South Hemisphere 
vaccine strain. There were 13 vaccine strains introduced during a 10-year period. 
Head domain has much higher dC1+2/dC3 (0.63-0.75) compared to stalk domain (0.21-0.23) but 
all dC1+2/dC3 are less than 1, which means the stalk domain is under higher purifying selection to 
maintain its conserved functionality. Some branches have higher dC1+2/dC3, where the color is 
orange and branch weight is thicker. Taken together, this model could provide potential 
biological and quantitative information to understand viral evolution.  
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a.  Head domain 
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b. Stalk domain  

 

  

2000 2005 2010 2012.52007.52002.51997.5

Stalk domain dC1+2/dC3
< Median of Stalk dC1+2/dC3
> Median of Stalk dC1+2/dC3
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Supplemental Figure I-2. Egypt H5Nx Branch Specific dC1+2/dC3 for Head and Stalk 
domain separately. dC1+2/dC3 means the ratio of substitution rate of codon positions 1 and 2 
over the rate of codon position 3. Figure a is for Head domain and b is for Stalk domain. These 
branch specific dC1+2/dC3 is the median value for each branch from the MCMC steps. The 
branch stroke weight is proportional to the value of dC1+2/dC3 for each tree. The blue branch 
color represents the branch specific dC1+2/dC3 is lower than the overall median of dC1+2/dC3 for 
all isolates, while the orange branch color means the branch specific value is higher than the 
overall median.  
Head domain has much higher dC1+2/dC3 (0.12 – 1.87) compared to stalk domain (0.09 – 0.32), 
which means the stalk domain is under higher purifying selection to maintain its conservation 
and head domain occasionally experiences diversifying selection with dC1+2/dC3 >1 in avian 
population. Furthermore, higher dC1+2/dC3 are observed in avian viral branches, which means 
that viruses experience lesser purifying selection pressure to generate more diverse on non-
synonymous changes in avian populations. Taken together, this model could provide potential 
biological explanations of host factors on viral evolution. 
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a. Head domain  
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b. Stalk domain 
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> Median of Stalk dC1+2/dC3
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II. SUPPMENTAL MATERIAL FOR CHAPTER 4 

DIFFUSION DYNAMICS OF SEASONAL INFLUENZA VIRUSES IN THE U.S. DRIVEN 

BY FLIGHT CONNECTIONS AND HIGH-RISK POPULATIONS 

 

Supplemental Text II-1. Subsampling strategy 

After coded into the WHO World Bank regions 

(https://www.who.int/healthinfo/global_burden_disease/definition_regions/en/; U.S. was kept 

separately from North America region for purpose of analysis) or U.S. Health and Human 

Services regions (HHS, https://www.hhs.gov/about/agencies/iea/regional-offices/index.html; 

Hawaii was kept separately from Region 9 and Alaska was kept separately from Region 10 

because of distinctive geographic location and climate conditions), identical sequences collected 

from the same region were removed. After conducting descriptive statistics of metadata 

distributions by region and by year, random sampling was used to generate a representative 

subset in each region. 

For the global regions, if the data records of a region in a given year had less than 20 

isolates, all of these isolates were kept; if the records had more than 20 but less than 200 isolates, 

20 isolates were randomly selected; if the records had more than 200 but less than 1000 isolates, 

30 isolates were randomly selected; if the records contained more than 1000 isolates, 50 isolates 

were randomly retained. For the U.S. data in the global dataset, since the study aimed to capture 

the picture of introductions into the U.S., so slightly higher weights were put on the U.S. 

samples. 50 isolates were randomly selected if the records for the year were less than 1000 and 

60 isolates were randomly selected if the records had more than 1000 isolates.  
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When it came to the U.S. HHS region data, after examining the data distributions by each 

region, all isolates were kept for the region that had less than 80 isolates, 80 isolates were 

randomly selected if the records for the region had more than 80 but less than 200 isolates, 90 

isolates for the region that had more than 200 but less than 300 isolates, 100 isolates for the 

region that had more than 300 but less than 500 isolates, 110 isolates for the region that had more 

than 500 but less than 1000 isolates, and 120 isolates for the region that had more than 1000 

isolates. 

The brief summary of subsampling strategy was below:  

Global dataset subsampling criteria 
(by region and year) 

U.S. region dataset subsampling 
criteria (by region) 

 Total records Subsampled Total records Subsampled 

For seven WHO 
defined global 
regions 

<20 Keep all N < 80 Keep all 

20 £ N < 200 20 80 £ N < 200 80 

200 £ N < 1000 30 200 £ N < 300 90 

N ³ 1000 50 300 £ N < 500 100 
For the U.S. 

itself 

N < 1000 50 500 £ N < 1000 110 

N ³ 1000 60 N ³ 1000 120 

 

Multiple sets of subsampled data were generated for global dataset and for the U.S. 

region dataset. Each subset was conducted with a preliminary analysis by checking the estimated 

root height, evolutionary rates and potential outliers to confirm that the subsampling strategy was 

proper and consistent results from different subsets were generated.  
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Supplemental Table II-1. Distribution of the global dataset by type, year and region before 
and after the subsampling procedure.  
 
Abbreviations: East Asia and Pacific (EAP), Europe and Central Asia (ECA), Latin America and 
Caribbean (LAC), Middle East and North Africa (MENA), North America (NA, excluding the 
U.S.), South Asia (SAS), Sub-Saharan Africa (AF). 
 

Region Year 
A/H1N1 A/H3N2 B-Victoria B-Yamagata 

Record Subset  Record Subset  Record Subset  Record Subset  
AF 2011 120 20 79 20 47 20 12 12 
AF 2012 45 20 100 20 50 20 26 20 
AF 2013 92 20 78 20 26 20 42 20 
AF 2014 35 20 153 20 33 20 28 20 
AF 2015 166 20 190 20 4 4 90 20 
AF 2016 137 20 161 20 117 20 54 20 
AF 2017 250 30 219 30 89 20 27 20 
AF 2018 206 30 48 20 41 20 98 20 
EAP 2011 866 30 695 30 292 30 103 20 
EAP 2012 170 20 600 30 230 30 180 20 
EAP 2013 566 30 580 30 133 20 239 30 
EAP 2014 536 30 882 30 89 20 264 30 
EAP 2015 440 30 1,299 50 157 20 434 30 
EAP 2016 947 30 1,261 50 538 30 298 30 
EAP 2017 723 30 1,832 50 342 30 635 30 
EAP 2018 742 30 661 30 155 20 487 30 
ECA 2011 854 30 236 30 136 20 45 20 
ECA 2012 180 20 833 30 114 20 200 20 
ECA 2013 907 30 441 30 111 20 441 30 
ECA 2014 690 30 979 30 28 20 201 30 
ECA 2015 869 30 1,335 50 78 20 527 30 
ECA 2016 2,009 50 1,806 50 784 40 118 20 
ECA 2017 494 30 2,271 50 327 30 768 30 
ECA 2018 1,023 50 1,369 50 97 20 1,328 50 
LAC 2011 132 20 228 30 20 20 1 1 
LAC 2012 261 30 158 20 55 20 22 20 
LAC 2013 242 30 113 20 41 20 23 20 
LAC 2014 126 20 301 30 42 20 92 20 
LAC 2015 219 30 368 30 63 20 141 20 
LAC 2016 713 30 161 20 172 20 98 20 
LAC 2017 118 20 716 30 159 20 294 30 
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LAC 2018 693 30 341 30 129 20 247 30 
MENA 2011 86 20 79 20 18 18 2 2 
MENA 2012 46 20 53 20 12 12 8 8 
MENA 2013 50 20 38 20 6 6 24 20 
MENA 2014 66 20 81 20 0 0 43 20 
MENA 2015 215 30 80 20 10 10 38 20 
MENA 2016 193 20 216 30 74 20 17 17 
MENA 2017 177 20 153 20 55 20 78 20 
MENA 2018 99 20 213 30 17 17 92 20 
NA 2011 5 5 93 20 6 6 2 2 
NA 2012 33 20 121 20 1 1 1 1 
NA 2013 93 20 92 20 4 4 9 9 
NA 2014 29 20 246 30 2 2 13 13 
NA 2015 13 13 205 30 7 7 10 10 
NA 2016 262 30 531 30 21 20 14 14 
NA 2017 45 20 1,502 30 79 20 87 20 
NA 2018 65 20 794 30 38 20 74 20 
SAS 2011 49 20 37 20 22 20 3 3 
SAS 2012 175 20 36 20 21 20 19 19 
SAS 2013 124 20 118 20 9 9 12 12 
SAS 2014 58 20 47 20 10 10 18 18 
SAS 2015 316 30 63 20 4 4 30 20 
SAS 2016 61 20 49 20 64 20 57 20 
SAS 2017 178 20 121 20 41 20 33 20 
SAS 2018 135 20 64 20 14 14 54 20 
USA 11-12 214 50 371 50 47 47 51 50 
USA 12-13 133 50 866 50 62 50 108 50 
USA 13-14 532 50 294 50 51 50 72 50 
USA 14-15 49 30 1,256 60 128 50 297 50 
USA 15-16 1,107 60 572 50 316 50 399 50 
USA 16-17 253 50 1,895 60 417 50 352 50 
USA 17-18 654 50 1,142 60 163 50 584 50 
Total    21,086 1,718 31,922 1,930 6,418 1,341 10,164 1,461 
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Supplemental Table II-2. Distribution of U.S. dataset by type and region before and after 
the subsampling procedure. 
 

Region 
A/H1N1 A/H3N2 B-Victoria B-Yamagata 

Record Subset  Record Subset  Record Subset  Record Subset  
Region 1 275 90 733 110 134 80 210 90 
Region 2 339 100 599 110 76 76 113 80 
Region 3 420 100 832 120 164 80 254 90 
Region 4 638 110 1,121 120 251 90 383 100 
Region 5 505 110 1,289 140 200 90 326 100 
Region 6 423 100 940 120 159 80 262 90 
Region 7 195 80 417 100 65 65 125 80 
Region 8 378 100 666 110 135 80 294 90 
Region 9 449 100 862 120 157 80 242 90 
Region 10 226 90 634 110 88 80 202 90 
Hawaii 104 80 228 90 70 70 104 80 
Alaska 68 68 215 90 20 20 65 65 
Total 4,020 1,128 8,536 1,340 1,519 891 2,580 1,045 

 

Supplemental Table II-3a. The estimated median and 95% BCI of the most recent common 
ancestor time from phylogenetic modeling for the global datasets. 
 
Dataset The oldest isolate date Median of tMRCA* 95% BCI+ 

A/H1N1 2011.00 2010.14 (2010.01, 2010.26) 

A/H3N2 2011.00 2010.24 (2010.10, 2010.36) 

B-Victoria 2011.00 2009.69 (2009.50, 2009.87) 

B-Yamagata 2011.01 2010.26 (2010.09, 2010.42) 

tMRCA*: The most common ancestor time.  
95% BCI+: 95% Bayesian Credible Interval.  
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Supplemental Table II-3b. The estimated median and 95% BCI of the most recent common 
ancestor time from phylogenetic modeling for U.S. datasets. 
 
Dataset The oldest isolate date Median of tMRCA* 95% BCI+ 

A/H1N1 2011.95 2011.34 (2011.18, 2011.48) 

A/H3N2 2011.77 2011.14 (2010.98, 2011.30) 

B-Victoria 2011.76 2010.93 (2010.70, 2011.17) 

B-Yamagata 2011.78 2011.04 (2010.81, 2011.24) 

tMRCA*: The most common ancestor time.  
95% BCI+: 95% Bayesian Credible Interval.  
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Supplemental Table II-4. The full global transmission matrix for each influenza type. The three items in each matrix cell in order 
are count of introductions, migration rate, and its 95% Bayesian Credible Interval (95% BCI). The rows of the table are the donor 
region and the columns are the recipient region. The cell color indicates BF levels, where BF < 3 means no statistical support, 3 ≤ BF 
<10 indicates substantial support, 10 ≤ BF < 30 indicates strong support, 30 ≤ BF <100 indicates very strong support, and BF ³ 100 
implies decisively statistical support.  
 
Abbreviations: East Asia and Pacific (EAP), Europe and Central Asia (ECA), Latin America and Caribbean (LAC), Middle East and 

North Africa (MENA), North America (NA, excluding the U.S.), South Asia (SAS), Sub-Saharan Africa (AF). 
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II-4a. A/H1N1 

 

  

23.6
1.523

[0.668, 2.574]

16.2
1.385

[0.448, 2.626]

4.3
0.653

[0.007, 1.544]

8.2
0.655

[0.112, 1.388]

90.2
3.243

[1.855, 4.777]

17.4
1.030

[0.321, 1.912]

0.8
0.282

[0.003, 0.809]

8.2
0.497

[0.099, 1.062]

0.7
0.363

[0.010, 1.052]

5.5
0.639

[0.049, 1.519]

0.1
0.154

[0.002, 0.533]

55.7
2.006

[1.076, 3.051]

3.8
0.411

[0.026, 1.005]

0.0
0.126

[0.003, 0.481]

57.0
2.771

[1.601, 4.191]

0.5
0.230

[0.000, 0.695]

6.5
0.624

[0.084, 1.412]

0.4
0.220

[0.002, 0.644]

43.2
1.568

[0.850, 2.504]

1.5
0.331

[0.004, 0.886]

0.2
0.176

[0.000, 0.611]

3.9
0.315

[0.023, 0.749]

12.4
0.823

[0.294, 1.567]

0.8
0.307

[0.001, 0.980]

0.1
0.157

[0.000, 0.456]

128.8
4.642

[2.914, 6.609]

1.5
0.359

[0.003, 0.937]

0.2
0.212

[0.002, 0.694]

71.1
3.448

[1.922, 5.074]

0.6
0.268

[0.000, 0.774]

2.3
0.505

[0.004, 1.280]

0.4
0.282

[0.001, 0.886]

41.6
1.506

[0.816, 2.461]

2.0
0.382

[0.001, 0.948]

0.1
0.184

[0.001, 0.619]

28.7
1.391

[0.541, 2.354]

4.8
0.514

[0.031, 1.203]

1.9
0.439

[0.008, 1.192]

3.1
0.618

[0.001, 1.587]

5.1
0.473

[0.032, 1.095]

39.3
2.266

[1.058, 3.659]

6.8
0.525

[0.092, 1.163]

15.5
0.788

[0.223, 1.542]

10.7
0.722

[0.204, 1.434]

5.7
0.703

[0.071, 1.615]

6.4
0.735

[0.069, 1.744]

2.9
0.305

[0.013, 0.781]

93.6
3.378

[2.003, 5.003]

3.2
0.395

[0.011, 0.995]

2.9
0.311

[0.011, 0.799]

13.7
0.908

[0.339, 1.650]

0.0
0.137

[0.001, 0.612]

2.1
0.467

[0.004, 1.348]

0.1
0.149

[0.001, 0.591]

78.1
2.821

[1.648, 4.104]

2.7
0.405

[0.023, 1.041]

Recipient

AF EAP ECA LAC MENA NA SAS USA

AF

EAP

ECA

LAC

MENA

NA

SAS

USA

D
on

or

BF category:

<3 [3, 10) [10, 30) [30, 100) >=100
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II-4b. A/H3N2  

 

  

22.4
1.415

[0.542, 2.588]

10.4
0.899

[0.184, 1.952]

0.6
0.315

[0.002, 0.911]

21.7
1.387

[0.460, 2.550]

43.4
1.836

[0.774, 3.211]

47.8
2.251

[0.807, 3.785]

1.9
0.382

[0.003, 0.986]

22.0
0.836

[0.298, 1.535]

0.5
0.258

[0.001, 0.803]

0.4
0.287

[0.000, 0.903]

0.2
0.198

[0.001, 0.614]

28.7
1.225

[0.424, 2.164]

15.7
0.862

[0.140, 1.795]

5.0
0.440

[0.051, 1.046]

109.9
4.018

[2.539, 5.726]

0.2
0.218

[0.011, 0.687]

1.7
0.341

[0.018, 0.889]

0.7
0.331

[0.000, 0.912]

26.2
1.134

[0.444, 1.977]

6.5
0.553

[0.038, 1.192]

0.0
0.129

[0.002, 0.513]

18.2
0.737

[0.182, 1.380]

27.8
1.746

[0.847, 2.898]

1.0
0.332

[0.001, 0.978]

2.3
0.377

[0.005, 0.946]

68.5
2.898

[1.655, 4.352]

17.1
0.846

[0.230, 1.665]

4.4
0.457

[0.029, 1.045]

85.7
3.149

[1.867, 4.623]

0.3
0.238

[0.002, 0.707]

1.5
0.412

[0.008, 1.277]

0.1
0.180

[0.001, 0.547]

38.7
1.656

[0.779, 2.698]

11.8
0.639

[0.138, 1.302]

0.2
0.188

[0.004, 0.657]

92.2
3.376

[1.983, 5.027]

32.0
2.002

[0.865, 3.427]

3.3
0.585

[0.011, 1.571]

12.0
0.894

[0.187, 1.787]

5.4
0.596

[0.041, 1.386]

55.2
2.579

[1.379, 4.116]

3.1
0.471

[0.008, 1.157]

69.9
2.556

[1.401, 4.063]

38.3
2.395

[1.117, 3.943]

9.1
0.780

[0.117, 1.732]

0.3
0.285

[0.002, 0.862]

1.2
0.344

[0.000, 1.026]

54.4
2.305

[1.194, 3.714]

0.9
0.314

[0.009, 0.888]

9.7
0.476

[0.085, 0.982]

8.0
0.626

[0.094, 1.308]

0.2
0.241

[0.007, 0.754]

0.4
0.298

[0.000, 0.899]

0.0
0.089

[0.000, 0.351]

50.0
2.135

[1.131, 3.263]

4.0
0.419

[0.015, 0.994]

Recipient

AF EAP ECA LAC MENA NA SAS USA

AF

EAP

ECA

LAC

MENA

NA

SAS

USA

D
on

or

BF category:

<3 [3, 10) [10, 30) [30, 100) >=100



 

 221 

II-4c. B-Victoria 

 

  

AF

EAP

ECA

LAC

MENA

NA

SAS

USA

0.80
0.413

[0.002, 1.230]

0.59
0.384

[0.002, 1.259]

0.39
0.378

[0.003, 1.181]

26.66
2.167

[0.847, 3.830]

16.66
1.051

[0.027, 3.999]

24.93
1.778

[0.636, 3.117]

1.62
0.412

[0.006, 1.080]

46.57
1.971

[0.495, 3.291]

0.22
0.285

[0.001, 0.954]

1.32
0.551

[0.001, 1.570]

0.01
0.097

[0.001, 0.418]

15.42
1.026

[0.098, 2.660]

2.36
0.467

[0.030, 1.244]

0.04
0.167

[0.000, 0.542]

59.97
2.403

[1.199, 3.676]

0.12
0.227

[0.003, 0.775]

0.29
0.318

[0.000, 1.007]

0.18
0.224

[0.002, 0.687]

7.32
0.579

[0.027, 1.621]

0.20
0.226

[0.004, 0.708]

0.02
0.133

[0.003, 0.667]

35.76
1.549

[0.557, 2.794]

13.02
1.257

[0.407, 2.408]

0.24
0.294

[0.003, 1.015]

0.04
0.156

[0.001, 0.670]

14.78
1.094

[0.067, 2.500]

6.81
0.618

[0.057, 1.392]

0.14
0.209

[0.002, 0.710]

72.14
2.868

[1.649, 4.369]

0.03
0.198

[0.003, 0.553]

0.07
0.214

[0.001, 0.842]

0.13
0.288

[0.000, 0.917]

14.24
1.053

[0.314, 2.095]

0.58
0.346

[0.005, 0.987]

0.16
0.213

[0.001, 0.664]

92.12
3.686

[1.749, 5.718]

5.80
0.660

[0.102, 1.483]

0.78
0.337

[0.002, 1.092]

4.54
0.604

[0.034, 1.577]

7.95
0.748

[0.140, 1.578]

15.43
1.192

[0.194, 2.598]

8.74
0.774

[0.183, 1.579]

84.15
3.387

[1.059, 5.370]

10.21
1.000

[0.252, 2.100]

0.20
0.294

[0.000, 1.009]

0.32
0.348

[0.003, 1.202]

0.13
0.255

[0.003, 0.828]

33.93
2.242

[0.329, 4.668]

4.83
0.580

[0.065, 1.345]

39.31
1.622

[0.403, 2.750]

0.07
0.216

[0.002, 0.772]

0.13
0.252

[0.000, 0.926]

1.54
0.485

[0.000, 1.354]

0.14
0.248

[0.002, 0.771]

15.86
1.063

[0.182, 2.365]

1.30
0.400

[0.005, 1.106]

Recipient

AF EAP ECA LAC MENA NA SAS USA

D
on

or

BF category:

<3 [3, 10) [10, 30) [30, 100) >=100



 

 222 

II-4d. B-Yamagata  

 

  

2.79
0.610

[0.001, 1.531]

1.10
0.513

[0.002, 1.416]

6.16
0.882

[0.039, 2.056]

9.80
0.915

[0.125, 1.992]

66.88
2.991

[1.485, 4.776]

40.21
2.417

[1.042, 4.034]

7.43
0.649

[0.121, 1.401]

32.40
1.244

[0.521, 2.178]

0.10
0.242

[0.001, 0.866]

3.71
0.513

[0.048, 1.267]

0.04
0.140

[0.002, 0.504]

49.53
2.254

[1.220, 3.536]

3.03
0.455

[0.012, 1.157]

0.02
0.132

[0.004, 0.435]

50.18
1.907

[1.050, 2.904]

1.37
0.316

[0.006, 0.914]

0.69
0.366

[0.010, 1.047]

1.30
0.368

[0.001, 1.007]

24.62
1.132

[0.500, 1.920]

5.97
0.525

[0.079, 1.199]

0.35
0.212

[0.005, 0.614]

30.47
1.176

[0.356, 2.076]

5.69
0.559

[0.084, 1.262]

0.04
0.210

[0.001, 0.656]

0.05
0.187

[0.000, 0.590]

59.00
2.659

[1.463, 4.064]

2.37
0.490

[0.003, 1.374]

3.34
0.386

[0.041, 0.947]

81.01
3.062

[1.809, 4.579]

0.31
0.282

[0.001, 0.829]

5.20
0.672

[0.033, 1.545]

0.59
0.324

[0.000, 0.942]

29.35
1.356

[0.502, 2.299]

0.03
0.146

[0.000, 0.568]

0.60
0.299

[0.000, 0.900]

86.17
3.250

[1.854, 4.924]

1.99
0.499

[0.002, 1.381]

0.20
0.309

[0.000, 1.131]

2.96
0.672

[0.001, 1.745]

10.00
0.931

[0.132, 1.991]

30.29
1.830

[0.789, 3.151]

1.27
0.466

[0.004, 1.266]

72.56
2.754

[1.483, 4.246]

10.21
0.943

[0.213, 2.007]

0.32
0.323

[0.003, 1.057]

10.45
1.072

[0.218, 2.263]

1.27
0.380

[0.003, 1.088]

50.62
2.288

[1.140, 3.646]

0.16
0.228

[0.000, 0.808]

20.81
0.812

[0.291, 1.459]

5.38
0.552

[0.051, 1.221]

0.04
0.196

[0.001, 0.677]

1.79
0.414

[0.006, 1.118]

0.21
0.268

[0.001, 0.799]

53.66
2.435

[1.394, 3.752]

1.31
0.368

[0.000, 0.948]

Recipient

AF EAP ECA LAC MENA NA SAS USA

AF

EAP

ECA

LAC

MENA

NA

SAS

USA

D
on

or

BF category:

<3 [3, 10) [10, 30) [30, 100) >=100
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Supplemental Table II-5. The full global transmission matrix and U.S. season-specific transmissions for each influenza type. 
The three items in each matrix cell in order are count of introductions, migration rate, and its 95% Bayesian Credible Interval 
(95%BCI). The rows of the table are the donor region and the columns are the recipient region. The cell color indicates BF levels, 
where BF < 3 means no statistical support, 3 ≤ BF <10 indicates substantial support, 10 ≤ BF < 30 indicates strong support, 30 ≤ BF 
<100 indicates very strong support, and BF ³ 100 implies decisively statistical support.  
 
Abbreviations: East Asia and Pacific (EAP), Europe and Central Asia (ECA), Latin America and Caribbean (LAC), Middle East and 

North Africa (MENA), North America (NA, excluding the U.S.), South Asia (SAS), Sub-Saharan Africa (AF). 
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II-5a. A/H1N1 

 

  

0.0
0.118

[0.003, 0.456]

0.0
0.158

[0.003, 0.739]

0.0
0.133

[0.001, 0.574]

0.0
0.107

[0.001, 0.619]

0.0
0.141

[0.005, 0.653]

0.0
0.128

[0.005, 0.564]

0.0
0.113

[0.000, 0.391]

0.8
0.377

[0.002, 1.158]

13.9
0.940

[0.247, 1.836]

1.6
0.343

[0.015, 0.902]

8.7
0.638

[0.107, 1.372]

0.0
0.128

[0.006, 0.511]

0.3
0.239

[0.008, 0.699]

0.0
0.139

[0.001, 0.596]

3.1
0.639

[0.094, 1.530]

0.0
0.229

[0.001, 0.906]

0.0
0.109

[0.001, 0.561]

0.0
0.165

[0.004, 0.707]

0.0
0.146

[0.003, 0.684]

3.4
0.350

[0.035, 0.814]

1.2
0.424

[0.017, 1.179]

0.0
0.135

[0.000, 0.548]

6.0
0.544

[0.068, 1.216]

0.1
0.180

[0.005, 0.553]

0.5
0.280

[0.014, 0.709]

0.0
0.133

[0.002, 0.531]

0.0
0.213

[0.002, 0.716]

0.0
0.121

[0.008, 0.504]

0.0
0.179

[0.001, 0.805]

0.0
0.108

[0.002, 0.490]

0.0
0.152

[0.013, 0.665]

0.0
0.163

[0.000, 0.725]

0.0
0.154

[0.001, 0.552]

1.7
0.511

[0.004, 1.347]

17.1
1.114

[0.362, 2.201]

1.9
0.386

[0.012, 0.961]

12.7
0.813

[0.167, 1.627]

0.3
0.265

[0.001, 0.744]

0.0
0.169

[0.002, 0.679]

0.0
0.136

[0.005, 0.521]

0.0
0.114

[0.001, 0.402]

0.0
0.123

[0.001, 0.707]

0.0
0.108

[0.000, 0.415]

0.0
0.121

[0.002, 0.527]

0.0
0.115

[0.005, 0.474]

6.1
0.539

[0.151, 1.107]

0.0
0.115

[0.002, 0.581]

0.0
0.184

[0.000, 0.791]

0.1
0.218

[0.003, 0.643]

9.5
0.604

[0.163, 1.248]

7.2
0.580

[0.122, 1.335]

0.0
0.193

[0.002, 0.612]

0.0
0.229

[0.001, 0.774]

0.0
0.140

[0.012, 0.590]

0.0
0.160

[0.000, 0.680]

0.0
0.223

[0.019, 0.864]

0.4
0.386

[0.003, 1.122]

0.0
0.240

[0.002, 0.982]

1.7
0.370

[0.010, 0.966]

0.2
0.365

[0.004, 1.242]

0.2
0.249

[0.005, 0.672]

1.8
0.409

[0.001, 1.058]

4.9
0.368

[0.063, 0.824]

0.1
0.278

[0.002, 0.823]

0.0
0.183

[0.003, 0.750]

0.0
0.157

[0.014, 0.558]

0.0
0.118

[0.003, 0.465]

0.0
0.139

[0.002, 0.635]

0.0
0.199

[0.001, 0.926]

0.0
0.123

[0.001, 0.542]

0.0
0.153

[0.000, 0.578]

3.4
0.446

[0.050, 1.024]

4.5
0.576

[0.096, 1.325]

3.0
0.674

[0.049, 1.338]

0.1
0.175

[0.004, 0.545]

14.9
0.917

[0.235, 1.723]

3.9
0.452

[0.049, 1.019]

0.3
0.272

[0.014, 0.810]

0.0
0.116

[0.006, 0.554]

0.0
0.137

[0.001, 0.655]

0.0
0.128

[0.001, 0.630]

0.0
0.186

[0.005, 0.877]

0.0
0.125

[0.003, 0.556]

0.0
0.156

[0.002, 0.593]

3.9
0.375

[0.055, 0.828]

6.6
0.791

[0.170, 1.664]

0.0
0.132

[0.000, 0.346]

0.2
0.228

[0.003, 0.624]

0.0
0.152

[0.004, 0.408]

0.2
0.185

[0.001, 0.562]

0.0
0.115

[0.001, 0.429]

0.0
0.229

[0.005, 0.801]

0.0
0.173

[0.001, 0.639]

0.1
0.343

[0.001, 1.096]

0.0
0.198

[0.010, 0.902]

2.6
0.630

[0.045, 1.421]

1.3
0.525

[0.009, 1.395]

0.0
0.200

[0.002, 0.770]

1.0
0.548

[0.009, 1.499]

36.1
2.226

[0.819, 3.784]

0.3
0.303

[0.003, 0.909]

30.4
1.637

[0.354, 3.160]

7.9
0.747

[0.100, 1.587]

0.0
0.191

[0.007, 0.660]

4.9
0.789

[0.110, 1.739]

3.3
0.546

[0.064, 1.264]

12.5
1.775

[0.653, 3.213]

0.0
0.280

[0.002, 1.030]

25.1
3.166

[1.714, 4.916]

0.0
0.279

[0.001, 1.010]

4.6
0.773

[0.102, 1.669]

0.7
0.334

[0.012, 0.938]

32.2
1.984

[0.956, 3.336]

1.7
0.436

[0.026, 1.098]

30.6
1.602

[0.646, 2.744]

3.0
0.539

[0.011, 1.224]

0.2
0.276

[0.001, 0.797]

0.1
0.317

[0.004, 1.074]

0.0
0.109

[0.002, 0.610]

0.1
0.296

[0.003, 1.040]

0.2
0.415

[0.001, 1.180]

4.7
0.703

[0.102, 1.639]

0.7
0.545

[0.000, 1.608]

0.0
0.259

[0.001, 0.837]

23.0
1.850

[0.792, 3.132]

0.5
0.446

[0.003, 1.379]

0.6
0.395

[0.000, 1.192]

60.2
2.918

[1.044, 5.634]

4.9
0.745

[0.025, 1.669]

1.5
0.591

[0.010, 1.466]

5.2
0.920

[0.107, 2.041]

10.9
1.534

[0.613, 2.748]

4.7
0.884

[0.093, 1.992]

0.5
0.491

[0.006, 1.471]

5.5
0.902

[0.128, 1.930]

1.6
0.562

[0.019, 1.391]

11.0
1.603

[0.597, 2.851]

1.9
0.527

[0.012, 1.268]

15.0
1.687

[0.509, 3.291]

7.2
0.799

[0.086, 1.673]

51.5
2.686

[1.328, 4.244]

4.5
0.716

[0.065, 1.573]

0.1
0.207

[0.004, 0.833]

1.4
0.568

[0.007, 1.417]

0.0
0.135

[0.003, 0.586]

0.3
0.486

[0.002, 1.475]

0.5
0.468

[0.006, 1.453]

14.0
1.778

[0.668, 3.320]

7.5
1.277

[0.183, 2.625]

0.3
0.310

[0.000, 0.889]

0.6
0.503

[0.004, 1.467]

1.9
0.712

[0.002, 1.831]

106.8
6.539

[3.522, 10.117]

10.0
0.926

[0.184, 1.877]

51.8
3.512

[1.974, 5.373]

6.1
0.709

[0.109, 1.537]

0.0
0.187

[0.000, 0.657]

0.0
0.151

[0.003, 0.667]

1.7
0.499

[0.013, 1.367]

1.5
0.463

[0.005, 1.289]

2.7
0.724

[0.039, 1.658]

0.5
0.477

[0.008, 1.442]

0.0
0.178

[0.000, 0.661]

11.4
0.966

[0.232, 1.842]

12.4
1.487

[0.323, 2.941]

49.6
3.024

[1.252, 4.962]

3.3
0.471

[0.031, 1.162]

55.0
2.821

[1.263, 4.585]

4.1
0.615

[0.031, 1.391]

1.7
0.413

[0.018, 1.080]

0.0
0.147

[0.002, 0.585]

0.1
0.328

[0.000, 1.066]

0.0
0.299

[0.001, 1.087]

0.0
0.236

[0.007, 0.766]

0.0
0.308

[0.000, 1.112]

0.0
0.140

[0.002, 0.730]

14.0
1.143

[0.462, 2.035]

0.1
0.313

[0.006, 1.025]

16.9
1.245

[0.222, 2.378]

0.0
0.179

[0.002, 0.693]

66.6
3.479

[2.078, 5.165]

1.6
0.519

[0.030, 1.247]

AF

EAP

ECA

LAC

MENA

NA

SAS

USA11-12

USA12-13

USA13-14

USA14-15

USA15-16

USA16-17

USA17-18

D
on

or

Recipient

AF EAP ECA LAC MENA NA SAS USA11-12 USA12-13 USA13-14 USA15-16 USA16-17USA14-15 USA17-18

BF category:

<3 [3, 10) [10, 30) [30, 100) >=100
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II-5b. A/H3N2 

 

  

1.65
0.391

[0.011, 1.043]

0.05
0.235

[0.001, 1.041]

0.01
0.173

[0.004, 0.814]

0.15
0.319

[0.001, 0.932]

0.01
0.211

[0.009, 0.804]

0.01
0.191

[0.001, 0.838]

2.04
0.361

[0.025, 0.849]

0.57
0.389

[0.002, 1.039]

0.52
0.437

[0.003, 1.126]

0.35
0.373

[0.010, 0.977]

0.88
0.274

[0.003, 0.640]

3.25
0.335

[0.041, 0.712]

0.07
0.228

[0.001, 0.776]

0.00
0.107

[0.000, 0.301]

0.04
0.244

[0.002, 0.792]

0.00
0.107

[0.000, 0.483]

0.00
0.136

[0.006, 0.530]

0.00
0.162

[0.004, 0.590]

0.00
0.132

[0.008, 0.816]

0.00
0.061

[0.001, 0.316]

7.50
0.805

[0.044, 1.947]

0.06
0.187

[0.003, 0.644]

0.23
0.291

[0.002, 0.834]

21.57
0.946

[0.372, 1.630]

4.37
0.554

[0.067, 1.127]

0.00
0.086

[0.003, 0.372]

0.00
0.079

[0.003, 0.377]

0.00
0.091

[0.001, 0.432]

0.16
0.345

[0.001, 1.037]

0.00
0.119

[0.004, 0.460]

0.00
0.134

[0.002, 0.428]

0.00
0.129

[0.009, 0.548]

0.07
0.202

[0.002, 0.586]

0.09
0.230

[0.003, 0.774]

0.05
0.170

[0.003, 0.507]

7.55
0.750

[0.114, 1.464]

0.08
0.164

[0.001, 0.612]

19.51
0.920

[0.397, 1.522]

0.06
0.215

[0.000, 0.540]

0.00
0.083

[0.002, 0.277]

0.00
0.126

[0.003, 0.634]

0.01
0.163

[0.000, 1.045]

1.93
0.650

[0.017, 1.597]

0.01
0.163

[0.002, 0.614]

0.01
0.146

[0.001, 0.614]

0.72
0.323

[0.008, 0.915]

14.69
1.487

[0.052, 2.696]

0.09
0.293

[0.001, 1.065]

0.28
0.330

[0.009, 0.944]

15.53
0.839

[0.124, 1.576]

1.71
0.360

[0.006, 0.906]

0.02
0.153

[0.000, 0.555]

0.00
0.076

[0.008, 0.486]

0.00
0.126

[0.010, 0.493]

0.01
0.148

[0.006, 0.688]

0.03
0.174

[0.010, 0.676]

0.00
0.126

[0.000, 0.570]

0.01
0.132

[0.007, 0.402]

1.39
0.318

[0.010, 0.813]

0.01
0.125

[0.003, 0.379]

0.01
0.139

[0.002, 0.591]

2.33
0.366

[0.018, 0.912]

1.07
0.433

[0.007, 0.948]

17.94
0.909

[0.357, 1.570]

0.01
0.141

[0.003, 0.531]

0.00
0.094

[0.004, 0.291]

0.00
0.087

[0.002, 0.424]

0.00
0.097

[0.001, 0.431]

0.00
0.136

[0.006, 0.567]

0.00
0.109

[0.000, 0.567]

0.07
0.307

[0.006, 0.848]

0.05
0.221

[0.001, 1.070]

13.59
1.018

[0.166, 2.391]

0.01
0.155

[0.000, 0.682]

3.68
0.389

[0.042, 0.882]

12.24
0.614

[0.115, 1.225]

0.21
0.282

[0.003, 0.923]

0.02
0.174

[0.006, 0.690]

0.00
0.090

[0.000, 0.419]

0.00
0.116

[0.002, 0.538]

0.00
0.136

[0.002, 0.630]

0.00
0.108

[0.002, 0.538]

0.00
0.110

[0.006, 0.421]

0.02
0.182

[0.003, 0.644]

12.77
0.960

[0.294, 1.802]

0.71
0.323

[0.002, 0.851]

0.02
0.189

[0.003, 0.605]

5.31
0.459

[0.082, 0.990]

2.48
0.367

[0.013, 0.880]

3.01
0.339

[0.027, 0.767]

2.21
0.359

[0.035, 0.876]

0.00
0.106

[0.004, 0.506]

0.02
0.203

[0.009, 0.845]

0.07
0.311

[0.006, 1.029]

1.88
0.593

[0.031, 1.393]

2.43
0.624

[0.045, 1.523]

1.08
0.549

[0.030, 1.434]

0.04
0.249

[0.004, 0.894]

3.75
0.625

[0.041, 1.412]

0.43
0.392

[0.002, 1.102]

0.34
0.348

[0.011, 1.010]

34.80
1.494

[0.651, 2.517]

32.07
1.489

[0.599, 2.604]

6.82
0.635

[0.079, 1.414]

33.22
3.334

[1.927, 5.059]

11.49
1.408

[0.304, 2.786]

3.96
0.677

[0.077, 1.537]

8.81
2.069

[0.030, 3.436]

0.28
0.436

[0.001, 1.431]

5.03
0.758

[0.085, 1.752]

6.75
0.938

[0.172, 1.953]

0.41
0.381

[0.002, 1.068]

1.50
0.473

[0.012, 1.184]

4.56
0.731

[0.053, 1.634]

49.70
2.121

[1.053, 3.404]

15.84
0.865

[0.179, 1.747]

0.05
0.235

[0.009, 0.789]

0.33
0.359

[0.011, 0.914]

0.18
0.286

[0.000, 0.854]

0.01
0.196

[0.001, 0.576]

1.61
0.732

[0.018, 1.557]

0.05
0.274

[0.003, 0.782]

0.02
0.174

[0.004, 0.689]

0.01
0.151

[0.003, 0.546]

30.61
2.133

[1.101, 3.396]

3.06
0.541

[0.040, 1.361]

3.11
0.516

[0.028, 1.159]

73.48
3.152

[1.886, 4.594]

23.39
1.101

[0.421, 1.944]

5.61
0.640

[0.073, 1.347]

18.45
1.897

[0.888, 3.127]

1.91
0.577

[0.013, 1.470]

4.08
0.942

[0.058, 2.030]

8.15
1.101

[0.189, 2.227]

5.22
0.892

[0.102, 1.862]

4.99
0.750

[0.155, 1.654]

0.14
0.363

[0.003, 1.025]

0.92
0.400

[0.009, 1.028]

21.27
1.766

[0.362, 3.331]

0.06
0.267

[0.006, 1.015]

48.06
2.067

[1.014, 3.315]

26.62
1.259

[0.431, 2.266]

0.17
0.248

[0.003, 0.779]

24.43
2.471

[1.266, 4.017]

0.42
0.454

[0.000, 1.347]

1.69
0.626

[0.008, 1.586]

11.77
1.993

[0.073, 3.989]

0.82
0.605

[0.004, 1.701]

0.55
0.560

[0.003, 1.704]

2.64
0.609

[0.041, 1.504]

40.78
2.846

[1.369, 4.576]

25.04
1.893

[0.507, 3.562]

17.53
1.467

[0.444, 2.759]

15.24
1.215

[0.225, 2.396]

85.77
3.914

[2.345, 5.774]

3.19
0.592

[0.039, 1.423]

1.50
0.530

[0.018, 1.285]

8.34
1.340

[0.090, 2.817]

0.63
0.435

[0.006, 1.221]

12.05
1.418

[0.281, 2.901]

6.57
1.149

[0.083, 2.549]

0.18
0.435

[0.002, 1.294]

0.52
0.488

[0.002, 1.334]

48.07
3.310

[1.683, 5.139]

41.44
3.029

[1.383, 4.982]

0.38
0.434

[0.000, 1.351]

5.19
0.758

[0.038, 1.863]

64.14
2.753

[1.535, 4.265]

0.84
0.430

[0.004, 1.114]

0.01
0.136

[0.000, 0.378]

0.01
0.202

[0.008, 0.651]

0.14
0.307

[0.002, 0.964]

0.23
0.374

[0.027, 1.012]

0.01
0.182

[0.001, 0.622]

0.01
0.195

[0.002, 0.625]

0.11
0.266

[0.001, 0.880]

7.05
0.711

[0.105, 1.513]

0.29
0.336

[0.007, 0.964]

0.38
0.391

[0.012, 1.187]

0.02
0.131

[0.001, 0.565]

54.68
2.356

[1.386, 3.540]

9.71
0.649

[0.115, 1.308]

BF category:

<3 [3, 10) [10, 30) [30, 100) >=100

Recipient

AF EAP ECA LAC MENA NA SAS USA11-12 USA12-13 USA13-14 USA15-16 USA16-17USA14-15 USA17-18

AF

EAP

ECA

LAC

MENA

NA

SAS

USA11-12

USA12-13

USA13-14

USA14-15

USA15-16

USA16-17

USA17-18

D
on

or
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II-5c. B-Victoria 

 

  

3.5
0.739

[0.076,1.850]

0.0
0.203

[0.001,0.878]

0.0
0.131

[0.002,0.498]

0.0
0.157

[0.003,0.709]

0.0
0.134

[0.005,0.527]

0.0
0.133

[0.001,0.673]

0.1
0.209

[0.007,0.658]

0.5
0.427

[0.002,1.328]

0.4
0.303

[0.002,0.889]

11.9
1.145

[0.326,2.189]

0.1
0.158

[0.003,0.475]

2.4
0.297

[0.018,0.720]

0.0
0.099

[0.002,0.549]

0.0
0.152

[0.003,0.670]

1.4
0.485

[0.023,1.283]

0.0
0.108

[0.002,0.602]

0.0
0.174

[0.001,0.597]

0.0
0.121

[0.003,0.381]

0.0
0.109

[0.001,0.409]

0.1
0.263

[0.006,0.871]

0.3
0.454

[0.003,1.587]

0.3
0.527

[0.001,1.377]

0.3
0.227

[0.002,0.685]

19.0
0.955

[0.423,1.596]

0.1
0.240

[0.004,0.757]

0.0
0.183

[0.006,0.611]

0.0
0.143

[0.005,0.564]

0.0
0.152

[0.003,0.677]

1.0
0.508

[0.009,1.359]

0.0
0.144

[0.010,0.562]

0.0
0.104

[0.003,0.426]

0.0
0.114

[0.002,0.432]

0.0
0.153

[0.000,0.571]

1.5
0.955

[0.001,2.259]

0.0
0.249

[0.007,0.875]

0.2
0.250

[0.002,0.701]

32.6
1.611

[0.905,2.473]

0.1
0.194

[0.001,0.635]

0.0
0.100

[0.000,0.482]

0.0
0.222

[0.000,0.943]

0.0
0.158

[0.005,0.637]

0.0
0.204

[0.003,0.845]

7.1
1.039

[0.276,2.101]

0.0
0.190

[0.001,0.649]

0.0
0.158

[0.002,0.577]

0.0
0.144

[0.000,0.566]

0.1
0.273

[0.006,0.873]

0.0
0.215

[0.001,0.750]

3.0
0.363

[0.050,0.861]

0.1
0.137

[0.005,0.379]

0.6
0.215

[0.000,0.565]

0.1
0.201

[0.002,0.626]

0.0
0.163

[0.003,0.654]

0.0
0.100

[0.001,0.551]

0.0
0.201

[0.000,0.850]

0.0
0.240

[0.001,0.719]

1.3
0.436

[0.008,1.105]

0.0
0.149

[0.005,0.483]

0.0
0.203

[0.011,0.656]

0.1
0.304

[0.002,1.070]

0.0
0.144

[0.002,0.738]

4.6
0.476

[0.074,1.083]

3.7
0.407

[0.054,0.853]

5.3
0.616

[0.081,1.306]

0.3
0.253

[0.001,0.744]

0.0
0.185

[0.005,0.701]

0.0
0.152

[0.003,0.743]

0.0
0.225

[0.001,0.748]

0.0
0.154

[0.001,0.625]

0.0
0.149

[0.002,0.690]

15.3
1.796

[0.800,3.130]

0.6
0.309

[0.001,0.918]

0.0
0.201

[0.003,0.838]

0.1
0.295

[0.002,0.974]

0.0
0.192

[0.000,0.567]

0.6
0.219

[0.004,0.583]

3.0
0.408

[0.038,0.933]

0.0
0.176

[0.002,0.638]

0.0
0.176

[0.000,0.676]

0.0
0.155

[0.004,0.665]

0.0
0.294

[0.000,1.071]

0.0
0.105

[0.000,0.567]

0.0
0.168

[0.001,0.700]

0.0
0.107

[0.001,0.572]

0.0
0.214

[0.003,0.795]

0.1
0.357

[0.000,1.315]

0.0
0.255

[0.005,1.035]

1.7
0.325

[0.020,0.844]

0.4
0.291

[0.002,0.887]

15.6
1.147

[0.447,2.112]

0.6
0.299

[0.007,0.832]

0.0
0.126

[0.002,0.664]

0.1
0.338

[0.003,1.051]

1.2
0.542

[0.010,1.488]

0.0
0.290

[0.004,0.808]

0.0
0.156

[0.001,0.613]

0.0
0.153

[0.001,0.651]

15.8
1.843

[0.743,3.210]

0.5
0.487

[0.000,1.558]

4.0
1.095

[0.009,2.789]

0.0
0.103

[0.003,0.386]

43.7
2.141

[1.121,3.346]

2.2
0.537

[0.029,1.349]

0.0
0.167

[0.006,0.539]

11.0
1.590

[0.606,2.851]

6.5
0.977

[0.216,1.972]

6.0
1.223

[0.278,2.425]

0.0
0.254

[0.006,0.885]

2.1
0.439

[0.033,1.103]

0.0
0.109

[0.004,0.388]

1.0
0.377

[0.006,0.981]

0.1
0.278

[0.005,0.973]

1.0
0.524

[0.007,1.613]

0.9
0.390

[0.015,0.979]

39.2
1.929

[1.053,2.922]

0.7
0.367

[0.001,0.961]

0.0
0.173

[0.012,0.493]

0.0
0.124

[0.001,0.530]

0.0
0.163

[0.000,0.605]

0.1
0.367

[0.003,1.145]

0.0
0.258

[0.004,0.830]

0.0
0.134

[0.003,0.463]

0.0
0.199

[0.001,0.755]

3.6
0.712

[0.063,1.560]

13.7
1.426

[0.316,2.734]

0.2
0.390

[0.001,1.330]

0.0
0.185

[0.005,0.498]

49.9
2.440

[1.403,3.710]

3.9
0.574

[0.048,1.294]

0.0
0.196

[0.001,0.724]

7.2
1.071

[0.078,3.381]

7.7
1.218

[0.277,2.513]

0.3
0.489

[0.002,1.395]

12.0
1.695

[0.634,3.129]

4.2
0.697

[0.113,1.573]

16.4
2.252

[0.979,3.800]

1.1
0.554

[0.001,1.475]

0.0
0.216

[0.001,0.820]

0.5
0.556

[0.001,1.729]

0.1
0.366

[0.000,1.049]

38.6
1.902

[1.019,2.939]

1.9
0.547

[0.022,1.353]

0.1
0.273

[0.002,0.781]

8.7
1.262

[0.351,2.469]

1.1
0.513

[0.011,1.354]

1.4
0.743

[0.003,2.010]

16.9
2.372

[1.000,4.051]

0.2
0.451

[0.001,1.403]

10.4
1.451

[0.497,2.663]

28.4
3.221

[1.473,5.548]

10.1
1.108

[0.210,2.407]

0.9
0.585

[0.002,1.738]

5.0
0.817

[0.031,1.977]

20.8
1.726

[0.733,3.037]

22.1
1.612

[0.424,3.162]

11.0
0.995

[0.246,1.972]

0.9
0.483

[0.022,1.281]

0.0
0.280

[0.011,0.990]

5.1
1.042

[0.152,2.216]

1.9
0.636

[0.048,1.567]

4.8
0.816

[0.137,1.821]

0.3
0.364

[0.009,1.059]

7.8
1.147

[0.216,2.346]

13.0
1.330

[0.326,2.622]

0.8
0.609

[0.002,1.847]

0.9
0.634

[0.001,1.762]

2.3
0.619

[0.001,1.446]

102.3
4.954

[3.152,6.993]

4.5
0.663

[0.044,1.467]

0.4
0.400

[0.001,1.096]

0.0
0.134

[0.005,0.585]

0.0
0.265

[0.002,0.992]

0.3
0.351

[0.002,0.953]

0.0
0.237

[0.003,0.795]

0.0
0.223

[0.007,0.651]

3.8
0.701

[0.073,1.540]

0.1
0.262

[0.003,0.889]

0.2
0.368

[0.000,1.356]

1.4
0.602

[0.005,1.557]

0.7
0.419

[0.006,1.068]

51.7
2.524

[1.499,3.717]

1.3
0.467

[0.000,1.212]

AF

EAP

ECA

LAC

MENA

NA

SAS

USA11-12

USA12-13

USA13-14

USA14-15

USA15-16

USA16-17

USA17-18

D
on

or

Recipient

AF EAP ECA LAC MENA NA SAS USA11-12 USA12-13 USA13-14 USA15-16 USA16-17USA14-15 USA17-18

BF category:

<3 [3, 10) [10, 30) [30, 100) >=100
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II-5d. B-Yamagata 

 

  

0.05
0.280

[0.004, 0.759]

0.00
0.160

[0.000, 0.713]

0.00
0.200

[0.001, 0.678]

0.00
0.100

[0.000, 0.459]

0.00
0.131

[0.001, 0.484]

0.00
0.097

[0.001, 0.477]

0.03
0.180

[0.003, 0.706]

0.82
0.606

[0.003, 1.567]

0.01
0.169

[0.000, 0.608]

5.04
0.708

[0.073, 1.562]

28.95
1.342

[0.668, 2.169]

0.06
0.204

[0.003, 0.607]

0.04
0.200

[0.001, 0.689]

0.01
0.214

[0.003, 1.083]

2.01
0.578

[0.036, 1.443]

0.01
0.160

[0.001, 0.783]

0.00
0.123

[0.001, 0.530]

0.01
0.168

[0.001, 0.814]

0.00
0.106

[0.006, 0.604]

0.15
0.269

[0.000, 0.871]

1.22
0.652

[0.005, 1.706]

0.11
0.318

[0.002, 0.922]

0.83
0.449

[0.005, 1.236]

6.90
0.427

[0.066, 0.912]

7.10
0.626

[0.077, 1.336]

0.01
0.119

[0.001, 0.567]

0.00
0.137

[0.005, 0.585]

0.00
0.142

[0.006, 0.542]

1.16
0.650

[0.013, 1.627]

0.00
0.128

[0.003, 0.406]

0.00
0.139

[0.004, 0.671]

0.00
0.116

[0.002, 0.443]

2.25
0.470

[0.032, 1.180]

0.13
0.451

[0.002, 1.525]

1.85
0.615

[0.030, 1.469]

4.58
0.752

[0.074, 1.568]

2.04
0.385

[0.021, 0.884]

12.67
0.882

[0.224, 1.716]

0.02
0.173

[0.000, 0.558]

0.00
0.135

[0.005, 0.752]

0.00
0.131

[0.002, 0.561]

0.01
0.197

[0.000, 0.796]

0.54
0.529

[0.001, 1.470]

0.00
0.129

[0.001, 0.586]

0.00
0.136

[0.006, 0.608]

0.06
0.277

[0.005, 1.012]

0.23
0.393

[0.002, 1.141]

2.81
0.716

[0.026, 1.959]

2.88
0.641

[0.016, 1.522]

29.65
1.417

[0.570, 2.299]

2.36
0.476

[0.001, 1.299]

0.03
0.168

[0.001, 0.726]

0.03
0.318

[0.001, 1.028]

0.00
0.152

[0.002, 0.538]

0.01
0.258

[0.000, 0.917]

0.03
0.258

[0.000, 0.966]

0.51
0.509

[0.002, 1.453]

0.01
0.175

[0.001, 0.725]

0.42
0.442

[0.007, 1.305]

1.09
0.515

[0.008, 1.490]

3.22
0.712

[0.033, 1.795]

0.79
0.349

[0.011, 0.973]

1.54
0.367

[0.002, 1.019]

9.32
0.706

[0.177, 1.430]

0.40
0.348

[0.001, 1.021]

0.01
0.210

[0.012, 0.937]

0.00
0.126

[0.004, 0.543]

0.01
0.212

[0.004, 0.709]

0.01
0.236

[0.002, 0.946]

0.35
0.288

[0.001, 0.879]

9.39
1.293

[0.292, 2.490]

2.89
0.650

[0.033, 1.601]

0.14
0.323

[0.003, 0.960]

4.31
0.777

[0.032, 1.713]

0.40
0.321

[0.004, 0.934]

2.87
0.418

[0.023, 0.992]

0.38
0.313

[0.003, 0.862]

0.15
0.278

[0.003, 0.908]

0.01
0.184

[0.003, 0.919]

0.00
0.115

[0.004, 0.572]

0.01
0.186

[0.001, 0.847]

0.02
0.195

[0.001, 0.884]

0.01
0.165

[0.006, 0.553]

0.04
0.314

[0.002, 0.976]

0.03
0.231

[0.003, 0.855]

0.03
0.262

[0.001, 0.936]

0.03
0.230

[0.004, 0.956]

0.02
0.188

[0.000, 0.661]

3.15
0.396

[0.030, 0.886]

11.47
0.877

[0.161, 1.817]

5.88
0.624

[0.079, 1.382]

0.02
0.235

[0.001, 0.930]

0.03
0.226

[0.003, 0.764]

0.06
0.330

[0.001, 1.137]

0.07
0.359

[0.003, 1.231]

5.40
0.972

[0.139, 2.071]

2.22
0.825

[0.031, 2.044]

4.30
0.884

[0.081, 1.949]

0.17
0.384

[0.000, 1.309]

5.77
0.891

[0.080, 2.097]

0.06
0.260

[0.001, 0.863]

66.54
3.048

[1.843, 4.493]

5.30
0.772

[0.074, 1.933]

0.05
0.230

[0.002, 0.924]

4.52
0.892

[0.078, 1.904]

12.27
1.704

[0.615, 2.967]

6.27
1.028

[0.212, 2.139]

0.04
0.297

[0.002, 1.126]

9.26
1.272

[0.413, 2.461]

0.07
0.363

[0.008, 1.141]

0.03
0.244

[0.006, 0.773]

1.87
0.522

[0.011, 1.308]

2.11
0.690

[0.006, 1.654]

1.62
0.573

[0.003, 1.465]

35.74
1.651

[0.859, 2.619]

13.21
0.937

[0.294, 1.799]

0.58
0.297

[0.006, 0.829]

0.02
0.240

[0.005, 0.834]

0.06
0.280

[0.002, 0.951]

0.19
0.393

[0.007, 1.189]

1.01
0.501

[0.010, 1.420]

1.30
0.663

[0.001, 1.907]

2.15
0.760

[0.045, 1.821]

0.07
0.320

[0.003, 0.986]

9.84
1.054

[0.198, 2.149]

0.11
0.370

[0.011, 1.317]

0.12
0.330

[0.001, 1.055]

78.52
3.594

[2.149, 5.268]

7.50
0.982

[0.017, 2.408]

3.60
0.563

[0.081, 1.342]

5.29
1.068

[0.089, 2.467]

13.00
1.815

[0.649, 3.216]

6.92
1.219

[0.080, 2.702]

4.31
1.072

[0.090, 2.406]

3.11
0.837

[0.039, 1.928]

2.16
0.710

[0.007, 1.684]

9.48
1.295

[0.423, 2.492]

1.51
0.607

[0.001, 1.552]

12.13
1.759

[0.366, 3.408]

1.31
0.589

[0.001, 1.547]

55.81
2.553

[1.382, 3.873]

0.35
0.371

[0.002, 1.142]

1.02
0.485

[0.014, 1.212]

5.10
1.089

[0.057, 2.435]

10.56
1.480

[0.398, 2.885]

1.26
0.608

[0.013, 1.553]

0.61
0.626

[0.002, 1.757]

30.47
3.969

[1.752, 6.582]

9.31
1.590

[0.194, 3.286]

8.73
1.357

[0.185, 3.061]

3.25
0.984

[0.019, 2.421]

0.43
0.630

[0.000, 1.803]

9.73
1.584

[0.117, 3.609]

24.71
2.282

[0.745, 4.122]

49.91
3.324

[1.661, 5.287]

7.42
1.171

[0.100, 2.458]

0.27
0.475

[0.005, 1.401]

1.92
0.684

[0.031, 1.656]

1.65
0.501

[0.012, 1.401]

3.27
0.732

[0.046, 1.808]

4.19
0.981

[0.064, 2.460]

5.39
1.055

[0.130, 2.269]

14.03
1.891

[0.406, 3.761]

16.85
1.766

[0.451, 3.325]

1.24
0.727

[0.008, 1.957]

16.40
1.982

[0.330, 3.988]

4.67
0.835

[0.039, 1.911]

85.95
3.914

[2.332, 5.722]

0.44
0.460

[0.004, 1.319]

0.06
0.315

[0.001, 1.014]

0.00
0.127

[0.004, 0.509]

0.01
0.219

[0.001, 0.682]

0.02
0.224

[0.008, 0.903]

1.47
0.542

[0.041, 1.365]

0.21
0.438

[0.008, 1.230]

5.74
0.904

[0.162, 1.924]

8.26
0.944

[0.191, 1.952]

0.05
0.317

[0.000, 1.075]

3.40
0.746

[0.011, 1.820]

0.33
0.395

[0.004, 1.070]

61.47
2.825

[1.717, 4.123]

2.54
0.572

[0.007, 1.301]

AF

EAP

ECA

LAC

MENA

NA

SAS

USA11-12

USA12-13

USA13-14

USA14-15

USA15-16

USA16-17

USA17-18

D
on

or

Recipient

AF EAP ECA LAC MENA NA SAS USA11-12 USA12-13 USA13-14 USA15-16 USA16-17USA14-15 USA17-18

BF category:

<3 [3, 10) [10, 30) [30, 100) >=100
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Supplemental Table II-6. The full U.S. region transmission matrix for each influenza type. The three items in each matrix cell in 
order are count of introductions, migration rate, and its 95% Bayesian Credible Interval (95%BCI). The rows of the table are the donor 
region and the columns are the recipient region. The cell color indicates BF levels, where BF < 3 means no statistical support, 3 ≤ BF 
<10 indicates substantial support, 10 ≤ BF < 30 indicates strong support, 30 ≤ BF <100 indicates very strong support, and BF ³ 100 
implies decisively statistical support.  
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II-6a. A/H1N1 

 

  

0.87
0.602

[0.000, 1.703]

2.35
0.882

[0.005, 2.218]

0.21
0.380

[0.002, 1.238]

0.80
0.536

[0.001, 1.487]

0.68
0.582

[0.001, 1.626]

0.23
0.401

[0.001, 1.205]

22.58
1.328

[0.337, 2.336]

28.53
1.378

[0.572, 2.411]

0.98
0.574

[0.003, 1.625]

0.53
0.506

[0.003, 1.425]

0.27
0.408

[0.002, 1.321]

5.88
0.998

[0.128, 2.237]

3.59
0.876

[0.018, 2.144]

1.46
0.677

[0.009, 1.896]

2.96
0.777

[0.041, 1.937]

0.21
0.420

[0.003, 1.476]

0.54
0.516

[0.007, 1.517]

31.11
1.843

[0.652, 3.279]

10.42
0.786

[0.060, 1.787]

2.40
0.765

[0.001, 1.997]

6.30
1.159

[0.105, 2.637]

0.90
0.575

[0.001, 1.684]

1.25
0.581

[0.005, 1.673]

0.48
0.469

[0.006, 1.382]

1.24
0.620

[0.003, 1.666]

2.31
0.631

[0.035, 1.627]

0.23
0.435

[0.005, 1.356]

0.41
0.485

[0.001, 1.540]

26.47
1.525

[0.484, 2.675]

49.28
2.377

[1.309, 3.623]

0.38
0.419

[0.001, 1.281]

0.27
0.446

[0.001, 1.508]

0.29
0.454

[0.000, 1.379]

0.77
0.522

[0.008, 1.500]

3.42
0.816

[0.029, 1.935]

2.81
0.893

[0.002, 2.193]

1.11
0.568

[0.000, 1.582]

1.23
0.574

[0.001, 1.612]

4.65
0.967

[0.063, 2.245]

24.84
1.511

[0.411, 2.617]

52.38
2.522

[1.418, 3.893]

0.34
0.459

[0.001, 1.427]

1.21
0.617

[0.009, 1.681]

0.81
0.583

[0.002, 1.642]

0.69
0.553

[0.002, 1.598]

1.06
0.556

[0.009, 1.440]

1.02
0.612

[0.000, 1.737]

0.50
0.503

[0.004, 1.524]

1.00
0.654

[0.009, 1.770]

4.43
0.837

[0.039, 1.973]

35.66
2.062

[0.854, 3.365]

45.64
2.180

[1.117, 3.430]

4.38
0.881

[0.034, 1.951]

1.14
0.546

[0.001, 1.506]

0.44
0.464

[0.000, 1.400]

1.88
0.676

[0.019, 1.739]

0.08
0.298

[0.002, 0.913]

2.59
0.650

[0.011, 1.675]

0.86
0.530

[0.001, 1.506]

4.18
0.819

[0.047, 1.865]

5.02
1.042

[0.081, 2.334]

18.18
1.085

[0.363, 2.026]

38.38
1.865

[0.838, 2.979]

5.21
0.958

[0.058, 2.137]

0.60
0.522

[0.009, 1.385]

0.33
0.465

[0.000, 1.419]

0.22
0.391

[0.000, 1.300]

0.98
0.510

[0.008, 1.366]

2.38
0.750

[0.019, 1.929]

1.49
0.666

[0.004, 1.768]

1.19
0.622

[0.007, 1.740]

3.09
0.881

[0.025, 2.165]

16.11
1.048

[0.219, 1.977]

58.11
2.812

[1.573, 4.260]

8.58
1.283

[0.121, 2.610]

3.65
0.905

[0.045, 2.204]

0.43
0.508

[0.000, 1.518]

0.35
0.534

[0.001, 1.703]

5.99
1.115

[0.039, 2.598]

2.17
0.775

[0.001, 2.273]

6.72
1.161

[0.034, 2.887]

1.31
0.754

[0.002, 2.290]

0.83
0.668

[0.007, 2.026]

0.86
0.695

[0.002, 2.088]

42.86
1.940

[0.437, 4.032]

2.58
0.889

[0.016, 2.342]

7.96
1.507

[0.037, 3.497]

1.43
0.823

[0.001, 2.417]

0.68
0.634

[0.000, 2.008]

1.36
0.827

[0.002, 2.231]

1.64
0.808

[0.008, 2.346]

1.20
0.772

[0.005, 2.379]

2.67
0.917

[0.001, 2.611]

1.07
0.707

[0.001, 2.011]

2.13
0.831

[0.002, 2.277]

58.52
3.398

[0.564, 5.812]

5.60
1.221

[0.022, 2.962]

6.78
1.308

[0.030, 3.230]

1.76
0.872

[0.004, 2.378]

2.21
0.683

[0.024, 1.813]

0.47
0.486

[0.001, 1.467]

1.40
0.648

[0.004, 1.796]

7.49
1.060

[0.079, 2.282]

0.38
0.479

[0.000, 1.505]

1.52
0.615

[0.011, 1.804]

1.10
0.629

[0.011, 1.841]

29.03
1.741

[0.446, 3.079]

53.95
2.571

[1.218, 4.020]

1.68
0.880

[0.000, 2.637]

1.93
0.770

[0.009, 1.907]

0.16
0.389

[0.003, 1.258]

2.19
0.692

[0.003, 1.760]

4.14
0.942

[0.022, 2.205]

3.60
0.799

[0.060, 1.943]

0.12
0.349

[0.001, 1.118]

0.24
0.432

[0.006, 1.414]

1.05
0.633

[0.013, 1.723]

19.13
1.250

[0.241, 2.336]

56.08
2.680

[1.445, 4.254]

15.15
1.997

[0.499, 3.846]

1.56
0.743

[0.003, 2.077]

0.08
0.334

[0.007, 1.167]

0.96
0.499

[0.003, 1.388]

0.66
0.532

[0.002, 1.459]

1.08
0.570

[0.000, 1.561]

0.17
0.373

[0.001, 1.259]

1.23
0.537

[0.008, 1.460]

0.70
0.514

[0.003, 1.521]

19.39
1.224

[0.289, 2.150]

43.07
2.078

[1.078, 3.238]

6.40
1.009

[0.099, 2.131]

11.07
1.521

[0.284, 2.997]

Recipient
Region 1 Region 2 Region 3 Region 4 Region 5 Region 6 Region 7 Region 8 Region 9 Region 10 Hawaii 11 Alaska 12

Region 1

Region 2

Region 3

Region 4

Region 5

Region 6

Region 7

Region 8

Region 9

Region 10

Hawaii 11

Alaska 12

D
on

or

BF category:

<3 [3, 10) [10, 30) [30, 100) >=100
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II-6b. A/H3N2 

 

  

1.30
0.510

[0.006, 1.379]

3.29
0.605

[0.035, 1.545]

2.22
0.700

[0.023, 1.821]

1.44
0.645

[0.002, 1.880]

0.47
0.443

[0.000, 1.405]

0.39
0.425

[0.001, 1.419]

51.73
1.862

[1.041, 2.825]

0.70
0.452

[0.001, 1.300]

0.97
0.414

[0.006, 1.140]

0.98
0.547

[0.000, 1.650]

2.21
0.647

[0.012, 1.604]

2.86
0.612

[0.016, 1.444]

1.21
0.543

[0.003, 1.453]

3.21
0.737

[0.007, 1.785]

1.68
0.607

[0.014, 1.632]

0.72
0.493

[0.001, 1.352]

5.11
0.790

[0.070, 1.851]

61.61
2.208

[1.303, 3.235]

0.68
0.469

[0.004, 1.369]

0.74
0.478

[0.001, 1.295]

0.29
0.404

[0.002, 1.368]

0.30
0.359

[0.001, 1.057]

4.84
0.734

[0.089, 1.635]

0.93
0.519

[0.004, 1.411]

2.73
0.741

[0.007, 1.896]

0.26
0.402

[0.001, 1.289]

0.21
0.394

[0.002, 1.196]

1.71
0.591

[0.000, 1.482]

68.22
2.450

[1.500, 3.510]

0.34
0.359

[0.005, 1.066]

0.20
0.296

[0.002, 0.899]

0.22
0.363

[0.006, 1.196]

0.96
0.449

[0.005, 1.269]

2.52
0.684

[0.003, 1.701]

0.27
0.425

[0.000, 1.315]

3.92
0.747

[0.069, 1.761]

1.05
0.549

[0.001, 1.566]

0.79
0.446

[0.011, 1.300]

2.78
0.681

[0.012, 1.619]

93.26
3.327

[2.117, 4.665]

0.54
0.465

[0.005, 1.350]

0.29
0.321

[0.000, 1.017]

0.44
0.459

[0.005, 1.375]

7.92
0.969

[0.150, 2.065]

10.17
1.143

[0.269, 2.297]

0.81
0.442

[0.004, 1.259]

11.03
1.197

[0.338, 2.321]

0.28
0.391

[0.005, 1.126]

3.96
0.646

[0.026, 1.617]

0.84
0.448

[0.010, 1.216]

68.61
2.467

[1.507, 3.597]

4.16
0.718

[0.026, 1.706]

2.24
0.460

[0.030, 1.156]

0.39
0.431

[0.000, 1.257]

0.29
0.338

[0.001, 0.988]

3.01
0.603

[0.053, 1.417]

0.10
0.299

[0.002, 1.003]

2.12
0.507

[0.041, 1.284]

0.26
0.390

[0.001, 1.282]

3.72
0.680

[0.015, 1.694]

2.47
0.514

[0.024, 1.289]

69.04
2.473

[1.563, 3.594]

3.30
0.725

[0.029, 1.715]

5.12
0.675

[0.062, 1.490]

0.24
0.366

[0.001, 1.253]

0.63
0.430

[0.001, 1.216]

0.17
0.332

[0.001, 1.123]

0.70
0.537

[0.002, 1.491]

0.97
0.533

[0.004, 1.443]

9.80
1.241

[0.155, 2.557]

2.36
0.727

[0.031, 1.831]

0.76
0.543

[0.004, 1.649]

70.30
2.508

[1.416, 3.793]

1.59
0.646

[0.001, 1.767]

8.56
0.913

[0.109, 1.864]

2.06
0.701

[0.000, 1.896]

8.29
0.954

[0.147, 2.110]

24.68
2.555

[0.848, 4.766]

1.34
0.715

[0.003, 2.028]

8.34
1.225

[0.030, 2.692]

6.55
1.173

[0.031, 2.962]

5.96
1.281

[0.005, 3.072]

2.65
0.868

[0.002, 2.347]

18.42
2.146

[0.211, 4.305]

9.00
1.415

[0.034, 3.288]

29.72
2.440

[0.642, 4.541]

3.37
0.978

[0.002, 2.625]

17.43
1.963

[0.099, 4.537]

7.17
0.923

[0.138, 2.012]

0.15
0.362

[0.004, 1.143]

0.23
0.337

[0.000, 1.096]

0.90
0.523

[0.001, 1.535]

0.49
0.497

[0.001, 1.667]

0.65
0.519

[0.004, 1.543]

2.56
0.660

[0.002, 1.568]

79.97
2.851

[1.785, 4.145]

17.06
1.466

[0.497, 2.721]

2.69
0.750

[0.004, 1.859]

1.27
0.558

[0.000, 1.487]

0.03
0.183

[0.001, 0.804]

3.15
0.762

[0.024, 1.826]

4.89
0.848

[0.049, 1.933]

0.67
0.542

[0.007, 1.628]

1.25
0.628

[0.001, 1.791]

0.41
0.506

[0.000, 1.505]

4.26
0.861

[0.014, 2.043]

74.01
2.641

[1.609, 3.920]

0.27
0.441

[0.001, 1.352]

3.17
0.890

[0.006, 2.206]

1.13
0.623

[0.005, 1.706]

4.96
0.732

[0.095, 1.667]

2.53
0.605

[0.014, 1.468]

0.53
0.417

[0.005, 1.151]

0.22
0.381

[0.004, 1.221]

1.69
0.643

[0.001, 1.736]

0.37
0.458

[0.005, 1.387]

5.35
0.821

[0.074, 1.830]

61.29
2.176

[1.259, 3.273]

2.44
0.704

[0.011, 1.757]

14.75
1.334

[0.382, 2.488]

13.01
1.331

[0.265, 2.639]

0.52
0.405

[0.000, 1.151]

1.25
0.495

[0.000, 1.393]

1.82
0.556

[0.010, 1.429]

0.30
0.402

[0.005, 1.486]

0.25
0.401

[0.003, 1.271]

0.24
0.417

[0.002, 1.191]

4.39
0.781

[0.048, 1.841]

59.78
2.137

[1.144, 3.241]

0.85
0.523

[0.007, 1.466]

16.14
1.373

[0.357, 2.614]

6.68
1.026

[0.098, 2.319]

Recipient
Region 1 Region 2 Region 3 Region 4 Region 5 Region 6 Region 7 Region 8 Region 9 Region 10 Hawaii 11 Alaska 12

Region 1

Region 2

Region 3

Region 4

Region 5

Region 6

Region 7

Region 8

Region 9

Region 10

Hawaii 11

Alaska 12

D
on

or

BF category:

<3 [3, 10) [10, 30) [30, 100) >=100
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II-6c. B-Victoria 

 

 

Recipient
Region 1 Region 2 Region 3 Region 4 Region 5 Region 6 Region 7 Region 8 Region 9 Region 10 Hawaii 11 Alaska 12

Region 1

Region 2

Region 3

Region 4

Region 5

Region 6

Region 7

Region 8

Region 9

Region 10

Hawaii 11

Alaska 12

1.31
0.332

[0.006, 0.923]

0.18
0.338

[0.004, 1.143]

0.14
0.319

[0.003, 1.007]

0.38
0.432

[0.001, 1.273]

0.33
0.384

[0.005, 1.158]

2.38
0.611

[0.026, 1.421]

11.86
0.621

[0.197, 1.140]

0.12
0.293

[0.000, 0.990]

0.07
0.314

[0.001, 1.105]

0.37
0.375

[0.001, 1.043]

0.21
0.380

[0.004, 1.198]

0.13
0.366

[0.000, 1.292]

1.78
0.712

[0.005, 1.828]

4.14
0.748

[0.052, 1.720]

1.85
0.554

[0.014, 1.556]

0.66
0.562

[0.001, 1.751]

1.46
0.632

[0.002, 1.666]

26.30
1.291

[0.532, 2.196]

1.58
0.668

[0.004, 1.692]

0.25
0.431

[0.003, 1.450]

3.55
0.665

[0.039, 1.584]

0.83
0.517

[0.000, 1.498]

0.05
0.308

[0.000, 1.137]

0.06
0.284

[0.007, 0.950]

13.58
1.579

[0.506, 2.947]

0.86
0.500

[0.008, 1.443]

0.19
0.422

[0.000, 1.486]

1.73
0.647

[0.002, 1.763]

51.02
2.476

[1.410, 3.745]

2.82
0.766

[0.044, 1.877]

0.33
0.485

[0.003, 1.499]

0.87
0.552

[0.001, 1.566]

0.28
0.428

[0.009, 1.442]

0.01
0.217

[0.000, 0.876]

0.02
0.224

[0.001, 0.910]

0.54
0.536

[0.002, 1.724]

4.21
0.853

[0.057, 2.081]

2.44
0.824

[0.024, 2.154]

1.62
0.648

[0.002, 1.754]

54.64
2.647

[1.436, 4.012]

0.57
0.533

[0.003, 1.628]

1.40
0.650

[0.002, 1.772]

1.58
0.683

[0.004, 1.965]

1.55
0.648

[0.002, 1.745]

0.01
0.229

[0.002, 0.830]

6.42
0.885

[0.204, 1.842]

0.56
0.522

[0.004, 1.638]

2.85
0.758

[0.030, 1.914]

1.61
0.718

[0.001, 1.910]

8.68
1.274

[0.200, 2.627]

40.18
1.951

[0.856, 3.167]

1.24
0.605

[0.004, 1.560]

0.69
0.521

[0.002, 1.615]

4.04
0.827

[0.010, 1.947]

1.50
0.628

[0.011, 1.645]

0.07
0.301

[0.001, 1.115]

0.03
0.238

[0.003, 0.835]

0.70
0.567

[0.001, 1.684]

9.17
1.151

[0.238, 2.381]

1.80
0.618

[0.013, 1.621]

6.88
0.963

[0.076, 2.120]

39.49
1.913

[0.999, 3.173]

2.57
0.766

[0.017, 1.872]

0.33
0.473

[0.000, 1.514]

1.18
0.509

[0.005, 1.332]

0.18
0.393

[0.001, 1.237]

0.12
0.351

[0.000, 1.230]

0.16
0.372

[0.003, 1.126]

4.68
0.953

[0.019, 2.322]

12.58
1.519

[0.205, 3.246]

2.40
0.830

[0.019, 2.125]

0.41
0.538

[0.014, 1.705]

40.86
1.981

[0.818, 3.339]

4.57
0.934

[0.033, 2.226]

1.16
0.647

[0.008, 1.804]

2.61
0.794

[0.008, 1.993]

2.51
0.705

[0.012, 1.802]

0.03
0.271

[0.004, 1.000]

0.14
0.337

[0.003, 1.163]

3.26
1.070

[0.015, 2.940]

11.13
1.582

[0.176, 3.587]

6.96
1.191

[0.089, 2.731]

5.40
1.385

[0.006, 3.706]

8.56
1.666

[0.002, 3.849]

26.59
2.931

[0.739, 5.903]

1.43
0.843

[0.001, 2.395]

15.48
1.956

[0.148, 4.213]

1.58
0.835

[0.000, 2.429]

0.03
0.257

[0.001, 0.945]

0.07
0.273

[0.003, 1.011]

2.17
0.795

[0.005, 2.103]

1.04
0.608

[0.007, 1.710]

0.43
0.545

[0.006, 1.684]

3.61
0.984

[0.046, 2.420]

6.65
1.182

[0.089, 2.616]

53.41
2.580

[1.300, 4.135]

8.94
1.439

[0.187, 2.933]

6.30
1.197

[0.058, 2.681]

0.88
0.589

[0.011, 1.688]

0.02
0.277

[0.003, 0.953]

0.07
0.265

[0.006, 1.025]

0.45
0.496

[0.000, 1.531]

0.31
0.414

[0.007, 1.444]

0.20
0.423

[0.001, 1.351]

2.24
0.753

[0.009, 1.884]

0.39
0.445

[0.001, 1.375]

49.93
2.402

[1.218, 3.857]

1.77
0.738

[0.014, 1.932]

16.16
1.881

[0.271, 3.587]

2.95
0.895

[0.021, 2.275]

0.02
0.248

[0.002, 1.004]

0.06
0.273

[0.000, 1.043]

3.06
0.819

[0.030, 2.261]

0.18
0.401

[0.006, 1.466]

0.25
0.466

[0.000, 1.523]

0.55
0.582

[0.003, 1.812]

2.46
0.787

[0.012, 2.124]

46.30
2.239

[1.014, 3.671]

5.77
1.108

[0.008, 2.659]

2.36
0.893

[0.001, 2.266]

5.90
1.168

[0.040, 2.880]

0.06
0.306

[0.000, 1.094]

0.03
0.262

[0.001, 0.951]

1.55
0.629

[0.002, 1.739]

0.48
0.486

[0.006, 1.455]

0.17
0.428

[0.003, 1.335]

0.12
0.355

[0.002, 1.272]

5.32
0.873

[0.068, 2.016]

40.88
1.964

[0.802, 3.322]

1.21
0.644

[0.002, 1.711]

1.32
0.714

[0.006, 2.011]

22.87
2.580

[0.738, 4.744]

BF category:

<3

D
on

or

[3, 10) [10, 30) [30, 100) >=100
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II-6d. B-Yamagata 
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Supplemental Figures 

Supplemental Figure II-1a-d. Phylogenetic trees with discrete trait analysis for global 
datasets. The branch color indicates the inferred ancestor geographic region. All trees showed 

typical bushy leaves with clear seasonality patterns. II-1a. A/H1N1; II-1b. A/H3N2; II-1c. B-

Victoria; II-1d. B-Yamagata.  

 

Abbreviations: East Asia and Pacific (EAP), Europe and Central Asia (ECA), Latin America and 

Caribbean (LAC), Middle East and North Africa (MENA), North America (NA, excluding the 

U.S.), South Asia (SAS), Sub-Saharan Africa (AF). 

 

Due to large size of the trees, please find the figures at its original size at Github link: 

https://github.com/XuetingQiu/FluDiffusionUS. 

 

  



 

 234 

Supplemental Figure II-2. Global viral sources into the U.S. for each viral type. Y-axis 

indicates the median values of transmission rates with unit as events per lineage per year. Only 

statistically supported viral sources (BF³ 3) were shown. The bar color indicates BF levels and 

the legends are below each table, where 3 ≤ BF <10 indicates substantial support, 10 ≤ BF < 30 

indicates strong support, 30 ≤ BF <100 indicates very strong support, and BF ³ 100 implies 

decisively statistical support. The region with highest transmission rate was ECA for A/H1N1 

and B-Yamagata, EAP for A/H3N2, and LAC for B-Victoria. 

 

Abbreviations: East Asia and Pacific (EAP), Europe and Central Asia (ECA), Latin America and 

Caribbean (LAC), Middle East and North Africa (MENA), North America (NA, excluding the 

U.S.), South Asia (SAS), Sub-Saharan Africa (AF). 
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Supplemental Figure II-3a-d. Phylogenetic trees with discrete trait analysis for the U.S. 
region datasets. The branch color indicates the inferred ancestor geographic region. All trees 

showed typical bushy leaves with clear seasonality patterns. II-3a. A/H1N1; II-3b. A/H3N2; II-

3c. B-Victoria; II-3d. B-Yamagata.  

 

Due to large size of the trees, please find the figures at its original size at Github link: 

https://github.com/XuetingQiu/FluDiffusionUS. 
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Supplemental Figure II-4. Estimated effective population size by Skyride coalescent model 
for the U.S. region samples. The x axis represents time in years and the y axis represents viral 
effective population size on a log scale. The bolder dashed vertical line indicates the estimated 
most recent common ancestor time (tMRCA) for the viral population. The thinner dashed 
vertical lines are the 95% BCI for the tMRCA. The horizontal blue line and blue shadow indicate 
the median and 95% BCI bands of estimated effective population size, respectively.  
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Supplemental Figure II-5. Generalized linear model reported significant predictors to 
affect diffusion dynamics for each influenza type in the U.S. The conditional effect size 
represented by the blue dot is the median of the coefficient when this predictor is included in the 
model. The bar on the blue dot indicates the 95% Bayesian Credible Interval (BCI). The 
posterior probability is the probability of this factor being included in the model, which is used to 
calculate Bayes Factor (BF). The dash vertical blue line indicates BF=3, where if the posterior 
probability is beyond the dashed line, it represents this indicator has statistical support to be 
included in the model. The solid vertical blue line represents BF=100, where if the posterior 
probability is beyond the solid line, then the indicator has decisively statistical support to be 
included in the model. Black dot with “na” indicates the conditional effect size is not available 
since the predictor is never included in the model during the simulation process. _O: geographic 
region as origin location; _D: geographic region as destination location. Abbreviation: PopDens 
– population density; VaccRate: average vaccine rate. 
The left panel is the model without sample size of each region; the right panel is the model with 
sample size included. For all subtypes, the sample size did not affect the significance of these 
predictors. 
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II-5a. A/H1N1  
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II-5b. A/H3N2 
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II-5c. B-Victoria  
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II-5d. B-Yamagata.  

 
 

>=65 years_D

>=65 years_O

18to64_D

18to64_O

<18 years_O

PeakTimeRank_D

PeakTimeRank_O

Temperature_D

Temperature_O

Precipitation_D

Precipitation_O

Humidity_D

Humidity_O

Flights_D

Flights_O

VaccRate_D

VaccRate_O

PopDens_D

PopDens_O

Distance

<18 years_D

−0.5 0 0.5 1
Conditional effect size β 

0.0 0.4 0.8
Posterior Probability E(θ)

−1.0 −0.5 0.0 0.5 1.0 0.0 0.2 0.4 0.6 0.8

>=65 years_D

>=65 years_O

18to64_D

18to64_O

<18 years_O

PeakTimeRank_D

PeakTimeRank_O

Temperature_D

Temperature_O

Precipitation_D

Precipitation_O

Humidity_D

Humidity_O

Flights_D

Flights_O

VaccRate_D

VaccRate_O

PopDens_D

PopDens_O

Distance

<18 years_D

SampleSize_D

SampleSize_O

Conditional effect size β Posterior Probability E(θ)

na

na



 

 244 

Supplemental Figure II-6. Joint generalized linear model (without Epidemic Size) reported 
significant predictors to affect diffusion dynamics in the U.S. The joint estimation unified 
four transmission rate matrices of each influenza type into one model to estimate the joint effect 
size of the predictor. The conditional effect size represented by the blue dot is the median of the 
coefficient when this predictor is included in the model. The bar on the blue dot indicates the 
95% Bayesian Credible Interval (BCI). The posterior probability is the probability of this factor 
being included in the model, which is used to calculate Bayes Factor (BF). The dash vertical blue 
line indicates BF=3, where if the posterior probability is beyond the dashed line, it represents this 
indicator has a statistical support to be included in the model. The solid vertical blue line 
represents BF=100, where if the posterior probability is beyond the solid line, then the indicator 
has a decisively statistical support to be included in the model. Black dot with “na” indicates the 
conditional effect size is not available since the predictor is never included in the model during 
the simulation process. _O: geographic region as origin location; _D: geographic region as 
destination location. Abbreviation: PopDens – population density; VaccRate: average vaccine 
rate.  
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III. SUPPMENTAL MATERIAL FOR CHAPTER 5 

EVALUATE THE IMPACTS OF H3N2 LAIV ON VIRAL DIVERSITY AND DIFFUSION 

DYNAMICS 

 

Supplemental Table III-1. The estimated medians of the most common ancestor time 
(tMRCA) and substitution rate are very similar from discrete trait analysis and structured 
coalescent model. These results showed a slightly wider 95% BCI compared with the full 
dataset estimations which can be due to smaller sample size increasing uncertainty in the 
estimations. These results were from the subsampled dataset for global and the U.S. during 2003-
2007 and Central Texas Trial samples during 2004-2006. The subsampling strategy is to only 
capture the global and U.S. isolates that are genetically closely related to Central Texas Trial 
samples. 
 

 tMRCA Substitution rate 

 Median 95% BCI Median 95% BCI 

Discrete Trait Analysis  2004.06 [2003.86, 2004.25] 3.72E-3 [3.09E-3, 4.47E-3] 

Structured coalescent 
model  2003.98 [2003.63, 2004.27] 3.56E-03 [3.21E-3, 3.96E-3] 
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Supplemental Table III-2. Estimated introductions, transmission rate and their 95% BCI 
between different locations. These results were from the subsampled dataset for global and the 
U.S. during 2003-2007 and Central Texas Trial samples during 2004-2006. The subsampling 
strategy is to only capture the global and U.S. isolates that are genetically closely related to 
Central Texas Trial samples. The items in the cell in order are count of introductions, 
transmission rate and its 95% BCI. The cell color indicates BF levels and the legends are below 
each table, where BF < 3 means no statistical support, 3 ≤ BF <10 indicates substantial support, 
10 ≤ BF < 30 indicates strong support, 30 ≤ BF <100 indicates very strong support, and BF ³ 
100 implies decisively statistical support.  
 
Geographic region abbreviation: Texas unvaccinated cities Waco and Bryan College Station 
(WBC-uv), Texas vaccinated cities Temple and Belton (TB-v). 
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Supplemental Figure III-1. Maximum clade credibility tree of H3N2 phylogeny with global 
regions, the U.S., and 2004-2006 Central Texas Trial samples including taxa information. 
This is the full dataset for global and the U.S. during 2003-2007 and Central Texas Trial samples 
during 2004-2006.  
 
Geographic region abbreviation: East Asia and Pacific (EAP), Europe and Central Asia (ECA), 
Latin America and Caribbean (LAC), Middle East and North Africa (MENA), South Asia (SAS), 
Texas unvaccinated cities Waco and Bryan College Station (WBC-uv), Texas vaccinated cities 
Temple and Belton (TB-v). 
 
Find the figure at its original size at https://github.com/XuetingQiu/LAIV_impacts. 
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Supplemental Figure III-2. Maximum clade credibility tree from discrete trait analysis of 
H3N2 phylogeny with subsampled global regions, the U.S., and 2004-2006 Central Texas 
Trial samples including taxa information. This is the subsampled dataset for global and the 
U.S. during 2003-2007 and Central Texas Trial samples during 2004-2006. The subsampling 
strategy is to only capture the global and U.S. isolates that are genetically closely related to 
Central Texas Trial samples.  
 
Geographic region abbreviations: Texas unvaccinated cities Waco and Bryan College Station 
(WBC-uv), Texas vaccinated cities Temple and Belton (TB-v). 
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EPI_ISL_132411|A/Mexico/InDRE2227/2005|Mexico|LAC|2005/09/11}

new|A/Waco/1511/2006|Waco|U|2006/01/26}

EPI_ISL_15962|A/Denmark/62/2006|Denmark|ECA|2006/07/01}

new|A/BCS/1750/2005|BCS|U|2005/02/17}

new|A/BCS/1453/2005|BCS|U|2005/02/09}

EPI_ISL_8274|A/NewYork/352/2005|USA|USA|2005/01/04}

EPI_ISL_6483|A/Queensland/49/2004|Australia|EAP|2004/10/01}

EPI_ISL_160806|A/NewYork/1012/2006|USA|USA|2006/01/24}

new|A/Waco/1131/2005|Waco|U|2005/01/28}

EPI_ISL_160828|A/NewYork/1031/2006|USA|USA|2006/02/28}

EPI_ISL_12059|A/Christchurch/263/2004|NewZealand|EAP|2004/09/26}

new|A/TB/862/2005|TB|V|2005/12/26}

EPI_ISL_11460|A/Oklahoma/309/06|USA|USA|2006/01/12}

EPI_ISL_166357|A/Netherlands/041/06|Netherlands|ECA|2006/02/18}

EPI_ISL_13619|A/Wyoming/02/2006|USA|USA|2006/02/09}

EPI_ISL_65568|A/PERTH/26/2004|Australia|EAP|2004/09/23}

EPI_ISL_90492|A/Illinois/NHRC0002/2006|USA|USA|2006/04/06}

new|A/TB/1841/2005|TB|V|2005/02/19}

new|A/TB/464/2005|TB|V|2005/12/12}

new|A/BCS/1901/2005|BCS|U|2005/02/21}

EPI_ISL_64734|A/RhodeIsland/RI-2005100001/2005|USA|USA|2005/01/24}

EPI_ISL_185605|A/SANTIAGO/8248/2006|Chile|LAC|2006/07/03}

EPI_ISL_9000|A/NewYork/368/2004|USA|USA|2004/11/11}

EPI_ISL_7725|A/Austria/211645/2005|Austria|ECA|2005/03/02}

new|A/Waco/1603/2006|Waco|U|2006/02/17}

EPI_ISL_29933|A/Oklahoma/1992/2005|USA|USA|2005/03/04}

EPI_ISL_17722|A/MEMPHIS/10/2006|USA|USA|2006/03/01}

EPI_ISL_7056|A/SouthAustralia/53/2005|Australia|EAP|2005/07/01}

EPI_ISL_20992|A/NewYork/928/2006|USA|USA|2006/02/28}

EPI_ISL_11674|A/NorthCarolina/3/2006|USA|USA|2006/03/09}

EPI_ISL_18160|A/Wyoming/WY-0049/2005|USA|USA|2005/01/14}

new|A/TB/1557/2005|TB|V|2005/02/13}

EPI_ISL_25050|A/Leiden/26114/2006|Netherlands|ECA|2006/04/03}

new|A/TB/1695/2005|TB|V|2005/02/16}

new|A/TB/1921/2005|TB|V|2005/02/22}

new|A/TB/1546/2006|TB|V|2006/02/01}

new|A/TB/212/2005|TB|V|2005/11/21}

EPI_ISL_64649|A/Florida/FL-JVT-17100/2005|USA|USA|2005/12/05}

new|A/TB/1906/2005|TB|V|2005/02/21}

EPI_ISL_15267|A/Shiraz/09/2006|Iran|MENA|2006/07/01}

EPI_ISL_22750|A/Berlin/10/2006|Germany|ECA|2006/07/01}

EPI_ISL_5640|A/Wellington/23/2004|NewZealand|EAP|2004/08/23}

EPI_ISL_22749|A/Berlin/5/2006|Germany|ECA|2006/07/01}

new|A/TB/907/2005|TB|V|2005/12/27}

EPI_ISL_90489|A/SouthCarolina/NHRC0001/2006|USA|USA|2006/03/28}

EPI_ISL_8273|A/NewYork/319/2004|USA|USA|2004/11/08}

new|A/TB/1362/2005|TB|V|2005/02/07}

EPI_ISL_124117|A/Pavia/3009/2005|Italy|ECA|2005/02/15}

EPI_ISL_25049|A/Leiden/24146/2006|Netherlands|ECA|2006/03/27}

new|A/Waco/712/2005|Waco|U|2005/12/19}

EPI_ISL_64767|A/Texas/TX-VC5-1463/2005|USA|USA|2005/11/28}

EPI_ISL_21271|A/Kentucky/3/2006|USA|USA|2006/04/02}

EPI_ISL_9141|A/Canterbury/315/2004|NewZealand|EAP|2004/09/28}

EPI_ISL_17997|A/Mexico/MX-931/2005|Mexico|LAC|2005/04/04}

new|A/BCS/1193/2005|BCS|U|2005/02/01}

new|A/TB/1607/2005|TB|V|2005/02/14}

EPI_ISL_160809|A/NewYork/1014/2006|USA|USA|2006/02/07}

EPI_ISL_20985|A/NewYork/933/2006|USA|USA|2006/03/01}

EPI_ISL_9129|A/Canterbury/201/2004|NewZealand|EAP|2004/09/16}

EPI_ISL_6340|A/Waikato/70/2004|NewZealand|EAP|2004/10/07}

EPI_ISL_64750|A/StPetersburg/4/2005|Russia|ECA|2005/03/28}

EPI_ISL_8650|A/NewYork/354/2004|USA|USA|2004/12/28}

new|A/BCS/1374/2005|BCS|U|2005/02/08}

EPI_ISL_9122|A/Canterbury/101/2004|NewZealand|EAP|2004/09/09}

EPI_ISL_77585|A/Taiwan/260/2005|Taiwan|EAP|2005/05/31}

EPI_ISL_8983|A/NewYork/462/2005|USA|USA|2005/02/08}

new|A/TB/1313/2005|TB|V|2005/02/06}

new|A/TB/2067/2005|TB|V|2005/02/25}

new|A/BCS/1198/2005|BCS|U|2005/02/01}

new|A/Waco/1571/2005|Waco|U|2005/02/12}

EPI_ISL_20152|A/Indonesia/1090/2006|Indonesia|EAP|2006/01/14}

EPI_ISL_18056|A/Paris/PA-6V-355/2006|France|ECA|2006/03/12}

EPI_ISL_64211|A/Ohio/2006|USA|USA|2006/07/01}

EPI_ISL_20149|A/Indonesia/1204/2005|Indonesia|EAP|2005/12/12}

EPI_ISL_16270|A/Taiwan/7873/2005|Taiwan|EAP|2005/07/01}

EPI_ISL_90548|A/California/NHRC0007/2005|USA|USA|2005/11/15}

EPI_ISL_64055|A/CALARASI/673/2006|Romania|ECA|2006/07/01}

new|A/TB/1324/2005|TB|V|2005/02/05}

EPI_ISL_16103|A/Denmark/98/2006|Denmark|ECA|2006/07/01}

EPI_ISL_20153|A/Indonesia/1142/2006|Indonesia|EAP|2006/01/23}

EPI_ISL_8209|A/NewYork/357/2005|USA|USA|2005/02/15}

new|A/Waco/1203/2005|Waco|U|2005/02/01}

EPI_ISL_64281|A/Virginia/VA-VA-V1-120/2006|USA|USA|2006/01/30}

EPI_ISL_18054|A/Oregon/OR-F06-321/2006|USA|USA|2006/02/06}

EPI_ISL_160816|A/NewYork/1019/2006|USA|USA|2006/04/20}

EPI_ISL_7704|A/Austria/205397/2005|Austria|ECA|2005/01/25}

new|A/Waco/1723/2005|Waco|U|2005/02/16}

new|A/Waco/1772/2005|Waco|U|2005/02/17}

EPI_ISL_130803|A/Guangdong/SZ63/2005|China|EAP|2005/07/01}

EPI_ISL_18144|A/Wisconsin/WI-04-VI44150/2004|USA|USA|2004/10/18}

EPI_ISL_6790|A/NewYork/928/2006|USA|USA|2006/02/28}

EPI_ISL_7706|A/Austria/205738/2005|Austria|ECA|2005/01/27}

EPI_ISL_107747|A/England/60385/2006|UK|ECA|2006/01/19}

EPI_ISL_108290|A/Oklahoma/309/2006|USA|USA|2006/01/12}

EPI_ISL_17983|A/Missouri/MO-VC06-80-ORIGINAL/2006|USA|USA|2006/02/03}

EPI_ISL_160799|A/NewYork/1002/2005|USA|USA|2005/12/27}

new|A/Waco/1622/2005|Waco|U|2005/02/14}

EPI_ISL_29782|A/HongKong/HKU50/2005|HongKong|EAP|2005/04/11}

new|A/TB/357/2005|TB|V|2005/12/08}

EPI_ISL_64700|A/Kentucky/KY-2005VF-01156-ORIGINAL/2005|USA|USA|2005/04/01}

EPI_ISL_17728|A/NAGANO/1138/2006|Japan|EAP|2006/04/14}

new|A/Waco/1605/2006|Waco|U|2006/02/16}

EPI_ISL_16007|A/Denmark/04/2005|Denmark|ECA|2005/07/01}

new|A/TB/1903/2005|TB|V|2005/02/21}

EPI_ISL_8687|A/NewYork/463/2005|USA|USA|2005/02/09}

EPI_ISL_16092|A/Denmark/178/2005|Denmark|ECA|2005/07/01}

new|A/TB/1778/2005|TB|V|2005/02/17}

EPI_ISL_186417|A/BERLIN/4/2005|Germany|ECA|2005/01/20}

EPI_ISL_109766|A/Oklahoma/1050/2006|USA|USA|2006/07/01}

new|A/TB/1667/2005|TB|V|2005/02/15}

EPI_ISL_18245|A/NORWAY/566-1/2006|Norway|ECA|2006/02/16}

new|A/TB/974/2005|TB|V|2005/12/19}

EPI_ISL_20993|A/NewYork/933/2006|USA|USA|2006/03/01}

EPI_ISL_160833|A/NewYork/1036/2006|USA|USA|2006/03/08}

EPI_ISL_9192|A/Canterbury/108/2004|NewZealand|EAP|2004/09/12}

new|A/TB/330/2005|TB|V|2005/12/06}

EPI_ISL_5704|A/Waikato/69/2004|NewZealand|EAP|2004/10/08}

EPI_ISL_22751|A/Berlin/25/2006|Germany|ECA|2006/07/01}

EPI_ISL_20984|A/NewYork/933/2006|USA|USA|2006/03/01}

EPI_ISL_160825|A/NewYork/1028/2006|USA|USA|2006/02/20}

new|A/Waco/1594/2006|Waco|U|2006/02/15}

new|A/BCS/1712/2006|BCS|U|2006/04/04}

EPI_ISL_65624|A/PARIS/659/2004|France|ECA|2004/07/01}

EPI_ISL_11456|A/Oklahoma/371/05|USA|USA|2005/03/04}

EPI_ISL_7155|A/Auckland/621/2005|NewZealand|EAP|2005/01/30}

new|A/BCS/1194/2005|BCS|U|2005/02/01}

EPI_ISL_65619|A/Texas/TX-VC4-775/2004|USA|USA|2004/12/27}

EPI_ISL_160801|A/NewYork/1006/2006|USA|USA|2006/01/08}

EPI_ISL_9123|A/Canterbury/102/2004|NewZealand|EAP|2004/09/09}

new|A/TB/1678/2005|TB|V|2005/02/15}

EPI_ISL_15956|A/Denmark/145/2005|Denmark|ECA|2005/07/01}

new|A/TB/1908/2005|TB|V|2005/02/21}

EPI_ISL_9118|A/Canterbury/21/2004|NewZealand|EAP|2004/08/18}

EPI_ISL_20961|A/NewYork/900/2004|USA|USA|2004/12/22}

EPI_ISL_9116|A/Canterbury/19/2004|NewZealand|EAP|2004/08/17}

new|A/TB/1465/2006|TB|V|2006/01/20}

new|A/TB/1049/2006|TB|V|2006/01/02}

new|A/BCS/664/2005|BCS|U|2005/12/17}

EPI_ISL_11458|A/Oklahoma/1050/06|USA|USA|2006/07/01}

EPI_ISL_64206|A/NorthCarolina/NC-VR06-1120/2006|USA|USA|2006/03/09}

EPI_ISL_18153|A/Wisconsin/WI-90609618/2006|USA|USA|2006/04/07}

EPI_ISL_167296|A/Victoria/523/2004|Australia|EAP|2004/07/01}

EPI_ISL_9111|A/Canterbury/11/2004|NewZealand|EAP|2004/08/04}

EPI_ISL_6208|A/WesternAustralia/61/2004|Australia|EAP|2004/10/14}

EPI_ISL_17982|A/Missouri/MO-VC06-131/2006|USA|USA|2006/02/24}

new|A/BCS/1230/2005|BCS|U|2005/02/02}

EPI_ISL_140179|A/Taiwan/100/2006|Taiwan|EAP|2006/02/11}

new|A/TB/829/2005|TB|V|2005/12/22}

EPI_ISL_90480|A/SouthCarolina/NHRC0001/2005|USA|USA|2005/02/11}

EPI_ISL_18166|A/Wyoming/WY-172-ORIGINAL/2006|USA|USA|2006/02/09}

EPI_ISL_18009|A/Nebraska/NE-M20652/2006|USA|USA|2006/01/16}

EPI_ISL_75946|A/Florida/2e/2006|USA|USA|2006/01/19}

new|A/Waco/1618/2005|Waco|U|2005/02/14}

EPI_ISL_6529|A/Queensland/46/2004|Australia|EAP|2004/10/09}

new|A/BCS/1663/2006|BCS|U|2006/03/03}

EPI_ISL_9136|A/Canterbury/210/2004|NewZealand|EAP|2004/09/22}

EPI_ISL_9139|A/Canterbury/311/2004|NewZealand|EAP|2004/10/07}

EPI_ISL_109713|A/Anhui/123/2005|China|EAP|2005/07/01}

EPI_ISL_64216|A/SALAMANCA/55/2006|Spain|ECA|2006/07/01}

EPI_ISL_8961|A/NewYork/355/2004|USA|USA|2004/11/01}

new|A/BCS/1770/2005|BCS|U|2005/02/17}

EPI_ISL_8210|A/NewYork/366/2004|USA|USA|2004/12/20}

EPI_ISL_17665|A/HAMAMATU/42/2006|Japan|EAP|2006/01/25}

new|A/TB/745/2005|TB|V|2005/12/19}

EPI_ISL_6207|A/WesternAustralia/60/2004|Australia|EAP|2004/09/13}

EPI_ISL_8688|A/NewYork/464/2005|USA|USA|2005/03/07}

new|A/TB/418/2005|TB|V|2005/12/09}

new|A/TB/655/2005|TB|V|2005/12/16}

EPI_ISL_8243|A/NewYork/384/2005|USA|USA|2005/01/06}

new|A/TB/841/2005|TB|V|2005/12/23}

EPI_ISL_129130|A/Vietnam/ISBM63/2005|Vietnam|EAP|2005/05/05}

EPI_ISL_22748|A/Berlin/3/2006|Germany|ECA|2006/07/01}
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Supplemental Figure III-3. Maximum clade credibility tree from structured coalescent of 
H3N2 phylogeny for 2004-2006 Central Texas Trial samples including taxa information.  
The stroke weight of the branch is proportional to the posterior probability of the assigned type.  
 
Geographic region abbreviation: Texas unvaccinated cities Waco and Bryan College Station 
(WBC-uv), Texas vaccinated cities Temple and Belton (TB-v). 
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2004.5 2005 2005.5 2006 2006.5

new|A/TB/212/2005|TB|V|2005/11/21}

new|A/BCS/1193/2005|BCS|U|2005/02/01}

new|A/BCS/264/2005|BCS|U|2005/12/05}

new|A/TB/1049/2006|TB|V|2006/01/02}

new|A/TB/907/2005|TB|V|2005/12/27}

new|A/TB/1609/2006|TB|V|2006/02/17}

new|A/TB/655/2005|TB|V|2005/12/16}

new|A/BCS/1901/2005|BCS|U|2005/02/21}

new|A/BCS/1663/2006|BCS|U|2006/03/03}
new|A/Waco/1605/2006|Waco|U|2006/02/16}

new|A/TB/1908/2005|TB|V|2005/02/21}

new|A/TB/1667/2005|TB|V|2005/02/15}

new|A/TB/862/2005|TB|V|2005/12/26}

new|A/Waco/1723/2005|Waco|U|2005/02/16}

new|A/Waco/1622/2005|Waco|U|2005/02/14}

new|A/TB/829/2005|TB|V|2005/12/22}

new|A/TB/1324/2005|TB|V|2005/02/05}

new|A/TB/974/2005|TB|V|2005/12/19}

new|A/Waco/1618/2005|Waco|U|2005/02/14}

new|A/TB/1465/2006|TB|V|2006/01/20}

new|A/TB/1695/2005|TB|V|2005/02/16}

new|A/TB/330/2005|TB|V|2005/12/06}

new|A/Waco/1594/2006|Waco|U|2006/02/15}

new|A/BCS/1750/2005|BCS|U|2005/02/17}
new|A/BCS/1194/2005|BCS|U|2005/02/01}

new|A/TB/1903/2005|TB|V|2005/02/21}

new|A/BCS/1634/2005|BCS|U|2005/02/15}

new|A/TB/745/2005|TB|V|2005/12/19}

new|A/TB/1678/2005|TB|V|2005/02/15}

new|A/TB/464/2005|TB|V|2005/12/12}

new|A/TB/841/2005|TB|V|2005/12/23}

new|A/Waco/1511/2006|Waco|U|2006/01/26}

new|A/BCS/1198/2005|BCS|U|2005/02/01}

new|A/Waco/1603/2006|Waco|U|2006/02/17}

new|A/TB/1546/2006|TB|V|2006/02/01}

new|A/TB/1313/2005|TB|V|2005/02/06}

new|A/BCS/1453/2005|BCS|U|2005/02/09}

new|A/TB/1362/2005|TB|V|2005/02/07}

new|A/TB/1339/2005|TB|V|2005/02/07}

new|A/TB/1778/2005|TB|V|2005/02/17}

new|A/TB/1557/2005|TB|V|2005/02/13}

new|A/TB/1841/2005|TB|V|2005/02/19}

new|A/TB/1607/2005|TB|V|2005/02/14}

new|A/BCS/1006/2005|BCS|U|2005/12/29}

new|A/TB/357/2005|TB|V|2005/12/08}

new|A/Waco/1203/2005|Waco|U|2005/02/01}

new|A/Waco/1571/2005|Waco|U|2005/02/12}

new|A/Waco/1772/2005|Waco|U|2005/02/17}

new|A/Waco/1131/2005|Waco|U|2005/01/28}

new|A/BCS/1230/2005|BCS|U|2005/02/02}

new|A/Waco/811/2005|Waco|U|2005/12/21}

new|A/BCS/1712/2006|BCS|U|2006/04/04}

new|A/BCS/664/2005|BCS|U|2005/12/17}

new|A/Waco/712/2005|Waco|U|2005/12/19}

new|A/BCS/1770/2005|BCS|U|2005/02/17}

new|A/TB/418/2005|TB|V|2005/12/09}

new|A/BCS/1232/2005|BCS|U|2005/02/02}

new|A/BCS/1374/2005|BCS|U|2005/02/08}

new|A/TB/2067/2005|TB|V|2005/02/25}

new|A/TB/1921/2005|TB|V|2005/02/22}

new|A/TB/1906/2005|TB|V|2005/02/21}

2004.25

Type

WBC-uv

TB-v
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Abstract: Traditional design of effective vaccines for rapidly evolving pathogens, such as influenza A 
virus, have failed to provide broad spectrum and long-lasting protection. With low cost whole genome 
sequencing technology and powerful computing capability, novel computational approaches have 
demonstrated potential to facilitate design of a universal influenza vaccine. However, few studies have 
integrated computational optimization in the design and discovery of new vaccines. Understanding the 
potentials of computational vaccine design is necessary before these approaches can be implemented on 
a broad scale. This review has summarized some promising computational approaches under current 
development, including computationally optimized broadly reactive antigens with consensus sequences, 
phylogenetic model-based ancestral sequence reconstruction, and immunomics to compute conserved 
cross-reactive T-cell epitopes. Interactions between virus-host-environment determine the evolvability of 
the influenza population. We propose that with the development of novel technologies that allow 
integration of data sources such as protein structural modeling, host antibody repertoire analysis and 
advanced phylodynamic modeling, computational approaches will be crucial for the development of a 
long-lasting universal influenza vaccine. Taken together, computational approaches are the powerful and 
promising tools to develop a universal influenza vaccine with durable and broad protection. 

Keywords: Universal influenza vaccine; computational design; interactions of virus-host-environment 
 

In the history of fighting infectious diseases, vaccination is amongst the most cost-effective approaches 
available to prevent infection. Traditional approaches to vaccine design have been successful against many 
pathogens. But vaccines that target rapidly evolving and genetically diverse disease agents have frequently 
failed to generate long lasting protection for human populations. This is particularly true for influenza 
viruses, a single-stranded, negative sense RNA virus. One of the important weapons being developed to 
effectively prevent influenza virus infection is a vaccine that can provide durable and broadly-reactive 
protection against multiple subtypes, including those that may cause potential pandemics, that is, a 
universal influenza vaccine [1]. The National Institute of Allergy and Infectious Diseases (NIAID) has 
defined the criteria for universal influenza vaccine, which includes 1) being at least 75% effective against 
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symptomatic influenza infection; 2) protecting against group I and group II influenza A viruses (influenza 
B would be a secondary target); 3) having durable protection that lasts at least 1 year and preferably 
through multiple seasons [1]. These are challenging, but achievable goals to effectively develop a vaccine 
that can protect against the globally disseminated virus.  

Recent vaccine developments have taken advantage of large-scale viral sequencing platforms, 
phylogenetic frameworks, protein structural modeling and systems biology to design novel broadly-
reactive vaccine candidates, which have been used for influenza and other pathogens [2]. These new 
approaches have revealed insights of viral evolution, transmission dynamics and biological functions of 
proteins from mountains of genomic data and metadata [2]–[5]. Novel approaches for rational design in 
the genomic era can aid in achieving goals of universal influenza vaccine design. However, it has found 
limited applications in the design and discovery of new vaccines, an area where proper integration of 
computational support and design is essentially needed [2], [6].  

In this review, we aim to briefly summarize the currently applied approaches of seasonal influenza 
vaccine design and their disadvantages (part 1), gather information on new or potential computational 
approaches and challenges (part 2), and to propose necessary resources and efforts needed for 
computational approaches of universal influenza vaccine candidates (part 3). We will explore the 
important role of computational vaccine design to improve the identification of pathogen antigens and 
key components for designing and evaluating a universal vaccine design. Furthermore, we will discuss 
the potential of incorporating interactions of virus-host-environment to develop models that allow for 
precise prediction for viral evolution and vaccine candidates. This review provides a framework to 
integrate computational advances that could help in restructuring the existing seasonal influenza vaccine 
design and contribute to the development of universal influenza vaccine. 

1. Current approach for influenza vaccine design 

1.1 Selection of circulating influenza viruses for seasonal vaccine design 

To prevent infections from circulating seasonal influenza viruses the annually administrated 
influenza virus vaccines contain H1N1 (phylogenetic group 1 hemagglutinin), H3N2 (phylogenetic group 
2 hemagglutinin), and two influenza B virus components (Victoria-like and Yamagata-like) [7]. The 
vaccine candidates from natural influenza virus strains are recommended by the World Health 
Organization (WHO) based on the characterization and prediction of circulating strains likely to 
dominate in upcoming epidemic seasons. Twice a year, the expert panel from the WHO Collaborating 
Centers and essential laboratories and academies reviews the evidence of global surveillance, laboratory 
and clinical studies and evaluate the availability of vaccine strains to make recommendation on the 
components of influenza vaccine [8]. The evaluations are mainly based on viral antigenic and genetic 
characterization, which requires tremendous annual surveillance efforts and laboratory tests. After the 
selection of vaccine strains, it takes at least 6-8 months to produce sufficient global supplies of influenza 
vaccine via current vaccine production technologies with egg-based, cell-based or recombination-based 
vaccine [9][10]. For a comprehensive review of traditional approaches for influenza vaccine selection, 
design, development and challenges refer to this review paper by Wong and Webby [11]. 

Influenza vaccines selected from natural influenza virus strains predominantly elicit specific 
antibodies against the globular head domain of the surface protein hemagglutinin (HA) for each subtype 
or lineage, which is only effective to protect against closely-matched antigenic variants [7]. The HA, 
however, undergoes rapid antigenic drift that accumulates from point mutations under immune selection 
pressure in the major antigenic sites, allowing the virus to escape neutralizing antibody responses [12] 
and resulting in imprecise prediction of circulating strains. Though with large efforts of continuous 
surveillance and vaccine strain updates, vaccine mismatch has occurred many times [13]. In addition to 
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potential antigenic mismatch from selection procedure and delays in production, egg-adapted mutations 
accumulated during egg-based vaccine production can further exacerbate this issue, where the vaccine 
virus strain obtains relevant functional amino acid changes in the HA protein, resulting in low vaccine 
effectiveness [14]–[17]. Studies investigating the impact of vaccine mismatch have reported broad ranging 
vaccine efficacy (10% to 60%) for these annual vaccines, demonstrating severely low and unstable 
immune protection from influenza infection [18]. Predictive models of viral evolution to forecast 
dominant circulating influenza viral strains in the upcoming influenza seasons through the analysis of 
genetic and epidemiological data from influenza surveillance system have been developed to make 
quantitative predictions of viral evolution and aim to improve the selection of seasonal influenza vaccine 
candidates [10], [19]. This framework that relies on traditional vaccine design and surveillance has 
demonstrated potential to integrate multiple data sources to improve influenza vaccine design. 

1.2 Universal influenza vaccine design 

The seasonal vaccines offer a little or no protection to emerging zoonotic influenza viruses with 
pandemic potential, as many species, especially wild aquatic birds, are recognized as the natural reservoir 
of all subtypes of influenza A viruses and have the potential to occur spillover and infect humans directly 
[20]. As with past pandemics, the surface glycoproteins, HA and neuraminidase (NA) are replaced 
through reassortments of zoonotic strains where the human population has no pre-existing immune 
protection and the vaccines in use are not cross-reactive with these new strains [21]–[23]. Experimentally 
identified conserved and immunogenic M2 protein antigens [24], and HA-stalk design [24]–[26] have 
potential to elicit broadly protective antibodies against seasonal influenza strain. M2-based universal 
vaccine design focuses on the conserved antigens that have been experimentally identified on M2 protein. 
However, the low immunogenicity and epitope density by viral nature has been a fatal limit to make the 
cross-protection from M2 being effectively applied into vaccine design [24]. To solve this issue, many 
approaches have been developed to improve M2 immunogenicity, details of which can be found in this 
review by Zhang et al [24]. Similar with M2-based design, HA-stalk design tries to elicit the conserved 
and cross-reactive protection from the membrane-proximal stalk domain [25]. While the stalk domain is 
conserved across multiple influenza subtypes, it is shielded by the immune-dominant head domain. To 
amplify the broad protection from stalk domain, truncated HA without head domain, concentrated short 
peptides from stalk domain or recombinant chimeric HA proteins have been employed [24]–[26]. Despite 
the potential for both M2 and HA-stalk design vaccines to elicit broadly reactive immune response, a 
number of challenges remain (reviewed in [24] and [27]), including a limited understanding of the full 
repertoire of potential epitopes. More systematic computational approaches that go beyond circulating 
strain prediction and incorporate a full profile of antigens stimulating both humoral and cellular immune 
responses are needed for universal vaccine design [24]–[26]. To overcome these challenges, 
computational approaches have been employed to rationally and promisingly design vaccine candidates 
that can induce broadly (ideally universally) cross-protective and durable immunity for all seasonal and 
even emerging pre-pandemic strains [13], [28], [29].  

2. Computational design of universal influenza vaccines  

2.1. The rationale of computational design approaches  

Traditional approaches have failed to produce stable and protective vaccines for hypervariable and 
rapidly-evolving viral pathogens, including influenza viruses [30], [31]. Reasons for failure include 
inherent uncertainty in pathogen evolution [32]. While global surveillance efforts and data sharing 
agreements have increased available information, vaccine design often ignores the underlying processes 
of the global influenza meta-population which generates diversity that allows the viral populations to 
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escape vaccine-induced immune responses and anti-viral treatments. Furthermore, hemagglutination 
inhibition assay, central to vaccine strain selection, is a poor approximation for the average immune 
response that does not account for the heterogeneity of immune responses between hosts and pathogens, 
which cannot provide a full profile of pathogen immunogenic features [33]. The failure to synthesize 
information across the host-pathogen-environment, including ecological and epidemiological 
determinants of disease persistence and spread (Figure 1) [2] has resulted in major information gaps that 
can be addressed by existing computational approaches and a concerted effort to develop a unified 
framework. Individual immune response to a vaccine is an interplay of genetic, molecular and ecological 
factors from both host and pathogen populations on large tempo-spatial scales [2]. As a consequence, 
traditional design inefficiently captures few pathogen features based on a limited input that does not 
account for the high diversity of pathogen and high heterogeneity of host’s immune responses [2][34].  
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Figure 1. Framework of potential novel computational design. The summarized potential approaches 
combine the epidemiologic triad of infectious diseases. From host perspective, data on host characteristics 
are modeled to understand the susceptibility and immune response to influenza viruses by studying the 

host immunogenetics, for example, the antibody repertoire analysis or the human leukocyte antigen (HLA) 
structure analysis. From virus perspective, phylogenetic modeling is to understand the evolutionary history 
and patterns of viral genetic and phenotypic characteristics. Further, developing phylodynamic modeling, 
generalized linear model (GLM), and other more advanced models are critical to identify important 
epidemiological and ecological determinants that affect viral evolution and host immunity to influenza 
virus. In order to generate critical components for vaccine design and accurately predict viral evolvability, 

all three perspectives are combined to form a machine learning pipeline to incorporate information and learn 
from these data and models. Evidence from experimental tests on these components can be used into 
machine learning pipeline to improve outputs. Many iterations are needed with input of more information. 
The ultimate goal is to generate high-quality information and broad-reactive components for a universal 
vaccine of influenza viruses. 

Fortunately, the growth of databases containing genome sequences sampled throughout global 
epidemics [35]–[37], increased computational power and theoretical algorithms allow complex data 
sources to be integrated into a unified framework allowing for a more complete understanding of 
pathogen and host features. Huge amount of data generated by the high-throughput technologies are 
currently available with more data regularly being made available. Computational approaches with 
advance data integration and quantitative empirical analyses fit the needs of universal vaccine design for 
highly diverse influenza virus in several promising aspects [38], [39]: 1) being able to model and analyze 
all available viral genomic data over a large tempo-spatial scale and shift from HA only design to cover 
more antigens on multiple viral proteins; 2) rapidly and cost-effectively screening antigens and epitopes 
in the early phase of vaccine candidate discovery; 3) capability of incorporating protein functional 
structure and antibody repertoire analysis via structural biology; 4) machine learning to incorporate viral, 
ecological, epidemiological and host immunological data to make precise assessment and prediction. 

Computational approaches to identify candidates for universal influenza vaccine design have been 
used with a variety of novel vaccine production strategies in development. These approaches mainly 
focus on the ‘unnatural immunity’ [40] induced by more conserved or less immune-dominant domains in 
the surface proteins, internal proteins or both, to tackle with the high degree of variability in influenza 
viruses by boosting the immunity from the conserved or less evolvable proteins of the viruses. Current 
rational vaccine design uses comparative genomic methods to identify these conserved regions. These 
inferential methods include naïve approaches where conserved regions are identified from multiple 
sequence alignment comparison [27], [28], [41]–[43], phylogenetic approaches where common ancestry is 
estimated [44] and peptide engineering based on 3-D protein structure and immunomics. Figure 2 has 
summarized these current computational approaches. Table 1 has highlighted the advantages, 
disadvantages and examples of these approaches.  
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Figure 2. Framework for computational influenza universal vaccine design. A. Model-free consensus-
based optimized approach. Consensus sequences from previously defined clusters are generated by aligning 
and comparing multiple sequences and selecting the most common residue at each position. It may go 

through several steps until the generation of a final consensus. B. Model-based ancestral sequence 
reconstruction approach. Maximum likelihood approaches and Bayesian framework are the most 
commonly used methods to reconstruct ancestral sequence at the ancestral node (shown as black dot on the 
tree)[45]. Statistical phylogenetic approaches (Maximum likelihood and Bayesian) allow for the 
reconstruction of possible ancestral node sequence [45]–[47]. Evolutionary models that incorporate protein 
structural domains can be used to separately estimate the evolutionary history on each functional partition 

as the HA head and stalk domains. Based on the evolutionary relationship among different subtypes of 
influenza A virus, common ancestral sequences of head and stalk domains can be generated within 
influenza A virus Group 1 (H1, H2, H5, H6, H7, H8, H9, H11, H12, H13, H16, H17, and H18) and within 
Group 2 (H3, H4, H7, H10, H14, and H15), respectively. C. Immunomics approach. The T-cell epitope 
prediction tools can be used to identify the potential CD4+ T-cell and CD8+ T cell epitopes from the pathogen 
proteome or protein(s) based on the high binding affinity between epitope-Major Histocompatibility 

Complex (MHC) complex. Some epitopes will be presented by the MHC-I on the surface of infected cells or 
by MHC-II on the surface of antigen presenting cells (APC) to the host CD8+ or CD4+ T-cells, respectively. 
These processes elicit the cellular and/or humoral immunity. The predicted T-cell epitopes that are 
evolutionarily conserved and common across or within subtypes will be constructed into peptides or 
proteins. All outputs from these three approaches, like epitopes, peptides, proteins or virus-like particles 
(VLPs), will be tested at in-vitro and/or in-vivo models to evaluate their immunogenicity. The proposed 

concept as shown is based on HA gene sequences, but these approaches should be used for all the gene 
segments of influenza viruses to generate a full profile of viral immunogenicity. 
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Table 1. Summary and examples of computational influenza universal vaccine design 

 

2.2 The Host 

2.2.1. Immunoinformatics to Immunomics 

The field of immunoinformatics or computational immunology received major attention in 2000’s 
from the research and governmental funding agencies [48], [49]. Immunoinformatics research mainly 
focuses on study and design of high-throughput in-silico approaches to explore the immune system at 
genome level (Figure 2) [50]. These technological developments coupled with pathogen genomes have 
tremendously contributed to the selection process of optimal vaccine antigens by lessening the time and 
cost involved in the conventional methodologies that involve pathogen cultivation and protein 
extractions. This methodology of analyzing pathogen genome to identify potential vaccine antigens is 
called “reverse vaccinology” [51], [52].  

The study of immunomes coined as a new discipline “immunomics”, where the ‘immunome’ is 
quoted as “the detailed map of immune reactions of a given host interacting with a foreign antigen” [49]. 
Immunomics tools such as B-cell epitope and T-cell epitope mapping methods mimic the diverse 
molecular pathways of adaptive immune system that accounts for humoral immunity (B-cells) and 
cellular immunity (CD4+ T-cells and CD8+ T-cells) to predict potential epitopes or immunomes from the 
pathogen proteomes [50], [53]. B-cell epitopes are surface exposed clusters of amino acids, which can be 
categorized as linear (a stretch of amino acids) and conformational (discontinuous) epitopes recognized 
by B-cell receptors (BCR) [54]. While T-cell epitopes are only linear, and T-cells receptors (TCR) can 
recognize epitopes when they are bound to the major histocompatibility complex (MHC) molecules. Two 
distinct subsets, CD4+ T-cells (helper T cells) and CD8+ T-cells (cytotoxic T cells) recognize epitopes when 
they bind with MHC class II and MHC class I, respectively [55]. MHC genes are highly polymorphic 
across different ethnicities that determines the fate of an epitope presentation to T-cells [55]. 

Immunomics can aid in identifying optimal B-cell and T-cell epitopes directly from the pathogen 
proteomes, while the literature suggested that T-cell predictions are more advanced and reliable than that 
of B-cell epitope predictions [56], [57]. A workshop on the B-cell epitope prediction tools reported that the 

Table 1. Summary and examples of computational influenza universal vaccine design 

Approach  Conceptual 
design 

Evidence-
level 

Advantages Disadvantages Examples 

Consensus-
based 
optimized 
approach 

Figure 2A Pre-clinical 1) Efficiently generate a potentially full profile 

of conserved immunogenicity in viral genome; 

 2) Induce broad HA inhibition antibody titers 

that are cross-reactive with diverse strains 

within the same subtype;  

3) Neutralize the receptor binding sites to 

prevent influenza disease with a clear path 

towards clinical proof of correlation for 

protective efficacy in humans 

1) Biased viral samples may 

not generate consensus 

sequences that represent full 

profile of conserved 

immunogenicity;  

2) Large efforts on surveillance 

data required 

Pre-clinical tests 

on H1, H3 and 

H5 HA [28][41-

43][102] 

Ancestral 
sequence 
reconstruction  

Figure 2B Pre-clinical 1) Induce broad cross-reactive protection 

within highly diverse influenza subtype  

2) Account for sampling bias and the 

variability of substitution rates among sites;  

3) Potentially avoid the detrimental effects of 

antigenic drift with ancestral sequences;  

4) Incorporate protein functional and 

structural domains 

1) More sophisticated and 

advanced models to 

incorporate protein domains 

are still under development;  

2) Experimental data on 

protein function is needed  

Pre-clinical tests 

on ancestral 

sequence of 

H5N1 HA and 

NA [44] 

Immunomics  Figure 2C Pre-clinical 

& Clinical  

1) Account for the heterogeneity of the major 

histocompatibility complex (MHC) in host;  

2) Protections and viral clearance from T-cell 

response has been distinctively tested 

1) Indirect estimation on 

epitope affinity to MHC;  

2) To keep conformational 

epitopes to be function when 

designed into vaccine can be 

challenge 

FP-01.1 

Flu-v 

Multimeric-001  

See Table 2 for 

details  
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prediction performance of B-cell tools is still far from reality due to a lack of high-quality experimental 
datasets [56]. Detailed description on the existing epitope mapping tools, and challenges have been 
discussed in the cited review articles [54], [57]–[61]. Key limitations include: 1) the availability of 
experimental datasets, essential in training and developing any epitope prediction tool; 2) selection of 
epitope prediction tools may also introduce discrepancy in the identification of potential T-cell epitopes 
due to methodological differences. T-cell epitope prediction tools that include sequence- and structure-
based methods are reviewed in Patronov et al [55] an Luo et al [62]); 3) the availability of high-quality 
datasets on the binding affinity of epitope-MHC, which directs the development and success of T-cell 
epitope prediction tools. A prediction of strong binding affinity suggests that a particular epitope will be 
presented to T-cells. But, this requires an experimental assessment; 4) The population coverage of an 
epitope is related to MHC polymorphism that exists in humans. The efficacy of epitope-based vaccine(s) 
can be limited due to variability of MHC alleles among different ethnicities. This may reduce the 
maximum population coverage of epitope-based vaccine leading to the failure of the vaccine to elicit T-
cell immune responses. The current tools, IEDB population coverage [63] and EPISOPT [64], that are used 
to predict the population coverage are based on the limited experimental HLA frequency data from 
world-wide MHC allele frequency database (http://www.allelefrequencies.net/). 

T-cell immunity plays a critical role in viral clearance thereby reduction in disease severity. 
Particularly, memory CD4+ T-cells can provide substantial protection against influenza infection through 
direct effector mechanisms as well as indirect regulatory and helper functions [65]–[67]. In the absence of 
neutralizing antibodies, the cross-reactive T-cell immune responses towards the well-conserved T-cell 
epitopes may play a significant role in promoting clearance of virus and reducing disease severity [68]–
[70]. This phenomenon was well documented during the 2009 pandemic H1N1, as its unanticipated 
milder disease severity was largely attributed to the preexisting cross-reactive T-cell immune responses 
towards the evolutionarily conserved T-cell epitopes between seasonal H1N1 and 2009 H1N1 strains 
[71]–[77]. Taken together, these studies suggest that an epitope-based universal influenza vaccine can be 
developed by selecting the well-conserved and immunodominant epitopes across influenza subtypes 
using immunomics approach. 

A major challenge in the design of epitope-based vaccines is to focus immune response onto 
multiple well-conserved epitopes in order to elicit broad protective/neutralizing immune responses. 
Epitope grafting or scaffolding, has been proposed as a solution for epitope-based vaccine design. In this 
method, minimal epitopes that are highly conserved in pathogen are grafted onto an appropriate 
heterologous-protein scaffold. Approaches for scaffold selection and design include single algorithm-
based tools like MAMMOTH or meta-servers like TM-align and consensus-based designs [30]. Three 
main criteria have been proposed for the selection of scaffold that include size, where smaller-sized 
scaffolds help to focus immune responses to grafted epitopes while preventing unwanted responses to 
scaffold. Second criterion is the flexibility of scaffold with a possible positive correlation between 
flexibility and immunogenicity. The third criterion is the structural environment of the graft. A well-
defined structural boundary between protein scaffold and epitopes enhances the specificity of immune 
responses [30]. 

2.2.2. Advanced universal influenza vaccines in clinical development 

There are currently three promising epitope-based universal influenza vaccines, FP-01.1, Flu-v and 
Multimeric-001 (M-001) are at different stages of clinical trials (Table 2). Each vaccine is briefly described 
below. 

 

Table 2. Promising epitope-based universal influenza vaccines at clinical trials. 
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FP-01.1 vaccine (also called as Flunisyn™), comprises six different synthetic peptides (length: 35 amino 
acids) each conjugated to the fluorocarbon moiety C8F17(CH2)2-COOH. These epitopes were derived 
from the nucleoprotein (NP), matrix protein (M), and polymerase basic proteins (PB1 and PB2) and have 
high level conservancy across H1-H9 influenza A subtypes with wider population coverage. The phase I 
clinical trial [78] results observed that vaccine has acceptable safety and tolerable profiles and generate 
robust CD4+ and CD8+ T-cellular immunity [79].  

Flu-v vaccine contains multiple highly conserved T cell epitopes derived from NP, matrix proteins 

(M1 and M2) from influenza A and NP from influenza B viruses and are conserved across most influenza 

viruses with high population coverage [80], [81]. The phase II clinical trials with adjuvant+Flu-v triggered 

the T-cellular responses and also induced antibody response [82]. 
Multimeric-001 (M-001) is a universal influenza epitope-based vaccine is currently at the pivotal 

phase III clinical trial to assess the safety and clinical efficacy as a standalone universal flu vaccine in 

participants with age of older than 50 for a two-year follow-up [83]. M-001 comprised with a single 

recombinant protein that contains nine linear, conserved and common epitopes from NP, M1, and HA of 

influenza A and B viruses to activate both humoral and cellular immune system to provide multi-strain 

protection from the seasonal and pandemic influenza viruses [84]. The predicted population coverage of 

these selected epitopes is greater than 90%. The epitopes from the HA1 region which is hypervariable 

were not included in the M-001. At phase II clinical trial in 120 participants aged 65 years and older, M-

001 was first administered to the study participants and three weeks later they were immunized with 

2011-2012 seasonal trivalent inactivated vaccine. Results reported that M-001 alone elicited cellular 
responses and enhanced HA inhibition (HAI) seroconversion to 2011/12 vaccine strains and even to 

certain former vaccine strains [85].  

The positive note on the epitope-based universal vaccine efficacy in eliciting the robust immune 

responses at clinical trials underpins the immunomics in advancing the current vaccine development 

approaches to prevent infections from remerging or emerging highly evolving influenza viruses. 

2.2.3 Computational approaches that incorporate host immunological factors 

Immunomics approach indirectly combines host information of MHC structure by computing the 

epitopes with potentially high affinity to MHC. There is another approach called antibody repertoire 

Table 2. Promising epitope-based universal influenza vaccines at clinical trials 

Vaccine Company Projects 
Clinical Phase Clinical trial 

registration# Reference 
I II III 

FP-01.1 

Immune 
Targeting 
Systems Ltd., 
London, UK. 

FP-01.1 completed completed  
NCT01265914, 
NCT01677676, 
NCT02071329 

Francis 2015 [79] 

FP-01.1-Adjuvant completed   NCT01677676 unpublished 

FP-01.1 + seasonal TIV 
+ FP-01.1-Adjuvant 

completed   NCT01701752 unpublished 

Flu-v PepTcell Limited 
Flu-v  completed   NCT01226758, 

NCT01181336 
Pleguezuelos 2015 

[81] 

adjuvanted Flu-v  completed  NCT03180801, 
NCT02962908 

van Doorn 2017 [82]  

Multimeric-
001 (M-001) 

BiondVax 
Pharmaceuticals 
Ltd 

M-001 completed completed  NCT01146119, 
NCT01010737 

Atsmon 2014 [85]  

M-001 
(prime) + seasonal TIV 
vaccine (boost) 

completed completed  
NCT03058692, 
NCT01419925, 
NCT02293317 

Atsmon 2014 [85]  

M-001 (prime) + H5N1 
vaccine (boost) 

completed completed  NCT02691130 unpublished 

M-001 as standalone 
vaccine 

  ongoing NCT03450915 unpublished 
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analysis to directly incorporate host immune response for vaccine design. It is to analyze all the antibody 

affinity and specificities that can be produced by an individual, which can be a valuable tool for 

quantitative evaluation of vaccine-induced immune responses [30]. Though it is currently used to 

characterize broadly neutralizing antibody (bnAb) lineages, with the development of next-generation 

sequencing (NGS) technologies and systems biology, the analysis of antibody repertoire encoded by B 
cells in the blood or lymphoid organs can be used to understand humoral immune responses and to 

identify antibodies specific for antigens of interest in animal models and human vaccine trials [30], [86]–

[88]. The antibody NGS can have impact on the rational vaccine design by decoding the human immune 

responses and delineating B and T cell antigen receptors [89], [90]. This approach has been well 

developed in HIV-1 to identify hypervariants and evolution on neutralization and binding to bnAbs [91], 

[92] and explore the antibody lineage via phylogenetic modeling [88], [93]. These technologies and 

bioinformatics tools can be applied to influenza virus vaccine design with creating library of antibody 

repertoire by NGS. The library then can be used in computational approaches to quantitatively measure 

the immune responses and further to predict the effects of vaccine candidates without completely relying 

on costly animal tests.  
The main limitation with this approach is that linear sequence may not accurately predict the 

conformational variations when these antigens are put back in a complete protein context [94]. When the 

conformational structure of the epitope is not accurate, the corresponding immune response cannot be 

precisely computed [95]. To solve this issue, some high-performance bioinformatics tools such as 

molecular dynamics simulations can be used to predict the 3-D structure and stability of proteins or 

peptides [96], [97]. Furthermore, in the previous section, the successful maintenance of the 

conformational epitope in these clinical tested vaccines has provided positive evidence for epitope-based 

universal vaccine design. Taken together, with this antibody repertoire analysis tool, the computational 

estimation of immune stimulation of these predicted viral antigens in hosts can be more accurate.  

2.3. The Pathogen   

2.3.1. Model-free Consensus-based optimized approach 

Consensus sequences are usually generated by aligning and comparing multiple sequences and 
selecting the most common residue at each position (Figure 2A). These sequences are expected to effectively 
capture a profile of conserved genetic and epitope information which can induce cross-reactive cellular 
immune responses [98]. The outcome of this approach is a sequence alignment with conserved antigens 
that can be expressed on virus-like particle (VLP), which are similar to intact virions but not pathogenic 
[41], [99]. Influenza VLP vaccines have advantages that a live virus is not used at any step during vaccine 
production [100] and they can maintain conformational epitopes by presenting surface antigens in their 
original structures. Consensus-based studies [29], [98], [100] have generated consensus sequences for NA 
protein of H1N1 and several influenza proteins of H5N1, including HA, NA and matrix protein M1, which 
have elicited broadly-reactive immune response. However, the nature of consensus-based antigen design 
determines that it is highly influenced by the input sequences and thus subject to sampling bias [101]. For 
example, H5N1 isolates were sampled in different geographical locations and from different hosts, 
including human and avian. If samples from one location or one host are overrepresented in the sequences 
used to generate consensus, then it can bias the output consensus sequence, which may not accurately 
represent the full conserved genetic profile of the whole H5N1 population. To overcome issues from 
sampling bias, an iterative optimization strategy has been implemented in an approach known as 
computationally optimized broadly reactive antigens (COBRA) [41].  
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The critical step in designing COBRAs is to use multiple rounds of consensus generation. Within each 
phylogenetic subclade of the influenza virus subtype, the primary consensus with the most common amino 
acid at each position is generated for each individual outbreak group that is defined based on geographic 
location and collection time. The secondary consensus is generated from the primary consensus to 
represent the subclade. The third or fourth consensus is generated based on previous round of consensus, 
until the final consensus is generated and termed COBRAs [41].  

The COBRAs generated by multiple rounds of consensus generation are representative of the diversity 
in the viral population and are able to induce neutralizing antibodies or other immune boosting response 
to protect against past, current and ideally, future circulating strains of this specific HA subtype [27]. 
COBRAs-based designed HA protein of H1, H3 and H5 have been tested with in-vitro assays and animal 
models. This preclinical evidence has showed broad HA inhibition antibody titers that were cross-reactive 
with different strains within the same subtype [28], [41]–[43], [102]. This approach has advantages over 
other universal vaccine candidates, because COBRA HA-elicited antibodies are able to neutralize the 
receptor binding site and the design has a clear path towards clinical proof of correlate for protective 
efficacy in humans [28]. However, there are some major concerns with this approach. To be universally 
cross-reactive, the ideal CORBA HA protein is to cover all the conserved information within one subtype 
or multiple subtypes. The conserved immunogenic profile of consensus sequences from COBRA approach 
is dependent upon the sharing of epidemiological and genetic data collected during public health 
investigations and surveillance of outbreaks. With biased viral samples, the consensus sequence generated 
may not represent the full profile of conserved immunogenicity along viral evolving history. Even with 
increased global efforts to collect data and characterize epidemics it is unlikely that sufficient data could be 
collected to overcome this challenge. Alternative approaches, such as phylogenetic modeling of viral 
proteins along a characterized evolutionary trajectory that account for impacts of sample biases and 
missing data could greatly improve design of COBRA candidates. 

2.3.2. Phylogenetic model-based approaches to ancestral sequence reconstruction  

Another way to identify potential broadly reactive antigens is ancestral sequence reconstruction, 

which is to computationally infer ancestral gene sequences and the translated ancestral protein sequence 

(Figure 2B) [103]. Ancestral sequences can reveal conserved functions of the pathogen protein and 

evolutionarily favorable traits [104]. These conserved functions may indicate potential immune targets. 

Phylogenetic evolutionary models have been used to infer influenza viral evolutionary history for 

decades with molecular data, including the analysis of large phylogenetic trees, complex evolutionary 

models for more accurate ancestral inference and detection of the imprints of selection pressure in 

molecular sequences [105], [106]. Phylogenetic algorithms have been developed to reconstruct ancestral 

sequences for broadly-reactive vaccine design [44][107]. This phylogenetic approach with marginal 
reconstruction yields the maximum likelihood at the site with a specific amino acid after comparing all 

probabilities of different amino acids at a site on an internal node [107]. It can more accurately account for 

sampling bias and the variability of substitution rates among sites that can affect consensus approaches 

described above.  

In detail, Ducatez and colleagues [44] developed an ancestral sequence reconstruction method for 

highly pathogenic avian influenza (HPAI) H5N1 surface proteins HA and NA. Based on a maximum 

likelihood tree, several ancestral sequences were reconstructed at the internal nodes of co-circulating 

HPAI H5N1 viral lineages to capture the conserved genetic characteristics of these viruses. These 

ancestral sequences were synthesized into attenuated influenza viruses that could replicate. Their cross-
reactive protection against H5N1 morbidity and mortality have been confirmed in preclinical 

experiments with ferret models. These findings provide strong evidence that computationally derived 
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vaccine candidate sequences and these technologies should be used to explore and enhance the cross-

reactivity, which can be easily fit into the current licensed vaccine platform. These computationally 

derived ancestral sequences as vaccine candidates may help in avoiding the detrimental effects of 

antigenic drift on the vaccine effectiveness. But this approach can be weakened by phylogenetic 

uncertainty in particular when trees possess long branches due to insufficient information [108].  
The functional and structural domains of pathogen protein can be under disparate immunologic 

pressures and thus have impacts on the evolutionary phylogeny [109] and the accuracy of ancestral 

sequence reconstruction. Even though advanced models, including those that account for protein 

sequence and structure [110], [111] have not been applied for vaccine design, the computational approach 

is promising. Precise estimation of influenza virus evolution including protein structural and its 

functional information supported by experimental data [112], may help to efficiently identify and select 

target antigens for universal vaccine design [30].  

The integration of protein functions and structures into evolutionary models has two main 

challenges: 1) published viral protein structural and functional information may not be available or 

sufficiently resolved based on current studies; 2) The assumption of nucleotide site independence in the 
model cannot capture the biological reality that some sites are linked due to shared function [113]. Some 

modeling approaches with protein structure scoring system or partitioning schemes on the protein 

sequence [97], [110], [114] can potentially overcome these challenge, for example, protein structure has 

been explored with coarse-grained models for structure prediction, prediction of protein interaction and 

molecular dynamics simulations of protein folding [97]. This provides the statistical potential like a 

scoring system for sequence-structure compatibility, which can be used to evaluate the probability of 

fixation of a given mutation and improve the precision of ancestral reconstruction [111]. However, few 

studies have incorporated protein structural information into the evolutionary analyses. Simple 

representations of protein functional and structural domains have been used so far. Hypothetically, novel 

models with a more complete representation with a full site mapping of the protein functions and 
structures would yield a better fit. But in a phylogenetic context, structurally informed models are still 

outperformed by some site-independent models in terms of fit [111]. Preliminary data suggest that this 

would become less of a concern with increased sharing of sequence data [110].  

High-throughput experiments that quantify the effects of all single substitutions on gene function so 

that evolutionary model can adequately capture the heterogeneity of selection at different sites, which 

may improve phylogenetic inference and ancestral sequence reconstruction [112], [115]. The new 

experimental technique is called deep mutational scanning, where a gene is randomly mutagenized and 

subjected to functional selection in the laboratory, and then deep sequenced to quantify the relative 

frequencies of mutations before and after selection [116], [117]. This technique has been used to quantify 

the impacts of codon changes to several proteins or functional domains [115], [116], [118]–[121]. This 
information of protein function from rapid high-throughput experiments may greatly improve the 

precision of ancestral sequence reconstruction [122]. 

2.4. The Environment 

2.4.1 Pathogen Evolvability  

Uncovering the important ecological, immunological and environmental determinants on viral 

evolution is very important to make predictions of the viral emergence, fitness, transmissions and 

circulating potential after new substitution is introduced [123]. Evolvability, first coined by Kirschner and 
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Gerhart in 1998, means that the organism’s capacity to generate heritable phenotype [124]. The zoonotic 

nature and complicated ecology of influenza viruses make evolvability more difficult to quantify and 

predict. But with the advances of phylogenetic algorithms, models can integrate and evaluate the impacts 

of environmental determinants. For example, an important development in phylogenetic modeling was 

the field of viral phylodynamics that was introduced in 2004 to study “how epidemiological, 
immunological, and evolutionary processes act and potentially interact to shape viral phylogenies” [125], 

[126]. Dynamics of influenza virus infections and transmissions at individual-level (such as viral 

evolution within an infected host), population-level (individual hosts within a population), or ecology-

level (entire populations of different host species) have been studied [125]. Specially, phylodynamics 

have been used to study factors of interest on some viral phenotypes, including virulence, viral 

transmissibility, cell or tissue tropism, and antigenic phenotypes that can facilitate immune escape, etc. 

[108], [125]. Details of methods and examined significant factors can be found in these reviews [108], 

[125], [126]. 

Furthermore, the complements between phylodynamic modeling and experimental testing can be 

integrated together to improve prediction on influenza virus evolvability. For example, experimental 
studies designed to assess viral evolvability [127], [128] demonstrated that a measured fitness score or 

estimated tolerance for mutations can be used in phylodynamic modeling to link phenotypes, genetic 

characteristics and other ecological factors, which can improve the prediction of viral evolvability for 

natural influenza virus strains [128]. The potential predictors and consequent mutations computed by 

models can enhance our understanding on viral characteristics, potential immune escape, or influenza 

antiviral drug resistance [129]. Challenges for this area are how to get accurate and sufficient information 

on the epidemiological, immunological and ecological factors, how to expand, integrate and enhance 

phylodynamic models [108], and how to gather the current modeling factors to improve prediction of 

viral evolvability [123]. 

3. Resources and efforts needed for computational vaccine design  

Computational models with incorporating host-pathogen-environment can efficiently facilitate the 

understanding of viral evolution and the selection on critical information for vaccine design. With the 

challenges summarized above, extra resources and efforts are needed for developing computational 

vaccine design.  

3.1. Data collection and sampling efforts  

Computational vaccine design highly relies on the input data quality [30]. To be specific, the 

representative of the collected samples, the completion and precision of recorded data, and the timely 

manner of data sharing and availability can ameliorate the output from computational modeling [19], 

[130], [131]. Compared to other infectious disease sampling, influenza viruses have already established an 

excellent global network of sentinel institutions to monitor outbreaks and collect human samples [132]. 
With the lower cost of full-genome sequencing, a large amount of genetic data has been available for 

influenza research. However, three main limitations exist in current surveillance: 1) the imbalanced 

sampling efforts on different hosts and geographical regions; 2) the incompletion of data records [130]; 

and 3) the delayed availability of sequence data [19], [131]. 

The unequal sampling of geographical regions is caused by global and local resource allocation 

[133]. Policies to globally optimize resource allocation with considering the representative of collected 
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samples from outbreaks in different regions are needed. But majorly, the unequal sampling in zoonotic 

hosts is more severe. Human influenza outbreaks have been well monitored and sampled [130]. 

However, to better understand viral evolvability and predict potential pandemic emerging from zoonotic 

strains, more sampling efforts are definitely necessary in animal hosts, especially wild aquatic birds [130]. 

Olson et al, examined 11,870 GenBank records and reviewed 50 non-overlapping studies and over 250,000 
birds to access the status of historic sampling efforts during 1977 – 2012, where they found that sampling 

in different hosts, location and viral subtypes are severely imbalanced and there are a high proportion of 

non-tested samples globally. If we aim to identify a high proportion of the virus subtypes in circulation in 

a given time period with limited resources, a sample-based accumulation curve can provide an initial 

rationalization and optimal sample size for AIV surveillance [130], [134], [135]. 

The affiliated sequence meta-data records have been improved with samples from recent years. But 

the epidemiological information, viral phenotypic characteristics and host characteristics are not 

sufficiently recorded. With no accurate information on geographical region, host species and migratory 

pathways and viral characteristics, we do lose lots of power in our model inference [136], not to say 

improving the prediction of viral evolvability. GISAID [35] and GenBank [36], these open access database 
platforms have facilitated the accessibility and sharing of influenza sequence data to the science 

community. Despite the availability of these platforms, the sharing of viral sequence data is often long 

after the outbreaks and records are frequently incomplete [137]. Therefore, a standardized protocol on 

how to record collected samples and what information is needed to report should be established for 

sharing more complete viral and host-related information.  

3.2 Integration of experimental evidence and model development 

As shown in Figure 2, these computational models could efficiently compute and select critical 

components for vaccine design. However, we cannot solely rely on computational design, where 

computed antigens have uncertain biological effects. Experimental evidence (Figure 1) from animal 

models or approved human clinical trials are valuable to be incorporated into computational design. The 
experimental data on pathogen immunogenicity and host immune system can first provide preliminary 

evidence on natural or computed antigens and further amplify the usage of this new evidence to the 

computational procedure for more accurate prediction and evaluation [19]. 

More complicated and realistic models previously limited by computing capability can be developed 

with the advances of computing power [138]. For example, it becomes possible to develop viral 

phylodynamic models that can incorporate results from laboratory experiments of viral antigens and host 

immune responses [108]; The development on structured coalescent for better estimation on viral 

population and mutation or migration events [139], [140]. Furthermore, to avoid overparameterization, 

model selection procedure should be applied during the process of novel model development to optimize 

the balance of biological reality and parameterization [138], [141]. With all these, the next step would be 
to introduce and apply machine learning to the computational process for vaccine design.  

Machine learning is a subset of artificial intelligence in the field of computer science, which usually 

uses statistical techniques and mathematical models to make computers “learn” with data without being 

explicitly programmed, that is, performance on a specific task progressively improves [142]. Machine 

learning algorithms discover patterns in data and construct mathematical models using these prior 

discoveries. One advantage of machine learning is that the models can be used to make predictions on 

future data by cumulating from previous evidence and improving on forecasting algorithms [143]–[145]. 

Though still in an early phase of implementation, the concept of machine learning has been used in viral 
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evolutionary modeling and has been a rapid way to gather and update information based on known 

information [146], [147]. Machine learning can incorporate different modeling steps and all available 

surveillance, genetic and experimental data to keep updating information and make predictions for 

computational vaccine design (Figure 2). For example, the model of conserved epitope prediction 

mentioned in previous sections can also be incorporated in the platform with host and environmental 
factors to make prediction on currently circulating viruses, where broad-reactive vaccine candidates can 

be rapidly computed and tested.  

4. Conclusions  

For decades, we have been using the traditional approaches to design and develop influenza 

vaccines. The rapid genetic changes and antigenic drift of influenza virus populations results in short 

term protection necessitating continual vaccine updates with novel viral components based on analysis of 

globally circulating variants. Furthermore, these vaccines do not offer any immunological protection 

against potential pandemic zoonotic strains, one of the lessons learned through the unprecedent 

appearance of swine-origin 2009 pandemic H1N1 virus.  

Recent decades have witnessed the technological advancements in the viral genetic sequencing and 
computational modeling in tracing the complexities involved in the interactions of host- pathogen-

environment that produced important insights into influenza disease dynamics across biological scales. 

Integrating these computational and technological pipelines into the vaccine design protocols can 

facilitate the development of a broadly cross-reactive, evolutionarily resistant universal influenza vaccine.  
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