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ABSTRACT  

The evolutionary dynamics of SARS-CoV-2 over the course of the pandemic are of great 

concern. Prior studies have identified accelerated protein evolution early in the pandemic, 

followed by a period of increased selective constraints. While there are expected changes in rates 

of mutation influenced by viral spread, the translation to selection is not well studied. In addition, 

new variants are emerging as SARS-CoV-2 continues to evolve and some are spreading more 

rapidly due to mutations that provide a viral advantage. A comparative analysis between Los 

Angeles County and Hawai'i, localities with rigorous surveillance sequencing programs and 

varying case incidence, was conducted to test whether there are evolutionary differences of 

B.1.1.7, the first identified variant of concern, and B.1.243, a rapidly spreading variant in 

Hawai'i, across localities. Of these four locality-variant scenarios, only B.1.243 in LA County 

occurred at low case incidence and the remaining three scenarios were at high case incidence. 

With the rapid spread of virus, I generally found elevated rates of evolution - both synonymous 

and nonsynonymous substitution. The two variants had very different histories, with B.1.243 

evolving locally in Hawaii before being introduced into LA County in a single migration event, 

whereas B.1.1.7 travelled between localities repeatedly. Yet, there were great differences in 

diversity of genome sequences overall and elevation of number of sites under positive and 

negative selection in Los Angeles County relative to the same variant in Hawaii. Within each 

local outbreak of each variant, I found little evidence for an early phase of protein adaptation 

followed by an increase in constraints as found in a previous study across the US. Instead, I find 

that in general more sites are under negative selection than positive selection at this point of the 

pandemic. Overall, these results show support for variability in evolutionary dynamics across 

localities and suggest differences in selective pressures across different populations.  
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INTRODUCTION 

December 2019 marked the start of the coronavirus disease 2019 (COVID-19) pandemic 

with unprecedented spread of the severe acute respiratory syndrome coronavirus-2 (SARS-CoV-

2), however the experience within different localities has been highly variable. In theory, 

differences in magnitude of viral replication provide the potential for differences in viral 

evolutionary dynamics, such as mutation rates, selection, and genome diversity among 

circulating variants, but it is unclear whether differences in evolution are actually observed. 

Thanks to collaborative efforts of public health and research labs across the globe, over 12M 

genomes have been sequenced and shared on the Global Initiative on Sharing Avian Influenza 

Data (GISAID) online repository by 15 April 2022 (Khare et al., 2021), providing an 

unprecedented supply of data to identify differences in evolutionary dynamics and 

epidemiological parameters across localities in real time (Bi et al., 2020; Nie et al, 2020; Miller 

et al., 2021).    

Theoretically, viral evolution can be affected by increased viral spread, as more 

transmission events provide a greater opportunity for mutation and ultimately increase the level 

of genetic diversity (Scholle et al., 2013; Castellano et al., 2019). Interestingly, for some viruses, 

when variation in mutation rates have been observed, they have tended to be beneficial mutations 

(Jiang et al., 2010), which presents an interesting possibility that SARS-CoV-2 may be gaining 

in fitness as the pandemic has accelerated. Indeed, accelerated protein evolution was detected 

within the first few months post-origination of SARS-CoV-2, followed by an increase in 

selective constraints through time (Rochman et al., 2021; Lin et al., 2021; Chaw et al., 2020). 

Specifically, an elevated number of sites under positive selection was interpreted as accelerated 

protein evolution, and an increase in sites under negative selection was interpreted as an increase 
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in selective constraints (Lin et al., 2021; Lynch and Conery, 2000). Various methods have been 

developed to test for signals of selection by comparing the rates of nonsynonymous (dN) and 

synonymous (dS) substitutions, as varying dN rates are signs of positive selection when elevated, 

and negative selection when low (Li et al., 1985; Yang and Nielsen, 2000; Goldman and Yang 

1994; Felsenstein, 2001). 

 As the virus continues to spread, certain localities across the globe experience quick rises 

in case counts and upon investigation, these surges are typically signals of emerging variants 

with a fitness advantage (Davies et al., 2020; Lindstrøm et al., 2021; Ramanathan et al., 2021). 

The PANGOLIN lineage B.1.1.7 (O’Toole et al., 2021; Alpha) variant was one of the first 

identified variants of concern, originating in Europe, and is 40-90% more transmissible than the 

ancestral lineages (Davies et al., 2020; Lindstrøm et al., 2021; Ramanathan et al., 2021; Scripps 

Research, 2021). Other variants, which are not classified as variants of concern globally, may yet 

dominate locally, spreading rapidly within a small population. In late 2021, the B.1.243 variant 

represented 40% of all cases in the state of Hawai’i, while representing a smaller proportion of 

cases in other US states (Maison et al., 2021). Therefore, I can test whether individual variants 

will show a common evolutionary dynamic with a pattern of accelerated protein evolution in the 

early exponential growth phase of viral proliferation, followed by an increase of selective 

constraints in the waning phase.  

In addition to the possibility of elevated rates of evolution across the genome, variation 

through rates of mutation and selection across gene regions is well known in SARS-CoV-2 

(Kumar Das et al., 2021; Rahman et al., 2021). Variability in the evolutionary dynamics across 

the genome highlights regions under selective pressures, typically dependent on the function of 

the coded protein (Liu et al., 2008). High mutation rates have been observed in ORF1ab, S, 
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ORF3a, and N gene regions, with low rates of mutation occurring in E, ORF6, ORF7a, ORF7b, 

and ORF10 (Kumar Das et al., 2021; Rahman et al., 2021). ORF1ab makes up ~70% of the viral 

genome and is involved in viral transcription, replication, and immune evasion; ORF1a is the 

larger of the two glycoproteins coded by the ORF1ab gene and includes non-structural protein 

(nsp) 1 to 11 (Brant et al., 2021; Wu et al., 2020). The S gene region codes for the spike protein, 

which is a critical functional protein for the virus as it is the antigenic region that binds to the 

host cell receptor and is involved in host cell entry (Brant et al., 2021; Wu et al., 2020). The 

spike protein is subsequently cleaved into 2 subunits post translation and prior studies have 

detected a correlation between clade growth and mutation accumulation in the S1 subunit 

(Kistler et al., 2022) and adaptive evolution concentrated in the S1 subunit in other coronaviruses 

(Kistler and Bedford, 2021). Therefore, variants that are successful are expected to have elevated 

levels of positive selection in the S1 region prior to or shortly post-origination, due to the 

accumulation of advantageous mutations that provide a viral advantage.  

In contrast, ORF7a has a low mutation rate and is therefore a good region of comparison. 

ORF7a plays a role in interaction with the host immune response (Yashvardhini et al., 2021) and 

may be highly conserved. If so, it may display elevated rates of negative selection (Monteiro et 

al., 2010; Choudhuri, 2014). In addition to variability in the rates of mutation across the genome, 

selection is also variable across the genome and positive selection has been detected within the 

ORF1ab, S, ORF3a, E, and N gene regions, while negative selection was found within ORF1ab 

and S (Lin et al., 2021; Emam et al., 2021; Cao et al., 2021, Liu et al., 2020; Kochan et al., 2021; 

Miller et al., 2020). 

 Human populations are connected by travel, whether they will still experience the same 

evolutionary dynamics is not clear. The genetic diversity of SARS-CoV-2 genomes found within 



9 
 

a population is determined by both de-novo evolution that arises from mutational accumulation 

associated with community transmission but can also be exchanged via importation from other 

communities (Otto et al., 2021). It is therefore interesting to examine communities connected by 

human travel such as Los Angeles (LA) County and the state of Hawai’i, but experienced 

different pandemic histories. In addition, sequencing efforts in both localities were similar, with 

~5-10% of all cases sequenced (CDC, 2022; California Department of Public Health, 2022b). 

Despite strict interventions set in place in both localities following surges in case counts, early in 

the pandemic Hawaii had very low case counts while that of Los Angeles soared (Governor of 

the State of Hawai’i, 2020; State of Hawai’i, Department of Health, 2020; California Department 

of Public Health, 2022a). LA County was the county with the highest case incidence in the 

United States (US) as of 15 April 2022 (Dong et al., 2020) and comprises 88 cities with a total 

population of 10M. Alternatively, the state of Hawai’i (HI) is among the five states in the US 

with the lowest case incidence as of 15 April 2022 and comprises 5 counties with a total 

population of 1.45M (U.S. Census Bureau, 2022). Many evolutionary studies of SARS-CoV-2 

have been conducted on a large-scale, however variation in the evolutionary dynamics of SARS-

CoV-2 within a local population is not as clear, particularly between connected populations.  

In this study, I will use genomic SARS-CoV-2 data across LA County and Hawai’i to test 

for the impact that varying levels of viral spread has on mutation rates and identify whether these 

differences also have an impact on selection across the genome. I will also explore whether the 

B.1.1.7 and B.1.243 variants follow an expected pattern of evolution and if they are under 

different selective constraints within different host localities. 
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MATERIALS AND METHODS 

Models for Selection at Nucleotide Sites 

Inferring selection at sites along the genome relies on testing for mutation rates. In 

particular, whether or not synonymous or non-synonymous mutations occur at exceptionally 

higher or lower rates as compared to the random fixation of neutral mutations (Kimura, 1991). 

Regions of the genome under negative and positive selection can be identified by detection of 

elevated synonymous and nonsynonymous substitution rates (Lynch and Conery, 2000). 

Selection analyses used in this study tested for selection across the entire phylogeny, as well as 

within smaller regions of the tree.  

 

Experimental Design 

Sequences from the state of Hawai’i were used as a representative of a geographic 

location with relatively low case incidence until mid-December 2021. The entire state was 

considered a single system for the purpose of this analysis. For comparison, LA County is the US 

County with the highest case incidence from June 2020 to September 2021 (Dong et al., 2020). 

The B.1.1.7 variant was selected as it underwent rapid spread in both localities, with a greater 

total proportion of SARS-CoV-2 sequences in California than in Hawai’i. The B.1.243 variant 

rapidly spread in Hawai’i representing a greater proportion of all sequences than in other US 

states and was selected as an additional variant to analyze in this study. The two variants had 

sufficient sample size and similar timing across the locales for this study: B.1.1.7 and B.1.243, 

with similar timeframes across the two localities (Table 1). Selection analyses were conducted on 

gene regions with high rates of mutation (ORF1a and S) and low rates of mutation (ORF7a; 

Kumar Das et al., 2021; Rahman et al., 2021). 
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Next-generation sequencing and GISAID 

Samples of SARS-CoV-2 collected from Hawai'i were obtained from the Hawai’i State 

Department of Health and provided to us in the form of purified RNA. Two hundred eighty-five 

samples were processed using the NEBNext ARTIC SARS-CoV-2 Companion Kit (E7660S, 

NEB, USA) compatible with sequencing using the Oxford Nanopore Technologies (ONT) 

MinION device (R9.4.1, ONT, UK) following recommended protocols developed by the ARTIC 

Network (Quick, 2020). VarSkip primers (NEB) were used for amplification. Subsequent 

processing of the samples was completed using the nCoV-2019 novel coronavirus bioinformatics 

protocol (ARTIC, https://artic.network/ncov-2019/ncov2019-bioinformatics-sop.html). Medaka 

was used to generate consensus sequences and variant call rather than nanopolish. Tablet 

v1.21.02.08 (Milne, 2012) was used to visualize coverage across the genome. Final lineage 

assignment was made using the Pangolin COVID-19 Lineage Assigner version 3.1.16 (O’Toole 

et al., 2021). Thirty-two genomes were identified as B.1.1.7 and included in subsequent analyses. 

226 samples had >95% genome coverage and average depth ranging from 220-483x. Amplicon 

dropouts were observed in regions 3471-3778 and 8284-8709 bp. 

To supplement the Hawai’i dataset, sequences were also downloaded from online 

databases. Two thousand eighty SARS-CoV-2 genomes were collected from GISAID for a low 

incidence locality (the State of Hawai’i) and a high incidence locality (Los Angeles County) on 4 

May 2022 (Khare et al., 2021; Table 1) to explore differences in viral evolutionary dynamics 

with respect to incidence.  
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Table 1. Number of genomes (n) included in this study. These are a subset of the data available 

on GISAID that passed Nextstrain filters (% of All genomes).  

*An additional 32 genomes sequenced in house are included in the Hawai’i B.1.1.7 dataset count 

below. 

Location/Variant n % of All Genomes Collection Dates 

HI / B.1.1.7 687* 98.6% 1/21/21 - 7/14/21 

HI / B.1.243 737 100% 7/8/20 - 2/8/21 

LA County / B.1.1.7 801 94.7% 1/4/21 - 8/12/21 

LA County / B.1.243 287 98.3% 6/20/20 - 4/6/21 

 

 

Case Counts through Time and Division of Sequences 

Total case counts were downloaded on 4 May 2022 for the State of Hawai’i (Centers for 

Disease Control and Prevention, 2022) and for LA County (California Department of Public 

Health, 2022a). Variant counts were determined by the total number of sequences available on 

GISAID (Khare et al., 2021) and 7-day averages were calculated using the R package zoo v1.8-

10 (Zeileis and Grothendieck, 2005). For each locality, case count was plotted through time 

using kernel density plots to determine the point in time where case counts peaked within each 

locality using the R package ggplot2 v3.3.6 (Wickham, 2016) in the R statistical computing 

environment v4.0.4 (R Core Team, 2021). This date was used to bin genomes into exponential 

and waning viral growth phases at each locality for each strain.  
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Nextstrain Pipeline: Filtering and Phylogenetic Reconstruction 

The NextStrain pipeline was used to filter the data for quality, align sequences, build the 

datasets and generate starting trees for downstream Bayesian inference phylogenetic 

reconstruction (Hadfield et al., 2018). I used quality filters on the genomes, excluding those with 

<27,000 bp and no collection date (Table 1). The sequences are aligned to the reference sequence 

(hCoV-19/Wuhan/Hu-1/2019) using MAFFT v7.475, masking regions that are prone to 

sequencing errors.  

Maximum-likelihood (ML) phylogenies were reconstructed using IQTREE v2.1.4-beta 

(Nguyen et al., 2015) allowing the software to select the best fitting evolutionary model from the 

data, timescale inferred by TreeTime 0.8.0 (Sagulenko et al., 2018) with 1000 bootstrap 

replicates. ML phylogenies were reconstructed for each variant at each locality for starting trees 

for Bayesian Inference (see below), as well as for each variant within the localities pooled to 

visualize migration of the virus between localities. 

 

Estimation of Epidemiological Parameters 

For each variant at each locality, phylogenies were estimated by Bayesian inference using 

the Markov chain Monte Carlo (MCMC) method implemented by BEAST v1.10.4 (Suchard et 

al., 2018) using the starting ML trees generated above on the Mana University of Hawai’i High 

Performance Computing Cluster. Bayesian inference was used to estimate effective reproduction 

number thorough time (Rt). Epidemiological parameters also have expected changes with 

increased viral spread, where transmission from one infected individual to a greater number of 

healthy individuals will result in an increase in case counts and can be quantified by the effective 

reproduction number (Irons and Raftery, 2021; Achaiah et al., 2020; Billah et al., 2020; Rt). The 
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MCMC analysis was run for 300,000,000 generations in duplicate under a Hasegawa-Kishino-

Yano (HKY) model, with evolutionary rate mean of 0.00135 s/s/y, under a strict clock 

assumption and Birth-Death Skyline Serial model (Stadler et al., 2012) with sampling every 

20,000 generations. All tree element operators were set to zero to fix the starting tree, Re was 

estimated under a lognormal prior with a mean of 0.0 and a variance of 1.0. Convergence was 

determined by effective sampling size values (ESS >200) after 15% burn-in visualized through 

Tracer v1.7.1 (Rambaut et al., 2018). The Birth-Death Skyline Serial model is used to estimate 

the Rt, allowing for serially sampled data and rate changes over time. Substitution rates were 

also estimated assuming a log normal distribution with a range of 0.0007 to 0.002 s/s/y (Miller et 

al., 2020; Chaw et al., 2020). Rt plots were generated using the bdskytools package in R (Plessis, 

2016). 

 

Pairwise Nucleotide Distance Calculation 

To determine the proportion of nucleotide differences within and between each group of 

sequences, the genetic distance was calculated using MEGA v11 (Tamura et al., 2021) estimated 

by 1000 bootstrap replicates under the p-distance Model/Method, assuming uniform substitution 

rates among sites. 

 

Selection Analyses 

Bayesian Inference (BI) and Maximum Likelihood (ML) methods were used to infer sites 

with detectable selection. Detected sites were considered significant under ML methods if 

posterior values >0.9 and under Bayesian methods if the p-value <0.1. Signals of selection were 

tested for in ORF1ab, S, and ORF7a gene regions using Fast, Unconstrained Bayesian 

AppRoximation (FUBAR; Murrell et al., 2013), Fixed Effects Likelihood (FEL; Kosakovsky 
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Pond and Frost, 2005), and the Mixed Effects Model of Evolution (MEME; Murrell et a., 2012) 

methods using the HyPhy Interactive command-line v2.2.4 on the Mana University of Hawai’i 

high performance computing cluster and visualized through the HyPhy Vision web server 

(Weaver et al., 2018). FUBAR and FEL methods were used to detect both positive and negative 

pervasive selection. MEME, in contrast, tests specifically for pervasive and episodic positive 

selection. Sequence data were trimmed to single-gene coding regions excluding the stop codon 

and used to conduct each selection analysis along their respective phylogeny. Sites detected with 

significance under at least one method were considered in this study. The ggplot2 and ggpubr 

packages in R were used to generate lollipop plots to compare the number of sites under positive 

or negative selection in either the exponential or waning phases (Wickham, 2016; Kassambara, 

2020). The tidyverse package was used in addition to generate heatmaps for comparison of the 

position of sites under selection across phases, localities, and variants (Wickham et al., 2019). 

 Posterior estimates of synonymous and nonsynonymous substitution rates for each phase 

of a variant within a locality were calculated by taking the average of the mean posterior 

substitution rates (either synonymous or nonsynonymous) estimated by the FUBAR method, 

across all sites within each gene region.  
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RESULTS 

Variant Prevalence and Division into 2 Phases 

The peaks in case incidence for both Hawai'i and LA County coincide with peaks in 

B.1.243 case counts (Figure 1). In both localities, B.1.1.7 replaced B.1.243 as it waned. B.1.1.7 

dominated, while B.1.243 composed of a much smaller proportion of cases in LA County. On 

the other hand, B.1.1.7 and B.1.243 were both dominating variants across the state of Hawai’i. 

Case counts for B.1.1.7 in LA County were higher than case counts for B.1.243, however the 

total number of case counts including other circulating variants at the time was higher while 

B.1.243 was prevalent, compared to B.1.1.7 (Figure 1). Date ranges and genome counts for each 

bin are listed in Table 3 based on case count densities (Figure 2). 
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Table 2. Posterior Estimates of Synonymous (S) and Nonsynonymous (NS) rate means 

calculated across rates estimated at each site by the FUBAR selection analyses.  

N+ = number of sites under positive selection, N- = number of sites under negative selection.  

The Sc column indicates whether variants within each locality are considered relatively “high” or 

“low” case incidence based on sequence counts as a proxy for variant outbreak. 

 
Gene    Variant Length  Locality   Phase       S     NS    NS/S   N+  N-  Sc 

(bp) 

 

ORF1a   B.1.1.7  13,218 LA County  Exponential 1.85 1.34 0.72 13  18 HIGH 

                                   Waning      1.72 0.97 0.56  11  70 

 

                        Hawai'i    Exponential 1.99 1.32 0.66  3  12 HIGH 

                                   Waning      1.77 1.21 0.68   6  14 

 

        B.1.243         LA County  Exponential 1.8 1.09 0.61  10  35 LOW 

                                   Waning      1.86 1.13 0.61   6  27 

 

                        Hawai'i    Exponential 2.18 1.47 0.67  2  11 HIGH 

                                   Waning      2.71 2.07 0.76   1   2 

 

S      B.1.1.7   3,822 LA County  Exponential 2.49 1.81 0.73  2   2 HIGH 

                                   Waning      1.82 1.20 0.66  16  20 

 

                        Hawai'i    Exponential 2.62 1.88 0.72  2   3 HIGH 

                                   Waning      1.97 1.49 0.76   6   8 

 

        B.1.243         LA County  Exponential 2.73 1.51 0.55   6  19 LOW 

                                   Waning      2.78 1.51 0.54   4  14 

 

                        Hawai'i    Exponential 2.88 2.06 0.72  0   3 HIGH 

                                   Waning 4.08 2.79 0.68   0    6 

 

ORF7a   B.1.1.7     366 LA County  Exponential 3.24 2.05 0.63  0   0 HIGH 

                                   Waning      2.35 1.64 0.70   0   1 

 

                        Hawai'i    Exponential 4.25 2.71 0.64  0   3 HIGH 

                                   Waning      2.91 2.13 0.73   1   0 

 

        B.1.243         LA County  Exponential 2.78 2.05 0.74   1   0 LOW 

                                   Waning      4.23 3.74 0.88   0   0 

 

                        Hawai'i     Exponential 3.9 2.39 0.61  0   1 HIGH 

                                    Waning 4.35 3.29 0.76   0   0 

 

 

Higher Substitution Rates in Hawai’i 

For both variants, the rates of synonymous and nonsynonymous substitutions were higher 

in Hawai’i than LA County (Table 2). This was especially apparent for B.1.243.  
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Aggressive Government Response Following Surge in Cases in Both Localities 

Case counts in Hawai’i began to increase in August 2020, with a large number of B.1.243 

cases circulating within the state (Figure 1A, 1B). In response to the surge in cases, a stay-at-

home order and limitations on gatherings to groups of five or fewer was implemented across the 

most populated island of Oahu on August 27, 2020 (Governor of the State of Hawai’i, 2020). As 

case counts remained at a 7-day-average of ~100, the Safe Travels Program was implemented in 

Hawai’i and extended beyond the final collection date included in this study, limiting travel to 

the islands on October 15, 2020 (State of Hawai’i, Department of Health, 2020). B.1.243 

continued to spread rapidly for the next few months and began to decline with the introduction of 

the B.1.1.7 variant on January 21, 2021. 

In November 2020, there was a large outbreak in LA County followed by a rapid 

implementation of safety measures including a stay-at-home order, mask mandate, and 

gatherings limited to household members (Figure 1A, 1B; County of Los Angeles Public Health, 

2022). Nevertheless, LA County was hit with an increase in the B.1.243 variant. Following the 

decline of B.1.243 was an increase in the B.1.1.7 variant, which was coincident with a drop in 

overall case counts. 

Initial Rt Value Estimates are Similar Between Variants 

Upon introduction, the Rt values for both variants across localities were estimated to be 

~1.25. Following estimates for B.1.1.7 dropped to ~0.75 and were unchanging, however in 

Hawai'i there was an estimated increase to ~1.5 around December 2020 (Figure 1). Rt values for 

B.1.243 in Hawai'i remained at ~1.25 over the entire time the variant circulated within the state 

while estimates for LA County declined to ~0.75 in April 2021, followed by another drop to ~0.6 

by July 2021 (Figure 1). 
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       Hawai’i           LA County 

Figure 1.  

A) 7-day average case incidence within Hawai’i (left) and LA County (right). 

B) 7-day average variant counts within Hawai’i and LA County. 

C) Effective reproduction number (Rt) for B.1.243 (red) and B.1.1.7 (blue) in each locality. 

Black vertical line indicates timing of safety measure implementations, green vertical line 

indicates start of Safe Travels program in Hawai’i which continued beyond July 2021. 
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Figure 2. Kernel Density Plots for B.1.1.7 and B.1.243 in LA County and Hawai’i case counts 

through time. Blue lines indicate break in time to split genomes between exponential and waning 

phases. 
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Table 3. Number of genomes in each bin based on case counts through time. 

Location/Variant Phase # of Genomes Collection Dates 

HI / B.1.243 Exponential 590 7/8/20 - 12/18/20 

HI / B.1.243 Waning 147 12/19/20 - 2/8/21 

LA County / B.1.243 Exponential 112 6/20/20 - 12/20/20 

LA County / B.1.243 Waning 175 12/21/20 - 4/6/21 

HI / B.1.1.7 Exponential 245 1/21/21 - 4/27/21 

HI / B.1.1.7 Waning 442 4/28/21 - 7/14/21 

LA County / B.1.1.7 Exponential 249 1/4/21 - 3/26/21 

LA County / B.1.1.7 Waning 552 3/27/21 - 8/12/21 

 

 

 

Higher Pairwise Nucleotide Distance in LA County 

The within-population pairwise nucleotide distance shows greater diversity within the LA 

County community than in Hawai'i for both variants (Table 4). This difference is greater for 

B.1.243, as well as a very large between-population distance with ~5x greater difference between 

localities (Table 4). B.1.1.7, in contrast, is much more similar between LA County and Hawai’i 

populations. 
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Phylogenetic Reconstruction and Highly Supported Estimation of Epidemiological Parameters  

 Bayesian inference phylogenies used for mutational analyses and estimation of Rt 

(phylogenies not shown) resulted in an estimated sample size (ESS) values >2000 for each 

variant within each locality, providing high support for the parameter values estimated based on 

the phylogeny. 

 Maximum-likelihood trees for B.1.1.7 shows a mixture of LA County and Hawai’i 

genomes interspersed throughout the tree, while phylogenetic reconstruction of B.1.234 resulted 

in 2 distinct clades with only one introductory event into LA County from Hawai’i (Figure 3).  

Figure 3. B.1.1.7 (A) and B.1.243 (B) ML phylogenies reconstructed from IQTREE. Genomes 

from Hawai’i are colored in blue, LA County in red, and the reference genome from Wuhan 

colored in green. 
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Opposing Trends Between Variants 

There were more sites under selection for B.1.1.7 than B.1.243 within both localities 

(Figure 5). With high observed rates of mutation, a greater number of sites under selection were 

detected in ORF1a and S gene regions compared to ORF7a. Negative selection was more 

frequent than positive selection. The waning phase of B.1.1.7 has more sites under selection than 

the exponential phase in both localities, however the opposite is true for B.1.243 (Table 2; Figure 

4). 

These differences are also found in the estimated substitution rates. Each group has the 

highest rates of both synonymous and nonsynonymous substitutions in ORF7a, followed by S, 

then ORF1a (Table 2). However, ORF7a had very few sites identified as significantly 

experiencing either positive or negative selection.  

 

 

 

Table 4. B.1.1.7 Pairwise Nucleotide Distance  

(bp/length x 10-4) 

 

Table 5. B.1.243 Pairwise Nucleotide Distance  

(bp/length x 10-4) 
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Figure 4. Number of sites in ORF1a, S, and ORF7a gene regions under selection in the 

exponential and waning phases for B.1.1.7 (A) and B.1.243 (B) in Hawai’i and LA County. Sites 

under positive selection (blue) are plotted above the line, and sites under negative selection (red) 

are plotted below the line. The number of sites are normalized to the length of the corresponding 

gene regions. 

 

Selection is variable across gene regions, Expected Pattern of Evolution found in LA County 

B.1.1.7 

The expected pattern of evolution is identified by elevated positive selection in the 

exponential phase and elevated negative selection in the waning phase. This pattern is observed 

in B.1.1.7 in LA County, but this combination does not occur in any of the other cases. Most 

gene regions follow either elevated positive selection in the exponential phase or elevated 

negative selection in the waning phase, but not both. B.1.243 tends to have the opposite pattern 

(Figure 4). 
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More sites with selection in LA County than Hawai’i, Most Sites are Unique 

The majority of sites with detected selection for each variant were unique to a locality 

(Figure 5). Of the 174 sites in B.1.1.7, only 14 were shared across localities; of the 127 sites in 

B.1.243, only 3 were shared across localities. 25 of the total 181 sites were detected across both 

variants with majority of sites in common within with ORF1a region and no sites shared within 

ORF7a (Table 6). Site 924 in ORF1a was the only site detected across both localities and 

variants. The number of sites with detectable selection in both the exponential and waning 

phases are much higher in LA County than in Hawai’i.  

 

 

Gene 

region 

Shared sites 

ORF1a 186, 549, 647, 918, 924, 1438, 1919, 2033, 2092, 2134, 2861, 3055, 3368, 

3479, 3494, 3523, 3591, 3606, 3829, 4398 

S 5, 138, 412, 424, 508 

  

 

Table 6. Common sites under selection across B.1.1.7 and B.1.243 variants. There were no 

common sites between variants within ORF7a. 
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Figure 5. Heatmap of sites under positive (yellow) or negative (red) selection and corresponding 

amino acid position in ORF1a (blue) S (pink), and ORF7a (brown) gene regions for B.1.1.7 and 

B.1.243. Black boxes indicate sites with overlap across Hawai’i and LA County, blue asterisks 

indicate sites with overlap across variants, and table on the right lists the total number of sites 

under either positive or negative selection for the exponential and waning phases in Hawai’i and 

LA County.  

 

 

More sites under selection in S1 than S2 in LA County 

 The S1 subunit has more sites under selection than S2, by 2x or more. This is true for 

both variants at both localities, except for B.1.1.7 in Hawaii. Comparing populations, Hawai’i 

has fewer sites under selection than LA County (Table 7 and 8). 
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DISCUSSION 

 The results from this study support the idea that surges in case incidence have had an 

impact on the evolution of SARS-CoV-2. Overall, SARS-CoV-2 case incidence in Hawai’i was 

low in the early part of the COVID-19 pandemic, yet certain variants reached high incidence 

locally. Alternatively, overall case incidence in LA County was high, but B.1.243 had low 

incidence. Looking at the data, Hawai’i both B.1.243 and B.1.1.7 reached high incidence, and in 

LA County B.1.1.7 reached high incidence (Table 1). The data reported here therefore represent 

three high incidence variant-locality combinations which I will call "scenarios'' and one low 

incidence scenario. I do find that with high case incidence, there is more viral evolution. The 

rates of neutral evolution were higher in the three high incidence scenarios than in the low, 

however higher evolution did not translate directly in viral genetic diversity and higher levels of 

selection. There was little evidence for the hypothesis of accelerated protein adaptation followed 

by increased constraint, which I discuss below, however, I did find that there are more sites 

under negative selection than positive selection, and that there are more sites under selection 

(both positive and negative) in Los Angeles than in Hawaii. Taken together, there is significant 

Table 7. Number of sites under selection in 

B.1.1.7 in the S gene. 

Table 8. Number of sites under selection in 

B.1.243 in the S gene. 
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evolution occurring across sites and lineages of SARS-CoV-2, with very different dynamics of 

selection and viral adaptation occurring across localities which is discussed below. 

There are several important differences to consider between the variants. B.1.243 was 

temporally earlier in the pandemic and at a time when both localities instituted strict lockdowns 

and was one of many variants that was never classified as a variant of concern. B.1.1.7 

eventually replaced B.1.243 in both localities, coincident with a dip in case counts in each place. 

B.1.1.7 transmission seemed to be much higher than B.1.243 in LA County suggesting greater 

difficulty in control of the B.1.1.7 variant (Figure 1). The spread of both variants in Hawai'i was 

similar. In addition, B.1.243 originated in Hawaii and was later introduced to Los Angeles by a 

single introduction, and therefore the two localities represent two evolutionarily independent 

clades (Figure 3). B.1.1.7 on the other hand, has experienced more mixing between the two 

localities, yet as I discuss below, there are still large differences between these localities 

regarding the sites under selection. 

Low Support for Expected Pattern of Evolution 

There was little evidence for the hypothesis of accelerated protein adaptation followed by 

increased constraint, when comparing exponential versus waning phases with regard to the 

number of sites under selection. In some cases, there were more sites under positive selection in 

the exponential phase, and in other cases more sites under negative selection in the waning 

phase, but both predictions were only held in only the ORF1a gene region of B.1.1.7 in LA 

County (Table 2, Figure 4). B.1.243 generally opposed the expected pattern.  

There was little to no selection occurring in the ORF7a gene region, so the focus here is 

on ORF1a and S. The increase in selective constraints through time that is observed in the 

ORF1a gene region in LA County B.1.1.7 genomes, corresponds to the pattern of evolution 
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detected in other studies (Rochman et al., 2021; Lin et al., 2021; Chaw et al., 2020). While there 

was an expected increase in negative selection in the ORF1a and S gene regions for B.1.1.7 in 

both localities, there was also typically an increase in positive selection indicating the 

continuation of adaptive evolution and lower selective constraints (Lin et al., 2021; Lynch and 

Conery, 2000). The expectation for this pattern is likely due to the opportunity for exploration of 

the fitness landscape being highest as the virus is introduced, with mutations occurring randomly 

across the genome. Although most mutations are neutral and have no impact on the virus, rare 

mutations may provide some sort of viral advantage or fitness impact (Korber et al., 2020; 

Kimura, 1991). As the virus continues to mutate, advantageous mutations have the potential to 

accumulate through fixation and selective constraints begin to increase as these mutations are 

causing a detrimental effect at an elevated rate. The ORF1a and S gene regions are likely under 

greater selective pressures, as they code for proteins involved in viral proliferation and 

transmission, and have the potential to acquire mutations that have a major functional impact 

(Brant et al., 2021; Wu et al., 2020). However, other gene regions may reveal additional 

evolutionary variation (Lin et al., 2021; Emam et al., 2021; Cao et al., 2021). 

I note that these results conflict with what was found in the Lin et al. (2020) study, that 

reported early protein adaptation followed by increased constraint. However, this study includes 

many more sequences. The Lin et al., (2020) study set an unnecessarily high data filter (100% 

complete genomes), which limited the dataset to 265 to represent the entire US. Small sample 

size in the number of sequences included in a mutational analysis may result in the 

underrepresentation of mutational frequencies across the genome and ultimately skew the results. 
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Higher Levels of Neutral Evolution in Hawai’i, More sites under selection in LA County 

There is a clear signal of greater synonymous substitution reflecting higher levels of 

neutral evolution in Hawai’i overall, which was unexpected in comparison to LA County, as 

Hawai’i is expected to have lower case incidence. The number of sites under selection, however, 

do not reflect these differences observed in substitution rates, despite the incorporation of these 

rates to detect selection (Li et al., 1985; Yang and Nielsen, 2000; Goldman and Yang 1994; 

Felsenstein, 2001). There were more sites under selection in LA County than in Hawai'i for both 

variants (Figure 6), which is particularly surprising for B.1.243 as incidence in LA County was 

much lower. This may be explained by random mutations across the genome providing no 

advantage nor disadvantage for the virus, resulting in relatively low selective pressures overall in 

Hawai'i, and may indicate differences in the environmental pressures across Hawai'i and LA 

County. 

 

Sites Under Selection are Unique to Variants, Localities, and Time 

The variants differed in the dynamics of sites under selection. Across both localities, 

B.1.1.7 contained more sites under selection than B.1.243, with the exception of the period of 

exponential increase in LA County. Furthermore, the majority of sites under selection were 

unique to not only the locality, which would also be explained by differences in environmental 

pressures across localities. Most sites under selection were also unique to either the exponential 

or waning phase, which may indicate variable environmental pressures across the genome 

through time (Figure 5). 

Site 924 (bp2772) in ORF1a was the only site under selection detected across both 

localities and both variants. This site falls within non-structural protein 4 (nsp4), which plays a 
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role in the formation of double-membrane vesicles required for replication in coronaviruses 

(Oostra et al., 2007; Gadlage et al., 2010). Co-mutations were found between ORF1ab-C2772T 

and S-A1841G, however only the A1841G mutation in the spike protein was found across all 

genomes in this study, indicating active selection on ORF1ab-C2772T. C2772T mutations at this 

site were found across the globe in ~67% of all variants by April 9th, 2020 (Zhang et al., 2021). 

Co-mutations detected with this mutation are located in ORF1ab-C14144T and in S-A1841G 

(Zhou et al., 2020). The S-A1841G mutation results in the D614G substitution in the spike 

protein, which has been linked to increased transmissibility (Korber et al., 2020; Plante et al., 

2021).  

 

B.1.243 Genomes Between LA County and Hawai’i are Very Different 

For B.1.243, the pairwise nucleotide distances indicate that LA County and Hawaii 

represent two distinct populations separated by a large distance (Tables 4 and 5), which is 

confirmed by the phylogeny (Figure 3). One transmission event from Hawai’i to LA County 

resulted in the subsequent spread within LA County. B.1.1.7 on the other hand, seemed to jump 

back and forth between localities, indicated by the mixing of sequences from each population 

interspersed throughout the tree (Figure 3) and lower pairwise nucleotide distances (Tables 4 and 

5).  

Within each individual locality, the pairwise nucleotide distances in LA County were 

higher than in Hawai’i, which is expected due to higher spread resulting in an increased 

opportunity for mutation and variation between genomes within a community (Scholle et al., 

2013; Castellano et al., 2019). Implementation of strict travel restrictions in Hawaii occurred 
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while B.1.243 was in circulation, which may have limited the opportunity for spread within an 

introduction to other populations and may explain lower nucleotide distance values. 

High diversity despite low case counts of B.1.243 in LA County may be explained by 

mixing with other populations contributing to the diversity within LA County. An alternative 

explanation might be an underrepresentation of B.1.243, but this is not likely given the strong 

sequencing effort in LA County to sequence ~10% of all positive cases (California Department 

of Public Health, 2022). It is clear, however, that B.1.243 evolved independently within each 

locality (Figure 4, Tables 4 and 5). 

 

Evolution is variable within different gene regions, More sites under selection in S1 than S2 for 

B.1.1.7 

Separation of the sites with detected selection in the spike protein into the two subunits, 

S1 and S2, sheds some light onto a potential relationship between variants of concern and sites 

under selection. LA County had more sites under selection in the S gene region than Hawai’i for 

both variants, particularly B.1.1.7, with a large proportion of these falling within the S1 subunit.  

A recent study conducted by Kistler et al. (2022) identified a correlation between clade 

growth and mutation accumulation in the S1 region resulting in a high ratio of nonsynonymous 

to synonymous substitutions, supporting this hypothesis. The S1 subunit is the antigenic region 

that binds to the host cell receptor, whereas the S2 subunit is involved in viral-host cell 

membrane fusion and is more conserved than S1 in the Sarbecovirus genus (Walls et al., 2020). 

Therefore, it makes sense that higher rates of mutation or greater selection within the S1 region 

would be found in variants such as B.1.1.7, that have acquired mutations that confer an 

advantage. The increase in nonsynonymous substitutions may provide greater antigenic variation 
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within the binding region and ultimately result in a structural protein that has a higher affinity for 

the host cell receptor (Korber et al., 2020). Alternatively, if an advantageous mutation has 

already been acquired, fixation and conservation of these changes is likely as it results in higher 

viral fitness.   

 

Rt Change Precedes Dynamic Changes in Case Counts 

Rt is typically estimated using epidemiological models including data on data such as 

population size and which proportions of the population are susceptible, infected, and recovered 

(Brinks et al., 2020; Bicher et al., 2022; Ramos et al., 2021), however it can also be estimated 

using genetic data (Stadler et al., 2012; Lai et al., 2020; Farah et al., 2020). With the exception of 

the sharp peak in B.1.243 cases in LA County at the end of 2020, the average Rt values for each 

variant preceded dynamic changes in case counts through time, following the same trend. The 

changes in Rt followed those in case counts well. The fidelity of the genetic data to the 

epidemiological estimates are impressive considering that the genomic sampling represents a 

comparatively small subset of cases, which highlights the incredible amount of information 

found in sequence data and its potential usefulness for public health, especially as the pipeline 

from sequence generation to analysis can now be conducted in near real time.  

 

This study highlights the rapid evolution of SARS-CoV-2 and potential for different 

evolutionary dynamics related to viral fitness that can occur between communities, even when 

connected by travel. These findings have several implications: larger outbreaks do lead to more 

evolution. However, not all evolution is equal with regard to viral fitness. We see that 

environmental pressures can be variable across localities, variants within the same locality can 
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evolve differently, and the dynamics of evolution can vary on many different levels. While 

interventions to control viral spread within a community are essential to prevent de novo 

evolution, it is also important to identify methods of control between communities. Human travel 

patterns serve to move diverse variants around the globe, providing an opportunity for the 

variants to experience a greater diversity of selective environments. Imported variants may thrive 

in a new environment and accumulate mutations that ultimately result in variants that are more 

fit. In addition, recombination in SARS-CoV-2 has been detected and is of greater concern when 

diverse variants are mixed within a community (Haddad et al., 2021; Ignatieva et al., 2022; 

Lacek et al., 2022; Jackson et al., 2021). Application of the methods used in this study across 

localities that differ in epidemiological factors may provide insight into evolution and variability 

of sequences within a community and impacts of safety measure implementation. Further studies 

should be conducted to test for support of a correlation between evolution in the spike protein 

subunits and variants of concern and explore the variability in genome diversity between 

populations that vary in levels of mixing with other populations. 
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