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Introduction
Next-generation sequencing and its applications to genomic 
surveillance strategies for pathogens have provided an indis-
pensable avenue for studying and controlling infectious disease 
outbreaks in the context of public health.1-3 The significance of 
genomic surveillance has become particularly evident during 
the severe acute respiratory syndrome coronavirus type 2 
(SARS-CoV-2) pandemic, where viral genomic information 
has informed public health decisions on national and 

international levels.4-6 Monitoring pathogen infections through 
genome-based methods not only allows for molecular charac-
terisation and observation of evolutionary changes but also 
harbours the potential to retro- and prospectively evaluate spa-
tiotemporal transmission dynamics.7 It can thus provide valu-
able insights for informing mitigation strategies.

In recent years, genomic epidemiological surveillance has 
increasingly employed phylodynamics – a concept pioneered by 
Grenfell et al.8 It encompasses an integrated analysis of 
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immunodynamics, epidemiology and evolutionary biology and 
has recently particularly focussed on epidemiological aspects. 
Phylodynamic methodologies predominantly operate under 
the assumption that evolutionary and epidemiological dynam-
ics occur on similar timescales, such that the branching events 
within the viral phylogenetic tree correspond temporally to 
transmission events. Consequently, monitoring pathogen 
genetic data across time enables inferences about past epide-
miological trends, and numerous studies have successfully 
applied phylodynamic methods to a wide range of pathogens, 
including viruses and bacteria (for a review, see Baele et al,9 
Rife et al10 and references therein).

Bayesian statistics are widely adopted in fields of data-based 
parameter estimation due to their straightforward quantifica-
tion of uncertainty by generating probability distributions that 
represent our prior belief updated in light of the observed 
data.11 In Bayesian inference, these distributions, also called 
posterior probabilities, are calculated from the product of the 
probability of the data under the assumed model given the 
parameters (‘likelihood’) and the probability of the parameters 
(‘prior’). To obtain a normalised distribution, this product is 
divided by the model evidence, that is the probability of the 
data under the assumed model (‘marginal likelihood’). As the 
posterior probability can only be calculated analytically for very 
simple models, in more complex inferences, it is usually approx-
imated by numerical methods. The most common of these 
methods is the Markov Chain Monte Carlo (MCMC) algo-
rithm, which draws a representative set of samples from the 
posterior distribution. In Bayesian phylodynamic inference, we 
usually aim to estimate posterior distributions for the tree, 
which reconstructs the ancestral relationship between the 
sequences, jointly with evolutionary and epidemiological model 
parameters. By treating the tree as a parameter of interest, the 
likelihood is calculated from the genomic data through an evo-
lutionary model and a prior probability distribution for the tree 
is defined by a population dynamic process. In epidemiological 
applications, these population dynamic models are often cho-
sen to directly quantify parameters of interest, like the growth 
rate or reproductive number ( )R .12 The reproductive number 
corresponds to the average number of infections directly caused 
by 1 infected individual. We differentiate between the basic 
and effective reproductive number ( )Re , on the basis of the 
immunity of the underlying population: the former assumes a 
naive population and is, therefore, used at the start of a new 
epidemic. The effective reproductive number relaxes this 
assumption and is thus quantified in the presence of, for exam-
ple, interventions. Traditionally, the reproductive number is 
calculated from time series data of infection counts combined 
with assumptions on, for example, the serial interval.13,14 As the 
phylodynamic approach offers means to combine sophisticated 
population dynamic models with evolutionary reconstructions, 
it has led to the growing adoption of the Bayesian framework 
within the fields of phylogenetics and phylodynamics. 

Consequently, various software tools employing Bayesian 
inference have been implemented.15 In this article, we, how-
ever, only focus on the software BEAST2.16

Typically, the prior probability distribution of the tree is 
derived from birth-death processes17,18 or coalescent theory.19 
In this article, we consider transmission dynamics in the con-
text of a birth-death process with sampling through time. A 
more detailed description of coalescent-based models can for 
example be found in Featherstone et al.20 Within the birth-
death-sampling framework, a bifurcating tree is generated for-
wards in time by allowing lineages to undergo birth/
transmission, death/recovery and sampling events. Death/
recovery events refer to the removal of an individual from the 
pool of infected individuals, either through death or recovery. 
In addition, an individual is assumed to be removed from said 
pool when being sampled. The corresponding rate parameters 
– that is the transmission rate λ,  recovery rate µ and sam-
pling rate ψ  – allow the direct quantification of the following 
epidemiological quantities: the effective reproductive number 
Re = +

λ
µ ψ

,  the rate to become noninfectious δ µ ψ= +  and 

the sampling proportion s =
+
ψ

µ ψ
.  Within the given model 

specification, an individual is assumed to become noninfectious 
at the time of sample collection. Model extensions exist that 
relax this assumption and allow the individual to be removed 
from the population after sampling with a given probability.21 
To use this process in Bayesian inference, a probability distri-
bution for the sampled phylogenetic tree given the process has 
to be constructed. In short, this is done by defining differential 
equations that describe the probability of a change in the num-
ber of individuals in the process with respect to time. Practically, 
the sampled tree is then traversed from tip to root and the full 
probability is calculated as the product of the probability of the 
individual branches using the solution of the differential 
equations.

Due to the interdependence of the rate parameters, not all 
three epidemiological quantities can be estimated at the same 
time. From a mathematical perspective, this problem is usually 
discussed in the context of model identifiability. For birth-
death models, it has recently been studied in more detail to 
provide a sound theoretical foundation for the inference prob-
lem and better guide practical inferences.22-27 It is important 
to note here that theoretical identifiability has not been shown 
for all birth-death models, including the one introduced above. 
Examples for identifiable models include birth-death without 
sampling through time or sampling through time without 
removal of the sampled individual from the group of infected 
individuals. However, even if the theoretical identifiability of a 
model is proven, the practical inference of it from a limited 
amount of genetic data remains challenging. It is, therefore, 
strongly advisable to scrutinise the model setting and infer-
ence results, for example through sensitivity analyses and sim-
ulation studies as discussed below. In phylodynamic inference, 
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birth-death-sampling models are appealing as they allow for 
stochastic changes in the population size and explicitly model 
the sampling process. Particularly at the start of an outbreak, 
during its phase of exponential growth, models based on birth-
death-sampling processes have been shown to outperform 
alternatives.28 In the full analysis, the inferred branching times 
of the phylogenetic tree are informed by both the genetic differ-
ences between sequences, through the evolutionary model, and 
their sampling dates, through the birth-death-sampling model. 
We will, therefore, refer to the posterior trees that are informed 
by the phylogenetic and population dynamic model as ‘phylody-
namic’ trees. Moreover, certain model extensions facilitate the 
integration of intricate population dynamics by enabling 
changes in the epidemiological parameters through time over 
one or multiple subpopulations. More details on these models 
and their implementations in BEAST2 packages will be given 
in later sections.

In this article, we illustrate the use of phylodynamic birth-
death-sampling models in extracting information relevant to 
public health from genomic data. For this, we focus on genomic 
data sets of SARS-CoV-2 that present a well-defined setup for 
phylodynamic analysis. We provide a detailed description of key 
considerations involved in using birth-death-sampling models 
with SARS-CoV-2 data, particularly intended for researchers 
with little experience with these methods. We start by describ-
ing the general conceptualisation of a research study utilising 
phylodynamics, followed by a section introducing technical 
details of a data analysis encompassing crucial steps of data pre-
processing and postprocessing of the results. As an illustration, 
we present three case studies from Germany exemplifying how 
surveillance of genomic variation through time can be used to 
make inferences about the transmission dynamics of SARS-
CoV-2. To demonstrate the versatility of birth-death-sampling 
models implemented in BEAST2 software packages, each case 
study addresses a distinct research question: Case study 1 evalu-
ates whether viral genomic data alone can point towards a 
superspreading event as the epicentre of an outbreak. Case study 
2 infers relative transmission dynamics to compare a nosoco-
mial outbreak cluster and the surrounding community in the 
Düsseldorf area. Case study 3 quantifies regional transmission 
dynamics in south-eastern Germany in a complex substructured 
population. We furthermore interpret the applicability of the 
methods employed and the results for each case study within 
the context of public health. The article is structured in a way 
that the ‘General workflow – Conceptualisation’ section intro-
duces the main conceptual parts of a Bayesian phylodynamic 
analysis, which, in principle, can be applied to the analysis of any 
pathogen. The subsequent section, ‘General workflow – Data 
analysis’, offers a summary of the technical parts and their 
rationale, with a focus on SARS-CoV-2. Case studies 1 to 3 
delve into the epidemiological and methodological details of 
the analyses conducted in this article. They thus also target 

readers interested in the technical aspects of phylodynamic 
analysis for SARS-CoV-2.

Methods
General workflow – Conceptualisation

As in any scientific research, the process of generating new 
insights into the emergence and spread of infectious diseases 
within a Bayesian phylodynamic framework begins with for-
mulating adequate research questions (Figure 1). These ques-
tions should be substantiated by the chosen data and 
methodology, ensuring that the data provide reliable informa-
tion and the method directly contributes to understanding the 
intended outcomes of the study. In addition, it is necessary to 
obtain a baseline set of metadata associated with clinical sam-
ples intended for genome-based surveillance, which should 
include, at minimum, the sampling date and location.29 During 
the conceptualisation phase, special attention should be given 
to the potential impact of the sampling strategy on the results. 
Accurate modelling of the sampling process is crucial for infer-
ences drawn from birth-death-sampling processes,30 as the 
sampling strategy has been shown to significantly impact the 
subsequent inference within the phylodynamic framework, 
including for SARS-CoV-2.31

In Bayesian phylodynamic analysis, selecting an appropriate 
method includes choosing an evolutionary and epidemiologi-
cal model and defining prior distributions for parameters 
included in the model. Here, we will briefly discuss the selec-
tion of the epidemiological model, whereas the other aspects 
are covered in the section ‘General workflow – Data analysis’. 
The epidemiological model defines a probability distribution 
for the tree topology and branch lengths, the so-called ‘tree 
prior’. The models used in this study fundamentally rely on the 
same tree-generating process, a birth-death model with serial 
sampling, that can capture distinct aspects of transmission 
dynamics through model extensions. For example, the birth-
death skyline model,32 as implemented in the BEAST2 pack-
age BDSKY, allows the rate parameters – transmission, 
recovery and sampling – to vary in a piecewise constant man-
ner over time. This facilitates the reconstruction of changes in 
epidemiological parameters, particularly after specific points in 
time, and provides a framework for estimating the impact of 
nonpharmaceutical interventions on disease transmission.33,34 
The BDSKYλ model extends the BDSKY model to allow the 
direct estimation of transmission differences between outbreak 
clusters relative to one baseline transmission rate.35 This method 
can be applied, for instance, to quantify the transmission advan-
tage of one viral lineage over another. Importantly, both models 
assume each cluster to contain a panmictic population in which 
all infected individuals follow the same transmission dynamics. 
Especially in the case of a pandemic, this assumption is often 
violated because of population substructure, induced, 
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for example, through transmission heterogeneity caused by 
superspreading or distinct subpopulations due to geographic 
barriers. Scientific questions seeking to quantify transmission 
patterns within and among such subpopulations can utilise a 
multitype birth-death model, available in the birth-death-
migration model (BDMM) package.36 In this model, the 
parameters may vary among discretized subpopulations 
(‘types’) and, similar to BDSKY, can change over time in a 
piecewise constant fashion. Moreover, subpopulations can be 
connected through type-change events reflecting, for instance, 
a migration of an infected individual.

In a carefully predetermined context, the results of a phylo-
dynamic analysis will directly align to the central research 
question(s). The primary outcome of the inference will be pos-
terior samples of the parameters of interest – such as R,  δ  or 
s  – as well as the phylodynamic trees. These represent a collec-
tion of plausible parameter values or time-scaled phylogenies 
each sampled proportional to their posterior probability. 
Within the Bayesian framework, uncertainties in inferred 
parameter estimates are characterised by probability distribu-
tions. Typically, one reports the mean or median estimate 
alongside a 95% highest posterior density interval (95% 
HPDI), which represents the narrowest parameter range that is 
covered by 95% of the posterior probability. The efficacy of the 
MCMC algorithm can be evaluated through its convergence 
rate and mixing efficiency. Convergence refers to the MCMC 
chain reaching a stationary phase, thereby approximating the 
true posterior distribution; typically, parameter estimates 
acquired before convergence are discarded as burn-in. 

Conversely, ‘mixing’ characterises how effectively the MCMC 
sampler explores the parameter space. In phylogenetic contexts, 
the convergence and mixing of the MCMC chain are often 
assessed through trace plots and effective sample size (ESS) 
estimates for each parameter in the model. Trace plots show 
the sampled parameter value against the respective MCMC 
state and, therefore, offer a visual tool to evaluate the length of 
the burn-in phase and the efficiency of mixing, whereas the 
ESS quantifies the number of independent samples required to 
achieve a similar level of precision under random sampling 
conditions. Generally, ESS values above 200 are considered 
indicative of convergence and representative posterior sam-
pling in Bayesian phylogenetics (for discussion, see for example 
Nascimento et al).15 In addition, a common strategy to ensure 
MCMC sampler performance involves running the algorithm 
multiple times to verify that independent chains, that is chains 
that walk through the parameter space in a different way, con-
verge to the same stationary distribution. Further technical 
insights into phylogenetic inference with MCMC and trouble-
shooting guidelines can be found, for example, in Barido-
Sottani et al.37

Before using the sequencing data in the described Bayesian 
inference framework, it is advisable to run prior predictive sim-
ulations (also called ‘sample from prior’). In these analyses, sam-
ples are drawn from the full prior distribution only. The full 
prior is the product of the tree prior, calculated from the speci-
fied birth-death-sampling process, and all other prior distribu-
tions set on estimated parameters.11 As the sampling process is 
explicitly modelled in birth-death-sampling tree priors, these 

Figure 1.  Bayesian phylodynamic studies: Main components and case study details. Left panel: The defining parts of the analysis workflow based on the 

research question, which addresses the specific epidemiological setting. Ideally, the data is collected under a well-defined strategy and a method is 

chosen that can resolve the main epidemiological drivers and yield the results of interest. By interpreting the results in consideration of the method’s 

assumptions, implications for public health strategies can be derived. Right panel: In each case study, we consider a distinct epidemiological context and 

present the type of data, method and result that can objectify it. We focus on birth-death-sampling models implemented in the Bayesian inference 

software BEAST2.
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analyses are still informed by the observed data through the 
sampling times of the sequences. It is important to sample from 
the full prior for mainly two reasons: First, to assess that the 
MCMC chain is mixing well and can sample correctly from the 
prior distribution. This is verified through convergence of the 
‘sample from prior’. Second, to validate that the joint prior dis-
tribution is sensible. Through parameter interactions, the actual 
prior distribution on a parameter can differ from the prior dis-
tribution that is defined for it during the analysis setup. Prior 
predictive simulations can, therefore, be utilised to inspect that 
these interactions do not lead to inappropriate full prior 
distributions.

Implications drawn from the outcomes of the phylodynamic 
framework can inform public health strategies for pandemic 
responses, as evidenced by various successful implementations 
during the SARS-CoV-2 pandemic.38,39 Whereas the main 
objective of employing phylodynamic tools on pathogen data is 
to enhance comprehension, management and forecasting of 
disease spread, it is crucial to recognise that the selected 
model(s) will also shape the resulting implications. 
Consequently, the interpretation of the results should be 
approached with the awareness that fitting a model to the data 
set involves simplifications, as the model can only describe the 
aforementioned processes within its specific limitations. 
Although ongoing research is dedicated to comparing model 
performance under certain epidemiological and evolutionary 
conditions,28,30,40 not all limitations of individual models are 
fully comprehended.

Therefore, it is crucial to assess the sensitivity of the results 
and the validity of the model choice: The robustness of the 
results against small changes in the analysis setup should be 
evaluated through sensitivity analyses. These analyses can 
involve, for example, using different model setups or prior dis-
tributions. Alternatively, re-estimating parameters of interest 
under the same model specification, but using a slightly differ-
ent data set obtained through random subsampling or holding 
back specific samples, can provide insights into the sensitivity 
of the results towards certain data points. In addition, as 
detailed above, it is helpful to compare the resulting posterior 
distributions with the joint prior distribution. This compari-
son can reveal the extent to which the data influence the 
results through the phylogenetic likelihood, as well as the 
impact of the model assumptions through the population 
dynamic model. To evaluate the practical identifiability of a 
model for a specific research question, simulation studies are 
recommended. Through simulations, it is possible to assess the 
performance of the method under various model settings and/
or data properties to improve the interpretability of the results. 
In principle, the efficiency of the Bayesian phylodynamic 
framework in informing public health policy and practice 
hinges on the careful design of research studies and the selec-
tion of validated models. By conducting rigorous evaluations 
of the results and model choice, researchers can enhance the 
credibility of their findings and eventually contribute to the 

control of infectious disease outbreaks in the context of public 
health.

General workflow – Data analysis

In Figure 2, we show a general workflow representation of the 
steps needed for a full phylodynamic analysis of SARS-CoV-2 
data using the software package BEAST2. Starting from a 
genomic data set, we subdivide the steps into three parts: (1) 
preprocessing, (2) phylodynamic setup and (3) postprocessing. 
Preprocessing consists of steps that ensure suitable data quality 
and knowledge of its structure. The phylodynamic setup entails 
the definition of the full Bayesian model. Postprocessing steps 
are necessary to summarise the Bayesian posterior samples and 
visualise the resulting information. In the following, we will 
discuss all generalisable steps, that is parts (1) and (3) in full 
and part (2) with a focus on the evolutionary model. As such, 
we applied these in the same manner to all three case studies. 
As the epidemiological model in part (2) is informed by the 
specific scientific question, we discuss these steps for each case 
study separately.

Preprocessing.  For case studies 1 and 2, we have obtained 
genomic SARS-CoV-2 sequence data sets of interest together 
with metadata from Walker et al,41,42 respectively. For case 
study 3, data were collected and sequenced at the University 
Medical Center Regensburg and at the MVZ Labor Passau 
(Supplemental Text S5). Similar data sets can be downloaded 

Figure 2.  Overview of the steps included in a phylodynamic data 

analysis: Data-specific preprocessing steps include quality control (eg 

exclusion of low coverage genomes), multiple sequence alignment (MSA) 

and data control (eg masking of phylogenetically uninformative or 

misleading positions). In the main phylodynamic setup, the method 

specifications are defined (here in BEAST2) and the computation 

performed. To present the results of these computations, summary 

statistics of the Bayesian posterior sample have to be calculated, 

visualised and contextualised to obtain an interpretation as answer of the 

initial scientific question. Additional analyses to test the effect of changes 

in strong assumptions made during the BEAST2 setup, so-called 

sensitivity analyses, are important to demonstrate the robustness of the 

obtained results.
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from public databases for sharing genomic surveillance data, 
like Global initiative on sharing all influenza data (GISAID)43-45 
and National Center for Biotechnology Information (NCBI).46 
The metadata associated with the data sets consisted of geo-
graphic location and sample collection date. During the qual-
ity control step, we excluded genome sequences with less than 
29 001 nucleotides or more than 5.0% ambiguous data (eg 
uninformative characters ‘N’ or sequence alignment gaps) from 
the analysis because these characteristics can lead to inaccurate 
estimates of tree topology and branch lengths within the 
Bayesian framework.47 Moreover, we excluded genomes from 
further analyses if the collection date was incomplete, that is 
did not contain information about year, month and day, or did 
not lie within the time interval considered for analysis.

To compare the sequences site-by-site, we constructed mul-
tiple sequence alignments (MSA) using MAFFT v7.453.48 We 
used the first reported SARS-CoV-2 genome MN908947.3 as 
a reference and set the ‘keeplength’ and ‘addfragments’ options 
to decrease the computational demand. Alternative MSA tools 
are, for example, described by Pervez et al.49 As phylogenetic 
analyses are often purely based on information transported by 
the MSA, its quality can strongly impact the results.50 SARS-
CoV-2, however, has only recently spread to the human host 
and has in the considered data sets not shown drastic genomic 
changes (ie longer insertions and duplications). The construc-
tion of MSAs for it is, therefore, still relatively robust, with 
different methods yielding comparable results.51 As a quality 
control measure for the MSAs, we, therefore, opted for visual 
inspection with Jalview v2.11.4.0.52

SARS-CoV-2 sequencing data have been shown to contain 
nonrandom errors associated, for example, with certain labora-
tories or sequencing protocols.53,54 Therefore, we performed 
additional data control to ensure that our sequence data only 
include information that is informative for the phylogenetic 
reconstruction and masked problematic sites, that is by not 
considering sites affected by sequencing errors or changing the 
nucleotide to an uninformative ‘N’.53 For case studies 1 and 2, 
which include data sets of single, clonal outbreaks, we further 
assessed the mutational sequence profile to ensure the clonal 
nature of all included genomes. Determining the clonal origin 
of an outbreak solely from sequence data can pose challenges, 
largely depending on the reference data utilised and/or the 
accessibility of patient information. Nonetheless, ruling out a 
suspected clonal outbreak can be guided by lineage classifica-
tions, as differing classes can point towards different epidemio-
logical histories. For the lineage classification, we used the 
Pango lineage55 nomenclature. For the clonal outbreaks, we 
also built maximum likelihood phylogenetic trees and checked 
for phylotemporal outliers in TempEst,56 as we assume genomic 
changes to occur through time with a constant rate (‘strict 
molecular clock model’). A phylotemporal outlier is character-
ised by distinctly more or less genetic changes than expected 
given its sampling date. One way to identify them is via the 

residuals of the linear regression (https://beast.community/
tempest_tutorial, last visited May 16, 2024).

Phylodynamic setup.  To define the phylodynamic model, key 
components include defining an epidemiological model to 
characterise population dynamics, selecting an evolutionary 
model to describe sequence evolution, specifying prior distri-
butions for parameters in these models and, finally, deciding on 
the number of iterations and samples for the MCMC process. 
For each case study, the epidemiological model and related 
BEAST2 setups are defined individually, based on the scien-
tific question and data set, and are detailed in the following 
sections. As explained above, not all parameters in the epide-
miological model can be estimated simultaneously. To obtain 
reliable estimates, we opted to inform the inferences through 
realistic prior assumptions and test these through sensitivity 
analyses. In doing so, we follow recommendations by Louca et 
al22 to fix at least one parameter for the entire period covered by 
the tree and another parameter in at least one time interval to 
obtain theoretical identifiability. For practical identifiability, we 
explore limitations of the model through simulations, as sug-
gested by Legried and Terhorst.23 To estimate the effective 
reproductive number, we assumed the rate to become noninfec-
tious to be known by fixing it to a literature estimate, that is 
36.5 years-1, translating to an average infectious period of 
ten days.57-62 In addition, we constrained the sampling propor-
tion through either bounded or narrow prior distributions. 
Below, we provide a brief overview of the substitution and 
clock model selection with a focus on SARS-CoV-2 data fol-
lowed by the description of the MCMC settings. A more com-
prehensive introduction to these concepts can be found in the 
studies.15,37,63,64

The molecular evolutionary process that generated the 
sequence data can be described mathematically through a 
nucleotide substitution and evolutionary clock model. 
Selecting a substitution model that accurately fits the data is 
crucial, as wrong assumptions about the mutational process 
can lead to systematic errors in phylogenetic reconstruction.65 
In general, two approaches can be employed for substitution 
model selection: first, using a priori knowledge of the data to 
choose an appropriate model and, second, employing likeli-
hood-based model selection or averaging algorithms, such as 
jModelTest2,66 PartitionFinder67 or bModelTest.68 In our 
study, we reconstructed phylogenetic trees for individual phy-
logenetic lineages with highly identical sequences. Given the 
simplicity of these evolutionary relationships, we opted for 
the first approach and chose to utilise the Hasegawa-Kishino-
Yano-85 (HKY85) model,69 which estimates base frequencies 
and accounts for the difference between transitions and trans-
versions through a scaling factor. Moreover, among-site rate 
variation was modelled through a gamma distribution  
(Γ).70 The same approach, involving the selection of the 
HKY + Γ substitution model based on prior knowledge,  

https://beast.community/tempest_tutorial
https://beast.community/tempest_tutorial
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has been commonly employed in previous SARS-CoV-2 
studies.34,35,59,71,72

Sequence data from recent outbreaks often lack enough 
evolutionary changes over time for robust inference of evolu-
tionary rates.71 To improve the accuracy of phylodynamic 
reconstructions for SARS-CoV-2, it is common to assume 
clock-like evolution and restrict the rate of evolution by previ-
ous knowledge.34,35,59,72 In our case studies, we focused either 
on a single clonal outbreak (case studies 1 and 2) or recon-
structed phylodynamic trees for each Pango lineage separately 
(case study 3). Given the lack of strong evidence of nonclock-
like evolution within lineage and the low genetic diversity, we 
followed the approach from studies34,35,59,72 and used a strict 
clock model to describe the accumulation of diversity over 
time, fixing the rate to a well-established value of 0.0008 sub-
stitutions/site/year.73 These assumptions, however, can greatly 
impact the temporal scale of the phylodynamic trees. To illus-
trate this impact, we provide additional analyses relaxing the 
assumptions for case study 1, which focuses on timing the first 
transmission event of the outbreak (see section ‘Case study 1 – 
Superspreading during carnival’). For SARS-CoV-2 data sets 
with higher levels of genetic diversity, evaluating the temporal 
signal and selecting the best-fit clock model are critical steps in 
molecular dating and phylodynamic inferences.71

For Bayesian computation, we adjusted the MCMC chain 
length according to data set size and sampled every 10 000th 
iteration. For each case study, we condition the birth-death-
sampling process on the time of the root node. Moreover, as 
described above, for each presented data analysis, we opted to 
first sample from the full prior distribution using the same set-
tings as for the Bayesian inference. For all data analyses, we ran 
at least two replicates with different seeds, that is initialisations 
of the random number generator, and used Tracer v1.7274 to 
assess convergence. If all replicates individually converged and 
their joint posterior distributions agreed with one another for 
all parameters, with ESSs of at least 200, we continued with the 
postprocessing steps.

Postprocessing.  To calculate the summary statistics for the 
resulting posterior samples, we distinguish between single 
parameters and the tree structure: For the posterior sample of 
phylodynamic trees, we construct a maximum clade credibility 
(MCC) tree in TreeAnnotator v2.6.3, a tool available as a part 
of the BEAST2 installation. We set a posterior limit of 0.0 
and burn-in percentage of 10.0 and selected the median to 
represent node heights. For single parameters, we use Rstu-
dio75 to calculate the quantiles, particularly the median, and 
95% HPDI. To visualise the results, we use custom R scripts, 
employing functions from the packages ape,76 ggtree,77 
ggplot278 and utile.visuals.79 To provide context for our results, 
we present them together with available metadata or epide-
miological information.

Since these analyses require a set of assumptions in each 
specific model setup, we also ran multiple sensitivity analyses 
for each case study. These included, for instance, utilising less 
stringent prior distributions on the sampling proportion or 
relaxing the assumption of clock-like evolution. Furthermore, 
to assess the performance of each method in identifying the 
specific parameters of interest in each case study, we used simu-
lations. We discuss the sensitivity analyses as well as the simu-
lation studies shortly below and in more detail in the 
Supplemental Materials.

Results
Case study 1 – Superspreading during carnival

Epidemiological context and data.  One of the first larger out-
breaks of coronavirus disease 2019 (COVID-19) that was 
detected in Germany happened in February 2020 in the dis-
trict Heinsberg. After the diagnosis of the first case on the Feb-
ruary 25, 2020, local COVID-19 case numbers quickly started 
to rise. Through epidemiological investigations, many of the 
early infections were traced back to a large-scale carnival event 
on February 15, 2020.41 After this initial superspreading event, 
infections with SARS-CoV-2 continued to be diagnosed in 
the area despite early nonpharmaceutical interventions.80,81 
Phylogenetic analyses of viral genome data sampled until April 
2020 showed that at the end of the sampling period the out-
break already consisted of two distinct genetic groups. The first 
of these includes all early sequences associated with the initial 
superspreading event, which are assigned to Pango lineage B.3. 
The second was first sampled in mid-March and includes 
sequences from multiple different Pango lineages.82 This data 
set, therefore, presents an example of the seeding dynamics of a 
disease in a naive population. It highlights the interplay 
between early high-transmission events and multiple inde-
pendent introductions in continued onward transmission.

With this case study, we aim to investigate whether we can 
quantify these seeding dynamics from genomic data. The 
genomic data, in this case, consist of viral sequences sampled in 
the Heinsberg area over a period of two months after the first 
local COVID-19 detection. The sequences form two sub-
groups82: samples from the initial connected outbreak and epi-
demiologically unconnected samples from multiple Pango 
lineages. In the following, we will focus on the former sub-
group, because the latter has a very small sample size and is 
likely affected by nonpanmictic transmission dynamics. As we 
are interested in estimating the timing of the first transmission 
event in the first subgroup, as well as the following transmis-
sion dynamics, we use the BDSKY model. Through the joint 
inference of the transmission dynamics with a time-scaled 
phylogenetic tree, it allows us to date the most recent common 
ancestor (MRCA) of all included samples. We can thus draw 
conclusions about the timing of the initialisation of the out-
break. To be able to detect the overdispersed transmission 
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dynamics at the start of the outbreak, we model a change in the 
transmission rate directly after the superspreading event. It is 
important to note that this model does not directly describe 
superspreading dynamics, as it estimates population-average 
transmission dynamics. However, as the first interval is very 
short and mainly includes the carnival event, the population 
size of transmitting individuals included in this interval is rela-
tively small. We, therefore, expect to detect a population aver-
age that is elevated to values higher than the basic reproductive 
number in the region, if the data is informative for a super-
spreading event. Other, more complex, phylodynamic models 
exist that explicitly account for heterogeneity in the transmis-
sion dynamics.38,83-85 Due to the relatively small sample size 
and the high phylogenetic uncertainty, we chose the simpler 
model in a trade-off between model correctness and robustness 
of estimates.

Phylodynamic setup.  We started with an initial set of 125 
sequences sampled between February 25, 2020, and April 20, 
2020. After the data preprocessing, as described above, 47 
sequences, assigned to Pango lineage B.3, remained. Due to 
the epidemiological context, we opted for a stricter quality 
control in this case study: as we expect only very few correctly 
informative sites in the data set, sequencing artefacts can 
potentially have a bigger impact. For the main analysis, we 
thus excluded sequences with more than 1.0% Ns and more 
than 0.05% unique amino acid mutations (as recommended in 
GISAID).44 The first collection date in this data set was Feb-
ruary 25, 2020, and the last April 6, 2020. We used the pan-
mictic birth-death-sampling model implemented in BDSKY. 
We allowed the reproductive number to change on February 
16, 2020, the day after the potential superspreading event. For 
both intervals, we used the prior probability distribution  
LogNormal(0.0, 4.0) (Supplemental Table S1). We fixed the 
sampling proportion to zero for the time interval before the 
first sample collection, as no sampling efforts were imple-
mented in the region before this date. We set a strong prior 
distribution, that is Beta(32.0, 968.0), for the following time 
interval. This defines a prior mean of 0.032, which corre-
sponds to the ratio of included genome samples and number 
of diagnosed infections until April 6, 2020, in the district 
Heinsberg, that is 47

1474
.86 The MCMC chains were run for 

8 107×  steps each. To test the robustness of the results against 
changes in the assumptions about the epidemiological param-
eters, we ran 5 sensitivity analyses (see Supplemental Table 
S2). Sensitivity analysis 1 includes all genomes passing our 
general quality control steps and analysis 2 sets a less strict 
prior on the sampling proportion. For the former, we adjusted 
the prior on the sampling proportion accordingly to Beta(71.0, 

929.0), with a mean of 121
1698

7 1 . %. Sensitivity analyses 3 to 

5 relax the assumption of strict clock-like evolution with fixed 
rate by using an uncorrelated log-normal relaxed molecular 

clock (UCLD) model (sensitivity analysis 3) and estimating 
the strict clock rate with a narrow prior (sensitivity analysis 
4-5). All prior distributions are reported in Supplemental 
Table S1. To further evaluate the practical identifiability of the 
epidemiological parameters from our model setup with simu-
lations, we focused on two setting: as a positive control, we 
simulated data with a pronounced drop in the reproductive 
number shortly after the start of the process and as a negative 
control we used our model setup on data that were generated 
with a constant reproductive number. Details are given in Sup-
plemental Text S1.

Results and interpretation.  In the estimated phylodynamic sum-
mary tree (Figure 3, left panel) we see, first, the timing of the 
branching events and, second, the topology, that is how the 
sequence samples cluster together and coalesce back in time. 
From the estimated branching times, we can conclude the fol-
lowing: With 95% of probability, the first transmission event of 
the outbreak happened within the 11 days preceding the carni-
val event, that is between February 4 and February 15, 2020. 
Most of the reconstructed transmission events occur temporally 
close to the carnival event. This strongly supports the outbreak 
to have started shortly before the carnival event and to have 
grown substantially around the time of the event. This becomes 
even more evident from the full posterior sample of phylody-
namic trees (Figure 3, right panel), which shows distinctly 
higher edge density until directly after the carnival event. The 
sharp decrease in edge density coincides with the time when the 
reproductive number is allowed to change, as the reproductive 
number and the number of branching events in a time interval 
are correlated. The high edge density thus highlights how 
strongly the data supports most transmission events to have 
happened in the first interval. From the topology of the esti-
mated tree, we can distinguish two clades that are potentially of 
epidemiological relevance: The first transmission, with high 
certainty, gave rise to two distinct sublineages, one consisting of 
12.7% of included sequences, the other of 87.3%. Although 
most branching events of the bigger group are dated around the 
time of the carnival event, fewer branching events of the smaller 
group have 95% HPDI that include the event. This suggests 
that after the initial transmission event, one large subgroup got 
infected mainly during the carnival session, whereas another 
grew a few days later. The increased transmission during the 
carnival event is reflected in the estimates of the reproductive 
number: In the first interval, ending shortly after the carnival 
event, we estimate a median reproductive number of 15.48 (95% 
HPDI: [4.8, 41.5]). This estimate is higher than the population 
level basic reproductive number of SARS-CoV-287-89 and 
strongly suggestive of a superspreading event. In the second 
interval, which spans roughly two months afterwards, the esti-
mated reproductive number dropped to below one (median: 
0.78, 95% HPDI: [0.61, 0.95]). The latter estimate highlights 
the declining dynamics of this outbreak after the carnival event. 
The validity of these findings is supported by the simulation 
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results (Supplemental Table S3) and by all sensitivity analyses 
(Supplemental Table S2). The only remarkable difference we 
find is with sensitivity analysis 4, in which we estimate the sub-
stitution rate with a narrow prior. This results in a lower median 
estimate of the substitution rate which scales the tree height to 
higher values. As we fix the time point when the reproductive 
number is allowed to change to directly after the carnival event, 
the time covered by the first interval becomes longer. Thus, we 
estimate a lower reproductive number in the first interval, which 
now includes a much bigger population outside of the carnival 
event. However, if we instead let the reproductive number 
change ten days after the root node (sensitivity analysis 5), we 
again recover the elevated transmission rate. It is important to 
note here that we cannot quantify the superspreading behaviour 
directly but only the average transmission behaviour in the 
whole population over a time period and that the inferred time 
scales are generally highly sensitive to the value the substitution 
rate is fixed to. As mentioned above, however, prior information 
on the rate is necessary if the sequence data are not informative 
enough.

By definition, it is relatively unlikely that the MRCA of 
different Pango lineages falls in this region. Hence, the sec-
ond subgroup most likely represents multiple independent 
introductions of SARS-CoV-2 into the area within the 

sampling period. In Supplemental Figure S1, we also show 
the summary tree for all samples assigned to Pango lineage 
B.1 in the second subgroup. Despite the high uncertainty in 
the estimated parameters for this lineage due to the small 
sample size and low genetic diversity, we see that it could have 
also been introduced during the carnival festivities in 
February.

Taken together, these results highlight the underlying 
smaller-scale dynamics that took place during the first weeks of 
COVID-19 spread in Heinsberg: Local case numbers first 
began to rise drastically due to a superspreading event. However, 
although the outbreak caused by this event started to decline, 
SARS-CoV-2 was introduced into the region on multiple 
other occasions independently. With this case study we thus 
demonstrate that from viral genome sequences and their col-
lection dates we are able to reconstruct many important aspects 
of the epidemiological setting in this region. We provide strong 
indications for an initial superspreading event during the car-
nival session on February 15, 2020. We further show that the 
outbreak started shortly before this event and visualise further 
small-scale dynamics. Without expensive contact tracing 
efforts, conclusions like these are commonly not accessible 
from other surveillance data, like the number of hospitalisa-
tions or cumulative case counts.

Figure 3.  Case study 1 – Superspreading: MCC tree using median node heights of genomes belonging to Pango lineage B.3 (left panel). Posterior 

sample of consensus trees visualised with DensiTree90 (right panel). As in this illustration all posterior samples are plotted on top of each other, darker 

shaded areas highlight a high edge/node density or uncertainty. The reproductive number is allowed to change shortly after the carnival event on 

February 15, 2020 (the red dashed line).
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Case study 2 – Hospital outbreak

Epidemiological context and data.  SARS-CoV-2 transmissions 
in healthcare settings have been found to play a crucial part in 
disease propagation,91 and despite the large number of reported 
nosocomial outbreaks (see Table 1 in the study by Abbas 
et al),92 genomic-based inference of transmission dynamics in 
healthcare settings has received little attention (for discussion, 
see Abbas et al92 and Shirreff et al93). Nevertheless, characteris-
ing viral spread within healthcare facilities holds immense 
potential for informing epidemic control policies. In this case 
study, we aim to determine whether transmission dynamics 
differ between a hospital outbreak and the surrounding com-
munity. We use nosocomial transmission chain data depicting 
an outbreak of lineage B.1.221 that emerged at Düsseldorf 
University Hospital in late 2020, affecting 29 patients and 
healthcare workers (‘Ward D’).42 A combined analysis of viral 
genomes from the hospital transmission chain and genomes 
from surveillance sampling revealed a highly clonal nature of 
the hospital outbreak.42 Although the joint analysis of viral 
genomes and contact tracing data by Walker et al42 identified 
potential infection clusters, our phylodynamic approach aims 
to further quantify relative transmission differences between 
the nosocomial outbreak and a nontargeted population surveil-
lance sample. This is achieved using a baseline transmission 
rate and cluster-specific scaling factors, as implemented in the 
BDSKYλ model.

Phylodynamic setup.  We utilised 23 SARS-CoV-2 sequences 
from the hospital outbreak and 50 sequences from the local 
background population. Surveillance sequences, also represent-
ing Pango lineage B.1.221, covered a timespan from August 
17, 2020, to December 16, 2020, whereas the nosocomial out-
break was sampled between December 14 and December 23, 
2020. For all samples, we performed the data preprocessing 
steps as outlined in Figure 2 and the corresponding text. For 
the hospital cluster, analysis with TempEst did not reveal any 
phylotemporal outliers.

Relative transmission rates between hospital and surveil-
lance sample clusters were estimated with the BDSKYλ model. 
Within Bayesian inference, we inferred for both clusters a sep-
arate tree, sampling proportion and transmission rate ratio 
( ),rλ  while linking the baseline reproductive number (Rbase ), 
the rate to become noninfectious and the substitution model, 
meaning that the latter parameters are shared between both 
clusters. The baseline reproductive number was allowed to 
change on November 2, 2020, when Germany enforced a par-
tial lockdown (https://www.bundesregierung.de/breg-de/
themen/coronavirus/regelungen-ab-2-november-1806818, 
last visited June 17, 2024). In both intervals, a LogNormal(0.0, 
1.25) prior distribution was used for Rbase .  The transmission 
rate ratio for the surveillance sample cluster ( r surveillanceλ , ) was 
fixed to 1.0, whereas for the hospital cluster r hospitalλ ,  was esti-
mated by using a LogNormal(0.0, 1.0) prior distribution. The 

sampling proportions for both clusters were set to 0.0 before 
the first sample, that is before August 17, 2020, and before 
December 14, 2020, for surveillance and outbreak, respectively. 
Moreover, for the surveillance tree, we allowed a piecewise 
change in the sampling proportion on October 12, 2020, as the 
percentage of sequenced cases of all newly diagnosed infections 
declined substantially at that time42 (Supplemental Text S2 
and Supplemental Figure S2). We chose sampling proportion 
priors based on estimates given by Walker et al,42 and thus, 
Uniform(0.0, 0.20) and Beta(3.1, 96.9) prior distributions were 
used for ssurveillance t, 1  and ssurveillance t, ,2  respectively (Supplemental 
Text S2 and Supplemental Table S4). Accordingly, an upper 
limit for the prior distribution of shospital t, 1  was defined based 
on the proportion of sequenced outbreak samples, and a 
Uniform(0.0, 0.80) distribution was used. We furthermore 
assessed the sensitivity of our results by re-estimating Rbase  and 
r hospitalλ ,  under different prior distributions for ssurveillance t, 1  and 
ssurveillance t, 2 (Supplemental Text S3 and Supplemental Table 
S4). For the main and sensitivity analysis, we ran three parallel 
MCMC chains with 1 107×  steps each. To further validate the 
performance of the BDSKYλ model under transmission 
dynamics similar to those of case study 2, we conducted an 
additional simulation study. The simulation settings were 
designed to reflect the empirical data, and therefore, we simu-
lated ‘surveillance’ and ‘hospital outbreak’ transmission trees 
under transmission parameters that corresponded to the results 
obtained from the Düsseldorf data. For further details on the 
simulation settings, see Supplemental Text S4.

Results and interpretation.  We estimated the baseline reproduc-
tive number within two time intervals: before and after the 
introduction of a partial lockdown in Germany. Despite the 
95% HPDIs overlapping, the inferred baseline transmission 
rate estimate within the first interval was lower than the corre-
sponding estimate for the second interval yielding median val-
ues of Rbase t, .1 1 15=  (95% HPDI: [0.97, 1.35]) and 
Rbase t, .2 1 48=  (95% HPDI: [1.21, 1.76]), respectively. The 
epidemic increase in the second interval, which coincided with 
more stringent intervention measures, could indicate that, 
whereas the partial lockdown presumably slowed SARS-
CoV-2 spread in the Düsseldorf area, not all transmission 
chains were halted. A closer look at the SARS-CoV-2 strains 
circulating in the area reveals that at the beginning of Novem-
ber, lineage B.1.221 accounted for approximately 25% of new 
cases,42 and thus, this particular lineage cannot be considered 
representative of the overall transmission dynamics before or 
during the partial lockdown. It is, therefore, plausible that 
despite the lockdown reducing the overall number of new 
infections, as shown by Walker et al42 (and Figure 2A therein), 
lineage B.1.221 may have continued to spread faster than the 
remaining circulating lineages. Moreover, sustained transmis-
sion processes of B.1.221 with undetected cases could explain 
the extended branches seen in the surveillance tree (Figure 4). 

https://www.bundesregierung.de/breg-de/themen/coronavirus/regelungen-ab-2-november-1806818
https://www.bundesregierung.de/breg-de/themen/coronavirus/regelungen-ab-2-november-1806818


Översti et al	 11

However, it is unlikely that the surveillance sequences are rep-
resentative of samples from a single transmission cluster. 
Instead, the data likely consist of samples from several different 
transmission chains co-circulating in the area. Nonetheless, 
because in this study the data from the surveillance sample col-
lection are considered to represent a baseline that averages the 
spread of B.1.122 in Düsseldorf, we chose not to perform addi-
tional analyses to identify independent transmission clusters. 
In the nosocomial outbreak tree, it is noteworthy that some 
descendant nodes near the root have older inferred dates than 
their direct ancestors, resulting in overlapping branches (Figure 
4, upper tree). These negative branch lengths can occur in trees 
with branches that have very low posterior support. As the 
MCC tree is constructed using median node heights from pos-
terior tree samples, poorly supported clades might not be pre-
sent in the trees containing the ancestral clades. Consequently, 
the median heights for consecutive nodes are derived from dif-
ferent sets of trees, which can result in negative branch lengths. 
The clonal nature of the SARS-CoV-2 outbreak at Ward D 
means that the viral genomes share identical or nearly identical 
genetic profiles (Figure 3C in the work by Walker et al42), lead-
ing to lower posterior support for some branches within the 
phylodynamic tree (Supplemental Figure S3).

Figure 4.  Case study 2 – Hospital outbreak: Phylodynamic trees inferred 

for the hospital outbreak cluster and surveillance sample cluster. The 

upper tree has been reconstructed based on viral genomes obtained 

from a nosocomial outbreak (‘Ward D’, N = 23), whereas the lower tree 

represents a nontargeted population surveillance sample (N = 50). For the 

surveillance data, the sampling proportion was allowed to change on 

October 12, 2020, indicated with a red dashed line, as the percentage of 

sequenced cases over all confirmed infections decreased (Supplemental 

Text S2 and Supplemental Figure S2). For the baseline reproductive 

number (Rbase ),  we allowed a piecewise change on November 2, 2020, 

indicated with a blue dashed line, as Germany enforced a partial 

lockdown. In the nosocomial outbreak tree, some branches near the root 

overlap, indicating that the inferred date for a descendant node is older 

than its direct ancestor (for details, see the main text and Supplemental 

Figure S3).

While the Rbase  estimates suggested a general increase in 
the transmissibility through time, the cluster consisting exclu-
sively of sequences from the hospital outbreak demonstrated 
even higher levels of transmission. The median estimate of the 
transmission rate ratio for the nosocomial cluster ( ),r hospitalλ  
was 1.44 (95% HPDI: [0.85, 2.26]), indicating a ~1.5-fold 
transmission advantage of B.1.221 within the hospital as com-
pared to the community. As the comparison between hospital 
and surveillance data is based on genetically highly similar 
genomes all representing the same Pango lineage, the estimated 
higher transmissibility within Düsseldorf University Hospital 
is presumably driven by extrinsic factors rather than, for 
instance, an increased viral fitness. Comorbidities among hos-
pitalised patients that lead to increased susceptibility for 
SARS-CoV-2 infection may have amplified the number of 
healthcare-associated cases. As noted by Walker et al,42 inade-
quate use of preventive measures also likely played a significant 
role in the uncontrolled transmission at Ward D. Specifically, 
subsequent investigations revealed that inefficient medical 
mask wearing among both healthcare workers and patients, the 
latter due to various medical reasons, contributed to the size of 
the outbreak at Ward D. On a broader scale, the inferred trans-
mission rate estimate for Ward D, which corresponds roughly 
to a reproduction number of 2.1, is consistent with previous 
estimates obtained across healthcare facilities.93-95

The inferred sampling proportions for the surveillance data 
were in accordance with the percentages of sequenced cases as 
reported by Walker et al.42 For the time periods covering calen-
dar weeks 33 to 41 and 42 to 51, we inferred median estimates 
of ssurveillance t, .1 0 1=  (95% HPDI: [0.05, 0.18]) and 
ssurveillance t, .2 0 04= (95% HPDI: [0.04, 0.19]), respectively. Both 
parameters were robustly inferred under different prior distri-
butions (Supplemental Table S5). As asymptomatic carriers of 
SARS-CoV-2 infection may play an important role in disease 
transmission, also within healthcare settings,96 we chose a 
rather wide prior distribution of Uniform(0.0, 0.8) for st hospital1, .
The inferred posterior distribution of the nosocomial sampling 
proportion with a mean of 0.72 (95% HPDI: [0.50, 0.8]) sug-
gests that most of the hospital-acquired infections were 
detected. Through sensitivity analyses, we further evaluated the 
robustness of the inferred transmission rate estimates and their 
sensitivity to the prior distribution used for the surveillance 
sampling proportion. As shown in Supplemental Table S5, 
estimates for Rbase  and r hospitalλ ,  were robustly inferred within 
the sensitivity analysis where different ssurveillance  prior distribu-
tions were applied. Furthermore, a small-scale simulation study 
was conducted to confirm that the BDSKYλ model can 
robustly infer the underlying transmission dynamics under sce-
narios that mimic the characteristics of the Düsseldorf data 
(Supplemental Text S4). The results of the three simulated sce-
narios showed that the main parameters of interest were 
inferred with high accuracy and precision, providing additional 
support for the validity of the main results (Supplemental Text 
S4 and Supplemental Table S6).
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In summary, given that both, nosocomial and surveillance 
data, encompass viral genomes of the same Pango lineage col-
lected during a similar time frame, the elevated transmissibility 
observed within hospital settings likely correlates with envi-
ronmental factors. Therefore, our results highlight the essential 
need to enforce stringent preventive measures within health-
care facilities to shield the most vulnerable individuals from 
infection. Rapid management of nosocomial outbreaks not 
only prevents transmissions among patients but also substan-
tially influences epidemic dynamics in the surrounding com-
munity.91 Moreover, the characterization of a baseline 
transmission rate and its cluster-specific scaling factor in this 
study showcased the suitability of the BDSKYλ model for 
inferring relative disparities in transmission dynamics between 
multiple clusters. However, it is important to note that chal-
lenges for estimating the reproductive number can arise from 
the typically small sample sizes of nosocomial outbreaks and 
the stochastic nature of the transmission process.

Case study 3 – Spatiotemporal pandemic excerpt

Epidemiological context and data.  One important challenge in 
phylodynamic inference of regional transmission dynamics 
during a pandemic is population substructure due to multiple 
independent introductions. To address this problem, we focus 
on two research questions with this case study, one relating to 
methodology and one to epidemiological context: Can we suc-
cessfully infer regional transmission dynamics from data sets 
with high levels of unknown substructure? Do the inferred 
local transmission dynamics align with the dynamics on the 
national level?

If a disease is introduced multiple times into the considered 
area, the genomic data sampled will likely not represent one 
clonal outbreak but multiple independent, simultaneously 
spreading transmission chains. The MRCA and many internal 
nodes of a phylogenetic tree reconstructed from all genome 
samples will, therefore, represent transmission events outside of 
the considered area. If the research goal is to quantify the 
regional transmission dynamics, these parts of the tree will bias 
the resulting estimates as they represent the epidemic dynam-
ics outside of the region. Correctly treating these independent 
introductions becomes more difficult the higher the number of 
introductions and the more closely related the respective 
genome samples are. To account for this substructure, two main 
approaches exist: First, identifying the independent introduc-
tions to group the sequences into clusters belonging to the 
same outbreak and reconstructing a tree for each outbreak 
separately as in case study 1. Second, using a phylodynamic 
model that accounts for this substructure and reconstructing 
the global tree, as done in this case study. We consider a genome 
data set with high levels of unknown substructure. Through 
regional sequencing efforts, we obtained SARS-CoV-2 genome 
sequences of around 5% of diagnoses from multiple 

laboratories in south-eastern Germany sampled between 
January and October 2021. In Supplemental Figure S4, we 
show the number of sequences and diagnosed infections per 
Landkreis during the sampling period. This illustrates that the 
considered data set comprises samples that represent only a 
very small fraction of cases in a geographically not explicitly 
defined area. In addition, the sequences show high genetic 
similarity, even across time and space. Grouping into connected 
outbreaks through cluster detection methods is, therefore, dif-
ficult. We thus opted for the second option and used a popula-
tion structure-aware phylodynamic model to infer the 
transmission dynamics.

Phylodynamic setup.  We obtained 931 sequences from East 
Bavaria, sampled between January 13, 2021, and October 30, 
2021. Details regarding the sample collection, sequencing and 
quality control are given in Supplemental Text S5. Each 
sequence included the collection date and first three numbers 
of the postal code as metadata. To reduce computational com-
plexity of the Bayesian analysis, we inferred an independent 
tree for each Pango lineage with more than five sequences. To 
validate that the size of included Pango lineages does not 
change our results, we ran the same inference also on all Pango 
lineages with at least 20 sequences. We used pangolin97 to 
identify the lineages and ran the preprocessing steps as 
described above for each of the lineages. This resulted in 32 
Pango lineages and 698 sequences in total. In a joint Bayesian 
analysis, we inferred independent phylodynamic trees for each 
Pango lineage with a shared effective reproductive number and 
sampling proportion. We used a multitype birth-death model 
in BDMM to quantify the prior probability distribution for the 
trees. We defined two types that are connected by the same 
constant type-change (‘migration’) rate. One type is sampled 
with a constant rate, thus corresponding to our study popula-
tion. The other type, by contrast, was not sampled and, there-
fore, includes everything outside of the study population. All 
samples were assigned the same tip type, corresponding to the 
type with nonzero sampling rate. At two points in time, April 
14, 2021, and July 23, 2023, we allowed the reproductive num-
ber and sampling proportion for both types to change. We 
defined the change points so that the time intervals have a 
similar length. To test whether we can capture the overall 
dynamics well with only three intervals, we also analysed the 
data allowing the reproductive number to change at six points 
in time. These were February 24, 2021, April 7, 2021, May 19, 
2021, June 30, 2021, August 11, 2021, and September 22, 2021. 
The rate to become noninfectious was fixed to 36.5 year-1. We 
also fixed the geo-frequencies parameter, representing the 
probability of the root node of the tree being assigned to either 
type, to 1 for the unsampled and 0 for the sampled type. This 
induces the assumption that every Pango lineage includes sam-
ples from at least two independent introductions, as the root of 
the lineage is outside of the study population. For the 
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reproductive number, we set a lognormal distribution with 
mean 0.0 and standard deviation 4.0 as prior for all types and 
intervals (Supplemental Table S7). As prior probability for the 
sampling proportion, we chose a Beta(50, 950) distribution. 
For all other parameters, we kept the default priors. The fol-
lowing steps were then carried out as discussed above. As the 
sampling period covers the replacement of the variant of con-
cern Alpha by Delta, our data sets include genome sequences 
from lineages that have shown to differ in their transmissibility. 
To see whether we can quantify the transmission difference in 
our study population, we also set up the same analysis as above 
with variant stratification: We inferred a different reproductive 
number for the Pango lineage B.1.1.7 (Alpha) and for all 
included Pango lineages belonging to Delta. We ran all 
MCMC chains for 3 108×  steps, and when necessary for an 
additional 108 steps. As the multitype birth-death model allows 
for many different model variations and can thus be adapted to 
the setup of interest in each study, we opted to first test the 
performance of the method on synthetic data simulated under 
our model. The respective methodology is detailed in Supple-
mental Text S6.

Results and interpretation.  In Supplemental Figure S8, we show 
the results of 50 simulation replicates, 40 out of which reached 
ESS values above 200 for all estimated parameters. In all of 
them, the HPDI coverage is high, with a value close to 100%, 
and the relative bias is small. This suggests that the method can 
recover the correct transmission dynamics from a single sam-
pled population under our simulation conditions, particularly if 
it converges well. We thus applied the method to our data set 
to infer the transmission dynamics in three equally long inter-
vals to quantify temporal changes within the considered region. 
The resulting estimates of the effective reproductive number 
(Re ) and sampling proportion (s ) are shown in Figure 5. The 
estimated sampling proportion is close to the expected value of 
around 5%, as included in the model through an informative 
prior. Considering the effective reproductive number, we esti-
mate a value above one for the first and third interval, and 
below one in the second interval. This aligns with the dynamics 
found on the national level, with decreased transmission in the 
early summer months that increased over the summer holiday 
period.98 In Supplemental Figure S5, we include a sensitivity 
analysis in which the effective reproductive number is allowed 
to change at six equidistant points in time instead of three. This 
shows that three intervals are sufficient to capture the overall 
dynamics well. Only during the time between July and Septem-
ber, we observe slight differences between the results. With three 
intervals, we estimate Re  to be above one with high certainty, 
whereas the additional change points reveal a more complex pic-
ture: During July and early August, Re  likely rises above one 
before it drops below one until the end of September. These 
dynamics could be caused by travel related to summer holi-
days.99 However, because the HPDIs of the posterior estimates 

overlap, these inferences are associated with higher uncertainty. 
As many of the identified Pango lineages were very small, we 
also conducted a sensitivity analysis with a different cluster 
exclusion threshold. The estimates for Re  and s  are presented 
in Supplemental Figure S6, which illustrates that our results 
are robust to changes in the cluster exclusion threshold. Finally, 
as the sampling period spans the replacement of the variant of 
concern Alpha by Delta, we also discuss the sensitivity of our 
results to stratifying the transmission dynamics per variant. 
The posterior distribution of Re  for each variant is visualised 
in Supplemental Figure S7. We see that in the first interval we 
recover estimates with high uncertainty for the Delta variant, 
as only very few trees span that far back. For Alpha, in contrast, 
the last interval is characterised by a high HPDI due to the 
very small number of samples collected during this interval. 
For the first and last intervals, comparisons are, therefore, not 
feasible. In the second interval, however, we find the variant-
specific Re  to be distinctly different. Although the overall 
dynamics, shown in Figure 5, reconstruct Re  to be below one, 
as is the case for the Alpha variant, the posterior distribution 
for Delta puts a higher percentage of the probability density on 
values above one. This illustrates the dynamics of the variant 
replacement taking place during this time.

This case study shows that without any additional source of 
information, we are able to disentangle the transmission 
dynamics of our sampled population and infer the dynamics 
that shape the diversity outside of this population. Similar 
approaches based on coalescent tree priors have previously 
been successfully employed on SARS-CoV-2 data.84,100,101 The 
decrease in the effective reproductive number in the interval 

Figure 5.  Case study 3 – Spatiotemporal pandemic excerpt: Effective 

reproductive number (upper panel) and sampling proportion (lower panel) 

estimated for the sampled study population. Both parameters were 

allowed to change on April 14 and July 23, 2021. The bold line shows the 

median posterior estimate and the shaded area the 95% HPDI. The grey 

line marks an Re  of 1.0 (upper panel) and the prior mean of the sampling 

proportion (lower panel).
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between April 14, 2021, and July 23, 2021, can be caused by 
multiple factors, like nonpharmaceutical interventions imple-
mented locally and increasing temperature.102,103 The increase 
above one in the following interval is most plausibly a result of 
behavioural changes due to the summer holidays, as reported 
previously.99

Discussion
With this article, we provide a comprehensive overview of how 
phylodynamic birth-death models can be used to inform trans-
mission dynamics of SARS-CoV-2. We have summarised all 
steps that constitute such an analysis and highlighted several 
situations in which model assumptions and data properties 
might not align and thus profit from additional validation 
assessments. To illustrate the versatility of these methods, we 
have presented and discussed three case studies from the 
COVID-19 pandemic in Germany. These show how we can 
disentangle complex epidemiological patterns purely from 
time-stamped genomic data through Bayesian inference using 
birth-death-sampling models. In case study 1, we find indica-
tions of a superspreading event in the initial phase of the first 
larger outbreak in Germany by allowing a change in the repro-
ductive number directly after a large-scale gathering. By simul-
taneously estimating the time-scaled phylodynamic tree we 
can, in addition, provide a time interval for the date of the first 
transmission event of the outbreak, based on the observed 
mutational pattern and estimates of the mutation rate from the 
literature. Case study 2 takes a comparative approach by focus-
ing on the estimation of the relative difference in the transmis-
sion rate between community spread and a nosocomial 
outbreak. Our results indicate pronounced levels of SARS-
CoV-2 transmission within the hospital, emphasising the cru-
cial role of implementing preventive measures effectively 
within healthcare facilities. In case study 3, we demonstrate the 
usability of the methods in cases where we do not consider 
clonal outbreaks. Even in the presence of complex population 
substructure, we can robustly quantify piecewise constant 
intervals of the effective reproductive number. The resulting 
analyses show that the dynamics in the abstractly defined sub-
population well resemble what the dynamics on the national 
level look like.

Despite their diverse applicability, the discussed methods 
also come with multiple limitations: First, fundamental chal-
lenges may arise from the mathematical properties of the 
model and simplifying assumptions made within the mathe-
matical models, which may not necessarily be met by the ana-
lysed data. The mathematical properties include potential 
identifiability issues caused by multiple different parameter 
combinations yielding the same likelihood value and difficul-
ties caused by limited sample size and uncertainty in the tree 
structure.22,25 One of the simplifying assumptions is, for exam-
ple, the piecewise constant nature of all rate parameters. 
Particularly for the sampling process, this can lead to 

pronounced biases if the sampling rate is not actually piecewise 
constant, but rather changing exponentially through time.30 In 
addition, if the phylogeny is not a good approximation of the 
transmission tree, for example because the evolutionary and 
epidemiological processes do not act on similar timescales, this 
can bias parameter estimates. In that situation, the phylogeny 
and transmission tree can be modelled separately.104 Second, 
challenges arise from specific properties of the data. For SARS-
CoV-2, this entails the large amount of available sequence data, 
the low genetic diversity and the unknown substructure in 
these data sets.105 The small number of expected substitutions 
over time scales of weeks or few months and thereby high 
sequence similarity in data sets sampled over short time peri-
ods result in weak phylogenetic signals. In addition, the exist-
ing models are computationally expensive due to numerical 
integration over the high-dimensional tree space. Therefore 
they cannot easily be applied to large data sets.106,107 Recently, 
methodological advancements, such as PIQMEE108 and 
Thorney BEAST https://beast.community/thorney_beast, 
last visited May 28, 2024), have enabled phylogenetic analysis 
in a Bayesian framework of data sets of more than tens of 
thousands of genomes. Additionally, deep learning approaches 
have been implemented to estimate epidemiological parame-
ters from phylogenetic trees, allowing fast and accurate infer-
ence from large trees.109

During the COVID-19 pandemic, it has become particu-
larly important to understand when these comprehensive but 
complex frameworks are necessary and where simpler methods 
can yield results of comparable quality. For inference of trees 
from many genetically very closely related sequences, maxi-
mum parsimony approaches have, for example, been shown to 
perform comparably to more elaborate maximum likelihood or 
Bayesian analyses while being computationally much less 
expensive.110,111 Although, generally, the least complex method 
that can provide accurate estimates should be chosen, the 
assessment of accuracy is not always easy. Simpler models 
might, for example, be able to estimate the same parameter 
faster, but lack more detailed quantifications of uncertainty. 
Bayesian inference, on the contrary, provides a full probabilistic 
framework that directly quantifies uncertainty in joint proba-
bilities for all parameters of interest. These joint probabilities 
consider all model components, accounting for correlations 
between them. Bayesian inference also allows direct model 
assessment by generating random samples from the generative 
probability distributions. Such simulations can provide insights 
into the performance in specific situations. It is important to 
keep in mind, though, that conclusions from simulation studies 
are based on synthetic data, which may lack important aspects 
of real-world data.112 Because of the hierarchical structure of 
Bayesian models, the level of complexity can also be adjusted 
by making assumptions about parameter values through prior 
point or range estimates of parameters like the substitution rate 
or even the phylogenetic tree.113 Other data types can also be 

https://beast.community/thorney_beast
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integrated into the analysis via prior probability distributions, 
bringing together different lines of evidence.114 In addition, 
especially when choosing a complex Bayesian inference 
method, the validation of results by simpler methodologies can 
be considered good practice.

Conclusions
As we demonstrate here, Bayesian methods can yield valuable 
information, particularly on well-defined and moderately-
sized data sets. In case study 1, we show how we can easily 
retrace complex seeding dynamics of a large outbreak, that are 
otherwise only accessible through very time and resource-
intensive contact tracing efforts. Case study 2 combines sur-
veillance and outbreak data in a joint analysis setting, thus 
providing a comparable quantification. Even for data sets for 
which we cannot precisely define the study population, we are 
able to disentangle the unknown substructure and estimate the 
respective transmission dynamics, as shown in case study 3. 
Nevertheless, these three case studies illustrate only some of 
the relevant epidemiological information that can be extracted 
from genome data through phylodynamic models: A multitude 
of other studies has been investigating aspects such as the ori-
gin dates and intrinsic differences in transmissibility of new 
viral lineages, including variants of concern (see Attwood et 
al,38 Martin et al,115 Volz116 and references therein).
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