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Abstract 
 

Wild aquatic birds are thought to be the main reservoir for Influenza A viruses, hosting the 

largest burden of influenza diversity generated by high frequencies of co-infection and segment 

reassortment. The recently emerged avian influenza viruses that spilled-over into the human 

population  were all produced by dynamic reassortment between wild bird viruses and poultry-

adapted H9N2 viruses. The recruitment of poultry-adapted internal gene cassettes (i.e. the 

polymerase, nucleoprotein, matrix and non-structural genes) has been shown to increase the 

fitness of wild-bird viruses in domestic poultry populations. It is unclear whether acquisition of 

poultry-adapted genes by wild-bird viruses increases the probability of human infection by 

increased fitness in domestic poultry and associated increased transmission risk at the human-

animal interface or whether it mediates improved adaptation to mammalian hosts. It is also 

unclear whether the recent H9N2 genotype that emerged in human infections of H7N9, H10N8 

and H5N6 is the only major set of internal genes prevalently facilitating the genesis of novel 

reassortants of pandemic concern, or whether there are similar internal genotypes circulating. 

There is therefore a need to characterize the observed and unobserved genotypic diversity of 

the internal genes of avian influenza viruses across the global influenza ecosystem.  However, 

this effort has been limited by the lack of a pansubtypic nomenclature to partition and describe 

the complex lineage distribution of the internal genes across all HA/NA-defined subtypes 

resulting from dynamic reassortment. The ecological and evolutionary processes that structure 

reassortment dynamics have also been incompletely investigated across subtypes and reservoir 

and non-reservoir hosts, with questions remaining regarding constraints on reassortment 

frequency and co-segregation bias for segments in wild birds relative to domestic birds and 

swine populations. The current work set out to address these questions, centrally depending on 

the development of an internal gene genotyping framework based on phylogenetic clustering 

of the respective internal gene phylogenies. A new phylogenetic clustering algorithm, 

PhyCLIP, was developed and described in Chapter 2 to overcome current methods’ limiting 

reliance on arbitrary genetic distance thresholds for cluster definition.  PhyCLIP operates on 

the distribution of all branch lengths in the phylogeny, using this global patristic distance 

distribution as a pseudo-null distribution to test the within-cluster distance distribution of 

putative clusters against. PhyCLIP was validated on the WHO H5Nx clade nomenclature to 

identify evolutionarily informative clusters in viral phylogenies. PhyCLIP was applied to 

develop a pansubtypic genotyping nomenclature for the internal genes of avian influenza in 
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Chapter Three in a globally representative dataset of n=14 428 sequences and n=120 subtypes.  

The system designated 4763 genotypes, with their diversity quantified across spatiotemporal, 

host and subtype scales. Genotypic diversity was significantly unevenly distributed, with wild 

birds in North America accounting for 45% of all designated genotypes and subtypes H4N6 

and H3N8 for 11% each.  Approximately 69% of the genotypes were singletons, reflecting the 

high reassortment frequency in the natural reservoir. The  evolutionary pathways generating 

genotypes infecting humans was also described using the lineage-assignment of the new 

system, allowing for more complete tracing of progenitor genotypes across subtypes and 

identification of lineage distinctions between human viruses. Chapter 4 quantified reassortment 

frequencies in the pansubtypic dataset of avian and swine influenza with a new algorithm, 

DeviantChild. DeviantChild quantifies phylogenetic incongruency as a measure of 

reassortment frequency based on PhyCLIP’s phylogenetic clustering and patristic distance 

distributional shift testing. DeviantChild detected extensive reassortment in the avian influenza 

dataset and no strong evidence of reassortment bias among segments on a population scale, 

supporting evidence of predominantly free reassortment of the internal genes. Reassortment 

was twice and three times as high in the natural reservoir Anseriformes hosts relative to 

shorebirds and domestic gallinaceous poultry, with the lowest reassortment frequencies 

reported for H5Nx, H7Nx and H9Nx viruses in gallinaceous poultry.  There was evidence of 

segregated gene flow for the H13 and H16 subtypes in shorebird populations, supported by 

evidence from the genotypic diversity distribution of gull-restricted genotypes. Chapter five 

used the genotype distribution and a comprehensive suite of diversity measurements, 

accounting for sampling heterogeneity to characterise the patterns of unobserved diversity 

across HA-NA subtype, geographic region and host order. It identified a subset of low 

pathogenic viruses including H4N6, H3N8, H1N1, H6N1 and H6N2 estimated to have very 

high levels of undetected diversity in wild bird hosts. It also identified wild birds in China, 

Guatemala and Japan as major sources of undersampled diversity, as well as domestic poultry 

in Bangladesh, Pakistan and H5N2 in the USA. 
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1. Introduction 

1.1. Genomic diversity of Influenza A viruses 

Wild aquatic birds and shorebirds of the orders Anseriformes and Charadriiformes are the 

natural hosts of Influenza A viruses (IAVs), maintaining the most diverse IAV gene pool 

structured as a wide range of genetically and antigenically distinct subtypes.1 Subtypes are 

characterised by the combination of surface glycoproteins hemagglutinin (HA) and 

neuraminidase (NA), which are the main targets of the humoral immune system.2,3 There are 

16 different HAs and 9 NAs co-circulating in the natural reservoir in theoretically any 

combination.3,4 However, only a select set of the more than 122 subtypes observed in wild birds 

has stably adapted to non-reservoir hosts: H1N1, H2N2 and H3N2 in humans; H3N8 and H7N7 

in horses; H3N8 in dogs and H5Nx, H9N2 and H7N9 in gallinaceous poultry, e.g. chickens and 

turkeys.5 A larger set of subtypes has been detected to sporadically infect a wide range of 

species, including humans and gallinaceous poultry but also seals, whales and mink, without 

full adaptation and onward transmission (see section 1.4).2,5 The substantial diversity of IAVs 

and their adaptability to a wide spectrum of hosts can be attributed to the interaction of two 

distinct evolutionary processes: reassortment and mutation.3  

IAVs are enveloped, single-stranded negative-sense RNA viruses of the family 

Orthomyxoviridae, with a segmented genome consisting of eight gene segments encoding at 

least 15 proteins (Figure 1, Table 1).6 Excluding the HA and NA gene segments, IAVs have six 

so-termed internal gene segments which includes three segments encoding the heterotrimeric 

viral polymerase complex, namely the polymerase basic protein one and two (PB1 and PB2) 

and the polymerase acidic protein  (PA), the matrix gene segment (MP) encoding the matrix 

protein (M1) and the membrane ion channel protein (M2), the nucleoprotein segment (NP), and 

the non-structural protein gene segment (NS) that encodes the non-structural proteins NS1 and 

NS2, which is also known as the nuclear export protein (NEP) (Table 1, Figure 1).7 Several 

accessory proteins are produced by alternative splicing events or frame shifts.8 PB1 functions 

as the RNA-dependent RNA polymerase, with PA and PB2 functioning as part of the  cap-

snatching mechanism that secures capped RNA primers for transcription (Figure 1).9 NP binds 

to vRNA segments as the structural protein to form the viral ribonucleoprotein complex 

(vRNP).10 M1 is the matrix protein bridging the cytoplasmic domains of the glycoproteins and 

the vRNP complex for protein trafficking, whereas M2 functions as an ion channel to modulate 

conformational change for endocytosis.3 The NS1 protein is pleotropic, mediating several 
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functions including dsRNA binding and interferon antagonism.11,12 A detailed discussion of the 

functions of the encoded internal gene proteins is undertaken in Figure 1 and Table 1.  

The segmented genome organisation enables reassortment, an evolutionary mechanism where 

entire gene segments are exchanged during co-infection of a cell by two or more genetically 

distinct viruses.13 Co-infection and reassortment generates substantial viral diversity as it can 

theoretically result in 254 (28-2) dissimilar progeny viruses.14 The acquisition of new HA-NA 

combinations by reassortment (termed genetic shift) can result in novel antigenicity, enabling 

immune evasion and onward transmission in immune-naïve populations.3 The internal genes of 

IAV are thought to have high reassortment frequencies in the natural reservoir, with a model of 

constraint-free reassortment hypothesized to structure diversity in a single gene pool (see 

section 1.2).11,12,15–17   

The low-fidelity RNA-dependent RNA polymerase of IAVs lacks exonuclease proofreading 

capability, with the associated high error rate resulting in an accumulation of random mutations 

(frequently termed genetic drift).18 Consequently, IAVs exist as a quasispecies population 

within the host, with evolutionary pressures acting on substitutions to shape the fitness 

landscape on multiple scales.3 The combination of reassortment and mutation facilitates 

opportunities for rapid changes in viral traits under selective pressure, generating viral 

genotypes with the potential for inter-species transmission and adaptation.    

1.2. Evolutionary dynamics of the internal genes of Influenza A viruses 

The genome of IAVs is subject to a complex interplay of evolutionary dynamics that result in 

distinct evolutionary histories for the HA/NA/NS genes and internal genes respectively across 

hosts.12 The antigenic determinant HA and NA genes have far higher evolutionary rates than 

the internal genes due to immune selective pressure.19 The NS gene also has relatively higher 

diversity than the other internal genes, maintained as two divergent alleles by balancing 

selection suggestively driven by cross-immunity.11,12 Limited or waning homosubtypic and 

heterosubtypic immunity resulting from the discrete HA-NA subtypes and alleles enables co-

infection of the natural hosts with distinct influenza viruses, facilitating  reassortment.20  

The PB2, PB1, PA, non-structural (NS1/NS2) and matrix proteins (M1, M2) are far more 

conserved on the nucleotide and amino acid level than HA/NA, excluding the deep divergence 

of the A and B alleles for NS. A global selective sweep of the standing diversity of the internal 

genes (exempting NS) has been proposed, dating to the late 1800’s.12,19 Alternative hypotheses 
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for the low diversity suggest periodic sweeps of the internal genes hitchhiking on the 

antigenically selected HA and NA by genetic linkage.12  

The fitness landscapes of the internal genes are not shaped by cross-immunity driving the 

fixation of adaptive substitutions as with HA/NA but is suggestively shaped by functional 

viability, based on the high levels of purifying selection.11,15,21 The predominant evolutionary 

model proposed for the internal genes suggests that this strong conservation allows for high 

reassortment frequencies as most reassortment events would result in the exchange of segments 

with equivalent functionality that will not reduce overall fitness. Consequently, the internal 

genes are hypothesized to exist as a pool of functionally equivalent genes segments that form 

transient constellations without selective pressure resulting in gene linkage in the natural 

reservoir.11 Under this hypothesis, the fitness of reassortant progeny is not severely reduced by 

segment incompatibility between divergent lineages at a protein or RNA level. Resultantly, 

there are expected to be negligible or no reassortment or co-segregation biases between 

segments at a population-level.11,12,22,23 Contrastingly, evidence suggests that reassortment is 

non-random in human influenza viruses, with relatively more deleterious than fit reassortants 

generated and events uncoupling the polymerase genes showing significant fitness reduction 

owing to suboptimal RNA synthesis.23–29 

1.3. The internal genes as determinants of viral fitness 

Mammalian adaptation of avian influenza viruses (AIVs) centrally involves changes in 

receptor-specificity mediated by the HA gene, enabling a shift in tissue tropism from the 

intestinal epithelia where it replicates in wild birds to the respiratory epithelia in mammals.30 

However, receptor-specificity and antigenic substitutions in glycoproteins HA and NA are not 

the only determinants of viral fitness though research effort is strongly biased towards them 

due to their role in immune evasion and vaccine development. The internal genes mediate 

adaptive traits such as replication efficiency, virus morphology, innate immune interaction and 

virulence and resultantly act as determinants of host range, transmissibility and 

pathogenicity.7,31,32  

The viral polymerase is a central determinant of host tropism. AIVs need to adapt to mammalian 

cells’ pH, temperature and host factors, including a shift from replicating at 41°C in the avian 

intestinal tract to approximately 33-35°C in the human respiratory tract.33,34 Viruses with avian-

adapted polymerases show reduced replication efficiency in mammalian cell lines and restricted 

transmissibility in animal models.35–38 PB2 has the best-characterised determinants of 
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replicative efficiency for mammalian adaptation. This includes the PB2-627 site where an 

adaptive change from glutamic acid to lysine was observed in the 1918, 1957 and 1968 

pandemic viruses, which is also associated with increased severity in zoonotic H7N9 and H5N1 

cases.30 The internal genes as major determinants of host adaptation are further reviewed in 

Table 1. 

 

 

Figure 1: Life cycle of Influenza A viruses. Attachment of the IAV to the cell surface receptor containing sialic acid is 
mediated by hemagglutinin (HA), initiating viral entry by endocytosis. The M2 ion channel protein controls the flow of H+ into 
the endosome to regulate the pH.39 HA undergoes conformational change at the acidic pH, exposing its fusion peptide. The 
viral and endosomal membranes undergo fusion, releasing the viral ribonucleoproteins (vRNPs) into the cytoplasm.30 The viral 
RNA (vRNA) genome segments bind the heterotrimeric RNA-dependent RNA polymerase (RdRp) by its 5’ and 3’ termini, 
with the rest associating with oligomeric nucleoprotein (NP) to form the viral ribonucleoprotein (vRNP) complex.10 The vRNPs 
are transported to the nucleus, where the viral RNA-dependent RNA polymerase initiates primer-independent replication, 
copying the negative-sense vRNA into a complementary positive-sense RNA (cRNA) to form cRNPs to serve as templates for 
the production of vRNAs.7,39 The polymerase initiates transcription of the vRNA segments into mRNA, which undergo 5’ 
capping and 3’ polyadenylation before transportation to the cytoplasm for translation by the cellular machinery.9 The newly 
synthesized polymerase subunits (PB2, PB1, PA and NP) are imported into the nucleus and assemble into new vRNPs and 
cRNPs by binding the vRNA and cRNAs respectively. The vRNPs are exported from the nucleus, and transported to the cell 
membrane by recycling endosomes. At the cell membrane, mature virions are assembled by incorporation of host proteins and 
budding from the cell membrane to acquire a viral membrane.9 Figure sourced from 9. 
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Table 1: Function and fitness determinants of the internal genes of IAV 

M1 - matrix protein, M2 -  membrane ion channel protein NS1 -non-structural protein, NEP - nuclear export protein ,  HA – hemagglutinin, NA – neuraminidase ,  vRNA – viral RNA, vRNP – viral ribonucleoproteins, cRNPs – complementary ribonucleoproteins, MxA 

- myxovirus resistance protein 1 ,  ANP32A - Acidic Leucine-Rich Nuclear Phosphoprotein 32 Family Member A 

Segment 

Protein 
encoded 

Function Major determinant of host adaptation Review 

HA 
HA functions in viral entry by interacting with the sialic acid of the host cell receptor.3 HA triggers 
fusion of the viral and endosomal membrane on exposure of the fusion peptide with conformational 
change.30 

Substitutions in antigenic sites enables immune escape.30 The main determinant of mammalian AIV adaptation is a receptor specificity change from  avian-like (α2,3-linked sialic acid terminating receptors found in the avian gut and 
lower respiratory tract of humans) to mammal-like (α2,6-linked sialic acid terminating receptors found in the upper respiratory epithelial cells of mammals). Hallmark adaptive substitutions include Glu190ASP,Gln226Leu, Gly228Ser, 
Glu190Asp, Gly225Asp and D222G.30 Mammalian adaptation also involves stabilizing substitutions for survival in lower pH environments, as premature conformational change in the HA protein can disrupt receptor binding and viral 
entry.30 Changes in glycosylation can disrupt or introduce steric hinderance in receptor binding.30 

30,39 

NA NA has sialidase enzymatic activity, cleaving sialic acid from the cell surface receptors, nascent virions 
and decoy receptors to ensure viral release and prevent aggregation of viral particles.3  

Functional balance between the sialic acid binding activities of HA and sialidase cleaving activity of NA is central to efficient viral replication and transmission.40 Cross-species transmission of AIVs from wild birds to domestic poultry 
often results in large deletions in the stalk of the NA protein, which is associated with increased virulence in poultry.41 The mechanism underlying the acquisition of the NA stalk deletion is imperfectly understood, but the stalk deletion 
is thought to be a consequence of HA-NA functional balance tuning.42  

39 

PB2 PB2 has a cap-binding domain that binds the 5’ cap of nascent capped host mRNAs, which are then 
used as primers in transcription of viral mRNA as the viral polymerase lacks capping capacity.9  

Well-documented adaptive sites 590, 591, and 627 are all located  on the external surface of the C-terminal region. Mammalian-adaptive residues at these sites changes the polarity of the surface, altering interaction with host co-factors 
(e.g. ANP32A) or restriction factors.36,4336,43 PB2-E627K was not present in the 2009 pandemic H1N1 virus, but adaptive changes at the 590 and 591 residues were present.44 Residues 701, 702 and 714 are not located near the C-
terminal surface, and are thought to affect the interaction of PB2 with importin-alpha proteins by disrupting the nuclear localisation signal to enhance nuclear import and assembly of the polymerase complex.30 

7,30 

PB1 

PB1-F2 

PB1-N40 

PB1 functions as the RNA-dependent RNA polymerase subunit that replicates and transcribes the 
vRNA genome.45 PB1-F2, transcribed from an alternative reading frame, is a potential virulence factor 
that targets the mitochondrial inner membrane and potentially functions in apoptosis.46 The function of 
PB1-N40 has not been charactarised but the protein suggestive acts as a modulator of pathogenicity.8 

Notably, both the 1957 pandemic H2N2 virus and the 1968 pandemic  H3N2 virus were reassortants with avian-origin PB1 genes, which show increased polymerase activity and pathogenicity.36 Adaptive sites  H99Y and I368V were 
implicated in successful airborne transmission of H5 viruses in ferret models.47,48 D120N, D439E, and S261N has been shown to increase polymerase efficiency in H9 viruses, but adaptive sites and mechanism for virulence and 
replication efficiency are poorly characterised relative to PB2.49 The PB1-F2 N665S substitution is associated with increased virulence in the 1918 pandemic virus and H5N1 viruses,  purportedly by increased pro-inflammatory 
cytokine responses in the lungs.46  

7,39 

PA 

PA-X 

PA has an endonuclease domain that cleaves the RNA downstream of the cap in the cap-snatching 
mechanism of PB2.9 The N-terminal region of PA is multifunctional, and plays a role in the initiation of 
transcription and replication through different mechanisms.50 The PA-X protein is  produced by a 
ribosomal frame shift and modulates immunity through an unknown mechanism.51  

PA has been implicated as a determinant of virulence and replication efficiency, but as with PB1, the adaptive sites and mechanisms are poorly understood relative to PB2.44,49 Substitutions at sites 97, 552 and 66 have been 
characterized to increase  polymerase efficiency.49   The T971 substitution is located in the N-terminal of PA, which contains the endonuclease domain involved in cap-snatching.49  The pandemic H1N1, H3N2 and H2N2 all had 
adaptive substitutions at residue 552 in the C-terminal domain, which is physically associated with PB1 and interacts with host mcm proteins for replication enhancement.44 

7,39 

NP 
Oligomeric NP binds to the genome and functions as the structural protein of vRNAs.9 NP encodes 
localisations signals for the transport of vRNPs to and from the nucleus for replication and 
transcription.42 NP also mediates escape from the interferon-stimulated MxA GTPase that restricts 
replication.52,53 

Two conserved amino acid clusters located on the solvent-exposed surface of the NP protein were associated with resistance to MxA restriction factors in the 1918 and 2009 pandemic viruses.52,53 Residue 319 is located on the surface of 
the protein and suggestively mediates binding to the polymerase complex.54 Unstable association between NP and the polymerase subunits is associated with reduced polymerase efficiency, which is thought to be compensated for by 
the E627K substitution.33 The N319K substitution suggestively affects the interaction of NP and importin-α isoforms.33 

7,39 

MP 

M1 

M2 

M1 bridges the cytoplasmic domains of the glycoproteins and the vRNP complex, promoting the 
formation of RNP complexes and functioning in the trafficking of proteins in and out of the nucleus. 
M1 is also the primary determinant of viral morphology.3 M2 controls the flow of H+ into the endosome 
to lower the pH to induce conformational change in the HA protein, exposing the fusion peptide to 
trigger fusion of the endosomal and viral membranes to release vRNPs into the cytoplasm.3 

Changes in the M1 and M2 genes of H5N1 and pandemic H1N1 are associated with increased polymerase efficiency and pathogenicity in avian and mammalian models.55–57 Residues in the helices of the C-terminal domain (sites 30 and 
215) and N-terminal domain (site 43) have all been associated with pathogenicity, with adaptive changes at  N-terminal residues further implicated in replication efficiency and viral morphology.55 A number of substitutions that 
enhance replication and changes viral morphology have also been described at the binding site between the M1 protein and the vRNP (sites 224 and 242) and in the M1 nuclear localisation signal which potentially associates with NEP 
(site 95). Adaptive substitutions in M2 are primarily located near the transmembrane domain.58 

39 

NS 

NS has several functional domains, which are involved in dsRNA binding, viral mRNA splicing 
regulation, mRNA translation enhancement and type I interferon antagonism.22  NS1 also binds the 
protein kinase R, inhibiting its antiviral function and blocks the RNA helicase enzymes retinoic acid-
inducible gene I (RIG-I) single-stranded RNA sensor signalling, which induces the production of pro-
inflammatory cytokines.59,60 NEP is produced by alternative splicing and exports vRNPs from the 
nucleus during transcription and translation by interacting with cellular nuclear export proteins such as 
Crm1. NEP acts to regulate the balance between transcription and replication by regulating synthesis of 
cRNPs and contributes to viral budding by interacting with cellular ATPase61,62 

NS1 interferon antagonism occurs through multiple mechanism.63 Substitutions at residues 123-127 of NS1 alters binding to protein kinase R, and is associated with pathogenicity in mice.64 NEP has a polymerase-enhancing domain 
hidden in its major conformation. Substitutions at key residues in NEP,  including sites in the N and C terminus, result in conformational changes that expose the activating domain to enhance polymerase activity, often as compensatory 
adaptation for PB2.33 

39,61,65 
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1.4. Cross-species transmission and adaptation of avian influenza viruses  

AIVs are primarily considered wild bird-specific, with infrequent cross-species stable 

adaptation.2 Of the wide subtype diversity maintained in the natural reservoir, only three HA 

types and 2 NA types have adapted for sustained person-to-person transmission in human 

populations in the past century.66 The 1918 pandemic H1N1 virus is now thought to be a result 

of the spill over and adaptation of an avian influenza virus, whereas the 1957 pandemic H2N2 

virus and the 1968 pandemic H3N2 virus retained all genes from the previous pandemic viruses 

circulating seasonally in humans, but respectively acquired novel HA/NA/PB1 and HA/PB1 

genes by reassortment with AIVs to overcome antigenicity and polymerase adaptive barriers.3  

The dogma until the late 1990’s was that AIVs could not directly spill over into human 

populations, but required an intermediate host, e.g. swine, to adapt viral traits such as receptor 

binding to overcome the species barrier to infect humans.67,68 However, direct transmission of 

H5N1 from domestic poultry to humans was confirmed in Hong Kong in 1997, resulting in 18 

human cases and 6 deaths.68 Subsequently there have been numerous sporadic cases of cross-

species transmission of AIVs to humans detected without sustained person-to-person 

transmission.67 However, only twelve of the 120+ subtypes circulating in wild birds have 

resulted in detected zoonotic infections: H5N1, H5N6, H6N1, H7N1, H7N2, H7N3, H7N4, 

H7N7, H7N9, H9N2, H10N7, and H10N8 (see Table 2 for full epidemiological description of 

major subtypes). Human cases largely report exposure to poultry or live poultry markets.69–72 

Notably,  seroepidemiological studies of poultry-related workers suggest zoonotic infection is 

largely underreported, as many subtypes result in subclinical or non-specific mild infections 

that go undetected.73,74  

This limited subset of diversity that crosses the species barrier to domestic bird populations and 

mammalian hosts suggests that there are a range of major host and/or ecological barriers that 

modulate transmission and adaptation.7 Notably,  the restrictions on the lineage distribution of 

the internal genes decoupled from their HA-NA subtypes by dynamic intersubtypic 

reassortment is under-investigated, so it remains unclear whether only a select subset of the 

internal genes circulate in non-reservoir hosts. Many of the barriers are well-described at a high 

trait level, including receptor binding specificity and polymerase efficiency, though 

understanding of the specific adaptive molecular mechanisms is still evolving.30   

However, the potential for pandemic emergence of AIVs is evidenced by the twelve subtypes 

circulating in poultry populations with proven capability to infect humans. H7N9 emerged as a 
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novel reassortant in the Yangtze River Delta region of China in March 2013, resulting in 

outbreaks in chicken populations and sporadic human infections in over 18 provinces within a 

year (Table 2).67 As of July 2020, there have been 1568 laboratory-confirmed human cases of 

H7N9 virus infection, with 592 deaths.75 H10N8 and H5N6 also emerged in China in late 

December 2013 to early 2014, with H5N6 resulting in 24 laboratory-confirmed cases and 7 

deaths (Table 2).69–72  

Detection of an increasing number of novel AIVs spilling over into the human population 

within such a short time scale may partially be ascribed to improved surveillance and diagnostic 

capacity. Concurrently, the diversity of the recently emerging viruses may also suggest that the 

evolutionary and ecological pathways generating these viruses of pandemic concern are 

optimising.   

1.5. Dynamic reassortment processes and associated ecological drivers 

The recently emerged viruses of pandemic concern as well as historically H5N1 are all triple 

or multistep reassortants generated by a common evolutionary pathway:  the HA and NA genes 

are derived from wild bird viruses that spill over into domestic poultry populations and acquire 

a specific set of internal genes by reassortment with co-circulating poultry-adapted H9N2 

viruses.82,116 This pathway is dynamic, with sustained circulation associated with sequential 

reassortment events resulting in continuous exchange of genes within populations (Figure 

2).82,117 

The specific set of internal genes found in recently emerged viruses was recruited from the 

H9N2 ZJ-HJ/07 lineage and was termed genotype 57 (G57) when first characterized based on 

whole genome sequences in a comprehensive phylogenetic analysis of H9N2 viruses in 

Mainland China.79 G57 was initially isolated from chicken populations in Jiangxi and Jiangsu 

in 2007 but emerged as an antigenic variant in 2010, resulting in large-scale outbreaks in 

vaccinated chickens throughout Mainland China in 2010-2013.79  The study reported extensive 

genotypic diversity from 1994-2009, with a severe bottleneck after the emergence of G57.79 

Notably, G57 swept to predominance right before the emergence of H7N9 in 2013, and H7N9, 

H7N7, H7N6, H5N2, H5N6 and H10N8 viruses have all acquired G57 or G57-like H9N2 

internal gene sets.70,71,79,82,117–120  
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Table 2: Description of the major avian influenza subtypes sporadically infecting humans 

 H9N2 H5N1 H7N9 H10N8 H5N6 

Pathogenicity LPAI76 HPAI76 LPAI and HPAI76 LPAI76 HPAI76 

Detection and 
enzootic circulation 

First detected in turkeys in Wisconsin in 1966, followed by 
isolation from domestic ducks in southern China in 1976 
and larger scale detection in chicken farms in Hong Kong 
and Guangdong in China in 1988 and 1994 
respectively.77,78 It has been detected consistently in 
domestic poultry populations in China from 1994 onwards, 
establishing  enzootic circulation in several countries in 
South and South East Asia and the Middle East, including 
China, Egypt, Bangladesh, India, Israel, Iran, Pakistan and 
Vietnam.77 Resulted in large outbreaks in vaccinated and 
unvaccinated poultry in China in 2010-2013.79 

First detected in poultry in 1959.68 The predominant Gs/Gd-lineage 
was first isolated from geese in Guangdong Province of China in 
1996, followed by outbreaks on farms and in LPMs in Hong Kong 
and south China in 1997.80 The Gs/Gd-lineage re-emerged in 2002-
3, with dissemination across Asia, in 2005, with intercontinental 
dissemination including Europe and Africa and in 2009-2010 and 
2014, with global dissemination including North America and 
generation of H5Nx lineage. Outbreaks waves of H5N1 has spread 
to 70 countries in Africa, Asia, North America and Europe in the 
past two decades, resulting in more than 20 large outbreaks and 
enzootic circulation established in several countries in Asia and the 
Middle East, including China, Egypt, Indonesia, Vietnam and 
Bangladesh68,75,80  

First isolation from large scale poultry 
outbreak and associated human cases in 
the Yangtze River Delta region of China 
in March 2013, with subsequent detection 
from widespread outbreaks in China and 
enzootic 81,82 

First isolated from quails in Italy in 1965, with 
subsequent sporadic detected in poultry in 
Australia, Sweden, Canada, USA, China, Korea 
and Japan.70,83 First detected on chicken farms 
and in LPMs in Guangxi Province in 2009-2011 
and duck population in Guangdong in 201284,85  

First detected in Laos in 2013, with subsequent 
dissemination to China/Vietnam/South Korea 
and Japan in 2014-2015 and 2016 respectively 
resulting in at least 31outbreaks in wild birds 
and poultry. H5N6 has H5N1 as the dominant 
subtype in poultry in southern China as of 71,86,87 

Detection in poultry 
markets or farms  Detected on poultry farms and in LPMs.77 Detected on poultry farms and in LPMs.77 Predominantly detected in LPMs. 77 Sporadically detected in LPMs.88 Detected on poultry farms and in LPMs. 77 

Disseminated by 
migratory flyways No evidence Yes.89 No evidence No evidence Yes.86 

Human cases 
From 1998 there have been 55 human cases, largely 
concentrated in Hong Kong and Mainland China, with 
select cases in Bangladesh, Egypt, Pakistan and Oman.90  

From 2003 onwards there have been 861 laboratory-confirmed cases 
(453 deaths) in several countries, including Mainland China, Hong 
Kong, Cambodia, Indonesia, Egypt, Vietnam, Thailand, Turkey, 
Iraq, Azerbaijan, Laos, Pakistan, Myanmar, Bangladesh, Canada, 
Djibouti.90  

From 2013 onwards there have been 1568 
laboratory-confirmed human cases (592), 
largely in Mainland China, with exported 
cases in Hong Kong, Taiwan, Malaysia 
and Canada.90  

From 2013 onwards there have been 3 human 
cases (2 deaths) reported in China.91 

Since 2014 onwards there have been 24 
laboratory-confirmed cases (7 deaths) in China90 

Human to human 
transmission No human-to-human transmission confirmed.77 Suspected transmission cluster.92,93 Suspected transmission cluster.75 No human-to-human transmission confirmed.70 No human-to-human transmission confirmed 70 

Human symptoms 
Largely results in mild influenza-like illness or subclinical 
infection, with a few cases of lower respiratory tract 
symptoms.76 

Ranges from influenza-like illness to severe pneumonia, acute 
respiratory distress syndrome and multiple organ failure. The case 
fatality rate in detected cases is approximately 60%.76 

Ranges from mild influenza-like illness to 
severe pneumonia, respiratory failure and 
multi-organ failure. The case fatality rate 
in detected cases is approximately 38%.76 

Ranges from influenza-like illness to severe 
pneumonia, acute respiratory distress syndrome 
and multiple organ failure.69 

Ranges from influenza-like illness to severe 
pneumonia, acute respiratory distress syndrome 
and multiple organ failure.76 

Origin of cases  Cases largely report exposure to infected poultry or live 
poultry markets.77 

Cases largely report exposure to infected poultry or live poultry 
markets76 

Cases largely report exposure to infected 
poultry or live poultry markets.82 Cases report exposure in live poultry markets.69 All cases report exposure in live poultry 

markets.71 

HA/NA lineage 
Three main lineages defined by HA phylogeny in Asia 
(G1-like, Y280-like, and Korean-like), as well as a North 
American and South American lineage.77 

Multiple lineages circulating globally, designated as 50 clade and 
clade-like groupings.68,94 

Hemagglutinin (HA) and neuraminidase 
(NA) are from avian H7N?/ H11N9/H2N9 
viruses of Eurasian origin 

HA from Eurasian H10Nx and NA from North 
American HxN8 viruses from wild birds.95 

H5 Clade 2.3.4.4 Gs/GD backbone 
reassortant.71 

Internal genes Human cases have internal genes from the G9-lineage, the 
G1 lineage and the Y280 lineage76 

The internal genes of the 1997 Hong Kong H5N1 viruses’ group 
with G1 and G9 (PB2 and PB1) H9N2 viruses. Subsequent internal 
genotypes have been acquired from co-circulating H5Nx, H6Nx, 
H7Nx, H9Nx and H10Nx viruses as well a range of wild bird 
derived LPAIs.94,96 

Internal genes of the first wave of H7N9 
in 2013 donated by G57 H9N2. 
Subsequent internal genotypes have been 
acquired from co-circulating H5Nx, 
H6Nx, H7Nx, H9Nx and H10Nx viruses 

All six internal genes of human infection 
H10N8 from G5779 

Internal genes donated by H5N1, H7N9 and 
H9N2 viruses.71 
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as well a range of wild bird derived 
LPAIs.79 

Able to bind human 
receptors 

Isolates from Southern China in 2009-2013 have shown 
preferential binding to human-like receptors97 Preferentially bind avian receptors.68 

Some naturally circulating viruses have 
mutations that confer partial mammalian-
adapted specificity.76 

Preferentially bind avian receptors70 Preferentially bind avian receptors.71 

 H7N7 H7N3 H7N2 H10N7 H6N1 

LPAI/HPAI LPAI and HPAI76 LPAI and HPAI76 LPAI76 LPAI76 LPAI76 

Detection and 
enzootic circulation 

First detected during outbreaks on chicken farms in 
Germany in 197968, with subsequent detection in poultry 
outbreaks in the Netherlands (2003) North Korea (2005),  
Spain (2009), England (2008), Australia (2012), Italy 
(2013, 2015), England and Germany (2015).98,99 

Outbreaks on poultry farms in Italy (2002–2003), Chile (2002), 
Canada (2004, 2007) and Mexico (2012).77 

Large outbreaks in chicken farms in the  
USA (1996-1998 and 2001-2004) and 
Australia (2013).77  

Large outbreaks in poultry farms in Australia in 
2007.76 Established in domestic ducks in China, 
with sporadic isolation from chickens.95  

First detected in ducks in Taiwan 1972, with 
enzootic circulation in domestic ducks in 
Taiwan and minor poultry in China.100 

Detection in poultry 
markets or farms Detected on poultry farms.77,101 Detected on poultry farms.77 Detected on poultry farms.77 Detected on poultry farms and in LPMs.102 Predominantly infects ducks. Isolated from 

domestic ducks in agriculture and LPMs.88 

Human cases 

There have been single cases in the USA in 1959103, 1977 
in Australia104, 1980 in USA105, 1996 UK106 and 3 cases in 
Italy in 2013.83 The largest number of human cases were 86 
HPAI cases in the Netherlands in 2003, including one 
death99. 

Seven cases in Italy in 2003107, two cases in Canada in 2004108, one 
in UK in 2006109 and two in Mexico in 2012.110 

One human case in USA (2003)111 and 
four cases in UK (2007).112  

One human case in Egypt (2004) and Australia 
(2010).85 One case in Taiwan (2013). 

Human to human 
transmission Suspected transmission cluster.99 No human-to-human transmission confirmed.77 No human-to-human transmission 

confirmed.77 No human-to-human transmission confirmed.77 No human-to-human transmission confirmed.77 

Human symptoms 
Ranges from and influenza-like illness to severe 
pneumonia, acute respiratory distress syndrome and 
multiple organ failure.113 

 

Largely results in conjunctivitis  and mild influenza-like illness.77  

Largely results in conjunctivitis  and mild 
influenza-like illness.77 

Largely results in conjunctivitis  and mild 
influenza-like illness.77 

Largely results in mild influenza-like illness or 
subclinical infection, with a few cases of lower 
respiratory tract symptoms.76 

Origin of cases  

Cases were poultry-related workers at farms experiencing 
outbreaks, as well as veterinarians who performed 
necropsies on infected seals and one laboratory worker 
performing confirmatory analyses76,114 

Cases are poultry-related workers.77 

 

Cases largely report exposure to infected 
poultry or live poultry markets.112,114 

 

Cases reported exposure to wild ducks.76 The 
Australian cases were poultry workers.76 

No reported history of exposure to chickens.115 

 

Internal genes All six internal genes from H9N2 G57.79 Internal genes are of LPAI origin isolated from ducks. No G57-like 
H9N2 genes detected.79  

Internal genes are of LPAI origin isolated 
from ducks. No G57-like H9N2 genes 
detected.79  

No G57-like H9N2 genes detected in circulating 
viruses.95  

Human infecting virus was a reassortant of 
multiple H6N1 viruses from Taiwan and 
China88 

Able to bind human 
receptors 

North American lineage shows mammalian-like binding 
capacity.114 North American lineage shows mammalian-like binding capacity.114 North American lineage shows 

mammalian-like binding capacity.114  
Some naturally circulating viruses have 
mutations that confer partial mammalian-
adapted specificity72 
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Figure 2: Dynamic reassortment pathway implicated in the genesis of new avian influenza viruses. Chickens are often kept 
as confined flocks on farms with limited contact to wild birds restricting cross-species transmission of the substantial diversity 
of AIVs circulating in the natural reservoir. Domestic ducks act as an epidemiological bridge to introduce wild bird viruses 
into terrestrial poultry populations largely through contact at live poultry markets or mixed-species farming. Novel reassortants 
of pandemic concern are generated by recruitment of poultry-adapted internal genes (in yellow), with HA and NA genes from 
wild bird origin viruses. Ongoing circulation results in sequential, dynamic reassortment, with genes recruited from co-
circulating enzootic viruses  as well as viruses sporadically introduced by wild birds. Figure created with Biorender.com 

 

The universality of this evolutionary pathway raises questions regarding the role of poultry-

adapted internal genes in emergence potential. G57 showed increased infectivity and 

transmissibility in chickens relative to other H9N2 genotypes.79 G68, which had the G57 

internal genes but a distinct HA lineage, also showed increased relative infectivity, supporting 

evidence that the internal genes of G57 contribute to fitness independent of the HA gene.58 The 

evolutionary significance of the high frequency of specific sets of internal genes in human 

isolates is unclear, and can result from two mechanisms, or an interaction of both: 1) The 

poultry-adapted internal gene sets may confer direct fitness benefits for mammalian adaptation 

or 2) poultry-adapted internal gene sets enhance transmission and replication efficiency in 

domestic poultry populations, increasing the probability of cross-species transmission at the 

human-animal interface. It is also unclear whether G57 is the only suggestively optimised set 

of internal genes prevalently recruited in the production of novel reassortants of pandemic 

concern, or whether there are similar major internal genotypes circulating in enzootic viruses. 

H5N1 and H9N2 are the two most prevalent subtypes in domestic poultry populations globally, 

circulating enzootically in several countries in Asia and the Middle East (full epidemiological 
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description in Table 2; global distribution of H5-H10Nx subtypes and the overlap with density 

of chicken and duck populations illustrated in Figure 3).88,118 H5N1 is categorised as a highly 

pathogenic avian influenza (HPAI) virus, whereas H9N2 is a low pathogenetic avian influenza 

(LPAI) virus. The HPAI phenotype is defined by the acquisition of a multi-basic cleavage site 

in the HA protein that expands the tissue tropism systemically, increasing pathogenicity in 

chickens but not necessarily wild birds.42 LPAI viruses lack the multi-basic cleavage site and 

have more limited tissue tropism, largely resulting in mild or subclinical infections in wild 

birds, gallinaceous poultry and humans that allows LPAIs to circulate undetected.77,121 Other 

prevalent enzootic poultry viruses include H5N6 and H7N9, with a wider range of subtypes 

sporadically introduced from wild birds as summarised in Table 2.122  

Long-term co-circulation of LPAI and HPAI in the complex multihost ecosystems of live 

poultry markets (LPMs) as well as industrial poultry farms facilitates reassortment, as the 

density and diversity of species in LPMs result in high rates of co-infection and inter-species 

transmission.69,78,79,117,120,123 In particular, free-grazing domestic ducks are thought to act as a 

silent epidemiological bridge for transmission of AIVs from the wild migratory birds they share 

wetland habitats with to chickens in LPMs.2,122 Reassortment is thought to occur at high 

frequency in wild birds, with the internal gene diversity suggestively structured as transient 

constellations owing to high rates of co-infection facilitated by faecal-oral transmission in 

aquatic environments, waning or absent cross-protective immunity, and the interaction of 

migratory behaviour and high juvenile population densities (see section 1.2, host ecological 

drivers of diversity are discussed in full in section 3.4.1).11  

Contrastingly, lower frequencies of reassortment and a more restricted number of genome 

constellations are observed in non-reservoir hosts such as domestic poultry, swine and 

humans.11      
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Figure  3:  Overlap between the A) Global distribution of H5, H6, H7, H9 and H10 AIV subtypes in wild and domestic birds according to hemagglutinin sequences submitted to the GISAID 
database and  B) Global density distribution of chicken and duck populations.  Subtypes (annotated in distinct colour in legend) in A) are represented as the proportion of total sequences by 
country. The size of the pie chart is proportionate to the number of sequences per country.  Density and colour intensity in each pixel in B) corresponds to the average number of animals per km2 of 
suitable land in the census unit. Sourced  from the Gridded Livestock of the World project (GLW3).124 
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Intersubtypic or interlineage reassortment following co-infection is thought to be limited by 

several mechanisms, including  incompatible protein function between segment homologs, 

reduced processing of heterotypic segments by the polymerase or incompatibility of 

heterologous RNA packaging signals.125 RNA packaging signals are sequence elements within 

the 5’ and 3’ untranslated region of gene segments that co-ordinate the incorporation of the 

eight IAV segments into budding virions by segment-segment interactions.126 Packaging 

signals are strain and segment specific, and are not completely conserved across different IAV 

strains.127 Experimental co-infection studies have shown that segments of phylogenetically 

divergent IAVs carrying heterologous packaging signals were incorporated into reassortant 

progeny viruses at far lower frequencies in co-infection experiments, with reduced fitness of 

reassortant genotypes compared to parental viruses noted on several occasions.128–135 Notably, 

divergent packaging signals contributes to the speciation of Influenza A and B.126 RNA 

incompatibilities therefor restrict the number of distinct viral genotypes that can be generated, 

with closely related viruses with highly homologous packaging sequences reassorting more 

readily suggestively to maintain optimal segment-segment interactions.126 However, these 

within-host studies predominantly focus on reassortment between human seasonal influenza 

viruses (H3N2, H1N1) or a combination of human season IAV and avian influenza viruses 

(limited to H5Nx, H7Nx and H9N2) and are largely performed in in human systems.22,126,136,137 

There is therefore a dearth of data on the contribution of packaging signal incompatibility to 

potential reassortment biases between avian influenza viruses in natural and spill-over animal 

hosts.  

1.6. A pansubtypic nomenclature for the genotypic diversity of the internal 
genes of AIVs 

The common evolutionary pathway underlying the recently emerged viruses highlights the need 

to improve understanding of the ecological and evolutionary drivers of the reassortment 

processes that modulate the production of novel viruses. This undertaking would require a 

systematic and quantitative survey of the genotypic diversity of the internal genes of AIVs 

across spatiotemporal, subtype and host scales in a globally representative dataset. However, 

any comprehensive effort towards this has been limited by the lack of a unified, pansubtypic 

(i.e. across all HA-NA subtypes) nomenclature that partitions and describes the complex 

lineage distribution of the internal genes that results from dynamic intersubtypic reassortment.15  
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Nomenclature systems for IAVs have largely focused on the evolutionary dynamics of the HA 

gene due to its importance in immune escape and vaccination. The most prominent 

nomenclature for IAVs was developed for the HA gene of the A/goose/Guangdong/1/1996 

(Gs/GD) lineage of HPAI H5 viruses, with similar systems adapted for LPAI H9 and H1 swine 

influenza (see Table 3 for description of prevalent nomenclature systems).138–143 These HA-

based nomenclatures cannot be applied to capture the diversity or distribution of the internal 

genes, as the genes have distinct evolutionary dynamics and are decoupled by reassortment (see 

section 1.2). Nomenclatures that include the internal genes have been restricted to individual 

subtypes, including H5N189, H9N279,144, H7N9117,120 and H5N6, limiting the reconstruction of 

genotypes that are a product of intersubtypic reassortment.71  

Centrally, the phylogenetic clustering approaches underlying these nomenclatures are limited 

by dependence on arbitrary thresholds on within-group divergence and a lack of clarity as to 

what additional information can be used to calibrate these thresholds to capture informative 

population structure (see section 2.1 for full discussion). Novel statistically principled 

phylogenetic approaches that reduce the introduction of arbitrariness in cluster designation for 

nomenclature frameworks are  

required. 

1.7. Aims and structure of the thesis 

The cross-species transmission barriers of AIVs from the natural reservoir to domestic poultry 

and mammalian species are poorly understood, but evidenced in the limited set of subtypes that 

have either stably adapted to or are detected in sporadic spill overs in non-reservoir 

hosts.42,148,149 It also remains unclear whether the diversity of the internal genes is structured by 

the same restrictions when decoupled from their HA/NA designation. The increased isolation 

of a specific set of poultry-adapted internal genes from emerging viruses of pandemic concern 

also raises questions as to the evolutionary pathways generating novel reassortants. In 

particular, it remains unclear whether specific internal genotypes have increased fitness for 

mammalian adaptation and whether these specific genotypes disproportionately contribute to 

the genesis of novel reassortants of pandemic concern.  

The current work aims to quantify the genotypic diversity of the internal genes of AIVs across 

the influenza virus ecosystem, with particular focus on the drivers of the reassortment processes 

that modulates diversity and the production of novel AIV reassortants of pandemic concern. To 
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this end, three new algorithmic frameworks were developed to address the lack and limitations 

of current approaches.  

 

To overcome the biases of current phylogenetic clustering approaches that underlie lineage 

designation in nomenclature frameworks, a novel statistically principled and phylogeny-

informed algorithm named PhyCLIP was developed in Chapter 2. PhyCLIP was validated on 

the prevalent genetic distance-based WHO/OIE/FAO H5 nomenclature system.  

Chapter 3 describes the development of a unified nomenclature that reconstructs the complex 

lineage distribution of the respective and combined internal genes across subtypes, based on 

phylogenetic clustering and a novel phylogeny-guided resolution calibration approach. This 

enabled the first systematic, pansubtypic survey of the genotypic diversity of the internal genes 

of AIVs in a dataset of more than 14 000 sequences, with the nomenclature applied to quantify 

the distribution of diversity across spatial, subtype and host scales to investigate the ecological 

and evolutionary determinants of diversity. The novel nomenclature also enabled the 

quantification and reconstruction of the evolutionary pathways of the major avian and human 

genotypes.  

Chapter 4 describes the development and validation of a new algorithm, DeviantChild, that 

quantifies phylogenetic incongruence as a proxy for reassortment frequency. Phylogenetic 

incongruence was quantified across subtype, host and spatial scales by DeviantChild in globally 

representative pansubtypic datasets of avian and swine influenza viruses to investigate the 

ecological and evolutionary restrictions on reassortment and common gene pools in reservoir 

and non-reservoir hosts. 

Chapter 5 addresses the need to characterise the patterns of unobserved diversity across 

sampling subunits to enable identification of the ecological and epidemiological drivers of 

missingness in the context of sampling heterogeneity. It leveraged the nomenclature system 

developed in Chapter 3 and a comprehensive suite of diversity measurements including the Hill 

Diversity indices to estimate unobserved diversity across subtype, host and spatial scales. 

Finally, Chapter 6 addresses the importance of biases in genomic surveillance, highlighting the 

limitations of current surveillance infrastructure and leverages the explicit quantification of 

observed and unobserved diversity in Chapters 3 and 5 to inform recommendations on 

optimising surveillance for zoonotic influenza viruses. 
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Table 3: Current genotyping nomenclatures for avian influenza viruses 

Study Sample 
size 

Genes 
included 

Subtype 
included 

Dates of 
samples 

Genotyping approach Number of clades or 
genotypes defined 

Smith et al. 138–141 4294 HA H5Nx -2014 Clades are monophyletically-constrained, with a minimum bootstrap support of 60% for the subtending node. The mean pairwise genetic distance calculated as p-distance between sequences in the putative clade has to fall below 
1.5% for clade designation, with the mean distance to the nearest neighbour of the clade >1.5%. The upper bound of the within-clade threshold is inconsistently relaxed for clades with highly evolved descendants.  32 clades 

Shepard et al.142 1592 HA H9Nx 1994-2013 Based on the H5Nx nomenclature. Clades are monophyletically-constrained, with a minimum bootstrap support of 60% for the subtending node. The mean pairwise genetic distance calculated as p-distance between sequences in 
the putative clade has fall to below 6% for clade designation. The ratio between the mean pairwise genetic distance of a clade to its nearest neighbour and the within-clade mean pairwise genetic distance is calculated, with a 
minimum value of 1.1 for clade designation.  

23 clades and 5 clade-
specific outlier groups. 

Anderson et al.145 7070 HA H1 1933-2015 Based on the H5Nx nomenclature. Clades are monophyletically-constrained, with a minimum bootstrap support of 70% for the subtending node. The mean pairwise genetic distance calculated as p-distance between sequences in 
the putative clade has to fall below 7%. For clade designation, , with the mean distance to the nearest neighbour of the clade >7%. The upper bound of the within-clade threshold is inconsistently relaxed for clades with highly 
evolved descendants. 

28 clades 

Duan et al.146 318 All H5N1 1996-2006 Phylogenetic trees are partitioned into lineages across the respective gene segments based topology and on a minimum nodal support value, with a threshold of 70% for bootstrap and 95% for posterior probability. The combination 
of lineages across the segments is used to designate unique genotypes, with further delineation based on a set of molecular markers.  44 genotypes 

Pu et al.79 1042 All H9N2 1994-2013 The depth-first phylogenetic algorithm PhyloPart is used to cluster all eight phylogenies, with a divergence threshold set on the median patristic distance of putative clusters derived from the 20th percentile of the full pairwise 
patristic distance distribution of the phylogeny. The combination of lineages across the segments is used to designate unique genotypes, with manual merging of clusters according to previously established lineages. 69 genotypes 

Dong et al.144 571 All H9N2 1966-2009 Phylogenetic trees are partitioned into lineages based on 95% homology, with the combination of lineages across the eight segments used to designate genotypes.  98 genotypes 

Xu et al.147  191 All H9N2 2000-2005 Phylogenetic trees are partitioned into lineages across the respective gene segments based on topology and  a minimum nodal support value of 80%. Genotypes series A and B were designated based on the HA phylogeny (G1-like 
as A and Ck/Bei-like as B respectively). Non reassortant viruses were designated A0 and B0, whereas all reassortants were numbered sequentially. 35 genotypes 

Sun et al.119 330 All H9N2 2003-2008 Phylogenetic trees are partitioned into lineages across the respective gene segments based on topology and  a minimum nodal support value of 80%. Genotypes series A and B were designated based on the HA phylogeny (G1-like 
as A and Ck/Bei-like as B respectively). Non reassortant viruses were designated A0 and B0, whereas all reassortants were numbered sequentially. 54 genotypes 

Gu et al.118 32 All H9N2 2007-2013 Phylogenetic trees are partitioned into lineages across the respective gene segments based on topology and monophyly with representatives of the previously established major H9N2 lineages. The combination of lineages across 
the segments is used to designate unique genotypes. 6 genotypes 

Li et al.96 27 All H9N2 1996-2002 Phylogenetic trees are partitioned into lineages across the respective gene segments based on topology and monophyly with representatives of the previously established major H9N2 lineages. The combination of lineages across 
the segments is used to designate unique genotypes. 9 genotypes 

Bi et al.71 579 All H5N6 2013-2016 Phylogenetic trees are partitioned into lineages across the respective gene segments based on topology and  a minimum nodal support value of 80%, delineating two major phylogroups representing H5 and H9N2/H7N9 viruses. 
Clades were designated based on membership of the H5 or H9N2/H7N2 lineages, as well as membership of the major or minor clades in each of the respective lineage.  34 genotypes 

Cui et al.117 109 All H7N9 2013-2014 Phylogenetic trees are partitioned into lineages across the respective gene segments based on topology, a minimum nodal support value of 75% and a patristic distance threshold of 0.001 subs/site, with major and minor clades 
designated for each internal gene. Genotypes are assigned based on membership of the major clade. If any of the internal genes falls within a minor clade, the isolate is assigned a unique genotype.  27 genotypes 

Wu et al.120 45 All H7N9 2012-2013 A divergence time threshold of 2.5 years and a mean genetic distance threshold of 0.025 sub/site is used to designate lineages in the respective phylogenies.  Minor and major clades were designated based, with genotypes 
designated based on membership of the major or minor lineages across all segments.  9 genotypes 

Lam et al. 438 All H7N9 2013-2014 Large clades were identified as monophyletic groups in the phylogenetic tree for each gene segment. Clades are monophyletically-constrained and the mean pairwise genetic distance between sequences in the putative clade has fall 
to below 3% for clade designation. Major and minor clades are designated for each outbreak wave, with genotypes assigned based on the membership to an outbreak wave’s major or minor clade across all segments. 48 genotypes 
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Chapter 2: Phylogenetic 
Clustering by Linear Integer 

Programming (PhyCLIP) 
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The work described in this chapter was performed in collaboration with Dr. Alvin X. Han, who is first co-author 
on the publication: Alvin X Han*, Edyth Parker*, Frits Scholer, Sebastian Maurer-Stroh, Colin A Russell, 
Phylogenetic Clustering by Linear Integer Programming (PhyCLIP), Molecular Biology and Evolution, Volume 
36, Issue 7, July 2019, Pages 1580–1595, https://doi.org/10.1093/molbev/msz053. PhyCLIP’s statistical 
framework was developed collaboratively between Dr. Han and myself, including the initial code development. 
Dr Han recoded PhyCLIP from the initial python code into the cython language for computational efficiency. I 
undertook the application of PhyCLIP to the empirical dataset and wrote the publication, excluding the New 
Approaches section of the Methods. I wrote the text of this chapter. 
 

2.1. Introduction 

Genomic surveillance is becoming central to clinical care, surveillance systems and 

epidemiological studies due to rapid advances in high-throughput sequencing technology and 

the associated computational approaches.150 Epidemiological studies leveraging the increasing 

availability of pathogen sequence data have addressed a range of questions, including resolving 

transmission links and genotype-phenotype associations. This form of genomic epidemiology 

is centrally dependent on robust nomenclature systems to partition the diversity of pathogens 

into units of genotypic similarity that carry cohesive and discriminatory information about the 

epidemiological, ecological and evolutionary processes underlying population structure. Sub-

species pathogen nomenclature systems are increasingly integrating sequence information into 

criteria to supplement or supplant conventional criteria e.g. serology or host range.151,152  

However, standardized demarcations of genotypes or lineages across pathogens is limited by 

differences in pathogen properties including evolutionary dynamics, genomic organization and 

host ecology. Cluster, clade and/or lineage designation approaches range widely between 

studies, with units of diversity carrying inconsistent discriminatory information in the larger 

evolutionary context that limits generalisability between studies.153–155 Virological 

nomenclature systems largely operates on distance thresholds that define the absolute 

maximum divergence allowable between viruses interpreted to be a coherent genetic or 

phylogenetic unit or cluster.156–164 Distance thresholds have been set using uncorrected genetic 

distance calculated from sequence data165–167 and patristic (branch-length) distances calculated 

from reconstructed phylogenetic trees79,158,168–170, with the mean, median and maximum within-

cluster pairwise genetic or patristic distance variably employed across studies.165,166,168 Select 

studies incorporate additional information into cluster designation, which is usually nodal 

support of clusters under consideration or minimum/maximum cluster size.165,168,169,171  

Non-parametric distance-based clustering approaches are appealing due to their scalability and 

rule-based consistency that allow for simple progressive nomenclature updates. However, these 

distance-based approaches are fundamentally limited by the arbitrariness of the thresholds used 
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to designate meaningful within- and between-cluster diversity. The definition of a well-

delineated unit of diversity to underlie nomenclature systems is not clear across most pathogens. 

Information on what additional criteria is required to capture informative subpopulations e.g. 

antigenicity, geography or host range varies with pathogen and is incomplete for many 

pathogens e.g. no systematic serological characterization across all lineages.172 It is therefore 

not clear what “ground-truth” underlying structure should be used to calibrate distance 

thresholds with, rendering the partitioning of pathogen phylogenies into meaningful units of 

diversity into a complex exercise that is largely approached ad hoc through exploratory analyses 

with uninformative sensitivity analyses for ranging thresholds. This can lead to unstable results 

across different cluster definitions, as cluster membership can be highly sensitive to the 

threshold applied.173 

There is therefore a need for a robust and systematic statistical framework to determine cluster 

designation criteria in nomenclature frameworks. To this end, the current work developed the 

statistically principled, phylogeny-informed algorithm PhyCLIP, which is a phylogenetic 

clustering algorithm based on integer linear programming (ILP) optimisation. PhyCLIP was 

validated in comparison to the genetic distance-based WHO/OIE/FAO H5 nomenclature 

system for avian influenza viruses that partitions the diversity of the HA phylogeny of the HPAI 

Gs/GD-like lineage of the H5Nx subtype viruses based on a 1.5% genetic distance threshold.  

2.2. Methods 

2.2.1. Phylogenetic clustering by Linear Integer Programming (PhyCLIP) 

PhyCLIP’s central approach relies on operation on the distribution of all branch lengths in the 

phylogeny, using this global patristic distance distribution as a pseudo-null distribution to test 

the within-cluster distance distribution of putative clusters against. PhyCLIP also incorporates 

the branching order of the phylogeny into cluster definition through its distal dissociation 

approach, which accommodates the designation of paraphyletic clusters and performs outlier 

testing. 

2.2.1.1. Calculation of within-cluster limit from global distribution 

PhyCLIP operate on an user-input phylogeny and three parameters: 1) A minimum cluster size 

(S) 2) A multiple of deviations (!) used to calculate the within-cluster divergence limit 3) A 

false discovery rate (FDR) used in the statistical testing of inter-cluster distance for pairwise 

comparison across all clusters.  
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PhyCLIP works as follows: PhyCLIP parses the phylogeny as a collection of N monophyletic 

subtrees that are potential clusters (including the potential to cluster at the root), with each 

subtree defined by the subtending node i and its subtended set of sequences "! (Figure 1B). 

This parsing incorporates the topological structure into the configuration of potential clusters, 

capturing the evolutionary trajectory of clusters if the tree is appropriately rooted. For each 

subtree i, the within-cluster internal divergence is measured by its mean pairwise patristic 

distance (#!). A within-cluster limit (WCL), considered an upper bound on the internal diversity 

of a cluster, is the calculated as per equation 1: 

$%" = #̅ + (!*) 

      
      (1) 

where #̅ is the grand median of the mean pairwise patristic distance distribution 

{#", ##, … , #! , … , #$}. * is the robust estimator of scale (median absolute deviation (012) or 

34, see below) used to account for the dispersion of the mean pairwise patristic distance 

distribution for the 5 subtrees, and ! is the multiple of deviation from the grand median of the 

mean pairwise sequence patristic distance as stated above.  

PhyCLIP can operate on two user-specified robust estimators of scale (*): the median absolute 

deviation (012) or the 34. The MAD assumes symmetry around the median (#̅) and therefore 

may not adequately account for dispersion if the global patristic distribution is severely skewed. 

However, the 34 estimator of scale has the same breakdown point as the MAD at 50%, and is 

calculated from the differences between values in the distribution without assumptions of 

location.174 It has been proven to be statistically more efficient in Gaussian and non-Gaussian 

distributions relative to 012.174 All subtrees with #! ≤ $%" are considered for clustering by 

PhyCLIP (Figure 1B). 

2.2.1.2. Distal dissociation 

Monophyletic constraints on cluster definition can result in incorrect cluster designation, 

especially in the case of undersampled or outlying sequences and lineages that are divergent to 

the rest of the cluster e.g. sequence 79 in Figure 1C. These divergent sequences also 

disproportionately inflate the subtending subtree’s #! as well as the #! of trunk nodes in their 

ancestral path (e.g. nodes 9 and : in Figure 1C), resulting in overestimation of the internal 

divergence of all subtrees in the ancestral path. This may result in immediate descendants of 

trunk nodes going unclustered as its #! exceeds $%" (Figure 1C). To address this PhyCLIP has 
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an incorporated approach termed distal dissociation, which dissociates any distal subtrees or 

outlying sequences from their ancestral path prior to input to the ILP model.  

Distal dissociation functions as follow: for each subtree i where #! > $%", PhyCLIP applies 

leave-out testing starting with the most distant sequence to i, recalculating #! for each exclusion 

recursively until #! < $%". Full descendant subtrees of i, not just singletons, can be dissociated 

under this approach, and can then be independently considered for clustering. Distal 

dissociation also dissociates designated outlying sequences, which are defined as sequences 

with a patristic distance to the node under investigation that is more than three times the 

estimator of scale away from the median patristic distance to the node. #! is recalculated for 

nodes subjected to dissociation of distant sequences in its sequence membership "! and is 

reconsidered for clustering. Distal dissociation allows for the identification of paraphyletic 

clusters alongside monophyletic clusters, which may better reflect the phylogenetic 

relationships of these sequences, especially in phylogenies with well sampled source-sink 

dynamics (see below).  

 

 

Figure 1: PhyCLIP approach and inference. A. PhyCLIP’s workflow. User inputs an appropriately rooted tree, and 
parameters S, ! and "#$. After calculating the within-cluster divergence limit (%&'), PhyCLIP dissociates distantly related 
subtrees and outlying sequences that inflate the mean patristic distance ((!) of ancestral subtrees. The ILP model is implemented 
and optimized to assign cluster membership to as many taxa as possible. Post-ILP clean-up steps are performed to output final 
clustering result. B. PhyCLIP parses the phylogeny as an ensemble of monophyletic subtrees defined by internal nodes 
(numbers in circles), subtending a set of sequences (annotated with letters shaded with the same colour as the circled number). 
In this toy, only subtrees with more than three sequences () = 3) are considered for clustering by the ILP model. However, the 
%&' is calculated from (! of all subtrees, including unshaded subtrees 6-8. Subtrees with (! ≤ %&' are viable for clustering. 
C. Subtrees o and q, and sequence j9 are dissociated from subtree i as they are divergent from i. If sequences -1, -2, -4 and -5 
are clustered under subtree h and -3 is clustered under subtree i by ILP optimization, a post-ILP clean up step will remove -3 
from cluster i.  
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2.2.1.3. Integer linear programming model and optimisation  

PhyCLIP then parameterises an integer linear programming (ILP) model with the objective to 

maximise the number of sequences assigned to cluster membership as per equation (2), under 

a set of constraints summarised here (with details following): 

1) Designated clusters must have ≥S sequence members.  

2) Designated cluster must satisfy #! ≤ $%". 

3) The pairwise patristic distance distribution of every combinatorial pair of designated 

clusters must be statistically distinct from that of the resultant cluster if cluster pairs were 

collapsed into one. This functions as the inter-cluster divergence constraint, with 

statistically significant distinction between potential clusters tested for by KS/Kuiper tests. 

Potential clusters are statistically distinct and viable for clustering if the multiple-testing 

corrected >-value for the cluster pair is below the user-specified FDR (Constraint 8).  

4) If both a descendant subtree and a node in its ancestral path subtending the sequences 

satisfies clustering constraints 1-3 (e.g. subtree 5 in Figure 1B), the sequences will be 

clustered under the descendant node (e.g. E, F and G will be clustered under 5 in Figure 

1B) while the direct descendants of the more ancestral subtree will cluster independently 

(e.g. H and I will be clustered under 3 in Figure 1B).  

Let 4", 4#, … , 4! , … , 4$ be a set of binary variables indicating if subtree ? satisfies the clustering 

criteria, with 4! = 1 if i does. Every sequence 7 subtended by subtree ? is also assigned a binary 

variable A%,! which indicates if the sequence is clustered under subtree ?, with A%,! = 1 if 7 is 

clustered under node ? (Figure 2C). 

maxEA%,!
%,!

 

  (2) 

This model is subject to the following constraints:  

A%,! ≤ 4! ∀	7 ∈ "! , ? (3) 

Constraint (3) stipulates that sequence 7 can only be clustered under subtree ? if subtree ? is a 

potential cluster i.e. 4! = 1.  

A%,! ≤ 2 − 4! − 4' ∀	7 ∈ {"! , "'}, K; ? < K (4) 
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If sequence 7 is subtended by subtrees ? and K, with both i and k as potential clusters (4! = 4' =

1) and ? ancestral to K in the path, constraints (3) and (4) stipulate sequence 7 will be constrained 

to be clustered under the most descendant node K as possible, not i. 

EA%,!
!

≤ 1 ∀	7 (5) 

Constraint (5) constrains each sequence to a single cluster membership  

%(4! − 1) ≤EA%,!
%

− M ∀	? (6) 

Constraint (6) contains all clusters to the user-defined minimum cluster size M, where % is any 

arbitrarily large positive constant. (Figures 1B and C).  

%(4! − 1) ≤ $%" − #! ∀	? (7) 

Constraint (7) ensures that #! of all clusters fall below the derived $%" limit. 

%(2 − 4! − 4') ≥ :!,' − N2O ∀	?, K ≠ ? (8) 

where :!,' is the Benjamini-Hochberg corrected >-value that tests if subtrees ? and K are 

significantly distinct enough to be considered two clusters by the user-specified significance 

level, N2O. Constraint (8) functions as the inter-cluster divergence constraint. The inter-cluster 

distance between subtrees ? and K is tested under the null hypothesis that the pairwise distance 

distributions of ? and K is equivalent to that if the two subtrees were clustered together, as per 

the Kolmogorov-Smirnov (KS) test or Kuiper’s test. Both the KS and Kuiper test are 

nonparametric. However, the KS test statistic is defined by the maximum difference between 

distributions, whereas Kuiper incorporates the most extreme positive and negative deviations 

to increase sensitivity to differences in the tails. The KS test is less sensitive to deviations in 

the tails of distributions under comparison.  

:!,' is calculated for two types of inter-cluster comparison: 1) where subtree ? is ancestral to K, 

with the null hypothesis that the pairwise patristic distribution of subtree K is statistically 

indistinct from the distribution of its ancestral node ?. 2) Subtree ? nor K are not ancestral to one 

another, with the test applied to see if the distribution of each subtree is distinct from the 

distribution if both subtrees are collapsed into a single cluster. The most conservative :!,' =

maxQ:!,combined, :',combinedR is taken.  
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The ILP model was implemented within the Gurobi linear programming solver, which is 

integrated into PhyCLIP. Gurobi (http://www.gurobi.com/) is one of the fastest available 

commercial mathematical programming solvers. Gurobi outperforms open-source alternatives 

in performance and speed in independent benchmarking 

(http://plato.asu.edu/talks/informs2018.pdf).  

2.2.1.4. Post-ILP optimisation configuration 

The distal dissociation approach prior to ILP optimization can be insensitive in detecting 

spurious clustering for singletons. To address this, PhyCLIP has an incorporated post-ILP 

clean-up step, best illustrated by 73 in Figure 1C where j3 is outlying to descendant node h but 

not to ancestral node i. If the taxa subtended by subtree ℎ (i.e. 71, 72, 74 and 75) are clustered 

with the exclusion of 73 (clustered under ?), the post-ILP clean-up step removes 73 from cluster 

?. Sequence 73 is clearly an outlier to node ? and needs to be removed, or the inference is that 

the members of cluster h (i.e. 71, 72, 74 and 75) should belong to cluster ? as well, resulting in 

fuzzy clustering. Additionally, PhyCLIP offers an optional approach to absorb subclusters into 

their parent clusters if the descendant subcluster has not been distally dissociated and the 

coalescence will not result in violation of the statistical bounds of cluster definition. This option 

was designed for clustering problems that require a coarser resolution, such as nomenclatures 

where more broadly defined lineages are of interest. PhyCLIP is sensitive to the detection of 

clusters of highly related or identical sequences that minimally satisfies the minimum cluster 

size (S), as their distributions are statistically distinct from the rest of the population owing to 

their right-tail skewness. The ancestral path constraint forces these sequences to cluster under 

the most descendant node, often leading to subclusters of identical or near-identical sequences 

within subtrees that are only moderately divergent from the low-information subtrees. This 

sensitivity may result in over-delineation of the phylogeny and multiple nested clusters. 

Notably, these sensitivity-induced subclusters are not artificial clusters and do not violate the 

statistical criteria. However, users may want to subsume these subclusters into parent clusters 

to facilitate higher level interpretation.  

2.2.1.5. Optimisation criteria for user-input parameters 

The user-input parameters can be calibrated across a range of values to select an optimal 

parameter set based on optimisation of the global statistical properties of the clustering 

configuration. The optimisation criteria are determined by the resolution of information 

required to capture the ecological, epidemiological and/or evolutionary processes of interest. 



 45 

Some research questions may necessitate high-resolution clustering delineating the phylogeny 

into high confidence clusters of low internal divergence, tolerating a high number of 

unclustered sequences. Other research questions may necessitate more intermediate resolution 

that capture well-separated but broadly defined clusters encompass the majority of sequences 

in the phylogeny (Figure 2A).  

The ranges of parameters considered are dependent on the properties of the phylogeny. The 

minimum cluster sizes considered should be a factor of the number of sequences in the 

phylogeny, whereas the ! range considered should be a meaningful factor of the intra- and inter-

cluster distance related to the question under investigation. PhyCLIP’s incorporated 

optimisation criteria are agnostic to metadata, and should be prioritised based on the research 

question: 1) The grand mean of the global pairwise patristic distance distribution and its 

standard deviation. This serves as a measure of the within-cluster divergence and can be 

optimised to minimize the global cluster internal divergence across clustering configurations. 

2) The mean of the inter-cluster distance and its standard deviation. This can be maximized 

across clustering configurations to select a result with well-separated clusters. 3) The 

percentage of total sequences clustered, optimised to minimise the number of sequences left 

unclustered. 4) The total number of clusters and 5) mean or median cluster size, which can be 

optimised to select an allowable level of stratification. Alternatively, relevant metadata can be 

used to validate PhyCLIP’s optimisation. If there is a reasonable expectation that clusters are 

defined by spatiotemporal factors, within-cluster variation in geographic distance or collection 

dates can act as an incomplete ground truth to determine if a clustering result delineates 

meaningful clusters.  

2.2.1.6. Nomenclature annotation 

PhyCLIP maps a para-hierarchical nomenclature annotation onto the clustering configuration 

to capture the source-sink dynamics of the paraphyletic clusters designated. This works as 

follows: PhyCLIP traverses the clustering configuration of the input phylogeny in pre-order, 

assigning a unique numerical identifier to any cluster with no immediate ancestral supercluster 

i.e. the parent node of the cluster is not part of any designated cluster. If the parent node is part 

of a designated cluster, the descendant node is designated as a child cluster if its size is above 

the 25th percentile of the global cluster size distribution (i.e. has proliferated in numbers 

substantial enough to be deemed a progeny cluster). Every child cluster is assigned a 

hierarchical address based on its supercluster i.e. if the parent cluster in the supercluster is 

cluster 1, the child clusters along the trajectory can be e.g. 1.1 or 1.2. If the cluster size falls 
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below the 25th percentile, the clusters are considered nested clusters and are assigned letters 

alphabetized by traversal order, with the prefix of the supercluster parent e.g. 1.1c is the third 

nested cluster of the cluster 1.1 of supercluster 1. The structure of the resultant clustering 

topology is further explained in Figure 4. 

Intermediate resolution High resolution 

  

 

Figure 2A: Example comparison of clustering configurations optimised for “intermediate” (well separated but broadly 
defined lineages)  and “high” (high confidence closely related clusters) resolution (A). Distinct clusters are annotated by 
tip and branch colours, with unclustered taxa in black. B)  Example clustering results with and without collapsing the 
internal nodes with zero branch lengths found in bifurcating trees representing polytomies. These zero-branch length internal 
nodes can lead to erroneous clustering and over-delineation in PhyCLIP’s clustering results.  

 

2.2.2. Validation of PhyCLIP on the WHO/OIE/FAO H5Nx nomenclature  

PhyCLIP was validated on the WHO/OIE/FAO Gs/GD/96-like H5Nx avian influenza 

nomenclature, which is the most prominent nomenclature system for zoonotic influenza 

viruses.175 All sequence included in the HA phylogenies underlying the 2009 (n=1224) and 
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2015 (n=4357) nomenclature updates were downloaded from GISAID.176 Datasets were 

curated based on the H5 nomenclature criteria, including excluding sequences with more than 

5 ambiguous nucleotides, aligned sequence lengths shorter than 60%, or with frameshifts 

mutations. To construct a phylogeny updated to include the expansion of the H5Nx viruses 

post-2014 (H5N2, H5N3, H5N5, H5N6 and H5N8), all avian and human viruses from the 

Gs/GD-like H5 lineage were downloaded from GISAID up to April 2018. Sequences with more 

than 1% ambiguous nucleotides or with sequence lengths below 90% were excluded. Sequences 

were aligned with MAFFT v7.397, with alignments trimmed to the start of the mature HA 

protein.177 Each sequence set (2009, 2015, 2018) was annotated with the H5 nomenclature with 

LABEL(v0.5.2), under the nomenclature version corresponding to the update of the dataset 

(e.g. H5v2015 module for the full tree from the nomenclature update in 2015).142 Maximum 

likelihood phylogenies were reconstructed for each dataset with RAxML 8.2.12 under the 

GTR+GAMMA model, and rooted to Gs/GD/96. 178 Phylogenetic trees were visualised using 

Figtree (http://tree.bio.ed.ac.uk/software/figtree/) and ggtree. 179 

2.2.2.1. Cluster validation and comparison 

PhyCLIP’s clustering results were compared to the WHO H5 nomenclature and other 

phylogenetic clustering approaches (see benchmarking section) with the variation of 

information and silhouette index measures. 

2.2.2.1.1. Silhouette index 

The silhouette index is a measure of cluster validation, based on the distance of each cluster 

member to its fellow members relative to its distance to its nearest non-cluster member 

neighbours 180. For each cluster member i the index is calculated as per equation 9: 

W(?) = 	
X(?) − Y(?)

max	(Y(?), X(?))
 

            
            (9) 

Where Y(?) is the average distance to its fellow cluster members and X(?) is its average distance 

to all neighbours in neighbouring clusters, with the overall silhouette coefficients averaged over 

all observations. Silhouette coefficients approaching one indicate that the cluster member is 

closer to its fellow cluster members than neighbouring clusters. If the silhouette value 

approaches zero or negative values, it indicates that the sequence is equally or better matched 

to sequences in neighbouring clusters and is likely incorrectly assigned. Calculation of the 

silhouette index was performed in R.181 
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2.2.2.1.2. Variation of information 

The variation of information (VI) is an information theoretic criterion to compare partitions of 

the same dataset, based on the information lost and gained when moving between partitions 

defined by equation (10) as per 182:  

Z[(%; %′) = ](%) + ](%′) − 2[(%, %′) 

            (10) 

Where ](%), ](%′) are the entropies (uncertainty) associated with cluster partitions C and C’ 

defined as per equation (11) for a discrete random variable taking K values.  

](^) = 	−E_(K) log _(K)
(

')"
 

            (11) 

I(C,C’) is the mutual information between the two cluster partitions, i.e. the information that 

one partitions has about the other partition calculated as per (12), where P(k), k=1, . . . , K and 

P′(k′), k′=1 , . . . , K′ are the random variables associated with partitions C,C′ and _(K, K′) is the 

joint distribution of the random variables as per (13) 

[(%, %*) = 	E E _(K, K′)A9c
_(K, K′)

_(K)_′(K′)

(*

'!)"

(

')"
 

            (12) 

_(K, K*) = 	
|%'	 ∩ %′'*|

4
 

2.2.3. Code and data availability  

PhyCLIP is available at https://github.com/Edyth-Parker/PhyCLIP. Data of current chapter and 

appendices are available at https://git.io/JUu7S. 

2.3.  Results  

PhyCLIP was validated in comparison to the clade-based cluster designation of the 

WHO/OIE/FAO H5Nx nomenclature, which has been progressively updated with novel 

sequences from genomic surveillance of wild and domestic avian populations since 2008.156,183 

The primary validation was performed on the 2015 update (n=4357) global HA phylogeny. 

PhyCLIP was run with combinatorial parameter sets of the following ranges: a minimum cluster 

size of 2-10, a ! of 1-3 and an FDR of 0.05-2 (step 0.05). The optimisation criteria were ranked 

as 1) the percentage of sequences clustered, 2) the grand mean of within-cluster patristic 
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distribution, 3) the mean within-cluster geographic distance in miles and 4) the mean of the 

inter-cluster distance. Percentage of sequences clustered was prioritised to maximize the 

number of sequences assigned a nomenclature identifier. The mean within-cluster geographic 

distance was included as an optimisation criterion to leverage the strong spatiotemporal 

structure of avian influenza phylogenies that result from their transmission dynamics in 

localised populations, particularly in domestic poultry as outbreak sampling results in closely 

related sequences clustering in space and time.156 Minimization of within-cluster variance in 

collection dates can theoretically also be optimised for measurably evolving viruses such as 

IAV, though ranking the grand mean within-cluster standard deviation in sampling dates as an 

optimisation criterion did not influence the optimal clustering result compared to just the four 

criteria above.184 Accurate topological structure is central to PhyCLIP’s parsing and distal 

dissociation, with non-terminal nodes with zero branch lengths resulting in spurious clustering 

and over delineation (Figure 2B). These nodes represent polytomies, where a lack of 

phylogenetic signal results in unresolved relationship between the taxa subtended. All non-

terminal, zero branch length nodes in the input phylogeny were collapsed into polytomies prior 

to PhyCLIP’s parsing to more accurately reflect the phylogenetic relationships among 

sequences and ancestral states. In all subsequent results, sensitivity-induced subclusters were 

absorbed into parent clusters if statistically allowable to ease interpretation of the nomenclature 

designation (see section 2.2.1.2). 

2.3.1. Influence of the parameter set on clustering configuration 

More conservative ranges of tolerable within-cluster divergence were defined for lower 

multiples of deviation (!) around the #! informed by the global pairwise patristic distance 

distribution (Figure A1, in Appendix 1), with clusters designated at e.g. a ! of 1 showing the 

lowest internal divergence relative to a ! of 3 (Figure 3C). The conservative tolerated 

divergence resulted in high resolution clustering configurations, with a high number of small-

on-average clusters and outlying sequences (Figure 3A-B). Clusters defined at lower ! were 

expected to be more closely related, with lower variation in the spatiotemporal information of 

sequences clustered together (Figure 3E-F). Increasing ! raised the limit of tolerated internal 

distance, potentially coalescing smaller clusters into larger, more internally divergent clusters. 

This coalescence resulted in a coarser resolution, with a lower number of larger-on-average 

clusters and fewer unclustered sequences. The influence of ! was less pronounced for the mean 

inter-cluster distance, with no apparent distinction between ! = 1 and 2. Lower values of FDR 

were more conservative in testing if the patristic distribution of two clusters are statistically 
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distinct enough for independent cluster designation. Higher values of FDR were more likely to 

return statistically significant evidence that similar distributions were distinct, increasing the 

number of clusters designated (Figure 3A). FDR’s effect was dampened at higher minimum 

cluster sizes or higher values of !, as these parameters yielded larger clusters, limiting the 

number of clustering configurations available. The total number of clusters decreased 

approximately linearly as the minimum cluster size increased, stratified by !.  

 

Figure 3: Influence of parameters on PhyCLIP‘s clustering properties for the WHO/OIE/FAO 2015-update phylogeny. 
Parameter set combinations ordered according to minimum cluster size, FDR and ! on the x axis for Figures A-F. The grey 
banded background and script numbering at the top of the plot indicate the minimum cluster size of the parameter set. Marker 
colour and size indicate the ! and the FDR of the parameter set respectively (see legend in  Figure B). A. Total number of 
clusters. B. Percentage of sequences clustered. C. Grand mean of the pairwise patristic distance distribution. D. Mean within-
cluster geographic distance calculated in Vicenty miles. E. Mean of the inter-cluster distance to all other clusters. F. Mean 
within-cluster standard deviation in collection dates. 

 

2.3.2. Optimal PhyCLIP clustering result for H5 viruses  

The optimal parameter set for the 2015-update nomenclature phylogeny combined a minimum 

cluster size of 7, an FDR of 0.15 and a ! of 3. The optimal result clustered 98% of sequences 

in the tree into 89 clusters (median cluster size n= 21). The topology of the optimal result 
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captured informative source-sink trajectories supported by previous phylogenetic and 

phylogeographic studies of the global panzootic of the Gs/GD-like H5N1 lineage across 

outbreak waves (Figure A2, Table A1).156,185–187  

Chiefly, pathogen nomenclature systems should aim to delineate populations into units of 

genotypic similarity that carry cohesive and consistent information capturing the underlying 

population dynamics of pathogen variants. PhyCLIP’s distal dissociation approach produces a 

clustering topology that allows divergent subclusters to be nested within larger cluster 

structures here termed a supercluster, as sufficiently divergent subclusters are dissociated from 

the ancestral trunk node. The remaining sequences now fall within the statistical framework to 

cluster with the ancestral node, as the divergent subcluster no longer inflates the subtending 

node’s mean patristic distance to violate the within-cluster limit (see section 2.2.1.2). Cluster 

A in Figure 4 illustrates the supercluster topology: the source population viruses are annotated 

with yellow tips and as cluster A, whereas the divergent descendant subclusters are dissociated 

to form independent clusters annotated as A.1, A.2 and A.3 respectively. This approach 

suggestively captures source-sink dynamics in the phylogeny: viruses from the more ancestral 

population of the supercluster (cluster A) act as a putative source population to the subclusters 

e.g. A.1, reflecting the evolutionary divergence and trajectory of descendants of the source 

population (i.e. potential sub-lineages). The para-hierarchical annotation mapped onto 

PhyCLIP’s clustering was designed to enhance this evolutionary information in the clustering 

topology (see section 2.2.1.6).   

The optimal clustering result delineated the spatiotemporal structure of the 2015-H5Nx 

phylogeny at high resolution, capturing the different H5N1 outbreak waves as distinct 

supercluster topologies Figure A2, Table A1). The source population of the first supercluster 

consisted of the classical viruses circulating from 1996-2003 in south, central and northeast 

China and Hong Kong, seeding four lineages (cluster 1, seeding cluster 1.1-1.4, Table A1). The 

first wave of expansion from China into east and southeast Asia in the early 2000s was captured 

as the second supercluster, sourced from a population circulating in south central, east and north 

China, Vietnam and Hong Kong in 2000-2003 (1.4 and 1.4.1 and descending lineages, Table 

A1). The third supercluster recovered the second major wave of Gs/GD-like H5 dissemination, 

characterised by intercontinental expansion (cluster 1.4.1.5 and its descendants, Table A1). The 

source population circulating in east, south central and southwest China, Hong Kong and 

Vietnam for 2002-2005 seeded multiple distinct viral lineages that disseminated regionally and 

globally (clusters 1.4.1.5.1-6, Table A1). The supercluster topology captured single lineage 
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introductions for countries such as Indonesia and Egypt with endemic circulation but delineated 

multiple co-circulating lineages with temporal structure. The topology also recovered multiple 

incursions of diverse viruses into countries such as South Korea and Japan (Table A2).  

 

Figure 4: Phylogeny of the Clade 2.1x viruses circulating in Indonesia. The WHO/OIE/FAO H5 nomenclature is annotated 
in black. PhyCLIP’s designation is annotated in blue, with associated tip colour. PhyCLIP’s supercluster topology is illustrated 
for Cluster A (in pink). The source population of the supercluster is annotated as A in pink, with yellow tips. The divergent 
descendant clusters are labelled A.1, A.2 and A.3. The letter A here is shorthand for its nomenclature address, 1.4.1.5.5.4.2, 
which indicates that supercluster A is the second descendant of cluster 1.4.1.5.5.4 (indicated in light purple), which in turn is 
the fourth descendant of the source supercluster 1.4.1.5.5 (in red). See section 2.2.1.6 for full explanation of nomenclature 
addresses.  
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2.3.3. Comparison to the WHO/OIE/FAO H5 nomenclature 

The latest WHO/OIE/FAO H5 nomenclature system designates 43 different clades (the 

equivalent of clusters) and 7 clade-like groupings (Table A3).156 PhyCLIP recapitulated the 

WHO/OIE/FAO clustering partition with varied agreement across different parameter sets, as 

measured by the variation of information (VI), where a lower VI indicates more similar 

partitions (Figure A3). Parameter sets including a γ of 3 consistently had the lowest VI, 

suggesting the WHO/OIE/FAO nomenclature had the highest agreement with PhyCLIP cluster 

results that tolerated higher within-cluster divergence.  

The supercluster structure of PhyCLIP’s optimal clustering topology recapitulated the 

hierarchical structure of the WHO/OIE/FAO nomenclature, but delineated the spatiotemporal 

structure of the phylogeny at a higher and more informative resolution (89 vs 50 phylogenetic 

units, Figure 5, Figure A2). PhyCLIP further delineated clear lineage distinctions in populations 

structured by geographic region and time period within more diffuse WHO/OIE/FAO 

demarcated clades. For example: PhyCLIP divided clade 2.3.2.1a into two distinct clusters, 

including a cluster predominantly circulating in Vietnam, in 2011-2012 with sporadic detection 

in south central China and a cluster that predominantly circulated in South Asia from 2010-

2014, with low level detection in south east China, Vietnam and Myanmar (Figure 5A). 

PhyCLIP also delineated clade 2.3.2.1c into two clusters, including a cluster that captured the 

well-documented dissemination of viruses from north west and east China into Mongolia, 

Russia, Nepal, Japan and Korea for the period 2009-2011 and a cluster predominantly 

circulating in China, Vietnam and Indonesia in 2009-2012, with singletons from Lao PDR, 

Bangladesh and Taiwan (Figure 5B). 

2.3.4. Impact of sampling on PhyCLIP’s clustering results 

As PhyCLIP centrally operates on the global patristic distribution, its clustering results are 

sensitive to the diversity of the population included in the phylogeny. The impact of sampling 

was investigated by comparing the optimal clustering results for the 2015-nomenclature update 

to that of the 2009-update, which is a subset of n=1224 viruses nested within the 2015-update 

phylogeny (n=4357). The 2009 nomenclature update was performed in response to the 

divergence and geographic expansion of clade 2.2.183 The 2009-system designated 20 clades, 

of which 8 were third order in the hierarchical system.183 Comparatively, the 2015-update 

designated clades to the fourth and fifth order. The optimal clustering result (parameter set S=3, 
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FDR=0.2, !=3) for the 2009 WHO/OIE/FAO nomenclature clustered 98% of sequences in the 

phylogeny into 39 clusters, with a median cluster size of 12 (Figure A4).   

 

 

Figure 5: PhyCLIP’s delineation of WHO/OIE/FAO demarcated clades 2.3.2.1a (A) and 2.3.2.1c (B). Tips are coloured 
according to PhyCLIP’s cluster designation. Countries/regions represented by single viruses in the cluster are indicated with 
an asterisk. In addition to source-sink dynamics, distal dissociation also identifies probable outlying sequences, defined as 
sequences more than 3 times the estimator of scale away from the median patristic distance to the node. For example, PhyCLIP 
identifies seven outliers in its delineation of WHO/OIE/FAO clade 2.3.2.1c in the 2015 phylogeny (indicated by black tip-
points in Figure 5B). These sequences may represent under-sampled populations with unobserved diversity, introductions from 
otherwise unsampled populations or lower quality sequences introducing error into phylogenetic reconstruction.  

The source-sink trajectory inference of the clustering topology was largely consistent across 

the 2009 and 2015 phylogenies (Table A4). The optimal clustering result for the 2009 update 

recovered a very similar supercluster topology to the 2015 update for the South East Asian 

(clusters 1.3.1 and 1.3.1.1, Table A4) and intercontinental dissemination from 2005 onwards 

(cluster 1.3.1.1.2.2.2, Table A4), with high levels of overlap in designated source populations 

(100% and 83% overlap for source populations for the southeast Asian and global expansion 

waves respectively).  
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Differences in clustering topology between the 2009 and 2015 phylogenies were not 

unexpected, as more than 3000 sequences were added to the global dataset in the six years 

between the updates, reflecting the substantial spread and evolutionary divergence of the 

Gs/GD-like H5 viruses. (Figure 6, Table A1/A4) This addition of a large number of divergent 

viruses fundamentally shifted the ensemble statistical properties of the phylogeny and was 

expected to drive changes in the clustering configuration. Primarily, the addition of a set of 

highly divergent sequences increased the spread of the global patristic distance distribution, 

which concurrently increased the WCL it informs and therefore the tolerance of allowable 

within-cluster divergence (Figure A1). Increased tolerance of divergence allowed for the 

inclusion of more distal trunk viruses into supercluster source populations, if the viruses are 

sufficiently divergent to be dissociated as distinct clusters (Figure 7). Incorporation of the trunk 

viruses under consideration would violate the statistical constraints if the WCL is lowered. 

Resultantly, these trunk viruses and their descendants would be assessed for clustering as 

independent subtrees. Clustering shifts may also be induced by local branching effects of the 

addition of multiple lineages to the 2015 phylogeny that are descendant or nested within clusters 

defined in 2009. Notably, many clusters from the 2009 update served as the ancestral source 

populations in 2015-update superclusters, as PhyCLIP identified that the statistical properties 

of these post-2009 diversification lineages nested or descendant from 2009 clusters were 

distinct enough to robustly dissociate them from the ancestral node and delineated independent 

clusters (Figure 6).  

Topological changes between phylogenies reconstructed from different underlying datasets will 

also shift PhyCLIP’s clustering (illustrated by the classical clade 0 viruses in Figure 7). The 

2009 and 2015 clustering results shared a source population of the classical clade viruses, but 

the 2015 clustering result resolved an additional seeding lineage in the source population which 

formed part of the source population in 2009 as it is part of the trunk of the tree (Figure 7). 

Additionally, the large number of sequences added between the 2009 and 2015 datasets and the 

associated increase in diversity resulted in an increase in statistical power to delineate between 

groups of viruses.  

2.3.5. Comparison of optimal to suboptimal clustering results 

PhyCLIP’s optimal clustering result was compared to the next four highest ranked parameter 

sets to examine the robustness of PhyCLIP’s results across similarly optimal parameter sets. 

The clustering configurations of the optimal parameter set, and the four highest-ranked 

suboptimal parameter sets were largely consistent for the 2015 phylogeny (see Figure A5 A-
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E). A high proportion of sequences (74.4%-82.7%) clustered in corresponding clusters across 

the partitions, with the supercluster source populations of the 2000 east and southeast Asian 

expansion and 2005 intercontinental dissemination showing high levels of agreement across all 

suboptimal results. However, difference in the parameter sets fundamentally changed the 

statistical constraints on cluster designation. In particular, as ! was held constant at 3, varying 

the minimum cluster size changed the subtrees viable for clustering. Resultantly, while the 

global supercluster topology was largely consistent across suboptimal partitions, local 

delineations of co-circulating viruses descending from supercluster sources, and the associated 

source-sink dynamics inferences varied amongst the different parameter sets. 

2.3.6. PhyCLIP clustering of the 1996-2018 H5Nx phylogeny 

The Gs/GD-lineage of H5 viruses has undergone substantial evolution in recent years, with 

viruses from WHO/OIE/FAO clade 2.3.4.4 reassorting with co-circulating low pathogenic 

avian influenza (LPAI) viruses to produce H5Nx subtypes. A H5Nx phylogeny representing 

the Gs/GD-lineage diversity up to early 2018 (n=7898) was subjected to phylogenetic clustering 

with PhyCLIP to investigate how the emergence of H5Nx subtypes such as H5N2, H5N5, 

H5N6 and H5N8 and their global expansion shifted clustering inference (Figure 8, 9, Table 

A5).  

The optimal clustering result (S=4, FDR=0.2, ! = 3) clustered 97% of sequences in the 

phylogeny in 135 clusters (median cluster size of n=23, Figure A6). Addition of the H5Nx 

viruses isolated from 2014-2018 shifted the distribution in two ways: 1) it added diversity to 

the right tail of the distribution 2) concurrently, it increased the number of potential clusters 

with very low internal divergence, as many of the additional HA sequences were highly related 

owing to both substantial sampling biases during H5Nx outbreaks and the relative short 

circulation time following emergence. This left-peak shift in the distribution reduced the within-

cluster limit relative to the 2015 dataset (Figure A1). There were also topological changes 

between the 2015-update and 2018 phylogenies, consequently altering the source-sink 

inference of clusters circulating from 1997-2005 (Table A5). However, the inferences of the 

second major wave of expansion into east and southeast Asia in the early 2000s, the post-2005 

intercontinental dissemination characterised by cluster 1.2.1.1.1.3.2 and its descendants 

1.2.1.1.1.3.2.1-8, were largely consistent across the 2009 (there cluster 1.3.1.1.2.2.2), 2015 

(there cluster 1.4.1.5) and 2018 (there cluster 1.2.1.1.1.3.2) phylogenies, including sharing core 

source populations (Table A1, A4, A5).  
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Figure 6: Comparison of changes between the optimal clustering result for the WHO/FAO/OIE 2015-update and 2009-
update phylogenies owing to local addition of lineages for Clade 2.2x viruses (phylogeny is the 2015 tree). Tip colour annotated 
by PhyCLIP’s cluster designation for the 2015-update phylogeny. The heat map indicates the PhyCLIP cluster designation for 
the viruses present in both the 2015 and 2009 phylogenies, based on the 2009 optimal clustering result. PhyCLIP only 
designates three clusters in the clade 2.2x viruses for the 2009-update phylogeny, with one large cluster capturing most of the 
clade 2.2x viruses present in the 2009 phylogeny (indicated in purple in the heatmap). In the 2015 PhyCLIP topology, this 
cluster is structured as a source population in superclusters cluster 1.4.1.5.3.1.1. The divergent descendants circulating post-
2009 are dissociated to form descendant lineages e.g. cluster 1.4.1.5.3.1.1.1, 1.4.1.5.3.1.1.2 and 1.4.1.5.3.1.1.2.1, and 
1.4.1.5.3.1.1.3. WHO/FAO/OIE clade designation is annotated in blue.  
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Figure 7: Changes in the optimal clustering result between the WHO/FAO/OIE 2015-update and 2009-update phylogenies 
resulting from shifts in the patristic distance distribution and topology for the clade 0, 3, 4, 5, 6, and 7 viruses. In the 2015 
update phylogeny, descendent trunk viruses (indicated in pink) are incorporated into the supercluster 1.4.1 as their inclusion 
does not violate the within-cluster limit once the statistically distinct 1.4.1.1 and 1.4.1.2 and their descendants are dissociated. 
The 2009-update phylogeny defines a lower within-cluster limit, as the 2015-update phylogeny’s distribution is shifted by the 
addition of newer, diverse viruses. In the 2009 phylogeny, these trunk viruses are basal to the clade highlighted in blue. They 
cannot be incorporated into cluster 1.3.1 (corresponding to 1.4.1) without violating the reduced within-cluster limit, and are 
considered as an independent cluster, cluster 1.3.1.1.2. This leads to shifts in the clustering inference drawn between 2009 and 
2015. Topological difference between the trees can also underlie changes in clustering between the two phylogenies. PhyCLIP 
resolves an additional seed lineage, cluster 1.1, for the 2015-update phylogeny that forms part of the source population (cluster 
1) in the 2009 phylogeny, as highlighted in purple. The orange tipped viruses highlighted in pink in the 2009 phylogeny form 
part of cluster 1.4.1 in the 2015 phylogeny, which underlie further topological changes between the trees that influences 
clustering inference. Clusters with membership consistent across the trees share a tip colour. Outliers are indicated as edges 
with empty tip-points.  

 

PhyCLIP delineated the reassortment promiscuous clade 2.3.4.4 viruses into two distinct 

lineages, descending from a source population circulating in east and south-central China and 

Malaysia in 2005-2010 (cluster 7.8, Table A5). The first lineage (7.8.2) was detected from 

2008-2011 in east, south central and northeast China (Figure A6, Table A5). The second 



 59 

lineage, 7.8.3, circulated in south central and east China from 2008 to 2012. Lineage 7.8.3 had 

six distinct descendant lineages: 1) Lineage 7.8.3.1, which circulated in China in 2010-2014 

before disseminating to circulate in Vietnam from 2014-2015. 2) Lineage 7.8.3.2 captured the 

initial global expansion of H5Nx viruses from 2009 onwards, including the early subclade of 

H5N8 viruses described in 185. 3) Lineage 7.8.3.3 was restricted to China in 2013-2016. 4) 

Lineage 7.8.3.4 captured an intercontinental lineage detected to circulate between 2014-2016, 

including the more recent H5N8 subclade described in 185. 5) Lineage 7.8.3.5 was isolated from 

east and southeast Asia between 2013 and 2017. 6) Lineage 7.8.3.6 was descendant from a 

source population circulating in east and southeast Asia, expanding into multiple co-circulating 

H5N6 lineages in east and southeast Asia from 2013 onwards (Table A5). 

Benchmarking against other phylogenetic clustering tools 

PhyCLIP was benchmarked against two non-parametric clustering algorithms: PhyloPart168 and 

ClusterPicker165. Both algorithms require an input phylogenetic tree, user-specified distance 

thresholds and minimum nodal support value thresholds. Both algorithms also employ depth-

first tree traversal with subtrees meeting the nodal support level viable for clustering. In 

PhyloPart, the median pairwise patristic distances of putative clusters are tested against the 

user-specified percentile of the global pairwise patristic distance distribution, whereas 

ClusterPicker employs a user-defined maximum pairwise genetic distance threshold calculated 

as an uncorrected p-distance. In both algorithms, the tree traversal enforces a monophyletic 

constraint on cluster designation, compared to PhyCLIP’s enabled paraphyletic clustering. It is 

accepted practice for both tools to leverage a priori knowledge of the evolutionary dynamics 

of the pathogen under investigation to set an absolute distance threshold or to calibrate the 

threshold over a range of suitable values based on metadata or expert consensus. PhyloPart and 

ClusterPicker were applied to the 2009-update phylogeny, for thresholds ranging from 0.005 to 

0.05 substitutions/site (the matching percentile of the global patristic distance distribution was 

calculated for PhyloPart). Nodal support thresholds were set to zero to make results more 

comparable to PhyCLIP, which does not incorporate nodal support. The distance threshold was 

optimised by maximisation of the mean silhouette index across the clustering partitions. For 

computational benchmarking, all approaches were run on an Ubuntu 16.04 LTS operating 

system with an Intel Core i7-4790 3.60 GHz CPU. Optimal thresholds and clustering properties 

for the methods are reported in Table A6.  
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Figures 8: PhyCLIP’s delineation of WHO/FAO/OIE demarcated clade 2.3.2.1a in the WHO/FAO/OIE 2015-update 
phylogeny and 2018 H5Nx phylogeny. Tips are coloured according to PhyCLIP’s cluster designation. The tips coloured in 
black are designated outliers. Countries represented by single viruses in the cluster are indicated with an asterisk.  
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Figures 9: PhyCLIP’s delineation of WHO/FAO/OIE demarcated clade 2.3.2.1c in the WHO/FAO/OIE 2015-update 
phylogeny and 2018 H5Nx phylogeny. Tips are coloured according to PhyCLIP’s cluster designation. The tips coloured in 
black are designated outliers. Countries represented by single viruses in the cluster are indicated with an asterisk.  

 

The notable differences in cluster definition limits generalisability between the approaches, as 

both PhyloPart and ClusterPicker were developed to identify clusters of high related sequences 

linked by direct transmission events. ClusterPicker’s optimal result by silhouette maximisation 

had the low maximum genetic distance threshold of 0.5%, resulting in a highly delineated 

phylogeny of 246 small-on-average clusters and 33.8% outliers designated relative to 

PhyCLIP’s 39 clusters and 2% outliers (VI to PhyCLIP of 2.7) (Figure 10, Figure A7, Table 
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A6). Agreement was higher between PhyCLIP and PhyloPart’s optimal partitions, with 

PhyloPart designating 37 clusters to PhyCLIP’s 39 (VI to PhyCLIP of 0.64, Figure 10, Table 

A6). However, the cluster delineations and associated inferences were significantly different 

(Table A7). The PhyCLIP’s nomenclature annotation was mapped onto PhyloPart’s optimal 

clustering result for a more meaningful comparison. PhyloPart’s depth-first traversal and 

monophyletic cluster constraint does not allow for the designation of paraphyletic clusters, 

obscuring the suggestive source-sink dynamics of H5N1’s dissemination waves highlighted by 

PhyCLIP’s distal dissociation approach (Table A6). Concurrently, PhyloPart is unable to 

identify hierarchical clusters, whereas PhyCLIP can identify these as divergent trajectories 

nested in larger clusters (Figure 10). 

PhyCLIP was notably more computationally intensive than PhyloPart and ClusterPicker. 

However, its algorithmic operations are far more extensive: not only does it parse the global 

pairwise patristic distance distribution, but it also recalculates the patristic distribution of 

subtrees recursively in the distal dissociation approaches, performs inter-cluster distance testing 

for every combinatorial pair of putative clusters and solves the ILP model. PhyCLIP was coded 

in Python 2.7 and employs multiprocessing modules to parallelise the computational tasks 

involved, which results in ~3.2x times speedup with 8 CPU cores relative to a single core (Table 

1). The principal advantage of PhyCLIP is the use of the population diversity to inform its limit 

on within-cluster divergence without needing to define or calibrate an arbitrary distance 

threshold. This is particularly useful as there is rarely any a priori knowledge of meaningful 

phylogenetic units to inform a range of distance thresholds. Additionally, PhyCLIP’s distal 

dissociation and outlier detection allow for the designation of informative paraphyletic and 

hierarchical clusters, whereas other tools have monophyletic constraints. 

Table 1: Benchmarking PhyCLIP against widely used phylogenetic clustering tools 

Approach Time to completion Peak memory usage Number of CPUs 

PhyCLIP 1 hour 4 minutes 2.0 GB 8 

 3 hours 25 minutes 1.7 GB 1 

ClusterPicker 2.8 minutes 0.3 GB  1 

PhyloPart 10.6 minutes 4.1 GB 8 
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Figure 10: Comparison of PhyCLIP’s optimal clustering result to that of PhyloPart and ClusterPicker, obtained by 
maximisation of the clustering partition silhouette index. The comparison was performed on the phylogeny underlying the 2009 
WHO/FAO/OIE H5 nomenclature update. Tree tips are coloured according to PhyCLIP’s cluster designation. Outliers are 
indicated with empty tips. The heatmap indicates cluster designation according to PhyloPart, with a median patristic distance 
threshold of 0.025, (left) and ClusterPicker, with a maximum genetic distance of 0.005 subs/site (right).  
 

2.4. Discussion  

PhyCLIP is a statistically principled, phylogeny informed algorithm that clusters taxa in 

phylogenetic trees without the need for arbitrary distance thresholds in cluster definition. 

PhyCLIP informs its limit on within-cluster divergence by operating on the global pairwise 

patristic distance distribution, employing the background genetic diversity of the phylogeny’s 

population as a pseudo null distribution. This allows the internal divergence of putative clusters 

to be tested against the global background diversity to indicate whether clustered taxa are 

sufficiently more closely related to one another than the rest of the population to be designated 

as a cluster.  

The framework is agnostic to the metadata of sequences but recovered the spatiotemporal 

structure of the phylogeny at a resolution that is informative within the context of the 

evolutionary dynamics of H5 viruses. PhyCLIP both recapitulated the hierarchical structure of 

the current WHO/OIE/FAO H5 nomenclature and delineated more informative clusters that 
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captured spatiotemporally distinct subpopulations without the introduction of arbitrary 

sequence divergence thresholds. PhyCLIP therefore provides a consistent, reliable foundation 

for nomenclature development that minimizes the limitations of current approaches.172 

Additional sampling that contributes information on the extant diversity and evolutionary 

trajectory of the pathogen under investigation will expectedly improve PhyCLIP’s delineation 

as the population diversity that informs the algorithm will be more completely captured.  

Topological structure is centrally incorporated in PhyCLIP’s distal dissociation approach, 

without any monophyletic constraint on cluster designation. PhyCLIP identifies nested clusters 

both as subtrees with sufficiently high information content to meet the cluster designation 

statistical criteria and sufficiently divergent subtrees that are dissociated from ancestral nodes. 

The topology of divergent child clusters nested within a supercluster with a source population 

suggestively recapitulates source-sink population dynamics that may be informative about the 

evolutionary dynamics of the clustered sequences. The distal dissociation approach also 

performs outlier detection to identify highly divergent taxa that may be indicative of under-

sampled or ecologically isolated diversity. 

It is expected that phylogenies will be temporally structured if a pathogen evolves more rapidly 

than it is geographically disseminated. However, the distribution of sampling times in the 

population can drive clustering artificially. This is of particular concern in transmission 

dynamic studies, where clustering is often driven by heterogeneity in sampling rates across 

subpopulations rather than heterogeneity in transmission rates.188,189 Theoretically, PhyCLIP 

can be applied to cluster time-resolved phylogenies. However, molecular clock calibration 

requires sufficient temporal signal in the heterochronous datasets to inform the model 

reconstructing the statistical relationship between sequence divergence and isolation time.190 

As PhyCLIP’s clustering is fundamentally determined by the branch lengths of the phylogeny, 

it can only be applied to robust and unbiased time-resolved phylogenies reconstructed from 

datasets with sufficient temporal structure after assessment of model assumptions and prior 

influence diagnoses.191 

PhyCLIP’s approach has several limitations. Firstly, PhyCLIP is subject to error in 

phylogenetic reconstruction alongside any phylogeny-based algorithm and omits uncertainty in 

reconstruction as it does not incorporate nodal support criteria. However, high nodal support 

reflects the statistical support of the bifurcation to the exclusion of other sequences and does 

not necessarily indicate that all subtended sequences are closely related. The relationship 

between the statistical significance of internal nodes and population dynamics is unresolved, 
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and so is an appropriate definition of a robustly supported node in the maximum likelihood 

framework.192–196 Subtrees with lower internal diversity often have too low phylogenetic signal 

to resolve internal and terminal nodes, increasing uncertainty in the arrangement of the internal 

structure of these subtrees and their relationship in the ancestral trace. If a moderately high 

statistical support threshold is set for nodes, these taxa will consistently be excluded from 

clusters or will be forced to artificially coalesce with more ancestral nodes, violating PhyCLIP’s 

statistical framework.  

PhyCLIP is inherently sensitive to variation in sampling rates, as all phylogenetic clustering 

algorithms are.192 The significant surveillance bias towards select pathogens due to their role in 

human and animal disease e.g. H5Nx AIVs means that current surveillance data captures a more 

accurate approximation of their continuum of evolution. As noted, PhyCLIP’s clustering is 

driven by the input population diversity it uses as a pseudo null distribution to test against and 

will perform optimally when the background diversity of the phylogeny is representative.  

Notably, PhyCLIP was not designed to identify transmission clusters and its clusters should not 

be interpreted as sequences linked by direct transmission events.197 Transmission dynamic 

studies attempt to integrate epidemiological clustering with phylogenetic clusters to capture 

transmission trees or chains by assuming links between highly related sequences.198 Sequences 

from transmission dynamic studies are likely sampled from localised outbreaks over a very 

short or specific time period. The “global” patristic distribution of the resulting phylogenetic 

trees will therefore not contain sufficient information or power to meaningfully distinguish high 

confidence transmission clusters. A sister-tool to PhyCLIP, named Phydelity, was developed 

in collaboration with Dr. Alvin Han to operate on a local distribution of automatically scaled 

k-neighbouring tips to derive a local maximal patristic distance for the identification of these 

highly similar sequences putatively linked by transmission events. A full comparison of 

PhyCLIP and Phydelity is undertaken in 197. 

2.5. Conclusion 

In conclusion, PhyCLIP provides an automated, statistically principled framework for 

phylogenetic clustering that can be generalised to research questions concerning the 

identification of biologically informative clusters in pathogen phylogenies, including the 

development of a systematic internal gene genotyping system for AIVs based on phylogenetic 

clustering (Chapter 3).  
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3.1 Introduction 

Recently emerged avian influenza viruses (AIVs) that spilled over into the human population 

were all generated by reassortment between wild bird viruses and poultry-adapted H9N2 

lineages.117,199 The recruitment of poultry-adapted internal gene cassettes has been shown to 

increase the fitness of wild-bird origin viruses in domestic poultry populations as the internal 

genes mediate a range of fitness determinants in host adaptation (see section 1.3).200 In 

particular, the so-termed H9N2 genotype 57 swept to predominance in domestic poultry in 

Mainland China from 2010-2014 owing to novel antigenicity and improved replication capacity 

in chickens, with H7N9, H10N8 and some H5N6 lineages acquiring the genotype 57 set of six 

internal genes before emergence.201 The barriers to cross-species transmission from wild birds 

to poultry are incompletely understood but apparent in the limited pool of HA-NA subtypes 

from the natural reservoir hosts i.e. wild birds that are maintained enzootically in domestic 

poultry.42,148,149 It is unclear whether acquisition of poultry-adapted genes by wild-bird origin 

viruses increases the probability of human infection by increasing the fitness of AIVs in 

domestic poultry and resultantly the transmission risk to humans with exposure at the human-

animal interface or whether it mediates improved adaptation to mammalian hosts.42,200,202 It is 

also unclear whether the so-termed H9N2 genotype 57 is the only major set of internal genes 

prevalently facilitating the genesis of novel reassortants of pandemic concern, or whether there 

are similar internal genotypes circulating.  

The increasing number of zoonotic infections with novel reassortants highlights the importance 

of understanding the dynamics of and restrictions on the gene pool and reassortment process 

that modulate the production of novel reassortants. However, this effort has been limited by the 

lack of a unified pansubtypic nomenclature to partition and describe the complex lineage 

distribution of the internal genes across HA-NA defined subtypes that result from dynamic 

intersubtypic reassortment (see section 1.6).  

Nomenclatures have been developed to trace the evolutionary pathways of the HA gene of 

individual subtypes, employing a range of methods classifying lineages in phylogenies based 

on tree topology, nodal support values and arbitrary genetic distance thresholds (see section 

1.6, section 2.1). Application of HA-based nomenclatures to the internal genes is not valid as 

the genes have distinct evolutionary histories owing to the high frequencies of reassortment 

observed for AIVs (see Chapter 4) and inherent differences in the selective constraints genes 

evolve under owing to their different functions in the life cycle.200,203,204 Studies attempting to 
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genotype the internal genes are also limited by the introduction of arbitrary distance thresholds 

for lineage or cluster definition and have largely been restricted to individual subtypes, which 

cannot adequately reconstruct the evolutionary pathways of viruses that are generated by 

intersubtypic reassortment (see section 1.6:Table 3).  

The current work developed a systematic framework for defining internal gene genotypes based 

on phylogenetic clustering of the six internal gene segments by PhyCLIP (see Chapter 2) and 

the novel concatenated phylogeny-guided resolution calibration approach. The unified 

nomenclature was then used to quantify the distribution of the internal gene genotypic diversity 

of AIVs across spatial, HA-NA subtype- and host scales, including the reconstruction of the 

evolutionary pathways of the major avian and human genotypes.  

3.2 Methods 

3.2.1 Curation of a pansubtypic, globally representative AIV dataset 

The development of a unified nomenclature for the internal genes of AIV across HA-NA 

defined subtypes (hereafter termed subtypes) required a dataset that is representative of the 

global, pansubtypic diversity of AIVs. However, the set of all whole genome sequences 

available in the GISAID database (n=18 419, up to 14/04/2018 ) is computationally intractable 

for the downstream phylogenetic approaches, including PhyCLIP.205 All n=18 419 whole 

genome AIVs were stratified into subtype-specific datasets, with sequences with <80% of the 

mature protein length on the nucleotide level in any of the eight segments, or >1% ambiguous 

nucleotides discarded along with duplicates based on sequence name. To capture the complete 

standing diversity of AIVs, the n=27 subtypes with n≥100 isolates remaining after quality 

filtering were subjected to genotype-based downsampling (see below). All sequences from the 

remaining subtypes with <100 isolates (n=93 subtypes)  were automatically included in the 

final downsampled dataset.  

Subtype-specific sequence datasets were aligned for each internal gene segment with MAFFT 

v7.397206 and trimmed to the mature protein, with phylogenetic trees reconstructed for each 

alignment  with RaxML v 8.2.12 with 20 ML searches under the GTRGAMMA model.178 

Temporal signal was investigated for all subtype-specific internal gene phylogenies with the 

ape package in R to assess the validity of temporal rooting.207 As there was not sufficient 

temporal signal in all of the segments across subtypes, phylogenetic trees were rooted by 

midpoint for consistency in the systematic down-sampling (Figure A1, in Appendix (A) 2).  
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For each subtype, the individual internal gene phylogenies were subjected to phylogenetic 

clustering with the PhyCLIP algorithm (See Chapter 2).208 PhyCLIP was run with different sets 

of the parameters varying over the ranges: a minimum cluster size of 2–10 (step 1), a multiple 

of deviation γ of 1–3 (step 1), and an false discovery rate (FDR) of 0.05-0.2 (step 0.05). The 

optimization criteria were ranked as 1) percentage of sequences clustered, 2) grand mean of 

within-cluster patristic distance distribution, and 3) mean of the intercluster distances. 

Percentage sequences clustered was prioritized as optimization criteria to assign the maximum 

number of sequences to clusters. Mean within-cluster distance was minimized to ensure clusters 

of closely related sequences were recovered, while inter-cluster distance was maximized to 

ensure well-separated clusters (see section 2.2.1.5). A structured hierarchical nomenclature was 

mapped onto the optimal PhyCLIP cluster configuration for each phylogeny as previously 

described in Chapter 2 (section 2.2.1.6).  

Genotypes were identified based on each sequence’s cluster identity in each of the six internal 

gene phylogenies, with genotypic identifiers designated to each unique concatenation of cluster 

addresses. For each subtype, all genotypes larger than the median genotypes size were randomly 

downsampled to the median size, with all sequences from genotypes below the median 

membership automatically included in the final dataset. All sequences designated as an 

unclustered outlier by PhyCLIP’s dissociation in any of the six internal gene phylogenetic 

cluster configurations were automatically included in the final dataset. This systematically 

downsampled dataset of the 27 subtypes was unified with the remaining non-downsampled 

subtypes (n=93 subtypes) for each internal gene segment respectively to generate a final dataset 

of N=7053 sequences representing 120 subtypes.  

3.2.2 Development of a pansubtypic genotyping nomenclature and 

phylogeny-guided resolution calibration 

Pansubtypic phylogenies were reconstructed  from the assembled dataset for each segment with 

RAxML, with 20 ML searches under the GTRGAMMA model.178 Each phylogeny was 

clustered with PhyCLIP as previously described in section 3.2.1. As in section 3.2.1, genotype 

identities were constructed by linking the cluster assignment for each of the six internal genes 

into a genotype identifier representing the full internal gene set, which was each given a unique 

numerical identifier. Hereafter, this internal gene set identifier is referred to as the genotype 

(annotated as Gx, where x is a numerical identifier), whereas the phylogenetic clusters for the 
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respective internal genes are referred to as lineages (annotated by their hierarchical lineage 

address e.g. PB2 lineage 1.4.5.1).   

The genotype size distribution was severely skewed, with a heavy right tail of genotypes only 

represented by one sequence (Figure 4A). These so-called rare or singleton genotypes can arise 

from several mechanisms (see section 5.4.6.4), including PhyCLIP’s sensitivity to mild 

violations of local branching statistics. It is important to disentangle the contribution of true 

rare genotypes to the right tail from the spurious variants of more abundant, congruent 

genotypes split-off by over-stratified clustering. All genotypes need to be robustly distinct from 

one another across gene segments, and all artificial genotypes resulting from clustering 

resolution need to be unified with their closest variant across the distribution.  

To address this, the current work developed a new approach termed phylogeny-guided 

resolution calibration (Figure 1). As a first step, a phylogeny is reconstructed from the 

concatenated alignment of the six internal genes (1 in Figure 1 A, B). As genotype identities 

are designated based on all six internal genes, this concatenated phylogeny can serve as a guide 

to identify genotypes that group together phylogenetically and are thus likely candidates for 

genotype absorption i.e. collapsing spurious genotype variants together. The algorithm 

traverses the concatenated phylogeny in a depth-first post-order path. For each genotype, it 

identifies the most recent common ancestor (MRCA) of all the genotype member sequences. 

All sequences subtended by this internal node are then designated as the “genotype 

neighbourhood” (indicated by the red bar in Figure 1 A, B). If there are any sequences in the 

genotype neighbourhood that represent a different genotype, the “neighbourhood” is designated 

as mixed and undergoes resolution calibration. If the neighbourhood is genotypically pure, the 

algorithm traverses to a parent node and revaluates that neighbourhood until a mixed 

neighbourhood is reached.  

In the next step of resolution calibration, the segment-specific cluster identities of the set of 

genotypes in the mixed neighbourhood are compared to identify in which segment(s) the 

neighbouring genotypes differ (2 in Figure 1 A, B). To test whether the sequences of the 

neighbouring genotypes are statistically distinct enough in the differing segment(s), the mean 

pairwise patristic distance between all of the sequences in the mixed neighbourhood is 

calculated and compared to the within-cluster limit (WCL) PhyCLIP derived from the global 

pairwise patristic distance for that segment phylogeny (3,4 in Figure 1 A, B). If the within-

cluster divergence of the collapsed genotypes is above the WCL in any of the segments, the 

genotypes are not unified, and traversal is halted in this subtree (Figure 1 A). If the within-
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cluster divergence for the sequence members of neighbouring genotypes collapsed into one is 

still below the WCL for each segment that the genotypes differ in, then the genotypes are 

unified and designated the identity of the most abundant genotype (Figure 1 B). The algorithm 

then traverses to the parent node of the newly unified genotype, defining a new neighbourhood 

and recursively performing resolution calibration. If there are more than two genotypes in a 

mixed neighbourhood, the genotype pairs are ranked in order of the minimum combined 

pairwise patristic distance between sequences of collapsed genotypes across all segments. 

Genotypes are then tested sequentially for unification in order of their closeness. Resolution 

calibration was developed in python (code available at https://git.io/JUibx), operating on the 

cython tree parsing developed for PhyCLIP, and the ete3, pandas and numpy libraries.209–211 

For the guide phylogeny, the sequences for all internal genes were concatenated into a single 

dataset aligned with MAFFT v7.397206, and reconstructed with RaxML v 8.2.12 with 20 ML 

searches under the GTRGAMMA model178, rooted by midpoint rooting. All phylogenies in 

subsequent analyses were visualized with ggtree package in R.179 

The resolution calibration algorithm was validated in a simulated dataset, as the structure of the 

phylogenies and their clustering could be controlled by the seeding dynamics of the generations 

of simulated viruses. This would allow for noiseless clusters and clearly defined cases for 

genotype absorption. Sequences were simulated for each segment with the SANTA-SIM 

software package212 with the approach in section 5.2.5 under the parameters in Table A1. The 

concatenated guide phylogeny was reconstructed with RAxML under the GTR GAMMA 

model.178  

3.2.3 Imputation of genotype-downsampled dataset  

To ensure the pansubtypic dataset was as representative as possible, all sequences from the 

subtype-level downsampling described in section 3.2.1 (i.e. the n=27 subtypes) that were not 

included in the final downsampled dataset (N=7053) - i.e. the sequences excluded by the 

genotype-based downsampling in section 3.2.1 - were mapped onto the downsampled 

pansubtypic dataset (described in section 3.2.2) by genotype-imputation to form a larger dataset 

hereafter referred to as the imputed dataset (N=14 428). Genotype-imputation worked as 

follows: For each sequence that was excluded in the subtype-level downsampling (i.e. the 

downsampling performed in section 3.2.1), the representative sequence(s) included in the 

pansubtypic downsampled dataset for the sequence’s subtype-level whole genome genotype 

assigned in the initial downsampling described in section 3.2.1 was identified. The pansubtypic 

whole genome genotype (i.e. the genotype assigned in section 3.2.2) of the representative 
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sequence(s) was mapped onto the sequence that was excluded in the subtype-level 

downsampling of section 3.2.1  to form the imputed dataset. If the representative sequences are 

part of more than one pansubtypic whole genome genotype, the sequence previously excluded 

in subtype-level downsampling was assigned to the pansubtypic genotype with the lowest 

overall patristic distance to it across all segments. The inflation of within-cluster divergence for 

clusters in the pansubtypic phylogenies as a result of genotype-imputation is described in Figure 

A2-A3.  

 

Figure 1: Phylogeny-guided resolution calibration for robust distinction of variant genotypes. A) depicts the workflow of a 
mixed neighbourhood where variant genotypes G3 and G4 have matching lineages identities for PB2, PB1, NP and MP but are 
statistically distinct enough in the PA and NS genes to remain independent genotypes. B) depicts the workflow of a mixed 
neighbourhood where variant genotypes G2 and G1 only have different lineages in the NP gene, but the lineage difference is 
not robustly distinct enough to justify independent genotype designation and G2 is absorbed into G1. The annotation e.g. “2-
2.4-6.4-1.4.1-5-2” represent the lineage identities of the genotype for the individual segments PB2-PB1-PA-NP-MP-NS in that 
order. 1) Concatenated phylogeny that acts as a guide to identify mixed neighbourhoods of closely related genotypes in 
postorder tree traversal. 2) Comparison of constitutive lineage identities of individual segments of genotype to identify what 
segments the genotypes differ in. 3) Comparison of the genotype member’s patristic divergence in the phylogenies of the 
individual segments they differ in to 4) the PhyCLIP-derived within-cluster limit (WCL). 5) Decision to absorb or not absorb 
variant genotypes into a single genotype based on violation of the within-cluster distance   
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3.2.4 Genotyping of human isolates 

All human isolates were downloaded from GISAID and filtered for non-redundancy with a 

100% genetic distance threshold with CD-HIT.213 The closest pansubtypic genotype for each 

human isolate was identified as follows: the MRCA of each human sequence was identified in 

the concatenated phylogeny using postorder tree traversal. If the MRCA subtended avian 

sequences of a single genotype, the human sequence was assigned to that genotype identifier. 

If the MRCA subtended avian sequences representing multiple genotypes, the patristic distance 

of the human sequence to all genotype representatives subtended by the node was calculated, 

and the identity of the genotype with the lowest patristic distance to the human isolate was 

assigned.  

3.2.5 Introgression bias in the genetic backbone 

Introgression bias was investigated in collections of related genotype variants in order to assess 

whether some segments are more frequently exchanged between closely related viruses. For 

each genotype, all “close” genotype variants with lineage distinctions in only one or two 

segments, i.e. with a matching backbone in the remaining segments, were collated. The number 

of introgressions for each segment or two segment combination into the genotype backbones 

of this collection of closely related variant genotypes was calculated and normalized both by 

the number of 1-2 segment variant genotypes and the overall number of pairwise genotype 

combinations. Statistical significance was tested using a randomized permutation test, to 

account for the effect of differential clustering resolution across segment phylogenies.  

3.2.6 Bray-Curtis dissimilarity in genotype distributions 

The Bray-Curtis dissimilarity was calculated between the genotypic distribution profiles of 

each sampling unit (e.g. country, subtype, host) as a measure of variation in community 

structure using the vegan package in R as per equation 1:214  

g%!% =E
h4!' − 4%'h
4!, + 4%,

(

')"
 

           (1) 

Where i and j are samples, with counts denoted 4!' 	and sample (row) totals as 4!,. The 

genotype distribution matrix was calculated from genotypic abundance i.e. the absolute counts 

across genotypes for each sampling unit in the imputed dataset. Heatmaps were constructed and 
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clustered by hierarchical clustering with the  hclust function of the stats package and the 

heatmap.2 function of gplots package in R.181,215  

3.2.7. Code and data availability  

All code, data and figures of Chapter 3 is available at: https://git.io/JUzup 

3.3 Results 

3.3.1 Validation of phylogeny-guided resolution calibration  

Phylogenies with known seeding dynamics and associated structured clustering were simulated 

(Figure 2B). Mixed genotype neighbourhoods were defined by the concatenated guide 

phylogeny (Figure 2A, column A). Of the eight artificially variant genotypes simulated, 100% 

were identified as violating the within-cluster limit derived by PhyCLIP in the individual 

phylogenies simulated and  absorbed into the dominant genotype it was spuriously separated 

from (Figure 2A, column B and C).  

 

Figure 2: A: Simulated concatenated phylogeny subjected to phylogeny-guided resolution calibration. Column A indicates 
the simulated clustering, with eight artificially variant genotypes (indicated in pink in column C). Column B indicates 
absorption of artificial variant genotypes into dominant parent genotypes. Individually labelled segment phylogenies: 
Clustering of simulated phylogenies of the individual internal gene segments by population seeding structure.  
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3.3.2 Characteristics of the downsampled dataset 

The distribution of sequences in the downsampled (n=7053) and imputed (n=14 428) dataset 

across spatiotemporal, host and subtype scales was extremely uneven (Figure 3).  

Approximately 40% (36% in imputed dataset) and 21% (22% in imputed dataset) of sequences 

were isolated from the United States of America (USA) and Mainland China respectively 

(Figure 3A), with Anseriformes hosts (e.g. predominantly ducks, but also geese, swans) 

accounting for 65% (61% in imputed dataset) of isolates. Galliformes hosts’ (e.g. 

predominantly chickens, but also turkeys, quails) representation increased from 14% in the 

downsampled dataset to 24% in the imputed dataset, as Galliformes-isolates were 

disproportionately downsampled as the surveillance bias associated with outbreaks in domestic 

poultry populations results in saturated sampling of closely related genotypes (Figure 3B, see 

3.2.1). Subtypes subject to this type of outbreak surveillance bias are hereafter termed outbreak-

bias subtypes. HPAI H5N1 was the most represented subtype in the imputed dataset (n=1910), 

but was downsampled to n=537 as many of its sequences are highly related as they are isolated 

from outbreaks clustered in time and space. Other outbreak-bias subtypes H9N2, H5N6 and 

H7N9 were also downsampled at higher proportions, whereas LPAI H4N6 and H3N8 remained 

highly represented across datasets and was not subject to disproportionate downsampling 

(Figure 3D).  The distribution of the imputed sequences is described in Appendix Figure A2. 

Only H6N2 and H9N2 had clusters where the addition of the imputed sequences inflated the 

cluster’s internal divergence above the segment-specific PhyCLIP within-cluster limit, with 

these sequences removed in all subsequent analyses (see Figure A3A-C). 

3.3.3 Genotypic diversity of the internal genes of AIVs 

There were 4763 genotypes defined for the N=7053 sequences in the downsampled dataset (full 

table available at https://git.io/JUPT7). The genotype size distribution had a heavy right tail, 

with 4069 of the 4763 genotypes (85%) represented by a single member in the downsampled 

dataset, which was reduced to 69% in the imputed dataset (Figure 4A). Genotype size ranged 

up to 108 in the downsampled dataset, with only 15 genotypes with n≥20 members. In the 

imputed dataset, more than 86 genotypes had n≥20 members, with membership maximized at 

285. The genotype accumulation curve was approximately linear for the downsampled dataset, 

suggesting a high probability that every additional sequence represents  a new genotype (Figure 

4B). The curve’s terminal slope was less steep for the imputed dataset, as sequences were 

assigned to the representative genotype of the subtype-downsampling stage (see 3.2.3).   
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Figure 3: Distribution of sequences in downsampled and imputed datasets (annotated in legend) across A) Countries of 
isolation B) Host order C) Collection date and D) HA-NA defined subtype. 

 

 

Figure 4: A) Distribution of genotype sizes for the imputed and downsampled datasets. X-axis represents rank-order sorted 
genotypes, with labels removed for visualization.  B) Genotype accumulation curve for imputed and downsampled datasets 
(red – imputed, blue – downsampled as per A).  
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3.3.4 Spatial distribution of the genotypic diversity of the internal genes of 

AIVs 

The spatial variation of genotypic diversity was extremely uneven (Figure 5). The median 

number of genotypes per country was five, with the USA and Mainland China accounting for 

approximately 47% (2238 genotypes) and 17% (825 genotypes) of designated genotypes 

respectively, followed by 8% (384) and 5% (239) in Canada and the Netherlands. This reflected 

the sampling effort in the global sequence databases (Figure 3A);  however, the USA had a 

higher share of diversity than its proportional representation in sampling, whereas Mainland 

China had lower diversity than expected for its representation. 

The internal genotypes showed the Eurasian/American lineage segregation previously reported 

with a few exceptions: 1) two genotypes  representing the global dissemination of Eurasian 

H5N8 to North America 2) two shared genotypes between gull species in the USA/Canada and 

Iceland 3) two genotypes in Anseriformes and Charadriformes in Mainland China and the USA, 

of subtypes H7N3 and H1N2/H6N2 respectively.216–219 However, the individual internal gene 

lineages did not show complete geographical segregation, with circulation across 

Eurasian/American partitions for all internal genes (Figure A4). The most frequent 

Eurasian/American co-circulation was for the USA and Mainland China, Japan and South 

Korea across segments, with co-occurrences in 10-15 lineages per internal gene segment. 

The Bray-Curtis dissimilarity was computed as a non-directional dissimilarity index between 

the genotypic composition of countries in the global dataset to investigate possible underlying 

structure reflecting migratory networks. When the distribution of all genotypes was considered, 

countries largely showed very high dissimilarity (Figure 6A). This was a result of the interaction 

of true geographical structure in circulation, artificial sparsity in the matrix owing to 

surveillance bias across countries (Figure 3A, see Chapter 5 on quantification of unobserved 

diversity associated with surveillance biases) as well as an excess of zero-counts resulting from 

the heavy right tail of singleton genotypes not shared between countries.  Strong similarity - 

values approaching 0 - were largely from countries with low sequence counts that share 1-3 

genotypes e.g. the cluster of Saudi Arabia, Afghanistan and Kuwait; Bosnia, Iran and Togo and 

Cote D’Ivoire, Burkina Faso and Sudan. Overall, the highest similarity in genotypic 

composition was found within and between clusters of Middle Eastern and Central/West 

African countries, followed by a European cluster of Poland, Croatia, Hungary and Macedonia, 

Jordan and Israel (Figure 6A). This structure captured the dissemination of the  HPAI H5N1 
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outbreak genotypes across Europe, South and Central Asia, the Middle East and North West 

Africa, without high levels of enzootic circulation in these countries to diversify the genotypic 

composition.220,221  

 

Figure 5: Distribution of genotypes across countries by host order. Countries are partitioned into figures A-C by 
representation for more informative visualization of the distribution, ranked by diversity. Host order annotated by colour as per 
legend. “Avian” represent non-specific metadata category.  
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The well-characterized viral flow along regional networks, including both flyways and poultry 

trade networks, in South East Asia was reflected as a weakly similar underlying structure, as 

the poultry density and enzootic co-circulation of multiple HPAI and LPAI in wild bird and 

domestic poultry populations results in diversification of the genotypic distribution by dynamic 

reassortment.220 Countries with predominantly Anseriformes-isolated sequences e.g. Canada 

and the USA, showed very high dissimilarity to all countries, owing to the high genotypic 

diversity generated by the increased reassortment frequencies in this host order resulting in a 

high number of singleton genotypes (see Chapter 4). There was a set of countries that show no 

similarity in their genotypic composition to any other country. This included two European 

countries (Spain and Portugal), but notably contained South American countries Brazil, 

Colombia, Bolivia and Argentina, as well as Iceland, New Zealand and Antarctica.  

A clearer geographic structure emerged when conditioning on the genotypic distribution of only 

the major internal genotypes (Figure 6B, see section 3.3.8 for definition of major). The clusters 

of countries recovered the regional migratory networks of H5N1 e.g.  Eastern European, South  

and Central Asia, Middle Eastern, West Africa, with a distinct cluster of European countries 

(Table 1). Hong Kong, Lao PDR, Thailand, Cambodia, Mainland China and Vietnam formed a 

partially isolated cluster with relatively low internal similarity, with all countries excluding 

Cambodia showing genotypic composition similarity to South Korea and Japan as well. 

Underlying structure was better illustrated when the global genotypic distribution was stratified 

by HA-NA-defined subtype (Figure 7). The genotypic distribution of globally disseminated 

H5N1, H5N8 and H5N6 reflected the regional migratory networks of genotypes during the 

outbreak dissemination in e.g. Europe vs East and South East Asia (Figure 7A, Figure A5-6). 

Galliformes-predominant subtype H9N2 showed high connectivity within regions (West and 

North African, Middle East and East and South East Asian), but also showed intermediate 

similarity for UAE and South Korea and Hong Kong and Pakistan.  Bangladesh, which had 

equivalent representation to Egypt and Taiwan (Figure 3A), showed no similarity in genotypic 

composition to any country. There was also clear geographic structure in the genotype diversity 

circulating in Anseriformes subtype such as H8N4, with clear separation between the diversity 

of European genotypes and North and South American, and H6N8, with clear separation 

between European, Asian and North American circulating diversity reflecting geographic 

partitioning of internal gene pools (Figure A7-8). 
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Table 1: Clusters of countries with shared genotypic distributions (Figure 6) 

Countries Regions 

Croatia, Pakistan, Iran, Togo, Ukraine, Bosnia, Kazakhstan, 
Afghanistan 

Eastern European, South  and Central Asia, Middle Eastern, West 
Africa 

Saudi Arabia, Afghanistan, Kuwait Middle East and Central Asia 

Israel, Sudan, Palestinian territory, Cote D’Ivoire, Burkina Faso Middle East and North and West Africa 

UAE, Cameroon, Lebanon Middle East and West Africa 

UK, Sweden, Greece, Switzerland Europe 

Switzerland, Belgium, France Europe 

Russia, India Central and South Asia 

 

3.3.5 Host distribution of the genotypic diversity of the internal genes of AIVs 

Wild birds of the order Anseriformes hosts 75% (in the downsampled dataset, 78% in the 

imputed dataset) of all sampled genotypes, with 37% (38% in imputed dataset) of all genotypes 

isolated from  Anseriformes in the USA alone (Figure 5A). The ratio of the number of 

sequences to the number of genotypes for Anseriformes was 1.2 and 2.4 for the downsampled 

and imputed datasets respectively, suggesting that every additional sequence in the 

downsampled datasets is likely to represent as new genotype (Figure A9). Approximately 11% 

and 8% of genotypes were detected in Anseriformes  in Mainland China and Canada 

respectively, followed by 4% in Anseriformes and Charadriiformes in Sweden and the 

Netherlands. Galliformes and Charadriiformes host approximately 11% (in both the 

downsampled and imputed dataset) and 8% (downsampled dataset, 11% in imputed dataset) of 

all genotypes, with 6% of genotypes isolated from Galliformes in Mainland China across the 

two datasets. The ratio of the number of sequences to genotypes for Galliformes and 

Charadriiformes was 2 in the downsampled dataset but increased to 6.5 and 3.3 respectively in 

the imputed dataset (Figure A9A). The increase was a result of the disproportionate 

downsampling of Galliformes isolates as well as the larger-on-average genotype size of 

Galliformes associated with outbreak surveillance and Charadriformes due to targeted sampling 

from gull colonies. The USA (1.5%) and Vietnam, Egypt and Bangladesh (<1%) had the next 

highest genotypic diversity for Galliformes (Figure 5).  
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Figure 6: Bray Curtis dissimilarity between the genotypic distribution of countries for A) All genotypes and B) major 
genotypes only. Country order on x-axis is determined by agglomerative hierarchical clustering of the matrix by complete 
linkage. White represents complete dissimilarity at 1.  

A 

B 



 83 

 

Figure 7: Bray Curtis dissimilarity between the genotypic distribution of countries for all genotypes of A) H5N1 and B) 
H9N2. Country order on x-axis is determined by agglomerative hierarchical clustering of the matrix by complete linkage. 
White represents complete dissimilarity  at 1.  

A 

B 
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Overall, 421 of the 4763 genotypes were isolated from Galliformes hosts exclusively, of which 

297 (71%) were singleton genotypes (Figure 8A).  Galliformes-specific genotypes largely 

represented singleton or multimember H9N2 genotypes isolated from chicken populations in 

Mainland China, but included a range of H5Nx, H7Nx, H9Nx, H10Nx as well LPAI subtypes 

that circulated predominantly in Asia (Figure 8 B-C). Bangladesh had a high number of 

Galliformes-specific genotypes relative to its overall representation. There were only 5 

Galliformes-specific genotypes with more than 20 members: G227 and G1264, that consisted 

of H7N9 viruses isolated from chickens in the first wave (2013-2014) of the outbreak in 

Mainland China. G896, representing H7N3 viruses isolated from turkeys, quails, chicken and 

guinea fowl in Italy in 2002-2004, G28 representing H10N6 and H10N8 detected in chicken in 

Mainland China from 2013-2015 and G2370, encompassing H5N2 and H6N1 that circulated 

in chickens in Taiwan in 2012-2015 (Table A2).  

 

Figure 8: Distribution of number of Galliformes-specific genotypes across A) Genotype size B) Country and C) Subtype and 
D)Galliformes species of isolation 
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There were 451 genotypes that were isolated exclusively from Charadriiformes, with 296 

singleton genotypes (66%) (Figure 9A). Charadriiformes-specific genotypes were primarily 

isolated in the USA, and represented a wide range of LPAI (Figure 9B, C).  Four of the nine 

genotypes (G207, G483 and G568) with n≥20 members were isolated from gull species in the 

Netherlands in 2008, with lineage distinctions in the PB2, PA and MP genes (Table A3).  G207 

and G483 were H13N8-specific, whereas G568 was isolated from H16N3 and H16N8 viruses. 

G69 was the largest Charadriformes-specific genotypes (n=130), and was isolated from H13Nx 

and H16Nx subtype viruses in black headed and Mediterranean gull species in the Netherlands 

from 2012-2014. G69 had lineage distinctions from G207, G483 and G568 in all genes 

excluding NP and NS. Overall, gull-specific viruses were represented by 19 internal gene 

genotypes, of which 11 were exclusively isolated from gulls and circulated in H13Nx, H16Nx 

viruses in the USA, the Netherlands and Georgia and one H11N1/H2N8 genotype from the 

USA (Figure A10). Gull viruses also share internal genotypes with non-H13Nx/16Nx LPAIs 

from shore birds such as turnstones and knots (current study G57).  

Anseriformes-specific genotypes were largely represented by a single member (n=2601, 73%), 

predominantly of subtypes H4N6 or H3N8 (Figure 10 A, C). Only 22 (0.6%) of the 3551 

genotypes had n≥20 sequences representing a range of subtypes, with 17/22 isolated from a 

single subtype ( including 3 H4N6 and H1N1-specific genotypes and 2 H10N7, H6N6, H3N8 

genotypes) (Table A4). The majority of the n≥20 genotypes represented genotypes circulating 

in a single country (with regional-restriction in the USA e.g. circulated in Delaware or 

Maryland in the USA,  or e.g. Southeast Mainland China), excluding G1313, which included 

H1N1 viruses isolated from Mainland China, Japan, Russia, the Netherlands, Germany and 

South Korea (Table A4). 
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Figure 9: Distribution of number of Charadriiformes-specific genotypes across A) Genotype size B) Country and C) Subtype  

 
Figure 10: Distribution of number of Anseriformes-specific genotypes across A) Genotype size B) Country and C) Subtype  
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An introgression collection or network was built for each genotype stratified by host order to investigate 

whether there were reassortment biases in which segments were most frequently exchanged between 

closely related viruses (see section 3.2.5). The number of introgressions for each segment or two 

segment combination into each genotype backbone in the collection was calculated. Variant genotypes 

were most likely to have distinctions in a combination of their PB2 and PA (50%, annotated as PB2_PA) 

genes in Anseriformes, followed by PB2_NP (39%) and PB2_PB1 (38%) (Figure 11A). PB1_PA (45%) 

and PB2_PA (44%) had the highest normalized introgression percentage for Galliformes, which had 

low levels of introgression for the NP segment relative to Anseriformes. Charadriiformes genotypes 

were most likely to have lineage distinctions in PB2_PA (31%). The trends remained when normalizing 

by total pairwise genotype comparisons, though Anseriformes showed far lower relative levels owing 

to the large denominator (Figure 11 B). All counts were significant by permutation testing.  

 

Figure 11: Introgression of segments and segment combinations into closely related variant genotypes by host order. 
Normalized by A) the number of 1-2 segment variant genotypes and  B) overall number of pairwise combinations of genotypes.  
Segment combinations annotated as e.g. PB2_PA. X axis is sorted according to decreasing trend in Anseriformes for unified 
scale.  
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3.3.6 HA-NA-defined subtype distribution of the genotypic diversity of the 

internal genes of AIVs 

The median number of genotypes per subtype was 10, varying widely across host order of 

predominant isolation (Figure 12). Anseriformes-predominant subtypes H4N6 and H3N8 had 

the highest genotypic diversity, with 545 and 523 defined genotypes, representing 11.4% and 

11% of all genotypes detected. Galliformes-predominant subtype H9N2 had 246 internal 

genotypes (5% of all genotypes overall), followed by 200-215 genotypes (4-4.5%) for 

Anseriformes-predominant H5N2, H7N3, H6N2 and H1N1 respectively. Outbreak-bias 

subtypes H5N1 and Galliformes-predominant H7N9 had 177 (3.7%) and 98 (2%) internal 

genotypes respectively. Subtypes defined by <5 genotypes included a range of LPAIs, with 

representation for H12Nx, H14Nx, H15Nx, H2Nx and H8Nx viruses <6 sequences in the 

imputed dataset. The ratio of the sequence number to genotype number was highest for 

outbreak-bias subtypes H5N8, H5N6 and H5N1, H13N6, H7N9 and H7N2, partly ascribed to 

saturated sampling of closely related viruses from outbreak genotypes (Figure A9B).  

The Bray-Curtis genotypic distribution dissimilarity was very high across subtypes, suggesting 

very few subtypes share similar genotypic profiles (Figure A11). This was not unexpected as 

there were only 218 internal genotypes associated with more than one HA-NA-defined subtype, 

with a median of two and a maximum of nine subtypes for these multisubtype genotypes (Figure 

13, Figure A12A,B). The multisubtype genotypes were small (median n=4 members), but also 

included 12 of the major genotypes described in section 3.3.8 (Figure A12 D). The most 

frequent subtype combinations were H3N8/H4N6 and H7N9/H9N2, which shared 12 and 11 

multisubtype internal genotypes respectively, followed by H6N2/H6N6 at 8 (Figure 13). The 

remaining multisubtype genotypes isolated predominantly from Anseriformes were shared 

across a broad range of unique combinations of LPAIs, with a bias towards combination with 

highly represented and ubiquitous Anseriformes subtypes H3N8 and H4N6 (Figure A12). 

Overall, 94% of the multisubtype genotypes were isolated from Charadriiformes and 

Anseriformes, of which approximately 50% were isolated from wild birds in the USA alone 

(Figure A12C).  

Only 44 multisubtype genotypes circulated in Galliformes, of which 12 were host specific. This 

included nine H7N9/H9N2 genotypes, three H6N2/H6N6 genotypes and multiple unique 

permutations of H5Nx, H7Nx, H6Nx, H9Nx and H10Nx subtypes, including four co-

occurrences of  H5N6/H5N1 and H5N6/H5N2 respectively, and three of H10N5/H10N2 
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(Figure 13).  The only non-H5/6/7/9/10 multisubtype genotypes in Galliformes included an 

H2N2/H2N3 genotype circulating in Germany in 1981-1983, a H1N2/H3N2 genotype  shared 

between turkeys and ducks in North America from 2004-2007, a genotype that circulated in 

H1N3/H1N4/H3N6/H3N8 in ducks in Mainland China in 2011-2013 isolated from H1N3, 

H10N9 and H10N7 viruses in chickens in 2013-4. H16Nx and H13Nx subtypes only shared 

internal genotypes with other H16Nx/H13Nx subtype viruses (Figure 13).  

 

Figure 12: Distribution of genotypes across countries by HA-NA defined subtypes. Subtypes are partitioned into Figures A-
C by representation for more informative visualization of the distribution, with rank sorting of subtypes by diversity. Host order 
annotated as per legend. 
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Figure 13: Co-occurrence of subtypes  in multisubtype genotypes. Values represent absolute counts. 

Genotypic composition similarity was highest for H13Nx and H16Nx viruses, with shared 

genotypic distribution completely restricted to H13Nx/H16Nx viruses (Figure A11). Subtype 

combinations H9N9/H9N6 and H14N3/4 had the next highest similarity but were severely 

undersampled and constituted a low number of genotypes. Of the more sampled subtypes, 

H10N8 and H10N6 had the highest similarity to one another (Figure A11). H10N7 (n=422 

sequences) had non-zero genotypic distribution similarity (i.e. some level of genotypic 

similarity) with the largest number of subtypes at n=27, followed by H3N8 (n=1036 sequences), 

H1N1 (n=434 sequences) and H4N6 (n=1046 sequences) at 26, 24 and 23 subtypes respectively 

(Figure A13). Outbreak-bias subtype H9N2 had non-zero similarity with 20 subtypes; however 
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H5N1 (n=1910 sequences), H7N9 (n=585 sequences), H5N6 (n=893 sequences) and H5N8 

(n=470 sequences) only had 11, 9, 10 and 4 subtypes they shared non-zero similarity with 

respectively, far lower than the Anseriformes-predominant subtypes of equivalent 

representation (Figure A13). Overall, 36 subtypes, including 5 H14Nx, 4 H15Nx and 3 H6Nx, 

H8Nx and H12Nx subtypes showed complete subtype restricted genotype distributions (Table 

A5). The majority of these subtypes were represented by n<10 sequences in the imputed dataset, 

excepting H4N3 (n=15), H7N4 (n=18) and H6N5 (n=50), and were predominantly isolated 

from Anseriformes and Charadriiformes.   

A more structured subtype connectivity emerged when only major genotypes (n≥50 members, 

see section 3.3.8 for full discussion of major genotypes) were considered to reduce the noise of 

all of the singleton genotypes, though similarity remained low as the extent of genotypic 

diversity results in over-stratification (Figure 14). H13Nx/H16Nx shared the most genotypes 

followed by H3N6/H6N6, which represented n=172 and n=193 sequences respectively, 

distributed over 114 and 87 genotypes. The distribution of the major genotypes of H5N6 shared 

some similarity to H6N6, H5N8, H5N1 and H5N2, whereas H5N8 only showed negligible 

similarity to H5N6. There was a cluster of H7Nx viruses that shared internal genotypes with 

H9N2/H9N9, representing the emergence of the H7N9 viruses in the Yangtze River Delta 

region of Mainland China in 2013. Anseriformes-predominant H6N6 also shared a degree of 

similarity with co-circulating Anseriformes-predominant H6N2 and H5N2, whereas 

H7N3/H3N8 showed restricted similarity to one another. Subtypes H3N2 and H7N1 shared no 

genotypes with other subtypes across major genotypes.  

3.3.7 Rare and outlier-defined genotypes as potential source of unobserved 

or isolated diversity 

Rare (singleton) genotypes and genotypes with designated outlying-lineages in segments were 

investigated as potential sources of unobserved diversity resulting from surveillance bias or 

segregated gene pools resulting from ecological isolation. Of the 4069 singleton genotypes in 

the downsampled dataset, 766 were non-rare (n>1 members) in the imputed dataset 

(representing n=1674 sequences collectively). The remaining 3302 genotypes were singletons 

across the two datasets, and were therefore not a product of the downsampling process. 

Approximately 48% and 17% of these “robustly” singleton genotypes were isolated in the USA 

and Mainland China respectively, reflecting representation in the imputed dataset and driving 

the overall geographic distribution of genotypic diversity for these singleton genotypes (Figure 
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15). Anseriformes had the highest diversity of rare genotypes, with 77% of rare genotypes 

isolated from Anseriformes hosts globally and 38% and 11% from the USA and Mainland 

China respectively (Figure 15B-C). Predominantly Anseriformes subtypes H4N6 and H3N8 

together represented 23% of the rare genotypes, followed by predominantly Galliformes 

subtype H9N2 with 5%, and Anseriformes subtypes H7N3, H11N9, H1N1 and H6N2 at 4% 

respectively (Figure 15D). The rare H9N2 genotypes were largely derived from Galliformes in 

Mainland China (n=67) and Bangladesh (n=16), and Anseriformes in Mainland China (n=16) 

and the USA (n=12). 

 

 

Figure 14: Bray-Curtis dissimilarity between the distribution of major genotypes across subtypes. 

 

An introgression network was built for each rare genotype to investigate the evolutionary 

processes generating rare genotypes (see section 3.2.5). Rare genotypes were most likely to 

differ in the PB2 and PA genes from all of their genotypic variants, followed by PB2_NP and 

PB2_PB1. Single segment variants indicating an identical backbone of the remaining five 

segments where least likely, though all introgression counts were statistically significant by 

permutation testing.  



 93 

 

Figure 16: Introgression of segments and segment combinations into closely related variant genotypes  

PhyCLIP dissociates outlying sequences, defined as any sequence with a  patristic distance to 

its subtending node >3 times the estimator of scale away from the median sequence patristic 

distance to the node of the subtree (see section 2.2.1.2).222 In subtrees consisting of closely 

related sequences isolated from outbreak genotypes,  marginal violations in  local branching 

statistics during PhyCLIP’s distal dissociation can result in artefact outliers as the subtree has 

extremely low internal divergence.  Approximately 17% of the outliers designated in the 

downsampled dataset were within one standard deviation of PhyCLIP’s within cluster limit for 

the respective phylogenies (Figure A14). The majority of potentially artefact outliers were from 

H9N2, H6Nx, H5N1 and H5N6 subtypes, which are all subject to outbreak sampling (save 

H6N2, H6N1) resulting in low divergence subtrees. These sequences were removed from 

subsequent analyses.  

Approximately 16% (816) of all genotypes  had a robust “outlying” designation in at least one 

gene segment (Figure 17 C). The PB1 segment had the highest number of outlying sequences, 

though outlying sequences constituted less than 2.5% of total sequences in the PB1 phylogeny 

(Figure 17 A, B). The MP phylogeny had 100 fewer outlying sequencing, totalling only 1.47% 

of all sequences in the phylogeny (Figure 17 B). Genotypes largely had only one outlying 

segment lineage, though there were genotypes with outlying lineages across 3-5 of the six 

internal gene segments (Figure 17 C, D). Overall, the number of genotypes with outlying 

lineages in single segments ranged negligibly from 45 for PA to 52 for NS. Of the multisegment 

combinations, PB2/PA had the highest number of outlying genotypes at 10, followed by 

PB1_NS at 9 and PB1/NS,  PB1/NP and PB2/PB1 and 8.  
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Figure 15: Distribution of the number of rare genotypes across A) host order and B-C) country (sorted by rank order 
diversity for visualisation) and D) Subtype 

 

Overall, 14% of outlier-designated genotypes were isolated from Anseriformes in Mainland 

China, representing wide range of subtypes, with the highest counts for H6N2, H6N6, H4N6, 

H5N6, H9N2 (Figure A15). This was followed by Galliformes subtypes H9N2 and H5N1 in 
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Mainland China (representing 7.8% of outlier genotypes collectively), and Anseriformes in the 

USA and Canada at 2.3% and 2% respectively (Figure A15).  Bangladesh, Israel and Pakistan 

had relatively high numbers of outlier-designated genotypes circulating as H9N2 in 

Galliformes, followed by H6N1 in Galliformes in Taiwan (Figure A16). There were also a 

relatively high number of outlier-designated genotypes in Charadriformes in the USA (1.7% of 

outlier genotypes). There were 95 genotypes with three or more outlying segment lineages, 

summarized in Table A6. The majority of these genotypes constituted sequences isolated before 

the late 1990s (e.g. all 15 genotypes from the USA), sequences isolated from minor poultry or 

undersampled host species including pigeons, pheasants and turkeys, as well as from 

undersampled countries in the Middle East, Europe, South and Central America and Africa 

without enzootic maintenance in poultry populations. Following Mainland China and the USA, 

Australia had the highest number of sequences from outlier genotypes, predominantly isolated 

from Anseriformes. More recently, there were H5N1 and H5N2 diversity circulating in 

Vietnam and Thailand respectively with outlying lineages representing undersampled 

intermediates (Table A6). 

 

Figure 17: Distribution of outlier-defined genotypes.  A) Number and B) percentage of outlier-designated sequences across 
segments. C) Number of segments with outlier-designation across genotypes D) Number of genotypes with outlier-designation 
in specific segment or segment combination 
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3.3.8 Reconstruction of the evolutionary pathways of the major AIV 

genotypes 

In the downsampled dataset, there were only three genotypes with n≥50 members (classified 

as “major”), with 34 major genotypes in the imputed dataset (genotype size maximized at 

n=285) (Table 2, available at https://git.io/JUPT7 , along with spatiotemporal description of 

individual lineages). The majority (22/34) of major genotypes were subtype-specific, and were 

composed of subtypes subject to outbreak-biases and saturated sampling such as H5Nx, H7Nx, 

H9Nx.  

Ten of the major genotypes were H5N1-specific (Figure 18, Figures A17A-E, Table 2). This 

included two large multiyear, pan-continental genotypes G86 and G24. G86 was predominantly 

isolated from Europe and Asia from 2005-2008, whereas G24 characterized the spread of H5N1 

to North and West Africa via Russia and Mongolia in 2006-2010. The two genotypes had 

distinct NS lineages, which G86 shared with co-circulating  H9N2 viruses (See Appendix Table 

A7 and https://git.io/JUPT7 for spatiotemporal, subtype and host distribution of each segment 

lineage). G126, G591 and G906 co-circulated with G86/G24 in Mainland China, with G126 

capturing the H5N1 expansion to Vietnam and Thailand from 2004 onwards, whereas G591 

was detected in Russia, Japan, South Korea and Lao PDR from 2005-2010 and G906 in 

Vietnam in 2005-2011. G591 and G906 had distinct PA, MP and NS lineages from the H5N1 

viruses they co-circulated with in Mainland China and distinct MP lineages from one another. 

G1046 represented the expansion wave from North West Mainland China and Mongolia to 

Japan and South Korea in 2009-2011. G1978 and G25 captured the expansion to Vietnam in 

2008-2009 and 2009-2012 respectively, but had lineage distinctions across all segments. The 

dissemination to South Asia from 2011 onwards was captured by G170 and G882, which had 

distinct PB1 lineages. The PB1 20.4.8.2 lineage from G822 circulated exclusively in H5N1 

viruses, predominantly in Vietnam from 2010 onwards before dissemination to Bangladesh, 

whereas the PB1 21.8.2 lineage was associated with H5N1 and H9N2 viruses circulating in 

Bangladesh in 2011 (Table A7). G58, G342 and G2526 captured the post 2010 H5Nx 

expansions and shared NS, NP and MP lineages, with lineage distinctions in the PB2 (G2526), 

PB1 (G58) and PA (G58) segments. 

H9N2 viruses constituted five major genotypes, all circulating predominantly in Mainland 

China in Galliformes poultry, with equivalent detection in Anseriformes in Vietnam for only 

G147. G147 had clear lineage distinctions across segments from the other major H9N2 
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genotypes (Table 2, Figures A17). G3867 also had lineage distinctions across segments, but the 

lineages were more closely related to that of other major H9N2 genotypes than G147. G614 

and G4496 had distinct PB2 lineages. G4496’s PB2 28.5.3 lineage was associated with H9N2, 

H7N7  and H5N2 viruses circulating in domestic poultry in Mainland China since 2009 (H9N2, 

H5N2) and 2013 (H7N7), whereas G614’s PB2 28.5.3.3.1 lineage was also detected in domestic 

poultry in Mainland China since 2009, but was isolated from the first wave of H7N9 viruses in 

2013, alongside H9N9 viruses, as well as the first wave of H5N6 viruses in Galliformes in 

Mainland China in 2014 (Table A7).  

G482 captured the H9N2 genotype that co-circulated in Mainland China from 2009-2014 (part 

of the so-termed genotype 57 in Pu et al.201) that donated its set of internal genes to H7N9. 

There were four other large H7N9 genotypes characterized to co-circulate predominantly in 

Galliformes in Mainland China, though overall 12, 14, 16, 11 and 12 genotypes co-circulated 

respectively over the five outbreak waves. Major genotypes G491 and G1264 were 

predominantly isolated in 2013, whereas G614 and G227 were predominantly detected in 2014, 

representing distinct outbreak waves (Table 2, Figure A17). As expected, the H7N9 genotypes 

were all variants of G482 and one another, with lineages distinctions in the PB1, PB2, NP and 

NS segments across respective genotypes (Table 2). For example, G491 had a distinct PB2 

lineage from the putative prototype G482, which was associated with H9N2 viruses in poultry 

populations and H4N2 viruses in Anseriformes in Mainland China (Table A7). This lineage 

was also associated with the H10N8/H10N6 viruses that emerge in 2013-2014 as well as H5N6 

viruses isolated in 2015. G227 and G1264 both had a distinct H7N9-specific NP lineage, and a 

NS-lineage detected in H9N2 viruses in Mainland China as early as 2007, but associated with 

a range of H5, H6, H7, H9 and H10 viruses isolated from Galliformes across East and South 

East Asia from 2007 onwards.  
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Table 2: Description of major avian influenza internal gene genotypes. Hierarchical address in segment columns (*) indicate constitutive lineage 

identity for each segment that forms the genotype. Table available at https://git.io/JUPT7, along with spatiotemporal description of individual 

lineages 

Genotype Sequence 
nr 

Collection 
date Host Country Subtype PB2* PB1* PA* MP* NP* NS* 

126 285 2002-2013 

Accipitriformes, 
Anseriformes, Avian, 
Galliformes, 
Struthioniformes 

Belgium, Cambodia, Mainland China, Hong Kong, 
Thailand, Vietnam 

H5N1 
12.1.1.8.6, 
12.1.1.8.6.1, 
12.1.1.8.6.4.2 

20.4, 20.4.2, 20.4.3 
19.4.3.5, 19.4.3.5.1, 
19.4.3.5.1.1 

27.2, 27.2.1, 27.2.2, 
27.2.3, 27.2.3.2 

27.12.13, 27.12.13.3, 
27.12.13.5 

2.2.1.4.5.4.8, 
2.2.1.4.5.4.8.2, 
2.2.1.4.5.4.8.3, 
2.2.1.4.5.4.8.3.1 

4261 277 2014-2016 
Accipitriformes, 
Anseriformes, Avian, 
Falconiformes, Galliformes 

Canada, United States of America H5N2 12.1.1.8.3.2 7.3.4.7.5.9.3.8.1.1 19.20.11.8.1.1.2 27.2.4.2 19.5.6.4.3 2.2.1.4.5.4.2 

140 263 2014-2016 
Anseriformes, Avian, 
Falconiformes, Galliformes 

Mainland China, Hong Kong, Vietnam 
H5N6, H6N2, 
H6N6 

26.6 

20.4.8.3, 20.4.8.3.3,  

20.4.8.3.4, 
20.4.8.3.5 

19.20.11.8.5.1.3 27.2.5.4 27.12.13.5.5 2.2.1.4.5.4.8.5.4 

482 239 2009-2016 
Anseriformes, Avian, 
Galliformes 

Mainland China, Vietnam H7N9, H9N2 
28.5.3.3, 
28.5.3.3.1 

20.3.1.1.3.1 18.3.2.2 15.4.4.4.1.3.1 27.12.13.2.3 
2.2.1.4.5.4.21.1.2
.4.4.4.1 

86 204 2004-2011 

Accipitriformes, 
Anseriformes, Avian, 
Charadriiformes, 
Falconiformes, Galliformes, 
Struthioniformes  

Afghanistan, Bangladesh, Bhutan, Bosnia and 
Herzegovina, Mainland China, Croatia, Denmark, 
Germany, Hungary, India, Iran, Italy, Japan, 
Kazakhstan, Korea, Kuwait, Mongolia, Niger, 
Nigeria, Pakistan, Poland, Russia, Saudi Arabia, 
Togo, Ukraine, United Kingdom 

H5N1 
12.1.1.8.6.4,  

12.1.1.8.6.4.1 
20.4.4 19.4.3.5.3 27.2.2 27.12.13, 27.12.13.5.1 2.2.1.4.5.4.8.2.1 

614 169 2013-2015 Anseriformes, Galliformes Mainland China, Japan 
H7N2, H7N6, 
H7N9, H9N2 

28.5.3.3.1 
20.3.1.1.3.1, 

 20.3.1.1.3.1.2 
18.3.2.2 15.4.4.4.1.3.1 27.12.13.2.3 

2.2.1.4.5.4.21.1.2
.4.4.3.1 

58 166 2013- 2016 
Anseriformes, Avian, 
Galliformes, Passeriformes 

Mainland China, Japan, Lao, Vietnam 
H3N6, H5N1, 
H5N2, H5N6, 
H6N6 

12.1.1.8.6.4.2.3.1
, 
12.1.1.8.6.4.2.3.1
.1 

20.4.8.3.3, 
20.4.8.3.4,  

20.4.8.3.5, 
unclustered 

19.20.11.8.5.1.3 27.2.5.4 27.12.13.5.5 2.2.1.4.5.4.8.5.4 

147 157 2010- 2016 
Anseriformes, Avian, 
Galliformes 

Mainland China, Vietnam 
H5N1, H5N6, 
H9N2 

12.1.1.8.6.4.2.3, 
12.1.1.8.6.4.2.3.1 

20.4.8.3, 20.4.8.3.1 19.20.11.8.5.1.3 27.2.5.4 27.12.13.5.5 

2.2.1.4.5.4.8.5, 
2.2.1.4.5.4.8.5.3, 
2.2.1.4.5.4.8.5.4, 
unclustered 

33 153 2016-2018 

Accipitriformes, 
Anseriformes, Avian, 
Charadriiformes, 
Falconiformes, Galliformes 

Belgium, Denmark, Egypt, France, Germany, 
Greece, Hungary, Italy, Japan, Korea, Netherlands, 
Poland, Russia, Sweden, Switzerland, Taiwan, 
United Kingdom 

H5N6, H5N8 30.9.7.4 21.24.3.2.3 19.20.4, 19.20.4.1 
23.5.3.6.1.1, 
23.5.3.6.1.1.1 

27.12.18.4.1 
2.2.1.4.2.2.5.1, 
2.2.1.4.2.2.5.1.1 
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24 150 2005-2015 
Accipitriformes, 
Anseriformes, Avian, 
Falconiformes, Galliformes 

Burkina Faso, Mainland China, Cote D’Ivoire, 
Egypt, Hungary, Israel, Italy, Mongolia, Nigeria, 
Palestinian Territory, Russia, Saudi Arabia, 
Slovenia, Sudan 

H5N1 
12.1.1.8.6.4.1,  

12.1.1.8.6.4.1.1 
20.4.4 19.4.3.5.3 27.2.2 27.12.13.5.1 2.2.1.4.5.4.8.2.2 

Genotype Sequence 
nr 

Collection 
date Host Country Subtype PB2* PB1* PA* MP* NP* NS* 

342 150 2012-2017 
Anseriformes, Avian, 
Galliformes, Passeriformes 

Mainland China, Indonesia, Taiwan, Vietnam 
H5N1, H5N2, 
H5N6 

12.1.1.8.6.4.2.2.1
, 
12.1.1.8.6.4.2.2.1
.1 

20.4.8.3.1 19.20.11.8.5.1.2 27.2.5.4 27.12.13.5.5 2.2.1.4.5.4.8.5.4 

300 142 2014-2015 
Accipitriformes, 
Anseriformes, Avian, 
Falconiformes, Galliformes 

Canada, Mainland China, Germany, Hungary, Japan, 
Korea, Netherlands, Russia, Sweden, Taiwan, 
United Kingdom, United States of America 

H5N8 12.1.1.8.3.2 21.4.3.1 19.20.11.8.1.1.2 27.2.4.2 27.7.1.2 2.2.1.4.5.4.2 

4496 140 2011-2016 
Anseriformes, Avian, 
Galliformes 

Mainland China H9N2 28.5.3 20.3.1.1.3.1 18.3.2.2 15.4.4.4.1.3.1 27.12.13.2.3 
2.2.1.4.5.4.21.1.2
.4.4.3.1 

69 130 2012, 2014 Charadriiformes Netherlands 
H13N2, H13N3, 
H13N6, H16N6 

18.2.1 9.2.1 19.20.2 13.3 9 
2.2.1.4.5.4.21.1.1
1.1 

1764 115 2016, 2017 

Accipitriformes, 
Anseriformes, Avian, 
Charadriiformes, 
Falconiformes, Galliformes 

Mainland China, Japan, Korea H5N6 26.6 20.2.4.2 19.20.11.8.5.1.3 27.2.5.4 27.12.13.5.5 2.2.1.4.5.4.8.5.4 

84 114 1999-2001 

Accipitriformes, 
Anseriformes, Avian, 
Galliformes, 
Struthioniformes  

Italy H7N1 30.9.1 21.2 19.15 23 23.2 1.2.1.3.6.1.1.2.6 

25 108 2007-2008 
Anseriformes, Avian, 
Galliformes 

Hong Kong, Vietnam H5N1 12.1.1.8.6.4.2 20.4, 20.4.7 19.20.11.8.3 27.2.5, 27.2.5.1 
27.12.13.5, 
27.12.13.5.3 

2.2.1.4.5.4.8.5.1 

3867 100 
2011-2015, 
2017 

Anseriformes, Avian, 
Galliformes 

Mainland China, Japan, Myanmar, Vietnam H9N2 28.5.3.4 20.3.1.1.2 18.3.2.2.3 15.4.4.4.1.3.1.3 27.12.13.2.1 
2.2.1.4.5.4.21.1.2
.4.4.4 

3355 92 2000- 2006 
Accipitriformes, 
Anseriformes 

Mainland China, Taiwan H6N2 26.5 17.1 17.1.1 15.2 27.12.5 2.2.1.4.5.4.17 

2526 84 2014- 2016 
Anseriformes, Avian, 
Charadriiformes, 
Falconiformes, Galliformes 

Burkina Faso, Cameroon, Mainland China, Cote 
D’Ivoire, Ghana, India, Lebanon, Niger, Nigeria, 
Russia, United Arab Emirates 

H5N1 28.5.1 20.4.8.3.1 19.20.11.8.5.1.2 27.2.5.4 27.12.13.5.5 2.2.1.4.5.4.8.5.4 

227 83 2013-2014 Avian, Galliformes Mainland China, Hong Kong H7N9 
28.5.3.2, 
28.5.3.2.1 

20.3.1.1.2 18.3.2.2.1.1 15.4.4.4.1.3.1.1 27.12.13.2.2 
2.2.1.4.5.4.21.1.2
.4.4.4 
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1264 76 2013-2014 Galliformes Mainland China H7N9 28.5.3.2.1 20.3.1.1.2 18.3.2.2 15.4.4.4.1.3.1.1 27.12.13.2.2 
2.2.1.4.5.4.21.1.2
.4.4.4 

45 76 2016-2017 
Accipitriformes, 
Anseriformes, Avian, 
Galliformes, Passeriformes 

Belgium, Croatia, Czech Republic, France, 
Germany, Hungary, Italy, Macedonia, Poland 

H5N8 30.3.1.1 21.24.3.2.3 19.20.11.3.2 
23.5.3.6.1.1, 
23.5.3.6.1.1.1 

27.12.18.4.1 2.2.1.4.2.2.5.1 

591 74 2005-2010 
Anseriformes, Avian, 
Falconiformes, Galliformes 

Mainland China, Hong Kong, Japan, Korea, Lao, 
Russia, Thailand, Vietnam 

H5N1 
12.1.1.8.6.4.2, 

 12.1.1.8.6.4.2.1 

20.4, 20.4.5, 20.4.8,  

20.4.8.1, 20.4.8.2 

19.20.11.8, 19.20.11.8.4, 
19.20.11.8.5, 19.20.11.8.5.1, 
19.20.11.8.5.1.1 

 27.2.5.4 27.12.13.5, 27.12.13.5.3, 
27.12.13.5.4, 27.12.13.5.5 

2.2.1.4.5.4.8.5, 
2.2.1.4.5.4.8.5.1, 
2.2.1.4.5.4.8.5.2 

Genotype Sequence 
nr 

Collection 
date Host Country Subtype PB2* PB1* PA* MP* NP* NS* 

1978 72 2009- 2012 
Anseriformes, Avian, 
Galliformes 

Mainland China, Vietnam H3N2, H5N1 30.3.1 21.24.3.6 19.20.3 27.2.5.4 27.12.18.7 2 

822 71 2011- 2015 
Anseriformes, Avian, 
Galliformes, Passeriformes 

Bangladesh, India H5N1 12.1.1.8.6.4.2.1 20.4.8.2, 20.4.8.2.1 19.20.11.8.5.1.1 27.2.5.2, 27.2.5.2.1 27.12.13.5.3 
2.2.1.4.5.4.8.5.2, 
2.2.1.4.5.4.8.5.2.
1 

491 70 2013-2015 
Anseriformes, Avian, 
Galliformes, Passeriformes 

Mainland China H7N9, H9N9 28.5.3.4 20.3.1.1.3.1 18.3.2.2, 18.3.2.2.2 
15.4.4.4.1.3.1, 
15.4.4.4.1.3.1.1 

27.12.13.2.3 
2.2.1.4.5.4.21.1.2
.4.4.3.1 

1046 65 2009-2011 

Accipitriformes, 
Anseriformes, Avian, 
Charadriiformes, 
Falconiformes, Galliformes 

Bulgaria, Mainland China, Japan, Korea, Mongolia, 
Russia 

H5N1 12.1.1.8.6.4.2 20.4.8.1 19.20.8.3 27.2.5.3 27.12.13.5.4 2.2.1.4.5.4.8.5.2 

271 64 2010 Anseriformes United States of America H3N8, H7N3 
8.5.2.8.10, 
8.5.2.8.10.3 

7.3.4.7.5.9.3.8.1.1 10.2.2.3.2.2.1.4.6.5 12.8.1.7.2.1.3 19.1.4.1.1 
2.2.1.4.5.4.21.1.2
3.1.4.5.1.1 

199 60 2016-2017 
Anseriformes, Avian, 
Charadriiformes, 
Galliformes 

Mainland China, Korea, Russia H5N8 30.9.7.4 21.24.3.2.3 
19.20.11.3, 
19.20.11.3.2 

23.5.3.6.1.1 27.12.21 2.2.1.4.2.2.5.1 

906 54 2005-2011 
Anseriformes, Avian, 
Galliformes 

Bangladesh, Mainland China, Myanmar, Vietnam H5N1 12.1.1.8.6.4.2 20.4, 20.4.6 
19.20.11.8, 
19.20.11.8.4 

27.2.5, 27.2.5.1 
27.12.13.5, 
27.12.13.5.3 

2.2.1.4.5.4.8.5, 
2.2.1.4.5.4.8.5.1 

130 54 2008-2012 Anseriformes United States of America H3N8 8.5.2.8.6 7.3.4.7.5.9.3.3 5.2.1.1.1.6.2.1.1.7 7 25 1.2.1.1.1.2.2.2 

186 53 2005-2006 Anseriformes, Galliformes United States of America H7N2 8.5.2.4 7.3.4.7.5.3.3.2 5.2.1.1 9.3.2.1.2.1.1 19.3.2.2.2.1 
1.2.1.1.1.2.2.1.1.
1 

170 53 
2011-2013, 
2015 

Anseriformes, Avian, 
Galliformes 

Bangladesh, Bhutan, India H5N1 12.1.1.8.6.4.2.1 21.8.2 19.20.11.8.5.1.1 27.2.5, 27.2.5.2 27.12.13.5.3 
2.2.1.4.5.4.8.5.2.
1 
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H5N6 had six major genotypes. Both G58 and G147 predominantly circulated in Anseriformes 

in Mainland China from 2013-2015, sharing internal genes with H5N1 (both), a single sequence 

of H6N6 and H3N6 (G58) as well as H9N2 (G147) viruses that circulated from 2010-2015 

(Table 2, Figure A17). G58 was suggestively the progenitor genotype, as it was associated with 

a combination of H5 and N6 viruses, and was isolated from H5N1 as early as 2010. G147 had 

a distinct PB1 lineage from G58, and was related to the H5N6 viruses from the H5N1-dominant 

genotype G342 isolated predominantly from Vietnam from 2012-2014, with lineage 

distinctions in the PB2 and PA segments. G140 co-circulated with G58 and G147, but was 

predominantly isolated in 2015 representing a later outbreak wave.  G140 and G58 were only 

distinct in their PB2 gene. G14’s PB2 lineage 26.6 circulated from 2007-2016 in East Asia 

(predominantly Mainland China and Japan) and was found in H5N6, H6N6, H6N2, H5N2 and 

H6N5 viruses, predominantly in Anseriformes, whereas G58’s PB2 lineage 12.1.1.8.6.4.2.3.1 

circulated in Mainland China and Vietnam in H5N1 and H5N2 viruses across host order from 

2012-2016 (Table A7).  G33 and G1764 captured later waves of the H5Nx expansion. G33 

represented the pancontinental expansion of H5N8 and related H5N6 viruses in 2016-2017 and 

had lineage distinctions from other H5N6 genotypes across segments (Table 2). G1764 

captured the H5N6 outbreaks in Mainland China, Japan and South Korea in 2015-2016. 

G1764’s MP, NP, NS and MP lineages were related to the other highly abundant H5N6 

genotypes. G1764 shared a PB2 lineage with G140 but had a distinct PB1 lineage from all other 

H5N6 major genotypes. G1764 ‘s PB1 lineage 20.2.4.2 was first isolated in H4N2 viruses 

Anseriformes in Mainland China in 2010-2012, and was also associated with H4N8 and H10N8 

viruses isolated in ducks in Mainland China in 2010-2015, as well as H5N6 viruses isolated 

from Mainland China and Japan from 2015 onwards (Table A7). 

There were four major genotypes that included H5N8 viruses. G300 was H5N8-specific and 

was isolated in 2014-2015 from predominantly Anseriformes in South Korea, Taiwan and 

Japan, though it was detected in North America and Europe as well (Table 2, Figure A17). 

G300 had lineage distinctions in all of its internal gene segments from G33, G45 and G199, 

which represented H5N8-specific genotypes circulating from 2016 onwards. G45 was isolated 

in Europe, predominantly from Hungary, whereas G199 was largely isolated from Mainland 

China and South Korea, with some detection in Russia. G33 was isolated across Europe and 

East Asia, predominantly from the Netherlands. The three genotypes shared a PB1, MP and NS 

lineage. G45 had a distinct PB2 lineage, which is associated with a range of LPAI that circulated 

since 2010 in Mongolia and Georgia, as well as a range of countries onwards (Table A7). G33 
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had a distinct PA lineage it shared with LPAI viruses that circulated in Europe and Southeast 

China from 2006-2015, whereas G199 had a distinct NP lineage isolated from a range of LPAI 

globally. 

Remaining major genotypes G186 and G84 captured H7N2 and H7N1 outbreaks in poultry 

populations in the USA (2005-2006) and Italy (1999-2000) respectively (Table 2, Figure A17). 

G130 and G271 represented H7N3 and H3N8 genotypes isolated exclusively from 

Anseriformes from 2008-2012 (2010 for G271). There was one Charadriformes-specific major 

genotype (G69) of H13Nx and H16Nx viruses isolated from the Netherlands between 2012-

2014.  

All genotypic variants of the major genotype that have identical lineage identities in a minimum 

of four of the six internal genes were considered “close” variants and collated (see section 3.2.5, 

Figure 19 A). G140 and G614 both had 36 variant genotypes that differed by a maximum of 

two segments, followed by G147 and G58 with 34 and 33 variants respectively. The major 

genotypes with the highest number of two-segment variants represented the H5N6 expansion 

(G140, G147, G58) and the emergence of H7N9 from H9N2 (G614, G491). For example, the 

variants of G140 carry seven distinct PB2 and PB1 lineages, eight PA lineages, three NP and 

NS lineages and two MP lineages (Figure 19 D). The major genotypes with the fewest closely 

related variants represented H5N1 genotypes and the isolated H7N2 and H7N3 outbreaks in the 

USA (G186, G271). G271 variants are only associated with two distinct lineages in the PA and 

NP segments respectively, and one in the NS segment. When all major genotypes were 

excluded as two-segment variants, the remaining variants represented small genotypes (mean 

3.5, median 1), with some notable exceptions (Figure 19 B) (e.g. G296 was a large (n=46) 

variant of both G591 and G342, as was G28 of G3867 and G441 of G126). Overall, two-

segment variants had the highest number of lineage distinctions in the polymerase genes, 

including single and two-segment lineage distinctions (Figure 19 C, D). For example, the 

variants of major genotypes G1764 (n=30 variants), G147 (n=34), G58 (n=33) and G140 (n=36) 

all had more than 10 distinct associated PB1 lineages. All of the single segment lineage 

distinctions and select two segment combinations were statistically significant by permutation 

testing, including PB2_PB1, PB2_PA and PB1_PA, though only the single segments excluding 

NP and PB2_NS remained significant after correction for multiple testing.  
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3.3.9 Reconstruction of the evolutionary pathways of the major human 

genotypes 

Human sequences (n=1589) representing 12 subtypes were distributed across 106 genotypes, 

with the majority of non-redundant sequences isolated from H7N9 (n=1202), followed by 

H5N1 (n=274) (Figure A18). H5N8, H5N2 and H1N8 were all represented by a single 

sequence.   

Sequences from human H7N9 cases were almost exclusively isolated in Mainland China, with 

select sequences from Hong Kong, Taiwan and Canada. Human H7N9 sequences represented 

49 distinct internal genotypes generated by complex, sequential reassortment with co-

circulating viruses across the five outbreak waves isolated predominantly from Galliformes 

hosts with nine genotypes including Anseriformes isolates (Table A8, available at 

https://git.io/JUPq1). Non-major genotype G1283  was only represented by ten avian 

sequences, but was the most closely related genotype for 182 human isolates, which co-

circulated in wild and domestic bird populations in the Yangtze River Delta Region in 2015-

2017. G807 represented only six chicken isolates, but was the closest avian genotype to 84 

human isolates, which circulated in Guangdong, Jiangxi, Liaoning, and Zhejiang in 2016-2017. 

Of the 49 human genotypes, 34 only circulated in H7N9 viruses, with five genotypes 

representing H7N9/H9N2, two H7N9/H9N9 and  a single genotype including H7N2 and H7N6 

subtype viruses. Human H7N9 isolates had seven and six distinct PA and PB2 lineages 

respectively across the five waves, followed by five lineages of the PB1, NP and MP gene and 

two NS lineages (Table 3). The lineages constituting H7N9 human genotypes co-circulate in 

H5Nx, H7Nx, H9Nx and H10Nx viruses in Anseriformes and Galliformes Mainland China and 

Vietnam, with occasional detection in H6Nx and H4N2.  

Human H5N1 isolates in the dataset were isolated from 1997-2015, representing six countries 

across East and South East Asia as well as Egypt, Bangladesh, Iraq, Canada and Turkey (Figure 

A18). The sequences  represented 27 genotypes over the outbreak waves, including nine of the 

major genotypes. The genotypes were largely H5N1-specific, excluding three genotypes 

circulating in H5N2/H5N6, H9N2 and H5N6/H9N2 viruses (Table A9). Owing to persistent 

enzootic circulation and widespread dissemination, human H5N1 genotypes were associated 

with a high number of diverse lineages, including 15 distinct lineages of the polymerase genes 

and NS and 12 and 10 lineages of NP and MP respectively (full spatiotemporal, host and 

subtype distribution of lineages in Table A10). Overall, the constitutive lineages of H5N1 
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human genotypes are largely restricted to H5Nx and H9N2, but are selectively isolated from 

H6Nx and H7N9, as well as a range of LPAIs at a lower frequency.  

 

 

Figure 18: Spatiotemporal, host and subtype distribution of major avian influenza genotypes. A) HA/NA subtype B) 
collection date C) country of isolation and D) host order distribution of major genotypes (annotated in title as “Gxx”). The 
legend applies to the host order in Figure D. The remaining major genotypes are represented in Figures A17.  
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Figure 19: Statistics of variant genotypes for major avian influenzas genotypes. A) Number of two-segment deviating 
variants for each of the major genotypes. B) Size of variant genotype. All major genotype variants have been removed (n≥ 50). 
C) Number of variants of major genotypes that differ by lineage distinction in segment. D) Number of distinct lineages of 
segment found in variants of major genotypes.  

 

The 29 sequences from human infections with H5N6 were all isolated in Mainland China from 

2014-2018, and represented nine genotypes (Table A11).  Only three of the genotypes 

circulated in H5N6 exclusively, with the internal genotypes of H5N6 human viruses isolated 

from H5N1, H10N6, H6N2, H6N6, H7N6, H7N9, H9N2 and H3N6 viruses across East and 

South East Asia from 2010 onwards. The PB1 gene showed the most divergence across H5N6 

human genotypes, with 7 distinct lineages represented (Table 4). This was followed by 5, 4, 3, 

2 lineages for PB2, PA/NS, MP and NP respectively. Human H5N6 genotypes largely had two 

distinct lineage paths, with either H7N9/H9N2 derived genes or H5N1/H9N2 derived genes. 

For example, human isolates  share PB1 lineage 20.3.1.1.3.1.2, 20.3.1.1.3.1 with H7N9 and 

H10N6 viruses (Table 4), but PB1 lineage 20.4.8.3 and PB2 lineage 12.1.1.8.6.4.2.3x (found in 

major genotype G140, G147, G58 as well as G2779, Table A11) and their descendants were 

first isolated in H5N1viruses circulating in Anseriformes and Galliformes in 2010 in Vietnam 

and Mainland China, with subsequent circulation in H5N1, H5N2 and H5N6 viruses globally.  

Lineages e.g. PB1 21.15.3 and PA 18.2.1 circulated in a wide range of LPAI, across East and 

South East Asia, though pancontinental lineages representing H5N1 expansion exists e.g. MP 

27.2.5.4.  
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Human H9N2 isolates were collected as early as 1999, with subsequent isolation in Mainland 

China, Hong Kong, South Korea and Bangladesh (Figure A18). Sequences from human 

infections with H9N2 (n=19) represented 12 different genotypes (Table A12). Six singletons 

were isolated from genotypes that circulated outside of Mainland China, with two genotypes 

circulating in H6N1 viruses in Hong Kong.  Several of the closest avian genotypes to human 

isolates, especially those isolated before the mid-2000s, have outlying lineage assignments in 

single or multiple segment, emphasizing the undersampling of circulating diversity or 

intermediates (Table A12).  The H9N2 human isolate from Bangladesh (G4521) had lineage 

distinctions across all segments from the other human genotypes and was most closely related 

to a single virus isolated from a pigeon in Bangladesh in 2009. Human H9N2 isolates were not 

collected from a single outbreak and its dissemination as e.g. H7N9 and H5N6, but has been 

isolated from sporadic human infections over a broader geographic and temporal range (Figure 

A18). Resultantly, H9N2 human genotypes were associated with a higher number of distinct 

segment lineages, including 9 MP lineages, 7 PB1/PA, 6 NP/NS and 5 PB2 lineages. The 

genotypes largely had distinct lineages associated with co-circulating H5N1/H6Nx and H7N9 

diversity, with the H7N9-shared lineages circulating in H5N6, H10Nx and H9Nx viruses as 

described here (Table A13).  

Human infections with H10N6 viruses (n=8) represented two genotypes (G28 and G490), with 

distinct lineages of the NP gene (Tables A15-16). PB1 lineage 20.3.1.1.3.1 was shared with 15 

H7N9 human genotypes that circulated during the first 3 waves of the outbreak, whereas PB2 

lineage 28.5.3.4 was shared with ten human isolate H7N9 genotypes.  The MP lineage 

15.4.4.4.1.3.1.3 was also isolated from 9 H7N9 genotypes from wave two onwards. G28/G490 

shared a PA cluster (18.3.2.2.3) with H7N9 wave three genotypes, and the minor NS lineage 

2.2.1.4.5.4.21.1.2.4.4.4 from wave 1-2. NP cluster 27.12.13.2.1 from G28 was also found in 

H7N9 human genotypes during outbreak wave four and five, whereas G490 shared the 

dominant NP cluster 27.12.13.2.3 with 30 H7N9 genotypes.  
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Table 3: H7N9 lineage distribution of human genotypes. See Table A8 for genotype-level information. 

Segment Lineage Genotype Subtype Host Country Collection date Sequence nr 

PB2 

28.5.3.4 273, 491, 664, 807, 1410, 2053, 2223, 2427, 2491, 2806, 4074, 4746 H10N6, H10N8, H4N2, H5N6, H5N9, H7N9, H9N2, H9N9 Anseriformes, Avian, Galliformes Mainland China, Vietnam 2012- 2017 99 

28.5.3.3.1 103, 179, 301, 614, 629, 784, 1232, 1996, 2438, 3558, 3639, 3926, 4575, 
4669, 4902 H10N6, H5N6, H7N2, H7N6, H7N9, H9N2, H9N9 Anseriformes, Avian, Galliformes, 

Passeriformes Mainland China, Hong Kong 2013-2017 82 

28.5.3.2.1 227, 1264, 1944, 3097, 3640 H5N6, H6N2, H7N9, H9N2 Anseriformes, Avian, Galliformes Mainland China, Vietnam 2011, 2013-2017 27 

28.5.3.4.1 156, 273, 764, 807, 1283, 1347, 2519, 4346 H7N9, H9N2 Anseriformes, Galliformes Mainland China, Japan 2015-2017 25 

28.5.3.2 227, 989, 3379, 4586, 4633 H7N9 Galliformes Mainland China 2014-2016 12 

28.5.3.3 4637 H7N2, H7N9, H9N2 Avian, Galliformes Mainland China 2013-2014 5 

PB1 

20.3.1.1.3.1 179, 301, 491, 614, 664, 1410, 1996, 2427, 2806, 3097, 3379, 4074, 4586, 
4633, 4637, 4902 

H10N6, H10N8, H4N2, H5N2, H5N6, H5N9, H6N2, 
H7N2, H7N9, H9N2, H9N9 Anseriformes, Avian, Galliformes Mainland China 2010-2016 126 

20.3.1.1.3.1.4 103, 764, 807, 1232, 1347, 2053, 2223, 2438, 2491, 3558, 3926, 4669, 4746 H5N2, H5N6, H7N9, H9N2 Anseriformes, Galliformes Mainland China 2013-2017 53 

20.3.1.1.3.1.2 273, 614, 989, 1283, 2519, 3639, 4575 H10N6, H5N6, H7N2, H7N6, H7N9, H9N2 Anseriformes, Galliformes, 
Passeriformes Mainland China, Hong Kong 2013- 2017 35 

20.3.1.1.2 227, 629, 1264, 1944, 3640 H5N1, H6N2, H6N6, H7N9, H9N2 Anseriformes, Galliformes Mainland China, Vietnam 2010-2011, 2013-2017 30 

20.3.1.1.3.1.1 156, 784, 4346 H5N6, H7N9, H9N2 Anseriformes, Galliformes Mainland China, Japan 2014-2017 13 

PA 

18.3.2.2.3 664, 2053, 2806, 3639, 3926 H10N6, H10N8, H4N2, H5N6, H6N2, H7N9, H9N2 Anseriformes, Avian, Galliformes, 
Passeriformes Mainland China, Hong Kong, Vietnam 2012-2017 75 

18.3.2.2 227, 273, 301, 491, 614, 1264, 1944, 1996, 2427, 3097, 4074, 4586 H5N2, H6N8, H7N2, H7N3, H7N6, H7N7, H7N9, H9N2, 
H9N9 Anseriformes, Avian, Galliformes Cambodia, Mainland China 2010, 2012-2015 69 

18.3.2.2.2 103, 179, 273, 491, 764, 2438, 4575 H5N2, H5N6, H7N6, H7N9, H9N2, H9N9 Anseriformes, Avian, Galliformes Mainland China 2013-2017 53 

18.3.2.2.3.2 156, 784, 807, 1232, 1283, 2223, 2519, 3558, 4346, 4637, 4669, 4746 H5N6, H7N9, H9N2 Anseriformes, Galliformes Mainland China, Japan 2014-2017 37 

18.3.2.2.3.1 989, 1347, 2491 H10N8, H5N6, H7N9, H9N2 Anseriformes, Avian, Galliformes Mainland China 2013-2017 22 

18.3.2.2.1.1 227, 629, 3379, 3640, 4633, 4902 H7N9, H9N2 Anseriformes, Galliformes Mainland China, Vietnam 2011, 2013-2017 16 

18.3.2.1 1410 H5N1, H7N9, H9N2 Anseriformes, Galliformes Mainland China, Vietnam 2004, 2007-2013 16 
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NP 

27.12.13.2.3 
103, 179, 273, 301, 491, 614, 764, 807, 989, 1232, 1283, 1347, 1410, 1996, 
2053, 2427, 2438, 3097, 3379, 3558, 3639, 3926, 4074, 4346, 4575, 4586, 
4637, 4669, 4746, 4902 

H10N6, H10N8, H5N2, H5N6, H7N2, H7N6, H7N7, 
H7N9, H9N2, H9N9 

Anseriformes, Avian, Galliformes, 
Passeriformes Mainland China, Hong Kong 2005, 2008, 2010-2017 166 

27.12.13.2.1 156, 784, 2223, 2519 H10N6, H10N8, H4N2, H7N9, H9N2 Anseriformes, Avian, Galliformes Mainland China, Vietnam 2007-2008, 2010-2017 86 

27.12.13.2 664, 2806 H6N2, H7N9, H9N2 Anseriformes, Avian, Galliformes Mainland China, Vietnam 2006-2015 28 

27.12.13.2.2 227, 629, 1264, 3640, 4633 H7N9 Galliformes Mainland China 2013-2014 16 

27.12.13.2.1.1 156, 1944, 2491 H5N6, H6N2, H7N9, H9N2 Anseriformes, Avian, Galliformes Mainland China, Japan, Vietnam 2013-2017 11 

MP 

15.4.4.4.1.3.1.3 989, 2223, 2491, 2806, 3097, 3558, 4575, 4746, 4902 H10N6, H10N8, H5N1, H5N6, H6N2, H7N6, H7N7, 
H7N9, H9N2 

Anseriformes, Avian, Galliformes, 
Passeriformes 

Bangladesh, Mainland China, Hong 
Kong, Japan, Vietnam 2012-2017 149 

15.4.4.4.1.3.1 103, 156, 179, 273, 491, 614, 764, 784, 807, 1232, 1283, 1347, 2053, 2427, 
3639, 3926, 4637 

H5N1, H5N2, H5N6, H5N9, H7N2, H7N6, H7N7, H7N9, 
H9N2, H9N9 Anseriformes, Avian, Galliformes Mainland China, Japan 2010-2017 94 

15.4.4.4.1.3.1.1 227, 301, 491, 629, 1264, 1410, 1944, 1996, 3379, 4586, 4633 H7N9, H9N2 Galliformes Mainland China 2013-2015 33 

15.4.4.4.1.3.1.2 156, 807, 1283, 1347, 2438, 2519, 4346, 4669 H7N9, H9N2 Anseriformes, Galliformes Mainland China 2015-2017 17 

15.4.4.4.1.3 4074 H1N2, H6N2, H6N6, H7N9, H9N2 Galliformes Mainland China, Vietnam 2009-2011, 2013 10 

NS 

2.2.1.4.5.4.21.1.2.4.4.4 227, 629, 1264, 1944, 3639, 3640, 4633 H10N6, H10N8, H5N2, H5N6, H6N2, H6N6, H7N2, 
H7N6, H7N9, H9N2 Anseriformes, Avian, Galliformes Mainland China, Vietnam 2007- 2011, 2013-2017 141 

2.2.1.4.5.4.21.1.2.4.4.3.1 
103, 156, 179, 273, 301, 491, 614, 664, 764, 784, 807, 989, 1232, 1283, 
1347, 1410, 2053, 2223, 2438, 2491, 2519, 2806, 3097, 3379, 3558, 3926, 
4074, 4346, 4575, 4586, 4637, 4669, 4746, 4902 

H10N6, H10N8, H5N6, H7N2, H7N6, H7N7, H7N9, 
H9N2, H9N9 

Anseriformes, Galliformes, 
Passeriformes 

Mainland China, Hong Kong, Japan, 
Vietnam 2009-2017 136 

2.2.1.4.5.4.21.1.2.4.4.4.1 1996 H4N2, H5N2, H7N7, H7N9, H9N2 Anseriformes, Avian, Galliformes Mainland China 2008, 2010-2013 24 

2.2.1.4.5.4.21.1.2.4.4.3 2427 H6N2, H7N7, H7N9, H9N2 Anseriformes, Galliformes Mainland China 2006-2010, 2013 11 
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Table 4: H5N6 lineage distribution of human genotypes. See Table A11 for genotype-level information 

Segment Lineage Genotype Subtype Host Country Collection date Sequence nr 

PB2 

26.6 140, 585, 2778 H5N2, H5N6, H6N2, H6N5, H6N6 Accipitriformes, Anseriformes, Avian, 
Charadriiformes, Falconiformes, Galliformes 

Mainland China, Hong Kong, Japan, Korea, Taiwan, 
Vietnam 

2007, 2009-2012, 2014-
2017 192 

12.1.1.8.6.4.2.3.1.1 58, 2779 H3N6, H5N2, H5N6 Anseriformes, Avian, Galliformes Mainland China, Japan, Vietnam 2013-2016 97 

28.5.3.3.1 796, 885 H10N6, H5N6, H7N2, H7N6, H7N9, H9N2, H9N9 Anseriformes, Avian, Galliformes, Passeriformes Mainland China, Hong Kong 2013-2017 82 

12.1.1.8.6.4.2.3.1 58, 147 H5N1, H5N2, H5N6 Anseriformes, Avian, Galliformes, Passeriformes Mainland China, Vietnam 2012-2016 57 

12.1.1.8.6.4.2.3 147 H5N1, H9N2 Anseriformes, Avian, Galliformes Mainland China, Vietnam 2011-2014 15 

28.5.3.2.1, 28.5.3 621 H6N8, H5N6, H5N2, H10N8, H9N2, H7N9, H6N2, H7N7 Anseriformes, Galliformes, Avian Vietnam, Mainland China, Cambodia 2008, 2010-2017 53 

PB1 

20.4.8.3 58, 140, 147, 
2779 H3N6, H5N1, H5N2, H5N6, H9N2 Anseriformes, Avian, Falconiformes, 

Galliformes, Passeriformes Mainland China, Hong Kong, Japan, Vietnam 2011-2016 193 

20.3.1.1.3.1 621, 796 H10N6, H10N8, H4N2, H5N2, H5N6, H5N9, H6N2, H7N2, H7N9, H9N2, 
H9N9 Anseriformes, Avian, Galliformes Mainland China 2010-2016 126 

20.3.1.1.3.1.4 621 H5N2, H5N6, H7N9, H9N2 Anseriformes, Galliformes Mainland China 2013-2017 53 

20.4.8.3.1 147 H5N1, H5N2, H5N6 Anseriformes, Avian, Galliformes, Passeriformes Burkina Faso, Cameroon, Mainland China, Indonesia, 
Lebanon, Taiwan, United Arab Emirates, Vietnam 2011-2017 52 

21.15.3 2778 H10N2, H10N7, H10N9, H1N2, H1N3, H1N4, H3N2, H3N6, H3N8, H4N6, 
H5N2, H5N6, H5N8, H7N3, H7N6, H7N7 Anseriformes, Galliformes Mainland China 2011, 2013- 2016 49 

20.3.1.1.3.1.2 885 H10N6, H5N6, H7N2, H7N6, H7N9, H9N2 Anseriformes, Galliformes, Passeriformes Mainland China, Hong Kong 2013- 2017 35 

20.3.1.1.3.1.3 796 H5N6, H7N6 Galliformes Mainland China 2016 7 

20.2.3 585 H5N6 Anseriformes, Galliformes Mainland China, Japan, Vietnam 2015-2017 6 

20.4.8.3.5, 20.4.8.3.3, 
20.4.8.3.4 58, 140 H5N6, H5N2 Anseriformes, Galliformes, Avian Mainland China 2013-2016 71 

PA 

19.20.11.8.5.1.3 58, 140, 147, 
585, 2779 H3N6, H5N1, H5N2, H5N6, H9N2 Accipitriformes, Anseriformes, Avian, 

Falconiformes, Galliformes, Passeriformes Mainland China, Hong Kong, Japan, Vietnam 2011-2017 305 

18.3.2.2.3 885 H10N6, H10N8, H4N2, H5N6, H6N2, H7N9, H9N2 Anseriformes, Avian, Galliformes, Passeriformes Mainland China, Hong Kong, Vietnam 2012-2017 75 

18.3.2.2 621 H5N2, H6N8, H7N2, H7N3, H7N6, H7N7, H7N9, H9N2, H9N9 Anseriformes, Avian, Galliformes Cambodia, Mainland China 2010, 2012-2015 69 
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18.3.2.2.2 621, 796 H5N2, H5N6, H7N6, H7N9, H9N2, H9N9 Anseriformes, Avian, Galliformes Mainland China 2013-2017 53 

18.2.1 2778 H10N2, H10N7, H10N9, H1N2, H1N3, H1N4, H2N8, H3N2, H3N6, H3N8, 
H4N2, H4N6, H5N2, H5N6, H6N6, H7N6, H7N7, H7N9 Anseriformes, Galliformes Mainland China 2011, 2013-2015 50 

NP 
27.12.13.5.5 

58, 140, 147, 
585, 2778, 
2779 

H3N2, H3N6, H3N8, H5N1, H5N2, H5N6, H5N9, H6N1, H6N5, H9N2 
Accipitriformes, Anseriformes, Avian, 
Charadriiformes, Falconiformes, Galliformes, 
Passeriformes 

Bangladesh, Burkina Faso, Cameroon, Mainland 
China, Hong Kong, Indonesia, Japan, Korea, Lebanon, 
Taiwan, United Arab Emirates, Vietnam 

2004, 2006-2017 456 

27.12.13.2.3 621, 796, 885 H10N6, H10N8, H5N2, H5N6, H7N2, H7N6, H7N7, H7N9, H9N2, H9N9 Anseriformes, Avian, Galliformes, Passeriformes Mainland China, Hong Kong 2005, 2008, 2010-2017 166 

MP 

27.2.5.4 58, 140, 147, 
585, 2779 H3N6, H5N1, H5N2, H5N6, H9N2 

Accipitriformes, Anseriformes, Avian, 
Charadriiformes, Falconiformes, Galliformes, 
Passeriformes 

Burkina Faso, Cameroon, Mainland China, Hong 
Kong, Indonesia, Japan, Korea, Lebanon, Taiwan, 
United Arab Emirates, Vietnam 

2007-2017 419 

15.4.4.4.1.3.1.3 621, 796, 885 H10N6, H10N8, H5N1, H5N6, H6N2, H7N6, H7N7, H7N9, H9N2 Anseriformes, Avian, Galliformes, Passeriformes Bangladesh, Mainland China, Hong Kong, Japan, 
Vietnam 2012-2017 149 

15.4.4.4.1.3.1 621 H5N1, H5N2, H5N6, H5N9, H7N2, H7N6, H7N7, H7N9, H9N2, H9N9 Anseriformes, Avian, Galliformes Mainland China, Japan 2010-2017 94 

24.1.1.1 2778 H10N2, H10N7, H10N9, H1N2, H1N3, H1N4, H1N8, H1N9, H2N7, H3N2, 
H3N3, H4N2, H4N6, H4N8, H5N6, H7N2, H7N3, H7N7, H7N9, H9N2 Anseriformes, Galliformes Mainland China 2011-2017 46 

NS 

2.2.1.4.5.4.8.5.4 58, 140, 147, 
585, 2778 H3N6, H5N1, H5N2, H5N6 

Accipitriformes, Anseriformes, Avian, 
Charadriiformes, Falconiformes, Galliformes, 
Passeriformes 

Burkina Faso, Cameroon, Mainland China, Hong 
Kong, Indonesia, Japan, Korea, Lebanon, Taiwan, 
United Arab Emirates, Vietnam 

2011-2017 387 

2.2.1.3 2779 

H10N1, H10N3, H10N4, H10N5, H10N7, H10N8, H10N9, H11N1, H11N9, 
H12N1, H12N5, H14N3, H15N7, H15N9, H1N1, H1N2, H1N3, H2N3, 
H2N9, H3N2, H3N6, H3N8, H4N3, H4N6, H4N9, H5N1, H5N2, H5N3, 
H5N6, H5N7, H5N8, H6N1, H6N2, H6N4, H6N5, H6N6, H7N1, H7N3, 
H7N6, H7N7, H7N8, H7N9, H8N4, H9N1, H9N2 

Anseriformes, Avian, Charadriiformes, 
Galliformes, Struthioniformes 

Bangladesh, Belgium, Mainland China, Denmark, 
Egypt, France, Georgia, India, Italy, Japan, Korea, 
Mongolia, Netherlands, Pakistan, Russia, South Africa, 
Spain, Sweden, Taiwan, Thailand, Ukraine, Vietnam, 
Zambia 

2004-2016 207 

2.2.1.4.5.4.21.1.2.4.4.4 621, 796 H10N6, H10N8, H5N2, H5N6, H6N2, H6N6, H7N2, H7N6, H7N9, H9N2 Anseriformes, Avian, Galliformes Mainland China, Vietnam 2007-2017 141 

2.2.1.4.5.4.21.1.2.4.4.3.1 885 H10N6, H10N8, H5N6, H7N2, H7N6, H7N7, H7N9, H9N2, H9N9 Anseriformes, Galliformes, Passeriformes Mainland China, Hong Kong, Japan, Vietnam 2009-2017 136 

2.2.1.4.5.4.21.1.2.4.4.4.1 621 H4N2, H5N2, H7N7, H7N9, H9N2 Anseriformes, Avian, Galliformes Mainland China 2008-2013 24 

2.2.1.4.5.4.8.5, 
2.2.1.4.5.4.8.5.3 147 H9N2, H5N1 Anseriformes, Galliformes, Avian, Falconiformes Lao, Hong Kong, Mainland China, Korea, Vietnam 2006-2012 40 
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3.4 Discussion 

The current work developed the first unified nomenclature system for the internal genes of 

AIVs across HA-NA defined subtypes. The framework calibrated genotypic definition to the 

ensemble properties of the underlying phylogenies to delineate evolutionarily informative units 

of diversity, with the  population diversity in the individual phylogenies acting as a pseudo null 

distribution to calibrate a threshold for what is considered “closely related” to each dataset. This 

accounted for differences in the inherent diversity of the gene segments associated with their 

differential biological properties and evolutionary histories. This novel nomenclature enabled 

the first comprehensive survey of the genotypic diversity of the internal genes, elucidating 

subtype, spatiotemporal and host driven patterns that had previously not been quantifiable at 

this scale or scope.  Continuous, dynamic reassortment of co-circulating viruses generates 

substantial genotypic diversity, with 4763 genotypes designated. The interplay of ecology and 

evolution on AIVs is extremely dynamic and complex, resulting in marked geographical and 

host-specific patterns of diversity.  

3.4.1 Host ecology drivers of observed genotypic diversity 

Expectedly, the natural reservoir host order Anseriformes was the major source of observed 

AIV diversity, with 75% of genotypes isolated from Anseriformes wild birds. However, this 

needs to be interpreted within the context of the clear surveillance bias towards Anseriformes 

in the global sequence dataset. Charadriiformes species host far lower diversity but are also 

significantly undersampled relative to Anseriformes species. Reassortment frequency is 

estimated to be extremely high in Anseriformes which also hosts the largest number of HA/NA 

subtypes, generating the substantial burden of diversity with seemingly constraint free dynamic 

reassortment in a single, common pool of influenza viruses (see Chapter 4).12,223 Approximately 

69% of the designated genotypes were rare or singletons. These were “robust” singletons across 

the downsampled and imputed datasets, and are therefore not likely ascribable to the 

downsampling strategy. The high number of singleton genotypes is partially ascribed to the 

surveillance biases towards Anseriformes and the associated high frequencies of reassortment 

in the natural reservoir hosts.  

The substantial diversity observed overall and for Anseriformes is supported by previous 

studies, including the seminal work by Dugan et al. which recorded four different internal 

genotypes in five H4N6 isolates from mallards in the same location on the same day.11 Wille et 

al.  likewise reported 56% of genomes isolated from mallards from a single study site were 
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reassorted, with sentinel mallards hosting as many as three different subtypes within one 

season.16 These studies are not directly comparable to the current work as genotypic definitions 

differ, but demonstrate the extent of genomic mosaicism in the natural reservoir.  

Host ecology is clearly an important driver of the structure of AIV diversity, with studies 

reporting H5Nx outbreak risk is optimally modelled by variables capturing host distribution, 

e.g. density of domestic chicken and ducks populations, rather than environmental 

variables.224,225 Dabbling ducks of the genus Anas are reported to have higher AIV prevalence 

relative to other wild birds, and host all subtypes excluding H13 and H16.226 This is often 

ascribed to their surface water feeding behaviour exposing them to high rates of faecal-oral 

transmission, as LPAI viruses preferentially infect and shed from the intestinal tract of wild 

birds living in aquatic environments.227–229 The ubiquitous presence of AIVs in water may 

enable dissemination of AIVs to diverse host species that share common water sources, 

especially in overlapping migratory pathways.122 It also enables co-occurrence of multiple 

antigenically distinct subtypes in environmental reservoirs, increasing the probability of mixed 

co-infections owing to limited cross-protection.229 Studies show that ducks produce waning, 

low-level antibody responses to LPAIs, which are unlikely to confer protection against 

heterologous infections with diverse subtypes.230 This enables frequent co-infection, which 

facilitates opportunities for diversity generation through reassortment. Many Anseriformes and 

Charadriformes  species in seasonal habitats migrate, both locally and intercontinentally, which 

disseminates AIVs along these paths as LPAI infections are largely subclinical or mild, 

allowing hosts to survive with largely unmodified migratory behavior.16,203,230–233  New 

diversity is constantly introduced and exported by migratory birds at common mixed species 

nesting, feeding and wintering sites, resulting in the high turnover of genotypic diversity 

observed.234  

The virus population structure in non-reservoir Galliformes species and gull-species was 

notably different. There was a restricted pool of genotypic diversity isolated exclusively from 

H13Nx and H16Nx subtype viruses in gull species, suggesting these viruses have been 

endemically isolated over a longer timescale as previously suggested.226,235 This isolation is 

supported by evidence from experimental inoculation studies that viruses isolated from gulls 

do not readily infect or replicate in duck species.66 Gulls congregate in dense colonies in 

breeding seasons as opposed to dabbling ducks, bringing adults and immune-naïve juveniles 

into close contact for viral transmission.236 
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In Galliformes hosts, diversity was predominantly restricted to detectable circulation of H5Nx, 

H6Nx, H7Nx , H9Nx and H10Nx subtype viruses. The majority of Galliformes internal 

genotypes were H5Nx, H7Nx or H9Nx subtype specific due to the high number of singleton 

genotypes, or co-circulate in H5Nx, H7Nx, H9Nx and H10Nx viruses. However, the 

distribution of the individual internal gene lineages was far more complex when not defined by 

HA-NA subtypes or genotype resolution.  Many of the constitutive lineages of Galliformes 

genotypes were still restricted to subtype-specific or  co-circulation in H5Nx, H7Nx, H9Nx and 

H10Nx viruses, but others show broad co-circulation in a number of LPAIs across host orders 

that support relatively frequent gene flow from outside of the Galliformes pool. Diversity in 

other host orders was low, reflecting their overall low contribution to influenza ecology. 

In the introgression analysis, closely related Anseriformes, Galliformes and Charadriformes 

genotypes were most likely to vary by lineage distinctions in the polymerase genes. This does 

not support a reassortment bias (see section 4.1), but suggests that closely related genotypes 

across host orders were more likely to be reassortant in their polymerase genes, though 

combinations at levels of introgression vary across host orders.  

Farm ducks often act as an epidemiological bridge between migratory wild birds they share 

habitats with and domestic poultry in multispecies live poultry markets (LPMs).202,237 These 

LPMs in Asia, as well as in North Africa and the Middle East, act as multihost systems for 

transmission and dynamic reassortment of poultry-adapted and wild bird subtypes, as a wide 

array of bird species infected by a broad range of co-circulating LPAIs and HPAIs are brought 

into dense contact with one another, contaminated environments as well as humans.149,221 

Transmission in poultry is most likely predominantly facilitated by close contact and droplet 

transmission, with the increased population density facilitating more rapid evolution of clonal 

lineages driven by antigenic selection acting on single subtypes during high-density 

transmission in outbreaks.4 Vaccination of poultry populations also increases antigenic 

selection pressure, but reduces the probability of infection and co-infection which is required 

for reassortment.4 

Notably, host ecosystems vary across regions, resulting in differential risk. Thailand has a high 

density of free-grazing ducks, but their agricultural and trade systems are generally separate 

from  that of domestic chickens, reducing the probability of domestic ducks acting as a source 

of LPAIs entering the chicken population.  It is expected that Galliformes-sourced diversity is 

far less likely to disseminate intercontinentally as domestic poultry are far less mobile than 

long-distance migratory birds. However, the domestic poultry trade was implicated in the 
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international dissemination of H5N1 in 2004, as well as the more regional dissemination of 

poultry-adapted subtypes such as H9Nx.149,238 The more recent global expansion of  H5N8 was 

most likely predominantly driven by long-distance migratory birds, as countries in East and 

Southeast Asia affected did not have reported poultry exports to Europe or North America.239 

Resultantly, both the poultry trade and dissemination along the migratory flyways contribute to 

the global dissemination of AIVs.  

Host and viral biology, interplaying with ecology, are also important determinants of genotypic 

diversity and reassortment dynamics, as different hosts have differential susceptibility to AIVs. 

This includes difference in the physiological and immunological factors that influences 

susceptibility and viral shedding kinetics, including differences in RIG-I mediated interferon 

responses and interaction with host-specific restriction factors.122 Restricted reassortment 

between predominantly Anseriformes and Galliformes subtypes may also be a result of  

different receptor binding properties of virus-host interaction resulting in reduced co-infection 

rates as viruses have different tissue tropism preferences.240  Differences in pathogenicity across 

host orders, especially as a result of the HPAI phenotype in Galliformes poultry, affect the 

hosts’ survival and associated period of infection, diversification and transmission, contributing 

to differences in diversity observed (see Chapter 4 section 4.4.2)236 HPAI outbreaks are 

managed by intensive control measures in most countries, including mandatory culling and 

movement bans that restrict diversification and dissemination.220 Selection for antigenic 

novelty after mass poultry vaccination programs can also result in genetic bottlenecks, as 

observed for H9N2 in chicken populations in Mainland China from 2010-2014.201 

3.4.2 Spatial drivers of observed genotypic diversity 

The highest burden of genotypic diversity was isolated from the USA, putatively owing to the 

country’s significant surveillance bias towards Anseriformes and Charadriformes. Mainland 

China had substantial genotypic diversity, but it was lower than expected for its representation 

in the global dataset owing to saturated sampling of outbreak genotypes from Galliformes. The 

high diversity in poultry systems in  Mainland China, and South East Asia to a lesser extent, is 

expected due to the intensive commercial chicken and domestic duck production and trade 

systems in the region, with approximately 15 billion head of poultry produced annually in 

Mainland China.225 

IAV diversity in wild birds is thought to be spatially structured into Eurasian and American 

lineages across subtypes.216–219 This barrier results from the physical and ecological boundaries 
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of migratory flyways, with occasional interhemispheric gene flow occurring at sites such as 

Alaska and Nunavut in Canada or along the Bering Strait where flyways overlap and long-

distance migratory as well as residential Anseriformes and Charadriformes species undertake 

rest, nesting or feeding.216,241,242 The Eurasian/American allopatric speciation largely held for 

the internal genes genotypes, excluding two Eurasian/American genotypes in Anseriformes and 

Charadriformes in Mainland China and the USA as well as genotypes representing the global 

expansion of H5N8, as previously reported.241 There were also two gull-specific genotypes with 

mixed Eurasian/American lineage segments, which had previously been described and is 

putatively attributed to the longer-distance migration of shorebirds relative to many duck 

species.219,234 However, the individual internal gene lineages did not show complete geographic 

separation in the current work, with low levels of interhemispheric spill over in the incompletely 

segregated gene pools as previously described.216–219,243  

When attempting to infer putative regional and global dissemination networks of the internal 

gene genotypic diversity, a set of South American countries including Brazil, Colombia, 

Bolivia and Argentina as well as Iceland, New Zealand and Antarctica show entirely  segregated 

genotypic composition. These countries are all disproportionately underrepresented in global 

surveillance (n<10 for all countries excluding Iceland, n=29). There is also thought to be little 

connectivity between the Anas species of the northern and southern hemisphere, outside of the 

Blue-winged teal which winters in South America and select Anas species from Eurasia which 

winters in sub-Saharan Africa.236 However, there are many competent indigenous duck species 

which likely host AIVs in South America and Africa as well as many common migratory stop-

overs, though little is understood about the prevalence of AIVs on these continents owing to 

sparse surveillance.236  Countries of the Americas and Africa have far lower domestic duck 

density relative to Southeast Asia, and have markedly different poultry trade and production 

systems, which likely results in less risk-based surveillance associated with outbreaks.224 

Malaysia does not share any genotypes with any Southeast Asian country, which is unexpected 

owing to its proximity and trade with countries with relatively high genotypic diversity such as 

Thailand and Indonesia. However, Malaysia only has 5 whole genome avian sequences (3 

H5N1, 1 H5N2 and 1 H9N2) in publicly available sequence databases. 

Bangladesh, which is represented by an  equivalent number of sequences as Egypt and Taiwan 

(n=182 sequences), showed no similarity in genotypic composition to any country. It also had 

a high number of Galliformes specific genotypes and outlying genotypes relative to its overall 

representation. Together, this suggests undersampling of intermediates in regional circulating 
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diversity in poultry and wild bird populations. Bangladesh has intermediate to high suitability 

in risk modelling for H5Nx occurrence owing to the presence of domestic duck 

populations.221,224 Genotypes in South Asia also have low numbers of genotypic variants in 

introgression analysis, which may be a result of ecological isolation (circulating lineages are 

often geographically-restricted, as noted for the so-called G1-lineage of H9N2) but are also 

likely an artefact of undersampling of genotypic diversity.149  

3.4.3 Drivers of outlying genotypic diversity 

There was no strong trend in the distribution of outlying lineages across single segments in 

outlier-defined genotypes. The highest proportion of outlier-designated genotypes were isolated 

from Anseriformes in Mainland China, suggesting severe undersampling of wild birds in 

Mainland China resulting in sparse sampling of lineage or genotypic intermediates or variants. 

In particular, there were several multisegment outlier genotypes of H6Nx circulating in 

Mainland China. The relatively high number of single/multisegmented outlier designated H9N2 

genotypes in Bangladesh, Israel and Pakistan and H6N1 in Galliformes in Taiwan suggests 

undersampling of the diversity in these poultry populations relative to sampling effort in 

Mainland China. After the USA and Mainland China, Australia had the highest number of 

multiple-segment outlier genotypes, predominantly isolated from Anseriformes. This is 

expected as Australia is poorly represented in surveillance data, and regional Anseriformes 

largely do not undertake seasonal migrations regularly, isolating the region largely from the 

domestic poultry outbreaks which drives most risk-based surveillance of wild bird 

populations.236   

Rare or singleton genotypes can result from multiple mechanisms (see section 5.4.2.4 for full 

discussion): 1) surveillance biases can result in undersampling of more prevalent genotypes 2) 

singleton genotypes may be an artifact of clustering resolution, creating spurious variant 

genotypes that represent a single, larger circulating genotype. The phylogeny-guided resolution 

calibration approach was developed to ensure rare genotypes were robustly distinct and not 

artificial variance of abundant genotypes. 3) Singleton genotypes may truly represent unique 

genotype products of high reassortment frequencies, particularly in the natural reservoir, or 

ecological isolation. In the current work, rare genotypes were largely isolated from 

predominantly Anseriformes subtypes in the USA. This would suggest that the heavy right tail 

of singleton genotypes is a product of the interaction of the overall representation and higher 

reassortment frequencies in these hosts, as opposed to isolated gene pools.  
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3.4.4 HA-NA defined subtypes as drivers of observed genotypic diversity 

Anseriformes predominant subtypes H4N6 and H3N8 followed by H5N2, H7N3, H6N2 and 

H1N1 had the highest genotypic diversity, reflecting overall representation in the sequence 

dataset as well as the high reassortment frequencies and host ecology discussed above. 

Galliformes-predominant H9N2 had equivalent diversity, owing to its longer-term circulation 

as the dominant subtype in domestic poultry in Mainland China and Southeast Asia since the 

1990’s.244 Outbreak-bias subtypes H5N1, H5N6, H5N8 as well as H7N9 had lower than 

expected genotypic diversity for their sample size, owing to saturated sampling of outbreak-

genotypes (see Chapter 5, section 5.4.2.3).  

There were only 218 multisubtype genotypes of which 94% were isolated from Charadriiformes 

and Anseriformes hosts. Wild bird predominant subtypes H10N7, H3N8, H4N6  and H1N1 all 

shared some degree of similarity in their genotypic composition with more than 20 HA-NA 

defined subtypes, consistent with their high representation and  the frequency of intersubtypic 

reassortment in the natural reservoir (see Chapter 4).  H9N2 shared genotypes with 20 subtypes, 

which included a predominant set of H5Nx, H7Nx, H9Nx and H10Nx viruses, as well as 

Anseriformes subtypes H1Nx, H3Nx, H4Nx, H6Nx and H12Nx. The high number of 

H3N8/H4N6 multisubtype genotypes is not unexpected given their near-ubiquitous co-

circulation in Anseriformes in the USA. The high number of H7N9/H9N2 multisubtype 

genotypes is expected, given the well-documented role recruitment of H9N2 internal genes 

played in the emergence of H7N9.201 Outbreak-bias subtypes  H5N1, H7N9, H5N6 and H5N8 

shared genotypic composition with far fewer subtypes than the Anseriformes subtypes of 

equivalent representation. Though individual lineages were more widely distributed, outbreak-

bias subtypes H5N1, H5N6, H5N8, H7N9, H10N6 and H10N8 largely only shared entire 

internal gene genotypes with H5Nx, H7Nx, H9Nx and H10Nx, with the exception of H4N6 

(H5N1, H5N8), H6Nx (H5N1, H5N6), H3N6/8 (H10N8, H5N6, H5N1), H4N9 (H5N1), H3N2 

(H5N1) and H1Nx viruses (H7N9).  

3.4.5 Novel nomenclature enables more comprehensive reconstruction of 

evolutionary pathways generating dominant avian and human infection 

genotypes 

The new genotyping system allows for more accurate reconstruction of the evolutionary 

pathways relative to subtype-restricted studies, as it can detect and trace lineage distinctions 

indicating putative reassortment events across HA-NA defined subtypes. The internal genes of 
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H5N6 has previously been classified into 34 distinct genotypes by Bi et al, based on the 

membership of the internal genes to the two predominant, distinct lineages isolated from H5Nx 

viruses and a combination of H7N9/H9N2  viruses respectively.71 The current G58 is the 

equivalent of the genotype 1 defined in Bi et al.71, but with additional detection in H6N6 and 

H3N6 subtype viruses. G147 is the equivalent of genotype 2,  where Bi et al.71  failed to 

described circulation of the genotype in H9N2 viruses in Mainland China in 2011 prior to its 

circulation in H5N1. The recruitment of a H6 PB2 gene into the G58 backbone to generate the 

dominant G140 described in the current work is also reported in Bi et al. The study failed to 

describe the PB1 lineage distinction between their genotype 1 (current G58) and genotype 2 

(current G147) owing to their method’s central approach of assigning lineages based on their 

subtype origin. As both genotypes have internal genes acquired from co-circulating H5N1 

viruses, subtype-resolution lineage assignment will not be able to detect any intrasubtype 

lineage distinctions.117,245 Clearly, the subtype restricted nature of other analyses results in the 

lineages of internal genes often being incompletely traced.199 For example, genotype 1.1.2 

(G3211) in Bi et al.71  has a PB1 designated from an “outlier” lineage, which the current study 

could trace to a lineage co-circulating in predominantly H3Nx, H1Nx and H7Nx viruses in 

ducks in Mainland China in 2013-2014, with detection as early as 2011. Subtype-level lineage 

definition would likely result in underestimation during reassortment quantification. For 

example, Bi et al.71 described 9 reassortant genotypes for its genotype 1, whereas the current 

study detected 33 two-segment variants for the equivalent G58. 

Both Cui et al.117 and Lam et al.82  failed to find the most likely H9N2 ancestors for the major 

clades of the internal genes of H7N9. However, their study was restricted to H7N9/H9N2 

viruses, limiting the analysis of the complex distribution of lineages across subtypes.  The 

internal genes for the first H7N9 wave were reportedly acquired from two distinct H9N2 

lineages circulating in poultry, with lineage distinctions noted in the NP and NS genes.117,245 

This was supported by the co-circulation of G482 (encompassing the putative genotype 57 

designated by Pu et al)199, G491 and G1264 in 2013 in the current study, which has distinct 

PB2 genes across all three (as described in 237), and distinct lineages in NP and NS for G1264 

as well as PB1, which Cui et al did not detect alongside the PB2 lineage distinction. Genotype 

57 as defined in Pu et al.201 encompasses 14 genotypes under the current system (Table A16). 

The majority of Pu’s Genotype 57 is encompassed in G482 (73 of the 125 overlapping 

sequences), with n=15 sequences classified as G3867 and G4496, n=7 as G547 and n=5 as 

G1059, and nine singletons. Pu et al designated genotypes based on phylogenetic clustering of 
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the respective phylogenies with a global patristic distance distribution percentile threshold of 

20%, which fails to detect clear intragenotype lineage distinctions across all segments, which 

is emphasized by the current genotyping system.  

Close variants of the major genotypes had the highest number of lineage distinctions in the 

polymerase genes. This suggest that the majority of close genotype variants are produced by 

reassortment of polymerase genes into a major backbone. Major genotypes with the most 

closely related variants represented the H5N6 expansion and the emergence of H7N9. This may 

be ascribed to shorter periods of enzootic circulation compared to H5N1 and H9N2, which has 

circulated longer, allowing more opportunities for segments in the genotype backbone to be 

completely unlinked by dynamic reassortment. Isolated H7N2 and H7N3 outbreaks in poultry 

populations the USA also had a very low number of variant genotypes. This can be ascribed 

both to the undersampling of genotypic intermediates or variants  in poultry in the USA and the 

lack of circulating diversity in these populations as AIVs are not detected to be maintained 

enzootically in domestic poultry the USA. 

3.4.6 Limitations 

This work has several limitations. Firstly, partitioning of geographic metadata into country-

level data will underestimate regional structure in diversity, including the contribution of 

flyway boundaries in intracontinental migration.216,217  Similarly, classification based on host 

order-level data will not detect species-specific contributions to AIV diversity and gene flow 

patterns.  There are expected differences as species within the wild bird orders have notable 

differences in their ranges of breeding, migration and wintering behaviours as well as 

physiology.216,226,234   Most notably, the work is subject to the severely uneven sampling effort 

in the global sequence databases, which is discussed in full in Chapter 6. The approximately 

linear nature of the genotype accumulation curve  suggests that each additional sequence 

represented a new sampled genotype with high probability. This non-asymptotic relationship 

between sampling and diversity indicates that genotypic richness is so substantial, near-infinite 

sampling would be required to completely characterize it. Diversity must therefore be 

interpreted in the limiting context of surveillance biases. As noted, several regions have poor 

or near absent representation in genomic databases, especially South America and Africa. The 

current work can therefore not claim that the geographical distribution of diversity reflects a 

map of IAV “hot spots”, as representation is so biased the diversity characterised may just be 

recovering the distribution of sampling efforts, with large-scale unobserved diversity 

circulating in unsampled regions or hosts (see Chapter 5).149  Different pathogenicity and 
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associated clinical outcomes of LPAI and HPAI across host orders result in differences in 

surveillance intensity. LPAI largely circulate subclinically or as very mild infections in wild 

and domestic populations and are frequently only opportunistically sampled based on 

surveillance associated with HPAI outbreaks in poultry.4,149,237,246 There are limited systematic 

and active long-term surveillance programs in wild birds.149,226,247 The prevalence patterns of 

AIV are also driven by seasonal factors and the size and age-structure of the population 

sampled. For most species prevalence is the highest in juvenile birds, with timing relative to 

migration driving temporal variation in prevalence.226,236 The geographical location, seasonality 

and host species included in studies therefore determines the extent of diversity sampled in 

surveillance.226 Human infection with non-H5Nx/H7N9 subtypes are sporadic and largely 

asymptomatic or mild. Serological surveys report H9 seropositivity of 2.3%-4.6% for poultry 

workers in Mainland China, suggesting a large number of transient spill over subclinical human 

cases go undetected, with their genotypic diversity unsampled.244  

3.5. Conclusion  

The current chapter developed and applied a novel systematic and pansubtypic nomenclature 

of the internal genes of avian influenza viruses to characterize the genotypic diversity of the 

internal genes across the global influenza ecosystem. Given the broad attention to this subject 

in general, this new capacity for quantification yields a tremendous amount of information that 

will be of interest to different parts of the infectious disease community. The PhyCLIP-based 

nomenclature and exploration of ecological drivers of diversity are carried into subsequent 

chapters, where the nomenclature is applied to quantify reassortment patterns across host order, 

spatial and subtypes scales (Chapter 4) and to quantify drivers of unobserved diversity across 

the influenza ecosystem (Chapter 5).
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4.1. Introduction 

The previous chapter developed a nomenclature system for the internal genes of avian influenza 

viruses and quantified genotypic diversity by host order, subtype and geography. The extensive 

diversity and complex distribution of internal gene lineages described in Chapter 3 are a product 

of the high reassortment frequencies reported for the AIV internal genes in the natural reservoir, 

supporting the population-level free reassortment or single gene pool hypothesis (see section 

1.2).11,12,15–17 However, this hypothesis has never been tested by quantification of reassortment 

in all available whole genome data.248 It is also unclear whether the proposed model applies to 

non-reservoir hosts in which avian influenza viruses have stably adapted or frequently spill over 

into, such as swine and gallinaceous poultry, e.g. chickens and turkeys.  

Existing studies that attempt to quantify reassortment are restricted to specific subtypes largely 

isolated as part of outbreak investigations or are limited to specific study sites for wild bird 

sampling.11,233,248–251 The most comprehensive survey of population-level whole genome 

reassortment was conducted with a systematic review of all papers first reporting a likely 

reassortment event, employing a Hamming distance threshold to filter for unique 

reassortants.248 This approach only identified 646 unique reassortants, which they claim 

represents 3% of the 20 781 whole genomes available on GenBank at the time.248 However, the 

approach did not explicitly quantify reassortment in the 20 781 full genomes, and is inherently 

limited by reporting and publication biases as well as arbitrary distance thresholds that severely 

underestimate reassortment in avian hosts.248  

There is therefore a need for a systematic investigation of reassortment dynamics in a global 

dataset across HA-NA defined subtypes and spatiotemporal and host scales towards better 

understanding the molecular and ecological restrictions on the reassortment dynamics of IAVs 

across reservoir and spillover hosts.248 In particular, there are a number of questions regarding 

the processes that structure reassortment dynamics and the genetic structure of zoonotic 

influenza viruses that remain incompletely addressed: 1) Is the reassortment process as 

unconstrained in the natural reservoir for the internal genes as the hypothesis set out in section 

1.2 suggests? 2) How does this model extend to the reassortment dynamics of IAVs in non-

reservoir hosts? 3) Are the internal genes of some HA-NA defined subtypes more likely to 

reassort, and what are the factors driving increased rates? 4) Are there reassortment biases 

between segments i.e. do some segments tend to co-segregate more often than others during 

reassortment? A better understanding of these questions and the evolutionary, epidemiological 
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and ecological processes that generate viruses of pandemic concern can inform the design of 

more efficient surveillance and biosecurity control systems (see Chapter 6).252  

The lack of comprehensive studies and methods for quantifying reassortment stem from the 

conceptual difficulty that it is qualitatively easy to describe reassortment or track its within-

host dynamics experimentally when the parental viruses are known, but it is quantitatively 

difficult to define reassortment on a population scale in large sequence datasets with no known 

ancestral states.27 Reassortment is most frequently detected as incongruence in the phylogenetic 

relationship of sequences across genomic segments owing to distinct evolutionary histories. In 

this approach, phylogenies are reconstructed for each gene segment independently and viruses 

are considered reassortants if they are in a distinct phylogenetic position in one or more of the 

gene segments relative to the others, often identified by visual inspection of tanglegrams.253 

However, this method is subject to human error and does not scale feasibly for larger 

phylogenies, especially for  populations with high reassortment frequencies.  

Alternatively, GiRaF is an automated tool for reassortment detection that uses compatibility 

graphs to identify conflicting splits in the posterior distributions of phylogenies.254 However, 

GiRaF shows reduced performance for multitaxa reassortment events, and is therefore 

suboptimal for interlineage reassortment detection.254 It also relies on Bayesian phylogenetic 

methods to produce MCMC-sampled posterior distributions of phylogenies, and is resultantly 

intractable for a representative pansubtypic AIV dataset, which necessitates the inclusion of 

thousands of sequences. Subtree prune and regraft (SPR) distances have previously been used 

to approximate the number of reassortment or recombination events by quantifying tree 

dissimilarity based on the number SPR operations between phylogenies.24,255 A SPR operation 

consists of cutting an edge to prune a subtree from its current position, with the subtree 

reattached or regrafted to a new position anywhere in the tree.256 Phylogenies that are similar 

will only need a small number of SPR operations to convert the topology of the test tree into 

the reference tree.255 However, phylogenetic uncertainty and the resultant phylogenetic noise 

reduces the power of SPR distance estimates, as independent analyses of phylogenies of the 

same segment can yield distances comparable to distances between distinct segments.24 SPR 

distances are also by definition an underestimate of the real number of reassortment events.24 

Other studies have reconstructed and quantified reassortment in seasonal influenza by 

modelling HA-defined lineage state transitions along the branches of phylogenies by discrete 

trait analysis.24,247,257,258 However, this approach is inappropriate for avian influenza where 

lineage definition across gene segments must be decoupled as a result of the distinct 
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evolutionary histories of the HA/NA and internal genes (see section 1.2-1.5) and the associated 

high frequency of reassortment. An alternative approach compares the divergence date of extant 

diversity for the lineages of internal genes on a unified timescale to identify putative 

introgression of lineages resulting from reassortment events.258,259 However, Bayesian 

molecular dating analysis would be computational intractable for a globally representative 

pansubtypic dataset due to the number of sequences necessitated. A novel, coalescent-based 

phylogenetic network model has also been proposed, but it is computationally intractable in 

large datasets owing to its complex Bayesian framework.260 

To address the limitations of current methods for reassortment detection,  I developed the  

DeviantChild algorithm and applied it to quantify phylogenetic incongruence as a measure of 

reassortment frequency in globally representative pansubtypic datasets of avian and swine 

influenza viruses to quantify reassortment dynamics across subtype, host and spatiotemporal 

scales.  

4.2. Methods 

4.2.1. Quantification of reassortment frequency in pansubtypic avian and 

swine influenza datasets 

Phylogenetic incongruence was quantified by the novel DeviantChild algorithm for all 15 

pairwise segment combinations (i.e. all combinations of the six genes) in the pansubtypic avian 

and swine influenza dataset, which were genotype-based downsampled and curated according 

to the PhyCLIP-genotyping approach described in section 3.2.1. Only the major host orders 

were considered, as the other orders have <1% representation. In contrast to the seemingly free 

reassortment of the internal genes of avian influenza (section 1.2), swine influenza viruses 

reassort to acquire different HA and NA genes on a set of persisting internal genes i.e. the triple 

reassortant internal gene cassette (TRIG).261 The pansubtypic swine influenza dataset was 

included in the analysis to investigate the reassortment dynamics of IAV in the non-reservoir 

host, but also to further validate DeviantChild by testing its ability to recover the well-

documented reduced reassortment frequencies of the TRIG of swine influenza.262 DeviantChild 

is available at https://git.io/JUPWF. 

4.2.1.1. Description of the DeviantChild algorithm  

The DeviantChild algorithm was designed to quantify phylogenetic incongruence between two 

phylogenies as a measure of reassortment frequency. The algorithmic approach is structured 
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into two major steps: 1) Detection of incongruence by a patristic distance distributional shift 

test between phylogenies and 2) Conditioning on bidirectional major paths between 

phylogenies to constrain asymmetry in the definition of incongruence.  

4.2.1.1.1. Detection of phylogenetic incongruence by patristic distance distributional shift 

test  

For every combination of phylogenies (e.g. segment combination PB2_PB1), a parent 

phylogeny i.e. PB2 and a child phylogeny i.e. PB1 are designated (Figure 1). To trace 

congruence between phylogenies, each sequence in the parent and child phylogeny needs to be 

assigned a lineage address to indicate its phylogenetic placement. DeviantChild operates on 

PhyCLIP designated clusters that recover spatiotemporally informative phylogenetic units of 

diversity for avian influenza (See Chapter 2 for description and validation of the PhyCLIP 

algorithm and section 3.3.1 for details on parameters for phylogenetic clustering of the 

pansubtypic dataset).222  

In the first algorithmic step, for each cluster in the parent phylogeny (i.e. parent cluster) all 

paths connecting the sequences in the parent cluster to clusters in the child phylogeny are found 

(Figure 1). For the parent cluster, the path that maximizes sequence membership i.e. has the 

most connections between the two phylogenies is designated as the major congruent path, 

whereas all alternative paths are designated deviant paths. Next, the patristic distance 

distribution between each deviant path and its main path is tested to determine whether the 

deviant path is phylogenetically distinct enough from the main path to be considered 

incongruent within the background branch distribution of the child phylogeny. Deviant paths 

are further classified as major and minor deviant paths and undergo different distributional shift 

tests to increase the test sensitivity for singleton deviant paths. Major deviant paths are defined 

as deviant paths with more sequence members than the 20th percentile of the major congruent 

path size, which was determined as a discriminatory point from the overall distribution of major 

path sizes.  
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Figure 1: The DeviantChild workflow. Major and deviant paths from the parent to the child phylogeny are illustrated in the 
tanglegram as edges connecting the two trees. Edges are coloured by their cluster identity in the parent phylogeny, and conflict 
in the child phylogeny if the edge represents a phylogenetically incongruent or deviant path. The red lines indicate the major 
and deviant paths of toy parent clusters 1 and 2 as textually annotated. The inset distributions illustrate the distributional shift 
test associated with these deviant paths (indicated with additional red line), including the detection of true positives and true 
negatives as labelled. WCL – within cluster limit. Implanted viruses (see section on simulated false positives) are coloured in 
red in the child phylogeny, with unclustered progenitor viruses coloured in black 

For each major deviant path, the sequences of the major deviant path and its major congruent 

path are combined (Figure 1). The mean pairwise patristic distance for this collapsed cluster is 

calculated as a measure of internal divergence. This mean distance is then the tested against the 

PhyCLIP-derived within cluster limit (WCL) for the child phylogeny, which is calculated from 

the population-wide distribution of genetic diversity by equation 1 as an upper-bound on the 

internal divergence of clusters/lineages:  

!"# = 	 &̅ + (*+)	 
            (1) 

where &̅ is the grand median of the mean pairwise patristic distance distribution 

{μ1,μ2,…,μi,…,μN} from the full phylogeny, + is the median absolute deviation to account for 

dispersion of the mean pairwise patristic distance distribution and * is the multiple of deviations 

from the grand median of the mean pairwise sequence patristic distance (See Chapter 2 for full 

description of PhyCLIP’s statistical framework).  

If the combined cluster’s mean pairwise patristic distance is higher than the WCL, i.e. &! ≥
!"#, the deviant child path is statistically distinct enough from the main congruent path to be 

designated phylogenetically incongruent with confidence (i.e. it passes the distributional shift 

test). If the mean distance falls below the WCL the two clusters are not distant enough for robust 
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classification as phylogenetically incongruent, and the deviant path fails the distributional shift 

test (Figure 1). For each minor deviant path, the mean of the distance between each sequence 

in the minor deviant path and each sequence in the major congruent path is calculated and tested 

against the WCL. All sequences designated as unclustered by PhyCLIP’s distal dissociation are 

treated as singleton minor deviant paths and are tested accordingly .  

4.2.1.1.2. Bidirectional major path conditioning to constrain asymmetry in phylogenetic 

incongruence definition 

The clustering properties of the internal gene phylogenies are expected to differ based on 

inherent dissimilarities in the standing diversity, evolutionary history and sampling of the 

segments.222 However, differences in clustering resolution between any two phylogenies under 

investigation is a potential source of asymmetry in the definition of incongruence between 

lineages, based on which phylogeny is conditioned on as the parent. For example, the parent 

phylogeny has a large subtree with low internal divergence designated as a single cluster which 

forms three statistically significant deviant paths to the child phylogeny (Figure 2). 

Theoretically, this would be calculated as three reassortment events. However, if the initial 

child phylogeny is conditioned on as the parent, the three deviant clusters - now parent clusters 

- would all collapse into the one low divergence child cluster. Resultantly, no potential 

reassortment events would be calculated (Figure 2). When calculated bidirectionally, the 

asymmetrical difference in the number of potential reassortment event between segments is 

equal to the difference in the number of clusters between the two segments by equation 2. 

.(/ − 1) 
           (2) 
Where n and m are the respective number of clusters in the two phylogenies where n≥m.  

Jointly reconstructing the ancestral state of genomic segments to infer parental viruses for 

reassortants is extremely complex and would require reconstruction and comparison to infinite 

species trees.24 There is currently no exact way of identifying the donor or recipient of genes in 

the source-sink dynamics of reassortment based on population-level sequence data, with genetic 

similarity to circulating ancestral viruses frequently used as the most optimal heuristic to 

identify potential parent strains.259,260 DeviantChild’s approach negates the need to identify a 

parental state, but introduces asymmetry in the definition of reassortment events. To remove 

this asymmetry, all major paths are re-classified: major paths that are designated as major by 

the distributional shift test for both of the segment configurations i.e. PB2_PB1 and PB1_PB2, 

are classified as bidirectional major or congruent paths. These paths represent a major lineage 
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association between the two segments (i.e. the sequences are ‘unreassortant’), and the number 

of sequences in these paths are classified and calculated as congruent. All other deviant or non-

bidirectional paths represent minor lineage associations of the segments (i.e. the sequences are 

‘reassortants’) and are classified and calculated as incongruent. Visualization of phylogenetic 

incongruencies as tanglegrams was performed with the Baltic module 

(https://github.com/evogytis/baltic). 

4.2.1.2. Validation of DeviantChild’s reassortment frequency quantification 

4.2.1.2.1.  Validation of DeviantChild’s distributional shift test in simulated communities 

The sensitivity and specificity of DeviantChild was evaluated in synthetic phylogenies 

reconstructed from forward-time simulated communities as described in section 5.2.5. To 

evaluate DeviantChild’s specificity, a random number of nested paths (drawn from a 

distribution between five and ten) where interspersed within established clusters for each 

phylogeny (Figure 1). These “implanted” viruses served as true negatives in the distributional 

shift test. Sensitivity and specificity were calculated as per equations 3 and 4.  

!"#$%&%'%&( = 	 +,-"	./$%&%'"$
+,-"	./$%&%'"$ + 123$"	4"52&%'"$ 

            (3) 

!6"7%8%7%&( = 	 +,-"	4"52&%'"$
+,-"	4"52&%'"$ + 123$"	./$%&%'"$ 

            (4) 

 

Figure 2: Asymmetry in the definition of phylogenetic incongruency between phylogenies based on differential lineage and 
clustering resolution. If the first phylogeny (PB2) is conditioned on as the parent phylogeny, parent clusters 2 (orange), 3 (red), 
4 (green) and 4.1 (purple, and a false positive) all collapse into the low internal divergence child cluster 5 (dark red) in child 
phylogeny PB1, as indicated by the black arrows. However, if the second phylogeny PB1 is conditioned on as the parent 
phylogeny, parent cluster 5 (dark red) is stratified across child clusters 2 (orange), 3 (red), 4 (green) and 4.1 (purple, and a false 
positive), resulting in multiple incongruent paths counted.  
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4.2.1.2.2. Comparison of DeviantChild’s reassortment frequency to adjusted mutual 

information 

DeviantChild’s reassortment frequencies were compared to mutual information (MI) estimates 

between segment combinations in the empirical datasets. MI is an information theoretic 

measure of the relationship between random variables which has previously been used to 

investigate reassortment biases.23 MI quantifies the amount of information on average that one 

random variable carriers about another i.e. how much does knowing the cluster identity of a 

taxa in one partition reduce uncertainty in its identity in the other clustering partition.263 The 

formal definition of mutual information for random variables X and Y which takes on values in 

a set e.g., 2 = {4", 4#	, . . 4%	} defined by probability distribution P(X) is 

8(9, :) = 	;;<	(4, =) log <(4, =)
<(4)<(=)

&∈()∈*
 

            (5) 
where P(X) and P(Y) are the marginal distributions of X and Y. The adjusted mutual information 

(AMI) measure adjusts the MI for the expectation as per equation 6, accounting for the fact that 

MI increases monotonically with cluster number.263  

AB8 = 	 8(9, :) − C{8(9, :)}
max{G(9), G(:)} − C{8(9, :)} 

            (6) 
Where H(X) and H(Y) are the entropies of X and Y respectively.263 Under this framework, cluster 

labels – here representing PhyCLIP’s clusters/lineages - were compared between pairwise 

segments (e.g. PB2 and PB1). AMI is bounded between 0 and 1, with AMI approaching 1 for 

segments with more similar cluster labels and therefore fewer phylogenetic incongruencies. 

The AMI measure has been shown to perform well in clustering partitions with a large number 

of small, unbalanced clusters, as expected in the current study.264 AMI estimates were 

calculated with the sklearn module in python.265  

4.2.1.2.3 Comparison of DeviantChild’s reassortment frequency to conditional lineage 

matching probabilities 

The co-occurrence of matching lineages between segments under investigation was quantified 

using the genotype system developed in Chapter 3 to further investigate potential reassortment 

biases as follows: For every segment combination e.g. PB2 and PB1, the number of genotypes 

with matching lineages in segment two (PB1) conditioned on a matching lineage in segment 
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one (PB2) was counted (i.e. the conditional lineage matching probability). The counts were 

normalized by the marginal probability of a lineage match in segment one to account for chance 

and differences in the number of lineages across segments.  

4.2.2. Patterns of major and minor lineage association sharing across 

subtypes 

Co-occurrence matrices for all pairwise combinations of HA-NA subtypes were constructed for 

both congruent and incongruent paths to investigate how major and minor lineage associations 

of the internal genes are shared by subtypes across all segment combinations. The matrices 

were calculated as the percentage of the overall number of paths (congruent and incongruent 

respectively) where each subtype co-occurs with each co-subtype for each of the segment 

combinations. Co-occurrence was therefore asymmetrical: the co-occurrence of H1N1 with co-

subtype H5N1 was not equivalent to co-occurrence of H5N1 with co-subtype H1N1,  as the 

second configuration conditioned on the number of paths H5N1 forms part of, not H1N1 as the 

first configuration.  

For this approach, groups of subtypes with similar co-occurrence profiles must be identified for 

each segment combination and unified across the 15 pairwise combinations. Hierarchical 

clustering was applied to the unscaled co-occurrence matrices of the segment combinations to 

identify modules of subtypes with related co-occurrence profiles. Hierarchical clustering results 

in spurious clustering in the presence of substantial noise due to its greedy approach.266,267 To 

reduce the sensitivity of the clustering algorithm to outliers and/or noise, subtypes that co-occur 

with a single subtype (i.e. with a row sum of one) were removed from the matrices in the first 

step. The optimality of multiple hierarchical clustering approaches was investigated within the 

limitations of the assumptions associated with an asymmetrical, non-Euclidean distance matrix 

(Table A1). The optimal approach - agglomerative clustering with the complete linkage 

objective function - was selected as it maximized the clustering coefficient, indicating the 

clustering is the most informative in capturing underlying structure. The complete linkage 

criterion calculates the dissimilarity between two groups as the largest distance over all possible 

pairs, resulting in more compact clusters.268  

Dendrograms from the hierarchical clustering were partitioned into subtype co-occurrence 

modules at the 75th percentile of their overall height. In the absence of an approximate ground-

truth to calibrate the threshold with, an intermediate resolution was selected to reduce high 

granularity which may over-stratify co-occurrence profiles when unified across segment 
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combinations. Clustered co-occurrence modules were extracted across segment combinations 

and used to construct an ensemble co-occurrence profile for each subtype based on the module 

identities unified across all segment combinations.  

Correlation matrices of the ensemble co-occurrence profile for all subtypes for congruent and 

incongruent paths respectively were calculated using Spearman’s Rho and clustered with the 

hierarchical clustering approach above. However, the ensemble profiles showed extremely 

weak correlation across subtypes (see section 4.3.5, Figure 20). A correlation plot of the 

ensemble co-occurrence profiles by segment combinations indicated that only combinations of 

the polymerase genes had moderate strongly correlations to one another (R2 > 0.75). An 

ensemble polymerase co-occurrence profile was constructed from the polymerase co-

occurrence profiles, and highly correlated modules of subtypes were extracted based on 

correlation networks as follows: for each subtype S0i, all subtypes S1i with a rho ≥ 0.8 to S0i 

were extracted and classified as a highly-correlated co-occurrence profile to S0i.  To potentially 

extend the profile beyond the topology enforced by the dendrogram, this process was repeated 

for each S1i, with all subtypes S2i with a rho ≥ 0.8 to S1i extracted. If the mean correlation of S2i 

to S1i and S0i is ≥ 0.8, S2i was classified as part of the highly-correlated co-occurrence profile of 

S0i. Hierarchical clustering and module extraction was performed with the cluster library in R. 

All visualization in this chapter was performed with the ggplot library in R.  

4.2.3. Reassortment distance effect in genetic background 

The influence of the genetic background of viruses on reassortment frequency was investigated 

to assess a potential distance effect, where sequences sharing major lineage associations of 

specific internal genes (i.e. congruent or ‘unreassortant’ viruses) would be more likely to be 

closely related in the remaining genetic background than sequences with minor lineage 

associations (i.e. ‘reassortants’). For each segment combination (e.g. PB2_PB1), the mean 

pairwise patristic distance distribution between sequences that form part of each congruent and 

incongruent path respectively (in PB2 and PB1) was calculated for the remaining internal gene 

segments excluding the segments under investigation - for example, the background for 

PB2_PB1 is segments PA, NP, MP and NS. The distributions of mean distances in the 

background segments were compared between congruent and incongruent paths. These 

distributions were also compared to the distribution of mean within-cluster distances from 

PhyCLIP’s clustering result for the background segment under investigation and its within-

cluster limit. These function as pseudo-null distributions to set segment-specific boundaries on 

the definition of “closely-related” informed by the total diversity in the segment background 
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(see section 2.2.1). The global pairwise patristic distribution of the full background segment 

phylogeny was also calculated as an expectation of the overall diversity in the population. All 

of these distributions were compared using the two sided Kolmogorov-Smirnov test, with 

multiple comparison correction by Bonferroni’s correction in R. Distributions were parsed 

using the PhyCLIP treeparse module.222 

4.2.4. Code and data availability  

All code, data and figures of Chapter 4 is available at: https://git.io/JUz13 

4.3. Results 

4.3.1. Validation of DeviantChild in simulated phylogenies 

DeviantChild’s detection and quantification of phylogenetic incongruence was validated in 

simulated internal gene phylogenies (Figure 3). Segment combinations were simulated with 

different levels of phylogenetic incongruence to investigate if DeviantChild can accurately rank 

combinations in order of reassortment frequency and to calculate sensitivity and specificity 

under different scenarios. DeviantChild ranked the segment combinations with 100% accuracy 

(Figure 3E), with the sensitivity of the distributional shift test ranging from 89-100% across 

segment combinations (Figure 3F - a true positive distributional shift test is illustrated in Figure 

3C). False negatives were largely unclustered singleton progenitor sequences (i.e. seeding the 

next generation in the forward sequence simulation) that were ancestral to clusters on 

intermediate branches, resulting in marginal violation of the WCL. Specificity was 100% across 

segment combinations. The distributional shift test’s ability to distinguish true distributional 

shifts from potential false positives is illustrated in Figure 3D: PB2 cluster 8_4 formed a major 

congruent path across phylogenies to PB1 cluster 8_4, with two deviant paths: 4_1, a simulated 

incongruency i.e. true positive, and RS_2, an implanted nested path i.e. potential false positive. 

Deviant path 4_1 was phylogenetically distinct from major path 8_4 (Figure 3A) and was 

detected as a true positive. Deviant path RS2 was subtended by the same internal node as PB1 

8_4 (highlighted in red in Figure 3A) and was therefore not meaningfully phylogenetically 

distinct. The distributional shift test accurately captured this and RS2 was not classified as 

incongruent.  

4.3.2. Reassortment dynamics in the pansubtypic avian influenza dataset 

Phylogenetic incongruence was quantified by DeviantChild as a measure of reassortment 

frequency in the pansubtypic dataset. Sequences were categorized as either falling within the 
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major lineage association (termed the major or congruent path) across the two segments under 

investigation or within a minor lineage association (termed the incongruent path). The major 

lineage associations or congruent paths hypothetically represent viruses that are ‘unreassortant’ 

for the segments investigated i.e. sequences cluster together across phylogenies. However, it 

impossible to confirm reassortment without known parental states so the terms ‘reassortant’ 

and ‘unreassortant’ are conceptually abstained from.  

Extensive reassortment was observed across all segment combinations for avian influenza 

viruses, with percentage phylogenetic incongruence ranging between 75% for MP_NP to 80% 

for PB1_NS (Figure 4A). This corresponded to a ratio of 3-4 sequences in incongruent paths 

for every sequence in a congruent path across all combinations (Figure 4B). Segment 

combinations of the polymerase and NS gene(s) had the highest ranked phylogenetic 

incongruence. However, there was no clear evidence of reassortment bias between specific 

segments, as the 5% difference between the lowest and highest ranked segment combinations 

translated to an increase of only 379 additional sequences in congruent paths out of the total 

7052. This was supported by the adjusted mutual information measure, which showed generally 

low levels of agreement across segments with no clear distinction between combinations. The 

rank of segment combinations by DeviantChild and AMI were similar, with the highest AMI 

for MP_NP and lowest for PB1_NS though differences across segment combinations were 

moderate (Figure 4C).  

There were 1230 congruent paths across all segment combinations, with the highest number of 

paths in PA_PB2 followed by PB2_PB1, PB2_MP and PA_PB1 (Figure 4F). Relatively higher 

numbers of congruent paths did not necessarily translate into higher overall congruence for 

segment combinations involving PB2 as suggested by the ranking, indicated by the marginal 

differences between overall percentage incongruence (Figure 4A). The PB2 gene segment had 

the highest genetic diversity of the internal genes (excluding the deep divergence of the NS 

alleles) and was resultantly partitioned into the highest number of clusters by PhyCLIP, 

followed by PB1 and PA (Figure 4H).15,247 Combinations that involved the polymerase genes 

had a higher number of congruent paths of lower mean membership, suggesting co-circulation 

of many, smaller major lineage associations rather than large congruent blocks of sequences  

(Figure 4D, 4F).
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Figure 3: Validation of Deviant Child algorithm on simulated data.  Tanglegrams of the A) highest (PB2_PB1) and B) lowest (NP_PA) simulated phylogenetic incongruence across segment combinations In both 
tanglegrams, viruses are coloured by PhyCLIP cluster, annotated with the identity of their seeding virus in the first two generations of the simulation e.g. 4_1 and 4_2 are seeded from the same virus (4) in the second generation. RSxx 
indicates interspersed nested clusters to detect false positives. C) Example distribution shift detection of true positive simulated reassortment event between PB2 parent cluster 6_4 and PB1 deviant paths 10_1 and 10_4 (main path 6_4 
in PB1 not shown) in Figure A. Distributions highlighted in red were detected as statistically distinct deviant paths. D) Example of detection of false positives (see main text for full details). Distribution shift did not indicate that RS2 
is a statistically distinct cluster from 8_4 (in blue) (interspersed in a single clade in PB1 of Figure A) and therefore does not result in a false positive, whereas 4_1 is detected as a true positive. E) Percentage sequences in incongruent 
paths across segment combinations in simulated phylogenies, ranked according to highest frequency of incongruency F) Sensitivity and G) Specificity of the Deviant Child algorithm across the bidirectional segment combinations  
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The MP and NS phylogenies had distinct evolutionary histories from the polymerase genes,  

characterized by big, low divergence subtrees that were captured as a lower number of major 

lineages associations of relatively higher mean size across their segment combinations (Figure 

4D, Figure A1). Overall, 17 of the 23 congruent paths that encompassed more than 100 

sequences were located in segment combinations that involved the NS or MP gene (Fig 4D). 

Incongruent paths were by definition smaller than the congruent paths across combinations. 

There were only two incongruent paths encompassing more than 100 sequences (located in 

MP_NS), with 76% of the additional 92 incongruent paths with more than 50 members across 

all combinations involving MP or NS (Figure 4E).    

 

Figure 4: Reassortment dynamics statistics for AIV. A) Percentage phylogenetic incongruency across segment combinations. 
B) Ratio of sequences in incongruent to congruent paths across segment combinations. C) Adjusted mutual information across 
segment combinations. D) Number of sequences in each congruent path across segment combinations. E) Size of each 
incongruent path across segment combinations. F) Number of congruent paths across segment combinations. G) Summary 
mean and median path sizes across segment combinations. H) Number of clusters designated for each segment by the PhyCLIP 
phylogenetic clustering algorithm.  
 

The internal divergence of congruent and non-singleton incongruent paths across segments, 

measured by the distribution of the median pairwise patristic distances, was not statistically 

distinct by the two-side Kolmogorov Smirnov test. This test found no evidence that the 

congruent paths were drawn from a distinct distribution relative to the non-singleton 
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incongruent paths, suggesting that major lineage associations were not exclusively driven by 

an outbreak surveillance-bias towards large stretches of closely-related viruses clustered in 

space and time. (Figure 5).  

 

Figure 5: Median within-path pairwise patristic distance in each segment of segment combination for all congruent and 
incongruent paths.  
 

4.3.3. Host-level reassortment dynamics of avian influenza viruses 

The ratio of viruses in incongruent paths relative to congruent paths interpretably normalizes 

comparison across host orders with highly variable representation, where a ratio of 1 would 

indicate there were as many congruent sequences as incongruent sequences i.e. relatively low 

levels of phylogenetic incongruence overall. Approximately 68% of sequences in the 

pansubtypic dataset were isolated from Anseriformes hosts, compared to 13% and 15% for 

Charadriiformes and Galliformes respectively (see section 3.3.2). The remaining host orders 

represented less than 1% of all sequences and were excluded from subsequent host-level 

analyses as there was too little information to draw meaningful conclusions on reassortment 

frequency in these hosts (Figure 6B).  

Phylogenetic incongruence was highest in the reservoir Anseriformes hosts (Figure 6A). The 

mean incongruence ratio across segment combinations for Anseriformes was 5.3, with ratios 

maximized for PB2_NS at 6.3 and minimized at 4 for MP_NS. As in the overall dataset, 
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segment combinations of the polymerase and NS gene(s) had the highest ranked phylogenetic 

incongruence. However, differences in the level of incongruence between combinations 

showed no significant signal for population-level reassortment biases. Anseriformes viruses 

had the highest number of congruent paths across segment combinations for the host orders. 

The number of congruent paths was, however, disproportionately low relative to the number of 

Anseriformes viruses in the dataset and was magnitudes smaller than the number of incongruent 

paths, supporting the estimated high reassortment frequency (Figure 6B, 6C).  

The Charadriiformes isolated dataset had the second highest incongruence ratios, with a mean 

ratio of 2.33 across segment combinations. The ratio was maximal at 3.7 for MP_NS, in contrast 

to the low ratios observed for this segment combination in Anseriformes and Galliformes. 

Lower incongruence ratios estimated for PB2_PA, PB2_PB1, PB1_MP and PA_MP suggested 

more stable major lineage associations between these segments in Charadriiformes, though 

statistical signal for co-segregation remained negligible. When only viruses isolated from gull 

species were investigated as a subset of Charadriiformes, the PA_MP segment combination had 

a ratio estimated to be below 1, suggesting higher overall congruence between gull viruses than 

incongruence for these two segments. Charadriiformes had fewer congruent paths than 

Galliformes across segments, but the major lineage associations in Charadriiformes hosts were 

larger on average, suggesting larger blocks of viruses clustered together across phylogenies for 

these hosts (Figure 6). The Galliformes dataset had the lowest incongruence ratios across the 

three major host orders, with a mean ratio of 1.5 across segment combinations. The ratio was  

maximized for PB2_PB1, PB1_NP, PB1_NS and PB1_MP at >1.8, and approached 1 for 

MP_NS, NP_NS and NP_MP, which did not statistically support a reassortment bias between 

any specific segment combination.   

To measure gene flow between host orders, the contribution of the respective host orders to 

each individual congruent and incongruent path was calculated as the percentage of the total 

sequences in each path isolated from the host. Congruent paths had highly variable contribution 

from host orders across segment combinations, suggesting substantial viral gene flow between 

orders with the majority of major lineage associations shared across two of the main host orders 

irrespective of path size (Figure 7A). 
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Figure 6: Reassortment dynamics statistics for AIV by host order. A) Measure of reassortment frequency across segment 
combinations by host order. The size of datapoints reflects the number of viruses in host order in the final dataset. The red line 
indicates a ratio of 1:1 for congruency to incongruency. The x-axis is sorted by the overall reassortment frequency for each 
segment combination in Figure 4A. The grid is sorted by the overall number of sequences representing each host order. B) 
Total number of sequences from each host order in final dataset. C) Total number of congruent paths across host orders. Data 
points are coloured by segment combination as per legend. X-axis is sorted by total number of sequences representing host 
order. D) Total number of incongruent paths across host orders. E) Mean size of congruent path across host orders. 

 

There were 511 host-specific congruent paths, i.e. paths where all member sequences were 

isolated from a single host, across all segment combinations (Figure 7B). The number and size 

of host-specific congruent paths indicate how the gene flow of major lineage associations may 

be restricted to specific hosts, with variability across segment combinations reflecting potential 

host-restrictions on co-segregation biases. There were 284, 136 and 78 host-specific paths in 

Anseriformes, Galliformes and Charadriiformes respectively. This was disproportionately low 

for Anseriformes, as the majority of congruent paths are distributed across host orders. 

Charadriiformes had fewer intermediate contributions to congruent paths and a higher 

proportion of host-specific congruent paths that were larger relative to the other host orders, 

suggesting more restricted gene flow of major lineage associations in Charadriiformes (Figure 

7 B-D). There was no clear host-specific co-segregation bias supported for Charadriiformes by 

the number of host-specific paths across segment combinations, with a clear trade-off between 

the number of host-specific paths and the mean size of the paths across combinations. However, 

Charadriiformes-specific major lineage associations for segment combinations with the PB1 

gene were larger on average, suggesting potential polymerase-driven Charadriiformes-specific 

genotypes. This may also be a result of oversampling of specific PB1 lineages. Segment 

combinations with PB2 and PB1 had the highest number of Anseriformes-specific congruent 
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paths, suggesting possible Anseriformes-specific co-segregation biases (Figure 7C). However, 

the mean size of these Anseriformes-specific paths was low, indicating that these major lineage 

associations occurred in small clusters of Anseriformes viruses that likely do not reflect host-

specific functional matching of lineages.  Galliformes-specific congruent paths also had very 

low mean sizes, with no clear reassortment bias suggested by the number and size of host-

specific congruent paths.  

The distribution of the number of HA-NA defined subtypes represented by viruses in all 

congruent paths was severely right skewed across host orders (Figure 8A). The median number 

of subtypes represented in congruent paths ranged from 2-3 and 3-5 across segment 

combinations for Anseriformes and Charadriiformes respectively. However, none of the 

segment combinations’ distributions were statistically distinct between Anseriformes and 

Charadriiformes by the two-sided Kolmogorov Smirnov test. Major lineage associations 

between all internal genes in these host orders were therefore predominantly multisubtype, with 

outlying paths representing as many as 53 subtypes in the Anseriformes subset (major lineage 

association for MP_PB1).  The distribution of the number of subtypes represented in congruent 

paths for Galliformes was statistically distinct from Anseriformes and Charadriiformes, with a 

median of 1 subtype across congruent paths and segment combinations. This indicated that 

major lineage associations between internal gene segments in Galliformes were largely HA-

NA subtype specific. The distribution of the number of subtypes represented in congruent paths 

was also statistically indistinct between all segment combinations, indicating there was no 

evidence for any segment combination bias towards increased subtype richness across hosts.  

The distribution of the number of subtypes represented in incongruent paths across host orders 

was even more severely negatively skewed, with a median of 1 for all host orders and segment 

combinations respectively (Figure 8B). The median subtype number of 1 reflected the high 

number of singleton incongruent paths. The distributions of the segment combinations were all 

statistically distinct for Anseriformes owing to differences in the properties of the right tails, 

with numerous outlying multisubtype incongruent paths with as many as 39 subtypes in a single 

incongruent path for MP_NS (Figure 8B). The distribution of subtype numbers in Galliformes 

incongruent paths was statistically distinct from Anseriformes and Charadriiformes.  
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Figure 7: Host-specific reassort dynamics  of AIVs. A) Percentage contribution of respective host order to each individual 
congruent path across segment combinations. The size of datapoints reflect the overall size of the congruent path. B) Number 
of host-specific congruent paths across host orders. C) Number of host-specific congruent paths across segment combinations 
for respective host orders, coloured by designation in Figure B. D) Mean size of host-specific congruent paths across segment 
combinations for respective host orders, coloured by designation in Figure B. All segment combination axes sorted by 
decreasing Anseriformes rank in Figure C.  

 

Subtypes were largely represented in congruent paths of segment combinations for more than 

one host order, reflected in the percentage contribution of each subtype to congruent paths 

stratified by host (Figure 9). Overall, 16 of the 120 subtypes were represented in major lineage 

associations in a single host-order. However, this suggestive host restriction likely resulted from 

surveillance bias rather than a true host restricted gene pool, as 14 of the 16 subtypes were 

represented by fewer than 10 sequences. Eleven of the 14 low-representation subtypes were 

Anseriformes-restricted, with the remaining H16N6, H13N3 and H11N7 restricted to 

Charadriiformes. Better represented subtypes H13N2 (n=45 sequences), H13N8 (n=95 

sequences) and H16N3 (n=106) were all restricted to congruent paths in Charadriiformes, 

whereas H13N6 was Charadriiformes-restricted excluding two sequences. When only 

Charadriiformes-specific paths were investigated, the large congruent paths in H13Nx and 
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H16Nx showed variable percentage contributions from the subtypes, supporting 

H13Nx/H16Nx mixed paths (Figure 10). Collectively, this evidence supported a host order 

restriction on major lineage associations for H13Nx and H16Nx subtypes in Charadriiformes. 

The paths were variably distributed across the restricted H13Nx/H16Nx gene pool, supporting 

moderate levels of intersubtype mixing.  

 

Figure 8: Distribution of the number of subtypes in all A) congruent and B) incongruent paths across segment combinations 
for different host orders across hosts.  
 

Percentage contribution of predominantly Anseriformes isolated subtypes such as H4N6, 

H3N8, H11N9 and H1N1 to all congruent paths were variably distribution across segment 

combinations. This supports evidence of high levels of intersubtype reassortment for the 

internal genes for Anseriformes (Figure 9). The median congruent path contribution for 

Galliformes isolates across subtypes was relatively higher for PB1_PA, PB2_PB1, PA_MP, 

PB2_MP, PB1_MP and PB2_PA on the aggregated level, supporting evidence that major 
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lineage associations in Galliformes for these segment combinations were more subtype-specific 

than for Anseriformes and Charadriiformes (Figure 7, 11). In fact, the  median percentage 

contributions to congruent paths for Galliformes was 2 to 5-fold higher across segment 

combinations. This was driven by two factors: 1) the relatively higher number of subtype-

specific host-specific congruent paths for e.g. H5N1, H9N2 and H7N3, which reflected the 

restricted subtype pool circulating in Galliformes and 2) Anseriformes’ large number of low 

subtype-specific contributions to congruent paths resulting from high intersubtypic 

reassortment (Figure 9, Figure 10, Figure 11).  

Isolating only the host-specific congruent paths, subtypes had very uneven percentage 

contributions to paths (Figure 10). However,  low mean host-specific paths sizes in Galliformes 

and Anseriformes (6 and 10 viruses respectively, relative to 30 viruses for Charadriiformes) 

limited inference on the interplay of host and subtype order restrictions on major lineage 

associations. However, the small path sizes highlight the ubiquity of inter-host inter-subtype 

gene flow of the internal genes.  H9N2 was represented in several small, subtype-dominated 

host-specific congruent paths across segment combination, highlighting the many co-

circulating H9N2 genotypes described in Chapter 3. H5N1, H7N3, H7N6, H6N1 and H6N2 

also had subtype-dominant Galliformes-specific congruent paths of various sizes, but not for 

all segment combinations. This indicated the influx of lineages from the other host orders 

(Figure 10) or that the majority of the viruses represented a minor or multisubtypic lineage 

association. This is exemplified for H7N9, where the majority of viruses were in multi-host or 

multi-subtype paths as documented in its evolutionary history of dynamic reassortment with 

H9N2 and therefore were not included in the host-specific, subtype-specific paths in Figure 

10.269
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Figure 9: Percentage contribution of each subtype to congruent paths, with host order annotated by colour. Size of datapoint indicates overall size of congruent path 
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Figure 10: Percentage contribution of each subtype to host-specific congruent paths, with host order annotated in colour. Size of datapoint indicates overall size of congruent path 
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Figure 11: Percentage contribution to congruent paths by segment combination, annotated in colour by host order. X-axis 
reflects HA-NA subtypes sorted numerically but unlabeled for visualization (n=120). Triangle represents the median 
percentage contribution by host order. Data points at 100% represent subtype-specific host-specific congruent paths. 
 

The number of subtypes represented in Anseriformes and Charadriiformes-specific congruent 

paths varied across internal gene segment combinations, with the median ranging between two 

and three (Figure 12A). This supported the evidence that host-restricted major lineage 

associations were largely multisubtypic, though inference was limited by the low mean path 

size. There was  no clear evidence for more subtype-rich host-specific congruent paths for 

specific segment combinations. The median number of subtypes represented in major lineage 

associations of the internal genes ranged between one and two in the gull subset of the 

Charadriiformes isolated viruses. The median number of subtypes in Galliformes-specific 

congruent paths was one across segment combinations, indicating that the majority of 

Galliformes-specific major lineage associations were subtype specific, with no segment bias 

for multisubtypic associations. The negatively skewed distribution of the number of subtypes 

in host-specific incongruent paths across host orders and segment combinations was a reflection 

of the high number of small and  singleton incongruent paths (Figure 12B).  
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Figure 12: Distribution of the number of subtypes in A) congruent and B) incongruent host-specific paths across segment 
combinations for different host orders across hosts.  

 

4.3.4. Conditional probability of lineage matches across segments 

combinations 

To further investigate reassortment biases at the population level for avian influenza, the 

conditional probability of a lineage match in one segment given a match in a second segment 

was combinatorially calculated for all genotypes defined by the system developed in Chapter 

3. If the segment combination under investigation (e.g. PB2 and PB1) tend to co-segregate 

during the reassortment process, then a high number of genotypes would share matching 
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lineages in both PB2 and PB1. Conditional and marginal counts were performed in the 

aggregated dataset and stratified by host order to investigate host drivers in reassortment biases.  

Conditional lineage matching probabilities were low in the overall and Anseriformes datasets, 

as expected from the high frequencies of reassortment observed at the population level in the 

aggregated and Anseriformes dataset (Figure 13). Negligible differences across segment 

combinations supported no clear signal for reassortment biases in the overall and Anseriformes 

dataset respectively.  The ranking of segment combinations by conditional lineage matching 

probability was consistent between the overall and Anseriformes dataset, reflecting the host 

order’s disproportionate representation in the global dataset (section 3.3.2). The highest 

probabilities were reported for segment combinations of MP conditioned on the remaining 

genes (maximized at 0.2 for MP|PB1), followed by combinations with NS, conditioned on the 

remaining genes (maximum 0.14 for NS|PB1). Marginal probabilities for lineage matching 

were low across datasets, but were maximal for MP and NS at 0.032 and 0.028 in the overall 

dataset.  Conditional probabilities were higher for Charadriformes and Galliformes isolates 

across all segment combinations, reflecting the lower frequencies of reassortment reported for 

these host orders at the population-level (Figure 13). However, inference on reassortment biases 

were still limited by the low probabilities, with no strong signal across the different 

combinations. For Charadriformes, probabilities were maximal for segments NP|PB2 and 

NP|PB1 respectively at 0.38 and 0.34, followed by NS|PB2 and NS|PA 0.37 and 0.35. NS had 

the highest marginal probability at 0.067, followed by NP and MP, with the lowest probabilities 

for combinations conditioned on the NS gene.  In Galliformes, the highest probabilities were 

for NP|PA (0.44), NP|PB2 (0.41) and NP|MP (0.4), with maximized marginal probability for 

NP (0.034), followed by NS and MP.  

4.3.5. Subtype-level reassortment dynamics of avian influenza 

The incongruence ratio was highly variable across subtypes and segment combinations (Figure 

14A, Figure A2A-E). Predominantly Anseriformes isolated subtypes (Figure 14B) such as 

H4N6, H10N7, H11N7 and H1N1 had substantially higher ratios and therefore incongruence 

than predominantly Galliformes or Anseriformes-Galliformes balanced isolated subtypes such 

as H5N1, H5N6, H5N8, H7N9 and H9N2,  which are all subject to outbreak surveillance biases 

(Figure 14C). H10N6, H5N6 and H5N8 had a high number of segment combinations with ratios 

below 1, which indicated relatively low levels of phylogenetic incongruence overall. Overall, 

there were 214 segment combinations and 51 subtypes (of the total 120) with ratios equal to or 

below one in at least one segment. The majority of segment combinations with a ratio below 1 
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in the full subtype dataset (see A2A-E) included the MP segment, though for some subtypes 

(including H5N8, H5N6 and H10N6) segment combinations of the polymerase genes also 

showed low phylogenetic incongruence (Figure 14E).  

 

Figure 13: A) Conditional probability of lineage matching  across segment combinations B) Marginal probability of lineages 
matching in segment 1 foe all pairwise genotype combinations 

 

The number of congruent and incongruent paths varied across subtypes, as expected by unequal 

representation in the final dataset (Figure 14J). There were 415 subtype-specific congruent 

paths across segment combinations, with the majority isolated in Galliformes or Anseriformes-

Galliformes balanced subtypes such as H5N1, H9N2 and H7Nx (Figure 14F-G). The 

Galliformes subtype-specific paths were larger on average than Anseriformes subtype-specific 

congruent paths, suggesting multiple small, circulating genotypes. 

Co-occurrence of HA-NA defined subtypes in congruent and incongruent paths was 

investigated to quantify the patterns of major (congruent) and minor (incongruent) lineage 

association sharing of the internal genes among subtypes. Figure 16 depicts the percentage co-

occurrence of each of the 120 subtypes (x-axis, sorted sequentially from H1-H16) with each 

co-varying subtype (y-axis, sorted sequentially from H1-H16, labels on both axes removed for 
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visualisation) across all of the congruent paths for all segment combinations. At this 

dimensionality, inference around individual subtype co-occurrence in congruent paths was both 

complex and noisy.  

 

Figure 14: Reassortment dynamics statistics by subtype. A) Incongruence ratio across segment combinations for the 30 most 
prevalent subtypes. B) Distribution of sequences across host order for the 30 most prevalent subtypes. C) Ratio of sequences 
in incongruent to congruent paths across segment combinations for 9 subtypes that are either predominantly isolated from 
Galliformes or shows more even distribution of sampling between Galliformes and Anseriformes. D) Number of segment 
combinations with a ratio of sequences in incongruent paths to congruent paths equal to or below 1 across subtypes. E) Number 
of subtypes with a ratio of sequences in incongruent paths to congruent paths equal to or below across segment combinations. 
F) Percentage of all congruent paths for subtype that are subtype-specific G) Mean size of subtype-specific congruent paths 
across subtypes. H) Number of subtype-specific congruent paths across segment combinations. I) Mean size of subtype-specific 
congruent paths across segment combinations. J) Number of congruent and incongruent paths across segment combinations 
for all subtypes investigated. 
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However, there were clear patterns in the varying co-occurrence levels and distribution of 

sparsity across co-occurrence matrices: Segment combinations of the polymerase genes as well 

as their interaction with NP had far lower levels of co-occurrence in congruent paths across 

subtypes. This suggested sharing of major lineage associations for polymerase segments was 

more subtype-restricted, though this may have been influenced by differences in the path size 

distribution across combinations (Figure 4). For incongruent paths (Figure A3), sparsity 

decreased across segment combinations, driven by the frequent intersubtype reassortment that 

resulted in many subtypes sharing minor variants of internal gene lineage associations, 

including the polymerase genes. Co-occurrence levels were expectedly lower for incongruent 

paths than for congruent paths due to the large number of singleton incongruent paths.  

In an initial attempt to extract patterns of consistent co-occurrence between subtypes from the 

high dimensional data in Figure 16, the number of co-subtypes that co-occur in paths with each 

subtype at high-levels was quantified across segment combinations. High-level co-occurrence 

was defined by a threshold of 80% co-occurrence between the subtype and co-subtype across 

paths. Anseriformes subtypes H4N6, H3N8, H11N9 and H10N7 co-occurred  with the largest 

number of subtypes at high-levels across segment combinations in both congruent and 

incongruent paths. Notably, these were also the disproportionately highly represented subtypes 

in the final dataset. There was a moderately strong correlation between the number of sequences 

per subtype in the final dataset and the number of co-subtypes and segment combinations with 

high co-occurrence in congruent paths for each subtype (Figure 15A) (R=0.77, P<0.0001).  

However, there was a subset of subtypes (encompassing H5N1, H5N6, H9N2, H7N9, H5N8, 

H6N6, and H5N2 across both congruent and incongruent paths and H16N3, H13N8, H13N6, 

H2N2 in exclusively congruent paths) that co-occurred with fewer subtypes than expected for 

their sequence number representation, though the subset and degree of outlying varied across 

segment combinations (Figure 15 B, C). There was no statistical or biological a priori 

expectation of a linear relationship, but the lower than expected co-occurrence may be 

indicative of restricted sharing of major and minor variants of internal gene combinations with 

other subtypes.  
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Figure 15: A) Overall relationship between the number of sequences in dataset and the total number of paths where subtype 
co-occurs with a co-subtype at a frequency of 80+% (high-level co-occurrence) across segment combinations. B) 
Relationship between the number of sequences in dataset and the total number of congruent paths where subtype co-occurs 
with a co-subtype at a frequency of 80+% C) Relationship between the number of sequences in dataset and the total number of 
incongruent paths where subtype co-occurs with a co-subtype at a frequency of 80+%  
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Figure 16: Percentage co-occurrence of subtypes in congruent paths across segment combinations. The subtype labels on both axes are removed for visualization purposes.  
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The full co-occurrence profiles (not limited to high co-occurrence threshold, see Methods) of 

the subtypes with high co-occurrence and lower than expected co-occurrence (from Figure 

15A) were compared.  The lower-than-expected co-occurrence subtypes had distinct profiles 

for co-occurrence in congruent paths from the high co-occurrence abundant Anseriformes types 

i.e. H4N6, H3N8, H11N9 and H1N1 (Figure 17). H5N1, H9N2 and H5N2 shared major variants 

of segment combinations with a limited set of Anseriformes viruses at relatively low 

percentages, but had clusters of higher co-occurrences with H5Nx viruses, and H10Nx and 

H7Nx viruses at lower levels. H7N9, H5N6 and H5N8 showed even more restricted sharing of 

major variants of the internal gene lineages, restricted to H5Nx, H7Nx and H10Nx excepting 

interactions with four Anseriformes viruses, including the predominant H4N6 and H3N8. 

H7N9 had a distinct profile, sharing major lineage associations of PB1_PB2 with H9Nx, 

H10Nx and H6Nx viruses, and PA_PB2 and PA_PB1 with H5Nx, H7Nx, H9Nx and H10Nx. 

However, restrictions on sharing of major lineages largely only applied to combinations of the 

polymerase segments, with far broader co-occurrence profiles for segment combinations 

including the MP gene e.g. MP_PB1 in Figure 17 (see Figure A4 for remaining segment 

combinations). These restrictions were also evident when stratifying HA co-occurrence alone 

(as opposed to subtype) in major lineage associations by host (Figure 18). Galliformes-isolated 

HA-types H5, H7, H9 and H10 had limited co-occurrence with other subtypes across major 

lineage associations for segment combinations relative to ubiquitous co-occurrence across HA-

type in Anseriformes (Figure A5A-B).  Charadriiformes-isolated H13Nx/H16Nx had 

completely restricted co-occurrence profiles across segment combinations, only sharing major 

lineage associations of the internal gene segments with H13Nx/H16Nx viruses (Figure 17, 

Figure A4).  

Overall, co-occurrence was far more evenly distributed across subtypes for the incongruent 

paths or minor lineage variants of all of the segment combinations, though the polymerase gene 

combinations did show more restricted co-occurrence (Figure 19, A6). H13Nx/H16Nx shared 

minor lineage associations of most segment combinations with a limited pool of non-

H13Nx/H16Nx viruses, at very low percentages and almost exclusively in Charadriiformes 

(Figures A7). H5N1, H9N2 and H5N2 shared minor lineage variants of the internal genes with 

a broader range of Anseriformes subtypes than their major lineage associations. Non-

H5/H7/H9Nx co-occurrence was far higher for H5N2 relative to  H5N1 and H9N2 (Figure 19). 

Minor variants sharing of the polymerase genes was still predominantly restricted to 

H5/H7/H9/H10Nx for H5N8 and H5N6, whereas H7N9 also shared minor variants with a broad 
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range of Anseriformes across combinations. These restrictions were clear when stratifying 

minor lineage associations by HA-type across host, with restricted co-occurrence of 

Galliformes HA-types H5, H7, H9 and H10 with all other subtypes for segment combinations 

relative to ubiquitous co-occurrence for Anseriformes across HA-types (Figure A7B). 

Consistent with the major lineage associations analysis, co-occurrence ranges were far broader 

for non-polymerase segment combinations. Galliformes subtypes predominantly shared major 

lineage associations with Galliformes subtypes, but incongruent paths with non-Galliformes 

subtypes (Figure A7A).  

 

Figure 17: Co-occurrence profile in congruent paths for subtypes with lower co-occurrence than expected for size, based 
on Figure 15. Subtypes on the Y-axis represent the subtypes conditioned on, with the co-occurring co-subtype on the x axis 
sorted by HA-NA numerical rank. Boxes highlight co-occurrences > 80%. See supplementary Figure A4 for remaining segment 
combinations.   
 

Co-occurrence analyses were extended to all subtypes at all levels (not just highly co-occurring 

subtypes). Hierarchical clustering was applied to reduce the dimensionality of the data (Figure 

16) for co-occurrence matrices of the 15 segment combinations towards building ensemble co-

occurrence profiles that reflect how co-occurrence patterns cluster across segments for all 

subtypes (see section 4.2.2). However, hierarchical clustering was not robust to the degree of 

sparsity in the matrices and resulted in ubiquitous spurious clustering (Figure A8A-C). The 

algorithm coalesced clusters initially based on strong signal from a few co-subtypes and 

continued to merge greedily, which resulted in clusters trapped in local optima as members 

cannot be removed at later stages of agglomeration if clusters’ internal divergence becomes 

suboptimal. Sparsity in the co-occurrence matrices is not directly comparable to noise or 
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missingness, as an absence of co-occurrence may result from multiple mechanisms, including 

biological incompatibility, ecological isolation or surveillance biases. To reduce sparsity in the 

matrices without substantial loss of information, all subtypes that co-occurred with fewer than 

the 10th percentile of the overall number of clusters were removed from the matrices.  

 

Figure 18: Co-occurrence of HA-types in congruent paths in Galliformes across segment combinations. Types on the X-
axis represent the types conditioned on, with the co-occurring co-type on the Y axis. See Figures A5A-B for Anseriformes and 
Charadriiformes 



 158 

 

Figure 19: Co-occurrence profile in incongruent paths for subtypes with lower co-occurrence than expected for size, based 
on Figure 15. Subtypes on the Y-axis represent the subtypes conditioned on, with the co-occurring co-subtype on the x axis 
sorted by HA-NA numerical rank. See supplementary Figure A6 for remaining segment combinations. Boxes highlight co-
occurrences > 80%.  
 

Clustered co-occurrence modules were extracted from the 15 segment combination matrices 

based on partitioning of the clustering dendrogram (Figure A8) to build an ensemble co-

occurrence profile for each subtype based on the unified cluster identities (see section 4.2.2). 

Overall, the clustering of the individual segment combination co-occurrence profiles was 

weakly correlated, which was not unexpected given the high frequencies of reassortment and 

lack of strong reassortment bias at a population-level. From the ensemble co-occurrence profile 

based on all segment combinations (Figure 20, Figure A8), it was clear that correlation between 

the ensemble profiles of subtypes was largely driven by sparsity/noise and the polymerase gene 

segment combinations. This was expected, as only the co-occurrence profiles of the polymerase 

genes (PB1_PB2, PA_PB2 and PA_PB1) showed moderately high correlation (R2>0.75), 

indicating that subtypes only co-occur with similar subtypes in major lineage associations 

across the polymerase genes (Figure 20B). Resultantly, an ensemble polymerase co-occurrence 

profile was assembled for each subtype,  with highly correlated “islands” or modules of 

subtypes extracted based on their correlation networks (see section 4.2.2).  

There were 11 correlated (R2>0.75) modules of subtypes with similarity in which subtypes they 

co-occur with in major lineage association across the polymerase gene combinations  (Figure 

21). However, the sparsity in the matrices and greedy nature of hierarchical clustering still 

resulted in overfitting, with high co-occurrence in a few subtypes driving strong correlation 

despite obvious differences in co-occurrence with other subtypes.
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A                                                                                      

 

Figure 20: A) Correlation plot of the ensemble co-occurrence profile for congruent paths across segment combinations 
between subtypes. B) Correlation plot of the ensemble co-occurrence profile of all subtypes for congruent paths across 
segment combinations. 

B 
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Varying co-occurrence profiles across segment combinations meant co-occurrence for some 

subtypes was sparsely distributed across co-subtypes in some combinations but high in others 

(see Figure A9 for an example profile). To further denoise these modules, fine-level 

relationships within these modules were refined by extracting all subtrees that had consistent 

topology across the dendrograms of the polymerase co-occurrence profiles for the correlated 

islands extracted by the correlation network approach.  

Overall, there were only 14 subtype co-occurrence modules that were consistent across 

combinations of the polymerase segments (Figure 22, Figure A10A-B), with the module-

member subtypes (on the y-axis) interpreted to share the major variants of the polymerase genes 

with the same co-subtypes (on the x-axis) more consistently than others. The modules included 

a cluster of the predominant H4N6 and H3N8 (across PB1_PB2 and PA_PB1) which shared 

major lineage variants with a very broad range of subtypes, and H9N2 and H5N1 (across 

PB1_PB2 and PA_PB2) which co-circulate endemically in Gallinaceous poultry populations 

globally. Overall, the consistent ensemble profiles included 6 profiles consisting of 

combinations of H5Nx, H9Nx, H7Nx and H10Nx viruses. However, clustering was still not 

robust to noise, with correlation sensitive to strong co-occurrence for select co-subtypes 

compared to conflicting sparsity for other co-subtypes.  

 

Figure 21: Correlation plot of the ensemble co-occurrence profile across correlated polymerase segment combinations 
between subtypes 
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Figure 22: Consistent correlated co-occurrence profiles for subtypes in congruent paths across polymerase segment 
combinations. See Figure A10 for remaining profiles. Subtypes on the Y-axis represent the subtypes conditioned on, with the 
co-occurring co-subtype on the x axis sorted by HA-NA numerical rank. 
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Figure 23: Consistent correlated co-occurrence profiles for subtypes in incongruent paths across polymerase segment 
combinations. See Supplemtary Figure A13 for remaining profiles. Subtypes on the Y-axis represent the subtypes conditioned 
on, with the co-occurring co-subtype on the x axis sorted by HA-NA numerical rank. 
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In the ensemble co-occurrence profile of minor lineages (incongruent paths), only the co-

occurrence profiles for segment combinations MP_PB1, MP_NP and NP_PB1 showed 

relatively high correlation (R> 0.75) (Figure A11). As with the major lineages associations, 

consistent subtrees in the dendrograms of highly-correlated subtype networks were extrcated 

for ensemble co-occurrence profiles assembled from the cluster identities of the profiles of the 

MP_PB1, MP_NP and NP_PB1 segment combinations (Figure A12). Overall, there were 14 

subtype co-occurrence profiles that were highly correlated across the incongruent paths of the 

MP_PB1, MP_NP and NP_PB1 segment combinations, where module-member subtypes (on 

the y-axis) were interpreted to have more similar patterns in which co-subtype (on the x-axis) 

they share minor variants of the internal gene lineage associations with relative to other 

subtypes (Figure 23). This included clustering of ubiquitous co-occurrence profiles of subtypes 

such as H5N1/H1N1, H9N2/H2N9 and H2N1/H1N2, as well as more sparse subtypes 

H7N4/H4N1, H11N1/H9N9 and H11N5/H6N3.  

4.3.6. The effect of temporality on reassortment dynamics 

The results in the previous section were averaged over all evolutionary time. However, 

temporality is expected to contribute to the observed frequency of reassortment, driven by the 

increase in sequencing practices in recent years as well as the timing of large outbreaks of AIV 

in domestic populations and the associated sampling biases towards specific domestic hosts and 

outbreak subtypes/genotypes. Percentage phylogenetic incongruency was quantified for 

intervals of five years to investigate the influence of temporality on the observed reassortment 

frequency. The distribution of phylogenetic incongruencies across segment combinations were 

compared between time intervals with a Bonferroni corrected Kruskal-Wallis test to aggregate 

reassortment dynamics across segment combinations for a simpler comparison while 

accounting for the variability across combinations.  

It was expected that reassortment frequency, proxied by percentage phylogenetic incongruency, 

would be highest for time intervals with increased sampling simply due to detection probability. 

This held for interval 2006-2010, which represented the largest number of sequences (n=2450) 

and the highest median percentage phylogenetic incongruency across segment combinations at 

84.8% (Figure 24 A, B). However, interval 2011-2015 was represented by an equivalent 

number of sequences (n=2416), but had a median percentage phylogenetic incongruency across 

segment combinations of 73%. As previously evidenced in section 4.3.3 and 4.3.4, both host 

and subtype are important drivers of reassortment dynamics. It was therefore expected that 
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reassortment frequencies would be higher for intervals with high numbers of LPAI subtype 

viruses isolated from Anseriformes hosts, previously associated with increased reassortment 

frequency in section 4.3.3, and lower for intervals that represented saturated sampling of 

outbreak subtypes and genotypes, with associated lower reassortment frequencies, independent 

of overall sampling numbers (section 4.3.3, Figure 24 B). It is important to note that the 

genotype-based downsampling for each individual subtype described in section 3.2.1 did 

reduce the magnitude of the outbreak-associated bias of subtypes such as H5Nx by 

downsampling each whole genome designated genotype to the global median genotype size to  

remove excessive identical and near-identical sequences sampled in clustered space-time for 

these subtypes. Interval 2011-2015 represented a large number of LPAI viruses isolated from 

Anseriformes hosts as well as a large number of outbreak-subtype (H5Nx, H7N9, H9N2 and 

H10Nx) viruses sampled from Anseriformes and Galliformes hosts. The interval had the second 

lowest ratio of  LPAI sequences to outbreak-subtype sequences across intervals at 1.7 (Figure 

24 B, C). Outbreak subtypes were categorized based on their time of emergence. H5N1 and 

H9N2 were classified as an outbreak subtype from 1996-2018. H5Nx viruses were categorised 

from emergence in 2011-2015 and H7N9, H10N6 and H10N8 from 2013-2018. The reduced 

reassortment frequencies observed for this interval was putatively driven by this oversampling 

of outbreak associated subtypes and genotypes, with their associated lower reassortment 

frequencies (section 4.3.3). The interval 2011-2015 encompassed both the emergence of the 

clade 2.3.4.4 H5Nx viruses, including the intercontinental dissemination of H5N1, H5N2, 

H5N8 and H5N6, as well as the emergence of H7N9 in China.220 Contrastingly, 2006-2010 had 

a far higher ratio of LPAI to outbreak sequences at 6.8 as well as higher rates of Anseriformes 

to Galliformes sampling despite representing the post-2005 global expansion of H5N1.220 After 

correction for multiple testing, only temporal intervals 2011-2015 and 2016-2018 had 

distributions of incongruencies across segment combinations that were significantly different 

from that of all other intervals, excepting pre-1996 for 2011-2015. Intervals 2011-2015 and 

2016-2018 had LPAI to outbreak subtype sequence ratios that were 50% lower than the 

intervals with increased reassortment frequencies (Figure 24 C).  
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Figure 24: A) Percentage phylogenetic incongruency for segment combinations in overall avian influenza dataset by 5-year 
time intervals. The red datapount represents the median incongruency across all segment combinations. B) Number of 
sequences by host and LPAI/Outbreak status combinations in overall avian influenza dataset by 5-year time intervals c) Ratio 
of sequences with LPAI to outbreak-subtype status in overall avian influenza dataset by 5-year time intervals.  

4.3.7. Reassortment dynamics in the pansubtypic swine influenza dataset 

The level of phylogenetic incongruence was far lower in the swine influenza dataset than the  

avian influenza dataset, with percentage incongruence ranging between 47% for PA_PB1 to 

63% for PA_MP as opposed to 75%-80% for avian influenza viruses (Figure 6A, Figure 25A). 

The corresponding incongruence ratio was close to 1 for several segment combinations 

indicating as many congruent sequences as incongruent sequences for these segments, with the 

ratio for PB1_PB2 and PA_PB1 respectively extremely close to and below 1.  The low 

incongruence relative to avian influenza was due to the maintenance of relatively far larger 

congruent paths across segments. Fifty-five of the overall 468 congruent paths (12%) 

encompassed more  than 100 sequences, though the number of congruent paths and the mean 

size of paths varied across segment combinations (Figure 25D). This is far higher compared to 

the approximately 2% of congruent paths in avian influenza viruses with more than 100 

members, though this comparison is subject to surveillance and downsampling biases. In 

contrast to avian influenza, 45% of the large major lineage associations were across segment 

combination including the ribonucleoproteins, not just the MP gene. There were also 30 minor 

lineage associations (incongruent paths) with more than 100 members across segment 

combinations, including 12 large minor lineage associations across the polymerase genes 

(Figure 25E). The AMI also showed higher mutual information between segments relative to 

avian influenza as expected, ranging from 0.65 for MP_PA to 0.87 for PB1_PB2 (Figure 25C). 

There were some inconsistencies in the ranking of segment combinations by incongruence 

between DeviantChild and AMI, most notably for PA_PB1. Only the internal divergence of 

congruent and non-singleton incongruent paths across PB1_PA was marginally statistically 

distinct after correction for multiple testing by the two-side Kolmogorov Smirnov test (p-value 
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< 0.001) (Figure A14).  This suggested that congruent paths or major lineage associations were 

not exclusively driven by an outbreak surveillance-bias towards large stretches of closely-

related viruses clustered in space and time.  

Overall, phylogenetic incongruence was largely similar for the major swine influenza subtypes 

(H1N1, H1N2 and H3N2, Figure 26 A, B), with higher ratios for non-endemic viruses in swine 

populations as they fell within minor lineage association with the predominant swine influenza 

subtypes across segment combinations. Of the major subtypes, H1N1 had the highest number 

of segment combinations with incongruence ratios equal to or below one. The majority of 

segment combinations with ratios equal to one involved the nucleoproteins (Figure 26 C, D). 

H1N2 and H1N1 had the highest co-occurrence in major lineage associations, specifically for 

the polymerase gene combinations NP_PA, NP_PB2 and PA_PB2 (Figure 27). H3N2 also had 

high occurrence in internal gene major lineage association with H1N1 across segment 

combinations, maximized for NP_PB2. Co-occurrence in minor lineage associations or 

incongruent paths were  the highest for H1N2 and H1N1 for PA_PB1, PA_PB2, NP_PB2 and 

NP_PB1 (Figure 27).  

 

Figure 25: Reassortment dynamics of swine influenza viruses. A) Percentage phylogenetic incongruency across segment 
combinations. B) Ratio of sequences in incongruent to congruent paths across segment combinations. Red line indicates a ratio 
of one, where congruency is equal to incongruency C) Adjusted mutual information across segment combinations. D) Size of 
each congruent path across segment combinations. E) Size of each incongruent path across segment combinations. F) Number 
of congruent paths across segment combinations. G) Summary mean and median path sizes across segment combinations. H) 
Number of clusters designated for each segment by the PhyCLIP phylogenetic clustering algorithm.  
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4.3.8. Reassortment distance effect in the genetic background 

Within-path distances for sequences in congruent and incongruent paths for segment 

combinations (e.g. PB2_PB1) were compared in their background segments (PA, NP, MP and 

NP, see section 4.2.3) to determine whether  sequences sharing major lineage associations of 

specific internal genes are more closely related in their genetic background than sequences with 

minor lineage associations. This would potentially elucidate whether closely related sequences 

were more likely to reassort with one another. The backbone distances of sequences in the paths 

under investigation were compared to boundaries set on the definition of “closely related” by 

the pseudo-null distribution of PhyCLIP’s within-cluster distances calculated specifically for 

the background segments.  

 

Figure 26: Reassortment dynamics of swine influenza by subtype. A) Ratio of sequences in incongruent to congruent paths 
across segment combinations for subtypes. Red line indicates a ratio of one, where congruency is equal to incongruency B) 
Number of sequences representing each subtype in pansubtypic dataset. C) Number of segment combinations with a ratio of 
sequences in incongruent paths to congruent paths equal to or below one across subtypes. D) Number of subtypes with a ratio 
of sequences in incongruent paths to congruent paths equal to or below across segment combinations. 
 

The mean within-path distances for sequences in both congruent and incongruent paths were 

statistically distinct from the pseudo-null distribution of mean within-cluster distances for the 

PhyCLIP-designated clusters across all backbone segments for all segment combinations in the 

avian influenza dataset. This indicated that sequences in both the major and minor lineage 
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associations between any two segments do not appear to be closely related in their internal gene 

genetic backbone relative to the pseudo-null distribution defined as closely related from the 

population diversity. This was not unexpected, given the dearth of evidence for reassortment 

bias at the population level.  

However, for 28 of the 60 background comparisons (Figure 28, A15) the distribution of 

pairwise distances in the background segments was significantly distinct between sequences 

that formed part of congruent and incongruent paths in the segment combination under 

investigation. A far higher percentile of the within-path distribution for the sequences of 

congruent paths fell below PhyCLIP’s within-cluster limit. For example, more than 50% of 

congruent paths between PA_NP have within-path distances below the within-cluster limit for 

background segment PB2 as opposed to 30% of incongruent paths (Figure 28A).  For PB1_MP, 

sequences in congruent paths were statistically more closely related to one another in all 

background segments than sequences in incongruent paths (Figure 27A). For PB2_PB1 (NS), 

PA_MP (PB1), PB2_MP (NS), PA_NS (PB1), sequences in congruent paths were statistically 

more closely related to one another in 3 of the 4 background segments, exempting the segment 

in the brackets. 

Combinations involving the MP, PA, PB1 and PB2 gene had equivalent numbers of statistically 

distinct congruent path distributions across background segments (Figure 28B). However, only 

three segment combinations with NP showed significant differences between the background 

distance of sequences in congruent and incongruent paths and in a single segment alone, 

suggesting that congruence status in segment combinations involving NP had little effect on 

path distances in background segments. Conversely, NP was the background segment with the 

highest number of statistically distinct distributions for sequences of congruent paths relative 

to incongruent paths across the various segment combinations. The MP and PB1 gene only had 

statistically distinct distribution as background segments for one segment combination each 

(PA_NS and PB2_MP).  Taken together, this suggested that there are number of segment and 

background comparisons where sequences within major lineage associations are more closely 

related in backbone segments than sequences in minor associations. This indicated there may 

be higher-order interaction of congruent paths across multiple segments, likely encompassing 

co-segregating paths across multiple segments that represent circulating genotypes. These 

higher order interactions that form genotypes or cassettes were explored in Chapter 3. 
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Figure 27: Co-occurrence profile in A) congruent and B) incongruent paths for subtypes of swine influenza. Subtypes on 
the Y-axis represent the subtypes conditioned on, with the co-occurring co-subtype on the x axis sorted by HA-NA numerical 
rank. 
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Contrastingly in the swine dataset, only eight of the 60 segment combinations and background 

comparisons had statistically distinct distance distributions for congruent path sequence 

members compared to the pseudo-null distribution in background segments (Figure 29A). Six 

of the eight combinations were in the backbone MP segment, where congruent paths had a 

broader but light right tail relative to the pseudo-null “close” distribution (Figure 29C). This 

suggested that sequences in major lineage associations for the internal genes were largely 

closely related in all background segments, supporting evidence for higher order interactions 

of internal gene segments i.e. circulation of large, linked genotypes such as the TRIG cassette. 

For sequences in incongruent paths, 25 of the 60 segment combinations and background 

comparisons had within-path distances that were statistically distinct from the pseudo-null 

“close” distribution (Figure 29B, Figure A16).  Taken together, swine influenza sequences 

within major lineage associations across segment combinations largely fell within the “closely-

related” range defined by PhyCLIP’s pseudo-null distribution. This suggested that sequences 

in major lineage associations in segment combinations are largely closely related in backbone 

segments, supporting evidence for higher order interactions of internal gene segments such as 

the TRIG cassette.258  
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Figure 28: Reassortment distance effect in internal gene backbone for avian influenza viruses. A) Percentage of patristic 
distance distribution for congruent and incongruent paths below PhyCLIP-defined within-cluster limit (WCL) for each 
backbone segment annotated by colour across segment combinations. B) Number of segment combinations involving the 
segment with significant differences between paths in backbone segments C) Total number of times backbone segment had 
significantly distinct congruent and incongruent paths. D) Example comparison of patristic distance distribution of congruent 
and incongruent paths defined in segment combination PB1_PA to background distributions for backbone segment PB2, NP, 
MP, NS, including the full global patristic distribution of the segment phylogeny and the pseudo-null distribution representing 
the boundary on “closely-related” within the population background. The percentage subtitle indicates the percentage of the 
congruent path distribution that falls below the within-cluster limit for the segment. For remaining segment combinations, see 
Figures A15. 
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Figure 29: Reassortment distance effect in internal gene backbone for swine influenza viruses. A) Segment combinations 
and backbone segments with within-path distance distributions for congruent paths that are statistically distinct from the 
pseudo-null distribution in backbone segments B) Segment combinations and backbone segments with within-path distance 
distributions for incongruent paths that are statistically distinct from the pseudo-null distribution in backbone segments. C) 
Example comparison of patristic distance distribution of congruent and incongruent paths defined in segment combination 
PB2_PB1 to background distributions for backbone segment PA, NP, MP, NS, including the full global patristic distribution 
of the segment phylogeny and the pseudo-null distribution representing the boundary on “closely-related” within the population 
background. The percentage subtitle indicates the percentage of the congruent path distribution that falls below the within-
cluster limit for the segment. For remaining segment combinations, see Figure A16. 

 

4.4. Discussion 

This study is the most comprehensive quantitative analysis of the reassortment dynamics of 

influenza A viruses to date. It introduced and validated the DeviantChild algorithm, an 

automated and statically-principled framework to quantify phylogenetic incongruence as a 

proxy measure of reassortment frequency. The algorithm showed high sensitivity and 

specificity in simulated datasets, reported reliable agreement with adjusted mutual information 
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in the empirical datasets and accurately recovered the well-characterized reassortment 

dynamics of the TRIG internal gene cassette in swine influenza.262  

4.4.1. Reassortment dynamics of avian influenza  

The extensive incongruence and inferred high reassortment frequencies observed in the current 

study for avian influenza is in line with previous findings from smaller and subtype- or sampling 

site limited studies.11,12,15–17,233,249,250,270,271 The high frequency of reassortment supports the 

hypothesized model of population-level constraint-free reassortment of the internal gene 

segments in wild bird hosts first proposed by Dugan et al.203 Segment combinations involving 

the polymerase and NS gene(s) ranked the highest for phylogenetic incongruence by 

DeviantChild. This is compatible with the deep A/B allele divergence of the NS gene as well 

as previous studies that report the highest phylogenetic incongruence for the NS gene relative 

to other internal genes.11,15 However, there was no evidence in the current study for a strong 

reassortment bias between the internal gene segments on a population scale, based on evidence 

from DeviantChild and the conditional lineage matching probabilities. This is supported by 

numerous studies performed in more limited datasets.11,12,16,254  

The current work also found no apparent host-specific genetic linkage for the internal gene 

segments by DeviantChild or conditional lineage matching . The Anseriformes subset had very 

low conditional probabilities in the lineage matching analyses, supporting evidence of high 

reassortment frequencies breaking down lineage linkage between genotypes. The highest 

probabilities were recorded for segment combinations with the MP and NS genes, potentially 

driven by difference in genetic resolution between the segments (see below). The marginal 

probabilities for lineage matching in the first segment were very low across segments and host 

subsets, due to the large number of pairwise genotype comparisons (see Chapter 3) and extent 

of diversity in the dataset, but were largely the highest for the MP and NS genes across datasets.  

On average, the MP and NS genes had larger, less internally diverse lineages as a result of the 

interaction of their evolutionary dynamics (see section 1.2-1.3) and PhyCLIP’s operation on 

the  resulting patristic distance distributions. These more encompassing lineages may have 

elevated the conditional probabilities for segment combinations involving the MP and NS genes 

as a higher number of sequences/genotypes are likely to have matching lineages if lineages are 

larger on average, with the inverse resulting in low probabilities (Figure A17). The conditional 

probability of lineage matching across segments was higher in Charadriformes and Galliformes 

hosts, suggestively reflecting the lower frequencies of reassortment and more restricted gene 
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pools of these host orders observed in the current work. Conditional probabilities were maximal 

for combinations of the polymerase and nucleoproteins in both Charadriformes and 

Galliformes. However, the probabilities were still very low and do not support a strong co-

segregation signal. 

The absence of combinatorial constraints on the internal genes suggests that there are negligible 

functional restrictions on segment compatibility for the internal genes at a population-level.203 

It is important to note the resolution of these inferences - i.e. consensus sequence detectable 

and sampled at the population level across all lineages of the genes. Within-host reassortment 

processes are expected to result in more deleterious than fit reassortants, with intra-host 

experimental studies reporting evidence for segment incompatibility mediated by compatibility 

of the genetic signals that co-ordinate packaging of genes segments into viral particles between 

the co-infecting viruses.13,22,29 However, these experimental studies suggest that heterologous 

packing signals in the HA gene are largely responsible for reassortment biases and are 

predominantly performed for human seasonal influenza in human cell lines, not zoonotic 

influenza viruses.22,126,136,137 

4.4.2. Interaction of host- and subtype drivers of reassortment dynamics  

There were a number of restrictions on the reassortment dynamics of AIVs that limited the 

generalizability of the hypothesis of a single gene pool for the internal genes with flow across 

all scales and ecosystems.12,203 The restrictions were driven by the interaction of host order and 

subtype, though it is important to note that subtype may function as a proxy for host order of 

isolation. Wild and domestic birds represent very different ecosystems, with key differences in 

population structure and demographics, migratory and reproductive cycle and modes of 

transmission influencing the ecological and evolutionary processes that likely result in key 

differences in the reassortment dynamics of these populations.231 A full discussion of the 

ecological drivers of differences in reassortment dynamics and genotypic diversity between 

host orders was undertaken in Chapter 3 section 3.4.1.  

The increased reassortment frequency observed in the current study in Anseriformes and for 

predominantly Anseriformes-isolated subtypes relative to Charadriiformes and Galliformes and 

their predominant subtypes is supported by numerous studies across varying ecosystems.11,12,15–

17,229  Notably, a previous study reported a significant positive correlation between the 

reassortment frequency of subtypes and the proportion of sequences isolated from wild birds 
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across the six internal genes, with the highest correlation for the proportion of Anseriformes 

isolates.15  

The study also reported a strong negative correlation between the proportion of sequences 

isolated from gallinaceous poultry and reassortment frequencies across subtypes, in line with 

findings of the current study.15 The low reassortment frequencies calculated for subtypes such 

as H10N6, H5N8 and H5N6 in the current work was not unexpected as these subtypes are 

subject to severe outbreak sampling biases, resulting in saturated sampling of outbreak 

genotypes (see section 5.4.3.2). These subtypes are also all recently emerged which limits their 

timescale of evolution, with the associated low divergence reducing sensitivity to detect subtle 

reassortment of closely related viruses. The pathogenicity status of viruses such as HPAI H5N1, 

H5N6 and H5N8 may also contribute to lower reassortment frequencies, as high host mortality 

would result in shorter infection durations and reduced probability of reassortment and onward 

transmission.42  However, lower reassortment frequencies were also observed in the current 

work for LPAI subtypes such as H9N2, H7N2 and H10N6, indicating that pathogenicity 

phenotype was probably not the main driver of low reassortment frequencies for these subtypes, 

in agreement with previous findings.272 

Major and non-singleton minor variants of internal gene combinations were predominantly 

maintained as multisubtype lineage associations in Anseriformes and Charadriiformes, 

emphasizing the high frequency of intersubtypic reassortment in the natural reservoir.234 

Overall, reassortment was so extensive that it was difficult to find consistent structure in the 

co-occurrence profiles of major and minor internal gene variants for subtypes. Though there 

was no clear signal for segment co-segregation at the population level, the co-occurrence 

profiles of select subtypes showed high correlation across the major polymerase gene variants. 

However, for Anseriformes-isolated subtypes, the correlated co-occurrence profiles were made 

up of modules of the most well sampled subtypes, with co-occurrence suggestively driven by 

ubiquity and sampling rather than molecular matching. 

Larger major lineage associations were observed for Charadriformes, predominantly driven by 

the segregated gene flow observed for the H13Nx and H16Nx subtypes, which suggested low 

levels of interhost intersubtypic reassortment for these subtypes. This observed restricted co-

occurrence of internal gene lineages of H13Nx/H16Nx with  Anseriformes and Galliformes 

isolates is supported by the findings of a previous study of the genetic structure of Eurasian 

AIVs in a multihost ecosystem, which reported that gull isolates largely formed a separate clade 

from Anseriformes viruses across all internal genes.247 However, the study also reported several 
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small clades or singletons of gull isolates interspersed with duck-derived viruses across all 

segments, which replicates the co-occurrence of H13Nx/H16Nx and Anseriformes subtypes in 

minor lineage associations observed in the current study.  

Major lineage associations for the internal gene segments of Galliformes predominant subtypes 

such as H5Nx were largely subtype-specific, as observed for the predominantly clustered gene 

flow of H5Nx, H7Nx and H10Nx viruses in the major variant co-occurrence profile. There was 

limited gene flow from a set of Anseriformes viruses at relatively low frequency for polymerase 

gene major variants in subtypes such as H5N6, H5N8, H5N1 and H9N2, with restricted co-

occurrence with predominantly Anseriformes subtypes observed for minor polymerase 

variants. This supports the far more restricted gene pool of the HA/NA genes circulating 

enzootically in Galliformes relative to wild aquatic birds, with a more diverse pool of LPAI 

sporadically spilling over from Anseriformes subject to sampling biases owing to the viruses 

low pathogenicity and sampling heterogeneity across hosts and geographic regions (see Chapter 

6 for full discussion of surveillance biases).269,273,274  

The lower reassortment frequencies and more restricted co-occurrence profiles for H5Nx, 

H7Nx and H9Nx for minor and major polymerase gene variants observed in the current work 

was supported by the previous findings that reported lower reassortment frequencies for these 

subtypes, relative to the high frequencies of Anseriformes subtypes e.g. H1N1, H3N8 and 

H4N6.15,247,272 However, the studies are not directly comparable as one of the other studies 

conditions on the individual genes for the reassortment frequency of HA/NA subtypes onto the 

backbone,  not paths across a combination of segments.15  H6Nx viruses are very prevalent in 

domestic ducks in Asia, where ducks are farmed in free-range settings that enable 

environmental contact with migratory birds.271,275 Despite large scale agricultural practices in 

duck farming resulting in similarly high density populations to chicken farming, elevated 

reassortment frequency for H6 viruses observed in the current and other studies highlight the 

role for a species specific effect on reassortment dynamics interacting with ecological factors 

(see Chapter 3 section 3.4.1 for full discussion).15,122  

4.4.3. Reassortment dynamics of swine influenza 

Swine influenza diversity is partitioned into multiple co-circulating lineages generated by 

distinct histories of cross-species transmission and reassortment.258,262  The H1N1 Eurasian 

swine lineage prevalent predominantly in Europe and Asia originated from an avian to swine 

transmission event dated to the 1970s, whereas H1N2 and H3N2 circulating in swine population 
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in Europe resulted from reassortment of avian-like H1N1 viruses with human seasonal 

influenza.261 H1N1, H1N2 and H3N2 avian, human and swine viruses reassorted to produce the 

swine triple-reassortant viruses circulating in North America since the 1990s, which went on to 

generate the 2009 H1N1v human pandemic strain by reassorting with H1N1 Eurasian swine 

viruses.261 These viruses have a distinct, conserved set of internal genes referred to as the triple 

reassortant internal gene cassette (TRIG), which has been shown to increase fitness in vitro and 

in vivo, conferring a selective advantage for transmission and maintenance in swine 

populations.276 Swine populations represent a distinct ecosystem from wild and domestic birds. 

Antigenic selection pressure is low in commercial swine populations as vaccination is not in 

wide usage in Europe, resulting in lower rates of antigenic drift in HA relative to human and 

domestic poultry populations.258,277,278 The population structure of commercial swine, with high 

birth rates and turn-over (with an average life span of 6 months), also results in low herd-

immunity, low re-infection rates and an adequate supply of susceptibles.277,279 Resultantly, 

swine influenza evolution is not driven by the HA and NA gene segments but by the persistence 

of the linked polymerase segments with acquisition of HA/NA onto its backbone by 

reassortment, in contrast to IAVs in the human population and  free reassortment of the internal 

genes of avian influenza viruses.261  

Overall, swine influenza showed much lower levels of phylogenetic incongruence relative to 

avian influenza viruses. This was particularly apparent for the polymerase and nucleoprotein 

genes of swine influenza, indicative of the conserved persistence of the well-characterized 

TRIG polymerase casette.258 The high co-occurrence for H1N2 and H1N1 observed in the 

current work is also supported by previously reported high reassortment frequencies of these 

subtypes on a PB2 backbone.258  

4.4.4. Limitations of the current work 

The current study has several limitations. The sequence dataset is fundamentally a product of 

the surveillance heterogeneities discussed at length in Chapter 6, including species, temporal 

and spatial variation in the prevalence and diversity of AIVs in wild birds, dense outbreak 

sampling biases in domestic birds, biases towards sampling high pathogenicity subtypes and 

geographic variation in surveillance effort.16,17,122,229,234,247,280 Secondly, the host categories e.g. 

Anseriformes and Charadriiformes includes a wide range of species, where broad categorisation 

at the host order level might collapse species with distinct physiology, life cycles or ecological 

niches.216,226,234 Thirdly, swine influenza H1N1 viruses were analysed as a single subtype, and 

not categorised into lineages e.g. Eurasian swine H1 and human-seasonal origin H1, limiting 
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the ability to investigate intrasubtype reassortment between subtype lineages with distinct 

evolutionary histories.258 Intrasubtype reassortment rates might also be affected by the 

downsampling of individual subtype datasets into representative subsets for the pansubtypic 

dataset (see section 3.2.1). However, the genotype-based downsampling approach was designed 

to capture the distribution of genotypic diversity as completely as possible to mitigate this loss.  

The phylogenetic clusters that provide “lineage addresses” for sequences in DeviantChild’s 

distributional shift test are subject to a suite of within-cluster, inter-cluster and topological tests 

within both the PhyCLIP and resolution calibration frameworks to discriminate them as 

statistically distinct before DeviantChild is applied (see section 2.2.1 and section 3.2.1). As a 

result, viruses from parent clusters that are stratified over different clusters in the child 

phylogeny are highly probable to be robustly distinct based on PhyCLIP’s “lineage addresses”, 

reducing false positive rates for the distributional shift test. However, DeviantChild’s  central 

reliance on PhyCLIP’s clustering resolution makes it subject to uncertainty in phylogenetic 

reconstruction, as PhyCLIP does not operate on nodal support values.208 DeviantChild was not 

designed to detect small shifts in the phylogeny resulting from reassortment between very 

closely related viruses, but rather to quantify the population resolution dynamics. It will 

therefore underestimate reassortment in low divergence subtrees, which may result in 

underestimation of intrasubtype reassortment events or reassortment between closely related 

viruses.254 This is of particular application to the MP segment, which has far larger and fewer 

clusters designated by PhyCLIP. However, PhyCLIP’s clustering resolution of MP is a product 

of the segment’s low diversity and distinct evolutionary history relative to the other internal 

gene segments and is therefore not necessarily a result of clustering resolution but of genetic 

resolution. DeviantChild, like all other reassortment detection methods, is also sensitive to the 

number of sampled isolates representing a reassortment event.254 Fundamentally, the definition 

of a congruent path by maximal sequence number is impacted by surveillance bias. Incongruent 

paths do not necessarily represent unique reassortants or minor variants that did not propagate 

widely, but may represent undersampled lineages of equal or superior size to the major variants. 

It is possible that major paths are biased towards capturing only the congruency of subtrees of 

high sequence similarity sampled during outbreaks, with more divergent sequences confined to  

incongruent paths with such closely related neighbors. However, there was no statistical 

difference between the overall patristic distance distribution of congruent and non-singleton 

incongruent paths detected and subtypes subject to the most intense outbreak biases were 
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downsampled by genotype (see section 3.2.1) to reduce the density of identical or highly related 

sequences.  

Hierarchical clustering with complete linkage is especially sensitive to outliers as the approach 

does not average information across cluster members. This allowed high co-occurrence among 

select subtypes to inflate correlation of co-occurrence profiles that showed overall low 

similarity in other co-subtypes.281 It was decided on as the highest scoring approach that 

accommodated asymmetrical, non-Euclidean distance matrices.266  The greedy nature of 

hierarchical clustering results in clusters frequently trapped in local minima, creating spurious 

clustering in the presence of substantial noise.266,267,281,282 However, the large number of 

subtypes, high frequency of reassortment in AIVs and the resultant sparsity in matrices paired 

with the high dimensionality and lack of reassortment bias across segment combinations makes 

it unlikely that many other clustering approaches would have the discriminative power to 

identify true underlying structure above all of the noise.281 

4.5. Conclusion 

The current chapter developed and applied a novel algorithm for the quantification phylogenetic 

incongruence as a measure of reassortment frequency, operating on clusters from the PhyCLIP 

algorithm described in Chapter 2. It characterized the reassortment dynamics of IAVs in the 

most comprehensive dataset to date, capturing the drivers of and restrictions on the dynamic 

reassortment process that generates and determines the distribution of  the substantial genotypic 

diversity described in Chapter 3. However, all work in Chapter 3 and 4 must fundamentally be 

interpreted within the limiting context of surveillance heterogenies in the global IAV dataset. 

To account for this, Chapter 5 attempts to explicitly quantify how unevenly genomic 

surveillance is distributed across scales and how much unobserved diversity can be associated 

with these drivers of surveillance biases.  
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5.1. Introduction 

Quantitative inferences on genotypic diversity and reassortment dynamics in Chapters 3 and 4 

are dependent on and limited by the representativeness of surveillance in avian and swine 

influenza viruses. Genomic surveillance of AIVs is extremely biased across spatiotemporal, 

host and subtype scales (see section 3.3.2). Estimates of genotypic diversity for AIVs are 

expected to be significantly negatively biased relative to true richness, with differences in 

genotypic abundance distributions between subtypes, countries, hosts and time intervals highly 

dependent on sampling effort.283 Sampling effort is not merely a function of sample size but 

reflects the interaction of size and intensity, defined as the evenness of the distribution of 

sampling across time, space and host. Genomic surveillance for AIVs has well-documented 

heterogeneities, which are discussed at length in Chapter 6, including: 1) Dense outbreak-based 

surveillance of HPAI subtypes due to outbreaks with high mortality in gallinaceous poultry, 

with sampling of LPAIs largely as an opportunistic by-product of the associated risk-based 

surveillance; 2) A concurrent lack of systematic sampling in wild bird populations excluding 

domestic ducks; 3) Large geographic biases, with dominant representation for the USA and 

China; 4) A strong bias towards sequencing and studying the diversity of the HA gene alone 

due to its importance in immune escape and vaccine development.  

It is intuitive that sampling heterogeneity is a determinant of “missingness” or unobserved 

diversity in AIVs. There is therefore a need to explicitly characterise the patterns of unobserved 

diversity across sampling subunits structured by subtype, geographic region and host order, as 

this would enable identification of the ecological and epidemiological drivers of unobserved 

and observed diversity in the context of sampling heterogeneity. This knowledge could inform 

the design of more efficient surveillance strategies that target potential sources of spill over or 

undetected genotypic diversity that may contribute to the generation of viruses of pandemic 

concern.284  

The estimation of population diversity from incomplete, finite samples is a common problem 

in statistical ecology, with multiple approaches designed to reconstruct community structures 

or abundance distributions from observed samples accounting for both sampling models and 

completeness.283,285,286 Comparison of true diversity between sampling subunits and estimation 

of unobserved diversity conditioned on observed diversity requires a statistical estimation of 

the relationship between the observed genotypic abundance and the underlying distribution. 

This can be approached with parametric or nonparametric methods.283  
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Parametric richness estimators can be fit to observed abundance distributions to estimate 

unobserved diversity with traditional model-fitting approaches. The assumed species 

distribution, which includes the prevalently used lognormal, negative-binomial and zero-

truncated distributions, models the process of observing genotypic richness as sampling 

increases. The estimated parameters used for comparison across communities are associated 

with less uncertainty than non-parametric approaches.285 However, model selection is complex 

without sufficient a priori information on relative abundance and undetected species in the true 

underlying distribution.283  This information is largely insufficient across microbial 

communities owing to the inherent sparsity of samples in terms of size and composition relative 

to the population.287,288  These models make especially strong assumptions in fixing the right-

skewed tail representing rare species (here species and genotypes are equivalent), and 

consequently highly variable estimates can result from different models with equal fit.287,288 

Generalized comparison across samples with different distribution functions is also restricted 

without introducing additional, limiting assumptions.283 

Asymptotic approaches estimate the asymptote of the species accumulation curve, which 

models the relationship between the number of genotypes observed and sampling effort. The 

asymptote represents the total species richness at infinite sampling, which can be compared 

across different communities as a measure of diversity.283  However, asymptotic estimation of 

the true diversity of microbial communities is notably more complicated than macrodiversity 

estimates, as accumulation curves are often approximately linear for hyperdiverse microbial 

communities.289,290 This is particularly true for small sample sizes, but even with more 

comprehensive sampling estimated richness may never stabilize with additional sampling for 

highly diverse microbial populations as their abundance distributions are characterized by a 

long, heavy right tail of low-abundance or rare species.286  

Nonparametric richness estimates such as the Chao1 and ACE rely on the information in the 

number of rare or infrequently detected genotypes to estimate undetected richness under the 

assumption that the number of unseen species is related to the number of rare species, with  

abundant species carrying minimal information on unobserved diversity.283  

The Hill diversities (qD) are a parametric family of generalized diversities that differ by the 

parameter q, which scales the sensitivity to relative abundance.291 Hill diversities are often 

interpreted as the effective number of species, and include the species richness, Shannon 

diversity index (common taxa richness) and the Simpson diversity index (dominant taxa 

richness) as special cases.292 Hill diversities offer a suitable framework to explore genotypic 
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diversity due to their generality, flexibility in accounting for the distribution of rare genotypes 

and adherence to the quadratic replication principle, allowing for simple interpretation of 

magnitude.285,292,293 

Before the work described in the preceding chapters, systematic investigation of the genotypic 

diversity of the internal genes was limited by the lack of an unified nomenclature.15 In this 

chapter, this framework developed in Chapter 3 and a comprehensive suite of diversity 

measurements including the Hill Diversities were used estimate unobserved diversity across 

subtype, host and spatial scales, with the designated internal gene genotypes as the measured 

units of diversity.   

5.2. Methods 

5.2.1. Framework for genotype designation 

Datasets were limited to HA-NA defined subtypes in the current work, which restricts the 

ability to describe the complex intersubtypic distribution of internal gene lineages as described 

in Chapter 3 and 4. Subtype-specific datasets were used to enable inclusion of all viruses in 

public databases, which is central to analyses based on relative genotypic abundance. 

Investigating of the genotypic diversity of AIVs across subtypes is undertaken in a pansubtypic 

dataset in Chapter 3.  To account for the effects of temporality on the data and measures as 

described in section 4.3.6, only sequences sampled from 2005 onwards were included in 

subsequent analysis as whole genome sequencing became more common after the global 

expansion of Gs/Gd H5N1.220 

Genotypes were designated by the framework described in section 3.2.1.  Briefly, the 27 

subtypes with more than 100 whole genome isolates from the GISAID database after quality 

filtering were included in this analysis.205 Subtype-specific phylogenies were reconstructed for 

the individual gene segments with RaxML v 8.2.12 with 20 ML searches under the 

GTRGAMMA model.178 Phylogenetic clustering was performed with PhyCLIP (see Chapter 

2) over the range of parameters and optimization approach described in section 2.2.2.208 The 

structured nested nomenclature was mapped onto the optimal PhyCLIP-identified cluster 

configuration (see section 2.2.1.6), with genotypes designated based on each sequence’s cluster 

identity across the six internal gene phylogenies. Phylogeny-guided resolution calibration was 

performed as described in section 3.2.1 to minimize artificial variant genotypes. The statistical 

approaches of the current work operate on the estimated relationship between the observed and 

underlying abundance distribution. It is therefore important to disentangle the contribution of 
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true rare genotypes to the right tail from the spurious variants of more abundant genotypes that 

are artefacts of clustering resolution (see section 5.4.2.4 for discussion on mechanisms that 

generate rare genotypes). Genotypes were classified by country and host order as per Chapter 

3. A generalized additive model was fitted with the mgcv package in R to explore the 

relationship between genotypic richness and sample size across subtypes. 

5.2.2. Integrated rarefaction and extrapolation curves 

Rarefaction curves can be reconstructed from sampled data to model the process of observing 

genotypes as a function of sampling. The number of genotypes (Gs) represented in a sample 

taken from the community with size S is estimated at size s by sampling with replacement from 

the community, with the estimated curve referred to as the interpolated rarefaction curve when 

s ≤S.285 The rarefaction curve and Gs is estimated with limited bias for sample sizes s ≤S, as it 

is simply a randomization average of the observed accumulation curve.285 The rarefaction curve 

can be extrapolated beyond the sample size to estimate Gs at s>S, which is referred to as the 

extrapolation curve. However, uncertainty and bias increases when extrapolated at s>>S.285  

Alternatively, sample-coverage based integrated rarefaction models the relationship between 

coverage and species accumulation.293 Sample coverage is a measure of sample completeness 

and quantifies the proportion of the total number of individuals in the estimated community 

represented in the sample, accounting for their relative abundance and individual 

detectability.293 The coverage deficit, or the remainder of the unity after sampling coverage is 

subtracted, reflects the proportion of unobserved species. The deficit therefore also represents 

the probability that a novel, unsampled species would be detected if the sample was increased 

with one individual.  

Coverage is estimated from the extrapolated rarefaction curve and relies on information on the 

number of expected singletons and doubletons in the sample to incorporate information on 

undetected species. At high coverage estimates, the probability that most low-to-high 

abundance species in the estimated community are included in the sample is high. However, as 

coverage is based on the population estimated from conditioning on the distributional properties 

of the observed diversity, it cannot account for the full extent of unobserved or rare species as 

there is no source of information on this.  The expected coverage of a sample size m was 

estimated by equation 1 as per 293: 
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           (1) 
where S is the total number of species, !! is the relative abundance of the ith species and m>0.  

Estimated diversities were compared at maximum extrapolated and equivalent (base) sample 

sizes and coverage across subtypes using the iNEXT R package.294 The confidence intervals for 

the curves were calculated by bootstrapping to account for variation in the sampling process 

with 200 resamplings.  

5.2.3. Hill Diversities 

Hill diversities were estimated for each value of parameter q in equation (2). 
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where S is the total number of species, !! is the relative abundance of the ith species. When 

q=0, all species are weighted equally, so it follows that 0D=S, or 0D is equal to the species 

richness (total genotypes abundance). For q>0, the contribution of rare species decreases with 

the number of rare species. Resultantly, Hill diversities of order q>0 are increasingly insensitive 

to the rare species tail and can be more reliably estimated from data with a large number of rare 

species. When q =1, species are weighted in proportion to their relative frequency, with 1D 

commonly interpreted as the effective number of common species.292  The limit of the Hill 

Diversity as it tends towards 1 is the exponential of the Shannon diversity index, where all 

individuals are weighted equally.  

When q=2, abundant or dominant species are favoured, with 2D interpreted as the effective 

number of dominant species in the sample or the inverse Simpson index. At the limit ( ( → ∞ 

), only the most abundant species contributes to the Hill diversity.292 The Hill diversities 

estimated for 0 ≦ ( ≦ 2 therefore provide a unified and comprehensive diversity profile of 

communities. Hill diversities were estimated with the iNEXT R package. 294 

5.2.4. Nonparametric estimates of diversity 

5.2.4.1. Chao1 

The lower estimate of the set of Hill Diversities defined at q>0 generalizes as the Chao estimate 

if unobserved species are assumed to be approximately as rare as the rarest observed species 

and if it is assumed that this abundance is as small as possible.285 Therefore if the number of 
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rare species is sufficiently large, the Chao estimate can meaningfully serve as a lower estimate 

of diversity as it is an approximation of the lowest genotypic richness consistent with the sample 

data.285 This makes the Chao estimate useful for datasets that are skewed towards low-

abundance types, as was expected in the current work.295 The Chao1 estimator was calculated 

as per equation (3): 
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            (3) 
where ../0 is the number of observed species, 0% is the number of single member genotypes 

(singletons) and 01 is the number of genotypes with two members (doubletons).  

5.2.4.2. Abundance-based coverage estimator 

The abundance-based coverage estimator (ACE) is an extension of the concept of the Chao1 

estimate but is not restricted to singleton/doubletons and includes information from all 

genotypes with a membership below 10.288 The ACE was estimated as per equation (4): 
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where .8,89 is the number of genotypes with abundances ≤ 10 and .,/456,57 is the number of 

species with >10 members. 12*3 estimates the sample coverage as: 

12*3 = 1 − 2%
98,89

 

            (5) 

where 2% is the number of species with i individuals. 
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And the estimation of the coefficient of the variation of 2!;. 

31415 = max ? .8,89	 	∑ :(: − 1)2!%:
<$%

12*3 	(98,89)(98,89 − 1)
− 1,0D 

            (7) 

Chao and ACE estimation was performed with the iNEXT and vegan packages in R.214,294  
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5.2.5. Synthetic community for validation of diversity indices 

A synthetic community was generated from simulated phylogenies and associated genotype 

abundance distributions to quantify the expected underestimation of true diversity by the 

various estimators. Sequences were simulated forward in time for each segment with the 

SANTA-SIM software package under the parameters in Table 1, with the sequence of the H5N1 

A/Goose/Guangdong/1/96 virus as the initial seeding virus.212 Sequences were sampled from 

the population as per Table 1 and phylogenies were reconstructed from MAFFT alignments 

with RAxML, with 20 ML searches under the GTRGAMMA model and rooted to the seeding 

virus. 178,206 Clusters were designated based on PhyCLIP clustering (see section 2.2.1 for 

approach), which recovered clustering by the source-sink dynamics of the seeding source (i.e. 

true lineages) with high accuracy. The source sequences of every generation were considered 

unclustered progenitors, with all seeded viruses clustered together.  

Two synthetic datasets were constructed: a dataset with a heavy right tail and one with a more 

balanced abundance distribution. Genotypes were initially constructed as combinations of 

cluster identity across segments as per section 3.2.1. Reassortment events were simulated to 

generate genotypic variation as follows: a number of viruses were randomly sampled from 

every initial genotype. The number and identity of remaining internal gene segments subject to 

reassortment were then randomly drawn. The new identity of the sequences’ cluster for the 

segment(s) were drawn from all of the remaining distinct clusters in that segment, with a 

bidirectional swap of labels for a random sequence of that cluster identity. For the heavy right 

tail community, a single virus was drawn from every genotype and up to five segments could 

be reassorted, to maximise rare species for the tail. For the balanced community, the number of 

segments that could be reassorted were restricted between 0 and 3 (i.e. non-reassortant 

genotypes were possible) to keep genotypes at higher abundance. One hundred subsamples of 

100 sequences and 100 subsamples of 200 sequences were used respectively as bootstrap 

datasets in subsequent analysis.  
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Table 1: Parameters for sequence and community simulation for validation of resolution 

calibration and diversity estimation 

Segment 
Number of 
seeding evens 

Number of 
generations 

(G1, G2, G3) 

Population 
size 

Mutation 
rate296 

Transition 
bias 

Sample 
frequency 

(G1, G2, G3) 

Sample size 

(G1, G2, G3) 

PB2 3 

10, 1, 1 10 000 

3.0E-3 

2 2, 1,1 2, 4,10 

PB1 3 2.7E-3 

PA 3 2.7E-3 

NP 3 2.4E-3 

MP 3 1.8E-3 

NS 3 3.0E-3 

G1 – generation 1 of simulation, G2 – generation 2 of simulation, G3 – generation 3 of simulation 

5.2.6. Code and data availability  

All code, data and figures of Chapter 5 is available at: https://git.io/JUgBx 

5.3. Results 

5.3.1. Quantification of bias in diversity estimators in synthetic communities 

Variation in estimates resulting from sampling were accounted for in all subsequent analyses 

with bootstrapping. However, bias (i.e. the difference between the expected value of the 

estimator and the population diversity) cannot be quantified without a known true diversity. A 

synthetic population of 400 AIVs was simulated to investigate the degree of underestimation 

and uncertainty in diversity estimates of communities.  Two genotype distributions were 

simulated: 1) a genotype distribution fixed to resemble the empirical distributions observed for 

high diversity subtypes (see section 5.2.5) representing 179 genotypes (termed the rare species 

rich distribution, Figure 1 A) and 2) a more even genotype abundance distribution with a higher 

number of non-rare species representing 54 genotypes (termed the more balanced distribution, 

Figure 1 C). The subsampled datasets had large differences in their distributional properties 

relative to the respective populations (Figure 1 B, D). The differences were more marked for 

the heavy right tail distribution (Figure 1 B), with the proportion of rare species substantially 

lower for some subsamples for both singleton and doubleton genotypes (Figure 1 E).  

Bias was investigated for diversity estimates in both the rare species rich and balanced 

communities to assess how the distributional properties of the underlying community affects 

the degree of underestimation. Diversity was estimated for 100 bootstrap datasets of 100 

sequences for each synthetic community. True diversity fell within the error bounds of the 
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Chao1 estimate in 59% of the rare species rich bootstrap datasets, with a mean estimated 

diversity of 160 genotypes (vs the true 179) (Figure 2 A). There were high degrees of 

uncertainty in estimates across bootstrap datasets, with some error bounds ranging across 100 

genotypes. When subsamples of 200 sequences were extrapolated to 400 (i.e. the population 

size), the true diversity fell within the confidence bounds of the 0D richness estimate in 93% of 

bootstrap datasets (Figure 2 B). The mean richness estimated by 0D is 172 (vs 179), indicating 

diversity was marginally underestimated on average.  

 

Figure 1: Statistics of simulated communities. A) The rank abundance curve of the rare-species rich synthetic community. 
B): The rank abundance curve of 100 bootstraps of the rare-species rich synthetic community C) The rank abundance curve of 
the balanced synthetic community. D) The rank abundance curve of 100 bootstraps of balanced synthetic community. E) 
Proportion of rare genotypes across the 100 bootstrap resampling (on x axis, unlabeled) of the rare-species rich synthetic 
community.  
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However, average estimated coverage was 71%, approaching an asymptote between 50-75% 

across bootstraps. The highest estimated coverage was 80%, with only 62% of bootstrap 

datasets reaching a coverage of 70+% at the simulated population size of 400 sequences (Figure 

2 B). The heavy rare species tail resulted in clear non-asymptotic community richness (Figure 

2 C), introducing the coverage horizon (see section 5.4.2.2). Estimates were associated with an 

increased degree of uncertainty as the extrapolation range increased, with the mean span of the 

confidence bounds at the true community size (400) at 50 genotypes.  

 

Figure 2: Diversity of simulated rare species rich community. A) Estimated diversity for the rare-species rich synthetic 
community by Chao1 estimator across the 100 bootstrap datasets on x axis. True diversity indicated by dashed red line. B) 
Estimated diversity for the rare-species rich synthetic community by asymptotic estimator of the integrated rarefaction curve 
across the 100 bootstrap datasets on x axis C) Relationship between sample coverage and sample size. Interpolated regions are 
indicated by dots, with extrapolation as shaded area. Shaded area represents 95% confidence intervals based on 200 bootstrap 
replicates. D) Relationship between diversity and sample coverage. E) Relationship between diversity and sample size.  

In the community with a more even abundance distribution, diversity approached an asymptote 

with increased sampling, with sample completeness approaching 1 (Figure 3 E). For the 

asymptotic estimator, the true diversity fell within confidence bounds in 94% of the bootstrap 

datasets, with a mean estimated diversity of 53 genotypes (vs the true 54) at a mean coverage 

of 98% (Figure 3 B). The mean diversity by the Chao1 estimator was 54 genotypes, though the 

true diversity lies within the error bounds of only 70% of the bootstrap datasets (Figure 3 A).  
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Figure 3: Diversity of simulated balanced community. A) Estimated diversity for the balanced synthetic community by Chao1 
estimator across the 100 bootstrap datasets on x axis. True diversity indicated by dashed red line. Error bars indicated standard 
error B) Estimated diversity for the balanced synthetic community by asymptotic estimator of the integrated rarefaction curve 
across the 100 bootstrap datasets on x axis C) Relationship between sample coverage and sample size. Interpolated regions are 
indicated by dots, with extrapolation as shaded area. Shaded area represents 95% confidence intervals based on 200 bootstrap 
replicates. D) Relationship between diversity and sample coverage. E) Relationship between diversity and sample size.  

5.3.2. Observed diversity in unstandardized reference samples 

The number of AIV whole genome sequences in public databases varied by orders of magnitude 

across subtypes. Observed genotypic abundance ranged from 17 genotypes designated in the 

reference (i.e. full) sample size of 107 sequences for H7N2, to 487 genotypes designated in the 

reference sample of 965 sequences for H4N6 (Figure 4A).  

In both macro and microbial ecology, the number of species or genotypes observed theoretically 

increases with sampling effort, with all genotypes observed at infinite sampling.288 The 

relationship between the number of genotypes and sampling effort is captured by accumulation 

or rank-abundance curves, which provides information on both the total diversity of the 

population and how well the population has been sampled, i.e. what proportion of genotypes in 

the population are detected in the sample. Variability in the underlying richness and relative 

abundance of genotypes result in differences in the slope of genotype accumulation across 

samples i.e. subtypes. In principle, better-sampled communities have accumulation curves with 
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an initial steep slope that levels-off at higher sample numbers with fewer additional genotypes 

detected, approaching an asymptote of the true richness within the finite sampling range.288  

 

Figure 4: A) The cumulative number of genotypes observed as a function of sample size. Point estimates indicate the mean 
of 100 samples, and the shaded area the standard error around the mean. B) Rank abundance curves of the individual subtypes. 
Genotypes are ordered by decreasing rank on the x-axis, with log abundance i.e. genotype membership on the y-axis.  
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The curves of H5N1, H5N2, H5N6, H5N8, H7N9 and H9N2 viruses (hereafter referred to as 

outbreak-bias subtypes) reflected this shape, with less steep terminal slopes relative to e.g. 

H4N6, H3N8 indicating a higher number of non-rare genotypes (Figure 4) For the remaining 

subtypes, including H4N6 and H3N8, the curve was approximately linear and did not approach 

an asymptote within the finite sampling range, indicating there was little information on how 

well the population of these subtypes had been sampled.288 Most subtypes had monotonically 

decreasing relationships on the log scale approximating a power law distribution, but were only 

approximately linear with a number of predominating genotypes and a long, heavy right tail of 

relatively low-abundance or rare genotypes (i.e. genotypes with a single member) (Figure 4 

B).285,288 Notably, the length and shape of the heavy rare genotype tail varied across subtypes. 

Rare genotypes can arise by multiple mechanisms (see section 5.4.2.4 for full discussion), but 

as there are no methods to distinguish between categories of rare genotypes with certainty, rare 

genotypes were treated uniformly in subsequent quantitative analyses.  

As observed in the validation (section 5.3.1) and the accumulation curves (Figure 4 A), diversity 

indices were highly sensitive to sampling, particularly in communities with a large number of 

rare genotypes that are highly probable to go undetected in incomplete sampling.297 The 

reference sample sizes varied by orders of magnitude across subtypes, ranging from 96 for 

H4N2 to 1767 for H5N1. Concurrently, observed diversity indices for the reference samples 

varied greatly (Figure 5 A). Diversity was the highest across subtypes measured by Hill 

Diversity 0D (related to the total species richness), with lower diversity by 1D and 2D as 

expected based on the downweighing of rare genotypes across indices (see section 5.2.3, Figure 

4A). Subtypes H4N6 and H3N8 consistently had the highest observed diversity across the Hill 

diversities (Figure 5 B), followed in largely consistent order by H11N9, H6N1, H1N1 and 

H3N6.  

The outbreak-bias subtypes H5N8, H5N6, H9N2 and H5N1 (and to a lesser extent H5N2) all 

showed lower genotypic richness than expected for their sample size, based on the 

approximately linear relationship between species richness and sample size (Figure 6). The 

expectation here was defined by a generalized additive model (GAM)  fitted to all subtypes 

with backwards elimination of the outliers for improved model fit (Figure 6 A).298 A GAM was 

fitted as it does not assume a linear relationship, but is a special case generalized linear model 

with linear predictors that include a sum of smooth functions of the covariates.298 The outbreak-

bias subtypes were clear outliers to the approximately linear relationship, and dominated the 
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GAM model fit, resulting in an extremely overfitted, uncertain and over smoothed model 

(Figure 6 B).  

 

Figure 5: Diversity in reference samples. A) Relationship between Hill diversities and references sample size across subtypes. 
B) Ranking of subtypes by relative diversity across Hill diversities (0,1,2 on y axis). Size and colour indicates decreasing rank. 
X axis is sorted by rank of subtype in D0. C) Diversity profile curve of Hill Diversity as a function of order q, 0 ≤q≤ 3. D) 
Observed diversity ratio between subtypes, relative to subtype in red on the x-axis. 
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When the outlier subtypes were removed, the GAM was fitted as a generalized linear model 

with a strong, positive relationship (R2=0.982). The near-perfect model fit was artificial, as 

outlier elimination was performed ad hoc and there was no real biological or statistical a priori 

expectation of a linear relationship between samples size and genotypic richness.299 However, 

the strong positive linear relationship was supported by the non-asymptotic nature of genotypic 

richness, which held across the non-outlier subtypes (Figure 4 A). This would indicate that 

every new sequence sampled represents a new genotype, supporting the expectation of a linear 

relationship and, resultantly, the observation that subtypes H5N1, H5N2, H5N6, H5N8, H7N9 

and H9N2 had lower than expected genotypic richness for their sample size. This was especially 

evident when compared to subtypes H3N8 and H4N6, which had equivalent reference sample 

sizes (Figure 5 A).  
 

 

Figure 6: A) Relationship between observed genotypic richness and sample size across subtypes. Outbreak-bias subtypes 
outlined in red. Generalized additive model fitted to all subtypes excluding outbreak-bias subtypes. B) Generalized additive 
model fitted to all subtypes 

However, the relationship between diversity and sample size was less strong for 1D and 2D 

relative to 0D, as these indices are less sensitive to the rare species tail of the abundance 

distribution (Figure 5 A, see section 5.2.3).285 The ratio of observed diversity measures between 

subtypes was as high as 28 for 0D, 50 for 1D and 30 for 2D, maximized at comparison of the 

high diversity subtypes (e.g. H3N8, H4N6, H11N9, H6N1, H1N1 and H3N6) to the outbreak-

bias subtypes (e.g. H5N1, H5N6, H5N8, H7N9 and H9N2) (Figure 5 D).  H9N2, H5N2, H5N1 

and H5N6 were inconsistently ranked between diversity indices owing to their differential 

weighing of rare species, with high species richness but reduced ranking in the Shannon and 

Simpson indices (1D and 2D ) (Figure 5 B). H5N8 as well as additional outbreak-biased 
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subtypes H16N3, H7N2 and H7N1 consistently had the lowest ranked diversity. The slope of 

the diversity profile curve (Figure 5 C) reflected the unevenness of the relative abundances of 

genotypes. If relative abundances were equal, the curve would have been constant at the level 

of species richness (q=0). A steepest slope was observed for subtypes H3N8 and H4N6, 

followed by H11N9, H1N1, H9N2, H6N2 and H5N2, indicating high degrees of inequality in 

relative abundances. 

The outbreak bias referred to reflects dense sampling of specific outbreak-associated viral 

populations in hosts that are largely concentrated spatiotemporally (for domestic poultry 

outbreaks), with reduced and uneven distribution of sampling outside of these outbreaks (Figure 

A1). The outbreak-bias subtypes H5N1, H5N2, H5N6, H5N8 as well as the later outbreak 

waves of H7N9, are all highly pathogenic avian influenza (HPAI) subtypes that have resulted 

in multiple outbreaks in wild and domestic bird populations globally over the past few decades 

(see section 1.6). These HPAI subtypes, excluding H7N9, are isolated from wild and domestic 

Anseriformes and Galliformes hosts, whereas H7N9 and H9N2 are predominantly isolated from 

Galliformes (Figure 7). H16N3 had outbreak-like sampling as most sequences in the global 

dataset were isolated from a limited number of gull colonies sampled over short periods of time 

(Figure A1). 

The outbreak bias was clearly reflected in the global pairwise patristic distance distribution of 

the internal genes’ phylogenies across the subtypes (Figure 8A, Figure A2). The distributions 

of the outbreak-bias subtypes were positively skewed and peaked at low patristic distances, 

indicating a high number of closely related sequences in the phylogenies. This held across the 

segments regardless of inherent segment-based differences in genetic diversity. The left peak 

was evident for H5N1, H5N6, H5N8, H7N9 and to a lesser extent H7N2 and H7N1, which also 

showed an outbreak-bias with dense sampling from chicken populations (Figure 8, A1). H9N2 

and H5N2 had more even distributions. This was not unexpected as H9N2 and H5N2 have 

circulated enzootically in domestic poultry populations for far longer than the HPAI H5Nx and 

H7Nx subtypes (section 1.6, Figure A2). The relatively less concentrated outbreak sampling of 

H9N2 can also be ascribed to its LPAI phenotype, which does not result in high mortality and 

associated outbreak response efforts in gallinaceous poultry compared to the HPAI phenotype.  

The distinction between the abundance profiles and rare species tails of subtypes, particularly 

the high diversity vs outbreak-bias subsets, reflected the phylogenies of the subtypes including 

their differential levels of diversity and branching patterns (Figure 9). The phylogenies of high 

diversity subtypes H4N6 and H3N8  were larger than other subtypes, but also had longer 
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internal and terminal branches representing undersampled lineages or isolated viruses that were 

more likely to be designated as rare genotypes. Comparatively, the outbreak-bias subtypes were 

characterized by large low-information subtrees of closely related viruses densely sampled 

from specific outbreaks. The outbreak bias was also clearly illustrated in the node information 

distribution plots, which depicts the mean patristic distance of each internal node in the tree as 

a function of the number of sequences it subtends. Subtypes without a clear outbreak bias such 

as H4N6 had heavy lower left quadrants of small subtrees with variable internal diversity, with 

an approximately linear relationship between internal divergence and number of sequences in 

the larger of the subtrees (Figure 9B, Figure A3A-F). Outbreak bias subtypes such as H5N8 

had stretches of low information in the tree, with large subtrees of extremely closely related 

viruses sampled from outbreaks that disrupt the linear relationship between the size of a subtree 

and its internal divergence. Subtypes H9N2 and H5N1 had more balanced node information 

distribution profiles, as expected from their broader sampling frame (Figure A3A-F). 

 

Figure 7: Number of sequences available in GISAID database isolated from avian host order across subtypes. Category 
“Avian” here is non-specifically defined in the metadata.  
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5.3.3. Estimated unobserved diversity by sample-size based rarefaction 

All diversity estimates from finite samples are likely to be systematically biased underestimates 

of true diversity. However, the degree of bias depends on sampling effort, a factor of both 

sample size and the evenness of sampling across spatiotemporal and host scales. Rarefaction 

can be used to control for the dependence of diversity indices on samples size across 

communities (here subtypes) with varying sample sizes. Integrated interpolated and 

extrapolated sample-size based rarefaction curves were constructed for each subtype, with the 

extrapolation range set at two times the reference sample size.297 This limit was set as bias in 

extrapolated estimators is negligible in short-range prediction, but may increase by orders of 

magnitude as the prediction range increases.297  

Diversity was consistently the highest by 0D, with the interpolated and extrapolated curves for 

several subtypes including H3N8, H4N6, H1N1 and H11N9 showing steep terminal slopes that 

suggested substantial additional sampling was required to approach an asymptote (Figure 10 

A). In contrast, the curves for 1D and 2D (related to the Shannon and Simpson diversity indices 

respectively) approached an asymptote for most subtypes beyond the reference sample, owing 

to the indices’ reduced sensitivity to rare species sampling effects.  Confidence intervals for the 

interpolated range at smaller sample sizes overlapped for largely all subtypes, excluding H3N8 

and H4N8 among the high diversity types. This limited meaningful ranking of subtype by 

diversity as significant difference at a 5% level was not guaranteed, but does not necessarily 

imply nonsignificance. Statistical power and variance in extrapolation was expected to vary 

across subtypes, as it is dependent on the sparsity of data in the reference sample.293 Estimation 

uncertainty increased with the number of rare species and was inherently large for 0D (species 

richness) owing to its reliance on the part of the curve derived from extrapolation.  

The slopes for outbreak-bias subtypes H9N2, H5N1, H5N6 and H5N8 levelled-off beyond the 

reference sample size i.e. beyond the interpolated curve (Figure 10 B). Ranking subtypes by 

diversity at their maximum extrapolated sample size again showed inconsistent ranking 

between Hill Diversities, with the rank of the outbreak-bias subtypes H9N2 and H5N2 inflated 

in genotypic richness rankings compared to 1D and 2D ranking (Figure 10 C). Subtypes H4N6, 

H3N8, H11N9, H1N1, H6N1 and H3N6 consistently ranked the highest between 1D and 2D, 

with outbreak subtypes H7N2, H7N1, H5N8, H5N6 and H16N3 consistently ranked as the 

lowest diversity subtypes. The ratio of diversity estimates at the largest extrapolated sample 

size was maximized at 24, 71 and 37 for 0D, 1D and 2D respectively at comparison of the high 

diversity subtypes H3N8 and H4N8 to outbreak-bias subtypes (Figure 10 D). 
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Figure 8: Global pairwise patristic distance distribution of the phylogenies (A). See Figure A2 for NS phylogeny distribution, 
which distorts the x axis scale owing to deep divergence of the A/B allele. B) Node information profiles for phylogenies.  



 201 

 

Figure 9: Genotypes designated for low (H7N2, H5N8) and high (H3N8, H4N6) diversity subtypes, annotated by heatmap 
on concatenated guide phylogeny 
 

Subtype diversity ranking according to the Hill Diversities at maximum extrapolation were 

largely consistent with the observed and extrapolated diversities based on fixed samples (Figure 

11 A). H3N8 and H4N6 had the highest estimated diversity by all three indices, followed by 

H6N2, H5N2, H6N1, H1N1 and H11N9 in variable order, with overlap in error estimates. 

H4N6 and H3N8 had an estimated richness of 1468 [95% CI 1198 – 1839] and 1350 [95% CI 
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1092 - 1713] genotypes respectively.  This was a fold increase of 3 and 2.95 times the observed 

diversity (Figure 11 B), which indicated that an estimated 980 and 892 genotypes were 

unobserved for H3N8 and H4N6 respectively based on sampled data. Galliformes subtype 

H9N2 had the fifth highest estimated diversity, with richness estimated at 621 genotypes [95% 

CI 486-832], with a fold-increase of 2.4. H6N1, H6N2, H7N2 and H12N5 had the highest fold-

increase in estimated diversity at 4-5, though the estimates had a high degree of uncertainty due 

to sample sparsity. The mean fold increase in estimated richness across subtypes was 2.9, with 

a median 174 genotypes unobserved across subtypes. The mean fold increase for the Shannon 

Diversity and Simpson diversity was expectedly lower at 1.75- and 1.2-fold respectively. Not 

all estimates of diversity by 1D and 2D indices were significantly higher than observed diversity. 

Confidence intervals for estimated and observed diversity overlapped for H5N8, H7N1 and 

H7N2 in the Shannon index, and all subtypes in the Simpson diversity index excluding H3N6 

and H4N2. 

To further account for differences in sample size, the Hill diversities were estimated for a base 

sample size of  n=228 sequences. The base sample size was set at n=228 as it is twice the 

reference sample size for the smallest subtype (H4N2, n=114) - i.e. the limit of reliable 

extrapolation - and would limit the amount of information lost in rarefying larger subtypes.297 

The ranking was consistent with the observed and extrapolated estimates, with diversity 

expectedly decreasing across 0D to 2D (Figure 12 A).  Subtypes H3N8, H4N6, H1N1, H6N1, 

H6N2, H11N9 and H3N6 consistently ranked highest across 0D, 1D and 2D, with some 

inconsistency in internal order owing to overlapping confidence limits. The outbreak subtypes 

H5N8, H7N2, H7N1, H16N3 H5N6 and H5N1 were ranked lowest for 0D, 1D and 2D, with 

little overlap in confidence intervals for H7N1, H7N2, H5N8 relative to the other low diversity 

subtypes.  
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Figure 10: Sample-size based rarefaction curve of the Hill Diversities of subtypes. A) Sample-size based rarefaction curve 
of the Hill Diversities of subtypes. For all rarefaction curves, interpolated regions are indicated by solid lines, with extrapolation 
as dashed lines. Shaded area represents 95% confidence intervals based on 200 bootstrap replicates. The reference sample sizes 
are indicated by point. B) Stratification of subtypes to show separation of confidence intervals, ranked as “high”, “medium” 
and “low” diversity based on D0. C) Ranking of subtypes by relative diversity across Hill diversities (0,1,2 on y axis). Size and 
colour indicates decreasing rank. X axis is sorted by rank of subtype in D0. D) Estimated diversity ratio between subtypes, 
relative to subtype in red on the x-axis. 
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Figure 11: A) Asymptotic estimates of diversity across subtypes. B) Fold increase in estimated diversity above observed 
diversity for each index across subtypes.  

 

Figure 12: Diversity estimates rarefied to base sample size  
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5.3.4. Estimated unobserved diversity by coverage-based rarefaction 

The differences in the shape of the accumulation curves across subtypes suggested that the 

subtypes were sampled with substantially unequal intensity relative to their total richness 

independent of sample size. Rarefaction to a base sample size as standardization does not 

account for differences in the underlying species abundance distribution across communities 

subject to comparison.293 Samples would need to be downsampled to the steepest slope of the 

rarefaction curves under comparison for a statistically legitimate comparison.293 This was not 

an option in the current study, given the disparities in the terminal slopes across subtypes. 

Rarefaction would lead to a dramatic loss of information owing to the orders of magnitude 

differences in sample sizes. Consequently, the true relationship between the diversities of 

samples would be more accurately estimated as a function of sample completeness or coverage 

(see section 5.2.2 for definition of coverage). Integrated coverage-based rarefaction curves were 

constructed to estimate the diversities of subtypes if sample completeness was increased 

irrespective of sample size.293  Coverage-based rarefaction was performed up to a maximum 

coverage value corresponding to two times the reference sample size.  

Expected coverage as a function of sample size varied substantially across subtypes, with  

coverage estimates increasing with sample size but at significantly different rates (Figure 13 

A). Comparison of observed diversity across subtypes without adjustment to equal coverage 

was therefore likely to be severely biased. Coverage estimates for the unstandardized reference 

samples ranged from 48% for H7N1, with notable uncertainty,  to 96% for H5N8, with coverage 

at the base sample size (n=228) ranging from 55% for H6N1 and H3N8 to 97% for H7N1  

(Figure 12 B). The coverage deficits in the reference and base samples were the largest for high 

diversity subtypes H11N9, H3N8, H4N6, H3N6, H6N1 and H1N1, with the lowest deficit for 

the outbreak-bias subtypes. This was reflected in the slope of the estimated sample 

completeness curves (Figure 13 A, C) of the outbreak subtypes which were steeper than the 

other subtypes initially and levelled off earlier, approaching coverage of 90+%. The relatively 

smaller proportion of low-abundance genotypes in the rare species tail of outbreak-bias 

subtypes limited the size of the undetected rare species pool estimated for the population. This 

increased coverage estimates for these subtypes, as it appeared that a large proportion of the 

limited rare species pool of the estimated population was captured in the reference sample.  

For the remaining subtypes, the initial slope was less steep. Coverage estimates did not 

approach 100% for the high diversity subtypes, with the curve plateauing at 75-80%. This 

estimated coverage deficit suggested that 20-25% of the estimated population consisted of 
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undetectable species even when the sampling range was substantially increased. This was a 

result of the non-asymptotic accumulation curve of these subtypes, with the high proportion of 

singleton genotypes suggesting a near-infinite pool of rare species in the population (Figure 

12). Coverage-based rarefaction and extrapolation is sensitive to the degree of species 

dominance in the community, with sensitivity decreasing with coverage or sample size.  

 

Figure 13: Sample coverage as a function of sample size for all subtypes. A) Sample coverage as a function of sample size 
for all subtypes. Interpolated regions are indicated by dots, with extrapolation as dashed lines. Shaded area represents 95% 
confidence intervals based on 200 bootstrap replicates. B) Coverage of reference samples across subtypes, ranked by 
completeness. C) Curve split into ranked triplets for visibility.  
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The relative difference in subtype ranking by estimated diversity at a fixed sample coverage 

was considered a more statistically rigorous comparison between subtypes of different sizes. 

The relative diversity ranking was largely consistent with sample-size based rarefaction (Figure 

14 A, B). Notably, 1D and 2D changed negligibly when extrapolated beyond the reference 

sample for the outbreak-bias subtypes owing to their high sample completeness. Owing to the 

overlapping confidence intervals, variable sample coverage would be required to assess if 

diversity in one subtype was statistically significantly higher than another (Figure 14 A). For 

high diversity subtypes H3N8 and H4N6 with steep slopes, coverage above 30% was already 

sufficient to distinguish diversity rankings, whereas other high diversity subtypes required 

coverages of 50-70% across the Hill Diversities. Confidence intervals largely overlapped even 

at high sampling coverage for low diversity subtypes, particularly for 1D and 2D, where curves 

were more asymptotic.  

Diversity rankings remained consistent across Hill diversities when all subtypes were rarified 

to a base coverage of 40%, the minimum sample coverage for any base sample (Figure 12 C). 

The disparity in diversity between high diversity subtypes H3N8, H4N6, H11N9, H1N1, H6N1 

and H3N6 and the other subtypes was particularly apparent at base coverage, with little overlap 

in confidence intervals across Hill diversities. Sample coverage increased by a median of 8.8% 

across subtypes when extrapolated to two times the reference sample size, with negligible 

increases for outbreak subtypes including H5N8 and H5N6 and large potential increases for the 

high diversity LPAI subset (Figure 14 C).  

5.3.5. Estimated unobserved diversity by Chao1 and ACE estimators 

All estimates of genotypic diversity by the Chao1 and ACE estimators were significantly higher 

than observed diversity, even for more sparse subtypes such as H7N2 and H7N1 (Figure 15 A). 

Consistent with other approaches, H4N6 and H3N8 had the highest estimated genotypic 

diversity by far. The ACE and Chao1 estimates overlapped, with a mean 3.1 and 2.88-fold 

increase for H4N6 and H3N8 respectively. These estimates suggested that there are at least 2-

2.5 times more genotypes than observed for H4N6 and H3N8, translating to 1245 [95%CI 1052-

1999] and 1034 [95% CI 868 - 1733] genotypes which is consistent with the other estimators. 

The mean fold-increase across subtypes between observed and estimated genotypic diversity 

was 2.7 and 2.9 by Chao1 and ACE respectively, which is marginally lower than but consistent 

with the asymptotic estimators (Figure 15 B). Differences in Chao and ACE estimates are 

ascribed to ACE’s inclusion of rare genotypes beyond singletons and doubletons (see section 

5.2.4).  
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Figure 14: Coverage-size based rarefaction curve of the Hill Diversities of subtypes. A) Coverage-size based rarefaction 
curve of the Hill Diversities of subtypes. For all rarefaction curves, interpolated regions are indicated by solid lines, with 
extrapolation as dashed lines. Shaded area represents 95% confidence intervals based on 200 bootstrap replicates. The reference 
sample sizes are indicated by point. B) Stratification of subtypes to show separation of confidence intervals, ranked as “high”, 
“medium” and “low” diversity based on D0. C) Increase in estimated coverage when reference sample size is doubled.  
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Fold-increases were highest for H6N2, H12N5 and H6N1 (Figure 16 B). These subtypes had 

the highest total abundance of rare species in their tail, which the diversity estimates were 

derived from. It followed that subtypes with shorter right rare species tails had the lowest fold 

increase (Figure 16 C, D). Outbreak-subtypes H16N3, H5N6, H7N1, H5N8 and H5N1 had 

below average fold-increases, as expected from their rare tail properties. The outbreak-bias 

subtypes were outliers in the relationship between estimated genotypic diversity by Chao1 and 

ACE1 and sample size (Figure 16 A). However, there was no obvious relationship between fold 

increase and sample size (Figure 16 B), again emphasizing that diversity was not a property of 

sample size which is inflated by the outbreak bias, but of the distribution of sampling effort.  

 

Figure 15:  Estimated diversity across subtypes by the Chao1 and ACE nonparametric diversity estimators. A) Estimated 
diversity across subtypes by the Chao1 and ACE nonparametric diversity estimators relative to observed diversity. B) Fold 
increase in diversity from diversity observed in reference sample. C) Ranking of subtypes by relative diversity by 
nonparametric estimators (y axis). Size and colour indicates decreasing rank. X axis is sorted by rank of subtype in Chao. D) 
Ranking of subtypes by fold-increase in relative diversity by nonparametric estimators (y axis). Size and colour indicates 
decreasing rank. X axis is sorted by rank of subtype in Chao1. 
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Figure 16 A) Relationship between estimated diversity by nonparametric estimators and reference sample size across 
subtypes. Observed diversity are indicated by open circles. B) Relationship between fold-increase in diversity by nonparametric 
estimators and reference sample size across subtypes. C) Relationship between proportion of low-abundance genotypes 
(singleton, doubleton, 3≥ $ ≥ 10) that nonparametric estimators are based on and fold-increase in diversity across subtypes. 
D) Differential distributional properties of the five highest and lowest diversity genotypes.   
 

5.3.6. Ecological drivers of unobserved diversity 

5.3.6.1. Unobserved diversity across order of host 

As expected, diversity estimates were the highest by 0D (Figure 17). The mean fold increase in 

estimated richness was 3.13 across subtypes in the Anseriformes subset, consistent with the 

aggregated analysis. Unobserved diversity was highest for the canonical high diversity 

genotypes H4N6, H3N8, H6N2, H1N1 and H6N1, with estimated unobserved diversity 2-4-

fold higher than the observed. This translated to 1212 [95% CI 884-11661] and 1136 [95%CI 
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813-1587] missing genotypes for H4N6 and H3N8 respectively. In sample size-based 

rarefaction (Figure 18 A), these high unobserved diversity subtypes had expectedly steep 

slopes. Coverage for the high diversity subtypes levelled-off below 80% in Anseriformes, 

indicating an estimation horizon for the number of rare and undetected genotypes in the 

underlying population.  

Unobserved diversity in Anseriformes was estimated to be lowest for outbreak-bias subtypes 

H5N6, H5N8, H6N3 and H7N1 (Figure 17). Outbreak-bias subtypes H9N2, H7N9 and H5N1 

had the highest unobserved diversity in Galliformes, with an average fold increase of 2.47 in 

estimated diversity by 0D. H9N2 was estimated to have 256 [95% CI 158-345] unobserved 

genotypes, with negligible unobserved diversity for predominating high diversity subtypes 

H4N6 and H3N8 in Galliformes.  

The rarefaction curves for all subtypes in the outbreak-bias and high diversity categories 

approached an asymptote within the interpolation range in Galliformes (Figure 18), reflected in 

steep coverage curves approaching completeness within a short sampling range (Figure 19). 

This pattern was consistent for 0D, with substantial overlap in the confidence intervals of the 

estimates and curves by 1D precluding robust ranking of subtypes (Figure 17, 18). There was 

negligible discriminatory power by 2D owing to a combination of sparsity of data for stratified 

host categories and downweighing of the rare species tail reducing the information in the 

distribution (Figure 18). Sparsity of isolates from other host categories precluded robust 

estimation of unobserved diversity circulating in these populations, as rarefaction curves 

showed high degrees of uncertainty (not shown).  
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Figure 17: Estimated Hill diversities across subtypes for avian host orders. 
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Figure 18: Sample-size based rarefaction curve of the Hill Diversities of subtypes for avian host orders. Shaded area 
represents 95% confidence intervals based on 200 bootstrap replicates. The reference sample sizes are indicated by point.  

 

Figure 19: Sample coverage as a function of sample size for all subtypes across avian host orders. Shaded area represents 
95% confidence intervals based on 200 bootstrap replicates.  

5.3.6.2. Unobserved diversity across spatial scales 

There were clear regional biases in sampling intensity which limited robust estimation of 

unobserved diversity for the majority of countries as samples were sparse and stratification by 

subtype resulted in high degrees of uncertainty in estimates. Countries were classified according 

to their presence in the nine major global migratory avian flyways to pool information to power 

more reliable estimation over a wider, more inclusive geographic region (see Table A1 for 

countries that constitute each flyway, Figure A7). This approach was considered appropriate as 

IAV lineages are frequently disseminated both intracontinentally and intercontinentally along 

migratory flyways, resulting in potentially shared distributions of diversity in the avian 

population that mix at the collective wintering, feeding and breeding sites along flyways.220 

Only approximate 40% of estimated diversities across subtypes and flyways showed significant 

increases above the observed estimates, with 99% significant increases for 0D and only 22% 

and 0% for 1D and 2D respectively (Figure 20A, Figure A4), as decreased dependence on the 

rare tail disproportionately affected subtypes with heavy right tails. 0D was used in all 

subsequent analyses. 
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The median estimated diversity across subtypes and flyways was 27 genotypes, with a median 

fold of increase in 0D, the estimated diversity, above the observed diversity of 2.6 (Figure 20). 

Estimates for unobserved diversity was the highest for Anseriformes LPAI subtypes H3N8, 

H4N6 and H1N1 in the strongly overlapping Central, Pacific and Atlantic American flyways 

(Figure A7), driven by the high diversity estimated for the USA and Canada and their high 

representation in the final dataset, allowing for robust estimation of diversity indices  (Figure 

20A, Figure A5). The LPAI Anseriformes subtypes had median fold increases ranging from 3-

4 (Figure 20B). However, the sample size based rarefaction curves for these subtypes were 

approximately linear for 0D and coverage estimates for rarefaction curves in the USA and 

Canada approached an asymptote at 80%, supporting a prediction horizon as observed for 

overall diversity and diversity partitioned by host (Figure A6). The American flyways had 

substantially lower observed and unobserved diversities of Galliformes and outbreak subtypes 

such as H7Nx, H5Nx and H9N2 compared to Anseriformes LPAI subtypes, excepting H5N2 

where unobserved diversity is estimated to be 3.7 times higher than the observed diversity 

(Figure 20A,B). H6N2 had the fifth highest diversity estimated, with a fold increases of 5.3 

supporting a very high burden of unobserved diversity in the Americas though, these estimates 

associated with  notably high degrees of uncertainty. 

Following H4N6, H3N8 and H1N1, Galliformes subtypes H9N2 and H7N9 had the next highest 

observed and unobserved diversity which was concentrated in  the overlapping East Asian-

Australasian, Central Asian and Central Pacific flyways (Figure A7) predominantly driven by 

high sequence numbers and diversity isolated from China (Figure 20A, Figure A5). Fold 

increases of unobserved diversity ranged between 3-3.2 for H9N2 and H7N9 across the Asian 

flyways (Figure 20B). The highest diversity estimates for non-outbreak subtypes along the 

Asian flyways was for H6N2 and H6N1, with diversity estimates overlapping with more 

sampled genotypes H9N2, H7N9 and H5N1 and fold increases ranging from 4.6-6.7 driven 

predominantly by sampling from China and Taiwan (Figure A5). However, these estimates 

were associated with high degrees of uncertainty. Though coverage estimates for the outbreak-

bias subtypes approached one in the China subset, the curves remained approximately linear 

for 0D (Figure A6).  

The East Atlantic and Black Sea/Mediterranean flyways, which overlap in coastal west Africa 

and  northwest Europe, only represented 3.5% and 2.8% of the total number of sequences 

(Figure 21A, Figure A7). Estimated observed and unobserved diversity was the highest for 

Anseriformes subtypes H4N6, H6N2, H5N2 and H3N8, ranging from an estimated 146 
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genotypes [95% CI 55-520] for H3N8 to 280 genotypes [95% CI 174-500] for H4N6 with 

notably large confidence intervals. Fold increases were 3, 5, and 10 respectively for H4N6, 

H5N2/H3N8 and H6N2. Charadriformes subtype H16N3 had the next highest observed and 

unobserved diversity, with 3-fold estimated unobserved diversity, driven predominantly by 

sampling from the Netherlands and Sweden (Figure A5). Estimated observed and unobserved 

diversity was substantially lower for Galliformes or outbreak subtypes excepting H5N1. 

Diversity estimates were the highest for H5N2 and H5N1 along the Black Sea/Mediterranean 

flyway, with unobserved diversity estimated to be 4-fold higher than the observed diversity. 

The median estimated diversity and fold increase in diversity was substantially lower for the 

Black Sea/Mediterranean flyway, compared to all other flyways (Figure 21). 

5.4. Discussion 

The current work leveraged the first pansubtypic genotyping system for AIV internal gene 

diversity and a comprehensive suite of diversity indices incorporating species richness and 

evenness to generate the most robust estimates of the lower bound of AIV diversity possible. 

Sample completeness was accounted for by coverage based analyses to address the primary 

confounding factor of the biased distribution of sampling effort. To overcome the limitations 

of individual indices (see section 5.2.2-5.2.4), estimates were interpreted as relative trends not 

absolutes across measures with conclusions based on the consistency of the diversity profiles 

for the most informative inferences within the context of finite sampling.  

5.4.1. Unobserved diversity of AIV 

The extent of unobserved diversity was intuitive and unambiguous, with sampling coverage 

varying widely across subtypes, host orders and countries. As with most zoonotic viruses, 

substantial further sampling is required which will likely reveal extremely high levels of 

diversity.284,300 The simulated communities provided evidence that asymptotic and 

nonparametric estimates of richness were likely severely biased in communities with heavy rare 

species tails, resulting in underestimation of genotypic diversity.285,301 Estimators from 

integrated rarefaction reliably fell within the 95% confidence intervals of the true diversity, and 

can be interpreted as a reliable lower bound on diversity.  Nonparametric estimators showed 

higher degrees of underestimation even in more balanced communities.285 Bias and 

underestimation were therefore likely to vary between subtypes as it was less pronounced in 

communities with more even distributions and higher coverage estimates that approached 

asymptotes for diversity indices.  
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 Figure 20: A) Estimated Hill diversity across subtypes for the nine major global avian flyways. B) Fold increase from 

observed to estimated diversity by 0D across subtypes for the nine major global avian flyways. See Table A1 for country 

classification by flyway.  
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Figure 21: A) Percentage of total sequences across subtypes isolated from the different avian migratory flyways. Median B) 
Observed and C) Estimated genotypic diversity across the different avian migratory flyways. D) Median fold increase in 
observed to estimated diversity across the different avian migratory flyways. 
 

There was a clear subset of LPAI subtypes, including H4N6, H3N8, H1N1, H11N9, H6N1, 

H6N2, H3N6 and H12N5, which were estimated to have very high levels of undetected 

diversity restricted to Anseriformes hosts. These subtypes’ missing diversity was distributed 

across various regions, with the highest estimates for the flyways of the Americas 

predominantly driven by sampling from the USA and Canada. This is consistent with the 

distribution of observed diversity as detailed in Chapter 3. Sample coverage for these subtypes 

did not approach a high degree of completeness within the rarefaction prediction horizon, 

indicating substantial additional sampling is required to adequately capture diversity. The 

observed and unobserved diversity of H4N6 and H3N8 was notably non-asymptotic. The 

hyperdiversity of predominantly Anseriformes subtypes captures the interaction of the 

surveillance bias towards Anseriformes (discussed in full in Chapter 3 and 6) as well as the 

elevated frequencies of reassortment in this host order that generates substantial diversity (see 

section 3.4.1 and 4.3.2 for full discussion of reassortment dynamics and the associated 

ecological drivers). 

The outbreak-bias subtypes HPAI H5Nx, H7Nx, and LPAI H9N2 and H16N3 viruses had 

distinct abundance profiles from the high diversity and remaining LPAI subtypes. Their 

accumulation curves levelled-off within the interpolation range, suggesting diversity indices 
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were more robustly estimated for outbreak-bias subtypes. Coverage estimates approached an 

asymptote at one, supporting the hypothesis of saturated sampling though this interpretation is 

caveated (see section 5.4.2.4). The level of unobserved diversity was far lower for these 

subtypes and was concentrated in Galliformes hosts for H7Nx and H9N2, though H5Nx has 

relatively higher estimates for Anseriformes host. Uonbserved diversity for these subtypes 

estimates were highest along the Asian flyways, excepting a high burden of missing diversity 

estimated for H5N2 in the USA. H6N1 and H6N2 have high estimates of unobserved diversity 

for both the American and Asian flyways, though estimates for these subtypes had notably wide 

confidence intervals. Uneven and sparse sampling in country-level as well as more aggregated 

flyway-level datasets limits inference on the geographical drivers of unobserved diversity for 

the less well sampled subtypes, as indices were unreliably estimated with high degrees of 

uncertainty due to a lack of statistical power.   

The lower than expected genotypic diversity observed for these outbreak bias subtypes could 

result from four mechanisms or likely an interaction thereof:  1) The sampling density 

associated with outbreak-biased surveillance may capture true low-to-intermediate abundance 

genotypes and their variants more completely, whereas lower sampling intensity in LPAI 

subtypes would render these genotypes artificially rare. 2) This sampling density may result in 

saturated sampling for outbreak-bias subtypes, where the same genotype or minor variants 

thereof below genotype-classification resolution is sequenced at high frequency during 

outbreaks, with limited and uneven sampling outside of outbreak events. This would inflate the 

sample size at the cost of well-distributed sampling that captures additional diversity outside of 

outbreaks. In LPAI subtypes such as H4N6 and H3N8 with equivalent sample sizes, more rare 

genotypes may be sampled at random from Anseriformes, as sampling is largely opportunistic 

in these hosts. 3) The right tail may be an artifact of the outbreak bias fractionating PhyCLIP’s 

clustering resolution by artificially reducing the distribution-derived within-cluster limit with 

the left-peak of closely related viruses. However, this was addressed by the development of 

phylogeny-guided resolution calibration  to ensure all genotypes were robustly distinct and not 

artificial variants. Concurrently, if the outbreak-bias was artificially inflating the right tail, then 

genotypic richness would be over-estimated, not underestimated, so this does not completely 

explain the lower-than-expected genotypic richness observed for the outlier subtypes. 4) Host 

ecology is a primary determinant of viral diversity. The ecological factors limiting and 

mediating diversity in Galliformes hosts are discussed at length in Chapter 3 section 3.2.1.  
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5.4.2. Limitations of the current work 

All statistical microbial ecological methods are limited by the lack of information of community 

membership and structure in inadequate sample sizes.297 These methods all assume that the 

abundance distribution observed in samples, which are inherently a small fraction of the 

population, accurately reflects the true underlying distribution particularly with regards to the 

right tail of relatively low-abundance genotypes. Without exhaustive sampling, there is no 

feasible way to assess the true underlying diversity of AIVs. Resultantly, absolute genotype 

abundances cannot be robustly estimated from the current sample of genotypic diversity owing 

to the sparse and unsystematic nature of avian influenza virus genomic surveillance across 

spatiotemporal and host scales (discussed in full in Chapter 6). However, there is still a need 

for a systematic investigation of the patterns of observed and unobserved internal gene 

genotypic diversity of AIV across subtypes, geographic regions and host orders to compare 

relative diversity across communities and assess likely sources of undetected diversity to target 

for surveillance. Even considering the limitations of the statistical approaches of microbial 

ecology, there are still testable hypotheses from population abundances.  

5.4.2.1. Non-asymptotic species richness  

The non-asymptotic nature of the accumulation curves of some subtypes limits the reliability 

of estimates of diversity that make asymptotic assumptions about the genotypic abundance 

distribution. A simulation study of in silico microbial communities found that rarefaction 

curves were insensitive to the abundance distribution of rare species.285 Increases in the number 

of rare species of orders of magnitude did not affect the sample data if the total abundance of 

rare species was held constant. Communities with very different rare species tails can therefore 

have the same rarefaction curves, as the contribution of rare species to richness depends only 

on their prevalence in the sample and therefore their presence in the community.302 

Communities with more non-rare species (defined in the study in relation to the overall sample 

size) had spuriously higher estimated diversity, as this drove the estimated number of species, 

whereas the true number of species was determined by the number of rare species.285 

Comparison of samples with estimates from rarefaction is also limited by their prediction 

horizon, which is dependent on their sample size. Resultantly, rank ordering of samples is 

limited as curves may cross at high sample sizes.288  

Hill diversities 1D and 2D are more robustly estimated from rare-species rich communities 

owing to their reduced sensitivity to the rare species tail of the abundance distribution.285 
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However, 1D  and 2D  on their own is also not appropriate to characterize samples due to the 

disproportionate emphasis on the dominant species as the underlying distribution is likely to 

have strong rare species tails resulting from high reassortment frequencies in the natural 

reservoir (see section 3.2.1) as well as the mechanisms generating singleton genotypes 

discussed in section 5.4.2.4.  

5.4.2.2. Estimation horizons of conditioning on observed diversity 

Approaches in microbial ecology estimate population parameters from sampled diversity. 

Resultantly, analyses suffer from an estimation horizon of conditioning on observed diversity 

and cannot account for diversity sources or generating processes not represented in the sampled 

distribution. This is applicable in populations with an unprecedented number of undetected 

species, as expected for AIVs owing to high reassortment frequencies in the natural reservoir 

and surveillance heterogeneities. The horizon limitations were particularly apparent when 

analyzing unobserved diversity stratified by host or country, as robust estimation is not possible 

for zero-inflated abundance data from sparsely sampled subunits. It is therefore highly likely 

that a lack of estimated diversity represents false absence rather than true low levels of diversity. 

However, without substantial additional and evenly distributed surveillance effort, it is 

impossible to disentangle these false negatives from true negatives. 

5.4.2.3. Sampling coverage horizon  

Sample coverage was quantified to control for confounding by sampling intensity across time, 

space and host. However, sample completeness is based on representation of the population 

estimated from observed diversity, which is subject to the estimation horizon discussed above. 

Coverage can therefore only be interpreted as a function of the sampled dataset under 

investigation. This was particularly notable for inferences around the outbreak-bias subtypes, 

which had artificially high degrees of sample completeness as the diversity of the estimated 

population was well-represented in the reference sample owing to their relatively lighter rare 

species tail. Information on coverage cannot be used to disentangle the mechanism of rare 

species generation. 

5.4.2.4. Definition of rare species 

Relative abundances should be treated with caution as rare or singleton genotypes can arise by 

several mechanisms (touched on in section 5.4.1): 1) Primarily, unequal sampling depth across 

sampling subunits of time, space and host can result in spuriously low-abundance or rare 

genotypes. 2) Genotypes may be an artifact of clustering resolution and the sensitivity of 
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PhyCLIP’s statistical framework. This may result in viruses separated from a larger cluster, 

especially as a result of outlier designation, which will designate a new genotype that is an 

artificial variant of its true genotype. 3) Genotypes may truly be unique singletons, existing as 

a transient constellation product of the high reassortment frequencies or as an ecological outlier. 

It is impossible to isolate the underlying processes that generate “rare genotypes” outside of 

modeling and accounting for genotype detection probability across subtypes, hosts, time and 

space. However, these parameters are not likely to be directly estimable with current data 

constraints and parametric assumptions may not be reliably testable. As a result, rare genotypes 

were treated uniformly as true rare genotypes in the analysis. 

5.4.2.5. Genotypic definition framework and saturated sampling  

The current work used a standardized framework that calibrates genotypic definition to the 

ensemble properties of the underlying phylogenies to define ecological and evolutionarily 

relevant units of measure. The diversity of the population in the respective segment phylogenies 

was used as a null distribution to test clusters of viruses against, calibrating a threshold for what 

is considered “closely related” to that dataset (see section 2.2.1). Theoretically, this framework 

incorporated disparities in sampling intensity into genotypic definition, as PhyCLIP “learns” 

the within-cluster limit from the underlying distribution, and operates on long, internal branches 

with distal dissociation to identify potentially undersampled or outlying lineages and sequences. 

This was done individually for each segment, as it is important to account for differences in the 

inherent diversity of the gene segments that arise from their differential biological properties 

and evolutionary histories. This has not been done before, with arbitrary distance thresholds 

derived from the HA gene applied uniformly to the internal genes, without accounting for the 

different levels of sampled diversity in the gene segments and across subtypes (see section 3.1). 

The systematic application of a single framework incorporating sampling disparities across 

subtypes suggestively identified congruent genotypic units with comparable genetic resolution 

between subtypes. However, the framework did not directly model differences in sampling 

arising from sampling biases across subtypes or the resultant probability of detecting a 

genotype. Comparison across subtypes was therefore caveated, and comparisons were 

undertaken based on trends rather than direct genotypic comparison.  

It is also possible that there is a feedback mechanism between genotypic definition by PhyCLIP 

and the abundance distribution. The outbreak-biased left peak of the patristic distance 

distribution of outlier subtypes may have biased the within-cluster limit downwards, resulting 

in a larger number of smaller, more internally congruent genotypes. In subtypes without the 
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outbreak-bias induced left peak, the within-cluster limit would be higher, allowing for broader, 

more internally divergent genotypes that may coalesce smaller genotypes which would be 

fractionated into “rare” genotypes at lower WCL. However, any downsampling approach to 

reduce the left peak would distort the genotype relative abundance distribution that the 

statistical approaches of diversity estimation operate on and was therefore decided against.  

5.5. Conclusion 

The current chapter explicitly quantified the observed and unobserved diversity of AIV 

subtypes across scales. It highlighted the non-asymptotic relationship between sampling and 

diversity, suggesting that AIV genotypic diversity is unlikely to stabilize even with substantial 

increases in sampling rates. The drivers of sampling heterogeneities and associated unobserved 

diversity is further Discussed in Chapter 6, which leverages the explicit quantification of 

observed and unobserved diversity in Chapters 3 and 5 to interrogate the purpose of genomic 

surveillance of AIVs 
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6. Discussion 

Reassortment among avian influenza viruses has given rise to a highly diverse population of 

influenza viruses in wild and domestic birds. This diversity has raised numerous questions 

about the existence of constraints on the reassortment process, leading to a fundamental notion 

that avian influenza viruses are essentially free to reassort in the natural reservoir. However, 

the limited number of internal gene genotypes in viruses that have jumped from birds to humans 

suggests that some internal gene genotypes may be fitter than others, at least in their ability to 

jump between species but possibly also in their fitness within their primary host species. The 

current work sought to quantify the diversity of avian influenza virus genes and to explore the 

limits of reassortment in generating new virus diversity. 

Addressing these issues  required a comprehensive and quantitative genomic survey of the AIV 

internal gene genotypic diversity and the development of a systematic, pansubtypic 

nomenclature of the internal genes (Chapter 3). Constructing this nomenclature required the 

development of a novel statistically principled clustering algorithm to reduce arbitrariness in 

underlying lineage designation (Chapter 2). It also required the development of a new tool to 

quantify reassortment frequency across subtype, spatiotemporal and host scales, to investigate 

the molecular and ecological drivers and restrictions on the internal gene pool and dynamic 

reassortment process across reservoir and spillover hosts (Chapter 4). Lastly, it required 

quantification of sampling heterogeneity and the associated patterns of unobserved diversity 

across sampling subunits structured by subtype, geographic region and host order as 

surveillance biases were likely to be a strong determinant of observed diversity and must be 

accounted for in all of the upstream inference (Chapter 5) 

6.1. Main findings 

6.1.1. Development of PhyCLIP and pansubtypic nomenclature 

The current work developed the first unified nomenclature system to partition and describe the 

complex lineage distributions of the internal genes across subtypes, based on a large, globally 

and genetically representative dataset. The statistically principled and phylogeny informed 

clustering algorithm PhyCLIP was developed and applied to underlie the nomenclature. 

PhyCLIP negates the introduction of an arbitrary distance threshold for cluster designation and 

informs its limit on within-group divergence with the global pairwise patristic distance 

distribution of the input phylogeny, with this population diversity serving as a pseudo null 

distribution to indicate whether clustered sequences are sufficiently more closely related to one 
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another than to the rest of the population to be designated as a cluster or lineage. PhyCLIP was 

validated on the current WHO/OIE/FAO H5 nomenclature to delineate more informative, 

spatiotemporally distinct subpopulations, providing a reliable and systematic approach to 

underlie nomenclature development. In combination with PhyCLIP’s clustering of the 

respective internal gene phylogenies, the novel phylogeny-guided resolution calibration 

approach was developed to ensure that genotype assignment is robust to the effect of clustering 

resolution in the individual phylogenies, which may result in the designation of artificially 

variant genotypes spuriously delineated from related, more predominant genotypes. Conjointly, 

these new approaches enabled the first quantitative survey of the genotypic diversity of the 

internal genes across the influenza ecosystem, investigating subtype, spatial and host drivers 

that had not been quantifiable at this scale or scope prior to this work.   

6.1.2. Genotypic diversity and reassortment frequency 

Continuous and dynamic reassortment between co-circulating viruses produces extensive 

diversity, with 4763 genotypes designated in the pansubtypic avian influenza virus dataset. 

Overall, 69% of the designated genotypes were represented by a single sequence, indicative of 

the high rates of reassortment observed in the natural reservoir hosts and the notable 

surveillance biases towards Anseriformes in the global dataset.   

To quantify reassortment frequency, the DeviantChild algorithm was developed to overcome 

the intractability of current approaches for the large datasets required for sufficient 

representation of global diversity. DeviantChild quantifies phylogenetic incongruence based on 

a distributional shift test between PhyCLIP assigned lineages, conditioning on the major 

bidirectional path of lineages across phylogenies to quantify the number of sequences in major 

lineage associations (congruent paths) and minor lineage associations (incongruent paths) 

between segment phylogenies. DeviantChild had high sensitivity and specificity when 

validated on simulated phylogenies, showed high levels of agreement with information 

theoretic approaches in the empirical dataset and recovered the well-characterized TRIG 

internal gene cassette reassortment dynamics for swine influenza viruses. DeviantChild  was 

applied to the pansubtypic representative datasets of swine and avian influenza, enabling the 

first systematic quantitative analysis of the reassortment dynamics of IAVs in the global dataset.  

Together with the substantial genotypic diversity observed, the high reassortment frequency 

estimated in the current work in the global dataset (ranging from 75%-80% across segment 

combinations for AIVs) supports the hypothesized constraint-free reassortment or single gene 

pool model for the reservoir hosts. There was also no evidence of reassortment bias between 
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the internal gene, which further supports the free reassortment hypothesis as the absence of co-

segregation biases suggests that there are few functional restrictions on lineage-based segment 

compatibility for the internal genes at a population-level.  

However, both the survey of the genotypic diversity of AIVs and the quantification of 

reassortment frequency highlighted a number of drivers and restrictions on the interplay of 

ecology and evolution that structure IAV diversity, supporting evidence that the internal genes 

do not exist as a single gene pool with flow across all scales and ecosystems.  

6.1.2.1. Host ecology as a driver of diversity 

Host ecology is an important driver of the structure of AIV diversity. Wild birds of the order 

Anseriformes and Charadriiformes and domestic poultry of the order Galliformes exists in very 

different ecosystems, with differences in AIV mode of transmission, feeding behavior, 

immunity and physiology, population structure and demographics as well as migratory and 

reproductive cycles resulting in distinct evolutionary dynamics for internal gene pools across 

host orders (see section 3.4.1 for full discussion of host ecology as determinant of diversity).   

Anseriformes species are the major source of observed genotypic diversity across spatial and 

subtype scales,  as expected from the high reassortment frequencies estimated in this work 

relative to the other host orders. Together with the substantial number of singleton 

Anseriformes genotypes, this supports the proposed evolutionary model of constraint free 

dynamic reassortment in a common pool of viruses, with some regional geographic restrictions 

in the natural reservoir.   

Reassortment frequencies in Charadriiformes were lower relative to Anseriformes, but the 

comparison is heavily influenced by uneven sampling – Anseriformes represent 61% of the 

imputed dataset, relative to 10% for Charadriiformes.  Diversity in Charadriiformes does show 

some host-level restrictions, with a pool of internal genotypes isolated exclusively from H13Nx 

and H16Nx subtype viruses in gull species suggesting segregated gene flow, which is supported 

by the low levels of interhost reassortment for gull-specific subtypes estimated in the current 

work. 

In line with consensus findings, whole genome genotypic diversity in non-reservoir Galliformes 

hosts and their major lineage associations are largely restricted to H5Nx, H6Nx, H7Nx , H9Nx 

and H10Nx subtype viruses.  Although the constitutive lineages of Galliformes genotypes are 

predominantly restricted to subtype-specific associations or  co-circulation in H5Nx, H7Nx, 

H9Nx and H10Nx viruses, broader circulation of some constitutive lineages in a number of 
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LPAI across host orders suggests relatively frequent flow of individual gene lineages from 

outside of the core Galliformes pool. 

In contrast to the extensive reassortment observed in wild birds, swine influenza viruses had far 

lower estimated reassortment frequencies, in line with previous finding.258  

6.1.2.2. HA- NA defined subtype as a driver of diversity 

HA-NA defined subtype interacts with or proxies host order as a driver of diversity, with 

subtypes predominantly isolated from Anseriformes e.g. H4N6, H3N8, H5N2, H7N3 and H6N2 

representing the largest number of genotypes and the highest reassortment frequencies. These 

subtypes are also the best represented in the sequence dataset, but their non-asymptotic 

accumulation curves relative to the less steep terminal curve of equivalently represented H9N2, 

H5N1 and H7N9 indicates that their relatively higher diversity is not entirely ascribable to 

surveillance biases alone. Estimates of unobserved diversity was very high for this subset of 

LPAIs (including  H4N6, H3N8, H1N1, H11N9, H6N1, H6N2, H3N6 and H12N5), though 

reliable estimation is complicated by the non-asymptotic nature of genotypic richness for 

subtypes of this host order. Estimated sample completeness for these subtypes is extremely low 

and non-asymptotic on extrapolation,  supporting the common wisdom that substantial 

additional sampling would be required to sufficiently characterize extant AIV diversity in the 

natural reservoir. The vast majority of multisubtype genotypes were isolated from 

Anseriformes, with subtypes with the highest representation i.e. H3N8, H4N6 as well as H10N7  

and H1N1 showing the widest range of subtypes they share internal genes with as well as the 

high frequency of intersubtype reassortment, supporting the hypothesis of free reassortment in 

wild aquatic birds.  

Subtypes H5N1, H5N6, H5N8, H9N2 as well as H9N2 show a clear outbreak surveillance bias, 

with lower than expected genotypic diversity as a function of sample size.  Intense sampling of 

outbreak-associated genotypes results in distinct abundance profiles from Anseriformes 

subtypes, with coverage estimates suggesting saturated sampling and lower relative levels of 

unobserved diversity, particularly in Galliformes in China. These subtypes also have lower 

relative frequencies of reassortment, with intersubtype reassortment largely limited to the select 

set of subtypes that circulate enzootically in domestic poultry.   

6.1.2.3. Spatial variation as a driver of diversity 

Genotypic diversity was the highest in the USA, driven by the country’s disproportionately 

high representation in the global dataset but also the surveillance bias towards sampling from 
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Anseriformes and Charadriformes  hosts. Mainland China is the next best represented and 

expectedly had the next highest burden of genotypic diversity, but it was lower than expected  

owing to saturated sampling of outbreak genotypes concurrent with low sampling rates from 

wild birds, which unsurprisingly was estimated to be a source of undersampled and unobserved 

diversity. Galliformes-predominant subtypes suggestively had undersampled diversity in 

Bangladesh, Israel, Pakistan and Taiwan, especially relative to sampling effort in Mainland 

China. 

The Eurasian/American allopatric division largely held for the internal genes genotypes, with 

a two excepting genotypes isolated from wild birds in the USA and  Mainland China as well as 

the intercontinental H5N8 genotypes.  However, the constitutive internal gene lineages show 

low levels of interhemispheric mixing, suggesting incompletely segregated gene pools. 

6.1.3. Major human and poultry adapted internal genotypes 

The internal genotype 57 characterized by Pu et al.201 implicated in the genesis of reassortants 

of pandemic concern was arbitrarily designated based clustering of the internal gene 

phylogenies of exclusively H9N2 viruses with a patristic distance distribution percentile 

threshold of 20%. The new genotyping system enables more accurate and pansubtypic 

reconstruction of the constitutive lineages and evolutionary pathways that contribute to internal 

genotypes relative to subtype-restricted studies. The new system found that the definition 

threshold of genotype 57 failed to detect clear intragenotype lineage distinctions across all 

segments, coalescing multiple distinct genotypes that had constitutive lineages that could be 

traced  to ancestral non-H9N2 circulating diversity. This holds for the reconstruction of the 

internal genotypes circulating in human isolates over multiple subtypes and outbreak waves. 

This emphasizes the importance of genetic resolution when investigation genotypic diversity 

and the processes that structure it, as well as how that translates to phenotypic diversity.  

6.2. Surveillance heterogeneity as a determinant of diversity 

Genomic surveillance programs of zoonotic pathogens aim to characterize and detect patterns 

of diversity to better understand determinants of disease emergence.284,303–307 Advances in high-

throughput molecular assays, sequencing technology and computational approaches in recent 

years has powered more comprehensive surveys of pathogen diversity, increasing the amount 

of publicly available data by orders of magnitudes every few years.150,308 However, surveillance 

effort for most pathogens including AIVs remains extremely unevenly distributed.283 The 

approaches and findings of the current work are primarily dependent on and limited by the 
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representativeness of the global genomic dataset of avian and swine influenza viruses. Explicit 

quantification of surveillance biases and the associated unobserved diversity in this work and 

the literature highlight a number of drivers of heterogeneity that negatively bias sampled 

genotypic diversity relative to true richness. Once characterized, these biases inform a 

framework of opportunities to optimize and enhance surveillance strategies at both the wild 

bird and domestic poultry interface and the domestic poultry and human interface for more 

informed management action. 

6.2.1. Current state of AIV genomic surveillance 

There are five major, interrelated biases in the global AIV sequence dataset: 1) Principally, AIV 

surveillance has a strong bias towards risk-based sampling of outbreaks in domestic poultry 

owing to the economic effects, which results in dense sampling of predominantly HPAI 

subtypes associated with high mortality rates in gallinaceous poultry.309 Notably, only HPAI 

and LPAI of H5Nx/H7Nx are World Organisation for Animal Health (OIE) notifiable disease 

subtypes.310 Sampling of circulating LPAI diversity in both poultry and wild populations is 

therefore largely a cross-sectional, opportunistic by-product of risk-based surveillance for 

outbreak genotypes.149,311 As AIVs rarely cause disease in wild birds, opportunistic sampling 

of outbreaks with high mortality in birds is unlikely to provide any insight into the true diversity 

maintained in the population outside of HPAI viruses.312 In a recent survey of OIE member 

countries, 30% of included countries reported exclusively passive surveillance practices in wild 

dead birds, with 15% of countries reporting no surveillance effort in wild birds populations.312 

Approximately 59% of the countries that report surveillance efforts perform subtype-specific 

testing for notifiable viruses of human and animal health concern (i.e. H5 and H7), with only 

23% reporting multisubtype detection practices.312 Notably, there is a financial incentive not to 

test apparently healthy domestic animals for IAVs in commercial systems as detection may 

render them unmarketable, with regulatory frameworks and reinforcement contributing to 

geographic variation in testing regimes.240 2) There are only a limited number of active, 

systematic and long-term surveillance programs in wild birds, with the exception of study sites 

in Delaware Bay (USA), Alberta (Canada), the Republic of Georgia, and Sweden.149,226,247 In a 

meta-analysis, the seven largest studies of AIV diversity in wild birds that sampled 

indiscriminately were all located in the Northern Hemisphere and predominantly sampled 

Anatidae species.313 3) This dynamic is reflected in the uneven geographic representation of 

countries in the global sequence dataset, with the highest representation for the USA, followed 

by Mainland China and Canada.309 4) There is a strong bias towards sequencing and studying 
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HA and NA diversity alone due to their central role in immune escape and vaccination, with far 

fewer studies and programs sequencing whole genome data.312 5) Human cases of AIV 

infection, especially with LPAIs such as H9N2, are often asymptomatic or mild, non-specific 

infections that remain undetected with their genotypic diversity unsampled.244 This is 

particularly relevant in resource limited public health systems or rural settings that may lack 

the capacity to diagnose and detect zoonotic infections.314  

Observed and unobserved diversity measures in the current work and larger evidence basis are 

strongly driven by these sampling heterogeneities, with the non-asymptotic relationship 

between sampling and diversity observed in the current work suggesting estimated IAV 

diversity is unlikely to stabilize even with substantial increases in sampling rates.286,306 

Sampling intensity is not simply a function of sample size but is an interaction of size and 

intensity, which reflects how evenly sampling effort is distributed across spatiotemporal and 

host scales. Unevenly distributed sampling associated with outbreaks, especially outbreaks 

clustered spatiotemporally, results in saturated sampling of genotypes or their minor variants 

below genotype-classification resolution. Outbreak-biases increase the representative sample 

size of subtypes or genotypes in the global dataset without increasing the breadth of diversity 

potentially observable with more systematically distributed sampling.  

This probable opportunity cost is captured by the distinct genotype accumulations curves of 

Galliformes and Anseriformes predominant subtypes. In Anseriformes the accumulation curve 

is approximately linear, indicating that every additional sequence sampled has a high 

probability of representing a new genotype. This high rate of novel genotype discovery is 

reflected in relatively lower estimates of sample coverage or completeness, which are 

suggestively not reliably estimable within the sampling size range due to the hyperdiversity of 

the viral population in the Anseriformes.  

The terminal slope of the accumulation curve of Galliformes hosts and subtypes approaches an 

asymptote within its extrapolated sampling range. This supports the hypothesis of saturated 

sampling as the inference is that the sampled diversity distribution captures the estimated 

population distribution well. Non-reservoir Galliformes do host a far more limited subset of 

diversity than Anseriformes and Charadriformes, mediated by the ecological drivers discussed 

at length throughout the work. It is therefore possible that the higher sampling coverage reflects 

the lower reassortment frequencies and associated restricted circulating diversity in 

Galliformes, which is more completely captured by the finite sample sizes. This is supported 

by the higher number of singleton genotypes in Anseriformes relative to Galliformes. 
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Alternatively, this may be a reflection of the intensity of risk-based outbreak surveillance 

adequately sampling genotypes in poultry populations. In contrast, sporadic and unsystematic 

sampling of LPAIs in Anseriformes likely undersampled non-rare genotypes, resulting in 

spuriously rare genotypes that inflate population diversity estimated from the heavy right tail 

of singleton genotypes in statistical ecological approaches. It is, however, far more likely 

attributable to an interplay with saturated sampling, where circulating diversity is not 

adequately sampled outside of outbreak situations. This is observable when comparing 

Anseriformes subtypes H4N6 and H3N8 to outbreak-bias subtypes of equivalent sample size 

H9N2 and H5N1, which have far lower genotypic diversity than expected for the sample size.  

6.2.2. The role of AIV genomic surveillance 

It is important to disentangle the interrelated but independent objectives of AIV genomic 

surveillance when attempting to design more efficient surveillance systems that address the 

limitations set out in previous section.  

The first objective of genomic surveillance is to understand the distribution of AIV diversity in 

the natural reservoir itself. This branch of surveillance investigates how ecological and 

physiological factors such as host density, demographics, connectivity, behavioural factors and 

associated likelihood of exposure, pathogen prevalence, species diversity and natural history of 

infection structure disease dynamics in the wild bird reservoir.315 The interaction of these 

factors determines the pathogen pressure available at the interface with human populations, but 

notably also with non-human non-reservoirs hosts such as domestic poultry and swine where 

AIV spill over events have severe consequences for animal health and food security.315 It is of 

particular importance to characterise regional and intercontinental paths of AIV dissemination, 

including both migration flyways and movement of poultry, as these routes connect wild 

migratory birds and networks of domestic poultry populations in the spread of viruses of 

economic and animal health concern such as H5N1 and H5N8.149,312 Early detection of these 

viruses along these routes and their probable introduction into domestic populations is vital to 

adapt surveillance and management recommendations in real-time, including trade restrictions, 

enhanced biosecurity in live animal markets and scaled prophylactic vaccination 

campaigns.310,311,316 H5N1 outbreaks from 2004-2009 resulted in the natural and culling deaths 

of millions of domestic poultry, with the associated economic impact estimated at US $30 

billion.317,318 Genomic surveillance in domestic poultry populations is also key to monitor how 

large-scale vaccination campaigns drive antigenic evolution and potential genetic bottlenecks, 

which informs selection of well-matched vaccine seed stock products.79,310  
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Secondly, genomic surveillance aims to identify the determinants of emergence risk for the 

human population, and monitor potential pandemic precursors circulating in animal and human 

populations.30 Real-time surveillance can theoretically monitor what substitutions are 

circulating prior to and post cross-species transmission events, with associated experimental 

characterization of genotypes to investigate the molecular mechanisms of host adaptation as 

well as drug resistance.252 This can then be fed back into real-time sentinel surveillance as an 

early warning system, tracking circulation of known adaptive substitutions. Pandemic 

countermeasures such as vaccine development/stockpiling and depopulation of infected poultry 

are subtype or lineage-specific, and requires strain-specific risk assessment30,310  

The dogma in emergence prediction is that viruses that already spill over intermittently pose 

the greatest emergence risk.284,319–322 The increasing number of novel AIVs detected to infect 

humans may reflect improved diagnostic and surveillance capacity, but may also indicate that 

the evolutionary and ecological pathways that facilitate the generation of these viruses of 

pandemic concern are optimising. The human-animal interface is intensifying alongside the 

scale of livestock production in response to an increase in the demand of food of animal origin 

driven by economic growth globally.323,324 Poultry consumption increased fivefold globally 

since 1960, with per capita demand for poultry meat estimated to increase by 271% in South 

Asia, 116% in the Middle East and North Africa and 91% in East Asia by 2030.325 Associated 

shifts in agricultural ecosystems such as changing from outdoor to intensive indoor production 

can reduce contact with wild ecosystems, but amplifies disease spread within overcrowded 

poultry populations and more exposed poultry workers.323 This is of particular concern in 

Mainland China, where commercial scale farming has absorbed 70 million small-scale farms 

between 1996-2005.326 However, small-scale poultry systems (either smallholder or family-

based) remain an area of emergence concern globally due to imperfect biosafety measures and 

more direct contact with animals.327 Increased trade and movement of domestic animals 

regionally and internationally over the past few decades increases the probability of widespread 

AIV dissemination in previously unconnected populations, with regulatory hurdles in effective 

disease management across jurisdictions.323  

6.2.3. Limitations of surveillance for emergence risk prediction 

The increasing scale and connectivity of industrial agriculture in recent years reinforces the 

need for targeted genomic surveillance programs to characterize disease emergence risk.284,303–

307 However, a more comprehensive picture of circulating diversity will not necessarily improve 

emergence prediction.319,320,328 Identification of high viral richness or novel viruses in hosts 
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does not necessarily translate into risk, as zoonotic spill over requires the convergence of the 

genetic, epidemiological and ecological determinants of pathogen exposure and adaptation to 

establish human infections.315,328–330 The probability of a spill over event is therefore 

determined by the interaction of complex between-host and within-host processes, including 

dynamics and prevalence in the reservoir host, exposure and bottlenecks at the human-animal 

interface and host susceptibility to infection.315,331,332 Viral spill over and onward transmission 

in human populations are resultantly rare events due to rate limiting steps in all of these 

processes, restricting the dataset that can be used to study the mechanisms underlying 

emergence.30,315,320,322,333  

Integration of genomic data into emergence risk prediction is inherently limited by the 

completeness of pathogens’ so-termed genotype-phenotype map, which purportedly enables 

prediction of adaptive phenotypes from pathogens’ sequence data based on genomic signatures 

or molecular markers.30,252,322 Within- and between-host processes shape the fitness landscape 

of IAVs through phenotypes such as receptor binding, replication kinetics, airborne 

transmissibility, pathogenicity and immune evasion, alongside stochastic and neutral processes 

such as founder effects and genetic bottlenecks.334–336 Identification of molecular markers of 

adaptation requires the integration of genomic surveillance with data from the systematic 

characterisation of a range of viral properties capturing these adaptive phenotypes in passage 

or animal model experiments.30,47,252,337 Sampled diversity therefore merely adds evolutionary 

“noise” to prediction if both the host-specific adaptive traits required for emergence and their 

predicted presence/absence in the pathogens under investigation based on genomic data are 

poorly characterised.338,339  

Experimental studies suggest some H5N1 viruses only need to acquire a minimum set of five 

substitutions in the HA and polymerase-complex proteins to achieve respiratory droplet 

transmission in mammals.335,340 A few of these substitutions circulate detectably in consensus 

sequences of human and avian isolates, indicating that not all mammalian-adaptive changes are 

required to exist prior to cross-species transmission.30 However, no avian influenza virus 

(excluding the probable avian-origin 1918 H1N1 pandemic virus) has evolved efficient 

mammalian respiratory transmissibility in the last century despite the ostensibly low genetic 

barrier and high rates of contact and spill over at the human-animal interface.334,335,340,341 This 

indicates that even an integrated molecular and functional trait level understanding of adaptive 

phenotypes does not allow for completely penetrant emergence risk prediction, as there are 

clearly stochastic or unaccounted cross-scale fitness and/or epistatic interactions that limit 
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fitness in genotypes evolved for more efficient transmission or there are ecological factors that 

are not permissive for emergence even in the presence of putative adaptive molecular 

markers.30,252,331,340,342  

6.2.4.  Optimisation of AIV genomic surveillance programs  

The observed and unobserved genotypic richness of AIVs in the natural reservoir is so 

extensive, the scale of surveillance required to capture diversity adequately would be infeasible 

given financial and capacity constraints.309 Concurrently, cross-species transmission and host-

adaptation to humans is still poorly understood, so large-scale surveillance of circulating 

diversity in the natural reservoir may just add uncharacterised evolutionary noise to prediction 

systems. With the apparent but incompletely understood host and ecological barriers mediating 

the limited pool of natural diversity transmitting from the reservoir hosts into non-reservoir 

hosts, it is clear that a shift in surveillance practices to high-risk human-animal interfaces would 

optimally capture the highest risk of sustained cross-species transmission given practical 

constraints. Primarily, this shift should be centred on real-time genomic and serological 

screening of sentinel at-risk human populations with occupational exposure to birds in live 

animal markets and agricultural systems.305,320  

However, there also remains a need to understand the determinants of the distribution of AIV 

diversity in the natural reservoir, as this fundamentally impacts the flow of diversity outside of 

the reservoir. Even given practical limitations of surveillance in wild populations with extensive 

viral diversity, there are still informed and feasible changes that can optimise existing 

surveillance infrastructure in the natural reservoir. 

6.2.4.1. Surveillance for AIVs in wild birds  

Surveillance programs capturing circulating AIV dynamics in wild bird need to be systematic 

and longitudinal, moving away from current reactionary or passive efforts, as recommended by 

the OIE–Food and Agriculture Organization global network of expertise on animal influenza 

(OFFLU) working group established in 2014.310 

However, the design of efficient targeted surveillance for wild birds is complicated by the 

feedback mechanism of current surveillance biases. Based on the current characterization of 

AIV diversity distribution, Anseriformes populations (in particular Anas sp.) in the USA host 

the largest diversity and should therefore be prioritised as sentinel populations for routine 

genomic surveillance according to OFFLU.310,313,329,343 However, the host and geographical 
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distribution of genotypic diversity is strongly driven by sampling heterogeneity, as repeatedly 

evidenced.  

South and Central America as well as the African continent and Australia are severely 

underrepresented in global surveillance efforts, as there are far fewer outbreaks in domestic 

poultry (excluding Egypt and select outbreaks in West Africa and Mexico) and therefore far 

less opportunistic, by-product sampling of wild bird populations.224,309,313 This may be 

associated with the sparsity of domestic Anseriformes populations in these regions relative to 

East and Southeast Asia as well as different poultry trade and production systems, with 75% of 

global duck production occurring in Mainland China.149,224,344 Concurrently, it is thought that 

the Anas species of the northern and southern hemisphere have very little connectivity 

excluding a few North American species that winter in South America and Eurasian species 

that winter in sub-Saharan Africa.236 However, there are many common migratory stop-overs 

in these regions that are sparsely surveyed and numerous competent indigenous duck species 

in these regions that likely host AIVs.236 Notably, even mainland China has disproportionately 

low sampling in wild bird populations relative to its saturated sampling of poultry outbreaks, 

which results in undersampling of lineage and genotypic precursors that contribute to novel 

reassortants of animal and human health concern. 

There is therefore a need for active, systematic and long-term surveillance programs at high-

risk migratory or breeding sites in these underrepresented regions to sample the AIV prevalence 

and extent of diversity before targeted surveillance recommendations for “representative” 

sentinel populations are made that merely recapitulate surveillance biases.309 Spatiotemporal 

risk analysis will also be improved with more negative findings, which is also required for more 

accurate denominators for the prevalence in populations under consideration.149,311,322  

Surveillance programs in wild birds as well as at the human-animal interface require 

standardised protocols, as the high variability in ecological and environmental factors sampling 

is subject to across studies renders data non-generalisable.312,315,329,345 Prevalence patterns of 

AIV in the natural reservoir are highly variable, driven by seasonal factors such as timing to 

migration and breeding as well as the size, age-structure and immunity of the population 

sampled.226,236 Timing, titre and type of sampling (both in terms of capture method as well as 

environmental vs cloacal or respiratory) affects probability of detection, as infections in wild 

birds are typically acute with a limited period of viral shedding which variable survives in 

environmental samples based on a range of factors including water temperature and pH.313 The 

critical community size for maintaining LPAI circulation in dabbling ducks at wintering sites 
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has been estimated at 1200-1500 birds.311,336 The seasonality, host species distribution, 

population size and environmental risk factors such proximity to water included in surveillance 

programs are therefore determinants of the diversity sampled and must be considered when 

selecting study sites or representative random samples that maximizes the surveyed diversity 

pool226,309,311 Epidemiological metadata on population demographics (including age and sex) 

and movement, species inclusion and morbidity and mortality should be standardised for 

integration with genomic data.310  

Importantly, all surveillance programs (including at the human-animal interface) should shift 

to sequencing-based characterization if feasible, as clinical surveillance is biased towards HPAI 

and antigenic or subtype approaches are targeted and can result in non-H5/H7 subtypes going 

undetected.310,312,346,347 Sequencing efforts should focus on whole genome data, not just 

sequencing of the antigenic determinant HA gene as this ignores the complex pansubtypic 

distribution of the internal genes that have well-documented roles as fitness determinants and 

centrally contribute to the generation of novel reassortants of pandemic concern.310,313 

Sequencing tools such as the Oxford Nanopore MinION are increasingly inexpensive and 

accessible, with advances in computing power and algorithmic approaches enabling long-read, 

single molecule and direct RNA sequencing with good accuracy at a consensus sequence 

level.229,348 These new sequencing platforms eliminate the need for PCR amplification and 

minimize library preparation and run times, allowing for real-time pathogen surveillance and 

characterization.30 In a recent trial at a swine exhibition, the portable IAV Nanopore-based 

sequencing platform Mia was able to sequence genomes from samples on-site within 18 hours, 

reporting several potential antigenic escape substitutions relative to the candidate vaccine 

virus.349 This proactive approach promises to provide real-time insight for decentralized, in-

field surveillance efforts at the human-animal interface if incorporated into automated, open-

source platforms such as Nextstrain.350  

Environmental aquatic reservoirs play a central role in the ecology of AIVs, facilitating 

disseminated host contact and high rates of co-infection with diverse gene pools via faecal-oral 

transmission associated with surface feeding in common water sources.229 The role of indirect 

environmental transmission and its constitutive abiotic factors such as water temperature and 

pH relative to other routes remains poorly understood, limiting its informativeness to models 

of emergence risk.229 Environmental sampling should be integrated into longitudinal 

surveillance programs that monitor circulating diversity in both the natural reservoir and at the 

wild bird-domestic bird interface, especially in wildlife populations were logistical constraints 
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restrict direct capturing and handling of live birds. However, environmental sampling is 

complicated by the need to delineate individual genomes in mixed samples, which is often 

achieved by limiting dilution plaque assays that are biased by replication levels between 

strains.351 Recent advances in single-virus RNA sequencing technologies promise to overcome 

these limitations.229 

6.2.4.1.Surveillance at the human-domestic animal interface 

The greatest efficiency and cost effectiveness will be achieved with routine, active and real-

time One Health programs that integrates animal and human genomic surveillance with 

epidemiological data at the human-animal interface.149,320,339,352,353 The clades of viruses that 

circulate in domestic animal populations can then be prioritized for enhanced surveillance and 

further characterization, including antigenic characterisation. Integrated surveillance programs 

should incorporate sentinel sampling from veterinary diagnostic laboratory networks, on-farm 

poultry and environmental surveillance from both small-scale backyard practices and industrial 

agriculture, and abattoir and market-based surveillance.310,353  

For on-farm surveillance, risk-prioritisation should be considered for populations with high 

densities, free-grazing premises, mixed-species populations especially involving domestic 

Anseriformes, proximity to aquatic environments and shared habitats with migratory wild birds, 

including accessibility of surface water and feeding stock to wild birds.310 Abattoir-based 

surveillance is important to incorporate as sampling can be anonymized and decoupled from 

suppliers, which reduces financial incentives not to report detection.354 Epidemiological 

metadata on population demographics (age range, species), vaccination status, animal 

movement and contact with external wild life and morbidity and mortality should be collected 

and associated with genomic data. 

Live animal market surveillance should be continuous and real-time, conducted with in-field 

sequencing platforms and rapid, open data release.349 Screening should include tracheal and 

cloacal samples from species with clinical symptoms as well as randomly sampled birds and 

environmental sources such as water and air samples.310 Evidence from this work based on 

undersampling of circulating diversity suggests that poultry populations in Bangladesh, Israel 

and Pakistan and Taiwan are disproportionately undersampled relative to effort in domestic 

poultry in Mainland China and should be targeted for increased risk-based surveillance.313 It is 

intuitive and evident in the current work, however, that saturated sampling of outbreak 

genotypes clustered in space and time does not add a great deal of information on the extant 

diversity of AIV. Outbreak sampling in domestic poultry should be based on randomised and 
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species-representative samples, with sample size scaled to the population so that remaining 

resources can be extended to the associated human or wild bird populations.  

Most importantly, there is a need for large-scale seroepidemiological surveys of poultry related 

workers, especially in regions of high-risk, to better understand the full diversity and frequency 

of AIV spill-over.30 Reported H9N2 or H5N1 seroprevalence ranges between 1.2-9% for 

poultry workers in Mainland China, Romania, India, Vietnam, Egypt and Cambodia.355–359 

Contrastingly, only 55 laboratory-confirmed human cases of H9N2 has been reported since 

1998, with only 44 whole genome isolates in global sequencing databases.244 Notably, the 

timing and likelihood of seroconversion on exposure is still poorly understood, and waning 

antibody titres and cross-reactivity with human strains limits the capacity of serosurveys to 

estimate the full extent of human AIV infections.359 Serological surveillance should be 

integrated with routine genetic screening of poultry workers, as antigen approaches are targeted 

and must be guided by more unbiased approaches. The interpretation of serological evidence 

of frequent spill over of specific subtypes or strains remains somewhat unclear, as sustained 

spill over may indicate increased risk for adaptation over the number of human infections or 

may indicate an insurmountable genetic barrier to sustained transmission.30 

6.3. Future work 

6.3.1. Identifying molecular markers of adaptation for real-time surveillance 

Improved pandemic prediction requires more complete understanding of the sequence-to-trait 

relationship of the functional traits known to increase emergence risk.30,322 An initial and 

ongoing approach based on the current work for identifying markers of avian-human adaptation 

and wild bird-gallinaceous poultry adaptation in the internal genes is to perform ancestral 

sequence reconstruction for all internal nodes, enabling identification of substitutions that occur 

on branches that connect avian and human or wild bird and gallinaceous poultry isolates. These 

substitutions should be unified across segments into genotype-defining substitutions sets (as 

defined in Chapter 3), where statistically significant co-occurrence of substitutions for different 

lineage backgrounds can be identified with haplotype analyses, which may indicate potential 

epistatic interactions that should be investigated experimentally.360 Substitutions should be 

characterised by in silico analysis of their biochemical and structural properties to priorities 

likely adaptive changes, including analyses of charge and structural stability with FoldX, long 

range allostery with SPACER, relative solvent accessibility with DSSP and changes in 

glycosylation.322 However, these computational predictions often result in false positives and 
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comparison of candidate adaptive substitutions or substitution combinations to current data 

does not allow for the identification of novel adaptive substitutions.322,361  

Deep mutational scanning (DMS) approaches are the most efficient way to explore the 

extensive genetic space of all possible single amino acid substitutions that may be associated 

with phenotypic traits of interest, such as receptor binding, HA stability and polymerase 

efficacy.361 These approaches allow for the identification of classes of functionally equivalent 

genetic markers for adaptive traits, which can be integrated into real-time surveillance systems. 

For avian influenza, DMS has only been performed for the PB2 gene of a H2N1 virus, which 

the study claims is representative of AIV PB2s, and H7N9 viruses.342 DMS of a selection of 

constitutive internal gene lineages of the major genotypes circulating at the domestic avian-

human interface could help characterize the fitness effects of substitutions in the context of 

different genetic backgrounds, elucidating differential evolutionary paths of adaptive 

phenotypes. Up to this point, deep mutational scanning for IAV has only been performed for a 

single gene at a time owing to biosafety concerns, logistical consideration regarding mutation 

library preparation and the complexities of controlling for genetic background 

dependency.342,361–363 The DMS of AIV PB2 found that host adaptive substitutions were 

primarily located adjacent to the core residues involved in protein-protein interaction within the 

polymerase complex.342 It would be very informative to conduct DMS on the set of polymerase 

genes of poultry-adapted and human genotypes to observe the interplay of functional 

constraints across genes.361 However, this requires significant advances in the DMS 

experimental design and statistical approach to characterize epistatic interactions as well as 

extensive characterization of the fitness of the resulting viruses. 

6.3.2. Within-host dynamics for improved model prediction and understanding of 

segment compatibility in reservoir hosts 

Key evolutionary processes occur at thresholds that are not detectable at a consensus sequence 

or population level.364,365 To truly understand the adaptive fitness landscape of influenza 

evolution, models need to integrate population level evolutionary data with models of within-

host dynamics that account for reassortment processes, informed by data from deep sequencing 

of experimental evolution studies or longitudinal clinical samples.322,340,366 Within-host 

sequencing data can capture the extent of intra-host diversity and the fitness distribution of the 

mutations and genotypes generated to characterise the selective forces acting on specific 

substitutions and their associated functional traits, as with DMS.322,340,364,366–368 Within-host 

studies are also essential for understanding de novo within-host reassortment frequencies and 
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characterising the potential deleterious rates of reassortment events.13,365,369 However, the 

majority of intra-host reassortment studies have been confined to spill over hosts such as swine 

or humans and have focussed on seasonal influenza isolates or combinations of AIV and 

seasonal influenza.128,129,132,133,370,371 Additional studies in the reservoir host as well as domestic 

poultry are required to examine the constraint-free reassortment model, particularly focusing 

on functional incompatibilities between the internal gene segments of specific lineages of wild 

bird and poultry-adapted viruses in vivo.365 

6.3.3. Improved quantification of drivers of unobserved diversity  

Evidence from simulations indicate that asymptotic and nonparametric estimates of richness 

are likely biased in communities with heavy rare species tails, which would result in an 

underestimation of unobserved genotypic diversity across scales.285,301 To address these 

methodological limitations and support the statistical ecology analyses in Chapter 5, the 

relationship between the ecological drivers and genotypic richness will be modelled with 

generalized additive models, as the degree of variance in genotypic diversity explained by each 

factor can be estimated while controlling for the other factors e.g. subtype, host order, 

geographic region and surveillance effort to disentangle the relative contribution of host and 

virus features to unobserved diversity accounting for surveillance hterogeneity.284,306,329 

6.3.4. Dynamics of internal genes in relation to the HA and NA genes 

The current work was primarily focussed on the neglected evolutionary dynamics of the internal 

genes of AIV, but is being extended to investigate the relationship of the internal gene 

genotypes and constitutive lineages to the dynamics of the HA and NA genes. This investigation 

will be undertaken within the same PhyCLIP-partitioned framework and will aim to answer 

remaining questions including 1) Are some HA/NA lineages associated with more internal gene 

genotypic diversity than others or than expected and how does this differ across host orders? 2) 

What are the reassortment frequencies between combinations of the internal genes and the 

HA/NA genes and how does that differ across host orders? 3) Are there clear co-segregation 

biases in this reassortment process at a population level and how does that differ across host 

orders? 4) Are there examples of restricted gene flow of HA/NA structured by internal gene 

diversity? 5) Are internal genotypes and their close variants more closely related in their 

HA/NA backbone than expected? 
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6.4. Concluding remarks 

The Influenza Risk Assessment Tool (IRAT) of the USA CDC evaluates the  pandemic 

potential of influenza viruses detected through surveillance programs in animal populations.372 

Risk here is framed as an interaction of two components: the likelihood of emergence and the 

public health impact on emergence. Each virus is assigned a weighted composite score for both 

components by expert consensus, based on the properties of the virus, attributes of the 

population and the ecology and epidemiology of the virus.372 Virus strains are ranked in terms 

of pandemic risk, which purportedly allows for prioritisation of strain-specific pandemic 

preparations such as vaccine development and targeted depopulation of infected animals as well 

as capacity allocation for rapid medical and biosecurity intervention. The current work set out 

to address key gaps in the understanding of the ecology and evolution of AIVs in the natural 

reservoir and non-reservoir hosts to inform pandemic planning efforts such as the IRAT. The 

current work is by far the most comprehensive and systematic pansubtypic investigation of the 

ecology and evolution of the internal genes across the IAV ecosystem, and developed several 

phylogenetic tools that are generalisable for future investigations of IAV as well as other 

pathogens where there are similar research questions.  

However, the SARS-CoV2 pandemic has made the limitations of genomic surveillance for 

emergence risk prediction aggressively clear. The erosion of barriers at the human-animal 

interface through human-driven activities such as deforestation, land use change, habitat 

encroachment, climate change and industrial agriculture practices alongside the increasing 

scale of human and domestic animal populations has led to unprecedented perturbations in the 

connectivity of human and animal populations.284,303–307  The emergence of several zoonotic 

infections in recent decades including the H1N1 pandemic virus in 2009, Ebola virus in 2014-

2016 (and subsequent resurgences), the SARS-CoV-1 in 2002-2004, MERS-CoV in 2012- and 

Zika in 2015- from animal populations pressed the urgency to better understand the diversity 

of viruses circulating in wild animal populations. Efforts such as the Global Virome Project 

(http://www.globalviromeproject.org/) were launched with extensive public and private 

funding to “prepare for the next pandemic” by undertaking large-scale sequencing of wildlife 

populations to characterize the full extent of unknown viruses in these populations, which 

allegedly will allow them to predict which viruses are likely to infect humans. This project and 

similar attempts will advance understanding of the diversity, distribution and evolutionary 

histories of viruses. 
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However, the extensive genomic data on viral diversity that these projects produce at substantial 

cost will likely only add evolutionary noise to emergence prediction without a more complete 

understanding of the ecological and molecular drivers of emergence risk. A large-scale 

biodiversity-based viral discovery project was not required to predict an emergence threat from 

a novel coronavirus - two coronaviruses have spilled over from wildlife populations into human 

populations in the past two decades (SARS-CoV-1 and MERS-CoV), and five coronaviruses 

circulate seasonally in the human population.373 Early detection of SARS-CoV-2 by these 

biodiversity-based virus discovery programs would have required extensive sampling of wild 

life populations without a clear picture of which hosts to target for survey. Bats are considered 

the natural reservoir for a large number of SARS-related coronaviruses which were discovered 

post the 2002 SARS-CoV-1-outbreak, where civet cats in live animal markets served as 

intermediate hosts.374 However, even if bats were surveyed pre-SARS-CoV-2 emergence, the 

closest related virus currently sampled from bats (RaTG13) lacks the suggestively adaptive 

spike protein polybasic cleavage site of SARS-CoV2 and shows key residue differences in its 

receptor binding domain (RBD) that indicate its spike protein is not optimized for binding to 

human ACE2 receptors.373,375 Meaningful emergence risk prediction based on sampling of the 

wild life natural reservoir would therefore require systematic experimental characterisation of 

the large number of SARS-related and other viruses circulating in bats and even then emergence 

threat may be miscalculated if adaptive traits are poorly understood or not present in the natural 

reservoir or not before zoonotic transmission, as with the polybasic cleavage site. The RBD of 

SARS-CoV-2 isolates from Malayan pangolins in live animal markets thought to be the 

intermediate host have the same residues at all six suggestively key adaptive sites to human 

isolates, as opposed to RaTG13.373,376  It is unclear how widely these SARS-CoV-2-related 

viruses circulate in animals outside of the Wuhan-sampled pangolins illegally imported from 

Guangdong province.376 However, it is clear that it is highly improbable that a biodiversity-

based genomic survey would have enough coverage given capacity constraints to survey 

enough wildlife (including the illegal animal trade) to capture this virus. It is also unlikely that 

emergence risk could have been characterised based on genomic data alone, as SARS-CoV1 

and SARS-CoV-2 differ at five of the six key adaptive sites in the RBD and therefore a targeted 

in silico search for adaptive motifs based on previous data would have biased risk prediction.373  

Genomic epidemiology offers power tools to inform the mitigation of current and future 

outbreaks and pandemics. However, emergence remains inherently unpredictable owing to 

unaccounted cross-scale fitness selection and epistatic interactions as well as stochastic 
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processes such as bottlenecks and founder effects that result from rate limiting steps in the 

interacting between-host and within-host processes. Going forward, the only viable and cost-

effective option is proactive, real-time genomic and serological surveillance of at-risk human 

populations and sentinel animal populations at the narrowing human-animal interface, with 

rapidly advancing in-field high-throughput sequencing technology and open release of data 

powered by resourced local public health experts and infrastructure. To prevent or negate the 

severity of the next outbreak or pandemic, we need to, in the prescient words of Holmes, 

Rambaut and Andersen, “spend on surveillance, not prediction”.320 
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Appendix 1: Chapter 2 

Appendix 1 figures 

 

Figure A1: Distribution of the mean pairwise patristic distance of all of the internal nodes 
of the phylogeny above the minimum cluster criteria eligible for selection as putative 
clusters. A. WHO/FAO/OIE 2009-update of the H5 phylogeny. B. WHO/FAO/OIE 2015-
update of the H5 phylogeny. C. 2018-update of the H5 phylogeny. The vertical lines designate 
the defined within-cluster limit at a gamma of one (green), two (orange) and three (red). 
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Figure A2: PhyCLIP’s optimal clustering result of the haemagglutinin phylogeny 
underlying the 2015 WHO/FAO/OIE nomenclature update of the Gs/GD-like H5N1 avian 
influenza viruses. Tips are coloured according to PhyCLIP’s clustering designation. Tip names 
are appended with the WHO/FAO/OIE clade designation (_cladex) and PhyCLIP’s cluster 
address (_clusterx). File is available at (due to size): https://git.io/JUu7S 
 

 

Figure A3: Comparison of PhyCLIP’s clustering results to the WHO/FAO/OIE clade 
designation for the 2015 nomenclature update. The parameter set combinations ordered 
according to minimum cluster size, FDR and gamma are on the x axis. The banded background 
and x-axis superscript numbering indicate the minimum cluster size of the parameter set. 
Marker colour and size is indicative of the gamma of the multiple of deviation (MAD) and the 
false discovery rate (FDR) respectively of the parameter set, as indicated by the legend. 
 
Figure A4: PhyCLIP’s optimal clustering result of the haemagglutinin phylogeny 
underlying the 2009 WHO/FAO/OIE nomenclature update of the Gs/GD-like H5N1 avian 
influenza viruses. Tips are coloured according to PhyCLIP’s clustering designation. Tip names 
are appended with the WHO/FAO/OIE clade designation (_cladex) and PhyCLIP’s cluster 
address (_clusterx). File is available at (due to size): https://git.io/JUu7S 
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Figure A5A: Comparison of optimal (S=7, FDR=0.15, '=3) and top four sub-optimal (in order of sub-optimality – S=8, 
FDR=0.10, '=3; S=3, FDR=0.10, '=3; S=6, FDR=0.15, '=3; S=6, FDR=0.10, '=3) clustering results of the WHO/FAO/OIE 
2015-update H5 phylogeny. The heat map indicates PhyCLIP cluster designation. Colours in the sub-optimal results are 
matched to the corresponding cluster designation found in the optimal result (i.e. largest possible cluster with >50% matched 
sequences). A unique colour is given If no matching cluster is found in the optimal result. Classical clade viruses (Clades 0, 
3, 4, 5, 6 and 7.x).  
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Figure A5B: Comparison of optimal (S=7, FDR=0.15, '=3) and top four sub-optimal (in order of sub-optimality – S=8, 
FDR=0.10, '=3; S=3, FDR=0.10, '=3; S=6, FDR=0.15, '=3; S=6, FDR=0.10, '=3) clustering results of the WHO/FAO/OIE 
2015-update H5 phylogeny. The heat map indicates PhyCLIP cluster designation. Colours in the sub-optimal results are 
matched to the corresponding cluster designation found in the optimal result (i.e. largest possible cluster with >50% matched 
sequences). A unique colour is given If no matching cluster is found in the optimal result. Second supercluster leading to 
Clade 1 viruses.  
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Figure A5C: Comparison of optimal (S=7, FDR=0.15, '=3) and top four sub-optimal (in order of sub-optimality – S=8, 
FDR=0.10, '=3; S=3, FDR=0.10, '=3; S=6, FDR=0.15, '=3; S=6, FDR=0.10, '=3) clustering results of the WHO/FAO/OIE 
2015-update H5 phylogeny. The heat map indicates PhyCLIP cluster designation. Colours in the sub-optimal results are 
matched to the corresponding cluster designation found in the optimal result (i.e. largest possible cluster with >50% matched 
sequences). A unique colour is given If no matching cluster is found in the optimal result. Second supercluster leading to 
Clade 2.1.x viruses.  
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Figure A5D: Comparison of optimal (S=7, FDR=0.15, '=3) and top four sub-optimal (in order of sub-optimality – S=8, 
FDR=0.10, '=3; S=3, FDR=0.10, '=3; S=6, FDR=0.15, '=3; S=6, FDR=0.10, '=3) clustering results of the WHO/FAO/OIE 
2015-update H5 phylogeny. The heat map indicates PhyCLIP cluster designation. Colours in the sub-optimal results are 
matched to the corresponding cluster designation found in the optimal result (i.e. largest possible cluster with >50% matched 
sequences). A unique colour is given If no matching cluster is found in the optimal result Second supercluster leading to 
Clade 2.2.x viruses.  
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Figure A5E: Comparison of optimal (S=7, FDR=0.15, '=3) and top four sub-optimal (in order of sub-optimality – S=8, 
FDR=0.10, '=3; S=3, FDR=0.10, '=3; S=6, FDR=0.15, '=3; S=6, FDR=0.10, '=3) clustering results of the WHO/FAO/OIE 
2015-update H5 phylogeny. The heat map indicates PhyCLIP cluster designation. Colours in the sub-optimal results are 
matched to the corresponding cluster designation found in the optimal result (i.e. largest possible cluster with >50% matched 
sequences). A unique colour is given If no matching cluster is found in the optimal result. Second supercluster leading to 
Clade 2.3.x viruses.    
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Figure A6: PhyCLIP’s optimal clustering result of the 2018 updated haemagglutinin 
phylogeny of the Gs/GD-like H5Nx avian influenza viruses. Tips are coloured according to 
PhyCLIP’s clustering designation. Tip names are appended with the WHO/FAO/OIE clade 
designation (_cladex) and PhyCLIP’s cluster address (_clusterx). File is available at (due to 
size): https://git.io/JUu7S 

 

 

Figure A7: Silhouette index for ClusterPicker and PhyloPart cluster partitions designated 
over a range of distance thresholds. ClusterPicker’s distance threshold is measured in 
maximum genetic distance, with the silhouette index maximised at 0.005. PhyloPart’s distance 
threshold is defined as a percentile of the global pairwise patristic distance distribution, and is 
maximised at 12.5%, representing a median patristic distance threshold of 0.025.
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Appendix 1 Tables 
Table A1: Optimal clustering result for the WHO/FAO/OIE 2015-update phylogeny 

Source-
level Lineage Nomenclature Circulation 

period Country WHO/FAO/OIE clade 

1 source 1 1996-2003 South Central China, Hong Kong, North East China 0 

 
1.1 1.1 1997-2007 South Central China, China, North West China, East China 0 

 
1.2 1.2 1997-2005 Hong Kong, Vietnam 0 

 
1.3 1.3 1997-1998 Hong Kong 0 

2 source 1.4 2000-2004 South Central China, Hong Kong, East China, North East China, China, North China 0, 3 

3 source 1.4.1 2000-2003 Hong Kong, East China, South Central China, Vietnam, North China, North East China 3, 3-like, 5-6-like, 5 

 
3.1 1.4.1.1 2001-2003 East China, Hong Kong, South Central China 3, 4 

 
3.1 1.4.1.1.1 2002-2006 Hong Kong, South West China 4 

 
3.2 1.4.1.2 1997-2006 East China, South Central China, North West China, North China 7 

 
3.2 1.4.1.2.1 2005-2008 North West China, North East China, South Central China, South West China, Myanmar 7 

 
3.2 1.4.1.2.2 2005-2007 North China, East China, North East China, North West China, South Central China 7 

 
3.2 1.4.1.2.2.1 2005-2008 North China, Vietnam 7, 7.1 

 
3.2 1.4.1.2.2.2 2007-2008 South Central China, East China, Vietnam 7.2 

 
3.3 1.4.1.3 2001-2004 East China, Japan, South Central China 5-6-like, 6 

 
3.4 1.4.1.4 2002-2004 North East China, East China 5-6-like, 5 

 
3.4 1.4.1.4.1 2000-2004 East China, China, Vietnam, South Central China 5 

4 source 1.4.1.5 2002-2005 East China, Hong Kong, Vietnam, South Central China, South West China 8-9-like, 9, 8, 1-8-9-like, 1, 2-like 

 
4.1 1.4.1.5.1 2001-2009 South Central China, East China, North West China, Hong Kong 9 

 
4.2 1.4.1.5.2 2002-2003 Hong Kong, East China, South Central China, South West China 1 

 
4.2 1.4.1.5.2.1 2003-2008 Thailand, Vietnam, Laos, India, Cambodia, Belgium, Malaysia 1 

 
4.2 1.4.1.5.2.1.1 2004-2007 Thailand 1 

 
4.2 1.4.1.5.2.1.2 2005-2010 Thailand 1 

 
4.2 1.4.1.5.2.1.3 2005-2005 Vietnam 1 

 
4.2 1.4.1.5.2.1.4 2004-2005 Vietnam, Cambodia 1 

 
4.2 1.4.1.5.2.1.4.1 2004-2005 Vietnam, Cambodia 1 

 
4.2 1.4.1.5.2.1.4.1.1 2004-2006 Vietnam, Cambodia 1 

 
4.2 1.4.1.5.2.1.4.1.1.1 2005-2007 Vietnam 1 
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4.2 1.4.1.5.2.1.4.1.1.1.1 2005-2008 Vietnam, Cambodia 1.1 

 
4.2 1.4.1.5.2.1.4.1.1.1.1.1 2006-2007 Vietnam 1.1 

 
4.2 1.4.1.5.2.1.4.1.1.1.1.1.1 2008-2010 Vietnam, Cambodia 1.1.1, 1.1.2 

 
4.2 1.4.1.5.2.1.4.1.1.1.1.1.1.1 2011-2012 Vietnam, Cambodia 1.1.1 

 
4.2 1.4.1.5.2.1.4.1.1.1.1.1.1.2 2009-2013 Vietnam, Cambodia 1.1.2 

 
4.3 1.4.1.5.3 2003-2004 South Central China, East China, Japan, Korea 2.5 

 
4.3 1.4.1.5.3.1 2003-2005 North East China, East China 2.5, 2-like 

 4.3 1.4.1.5.3.1.1 2005-2008 
East China, North West China, Russia, Kazakhstan, Romania, Turkey, South West China, Croatia, Hungary, Bosnia And Herzegovina, Denmark, Poland, Sweden, Germany, Czech Republic, United Kingdom, Nigeria, 
Niger, Saudi Arabia, Togo, India, Iran, Italy, Azerbaijan, Afghanistan, Pakistan, Mongolia, Korea, Japan, Kuwait, Bangladesh, Ukraine, North East China, Iraq, Slovenia, Austria, Switzerland, France, Burkina Faso, 
Ivory Coast, Ghana, Sudan, Benin, Egypt, Slovakia 

2.2, 2.2.2, 2.2.1 

 
4.3 1.4.1.5.3.1.1.1 2007-2008 Germany, France, Russia, Czech Republic, Romania, Switzerland, United Kingdom, Poland, Nigeria, Turkey, Ukraine 2.2 

 
4.3 1.4.1.5.3.1.1.2 2008-2010 Bangladesh, India 2.2.2.1 

 
4.3 1.4.1.5.3.1.1.2.1 2008-2011 Bangladesh, India, Bhutan 2.2.2.1 

 
4.3 1.4.1.5.3.1.1.3 2007-2010 Bangladesh, India, Nepal 2.2.2 

 
4.3 1.4.1.5.3.1.1.4 2006-2008 Egypt, Gaza, Djibouti, Israel 2.2.1 

 
4.3 1.4.1.5.3.1.1.4.1 2006-2009 Egypt 2.2.1 

 
4.3 1.4.1.5.3.1.1.4.2 2007-2007 Egypt 2.2.1 

 
4.3 1.4.1.5.3.1.1.4.2.1 2007-2009 Egypt 2.2.1 

 
4.3 1.4.1.5.3.1.1.4.3 2007-2009 Egypt 2.2.1 

 
4.3 1.4.1.5.3.1.1.4.3.1 2007-2009 Egypt, Israel 2.2.1.1 

 
4.3 1.4.1.5.3.1.1.4.3.1.1 2007-2009 Egypt 2.2.1.1 

 
4.3 1.4.1.5.3.1.1.4.3.1.1(a) 2008-2009 Egypt 2.2.1.1 

 
4.3 1.4.1.5.3.1.1.4.3.1.1.1 2007-2010 Egypt 2.2.1.1 

 
4.3 1.4.1.5.3.1.1.4.3.1.1.1(a) 2009-2010 Egypt 2.2.1.1 

 
4.3 1.4.1.5.3.1.1.4.3.1.1.1.1 2009-2011 Egypt, Israel 2.2.1.1a 

 
4.3 1.4.1.5.3.1.1.4.4 2007-2014 Egypt, Israel 2.2.1, 2.2.1.2 

 
4.4 1.4.1.5.4 2002-2005 South Central China, South West China 2-like, 2.4 

 
4.5 1.4.1.5.5 2002-2007 South Central China, Hong Kong, Indonesia 2.1.1, 2.1.2 

 
4.5 1.4.1.5.5.1 2004-2007 Indonesia 2.1.1 

 
4.5 1.4.1.5.5.2 2005-2007 Indonesia 2.1.3 

 
4.5 1.4.1.5.5.3 2005-2006 Indonesia 2.1.2 

 
4.5 1.4.1.5.5.4 2005-2006 Indonesia 2.1.1, 2.1.3.1, 2.1.3.3 
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4.5 1.4.1.5.5.4.1 2005-2010 Indonesia 2.1.3.3 

 
4.5 1.4.1.5.5.4.2 2005-2012 Indonesia 2.1.3.2 

 
4.5 1.4.1.5.5.4.2.1 2006-2008 Indonesia 2.1.3.2 

 
4.5 1.4.1.5.5.4.2.2 2006-2010 Indonesia 2.1.3.2 

 
4.5 1.4.1.5.5.4.2.3 2006-2010 Indonesia 2.1.3.2 

 
4.5 1.4.1.5.5.4.2.4 2006-2008 Indonesia 2.1.3.2 

 
4.5 1.4.1.5.5.4.2.4.1 2006-2008 Indonesia 2.1.3.2 

 
4.5 1.4.1.5.5.4.2.4.1.1 2007-2011 Indonesia 2.1.3.2, 2.1.3.2b 

 
4.5 1.4.1.5.5.4.2.4.1.1.1 2009-2013 Indonesia 2.1.3.2b 

 
4.5 1.4.1.5.5.4.2.4.1.1.2 2009-2014 Indonesia 2.1.3.2a 

 
4.6 1.4.1.5.6 2003-2006 South Central China, East China, China, Hong Kong, Vietnam, South West China 2.3.3, 2.3.1, 2.3.2 

 
4.6 1.4.1.5.6(a) 2005-2006 South Central China, Vietnam 2.3.2 

 
4.6 1.4.1.5.6.1 2005-2006 South West China 2.3.3 

 
4.6 1.4.1.5.6.2 2005-2007 East China, South West China, South Central China, Hong Kong, Malaysia 2.3.4 

 
4.6 1.4.1.5.6.2.1 2010-2014 East China, Korea 2.3.4.4 

 
4.6 1.4.1.5.6.2.2 2011-2014 East China, Vietnam, South Central China, Laos, Korea, Japan, United States of America, Russia, Netherlands, United Kingdom, Italy, Germany 2.3.4.4 

 
4.6 1.4.1.5.6.2.3 2005-2008 South Central China, East China, China, South West China, Hong Kong, Laos, North East China, Vietnam, Myanmar 2.3.4 

 
4.6 1.4.1.5.6.2.3.1 2006-2009 East China, South Central China, Laos, North China, Vietnam 2.3.4 

 
4.6 1.4.1.5.6.2.3.2 2009-2010 South Central China, South West China, Vietnam, Laos 2.3.4.1 

 
4.6 1.4.1.5.6.2.3.3 2006-2007 Laos, Thailand, Vietnam 2.3.4 

 
4.6 1.4.1.5.6.2.3.4 2005-2012 Vietnam, South Central China, South West China, Myanmar, Laos, Bangladesh 2.3.4, 2.3.4.2 

 
4.6 1.4.1.5.6.2.3.5 2007-2011 East China, Hong Kong, China, North China 2.3.4 

 
4.6 1.4.1.5.6.2.3.6 2007-2009 Vietnam, Hong Kong, South Central China 2.3.4.3 

 
4.6 1.4.1.5.6.3 2005-2005 South Central China, Vietnam 2.3.2 

 
4.6 1.4.1.5.6.4 2005-2006 South West China 2.3.2 

 
4.6 1.4.1.5.6.5 2004-2009 South Central China, Hong Kong, North West China, Vietnam, Laos, North China, Korea, Russia, Japan, East China 2.3.2, 2.3.2.1 

 
4.6 1.4.1.5.6.5.1 2009-2010 Hong Kong, South Central China, East China 2.3.2.1, 2.3.2.1b 

 
4.6 1.4.1.5.6.5.1.1 2010-2012 East China, Vietnam, South Central China, North East China, Hong Kong 2.3.2.1b 

 
4.6 1.4.1.5.6.5.2 2009-2013 Vietnam, South Central China 2.3.2.1a 

 
4.6 1.4.1.5.6.5.3 2009-2014 South Central China, Vietnam, East China, Myanmar, Bangladesh, India, Nepal, Bhutan 2.3.2.1a 

 
4.6 1.4.1.5.6.5.4 2009-2011 East China, Mongolia, Russia, North West China, China, Nepal, Bulgaria, Iran, Japan, Korea 2.3.2.1c 
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4.6 1.4.1.5.6.5.4.1 2009-2014 South Central China, North East China, Laos, East China, Bangladesh, Hong Kong, Canada, Taiwan, Indonesia, Austria, Vietnam 2.3.2.1c 
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Table A2: Phylogenetic clusters designated by PhyCLIP present in each country represented in the WHO/FAO/OIE 2015 H5 nomenclature update. 
File is available at (due to size): https://git.io/JUu7S 
 
Table A3: WHO/FAO/OIE clade designation for the 2015 Gs/GD-like H5N1 phylogeny 

Clade Country Circulation period 

0 South Central China, Hong Kong, North East China, North West China, East China, Vietnam, North China 1996-2007 

1 Thailand, Vietnam, Cambodia, East China, Hong Kong, South Central China, South West China, Laos, India, Belgium, Malaysia 2002-2010 

1-8-9-like Vietnam, Hong Kong, South Central China, South West China 2002-2005 

1.1 Vietnam, Cambodia 2005-2008 

1.1-like Vietnam 2007-2009 

1.1.1 Vietnam, Cambodia 2008-2012 

1.1.2 Vietnam, Cambodia 2008-2013 

2-like East China, South Central China, North East China 2002-2005 

2.1.1 Indonesia, South Central China, Hong Kong 2002-2007 

2.1.2 Indonesia 2004-2006 

2.1.3 Indonesia 2005-2007 

2.1.3.1 Indonesia 2005-2011 

2.1.3.2 Indonesia 2005-2012 

2.1.3.2a Indonesia 2009-2014 

2.1.3.2b Indonesia 2008-2014 

2.1.3.3 Indonesia 2005-2010 

2.2 
Germany, France, Russia, Czech Republic, Romania, Switzerland,  United Kingdom, Poland, Nigeria, Turkey, Ukraine, East China,   North West China, Kazakhstan, South West China, Croatia, Hungary,  Bosnia And Herzegovina,  

Denmark, Sweden, Niger, Saudi Arabia, Togo, India, Iran, Italy, Azerbaijan, Afghanistan, Pakistan, Mongolia,  Korea, Japan, Kuwait, North East China, Iraq, Slovenia, Austria,  Burkina Faso, Ivory Coast, Ghana, Sudan, Benin 
2005-2008 

2.2.1 Egypt, Israel, Gaza, Djibouti, Austria, Slovenia, Turkey,  Romania, Saudi Arabia, France, Italy, Hungary, Sweden, Czech Republic, Slovakia, Germany, Nigeria 2005-2013 

2.2.1.1 Egypt, Israel 2007-2010 

2.2.1.1a Egypt, Israel 2009-2011 

2.2.1.2 Egypt, Israel 2010-2014 

2.2.2 Bangladesh, India, Nepal 2007-2010 

2.2.2.1 Bangladesh, India, Bhutan 2008-2011 

2.3.1 South Central China, East China 2003-2005 



 272 

2.3.2 South Central China, Vietnam, South West China, Hong Kong, China,  East China 2003-2006 

2.3.2.1 North West China, Hong Kong, Vietnam, South Central China, Laos,  North China, Korea, Russia, Japan, East China, Myanmar 2007-2011 

2.3.2.1a South Central China, Vietnam, East China, Myanmar, Bangladesh, India, Nepal, Bhutan 2009-2014 

2.3.2.1b East China, Vietnam, South Central China, North East China,  Hong Kong 2009-2013 

2.3.2.1c East China, Mongolia, Russia, North West China, China, Nepal,  Bulgaria, Iran, Japan, Korea, South Central China, North East China, Laos, Bangladesh, Hong Kong, Canada, Taiwan,  Indonesia, Austria, Vietnam 2009-2014 

2.3.3 South West China, South Central China 2004-2006 

2.3.4 East China, South West China, South Central China, Hong Kong,  Malaysia, China, North China, Laos, Vietnam, North East China,  Myanmar, Thailand, North West China 2005-2011 

2.3.4-like Vietnam 2008-2009 

2.3.4.1 South Central China, South West China, Vietnam, Laos 2009-2010 

2.3.4.2 South Central China, South West China, Vietnam, Myanmar, Laos, Bangladesh 2005-2013 

2.3.4.3 Vietnam, Hong Kong, South Central China 2007-2009 

2.3.4.4 East China, Korea, Vietnam, South Central China, Laos, Japan, United States of America, Russia, Netherlands, United Kingdom,  Italy, Germany, China, South West China, North West China 2008-2014 

2.4 South Central China, South West China, China 2003-2005 

2.5 South Central China, East China, Japan, Korea, North East China 2003-2006 

3 Hong Kong, East China, South Central China, Vietnam, North China 2000-2003 

3-like East China, Hong Kong 2001-2001 

4 East China, South Central China, Hong Kong, South West China 2002-2006 

5 North East China, East China, China, Vietnam, South Central China 2000-2004 

5-6-like North East China, East China, Japan 2001-2004 

6 South Central China, East China 2002-2004 

7 East China, South Central China, North West China, North China, North East China, South West, China, Myanmar 1997-2008 

7.1 Vietnam, North China 2006-2008 

7.2 South Central China, East China, Vietnam, North China,   North West China 2007-2012 

8 Hong Kong 2002-2002 

8-9-like East China 2002-2003 

9 East China, Hong Kong, South Central China, North West China 2001-2009 
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Table A4: Optimal clustering result for the WHO/FAO/OIE 2009-update phylogeny  

Source-
level 

Lineage Nomenclature Circulation 
period 

Country WHO/FAO/OIE clade 

1 Source 1 1996-2004 South Central China, East China, China, Hong Kong 0 
 

1.1 1.1 1997-1998 Hong Kong 0 
 

1.2 1.2 1997-2005 Hong Kong, Vietnam 0 

2 Source 1.3 2000-2004 South Central China, Hong Kong, East China, North East China, North China 0 

3 Source 1.3.1 2000-2001 Hong Kong, East China, South Central China 0, 3 

4 Source 1.3.1.1 2001-2001 East China, Hong Kong, South Central China, Vietnam 3, outliers 
 

4.1 1.3.1.1.1 2000-2003 Hong Kong, South Central China, East China, North China outliers, 4, 3 
 

4.1 1.3.1.1.1.1 2002-2003 East China, Hong Kong 4 
 

4.1 1.3.1.1.1.1.1 2005-2006 South West China 4 
 

4.1 1.3.1.1.1.2 2005-2005 South Central China, South West China 7 

5 Source 1.3.1.1.2 2000-2004 North East China, East China, Japan, South Central China outliers, 6, 5 

 
5.1 1.3.1.1.2.1 2003-2004 Vietnam, South Central China 5 

6 Source 1.3.1.1.2.2 2001-2004 East China, South Central China outliers, 9 

 
6.1 1.3.1.1.2.2.1 2003-2004 South Central China, East China, Hong Kong 9 

 
6.2 1.3.1.1.2.2.1.1 2004-2005 Hong Kong, South Central China, East China 9 

7 Source 1.3.1.1.2.2.2 2002-2005 Hong Kong, Vietnam, South Central China, South West China 8, outliers 

 
7.1 1.3.1.1.2.2.2.1 2002-2008 East China, Hong Kong, South Central China, South West China, Thailand, Vietnam, Malaysia, Cambodia, Belgium 1 

 
7.1 1.3.1.1.2.2.2.1.1 2005-2007 Vietnam, Cambodia 1 

 
7.2 1.3.1.1.2.2.2.2 2003-2004 South Central China, Japan, Korea 2.5 

 7.3 1.3.1.1.2.2.2.3 2002-2008 North East China, East China, Kazakhstan, Russia, Iran, Italy, India, Afghanistan, Pakistan, Korea, Saudi Arabia, Czech Republic, Romania, Germany, North 
West China, Croatia, Denmark, Sweden, Nigeria, Niger, Ukraine, Hungary, Iraq, Switzerland, France, Mongolia, Ivory Coast, Sudan, Austria, Slovakia, Egypt 

2.5, outliers, 2.2 

 
7.3 1.3.1.1.2.2.2.3.1 2006-2008 Egypt, Israel 2.2 

 
7.4 1.3.1.1.2.2.2.4 2003-2006 South Central China, China, Hong Kong, East China, South West China 2.3.1, 2.3.2, 2.3.4 

 
7.4 1.3.1.1.2.2.2.4.1 2003-2005 South Central China, East China 2.3.1 

 
7.4 1.3.1.1.2.2.2.4.2 2004-2006 East China, South Central China, Hong Kong, Vietnam, South West China 2.3.2 

 
7.4 1.3.1.1.2.2.2.4.3 2004-2005 South Central China, South West China 2.3.3 

 
7.4 1.3.1.1.2.2.2.4.4 2005-2006 East China, South Central China, South West China 2.3.4 

 
7.4 1.3.1.1.2.2.2.4.5 2005-2006 East China, Laos, South West China 2.3.4 

 
7.4 1.3.1.1.2.2.2.4.5.1 2006-2006 South Central China, South West China 2.3.4 
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7.4 1.3.1.1.2.2.2.4.6 2005-2007 South Central China, South West China, China, Hong Kong, Vietnam 2.3.4 

 
7.4 1.3.1.1.2.2.2.4.6.1 2007-2007 Vietnam 2.3.4 

 
7.5 1.3.1.1.2.2.2.5 2002-2004 South Central China, South West China 2.4 

 
7.6 1.3.1.1.2.2.2.6 2003-2006 Indonesia 2.1.1 

 
7.6 1.3.1.1.2.2.2.6.1 2003-2005 Indonesia 2.1.1 

 
7.6 1.3.1.1.2.2.2.6.1.1 2003-2006 Indonesia 2.1.1, 2.1.2 

 
7.6 1.3.1.1.2.2.2.6.1.1.1 2005-2007 Indonesia 2.1.3 

 
7.6 1.3.1.1.2.2.2.6.1.1.2 2005-2006 Indonesia 2.1.2 

 
7.6 1.3.1.1.2.2.2.6.1.1.3 2004-2007 Indonesia 2.1.3 

 
7.6 1.3.1.1.2.2.2.6.1.1.3.1 2006-2006 Indonesia 2.1.3 

 
7.6 1.3.1.1.2.2.2.6.1.1.3.2 2007-2007 Indonesia 2.1.3 

 
Table A5: WHO/FAO/OIE clade designation for the 2018 Gs/GD-like H5N1 phylogeny. File is available at, due to size: https://git.io/JUu7S 
 
Table A6: Clustering properties of PhyloPart and ClusterPicker's optimal result.  

 PhyCLIP PhyloPart ClusterPicker 

Optimised threshold 
Patristic: 
0.0165 

Percentile threshold: 12.5%, representing a patristic distance threshold of 0.025  Genetic distance: 0.005 

Number of clusters 39 37 246 

Median cluster size 12 6 2 

Percentage of outliers 2 1.63 33.82 

Grand mean within-cluster 
patristic distance 

0.01016 0.01038 0.0022 

VI to PhyCLIP NA 0.64 2.7 
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Table A7: Optimal clustering result for Phylopart on the 2009-update phylogeny 

Source-
level 

Lineage Nomenclature Circulation 
period 

Country WHO/FAO/OIE clade 

1 
 

1 1997-2004 China, East China, South Central China 0 

2 
 

2 1997-2005 Hong Kong, Vietnam 0 

3 
 

3 1999-2001 Hong Kong 0 

4 
 

4 2000-2000 Hong Kong, South Central China 0 

5 Source 5 2000-2001 South Central China, East China 0 
 

5.1 5.1 2001-2004 South Central China, East China, Hong Kong, North East China, China, North China 0 

6 Source 5.2 2000-2001 East China, Hong Kong 0 
 

6.1 5.2.1 2001-2001 Hong Kong 3 

7 Source 5.2.2 2001-2001 South Central China, Hong Kong, Vietnam, East China 3, outliers 
 

7 5.2.2(a) 2000-2000 Hong Kong outliers 

 
7 5.2.2(b) 2002-2002 East China 4 

 
7 5.2.2(c) 2002-2002 Hong Kong 4 

 
7 5.2.2(d) 2001-2001 South Central China, North China, Hong Kong 3 

 
7.1 5.2.2.1 2001-2001 Hong Kong, South Central China, East China 3 

 
7.2 5.2.2.2 2005-2006 South West China 4 

 
7.3 5.2.2.3 2003-2003 East China outliers 

 
7.4 5.2.2.4 2005-2005 South West China, South Central China 7 

 
7.5 5.2.2.5 2002-2004 North East China, East China outliers 

 
7.6 5.2.2.6 2001-2004 East China, Japan, South Central China outliers, 6 

 
7.7 5.2.2.7 2000-2004 South Central China, East China, North East China, Vietnam 5 

 
7.8 5.2.2.8 2002-2003 East China outliers 

 
7.9 5.2.2.9 2001-2005 South Central China, East China, Hong Kong 9 

 
7.9 5.2.2.9(a) 2002-2002 Hong Kong 8 

 
7.9 5.2.2.9(b) 2003-2005 South Central China, Vietnam, Hong Kong outliers 

8 Source 5.2.2.9.1 2002-2003 South Central China, South West China outliers 
 

8.1 5.2.2.9.1.1 2002-2008 Vietnam, Thailand, South West China, East China, Hong Kong, Belgium, Malaysia, Cambodia, South Central China 1 
 

8.2 5.2.2.9.1.2 2002-2008 North West China, Egypt, Austria, Nigeria, Ukraine, Afghanistan, Russia, Switzerland, Germany, Niger, India, East China, Pakistan, Korea, Sweden, Israel, 
Japan, Czech Republic, Sudan, Italy, Ivory Coast, Denmark, Iraq, France, North East China, Romania, Saudi Arabia, Kazakhstan, South Central China, Slovakia, 
Iran, Croatia, Mongolia, Hungary 

2.2, outliers, 2.5 
 

8.3 5.2.2.9.1.3 2002-2005 South West China, South Central China, China 2.4 
 

8.4 5.2.2.9.1.4 2003-2006 Indonesia 2.1.1 
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8.4 5.2.2.9.1.4(a) 2003-2004 Indonesia 2.1.1 

 
8.4 5.2.2.9.1.4.1 2003-2005 Indonesia 2.1.1 

 
8.4 5.2.2.9.1.4.1.1 2003-2005 Indonesia 2.1.1 

 
8.4 5.2.2.9.1.4.1.1.1 2004-2005 Indonesia 2.1.1 

 
8.4 5.2.2.9.1.4.1.1.2 2004-2007 Indonesia 2.1.2, 2.1.3 

 
8.4 5.2.2.9.1.4.1.1.3 2004-2007 Indonesia 2.1.3 

 
8.5 5.2.2.9.1.5 2003-2008 South West China, East China, South Central China, Vietnam, Hong Kong, Russia, China 2.3.2, 2.3.1 

 
8.6 5.2.2.9.1.6 2004-2007 East China, South West China, South Central China, Hong Kong, Vietnam, Laos, Thailand, China, Malaysia 2.3.4, 2.3.3 
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Appendix 2: Chapter 3 
Appendix 2 figures 
Figure A1: Temporal regression for the internal gene segments across subtypes. Available 
at: https://git.io/JUzao, owing to number of figures 

 

 

 

Figure A2: A) Distribution of the number of sequences added in imputation across 
genotypes (rank sorted x axis) B) Subtype-composition of genotypes with more than median - 
7 - sequences added in imputation C) Percentage representation gained in sequences by 
imputation by country D) Percentage representation gained in sequences by imputation by host. 
Overall, the number of sequences imputed for genotypes ranged from 276 (all H5N2) to 
singletons, with a median of 7 (Figure A). The majority of genotypes that had more than the 
median number of sequences imputed added sequences to subtype-specific clusters, as expected 
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from the downsampling strategy (Figure B). H5N1 is the subtype with the highest number of 
genotypes with more than the median number of sequences added in imputation, followed by 
H3N8, H9N2 and H5N2, but there are also imputed multisubtype genotypes e.g. H3N8 and 
H4N6. Only subtypes H9N2 and H6N2 had imputed sequences that inflated the within-cluster 
divergence above PhyCLIP’s segment-specific within-cluster limit. These sequences were 
subsequently removed. The percentage representation gained by imputation varied substantially 
– some countries e.g. Spain had full representation in the original downsampled dataset, 
whereas Jordan saw an increase of 90% from the original downsampled dataset to the imputed 
dataset i.e. Jordan only had one sequence in the downsampled dataset, but had 11 in the imputed 
dataset. For countries with a higher number of isolates, Italy had an 80% gain, followed by 
Vietnam at 73% (211 sequences in the original, to 789 in the imputed). Of the major host orders, 
Galliformes gained 70% representation in imputation. This is due to the high number of closely 
related viruses downsampled by genotype owing to outbreak bias. Anseriformes and 
Charadriiformes gain 45% and 32% respectively.  
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Figure A3A:   Inflation in within-cluster divergence (x-axis) after imputation for segments 
across all downsampled subtypes.   Red and blue lines represent within-cluster limit for 
segments PB2/PB1/PA/NP (all overlaid)  and MP/NS (overlaid) respectively. 
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Figure A3B:   Inflation in within-cluster divergence (x-axis)  after imputation for segments 
across all downsampled subtypes.   Red and blue lines represent within-cluster limit for 
segments PB2/PB1/PA/NP (all overlaid)  and MP/NS (overlaid) respectively. 
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Figure A3C:   Inflation in within-cluster divergence (x-axis) after imputation for segments 
across all downsampled subtypes.   Red and blue lines represent within-cluster limit for 
segments PB2/PB1/PA/NP (all overlaid)  and MP/NS (overlaid) respectively.  
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Figure A4: Co-occurrence of Eurasian/American countries in internal gene lineages  
across all segment. Co-occurrence calculated as discrete counts.  

 

 
Figure A5: Bray Curtis dissimilarity between the genotypic distribution of countries for 
all genotypes of H5N8 



 284 

 

 

Figure A6 and A7: Bray Curtis dissimilarity between genotypic distribution of countries 
for all genotypes of H5N6 and H8N4 
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Figure A8: Bray Curtis dissimilarity between genotypic distribution of countries for all 
genotypes of H6N8 

 

Figure A9: Ratio of the number of sequences to genotypes for A) host order and B) 
Subtypes for downsampled and imputed datasets (as per legend) 
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Figure A10: Distribution of number of genotypes by A) genotype size B) Country and C) 
Subtype of isolation for gull-specific genotypes  
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Figure A11: Bray Curtis dissimilarity between the genotypic distribution across HA-NA 
defined subtypes for all genotypes. Subtype order on x-axis is determined by agglomerative 
hierarchical clustering of the matrix by complete linkage. White represents complete 
dissimilarity  at 1.  
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Figure A12: Distribution of multisubtype genotypes. A) Number of subtypes in multisubtype 
genotype, B) Genotype size. C) Host distribution of multisubtype genotypes: A- Anseriformes. 
G – Galliformes. Av – Avian. C – Charadriiformes. P – Passeriformes. F – Falconiformes. Ac 
– Accipitriformes. Gr – Gruiformes, S – Suliformes. Co – Columbiformes, Ap – Apodiformes, 
Pt –Pterocliformes, Pe – Pelecaniformes, Po – Podicipediformes, Pr – Procellariiformes, Ps – 
Psittaciformes, S- Strigiformes. D) Geographic distribution of multisubtype genotypes. 
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Figure A13: Number of non-zero Bray-Curtis similarities between genotypic distributions 
across subtypes 
 

 

Figure A14: Patristic distance of outlying sequences to closest non-outlying sequences 
across subtypes. 
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Figure A15: Distribution of outlier-defined genotypes across country and host order 
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Figure A16: Distribution of outlier-defined genotypes across subtype and host order 
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Figure A17A: A) HA/NA subtype B) collection date C) country of isolation and D) host 
order distribution of major genotypes (annotated in title as “Gxx”). The legend applies to 
the host order in Figure D.  
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Figure A17B: A) HA/NA subtype B) collection date C) country of isolation and D) host 
order distribution of major genotypes (annotated in title as “Gxx”). The legend applies to 
the host order in Figure D.  
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Figure A17C: A) HA/NA subtype B) collection date C) country of isolation and D) host 
order distribution of major genotypes (annotated in title as “Gxx”). The legend applies to 
the host order in Figure D.  
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Figure A17D: A) HA/NA subtype B) collection date C) country of isolation and D) host 
order distribution of major genotypes (annotated in title as “Gxx”). The legend applies to 
the host order in Figure D.  
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Figure A17E: A) HA/NA subtype B) collection date C) country of isolation and D) host 
order distribution of major genotypes (annotated in title as “Gxx”). The legend applies to 
the host order in Figure D.  
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Figure A18: Number of human isolates across subtypes and collection dates, annotated 
by country of isolation 
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Figure A19: A) Relationship between the number of human isolates and genotypes across 
subtypes. B) Number of sequences for human genotypes, coloured by subtype of isolation.  



 299 

Appendix 2 tables 
All full tables available at full table available at https://git.io/JUPT7 owing to size. 

Table A1: Parameters for sequence and community simulation for validation of resolution calibration  

Segment Number of 
seeding evens 

Number of 
generations (G1, 
G2, G3) 

Population size Mutation rate296 Transition bias Sample 
frequency 

(G1, G2, G3) 

Sample size 

(G1, G2, G3) PB2 3 

10, 1, 1 10 000 

3.0E-3 

2 2, 1,1 2, 4,10 

PB1 3 2.7E-3 

PA 3 2.7E-3 

NP 3 2.4E-3 

MP 3 1.8E-3 

NS 3 3.0E-3 

 

Table A2: Galliformes-specific genotypes with more than 20 members 

Genotype Collection date Sequence 
nr Country Subtype PB2* PB1* PA* NP* MP* NS* 

227 2013-14 83 China, Hong Kong H7N9 28.5.3.2, 28.5.3.2.1 20.3.1.1.2 18.3.2.2, 
18.3.2.2.1.1 27.12.13.2.2 15.4.4.4.1.3.1.1 2.2.1.4.5.4.21.1.2.4.4.4 

1264 2013-14 76 China H7N9 28.5.3.2.1 20.3.1.1.2 18.3.2.2 27.12.13.2.2 15.4.4.4.1.3.1.1 2.2.1.4.5.4.21.1.2.4.4.4 

896 2002-04 42 Italy H7N3 30.7 21.19 19.11.1 27.12.15 21 2.2.1.4.5.4 

28 2013-15 39 China H10N6, H10N8 28.5.3.4 20.3.1.1.3.1 18.3.2.2.3.1, 
18.3.2.2.3 27.12.13.2.1 15.4.4.4.1.3.1.3 2.2.1.4.5.4.21.1.2.4.4.4 

2370 2008, 2012-13, 
2015 25 Taiwan H5N2, H6N1 12.1.1.3.1.1 unclustered 19.14.1 27.10.2.2 26.1 2.2.1.4.5.4.7.1 

*Segment columns indicate lineage identity 
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Table A3: Charadriiformes-specific genotypes with more than 20 members  

Genotype Collection 
date 

Sequence 
nr Country Subtype PB2* PB1* PA* NP* MP* NS  

69 2012, 2014 130 Netherlands H13N2, H13N3, H13N6, H16N6 18.2.1 9.2.1 19.20.2 9 13.3 2.2.1.4.5.4.21.1.11.1 

1238 2001 39 United States H10N7 8.5.2.3.2.1 7.3.4.7.5.3.3.2 10.1.3.4 19.4.4 12.6 2.2.1.4.5.4.21.1.23.1.4.1 

568 2008 34 Netherlands H16N3, H16N8 18 9.2.2 11.3.1 9 13.2.2 2.2.1.4.5.4.21.1.11.1 

11 1987-90 28 United States H11N1, H11N9, H2N1, H2N8, H5N3, H6N3, H6N8, 
H9N1, H9N5 7.2 7.3.4.6.1 10.2.2.3.2.2 17 15.1 2.2.1.4.5.4.21.1.19.1, 

2.2.1.4.5.4.21.1.19 

1045 2009 28 United States H10N7, H1N7 8.5.2.5.2.1.7 7.3.4.7.5.3 10.1.3.4 19.4.7 12.8.1.4 2.2.1.4.5.4.21.1.23.1.4.7.2 

4860 2008 27 United States H4N6 8.5.2.8.8.1 7.3.4.3.1.5.2 5.2.1.1.1.3 19.4.7 12.8.1.4 2.2.1.4.5.4.21.1.23.1.4.7.1 

970 2010-11 26 United States H16N3 18.1 7.3.4.7.5.1.1.1 11.2 7.1.1 13.3.1 2.2.1.4.5.4.21.1.11 

483 2008 26 Netherlands H13N8 18 9.2.2 11.3 9 13.2.1 2.2.1.4.5.4.21.1.11.1 

207 2008 22 Netherlands H13N8 18.2 9.2.2 11.3.1, 11.3 9 13.2.1 2.2.1.4.5.4.21.1.11.1 

*Segment columns indicate lineage identity 
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Table A4: Anseriformes-specific genotypes with more than 20 members  

Genotype Collection date Sequence nr Country Subtype PB2* PB1* PA* NP* MP* NS* 

271 2010 64 United States H3N8, H7N3 8.5.2.8.10.3, 8.5.2.8.10 7.3.4.7.5.9.3.8.1.1 10.2.2.3.2.2.1.4.6.5 19.1.4.1.1 12.8.1.7.2.1.3 2.2.1.4.5.4.21.1.23.1.4.5.1.1 

130 2008-12 54 United States H3N8 8.5.2.8.6 7.3.4.7.5.9.3.3 5.2.1.1.1.6.2.1.1.7 25 7 1.2.1.1.1.2.2.2 

3805 2010 49 United States H3N6, H3N8, H4N6 8.5.2.8.10 7.3.4.7.5.3.2 10.2.2.3.2.2.1.4.6.5 19.1.4.1.1 12.8.1.4 2.2.1.4.5.4.21.1.23.1.4.1 

1686 2009-10 47 United States H10N7 8.5.2.8.6.1 7.3.4.7.5.8.2 10.2.2.3.2.2.1.4.6.2 19.5.6.4.4.1.1 12.8.1.3.1 2.2.1.4.5.4.21.1.23.1.4.1 

870 2010 42 United States H3N8 8.5.2.8.6 7.3.4.7.5.9.3.5 5.2.1.1.1.6.2.1.1.7 19.5.6.8 12.8.1.4 1.2.1.3 

2355 2008 39 United States H1N1 8.5.2.8.9 7.3.4.7.5.3.1 10.2.2.3.2.2.1.4.3 19.4.6 12.8.1.7.2.1.3 1.2.1.1 

2261 2009 38 United States H4N6 8.5.2.5.2.1.2 7.3.4.7.5.9.3.3 10.2.2.3.2.2.1.3 19.5.6.2.1 12.7 1.2.1.1 

638 2008-09 33 United States H3N8, H4N6 8.5.2.8.5 7.3.4.7.5.9.3 10.1.3.4.3.2 19.5.6.4.2 12.8.1.3.1 1 

215 2006 32 Sweden H4N6 30.9.4.1 21.22 19.17 27.12.16 23.5.3.3 2.2.1.4.4 

3480 2009 32 Sweden H4N6 30.9.7.1 21.23.3 19.20.7.1 27.6 23.5.3.3 1.2.1.3.6.1.1.2.6 

408 2004-07 28 China H6N6 26.4.2 17.1 17.1.1 27.12.6.2 15.2.2 2.2.1.4.5.4.17.1 

3978 2014 25 United States H10N7 8.5.2.8.9 7.3.4.7.5.9.3.8.1.1 5.2.1.1.1.6.2.1.1.7.3 19.5.6.4.4.1.1 12.8.1.7.2.1.2 2.2.1.4.5.4.21.1.23.1.4.1 

3484 2011 24 United States H5N2 8.5.2.8.9 7.3.4.7.5.9.3.5 10.2.2.3.2.2.1.4.4.1 19.1.4.4.1.1.2 12.8.1.7.2.1.3 1.2.1.3 

4837 2010 24 Canada H1N1 8.5.2.5.2.1.6 7.3.4.7.5.3 10.2.2.3.2.2.1.4.4 19.4.6 12.7 1.2.1.1 

1901 2007, 2009 24 United States H3N1, H3N8, H4N6 8.5.2.5.2.1.2 7.3.4.7.5.9.3.4 10.2.2.3.2.2.1.4.3 19.5.6.4.4.1.1 12.8.1.1 2.2.1.4.5.4.21.1.23.1.4.1 

360 2013 23 China H10N3 30.3.1.2 21.24.3.2.3 19.3.1.5 27.12.21 23.5.3.6.1.1 2.2.1.3 

4327 2014, 2016 23 United States H7N7 8.5.2.8.10.9.1 7.3.4.7.5.9.3.8.1.1 5.2.1.1.1.6.2.1.1.7.2 19.4.7 12.8.1.7.2.1.3 2.2.1.4.5.4.21.1.23.1.4.1 

2986 2007-08 22 United States H8N4 8.5.2.8.6.1 7.3.4.7.5.3.3.1 10.2.2.3.2.2.1.4.4 19.5.6.9 12.8.1.7.2.1.2 2.2.1.4.5.4.21.1.23.1.4.7.2 

196 2008, 2010, 
2013, 2016 

22 United States H2N3 8.5.2.8.10.6 7.3.4.7.5.9.3.5.2.1 10.2.2.3.2.2.1.4.4 19.5.6.8 12.8.1.4 2.2.1.4.5.4.21.1.23.1.4.1 

2043 2009 21 United States H10N4, H10N7 8.5.2.8.5 7.3.4.7.5.8.2 10.1.3.4.3.2 19.5.6.4.4.1.1 12.8.1.3.1 2.2.1.4.5.4.21.1.23.1.4.1 

3432 2005-07 21 China H6N6 26.4.3 17.1 17 27.12.6.2 15.2.2 2.2.1.4.5.4.17 

*Segment columns indicate lineage identity 



 302 

 
Table A5: Subtypes with restricted genotype distributions 

Subtype Number of sequences in imputed dataset Host 

H6N5 50 Anseriformes, Charadriiformes, Avian, Procellariiformes 

H7N4 18 Anseriformes, Galliformes, Casuariiformes 

H4N3 15 Anseriformes 

H15N5 6 Anseriformes 

H4N7 6 Anseriformes 

H15N9 6 Anseriformes, Charadriiformes, Procellariiformes 

H12N8 5 Anseriformes 

H14N6 5 Anseriformes 

H6N7 5 Anseriformes, Charadriiformes 

H2N6 4 Anseriformes, Charadriiformes 

H5N4 4 Anseriformes 

H6N4 4 Anseriformes 

H9N8 3 Anseriformes, Charadriiformes 

H8N2 3 Anseriformes 

H9N3 3 Anseriformes, Charadriiformes 

H14N5 3 Anseriformes 

H14N2 2 Anseriformes 

H12N6 2 Anseriformes 

H14N7 2 Anseriformes 

H3N4 2 Anseriformes, Charadriiformes 

H14N8 2 Anseriformes 

H8N8 2 Anseriformes 

H12N2 2 Anseriformes 

H15N4 1 Anseriformes 

H15N7 1 Anseriformes 

H8N3 1 Anseriformes 

  



 303 

Table A6: Description of genotypes with more than 3 outlying segment lineages across 
countries 

Country Number of 
genotypes 

Description 

Mainland China 20 H9N2 viruses circulating in ducks in 1997 and pigeons and quail in 2013, H6Nx circulating in wild ducks, and H5N1 viruses isolated from chickens in 1997 

USA 15 All genotypes isolated from diverse host orders in 1970-1997 

Australia 9 H7Nx infections of Galliformes in the 1990’s and a range of LPAI singleton genotypes isolated from wild birds between 1984 and 2005.  

Vietnam 7 H5N1 isolated from ducks in 2017, H9N2 isolated from Passeriformes in 2006 and Galliformes in 2013, and a range of LPAI isolated from ducks in 2011-

2013 

Korea 6 H3Nx and H6N2 genotypes in Anseriformes in 2007-2009 as well as H9N2 in Galliformes in the early 2000s.  

Canada 5 Clusters of H1N1 and H3N2 in turkeys from 2016 and 2011 respectively, as well as two turkey genotypes from the 1960s (H5N9 and H3N2). 

Taiwan 5  H5N2 isolated from Galliformes in 2013-2015, H6N1 isolated from Galliformes 2002-2005 and H4N6 isolated from ducks in 2006.  

Israel 4 H9N2 isolated from chickens in 2003-2005 and turkeys in 2005-2007 

Italy 4 H10Nx and H5N2 from turkeys and quail from 1965-1980.  

UAE 3 H9N2 in quail and pheasants in 2002 and 2011, and chickens in 2000-2002 

Pakistan 3 H7N3 in chickens in 1995-2003 and H9N2 in chickens in 2007-2008 

Argentina 2 H9N2 and H6N2 in Anseriformes in 2007-2010 

New Zealand 2 H4N6 and H6Nx in Anseriformes in 2004-2005 

Egypt 2 H6N2 in Charadriformes in 2014, and one large cluster of H9N2 in Galliformes circulating 2011-2014.  

Hong Kong 2 H9N1 and H6N1 in Galliformes in 1999 and 1977 respectively 

Japan 2 H10N4 in Anseriformes in 1988 and H4N8 in Charadriiformes in 2006 

Bangladesh 2 H9N2 in chickens in 2016 

UK 2 H7N7 in turkeys in 1977 and H7N3 in 1963 

Burkina Faso 1 H9N2 in chickens in 2017 

Mexico 1 H5N2 in chickens in 2007-2010 

India 1 H5N1 in chickens in 2013 

Chile 1 H1N1 in turkey in 2009 

Morocco 1 H9N2 in chickens in 2016 

Jordan 1 H9N2 in chickens in 2003-2005 

Bolivia 1 H7N3 in ducks in 2001 

Brazil 1 H2N1 in Charadriiformes in 1990 

South Africa 1 H5N3 in ducks in 1961 

Germany 1 H1N1 in ducks in 1979 

Guatemala 1 H5N2 in chickens in 2002 

Russia 1 H5N3 in ducks in 1991 

France 1 H5N3 in ducks in 2006 

Netherlands 1 H3N8 in ducks in 2011 

Indonesia 1 H5N1 in chickens and ducks in 2016 

Cambodia 1 H7N3 in ducks in 2017 

Ukraine 1 H3N8 in ducks in 1963 

Denmark 1 H5N2 in an ostrich in 1996 
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Table A7: Description of the constitutive lineage of the major avian influenza internal gene genotypes -- full table available at https://git.io/JUPT7 

Segment Lineage Genotype Subtype Host Country Collection date Sequence 
nr 

PB2 

26.6 140, 1764 H5N2, H5N6, H6N2, H6N5, H6N6 Accipitriformes, Anseriformes, Avian, Charadriiformes, Falconiformes, 

Galliformes 

China, Hong Kong, Japan, Korea, Taiwan, Vietnam 2007, 2009-12, 2014-17 192 

30.9.7.4 33, 199 

H10N6, H10N7, H10N8, H1N1, H2N3, H2N8, H2N9, H3N2, H3N6, H3N8, 

H4N2, H4N3, H4N6, H4N8, H5N2, H5N5, H5N6, H5N8, H6N1, H6N2, H6N5, 

H6N8, H7N1, H7N3, H7N5, H7N7, H7N8, H7N9 

Accipitriformes, Anseriformes, Avian, Charadriiformes, Galliformes, 

Struthioniformes 

Bangladesh, Belgium, China, Egypt, France, Germany, Hungary, India, Italy, Japan, Korea, Mongolia, 

Netherlands, Russia, South Africa, Sweden 
2009-17 115 

18.2.1 69 H13N2, H13N3, H13N6, H13N8, H16N3, H16N6 Charadriiformes Georgia, Netherlands, Norway, Sweden 2008-15 107 

28.5.3.4 491, 3867 H10N6, H10N8, H4N2, H5N6, H5N9, H7N9, H9N2, H9N9 Anseriformes, Avian, Galliformes China, Vietnam 2012-17 99 

12.1.1.8.6.4.2 25, 126, 591, 906, 1046 H5N1 Anseriformes, Avian, Charadriiformes, Falconiformes, Galliformes Bangladesh, China, Hong Kong, Japan, Korea, Lao, Myanmar, Vietnam 2005-12 99 

8.5.2.8.6 130 H10N3, H11N8, H11N9, H1N1, H2N1, H2N4, H3N6, H3N8, H4N6, H4N8, 

H5N1, H6N1, H6N8, H8N4, H9N2 

Anseriformes, Avian, Charadriiformes Canada, USA 2005-16 98 

12.1.1.8.6.4.2.3.1.1 58 H3N6, H5N2, H5N6 Anseriformes, Avian, Galliformes China, Japan, Vietnam 2013-16 97 

28.5.3.3.1 482, 614 H10N6, H5N6, H7N2, H7N6, H7N9, H9N2, H9N9 Anseriformes, Avian, Galliformes, Passeriformes China, Hong Kong 2013-17 82 

12.1.1.8.3.2 300, 4261 H3N2, H4N2, H5N1, H5N2, H5N5, H5N6, H5N8 Anseriformes, Avian, Galliformes Canada, China, Japan, Korea, Taiwan, USA 2008-16 59 

12.1.1.8.6.4.2.3.1 58, 147 H5N1, H5N2, H5N6 Anseriformes, Avian, Galliformes, Passeriformes China, Vietnam 2012-16 57 

12.1.1.8.6.4.1.1 24 H5N1 Anseriformes, Avian, Falconiformes, Galliformes China, Egypt, Israel, Mongolia, Nigeria, Palestinine, Saudi Arabia 2005-12 44 

8.5.2.4 186 H10N7, H11N9, H3N2, H3N8, H5N2, H7N2 Anseriformes, Galliformes Canada, USA  2000, 2002-07 44 

30.3.1.1 45 H10N1, H11N1, H14N3, H1N1, H2N5, H2N7, H3N8, H5N3, H5N7, H5N8, 

H6N2, H7N1, H9N1, H9N2 

Anseriformes, Avian, Charadriiformes, Galliformes Bangladesh, Belgium, China, Czech Republic, Georgia, Germany, Hungary, Lebanon, Mongolia, Pakistan, 

Poland, Russia, Taiwan 

2010-12, 2014-17  41 

30.3.1 1978 H10N4, H10N8, H11N1, H11N9, H12N1, H3N2, H3N6, H3N8, H4N6, H5N1, 

H5N2, H6N1, H6N2, H6N5, H7N1, H7N6, H7N7, H8N4 

Anseriformes, Avian China, Czech Republic, Egypt, India, Japan, Mongolia, Netherlands, Sweden, Thailand, Ukraine, USA, Vietnam, 

Zambia 

2005-12 39 

12.1.1.8.6.4.2.1 170, 591, 822 H5N1 Anseriformes, Avian, Galliformes, Passeriformes Bangladesh, Bhutan, China, India, Vietnam 2010-15 31 

28.5.3.2.1 227, 1264 H5N6, H6N2, H7N9, H9N2 Anseriformes, Avian, Galliformes China, Vietnam 2011, 2013-17  27 

28.5.3 4496 H10N8, H5N2, H6N8, H7N7, H9N2 Anseriformes, Galliformes Cambodia, China 2008, 2010-14 26 

28.5.1 2526 H5N1, H5N6, H7N9, H9N2 Anseriformes, Avian, Galliformes Burkina Faso, Cameroon, China, Japan, Lebanon, United Arab Emirates, Vietnam 2008-16 24 

12.1.1.8.6.4.1 24, 86 H5N1 Anseriformes, Avian, Galliformes Bhutan, China, Germany, India, Nigeria, Russia, Saudi Arabia 2005-10 16 

12.1.1.8.6.4.2.3 147 H5N1, H9N2 Anseriformes, Avian, Galliformes China, Vietnam 2011-14 15 
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30.9.1 84 H1N1, H2N3, H2N9, H4N6, H6N2, H7N1 Anseriformes, Avian, Galliformes Israel, Italy, Netherlands, Sweden 1999-2006, 2010 14 

28.5.3.2 227 H7N9 Galliformes China 2014-16 12 

12.1.1.8.6.4 86 H5N1 Anseriformes, Galliformes China 2003-05 7 

26.5 3355 H6N2, H6N6 Anseriformes, Galliformes China 2002, 2004-06 6 

28.5.3.3 482 H7N2, H7N9, H9N2 Avian, Galliformes China 2013-14 5 

8.5.2.8.10, 8.5.2.8.10.3 271 

H11N2, H12N2, H5N3, H11N9, H12N4, H12N5, H3N8, H3N1, H3N3, H3N2, 

H3N6, H6N8, H4N8, H4N9, H5N9, H7N1, H4N2, H4N3, H4N6, H5N2, H5N1, 

H4N5, H10N8, H10N9, H7N8, H6N1, H10N2, H10N3, H10N4, H10N5, H7N3, 

H10N7, H14N8, H7N4, H14N6, H14N7, H6N2, H2N5, H1N8, H2N3, H1N3, 

H1N2, H1N1, H7N7, H2N9, H1N5, H6N5, H9N2, H9N1, H8N4, H7N2 

Anseriformes, Charadriiformes, Avian, Galliformes Canada, Chile, Mexico, USA, Guatemala, Colombia 2006-14 232 

12.1.1.8.6.4.2.2.1, 

12.1.1.8.6.4.2.2.1.1 

342 H5N6, H5N2, H5N1 Anseriformes, Galliformes, Avian, Passeriformes Taiwan, Indonesia, China, Vietnam 2010-15 42 

12.1.1.8.6, 12.1.1.8.6.1 126 H5N1 Anseriformes, Galliformes, Avian, Struthioniformes Hong Kong, Cambodia, Vietnam, China, Thailand, Japan 2000-10 77 

PB1 

7.3.4.7.5.9.3.8.1.1 271, 4261 

H10N1, H10N2, H10N3, H10N4, H10N5, H10N7, H10N8, H10N9, H11N2, 

H11N6, H11N9, H12N4, H12N5, H12N8, H13N6, H14N3, H14N5, H14N7, 

H16N3, H1N1, H1N2, H1N3, H1N7, H1N8, H2N1, H2N3, H2N4, H2N5, 

H2N6, H2N9, H3N1, H3N2, H3N3, H3N4, H3N6, H3N8, H3N9, H4N1, H4N2, 

H4N5, H4N6, H4N8, H4N9, H5N1, H5N2, H5N3, H5N7, H5N8, H5N9, H6N1, 

H6N2, H6N4, H6N5, H6N7, H6N8, H7N1, H7N2, H7N3, H7N4, H7N5, H7N6, 

H7N7, H7N9, H8N4, H9N1, H9N2, H9N7 

Anseriformes, Avian, Charadriiformes, Galliformes Canada, Chile, Colombia, Guatemala, Japan, Mexico, USA 2008-17 361 

20.4.8.3 58, 140, 147 H3N6, H5N1, H5N2, H5N6, H9N2 Anseriformes, Avian, Falconiformes, Galliformes, Passeriformes China, Hong Kong, Japan, Vietnam 2011-16 193 

20.4 25, 126, 591, 906 H5N1, H5N5, H9N2 Anseriformes, Avian, Galliformes, Struthioniformes Cambodia, China, Hong Kong, Indonesia, Japan, Lao, Myanmar, Vietnam 2001-09 136 

21.24.3.2.3 33, 45, 199 H10N3, H10N6, H12N1, H14N3, H1N1, H1N2, H3N6, H3N8, H4N6, H5N5, 

H5N6, H5N8, H6N2, H7N1, H7N7, H8N4 

Accipitriformes, Anseriformes, Avian, Charadriiformes, Galliformes Bangladesh, Belgium, China, Czech Republic, Egypt, France, Georgia, Germany, Hungary, India, Italy, Japan, 

Korea, Mongolia, Netherlands, Pakistan, Russia, Sweden 

2009-18 126 

7.3.4.7.5.9.3.3 130 H10N5, H10N6, H10N7, H10N8, H12N5, H2N3, H2N6, H3N6, H3N8, H4N6, 

H5N1, H5N2, H6N1, H6N5, H6N8, H7N3, H8N4 

Anseriformes, Avian, Charadriiformes Canada, China, Japan, Korea, USA 2002, 2005-13 126 

20.3.1.1.3.1 482, 491, 614, 4496 H10N6, H10N8, H4N2, H5N2, H5N6, H5N9, H6N2, H7N2, H7N9, H9N2, 

H9N9 

Anseriformes, Avian, Galliformes China 2010-16 126 

9.2.1 69 H11N9, H13N2, H13N3, H13N6, H13N8, H16N3, H16N6, H6N2 Avian, Charadriiformes Georgia, Germany, Mongolia, Netherlands, Russia, Sweden, USA 2000-01, 2005-15  119 

7.3.4.7.5.3.3.2 186 

H10N7, H11N1, H11N2, H11N9, H12N5, H1N1, H1N9, H3N6, H3N8, H4N6, 

H4N8, H5N2, H6N1, H6N2, H6N3, H6N5, H6N6, H6N7, H6N8, H7N1, H7N2, 

H7N3, H9N8, H9N9 

Anseriformes, Avian, Charadriiformes, Galliformes Canada, USA 1998-2007 83 

20.4.4 24, 86 H5N1 Anseriformes, Avian, Falconiformes, Galliformes Bhutan, China, Egypt, Germany, India, Israel, Mongolia, Nigeria, Palestine, Russia, Saudi Arabia 2003-15 66 

20.4.8.3.1 147, 342, 2526 H5N1, H5N2, H5N6 Anseriformes, Avian, Galliformes, Passeriformes Burkina Faso, Cameroon, China, Indonesia, Lebanon, Taiwan, United Arab Emirates, Vietnam 2011-17 52 

21.24.3.6 1978 H10N2, H10N7, H10N8, H1N2, H1N3, H2N9, H3N2, H3N6, H3N8, H4N6, 

H5N1, H5N2, H5N5, H5N6, H6N1, H6N2, H6N6, H7N8, H7N9, H9N2 

Anseriformes, Avian, Galliformes, Passeriformes China, Japan, Korea, Mongolia, Taiwan, Thailand, Vietnam 2009-16 46 
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20.2.4.2 1764 H10N8, H4N2, H4N8, H5N6 Accipitriformes, Anseriformes, Avian, Charadriiformes, Galliformes China, Japan, Korea, Taiwan 2010-17 45 

20.3.1.1.3.1.2 614 H10N6, H5N6, H7N2, H7N6, H7N9, H9N2 Anseriformes, Galliformes, Passeriformes China, Hong Kong 2013, -17 35 

20.3.1.1.2 227, 1264, 3867 H5N1, H6N2, H6N6, H7N9, H9N2 Anseriformes, Galliformes China, Vietnam 2010-17 30 

21.4.3.1 300 H4N2, H5N1, H5N2, H5N5, H5N8 Anseriformes, Galliformes China, Japan, Korea, Taiwan, USA 2008-15 27 

20.4.8.2 591, 822 H5N1 Anseriformes, Avian, Galliformes Bangladesh, China, Vietnam 2009-13 20 

17.1 3355 H6N2, H6N6 Anseriformes China 2002, 2004-07 18 

20.4.8.1 591, 1046 H5N1 Anseriformes, Avian, Charadriiformes, Galliformes Bangladesh, China, Japan, Korea 2007-12 18 

20.4.6 906 H5N1 Avian Bangladesh, Vietnam 2008-011 15 

21.8.2 170 H5N1, H9N2 Avian, Galliformes Bangladesh, Bhutan, India 2011-15 15 

20.4.8.2.1 822 H5N1 Anseriformes, Avian, Galliformes, Passeriformes Bangladesh, India 2011-15 14 

20.4.7 25 H5N1 Anseriformes, Avian, Galliformes Vietnam 2007-09 13 

21.2 84 H10N7, H3N8, H4N6, H5N3, H7N1, H7N7 Anseriformes, Galliformes Belgium, Italy, Netherlands, Sweden 1999-2004, 2007 12 

20.4.5, 20.4.8 591 H5N1 Anseriformes, Galliformes, Avian, Falconiformes Hong Kong, China, Lao, Vietnam 2005-10 39 

20.4.8.3.5, 20.4.8.3.3, 

20.4.8.3.4 

58, 140 H5N6, H5N2 Anseriformes, Galliformes, Avian China 2013-16 71 

20.4.3, 20.4.2 126 H6N2, H5N1 Anseriformes, Galliformes, Avian Thailand, Vietnam, Cambodia 2004-11 21 

PA 

19.20.11.8.5.1.3 58, 140, 147, 1764 H3N6, H5N1, H5N2, H5N6, H9N2 Accipitriformes, Anseriformes, Avian, Falconiformes, Galliformes, 

Passeriformes 

China, Hong Kong, Japan, Vietnam 2011-17 305 

5.2.1.1.1.6.2.1.1.7 130 

H10N3, H10N6, H10N7, H11N2, H12N5, H1N1, H1N3, H1N9, H2N2, H2N9, 

H3N1, H3N2, H3N6, H3N8, H4N4, H4N6, H5N1, H5N2, H5N3, H5N8, H5N9, 

H6N1, H6N2, H6N5, H7N3, H7N6, H7N8, H7N9, H8N4 

Anseriformes, Avian, Galliformes Canada, Guatemala, Mexico, USA 2004-14 119 

19.20.8.3 1046 

H10N7, H10N8, H11N2, H1N2, H2N8, H3N2, H3N6, H3N8, H4N2, H4N6, 

H4N9, H5N1, H5N2, H5N3, H5N5, H5N6, H5N9, H6N2, H6N5, H6N8, H7N2, 

H7N3, H7N6, H7N7, H8N2, H9N2 

Anseriformes, Avian, Charadriiformes, Galliformes Bangladesh, China, Egypt, Japan, Korea, Lao, Russia, Taiwan, Thailand, USA 2007-16 99 

19.20.11.3.2 45, 199 H10N2, H10N3, H10N6, H1N1, H3N2, H3N8, H4N6, H5N1, H5N5, H5N6, 

H5N7, H5N8 

Accipitriformes, Anseriformes, Avian, Charadriiformes, Galliformes, 

Gruiformes 

Bangladesh, Belgium, China, Croatia, Czech Republic, Egypt, Germany, Hungary, India, Italy, Japan, Korea, 

Mongolia, Netherlands, Poland, Russia, Vietnam 

2013-17 89 

18.3.2.2.3 3867 H10N6, H10N8, H4N2, H5N6, H6N2, H7N9, H9N2 Anseriformes, Avian, Galliformes, Passeriformes China, Hong Kong, Vietnam 2012-17 75 

19.20.2 69 H10N1, H10N4, H10N7, H11N9, H13N2, H13N3, H13N6, H13N8, H16N3, 

H16N6, H1N1, H1N2, H3N3, H3N8, H4N6, H6N1, H6N2, H7N1, H8N1 

Anseriformes, Avian, Charadriiformes China, Czech Republic, Egypt, Georgia, Netherlands, Ukraine 2004-15 75 
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18.3.2.2 227, 482, 491, 614, 

1264, 4496 

H5N2, H6N8, H7N2, H7N3, H7N6, H7N7, H7N9, H9N2, H9N9 Anseriformes, Avian, Galliformes Cambodia, China 2010-15 69 

19.4.3.5.3 24, 86 H5N1 Anseriformes, Avian, Falconiformes, Galliformes Bhutan, China, Egypt, Germany, India, Israel, Mongolia, Nigeria, Palestine, Russia, Saudi Arabia 2003-15 68 

19.20.11.8.5.1.2 342, 2526 H5N1, H5N2, H5N6 Anseriformes, Avian, Galliformes, Passeriformes Burkina Faso, Cameroon, China, Indonesia, Lebanon, Taiwan, United Arab Emirates, Vietnam 2010-17 64 

18.3.2.2.2 491 H5N2, H5N6, H7N6, H7N9, H9N2, H9N9 Anseriformes, Avian, Galliformes China 2013-17 53 

19.20.11.8.1.1.2 300, 4261 H4N2, H5N1, H5N2, H5N3, H5N5, H5N8 Anseriformes, Galliformes China, Japan, Korea, Taiwan, USA 2008-16 44 

5.2.1.1 186 H10N7, H12N5, H3N2, H3N6, H3N8, H4N6, H5N1, H5N2, H5N5, H5N9, 

H6N1, H7N2, H7N7 

Anseriformes, Avian, Galliformes Canada, USA 1996-2007 43 

19.20.3 1978 H10N7, H12N5, H14N3, H15N7, H2N3, H2N9, H3N6, H3N8, H4N6, H5N1, 

H5N2, H6N1, H6N2, H7N3, H7N9 

Anseriformes, Avian Bangladesh, China, Egypt, Iceland, India, Mongolia, Netherlands, Pakistan, Russia, Sweden, Ukraine, USA, 

Vietnam, Zambia 

2004-16 33 

17.1.1 3355 H6N2, H6N6 Anseriformes, Galliformes China 2004-13 33 

19.20.11.8.5.1.1 170, 591, 822 H5N1 Anseriformes, Avian, Galliformes, Passeriformes Bangladesh, Bhutan, China, India, Vietnam 2009-15 30 

19.20.11.8.3 25 H5N1 Anseriformes, Avian, Galliformes Vietnam 2007-09 21 

10.2.2.3.2.2.1.4.6.5 271 H1N3, H3N6, H3N8, H4N6, H7N3 Anseriformes, Charadriiformes Canada, USA 2006-11 20 

18.3.2.2.1.1 227 H7N9, H9N2 Anseriformes, Galliformes China, Vietnam 2011-17 16 

19.20.11.3 199 H10N7, H11N9, H12N1, H12N5, H3N6, H4N2, H5N2, H5N8, H6N2, H7N3, 

H7N7, H7N9 

Anseriformes, Avian, Galliformes Bangladesh, China, Georgia, Korea, Netherlands, Russia, Ukraine 2010-17 14 

19.15 84 H12N5, H2N9, H3N6, H3N8, H5N3, H7N1 Anseriformes, Galliformes Italy, Japan, Netherlands, Russia 1999-2004 10 

19.20.4.1, 19.20.4 33 

H12N8, H11N2, H11N9, H3N8, H3N2, H3N6, H10N8, H4N8, H5N8, H4N2, 

H5N6, H4N6, H5N2, H6N8, H7N9, H7N5, H6N1, H6N2, H10N3, H7N1, 

H6N6, H10N7, H16N3, H15N9, H10N1, H7N7, H7N6, H2N3, H1N2, H1N1, 

H13N2, H8N8, H8N4, H13N8 

Anseriformes, Charadriiformes, Avian, Accipitriformes, Galliformes 
Russia, Netherlands, Georgia, Italy, Bangladesh, Egypt, Iceland, Japan, Mongolia, France, UK, Sweden, Korea, 

China, Vietnam, Hungary, Belgium, Germany 
2009-2018 151 

19.20.11.8.5, 19.20.11.8.5.1 591 H5N1 Anseriformes, Galliformes, Avian, Falconiformes Hong Kong, China, Korea, Vietnam 2006-12 18 

19.20.11.8.4, 19.20.11.8 591, 906 H5N1 Anseriformes, Galliformes, Avian Vietnam, Lao, China, Bangladesh, Myanmar 2005-12 46 

19.4.3.5, 19.4.3.5.1.1, 

19.4.3.5.1 

126 H6N2, H5N1 Anseriformes, Galliformes, Avian, Struthioniformes Thailand, Hong Kong, China, Cambodia, Vietnam 2002-10 64 

NP 

27.12.13.5.5 58, 140, 147, 342, 591, 

1764, 2526 

H3N2, H3N6, H3N8, H5N1, H5N2, H5N6, H5N9, H6N1, H6N5, H9N2 Accipitriformes, Anseriformes, Avian, Charadriiformes, Falconiformes, 

Galliformes, Passeriformes 

Bangladesh, Burkina Faso, Cameroon, China, Hong Kong, Indonesia, Japan, Korea, Lebanon, Taiwan, United 

Arab Emirates, Vietnam 

2006-16 456 

25 130 H10N3, H10N4, H10N6, H10N7, H10N8, H10N9, H11N2, H11N6, H11N9, 

H12N3, H12N5, H12N8, H1N1, H1N2, H1N3, H2N1, H2N2, H2N4, H2N5, 

H3N1, H3N2, H3N5, H3N6, H3N8, H4N1, H4N2, H4N3, H4N5, H4N6, H4N7, 

H4N8, H4N9, H5N1, H5N2, H6N1, H6N2, H6N5, H6N8, H7N1, H7N3, H7N6, 

H7N7, H7N9, H8N2, H8N4, H9N1, H9N2 

Anseriformes, Avian, Charadriiformes, Galliformes Canada, China, Egypt, Japan, Korea, Lao, Mexico, Mongolia, Taiwan, Thailand, USA, Vietnam 2001-15 252 
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27.12.21 199 

H10N1, H10N2, H10N3, H10N4, H10N5, H10N6, H10N7, H11N1, H11N2, 

H11N9, H12N1, H12N5, H12N8, H14N3, H15N5, H15N9, H1N1, H1N2, 

H1N3, H2N8, H2N9, H3N1, H3N2, H3N6, H3N8, H4N2, H4N3, H4N6, H5N1, 

H5N2, H5N3, H5N5, H5N6, H5N7, H5N8, H6N1, H6N2, H6N4, H6N5, H6N6, 

H6N7, H6N8, H7N1, H7N3, H7N5, H7N6, H7N7, H7N9, H8N4, H9N2 

Accipitriformes, Anseriformes, Avian, Charadriiformes, Galliformes, 

Gruiformes 

Bangladesh, Belgium, Cambodia, China, Croatia, Czech Republic, Egypt, France, Georgia, Germany, Hungary, 

India, Italy, Japan, Kazakhstan, Korea, Mongolia, Netherlands, Pakistan, Poland, Portugal, Russia, Sweden, 

Taiwan, Ukraine, Vietnam 

2000-15 245 

9 69 H13N2, H13N3, H13N6, H13N8, H16N3, H16N6, H16N8 Avian, Charadriiformes China, Egypt, Georgia, Germany, Netherlands, Norway, Russia, USA 2005-16 203 

27.12.13.2.3 482, 491, 614, 4496 H10N6, H10N8, H5N2, H5N6, H7N2, H7N6, H7N7, H7N9, H9N2, H9N9 Anseriformes, Avian, Galliformes, Passeriformes China, Hong Kong 2005-16 166 

19.5.6.4.3 4261 

H10N5, H10N7, H10N8, H11N2, H11N9, H12N5, H12N8, H14N3, H1N1, 

H1N3, H1N9, H2N1, H2N2, H2N3, H2N9, H3N2, H3N3, H3N6, H3N8, H4N2, 

H4N4, H4N5, H4N6, H4N8, H5N1, H5N2, H5N3, H5N9, H6N1, H6N2, H6N5, 

H7N3, H7N4, H7N7, H7N9, H9N2 

Anseriformes, Avian, Charadriiformes, Galliformes Canada, Guatemala, Korea, USA 1996-2009 131 

27.12.13 86, 126 H5N1, H9N2 Anseriformes, Avian, Galliformes, Struthioniformes Cambodia, China, Hong Kong, Japan, Thailand, Vietnam 1998-2013 86 

27.12.13.2.1 3867 H10N6, H10N8, H4N2, H7N9, H9N2 Anseriformes, Avian, Galliformes China, Vietnam 2007-16 86 

27.12.18.4.1 33, 45 H3N6, H3N8, H4N6, H5N2, H5N5, H5N6, H5N8, H6N2, H7N1, H7N7 Accipitriformes, Anseriformes, Avian, Charadriiformes, Galliformes, 

Struthioniformes 

Bangladesh, Belgium, China, Czech Republic, Egypt, France, Georgia, Germany, Hungary, India, Italy, Korea, 

Netherlands, Poland, Russia, South Africa, Sweden 

2011-18 84 

23.2 84 H10N1, H10N4, H10N7, H11N9, H12N5, H1N1, H2N2, H2N3, H3N6, H3N8, 

H4N2, H4N6, H5N2, H6N1, H6N2, H6N8, H7N1, H7N7, H8N4, H9N2 

Anseriformes, Avian, Charadriiformes, Galliformes Czech Republic, Egypt, France, Italy, Netherlands, Russia, Sweden, Ukraine, UK, Zambia 2000-10 73 

27.12.13.5 25, 126, 591, 906 H5N1 Anseriformes, Avian, Charadriiformes, Galliformes China, Indonesia, Lao, Myanmar, Vietnam 2002-11 72 

27.12.13.5.1 24, 86 H12N3, H5N1 Anseriformes, Avian, Falconiformes, Galliformes Bhutan, China, Egypt, Germany, India, Israel, Japan, Mongolia, Nigeria, Palestine, Russia, Saudi Arabia 2003-14 63 

19.3.2.2.2.1 186 H2N2, H7N2 Anseriformes, Galliformes USA 1994-2005 58 

27.12.13.5.3 25, 170, 591, 822, 906 H5N1 Anseriformes, Avian, Galliformes, Passeriformes Bangladesh, Bhutan, China, India, Lao, Vietnam 2005-14 53 

27.7.1.2 300 H3N2, H5N1, H5N2, H5N6, H5N8 Anseriformes, Avian, Galliformes Canada, China, Japan, Korea, Taiwan, USA 2010-16 52 

27.12.18.7 1978 H10N1, H10N3, H10N4, H10N9, H11N9, H2N8, H3N8, H4N6, H4N9, H5N1, 

H5N2, H5N3, H6N1, H6N2, H6N8, H7N6, H9N2 

Anseriformes, Avian China, Japan, Korea, Mongolia, Thailand, USA, Vietnam 2005-13 47 

19.1.4.1.1 271 H10N7, H11N9, H12N5, H2N7, H3N6, H3N8, H4N6, H6N8, H7N3, H7N6, 

H9N5 

Anseriformes, Avian, Charadriiformes Canada, USA 1996-2010 27 

27.12.13.2.2 227, 1264 H7N9 Galliformes China 2013-14 16 

27.12.13.5.4 591, 1046 H5N1 Anseriformes, Avian, Galliformes China, Japan, Korea 2007-11 9 

27.12.13.3 126 H5N1 Anseriformes, Avian Vietnam 2006-2011 7 

27.12.5 3355 H6N2 Anseriformes China 2001, 2004 4 
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MP 

12.8.1.7.2.1.3 271 

H10N1, H10N2, H10N3, H10N4, H10N5, H10N6, H10N7, H10N8, H10N9, 

H11N2, H11N6, H11N9, H12N2, H12N4, H12N5, H12N8, H14N2, H14N3, 

H14N4, H14N7, H1N1, H1N2, H1N3, H1N5, H1N7, H1N8, H1N9, H2N1, 

H2N3, H2N5, H2N6, H2N7, H2N9, H3N1, H3N2, H3N3, H3N4, H3N5, H3N6, 

H3N7, H3N8, H3N9, H4N1, H4N2, H4N3, H4N5, H4N6, H4N8, H4N9, H5N1, 

H5N2, H5N3, H5N7, H5N8, H5N9, H6N1, H6N2, H6N4, H6N5, H6N7, H6N8, 

H6N9, H7N1, H7N2, H7N3, H7N4, H7N6, H7N7, H7N8, H7N9, H8N1, H8N2, 

H8N4, H8N8, H9N2 

Anseriformes, Avian, Charadriiformes, Galliformes Canada, China, Guatemala, Japan, Mexico, USA 2005-2017 661 

27.2.5.4 58, 140, 147, 342, 591, 

1764, 1978, 2526 

H3N6, H5N1, H5N2, H5N6, H9N2 Accipitriformes, Anseriformes, Avian, Charadriiformes, Falconiformes, 

Galliformes, Passeriformes 

Burkina Faso, Cameroon, China, Hong Kong, Indonesia, Japan, Korea, Lebanon, Taiwan, United Arab Emirates, 

Vietnam 

2007-17 419 

23.5.3.6.1.1 33, 45, 199 
H10N3, H10N6, H10N7, H11N9, H15N9, H1N1, H1N2, H1N3, H2N9, H3N1, 

H3N2, H3N6, H3N8, H4N6, H5N2, H5N5, H5N8, H6N1, H6N2, H6N5, H7N5, 

H7N6, H7N9, H8N4, H9N2 

Accipitriformes, Anseriformes, Avian, Charadriiformes, Galliformes, 

Gruiformes, Struthioniformes 

Bangladesh, Belgium, China, Croatia, Czech Republic, Egypt, France, Germany, Hungary, India, Italy, Japan, 

Korea, Mongolia, Netherlands, Poland, Russia, South Africa, Sweden, Vietnam 
2013-17 158 

15.4.4.4.1.3.1.3 3867 H10N6, H10N8, H5N1, H5N6, H6N2, H7N6, H7N7, H7N9, H9N2 Anseriformes, Avian, Galliformes, Passeriformes Bangladesh, China, Hong Kong, Japan, Vietnam 2012-17 149 

13.3 69 H12N4, H13N2, H13N3, H13N6, H13N8, H13N9, H16N3, H16N6, H9N1, 

H9N8, H9N9 

Anseriformes, Avian, Charadriiformes China, Egypt, Georgia, Japan, Netherlands, Norway, Russia, USA 1998, 2003-15 101 

15.4.4.4.1.3.1 482, 491, 614, 4496 H5N1, H5N2, H5N6, H5N9, H7N2, H7N6, H7N7, H7N9, H9N2, H9N9 Anseriformes, Avian, Galliformes China, Japan 2010-17 94 

27.2.2 24, 86, 126 A, H5N1 Anseriformes, Avian, Falconiformes, Galliformes Bhutan, China, Egypt, Germany, India, Israel, Mongolia, Nigeria, Palestine, Russia, Saudi Arabia, USA 2004-15 63 

27.2.4.2 300, 4261 H4N2, H5N1, H5N2, H5N3, H5N5, H5N6, H5N8 Anseriformes, Avian, Galliformes Canada, China, Japan, Korea, Taiwan, USA 2008-16 62 

27.2.5 25, 170, 591, 906 H5N1, H6N6 Anseriformes, Avian, Charadriiformes, Galliformes Bangladesh, Bhutan, China, Hong Kong, India, Korea, Lao, Myanmar, Vietnam 2005-12 60 

7 130 H10N7, H10N8, H11N9, H12N5, H1N1, H2N3, H2N4, H3N1, H3N6, H3N8, 

H4N2, H4N6, H5N2, H8N4 

Anseriformes, Galliformes Canada, USA 1976, 1977, 1978, 1979, 

1981, 1986, 2000, 2005, 

2006 

55 

15.4.4.4.1.3.1.1 227, 491, 1264 H7N9, H9N2 Galliformes China 2013-15 33 

9.3.2.1.2.1.1 186 H7N2 Anseriformes, Galliformes USA 2004-06 33 

27.2.5.2 170, 822 H5N1 Anseriformes, Avian, Galliformes, Passeriformes Bangladesh, Bhutan, India 2011-15 20 

27.2.5.2.1 822 H5N1 Anseriformes, Galliformes Bangladesh 2013-16 16 

27.2.5.1 25, 906 H5N1 Avian Vietnam 2008, 2009, 2010 14 

27.2.5.3 1046 H5N1 Anseriformes, Avian, Galliformes China, Japan, Korea, Lao 2009, 2010, 2011 12 

23.5.3.6.1.1.1 33, 45 H5N6, H5N8 Anseriformes, Charadriiformes, Galliformes Georgia, Hungary, Korea, Netherlands, Poland 2017, 2018 10 

15.2 3355 H6N2, H6N6, H6N8, H6N9 Anseriformes, Galliformes China 2000-07 10 

23 84 H4N6, H5N2, H7N1 Anseriformes, Galliformes Italy, Sweden 199-2005 7 

27.2.3, 27.2.3.2, 27.2, 

27.2.1 

126 H5N5, H4N6, H5N1 Anseriformes, Galliformes, Avian, Struthioniformes Hong Kong, Indonesia, Cambodia, Vietnam, China, Thailand, Japan 2002-10 108 
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NS 

2.2.1.4.5.4.8.5.4 58, 140, 147, 342, 

1764, 2526 

H3N6, H5N1, H5N2, H5N6 Accipitriformes, Anseriformes, Avian, Charadriiformes, Falconiformes, 

Galliformes, Passeriformes 

Burkina Faso, Cameroon, China, Hong Kong, Indonesia, Japan, Korea, Lebanon, Taiwan, United Arab Emirates, 

Vietnam 

2011-17 387 

2.2.1.4.5.4.21.1.23.1.4.5.1.1 271 

H10N2, H10N3, H10N7, H11N1, H11N2, H11N9, H12N5, H12N6, H1N1, 

H1N2, H1N3, H1N6, H1N7, H2N3, H2N5, H2N8, H3N1, H3N3, H3N5, H3N6, 

H3N8, H3N9, H4N1, H4N3, H4N4, H4N6, H4N7, H4N8, H4N9, H5N2, H5N3, 

H5N4, H6N1, H6N8, H7N3, H7N6, H7N7, H7N9, H8N3, H8N4, H9N2 

Anseriformes, Avian, Charadriiformes, Galliformes Canada, Guatemala, Mexico, USA 2005-15 153 

2.2.1.4.5.4.21.1.11.1 69 H13N2, H13N3, H13N6, H13N8, H16N3, H16N6, H16N8 Charadriiformes Mongolia, Netherlands, Sweden 2006-15 152 

2.2.1.4.5.4.21.1.2.4.4.4 227, 1264, 3867 H10N6, H10N8, H5N2, H5N6, H6N2, H6N6, H7N2, H7N6, H7N9, H9N2 Anseriformes, Avian, Galliformes China, Vietnam 2007-17 141 

2.2.1.4.5.4.21.1.2.4.4.3.1 491, 614, 4496 H10N6, H10N8, H5N6, H7N2, H7N6, H7N7, H7N9, H9N2, H9N9 Anseriformes, Galliformes, Passeriformes China, Hong Kong, Japan, Vietnam 2009-17 136 

2.2.1.4.2.2.5.1 33, 45, 199 H5N5, H5N6, H5N8 Accipitriformes, Anseriformes, Avian, Charadriiformes, Galliformes, 

Gruiformes 

Belgium, China, Croatia, Czech Republic, Egypt, France, Germany, Hungary, India, Italy, Korea, Netherlands, 

Poland, Russia, Sweden 

2013-17 108 

1.2.1.1.1.2.2.2 130 H10N6, H11N9, H12N5, H1N1, H1N8, H2N3, H2N5, H3N6, H3N8, H4N5, 

H4N6, H4N8, H5N2, H8N4 

Anseriformes, Avian, Charadriiformes Canada, USA 1997-2014 100 

2.2.1.4.5.4.8.5.1 25, 591, 906 H5N1 Anseriformes, Avian, Galliformes Bangladesh, China, Lao, Myanmar, Vietnam 2005-12 53 

1.2.1.1.1.2.2.1.1.1 186 H2N2, H7N2 Anseriformes, Galliformes USA 1995-2006 50 

1.2.1.3.6.1.1.2.6 84 
H10N6, H11N9, H12N5, H14N6, H1N1, H2N3, H2N9, H3N6, H3N8, H4N2, 

H4N3, H4N6, H5N2, H6N1, H6N2, H6N5, H6N8, H7N1, H8N2, H8N4, H9N2 
Anseriformes, Avian, Galliformes Georgia, Germany, Iceland, Italy, Mongolia, Netherlands, Sweden, Ukraine, Zambia 1999-2011 49 

2.2.1.4.5.4.8.2.2 24 H5N1 Anseriformes, Avian, Falconiformes, Galliformes China, Egypt, Israel, Mongolia, Nigeria, Palestine, Saudi Arabia 2005-15 45 

2.2.1.4.5.4.8.5.2 591, 822, 1046 H5N1, H5N6, H5N9 Anseriformes, Avian, Charadriiformes, Galliformes Bangladesh, China, Japan, Korea, Lao, Vietnam 2008-15 44 

2.2.1.4.5.4.2 300, 4261 H3N2, H4N2, H5N1, H5N2, H5N3, H5N8, H6N2 Anseriformes, Galliformes China, Japan, Korea, Taiwan, USA 2004, 2010-15 44 

2.2.1.4.5.4.8.5 147, 591, 906 H5N1 Anseriformes, Avian, Falconiformes, Galliformes China, Hong Kong, Korea, Lao, Vietnam 2005-11 32 

2.2.1.4.5.4.8.5.2.1 170, 822 H5N1 Anseriformes, Avian, Galliformes, Passeriformes Bangladesh, Bhutan, India 2011-15 27 

2.2.1.4.5.4.21.1.2.4.4.4.1 482 H4N2, H5N2, H7N7, H7N9, H9N2 Anseriformes, Avian, Galliformes China 2008-13 24 

2.2.1.4.5.4.17 3355 H6N2, H6N6, H9N8 Anseriformes China, Korea 2000-09 20 

2.2.1.4.5.4.8.2 86, 126 H5N1 Anseriformes, Galliformes China, Hong Kong 2002-06 15 

2.2.1.4.5.4.8.2.1 86 H5N1, H9N2 Anseriformes, Avian, Galliformes Bhutan, Germany, India, Pakistan, Russia, Saudi Arabia 2005-10 14 

2.2.1.4.2.2.5.1.1 33 H5N6, H5N8 Anseriformes, Charadriiformes, Galliformes Belgium, Georgia, Italy, Korea, Netherlands 2016-18 12 

2 1978 H10N3, H11N6, H3N8, H4N2, H5N1, H5N2, H7N2, H7N6, H8N2 Anseriformes, Avian China, Japan, USA, Vietnam 2011-15 10 
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2.2.1.4.5.4.8.5.3 147 H5N1, H9N2 Anseriformes, Avian, Galliformes China, Vietnam 2011-12 8 

2.2.1.4.5.4.8.3.1, 

2.2.1.4.5.4.8, 2.2.1.4.5.4.8.3 

126 H5N5, H5N1 Anseriformes, Galliformes, Avian, Struthioniformes Hong Kong, Indonesia, Cambodia, Vietnam, China, Japan, Thailand 2002-10 82 
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Table A8: Human H7N9 genotypes. Table available at https://git.io/JUPq1, along with spatiotemporal and subtype distribution of constitutive 
lineages. 

Genotype Collection date Host Country Subtype PB1* PB2* PA* MP* NP* NS* Sequence 
number Outbreak wave 

491 2013, 2014, 2015 
Anseriformes, 
Columbiformes, Galliformes, 
Passeriformes 

China H7N9, H9N9 20.3.1.1.3.1 28.5.3.4 18.3.2.2, 18.3.2.2.2 15.4.4.4.1.3.1, 15.4.4.4.1.3.1.1 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 356 first, second, third 

1283 2015, 2016, 2017 Anseriformes, Galliformes China H7N9 20.3.1.1.3.1.2 28.5.3.4.1 18.3.2.2.3.2 15.4.4.4.1.3.1, 15.4.4.4.1.3.1.2 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 182 third, fourth, fifth 

807 2015, 2016, 2017 Galliformes China H7N9, H9N2 20.3.1.1.3.1.4 28.5.3.4, 28.5.3.4.1 18.3.2.2.3.2 15.4.4.4.1.3.1, 15.4.4.4.1.3.1.2 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 84 third, fourth, fifth 

1264 2013, 2014 Galliformes China H7N9 20.3.1.1.2 28.5.3.2.1 18.3.2.2 15.4.4.4.1.3.1.1 27.12.13.2.2 2.2.1.4.5.4.21.1.2.4.4.4 68 first, second 

2438 2016, 2017 Galliformes China H7N9 20.3.1.1.3.1.4 28.5.3.3.1 18.3.2.2.2 15.4.4.4.1.3.1.2 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 59 fourth, fifth 

614 2013, 2014, 2015 Anseriformes, Galliformes China, Japan H7N2, H7N6, H7N9, H9N2 20.3.1.1.3.1, 20.3.1.1.3.1.2 28.5.3.3.1 18.3.2.2 15.4.4.4.1.3.1 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 49 first, second, third 

103 2014, 2015, 2016, 2017 Anseriformes, Galliformes China H7N9, 20.3.1.1.3.1.4 28.5.3.3.1 18.3.2.2.2 15.4.4.4.1.3.1 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 42 
second, third, fourth, 
fifth 

227 2013, 2014 Galliformes China, Hong Kong H7N9 20.3.1.1.2 28.5.3.2, 28.5.3.2.1 
18.3.2.2, 
18.3.2.2.1.1 

15.4.4.4.1.3.1.1 27.12.13.2.2 2.2.1.4.5.4.21.1.2.4.4.4 41 first, second 

1347 2017 Galliformes China H7N9 20.3.1.1.3.1.4 28.5.3.4.1 18.3.2.2.3.1 15.4.4.4.1.3.1, 15.4.4.4.1.3.1.2 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 36 fifth 

2223 2016 Galliformes China H7N9 20.3.1.1.3.1.4 28.5.3.4 18.3.2.2.3.2 15.4.4.4.1.3.1.3 27.12.13.2.1 2.2.1.4.5.4.21.1.2.4.4.3.1 28 forth 

4575 2017 Anseriformes, Galliformes China, Japan H7N9 20.3.1.1.3.1.2 28.5.3.3.1 18.3.2.2.2 15.4.4.4.1.3.1.3 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 28 fifth 

179 2013, 2015 Galliformes China H7N9, H9N9 20.3.1.1.3.1 28.5.3.3.1 18.3.2.2.2 15.4.4.4.1.3.1 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 27 first, third 

4346 2017 Galliformes China H7N9 20.3.1.1.3.1.1 28.5.3.4.1 18.3.2.2.3.2 15.4.4.4.1.3.1.2 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 26 fifth 

4669 2016 Anseriformes, Galliformes China H7N9 20.3.1.1.3.1.4 28.5.3.3.1 18.3.2.2.3.2 15.4.4.4.1.3.1.2 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 20 forth 

3639 2015 Galliformes China H7N9 20.3.1.1.3.1.2 28.5.3.3.1 18.3.2.2.3 15.4.4.4.1.3.1 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.4 15 third 

273 2014, 2015 Galliformes China H7N9 20.3.1.1.3.1.2 28.5.3.4, 28.5.3.4.1 18.3.2.2, 18.3.2.2.2 15.4.4.4.1.3.1 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 15 second, third 

3640 2013 Galliformes China H7N9 20.3.1.1.2 28.5.3.2.1 18.3.2.2.1.1 unclustered 27.12.13.2.2 2.2.1.4.5.4.21.1.2.4.4.4 14 first 

301 2013, 2014 Galliformes China H7N9 20.3.1.1.3.1 28.5.3.3.1 18.3.2.2 15.4.4.4.1.3.1.1 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 13 first, second 

784 2016 Galliformes China H7N9 20.3.1.1.3.1.1 28.5.3.3.1 18.3.2.2.3.2 15.4.4.4.1.3.1 27.12.13.2.1 2.2.1.4.5.4.21.1.2.4.4.3.1 12 forth 

1944 2013 Galliformes China H7N9 20.3.1.1.2 28.5.3.2.1 18.3.2.2 15.4.4.4.1.3.1.1 27.12.13.2.1.1 2.2.1.4.5.4.21.1.2.4.4.4 10 first 
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2519 2016, 2017 Galliformes China H7N9, H9N2 20.3.1.1.3.1.2 28.5.3.4.1 18.3.2.2.3.2 15.4.4.4.1.3.1.2 27.12.13.2.1 2.2.1.4.5.4.21.1.2.4.4.3.1 9 fourth, fifth 

4586 2015 Galliformes China H7N9 20.3.1.1.3.1 28.5.3.2 18.3.2.2 15.4.4.4.1.3.1.1 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 9 third 

2806 2014, 2015 Anseriformes, Galliformes China H7N9 20.3.1.1.3.1 28.5.3.4 18.3.2.2.3 15.4.4.4.1.3.1.3 27.12.13.2 2.2.1.4.5.4.21.1.2.4.4.3.1 6 second, third 

4074 2013 Galliformes China H7N9 20.3.1.1.3.1 28.5.3.4 18.3.2.2 15.4.4.4.1.3 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 5 first 

989 2014 Galliformes China H7N9 20.3.1.1.3.1.2 28.5.3.2 18.3.2.2.3.1 15.4.4.4.1.3.1.3 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 5 second 

664 2015 Anseriformes China H7N9 20.3.1.1.3.1 28.5.3.4 18.3.2.2.3 unclustered 27.12.13.2 2.2.1.4.5.4.21.1.2.4.4.3.1 5 third 

3558 2016 Galliformes China H7N9 20.3.1.1.3.1.4 28.5.3.3.1 18.3.2.2.3.2 15.4.4.4.1.3.1.3 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 4 forth 

3097 2014 Galliformes China H7N9 20.3.1.1.3.1 28.5.3.2.1 18.3.2.2 15.4.4.4.1.3.1.3 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 4 second 

3926 2015 Galliformes China H7N9 20.3.1.1.3.1.4 28.5.3.3.1 18.3.2.2.3 15.4.4.4.1.3.1 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 4 third 

2053 2017 Galliformes China H7N9 20.3.1.1.3.1.4 28.5.3.4 18.3.2.2.3 15.4.4.4.1.3.1 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 3 fifth 

764 2015, 2016 Galliformes China H7N9 20.3.1.1.3.1.4 28.5.3.4.1 18.3.2.2.2 15.4.4.4.1.3.1 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 3 third, forth 

3379 2015 Galliformes China H7N9 20.3.1.1.3.1 28.5.3.2 18.3.2.2.1.1 15.4.4.4.1.3.1.1 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 3 third 

1232 2015 Anseriformes, Galliformes China H7N9, H9N2 20.3.1.1.3.1.4 28.5.3.3.1 18.3.2.2.3.2 15.4.4.4.1.3.1 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 3 third 

4637 2014 Galliformes China H7N9 20.3.1.1.3.1 28.5.3.3 18.3.2.2.3.2 15.4.4.4.1.3.1 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 2 second 

2427 2013 Galliformes China H7N9, H9N2 20.3.1.1.3.1 28.5.3.4 18.3.2.2 15.4.4.4.1.3.1 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3 2 first 

1410 2013 Galliformes China H7N9 20.3.1.1.3.1 28.5.3.4 18.3.2.1 15.4.4.4.1.3.1.1 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 2 first 

629 2014 Galliformes China H7N9 20.3.1.1.2 28.5.3.3.1 18.3.2.2.1.1 15.4.4.4.1.3.1.1 27.12.13.2.2 2.2.1.4.5.4.21.1.2.4.4.4 2 second 

4746 2017 Galliformes China H7N9 20.3.1.1.3.1.4 28.5.3.4 18.3.2.2.3.2 15.4.4.4.1.3.1.3 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 1 fifth 

4633 2014 Galliformes China H7N9 20.3.1.1.3.1 28.5.3.2 18.3.2.2.1.1 15.4.4.4.1.3.1.1 27.12.13.2.2 2.2.1.4.5.4.21.1.2.4.4.4 1 second 

2491 2017 Galliformes China H7N9 20.3.1.1.3.1.4 28.5.3.4 18.3.2.2.3.1 15.4.4.4.1.3.1.3 27.12.13.2.1.1 2.2.1.4.5.4.21.1.2.4.4.3.1 1 fifth 

1996 2013 Galliformes China H7N9 20.3.1.1.3.1 28.5.3.3.1 18.3.2.2 15.4.4.4.1.3.1.1 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.4.1 1 first 

156 2015, 2016, 2017 Anseriformes, Galliformes China, Japan H7N9, H9N2 20.3.1.1.3.1.1 28.5.3.4.1 18.3.2.2.3.2 15.4.4.4.1.3.1, 15.4.4.4.1.3.1.2 
27.12.13.2.1, 
27.12.13.2.1.1 

2.2.1.4.5.4.21.1.2.4.4.3.1 1 third, fourth, fifth 

4902 2014 Galliformes China H7N9 20.3.1.1.3.1 28.5.3.3.1 18.3.2.2.1.1 15.4.4.4.1.3.1.3 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 1 second 

*Segment columns indicate lineage identity 
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Table A9: Human H5N1 genotypes. Table available at https://git.io/JUPq1, along with spatiotemporal and subtype distribution of constitutive 
lineages. 

Genotype Collection 
date Host Country Subtype PB1* PB2* PA* MP* NP* NS* Sequence 

number 

1879 2004-2009 Anseriformes, Galliformes China, Indonesia H5N1 20.4 12.1.1.8.6.3 19.4.3.5.2 27.2, 27.2.3 27.12.13.5, 27.12.13.5.2 2.2.1.4.5.4.8, 2.2.1.4.5.4.8.4 100 

126 2002-13 

Accipitriformes, Anseriformes, Ciconiiformes, 
Columbiformes, Galliformes, Passeriformes, 
Pelecaniformes, Podicipediformes, Psittaciformes, 
Struthioniformes 

Belgium, Cambodia, China, Hong Kong, Thailand, 
Vietnam 

H5N1 
20.4, 20.4.2, 
20.4.3 

12.1.1.8.6, 12.1.1.8.6.1, 
12.1.1.8.6.4.2 

19.4.3.5, 19.4.3.5.1, 
19.4.3.5.1.1 

27.2, 27.2.1, 27.2.2, 
27.2.3, 27.2.3.2 

27.12.13, 27.12.13.3, 
27.12.13.5 

2.2.1.4.5.4.8, 2.2.1.4.5.4.8.2, 
2.2.1.4.5.4.8.3, 2.2.1.4.5.4.8.3.1 

45 

24 2005-15 
Accipitriformes, Anseriformes, Columbiformes, 
Falconiformes, Galliformes, Passeriformes 

Burkina Faso, China, Cote d'Ivoire, Egypt, Hungary, 
Israel, Italy, Mongolia, Nigeria, Palestine, Russia, 
Saudi Arabia, Slovenia, Sudan 

H5N1 20.4.4 
12.1.1.8.6.4.1, 
12.1.1.8.6.4.1.1 

19.4.3.5.3 27.2.2 27.12.13.5.1 2.2.1.4.5.4.8.2.2 32 

342 2012-17 
Anseriformes, Apodiformes, Galliformes, 
Passeriformes 

China, Indonesia, Taiwan, Vietnam 
H5N1, 
H5N2, 
H5N6 

20.4.8.3.1 
12.1.1.8.6.4.2.2.1, 
12.1.1.8.6.4.2.2.1.1 

19.20.11.8.5.1.2 27.2.5.4 27.12.13.5.5 2.2.1.4.5.4.8.5.4 23 

25 2007-08 Anseriformes, Avian, Galliformes, Passeriformes Hong Kong, Vietnam H5N1 20.4, 20.4.7 12.1.1.8.6.4.2 19.20.11.8.3 27.2.5, 27.2.5.1 27.12.13.5, 27.12.13.5.3 2.2.1.4.5.4.8.5.1 11 

2124 1997-99 Anseriformes, Galliformes, Psittaciformes Hong Kong, Japan, Pakistan, Vietnam 
H5N1, 
H9N2 

19 26.2 13 15.4.4, unclustered 27.12.8 2.2.1.4.5.4.21.1.2.3, unclustered 10 

733 2005-06 
Anseriformes, Columbiformes, Galliformes, 
Passeriformes 

China H5N1 20.4, 20.4.5 12.1.1.8.6.3 
19.20.11.8, 19.20.11.8.1, 
19.20.11.8.2 

27.2.4 27.12.13.5.2, 27.12.13.5.2.1 2.2.1.4.5.4.8.4, 2.2.1.4.5.4.8.4.1 9 

591 2005-10 
Anseriformes, Columbiformes, Falconiformes, 
Galliformes, Passeriformes, Pelecaniformes 

China, Hong Kong, Japan, Korea, Lao, Russia, 
Thailand, Vietnam 

H5N1 
20.4, 20.4.5, 
20.4.8, 20.4.8.1, 
20.4.8.2 

12.1.1.8.6.4.2, 
12.1.1.8.6.4.2.1 

19.20.11.8, 19.20.11.8.4, 
19.20.11.8.5, 19.20.11.8.5.1, 
19.20.11.8.5.1.1 

27.2.5, 27.2.5.4 
27.12.13.5, 27.12.13.5.3, 
27.12.13.5.4, 27.12.13.5.5 

2.2.1.4.5.4.8.5, 2.2.1.4.5.4.8.5.1, 
2.2.1.4.5.4.8.5.2 

7 

584 2008 Galliformes Vietnam H5N1 20.4.7 12.1.1.8.6.4.2 19.20.11.8.3 27.2.5 27.12.13.5.5 2.2.1.4.5.4.8.5.1 5 

1152 2006, 2008-
09 

Anseriformes, Galliformes China, Vietnam H5N1 20.4.5 12.1.1.5.1.1 19.20.11.8.2 27.2.4 27.12.13.5.2.1 2.2.1.4.5.4.8.4 4 

2750 2007 Anseriformes Vietnam H5N1 20.4 12.1.1.5.1.1 19.20.11.8.3 27.2.4 27.12.13.5 2.2.1.4.5.4.8.4 4 

906 2005-11 Anseriformes, Ciconiiformes, Galliformes Bangladesh, China, Myanmar, Vietnam H5N1 20.4, 20.4.6 12.1.1.8.6.4.2 19.20.11.8, 19.20.11.8.4 27.2.5, 27.2.5.1 27.12.13.5, 27.12.13.5.3 2.2.1.4.5.4.8.5, 2.2.1.4.5.4.8.5.1 3 

1218 2009-10 Anseriformes, Galliformes Lao, Vietnam H5N1 20.4.5 12.1.1.8.6.4.2 19.20.11.8.2 27.2.5 27.12.13.5.2.1 2.2.1.4.5.4.8.5 3 

86 2004-11 

Accipitriformes, Anseriformes, Avian, 
Charadriiformes, Columbiformes, Falconiformes, 
Galliformes, Passeriformes, Podicipediformes, 
Struthioniformes , Suliformes 

Afghanistan, Bangladesh, Bhutan, Bosnia, China, 
Croatia, Denmark, Germany, Hungary, India, Iran, 
Italy, Japan, Kazakhstan, Korea, Kuwait, Mongolia, 
Niger, Nigeria, Pakistan, Poland, Russia, Saudi 
Arabia, Togo, Ukraine, UK 

H5N1 20.4.4 
12.1.1.8.6.4, 
12.1.1.8.6.4.1 

19.4.3.5.3 27.2.2 27.12.13, 27.12.13.5.1 2.2.1.4.5.4.8.2, 2.2.1.4.5.4.8.2.1 3 

476 2005-07 Anseriformes, Galliformes, Passeriformes China H5N1 20.4, 20.4.5 12.1.1.5.1.1 19.4.3.5.2 27.2, 27.2.4 27.12.13.5.2, 27.12.13.5.2.1 2.2.1.4.5.4.8.4 3 
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1254 2006 Anseriformes China H5N1 20.4.5 12.1.1.8.6 19.20.11.8.2 27.2.4 27.12.13.5.2.1 2.2.1.4.5.4.8.3.2 2 

147 2010-16 
Anseriformes, Avian, Columbiformes, 
Galliformes, Pelecaniformes 

China, Vietnam 
H5N1, 
H5N6, 
H9N2 

20.4.8.3, 
20.4.8.3.1 

12.1.1.8.6.4.2.3, 
12.1.1.8.6.4.2.3.1 

19.20.11.8.5.1.3 27.2.5.4 27.12.13.5.5 
2.2.1.4.5.4.8.5, 2.2.1.4.5.4.8.5.3, 
2.2.1.4.5.4.8.5.4, unclustered 

2 

8 2000-01 Anseriformes, Galliformes Hong Kong H5N1 20 12.1.1.8.6 19.4.3.4 27.2 27.8 2.2.1.4.5.4.8 1 

1530 2006 Anseriformes China H5N1 20.4.5 12.1.1.8.6.4.2 19.20.11.8.5 27.2.3 27.12.13.5 2.2.1.4.5.4.8.5 1 

445 2009 Galliformes Vietnam H5N1 20.4.6 12.1.1.8.6.1 19.20.11.8.4 27.2.5.1 27.12.13.5.3 2.2.1.4.5.4.8.5.1 1 

386 2005-08 Anseriformes, Galliformes China, Vietnam H5N1 20.4, 20.4.1 
12.1.1.8.6.2, 
12.1.1.8.6.2.1 

19.20.1.1, 19.20.1.1.1 27.2.3.1 27.12.13, 27.12.13.5 2.2.1.4.5.4.8.3.2 1 

254 2006-07 Anseriformes, Galliformes China, Myanmar, Vietnam H5N1 20.4 12.1.1.8.6.4.2 19.20.11.8.4 27.2.5 27.12.13.5 2.2.1.4.5.4.8.5.1 1 

2549 2012 Anseriformes China, Vietnam H5N1 20.4.8.2 12.1.1.8.6.4.2.2 19.20.11.8.5.1 27.2.5.4 27.12.13.5.5 2.2.1.4.5.4.8.5.4 1 

1094 2015-16 Anseriformes, Galliformes Bangladesh H5N1 21.24.3.2.1 30.8.2 19.20.11.3.2 27.2.5.2.1 27.12.21 2.2.1.2 1 

296 2010-13 Anseriformes, Columbiformes, Galliformes Cambodia, Vietnam H5N1 20.4.8.2 
12.1.1.8.6.4.2.2, 
12.1.1.8.6.4.2.2.1, 
12.1.1.8.6.4.2.2.1.1 

19.20.11.8.5.1.2 27.2.5.4 27.12.13.5.5 2.2.1.4.5.4.8.5.2 1 

2526 2014-16 
Anseriformes, Charadriiformes, Columbiformes, 
Falconiformes, Galliformes, Passeriformes, 
Podicipediformes 

Burkina Faso, Cameroon, China, Ghana, India, 
Lebanon, Niger, Nigeria, Russia, United Arab 
Emirates 

H5N1 20.4.8.3.1 28.5.1 19.20.11.8.5.1.2 27.2.5.4 27.12.13.5.5 2.2.1.4.5.4.8.5.4 1 

3320 2011 Anseriformes China H5N1 20.4.8.1 12.1.1.8.6.4.2.3 19.20.11.8.5.1.3 27.2.5.4 27.12.13.5.5 2.2.1.4.5.4.8.5.4 1 

*Segment columns indicate lineage identity 
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Table A10: H5N1 lineage distribution of human genotypes. See Appendix table 8 for genotype-level information. -- full table available at 
https://git.io/JUPT7 

Segment Lineage Genotype Subtype Host Country Collection date Sequence nr 

PB2 

12.1.1.8.6.4.2 
25, 126, 254, 584, 
591, 906, 1218, 1530 

H5N1 
Anseriformes, Avian, Charadriiformes, 
Falconiformes, Galliformes 

Bangladesh, China, Hong Kong, Japan, Korea, Lao, Myanmar, 
Vietnam 

2005-12 99 

12.1.1.8.6 8, 126, 1254 H5N1 
Anseriformes, Avian, Galliformes, 
Struthioniformes 

China, Hong Kong, Japan, Thailand, Vietnam 2000-08 63 

12.1.1.8.6.4.2.3.1 147 H5N1, H5N2, H5N6 Anseriformes, Avian, Galliformes, Passeriformes China, Vietnam 2012-16 57 

12.1.1.8.6.4.1.1 24 H5N1 Anseriformes, Avian, Falconiformes, Galliformes China, Egypt, Israel, Mongolia, Nigeria, Palestine, Saudi Arabia 2005-15 44 

12.1.1.8.6.3 733, 1879 H5N1, H5N5 Anseriformes, Avian, Galliformes China, Indonesia 2002-09 34 

12.1.1.8.6.4.2.1 591 H5N1 Anseriformes, Avian, Galliformes, Passeriformes Bangladesh, Bhutan, China, India, Vietnam 2010-15 31 

28.5.1 2526 H5N1, H5N6, H7N9, H9N2 Anseriformes, Avian, Galliformes 
Burkina Faso, Cameroon, China, Japan, Lebanon, United Arab 
Emirates, Vietnam 

2007-16 24 

26.2 2124 H5N1, H6N1, H6N2, H9N2 Anseriformes, Avian, Galliformes China, Hong Kong, Japan, Pakistan, Vietnam 1997-2005 17 

12.1.1.8.6.4.1 24, 86 H5N1 Anseriformes, Avian, Galliformes Bhutan, China, Germany, India, Nigeria, Russia, Saudi Arabia 2005-10 16 

12.1.1.8.6.4.2.3 147, 3320 H5N1, H9N2 Anseriformes, Avian, Galliformes China, Vietnam 2011-14 15 

12.1.1.8.6.1 126, 445 H5N1 Anseriformes, Avian, Galliformes Cambodia, Vietnam 2004-11 14 

30.8.2 1094 H11N2, H5N1 Anseriformes, Galliformes Bangladesh, China 2013-16 12 

12.1.1.5.1.1 476, 1152, 2750 H5N1 Anseriformes, Avian, Galliformes China, Vietnam 2005-09 12 

12.1.1.8.6.4.2.2 296, 2549 H5N1, H6N1 Anseriformes, Avian, Galliformes China, Vietnam 2009-12 9 

12.1.1.8.6.4 86 H5N1 Anseriformes, Galliformes China 2003-05 7 

12.1.1.8.6.4.2.2.1, 
12.1.1.8.6.4.2.2.1.1 

296, 342 H5N6, H5N2, H5N1 Anseriformes, Galliformes, Avian, Passeriformes Taiwan, Indonesia, China, Vietnam 2012-17 42 

12.1.1.8.6.2.1, 
12.1.1.8.6.2 

386 H5N1 Anseriformes, Galliformes, Avian Vietnam, China 2005-13 24 

PB1 20.4.8.3 147 H3N6, H5N1, H5N2, H5N6, H9N2 
Anseriformes, Avian, Falconiformes, Galliformes, 
Passeriformes 

China, Hong Kong, Japan, Vietnam 2011-16 193 
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20.4 
25, 126, 254, 386, 
476, 591, 733, 906, 
1879, 2750 

H5N1, H5N5, H9N2 
Anseriformes, Avian, Galliformes, 
Struthioniformes 

Cambodia, China, Hong Kong, Indonesia, Japan, Lao, Myanmar, 
Vietnam 

2001-09 136 

20.4.4 24, 86 H5N1 Anseriformes, Avian, Falconiformes, Galliformes 
Bhutan, China, Egypt, Germany, India, Israel, Mongolia, Nigeria, 
Palestine, Russia, Saudi Arabia 

2003-15 66 

21.24.3.2.1 1094 

H10N3, H10N5, H10N7, H12N1, H15N9, H1N1, 
H1N2, H1N3, H2N3, H2N8, H3N6, H3N8, H4N6, 
H5N1, H5N2, H5N8, H6N1, H6N2, H6N8, H7N5, 
H7N9, H9N2 

Anseriformes, Avian, Charadriiformes, Galliformes Bangladesh, China, Japan, Mongolia, Netherlands, Vietnam 2011-16 57 

20.4.8.3.1 147, 342, 2526 H5N1, H5N2, H5N6 Anseriformes, Avian, Galliformes, Passeriformes 
Burkina Faso, Cameroon, China, Indonesia, Lebanon, Taiwan, 
United Arab Emirates, Vietnam 

2011-17 52 

20.4.5 
476, 591, 733, 1152, 
1218, 1254, 1530 

H5N1 Anseriformes, Avian, Galliformes China, Hong Kong, Lao, Vietnam 2005-10 31 

20 8 H2N3, H2N9, H3N8, H5N1, H6N2, H7N1, H9N2 Anseriformes, Galliformes China, Germany, Hong Kong, Japan, Lao, Malaysia 
1985, 1992, 1996, 1997, 1999, 
2000-03 

24 

20.4.8.2 296, 591, 2549 H5N1 Anseriformes, Avian, Galliformes Bangladesh, China, Vietnam 2009-13 20 

20.4.8.1 591, 3320 H5N1 Anseriformes, Avian, Charadriiformes, Galliformes Bangladesh, China, Japan, Korea 2007-12 18 

20.4.6 445, 906 H5N1 Avian Bangladesh, Vietnam 2008-11 15 

20.4.7 25, 584 H5N1 Anseriformes, Avian, Galliformes Vietnam 2007-09 13 

20.4.1 386 H5N1 Anseriformes, Avian, Galliformes China, Vietnam 2005-13 11 

20.4.8 591 H5N1 Anseriformes, Avian, Falconiformes, Galliformes China, Hong Kong 2007-09 8 

19 2124 H5N1, H9N2 Anseriformes, Avian, Galliformes China, Japan, Pakistan, Vietnam 1997, 1999, 2005 5 

20.4.3, 20.4.2 126 H6N2, H5N1 Anseriformes, Galliformes, Avian Thailand, Vietnam, Cambodia 2004-10 21 

PA 

19.20.11.8.5.1.3 147, 3320 H3N6, H5N1, H5N2, H5N6, H9N2 
Accipitriformes, Anseriformes, Avian, 
Falconiformes, Galliformes, Passeriformes 

China, Hong Kong, Japan, Vietnam 201-17 305 

19.20.11.3.2 1094 
H10N2, H10N3, H10N6, H1N1, H3N2, H3N8, 
H4N6, H5N1, H5N5, H5N6, H5N7, H5N8 

Accipitriformes, Anseriformes, Avian, 
Charadriiformes, Galliformes, Gruiformes 

Bangladesh, Belgium, China, Croatia, Czech Republic, Egypt, 
Germany, Hungary, India, Italy, Japan, Korea, Mongolia, 
Netherlands, Poland, Russia, Vietnam 

2013-17 89 

19.4.3.5.3 24, 86 H5N1 Anseriformes, Avian, Falconiformes, Galliformes 
Bhutan, China, Egypt, Germany, India, Israel, Mongolia, Nigeria, 
Palestine, Russia, Saudi Arabia 

2003-15 68 
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19.20.11.8.5.1.2 296, 342, 2526 H5N1, H5N2, H5N6 Anseriformes, Avian, Galliformes, Passeriformes 
Burkina Faso, Cameroon, China, Indonesia, Lebanon, Taiwan, 
United Arab Emirates, Vietnam 

2010-17 64 

19.20.11.8.4 254, 445, 591, 906 H5N1 Anseriformes, Avian, Galliformes Bangladesh, China, Lao, Myanmar, Vietnam 2006-12 32 

19.20.11.8.5.1.1 591 H5N1 Anseriformes, Avian, Galliformes, Passeriformes Bangladesh, Bhutan, China, India, Vietnam 2009-15 30 

19.20.11.8.2 733, 1152, 1218, 1254 H5N1 Anseriformes, Avian, Galliformes China, Hong Kong, Lao, Vietnam 2005-10 27 

19.20.11.8.3 25, 584, 2750 H5N1 Anseriformes, Avian, Galliformes Vietnam 2007-09 21 

19.4.3.5.2 476, 1879 H5N1, H5N5, H6N2 Anseriformes, Avian, Galliformes China, Indonesia 2003-09 20 

19.20.11.8 591, 733, 906 H5N1 Anseriformes, Galliformes China, Lao, Vietnam 2005-08 14 

19.4.3.4 8 H5N1 Anseriformes, Avian, Galliformes China, Hong Kong 2000-03 12 

19.20.11.8.5 591, 1530 H5N1 Anseriformes, Avian, Falconiformes, Galliformes China, Hong Kong, Korea 2006-08 11 

13 2124 H5N1, H6N1, H9N2 Anseriformes, Avian, Galliformes China, Hong Kong, Japan, Pakistan, Vietnam 1997, 1999, 2000, 2005 8 

19.20.11.8.5.1 591, 2549 H5N1 Anseriformes, Avian, Galliformes China, Hong Kong, Vietnam 2008, 2009, 2012 7 

19.20.11.8.1 733 H5N1 Anseriformes, Avian, Galliformes China 2005-06, 2008 5 

19.20.1.1.1, 
19.20.1.1 

386 H5N1 Anseriformes, Galliformes, Avian Vietnam, China 2005-13 18 

19.4.3.5, 
19.4.3.5.1.1, 
19.4.3.5.1 

126 H6N2, H5N1 
Anseriformes, Galliformes, Avian, 
Struthioniformes 

Thailand, Hong Kong, China, Cambodia, Vietnam 2002-10 64 

NP 

27.12.13.5.5 
147, 296, 342, 584, 
591, 2526, 2549, 3320 

H3N2, H3N6, H3N8, H5N1, H5N2, H5N6, H5N9, 
H6N1, H6N5, H9N2 

Accipitriformes, Anseriformes, Avian, 
Charadriiformes, Falconiformes, Galliformes, 
Passeriformes 

Bangladesh, Burkina Faso, Cameroon, China, Hong Kong, 
Indonesia, Japan, Korea, Lebanon, Taiwan, United Arab Emirates, 
Vietnam 

2005-17 456 

27.12.21 1094 

H10N1, H10N2, H10N3, H10N4, H10N5, 
H10N6, H10N7, H11N1, H11N2, H11N9, 
H12N1, H12N5, H12N8, H14N3, H15N5, 
H15N9, H1N1, H1N2, H1N3, H2N8, H2N9, 
H3N1, H3N2, H3N6, H3N8, H4N2, H4N3, H4N6, 
H5N1, H5N2, H5N3, H5N5, H5N6, H5N7, H5N8, 
H6N1, H6N2, H6N4, H6N5, H6N6, H6N7, H6N8, 
H7N1, H7N3, H7N5, H7N6, H7N7, H7N9, H8N4, 
H9N2 

Accipitriformes, Anseriformes, Avian, 
Charadriiformes, Galliformes, Gruiformes 

Bangladesh, Belgium, Cambodia, China, Croatia, Czech Republic, 
Egypt, France, Georgia, Germany, Hungary, India, Italy, Japan, 
Kazakhstan, Korea, Mongolia, Netherlands, Pakistan, Poland, 
Portugal, Russia, Sweden, Taiwan, Ukraine, Vietnam 

1999, 2000, 2002-15 245 

27.12.13 86, 126, 386 H5N1, H9N2 
Anseriformes, Avian, Galliformes, 
Struthioniformes 

Cambodia, China, Hong Kong, Japan, Thailand, Vietnam 1998-2013 86 
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27.12.13.5 
25, 126, 254, 386, 
591, 906, 1530, 1879, 
2750 

H5N1 Anseriformes, Avian, Charadriiformes, Galliformes China, Indonesia, Lao, Myanmar, Vietnam 2002-2011 72 

27.12.13.5.1 24, 86 H12N3, H5N1 Anseriformes, Avian, Falconiformes, Galliformes 
Bhutan, China, Egypt, Germany, India, Israel, Japan, Mongolia, 
Nigeria, Palestine, Russia, Saudi Arabia 

2003-2015 63 

27.12.13.5.3 25, 445, 591, 906 H5N1 Anseriformes, Avian, Galliformes, Passeriformes Bangladesh, Bhutan, China, India, Lao, Vietnam 2005- 2015 53 

27.12.13.5.2.1 
476, 733, 1152, 1218, 
1254 

H5N1 Anseriformes, Avian, Galliformes China, Hong Kong, Lao, Vietnam 2005-12 42 

27.12.13.5.2 476, 733, 1879 H5N1, H5N5 Anseriformes, Avian, Galliformes China 2004-06 15 

27.12.8 2124 H5N1, H6N1, H9N2 Anseriformes, Avian, Galliformes 
Bangladesh, China, Hong Kong, Japan, Pakistan, United Arab 
Emirates, Vietnam 

1997, 1999, 2000, 2005 12 

27.12.13.5.4 591 H5N1 Anseriformes, Avian, Galliformes China, Japan, Korea 2007-11 9 

27.8 8 H5N1 Anseriformes China, Hong Kong 1996, 1997, 2000-01 7 

27.12.13.3 126 H5N1 Anseriformes, Avian Vietnam 2006-11 7 

MP 

27.2.5.4 
147, 296, 342, 591, 
2526, 2549, 3320 

H3N6, H5N1, H5N2, H5N6, H9N2 
Accipitriformes, Anseriformes, Avian, 
Charadriiformes, Falconiformes, Galliformes, 
Passeriformes 

Burkina Faso, Cameroon, China, Hong Kong, Indonesia, Japan, 
Korea, Lebanon, Taiwan, United Arab Emirates, Vietnam 

2007-17 419 

27.2.2 24, 86, 126 A, H5N1 Anseriformes, Avian, Falconiformes, Galliformes 
Bhutan, China, Egypt, Germany, India, Israel, Mongolia, Nigeria, 
Palestine, Russia, Saudi Arabia, United States 

2004-15 63 

27.2.5 
25, 254, 584, 591, 
906, 1218 

H5N1, H6N6 Anseriformes, Avian, Charadriiformes, Galliformes 
Bangladesh, Bhutan, China, Hong Kong, India, Korea, Lao, 
Myanmar, Vietnam 

2005-12 60 

27.2.3 126, 1530, 1879 H5N1, H5N5 Anseriformes, Avian, Galliformes China, Indonesia, Japan, Vietnam 2002-09 48 

27.2.4 
476, 733, 1152, 1254, 
2750 

H5N1, H5N6, H7N9 Anseriformes, Avian, Galliformes China, Hong Kong, Vietnam 2005-16 36 

27.2 8, 126, 476, 1879 H5N1 Anseriformes, Avian, Galliformes China, Hong Kong, Japan 2000-06 22 

27.2.5.2.1 1094 H5N1 Anseriformes, Galliformes Bangladesh 2013-16 16 

27.2.5.1 25, 445, 906 H5N1 Avian Vietnam 2008-10 14 

27.2.3.1 386 H5N1 Anseriformes, Avian, Galliformes China, Vietnam 2005, 2006, 2008 9 

15.4.4 2124 H5N1, H9N2 Anseriformes, Avian, Galliformes Japan, Pakistan, United Arab Emirates, Vietnam 1997, 1999, 2000, 2002, 2005 5 
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27.2.3.2, 27.2.1 126 H4N6, H5N1 
Anseriformes, Galliformes, Avian, 
Struthioniformes 

Thailand, Vietnam, China, Cambodia 2002-11 38 

NS 

2.2.1.4.5.4.8.5.4 
147, 342, 2526, 2549, 
3320 

H3N6, H5N1, H5N2, H5N6 
Accipitriformes, Anseriformes, Avian, 
Charadriiformes, Falconiformes, Galliformes, 
Passeriformes 

Burkina Faso, Cameroon, China, Hong Kong, Indonesia, Japan, 
Korea, Lebanon, Taiwan, United Arab Emirates, Vietnam 

2011-17 387 

2.2.1.4.5.4.8.5.1 
25, 254, 445, 584, 
591, 906 

H5N1 Anseriformes, Avian, Galliformes Bangladesh, China, Lao, Myanmar, Vietnam 2005-12 53 

2.2.1.4.5.4.8.2.2 24 H5N1 Anseriformes, Avian, Falconiformes, Galliformes China, Egypt, Israel, Mongolia, Nigeria, Palestine, Saudi Arabia 2005-15 45 

2.2.1.4.5.4.8.5.2 296, 591 H5N1, H5N6, H5N9 Anseriformes, Avian, Charadriiformes, Galliformes Bangladesh, China, Japan, Korea, Lao, Vietnam 2008-15 44 

2.2.1.4.5.4.8.4 
476, 733, 1152, 1879, 
2750 

H5N1 Anseriformes, Avian, Galliformes China, Vietnam 2005-09 36 

2.2.1.4.5.4.8.5 
147, 591, 906, 1218, 
1530 

H5N1 Anseriformes, Avian, Falconiformes, Galliformes China, Hong Kong, Korea, Lao, Vietnam 2005-2011 32 

2.2.1.4.5.4.8.3.2 386, 1254 H5N1 Anseriformes, Avian, Galliformes China, Hong Kong, Japan, Vietnam 2002-13 31 

2.2.1.4.5.4.8 8, 126, 1879 H5N1, H5N5 
Anseriformes, Avian, Galliformes, 
Struthioniformes 

China, Hong Kong, Indonesia, Japan 2000-09 30 

2.2.1.2 1094 
H2N8, H3N6, H3N8, H4N2, H4N6, H5N1, H5N2, 
H5N8, H7N3 

Anseriformes, Avian, Galliformes Bangladesh, China, Georgia, Japan, Taiwan 2010-16 18 

2.2.1.4.5.4.8.4.1 733 H5N1, H5N5, H5N8 Anseriformes, Avian, Galliformes China 2005, 2006, 2008-13 17 

2.2.1.4.5.4.8.2 86, 126 H5N1 Anseriformes, Galliformes China, Hong Kong 2002-06 15 

2.2.1.4.5.4.8.2.1 86 H5N1, H9N2 Anseriformes, Avian, Galliformes Bhutan, Germany, India, Pakistan, Russia, Saudi Arabia 2005-10 14 

2.2.1.4.5.4.8.5.3 147 H5N1, H9N2 Anseriformes, Avian, Galliformes China, Vietnam 2011-12 8 

2.2.1.4.5.4.21.1.2.3 2124 H5N1, H9N2 Anseriformes, Avian, Galliformes China, Japan, Vietnam 1997, 1999, 2005 4 

2.2.1.4.5.4.8.3.1, 
2.2.1.4.5.4.8.3 

126 H5N1 Anseriformes, Galliformes, Avian Thailand, Vietnam, China, Indonesia, Cambodia 2002-11 52 
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Table A11: Human H5N6 genotypes. Table available at https://git.io/JUPq1, along with spatiotemporal and subtype distribution of constitutive 
lineages. 

Genotype Collection 
date Host Country Subtype PB1* PB2* PA* MP* NP* NS* Sequence 

number 

885 2014-15 Galliformes, Passeriformes China, Hong Kong H10N6, H5N6 20.3.1.1.3.1.2 28.5.3.3.1 18.3.2.2.3 15.4.4.4.1.3.1.3 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 8 

140 2014-16 
Anseriformes, Columbiformes, 
Falconiformes, Galliformes, 
Perciformes 

China, Hong Kong, 
Vietnam 

H5N6, H6N2, 
H6N6 

20.4.8.3, 
20.4.8.3.3, 
20.4.8.3.4, 
20.4.8.3.5 

26.6 19.20.11.8.5.1.3 27.2.5.4 27.12.13.5.5 2.2.1.4.5.4.8.5.4 7 

621 2012, 2014-
15 Anseriformes, Galliformes China H5N6, H7N9, 

H9N2 
20.3.1.1.3.1, 
20.3.1.1.3.1.4 28.5.3, 28.5.3.2.1 18.3.2.2, 

18.3.2.2.2 
15.4.4.4.1.3.1, 
15.4.4.4.1.3.1.3 

27.12.13.2.3, 
unclustered 

2.2.1.4.5.4.21.1.2.4.4.4, 
2.2.1.4.5.4.21.1.2.4.4.4.1 5 

147 2010-16 
Anseriformes, Avian, 
Columbiformes, Galliformes, 
Pelecaniformes 

China, Vietnam H5N1, H5N6, 
H9N2 

20.4.8.3, 
20.4.8.3.1 

12.1.1.8.6.4.2.3, 
12.1.1.8.6.4.2.3.1 19.20.11.8.5.1.3 27.2.5.4 27.12.13.5.5 

2.2.1.4.5.4.8.5, 
2.2.1.4.5.4.8.5.3, 
2.2.1.4.5.4.8.5.4, unclustered 

2 

796 2014-16 Anseriformes, Columbiformes, 
Galliformes China H5N6, H7N6 20.3.1.1.3.1, 

20.3.1.1.3.1.3 28.5.3.3.1 18.3.2.2.2 15.4.4.4.1.3.1.3 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.4 2 

2779 2015 Galliformes China H5N6 20.4.8.3 12.1.1.8.6.4.2.3.1.1 19.20.11.8.5.1.3 27.2.5.4 27.12.13.5.5 2.2.1.3 2 

58 2013-16 
Anseriformes, Avian, 
Columbiformes, Galliformes, 
Passeriformes, Podicipediformes 

China, Japan, Lao, 
Vietnam 

H3N6, H5N1, 
H5N2, H5N6, 
H6N6 

20.4.8.3, 
20.4.8.3.3, 
20.4.8.3.4, 
20.4.8.3.5, 
unclustered 

12.1.1.8.6.4.2.3.1, 
12.1.1.8.6.4.2.3.1.1 19.20.11.8.5.1.3 27.2.5.4 27.12.13.5.5 2.2.1.4.5.4.8.5.4 1 

585 2015-17 Anseriformes, Galliformes China, Japan, 
Vietnam H5N6 20.2.3 26.6 19.20.11.8.5.1.3 27.2.5.4 27.12.13.5.5 2.2.1.4.5.4.8.5.4 1 

2778 2015 Anseriformes China H5N6 21.15.3 26.6 18.2.1 24.1.1.1 27.12.13.5.5 2.2.1.4.5.4.8.5.4 1 

*Segment columns indicate lineage identity 
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Table A12: Human H9N2 genotypes. Table available at https://git.io/JUPq1, along with spatiotemporal and subtype distribution of constitutive 
lineages. 

Genotype Collection date Host Country Subtype PB1* PB2* PA* MP* NP* NS* Sequence 
number 

2223 2016 Galliformes China H7N9 20.3.1.1.3.1.4 28.5.3.4 18.3.2.2.3.2 15.4.4.4.1.3.1.3 27.12.13.2.1 2.2.1.4.5.4.21.1.2.4.4.3.1 28 

1626 2014, 2016 Galliformes China H7N9, 
H9N2 

20.3.1.1.3.1, 
20.3.1.1.3.1.1 28.5.3.4 18.3.2.2.3.1 15.4.4.4.1.3.1 27.12.13.2.1, 

27.12.13.2.1.1 2.2.1.4.5.4.21.1.2.4.4.3.1 24 

4586 2015 Galliformes China H7N9 20.3.1.1.3.1 28.5.3.2 18.3.2.2 15.4.4.4.1.3.1.1 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.3.1 9 

2185 2015-16 Anseriformes, Galliformes China H7N9, 
H9N2 20.3.1.1.3.1.4 28.5.3.4.1 18.3.2.2.3.2 15.4.4.4.1.3.1, 

15.4.4.4.1.3.1.2 27.12.13.2.1 2.2.1.4.5.4.21.1.2.4.4.3.1 7 

4536 2016 Galliformes China H9N2 20.3.1.1.3.1.2 28.5.3.4 18.3.2.2.3.2 15.4.4.4.1.3.1 27.12.13.2.1.1 2.2.1.4.5.4.21.1.2.4.4.3.1 4 

3867 2011-17 Anseriformes, Columbiformes, 
Galliformes 

China, Japan, Myanmar, 
Vietnam H9N2 20.3.1.1.2 28.5.3.4 18.3.2.2.3 15.4.4.4.1.3.1.3 27.12.13.2.1 2.2.1.4.5.4.21.1.2.4.4.4 2 

391 1997, 1999-2002 Anseriformes, Galliformes Hong Kong H6N1, 
H9N2 19.1 26.2 13 15.4.4.4 27.12.8 unclustered 1 

930 2002-04 Anseriformes, Columbiformes, 
Galliformes China, Hong Kong H6N1 19.1 26.2 19.4 15.4.4.4 unclustered 2.2.1.4.5.4.21.1.2.4.3.1 1 

471 2011, 2016-17 Galliformes, Otidiformes Burkina Faso, Morocco, 
United Arab Emirates H9N2 unclustered unclustered unclustered 15.4.4.2 unclustered unclustered 1 

4445 1999 Galliformes China H9N2 19.1 26.2 13 15.4.2 25.1 2.2.1.4.5.4.21.1.2.3 1 

2197 1996 Galliformes Korea H9N2 unclustered unclustered unclustered 16, unclustered unclustered 2.2.1.4 1 

4521 2009 Columbiformes Bangladesh H9N2 21.7 21.2 19.9 15.4.4.3.3 27.12.8.3 2.2.1.4.5.4.4 1 

*Segment columns indicate lineage identity 
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Table A13: H9N2 lineage distribution of human genotypes. See Appendix table 11 for genotype-level information -- full table available at 
https://git.io/JUPT7 

Segment Lineage Genotype Subtype Host Country Collection date Sequence 
nr 

PB2 

28.5.3.4 1626, 2223, 3867, 4536 
H10N6, H10N8, H4N2, H5N6, H5N9, H7N9, H9N2, 
H9N9 

Anseriformes, Avian, Galliformes China, Vietnam 2012-17 99 

28.5.3.4.1 2185 H7N9, H9N2 Anseriformes, Galliformes China, Japan 2015-17 25 

26.2 391, 930, 4445 H5N1, H6N1, H6N2, H9N2 Anseriformes, Avian, Galliformes China, Hong Kong, Japan, Pakistan, Vietnam 1997, 1999-2006 17 

21.2 4521 H9N2 Anseriformes, Avian, Galliformes Bangladesh 2006-16 13 

28.5.3.2 4586 H7N9 Galliformes China 2014-16 12 

PB1 

20.3.1.1.3.1 1626, 4586 
H10N6, H10N8, H4N2, H5N2, H5N6, H5N9, H6N2, 
H7N2, H7N9, H9N2, H9N9 

Anseriformes, Avian, Galliformes China 2010-16 126 

20.3.1.1.3.1.4 2185, 2223 H5N2, H5N6, H7N9, H9N2 Anseriformes, Galliformes China 2013-17 53 

20.3.1.1.3.1.2 4536 H10N6, H5N6, H7N2, H7N6, H7N9, H9N2 Anseriformes, Galliformes, Passeriformes China, Hong Kong 2013-17 35 

20.3.1.1.2 3867 H5N1, H6N2, H6N6, H7N9, H9N2 Anseriformes, Galliformes China, Vietnam 2010-17 30 

20.3.1.1.3.1.1 1626 H5N6, H7N9, H9N2 Anseriformes, Galliformes China, Japan 2014-17 13 

19.1 391, 930, 4445 H6N1, H6N2, H9N2 Anseriformes, Avian, Galliformes China, Hong Kong 1999, 2000, 2002-03 11 

21.7 4521 H5N1, H9N2 Anseriformes, Avian, Galliformes Bangladesh 2006, 2009-15 11 

PA 

18.3.2.2.3 3867 H10N6, H10N8, H4N2, H5N6, H6N2, H7N9, H9N2 Anseriformes, Avian, Galliformes, Passeriformes China, Hong Kong, Vietnam 2012-17 75 

18.3.2.2 4586 
H5N2, H6N8, H7N2, H7N3, H7N6, H7N7, H7N9, 
H9N2, H9N9 

Anseriformes, Avian, Galliformes Cambodia, China 2010, 2012-15 69 

18.3.2.2.3.2 2185, 2223, 4536 H5N6, H7N9, H9N2 Anseriformes, Galliformes China, Japan 2014-17 37 

18.3.2.2.3.1 1626 H10N8, H5N6, H7N9, H9N2 Anseriformes, Avian, Galliformes China 2013-17 22 

19.4 930 
H1N9, H2N8, H2N9, H6N1, H6N2, H6N8, H7N1, 
H9N2 

Anseriformes, Avian, Galliformes, Passeriformes China, Hong Kong, United States, Vietnam 1994, 2000-07 10 

13 391, 4445 H5N1, H6N1, H9N2 Anseriformes, Avian, Galliformes China, Hong Kong, Japan, Pakistan, Vietnam 1997, 1999, 2000, 2005 8 
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19.9 4521 H9N2 Anseriformes, Avian, Galliformes Bangladesh, India 2006, 2008, 2009, 2016 8 

NP 

27.12.13.2.3 4586 
H10N6, H10N8, H5N2, H5N6, H7N2, H7N6, H7N7, 
H7N9, H9N2, H9N9 

Anseriformes, Avian, Galliformes, Passeriformes China, Hong Kong 2005-17 166 

27.12.13.2.1 1626, 2185, 2223, 3867 H10N6, H10N8, H4N2, H7N9, H9N2 Anseriformes, Avian, Galliformes China, Vietnam 2007-17 86 

25.1 4445 H5N2, H6N1, H9N2 Anseriformes, Avian, Galliformes China, Hong Kong, Japan 1997-2009 24 

27.12.8 391 H5N1, H6N1, H9N2 Anseriformes, Avian, Galliformes 
Bangladesh, China, Hong Kong, Japan, Pakistan, United 
Arab Emirates, Vietnam 

1997, 1999-2005 12 

27.12.13.2.1.1 1626, 4536 H5N6, H6N2, H7N9, H9N2 Anseriformes, Avian, Galliformes China, Japan, Vietnam 2013-17 11 

27.12.8.3 4521 H7N3, H9N2 Anseriformes, Avian, Galliformes Bangladesh, India, Pakistan 2004-10 9 

MP 

15.4.4.4.1.3.1.3 2223, 3867 
H10N6, H10N8, H5N1, H5N6, H6N2, H7N6, H7N7, 
H7N9, H9N2 

Anseriformes, Avian, Galliformes, Passeriformes Bangladesh, China, Hong Kong, Japan, Vietnam 2012-17 149 

15.4.4.4.1.3.1 1626, 2185, 4536 
H5N1, H5N2, H5N6, H5N9, H7N2, H7N6, H7N7, 
H7N9, H9N2, H9N9 

Anseriformes, Avian, Galliformes China, Japan 2010-17 94 

15.4.4.4.1.3.1.1 4586 H7N9, H9N2 Galliformes China 2013-15 33 

15.4.4.4.1.3.1.2 2185 H7N9, H9N2 Anseriformes, Galliformes China 2015-17 17 

16 2197 H10N8, H14N5, H4N6, H6N8, H7N1, H9N2 Anseriformes, Avian, Galliformes 
China, Kazakhstan, Korea, Russia, Sweden, Taiwan, 
United States 

1982, 1992, 1994, 1996, 1999-
2002 

9 

15.4.4.3.3 4521 H9N2 Anseriformes, Avian, Galliformes Bangladesh 2006, 2009, 2012-13 9 

15.4.4.4 391, 930 H5N1, H6N1, H6N2, H9N2 Anseriformes, Avian, Galliformes China, Hong Kong 1999 -2003 7 

15.4.4.2 471 H9N2 Avian, Galliformes 
Burkina Faso, Morocco, Saudi Arabia, United Arab 
Emirates 

2006, 2011, 2016 6 

15.4.2 4445 H9N2 Galliformes China 1997, 1999-2004 4 

NS 

2.2.1.4.5.4.21.1.2.4.4.4 3867 
H10N6, H10N8, H5N2, H5N6, H6N2, H6N6, H7N2, 
H7N6, H7N9, H9N2 

Anseriformes, Avian, Galliformes China, Vietnam 2007-17 141 

2.2.1.4.5.4.21.1.2.4.4.3.1 
1626, 2185, 2223, 4536, 
4586 

H10N6, H10N8, H5N6, H7N2, H7N6, H7N7, H7N9, 
H9N2, H9N9 

Anseriformes, Galliformes, Passeriformes China, Hong Kong, Japan, Vietnam 2009-17 136 

2.2.1.4 2197 H10N1, H10N6, H10N7, H10N8, H10N9, H11N9, 
H1N1, H3N2, H3N3, H4N2, H4N6, H4N9, H5N1, 

Anseriformes, Avian, Charadriiformes, 
Galliformes 

Bangladesh, China, Egypt, France, Italy, Japan, Korea, 
Mongolia, Netherlands, New_Zealand, Norway, Pakistan, 
Saudi Arabia, Sweden, Taiwan, UK 

1996, 1997, 1999-2010 62 



 327 

H5N2, H5N9, H6N1, H6N2, H6N5, H6N8, H6N9, 
H7N1, H7N3, H8N4, H9N2 

2.2.1.4.5.4.4 4521 H9N2 Anseriformes, Avian, Galliformes Bangladesh 2009-16 16 

2.2.1.4.5.4.21.1.2.4.3.1 930 H6N1, H9N2 Anseriformes, Avian, Galliformes China, Hong Kong 2003-09 14 

2.2.1.4.5.4.21.1.2.3 4445 H5N1, H9N2 Anseriformes, Avian, Galliformes China, Japan, Vietnam 1997, 1999, 2005 4 

 

Table A14: Human H10N6 genotypes. Table available at https://git.io/JUPq1, along with spatiotemporal and subtype distribution of constitutive 
lineages. 

Genotype Collection date Host Country Subtype PB1* PB2* PA* MP* NP* NS* Sequence 
number 

28 2013-15 Galliformes China H10N6, H10N8 20.3.1.1.3.1 28.5.3.4 18.3.2.2.3, 18.3.2.2.3.1 15.4.4.4.1.3.1.3 27.12.13.2.1 2.2.1.4.5.4.21.1.2.4.4.4 5 

490 2014 Galliformes China H10N6 20.3.1.1.3.1 28.5.3.4 18.3.2.2.3 15.4.4.4.1.3.1.3 27.12.13.2.3 2.2.1.4.5.4.21.1.2.4.4.4 3 

*Segment columns indicate lineage identity 

Table A15: H9N2 lineage distribution of human genotypes. See Appendix table 11 for genotype-level information. Full table available at 
https://git.io/JUPT7 

Segment Lineage Genotype Subtype Host Country Collection date Sequence 
nr 

PB2 28.5.3.4 28, 490 H10N6, H10N8, H4N2, H5N6, H5N9, 
H7N9, H9N2, H9N9 Anseriformes, Avian, Galliformes China, Vietnam 2012-17 99 

PB1 20.3.1.1.3.1 28, 490 
H10N6, H10N8, H4N2, H5N2, H5N6, 
H5N9, H6N2, H7N2, H7N9, H9N2, 
H9N9 

Anseriformes, Avian, Galliformes China 2010-16 126 

PA 18.3.2.2.3 28, 490 H10N6, H10N8, H4N2, H5N6, H6N2, 
H7N9, H9N2 Anseriformes, Avian, Galliformes, Passeriformes China, Hong Kong, Vietnam 2012-17 75 

PA 18.3.2.2.3.1 28 H10N8, H5N6, H7N9, H9N2 Anseriformes, Avian, Galliformes China 2013-17 22 
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NP 27.12.13.2.3 490 H10N6, H10N8, H5N2, H5N6, H7N2, 
H7N6, H7N7, H7N9, H9N2, H9N9 Anseriformes, Avian, Galliformes, Passeriformes China, Hong Kong 2005-17 166 

NP 27.12.13.2.1 28 H10N6, H10N8, H4N2, H7N9, H9N2 Anseriformes, Avian, Galliformes China, Vietnam 2007-17 86 

MP 15.4.4.4.1.3.1.3 28, 490 H10N6, H10N8, H5N1, H5N6, H6N2, 
H7N6, H7N7, H7N9, H9N2 Anseriformes, Avian, Galliformes, Passeriformes Bangladesh, China, Hong Kong, Japan, Vietnam 2012-17 149 

-17 2.2.1.4.5.4.21.1.2.4.4.4 28, 490 H10N6, H10N8, H5N2, H5N6, H6N2, 
H6N6, H7N2, H7N6, H7N9, H9N2 Anseriformes, Avian, Galliformes China, Vietnam 2007-17 141 

 

Table A16: Genotype 57 defined in Pu et al, as categorized by the genotyping system in the current work 

Genotype Collection 
date 

Nr of 
sequences Host Country Subtype PB2 PB1 PA NP MP NS 

482 2009-16 239 Anseriformes, Columbiformes, 
Galliformes, Gruiformes China, Vietnam H7N9, H9N2 28.5.3.3, 

28.5.3.3.1 20.3.1.1.3.1 18.3.2.2 27.12.13.2.3 15.4.4.4.1.3.1 2.2.1.4.5.4.21.1.2.4.4.4.1 

4496 2011-16 140 Anseriformes, Columbiformes, 
Galliformes, Passeriformes China H9N2 28.5.3 20.3.1.1.3.1 18.3.2.2 27.12.13.2.3 15.4.4.4.1.3.1 2.2.1.4.5.4.21.1.2.4.4.3.1 

3867 2011-17 100 Anseriformes, Columbiformes, 
Galliformes 

China, Japan, 
Myanmar, Vietnam H9N2 28.5.3.4 20.3.1.1.2 18.3.2.2.3 27.12.13.2.1 15.4.4.4.1.3.1.3 2.2.1.4.5.4.21.1.2.4.4.4 

1059 2011-17 45 Anseriformes, Columbiformes, 
Galliformes China H9N2 28.5.1 20.3.1.1 18.3.2 27.12.13.2.1 15.4.4.4.1.3.1 2.2.1.4.5.4.21.1.2.4.4.3.1 

621 2012-2014 16 Anseriformes, Galliformes China H5N6, H7N9, H9N2 28.5.3, 28.5.3.2.1 20.3.1.1.3.1, 
20.3.1.1.3.1.4 

18.3.2.2, 
18.3.2.2.2 

27.12.13.2.3, 
unclustered 

15.4.4.4.1.3.1, 
15.4.4.4.1.3.1.3 

2.2.1.4.5.4.21.1.2.4.4.4, 
2.2.1.4.5.4.21.1.2.4.4.4.1 

547 2009-10 11 Anseriformes, Columbiformes, 
Galliformes, Passeriformes China, Vietnam H9N2 28.5.1 20.3.1 18.3.2.1 27.12.13.2 15.4.4.4.1.2 2.2.1.4.5.4.21.1.2.4.4.3.1 

2427 2013 2 Galliformes China H7N9, H9N2 28.5.3.4 20.3.1.1.3.1 18.3.2.2 27.12.13.2.3 15.4.4.4.1.3.1 2.2.1.4.5.4.21.1.2.4.4.3 

1440 2012 1 Galliformes China H9N2 28.5.3.4 20.3.1.1.1 18.3.2.2 unclustered 15.4.4.4.1.3.1.3 2.2.1.4.5.4.21.1.2.4.4.4.1 

1702 2010 1 Galliformes China H9N2 28.5.1 20.3.1.1 18.3.2.1 27.12.13.2.1 15.4.4.4.1.3.1 2.2.1.4.5.4.21.1.2.4.4.3.1 

580 2012 1 Galliformes China H9N2 unclustered 20.3.1 18.3 27.12.13.2 15.4.4.4.1.2 2.2.1.4.5.4.21.1.2.4.4.3.1 
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3129 2007 1 Galliformes China H9N2 28.5 20.3.1.1 18.3 27.12.13.2 15.4.4.4.1.2 2.2.1.4.5.4.21.1.2.4.4.3 

845 2012 1 Galliformes China H9N2 28.5.3 20.3.1.1.1 18.3.2.2 27.12.13.2.3 15.4.4.4.1.3.1 2.2.1.4.5.4.21.1.2.4.4.4.1 

2599 2011 1 Galliformes China H9N2 unclustered 20.3.1.1.2 18.3.2.2.1 27.12.13.2.3 15.4.4.4.1.2 2.2.1.4.5.4.21.1.2.4.4.4.1 

2484 2007 1 Galliformes China H9N2 28.5.2 20.3.1.1 18.3 27.12.13.2 15.4.4.4.1.1 2.2.1.4.5.4.21.1.2.4.4.4 
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Appendix 3: Chapter 4 
Appendix 3 figures 

 
Figure A1: Patristic distance distribution for the internal genes of avian influenza viruses.  
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Figure A2A: A) Ratio of sequences in incongruent to congruent paths across segment combinations for all subtypes B) Distribution of 
sequences across host order for matched subtypes.  
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Figure A2B: A) Ratio of sequences in incongruent to congruent paths across segment combinations for all subtypes B) Distribution of 
sequences across host order for matched subtypes.  
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Figure A2C: A) Ratio of sequences in incongruent to congruent paths across segment combinations for all subtypes B) Distribution of 
sequences across host order for matched subtypes.  
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Figure A2D: A) Ratio of sequences in incongruent to congruent paths across segment combinations for all subtypes B) Distribution of 
sequences across host order for matched subtypes. 
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Figure A2E: A) Ratio of sequences in incongruent to congruent paths across segment combinations for all subtypes B) Distribution of 
sequences across host order for matched subtypes.  

 

 



 336 

 

Figure A3: Percentage co-occurrence of subtypes in incongruent paths across segment combinations. The subtype labels are removed for 
visualization purposes.  



 337 

 

Figure A4: Co-occurrence profile in congruent paths for subtypes with lower co-occurrence than expected for size, based on Figure 17. 
Subtypes on the Y-axis represent the subtypes conditioned on, with the co-occurring co-subtype on the x axis sorted by HA-NA numerical rank. 
The co-subtype labels are removed for visualization purposes. Boxes highlight co-occurrences > 80%. 
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Figure A5A: Co-occurrence of HA-types in congruent paths in Anseriformes across 
segment combinations. Types on the X-axis represent the types conditioned on, with the co-
occurring co-type on the Y axis. 
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Figure A5B: Co-occurrence of HA-types in congruent paths in Charadriiformes across 
segment combinations. Types on the X-axis represent the types conditioned on, with the co-
occurring co-type on the Y axis. 
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Figure A6: Co-occurrence profile in incongruent paths for subtypes with lower co-occurrence than expected for size, based on Figure 12. 
Subtypes on the Y-axis represent the subtypes conditioned on, with the co-occurring co-subtype on the x axis sorted by HA-NA numerical rank. 
The co-subtype labels are removed for visualization purposes. Boxes highlight co-occurrences > 80%. 
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Figure A7A: Co-occurrence of HA-types in incongruent paths in Galliformes across 
segment combinations. Types on the X-axis represent the types conditioned on, with the co-
occurring co-type on the Y axis. 
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Figure A7B: Co-occurrence of HA-types in incongruent paths in Anseriformes across 
segment combinations. Types on the X-axis represent the types conditioned on, with the co-
occurring co-type on the Y axis. 
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Figure A7A: Co-occurrence of HA-types in incongruent paths in Charadriiformes across 
segment combinations. Types on the X-axis represent the types conditioned on, with the co-
occurring co-type on the Y axis. 
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Figure A8: Hierarchical clustering of co-occurrence profile in congruent paths for 
subtypes for segment combination PA_PB2. Subtypes on the Y-axis represent the subtypes 
conditioned on, with the co-occurring co-subtype on the x axis sorted by HA-NA numerical 
rank. Subtypes on the Y axis are sorted by the dendogram resulting from hierarchical clustering, 
with colour in the dendogram column representing clusters partitioned by a 75th percentile 
height cut of the dendogram. Full set of figures (too numerous) at: https://git.io/JUz13 
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Figure A9B: Ensemble co-occurrence profile nine assembled for segment combinations 
A) PB1_PB2, B) PA_PB1, C) PA_PB2. Includes 9 subtypes, including Galliformes-types 
H7N7, H7N3, H10N7, H10N6, H5N6 and H10N5 with Anseriformes types such H1N2 and 
H3N2. Correlation is largely driven by co-occurrence with H1N1, H3N8, H4N6, and H11N9. 
This profile has distinctive consistent co-occurrence patterns with H7Nx viruses including 
H7N3, H7N6, H7N7 and H10Nx viruses, including H10N1, H10N2, H10N3 and H10N7 
driving the clustering, though the pattern varies across segment combinations. Only H10N7 and 
H7N3 show consistent clustering across segment combinations, with the correlation largely 
overfit to presence rather than absence of co-occurrence i.e. big difference in profiles, but strong 
correlation in some columsn outweight that. The profiles are distinct in their varying co-
occurrence with non-H5N1/2 H5Nx viruses in congruent paths, with only H5N6 co-occurring 
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consistently across segment combinations. Subtypes on the Y-axis represent the subtypes 
conditioned on, with the co-occurring co-subtype on the x axis sorted by HA-NA numerical 
rank. 

 

Figure A9A: Ensemble co-occurrence profile nine assembled for segment combinations 
A) PB1_PB2, B) PA_PB1, C) PA_PB2. Includes 9 subtypes, including Galliformes-types 
H7N7, H7N3, H10N7, H10N6, H5N6 and H10N5 with Anseriformes types such H1N2 and 
H3N2. Correlation is largely driven by co-occurrence with H1N1, H3N8, H4N6, and H11N9. 
This profile has distinctive consistent co-occurrence patterns with H7Nx viruses including 
H7N3, H7N6, H7N7 and H10Nx viruses, including H10N1, H10N2, H10N3 and H10N7 
driving the clustering, though the pattern varies across segment combinations. Only H10N7 and 
H7N3 show consistent clustering across segment combinations, with the correlation largely 
overfit to presence rather than absence of co-occurrence i.e. big difference in profiles, but strong 
correlation in some columsn outweight that. The profiles are distinct in their varying co-
occurrence with non-H5N1/2 H5Nx viruses in congruent paths, with only H5N6 co-occurring 
consistently across segment combinations. Subtypes on the Y-axis represent the subtypes 
conditioned on, with the co-occurring co-subtype on the x axis sorted by HA-NA numerical 
rank. 
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Figure A9C: Ensemble co-occurrence profile nine assembled for segment combinations 
A) PB1_PB2, B) PA_PB1, C) PA_PB2. Includes 9 subtypes, including Galliformes-types 
H7N7, H7N3, H10N7, H10N6, H5N6 and H10N5 with Anseriformes types such H1N2 and 
H3N2. Correlation is largely driven by co-occurrence with H1N1, H3N8, H4N6, and H11N9. 
This profile has distinctive consistent co-occurrence patterns with H7Nx viruses including 
H7N3, H7N6, H7N7 and H10Nx viruses, including H10N1, H10N2, H10N3 and H10N7 
driving the clustering, though the pattern varies across segment combinations. Only H10N7 and 
H7N3 show consistent clustering across segment combinations, with the correlation largely 
overfit to presence rather than absence of co-occurrence i.e. big difference in profiles, but strong 
correlation in some columsn outweight that. The profiles are distinct in their varying co-
occurrence with non-H5N1/2 H5Nx viruses in congruent paths, with only H5N6 co-occurring 
consistently across segment combinations. Subtypes on the Y-axis represent the subtypes 
conditioned on, with the co-occurring co-subtype on the x axis sorted by HA-NA numerical 
rank. 
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Figure A10A: Consistent correlated co-occurrence profiles for subtypes in congruent 
paths across polymerase segment combinations. Subtypes on the Y-axis represent the 
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subtypes conditioned on, with the co-occurring co-subtype on the x axis sorted by HA-NA 
numerical rank. 

 

 

 

Figure A10B: Consistent correlated co-occurrence profiles for subtypes in congruent 
paths across polymerase segment combinations. Subtypes on the Y-axis represent the 
subtypes conditioned on, with the co-occurring co-subtype on the x axis sorted by HA-NA 
numerical rank. 
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Figure A11: Correlation plot of the ensemble co-occurrence profile of all subtypes for 
incongruent paths across segment combinations. 
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Figure A12: Hierarchical clustering of co-occurrence profile in incongruent paths for 
subtypes for segment combination MP_NS. Subtypes on the Y-axis represent the subtypes 
conditioned on, with the co-occurring co-subtype on the x axis sorted by HA-NA numerical 
rank. Subtypes on the Y axis are sorted by the dendogram resulting from hierarchical clustering, 
with colour in the dendogram column representing clusters partitioned by a 75th percentile 
height cut of the dendogram. Full set of figures (too numerous) at: https://git.io/JUz13 
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Figure A13A: Consistent correlated co-occurrence profiles for subtypes in incongruent 
paths across polymerase segment combinations. Subtypes on the Y-axis represent the 
subtypes conditioned on, with the co-occurring co-subtype on the x axis sorted by HA-NA 
numerical rank. 
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Figure A13B: Consistent correlated co-occurrence profiles for subtypes in incongruent 
paths across polymerase segment combinations. Subtypes on the Y-axis represent the 
subtypes conditioned on, with the co-occurring co-subtype on the x axis sorted by HA-NA 
numerical rank. 

 

 

Figure A14: Median within-path pairwise patristic distance in each segment of segment 
combination for all congruent and incongruent paths for swine influenza 

Figure A15: Avian influenza comparison of patristic distance distribution of congruent 
and incongruent paths defined in segment combination (labelled with “Backbone:” ) to 
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background distributions for remaining backbone segment, including the full global patristic 
distribution of the segment phylogeny and the pseudo-null distribution representing the 
boundary on “closely-related” within the population background. The percentage subtitle 
indicates the percentage of the congruent path distribution that falls below the within-cluster 
limit for the segment. Full set of figures (too numerous) at: https://git.io/JUz13 

Figure A16: Swine influenza comparison of patristic distance distribution of congruent 
and incongruent paths defined in segment combination (labelled with “Backbone:” ) to 
background distributions for remaining backbone segment, including the full global patristic 
distribution of the segment phylogeny and the pseudo-null distribution representing the 
boundary on “closely-related” within the population background. The percentage subtitle 
indicates the percentage of the congruent path distribution that falls below the within-cluster 
limit for the segment. Full set of figures (too numerous) at: https://git.io/JUz13 
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Figure A17: Global avian influenza internal genes phylogenies on a unified tree scale 

 

Appendix 3 tables 
Table A1: Comparison of clustering co-efficient between hierarchical clustering approaches.  

 

Segment 
combination 

Single 

Linkage* 

Complete 

Linkage* 

Average 

Linkage* 

Divisive 

clustering 
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MP_NP 0.57 0.79 0.75 0.75 

MP_NS 0.65 0.84 0.81 0.81 

MP_PA 0.50 0.76 0.73 0.72 

MP_PB1 0.68 0.84 0.82 0.80 

MP_PB2 0.54 0.78 0.74 0.74 

NP_NS 0.55 0.79 0.74 0.74 

NP_PA 0.48 0.75 0.70 0.71 

NP_PB1 0.58 0.79 0.71 0.75 

NP_PB2 0.56 0.73 0.66 0.70 

NS_PA 0.59 0.79 0.76 0.76 

NS_PB1 0.63 0.82 0.76 0.78 

NS_PB2 0.47 0.74 0.67 0.71 

PA_PB1 0.50 0.72 0.64 0.67 

PA_PB2 0.49 0.71 0.65 0.67 

PB1_PB2 0.45 0.69 0.59 0.65 

*Agglomerative approaches 
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Appendix 4: Chapter 5 
Appendix 4 figures 

 

Figure A1: Distribution of samples across time and space for subtype. Size of datapoint 
indicates number of viruses.  
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Figure A2: Global pairwise patristic distance distribution of the NS phylogeny  

 

Figure A3A: Node information profiles for phylogenies across subtypes.  
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Figure A3B: Node information profiles for phylogenies across subtypes.  

 

Figure A3C: Node information profiles for phylogenies across subtypes.  
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Figure A3D Node information profiles for phylogenies across subtypes.  

 

Figure A3E: Node information profiles for phylogenies across subtypes.  
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Figure A3F: Node information profiles for phylogenies across subtypes. 
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Figure A4: Estimated Hill diversities across subtypes for the nine major global avian 
flyways. See Figure 20 for D1 and D2. See Table A1 for country classification by flyway.  
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Figure A5: Estimated Hill diversities across subtypes for the four countries with the 
highest representation of samples in the global dataset.  
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Figure A6: Sample coverage as a function of sample size for all subtypes across major 
countries. Interpolated regions are indicated by dots, with extrapolation as shaded area. Shaded 
area represents 95% confidence intervals based on 200 bootstrap replicates 
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Figure A7: Major global avian migratory flyways, running north-south. Sourced from 220. 
See Table A1 for country classification by major flyways.  

 

 

 

  



 366 

 

Appendix 3 tables 
Table A1: Country classification by flyway. Counts represent the number of sequences sampled 
from each country. 

 

Country Atlantic 
Americas 

Black Sea 
Mediterranean 

East 
Atlantic 

Central 
Americas 

Central 
Pacific 

Central 
Asian 

East Asian-
Australasian 

Pacific 
Americas 

West Asian-
East African 

AFGHANISTAN      5   5 

ARGENTINA 6   6    6  

AUSTRALIA     38  38   

BANGLADESH      170 170   

BELGIUM   12       

BHUTAN      51 51   

BOLIVIA 1   1    1  

BOSNIA  1        

BRAZIL 8   8      

BULGARIA  1        

BURKINA FASO  14        

CAMBODIA       20   

CAMEROON  4 4      4 

CANADA 664   664    664  

CHILE 18   18    18  

CHINA     2914 2914 2914  2914 

COLOMBIA    2    2  

CROATIA  2        

CZECH 
REPUBLIC 

 24        

DENMARK   20       

EGYPT  166       166 

FRANCE  27 27       

GEORGIA  21    21   21 

GERMANY  61 61       

GHANA  24 24       

GREECE  3        

GUATEMALA    35    35  

HONG KONG       64   

HUNGARY  66        

ICELAND   14       

INDIA      79   79 

INDONESIA     38  38   

IRAN  2    2   2 

IRELAND   1       
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ISRAEL  51       51 

ITALY  215        

IVORY COAST  7 7       

JAPAN     343  343   

JORDAN  11       11 

KAZAKHSTAN  2    2   2 

KUWAIT      8   8 

LEBANON  4       4 

LOA       31   

MACEDONIA  2        

MALAYSIA       2   

MEXICO    29    29  

MONGOLIA      106   106 

MOROCCO  1 1       

MYANMAR      6 6   

NETHERLANDS   394       

NEW ZEALAND     2  2   

NIGER  8       8 

NIGERIA  39 39      39 

NORWAY   3       

PAKISTAN      34   34 

PALESTININE  2       2 

POLAND  12 12       

PORTUGAL   5       

RUSSIA  108 108  108 108 108  108 

SAUDI ARABIA  9    9   9 

SLOVENIA  2        

SOUTH AFRICA   12      12 

SOUTH KOREA     274  274   

SPAIN  1 1       

SUDAN  6       6 

SWEDEN   359       

SWITZERLAND  1        

TAIWAN     171  171   

THAILAND       76   

TOGO  2 2       

UAE      15   15 

UK   22       

UKRAINE  9        

USA 4173   4173    4173  

VIETNAM       784   
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ZAMBIA         12 

 

 


