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Genomic and epidemiological monitoring have become an inggral part of our response
to emerging and ongoing epidemics of viral infectious diseses. Advances in
high-throughput sequencing, including portable genomic squencing at reduced costs
and turnaround time, are paralleled by continuing developents in methodology to infer
evolutionary histories (dynamics/patterns) and to iderfyi factors driving viral spread in
space and time. The traditionally static nature of visualizg phylogenetic trees that
represent these evolutionary relationships/processes tsalso evolved, albeit perhaps
at a slower rate. Advanced visualization tools with increa&sl resolution assist in drawing
conclusions from phylogenetic estimates and may even havegiential to better inform
public health and treatment decisions, but the design (and lwice of what analyses
are shown) is hindered by the complexity of information emhtoded within current
phylogenetic models and the integration of available metdata. In this review, we discuss
visualization challenges for the interpretation and expiation of reconstructed histories
of viral epidemics that arose from increasing volumes of segence data and the wealth
of additional data layers that can be integrated. We focus osolutions that address joint
temporal and spatial visualization but also consider whatt future may bring in terms of
visualization and how this may become of value for the comingra of real-time digital
pathogen surveillance, where actionable results and adeie intervention strategies
need to be obtained within days.
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1. VIRUS EPIDEMIOLOGY AND EVOLUTION

Despite major advances in drug and vaccine design in rececaidiss, viral infectious diseases
continue to pose serious threats to public health, both as dlpheell-established epidemics
of e.g., Human Immunode ciency Virus Type 1 (HIV-1), Dengu@us (DENV) or Hepatitis
C virus (HCV), and as emerging or re-emerging epidemics of, &ia virus (ZIKV), Middle
East Respiratory Syndrome Coronavirus (MERS-CoV), Measles {WV), or Ebola virus
(EBOV). E orts to reconstruct the dynamics of viral epidemiwve gained considerable attention
as they may support the design of optimal disease control andtrirent strategies1( 2).
These analyses are able to provide answers to questions onivitisel processes underlying
disease epidemiology, including the (zoonotic) origin amding of virus outbreaks, drivers of
spatial spread, characteristics of transmission clustedsfactors contributing to enhanced viral
pathogenicity and adaptatior3{5).
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Theys et al. Visualization for Viral Phylodynamics

Molecular epidemiological techniques have proven to be@hylogenetic tree visualization e orts constituted an intdgra
important and e ective in informing public health and part of phylogenetic inference software packages and as such
therapeutic decisions in the context of viral pathogefis®), were restricted to simply showing the inferred phylogenies on
given that most of the viruses with a severe global diseasecommand line or in a simple text le, often even without an
burden are characterized by high rates of evolutionary gean accompanying graphical user interface. The longstanding fise o
These genetic changes are being accumulated in viral genonphylogenies in molecular epidemiological analyses has haweve
on a time scale similar to the one where the dynamicded to the emergence of increasingly feature-rich visa#bn
of population genetic and epidemiological processes can heols overtime. The advent of the new research disciplinek as
observed, which has lead to the de nition of viral phylodynami phylogenomics and phylodynamics necessitated more complex
as the study of how epidemiological, immunological, andvisualizations in order to accommodate projections of pattog
evolutionary processes act and potentially interact to shapdispersal onto a geographic map, ancestral reconstruction of
viral phylogenies §). As such, phylogenetic trees constitute avarious types of trait data and appealing animations of the
crucial instrument in studies of virus evolution and moléau  reconstructed evolution and spread over time. Tree visatbns
epidemiology, elucidating evolutionary relationships begw resulting from these analyses are also complemented by visual
sampled virus variants based on the temporal resolution in theeconstructions of other important aspects of the model
genetic data of these fast-evolving viruses that allowdlvieg)  reconstructions, such as population size dynamics over time,
their epidemiology in terms of months or years. Throughtransmission networks and estimates of ancestral statesdits
the integration of population genetics theory, epidemiolagiic of interest throughout the treel).
data and mathematical modeling, insights into epidemiatagi Across disciplines, adequate visualizations are pivotal to
immunological, and evolutionary processes shaping genet@ommunicate, disseminate and translate research ndimgs i
variation can be inferred from these phylogenies. The eld oimeaningful information and actionable insights for clinica
phylodynamics has generated new opportunities to obtain a moresearch and public health o cials. The aim to improve data-
detailed understanding of evolutionary histories—thrbugne  driven decision making ts within a broader scope to estaibs
as well as geographic space—and transmission dynamics of bathiversal data visualization literac®). To this end, enhancing
well-established viral epidemics and emerging outbre8ksJ). collaborations and dissemination of visualizations ig@asingly

The ability of molecular epidemiological analyses, andichieved through sharing of online resources for hosting
phylodynamic analyses in particular, to fully exploit theannotated tree reconstructiond?), online workspacesl@ and
information embedded in viral sequence data has signi bant continuously updated pipelines that accommodate increasing
improved through a combination of technological innovat®on data ow during infectious disease outbreaksd) (see further
and advances in inference frameworks during the past decadections for more information and examples of these packages).
From a data perspective, genomic epidemiology is becomin@iven the plethora of options for presenting and visualizing
a standard framework driven by high-throughput sequencingesults, and its importance for e ectively communicating hwit
technologies that are associated with reduced costs arawide audience, choosing the appropriate representation and
increasing turnover. Moreover, the portability and potentidl visualization strategy can be challenging. Recent work @m th
rapid deployment on-site of these new technologies enable thepic focuses on navigating through all the available viga&bn
generation of complete genome data from samples within hourgptions by o ering clear guidelines on how to turn large datase
of taking the samplesl(). This rising availability of whole- into compelling and aesthetically appealing gur@s)(
genome sequences increases the resolution by which leigtori
events and epidemic dynamics can be reconstructed. From
a methodological perspective, new developments in statistic?, A FRAMEWORK FOR VISUALIZATION
and computational methods along with advances in hardware
infrastructure have allowed the analysis of ever-growiagad A large array of software packages for performing phylogenetic
sets, the incorporation of more complex models and theand phylodynamic analyses have emerged in the last decade,
inclusion of information related to sample collection, infed¢ in particularly for fast-evolving RNA viruses [se&(] for a
host characteristics and clinical or experimental statenégally recent overview]. A more recent but similar trend can be
known as metadatap(10, 12, 13). seen for methodologies and applications aimed at visualizatio

In contrast to a marked increase in the number of softwareof the output of these frameworks. In addition to the
packages targetting increasingly e cient but complex approacheneed to communicate these outputs in a visual manner,
to infer annotated phylogenies by exploiting genomic dataan increasing recognition for the added value of adequate
and the associated metadata, the intuitive and interactiveisualization for surveillance, prevention, control andaiment
visualization of their outcomes has not received the sanggede of viral infectious diseases has resulted into the mergihg o
of attention, despite being a key aspect in the interpretatiomlata analytics and visualization, with the visualizatiopess
and dissemination of the rich information that is inferred. being increasingly considered as an elementary component
Phylogenies are typically visualized in a rather simplistmmer,  within all-round analysis platforms. This review illustratéhe
with the concept of depicting evolutionary relationships wsen  evolution in phylogenetically-informed visualization madtti@s
tree structure already illustrated in Charles Darwin's etmbok for evolutionary inference and epidemic modeling based on
(1837) and his seminal book “The Origin of Speciegs)(Early viral sequence data, evolving from an initial purpose to serve
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basic interpretation of the results to an in-depth translatiof  the limits of their capacity to comprehensibly present analysis
complex information into usable data for virologists, resbars results of large datasets. Promising developments and gieate
and public health o cials alike. Novel features and innowati are becoming available that move visualization beyond tiad g
approaches often stem from a community need, which can bef communicating and synthesizing results, and actively play
translated into a speci ¢ challenge to be addressed by cuareth  an important role in providing analytics to better understand
future software applications. Throughout this article, weatdiss evolutionary and demographic processes fueling viral dispersa
some of the major bottlenecks for interpretation and viszation  and pathogenicity.
of phylodynamic results, and subsequently solutions thatehav
addressed or can address these challenges.
A closer inspection of how tools for manipulation,
visualization and interpretation of evolutionary scenario 3. VISUALIZATION CHALLENGES AND
have steadily grown over time reveals di erent trends ofiegt. SQOLUTIONS
First, visualization needs for phylodynamic analyses arg ver
heterogeneous in nature, driven by the intrinsic objectivePhylogenetic tree visualizations have played a central role
to better understand viral disease epidemiology. Due to theince the earliest evolutionary and molecular epidemioklgic
increasing complexity and interactivity of the various agpec analyses of fast-evolving viral pathogens. The rst computer
that make up phylodynamic analyses, the gradual change jprograms aimed at constructing phylogenies [e.g., PAUP2,
visualization tools has resulted in a wide but incompletegan 23), and PHYLIP; 24)] were only equipped with minimal
of solutions provided (illustrated by the Wikipedia list of tree drawing and printing facilities, limited by the availab
phylogenetic tree visualization softwéyeSoftware applications operating systems and programming languages of that time.
for phylodynamic analyses have extended into investigationStandalone, phylogenetically-oriented programs [e.g., MUST,;
of population dynamics over time, trait evolution and spatio-(25 and later on Treeview;2()] were speci cally developed
temporal dispersal, while still using a phylogenetic tree a® interact with tree reconstruction output and to ease tree
their core concept. While we will focus predominantly on theediting and viewing. Even as phylogenetic inference became
concept of a phylogenetic tree as the backbone of phylodynamicherently more sophisticated, for example with the development
visualization, these analyses also produce other types plibut of Bayesian phylogenetic inference and the release of initial
that go beyond visualizing phylogenies, especially when itersions of MrBayes2()) which contained sophisticated search
comes to trait data reconstruction. Second, the continuingtrategies to ensure nding the optimal set of phylogeneties,
advances in visualization—which try to keep up with inciegs these software packages still contained their own textebase
complexities in the statistical models employed—not onlyltes visualization component(s).
in more features being available for end users to exploity the However, over time a wide range tree visualization software
may also come at an increased cost in terms of usability andas been released, oering a continuous increase of tree
responsiveness. Formats for input and output les have incr@asevisualization and manipulation functionalities. These pagpés
in complexity, from simple text les to XML speci cations and have been developed as either standalone software packages
(Geo0)JSON le formats for geographical features. Readingyr have been integrated into larger data management and
understanding and editing such les may prove to be aanalysis platforms [e.g., MEGA]. The numerous all-round
challenging task for practitioners. However, most viswlan  programs available to date o er a range of similar basic tree
tools do not expose these complexities to their users and o eediting capabilities including the coloring and formattinof
an intuitive point-and-click interface and/or drag-and@p tree nodes, edges and labels, the addition of numerical or
functionality for customizing the visualization1). Despite textual annotations, searching for specic taxa as well as the
such intuitive interactivity, intricate knowledge and artzén  re-rooting, rotation and collapsing of clades. Dierent tree
amount of programming/scripting experience is often requiredformats can be imported and again exported to various textual
for those users who want to customize and/or extend theiand graphical formats (e.g., vector-based formats: portable
visualization beyond what the application has to o er. Third, document format (pdf), encapsulated postscript (eps), scalable
visualization goals tend to become context-dependent itribé  vector graphics (svg), ...). A limited set of applications
all phylodynamic analyses deal with the same sense of urgengyovide more advanced visualization functionalities thahlele
with established epidemics requiring di erent prevention andinteractive visualization and management of highly custzedi
treatment strategies than outbreak detection and surveita and annotated phylogenetic trees. Nevertheless, major ésirdl
For example, in established epidemics (e.g., HIV-1) thefocustill exist that hinder adequate communication and interjatéeon
may be on identifying (important) clusters within a very larg of phylodynamic analyses. These hurdles mainly relate to
phylogeny (7), whereas analyses in ongoing outbreaks oftethe scalability of the visualization, highlighting uncarity
determine whether newly generated sequences correspond dssociated with the results and the interactive renderifig o
strains of the virus known to circulate in a certain regiordary  available metadata. Recent innovative developments attempt t
to establish spillover from animal reservoitsl). Finally, despite tackle these bottlenecks, although some tools are speli cal
the major achievements so far, visualization tools arehiegc directed toward addressing a single (visualization) chgkeiVe
here provide an overview of such challenges, along with example
Ihttps://en.wikipedia.org/wiki/List_of_phylogenetic_tresualization_software ~ Of gures generated by software packages that aim to tackkethe
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challenges. Note that all of our visualization exampleslao&va  a set simultaneously and transparently, and the di erent oaitpu
in the Evolving visualization examplesction below. visualizations highlight various aspects of tree uncetjain

First, a major challenge is the ever-increasing size of dafeor time-scaled phylogenetic trees, uncertainty in diveogen
sets being analyzed, leading to diculties with navigatingtime estimates of ancestral nodes (e.g., 95% highest pasterio
through the resulting phylogenetic trees and to problemslensity (HPD) intervals) is usually displayed with a horizontal
with interpreting the inferred dynamics, not only from a (node) bar (se€&igure 1for an example). Additionally, ancestral
computational perspective (e.g., torender large imagesimelyi  reconstructions of discrete or continuous trait stateshat inner
manner) but also from the human capability to deal with highnodes of a tree are increasingly facilitated by various pdistic
levels of detail. Software packages that mainly aim to vimial frameworks, and these inferences are also accompanied by
phylogenetic trees as well as those that target more brogmbsterior distributions describing uncertainty. To visizal this
analyses have implemented various solutions to accommodatecertainty, PastML 3) inserts pie charts at inner nodes to
systematic exploration of large phylogenies. Dendrosc@gg ( show likely states when reconstructing discrete traits acthe
was one of the rstvisualization tools aimed at large phyldgsn evolutionary history of drug resistance mutations, while Spr2
with its own format to save and reopen trees that had beel40) is able to depict uncertainty of continuous traits, e.g., as
edited graphically, o ering a magni er functionality to fosu polygon contours for (geographical) states at the inner n¢sies
on speci c parts of the (large) phylogeny. Follow-up versiong40) for an example]. Much like the visualization packages that
(30) focused on rooted phylogenetic trees and networks, antbcus on large phylogenies (see above), the applications listed
o ered parallel implementations of demanding algorithms for here have their own speci c focus with sometimes limited dser
computing consensus trees and consensus networks to ircreas functionality.
responsiveness. Phylo.i®lj improves the legibility of large trees A third challenge consists of the visual integration of
by automatically collapsing nodes so that an overview oftbe t metadata with phylogenetic trees—often in the form of
remains visible at any given time. iTOL1), but see below] either a discrete and/or continuous trait associated wititle
and IcyTree 82) also provide intuitive panning and zooming sequence—which is in part related to the previous challenge
utilities that make exploring large phylogenetic trees of gnanconcerning uncertainty of trait reconstructions. Incorptirey
thousands of taxa feasible. The PhyloGeoToal))}( also see virus traitinformation (e.g., drug resistance mutationgatment
Figure 4 eases navigation of large trees by performingen activity scores) or host characteristics (e.g., gender, &gk
priori iterative clustering of subtrees according to a prede nedyroup) in phylogenetic inference can substantially facitdte
diversity ratio, as well as pre-rendering the visualizatioh interpretation for end users and accelerate the identi catio
those subtrees enabling uent navigation. PastMi3)(allows of potential transmission patterns. Tree reconstruction and
visualizing the tree annotated with reconstructed an@@sirates visualization software generally share a set of basic apasat
as a zoomable HTML map based on the Cytoscape framewof&r coloring taxa, branches or clades according to partial or
(34). PastView 85) o ers synthetic views such as transition maps,exact label matches. While these annotations can be pertbrme
integrates comparative analysis methods to highlight agess#s  manually using a graphical user interface, this can be time-
or discrepancies between methods of ancestral annotatiom®nsuming and is prone to errors. Hence, several software
inference, and is also available as a webserver instanapetége programs o er functionalities to automate the selection and
(36) initially collapses branches if there are more than 20,00@nnotation of clades of interest, for example through the use
nodes in the tree and then uses a static layout that splitsréee t of JavaScript libraries [e.g., PhyD341), SpreaD3; 40)]—
layout task into a series of sequential node layout tasksh Wi also sed-igure 3—or Python toolkits [e.g., ETE4D), Baltic;
the development of many packages targetting the visualizafio (43)]. Alternatively, drag-and-drop functionality of plain xé
large phylogenies in recentyears, the question arises whigtly ~ annotation les generated with user-friendly text editorsifaate
will continue to be maintained and extended with novel feats  this process, as is for example the case in iTQB.(These

A second challenge lies with the fact that phylogeniescripting visualization frameworks also foster more intetree
represent hypotheses that encompass di erent sources of erraditing through their functionalities to annotate inner des,
and the extent of uncertainty at dierent levels should beclades and individual leaves with charts (pie, line, bartrheg,
presented accordingly. Bootstrappirig) and other procedures boxplot), popup information, images, colored strips and even
are often used to investigate the robustness of clustenng imultiple sequence alignments. Even more advanced integratio
estimated tree topologies,. Numerical values that express tle orts entail the superimposition of tree topology with layers
support of a cluster are generally shown on the internabf information on geographical maps, such as terrain elevation
nodes of a single consensus summary tree [e.g., FigTragpe of landcover and human population density [e.g., R package
(39)] or by a customized symbol [e.g., iTOL]1g)]. Although  seraphim; {4, 45)].
conceptually dierent, posterior probabilities on a maximum  Finally, visualization and accompanying interpretation are
clade credibility (MCC) tree, majority consensus tree onest a critical component of infectious disease epidemiological
condensed trees from the posterior set of trees resultingnfro and evolutionary analyses. Indeed, many researchers use
Bayesian phylogenetic inference can be shown in a similaisualization software during analyses for data explomtio
manner. An informative and qualitative approach to represenidentifying inconsistencies, and re ning their data seteénsure
the complete distribution of rooted tree topologies is prowdde well-supported conclusions regarding an ongoing outbreak. A
by DensiTree [§9); also se&igure 10, which draws all trees in such, the visualizations themselves are gradually re ned a
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improved over the course of a research project, with the nalprobability distributions for the inferred location and hosaits
gures accompanying a publication often being post-processedt those internal nodes.
versions of the default output of a visualization package or Figure 1shows the visualization of the MCC tree in FigTree,
customly designed to attract a wide audience, both throughvith internal nodes annotated according to the posterior
the journal's website and especially social media [see e.gncestral location state probabilities within the MCC tree.
(5)]. On the other hand, the advent of one-stop platformsAs expected, one can observe that posterior support for the
[MicroReact; {6) and Nextstrain; {9, 47), also se€igure § that  preferred ancestral location decreases from the obseryed ti
seamlessly connect the di erent steps of increasingly compleoward the root, in other words the further we go back in time,
analyses and visualization of genomic epidemiology anthe more uncertain the inferred location states become.oAll
phylodynamics allows automating this process. Applicatiomas th the information required to make the FigTree visualization
are exclusively tailored toward tree manipulation and vieyi Figure 1is contained within a NEXUS le, containing all of the
are starting to o er management services and registration oéncestral trait annotations, which we use as the (only) input f
user accounts [iTOL;1@)], while command-line tools (Gotree; the FigTree §9). The standard Newick le format itself does not
https://github.com/evolbioinfo/gotree) aimed at maniptitly  contain such trait annotations but remains in popular use for
phylogenetic trees and inference methods (PASTMR3) ( storing phylogenetic trees and is hence supported by most (if
increasingly enable exporting trees that can directly beaot all) phylogenetic visualization packages. In general ewe
uploaded to iTOL, supporting the automation of scripting Newick and other older formats (e.g., NEXUS) o er limited
and analysis pipelines. expressiveness for storing and visualizing annotated pleyletic
trees and associated data, which has lead to extensionbi$or t
format being proposed [e.g., the extended Newick forniad)](
4. EVOLVING VISUALIZATION EXAMPLES FigTree allows users to upload annotation information foeth
sequences in the analyzed alignment in the form of a simple tab-
In the previous sections, we have already covered a wide randelimited text le, and a parsimony approach can be used to infer
of software packages for visualizing phylogenetic trees #s wthe most parsimonious state reconstruction for the internadias
as their associated metadata, which may or may not be used from those provided for the tips. iTOLL) is another application
a joint estimation of sequence and trait data [for an ovewie that can take an MCC tree as its input le and allows annotating
of integrating these data types in various inference framik®/o branches and nodes of the phylogenetic tree using descriptions
for pathogen phylodynamics, we refer t9) We here organize provided through the use of simple text les in which custom
our visualization examples into di erent broader categoriesvisualization options can easily be declar&iyre 2). iTOL is
di erent approaches toward visualizing associated trait dat&ven suited for showing very large trees (with more thana®,0
with a focus on phylogeographyigures £3), browser-based leaves) with Webkit-based browsers—such as Chromium/Google
online applicationsigures 4 5), applications that use existing Chrome, Opera and Safari—o ering the best performance.
libraries such as those available in R, Python and JavaSeript = Newer input/output le formats for phylogenetic trees and
example Figures 6 7), non-phylogenetic visualizations typically their accompanying annotations, including the XML-based
associated with pathogen phylodynami&sglre 8), and nally  standards PhyloXML55 and NeXML 66), have the bene t
custom-written code or applications that focus on assessingf being more robust for complex analyses and easier to
phylogenetic uncertaintyHigures 9 10). process and extend. In particular, applications of phylodynamics
As a rst example, we illustrate the development of innovativeaimed at reconstruction and interpretation of spatio-temgora
visualization software packages on the output of a Bayesidnistories have become broadly and increasingly applied in
phylodynamic analysis of a rabies virus (RABV) data setiral disease investigations. The incorporation of geogiegih
consisting of time-stamped genetic data along with two @iter and phylogenetic uncertainty into molecular epidemiology
trait characteristics per sequence, i.e., the sampling lmeatin -~ dynamics is now well-establishedb3 57), and dedicated
this case the state within the United States from which thegdam developments from a visualization perspective have soon
originated—and the bat host type. This RABV data set comprisdsllowed to accommodate the outcomes of these models. Early
372 nucleoprotein gene sequences from North American badttempts include the mapping of geo-referenced phylogenetic
populations, with a total of 17 bat species sampled between 198¥%a to their geographical coordinates [e.g., GenGis), (
and 2006 across 14 states in the United Staf@s (We used Cartographer; 9], while more recent e orts of joint ancestral
BEAST 1.10%1) in combination with BEAGLE 313) to estimate reconstruction of geographical and evolutionary histoeesble
the time-scaled phylogenetic tree relating the sequendmsga visual summaries of spatial-temporal diusion through the
with inferring the ancestral locations of the virus usingayBsian interactive cartographic projection using GIS- and KML-based
discrete phylogeographic approachB) and, at the same time, virtual globe softwaref(). The latest developments generalize
infer the history of host jumping using the same model approachtoward interactive web-based visualization of any phylegien
Upon completion of the analysis, we constructed a maximunirait history and are based on data-driven documents (D3)
clade credibility (MCC) tree from the posterior tree diswifion  JavaScript libraries and the JSON format to store geographic
using TreeAnnotator, a software tool that is part of the BEASTand other tree-related information4(). As an example, we
distribution. This MCC tree contains at its internal noddset have created a web-based visualization of our analyzed RABV
age estimates of all of the internal nodes, along with discre data set by loading the obtained MCC tree into the SpreaD3
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FIGURE 1 | FigTree allows visualizing various tree formats, inclugjrmaximum clade credibility trees from Bayesian phylogeniet analyses 88). External and internal
nodes can easily be annotated using the information in the soce tree le, and the time information within the tree allowsdding a time axis which facilitates
interpretation. Annotations shown here for the RABV data sere the 95% highest posterior density (HPD) age intervalsd the most probable ancestral location state
at each internal node, with the circle width correspondingd the posterior support for the internal location state recostruction.

(40) phylodynamic visualization software package Gigere 3).  the estimated location of origin in the state of Arizona and
SpreaD3 actually consists of a parsing and a rendering modulgacking the RABV spread as it disperses to all of the 14 states
with the former obtaining the relevant information out of in our data set.

the MCC tree and the latter converting this information into  The SpreaD3 visualization ifrigure 3 is an example of

a (Geo)JSON le format, potentially in combination with a an increasing trend toward web-based software tools that ca
geographic map, which can easily be downloaded from websitesn in any modern browser, making them compatible with

o ering GeoJSON les of dierent regions of the world and all major operation systems, without requiring any additibna
with di erent levels of detail. The generated output consists software packages to be installed by the user. A distinction can
an in-browser animation that allows tracking a reconsteett be made between browser-based tools that are able to work
epidemic over time using a simple slider bar, with the pos$jbili without internet access [Phylocanvas; (http://phylocarvag,

to zoom into specic areas of the map. lRigure 3 we show phylotree.js; §1), IcyTree; 82, SpreaD3;40), PhyloGeoTool;

the reconstructed spread of RABV across the United States €it7), seeFigure 4] or that are only accessible online [iTOL;
four di erent time points throughout the epidemic, startingthi  (18), phylo.io; 31)]. Web-based visualization platforms enhance
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FIGURE 2 | Interactive tree of life [iTOL;1g)] visualization of the MCC tree for RABV. Rather than expiioig the annotations within an MCC tree, iTOL allows importg
external text les with annotations through an easy drag-anetirop interface. We have here colored the tip nodes accordig to the bat host species (outer circle) as
well as the sampling location (inner circle) corresponding each sample. Many visual aspects can be set this way and améensive online help page is available.

collaborations and output dissemination in a very e cient include data curation, analysis and visualization compdsgen
and simple manner through their ability to share web linkswith Nextstrain as its most popular exampld9. On the
of complex and pre-annotated tree visualizations. Transfgrr data side, Python scripts maintain a database of available
genomic data and associated data to an online service majénv sequences and related metadata, sourced from public repiesitor
privacy issues which is not the case for tools that execute daas well as GitHub repositories and other (more custom-made)
processing purely on the client side. By contrast, onlinesgible  sources of genomic data. Fast heuristic tools enable peifigrm
visualization tools such as iTOLL§) o er tree management phylodynamic analysis including subsampling, aligning and
possibilities to organize and save di erent projects, anredat phylogenetic inference, dating of ancestral nodes and discre
datasets and trees for their users. These online packagealtypi trait geographic reconstruction, capturing the most likely
also provide export functionalities to facilitate the prodecti transmission events. The accompanying Nextstrain website
of publication-quality and high-resolution illustrationsée also (https://nextstrain.org/) provides a continually-updatedwi of
MrEnt; (62), Mesquite; £9)], directed toward end-users with publicly available data alongside visualization for a numdfe
minimal programming experience. pathogens such as West Nile virus, Ebola virus, and Zika virus.
SpreaD3 also illustrates the growing movement towardFor the latter virus, we provide the currently available data
animated visualizations over time and (geographic) space andsualization in Nextstrain (at time of submission) Kigure 5,
as such focuses entirely on the visualization aspect of pathogshowing a color-coded time-scaled maximum-likelihoodetre
phylodynamics. Recently, entire pipelines have emerged thatongside an animation of Zika geographic transmissiong ove
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Washingtpn

Califotria

FIGURE 3 | Projecting an MCC tree onto a geographic map using SpreaD3/(). In a discrete phylogeography setting, as is the case herehé ancestral location
states are combined with coordinates corresponding to the tates in the US from which the RABV samples were obtained. Wese centroid coordinates for the US
states to enable this visualization. SpreaD3 animates theconstructed virus dispersal over time, and we here show fausnapshots (starting from the estimated origin
of the epidemic at the root node) that capture the reconstruted dispersal over time and geographic space, i.e., in 18601940, 1980, and the “present” (mid 2005).
The transitions between the US states are colored accordingp the US state of destination for that particular transitio, whereas the size of the circles around a
location is proportional to the number of lineages that matain that location.

time as well as the genetic diversity across the genomeysisal shows an example of ggtree, which extends ggplot2 and is
of such outbreaks relies on public sharing of data, and Neaitst  designed for visualization and annotation of phylogenetees

has taken the lead to address data sharing concerns by piegentwith their covariates and other associated dat&).(A recent
access to the raw genome sequences, and by clearly indicatsaftware package that is implemented in JavaScript and Python
the source of each sequence, while allowing derived datek—suis PastML 83), which uses the Cytoscape.js librarg4) for

as the inferred phylogenetic trees—to be made publicly dlaila visualizing phylogenetic tree&igure 7). Given that these types
We note that these animated visualizations by their veryureat of libraries contain many tried-and-tested functions thedve

do not easily yield publication-ready gures, requiringatative substantial time when creating novel software packagesreut
approaches to be devised. Animations resulting from softwareisualization e orts are likely to see increased usage ofilead
packages such as SPREAD, SpreaD3 and Nextstrain can be hostegilable visualization libraries in programming langusagach

on the authors' website or they can be captured into a videas R, Python and JavaScript.

le format and uploaded as supplementary materials onto the

journal website. Alternatively, screenshots of the aniomatan

be taken at relevant time points throughout the visualizatio 5. OTHER COMMON VISUALIZATIONS IN
and subsequently post-processed to include in the main oPHYLODYNAMICS

supplementary publication text.

Finally, browser-based packages such as SpreaD3 empPRlyylogenies reconstructed from viral sequence data ant the
JavaScript libraries (e.g., D3) to produce dynamic, intéract corresponding annotated tree-like drawings and animatibes
data visualizations in web browsers, known specically forat the heart of many evolutionary and epidemiological stadie
allowing great control over the nal visualization. Custom that involve phylogenomics and phylodynamics applications.
programs are also typically written in R as a long list of popula’Additional graphical output can be generated using visualrat
R libraries are readily available, with ggplot2 quicklymisto  packages that focus on other aspects than the estimated
popularity and nding use in both R and Python languages. Aphylogeny, but that are however in some manner dependent
system for declaratively creating graphics base@ittmGrammar on the phylogeny. Coalescent-based phylodynamic models that
of Graphics(63), ggplot2 was built for making professional connect population genetics theory to genomic data can infer
looking gures with minimal programming e orts.Figure 6 the demographic history of viral population§%), and plots of
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FIGURE 4 | The PhyloGeoTool offers a visual approach to explore largehylogenetic trees and to depict characteristics of straingind clades—including for example
the geographic context and distribution of sampling dates— an interactive way {7). A progressive zooming approach is used to ensure an ef ciermand interactive
visual navigation of the entire phylogenetic tree.

the e ective population sizes over time—such as the one showare additionally computed including the expected number
in Figure 8 for our RABV data set, which uses the Skygridof e ective location state transitions (known as “Markov

model G0) and its accompanying visualization in Tracéi9—  jumps”). Information on migrations in and out of a location
are commonly used to visualize the inferred past population sizetate can be obtained by visualizations of the number of
dynamics 60, 66, 67). actual jumps between locations as well as the waiting times

A variety of other summary statistics computed over thefor each location, either as a total or proportionally over
course of a phylogeny also bene t from visual representationgime (73-76).
such as for the basic reproduction number and its rate The inference of transmission trees and networks (“who
of change as a function through times§). Closely related infected whom and when”) using temporal, epidemiological
are lineage-through-time plots 6¢) that allow exploring and genetic information is an application of phylodynamics
graphically the demographic signal in virus sequence datthat has made substantial methodological progress in the
and revealing temporal changes of epidemic spread. Neh&st decade 17~79). Dierent from phylogenetic trees that
et al. (70 plotted cumulative antigenic changes over time byrepresent evolutionary relationships between sampled \@ruse
integrating viral phenotypic information into phylogeneticses  transmission trees describe transmission events betwests h
of in uenza viruses, thereby providing additional insighitio  and require visualizations that are tailored to the analysi
the rate of antigenic evolution compared to representationsbjectives §0-82). Consensus transmission trees, such as
of neutralization titers that are traditionally transfoed maximum parent credibility (MPC) trees8() or Edmonds'
into a lower-dimensional space7l, 72). Another example trees 83), visually alert the user on putative infectors (indicated
relates to reconstructions of phylogeographic diusion inwith arrows), corresponding infection times and potentiapet
discrete space, where patterns of migration links are typicallspreaders.q0) use the Cytoscape frameworR4j for drawing
projected into a cartographic context, but quantitive measur the transmission trees, and a similar adaptation of the oagi
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FIGURE 5 | Focusing on real-time tracking of several viruses, Nextstin (L9) provides up-to-date visualizations of phylogenetic and fpylogeographic analyses, the
latter with an animation over time similar to SpreaD310). Shown here is the current situation for Zika virus evolofi, based on analyses of 506 genomes sampled
between February 2013 and September 2017 from 32 countries @und the world (see the gure legend), corresponding to samfes taken in 6 different regions of the
world: China, Southeast Asia, Japan and Korea, Oceania, Sabh America, and North America.

biological network-oriented framework has been done bytlRas suited for the interpretation of extremely large trees orsset

(33 (see above). of trees. Recent quantitative approaches allow the exploration
Finally, in order to compare two or more trees thatand visualization of the relationships between trees in atimul

are estimated from the same set of virus samples, butimensional space of tree similarities, based on di ereneire

dier in the method used for tree construction or in the to-tree distance metrics that identify a reduced tree space

genomic region considered, tanglegrams provide insightfulhat maximally describe distinct patterns of observed evotuti

visualizations. The most popular use case is the comparisdMesquite; 89), R package treespacg9(90)].

of two trees displayed leaf-by-leaf-wise with dierences in

clustering highlighted by lines connecting shared tigs)(

Alternatively, tanglegrams allow mapping tree tip locationss. CONTEXT DEPENDENCE OF

to mapped geographical locations using GenGis (89). V|SUALIZATION REQUIREMENTS

The Python toolkit Baltic (https://github.com/evogytisiic)

provides functionalities to draw tangled chains, as shown iWe have discussed a wide range of visualization packages for

Figure 9, which are advanced sequential tanglegrams to compayshylogenetic and phylodynamic analyses that allow improving

a series of trees4g, 86). The use of phylogenetic networks, our understanding of viral epidemiological and population

which are a generalization of phylogenetic trees, can alsgynamics. While these e orts may ultimately assist in infongi

visualize phylogenetic incongruences, which could be due tpublic health or treatment decisions, visualization needs can

reticulate evolutionary phenomena such as recombinatiog.{e dier according to the type of virus epidemics studied and

HIV-1) and hybridization (e.g., inuenza virus) events3(, questions that need to be answered. For example, the required

32, 87). Tanglegrams and related visualization of sets of tredgvel of visualization detail is high for (re-)emerging alir

[e.g., DensiTreed9); seeFigure 1qQ provide a qualitative and outbreaks when actionable insights should be obtained in a

illustrative comparison of trees, buy this may prove to be lessmely fashion in order to control further viral transmissis,
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FIGURE 6 | R package ggtree ¢8) visualization of a phylogenetic tree constructed from pulely available Zika virus (ZIKV) genomes. ggtree allows sian advanced
customized visualization of phylogenetic trees as e.g., OL, but by means of the traditional R scripting language. In te gure, tree leaves are colored according to
continent of sampling, with a size corresponding to the hosstatus and shape indicating the completeness of the CDS, usg a cutoff of 99% of nucleotide positions
being informative. A heatmap was added to denote the presene of amino acid mutations at three chosen genome positions. iRally, a particular clade was
highlighted in blue based on a given internal node and two adtional links between chosen taxa were added.
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FIGURE 7 | PASTML summary visualization of the ancestral reconstruicin of state locations of the ZIKV dataset used ifrigure 6 . The top-down visualization
corresponds to an iterative clustering starting from the rat of the tree at the top, with the size of the dot correspondig to the number of taxa in a clade which share
the same ancestral state which is indicated on top of the dotlIn this type of visualization, a compressed representationfdhe ancestral scenarios is visualized that
highlights the main facts and hides minor details by perforing both a vertical and horizontal merge [but see3@)]. The branch width corresponds to the number of
times its subtree is found in the initial tree, and the circlsize at a tip is proportional to the size of the compressed (omerged) cluster.

with real-time tracking of viral spread and the identi catioof  to visualize placements of sequence data onto an existing
sources, transmission patterns and contributing factorsidpe phylogeny. A key future challenge of these approaches i
key priorities @1). As a result, software packages that aim tdo assess and visualize the associated phylogenetic placemen
address these questions are typically developed with an &xpliancertainty, or if this information would be unavailable td a
emphasis on speed through the use of heuristics, and strelesst indicate the various stages in which novel sequeness w
the importance of connectivity and interactivity to quickly added onto the (backbone) phylogeny. While methodological
respond to the availability of new data in order to developdevelopments are rigorous in their accuracy assessment—for
novel insights into an ongoing epidemic. One-stop and fully-example through simulation studies—and may even provide
integrated analysis platforms such as MicroRea®f) (and visual options for representing the placement uncertaintye[se
Nextstrain (L9 adhere to these needs by providing the necessal.g., 02)], visualization packages themselves do not o er an
visualizations of virus epidemiology and evolution acrdeset automated way of assessing or conveying this informatiahasn
and space, and by implementing support for collaborativesuch may project overcon dence of the power of the phylogenetic
analyses and sharing of genomic data and analysis outputs. placement method used. Additionally, other exible visuatinon
strategy of interest in these settings is the ability for phgloetic  options based on real-time outbreak monitoring can be of grea
placement of novel sequence daf®,(93), for example when interest such as highlighting locations from which casegeha
updated outbreak information suggests specic cases shoulteen reported but for which genomic data are still lacking, to
be investigated but the reconstruction of a new phylogenylarify the potential impact of these missing data on the cuilse

is not desirable, as this may prove too time consuming. T@vailable inference results.

avoid suchde novore-analyses of data sets, software tools Investigations of more established epidemics usually involve
such as iTOL 18) and PhyloGeoToolX7) o er functionalities  much larger sample sizes, are more retrospective-oriented in
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the elds of phylogenomics and phylodynamics play a pivotal

role in studies on epidemiology and transmission of viral

10000 infectiqus diseases, and have adva'nced'our understanﬂhhg'o
dynamical processes that govern virus dispersal and evolation

both population and host levels. Compared to the tremendous
. achievements in the performance of evolutionary and statsti
/ inference models and hypothesis testing frameworks, softwar
100 packages and resources aimed at visualizing the output of
these studies have experienced diculties to handle the
increasing complexity and sizes of the analyses, for example
to display levels of uncertainty and to integrate associated
demographic and clinical information. Accurate and meairfirig
1800 1900 2000 visual representation and communication are however egdent
Time tools for the interpretation and translation of outcomes ant

actionable insights for the design of optimal prevention,
control and treatment interventions. With a plethora of

100000

FIGURE 8 | Population (size) dynamics over time visualization of ourABV
analysis (previous section) using Trace#9). This type of output does not

directly depend upon the estimated MCC tree, but rather on th estimated applications for phylodynamics having been introduced in the
(log) population sizes of the Skygrid modebQ), which are provided in a last decades, in particular tailored toward reconstructiais
separate output |e by BEAST G1). spatiotemporal histories—which start to become useful in gubli

health surveillance—visualization has substantially grag an
elementary discipline for investigations of infectious dise

design and incorporate more heterogeneous information, andpigemiology and evolution. An extensive array of software a
therefore bene t from more extended visualization framek® 5015 for the manipulation, editing and annotation of output

For most of these globally prevalent pathogens, clinical angigajizations in the eld of pathogen phylodynamics is avaia
phenotypic information is often available and questions tela 14 qate, characterized by varying technical speci cations a

to the population- or patient-level dynamics of viral adaptatio fnctionalities that respond to heterogeneous needs from th
and the identi cation of transmission clusters. For example research and public health communities.
the selection of the virus strain composition of the seasonal Tne increasing recognition for visualization tools in supipor
in uenza vaccine is informed by analyses and visualizationys viral outbreak surveillance and control has stimulatea th
of circulating strains and their antigenic. properties usingaqvent of more complex and fully integrated frameworks
the nextu framework @7, 91). Other diverse examples 4.4 platforms, all the while focusing on user experience and
include investigations of the impact of country-speci ¢ publi gase of customisation. We anticipate that future visudbzat
health interventions on transmission dynamic84( 99), the  geyelopments will take further leaps in this ongoing trend by
identi cation of distinctive socio-demographic, clinicand tackling remaining challenges to display increasing amowfts
epidemiological features associated with regional and ajlobyense information in a human-readable manner and introchagi
epidemics §6-99) and large-scale modeling of epidemiologicalconcepts from new disciplines such as visual analytics. In
links among geographical locations((-102). In these settings, particular, high expectations are stemming from the ensemble
relevant software packages should consider the scalalfilayge o yisyalization methods that allow users to work at, and
phylogenies and allow user-friendly exploration of heter@®is  moye petween, focused and contextual views of a data set
and customized annotations. Overall, it is anticipated thatloa_ Large scientic data sets with a temporal aspect have
future work on visualization tools, accompanying analysidl anpeen the subject of multi-level focus+context approaches for
visualization software developments as described above, Wheir interactive visualization10§, which minimize the seam
result in a merging of these two epidemic perspectives, with thgatween data views by displaying the focus on a speci ¢ sitatio
development of context-indgpendentvisualization softwamds part of the data within its context. These approaches are
that can handle both scenarios equally well. part of an extensive series of interface mechanisms used to
separate and blend views of the data, such as overview+detail
7. CONCLUSIONS which uses a spatial separation between focused and conitextua
views, and zooming, which uses a temporal separation between
Viral pathogens, in particular RNA viruses, have been resptmsibthese views 1(05. Phylogenetic trees can be interactively
for epidemics and recurrent outbreaks associated with highisualized as three-dimensional stacked representati®f3).(
morbidity and mortality in the human population, for a duration The eld of phylogenomics and phylodynamics visualizations
that can span from hundreds of years [e.g., HCM0® and  will increasingly implement and adapt technologies from other
DENV (109)] to decades [e.g., HIV-13f]. RNA viruses are disciplines, as already illustrated by tools and studies usiag
known for their potential to quickly adapt to host and treatnten network-oriented Cytoscape packade3 (34, 78), or through
selective pressure, but their rapid accumulation of genomithe use of virtual reality technologies including custorbiea
changes also provides opportunities to study their populatiormapping frameworks and high-performance geospatial analytica
and transmission dynamics in high resolution. Consequgntl toolboxes. As such, concomitant to the ongoing developments
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FIGURE 9 | Tanglegrams are typically shown in a side-by-side mannen iorder to easily and visually identify differences in clustng between two or more phylogenetic
trees, for example when inferred from different in uenza pieins (PB1, PB2, PA, HA, NP, NA, M1, and NS1). Such a series ofdes can also be visualized in a circle
facing inwards with a particular isolate highlighted in glilotted phylogenies(left gure) , or with all isolates interconnected between all proteingright gure) .

FIGURE 10 | Bayesian phylogenetic inference software packages genete a large number of posterior trees, potentially annotatewvith inferred ancestral traits. This
collection of trees is often summarized using a consensusée, allowing to plot a single tree with posterior support vales on the internal nodes. DensiTree enables
drawing all posterior trees in the collection; areas where bt of the trees agree in topology and branch lengths show up s highly colored areas, while areas with little
agreement show up as webs 89). We refer toFigure 2 for the color legend of the host species, as the legend drawn ¥ DensiTree was not very readable and could
not be edited (in terms of its textual information).

in sample collection and sequencing, the design of morapplications that will collaboratively foster visualizaothat
complex analytical inference models and powerful hardwar&ack virus epidemics and outbreaks in real-time and with
infrastructure will be complemented by a new era in visuaiima  high resolution.
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