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18 Abstract
19 SARS-CoV-2 rapidly evolves to evade human immunity. While the
20 virus’s overall resistance to human polyclonal antibody responses has
21 steadily increased over time, the dynamics by which it escaped individual
2 monoclonal antibodies within these responses have not been thoroughly
2 explored. Recently, a series of studies by Cao et al. [1, 2, 3] used deep
2 mutational scanning (DMS) to identify which mutations allow the Wuhan-
25 Hu-1 receptor-binding domain to escape binding by individual antibodies,
26 doing so for thousands of antibodies. Here, we sought to use these data to
27 retrospectively examine the evolutionary dynamics of escape from a set of
28 1,603 antibodies. For each antibody, we used the DMS data to predict an
29 antibody-escape score for each of thousands of globally circulating viral
30 sequences from the first 3.5 years of the pandemic, and then computed
31 an escape trajectory that quantifies how the population’s average escape
32 score changed over time. We use pseudovirus neutralization data from
33 Cao et al. and Wang et al. [4] to validate common patterns in escape
34 trajectories. While some trajectories increase monotonically over time,
35 others show large fluctuations as a result of clade-displacement events
36 that reduce the frequency of antibody-escape mutations in the viral pop-
37 ulation. Fitness effects of mutations estimated from natural sequences
38 suggest that the mutations are displaced due to clonal interference. Fur-
39 ther, these estimates suggest that the order in which escape mutations
40 arose is shaped by changing selective pressures. Overall, this work helps
a1 describe how SARS-CoV-2 evaded the individual components of a poly-
a2 clonal immune response in nature, and suggests that evasion occurred via
43 complex evolutionary dynamics.
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« Introduction

s SARS-CoV-2 rapidly evolves, in part to escape human antibody-mediated im-
s munity. For instance, in the first few years of the pandemic, the field isolated
« hundreds of neutralizing monoclonal antibodies from humans [1, 2, 3, 4, 5, 6, 7,
s 8,9]. These antibodies target multiple epitopes on the spike protein, and several
w0 antibodies were approved as therapeutics. As the virus began to evolve resis-
s tance to some antibodies, interest turned towards identifying ones with broad
s neutralizing activity against emerging viral variants, as well as cross-reactivity
52 with other sarbecoviruses, with the hope that these antibodies might be less
3 susceptible to viral escape [4, 10, 11, 12, 13, 14, 15]. However, within a matter
s« of years, the virus evolved resistance to nearly all antibodies isolated within this
s initial period of the pandemic [3, 16]. As the pandemic continues and human
ss antibody responses are updated upon new exposures, the virus continues to
sv  evolve resistance to these responses [17], making it important to understand the
ss  evolutionary processes at play.

59 How SARS-CoV-2 evolved resistance to human antibody-mediated immu-
e nity during the first few years of the pandemic is one of the best-documented
e stories of immune escape to date, and some aspects of the story are very
62 clear. In general, the virus’s resistance to human sera and monoclonal anti-
63 bodies tended to increase over time upon the appearance of new variants of
s concern [1, 2, 3, 13, 16, 18, 19, 20, 21, 22]. And key mutations that drove
e escape were identified using a combination of bioinformatics and laboratory
s experiments [1, 2, 3, 22, 23, 24, 25, 26, 27, 28, 29, 30, 31, 32, 33].

67 However, some aspects of this evolutionary story have not been fully re-
e solved. For instance, while it is clear that the virus’s overall resistance to
6 antibodies steadily increased, we still lack a complete story of how the virus
o evolved resistance to each of the large number of monoclonal antibodies that
n  collectively made up the human polyclonal response. How did the virus navigate
7 this complex immune fitness landscape in nature? Past studies have identified
7 groups of antibodies that were escaped at different times by different mutations
7 and variants of concern. However, these studies primarily focused on several
s well-studied antibodies, leaving room for a more comprehensive analysis.

76 Here, we sought to build on the above work by analyzing escape from hun-
7 dreds of individual antibodies isolated from humans. Specifically, for each anti-
7 body, we sought to answer the following questions: When did the virus popula-
7 tion escape the antibody? Did levels of escape in the viral population steadily
s increase over time, or were patterns more rugged? Which mutations drove es-
s cape? And how do patterns of escape relate to the frequent clade-displacement
s events in SARS-CoV-2’s evolution?

83 To answer these questions, we leveraged data from a series of studies by Cao
s et al. [1, 2, 3], which used high-throughput experiments to isolate and charac-
s terize thousands of human monoclonal antibodies from the first few years of the
s pandemic. Specifically, they isolated antibodies that bound to the SARS-CoV-2
s spike receptor-binding domain (RBD), which is a major target of neutralizing
s antibodies [28, 34]. For each antibody, they then used deep mutational scanning
s (DMS) to identify which mutations allow the Wuhan-Hu-1 RBD to escape anti-
% body binding. They also measured the neutralization potency of these antibod-
o1 ies against pseudoviruses bearing spike proteins of several variants of concern,
oo finding that the virus evolved resistance to nearly all antibodies with neutral-
o3 izing activity. This dataset is unique among viruses in terms of its exceptional
o size, and thus offers a unique opportunity to separate a polyclonal response into
os many individual components and then study escape from each one.

96 For each of 1,603 antibodies from Cao et al., we used the DMS data to
o7 estimate an antibody-escape score for each of thousands of globally circulating
e SARS-CoV-2 sequences from the first 3.5 years of the pandemic. For each
% antibody, we then computed an escape trajectory quantifying how the average
100 escape score changed in the viral population over time. The trajectories follow
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w several major patterns that differ in terms of their shape and the timing of
102 escape. We validated these patterns using the neutralization data from Cao et
s al. and Wang et al. [4]. Some trajectories underwent large fluctuations over time
s as a result of clade-displacement events that reduced the frequency of escape
10s  mutations in the viral population. Fitness effects of mutations estimated from
0s  sequences in nature suggest that the displacement of escape mutations was
w7 often due to clonal interference. The fitness effects also suggest that changes in
s selective pressure impacted the order in which escape mutations arose.

«» Results

1w Estimating levels of antibody escape over time

m Of the ~3,000 antibodies characterized by Cao et al., we analyzed a set of 1,603
12 antibodies that were filtered to only include ones isolated from humans exposed
us  to SARS-CoV-2 (as opposed to SARS-CoV-1) and ones for which the DMS
us experiments detected strong escape mutations (see Methods). The antibodies
us  were isolated from people with a variety of exposure histories, including vac-
us cination with the wildtype (WT)-based vaccine, infection with WT variants,
w7 or WT vaccination followed by breakthrough infections with BA.1, BA.2, or
us  BA.5 variants (Table S1), providing a sizable sample of the human polyclonal
ne antibody response during this window in time. As described more below, the
120 antibodies target several epitopes and have a range of abilities to neutralize
121 pseudoviruses bearing the D614G spike variant.
122 For each antibody, we sought to estimate how levels of antibody escape
123 changed among globally circulating SARS-CoV-2 viruses over time. We did so
124 using the following approach, illustrated for a single example antibody in Fig-
125 ure 1. As input, we used the DMS data from Cao et al. For each antibody,
126 these data measure the effects of thousands of amino-acid mutations spanning
127 the length of the Wuhan-Hu-1 RBD on escape from antibody binding. Specif-
18 ically, they displayed a mutant library of RBD variants on the surface of yeast
1o cells (where each cell expresses a single RBD variant), incubated the cells with a
130 given antibody, depleted antibody-bound cells from the library using magnetic-
1 activated cell sorting, and then deeply sequenced the library before and after
122 the depletion step to quantify how much each variant escaped antibody bind-
113 ing. From these data, they computed an escape score for each mutation, with
134 scores ranging from 0-1, where 0 indicates that the mutation did not confer
135 escape and 1 indicates that the mutation conferred strong escape. Figure 1A
136 shows the distribution of escape scores for an example antibody. Also as input,
w we used Nextstrain [35] to obtain a set of 3,942 SARS-CoV-2 genome sequences
s that were sampled from many countries around the globe and roughly uniformly
130 over time during the first 3.5 years of the pandemic (Figure 1B).
140 For each antibody, we used the DMS data to estimate an escape score for
1w each of the 3,942 viral sequences from above, doing so using a modified version
w2 of the strategy from Greaney et al. [36]. Specifically, if e ., is the escape
13 score of the amino-acid mutation m at site r of the RBD against antibody a,
s we quantify how much mutating that site tends to escape the antibody as:

Sa,r

Zg,r = ————, Where 55, = E €a,r,m
maxys Sq o

us such that that maximum z,, value across all sites is always equal to one for a
us  given antibody. Next, we let e, . quantify the escape score of virus v from the

w7 antibody as:
€q,p = Min (1, Z xa’r>

reM,

us  where M, is the set of sites that are mutated in the virus’s RBD relative to the
1o Wuhan-Hu-1 RBD used in the DMS experiments. We cap e, , values at a max-
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Figure 1: Strategy to estimate levels of antibody escape over time, illus-
trated for a single example antibody. (A) DMS data from Cao et al. quantifying
the effects of mutations to the Wuhan-Hu-1 RBD on its ability to escape binding by
an example antibody, BD56-1797. The left plot shows amino acid-level escape scores
(ea,r,m) for the subset of sites where scores sum to >1. The right plot shows the
normalized site-level escape scores (Zq,r, ), with orange rectangles identifying the sites
shown in the left plot. (B) A time-resolved Nextstrain phylogenetic tree of all 3,942
globally circulating SARS-CoV-2 viruses under analysis, colored by each virus’s escape
score (eq,») against antibody BD56-1797, as computed from z,,, values. The tree is
colored using a continuous blue-red color scale that ranges from 0-1, with most scores
being close to either 0 or 1. (C) A 0.2-year sliding-window average of the escape
scores shown in panel B. This curve defines SARS-CoV-2’s “escape trajectory” for

antibody BD56-1797. We separately compute escape trajectories for each of the 1,603
antibodies under analysis.
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150 imum of one, as values of one already indicate strong escape. Figure 1B shows
11 virus-level escape scores for the example antibody mapped onto a time-resolved
12 tree of the viruses. Computing these scores using z,,, values is imprecise be-
153 cause it assumes that each amino-acid mutation at site r has the same effect.
1« However, as in Greaney et al. [36], we used z,, values since they tend to be
15 less noisy than e, ., values. This strategy also assumes, out of necessity, that
156 the effects of all mutations in a viral variant combine additively, i.e., it as-
157 sumes there is no epistasis between mutations. But, despite these assumptions,
158 we show below that the escape scores correlate with experimentally measured
150 pseudovirus neutralization data.

160 Finally, for each antibody, we quantified how the average escape score in the
161 viral population changed over time in a 0.2-year sliding window. This sliding-
12 window average, illustrated in Figure 1C for the example antibody, defines
163 the virus’s “escape trajectory” for a given antibody, and is a core part of our
s subsequent analyses.

165 Note: the Cao group has also published datasets that characterize antibodies
s elicited by infections later in the pandemic [17, 37]. The reason why we do not
17 include these datasets in our analysis is that the associated DMS experiments
s were performed in genetic backgrounds of more evolved RBD variants, rather
1o than the Wuhan-Hu-1 RBD variant. By excluding these additional datasets, we
o ensure that all viral escape scores are relative to Wuhan-Hu-1.

m  Antibody-escape trajectories follow several main patterns

2 As expected, when we averaged the escape trajectories across all 1,603 anti-
13 bodies, the resulting average trajectory showed a gradual increase in escape
s  score over time, with the increase starting at about a year into the pandemic
s when the first variants of concern began to spread (Figure 2A). The average
we trajectory only reaches a maximum value of ~0.5, as a subset of antibodies are
w77 not predicted to be strongly escaped. This subset almost entirely consists of
s antibodies with little-to-no neutralizing activity, as described below.

179 In contrast, when we examined escape trajectories of individual antibodies,
10 we saw a variety of trends. To identify these trends, we first clustered the tra-
w1 jectories into 20 clusters using k-means clustering, which revealed fine-grained
12 trends (Fig. S1). We then manually consolidated these 20 clusters into 8 clusters
13 that highlight interesting biological patterns in the data (Figure 2B). Average
184 escape trajectories differ between clusters in a few key ways. First, they differ
155 based on the timing of escape, with different clusters showing sequential waves
16 of escape that span multiple years. Second, they differ in their shape. Some
17 trajectories steadily increase over time before plateauing at a high escape score
s (e.g., clusters 1 and 7), while others show large fluctuations, where the escape
189 score starts to increase, then substantially decreases before increasing to a high
100 escape score (e.g., clusters 2, 3, 6). The trajectories in cluster 8 show no increase
11 in escape score or plateau at values well below one. Individual trajectories are
102 somewhat continuous between certain pairs of clusters (e.g., clusters 3 and 4)
103 due to continuity in antibody DMS profiles [3].

104 In the next three sections, we examine the escape mutations that gave rise
15 to these patterns, we examine the epitopes and neutralization activity of anti-
16 bodies from each cluster, and we validate cluster-averaged escape patterns using
17 experimental pseudovirus neutralization data.

s Some escape trajectories arose through complex mutational
1w dynamics

20 For each cluster, we sought to identify key sites that drove escape. We did so
21 by searching for sites that had an intermediate-to-high escape score (z4, > 0.4)
22 for at least a quarter of the antibodies in a given cluster, and where mutations
23 reached a high frequency (>0.9) in nature. Figure 2C lists the sites that met
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Figure 2: Clusters of antibody escape trajectories and the mutational dy-
namics underlying escape. (A) Average escape trajectory across all antibodies
(bold black line) and trajectories for individual antibodies (light gray lines). (B) Es-
cape trajectories partitioned into clusters, with the bold black line showing the cluster
average and the light gray lines showing trajectories for individual antibodies. The
top left corner of each plot reports the cluster label (1-8; clusters are roughly ordered
according to when the virus escaped them) and the number of antibodies within each
cluster. (C) For each cluster, the frequencies of mutations at sites that are key drivers
of the escape trajectories (narrow colorful lines), along with the average escape tra-
jectory for a given cluster, as in panel B (bold gray line). Mutational frequencies are
computed using the same 0.2-year sliding windows as the trajectories.

fig:trajectories
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2 these criteria for each cluster, and shows how changes in mutational frequencies
205 at these sites drove each cluster’s average escape trajectory.

206 For some clusters, the average escape trajectory closely tracks with the fre-
27 quency of mutations at a specific site. For instance, the average escape tra-
208 jectory from cluster 7 closely tracks with the frequency of mutations at site
200 486, while the average escape trajectory from cluster 3 closely tracks with the
20 frequency of mutations at either 417 or 484. The reason that the cluster 3 tra-
an jectory tracks with two different sites is that antibodies from this cluster tend
a2 to be strongly escaped by mutations at either 417 or 484 (Fig. S2; compare
a3 cluster 3 epitopes A and C), and escape mutations at these sites are genetically
aa linked, such that both groups of antibodies have similar escape trajectories.

215 In contrast, for other clusters, the average escape trajectory does not just
a6 track with the frequency of mutations at a single site, but is instead shaped by a
217 combination of escape mutations at multiple sites in the same antibody epitope.
2s Often, these escape mutations undergo large fluctuations over time, with one
a9 strong escape mutation declining in frequency while another rises, such that
20 escape is maintained over time by different mutations (see clusters 1, 2, and 5).
21 Some sites are key drivers of escape for multiple clusters. This results from
22 antibodies from different clusters having overlapping, but distinct epitopes (Fig.
23 S2). For instance, clusters 1 and 2 share two key sites where mutations drive
24 escape (sites 452 and 490), but differ in a single key site (484). Similar patterns
»s are apparent for clusters 1 and 3 and clusters 5 and 6. These subtle differences
26 in antibody epitopes give rise to large differences in escape trajectories.

»  Antibody epitopes and neutralization potencies

28 The antibodies in our analysis target several epitopes, defined by Cao et al.
29 based on clustering of their DMS profiles, and have a range of abilities to neu-
20 tralize pseudoviruses bearing the original Wuhan-Hu-1 D614G spike variant
an (Figure 3A). As might be expected, antibodies that target the same epitope
a» often fall in the same escape cluster (Figure 3B), but not always, such that
a3 clustering trajectories by epitope conflates certain escape patterns (Fig. S3).
2 Sometimes, antibodies targeting different epitopes fall in the same cluster, ei-
25 ther due to escape mutations in different epitopes being genetically linked or,
26 in the case of cluster 8, due to little-to-no predicted escape.

237 The antibodies from clusters 1-7, which are predicted to be strongly escaped,
28 often neutralize the D614G variant, while those from cluster 8, which are not
20 predicted to be strongly escaped, tend to have little-to-no neutralizing activity
20 (Figure 3C). This pattern is consistent with the expectation that neutralizing
an - antibodies exerted the greatest selection on the virus.

22 However, the antibodies escaped first were not always the most potent. An-
23 tibodies from clusters 3, 6, and 7 stand out as having especially high neutral-
24 ization potency and abundance (Figure 3C). Cluster 3 antibodies are predicted
25 to be among the first that were completely escaped, as defined by trajectories
26 reaching values close to one (Figure 2B). However, cluster 6 and 7 antibodies
27 were among the last to be completely escaped, raising the question of why these
xus  antibodies were not escaped sooner.

249 One hypothesis is that antibody abundance changed over time. Grouping an-
0 tibodies by host source shows that neutralizing antibodies from W'T exposures,
»1 which occurred earlier in the pandemic, are particularly enriched in cluster 3,
»2  while those from the BA.5 infections, which occurred later, are particularly en-
23 riched in cluster 6 (Figure 3D). Thus, shifts in immunity may partially explain
»¢  the order of escape. However, aside from clusters 3 and 6, the distribution of
»s  neutralizing antibodies between clusters is largely similar between host sources
6 (Figure 3D), likely due to imprinting effects described by Cao et al. [3]. Thus,
»7  factors other than antibody potency and abundance may have contributed to
s the order of escape. We investigate this possibility more below.
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Figure 3: Antibody epitopes and neutralization potencies. (A) Data for
the 1,603 antibodies grouped by epitope (defined by Cao et al.), with the left plot
showing the distribution of log,,ICs0 values quantifying the ability of an antibody
to neutralize pseudoviruses bearing the D614G spike, and the right plot showing the
number of antibodies within each epitope. (B) A heat map showing the percent of
antibodies in a given epitope that are in a given escape cluster (Figure 2B), such that
each row sums to 100. (C) Same as panel A, but showing data for antibodies clustered
by escape trajectory. (D) A heat map showing the percent of antibodies from a given
source that are in a given escape cluster, such that each row sums to 100 (conv. =
convalescent). The plot only shows data for antibodies with appreciable neutralizing
activity against the D614G variant (log,,ICs0 < 0 pg/mL).

fig:cluster’comparison
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» Validation of average escape patterns from each cluster us-
xw ing pseudovirus neutralization data

%1 We next sought to validate cluster-averaged patterns using pre-existing neutral-
x  ization data from Cao et al. and Wang et al. [4]. For each antibody from Cao et
%3 al., the authors measured the ability of the antibody to neutralize pseudoviruses
x4 bearing one of several spike variants, including the D614G variant and several
2  Omicron variants of concern. For a small subset of these antibodies, Wang et al.
2 used the same approach to measure the ability of each antibody to neutralize
%7 the D614G variant, several pre-Omicron variants of concern, and BA.1. To-
s gether, these spike variants are widely distributed across the tree of viruses in
%0 our analysis, are founder sequences of large clades, and capture large changes
a0 in predicted escape scores, making them well-suited for validating predicted
on trends.

72 The above data were collected using large-scale neutralization assays, and as
a3 such, have a non-trivial level of noise. We quantified this noise by examining the
as - correlation of log,, ICsq values between Cao et al. and Wang et al. for antibody-
a5 variant combinations measured in both studies. These values were correlated
zs  (Pearson R = 0.87), but often differ by one or more log;, units (Figure 4A).
277 We found that the neutralization data are consistent with many of the
as  cluster-averaged patterns of escape. We specifically focused on antibodies with
a9 appreciable neutralizing activity against the D614G variant (log;,ICs0 < 0
20 pg/mL), since the neutralization data are only suitable for validating escape
s from neutralizing antibodies. Figure 4C-F show data for the three clusters with
2 the largest fluctuations in average escape trajectories (clusters 2, 3, and 6). The
23 predicted escape scores show striking increases and decreases between adjacent
s spike variants when the variants are ordered roughly by when they emerged.
s When averaging over all antibodies in a cluster, the changes in escape score are
26 mirrored by changes in log;, ICso values (see the bold black lines). At the same
27 time, for a subset of individual antibodies, the changes are clearly not mirrored,
28 either due to inaccurate predictions, experimental noise, or experimental limits
20 of detection.

200 The antibodies from cluster 6 show two distinct neutralization profiles de-
21 pending on whether the antibody is strongly escaped by mutations at site 446
22 or mutations at another site, most commonly site 346 (Figure 4E and F, respec-
23 tively). The key difference is that mutations at site 446 are present in the BA.1
2s  and BA.2.75 variants, while mutations at site 346 are not. These two groups of
25 antibodies still have similar predicted escape trajectories because mutations at
206 site 346 reach high frequencies within the BA.1 and BA.2.75 clades, even though
207 they are not present in the clade-founder sequences used in the neutralization
28 assays (we describe this pattern in more detail below).

200 To quantify levels of agreement, for each antibody, we computed the Pearson
;0 correlation coefficient between escape scores and log;,ICsp values among all
sn  spike variants from a given study (Figure 4B). For each cluster of antibodies,
s the resulting median correlation coefficient was often between 0.75-1.0, with only
a3 a small subset of individual antibodies reaching low correlation coefficients. The
su  median correlation coefficient for the Wang et al. study was low for cluster 4 and
s 7, though these medians are only derived from a total of 3 and 4 antibodies,
36 respectively, and the average trajectories of these clusters, which are largely
sr - shaped by Omicron variants, are supported by the Cao et al. data (Fig. S4).
s Unfortunately, most clusters only had a few antibodies with validation data
a0 from Wang et al., limiting our ability to robustly validate all trends using these
a0 data. But, overall, the data are still consistent with many of the cluster-averaged
31 escape patterns.

312 One reason that the above correlation coefficients are high is that both escape
a3 score and neutralization resistance tend to generally increase with sequence
s divergence, regardless of cluster. To quantify this effect, we recomputed the
a5 correlation coefficients using the number of RBD mutations in a given variant
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Figure 4: Predicted escape scores correlate with pseudovirus neutralization
data. (A) Correlation of log;, ICsq values between studies. (B) Distributions of per-
antibody Pearson correlation coefficients quantifying the agreement between predicted
escape scores and log;,ICso values for spike variants from a given study. Each dot
corresponds to a single antibody and antibodies are grouped by cluster. Shaded boxes
show interquartile ranges, and horizontal black lines show medians. We applied a
floor of zero to each distribution. (C)-(F) Comparison of escape scores and log;, ICs0
values for antibodies from a given cluster. In each panel, the left column of plots
shows antibodies with neutralization data from Wang et al., the right column shows
antibodies with neutralization data from Cao et al., and N indicates the number of
antibodies with data. The x-axis shows the spike variants assayed in each study, with
variants ordered roughly chronologically by when they emerged in nature. Bold black
lines show average values, while thin gray lines show values for individual antibodies.
The log,, ICs0 values have an upper limit of detection of 1, and we floored the values
at a lower limit of —2. Panels E and F show data for two groups of antibodies in
cluster 6: ones escaped by mutations at site 446 (z4,446 > 0.2) and ones that are
not (zq,446 < 0.2). In panels C-E, the pink, gray, and red rectangles below the
neutralization data correspond to the cluster-specific clade groupings from Figure 5.
Fig. S4 shows similar plots for the remaining clusters.
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a6 in place of its escape score. For clusters 1-3 and 5-7, the resulting coefficients are
ar  often substantially lower than before for at least one study (Fig. S5), indicating
sus  that escape scores capture more than just sequence divergence.

310 The validation data are difficult to interpret for cluster 8 antibodies. For this
30 cluster, we do not find evidence that escape scores capture more than sequence
s divergence (Fig. S5). Further, since most escape scores from this cluster only
32 slightly increase over time, a concern is that the increase is merely due to the
3 summed effects of noise from the DMS experiment, such that the correlation
24 with the neutralization data is artificial. Despite the modest increases in pre-
a5 dicted escape score, there is a large increase in average log;, ICs values between
26 the D614G variant and the BQ.1.1 and XBB variants (Fig. S4), indicating that
37 the DMS experiments may not have identified relevant escape mutations, pos-
s sibly due to experimental noise, or possibly because the relevant mutations do
39 not confer escape in the Wuhan-Hu-1 background. These data do not shed light
s on whether the virus also escaped non-neutralizing antibodies from cluster 8,
s which constitute the majority of antibodies from this cluster.

s Large dips in escape trajectories track with clade-displacement
3 events

su  Clusters 2, 3, and 6 show large dips in escape trajectories. As described above,
35 these dips happen as a result of escape mutations decreasing in frequency in
35 the viral population. These decreases are due to clade-displacement events.
s Figure 5A-C illustrates this phenomenon in context of a single example antibody
33 from each cluster. In each case, the antibody escape trajectory begins to increase
330 as an escape mutation rises in frequency in the viral population. The mutation
w0 is initially found in the group of clades colored in pink in the figure. Next, the
s gray group of clades, which lack the mutation, displace the pink group. This
w2 causes a dramatic decrease in the overall frequency of the escape mutation, and
a3 thus the escape trajectory. Finally, the red group of clades, which have escape
ws  mutations, displace the gray group, causing the frequency of these mutations
us and the trajectory to increase again. (Observe the concordance between the
us  “mean escape” trajectory and the union of the pink and red clade frequency
s trajectories.) We see similar patterns with other escape mutations associated
s with fluctuating trajectories (Fig. S6A-B).

340 The trajectories closely track with clade-displacement events because the
w0 frequency of escape mutations within individual clades is often either close to
1 zero or one (see the bottom plot of each panel of Figure 5D-F; the upper plot
32 will be described in the next section). An exception to this trend is site 346,
33 where escape mutations have intermediate frequencies in multiple clades (Fig.
354 SGE)

355 In the examples from Figure 5, the clades that caused the trajectory of one
s antibody to decrease often caused the trajectory of another to increase. The
7 spread of Delta and Lambda caused the cluster-3 antibody trajectory to de-
s crease, but caused the cluster-2 antibody trajectory to increase. The spread
s of BA.1 caused the cluster-2 antibody trajectory to decrease, but caused the
w0 cluster-3 and cluster-6 antibody trajectories to increase. Such patterns suggest
1 that clade-displacement events resulted in large tradeoffs in resistance to dif-
w2 ferent clusters of antibodies, despite the fact that the virus’s overall antibody
3 resistance steadily increased over time.

s Evidence that clonal interference caused the displacement
s Of escape mutations

s We next sought to investigate why clade-displacement events were effective at
7 driving down the frequencies of escape mutations in the viral population. SARS-

w8 CoV-2 can undergo genetic recombination [38], which provides a mechanism to
0 consolidate beneficial mutations from different genetic backgrounds [39]. In each
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Figure 5: Clade-displacement events cause large dips in trajectories. (A)-
(C) Each panel shows data for an example antibody from a given cluster. For each
antibody, rows show the escape trajectory for that antibody, the frequency of muta-
tions at key sites of escape (i.e., sites where x4, > 0.4 and where mutations reach a
frequency of >0.9), and the frequencies of groups of clades involved in displacement
events that shape a given trajectory. Clades in the pink and red groups have escape
mutations at appreciable frequencies, while clades in the gray group do not. Trajec-
tories dip when gray clades displace pink clades and rise when red clades displace
gray clades. We use Nextstrain clade definitions and compute frequencies using the
same 0.2-year sliding windows used to compute the trajectories. (D)-(F) Each panel
shows data for specific amino-acid mutations that drove escape trajectories in panels
A-C (compare panels in the same row). In each panel, the bottom plot shows muta-
tion frequencies in each of the indicated Nextstrain clades (with parenthetical names
giving the variant of concern that corresponds to a clade’s founder sequence, when
applicable). For simplicity, we only show data for clades that reached >7% frequency.
Clades are colored according to how they are grouped in panels A-C. The top plot
shows estimates of mutation fitness effects in each clade (effects are not estimated for
clades that already have a mutation at a given site).
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s example from Figure 5A-C and Fig. S6A-B, recombination would have offered
sn a mechanism to introduce the escape mutation from the pink clades into the
sz genetic background of the gray clades, helping to prevent the escape mutation
sz from being displaced. According to our additive model, such recombination
s events would have been beneficial, as they would have increased escape scores
s of viruses in the grey clades. It is possible that such recombination events did
s occur at a low level. But, ultimately, none of the displaced mutations reached
s appreciable frequencies in the gray clades (Figure 5D-F; S6D-E).

378 There are multiple possible explanations for this pattern. One explanation
30 is clonal interference. For organisms that do not undergo genetic recombina-
s tion, clonal lineages with different beneficial mutations can compete with one
s another, delaying the rate at which beneficial mutations are fixed in the pop-
s ulation [40, 41, 42, 43]. Although SARS-CoV-2 does recombine, it is possible
;3 that recombination has not always been efficient enough to prevent competition
s between clades from displacing beneficial mutations. Another possible explana-
s tion is differences in selective pressures between clades. The escape mutations
s in the above examples may have had beneficial fitness effects in the pink clades,
7 but neutral or deleterious effects in the gray clades. This could happen due to
s epistasis (the mutation is incompatible in the genetic backgrounds of the gray
s0 clades) or due to changes in external selective pressures (e.g., if the strength
w0 of selection imposed by a given cluster of antibodies varied over time), such
s that even if the mutation was recombined into a gray clade, it would not have
s conferred a selective advantage.

303 To investigate these possibilities, we used a previously published computa-
3¢ tional pipeline to estimate fitness effects of mutations from natural sequences [44,
35 45]. As input, we used a phylogenetic tree of ~16 million SARS-CoV-2 genome
s sequences. The pipeline estimates a mutation’s effect based on the number of
s7 - times the mutation was observed to arise de novo on the branches of the tree ver-
38 Sus the number of times it was expected to have arisen under neutral evolution.
w0 Specifically, it estimates the effect as the natural log of the ratio of observed
w0 counts to expected counts, such that mutations that arose more than expected
w1 have positive (i.e., beneficial) fitness effects, and vice versa for mutations that
w2 arose less than expected. It performs this estimation using a Bayesian approach
w3 that integrates over uncertainty in the observed and expected counts. A mu-
ws  tation’s effect is defined as the mean of the posterior probability distribution
w5 over all possible effects. In addition, the standard deviation of this distribution
w6 can be used to quantify the level of uncertainty associated with a given effect.
w7 Uncertainty is modeled to arise from statistical sampling noise in the counts, as
w0 well as unaccounted variability in neutral mutation rates between sites. We used
w0 this approach to estimate mutational effects at the level of individual clades in
a0 our analysis.

a1 Under the clonal-interference hypothesis, we would expect escape mutations
a2 from the pink clades to have positive fitness effects in the gray clades that
a3 displace them. Indeed, we see this pattern for four out of the six displaced escape
as mutations. For example, as shown in Figure 5F, the G446S escape mutation,
a5 which is fixed in the pink BA.1 clade (see the bottom plot), has large positive
a6 fitness effects in the corresponding gray clades (see the top plot). These large
ar  positive effects are much larger than associated levels of uncertainty (each effect
ng is >2-fold larger than the standard deviation of the corresponding posterior
a9 distribution; Fig. S7C), providing confidence that the effects are indeed positive.
w20 This suggests that the G446S mutation was beneficial in the gray clades, but
a1 that recombination of this mutation into sequences from the gray clades was
w22 not efficient enough to prevent its displacement. We see similar evidence of
w23 clonal interference for E484K (Figure 5D; see the large positive effect of this
«¢ mutation in the Delta clade), L452R (Figure 5E; see the large positive effect of
«s this mutation in the BA.1, BA.2, and BA.2.75 clades), and R346K (Fig. S6E;
w26 see the large positive effect of this mutation in the BA.2 clade). As above,
27 these large positive effects are much larger than associated levels of uncertainty
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w2 (Fig. S7). For R346K, we also find support for changing selective pressures
w9 between clades: the mutation is present at high frequency in the pink BA.1
0 clade and has a large positive fitness effect in the gray BA.2 clade (suggesting
s clonal interference), but has more modest positive effects in subsequent gray
2 clades (suggesting changing selective pressures).

233 For the four mutations that show signs of clonal interference, their fitness
s effects in the gray clades range from ~2-5 units, meaning that the substitution
s rate of these mutations was ~7-150 times higher than expected under neutrality.
a5 Despite these high substitution rates, most mutations did not reach frequencies
w7 appreciably greater than zero within the gray clades. This apparent discordance
a8 is because substitution rates were estimated from millions of viral sequences, and
a0 suggests that although mutations may arise de novo at a high rate, it takes time
a0  for them to reach appreciable frequencies in the very large population.

a1 The remaining two displaced escape mutations (K417N and K417T) show
a2 little or no evidence of clonal interference. Each mutation has a roughly neutral
w3 fitness effect in the gray Delta clade that displaced it (Fig. S6D; Fig. S7D).

« Evidence that changing selective pressures impact the or-
ws der in which escape mutations arose

us  The key sites of escape from Figure 2C can be divided into two broad groups
w7 based on whether or not escape mutations at a site reached appreciable frequen-
us  cies before the emergence of Omicron in late 2021. They did at sites 417, 452,
ao  and 484, and did not at sites 346, 446, 486, and 490. Why did some escape
0 mutations not appear before the emergence of Omicron?

a1 The fitness data from the previous section indicate that the effects of some
2 mutations shifted to become dramatically more beneficial upon the emergence of
ss3 Omicron. We see this pattern for multiple key escape mutations at the second
e group of sites: R346T, G446S, and F486V (Figure 5F; Fig. S7TE-F). In pre-
ss5  Omicron clades (20A-21J), each of these mutations has a roughly neutral effect,
»s6  while in Omicron clades (21K-23D), each has a large positive effect. These
w7 positive shifts in fitness effects are greater than associated levels of uncertainty
w8 (Fig. ST). Thus, these shifts could help explain why these three antibody-escape
o mutations only arose after the emergence of Omicron.

460 The above shifts could be due to multiple factors, including shifts in human
w1 immunity over time or shifts in the effects of mutations on spike’s function or
w2 ability to escape antibodies, due to epistasis with pre-existing mutations in Omi-
w3 cron clades. Indeed, past work has identified multiple examples of mutations
s+ with enhanced antibody-escape effects in Omicron backgrounds [46, 47], includ-
w5 ing mutations at sites 346, 446, and 486. It is possible that such enhancement
w6 could explain the increased fitness of the above mutations in Omicron clades.
w7 Past work has also identified examples of escape mutations, such as G446S, that
ws are deleterious to RBD-ACE2 binding in context of the Wuhan-Hu-1 RBD, but
w0 are buffered by other affinity-enhancing mutations in Omicron BA.1 [48, 49].
w0  When we used data from Starr et al. [48, 46] to comprehensively examine the
an ACE2-binding effects of each of the key antibody-escape mutations from our
a2 analysis, we found that mutations at 417, 446, and 486 tended to have delete-
az rious effects, while the mutations at other sites tended to have roughly neutral
a  effects (Fig. S8). If variants from Omicron clades are generally better at buffer-
a5 ing deleterious effects, then that could explain why both G446S and F486V have
w6 increased fitness effects in these clades. Further, while G4468S is deleterious to
w7 ACE2 binding in pre-Omicron variants, its effect is much less deleterious in the
s BA.2 variant (Fig. S8), indicating a reduced need for buffering in this Omicron
a0 variant and potentially in others.

480 In all, the above patterns suggests that there are multiple factors that can
a1 determine how quickly antibody-escape mutations appear and then fix in the
w2 viral population, including both clonal interference and changes in underlying
a3 selective pressures over time.

14


https://doi.org/10.1101/2025.01.22.634135
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.01.22.634135; this version posted January 24, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY 4.0 International license.

« Discussion

s Leveraging the DMS data from Cao et al., we predicted antibody-escape scores
s for thousands of globally circulating viral variants, doing so for each of 1,603
s7  antibodies. For each antibody, we then quantified how the average escape score
ss  changes in the viral population over time. We distilled the resulting trajectories
w9 into eight major clusters, which show sequential waves of escape.

490 Although some trajectories steadily increase in escape score over time, oth-
a1 ers show striking fluctuations. We validated cluster-averaged trajectories by
w2 showing that predicted escape scores correlate with pseudovirus neutralization
w3 data for several variants of concern (using neutralization data from Cao et al.
w¢ and Wang et al.). We showed that fluctuations in trajectories track with clade-
s displacement events that displaced key escape mutations from the population.
ws Phylogenetically estimated fitness effects suggest that the mutations were often
w7 displaced due to clonal interference. The fitness estimates also indicate that the
ws order in which escape mutations arose is shaped by changing selective pressures.
499 Our work builds on past studies of SARS-CoV-2 antibody escape in a few
s0  ways. First, we examined escape from a much larger number of antibodies than
s most studies. This allowed us to catalogue many different patterns of escape
s2  in a single study, and to provide a more comprehensive picture of the fraction
s of antibodies that follow each pattern. For instance, past studies have also
se  identified antibodies for which levels of resistance fluctuated between variants
ss Of concern over time, including antibodies with neutralization profiles that are
sos  similar to those of clusters 2, 3, and 6 from Figure 4. R1-32 and FCO08 have
sor  profiles that are similar to cluster 2 and are also escaped by mutations at site
s 452 [16, 50]; LY-CoV016 (etesevimab) and REGN10933 (casirivimab) have pro-
so0  files that are similar to cluster 3 and are also escaped by mutations at sites
s0 417 and 484 [33, 51]; REGN10987 (imdevimab), C110, and 2H04 have profiles
su  that are similar to cluster 6 and are also escaped by mutations at site 446 [52].
s12 Building on these studies, our work indicates that a substantial fraction of the
si3 hundreds of neutralizing antibodies from our analysis have fluctuating escape
sie trajectories. Thus, although our estimates indicate that the virus’s average an-
si5 tibody resistance tended to steadily increase over time, they also indicate that
sis  the underlying escape patterns were complex, with large tradeoffs in resistance
si7 - between different groups of antibodies.

518 Second, we established a framework to use DMS data to estimate how levels
s of antibody resistance changed over time in the global SARS-CoV-2 popula-
s0 tion. Because of the low-throughput nature of classical neutralization assays,
sz past studies have typically only measured escape for several viral variants of
s» concern. While experimental measurements would tend to be more accurate,
53 the DMS-based approach offers quantitative estimates of population-level es-
s cape over time. These estimates suggested a pattern that was not evident in
sss  the neutralization data from Cao et al. and Wang et al.: antibodies in cluster
s26 6 show one of two distinct neutralization profiles, but are predicted to have
sz similar escape trajectories due to the emergence of mutations at site 346 within
s several clades. Further, with the DMS-based estimates, it is straightforward to
so9  identify which mutations were predicted to drive escape trajectories, allowing
s us to hypothesize how trajectories arise from the dynamics of specific mutations
s3 and clade-displacement events.

53 Third, we uncover evidence that clonal interference delays the fixation of
513 antibody-escape mutations in SARS-CoV-2’s evolution. This phenomenon has
s been observed for viruses that do not genetically recombine [53, 54, 55]. How-
s ever, it has been unclear whether it impacts SARS-CoV-2. Recombination has
s been detected among natural SARS-CoV-2 isolates [38], including an event that
s37  gave rise to the XBB variant of concern [39], which spread globally. Thus, SARS-
s CoV-2 recombination can produce highly fit variants. Building on this work,
s our findings indicate that although SARS-CoV-2 recombination is possible, it
s has not always been efficient enough to prevent beneficial escape mutations from
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sa being displaced, leading to clonal interference. In each example of this pattern
s that we characterized, the displaced mutation (or another at the same site)
se3 eventually rebounded in frequency after about six months to a year, suggest-
s ing that although clonal interference may have delayed SARS-CoV-2’s antigenic
sss  evolution, the delay was not long.

546 Fourth, our work emphasizes that it can take a substantial amount of time
se7  for positively selected mutations to reach appreciable frequencies in the global
ss population. In examining clade-specific mutational fitness effects, we identified
s0  several instances where the de movo substitution rate of an escape mutation
sso  within a clade was ~7-150 times higher than expected under neutral evolution,
ss1  indicative of positive selection. But, in most such instances, the overall fre-
ss2 quency of the mutation in the clade was still close to zero. Thus, high levels
553 of positive selection do not necessarily lead to large increases in mutation fre-
ssa  quency during the lifetime of a clade. This could help explain why recombination
555 does not always prevent clonal interference: even if recombination produces fit
ss6  variants at a low basal rate, those variants are not guaranteed to immediately
ss7 - become widespread.

558 Fifth, our work adds support to the hypothesis that changing selective pres-
550 sures impacted the order in which escape mutations arose. Previous studies
s have provided compelling experimental evidence that compensatory mutations
sse in the BA.1 genetic background help buffer functionally deleterious effects of
s other BA.1 mutations that confer antibody escape [48, 49]. Studies have also
ss shown that some mutational effects on antibody escape are potentiated in Omi-
s cron backgrounds [46, 47]. Here, we add to this work by showing that fitness
s6s  effects estimated from natural sequences show dramatic increases in Omicron
sss  clades compared to pre-Omicron clades for three key escape mutations from our
sev  analysis. And we show how these shifts can help rationalize the order in which
ss  key escape mutations from our analysis arose in nature.

569 Our study has a few limitations. First, the DMS data measure the effects
so - of mutations on RBD escape from antibody binding in a yeast-display system,
sn not effects on escape from antibody neutralization in a viral context. Second,
s2 the additive model that we use to predict antibody-escape scores makes several
573 assumptions. It assumes no epistasis between mutations. Though, as discussed
su - above, previous studies have identified examples of strong epistasis in RBD’s
s5 - evolution. It also assumes that normalized escape scores are directly compara-
s ble between antibodies, that all mutations at a site have the same effect, and
sz that variant escape scores have an upper limit of one. The above assumptions,
sis - together with noise from the DMS experiments, limit the accuracy of estimated
so escape scores. Indeed, the validation data suggest that the estimates are in-
s correct for a subset of antibodies. It is encouraging that the validation data
ss1  are consistent with cluster-averaged trends, which form the core of our analysis.
se2 And it is also notable that similar DMS-based additive approaches have been
3 successful at predicting levels of antibody escape for variants of viral entry pro-
s« teins from Influenza virus and Lassa virus [56, 57]. However, a third limitation
ss of our study is that some clusters only had a few antibodies with validation
sse  data from the Wang et al. study, which limits our ability to robustly validate all
sz trends without additional experiments. Fourth, the mutational fitness effects
s estimated from naturally occurring sequences are difficult to experimentally
se0  validate, and the trends indicating clonal interference and changing selective
s pressures are mainly supported by four and three mutations, respectively. We
s will be curious to see if similar trends are apparent in the on-going evolution of
s SARS-CoV-2.

503 Overall, our work helps dissect how SARS-CoV-2 evaded the individual com-
se  ponents of a polyclonal antibody response in nature. In the future, our analysis
ss  framework could be applied to other contexts. DMS is increasingly being used
ss  to identify mutations to viral entry proteins that confer antibody escape, both
sov  for SARS-CoV-2 [17, 58, 59, 60] and for other viruses [56, 57, 61, 62, 63, 64, 65].
ss  Further, many viruses have pre-existing Nextstrain [35] pipelines for creating
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s0 curated multiple-sequence alignments from real-time surveillance data (https:
oo //nextstrain.org/). Our framework, and others like it, offer an exciting way
s1 to combine these sources of data to interpret patterns of viral evolution in na-
602 ture.

« Methods

« Data and code availability

65 See https://github.com/matsengrp/ncov-ab-escape for input files, code,
es and key results files from our analysis. Key results files include:

607 e a file with metadata on the viral sequences from our analysis (https://

608 github.com/matsengrp/ncov-ab-escape/tree/main/results/viral_metadata.
609 CSV).

610 e a file with site-level escape scores (https://github.com/matsengrp/ncov-ab-escape/
611 tree/main/results/processed_input_data/escape.csv).

612 e a directory with files with fitness effects estimated from natural sequences

613 (https://github.com/matsengrp/ncov-ab-escape/tree/main/results/

o4 aamut_fitness/).

615 e a file with each antibody’s escape trajectory and escape cluster (https://

616 github.com/matsengrp/ncov-ab-escape/tree/main/results/trajectories.
617 CSV).

sis  The README.md file in the repository’s root directory describes the reposi-
610 tory’s contents in more detail.

2 Input DMS data

e We got the input DMS data from Cao et al. [3]. Their repository https://
62 github.com/jianfcpku/convergent_RBD_evolution includes the DMS data
63 for each antibody, as well as other metadata associated with each antibody,
624 including the antibody’s source and its neutralization data against variants of
e concern. For practical reasons, the set of publicly available escape scores, which
626 we use in this study, were filtered to remove data at sites where all escape scores
627 were close to zero for a given antibody. We assign these filtered-out mutations
es escape scores of zero for that antibody.

629 Of the 3,333 antibodies with data, we curated a set of 1,603 using the fol-
s0 lowing filters: i) the antibody was strongly escaped in the DMS experiments,
s defined as the e, ,,, values for that antibody summing to >2 for at least one
2 site, ii) the antibody was isolated from a human exposed to SARS-CoV-2 (rather
3 than SARS-CoV-1), and iii) the antibody had pseudovirus neutralization data
6 for all variants from the Cao et al. study from Figure 4. There were 2,326 an-
e tibodies that passed the first filter, 1,616 antibodies that passed the first two
e filters, and 1,603 antibodies that passed all three filters.

« Sampling globally circulating viruses

es  We sampled 3,942 globally circulating viruses from the first 3.5 years of the pan-

% demic using a modified version of the ncov Nextstrain [35] workflow (https://

s0 github.com/nextstrain/ncov). See https://github.com/matsengrp/ncov-ab-escape
ear for the specific code and input files that we used to run this workflow, as well

ez as key output files, including a file that lists for each viral sequence: the set of

&3 amino-acid mutations in that sequence’s spike protein relative to the Wuhan-

sa Hu-1 reference strain, the year the sequence was sampled, and the Nextstrain

es clade associated with the sequence. The repository also includes the phyloge-

s netic tree of these sequences from Figure 1B.
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« Computing viral escape scores

as  We computed viral escape scores as described in the main text. We used the
s0  multiple-sequence alignment of spike sequences from above to define the set
eo of mutations in each sequence relative to the Wuhan-Hu-1 reference sequence
et (called “Wuhan-Hu-1/2019” in the alignment). We only considered mutations
e2 in the RBD, since the DMS data were specific to this domain. See https:
63 //github.com/matsengrp/ncov-ab-escape for the specific code we used to
e« compute viral escape scores. We adapted this code from the escape calcula-
s tor (https://github.com/jbloomlab/SARS2-RBD-escape-calc/) initially de-
ess  scribed in Greaney et al. [36].

e Clustering of escape trajectories

ess  We used k-means clustering to cluster trajectories into 20 groups. As input to
&0 the clustering algorithm, we used the high-dimensional vector of escape scores
w0 encoding each trajectory (one value for every 0.2 years in the sliding window
661  OVer time).

« Analyzing escape scores

663 The COV CATNAP tool [66] was very valuable for exploring the sea of literature
es  on SARS-CoV-2 antibodies, and helped us identify studies with neutralization
s data relevant to our work. The CoVariants website (https://covariants.
s org/) was very useful for identifying mutations in variants of concern [26].

« Estimating fitness effects from nature

o8  We computed fitness effects using the computational pipeline at https://github.
0 com/neherlab/SARS2-mut-fitness-v2, which is described in Haddox et al. [45].
e We ran this pipeline using a custom configuration file. See https://github.
e com/matsengrp/ncov-ab-escape for the custom configuration file that we used
ez and for files reporting the estimated fitness effects.
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