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Abstract 
Summary: We report the second version of the R package “seraphim”, a toolbox developed to process and analyze the 
output of spatially explicit phylogeographic reconstructions. This approach – also known as continuous phylogeographic 
inference – is commonly used in molecular epidemiology to reconstruct the dispersal history and spatiotemporal dynam
ics of rapidly evolving pathogens. The “seraphim” package now implements a broad range of features including (i) visuali
zation of phylogeographic inferences, (ii) estimation of lineage dispersal metrics, (iii) several phylogeographic simulators, 
and (iv) hypothesis testing procedures to investigate the impact of environmental factors on variables such as diffusion 
velocity, dispersal location, and dispersal frequency of phylogenetic lineages.

Availability and implementation: The package is openly available (https://github.com/sdellicour/seraphim) along with a se
ries of tutorials describing the different analytical procedures it implements.

1 Introduction
When placed in a spatio-temporal context, phylogenetic trees 
can constitute a valuable source of information about the dis
persal history and dynamics of viruses, and is achieved through 
phylogeographic inference. Popular methods for phylogeo
graphic inference are typically categorized into discrete versus 
continuous approaches (Baele et al. 2018). Discrete approaches – 
based on discrete trait analysis (Lemey et al. 2009) or structured 
coalescent approximations (De Maio et al. 2015, M€uller et al. 2018, 
M€uller et al. 2025) – are based on an a priori definition of a set of 
discrete sampling locations and usually requires the assumption 
that all ancestors of the sampled viruses existed only at loca
tions belonging to that set (Dellicour et al. 2018b). While spatial 
discretization can be sometimes arbitrary and/or lead to over- 
simplification, discrete phylogeography approaches have how
ever proven relevant and useful in a number of studies, e.g. 
when attempting to test hypotheses about the impact of exter
nal factors on the frequency of dispersal events among discrete 

locations through generalized linear modeling (Lemey et al. 2014, 
Dudas et al. 2017). Continuous phylogeographic methods (Lemey 
et al. 2010, Fisher et al. 2021, Guindon and De Maio 2021, Bastide 
et al. 2024) represent an alternative approach to the spatial re
construction of virus spread. Continuous approaches are particu
larly relevant when the pattern of spatial virus dispersal 
maintains a relationship with geographic distance; this may not 
always be the case, e.g. when the global spread of human respira
tory viruses is driven by international air traffic (Lemey et al. 
2014). While discrete and continuous approaches represent com
plementary tools to reconstruct viral spread in space and in time, 
it is important to note that both approaches are impacted by 
sampling bias (Kalkauskas et al. 2021, Layan et al. 2023).

Continuous phylogeographic inference has been made popular 
by its implementation (Lemey et al. 2010, Pybus et al. 2012) in the 
software package BEAST for Bayesian phylogenetic inference 
(Drummond et al. 2012, Bouckaert et al. 2019, Baele et al. 2025). 
This continuous phylogeographic approach uses 2D relaxed 
random walk (RRW) diffusion models to infer the location – i.e. 
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geographic coordinates – of ancestral nodes within phylogenetic 
trees, while allowing for branch-specific variation in dispersal ve
locity (Pybus et al. 2012, Dellicour et al. 2021). Continuous phylo
geographic inference is widely used in molecular epidemiology to 
reconstruct the spread of fast-evolving pathogens, such as RNA vi
ruses, and has been notably applied to a number of emerging 
infections of humans (Faria et al. 2018, Kraemer et al. 2021). Yet, 
while spatially explicit, these methods do not model nor attempt 
to identify the (continuous) environmental factors that may affect 
the dispersal process, which motivated the implementation of 
the first version of the “seraphim” toolbox (Dellicour et al. 2016a).

We here present a second, substantially updated version of 
our R package “seraphim”, which was developed to analyze phy
logenetically informed movement inference through continuous 
phylogeographic analysis. Specifically, “seraphim” 2.0 can be 
used to (i) visualize continuous phylogeographic reconstruc
tions, (ii) estimate lineage dispersal statistics, (iii) perform con
tinuous phylogeographic simulations, and (iv) conduct various 
hypothesis tests on the impact of environmental factors on the 
dispersal dynamic of lineages. Our open-source R package is 
available on GitHub along with a series of tutorials and associ
ated example files that describe and illustrate how to apply the 
different analytical procedures it provides.

2 Features
Since its first release ten years ago (Dellicour et al. 2016a), sev
eral new features and methods have been added to “seraphim” 
and these are described below (see also Table 1, available as 
supplementary data at Bioinformatics online for an overview of 
all the new and updated functions in the package). The first step 
of all the analytical frameworks implemented in “seraphim” 
remains the generation of spatio-temporal information by sam
pling phylogenetic trees from a posterior distribution of trees in
ferred through Bayesian continuous phylogeographic inference. 
After this step, each posterior tree is decomposed as an extrac
tion table, in which each row corresponds to a distinct phyloge
netic branch summarized as a movement vector (Pybus et al. 
2012) with a duration, start and end times, as well as start and 
end locations. The resulting set of extraction tables then serve 
as the basis of all the subsequent visualizations and analyses 
that can be conducted with the toolbox.

2.1 Visualization of continuous 
phylogeographic reconstructions
The package “seraphim” offers a flexible framework to generate 
detailed and customizable visualizations of continuous phylogeo
graphic reconstructions. The newly available “spreadGraphic1” 
and “spreadGraphic2” functions can be used to estimate highest 
posterior density (HPD) polygons that reflect the uncertainty asso
ciated with the Bayesian phylogeographic inference. While 
the “spreadGraphic1” function extracts the 80% HPD polygons 
associated with each internal node of an individual maximum 
clade credibility (MCC) tree (previously retrieved and annotated 
with the program TreeAnnotator; Baele et al. 2025), the 

“spreadGraphic2” function estimates HPD polygons correspond
ing to successive time slices while considering several posterior 
trees and all internal nodes falling in each time slice. Unlike the 
implementation available in the first version of “seraphim”, these 
uncertainty polygons can now be saved in a vectorial format (i.e. 
shapefiles) and reported alongside the mapping of the MCC tree 
to summarize a continuous phylogeographic reconstruction (see 
Fig. 1A for an example). The utility of a visualization conducted in 
R lies in the flexibility of the geographic and landscape features 
that users can choose to plot together with a phylogeographic re
construction; such features might include administrative borders, 
water flows, and/or any environmental factors that may have im
pacted the spread of lineages (and which can be further investi
gated with the hypothesis testing approaches implemented in the 
toolbox; see below).

2.2 Estimation and comparison of 
dispersal statistics
The “spreadStatistics” function available in “seraphim” has 
been updated to allow the estimation of an extended set of 
complementary dispersal statistics, including diffusion coeffi
cients (Pybus et al. 2012, Trov~ao et al. 2015) and isolation-by- 
distance (IBD) signal metrics (Dellicour et al. 2024). While diffu
sion coefficients can be estimated to measure the diffusion ve
locity of lineages within the study area, IBD signal metrics aim 
to measure to what extent phylogenetic branches are spatially 
structured or the tendency of phylogenetically closely related 
tips to be sampled from geographically proximate locations 
(Dellicour et al. 2024). Together, these two metrics constitute a 
comprehensive framework that can e.g. be used to compare the 
dispersal capacities and patterns associated with different vi
ruses spreading in various geographic areas and/or host and 
vector populations. Examples of lineage dispersal statistic met
rics that can be estimated and visualized with “seraphim” are il
lustrated in Fig. 1B and C.

2.3 Investigating the impact of 
environmental factors on the lineage 
dispersal dynamics
The newly extended version of our R package now includes sev
eral analytical procedures, known as “landscape phylogeo
graphic analyses” (Dellicour et al. 2018b), to investigate the 
impact of environmental factors on the dispersal dynamics of 
lineages. While the initial version of the package (Dellicour et al. 
2016a) only allowed testing of associations between environ
mental factors and lineage dispersal velocities (Dellicour et al. 
2017), this procedure has now been modified to focus on the dif
fusion coefficient instead of the dispersal velocity of lineages 
(Dellicour et al. 2025). This change, which is implemented in the 
“spreadFactors” function, was motivated by the fact that diffu
sion coefficients were found to be more robust to sampling in
tensity (i.e. the sampling size) than metrics based on lineage 
dispersal velocity (Bastide et al. 2024, Dellicour et al. 2024, 
Neher 2025). It has been demonstrated that, contrary to 
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diffusion coefficient estimates, lineage dispersal velocity esti
mates tend to increase with the number of samples included in 
the continuous phylogeographic analysis, which can be 
explained by a mechanistic dependence of these metrics on the 
number of tip nodes in the trees (Dellicour et al. 2024, 
Neher 2025).

In addition to this post hoc procedure, “seraphim” now imple
ments a prior-informed landscape phylogeographic approach 
that can be applied as an alternative method to investigate the 
impact of environmental factors on the diffusion velocity of line
ages. In contrast to the post hoc approach, the new prior- 
informed procedure integrates environmental heterogeneity be
fore conducting continuous phylogeographic inference. In short, 
the environmental factor under investigation is used to trans
form the space and we then test if the continuous phylogeo
graphic reconstruction conducted in the transformed space 
leads to a more regular (i.e. more Brownian) diffusion velocity of 
lineages; this analysis can indicate if environmental factors are 
associated with a degree of heterogeneity in diffusion velocity 

(Dellicour et al. 2025). Such prior-informed landscape phylo
geographic analyses can, for instance, be conducted through 
an environmental factor-based multidimensional scaling (MDS) 
transformation, using the “mdsTransformation” function 
implemented in “seraphim”. This prior-informed approach is 
conceptually different from the updated post hoc procedure de
tailed above, and there are advantages and disadvantages to both 
approaches, making them complementary. While the post hoc ap
proach can use the flexibility of the RRW to relax the assumption of 
a constant dispersal velocity and to capture the impact of environ
mental factors, it is in general more suited for dispersal processes 
that remain correlated with geographic distance to some extent. 
Although this limitation does not apply to the prior-informed ap
proach, the prior-informed method carries a higher computational 
burden, because in order to test each environmental raster it is 
necessary to conduct a distinct continuous phylogeographic analy
sis, which can become very time-consuming (Dellicour et al. 2025).

In addition to investigating the impact of environmental fac
tors on the diffusion velocity of lineages, the “spreadFactors” 
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Figure 1 Examples of visualizations that can be generated with the toolbox “seraphim” 2.0. Visualizations are based on a continuous 
phylogeographic analysis of the yellow fever virus (YFV) outbreak that started around 2015 in southeastern Brazil (Hill et al. 2022). (A) Continuous 
phylogeographic reconstruction of the dispersal history of YFV outbreak lineages: maximum clade credibility (MCC) tree and overall 80% highest 
posterior density (HPD) regions reflecting the uncertainty of the Bayesian phylogeographic inference summarized from 1000 trees sampled from the 
post-burn-in posterior tree distribution. MCC tree nodes are colored according to their time of occurrence and 80% HPD regions were computed for 
successive time layers and then superimposed using the same color scale to reflect time. The underlying map delimiting the Brazilian states was 
retrieved from the Database of Global Administrative Areas (GADM; https://gadm.org). (B) Evolution of the maximal wavefront distance from the 
epidemic origin: the solid curve represents the median value and the surrounding polygon the 95% HPD interval. Those estimates are also based on 
1000 trees sampled from the post-burn-in posterior tree distribution, and the uncertainty polygon is colored according to the same time scale used 
in panel A. (C) Evaluation of the diffusion velocity of viral lineages through the estimation of the weighted diffusion coefficient (WDC): kernel density 
estimates of the diffusion coefficient (DC) parameters, with the posterior WDC estimates on the x-axis and the coefficient of variation of the diffusion 
coefficient among the branches of each sampled tree on the y-axis. In this graph, the three contours show, in shades of decreasing darkness, the 
50%, 75%, and 95% HPD regions via kernel density estimation, respectively.
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function can be used to also test for associations between such 
environmental factors and the dispersal locations of lineages 
(Dellicour et al. 2019, 2020), i.e. to explore if inferred lineages 
have a tendency to preferentially circulate, or avoid circulating, 
in specific environmental conditions. Because it is directly 
based on the environmental values extracted at the tree node 
positions, and given the fact that half of those are sampling loca
tions associated with tip nodes, this landscape phylogeographic 
approach is intrinsically related to and impacted by the sampling 
pattern. The results from this approach should therefore be inter
preted with caution and in the light of the sampling effort. Finally, 
the “spreadFactors” function now also allows users to conduct 
isolation-by-resistance (IBR) analyses (Dellicour et al. 2025). 
These analyses can be performed to test to what extent environ
mental factors might be associated with a deviation from an 
IBD pattern.

2.4 Spatially explicit phylogeographic  
simulators
The “seraphim” package now includes four phylogeographic 
simulators implemented in distinct functions: (i) the function 
“simulatorRRW1” to conduct simulations of a RRW diffusion pro
cess along time-scaled phylogenies, which was used to investi
gate the impact of barriers on the dispersal frequency of 
lineages (Dellicour et al. 2018a; Klitting et al. 2022); (ii) the func
tion “simulatorRRW2” to conduct simulations based on a birth- 
death process and a Brownian random walk (BRW) or a RRW 
diffusion process, which was used to assess the robustness of 
dispersal metrics estimated from continuous phylogeographic 
reconstructions (Dellicour et al. 2024); (iii) the function 
“simulatorRRW3” to conduct simulations of a RRW diffusion 
process with a dispersal velocity impacted by an environmental 
raster, which was used to evaluate the statistical performance 
of landscape phylogeographic approaches (Dellicour et al. 
2025); and (iv) the function “treesRandomisations” to conduct 
tree branch randomization on an environmental raster accord
ing to various randomization procedures, with the possibility of 
an impact of the environmental values on the repulsion or at
traction of lineages when randomizing the tree branches within 
the study area. The latter function implements the tree branch 
randomization procedure (Dellicour et al. 2016b) used by the 
“spreadFactors” function to generate a null dispersal model 
for statistical estimation in the different landscape phylogeo
graphic approaches.

3 Example of data analysis and 
visualization
Figure 1 illustrates the kind of visualizations that can be gener
ated using “seraphim”. These visualizations are based on a con
tinuous phylogeographic analysis of the yellow fever virus (YFV) 
outbreak that started around 2015 in southeastern Brazil (Hill 
et al. 2022). The phylogeographic inference was based on an 
alignment of 466 complete YFV genomes sequenced from sam
ples collected exclusively from non-human primates or from 

mosquitoes (i.e. excluding available human samples), thus fo
cusing on the sylvatic transmission cycle of the virus. The data 
aimed to investigate the environmental factors impacting the 
dispersal dynamics of viral lineages within the sylvatic reservoir 
(Hill et al. 2022). In this figure, we display (i) a visualization 
of the continuous phylogeographic reconstruction made of 
three successive, cumulative snapshots, corresponding to three 
distinct points in time (August 2017 and 2018, as well as the 
most recent sampling date in April 2019; Fig. 1A), (ii) a visualiza
tion of the evolution through time of the maximal wavefront dis
tance from the epidemic origin (Fig. 1B), and (iii) evaluation of 
the diffusion velocity of viral lineages through the estimation of 
the weighted diffusion coefficient (Fig. 1C).
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Data availability
The R package “seraphim” is available at https://github.com/sdel 
licour/seraphim and continues to be developed. It is available 
along with example files and tutorials dedicated to the mapping 
of continuous phylogeographic reconstructions, the estimation of 
dispersal statistics, the use of the phylogeographic simulators 
implemented in the package, as well as the investigation of the 
impact of environmental factors on the dispersal dynamic of line
ages (deviation from an isolation-by-distance pattern and impact 
on the diffusion velocity or dispersal location of lineages). The R 
package “seraphim” has several software dependencies and 
requires the prior installation of the following R packages: “ape”, 
“doMC” (only required for the MacOS version of “seraphim”), 
“fields”, “gdistance”, “HDInterval”, “ks”, “phytools”, “raster”, 
“RColorBrewer”, “R.utils”, and “vegan”. A commented version of 
the script used to generate the three panels of Fig. 1 is available 
in the following subdirectory of the GitHub repository: github. 
com/sdellicour/seraphim/tree/master/manuscript.
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