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, Adriano de Bernardi Schneider'?, Cornelius Roemer®*,

Pathogen lineage nomenclature systems are a key component of effective

communication and collaboration for researchers and public health workers.
Since February 2021, the Pango dynamic lineage nomenclature for SARS-CoV-2
hasbeen sustained by crowdsourced lineage proposals as new isolates were
sequenced. Thisapproachis vulnerable to time-critical delays as well as
regional and personal bias. Here we developed a simple heuristicapproach
for dividing phylogenetic trees into lineages, including the prioritization of
key mutations or genes. Ourimplementation is efficient on extremely large
phylogenetic trees consisting of millions of sequences and produces similar
results to existing manually curated lineage designations when applied to
SARS-CoV-2 and other viruses including chikungunya virus, Venezuelan
equine encephalitis virus complex and Zika virus. This method offers asimple,
automated and consistent approach to pathogen nomenclature that can
assistresearchersin developing and maintaining phylogeny-based
classifications in the face of ever-increasing genomic datasets.

Pathogen lineage nomenclature, or the designation of epidemio-
logically distinct groups below the level of species, is important for
facilitating effective research, treatment and communication about
diseases. Despite the universalimportance and long history of nomen-
clature systems for pathogens, there remains a plurality of approaches
to apply to new emerging pathogens, including using the geographic
location of a variant'?, specific epidemiological characteristics such
asserotype’ or clusters of closely related viral variants*. The COVID-19
pandemic presented a unique challenge to these approaches.

In SARS-CoV-2, a single mutation may be all that defines a new epide-
miologically distinct lineage’. In addition, the SARS-CoV-2 genomic
data are orders of magnitude greater in volume than those of extant
pathogens, and are constantly growing as new data are collected®.
The expansion of the dataset means that the SARS-COV-2 phylogeny
is regularly updated’, necessitating further review and updates to
any genotype-based lineage system.

The current solution to these challenges is the popular Pango line-
age system. Pango is agenotype-based dynamiclineage nomenclature
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for SARS-CoV-2 (ref. 8). When compared with traditional nomenclature,
Pango lineages often initially contain fewer samples, are less genetically
distinct and are regularly updated as new genetic data are collected.
These small, dynamic lineages serve a critical function in organizing
genetic data for public health tracking efforts. Currently, Pango relies
on manual curation and designation, including the crowdsourcing of
lineage proposals on a public forum (https://github.com/cov-lineages/
pango-designation). More than 2,500 SARS-CoV-2 variants have been
named under the Pango system as of January 2023. The trained human
eye is excellent at distinguishing new lineages of interest from groups
of low-quality or contaminated isolates, but the crowdsource approach
is resource intensive and vulnerable to delays and regional bias. A more
objective metricto evaluate candidates for lineage designation could help
toreducethisbiasandstreamline thelineage proposal and review process.

Here we propose a simple heuristic approach for the definition
and expansion of genotype-based dynamic nomenclature systems. Our
methodisrooted ininformation theory, optimizing for the representa-
tion of sample-level haplotype information. It is efficient in applica-
tion to extremely large phylogenies and produces a comprehensive
hierarchy of genetically distinct lineages. Importantly, it can expand a
preexisting lineage system, making the adoption of this approach for
the maintenance and expansion of existing dynamic nomenclature
straightforward. We, in collaboration with the Pango designation team,
have implemented this system as a new input for the existing Pango
lineage designation infrastructure (https://github.com/jmcbroome/
autolin).Inaddition, as sequencing technology becomes more widely
applied, both novel and extant pathogens will develop similarly dense
and expanding genomic datasets. Thisapproachwill provide ascalable
solution to creating and managing these dynamic lineage systems
for any pathogen. In turn, these systems will allow for more effective
organization and tracking of real-time pathogen evolution and out-
break events across various public health domains.

Results
The genotype representationindex
A lineage system can be likened to a language, in which additional
words, analogous to lineages, are defined for common, unique con-
ceptstoreducethe average number of words per sentence. Along these
lines, an effective system summarizes acomplex phylogeny into useful,
distinct categories to facilitate effective analysis and communication.
The lineage hierarchy is generally defined with respect to a specific
rooted phylogeny, in which a number of specific ancestral nodes are
designated as lineage roots (Supplementary Fig. 1). Individual samples,
represented by the tips of the tree, are members of every lineage that
isrootedinitsinferred ancestry. To automate the construction of this
hierarchy, we need some objective measure of value for putative lineage
roots. One approach is to compute some importance value for every
nodeonthetree, theniteratively construct alineage system by select-
ing high-value nodes and designating them as new lineage roots. These
lineages canthen be presented to anend user or directly incorporated
into an expanding dynamic nomenclature.

To this end, we define the ‘genotype representation index’
(GRI; Fig.1).
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The GRI takes values with respect to a specific node on the
tree, hereafter referred to as the ‘focal node’. Here Nis the number
of descendent tips from the focal node, D is the total branch length
fromthe focal nodetotheroot of the tree or previously designed par-
ent lineage and S is the sum of branch lengths from the focal node to
each descendent tip. In natural language, the GRl is the mean branch
length position of the focal node along the ancestry paths of all its
descendents, multiplied by the total number of descendents. The GRI
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Fig. 1| Computation of GRI. The computation of GRI values for twonodes on a
small example subtree. The top panel shows the computation for node A, while
the bottom panel shows the computation for node B. The base of this subtree is
atotal distance of 6 from the last lineage root, shown in purple. The node at the
base of this subtree (A) has a total path length to descendents (S) of 26 and 4 total
descendents (N), and is a total distance of 6 from the last root (D), leading to a GRI
of1.92. The lower child node (B) has only 3 descendents (V), but has amuch lower
pathlength (S) and alonger distance to the last root (D), meaning that it scores
much higher at 2.63. In this case, we would choose to assign a lineage label to the
lower child node (B).

increases both with anincreasing number of descendents (V) and with
beingcloselyrelated, onaverage, to those descendents (lower S). Nodes
with an overall high GRI will be closely related to many descendents,
representing a group of consistently genetically distinct samples—a
good choice for lineage labelling. For a mutation-annotated tree’,
such as those used for SARS-CoV-2, the branch lengths (D and S) are
in units of total mutations across the genome. However, the GRI can
be computed on any rooted tree topology, as long as branch lengths
are scaled by genetic distance. The GRI is high for focal nodes where
descendent samples are genetically similar to one another and the
focal nodeitselfis genetically distinct from the rest of the phylogeny,
desirable qualities for lineage designation®. The motivation behind
this formulation s presented in Methods.

Autolin defines a lineage system based on the GRI by applying a
simple greedy maximization algorithm. Initially, the GRIis computed
foreachnode onthetree and the node with the highest valueis chosen
as a new lineage root. Additional mutually exclusive lineages are
defined by disregarding all samples covered by an existing lineage
label and recomputing the GRI for all remaining samples and their
ancestors. To prevent the retroactive definition of lineage parents that
might interfere with an existing hierarchy, we additionally disregard
nodes that are directly ancestral to existing or newly added lineages.
Additional hierarchical lineages are defined similarly by considering
only samples within a specific existing ‘parent’ lineage. This process
isrepeated untiladesired number of lineage labels have been defined
orallavailable nodes fail to pass thresholds for designation. Thisitera-
tiveapproachis notguaranteed to find the highest overall GRI lineage
configuration among many possible combinations of lineages, but it
scales well to millions of samples and a rapid pace of lineage updates.

Systematic application to SARS-CoV-2 and examples

Asabasic demonstration of our method, we applied the pipelineto the
complete SARS-CoV-2 global public phylogenetictree, as of 11 December
2022 from http://hgdownload.soe.ucsc.edu/goldenPath/wuhCorl/
UShER_SARS-CoV-2/(ref.7).Inthe absence of an extant lineage system
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Fig. 2| Exponential growth modelling. a-d, The four plots describe some of the
lineage annotations produced by our method based on the public SARS-CoV-2
data. The solid black line is the median estimated growth trajectory, while the
dashed lines represent the trajectories that would result from the lower and
upper bounds of the 95% credible interval of the growth rate. The x-axis shows
the weeks since first detection in each country. a, Growth trend of alineage
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throughout the United Kingdom with a notably higher presence in Wales.

b, Simple, high but low-certainty growth estimate of a lineage exclusive to
England. ¢, Steady growth of an international lineage present in both the United
Kingdom and the United States. d, A lineage which appears to have stagnated in
growth and should be deprioritized for lineage labelling.

and considering all samples, the GRI-based approach assigns more
than 170,000 lineages to this phylogeny. These lineages are divided
into 12 levels, representing recursive levels of child lineages, with the
first level being the root of the phylogeny. The majority of these line-
ages are small, with only 10% of designations being larger than 100
samples. Of the approximately 2,000 Pango lineages included in this
phylogeny, more than1,175 are closely matched with a GRI equivalent
lineage, including the major deltaand omicronlineages. Another 586
Pango lineages have a corresponding GRI-identified lineage with a
Jaccard similarity of overlapping samples greater than 0.5 (Supple-
mentary Fig. 2). The remaining unmatched 217 lineages are mostly
extremely small, with more than 95% of them including <10 samples
in this phylogeny, and therefore would not pass the default filters for
Autolin (Supplementary Fig. 3). Overall, the systems are concordant,
especially withregard to major variants. A Taxonium view of this phylog-
eny labelled withalllevels of annotation can be explored interactively
athttps://taxonium.org/?protoUrl=https://media.githubusercontent.
com/media/jmcbroome/lineage-manuscript/main/public-2022-12-11.
independent_automated_lineages.jsonl.gz.

To evaluate the utility of our method for maintaining and expand-
ing dynamic lineage nomenclature specifically, we applied Autolin to
the same phylogeny as above, but built on the extant Pango lineages.
We generated 187 new lineage designations using the default con-
figuration parameters, which consider only samples collected in the
preceding 8 weeks (Supplementary Datal). Of these lineages, 24 were
activelysampledin11December2022. These active designations were
highly dispersed in size, with a mean size of 82 samples and a median
of 45 samples. The full report for the active designations is available
inSupplementary Table1.

We additionally fit a simple geographically stratified exponential
growthmodel to eachactive lineage (Methods, Fig. 2and Supplemen-
tary Table1) and obtained a 95% credibleinterval estimate of the rate of
exponential growth. The average credibleinterval for the exponential
growth interval was relatively large (0.07, 0.49), primarily because of
the effects of limited sample sizes. Of the 24 lineages, 16 had a posi-
tive lower interval bound, which is evidence for active spread in the
countries they are presentin. The width of theinterval is dependent on
the data available; while the average estimate for our lineagesis +0.2,
estimates for lineages with at least 50 total collected samples had a
much narrower average value of +0.07. Allmodel confidence intervals
arereported in Supplementary Table 1. All code for fitting and repro-
ducing these results is available at https://github.com/jmcbroome/
lineage-manuscript.

This procedure can serve to organize and prioritize lineage des-
ignations, despite suffering from high uncertainty. Figure 2showsa
small example selection of lineages and model fits in further detail.
The naming schema generally matches the Pango naming schema
(Supplementary Information) with the addition of an ‘auto’ prefix
to indicate the origin. ‘Auto.CH.1.1.3’, while exclusive to England,
exhibitsaveryrapid expansioninlatter weeks that drives avery high,
ifwide, estimate of growth. Both ‘auto.BQ.1.8.3’and ‘auto.BA.5.2.9.1
are more international, but less consistent; the latter appears to
grow consistently in the United States, but fluctuates to a much
greater degree in England. Finally, ‘auto.BE.1.2.2’ is an example of a
low-priority designation, with no strong evidence of positive growth.
Altogether, our models can capture adiverse set of lineage trajecto-
ries and rapidly and effectively identify lineages undergoing expo-
nential expansion.
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Fig.3| ZIKV lineages. Comparison of a published proposed lineage system for ZIKV (left tree) based on phylogenetic analyses, clustering techniques, within-and
between-group pairwise genetic distances and evolutionary analyses to define genetic groups” with automated lineage designation (right tree) visualized on

FigTreev.1.4.4.

In addition, statistics such as lineage size, associated mutations
and geographic localization can be computed and reported to the
user. Our update includes links to external data exploration sources
suchas CoV-Spectrum' and Taxonium', as well as the programmatic
generation of all files requisite for the incorporation of the new des-
ignations. All code for this procedure can be found at https://github.
com/jmcbroome/autolin.

Application to other pathogens

The GRI approach can be used to generate lineage proposals for any
pathogen, with or without anexisting base nomenclature. We compared
ourapproachwitharecent Zika virus (ZIKV) nomenclature proposal®,
applying Autolindirectly to their likelihood phylogeny (Methods). We
find high-level concordance between the automated system and the
formal nomenclature (adjusted Rand index (ARI) 0.47, P< 0.001; Fig.
3).The formal Zikanomenclature proposalis the result of the applica-
tion of Bayesian clustering directly on aligned sample haplotypes',
sowhile this system s genotype based, it does not directly depend on
the phylogeny. This may explain some of the inconsistencies between
these systems, particularly as regards basal groups like ZA. However,
we do see high-level concordance between these groups, particularly
inthe widespread ZB.2 variants.

We analysed two additional pathogens, chikungunya virus
(CHIKV) and Venezuelan equine encephalitis virus complex (VEE).
These phylogenies are provided as Nextstrain Auspice JSON", so we
used analternative implementation of Autolin found at https://github.
com/jmcbroome/automated-lineage-json designed to work with

arbitrary Auspice JSON-formatted phylogenies. Itis provided as both
acommand lineinterface tooland as anonline Streamlit app, accessible
athttps://jmcbroome-automated-lineage-json-streamlit-app-3adskh.
streamlit.app/. Specifically, we used the currently available nextstrain
builds (CHIKV Nextstrain build 5.1 (https://nextstrain.org/groups/
ViennaRNA/CHIKVnext) and VEE Nextstrain build 2.1 (https://next-
strain.org/groups/ViennaRNA/VEEnext) to generate our novel lineages.

The rationale for choosing VEE and CHIKV as examples stems
from their respective lineage systems. The VEE lineage system relies
solely on serology, disregarding phylogenetic relationships and
displaying paraphyletic groups. Conversely, the CHIKV lineage sys-
tem is geographically driven and, although most often presenting
monophyletic groups, relies on arbitrary thresholds to define line-
ages based on location. Overall, the CHIKV geographic nomencla-
ture aligns with the automated lineage designations at its base level
(ARI=0.69,P=0.018), with further breaking down of the treein certain
regions such as the Indian Ocean lineage (Fig. 4). The serology-based
nomenclature of VEE, by comparison, is paraphyletic and does not
represent phylogenetic lineages or clades™'. We elected to present
two levels of annotation, reflecting the distinction between VEE gen-
erally and the Venezuelan equine encephalitis virus (VEEV) and its
subtypes. VEEV itselfis successfully identified from VEE by our lineage
approachatthefirstlevel of annotation (ARl = 0.9, P=0.0003). How-
ever, our method was unable to reliably recapitulate VEEV serotypes
atthe second level of annotation (ARI = 0.28, P=0.25; Fig. 5), largely
because of the paraphyletic nature of the serotype-based nomencla-
ture of VEEV.
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v.1.4.4. The CHIKV geographic nomenclature includes AUL (Asian Urban
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Lineage), AUL-Am (Asian Urban Americas), EAL (East African Lineage), IOL (Indian
Ocean Lineage), MAL (Middle African Lineage), SAL (South American Lineage),
ECSA (East Central and South African Lineage) and WA (West African Lineage).

Altogether, these examples show how this method can generate
de novo lineage classification of pathogens, independent of context
and consistent with human intuition. While these specific datasets
may notdemand a highly scalable approach to designation, they show-
case the potential advantages of our methodology in mitigating user
interferencein lineage classification by updating biased nomenclature
systems. This, in turn, enhances the possibility of epidemiological
discoveries that might otherwise be overlooked. This and similarimple-
mentations of the GRImethod will be able to support dynamiclineage
systems for any future pathogen.

Discussion
We have presented anew index-based method, capable of both expand-
ing existing dynamic lineage systems and generating novel lineage
designations for understudied or emerging pathogens. Originally
designed for the demands of the SARS-CoV-2 pandemic, this approach
can be easily applied to any rooted tree with branch lengths scaled by
genetic distance.

Nonetheless, our approach does exhibit a few potential issues,
shared withmany lineage nomenclatures.First, it is defined with respect
to a specific phylogeny. This can be problematic when attempting to

maintain lineages over time, asnew dataare collected and the phylogeny
isupdated. Phylogeneticinferenceis naturally uncertain, and optimiza-
tion of an existing phylogeny may alter lineage relationships or invali-
dateidentified lineages. Inrare cases, lineages may need to be retracted
or redefined, as is the case for current Pango lineages. While these
lineages are generally stable (Supplementary Information), duplicated
samples, duetoredundancy between datasources, canlead toinflated
lineage counts or spurious lineage definitions. Appropriate filters, such
asremoving low-quality or duplicate samples from theinput tree, willbe
necessary to ensure the stability and viability of these lineage systems.

Inaddition, rates inthe variation of sequencing and contribution
to publicrepositories of datamay lead to geographical biasinthe result-
ing designations, where poorly surveilled regions of the world are not
tracked in appropriate detail. We provide methods for users to weight
samples individually or as a group, including a built-in procedure to
normalize the total sample weight across regions with disparate sam-
pling. Expertreview and resources will stillbe required to address the
numerous and subtle biases that may affect the composition of data
underlying these lineage systems.

Another concern is that our default approach assumes that all
mutations are of equal epidemiological importance. In reality, sites
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virus (EVEV), Mucambo virus (MUCV), Tonate virus (TONV), Pixuna virus (PIXV),
Cabassou virus (CABV), Rio Negro virus (RNV), Mosso das Pedras virus (MDPV),
Pirahy virus (PIRAV) and VEEV. The VEEV cladeis labelled in the tree.

associated with critical receptor binding structures or antigens are
probably moreimportant, although with substantial variation between
pathogens. Our implementation of Autolin therefore includes an
option to apply a weight multiplier to specific mutations or amino
acid substitutions, allowing the user to leverage previous knowledge to
produce more epidemiologically relevant lineage labels. For example,
we have integrated information from deep mutational scan data” for
SARS-CoV-2as anoptional parameter in our pipeline, allowing users to
upweightlineage labels that may reflect moreimmune-evasive variants.
This and similar efforts to quantify the epidemiological importance of
genetic changes will remain critical in defining and updating dynamic
pathogen lineage systems.

Finally, recombination' and reassortment in segmented
genomes" can cause some pathogen genomes to have different ances-
tries across their genotype, preventing their full and correct repre-
sentation within a single phylogeny. These events may appear as long
branches onaphylogeny® or prevent the correct reconstruction of the
ancestry for aspecific variant. Computational methods to identify and
address these events® may be integrated with Autolin in the future.

SARS-CoV-2islikely to become an endemic pathogen, similar to the
influenza virus?. Accordingly, thereis likely to be along-term pattern
ofreplacement of existing variants, demanding ongoing designation of
new lineages for effective monitoring of pathogen diversity®. Investing
into infrastructure to reduce manual curation will lead to long-term
consistency and effectiveness of designation.

Overall, this approach for lineage designation is generic, flexible
and applicableto future datasets with unclear nomenclature or expan-
sive phylogenies. In addition, this approach canbe applied outside of
pathogens, allowing for fine-grained evolutionary tracking of diverse
genetic datasets for medical or agricultural research and development.
With global genomic sequencing on the rise, generalized toolkits for

the creation and maintenance of dynamic lineage systems will be criti-
calfor future public health and research challenges.

Methods
Mathematical underpinnings
Alineage system canbe formulated as asender and receiver informa-
tion scenario. The sender possesses the full phylogenetic tree and a
lineage system L, while the receiver possesses only the lineage system
L and the associated mutation paths that define each lineage. S may
or may not be a member of any lineage within system L. If it is, the
receiver already has all ancestry information associated with that
specific lineage L for the sample S. In this scenario, we can compute
how much additionalinformationis required to specify the full ances-
try of sample S.

A single site’s state can be represented by a finite number of bits;
2 bits to represent the state and 15 bits to represent the location, for
SARS-CoV-2.Therefore, the fullancestry path of agivennode N, which
couldbeasampleoraninternalbranch, canberepresented by afinite
number of bits/, proportional to the number of mutations separating
it from the root M.

M
IN)=Y2+15
1

Therefore, the additional information required to specify
the ancestry of sample S, given a flat lineage system with a label at
branchB, is

A(S,B) = {I (S) - I(B)if S € D(B) otherwise

where D(B) is the set of samples descended from a labelled branch B.
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We further refined this concept to represent instead the average
proportion of information about sample S conveyed by a lineage B.
This normalization procedure ensures that all samples are treated
equally and that the lineage itself is an effective representation of
the member samples. By normalizing to total distance, a cluster of
samples near the reference will be treated the same as a similar group
of samples positioned further fromtheroot, given that the groups are
similarly distinct fromtheir last respective lineage labels. We therefore
compute the following:

15)-®B)

P(S,B) = {Tifs € D(B), 1otherwise

We extend this to compute the total amount of information for
a system of multiple lineage branches B. These may be hierarchically
arranged, where a single sample is descended from multiple, nested
lineage labels B; in this case, the minimum value is taken.

Y={B,...,B,}

o=, min{P(S.B): Be YY)

Ser

When adding a new branch B to this system, we can compute the
difference in overallinformation represented by this addition. Adding
a lineage B will always either reduce O(Y) or leave it the same, as any
altered values summed to O(Y) are replaced by a smaller value.

V' ={By, ..., Bns1}
oY) <o)

The difference between O(Y’) and O(Y) can be computed as the
sum of differences in P(S,B) for all samples where B,,., is the terminal
lineage of that sample, that is, where P(S,B,,,) is the minimum value
of P(S,B) for all B. For all other values, P(S,B) is identical and therefore
canbedisregarded.

O —-0(Y) = (({P(S.B) : BE YY) —P(S,Bayy)

SeT

Our goalis to choose the value of B,,,; that maximizes the overall
difference. The first term is constant with respect to B,.,;, so the
difference between choices of B,,, is defined by the remaining term.

C= Y, min({P(S,B) : Be ¥}
SeT

OM—-0()=C— ) P(S,Bn)
SeT

Samples S where B,; is not the terminal (most recent and closest
on the ancestral line) lineage will be valued the same regardless of
the choice of terminal lineage. By splitting the sets accordingly, we
can further divide the term into constant and variable components
with respect to B,,,. All samples on phylogeny T are either a terminal
descendent D, of B,,,; or not, forming mutually exclusive sets that com-
bine to equal all samples on phylogeny T. This allows us to divide the
sum into two components.

SgDBu)=SeT
(S €D (Bra1) [ ) (S € Dy (Buyn)) = @

Y PSBu)= Y

SeT SED(Bns1)

PSBu)+ Y,

S€D(By41)

P(S,Bny1)

P(S,B,.) is valued as 1 when S is not descended from branch B;
therefore, the sum of P(S,B,.;) over the set of S not descended from
B, isequaltoitssize,and we can substitute this valuein our equation.

S & D¢ (Bps1)

1=S¢ Dt(Bn+l)”
S&Di(By41)

2, PS.Bu) = IS & DiBri)ll + ),

SeT S€D(Bps1)

P(S, Bpy1)

0N -0()=C~lS gD Bu)ll= 3, P(5Bpp)

SeD(By41)

where D, is the set of samples for which B is the terminal lineage.
Asall samples in D(B) are necessarily members of D(B), this is equiva-
lent to the following:

5 1($) — I(Bp+1)

OY)=0(Y)=C—IIS & D (Bpya) |l - 15

S€D(Bps1)

We can simplify the magnitude term by exchanging it for terms
thatare constant and dependent onthe set D,(B,.;) and combining the
relevant components with the existing constant and sum.

IS € Tl - 1IS € D Bnyn) Il = IS & De(Bpy)ll

3 1(8) = [(Bn+1)

o) —0Y)=C—-IISeTI+IS€D; (Bl - 1)

€D Barn)
c=Cc-lseTl

1(8) — I(Bns1)

oON-0Y)=C +IISeD; (B, - Z 1(S)

S€D(Bns1)

Both the magnitude term and the sum are dependent on the
number of samples descended from B,,;, so we can replace the mag-
nitude term by subtracting one from the second term on each step
through the sum.

Z 1= ||S ¢ Dt(BnH)”

SED(Bri1)

1) = IBns1) _
1S) -

() = (Busr)

1- 1(S)

SED(Bn41) SED(Bn41)

1
S€D(Bn11)

1)~ I(Brsr)

om-oyy=Cc+ Y 1 16)

SEDBysr)

We canthen further simplify the second term.

[Bns1)
oM-0()=C+ 1-
SGD((ZBHH)( 1) )
1B
om-oy=C+ (/(?)l)

S€D(Bns1)

In practice, we often track the information about the branch /(B)
and the distances to the descendent samples S from that branch B as
explicit quantities.

F(S,B)=1(S)—-1(B)

3 [(Bni1)

oMm-0()=C+ F(S.Byyp) + 1B, + 1)

S€D(Bp+1)
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This equation s the basis of the Autolin heuristic, which isa com-
putationally practical representation of lineage information content.

GRI and the Autolin algorithm

We want to avoid computing the set of samples D, for each node B
on the tree explicitly, as this requires either repetitive traversal or
storinglarge arrays of values. We also choose to consider only branches
B,.. where D(B,.;) equals D(B,,;)—that is, branches with no existing
lineages specific to some of its descendents—to prevent the retroac-
tive definition of parent lineages and ensure the algorithm proceeds
with straightforward, hierarchical levels of annotation at each step.
Theonly dependent term on this set of samples Sis F(S,B,.,). We there-
fore replace this term by dynamically computing the mean F(S,B,,.;)
for all samples S and multiplying the entire equation by the number
of descendents, meaning we have to compute this overall equation
only once. While thisis not exactly equivalent to the sum, except under
special conditions, itis strongly correlated with it and can reduce the
effect of outlier samples onthe overall computation. We also disregard
the constant term when comparing values of D(B,,,,) for this algorithm.

I(Bn+1)

sty FSBrst) )
Sseblns) ) 4 (B
( ID(Bs1)] Brs1)

OM—-0(Y) « [D(Bps1)l -

This allows us to track only three values for each node—the sum of
distances F(S,B), the number of descendents |[D(B)| and the information
ofthe branch/(B), and perform only asingle computation. The sum of
F(S,B) and the number of descendents |D(B)| can both be dynamically
computed by asingle reverse postorder traversal of the tree and stored
assingle float values.

Sum (B) = {branch length of B if children (B)

= @ Y. cechitdren(s) SUM (O otherwise

Count(B) ={lif children(8)=@ )  count(C)otherwise

Cechildren(B)

I(B) can be dynamically computed by a single forward traversal,
as the branch length /(B) is equal to the branch length of B plus the
information of its parent. We perform one pass to compute the sumand
count values, and we track /(B) on the forward pass where candidate
nodes are evaluated. With these values for each node, we can compute
the following:

count(B) - I(B)
sum(B) +I(B)

count(B)

GRI(B) =

Notationally, we use single letters to refer to the values of these
functions forabranch B.

S = sum(B)
N = count (B)
D =I(B)

N-D

24D
N

GRI =

Thisfinal equationisthe GRIheuristic we use to select our lineages.
It does not require identifying the explicit set of descendent samples
D(B), which for large phylogenies either requires storing large vectors
in memory or repeated tree traversal, instead using single values for
the sum and count. It also has useful properties; it can never have a

higher value than N, limiting the effect of extremely long branches, and
approaches O as Sbecomeslarge, where the lineage proposal would be
apoor representative of its descendents.

24D
N
24D
N

In the simplest case, the construction of a lineage system will
involve the stepwise addition of lineage labels. Finding the overall
system that maximizes the relative gain for multiple simultaneous
lineage definitionsis excessively complex and unscalable for systems
of more than a handful of lineages, owing to the extremely high num-
ber of possible combinations of lineage labels to evaluate. However, a
system of arbitrary size can be constructed efficiently through asimple
greedy stepwise algorithm, where the best choice for each stepistaken
without regard for theimpact on potential future choices. Therefore,
ourimplementation computes this metric for every node onthetree,
assigns a new lineage at the highest value node and then repeats this
process until no candidates pass minimum thresholds set by the user.
‘Serial’ or non-overlapping lineages, where

D(L)nD(L) =2

can be assigned by repeating the minimization procedure while
disregardingall samples that are amember of existing lineages. This can
berepeated until some minimum percentage of samples are contained
withinsomeset D(L).

‘Hierarchical’ or nested lineages, where

D(L,) € D(Ly)

canbeassigned by treating L, as the root of the tree, with ancestry
information conveyed with respect to it. There are no other types of
lineagerelationship, as arooted phylogenetic treeis adirected acyclic
graph andlineages are always defined asamonophyletic clade. Itisnot
possible for two clades to partially overlap when they are defined by
internal nodes on a fixed phylogenetic tree.

Restricting generated lineages

There is one obvious failure case with this model; if the number of
lineage labels B is not limited or penalized, every node in the tree can
begivenindividuallabels, reproducing the original phylogeny and all
accompanying information exactly in the lineage system. However,
this degenerate case is not desirable, as the goal of lineage systems is
generally to compress phylogeneticinformation to amore manageable
set of groups while keeping key elements. Two simple restrictions are
aminimum lineage size and a minimum distinction from the parental
lineage or root.

To require a minimum number of samples to be represented
by a putative lineage label, we define a minimum m and we subtract
the weighted mean information represented by a theoretical set of
msamples withthe same path length distribution from the true infor-
mation distribution for the node. If the net information represented
is negative, then we reject this node as a candidate for a new lineage
definition. We define the following inequality:

N-—m)-D
(SL)>O
24D
N

Essentially, we require that N> m, where m is a user-selected
parameter, to define anew lineage. Setting this to some positive value
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will produce only proposed lineages that convey some information
about at least that many leaves.

Similarly, we can set a minimum distinguishing distance
from the subtree root or parent lineage. Often lineage designation
systems require some number of distinguishing mutations for a new
sublineage. We therefore define the following inequality:

N-0-p)
24D
N

When p < D, this value is negative and we reject this candidate
node. Setting this to 2, for example, will produce only lineages that
convey at least two unique mutations distinct from the parent lineage
or tree root. Combining both of these filters, we reject nodes where
either orboth of theseinequalities are not passed. Together, this allows
automatic proposals to fulfil standard conditions required by lineage
nomenclature review groups.

Additional parameters

Our pipeline implementation includes a substantial set of configur-
able parameters. These include minimum lineage size and minimum
distinction, as outlined above. We also can simply threshold on the
GRlitself, ignoring marginal designations that containrelatively little
additional information.

Notably, we can additionally incorporate arbitrary sample-level
weighting. This allows our lineage system to prioritize effective rep-
resentation of high-interest samples. R(S), below, is a function repre-
senting the ‘importance’ of sample S. This might be high forasample S
froman under-sequencedregion, or lower forasample S from a heavily
sequenced time or place.

W= 3 RES)

SeD(B)

Samples from regions that contribute a small percentage of all
samples will have substantially higher weights than ones from regions
that contribute alarge percentage of sequences, although all samples
will have a weight greater than 1 under this schema. This is just one
potential weighting schema for handling geographic sequencingbias,
and the user can define any schema and set weights on a per-sample
basis.

Similar concepts can apply to computing path lengths—we may
consider only part of the haplotype, or assign additional weight to
specific mutations of interest that we want our lineage system to pri-
oritize representing. We provide options for the user to select genes
ofinterest for representation, as well as the ability toignore mutations
that do not change the amino acid content of proteins and represent
coding haplotypes only.

We also provide arbitrary weighting schema for mutations of
interest, similar to samples. As an example, we provide a parameter
that heavily weights mutations that are predicted to increase vaccine
escape”. This parameter multiplies the escape weight value estimated
by the Bloomlab calculator by the user’s parameter and adding 1. In this
schema, mutations that are not predicted to contribute to immune
escape have a weight of 1, while mutations that do contribute have
aweight greater than 1that is proportional to the strength of escape
conferred. Theresulting lineage systemis more likely toinclude desig-
nations that have achange inimmune escape. Thisis just one possible
schema, and the user can define weights on a per-mutation basis in
ourimplementation.

All parameters and configuration information used in the
production of these results can be found in Supplementary Data 1.

Sorting and prioritizing novel lineages with simple Bayesian
growth modelling

In some cases, curators may prefer to designate a smaller number
of lineages that are of higher apparent epidemiological impact, to
improve the average impact and simplicity of the lineage system. In
this case, our approach can be applied toidentify many individual line-
age candidates, which can then be filtered and prioritized according
to lineage-level statistics. While many simple filters we support, such
as the number of countries a lineage has been detected in, are simply
applied to the tabular report, we do also provide a more informed
sorting schemabased on lineage growth.

To sort putative lineages for manual inspection after the initial
designation procedure, we fit ageographically stratified exponential
growth model to each proposed lineage using Markov Chain Monte
Carlo. Bayesian methods of this type are appropriate for inference
with small, noisy datasets, as the uncertainty in the model is directly
quantified. Our simplified Bayesian growth model is a geographi-
cally stratified estimate of afundamental rate of exponential growth
over a weekly time series. We model the true percentage P of cases
in country C that are of lineage L as increasing in an approximately
exponential fashion. This is appropriate for newly emerging line-
ages that consist of a small percentage of total cases in any country
where they are found but are successfully spreading. Each data point
consists of the total number of samples from lineage L found in a
specific country during a specific week. We assume that the inherent
exponential growth coefficient for L is shared across all countries in
which it is found and combine all data points across countries and
times for each lineage. The first week that any sample from lineage
L was found in country Cis treated as the initial timepoint (¢ = 0) for
data from that country.

We do not directly observe the true percentage of cases P that
are of lineage L. Instead, some number N of all cases are sequenced,
and we observe some number X of these samples to be lineage L.
As the number of cases is much larger than the number of samples,
we can model this process as a binomial sampling procedure with
Ntrials and a probability of success being the true percentage P.

Our Bayesian model combines both this sampling procedure
and the exponential growth model to yield a posterior distribution
of growth values that can explain the behaviour of lineage L. Often
these distributions are wide, owing to sparse sampling and noise over
few data points. In addition, some lineages may not fit an exponential
growthmodelatall, owing to being outcompeted by newly introduced
lineages or simple epidemiological noise, leading to highly variable
estimates of growth. Accordingly, we compute the 0.025 and 0.975
quantiles (95% CI) for this distribution for each lineage L and sort the
output by the lower quantile. Lineages with alarge positive value for the
lower quantile will reliably resemble a high exponential growth model
and are more likely to be of epidemiological concern.

This model is extremely simple compared with standard epi-
demiological models owing to the constraints of available data and
necessary speed. A more complex model would require metadata
unavailable for most genome sequences, such as patient symptoms
and other protected healthinformation. Instead, this model only con-
siders the changein the proportion of sequences from different areas
belongingtoagivenlineage over time. Results from this approach will
accordingly suffer from variance from differences in national health
policy and sequencing strategy with respect to patient symptoms. It
additionally may be biased by the presence and distribution of com-
peting variants across different localities, as well as local vaccination
levels and overall population susceptibility. Because of these limita-
tions, this model does not directly inform the initial designation of
lineages, but instead serves as an optional out-of-the-box solution
for users to highlight putative lineages that may be ofimmediate and
critical public healthimportance without substantially adding to the
overall compute time for the pipeline.
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All code for our modelling and reporting process can be found
at https://github.com/jmcbroome/lineage-manuscript and
https://github.com/jmcbroome/autolin.

Applying Autolin to other pathogens

To validate that this method can be applied to pathogens other than
SARS-CoV-2, we selected two Nextstraininstances for CHIKV and VEE,
whichare currently classified based on their geography and serology,
respectively. We applied our generalized implementation (https://
github.com/jmcbroome/automated-lineage-json) under default set-
tings for the Auspice JSON files of each virus (CHIKV Nextstrain build
5.1availableat https://doi.org/10.5281/zenodo.7514289 and VEE Next-
strainbuild 2.1available at https://nextstrain.org/groups/ViennaRNA/
VEEnext (https://doi.org/10.5281/zenodo.7524848)) to obtain lineage
assignments. These NextstrainJSON files were generated by the Augur”
pipeline (Nextstrain-Augur v19.1.0, Treetime v0.9.4, IQ-TREE v2.2.0).
We then downloaded the Nexus file with annotations from the new
JSON file from Nextstrain and visualized and compared the annota-
tions using FigTree v.1.4.4. Tree figure comparisons were made by
extractingthemin pdfformatasshowninFigTree, mirrored and aligned
on a photo-editing software. Taxon labels were coloured according
to the lineage assignment and were replaced with bars representing
the colour of the lineage for best visualization.

There was no available Auspice build for the ZIKV nomenclature®.
We therefore had to construct a mutation-annotated tree (MAT) to
make a file compatible with Autolin. We obtained the phylogeny
directly fromthe authors and sample names and lineage assignments
fromtheir Supplementary Table 3. We downloaded sample sequences
using the Entrez APl and aligned them to the same Zika reference
(KJ776791) used in a previous study® with Minimap2** to produce a
variant call format (VCF) file. We then combined this VCF file and their
likelihood phylogeny into a MAT with likelihood branch lengths using
UShER’. We applied Autolin to this MAT with a minimum lineage size
of 3 and a minimum distinction (distance in total branch length from
the last annotated lineage) of 0. Finally, we extracted the new lineage
annotations for each sample using matUtils’. Strictly, the mutations
inferred did not affect this process, as the GRI is dependent on the
branch lengths, but constructing the MAT was necessary to make
the data compatible with the Autolin implementation of the GRI. All
code to reproduce this process can be found at https://github.com/
jmcbroome/lineage-manuscript. Figure Swas produced as described
above with FigTree.

We compared the automated lineage assignments with the previ-
ous nomenclature using the ARI. We used the ARl instead of identify-
ing best-match lineages via the Jaccard as we did for the comparison
directly to Pango because of the relative flatness of the relevant sys-
tems; ARl is well suited to comparing two discrete sets of labels, dis-
regarding hierarchy. While Autolin may be much finer grained at the
terminal level compared with a given nomenclature, we consider it
to be a success if the existing nomenclature is largely captured by
some higher level of Autolin labels, indicating that Autolin has identi-
fied these relevant groups along with potentially relevant subgroups.
Therefore, we compared the set of terminal lineages for the preexisting
systems for each pathogen individually with each level of annotation
produced by Autolin, disregarding metaclusters of related annota-
tions on that level, and noted the highest value. A similar process for
Pango would require dividing Pango into several hierarchical levels,
along with the automated system, and performing a large number of
pairwise comparisons, which in turn reduces our power to detect sta-
tistically significant commonalities. For these other pathogens, with
shallower lineage systems, this process is more tractable. To establish
anull distribution, we randomly selected nodes in the amount of the
number of categories found for each annotation to create adistribution
ofrandom ARIs to evaluate the robustness of the method. By selecting
randomnodes withinthe tree and taking their descendents to construct

our nullcomparisons, we account for natural correlation from the tree
structure, while the ARl itself accounts for variations in group sizes. We
then compute the percentile of the true ARI of our lineage proposals
against the existing nomenclature from the permuted null distribu-
tion, yielding the reported P values. All code for this can be found at
https://github.com/jmcbroome/lineage-manuscript.

Reporting summary
Furtherinformation onresearch designisavailableinthe Nature Port-
folio Reporting Summary linked to this article.

Data availability

AlISARS-CoV-2 phylogenies are available from http://hgdownload.soe.
ucsc.edu/goldenPath/wuhCorl/UShER_SARS-CoV-2/. Processed and
raw CHIKYV, VEE and Zika phylogenies are available at https://github.
com/jmcbroome/lineage-manuscript/. Interactive Nextstrain views of
the phylogeny for CHIKV canbe found at https://nextstrain.org/groups/
ViennaRNA/CHIKVnext and for VEE at https://nextstrain.org/groups/
ViennaRNA/VEEnext. Interactive views for the SARS-CoV-2 and Zika
phylogeny may be obtained by downloading the protocol buffer (pb)
files from https://github.com/jmcbroome/lineage-manuscript/ and
uploading them to https://taxonium.org/. The list of Zika accessions
referencedinthis paperareavailableinthe supplementofref.13 (https://
academic.oup.com/ve/article/8/1/veac029/6555351#351081937) with
additionalinformation at https://github.com/seabrasg/zika_diversity.

Code availability

Allsoftware for lineage designation and analysis is available on GitHub,
at https://github.com/jmcbroome/autolin (ref. 25), https://github.
com/jmcbroome/lineage-manuscript (ref.26) and https://github.com/
jmcbroome/automated-lineage-json (ref. 27).
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