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Sequencing 

 

Samples were sequenced at one of five sequencing centres, University of Oxford 

(OXON), Northumbria University and associated NHS foundation trusts (NORT), 

National Infection Service Public Health England (PHEC), Quadram Institute 

Bioscience, Norwich (NORW), and Wellcome Sanger Institute (Sanger). The great 

majority of samples were sequenced on Illumina Novaseq, with the rest using Oxford 

Nanopore GridION or MINION. The standard consensus FASTA sequences for all 

ONS-CIS samples were generated using the ARTIC Nextflow processing pipeline 

(v1) (1), or veSeq, an RNA sequencing protocol based on a quantitative targeted 

enrichment strategy (2,3) with consensus sequences produced using Shiver (v1.5.8) 

(4). For additional information about the survey, sequencing protocol, and FASTA 

consensus sequence protocol see (2,5). 

Association between infection type and SARS-CoV-2 lineage 

 

By identifying a list of all high viral load persistent and non-persistent infections 

recorded through the ONS-CIS (Figure 1), we were able to assess whether the 

likelihood of persistent versus non-persistent infections differs by SARS-CoV-2 

lineage, taking into account the overall number of infections per lineage. 

 

We performed a chi-square test to compare the distribution of persistent and non-

persistent infections across the major SARS-CoV-2 lineages in our study (Alpha, 

Delta, BA.1, BA.2, BA.2.75, BA.4, BA.5, and BQ.1). To ensure unbiased results, we 

excluded the XBB lineage from this analysis because the wave of infections with 

XBB was still ongoing at the end of the ONS-CIS survey (2). Additionally, we 

separated BA.2.75 and BQ.1 (and their descendants) from their parental BA.2 and 

BA.5 lineages, respectively, since these sublineages formed distinct and near-

complete waves of infection in the UK by the time of our study. 

 

The chi-square test yielded weak evidence of an association between infection type 

(persistent vs. non-persistent) and SARS-CoV-2 lineage (X-squared = 18.023, df = 7, 

p-value = 0.01187). This suggests that the distribution of persistent and acute 

infections across lineages is not entirely uniform. However, when we restricted the 

analysis to lineages with fully completed waves of infection in the UK during the 

study period (Alpha, Delta, BA.1, BA.2 excluding BA.2.75, BA.4, and BA.5 excluding 

BQ.1), the evidence for an association weakened (X-squared = 9.9218, df = 5, p-

value = 0.07748). 

 

This result aligns with the biological expectation, as we do not anticipate any specific 

lineage to be intrinsically more or less likely to cause persistent versus acute 

infections. Instead, the apparent association in the full dataset may reflect variability 

in sampling or incomplete data for lineages with ongoing or overlapping waves, such 

as BA.2.75, BQ.1, and XBB. 

 

 

 

https://paperpile.com/c/3130jb/mySsR
https://paperpile.com/c/3130jb/IYlys+o5NA5
https://paperpile.com/c/3130jb/qPzmx
https://paperpile.com/c/3130jb/IYlys+5y29u
https://paperpile.com/c/3130jb/IYlys
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Nucleotide diversity 

 

Nucleotide diversity was calculated using the π statistic, which is the common 

measure of diversity least affected by the number of sequences used in the analysis 

(6). For each persistent infection, nucleotide diversity at a given time point is given 

by: 

 

 
 

where L represents the number of nucleotide positions being examined, and Dl the 

genetic diversity at locus  with an iSNV present at a frequency ≥20%. This is 

calculated as: 

 

 
 

where ni represents the number of nucleotides i = A, C, G or T (not including gaps), 

and N the total number of reads at that locus.  

 

Estimating within-host genetic distance 

 

We used differences in mutant allele frequencies between two sequences from the 

same infection to calculate the genetic distance between the sequences. This is 

similar to an approach that has been used to measure within-host evolutionary rates 

of influenza A in a chronically infected individual (7). We calculated changes in allele 

frequency relative to the first sequenced time point in each persistent infection. 

Synonymous and nonsynonymous distance was determined by whether the mutant 

allele would result in the same (synonymous) or a different (nonsynonymous) amino 

acid being coded for compared to the first time point in the infection.  

 

Within this framework, a full sweep of a mutant allele (a frequency change of 100%) 

contributes 1 unit of distance and a partial sweep with a frequency change of 40% 

contributes 0.4 units. This definition of evolutionary distance does not invoke any 

assumptions about the founder population, which might differ from the population at 

baseline, as it relies on absolute changes in allele frequencies to measure 

evolutionary distance. 

 

Following this definition of evolutionary distance, a mutant allele i, present at 

frequency fi(t0) at the first time point and fi(tk) at the kth time point contributes |fi(tk) - 

fi(t0)| to the pairwise distance between the two sequences. More generally, if the pair 

of sequences has M mutant alleles, the total genetic distance between them is 

 

d(tk,t0) = ∑i∈M |fi(tk) - fi(t0)| ,   

https://paperpile.com/c/3130jb/gqYZO
https://paperpile.com/c/3130jb/t6e6p
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where |.| represents the absolute change of allele frequency. We excluded pairs of 

samples where the total number of overlapping base pairs between the two 

consensus sequences is smaller than 50% of genome length as these can give rise 

to deflated or inflated measures of genetic distance per site.  

 

Estimating within-host evolutionary rate 

 

We quantified within-host evolutionary rates by assuming a linear relationship 

between the genetic distance and the time elapsed since the first sequence was 

collected from each individual. 

 

A linear regression model represented the changes in genetic distance relative to 

first sequence over time within each persistent infection as 

 

 d(tk,t0) ≈ r |tk - t0| + e , 

 

where r is the evolutionary rate and e is the y-intercept, which represents the 

expected amount of noise when measuring genetic distance. The noise could arise 

from either sequencing error or undiagnosed population structure (7). If a persistent 

infection does not have a detectable mutant allele that reaches frequency ≥20%, we 

exclude that individual from evolutionary rate analysis as we cannot quantify the 

contribution of noise in frequency change of alleles. 

 

Our analysis encompassed five different regression models with varied levels of 

complexity (see Supplementary Table 1) to estimate genome-wide, synonymous, 

and nonsynonymous within-host evolutionary rates. We used the Bayesian 

Information Criterion (BIC) value for model selection, balancing model complexity 

against fit quality. 

 

The y-intercept can be interpreted as the baseline level of noise in changes of allele 

frequencies. With a fixed nonsynonymous y-intercept at 3.4x10-5 substitutions per 

site and an average of 4.5 nonsynonymous mutations per infection, we can estimate 

that roughly 23% of the variations in nonsynonymous allele frequencies may be 

attributed to noise. Conversely, for a typical synonymous mutation characterised by 

a y-intercept of 2.2x10-5 substitutions per site and an average of 1.6 synonymous 

mutations per infection, about 40% of changes in allele frequencies are driven by 

noise. While we expect the contribution of sampling noise to be the same for both 

synonymous and nonsynonymous mutations, biological factors such as selection 

and functional constraints may not be uniform across different mutation types. More 

specifically, given that synonymous mutations are more likely to be neutral or nearly 

neutral, their baseline noise can be more reflective of sampling noise and the 

stochastic nature of viral replication and mutation.  

 

We examined the following linear regression models for measuring evolutionary 

rates and baseline noise: 

 

https://paperpile.com/c/3130jb/t6e6p
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(i) Complete pooling: di(t) = r0 t + e0 + εi(t) 

 

This model assumes a single (fixed) underlying rate, denoted as r0, and intercept, e0, 

which describes a common evolutionary rate and noise contribution across all 

individuals. The error term εi(t) represents the residual unexplained variability in 

distance, di(t) for persistent infection i. 

 

Models (ii) to (v) all incorporate partial pooling with varying degrees of complexity. 

 

(ii) Random intercept: di(t) = r0 t + ei + e0 + εi(t) 

 

A linear mixed effect model which assumes a shared rate, r0, and error, e0, across all 

infections (fixed effects)with each infection i also having a unique intercept ei, 

indicative of individual-level noise variation (random effect). 

 

(iii) Random slope with one fixed intercept: di(t) = (r0+ri) t + e0 + εi(t)  

 

A linear mixed effect model which assumes a single (fixed) underlying rate,r0, and 

error, e0, shared by all individuals in addition to a unique underlying rate, ri, for each 

persistent infection, i (random effect).  

 

(iv) Random slope with multiple fixed intercepts: di(t) = (r0+ri) t + ∑j  ej + εi(t) 

 

Considering potential sequencing centre-specific noise, we categorised y-intercepts 

into nine groups, based on where the sequences were sampled. For instance, if the 

initial sample from a persistently infected individual was sequenced in Sanger 

Institute ("Sanger") and a subsequent sample in the University of Oxford ("OXON"), 

the y-intercept corresponding to this persistent infection belong to the j=("Sanger", 

"OXON") category. There are a total of nine such y-intercept categories, represented 

as j∊{(NORT, PHEC), (NORT, NORW), (NORT, Sanger), (OXON, PHEC), (Sanger, 

OXON), (NORT), (PHEC), (OXON), (Sanger)}. There are 9 pairs of samples that are 

(NORT, PHEC), 4 (NORT, NORW), 90 (NORT, Sanger), 14 (OXON, PHEC), 1 

(Sanger, OXON), 147 (NORT), 16 (PHEC), 10 (OXON), and 331 (Sanger). We 

assessed these categories for their impact on baseline noise in the data, assuming 

their influence is constant over time. This model therefore introduces nine fixed 

effects ej to account for variations in y-intercepts due to sequencing noise levels. 

 

(v) No pooling: di(t) = ri t + ei 

 

Each persistent infection, denoted as i, has a unique rate and error term. In practice, 

this model cannot be applied to our dataset because the number of measurements is 

smaller than the number of random effects, as persistent infections with only two 

samples yield a single measurement for genetic distance. 

 

Our analysis showed, based on the lowest BIC value, that the random slope with one 

fixed intercept regression model (iii) best explains genome-wide and 

nonsynonymous evolutionary rates while the random intercept regression model (ii) 
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best explains synonymous rate for persistent infections. The lines of best fit for all 

the persistent infections with measurable evolution is shown in Supplementary 

Figure 7. 

 

Handling of missing data for the evolutionary rate analysis 

 

Missing data arose in two ways: (1) Viral samples from some infections had no 

measurable evolutionary rate (measurable genetic distance) based on our criteria, 

and (2) some samples were excluded due to poor genomic coverage. To ensure the 

reliability of our measurements, we excluded 82 persistent infections (out of 576) 

with no measurable viral evolution or whose samples all failed our quality-control 

thresholds -- this is now clearly laid out in our flow diagram (Figure 1). For the 

remaining 494 individuals, only samples that passed the genomic coverage criteria 

were used in the analysis, resulting in varying numbers of samples per individual. 

 

A complete-case analysis approach was effectively applied at the level of samples. 

After filtering, only infections with at least two high-quality (>50% genomic coverage) 

samples and at least one reliable measurement of genetic distance (>50% genomic 

overlap between consensus sequences from the baseline and subsequent 

timepoints) were included.  

 

Multiple imputation was not used because the missing data were not random. 

Missingness was due to technical reasons, such as poor genomic coverage or lack 

of measurable evolution. Imputing genetic distance values for excluded samples 

could have introduced bias into the analysis, as these excluded data were inherently 

unreliable. 

 

The final dataset included 494 infections with varying numbers of samples per 

individual, all of which passed our quality-control thresholds. The random slope with 

a fixed intercept structure of our preferred mixed-effects model accounts for this 

variation in the number of samples across individuals, ensuring that all reliable data 

contributed appropriately to the estimation of evolutionary rates. 

 

In terms of covariates, we considered age, sex, prior infection, vaccination status, 

viral load dynamics and duration of infection (Supplementary Table 2). There was 

no missing data in these data, although we accept that there could be ascertainment 

bias (particularly for example in terms of identifying prior infections, determined on 

the basis of tests in the survey and linked data from the national testing 

programmes). 

 

Estimating within- and between-lineage rates at the between-host level 

 

To assess the saltatory evolution of SARS-CoV-2 at the between-host level, we used 

a previously identified representative sample from the ONS-CIS dataset (2). This 

dataset covered sequences from the Alpha, Delta, Omicron BA.1, BA.2 (excluding 

BA.2.75), BA.2.75, BA.4, BA.5 (excluding BQ.1), and BQ.1 lineages. We then 

constructed the ancestral sequence for each major lineage using TreeTime (8) and 

https://paperpile.com/c/3130jb/IYlys
https://paperpile.com/c/3130jb/oCkLt
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calculated total, nonsynonymous, and synonymous Hamming distances between 

samples from each major lineage relative to the ancestral sequence of the same 

major lineage. Finally, to estimate the between-lineage rate, we calculated the total, 

nonsynonymous, and synonymous Hamming distances between the Wuhan 

reference sequence (NC_045512.2) and the ancestral sequence for each major 

lineage. 

Divergence rate from putative founder 

 

To explore evolutionary rate variation across the genome, we next assumed the 

consensus sequence at baseline represents the founder virus, and that the start of 

infection occurred at the midpoint between the last negative PCR test and the first 

sampled time point of the persistent infection. For the majority of infections, the last 

negative PCR test was taken between 20 to 40 days before the baseline (see 

Supplementary Figure 2). Using the estimated infection start dates, we calculated 

an evolutionary rate for each region of the genome, aggregating across all 

individuals. We called this the divergence rate to distinguish it from the approach we 

took to measure evolutionary rates per individual, because most infections had only 

a limited number of mutations, which precluded a calculation of a per-individual rate 

per gene or gene segment. This commonly used approach to measuring within-host 

divergence rates comes with two key disadvantages compared to the intra-infection 

evolutionary rates. First, it requires estimating the time elapsed since the start of the 

infection rather than using only known sample collection dates. Second, this method 

has a tendency to ascribe any changes in allele frequencies, or their absence, to 

substitution rates rather than to sampling noise. 

 

Since persistent infections on average have 5 mutations across the genome (IQR: 2, 

8), estimating an evolutionary rate for different segments of the genome at an 

individual level is not practical. We therefore used the majority-rule consensus 

sequence at the first time point of each persistent infection as a proxy for the 

founding virus. We then estimated the start time of infection as the midpoint between 

the last negative PCR test and the first sequence from the persistent infection. We 

measured the typical evolutionary rate (rather than mean) from the putative founder 

across all individuals for each segment of the genome.  

 

While this method is frequently used for calculating within-host divergence rates for 

viruses like HIV (9), it will miss early fixation events that might have shifted the 

consensus sequence away from the true founding virus by the time the first sample 

was collected; assumes the founding viral population was genetically homogeneous 

(10); does not control for noise which could bias estimates of the divergence rate. 

Nonetheless, aggregating across a large number of individuals should help mitigate 

these effects. 

 

This approach involved treating each measurement of divergence from the putative 

founder at any given time point, t, as an independent observation, regardless of its 

associated persistent infection. The divergence from the founder for each genomic 

segment at any time point, including baseline, was defined as the cumulative 

https://paperpile.com/c/3130jb/b1LTJ
https://paperpile.com/c/3130jb/pD52l
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frequency of all mutant alleles within that segment at time t. For example, if there 

were no mutant alleles within a genomic segment at a given time point, we recorded 

a divergence of zero. Subsequently, we used a linear regression with a zero y-

intercept at the start time of infection to calculate the divergence rate from the 

putative founder for each genomic segment. This can be expressed as d(n)
i(t) = ri t + 

ε(n)
i(t), where ri is the divergence rate for genomic segment i, and d(n)

i(t) is calculated 

as the genetic divergence of sample n from its putative founder within segment i at 

time t. Each sample, n, from a persistent infection represents one measurement of 

d(n)
i(t). If a sample is collected at time t=t* and has no mutant alleles within segment i, 

then d(n)
i(t*)=0. For each sample, the estimated start of infection is taken as t=0. 

Each sample from an individual acts as an independent observation of genetic 

distance for segment i. The error term ε(n)
i(t) represents the residual unexplained 

variability in distance, d(n)
i(t), for sample n.  

 

To ensure an equal representation of each persistent infection in the divergence rate 

assessment for a genomic segment, we limited our analysis to two divergence 

measurements per individual—one at the baseline and another selected randomly 

from later in the infection. We then performed bootstrapping across all individuals 

and every possible pair of divergence measurements per individual to create a 

distribution of divergence rate estimates for each genomic segment.  
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Supplementary Tables 

 
Supplementary Table 1: Model comparison for estimating within-host evolutionary 
rates. Comparison of regression models for estimating genome-wide (GW), nonsynonymous 
(NS), and synonymous (S) evolutionary rates. Each model is presented with its 
corresponding equation and Bayesian Information Criterion (BIC) value, which assesses 
model fit to the data. Parameters e0 and r0 represent fixed effects for y-intercept at time t=0 
(corresponding to the day when the first sample from a persistent infection was collected) 
and rate across all persistent infections, respectively; di(t) represents distance at time t for 
persistent infection i (dependent variable); ri and ei represent random effects for evolutionary 
rate and intercept per persistent infection, respectively; εi(t) is the error term which 
represents the unexplained variability in the dependent variable; the index j corresponds to 
nine categories for y-intercept labelled based on sequencing centre(s) that genetic samples 
are collected from. Models with lowest BIC values are highlighted with an underline. 
 

Regression model Equation BIC (GW) BIC (NS) BIC (S) 

Complete pooling di(t) = r0 t + e0 + εi(t) -8059 -7755 -6792 

Random intercept di(t) = r0 t + ei + e0 + εi(t) -8131 -7822 -6880 

Random slope with 
one fixed intercept 

di(t) = (r0+ri) t + e0 + εi(t) -8146 -7866 -6863 

Random slope with 
multiple fixed intercepts 

di(t) = (r0+ri) t + ∑j  ej + εi(t) -8142 -7860 -6830 

No pooling di(t) = ri t + ei + εi(t) * * * 

 
*Number of observations is smaller than the number of random effects. 
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Supplementary Table 2: Evaluation of associations between various host factors and 

within-host evolutionary rates. (a) This table examines the impact of integrating individual 

host factors—age, sex, vaccination status, prior infection, virus lineage, duration of infection, 

and RNA viral load dynamics—into the best-fit regression model as fixed effect parameters 

and comparing best fits using the Bayesian Information Criterion (BIC) values. The baseline 

model is a linear mixed-effects regression, identified as the optimal fit for genome-wide 

(GW), nonsynonymous (NS), and synonymous (S) distances over time (see Supplementary 

Table 1). Each of the seven factors is added as a fixed effect to this baseline model, with 

categorical variables including age (aged 60 and above: 295; aged below 60: 199), sex 

(male: 293; female: 201), vaccination status (received at least one dose: 470; no 

vaccination: 24), recorded prior infection (none: 478; at least one: 16), viral lineage (10 

Alpha, 95 Delta, 87 BA.1, 173 BA.2, 14 BA.4, 111 BA.5, and 4 XBB with measurable 

evolution), and viral load dynamics (detectable viral rebound: 34; no rebound: 460). Duration 

of infection is classed as a continuous variable ranging from 26 to 316 days per infection. (b) 

The same analysis as in (a) is performed for viral load dynamics specifically within a subset 

of 79 persistent infections with at least three PCR tests (rebound: 32; no rebound: 47). See 

Figure 1. (c) Comparing the BIC values for a subset of infections with durations lasting 

longer than 36 days (160 infections) and 56 days (75 infections) between the null model and 

a model that includes duration of infection as an additional fixed effect parameter.  

(a) 

(b) 

(c) 

 

*Indicates ΔBIC = BICNull - BICAlternative > 2.  

Fixed effects BIC (GW) BIC (NS) BIC (S) 

Null model -8146 -7866 -6880 

Virus lineage -8120 -7838 -6847 

Prior infection -8141 -7860 -6874 

Vaccination status -8141 -7861 -6874 

Sex -8142 -7862 -6874 

Age -8143 -7861 -6874 

Viral load dynamics -8145 -7867 -6877 

Duration of infection -8150* -7868* -6881 

Null model -1662 -1641 -1694 

Viral load dynamics -1658 -1638 -1689 

Null model (t>36) -2907 -2925 -2661 

Duration of infection (t>36) -2910* -2928* -2659 

Null model (t>56) -1559 -1558 -1605 

Duration of infection (t>56) -1560 -1560* -1602 
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Supplementary Table 3: Recurrent mutations found in four or more persistent 

infections and their known and/or predicted phenotypic impact.  

 

  

RefReversion*DescriptionLineagenAA mutationGeneNuc. mutation

(11)YesReversion of a lineage-defining mutation 405N to 
wild-type 405D; recurrent in chronic infections

BA.2, BA.4, BA.518N405DSA22775G

(12,13)NoNSP14:T516; rarely found in the general population; 
has negative between-host fitness effect

BA.2, BA.513T6441TORF1abT19587A

(14)NoNSP14:C382G; mutation is within the N7-
methyltransferase active domain which may impact 
mRNA stability and translation efficiency

BA.2, BA.510C6307GORF1abT19183G

(12,13)NoNSP2:A80A; rarely found in the general population; 
has negative between-host fitness effect

BA.2, BA.4, BA.59A260AORF1abA1045C

(12)YesCommonly found in all SARS-CoV-2 lineages prior to 
Omicron BA.2

BA.2, BA.59R413SNC29510A

(14)NoNSP14:F506L; mutation is within the N7-
methyltransferase active domain and potentially 
impacts mRNA stability and efficient translation

BA.2, BA.58F6431LORF1abT19557G

(15,16)NoResidues 71 to 75 form assemblies that may 
mediate immune suppression activities

BA.1, BA.2, BA.5, XBB8I71NORF8T28105A

(17)NoLineage-defining for BA.4, BA.5 and JN.1BA.27L452R/Q/MST22917G/A

(12)YesNSP4:I327T; commonly found in all SARS-CoV-2 
lineages prior to Omicron BA.2

BA.2, BA.57I3090TORF1abT9534C

(17)NoLineage-defining for BA.1BA.2, BA.56T547KSC23202A

(12,13)NoNSP4:F145L; rarely found in the general population; 
has negative between-host fitness effect

BA.1, BA.2, BA.55F2908LORF1abT8987C

(11,18)NoNSP6:L260F; recurrent after Nirmatrelvir and 
Ritonavir treatment

Delta, BA.2, BA.55L3829FORF1abC11750T

(19)NoRecurrent in persistent infectionsBA.1, BA.2, BA.55T39IORF7aC27509T

(12,13)NoNSP5:G146G; rarely found in the general population; 
has negative between-host fitness effect

BA.1, BA.2, BA.55G3409GORF1ab T10492A/G

(20)NoNSP2:V6V; recurrent in chronic infectionsAlpha, Delta, BA.2, BA.54V186VORF1abC823T

(21)NoNSP3:Q704*; a premature stop codon mutation 
which can give rise to defective viral particles, 
modulate viral replication, and immune interactions

Delta, BA.24Q1522*ORF1abC4829T

(20)NoNSP3:T820N/I; recurrent in chronic infectionsBA.2, BA.54T1638IORF1abC5178A/T

(12)YesNSP3:F1285S; commonly found in BA.2BA.24F2103SORF1abT6573C

(12)YesNSP4:V146A; commonly found in Delta and BA.2BA.24V2909AORF1abT8991C

(20)NoNSP5:R105R; recurrent in chronic infectionsDelta, BA.2, BA.54R3368RORF1abC10369T

(12)NoNSP6:A161V; found in many sequences from Alpha 
and Delta

Delta, BA.1, BA.24A3730VORF1abC11454T

(12)NoNSP8:P116P; found in many sequences from DeltaBA.2, BA.54P4058PORF1abC12439T

(12)NoNSP13:L581P; found in many sequences from DeltaBA.1, BA.2, BA.54L5905FORF1abT17978C

(22,23)NoIncreased ACE2 binding in BA.2BA.1, BA.2, BA.54V47ISG21701A

(17)NoLineage-defining for JN.1BA.2, BA.54K356TSA22629C

(22,23)NoIncreased ACE2 binding in BA.2BA.2, BA.4, BA.54S884FSC24213T

(12)NoFound in many BF.1 (sublineage of BA.5) sequencesAlpha, BA.24T1009ISC24588T

(12)NoFound in many sequences from Delta and BA.2BA.1, BA.2, BA.54S55FEC26408T

(24)NoKnown to be under multilevel selectionDelta, BA.1, BA.54P151SNC28724T

*De novo mutations during persistent infections that reverted the consensus nucleotide at baseline (which differed from the Wuhan-Hu reference)
back to the Wuhan-Hu reference sequence (NC_045512.2).
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Supplementary Table 4: Recurrent mutations found in three or more persistent 

infections and reported to have drug-resistance properties. 

 

  

RefReversion*DescriptionLineagenAA mutationGeneNuc. mutation

(25–27)NoS:K356T is associated with sotrovimab 
resistance

BA.2, BA.57K356Q/P
K356T/R

SA22628C
A22629C/G

(18)NoNSP6:L260F frequently occurs in patients 
treated with Nirmatrelvir and Ritonavir

Delta, BA.2, BA.55L260F NSP6C11750T

(28,29)NoS:G446V is associated with resistance to 
Casirivimab and Imdevimab. G446S is a 
molnupiravir-associated mutation

Delta, BA.2, BA.55G446V/D
G446S

SG22899T/A
G22898A

(27–29)NoS:E340K/V/D is associated with sotrovimab 
resistance. E340K is also a molnupiravir-
associated mutation

BA.1, BA.2, BA.55E340K
E340V

E340D

SG22580A
A22581T

A22582C

(30)NoS:P9L is a molnupiravir-associated mutationDelta, BA.25P9L/Q
P9T

SC21588T/A
C21587A

(31,32)NoNSP5:T304I is associated with nirmatrelvir 
resistance

Delta, BA.1, BA.53T304INSP5C10965T

(23)NoS:D1153Y is known to escape CC9.104 and 
CC67.105 antibodies in BA.2

BA.2, BA.53D1153Y
D1153G

SG25019T
A25020G

*De novo mutations during persistent infections that reverted the consensus nucleotide at baseline (which differed from the 
Wuhan-Hu reference) back to the Wuhan-Hu reference sequence (NC_045512.2).
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Supplementary Figures 

 

 
Supplementary Figure 1: Number of persistent infections identified with a shared rare 
SNP as a function of the threshold number of cases for calling a rare SNP. A threshold 
value of 1 for a rare SNP means the rare SNP is only found in one sequence of that lineage 
in the ONS-CIS dataset, excluding sequences from any persistently infected individuals. The 
number of persistent infections identified gives the number of persistent infections lasting at 
least 26 days we would identify as persistent in the ONS-CIS using the given threshold 
(black). The false positive percentage gives the percentage of times two random samples of 
the same major lineage taken from the ONS-CIS would be falsely identified as belonging to 
the same persistent infection (blue; 1,000 pairs of samples were considered). As the 
threshold value for calling a rare SNP increases, the number of persistent infections 
identified (black) increases, but so does the false positive rate. Similar to the approach we 
took in our previous study (5), we chose a threshold number of 400 (vertical dashed line) in 
this study for identifying persistent infections, since for this threshold the percentage of false 
positives were 0-3% for all major lineages, but the number of persistent infections identified 
has begun to plateau. We allowed for possible misclassification of some BA.2 and BA.5 
major lineages by allowing for potential identification of persistent infections with a mix of 
BA.2 and BA.5 samples.   

https://paperpile.com/c/3130jb/5y29u
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Supplementary Figure 2: Number of days elapsed since the last time a persistently 

infected individual had a negative PCR test. The histogram plot includes all 576 identified 

persistent infections.
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Supplementary Figure 3: Site frequency spectrum. Proportion of synonymous (green) 

and nonsynonymous (orange) mutations in persistent infections across all frequency bands.  
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Supplementary Figure 4: Rates of genome-wide, nonsynonymous, and synonymous 
evolution in 13 persistently infected individuals. (a) Illustrates the evolutionary distance 
over time for a subset of 13 persistently infected individuals, each characterised by a 
minimum of three temporal data points and the presence of at least one synonymous and 
one nonsynonymous mutant allele. Points on the graph represent the total genetic distance 
from the consensus sequence at the initial time point, calculated based on allele frequency 
changes over time. Dashed lines indicate the regression lines that best fit these data. (c) 
Shows the allele frequency trajectories for the 13 persistent infections examined, 
categorised into synonymous, nonsynonymous, and non-coding (grey) mutations. Each 
mutation that reached a minimum frequency of 20% at least at one time point is shown. A 
horizontal grey line across the graphs marks the 20% allele frequency threshold. 
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Supplementary Figure 5: Temporal allele frequency dynamics in nine persistent 
infections. The figure illustrates two distinct patterns of allele dynamics over time. In the left 
column (infections p1, p66, and p140), we observe transient allele groups that emerge at 
one time point, with some reaching high frequencies before vanishing in subsequent time 
points (dashed lines). Consensus sequence samples from p1, p66, and p140 (as well as the 
other 6 infections shown here) form a monophyletic clade on a representative phylogeny of 
non-persistently infected individuals (5). Additionally, certain alleles that were not present at 
the early stages of infection surge to high frequencies towards the end of infection (bold solid 
lines). Conversely, the middle column (infections p132, p288, and p341) showcases alleles 
that experience a sweep from low to high frequencies, with some ultimately disappearing 
(dashed lines) and others reaching fixation (bold solid lines). The right column (p75, p288, 
and p523) show allele frequency dynamics that is a mix of the two patterns with some alleles 
appearing and disappearing in groups while other are present in the population in at least 
two time points, with some reaching fixation without disappearing at later time points.   

https://paperpile.com/c/3130jb/5y29u
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Supplementary Figure 6: Between-host fitness effect and prevalence of mutations 
identified in persistently-infected individuals. (a)  Distribution of between-host fitness 
effects of all SARS-CoV-2 mutations on a global phylogeny (orange), between-host fitness of 
all mutations found in persistently infected individuals (blue), (b) for those found only in a 
single persistent infection (magenta), and (c) for those found in two or more persistent 
infections (green). The percentage of mutations in persistent infections with a positive 
between-host fitness effect (s) is highlighted on each graph in (a)-(c). The between-host 
fitness effect of mutations in persistent infections corresponds to the fitness effect of that 
mutation on a global phylogeny within the same major viral lineage that was found to be in 
the persistently infected individual. For example, if a recurrent mutation is found in two 
persistently infected individuals with BA.2 and BA.5 infections, the between-host fitness 
effect of that mutation in both the BA.2 and BA.5 major lineages is recorded. (d) The 
between-host fitness effect of recurrent mutations found in persistent infections and their 
corresponding prevalence across all ONS-CIS sequences of the same major lineage as the 
persistent infection. (e) The aggregate between-host fitness effect (averaged across all 
major lineages of SARS-CoV-2 on a global phylogeny) of recurrent mutations found in n 
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persistent infections. Some of the mutations with extremely high and low fitness effects are 
highlighted. (f) Age-group of all individuals which share n recurrent mutations. (g) Aggregate 
fitness effect of recurrent mutations per age group. (h) Aggregate fitness effect of recurrent 
mutations based on the duration of the persistent infection (as measured based on number 
of days between first and last sequence from a persistent infection) in which they emerged. 
Fitness effect of mutations are taken from https://github.com/jbloomlab/SARS2-mut-
fitness/blob/main/results_public_2024-04-19/nt_fitness/ntmut_fitness_by_clade.csv (13). 

https://github.com/jbloomlab/SARS2-mut-fitness/blob/main/results_public_2024-04-19/nt_fitness/ntmut_fitness_by_clade.csv
https://github.com/jbloomlab/SARS2-mut-fitness/blob/main/results_public_2024-04-19/nt_fitness/ntmut_fitness_by_clade.csv
https://paperpile.com/c/3130jb/Ec8UU
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Supplementary Figure 7: Rates of genome-wide, nonsynonymous, and synonymous 

evolution in all persistently infected individuals with measurable rates. The 

evolutionary distance over time for 494 persistently infected individuals with measurable 

genome-wide rate (black), 457 nonsynonymous rate (orange), and 368 synonymous rate 

(green). Points on the graph represent the total genetic distance from the consensus 

sequence at the initial time point, calculated based on allele frequency changes over time. 

Dashed lines indicate the regression lines that best fit these data.  
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