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Abstract

Time-stamped genomic sequences from rapidly evolving pathogens can be used to estimate the rates of evolution through molecular
tip-dating. The validity of this approach, however, depends on whether detectable levels of genetic variation have accumulated over
the given sampling interval, generating a temporal signal. Moreover, molecular dating methods have demonstrated varying degrees
of systematic biases under different biologically realistic scenarios, such as the presence of phylo-temporal clustering. Persistent
SARS-CoV-2 infections in immunocompromised individuals have been linked to accelerated intrahost molecular rates compared to
those of global lineages, facilitating the emergence of novel viral lineages. Yet, studies reporting elevated rates lack assessment of
data properties, such as evaluation of temporal signal and comparison of multiple methods of inference, both crucial for robust
rate estimation. In this study, we applied a range of molecular dating approaches to reassess the rate of SARS-CoV-2 intrahost
evolution in immunocompromised individuals using publicly available datasets. Our findings suggest that even during long-term
infections, the limited number of genetic changes accumulating may pose a challenge for robust inference of within-host evolutionary
rates, particularly when relying on consensus sequences and when datasets are small or unevenly sampled. Moreover, our results
highlight that when certain methodological limitations are overlooked, evolutionary rates can be significantly overestimated. In
general, our findings demonstrate that estimating within-host evolutionary rates is a challenging question necessitating thorough
assessment of data quality, careful selection of appropriate methods, and cautious interpretation of the resulting estimates. Whereas
our phylogenetic analyses of viral consensus sequences provide no evidence of elevated evolutionary rates across the complete genome
during chronic SARS-CoV-2 infection, prolonged viral shedding may nevertheless promote the emergence of new viral variants in
immunocompromised individuals.
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Introduction Whilst time-stamped genealogies have become fundamental

Molecular dating postulates that differences between two
sequences are directly proportional to the time elapsed since they
diverged (‘strict molecular clock’, Zuckerkandl and Pauling 1962),
hence allowing an estimation of the timing of evolutionary events.
Calibration of a molecular clock with independent temporal
information is required to convert relative divergence times
of a phylogenetic tree into absolute timescales. For serially
sampled data sets, including those generated for rapidly evolving
pathogens such as severe acute respiratory syndrome coronavirus
2 (SARS-CoV-2), trees can be calibrated using the sampling times
of genetic sequences (Li et al. 1988, Rambaut 2000) (for review, see
Rieux and Balloux 2016).

for understanding pathogen evolution, the accuracy of estimated
evolutionary rates substantially influences the reliability of
inferred timescales (for definitions and discussion of different
rates of evolution, see Ho and Larson 2006; Ho et al. 2011a).
As a result, a large range of evolutionary models and methods
have been developed, with key distinctions between different
methodologies relying on whether the method accommodates
phylogenetic uncertainty and if rate heterogeneity amongst
lineages can be modelled. In the simplest approach, a linear
regression is fitted between sampling dates and correspond-
ing root-to-tip (RTT) genetic distances (Gojobori et al. 1990,
Drummond et al. 2003). In spite of RTT regression analysis being
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extensively used, its assumptions of statistical independence
of the sequences and rate homogeneity amongst lineages can
be considered as substantial limitations (Rambaut et al. 2016;
Rieux and Balloux 2016; Duchene et al. 2020a). Alternatively,
distance-based approaches, such as least-squares dating (LSD,
To et al. 2016) and TreeDater (Volz and Frost 2017), providing
estimations of evolutionary rates determined by maximizing
the likelihood of the rooted phylogeny, have been developed to
account for the shared ancestry of the samples. Moreover, these
methods have been demonstrated to be somewhat robust to rate
heterogeneity (LSD) or to explicitly account for branch-specific
evolutionary rates (TreeDater). In contrast to these distance-
based methods, probabilistic models implemented in a Bayesian
framework can be used for joint estimation of phylogenetic tree
topology and evolutionary rates (for an introduction on Bayesian
phylogenetic analysis, see, for example, (Huelsenbeck et al. 2001;
Nascimento and Yang 2017)). Due to their broad applicability,
Bayesian phylogenetic methods, such as BEAST?2 (Bouckaert et al.
2019) and RevBayes (Hohna et al. 2016), have become widely
utilized for molecular dating. In addition to tree uncertainty,
these methods can accommodate complex demographic and
evolutionary models, such as an uncorrelated relaxed clock model
where the rate associated with each branch is independently
drawn from a shared underlying distribution (Drummond et al.
2006). More recently, an uncorrelated rate model incorporating
the additive nature of molecular data has been developed
to better represent mutation rates, considered particularly
relevant for dating pathogens, as their phylogenies often contain
numerous short branches resulting from intensive sampling over
brief time periods (Didelot et al. 2021). Consequently, additive
relaxed clock models have been implemented in both distance-
based frameworks and within joint Bayesian inference of dated
phylogenies (Didelot et al. 2021).

Irrespective of the phylogenetic approach chosen, a prereg-
uisite for molecular dating analysis of tip-calibrated phyloge-
nies is that genetic changes can be considered to have accumu-
lated rapidly enough relative to the available range of sequence
sampling times. If measurable levels of genetic variation have
accumulated over a given sampling interval, the population is
considered to be ‘measurably evolving’ (Drummond et al. 2003).
Since insufficient temporal signal might lead to biased estimates
of rates and timescales, determining the strength of the temporal
signal of heterochronously sampled data is an essential step prior
to the estimation of evolutionary rates (Firth et al. 2010). In its
simplest form, an adequate temporal signal can be considered a
positive correlation between sequence sampling times and their
corresponding RTT distances (see, for example, Rieux and Balloux
2016). However, since RTT can be viewed as a qualitative method
that only provides visual evidence for a sufficient temporal signal
(Rambaut et al. 2016), more sophisticated approaches, such as
the ‘date-randomization test’ (DRT, Ramsden et al. 2008) and
‘Bayesian Evaluation of Temporal Signal’ (BETS, Duchene et al.
2020b), have been developed.

Since the onset of the coronavirus disease 2019 (COVID-19)
pandemic, tip-calibrated phylogenies have been exploited exten-
sively to gain insights into the origin and spread of SARS-CoV-
2 (for review, see Attwood et al. 2022). Studies have indicated
episodic increases in evolutionary rates within the global SARS-
CoV-2 phylogeny, suggesting that these bursts may have con-
tributed to the emergence of new variants, including variants of
concern (VOCs) (Hill et al. 2022, Neher 2022, Lythgoe et al. 2023,
Tay et al. 2023). Chronic infections are considered a plausible
cause for these temporary increases (Hill et al. 2022, Neher 2022,

Lythgoe et al. 2023, Tay et al. 2023), as extended viral shedding may
create favourable conditions for intrahost evolution (Kang et al.
2020, Zapor 2020). Observations that immunocompromised indi-
viduals are at greater risk for prolonged infections (for references,
see Table 1) support the ‘Chronic Infection Hypothesis’, which
proposes that long-term infections in these patients contribute
to SARS-CoV-2 evolution and may be a source of VOCs (Chaguza
et al. 2023). Consistent with this hypothesis, multiple studies
have reported up to two-fold higher molecular rates of SARS-
CoV-2 evolution within immunocompromised individuals when
accounting for the whole SARS-CoV-2 genome (Choi et al. 2020,
Borges et al. 2021, Ciuffreda et al. 2021, Karim et al. 2021, Hettle
et al. 2022, Brandolini et al. 2023, Chaguza et al. 2023, Stanevich
et al. 2023, Marques et al. 2024, Sigal et al. 2024). Most commonly,
the reported rates are determined by directly calculating the
number of mutations accumulated (Borges et al. 2021, Ciuffreda
et al. 2021, Sonnleitner et al. 2022) or through root-to-tip regres-
sion analysis (Chaguza et al. 2023, Stanevich et al. 2023, Marques
et al. 2024). The former may result in an overestimation of the
number of changes due to the general assumption of changes
accumulating over time in a single viral lineage, contradicting
the observations of within-host SARS-CoV-2 viral populations
frequently comprising a collection of genetically closely related
lineages, i.e. coexisting quasispecies (Kemp et al. 2021, Pérez-Lago
et al. 2021, Harari et al. 2022, Brandolini et al. 2023, Chaguza et al.
2023). The latter, in contrast, is unsuitable for molecular dating
because the data points for the regression are not phylogeneti-
cally independent due to shared ancestry within the phylogeny
(Rambaut et al. 2016; Duchene et al. 2020a; Neher 2022). Conse-
quently, mutations occurring in the deeper branches contribute
to multiple root-to-tip distances. Moreover, these previous studies
have not assessed the strength of the temporal signal in within-
host datasets, nor have they compared molecular dating methods
or examined the extent to which these methods can be reliably
used.

In this study, we re-evaluated the rate of intrahost molecu-
lar evolution of SARS-CoV-2 in 26 previously published cases of
chronic infection in immunocompromised individuals, using a
phylogenetic framework. We assessed key data properties, includ-
ing genetic diversity and the strength of the temporal signal, to
better understand their impact on the reliability of inferred intra-
host evolutionary rates. Following common practice for both inter-
and intrahost rate estimation, we utilized consensus sequences
to infer average evolutionary rates across the entire viral genome
and compared four widely used phylogenetic approaches whilst
simultaneously evaluating their applicability and robustness. Our
findings highlight a fundamental biological limitation for reli-
ably inferring within-host evolutionary rates in a phylogenetic
context: even during prolonged infections, the accumulation of
genetic changes is often limited, which constrains the signal
necessary for robust rate estimation. Furthermore, our systematic
meta-analysis did not consistently reproduce previously reported
elevated intrahost evolutionary rates, demonstrating that the
estimates are highly dependent on both the molecular dating
method and dataset characteristics. More broadly, our results
contribute to the ongoing research on the complexity of intra-
host SARS-CoV-2 evolution by exemplifying a notable variability
in evolutionary rates amongst chronically infected individuals.
Whilst our findings provide no evidence of accelerated intrahost
viral evolution at the consensus sequence level, prolonged viral
shedding together with the relapsing viral load dynamics may
nevertheless promote the emergence of novel viral variants, such
as VOCs.



Table 1. Overview of datasets included in this study.
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Dataset Number of Sampling Nextstrain clade/Pango Individual’s underlying Reference
sequences window (days) lineage® /WHO VOC clinical condition®
included in the status
analysis
Baang-pt-1 8 99 20A/B.1.576/- B-cell neoplasm (Baang et al. 2021)
Brandolini-pt-1 8 86 21J/AY.122/Delta B-cell neoplasm (Brandolini et al. 2023)
Caccuri-pt-1 12 222 20B/B.1.1/- B-cell neoplasm (Caccuri et al. 2022)
Chaguza-pt-1 30 392 20A/B.1.517/- B-cell neoplasm (Chaguza et al. 2023)
Choi-pt-1 9 134 20A/B.1.576/- Rheumatological/ (Choi et al. 2020)
autoimmune disease
Ciuffreda-pt-1 15 129 19B/A.2/- PID (Ciuffreda et al. 2021)
Gandhi-pt-1 15 141 20A/B.1.576/- B-cell neoplasm (Gandbhi et al. 2022)
Halfmann-pt-1 12 373 20G/B.1.2/- B-cell neoplasm (Halfmann et al. 2023)
and PID
Harari-pt-5 9 75 20B/B.1.1.50/- B-cell neoplasm (Harari et al. 2022)
Huygens-pt-2 13 160 21K/BA.1.1/Omicron B-cell neoplasm (Huygens et al. 2023)
Jensen-pt-2 8 22 20B/B.1.1/- HIV/AIDS (Jensen et al. 2021)
Kemp-pt-1 16 100 20D/B.1.1.1/- B-cell neoplasm (Kemp et al. 2021)
Khatamzas-pt-1 21 149 20B/B.1.1/- B-cell neoplasm (Khatamzas et al. 2022)
Lee-pt-11 11 64 20A/B.1/- B-cell neoplasm (Lee et al. 2022)
Lee-pt-4 8 342 20A/B.1.576/- B-cell neoplasm (Lee et al. 2022)
Li-pt-1 11 140 19A/B¢/- Multiple conditions (Lietal 2021)
Lynch-pt-1 8 77 20B/B.1.1/- B-cell neoplasm (Lynch et al. 2021)
Pérez-Lago-pt-1 9 123 19A/B/- B-cell neoplasm (Pérez-Lago et al. 2021)
Pérez-Lago-pt-2 10 117 20A/B.1/- B-cell neoplasm (Pérez-Lago et al. 2021)
Riddell-pt-2 9 111 201/B.1.1.7/Alpha B-cell neoplasm and (Riddell et al. 2022)
HIV/AIDS
Riddell-pt-3 15 255 201/B.1.1.7/Alpha HIV/AIDS (Riddell et al. 2022)
Rockett-pt-2 8 31 21J/AY.39.1.2/Delta PID (Rockett et al. 2022)
Rockett-pt-4 8 40 21J/AY.39.1.3/Delta Myeolodysplastic (Rockett et al. 2022)
syndrome/
myeloproliferative
disorder
Rockett-pt-8 12 34 21J/AY.39.1/Delta B-cell neoplasm and (Rockett et al. 2022)
multiple other conditions
Sonnleitner-pt-1 10 98 20B/B.1.1.232/- B-cell neoplasm (Sonnleitner et al. 2022)
Weigang-pt-1 9 140 20B/B.1.1/- Multiple conditions (Weigang et al. 2021)

aDefined with Nextclade v2.14.1. PFor details, see Supplementary Table S2. °For details, see Supplementary Table S1.

Materials & methods
Data collection

A schematic overview of the workflow used in this study is
presented in Fig. 1. All data used within this study were obtained
through a literature search conducted between 15 August 2022
and 15 March 2023, according to the search terms: Case study; lon-
gitudinal; SARS-CoV-2; COVID; immunocompromised; persistent;
prolonged; viral evolution; intrahost; and long-term. The result-
ing dataset of 1029 longitudinally sampled consensus sequences
from 255 individuals and 53 publications was then filtered accord-
ing to the following criteria: (i) given evidence within the original
publication of the immunocompromised status of the individual,
(ii) confirmation that the infection was the result of a single, long-
term infection, i.e. excluding multiple consecutive infections, or a
superinfection, and (iii) that at least eight sequences with unique
collection dates were available from the individual, with the aim
of minimizing phylogenetic uncertainty and thus increasing the
precision of parameter estimates. We furthermore followed the
procedure presented in Harari et al. (2022) and considered an
individual to have a chronic SARS-CoV-2 infection if there was
evidence of persistent viral shedding for a period of at least
20 days. The removal of all individuals not fulfilling these criteria

resulted in a final dataset of 323 consensus sequences from 26
individuals and 21 publications. For the dataset obtained from
Lynch et al. (2021), the last sample (EPI_ISL_2484152, 2020-07-
08) was excluded from all the analyses since, in the original
publication, authors suspected a superinfection with a second
strain of the virus.

In parallel to sequence data collection, clinical metadata
obtained from the original publications or via correspondence
with the authors are provided within s S1-S6. For consistency,
all datasets were renamed according to the first author of the
source publication, followed by ‘pt’ and the patient number. This
labelling is used throughout the manuscript. Sequence identifiers
were renamed according to the day of collection, where, in each
case, ‘day 0’ represented the earliest sequence available for the
individual. In some instances, multiple samples were collected on
the same day, representing different specimen types (e.g. Baang-
pt-1_22a and Baang-pt-1_22b). In such cases, only one sample
was considered for a given collection date and preference was
given to respiratory tract samples, since within-host populations
from different tissue types have been shown to be genetically
highly distinctive (Wang et al. 2021). Pango lineages (Rambaut et al.
2020) were obtained from original publications and were further
confirmed with Nextclade v2.14.1 (Aksamentov et al. 2021).


https://academic.oup.com/ve/article-lookup/doi/10.1093/ve/veaf065#supplementary-data
https://academic.oup.com/ve/article-lookup/doi/10.1093/ve/veaf065#supplementary-data
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Sequence data quality control and assessment of
within-dataset genetic diversity

To mitigate the impact of sequencing errors associated with
specific laboratories or technologies (De Maio et al. 2020, Turakhia
et al. 2020), we masked all known problematic sites, as suggested
in De Maio et al. 2020. We furthermore determined the absolute
numbers of missing characters (N) and ambiguous characters
R, Y, K, M, S, W, B, D, H, and V) for each sequence with BioEdit

(Hall 1999). Sequences were aligned to the SARS-CoV-2 reference
genome (Wuhan-Hu-1, NC_045512.2) in MAFFT v7.475 (Katoh
and Standley 2013) with the -keeplength option. Within each
dataset, the mean number of pairwise differences was determined
with MEGA 11 (Tamura et al. 2021). Distances were estimated
by calculating the absolute number of differences by assuming
uniform rates amongst sites and treating gaps and missing data
as pairwise deletion, meaning that sites containing missing
data and/or alignment gaps are removed for each pair of



sequences individually. As a variance estimation method, we ran
a nonparametric bootstrap with 100 replications.

Evolutionary rate estimates—RTT, LSD2, and
TreeDater

A shared property of distance-based methods used within this
study is that they rely upon a user-specified substitution tree for
which the optimal root position is estimated based on software-
specific algorithms. For all distance-based methods, the max-
imum likelihood substitution tree inferred with IQ-Tree v2.1.2
(Minh et al. 2020) was provided as an input. The best-fit sub-
stitution model was simultaneously estimated with ModelFinder
(Kalyaanamoorthy et al. 2017) (igtree2 -s input.fasta -m MFP). As
ambiguous characters have an influence on the estimation of
branch lengths and thus on evolutionary rates, sequence posi-
tions exhibiting ambiguous characters were treated as informa-
tive sites, as implemented in IQ-Tree by default.

For each dataset, we assessed the strength of temporal signal
with root-to-tip linear regression with the R package BactDat-
ing (Didelot et al. 2018). The significance of the temporal signal
was assessed through random permutations of sampling dates,
following the approach implemented in BactDating with 10000
permutations. This procedure compares estimates obtained with
the correct sampling dates to those inferred when all sequences
are assigned the same sampling date. At this point, the temporal
signal was considered sufficient for further analysis if the P-value
was <0.05. Subsequently, for datasets with an RTT-confirmed
temporal signal, evolutionary rate estimates were assessed with
three methods: BactDating (RTT), Least-Squares Dating (LSD2)
method integrated in IQ-TREE v2.1.2, and TreeDater. Time trees
were inferred by using sampling dates as tip dates, and the root
position was estimated as a part of the analyses. For LSD2, the
best-fit substitution model was estimated with ModelFinder, as
described previously. Regarding the tree, we chose to use two
different approaches: Within the first approach, we followed the
LSD2 default values and collapsed all internal branches having a
branch length < 1.67e-05 (=0.5/sequence length). Within the sec-
ond approach, none of the branches were collapsed, implying that
null branches were allowed. For the output, tree branch lengths
were resampled in total 100 times to determine the confidence
intervals (with —date-ci option). With TreeDater, the molecular
rates were determined by assuming a strict and relaxed clock. For
both, confidence intervals for the rate estimates were estimated
with a parametric bootstrap with 100 replicates. Based on the
results obtained from LSD2 and TreeDater, the strength of the
temporal signal of each dataset was re-evaluated: If LSD2 and/or
TreeDater analysis yielded error messages indicating a poor tem-
poral signal, the temporal signal for the dataset under scrutiny
was considered as ‘Questionable’.

Evolutionary rate estimates—BEAST2

For the datasets passing the re-evaluation of the temporal signal,
the evolutionary rates were additionally determined with BEAST
v.2.6.7. Evolutionary rates were inferred with strict and uncor-
related relaxed lognormal clock models by assuming a Bayesian
Skyline Plot (BSP) as an underlying tree model (see Supplementary
text S2 for details and additional sensitivity analysis). Due to small
sample sizes, dimensions for BSP model parameters bPopSize
and bGroupSize were set to 3-5, depending on the data set. As
a substitution model HKY +TI' was used, assuming four gamma
rate categories. Whilst recent work has shown that modelling
site heterogeneity with a gamma distribution may introduce
systematic bias in branch length estimates, this effect is expected
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to be minimal for small datasets with fewer than 50 sequences
(Ferretti et al. 2024), which is considerably larger than the datasets
analysed here. For datasets containing ambiguous characters, i.e.
Chaguza-pt-1 and Khatamzas-pt-1, these characters were treated
as informative sites through option useAmbiquities=‘true’.
As a prior distribution for a strict clock rate parameter (clockRate),
a uniform distribution (0,1) was used. The same uniform
distribution was originally used also for the relaxed clock rate
parameter (ucldMean). However, Markov Chain Monte Carlo
(MCMC) chains were not reaching convergence. Therefore, we
chose to use a more stringent prior and set normal distribution
with a mean of 8.0e-04 (subst./site/year) and a standard deviation
of 16.0e-04 (subst./site/year). As an additional sensitivity analysis,
we conducted further runs using a Gamma-distributed prior for
the relaxed clock rate parameter, specifying a shape parameter
«=8.0 and a rate parameter »=10* This prior results in a mean
rate of 8.0e-04 subst./site/year, with 95% of the probability
density spanning from 3.45e-04 to 14.4e-04 subst./site/year.
No additional modifications were made to the default prior
distributions.

The temporal signal was assessed with a date-randomization
test (DRT) implemented in R package TIPDATINGBEAST (Rieux
and Khatchikian 2017). For the DRT, for each dataset for both
clock models, 20 randomized data sets were generated as rec-
ommended in Duchéne et al. (2015b). We used two previously
proposed criteria to evaluate the strength of the temporal signal:
(i) there is no overlap between posterior distributions of true
and randomized datasets (Ramsden et al. 2009), and (ii) the true
mean value is not contained in any of the randomized posterior
distributions (Firth et al. 2010). The MCMC chain length was set
to 10-50 million steps for all MCMC analyses. For the BEAST2
analyses with nonrandomized sampling dates, the posterior dis-
tributions of parameters were estimated based on two parallel
MCMC chains. After confirming sufficient sampling of each chain
(effective sample sizes for each parameter > 200), the samples
from two runs were combined after discarding the first 10% of
each chain as a burn-in. Maximum clade credibility trees with
median node heights were reconstructed with TreeAnnotator by
assuming 10% as a burn-in. MCC trees were visualized with
FigTree v1.4.4 (http://tree.bio.ed.ac.uk/software/figtree/, last vis-
ited 11 November 2024).

Estimating topological distances

The topological distances between pairs of phylogenetic trees
were estimated with the R package TreeDist v.2.6.3 (Smith 2020)
(https://zenodo.org/records/3528124, last visited 11 November
2024), which represents an information-based generalized
Robinson-Foulds metric that defines the overall similarity
between two trees. For each dataset, three comparisons were
performed: LSD2 vs. BEAST?2 strict clock MCC tree, LSD2 vs.
BEAST2 relaxed clock MCC tree, and BEAST2 strict clock
MCC tree vs. BEAST2 relaxed clock MCC tree. According to
Smith (2020), ‘SharedPhylogeneticinfo’ metrics describes the
amount of phylogenetic information in common between two
trees, whereas ‘DifferentPhylogeneticinfo’ metrics describes
the distance between trees under scrutiny, i.e. how much
information is different in the splits of these two trees. When
‘DifferentPhylogeneticInfo’ yielded a value of 0, trees were consid-
ered identical. When the score for shared splits exceeded the score
for conflicting splits (‘SharedPhylogeneticinfo’ > ‘DifferentPhyloge
neticInfo’), two trees were considered to exhibit modest variation
in the tree topology. When the score for conflicting splits exceeded
the score for shared splits (‘SharedPhylogeneticInfo’ < ‘DifferentPh
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ylogeneticInfo’), trees were considered to exhibit notable variation
in the tree topology.

Evaluating the degree of phylo-temporal
clustering

The degree of temporal clustering was estimated by calculating
temporal clustering (TC) statistics (Gray et al. 2011) implemented
in R package PhyloTempo (Norstrom et al. 2012). As an input, we
used the same unrooted substitution trees generated with IQ-Tree,
which we also used as input for BactDating, LSD2, and TreeDater.
For each dataset, the TC score was defined with three independent
runs by setting the number of randomizations to 500. In case
these three separate analyses produced highly divergent TC score
estimates, we considered the degree of temporal clustering as
unresolved.

Test of positive selection

The presence of positive selection was evaluated through a codon-
based Z-test of selection averaging over all sequence pairs within
the dataset for nine of the datasets. As a null hypothesis, we
assumed strict neutrality (dy =ds) and as an alternative hypoth-
esis, positive selection (dy > ds). All calculations were conducted
with MEGA 11 (Tamura et al. 2021) by using the Pamilo-Bianchi-Li
method by assuming a pairwise deletion, as described previously.

Results
Data collection and quality assessment

Data collection resulted in the identification of 26 individuals
meeting all the inclusion criteria. Clinical metadata, sequence
accession information, and details of the sequences are reported
within Supplementary Tables S1-S8. The samples of the final
dataset derived primarily from the respiratory tract includ-
ing nasopharyngeal, oropharyngeal, combined nasopharyn-
geal/oropharyngeal, as well as less commonly sputum, bron-
choalveolar lavage, and tracheal aspirate specimen types. The
number of sequences per dataset varied from 8 to 30 sequences
(Table 1). The sampling windows, i.e. the days between the first
and last sequence sampling point for each dataset, ranged from
22 days (Jensen-pt-2) to 392 days (Chaguza-pt-1) (Table 1, Fig. 2).
Collection date information was available in calendar units for
22 datasets, and altogether, these covered a time period from
February 2020 to June 2022 (Supplementary Fig. S1).

To minimize the possibility of sequences being recombinants of
two different viral variants, we further verified that all sequences
within a dataset represented the same Pango lineage. Datasets
represented in total 16 different Pango lineages, and furthermore,
seven of the individuals carried lineages identified as variants
of concern (Table 1). The assignment of Pango lineages to Li-pt-1
sample series suggested that samples reflected distinct lineages
(Supplementary Table S1). However, since the original paper by
(Li et al. 2021) regarded strong sequence similarity as evidence
against reinfection, we decided to include the dataset in the
subsequent study.

Eighteen of the individuals were receiving treatment for B-
cell neoplasm (including B-cell lymphoma and B-cell leukaemia),
three each for primary immunodeficiency (PID) and for HIV/AIDS,
one for myelodysplastic syndrome/myeloproliferative disorder,
and one for rheumatological/autoimmune disease, as well as
three individuals with other forms of immunodeficiency (Table 1).
Some of the individuals had more than one disease associated
with immunodeficiency (Supplementary Table S2). Due to highly
unequal representation of distinct underlying clinical condition

categories, the potential differences in how they may influence
the intrahost evolution of SARS-CoV-2 were not further explored
nor discussed within this study.

Assessment of genetic diversity amongst
datasets and temporal signal with RTT

Whereas approximately half of the datasets displayed low lev-
els of genetic diversity with observed mean pairwise differences
being <5.0, for some, the differences were notably higher, yielding
mean values above 10.0 (Supplementary Table S9). As we detected
genetic changes within all datasets, the strength of the temporal
signal was first assessed with the regression of root-to-tip dis-
tances and associated permutation test, the former indicating
a positive correlation for all datasets (Supplementary Fig. S2).
However, the datasets displayed highly variable levels of temporal
signal, with R? values ranging from 0.23 to 0.99 and P-values
between P < 1.00e-04 and 6.45e-02. The estimates of R?=0.23
and P=6.45e-02 observed for Lee-pt-11 indicated an inadequate
temporal signal, and the dataset was excluded from subsequent
analyses. Based on the positive correlation between genetic differ-
ences and sequence sampling dates, 25 of the datasets included
in this study would be suitable for phylogenetic molecular clock
analysis (Rambaut et al. 2016). However, subsequent analyses with
LSD2 and TreeDater excluded many of these, showing adequate
temporal signal for only nine datasets (Fig. 2). For the remaining
16, a lack of sufficient temporal signal was detected and therefore
the temporal signal was considered as ‘Questionable’.

The majority of the datasets for which LSD2 and TreeDater
exhibited poor performance displayed rather low genetic diver-
sities (i.e. Baang-pt-1, Jensen-pt-2, Lynch-pt-1, Pérez-Lago-pt-1,
Pérez-Lago-pt-2, Riddell-pt-2, Riddell-pt-3, Rocket-pt-2, Rocket-pt-
4, Weigang-pt-1) (Supplementary Table S9). For some datasets
with higher genetic diversity, the weak temporal signal may be
explained by highly skewed temporal distributions of sampling
points (i.e. Gandhi-pt-1, Kemp-pt-1, and Li-pt-1) (Fig. 2). Genetic
diversities showed positive correlations between sampling win-
dows for datasets with questionable and sufficient temporal sig-
nals with correlation coefficient values of R2=0.42 and R?=0.84,
respectively (Supplementary Fig. S3). However, for datasets with
questionable temporal signal correlation was not statistically
significant (P=0.11). This indicates that the duration of infection
can explain only some of the observed genetic diversity, meaning
that novel mutations have emerged with highly variable patterns
across datasets.

Evolutionary rate estimates—RTT, LSD2, and
TreeDater

Comparison of evolutionary rates obtained with RTT, LSD2, and
TreeDater revealed notable discrepancies across the estimates
between different datasets as well as between different methods
(Figs 3 and 4). Inconsistencies amongst methods were observed
for datasets both with and without an adequate temporal signal.
For the nine datasets with sufficient temporal signal, LSD2 and
TreeDater yielded comparable mean rate estimates within each
dataset (Fig. 3, Supplementary Table S10), yet estimates obtained
with RTT were, on average, 1.6-1.9 times higher than those
obtained with LSD2 or TreeDater (Supplementary Table S11).
A more pronounced pattern of elevated RTT estimates was
observed amongst datasets with a ‘Questionable’ temporal signal,
where RTT produced estimates that were, on average, 3.1-14.4
times higher than the corresponding point estimates inferred
with LSD2 or TreeDater (Supplementary Table S11). The same
substitution tree served as input for all three methods, and
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Figure 2. Temporal distribution of sample collection points. Collection dates are given relative to the first sample of each dataset (Day 0), whereas in
Supplementary Fig. S1, collection dates are represented in calendar years. Datasets are coded according to their temporal signal: purple circles
indicate datasets with no temporal signal, dark-grey circles indicate a poor (‘Questionable’) temporal signal, and green circles denote datasets with a
sufficient temporal signal (evaluated based on analysis with RTT, LSD2, and TreeDater).

hence, these differences cannot be attributed to variations in tree
reconstruction methods or differences in how methods handle
ambiguous sites. Within each dataset, no notable differences
were detected between estimates produced with TreeDater by
assuming strict or relaxed clock models. Similarly, LSD2 produced
highly congruent estimates with and without collapsing the short
branches of the tree.

For LSD2, we additionally evaluated the possible impact of
an outgroup inclusion and re-inferred rate estimates for trees
rooted with the SARS-CoV-2 reference sequence (GenBankID:
NC_045512.2). No considerable differences were detected between
the estimates reconstructed with and without an outgroup
(Supplementary Fig. S4), suggesting that possible topological
errors have only a modest impact on the inferred LSD2 rate
estimates, if any, as also indicated by To et al. (2016). Moreover,
in Supplementary text S1, we evaluate the recently proposed
method by Sigal et al. (2024) for estimating intrahost evolutionary
rates using a putative ‘founder sequence’. We furthermore
demonstrate the robustness of estimates obtained with LSD2
compared to RTT, both with and without exploiting the ‘founder
sequence’ as an outgroup, using Chaguza-pt-1 as a representative
sample series (Supplementary text S1 and Supplementary Fig. S5).

We compared the rates obtained within this study with three
types of previously published estimates: firstly, with a commonly
used point estimate of 8.0e-04 subst./site/year reconstructed
based on host-to-host transmission chains (Ghafari et al. 2020),
secondly, with a range of mean estimates collected from various
publications describing evolutionary rates for SARS-CoV-2 host-
to-host acute infections (Supplementary Tables S12 and S13),
and thirdly, for those datasets for which a within-host rate was
estimated in the source publication, this estimate was included in
the comparison. This comparison revealed that for six out of nine
datasets with sufficient temporal signal, the RTT estimate was
higher than the point estimate of 8.0e-04 subst./site/year, whereas
only for Harari-pt-5, the RTT estimate of 1.97e-03 subst./site/year

exceeded all mean substitution rate estimates obtained from the
literature (Fig. 3). Whilst some of the mean estimates from LSD2 or
TreeDater analysis were higher than 8.0e-04 subst./site/year, none
of them exceeded the collection of mean estimates. However,
for Brandolini-pt-1, Halfmann-pt-1, Harari-pt-5, and Lee-pt-4,
the widths of the confidence intervals revealed considerable
uncertainty in LSD2 and TreeDater estimates. A previous intrahost
rate estimate of 1.2e-03 subst./site/year available for Chaguza-
pt-1 was obtained with an RTT regression approach and was
therefore equal to our RTT estimate.

For the majority of the datasets representing lower degrees
of temporal signal, the evolutionary rates obtained in this study
were generally in good accordance with published host-to-host
estimates (Fig. 4). Amongst these datasets with ‘Questionable’
temporal signal, within-host rates have been previously deter-
mined for Ciuffreda-pt-1 and Sonnleitner-pt-1. The previously
reported rate for Ciuffreda-pt-1 (Ciuffreda et al. 2021) is notably
higher than the estimates obtained in this study. Conversely, the
previously reported rate for Sonnleitner-pt-1 (Sonnleitner et al.
2022), is considerably lower than RTT and TreeDater estimates
derived in this study. However, the results should be interpreted
cautiously since the genetic diversity and temporal spread of
samples may not be sufficient to adequately inform the molecular
clock.

Evolutionary rate estimates—BEAST2

For the nine datasets exhibiting stronger temporal signals,
evolutionary rates were also determined with BEAST v.2.6.7.
The temporal signal, an essential prerequisite for Bayesian
rate estimates (Duchéne et al. 2016, Rambaut et al. 2016), was
additionally assessed with a date-randomization test (DRT) for
these nine datasets (Supplementary Figs S6 and S7). By assuming
the Ramsden et al. (2009) criterion (see Materials & Methods),
DRT analysis of a strict clock model displayed strong evidence for
sufficient temporal signal in four of the datasets (Caccuri-pt-1,
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Figure 3. Evolutionary rate estimates determined for nine datasets with sufficient temporal signal (strength of temporal signal defined here based on
RTT as well as TreeDater and LSD2 results). For all datasets, rates were determined with following methods: BEAST2 (by assuming relaxed and strict
clock models), LSD2 (with and without collapsing short branches), root-to-tip, and TreeDater (by assuming relaxed and strict clock models). In each
panel, the Y axis denotes the evolutionary rate in subst./site/year. For estimates inferred with BEAST2, diamonds represent median estimates and
associated vertical lines correspond to 95% highest posterior density intervals (HPDIs). For RTT only point estimates are represented. For other
distance-based methods (i.e. LSD2 and TreeDater), diamonds represent mean estimates and bars illustrate confidence intervals. Grey dashed line
represents the commonly used SARS-CoV-2 substitution rate estimate of 8.0e-04 subst./site/year. The grey-shaded area denotes the lowest and highest
mean evolutionary rate estimates for SARS-CoV-2 collected from various publications (3e-04-16e-04 subst./site/year, see Supplementary Table S12).
For Chaguza-pt-1, a previous estimate of 1.2e-03 subst./site/year is indicated with a blue dashed line.

Chaguza-ptl, Halfmann-pt-1, and Khatamzas-pt-1). When
assuming the more lenient criterion by Firth et al. (2010), datasets
Choi-pt-1 and Lee-pt-4 were also included. Considering the
uncorrelated relaxed lognormal clock model, a strong temporal
signal was observed only for Chaguza-pt-1 (Ramsden et al. 2009
criterion) or Chaguza-pt-1 and Khatamzas-pt-1 (Firth et al. 2010
criterion). For the rest of the datasets, as the 95% highest posterior
density intervals (95% HPDIs) for the randomized datasets were
somewhat overlapping with the real rate estimates, the strength
of the temporal signal might not be sufficient to infer evolutionary
rates with high confidence within a Bayesian framework.
Despite the DRT analysis not indicating a strong temporal sig-
nal, particularly when assuming a relaxed clock model, evolution-
ary rates generated with BEAST2 were compared with estimates
retrieved by other methods. For Brandolini-pt-1, Huygens-pt-2,
and Lee-pt-4, BEAST2 median estimates were in accordance with
mean values obtained with LSD2 and TreeDater, whilst for the
rest, the median estimates inferred with BEAST2 were higher.
Furthermore, for Caccuri-pt-1, Choi-pt-1, and Khatamzas-pt-1,
BEAST? estimates exceeded the generally high RTT point esti-
mates. Overall, BEAST2 estimates showed less consistency than
LSD2 and TreeDater relative to RTT. However, despite BEAST2

producing sporadically higher rates than other methods, similarly
to RTT, only Harari-pt-5 displayed a Bayesian median estimate
exceeding the literature reference values used. Whereas BEAST2
estimates obtained with strict and relaxed clock models were
in good accordance within each dataset, evaluation of the esti-
mated coefficient of rate variation alluded that for none of the
nine datasets, the evolutionary rate can be considered strictly
constant across branches through time (Supplementary Fig. S8).
Furthermore, the sensitivity analyses using a Gamma-distributed
prior for the relaxed clock rate parameter produced rate esti-
mates highly consistent with those obtained under the originally
applied normally distributed prior (Supplementary Fig. S9). Addi-
tionally, rates obtained with alternative coalescent-based tree
prior models yielded highly similar estimates across both strict
and relaxed molecular clock frameworks (Supplementary Text S2
and Supplementary Fig. S10).

Evaluating phylogenetic tree topologies and
degrees of phylo-temporal clustering

To further examine the possible causes of the evolutionary rate
estimate inconsistencies observed principally between BEAST?2 vs.
LSD2 and TreeDater, we inspected the topologies of SARS-CoV-2
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Figure 4. Substitution rate estimates for datasets with ‘Questionable’ temporal signal. For all, rates were determined with following methods: LSD2
(with and without collapsing branches with short lengths), root-to-tip, and TreeDater (by assuming relaxed and strict clock models). In each panel, the
Y axis denotes the evolutionary rate in subst./site/year. For RTT, only point estimates are represented. For other distance-based methods (i.e. LSD2 and
TreeDater), diamonds represent mean estimates and horizontal lines illustrate confidence intervals. Rockett-pt-4 was removed as only RTT was
successful (with rate estimate of 9.9e-03 subst./site/year). For Riddell-pt-3 and Sonnleitner-pt-1, evolutionary rate estimates could not be determined
with LSD2. Similarly, for Weigang-pt-1 LSD2 analysis with default branch-collapse settings did not produce results. Grey dashed line represents the
commonly used SARS-CoV-2 substitution rate estimate of 8.0e-04 subst./site/year. The grey-shaded area denotes the lowest and highest mean
evolutionary rate estimates for SARS-CoV-2 collected from various publications (3e-04-16e-04 subst./site/year, see Supplementary table S12). For
Ciuffreda-pt-1 and Sonnleitner-pt-1, previously reported estimates of 1.1e-03 and 7.5e-4 subst./site/year, respectively, are indicated with a blue

dashed line.

phylogenetic trees. For the majority of the nine datasets, modest
split differences were observed between LSD2 and BEAST2
MCC trees, but only for Caccuri-pt-1 and Huygens-pt-2, the
score for conflicting splits exceeded the score for shared splits
(Supplementary Table S14). Further visual evaluation of the
BEAST2 MCC trees revealed a ‘ladder-like’ topology for the
majority of the nine datasets (Supplementary Figs S11-S19).
This type of tree topology is considered indicative of excessive
phylo-temporal clustering (Grenfell et al. 2004), known to impact
rate estimates (Duchéne et al. 2016, Tong et al. 2018). Therefore,
we further assessed its likely effect by calculating TC score
that describes the degree of phylo-temporal clustering. For
Chaguza-pt-1, Halfmann-pt-1, Harari-pt-5, and Khatamzas-
pt-1, we observed TC scores ranging between ~0.3 and~0.5
(Supplementary Table S15), indicating a high degree of temporal
clustering (Gray et al. 2011). For these datasets, evolutionary
rate estimates obtained with BEAST2 were notably higher than
corresponding estimates produced with LSD2 or TreeDater. For
Caccuri-pt-1 and Choi-pt-1, TC scores were <0.1, presumably
indicating a lesser degree of phylo-temporal clustering. Whereas

for Caccuri-pt-1, similar rate estimates were obtained with all
methods, for Choi-pt-1, BEAST2 estimates are greater than LSD2
or TreeDater estimates. However, TC statistics are reported to be
sensitive to small sizes below 20 (Gray et al. 2011), and thus, a
small sample size of nine sequences for Choi-pt-1 might affect
its TC score. For the remaining three datasets (Brandolini-pt-1,
Huygens-pt-2, and Lee-pt-4), we were not able to resolve the TC
score unambiguously (for details, see Materials & Methods).

For Huygens-pt-2, a closer evaluation of MCC tree topologies
(Supplementary Fig. S17), revealed a notable substructure of the
viral population. Whereas the first sequence for the datasets was
obtained on the same day as the reported onset of symptoms, the
median estimates for the tree height date 2 months earlier with
both clock models (Supplementary Fig. S17). Similar estimates
for the most recent common ancestor were obtained with LSD2,
and TreeDater yielded even older estimates. Based on this, it is
plausible that the individual has been superinfected with two
SARS-CoV-2 strains representing the same Pango lineage (BA.1.1),
and thus, results for Huygens-pt-2 have been interpreted with
caution.
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Test for positive selection

We further evaluated the possibility of continuous selection
resulting in ladder-like tree topologies, as suggested by Grenfell
et al. (2004). Additionally, positive selection is expected to increase
the rate of nonsynonymous mutations, whilst the synonymous
rate is assumed to remain largely unaffected, resulting in an
elevated dN/dS ratio and thus higher evolutionary rates. Amongst
nine of the datasets, only Lee-pt-4 showed evidence of positive
selection across all functionally important proteins, albeit this
was presumably driven by strong positive selection on ORFlab,
which constitutes the vast majority of the SARS-CoV-2 genome
(Supplementary Table S16). For four of the datasets, positive
selection was detected on the S gene (Brandolini-pt-1, Chaguza-
pt-1, Choi-pt-1, and Halfmann-pt-1), but no such signal was
detected at the genome-wide level (i.e. considering ORFlab, S,
E, M, and N genes together). For the remaining datasets (Caccuri-
pt-1, Harari-pt-5, Huygens-pt-2, and Khatamzas-pt-1), we found
no statistically significant evidence of positive selection, either
in individual genes or across the genome. This suggests that,
across the whole genome, the overall ratio of nonsynonymous to
synonymous mutations is not significantly elevated in eight of the
nine sample series examined. Consequently, the test of positive
selection does not provide additional evidence for accelerated
evolutionary rates in these series.

Patient case histories

We obtained evidence of non-clocklike evolution in all nine
datasets (Supplementary Fig. S8). Considering this, we were
further interested in contrasting the timing of evolutionary
rate changes with the temporal fluctuations in the viral load
and the timing of SARS-CoV-2 treatments administered. As a
proxy for viral load, we used Ct values or direct estimates of
viral load, available for seven of the individuals, for which we
additionally collected the SARS-CoV-2 treatment information, if
any, from the original publications (Supplementary Tables S2
and S4). Changes in evolutionary rates through time were
characterized by visualizing BEAST2 MCC trees by assuming
an uncorrelated relaxed clock model. However, as the BEAST?2
estimates appeared biased towards higher rates, we further
evaluated if the observed temporal oscillations in evolutionary
rates hold through additional sensitivity analysis (Supplementary
text S3 and Supplementary Figs S20-526). ‘Patient case histories’
for Chaguza-pt-1and Khatamzas-pt-1, the only datasets for which
temporal signal was adequate for relaxed clock analysis, are
characterized in Figs 5 and 6, respectively. For the rest of the
datasets results are presented in Supplementary Figs S27-S31.
These seven individuals displayed numerous different clinical
conditions leading to a severely immunosuppressed condition
(Table 1). Altogether the datasets covered a lengthy period of
time from April 2020 to July 2022 (Supplementary Fig. S1),
during which new therapeutics for SARS-CoV-2 infection were
developed. As a consequence, a notable variation in the treatment
types can be detected amongst individuals, antibody-based
treatments targeting the spike protein—i.e. convalescent plasma,
bamlanivimab, intravenous immunoglobulin, and sotrovimab—
being the most commonly used therapeutic agents. Two of the
individuals also received remdesivir with a direct antiviral activity
targeting RNA polymerase. Moreover, the half-lives of different
treatments vary greatly, ranging from a few hours for remdesivir
(Corcione et al. 2021, Humeniuk et al. 2021) to nearly 7 weeks for
sotrovimab (Gupta et al. 2021) (https://www.ema.europa.eu/en/
medicines/human/EPAR/xevudy, last visited 11 November 2024).

Convoluted cycling patterns of viral load were found in all seven
individuals, complicating a systematic comparison even further
(Supplementary Fig. S32). Whilst a visual examination revealed no
strong evidence of temporal correspondences between molecular
rate variation, viral loads, and the various SARS-CoV-2 treatments
administered, further statistical testing was limited by the small
sample sizes considered.

Discussion
Limitations of the data

The robustness of molecular dating inferences primarily relies
on within-sample genetic diversity, evolutionary rate, the range
of sampling times, and the number of sequences (Duchene et al.
2020b). Most datasets included in this study did not meet these
criteria due to relatively small numbers of sequences, relatively
narrow sampling windows, or both. A reliable inference of intra-
host evolutionary rate estimates was feasible only for a subset
of datasets analysed, proposing that in many sample series, even
prolonged infections failed to produce a measurable evolutionary
signal. Our findings suggest that the number of accrued muta-
tions over the course of persistent SARS-CoV-2 infections, span-
ning from several weeks to months, does not necessarily generate
sufficient phylogenetic signal, potentially leading to biased and
highly uncertain rate estimates. Overall, our results highlight the
critical importance of ensuring the data properties, such as the
genetic diversity and the strength of temporal signal, before infer-
ring intrahost rate estimates within a phylogenetic framework—
an essential aspect that has been overlooked in several previous
studies reporting accelerated within-host rates (Chaguza et al.
2023, Stanevich et al. 2023, Harari et al. 2024, Marques et al. 2024).

Whilst our data inclusion criteria of at least eight sequences
were arbitrarily chosen, our findings in principle underscore the
importance of sample size. Only the two datasets with the largest
sample sizes—Chaguza-pt-1 and Khatamzas-pt-1, containing 30
and 21 samples, respectively—exhibited a sufficiently strong
signal to allow for robust rate inference. Interestingly, whilst
Chaguza-pt-1 also had the longest sampling window in this study,
five other datasets with 8-15 sequences exceeded the 149-day
window of Khatamzas-pt-1 but nevertheless failed to produce an
adequate signal according to the date randomization test.

As commonly done (Chaguza et al. 2023, Stanevich et al. 2023,
Marques et al. 2024, Sigal et al. 2024), we derived evolutionary
rates based on consensus sequences and hence ignored within-
host evolutionary dynamics. Assessment of full within-host viral
diversity would require a representative sample of independently
evolving quasispecies and accounting for distinctive variant fre-
quencies within these subpopulations (Smith et al. 2024). Based
on our literature and database searches, the availability of raw
sequence data in public repositories is even more restricted than
what is seen for consensus sequences. Furthermore, we utilized
consensus sequences as provided by the original publications,
implying that distinct methodologies as well as different vari-
ant calling thresholds have been used for consensus sequence
reconstruction across datasets (see Supplementary Table S6 for
details). However, since we compare molecular dating methods on
a within-dataset level, possible biases introduced by differences
between consensus sequence reconstruction methods can be
considered negligible.

To evaluate the pace of intrahost viral evolution with respect
to the previously presented within-host rates (Choi et al. 2020,
Borges et al. 2021, Ciuffreda et al. 2021, Karim et al. 2021,
Brandolini et al. 2023, Chaguza et al. 2023, Stanevich et al. 2023,
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phocytic leukaemia and B-cell lymphoma as underlying clinical conditions.

Figure describes through time the changes in the evolutionary rates (by assuming an uncorrelated lognormal relaxed clock model), Ct values and
SARS-CoV-2 treatments administered within the sampling window. For Chaguza-pt-1 dataset, the first viral sequence was obtained 79 days after the

first positive test. Patient was treated with bamlanivimab, which targets sp
within the phylogenetic tree represents evolutionary rate estimates (in sub

ike protein and has a half-time of ~17 days. Colouring of the branches
st./site/year) obtained with BEAST2, lower values indicated with blue and

higher rates with red colour. Open circles denote samples for which only Ct values were available, and coloured circles denote samples that were

sequenced.

Marques et al. 2024, Sigal et al. 2024), we inferred rate estimates
based on a full genome analysis. The second rationale for focusing
on genome-wide analysis stems directly from the data properties:
since our aim was to infer evolutionary rates separately for each
dataset, and given that most lacked sufficient signal for reliable
rate estimation even at the genome-wide level, we considered
robust gene-level analyses not feasible. However, previous studies
have reported evolutionary rate variation between different
genomic regions of SARS-CoV-2 (Pereson et al. 2021, Wang
et al. 2022), leaving the characterization of gene-specific rate
differentiations between within-host and host-to-host viral
evolution an open question for future research.

Generally, our findings propose that viral phylogenies recon-
structed based on consensus sequences alone cannot fully elu-
cidate within-host dynamics of SARS-CoV-2. A comprehensive
understanding of the underlying drivers shaping the intrahost
evolution would require the development of models account-
ing jointly for multiple evolutionary processes, including host
immune responses (Terbot et al. 2023). Therefore, robust eval-
uation of intrahost viral evolution necessitates systematically
collected samples over the course of infection, larger cohorts, and

improved clinical metadata documentation for statistically robust
conclusions.

Notable variation in rate estimates caused by
method-specific limitations

Our results revealed notable variations in evolutionary rates, both
between the datasets and across different molecular dating meth-
ods. Whereas the between-dataset differences suggest discrepan-
cies in viral population dynamics amongst hosts and exemplifies
the complexities of intrahost viral evolution, the latter highlights
the overall shortcomings of SARS-CoV-2 phylogenetic inference,
as thoroughly detailed in Morel et al. (2021). In short, estimates
generated within this study by using RTT tend to be consis-
tently higher than rates obtained with LSD2 and TreeDater, which
yielded rather similar results within each dataset. In contrast,
rate estimates obtained using BEAST2 showed lesser degrees of
consistency in comparison to LSD2 and TreeDater results. The
variations in rate estimates observed between different dating
methods within a dataset can theoretically be attributed to sev-
eral bias-causing factors in the data or the phylogenetic analyses:
(i) issues with sequence quality, such as sequencing artefacts
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Figure 6. Patient case history for Khatamzas-pt-1 patient, with follicular lymphoma as underlying clinical condition. Figure describes through time the
changes in the evolutionary rates (by assuming an uncorrelated lognormal relaxed clock model), viral load on a logarithmic scale, and SARS-CoV-2
treatments administered within the sampling window. For the Khatamzas-pt-1 dataset, the first viral sequence was obtained 5 days after the onset of
symptoms. Patient was treated with convalescent plasma (CP) multiple times within the sampling window: on Days 20, 30, 45-90, and 103 after the
first sequenced sample (i.e. Day 0). Convalescent plasma targets spike-protein and has a half-time of ~26 days with notable variation. Colouring of the
branches within the phylogenetic tree represents evolutionary rate estimates (in subst./site/year) obtained with BEAST?2, lower values indicated with
blue and higher rates with red colour. For the viral load SARS-CoV-2 RNA copy numbers per millilitre of endotracheal aspirates are presented
(Khatamzas et al. 2022). Open circles denote samples for which only viral load estimates were available, and coloured circles denote samples that were

sequenced.

and ambiguous sites, (i) undetected recombination events, (iii)
discrepancies in tree topologies, and (iv) inherent limitations of
the specific molecular dating methods employed.

Firstly, to mitigate the potential impacts of data quality issues,
we filtered out known problematic sequence positions during the
initial analysis and treated ambiguous characters as informa-
tive in each molecular dating framework. Secondly, since even
minor levels of recombination can affect phylogenetic analysis,
including evolutionary rate estimation (Schierup and Hein 2000),
we excluded the possibility of interclade recombination during
data collection by applying strict inclusion criteria, i.e. evidence
confirming a long-term infection and verification of all sequences
within a dataset representing the same Pango lineage. Detection
of intraclade recombination, however, is highly challenging due
to similarity of consensus sequences amongst coexisting quasis-
pecies, resulting in an insufficient number of polymorphic sites
for reliable recombination analysis. Consequently, signatures of
intraclade recombination may be indistinguishable from recur-
rent mutations at the molecular level. Therefore, the varying sen-
sitivities of molecular dating methods to unidentified intraclade
recombination become trivial, as these events—whether they
are misspecified recombinations or true recurrent mutations—
are accounted for through the implementation of a substitution
model.

Thirdly, as our datasets consist of genetically highly similar
sequences, a weak phylogenetic signal may complicate the
root estimation and result in topological differences between
the output trees produced with different molecular dating
approaches. However, the possibility of topological dissimilarities
and errors being the cause for the rate variation between methods
was excluded through three additional analyses. Within the
first approach, we re-assessed evolutionary rates with LSD2
by utilizing a SARS-CoV-2 reference sequence as an outgroup
but did not detect any prominent discrepancies in the inferred
rate estimates. In the second approach, we employed RTT and
LSD2 to re-estimated rates for Chaguza-pt-1 by incorporating
a ‘founder sequence’ as suggested by Sigal et al. (2024). Once
again, LSD2 demonstrated excessive robustness across various
rooting strategies, whilst RTT produced highly inconsistent rate
estimates, always exceeding those derived with LSD2. In the
third approach, we contrasted time-tree topologies generated
with BEAST2 and LSD2, and although we observed topological
disparities for some of the datasets, we couldn’t detect any
systematic correlations between topological differences and
inflated BEAST?2 rate estimates explaining the variation (Table 2).

Lastly, as we could not explain the differences between dat-
ing approaches by sequencing artefacts, ambiguous characters,
recombination, or inconsistencies within the tree structure, we
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Table 2. Summary of the results for nine datasets for which evolutionary rates were determined with RTT, LSD2, TreeDater, and

BEAST?2.
Dataset (Number of Temporal Temporal Deviation Degree of Rate estimates Tree topology Tree Signals of
sequences) signal signal from a temporal BEAST2 vs. BEAST2 vs. LSD2¢ topology positive selectionf
strict relaxed  clock-like clustering® LSD2 & BEAST2
clock clock evolution® TreeDater” strict vs.
(DRT) (DRT) relaxed®
Brandolini-pt-1 (N=28) Weak Weak Modest Unresolved BEAST2 ~ others  Modest variation =~ Modest Yes (S gene)
variation
Caccuri-pt-1 (N=12) Strong Weak Modest Low BEAST?2 ~ others  Notable variation Modest No
variation
Chaguza-pt-1 (N=30) Strong Strong Notable  High BEAST2 > others =~ Modest variation =~ Modest Yes (S gene)
variation
Choi-pt-1 Weak Weak Modest Low BEAST2 > others = Modest variation Identical Yes (S gene)
(N=9)
Halfmann-pt-1 (N=12) Strong Weak Notable  High BEAST2 > others ~ Modest variation  Identical Yes (S gene)
Harari-pt-5 Weak Weak Notable  High BEAST2 >others = Modest variation ~Modest ~ No
(N=9) variation
Huygens-pt-2 (N=13) Weak Weak Modest  Unresolved BEAST2 ~ others  Notable variation Identical No
Khatamzas-pt-1 (N=21) Strong Strong Modest High BEAST2 >others = Modest variation Identical No
Lee-pt-4 Weak Weak Notable  Unresolved BEAST2 ~ others  Modest variation Identical Yes (ORFlab)
(N=8)

“Estimated based on the coefficient of rate variation (Supplementary Fig. S8). PEstimated based on TC statistics (detailed values for three parallel runs are
presented in Supplementarg Table S15). “Comparison of point estimates (BEAST2 median estimates vs. LSD2 & TreeDater mean estimates) (see Fig. 3 and

Supplementary Table S10).

Estimated based on tree similarity and distance measures as proposed in Smith (2020) (detailed values presented in Supplementary

Table S14, see also Supplementary Figs. S11-519). ®Estimated based on tree Slmllarlty and distance measures as proposed in Smith (2020) (detailed values
presented in Supplementary Table S14, see also Supplementary Figs. $11-519). fResults from Z-test of positive selection available in Supplementary Table S16.

consider that differences may arise due to intrinsic characteristics
of different methodologies. Several findings presented within this
study confirm the problematic usage of root-to-tip regression as
an explicit approach for molecular dating (Rambaut et al. 2016;
Duchene et al. 2020a) and further highlight RTTs’ incompati-
bility for the intrahost framework. Due to the inherently high
degree of non-independence of intrahost sequences, the simpli-
fied assumption of genetic changes accumulating independently
along the lineages leads to a pseudoreplication, where particu-
larly the mutations occurring at the deeper branches of the tree
are contributing to multiple root-to-tip distances. As the RTT
regression method does not explicitly model the shared ancestry,
varying degrees of phylogenetic dependence between a within-
host sample set and a collection of sequences randomly drawn
from a large background population may explain the notably
higher intrahost evolutionary rates reported by Chaguza et al.
(2023), Stanevich et al. (2023), Harari et al. (2024), and Marques et al.
(2024), which were based solely on RTT analysis. Furthermore,
our finding that RTT estimates are markedly higher than those
from LSD2 or TreeDater, particularly for sample series with limited
temporal signal (Supplementary Table S11), has two key implica-
tions. First, it underscores the critical importance of evaluating
data properties prior to molecular clock analyses. Second, it raises
concerns about previously reported accelerated rate estimates
obtained with RTT from datasets characterized by small sample
sizes, narrow sampling windows, or both (Stanevich et al. 2023,
Harari et al. 2024, Marques et al. 2024), as such datasets likely fail
to meet the requirements for robust rate estimation (Duchene
et al. 2020b). Notably, even though our datasets contain, on aver-
age, three times more samples and three times longer sampling
windows than, for example, chronic-like clades analysed in Harari
et al. (2024), reliable rate inference was only possible for two of
our sample series. This strongly suggests that previously reported
estimates may be shaped by methodological biases or insufficient
data signal, rather than reflecting true biological processes.
Conversely, the high Bayesian rate estimates observed are likely
attributable to strong phylo-temporal clustering, indicated by

ladder-like topologies typical of intrahost genealogies (Grenfell
et al. 2004). BEAST2 has been demonstrated to be profoundly
sensitive to such clustering (Duchéne et al. 2016, Tong et al. 2018),
since it reduces the number of independent calibration points,
thereby decreasing information content and increasing uncer-
tainty, leading to an upward bias in rate estimates (Ho et al. 2011b;
Duchéne et al. 2015b; Tong et al. 2018). In contrast, LSD2 and Tree-
Dater are less vulnerable to temporal clustering effects (To et al.
2016, Volz and Frost 2017, Tong et al. 2018). Despite the majority
of the sample series displaying a ladder-like structure, reliable
quantification of phylo-temporal clustering was achievable only
for the largest datasets, Chaguza-pt-1 and Khatamzas-pt-1, for
which strong phylo-temporal clustering likely explains the high
BEAST? rate estimates. Consequently, rate estimates derived with
LSD2 and TreeDater are presumably closer to the true rates than
those obtained using RTT or BEAST?2.

Comparison with rate estimates obtained from
acute infections provides no evidence for
elevated intrahost rates

Previous studies have brought the intrahost molecular rate esti-
mates to a broader context through comparison with either RTT
estimates obtained from a randomly sampled background pop-
ulation (Chaguza et al. 2023, Stanevich et al. 2023) or with a
point estimate obtained from the literature (Borges et al. 2021,
Ciuffreda et al. 2021, Brandolini et al. 2023, Sigal et al. 2024).
The latter typically contrasts within-host mutation accumulation
with a global rate estimate from the pandemic’s early stages
(8.0e-04 subst./site/year). Later studies, however, have reported
highly variable rates of SARS-CoV-2 evolution on a population
scale, making inferences derived from a single point estimate
somewhat ambiguous. Furthermore, the assumption of genetic
changes accumulating along a single viral lineage overlooks the
coexistence of genetically distinct viral populations (Kemp et al.
2021, Pérez-Lago et al. 2021, Harari et al. 2022, Brandolini et al. 2023,
Chaguza et al. 2023), as also seen in some datasets included in this
study (Supplementary Fig. S2).
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Principally, a direct comparison of within-host and between-
host rates may not be straightforward since molecular rate vari-
ation is not solely dependent on the mutation rate. Instead, the
demographic history of the population has been found to alter the
strength of genetic drift and selection, subsequently introducing
rate variation through time (Ohta and Kimura 1971, Ohta 1987,
Ohta 2002) (for review see (Bromham and Penny 2003)). Rate
variability and accuracy have in addition shown to be impacted
due to ‘time-dependency’ (Ho et al. 2005; Ho et al. 2011a), the
degree of phylogenetic tree imbalance (Duchéne et al. 2015a),
the presence of a pronounced population structure (Navascués
and Emerson 2009), and the temporal distribution of sampling
dates (Ho et al. 2007). To address these biases from demographic
processes, we compared rates derived in this study to a variety
of previously published estimates that have been retrieved by
using diverse molecular dating methodologies and obtained from
different datasets representing different timescales and phases
of the pandemic (Supplementary Table S12). These published
point estimates vary between ~3e-04 and 16e-04 subst./site/year
(Supplementary Table S12), with the lowest estimates reported for
viral lineages circulating during later stages of the pandemic (Hill
et al. 2022, Neher 2022). Since the datasets analysed in our study
primarily represent lineages from the earlier pandemic phase,
which have been associated with higher evolutionary rates (Neher
2022), the lowest published host-to-host estimates are likely not
appropriate as direct reference points for our comparisons (see
Supplementary Table S13 for further details). Therefore, despite
substantial discrepancies between datasets and methods used,
intrahost evolutionary rates obtained in this study are gener-
ally consistent with rates reported from transmission chains of
acutely infected individuals.

Fluctuations in the viral population size shaping
the rate of molecular evolution?

Elevated intrahost rates have been interpreted to reflect differ-
ences in viral population sizes, as the within-host viral popu-
lation, unlike in host-to-host transmissions, is not constrained
by transmission bottlenecks, potentially leading to faster evo-
lutionary rates (Chaguza et al. 2023). Since our results do not
indicate notable differences between host-to-host and within-
host rates, we further explored whether changes in viral popu-
lation size could result in intrahost rates comparable to those
observed in acute infections. For the seven datasets with avail-
able data, frequent fluctuations in Ct or viral load estimates are
apparent (Supplementary Fig. S32). Despite both measures being
sensitive to inconsistencies in sampling method (for a review,
see Puhach et al. 2022), successive intrahost genetic bottlenecks
might have caused a significant loss in genetic diversity, as shown
also for example for Staphylococcus aureus (Golubchik et al. 2013).
Intriguingly, the genetic diversity of respiratory tract samples—
comprising the majority of samples used in this study—has been
found to be significantly lower compared to other anatomic sites
presumably leading to a more pronounced genetic drift (Wang
et al. 2021). Whereas the size of the intrahost genetic bottleneck
is undoubtedly less stringent than what has been observed for
host-to-host SARS-CoV-2 transmissions (Popa et al. 2020, Lythgoe
et al. 2021), repeated bottlenecks combined with a small effective
population size and thus a greater impact of random sampling
might temporarily affect the frequency of novel mutations emerg-
ing, subsequently leading to lower molecular rates.

Additional evidence for population size changes shaping
intrahost viral evolution comes from the observation that high
degrees of phylo-temporal clustering can occur under neutral

evolution due to repeated genetic bottlenecks (Gray et al. 2011).
Whilst excessive phylo-temporal clustering is typically attributed
to strong selective pressure (Grenfell et al. 2004), our study’s
lack of strong selective signals suggests that selection alone
may not account for ladder-like topologies. It is essential to
note, however, that we tested selection signals by averaging
over entire genes or genomes, and whilst we found no strong
evidence of positive selection at this scale for eight out of the nine
datasets investigated, specific mutations like E484K and del144
did emerge and subsequently became fixed within datasets,
indicating positive selection of individual antibody escape
mutations. Nevertheless, we anticipate that intrahost population
size variations can explain, at least to some extent, molecular
rates analogous to host-to-host rates. Similar conclusions have
been made for HIV (Pybus and Rambaut 2009).

Complex patterns of nonclocklike evolution

As our findings indicated non-clocklike evolution in all nine
datasets, we explored the possible factors causing episodic
evolution through ‘Patient case histories’. Temporal correspon-
dences of mutational patterns, viral loads, and antibody-based
treatments have previously suggested a correlation between
viral rebound and the emergence of antibody evasion mutations
(Harari et al. 2022). Building on this framework, our approach
intends to explore mutational patterns on a more generic
scale. By incorporating rate variation across branches, we aim
to understand evolutionary changes between sampling points,
offering insights even for unsampled parts of the phylogenetic
tree. It is essential to note, however, that neither the approach
used in this study nor the one exploited in Harari et al. (2022)
can reveal the exact timing of novel mutations. Denser sampling
over the course of infection would be required to distinguish if
antibody evasion mutations arose at the time of viral rebound
or during the preceding stages characterized by decreasing or
undetectable levels of viral load. Whereas proper statistical
testing was not feasible due to reasons like complex cycling
patterns of viral load and wide variation in clinical conditions,
visual examination of ‘Patient case histories’ did not reveal a
temporal link between viral rebound and elevated levels of viral
evolution. Instead, our findings emphasize the complexities of
the interplay between intrahost viral bottlenecks, molecular rate
variation, and therapies targeting the virus, which are influenced
by factors beyond the scope of this study.

Standardized framework for intrahost viral
molecular rate inference needed

Whilst previous molecular dating studies of intrahost SARS-CoV-
2 have typically relied on a single dating method (Chaguza et al.
2023, Stanevich et al. 2023, Marques et al. 2024, Sigal et al. 2024), our
findings underscore the value of employing multiple approaches
to estimate intrahost evolutionary rates accurately. We therefore
recommend the following steps for robust tip-calibrated dating
inference in within-host datasets: (i) determination of genetic
diversity, (ii) evaluation of temporal signal, (iii) exploration of the
tree topology, and (iv) comparison of different molecular dating
methods. We further note the importance of the fundamental
work evaluating through simulations the performance of distinct
frameworks for molecular dating and temporal signal assessment
(Duchéne et al. 2015a; Duchéne et al. 2016; Murray et al. 2016;
To et al. 2016; Volz and Frost 2017; Tong et al. 2018; Duchene
et al. 2020b). Whilst different methods generally perform well
when applied to informative datasets, these studies have shown
discrepancies to arise in the presence of strong phylo-temporal
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clustering, low substitution rates, notable amongst-lineage rate
variation, and non-uniformly distributed sampling times. Since
within-host datasets could be plausibly subject to all the afore-
mentioned phenomena, additional simulation studies are neces-
sary to more comprehensively address the intrinsic limitations of
each methodology and their potential impact on viral intrahost
evolutionary rate inference.

Conclusions

Our findings have two types of implications: firstly, they empha-
size the complexity of determining the within-host evolutionary
rates, not restricted to intrahost evolution of SARS-CoV-2 but
generalized also for other pathogens. By neglecting the limitations
of the data or the method used, it is possible to obtain highly
biased rate estimates and to hence draw invalid conclusions.
Our findings highlight the significance of the systematic study
of several intrahost datasets using different approaches in order
to support reliable estimations. Secondly, in terms of SARS-CoV-
2, our phylogenetic meta-analyses provide no evidence of gen-
erally elevated levels of viral evolution in immunocompromised
individuals with chronic SARS-CoV-2 infection. Instead, within-
host molecular rates inferred are comparable with rate estimates
derived from host-to-host transmission chains. The contradicting
results between this study and those of Chaguza et al. (2023),
Stanevich et al. (2023), and Sigal et al. (2024) can likely be attributed
to the method-specific limitations of different molecular dating
approaches. Whilst our findings challenge previous claims of
increased intrahost evolutionary rates, they do not refute the
generally recognized theory of immunocompromised individu-
als serving as a source for emergence of new viral variants—a
prolonged SARS-CoV-2 infection within an immunodeficient indi-
vidual might promote the appearance of novel antibody escape
mutations. Furthermore, our findings do not preclude the possi-
bility of increased evolutionary rates amongst immunocompro-
mised individuals. Instead, interpretations based solely on con-
sensus sequences should be approached with caution, as they
may obscure the full extent of within-host viral diversity.
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