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SUMMARY
The current severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) pandemic has emphasized the
vulnerability of human populations to novel viral pressures, despite the vast array of epidemiological and
biomedical tools now available. Notably, modern human genomes contain evolutionary information tracing
back tensof thousandsof years,whichmayhelp identify the viruses that have impactedour ancestors—point-
ing to which viruses have future pandemic potential. Here, we apply evolutionary analyses to human genomic
datasets to recover selection events involving tens of human genes that interactwith coronaviruses, including
SARS-CoV-2, that likely started more than 20,000 years ago. These adaptive events were limited to the pop-
ulation ancestral to East Asian populations. Multiple lines of functional evidence support an ancient viral se-
lective pressure, and East Asia is the geographical origin of several modern coronavirus epidemics. An arms
race with an ancient coronavirus, or with a different virus that happened to use similar interactions as corona-
viruses with human hosts, may thus have taken place in ancestral East Asian populations. By learning more
about our ancient viral foes, our study highlights the promise of evolutionary information to better predict
the pandemics of the future. Importantly, adaptation to ancient viral epidemics in specific human populations
does not necessarily imply any difference in genetic susceptibility between different human populations, and
the current evidence points toward an overwhelming impact of socioeconomic factors in the case of corona-
virus disease 2019 (COVID-19).
INTRODUCTION

Coronaviruses have been behind three major zoonotic out-

breaks.1 The first outbreak, known as SARS-CoV (severe acute

respiratory syndrome coronavirus), originated in China in 2002

and infected more than 8,000 and killed more than 800 people.2

Four years later, MERS-CoV (Middle East respiratory syndrome

coronavirus) affected >2,400 and killed over 850 people (https://

www.who.int). The most recent outbreak began in late 2019

when SARS-CoV-2 emerged in China, triggering an ongoing

pandemic (coronavirus disease 2019 [COVID-19]).3

The research on SARS-CoV-2 epidemiology has revealed that

socioeconomic (e.g., access to healthcare, testing, and expo-

sure at work), demographic, and personal health factors all

play a major role in SARS-CoV-2 epidemiology.4–6 Additionally,
3504 Current Biology 31, 3504–3514, August 23, 2021 ª 2021 The Au
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several genetic loci that mediate SARS-CoV-2 susceptibility

and severity have been found in contemporary European popu-

lations,7–10 one of which contains a genetic variant that increases

SARS-CoV-2 susceptibility that likely increased in frequency in

the ancestors of modern Europeans after interbreeding with

Neanderthals.11

Throughout the evolutionary history of our species, positive

natural selection has frequently targeted proteins that physically

interact with viruses—e.g., those involved in immunity or used by

viruses to hijack the host cellular machinery.12–14 In the millions

of years of human evolution, selection has led to the fixation of

gene variants encoding virus-interacting proteins (VIPs) (Data

S1A) at three times the rate observed for other classes of

genes.13,15 Strong selection on VIPs has continued in human

populations during the past 50,000 years, as evidenced by VIP
thors. Published by Elsevier Inc.
commons.org/licenses/by/4.0/).
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genes being enriched for adaptive introgressed Neanderthal var-

iants and also selective sweep signals (i.e., selection that drives a

beneficial variant to substantial frequencies in a population),

particularly around VIPs that interact with RNA viruses (Data

S1B), a viral class that includes the coronaviruses.16,17

The accumulated evidence suggests that ancient RNA virus

epidemics have occurred frequently during human evolution;

however, we currently do not know whether selection has

made a substantial contribution to the evolution of human genes

that interact more specifically with coronaviruses.

Accordingly, here, we investigate whether ancient coronavirus

epidemics have driven past adaptation in modern human popu-

lations, by examining whether selection signals are enriched

within a set of 420 VIPs that interact with coronaviruses (denoted

CoV-VIPs; Data S1C) across 26 human populations from the

1000 Genomes Project.18 These CoV-VIPs comprise 332

SARS-CoV-2 VIPs identified by high-throughput mass spec-

trometry (Data S1D),19 and an additional 88 proteins that were

manually curated from coronaviruses literature (e.g., SARS-

CoV-1, MERS, HCoV-NL63, etc.; Data S1C)16 and are part of a

larger set of 5,291 VIPs (STARMethods; Data S1A) frommultiple

viruses.16 Our focus on VIPs is motivated by evidence indicating

that these protein interactions are the central mechanism that vi-

ruses use to hijack the host cellular machinery.16,19 Accordingly,

VIPs are much more likely to have functional impacts on viruses

than other proteins (STAR Methods). An alternative that we

cannot exclude however is that a different type of virus that hap-

pens to use similar VIPs as coronaviruses might have driven

adaptation signals at CoV-VIPs.

Our analyses find a strong enrichment in sweep signals at

CoV-VIPs across multiple East Asian populations, which is ab-

sent from other populations. This suggests that an ancient co-

ronavirus epidemic (or another virus using similar VIPs) drove

an adaptive response in the ancestors of East Asians. Further,

by leveraging ancestral recombination graph approaches,20,21

we find that 42 CoV-VIPs may have come under selection

around 900 generations (�25,000 years) ago and exhibit a co-

ordinated adaptive response. We further show that the CoV-VIP

genes are enriched for anti- and proviral effects and variants

that affect COVID-19 etiology in the modern British population

(https://grasp.nhlbi.nih.gov/Covid19GWASResults.aspx).22,23

We further show that the inferred underlying causal mutations

are situated near to regulatory variants active in lungs and other

tissues impacted by COVID-19. These independent lines of ev-

idence support an ancient coronavirus (or a similarly interacting

virus) epidemic that emerged in the ancestors of contemporary

East Asian populations.

RESULTS

Signatures of adaptation to an ancient epidemic
Viruses have exerted strong selective pressures on modern hu-

mans.15,17 Accordingly, we use two statistical tests that are sen-

sitive to such genetic signatures (i.e., selective sweeps)—nSL24

and iHS25—while being insensitive to background selection.26,27

After scanning each of the 26 populations for selection signals,

we apply an enrichment test that was previously used to detect

enriched selection signals in RNA VIPs in human populations.17

Briefly, for each population and selection statistic, we rank all
genes based on the average selection statistic score observed

in genomic windows ranging from 50 kb to 2 Mb (STAR

Methods). Different window sizes are used because smaller win-

dows tend to be more sensitive to weaker sweeps, whereas

larger windows tend to be more sensitive to stronger sweeps

(STAR Methods).17 After ranking the gene scores, we estimate

an enrichment curve (Figure 1) for gene sets ranging from the

top 10 to 10,000 ranked loci (STAR Methods). The significance

of the whole enrichment curve is then calculated using a genome

block-randomization approach that accounts for the genomic

clustering of neighboring CoV-VIPs and provides an unbiased

false-positive risk (FPR) for the whole enrichment curve28 by

re-running the entire enrichment analysis pipeline on block-ran-

domized genomes (STAR Methods).17 For our control gene set,

we use protein-coding genes situated at least 500 kb from CoV-

VIPs to avoid overlapping the same sweep signals. Additionally,

genes in the control sets are chosen to have similar characteris-

tics as the CoV-VIPs (e.g., similar recombination, density of cod-

ing sequences, etc.; see STAR Methods for the complete list of

factors) to ensure that any detected enrichment is virus specific

rather than due to a confounding factor.17 Finally, we also

exclude the possibility that functions other than viral interactions

might explain our results by running a Gene Ontology analysis

(STAR Methods; Data S1E and S1F; Figures S1A and S1B).29

Applying this approach to each of the 26 populations from the

1000 Genomes Project dataset, we find a strong enrichment of

sweep signals in CoV-VIPs that is specific to the five East Asian

populations (whole enrichment curve for nSL and iHS combined

FPR = 2.10�4; Figures 1 and S2A–S2N; STAR Methods). No

enrichment is observed for populations from other continents,

including in neighboring South Asia (whole enrichment curve

for nSL and iHS combined FPR > 0.05 in all cases; Figures 1

and S2F–S2I). Further, no enrichment is detected for VIP sets

for 17 other viruses in East Asian populations (whole enrichment

curve for nSL and iHS separately or combined; p > 0.05 in all

cases; Figures S3 and S4). Taken together, these results suggest

that coronaviruses (or a virus interacting similarly with hosts)

have driven ancient epidemics in East Asia. This enrichment is

unlikely to have been caused by any other virus represented in

our set of 5,291 VIPs (Data S1A), but we still cannot exclude

that a currently unknown type of virus that happened to use

similar VIPs as coronaviruses could have been involved instead.

The enrichment is most substantial for the top-ranked gene sets

ranging between the top 10 and top 1,000 loci (Figure 1; whole

enrichment curve FPR = 3.10�6 for nSL, FPR = 4.10�3 for iHS,

and FPR = 6.10�5 for iHS and nSL combined) and is particularly

strong for the top 200 loci in large windows (1 Mb) where a 4-fold

enrichment is observed for both nSL and iHS statistics (pertain-

ing to between 10 and 13 selected CoV-VIPs among the top 200

ranked genes; Data S1G). This suggests strong selection at mul-

tiple CoV-VIPs. That the selected haplotype structures are de-

tected by both the iHS and nSL statistics suggests that they

are unlikely to have occurred prior to 30,000 years ago, as

both statistics have little power before this time point.30

An ancient epidemic in the ancestors of East Asians
starting more than 20,000 years ago
To further test the existence of an ancient viral epidemic in East

Asia,weuse a recent ancestral recombination graph (ARG)-based
Current Biology 31, 3504–3514, August 23, 2021 3505
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Figure 1. Coronavirus VIPs nSL ranks enrichment

(A)–(E) are East Asian populations, and (F)–(I) are populations from other continents. The y axis represents the bootstrap test (STAR Methods) relative fold

enrichment of the number of genes in putative sweeps at CoV-VIPs, divided by the number of genes in putative sweeps at control genes matched for multiple

confounding factors. The x axis represents the top rank threshold to designate putative sweeps. Black full line, average fold enrichment over 5,000 bootstrap test

control sets. Fold enrichments greater than 20 are represented at 20. Gray area, 95% confidence interval of the fold enrichment over 5,000 bootstrap test control

sets. The rank thresholds where the confidence interval lower or higher fold enrichment has a denominator of zero are not represented (for example, graph B, top

10 rank threshold). Lower confidence interval fold enrichments higher than 20 are represented at 20 (for example, graph B, top 30 rank threshold). Red dots,

bootstrap test fold enrichment p < 0.001. Orange dots, bootstrap test fold enrichment p < 0.05. Note that the bootstrap test p values are not the same as thewhole

curve enrichment false positive risk (FPR) estimated using block-randomized genomes on top of the bootstrap test (STAR Methods). Related to STAR Methods

and Figures S2–S4.
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method, Relate,20 to infer the timing and trajectories of selected

loci for the CoV-VIPs. If the selective pressure responsible for

the multiple independent selection events at CoV-VIPs was sud-

den, as expected from a new epidemic, these selection events

should have started independently around the same time. By esti-

mating ARGs at variants distributed across the entire genome,

Relate can reconstruct coalescent events across time and detect

genomic regions impacted by positive selection. To approximate

the start time of selection, Relate estimates the first historical time

point that a putatively selected variant had an observable fre-

quency unlikely to be equal to zero (STAR Methods). We use this

approximation as the likely starting time of selection (STAR

Methods). Additionally, we use the iSAFE software31—which en-

ables the localization of selected variants—along with a curated

setof regulatory variants (expressionquantitative trait loci [eQTLs])

from theGTExProject32 to help identify the likely causalmutations

in the selected CoV-VIP genes. There is good evidence that most

adaptive mutations in the human genome are regulatory muta-

tions.26,33–35 Accordingly, we find that iSAFE peaks are signifi-

cantly closer to GTEx v8 eQTLs proximal to CoV-VIP genes than

expected by chance (iSAFE proximity test; p < 10�9; STAR

Methods). Therefore, for eachCoV-VIP gene, we choose a variant

with the lowest Relate p value (<10�3; STARMethods) that is situ-

ated at or close to a GTEx eQTL associated with the focal gene to

estimate the likely starting time of selection for that gene (STAR

Methods; Figure S5A).
3506 Current Biology 31, 3504–3514, August 23, 2021
Using this approach, we observe 42 CoV-VIPs (Data S1H; Fig-

ure S5A) with selection starting times clustered around 870 gen-

erations ago (�200 generations wide, potentially due to noise in

our estimates; Figure 2). While this amounts to about four times

more selected CoV-VIP genes than were detected using either

nSL or iHS (both detected around ten CoV-VIPs among the top

200 ranked genes; Data S1G), this is not unexpected, as Relate

has more power to detect selection events than nSL and iHS

when the beneficial allele is at intermediate frequencies (typically

<60%; Figure 3; see Enard and Petrov,17 Ferrer-Admetlla et al.,24

and Voight et al.25). The tight clustering of starting times forms a

highly significant peak (peak significance test p = 2.3.10�4; Fig-

ure 2) when comparing the observed clustering of CoV-VIPs start

times with the distribution of inferred start times for randomly

sampled sets of genes (STAR Methods). Further, this signifi-

cance test is not biased by the fact that CoV-VIPs are enriched

for sweeps, as the test remains highly significant (p = 1.10�4)

when using random control sets with comparable high-scoring

nSL statistics (STAR Methods). Thus, the tight temporal clus-

tering of selection events is a specific feature of the CoV-VIPs,

rather than a confounding aspect of any gene set similarly en-

riched for sweeps.

Consequently, our results are consistent with the emergence

of a viral epidemic�900 generations, or�25,000 years (28 years

per generation),36 ago that drove a burst of strong positive selec-

tion in East Asia. Selection events starting 900 generations ago



Figure 2. Timing of selection at CoV-VIPs

The figure shows the distribution of selection start

times at CoV-VIPs (pink distribution) compared to

the distribution of selection start times at all loci in

the genome (blue distribution). Details on how the

two distributions are compared by the peak sig-

nificance test, and how the selection start times

are estimated with Relate, are provided in STAR

Methods. Related to STAR Methods and Fig-

ure S1.
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clearly predate the estimated split of different East Asian popu-

lations included in the 1000 Genomes Project from their shared

ancestral population.18

Although selective pressures other than a coronavirus or

another unknown type of virus with similar host interactions

might also contribute to these patterns, we note that the signal

is restricted specifically at CoV-VIPs and none of 17 other viruses

that we tested exhibit the same temporal clustering (peak signif-

icance test p > 0.05 in all cases; STAR Methods). Further, this

test remained highly significant when retesting the clustering of

CoV-VIPs using only RNA VIPs as the control set (p = 4.10�4;

Data S1B). Importantly, the estimate of an ancient viral epidemic
starting �25,000 years ago in East Asia is remarkably congruent

with the 23,000 years estimate for the emergence of sarbecovi-

ruses (the viral family of SARS-CoV-2).37

Strong selection drove coordinated changes in multiple
CoV-VIP genes over 20,000 years
To learn more about the start and duration of selection acting in

East Asia, we use CLUES21 to infer allele frequency trajectories

and selection coefficients for the inferred beneficial mutations

proximal to the 42 CoV-VIP genes with selection starting 900

generations ago according to Relate (Figure 3). We anticipate

that selection was probably strongest when the naive host
Figure 3. Selected CoV-VIPs allele fre-

quency trajectories over time estimated by
CLUES in East Asia

Each frequency trajectory is for one of the 42

Relate selected mutations at CoV-VIPs within the

peak around 900 generations ago (STAR

Methods).

(A) Frequency trajectories in the Chinese Dai CDX

1000 Genomes population.

(B) Same but zoomed in from frequencies 0%–

10%.

(C) Frequency trajectories in the Han Chinese from

Beijing CHB 1000 Genomes population.

(D) Same but zoomed in from frequencies 0%–

10%.

Related to STAR Methods.
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Figure 4. Selected CoV-VIPs allele fre-

quency trajectories over time estimated by

CLUES in Africa (Yoruba) and Europe

(British)

Same as Figure 3.

(A) Yoruba population. The graph includes 17 fre-

quency trajectories, the 25 other alleles selected in

East Asia being absent in the Yoruba sample (but

not Africa overall; see Data S1I).

(B) British population. The graph includes 35 fre-

quency trajectories, the other seven alleles

selected in East Asia being absent in the British

sample.

Related to STAR Methods.
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population was first infected, before gradually waning as the host

population adapted to the viral pressure.38 Similarly, a decrease

in the virulence of the virus over time, a phenomenon that has

been reported during long-term bouts of host-virus coevolu-

tion,39 would also result in the gradual decrement of selection

over time. Hence, for each of the 42 CoV-VIPs predicted to

have come under selection �900 generations ago, we use

CLUES to estimate the selection coefficient in two successive

time intervals (between 1,000 and 500 generations ago and

from 500 generations ago to the present), predicting that selec-

tion would be stronger in the oldest interval. We note that a 500

generations interval was reported as the approximate time span

that CLUES provides reliable estimates for humans.21 Following

the protocol of Stern et al.,40 we base our estimates on two of the

five East Asian populations (i.e., Dai and Beijing Han Chinese;

Figures 3A and 3B and 3C and 3D, respectively).

CLUES infers more complex frequency trajectories than an

abrupt jump in frequency 900 generations ago. Instead, the esti-

mated trajectories (Figures 3A–3D) suggest that 900 generations

ago is the approximate time when the bulk of the selected vari-

ants reached a frequency of a few percent or more and when

there is an acceleration in the frequency increase (Figures 3B

and 3D). Note that this does not contradict the strong peak of se-

lection times starting around 900 generations ago found by

Relate, as this is the time when Relate estimates frequencies

clearly distinguishable from zero (STAR Methods). This might

correspond to the transition between the establishment and

exponential phases of the sweeps and might imply that the se-

lective pressure could be older than 900 generations. Although

the slow starts of frequency increases make it hard to pinpoint

when selection started exactly, the vast majority of the selected

alleles appear to have reached 5% or higher frequencies by 600

generations, thus making it highly unlikely that the selection

would have started later. Frequency trajectories estimated in

the Yoruba African population (Figure 4A) or the British European

population (Figure 4B) also show very low initial frequencies. The

selected variants in East Asia are found nowadays at very low

frequencies, especially in Africa (Data S1I).

The selected mutations are estimated to have continually

increased in frequency in East Asia until �200 generations

(�5,000 years) ago (Figures 3A and 3C). Accordingly, CLUES es-

timates high selection coefficients between 1,000 and 500
3508 Current Biology 31, 3504–3514, August 23, 2021
generations ago (Dai average s = 0.034; Beijing Han average

s = 0.042; Figures 5A and 5B) but much weaker selection coeffi-

cients from 500 generations ago to the present (Dai average s =

0.002; Beijing Han average s = 0.003; Figures 5A and 5B). These

patterns are consistent with the appearance of a strong selective

pressure that triggered a coordinated adaptive response across

multiple independent loci, which waned through time as the host

population adapted to the viral pressure and/or as the virus

became less virulent.

Validation of direct physical interactions between
selected COV-VIPs and SARS-CoV-2 proteins
To further validate that an ancient viral epidemic was responsible

for theobservedselection signals, nextwe testwhether the35out

of 42 selected CoV-VIPs that interact with SARS-CoV-2 (as

opposed to other coronaviruses in our dataset) are indeed CoV-

VIPs and directly interact with SARS CoV-2 viral proteins. While

these interactions were originally identified by high-throughput

mass spectrometry,19 high-throughput mass spectrometry can

sometimes identify indirect interactions in a larger protein com-

plex or false positives altogether.41We co-express the candidate

CoV-VIPs:SARSCoV-2 protein pairs in a cell-free protein expres-

sion system and test their interactions using an AlphaLISA pro-

tein:protein interaction assay (STAR Methods). This approach

(Figure S6A) was previously used for rapid analysis of intra-viral

PPI network of Zika virus.42 The assay is expected to detect

�70% of protein interactions with human proteins (30% false

negative rate; STAR Methods). Out of 35 selected SARS-CoV-2

CoV-VIPs, 33 interacting protein pairs can be tested with the

assay (STAR Methods). Figure 6 highlights the results for six of

the 33 CoV-VIPs, while Figure S6 presents the results for the re-

maining CoV-VIPs. Among the 33 interactions tested, we confirm

24 or 73%, the expected confirmation rate (taking the false nega-

tive rate into account) if 100% or close to 100% of the selected

CoV-VIPs are indeed CoV-VIPs (Figures 6A–6C and S6B; Data

S1J). This very high validation rate further strengthens the evi-

dence for an ancient viral epidemic in East Asia.

SelectedCoV-VIPs are enriched for antiviral and proviral
factors
To further clarify that a viral epidemic caused the strong burst of

selection, and not another ecological pressure acting on the



Figure 5. Coronavirus selected VIPs selection coefficients esti-

mated by CLUES

This figure shows classic R boxplots of selected coefficients at the 42 Relate

selected mutations within the peak around 900 generations ago (STAR

Methods).

(A) Selection coefficients in the Chinese Dai CDX 1000 Genomes population.

(B) Selection coefficients in the Han Chinese from Beijing CHB 1000 Genomes

population. Left: average selection coefficients between 0 and 500 genera-

tions ago are shown. Right: average selection coefficients between 500 and

1,000 generations ago are shown.

Related to STAR Methods.
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same set of genes, we test whether the 42 selectedCoV-VIPs are

enriched for genes with antiviral or proviral effects relative to

other CoV-VIPs (i.e., loci that are known to have a detrimental

or beneficial effect on the virus, respectively). Because the rele-

vant literature for coronaviruses is currently limited, we extend

our set of anti- and proviral loci to include loci reported for

diverse viruses with high confidence from the general virology

literature (STAR Methods; Data S1K and S1L). We find that 21

(50%) of the 42 CoV-VIPs that came under selection �900 gen-

erations ago have high-confidence anti- or proviral effects

(versus 29% for all 420 CoV-VIPs), a significant inflation in

such effects (hypergeometric test p = 6.10�4) that further sup-

ports our claim that the underlying selective pressure was

most likely a viral epidemic.

Selected mutations lie near regulatory variants active in
SARS-CoV-2-affected tissues
Coronavirus infections in humans are known to have patho-

logical consequences for specific tissues; therefore, we inves-

tigate whether the genes selected in East Asia are also en-

riched for regulatory functions in similar tissues. In light of

our finding that many putative causal mutations in CoV-VIPs

are proximal to eQTLs, we investigate whether selected muta-

tions are situated closer to eQTLs for a given tissue than ex-

pected by chance, as this would indicate that the tissue was

negatively impacted by the virus (prompting the adaptive

response). Note that the GTEx eQTLs we use are not specific

to a single tissue and are often shared between tissues. How-

ever, each tissue still has its own specific combination of
eQTLs. Briefly, we estimate a proximity-based metric that

quantifies the distance between the location of the causal mu-

tation estimated by iSAFE and the tissue-specific eQTLs

for the 42 loci with selection starting �900 generations ago

and compare this to the same distances observed among

randomly sampled sets of CoV-VIPs (Figure 7; STAR

Methods).

We find that GTEx lung eQTLs lie closer to predicted causal

mutations among the 42 putative selected loci than for any other

tissue (p = 3.10�5; Figure 7). Several additional tissues known to

be negatively affected by coronavirus—blood and arteries,43,44

adipose tissue,45 and the digestive tract46—also exhibit closer

proximities between putative causal loci and eQTLs than ex-

pected by chance (Figure 7). Interestingly, the spleen shows no

tendency for eQTLs to lie closer to selected loci than expected

around 900 generations ago compared to other evolutionary

times, perhaps because the spleen is replete with multiple im-

mune cell types that might be more prone to regular adaptation

to diverse pathogens over time.47 Note that tissues with more

eQTLs tend to havemore significant p values. For example, skel-

etal muscle has a lower proximity ratio than stomach but also a

lower p value due to higher statistical power (more eQTLs). How-

ever, we find no correlation (Pearson’s correlation test p = 0.6)

between the total number of GTEx v8 eQTLs32 for a given tissue

and the proximity ratio for each tissue. Thus, different proximity

ratios between tissues do not just reflect a statistical power bias.

We further show that iSAFE locates adaptation particularly

closer to more lung-specific eQTLs compared to other tissues

(Figure S7; STAR Methods). Our results indicate that the tissues

impacted in the inferred viral epidemic in East Asia match those

affected by SARS-CoV-2.

Coronavirus VIPs are enriched for SARS-CoV-2
susceptibility and COVID-19 severity loci
Our results indicate that many of the selected CoV-VIPs

now sit at intermediate frequencies in modern East Asian pop-

ulations. We anticipate that these segregating loci should

make a measurable contribution to the inter-individual varia-

tion in SARS-CoV-2 susceptibility and COVID-19 severity

among contemporary populations in East Asia. While a

genome-wide association study (GWAS) scan has yet to be

reported for a large East Asian cohort, two GWASs were

recently released that used sizable British cohorts to

investigate SARS-CoV-2 susceptibility (1,454 cases and

7,032 controls; henceforth called the susceptibility GWAS)

and severity (325 cases [deaths] versus 1,129 positive con-

trols; henceforth called the severity GWAS; data from the

UK Biobank;22,23 https://grasp.nhlbi.nih.gov/Covid19GWAS

Results.aspx). Because we use a non-East Asian population,

we only ask, as a functional validation of a viral pressure,

whether there is an overlap between the selected loci in

East Asia and stronger COVID-19 GWAS hits in the UK Bio-

bank. We do not look at all at the directionality or the size of

effects. It is indeed unclear that those would be transposable

between populations, given that here we provide evidence

that different pathogens may have influenced evolution in

different human populations. This also means that we make

no claim at all here about any decrease or increase of virus

susceptibility in any given human population compared to
Current Biology 31, 3504–3514, August 23, 2021 3509
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Figure 6. Validation of selected CoV-VIPs/

SARS-CoV-2 protein interactions using

cell-free expressed proteins

(A) A representative image of SDS-PAGE gel

loaded with in vitro translation reactions co-ex-

pressing human VIPs/SARS-CoV-2 proteins in

Leishmania tarentolae (LTE) system. Human pro-

teins were tagged with EGFP at N terminus, and

the viral proteins were tagged with mCherry at C

terminus. The protein bands were visualized by

fluorescence scanning; viral proteins: M,ORF9c,

ORF10, and NSP5; human proteins: ACADM,

C20orf4, PMPCA, NDFIP2, PPT1, and ARF6.

(B) A plot of representative signals of AlphaLISA

interaction assay for VIP/viral protein pairs shown

in (A). Zika virus self-dimerizing C-protein tagged

with Cherry and EGFP was used as positive

interaction control. As the negative control, we

used FKBP-rapamycin-binding (FRB) domain.

(C) Graphic summary of the VIPs/SARS-CoV-2

interaction analysis: the confirmed interactions are

shown with green circle, whereas interactions that

could not be conformed using this assay are de-

picted as red diamond.

Related to STAR Methods and Figure S6.
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others. Furthermore, we use the UK-Biobank cohort instead

of the complete COVID-19 Host Genetics Initiative meta-

GWAS data (https://www.covid19hg.org/),7,8 to avoid popula-

tion stratification to the best extent possible (a legitimate

concern with a trait clearly affected by socioeconomic

factors).

While we are unable to precisely identify the causal variants

for the selected CoV-VIP genes observed in the ancestors of

East Asians—nor would these variants necessarily occur as

outliers in a GWAS conducted on the British population—we

note that it is possible that other variants in the same CoV-

VIP genes may also produce variation in SARS-CoV-2 sus-

ceptibility and COVID-19 severity among modern British

individuals.

By contrasting variants in CoV-VIPs against those in random

sets of genes, we find that variants in CoV-VIPs have significantly

lower p values for both the susceptibility GWAS and severity

GWAS than expected (simple permutation test p < 10�9 for

both GWAS tests; STAR Methods). More importantly, the 42

CoV-VIPs with selection starting �900 generations ago have
3510 Current Biology 31, 3504–3514, August 23, 2021
even lower GWAS p values compared to

other CoV-VIPs (p = 0.0015 for suscepti-

bility GWAS and p = 0.023 for severity;

STAR Methods). This result indicates

that the selected genes inferred in our

study might contribute to individual varia-

tion in COVID-19 etiology in modern hu-

man populations in the UK, providing

further evidence that a coronavirus or

another virus with similar host interac-

tions may have been the selection pres-

sure behind the adaptive response we

observe in East Asia. Notably, the stron-

gest GWAS hits identified by the
COVID-19 Host Genetics Initiative (listed at https://www.

covid19hg.org/publications/) do not overlap with the 42 CoV-

VIPs selected in East Asia. The lack of overlap is however not

surprising and a result of the design of our analysis (STAR

Methods).

Selected CoV-VIP genes include multiple known drug
targets
Our analyses suggest that the 42 CoV-VIPs identified as putative

targets of an ancient coronavirus (or another virus using similar

host interactions) epidemic might play a functional role in

SARS-CoV-2 etiology in modern human populations. We find

that four of these genes (SMAD3, IMPDH2, PPIB, and GPX1)

are targets of eleven drugs currently used or investigated in clin-

ical trials to mitigate COVID-19 symptoms (STAR Methods).

While this number is not higher than expected when compared

to other CoV-VIPs (hypergeometric test p > 0.05), we note that

most of the 42 genes identified here have yet to be the focus

of trials. In addition to the four selected CoV-VIP genes targeted

by coronavirus-specific drugs, five additional selected CoV-VIPs

https://www.covid19hg.org/
https://www.covid19hg.org/publications/
https://www.covid19hg.org/publications/


Figure 7. Proximity of selection signals to GTEx eQTLs at the 42

selected CoV-VIPs compared to random CoV-VIPs

The histogram shows how close selection signals localized by iSAFE peaks are

to the GTEx eQTLs from 25 different tissues, at peak-VIPs compared to

randomly chosen CoV-VIPs (STAR Methods). How close iSAFE peaks are to

GTEx eQTLs compared to random CoV-VIPs is estimated through a proximity

ratio. The proximity ratio is described in the STAR Methods. It quantifies how

much closer iSAFE peaks are to eQTLs of a specific GTEx tissue, compared to

random expectations that take the number and structure of iSAFE peaks as

well as the number and structure of GTEx eQTLs into account (STAR

Methods). ****Proximity ratio test p < 0.0001. ***Proximity ratio test p < 0.001.

**p < 0.01. *p < 0.05. Note that lower proximity ratios can be associated with

smaller p values for tissues with more eQTLs (due to decreased null variance;

for example, skeletal muscle versus pancreas). Related to STAR Methods and

Figure S5.
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are targeted by multiple drugs to treat a variety of non-coronavi-

rus pathologies (Data S1). An additional six of the 42 selected

CoV-VIPs have been identified by Finan et al.48 as part of the

‘‘druggable genome’’ (Data S1M).

DISCUSSION

We identified a set of 42 CoV-VIPs exhibiting a coordinated

adaptive response that likely emerged more than 20,000 years

ago (Figure 2). This pattern was unique to East Asian populations

(as classified by the 1000 Genomes Project). We show that this

selection pressure produced a strong response across the 42

CoV-VIP genes that gradually waned and resulted in the selected

loci plateauing at intermediate frequencies. Further, we demon-

strate that this adaptive response is likely the outcome of a viral

epidemic, as attested by the clustering of putatively selected loci

around variants that regulate tissues known to exhibit COVID-

19-related pathologies, and the enrichment of variants associ-

ated with SARS-CoV-2 susceptibility and severity, as well as

anti- and proviral functions, among the 42 CoV-VIP genes

selected starting around 900 generations ago.

An important limitation is that some of our analyses rely upon

comparative datasets that were generated in contemporary hu-

manpopulations that havedifferent ancestries than theEastAsian
populations where the selected CoV-VIP geneswere detected. In

particular, both of the eQTL andGWAS datasets come from large

studies that are focused on contemporary populations from Eu-

rope and none of the five European populations in our study

exhibit the selection signals observed in East Asia. More direct

confirmation of the causal role of 42 CoV-VIP genes in COVID-

19 etiology will require the appropriate GWAS to be conducted

in East Asian populations. The detection of genetic associations

among the 42CoV-VIPs in a GWAS on contemporary East Asians

wouldprovide further evidence that oneormorecoronaviruses, or

another virus using similar interactions, comprised the selection

pressure that drove the observed adaptive response. Moreover,

a high-powered GWAS in East Asian populations would be

required to identify the loci that currently impact individual varia-

tion in COVID-19 etiology in East Asian individuals. Because of

these limitations, and because it would be extremely difficult to

control for all the other factors that differ across the world

(including socioeconomic factors), our results do not represent

evidence for any difference in either increased or decreased ge-

netic susceptibility in any human population.

Insights into ancient viral epidemics from modern
human genomes
A particularly salient feature of the adaptive response observed

for the 42 CoV-VIPs is that selection appears to be acting contin-

uously over an �20,000 years period. The profile of selection in

the host East Asian populations is consistent with a new viral

pressure that ancestral populations had never experienced pre-

viously but that subsequently remained present for a very long

period of time. As this manuscript was in the final stages of prep-

aration, the first host-virus interactomes were published for

SARS-CoV-1 and MERS-CoV,49 which exhibit an extensive

overlap with the SARS-CoV-2 interactome used in the present

study.19 This suggests that coronaviruses share a broad set of

host proteins that they interact with, which should apply to

ancient coronaviruses. These patterns are consistent with one

or more coronaviruses driving selection that produced the sig-

nals reported here. Still, we cannot exclude that another

currently unknown type of viruses might have been responsible,

which used the same interactions as coronaviruses with human

proteins.

Further validation of the historical trajectories of the causal

mutations at selected genes is still needed, including more

finely resolved temporal and geographic patterns that could

be derived from ancient DNA sampled from across East Asia;

however, the requisite ancient samples are currently lacking.

Nonetheless, we note the geographic origin of several modern

outbreaks of coronaviruses in East Asia point to East Asia being

a likely location where these ancient populations came into

contact with the virus. Our results suggest that East Asia might

have also been a natural range for coronavirus reservoir spe-

cies during the last 25,000 years.50

Applied evolutionary medicine: Using evolutionary
information to combat COVID-19
The net result of the ancient selection patterns on the CoV-VIPs

in ancient human populations is the creation of genetic differ-

ences among individuals now living in East Asia and between

East Asians and populations distributed across the rest of the
Current Biology 31, 3504–3514, August 23, 2021 3511
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world. As we demonstrate in this study, this evolutionary genetic

information can be exploited by statistical analyses to identify

loci potentially involved in the epidemiology of modern dis-

eases—COVID-19 in the present case. Such evolutionary infor-

mation may ultimately assist in the development of future drugs

and therapies by complementing information obtained from

more traditional epidemiological and biomedical research. While

such studies provide information on a specific gene, the evolu-

tionary approach adopted here leverages evolutionary informa-

tion in modern genomes to identify candidate genomic regions

of interest. This is similar to the information provided by

GWAS—i.e., lists of variants or genes that are potentially associ-

ated with a particular trait or disease—though we note that the

information provided by evolutionary analyses comes with an

added understanding about the historical processes that

created the underlying population genetic patterns.

The current limitation shared by population genomic ap-

proaches, such as GWAS and the evolutionary analyses pre-

sented here, is that they identify statistical associations rather

than causal links. Further evidence of causal relationships be-

tween the CoV-VIPs and COVID-19 etiology could be obtained

by examining which viral proteins the selected CoV-VIPs interact

with, thus establishing the specific viral functions that are

affected.

The ultimate confirmation of causality requires functional vali-

dation. It remains to be established whether the genes we have

identified in this study might help drug-repurposing efforts and

provide a basis for future drug and therapeutic development.

By leveraging the evolutionary information contained in pub-

licly available human genomic datasets, we were able to infer

ancient viral epidemics impacting the ancestors of contempo-

rary East Asian populations. Importantly, our evolutionary geno-

mics analyses have identified several new candidate genes that

might provide novel drug targets (Data S1). More broadly, our

findings highlight the utility of thinking about the possible contri-

bution of evolutionary genomic approaches into standard medi-

cal research protocols. Indeed, by revealing the identity of our

ancient pathogenic foes, evolutionary genomic methods may ul-

timately improve our ability to predict—and thus prevent—the

epidemics of the future.
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Troul�e, K., Rodrı́guez, J.M., Tejero, H., Shimamura, T., López-Casas, P.P.,

Carretero, J., et al. (2018). PanDrugs: a novel method to prioritize anti-

cancer drug treatments according to individual genomic data. Genome

Med. 10, 41.

http://refhub.elsevier.com/S0960-9822(21)00794-6/sref42
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref42
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref43
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref43
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref43
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref43
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref43
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref44
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref44
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref44
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref44
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref45
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref45
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref45
https://doi.org/10.1016/j.cgh.2020.09.041
http://refhub.elsevier.com/S0960-9822(21)00794-6/optjIdqsYR9mq
http://refhub.elsevier.com/S0960-9822(21)00794-6/optjIdqsYR9mq
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref47
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref47
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref47
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref47
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref48
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref48
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref48
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref48
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref48
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref49
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref49
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref50
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref50
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref50
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref50
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref51
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref51
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref51
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref51
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref52
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref52
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref52
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref52
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref53
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref53
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref53
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref54
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref54
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref54
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref55
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref55
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref55
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref55
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref56
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref56
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref56
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref57
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref57
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref57
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref58
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref58
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref59
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref59
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref59
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref60
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref60
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref60
http://refhub.elsevier.com/S0960-9822(21)00794-6/optXQuRFEjOTD
http://refhub.elsevier.com/S0960-9822(21)00794-6/optXQuRFEjOTD
http://refhub.elsevier.com/S0960-9822(21)00794-6/optXQuRFEjOTD
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref61
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref61
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref61
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref61
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref62
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref62
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref62
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref62
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref62
http://refhub.elsevier.com/S0960-9822(21)00794-6/sref62


ll
OPEN ACCESSArticle
STAR+METHODS
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REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

1000 Genomes Project – Phase 3 Auton et al.18 ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/

release/20130502/

VIPs this manuscript Data S1

Relate-estimated coalescence rates, allele

ages and selection P values for the 1000GP

Speidel et al.20 https://zenodo.org/record/3234689

GTEx expression GTEx Consortium32 https://gtexportal.org/home/datasets

Protein-protein interactions (IntAct) Luisi et al.51 https://www.ebi.ac.uk/intact

The density of conserved segments

(PhastCons)

Siepel et al.52 http://hgdownload.cse.ucsc.edu/

goldenPath/hg19/phastCons46way/

The density of regulatory elements N/A http://hgdownload.soe.ucsc.edu/

goldenPath/hg19/encodeDCC/

wgEncodeRegDnaseClustered

The recombination rate Hinch et al.53 https://www.well.ox.ac.uk/�anjali/AAmap/

Software and algorithms

selscan (compute nSL). Szpiech and Hernandez54 https://github.com/szpiech/selscan

hapbin (compute his) Maclean et al.55 https://github.com/evotools/hapbin

Gene Set Enrichment Pipeline Enard and Petrov17 https://github.com/DavidPierreEnard/

Gene_Set_Enrichment_Pipeline

Relate Speidel et al.20 https://myersgroup.github.io/relate/

CLUES Stern et al.21 https://github.com/35ajstern/clues

iSAFE Akbari et al.31 https://github.com/alek0991/iSAFE

Reagents

NucleoBond Xtra Midi kit for transfection-

grade plasmid DNA

Machery-Nagel SCIENTIFIX PTY LTD, AUS catalog #740410.5

Anti-GFP AlphaLISA Acceptor bead Perkin Elmer catalog #AL133M

Streptavidin Alphascreen Donor bead Perkin Elmer catalog #6760002

OptiPlate-384, White Opaque 384-well

Microplate

Perkin Elmer catalog #6007290

Proxy-Plate-384, White shallow 384-well

Microplate

Perkin Elmer catalog #6008280

Bolt 4 to 12%, Bis-Tris, 1.0 mmMini Protein

Gel, 12-well

Thermofisher scientific catalog #NW04122BOX

NuPAGE sample buffer (4x) Life Technologies catalog #NP0007

Prestained Protein Ladder, All blue

standard

Biorad catalog #1610373

NuPAGE MOPS SDS Running Buffer (20X) Thermofisher scientific catalog #NP0001
RESOURCE AVAILABILITY

Lead contact
Further information and requests for resources and reagents should be directed to and will be fulfilled by the Lead Contact, David

Enard denard@email.arizona.edu.

Materials availability
This study did not generate new unique reagents. The list of reagents used is provided in the Key resources table.

Data and code availability
The pipeline required to reproduce the analysis, as well as a complete list of VIPs for diverse viruses, are available at https://github.

com/DavidPierreEnard/Gene_Set_Enrichment_Pipeline
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EXPERIMENTAL MODEL AND SUBJECT DETAILS

All the sources of bioinformatic data used in the analysis are provided in the Key resources table.

METHOD DETAILS

Terminology
For convenience, the 42 CoV-VIPs that we infer to have started coming under selection around 900 generations ago are called peak-

VIPs in the STAR Methods.

Coronavirus VIPs
We used a dataset of 5,291 VIPs (Data S1A). Of these, 1,920 of these VIPs are high confidence VIPs identified by low-throughput

molecular methods, while the remaining VIPs were identified by diverse high-throughput mass-spectrometry studies. Using VIPs

to find the genomic footprints of an ancient epidemic is justified by the fact that VIPs do not just interact with viruses. These inter-

actions are in fact functionally consequential for viruses. The 420 CoV-VIPs are part of a much larger set of VIPs found to interact

to date with more than 20 different viruses that infect humans16 (Data S1A). In total, there are currently 5,291 VIPs (Data S1A). Of

these, 1,920 high confidence VIPs were annotatedmanually by curating the virology literature and correspond to VIPs that were iden-

tified by low-throughput molecular methods.16 These VIPs were often identified by virologists who hypothesized that the interaction

existed in the first place based on previous virology knowledge. The other 3,371 VIPs identified by multiple high-throughput mass

spectrometry experiments, such as the one conducted to identify the 332 SARS-CoV-2 VIPs.19

To confirm that VIPs are indeed functionally important for viruses beyond just interacting physically, and represent a viable way of

detecting specific viral selective pressures that trigger host adaptation, we verify that VIPs have antiviral or proviral effects on the viral

replication cycle on which positive selection can act. More specifically, we need to confirm that VIPs have much more frequent pro-

viral or antiviral effects compared to non-VIPs. To test this, we are currently manually annotating all protein-coding genes in the hu-

man genome that were involved in published low-throughput expression perturbation experiments to assess their effects on viruses,

and manually curable in PubMed. Such expression perturbation experiments typically include RNAi knock-down experiments or

overexpression experiments. These experiments are useful to annotate proviral or antiviral effects. Indeed, decreasing the expres-

sion of an antiviral VIP should be beneficial to viral replication, while increasing the expression of an antiviral VIP should be detrimental

to the virus. Conversely, decreasing the expression of a proviral VIP should be detrimental to viral replication, while increasing the

expression of a proviral VIP should be beneficial. We consider only low-throughput expression perturbation experiments, where

the expression of only one candidate gene is perturbed. This excludes high throughput genome-wide RNAi screens known for their

high false positive and high false negative rates. Using these criteria, we have so far found that 855, or 66% of 1,300 already anno-

tated low-throughput VIPs have a known antiviral or proviral effect. Of the 2,627 high-throughput VIPs that we already annotated, 426

or 16%have a known antiviral or proviral effect. Of the 3,913 non-VIPs that we already annotated, 171 or 4%have a known antiviral of

proviral effect. Although we have not annotated all human protein-coding genes yet, the large numbers already annotated imply that

these proportions are very likely to be close to the final proportions when all genes are annotated.

Thus, approximately two-thirds of low-throughput VIPs have known antiviral or proviral effects that were revealed by expression

perturbation experiments such as gene knock-down or overexpression. The 16%proportion of high throughput VIPs known to have a

clear antiviral or proviral effect is much lower than the two-thirds of low-throughput VIPs with antiviral or proviral effects, but it is

important to consider that high-throughput VIPs have not been investigated anywhere near as much as the low-throughput ones.

In contrast, only 4% of non-VIPs with no known viral interaction have published antiviral or proviral effects. Both low-throughput

and high-throughput VIPs are thus far more often functionally consequential for viruses compared to non-VIPs (simple permutation

test p < 10�16 in both cases). Note that because they will dilute the signal rather than create it, a certain amount of random, false-

positive high-throughput interactions are expected to be conservative when trying to detect ancient epidemics.

Focusing specifically on the 420 CoV-VIPs, we find that 121 or 28.9% of them already have published antiviral or proviral effects

(Data S1K). Of the 332 SARS-CoV-2 VIPs, 83 or 25% of them have antiviral or proviral effects (Data S1K), often independently

confirmed in multiple viruses. The SARS-CoV-2 VIPs are thus more than six times more likely to have antiviral or proviral effects

than non-VIPs, which supports the high quality of the mass spectrometry screen conducted by Gordon et al.,19 as confirmed by

our own validations of interactions (Figure 6). Note that it is unrealistic to expectmuch higher percentages at SARS-CoV-2 VIPs, given

that coronaviruses are only starting to be more thoroughly investigated, and have been much less investigated than other viruses

such as HIV or IAV (Influenza Virus).

Validation of selected SARS-CoV-2 CoV-VIPs
We co-express the selected SARS-CoV-2 CoV-VIPs:SARS-CoV-2 protein pairs in Leishmania tarentolae (LTE) cell-free protein

expression system and test their interactions using AlphaLISA protein: protein interaction assay. This approach (Figure S6A) was pre-

viously used for rapid analysis of intra-viral PPI network of ZIKA virus.42 Two of the 35 selected SARS-CoV-2 CoV-VIPs, UBAP2 and

FBN2, are missing from the analysis because they are not available in the DNASU plasmid repository (see below). All proteins were

tagged with either EGFP or Cherry fluorescent proteins and with the exception of GCC2 and RTN4 could be detected on SDS-PAGE

upon cell-free co-expression (Figures 6A and S6B). These two host proteins have largemolecular weights (Data S1) that make proper
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protein folding challenging, which likely explain detection failure. When the in vitro translation reactions were subjected to AlphaLISA

interaction analysis, out of 33 interacting protein pairs 24 were positively confirmed by our assay (Figures 6A–6C and S6B). Of the two

negative results for GCC2 and RTN4, only GCC2 is represented in lane 23 of Figure S6B for comparison with the positive results. The

73% (24/33) validation rate is likely to be an underestimation of the actual true interactions in this experimental set due to the limi-

tations of the expression system and also the details of biochemistry of the individual proteins. The obtained results probably contain

a significant number of false negatives due to two factors. First, we have demonstrated that LTE cell-free system can produce

approximately 70% of human proteins in full length, folded and monodispersed form.56 Therefore, it is likely that at least some of

the human proteins have not been expressed in functional form. Furthermore, post-translational modifications and functional states

of proteins maymodulate their interactions with viral ORFs. For example one of these proteins in this set, RhoA, is post translationally

prenylated and is carboxyl methylated in vivo.57,58 Due to the lack of isoprenoid pyrophosphate precursors this modification is likely

to be absent in its LTE produced version. Furthermore, its nucleotide bound form (GDP versus GTP) modulates its interaction with

many RhoA binding proteins59 and may not be optimal in the current experimental set up. Moreover, protein-focused assay optimi-

zation is likely to reveal additional positive interactions in this set.

For gene sequences and generation of Cell-free expression vectors, the DNA sequences of SARS-CoV-2 were sourced from the

isolate of 2019-nCoV/USA-WA1/2020, (accession number MN985325) and based on the published annotation of the genome

sequence of SARS-CoV-2.19 The viral geneswere synthesized and inserted into pCellFree_G06 gateway destination vector (available

in Addgene, Plasmid # 67140; https://www.addgene.org/67140/ by Gene Universal. The human gene plasmids were generated by

DNASU plasmid repository (Arizona State University, US). The genes were cloned into pmCell-free_KA1 gateway destination vector

(available in Addgene, Plasmid #145369; https://www.addgene.org/145369/). The synthesized plasmids DNA were amplified and

isolated by NucleoBond Xtra Midi kit.

For the Cell-free co-expression of CoV-VIPs and SARS-CoV-2 protein pairs, the protein pairs were co-expressed in the LTE cell-

free expression system. The Leishmania tarentolae translation competent extract and the feeding solution for protein expression

were prepared as previously described.60 The DNA templates for N-terminal-GFP (8-12 nM) and C-terminal-Cherry (10-15 nM)

tagged proteins were added concomitantly to the LTE reaction mixture and the samples were incubated for 5h at 25�C for expres-

sion. The expression of proteins was performed using 384-well Proxiplate in 10 mL volume. The Protein expression was detected by

measuring GFP and Cherry fluorescence using Tecan Spark multimode microplate reader (Tecan Australia Pty). In addition, for anal-

ysis of co-translated eGFP and mCherry fused proteins, the LTE reactions were mixed with 1:1 v/v of 2x NuPAGE sample buffer and

loaded on a Bolt 4%–12% Bis-Tris protein gel. The proteins were detected by scanning the gel using ChemiDoc MP System (Bio-

Rad, Australia).

AlphaLISA assayswere performed inOptiplate-384 plus plates using Anti-GFP AlphaLISA Acceptor and Streptavidin Donor beads.

Alpha beads were prepared according to the protocol provided by the manufacturer (https://www.perkinelmer.com/Content/

TDLotSheet/AS112D_AS112_2587358.pdf). Briefly, the acceptor and donor beads stocks (5 mg/mL) were diluted to 100 mg/mL

(5x) in AlphaLISA assay buffer (Buffer A: 25 mM HEPES, 50 mM NaCl, 0.1% BSA and 0.01% Nonidet P-40; pH:7.5). The biotinylated

mCherry nanobody diluted in buffer A (final concentration of 4 nM) was added into microplate wells followed by the addition of lysate

containing putative interacting proteins and 5 mL of the acceptor beads (5x). The samples were incubated for 30 min at room tem-

perature. Subsequently, 5 mL of donor beads (5x) were added to samples under low light conditions and incubated for 30 minutes at

room temperature. For all experiments, samples were prepared in triplicate and the assay was repeated two times. The AlphaLISA

signal was detected with Tecan Spark multimode microplate reader using the following settings: Mode: AlphaLISA, Excitation time:

130 ms, Integration time: 300 ms.

Genomes and sweeps summary statistics
To detect signatures of adaptation in various human populations, we used the 1000 Genomes Project phase 3 dataset18 which pro-

vides chromosome level phased data for 26 distinct human populations representing all major continental groups. To measure nSL

separately in each of the 26 populations, we use the selscan software available at https://github.com/szpiech/selscan.54 Tomeasure

iHS, we use the hapbin software available at https://github.com/evotools/hapbin.55

Ranking of sweep signals at protein-coding genes and varying window sizes
To detect sweep enrichments at CoV-VIPs, we first order, separately in each of the 26 1000Genomes populations, human Ensembl61

(version 83) protein-coding genes according to the intensity of the sweep signals at each gene. As a proxy for the intensity of these

signals, we use the average of either iHS or nSL across all the SNPs with iHS or nSL values within a window of fixed size, centered at

the genomic center of genes, halfway between themost upstream transcription start site and themost downstream transcription end

site. We then rank the genes according to the average iHS or nSL (more precisely their absolute values) in these windows. We get six

rankings for six different fixed window sizes: 50kb, 100kb, 200kb, 500kb, 1,000kb and 2,000kb.We do this to account for the variable

size of sweeps of different strengths. We then estimate the sweep enrichment at CoV-VIPs compared to controls over all these

different window sizes considered together, or at specific sizes, as described below and in Enard & Petrov.17 Note that we use up

to 2,000kb windows to measure the average nSL or iHS, while we use control genes that are at least 500kb away from CoV-VIPs.

This means that a fraction of control windows can overlap CoV-VIP windows. This makes our comparison conservative by reducing

the visible excess of sweep signals at CoV-VIPs compared to control genes, since a proportion of the controls now also reflect the

enrichment at CoV-VIPs, albeit not to the same extent as windows actually centered on CoV-VIPs.
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Estimating the whole ranking curve enrichment at CoV-VIPs and its statistical significance
To estimate a sweep enrichment in a set of genes, a typical approach is to use the outlier approach to select, for example, the top 1%

of genes with themost extreme signals. Here we use a previously described approach to estimate a sweep enrichment while relaxing

the requirement to identify a single top set of genes. Instead of, for example, only estimating an enrichment in the top 100 genes with

the strongest sweep signals, we estimate the enrichment over a wide range of top X genes, where X is allowed to vary from the top

10,000 to the top 10 with many intermediate values (10000, 9000, 8000, 7000, 6000, 5000, 4000, 3000, 2500, 2000,1500, 1000, 900,

800, 700, 600, 500, 450, 400, 350, 300, 250, 200, 150, 100, 90, 80, 70, 60, 50, 40, 30, 25, 20, 15, 10). This creates an enrichment curve

as in Figure 1. Figure 1 shows the estimated relative fold enrichments at CoV-VIPs compared to controls, from the top 1,000 to the top

10 nSL. The statistical significance of the whole enrichment curve can then be estimated by using block-randomized genomes, as

described in Enard & Petrov.17 All the methodological details on how we use block-randomized genomes to estimate the sensitivity

and False Positive Risk of the pipeline are described in reference,17 and the readers can refer to that reference for further details. In

brief, block-randomized genomesmake it possible to generate a large number of randomwhole enrichment curves while maintaining

the same level of clustering of genes in the same candidate sweeps as in the real genome, which effectively controls for gene clus-

tering. Comparing the real whole enrichment curve to the random ones then makes it possible to estimate an unbiased false-positive

risk28 (also known as False Discovery Rate in the context of multiple testing) for the observed whole enrichment curve at CoV-VIPs. A

single false positive risk can be estimated for not just one curve but by summing over multiple curves combined, thus making it

possible to estimate a single false positive risk over any arbitrary numbers of rank thresholds, window sizes, summary statistics,

and populations. For instance, we estimate the false-positive enrichment risk of p = 2.10�4 at CoV-VIPs for rank threshold from

the top 10,000 to top 10, over six window sizes, for the five East Asian populations in the 1000 Genomes data, and for both nSL

and iHS, all considered together at once. This makes our approach more versatile and sensitive to selection signals ranging from

a few very strong sweeps, tomany, moremoderately polygenic hitchhiking signals. The entire pipeline to estimate false-positive risks

with block-randomized genomes is available at https://github.com/DavidPierreEnard/Gene_Set_Enrichment_Pipeline. Note that the

false positive risk estimates fully take into account the extra variance expected from shrinking the pool of potential control genes by

requiring control genes that match CoV-ViPs for multiple confounding factors.17

Building sets of controls matching for confounding factors
To estimate a sweep enrichment at CoV-VIPs,we compareCoV-VIPswith randomcontrol sets of genes selected far enough (> 500kb)

fromCoV-VIPs that they are unlikely to overlap the same large sweeps.We do not compare CoV-VIPswith completely random sets of

control genes. Instead, we use a previously described bootstrap test to build random control sets of genes that match CoV-VIPs for a

number of potential confounding factors that might explain a sweep enrichment, rather than interactions with viruses. The bootstrap

test has been described in detail,17 and is available at https://github.com/DavidPierreEnard/Gene_Set_Enrichment_Pipeline.

We include 11 different potential confounding factors in the bootstrap test:

d average GTEx expression in 53 GTEx V8 tissues.

d GTEx expression in lymphocytes.

d GTEx expression in testis.

d the number of protein-protein interactions from the Intact database, curated by Luisi et al.51

d the Ensembl (v83) coding sequence density in a 50kb window centered on each gene.

d the density of conserved segments identified by PhastCons.52 (http://hgdownload.cse.ucsc.edu/goldenPath/hg19/

phastCons46way/).

d the density of regulatory elements, estimated by the density of Encode DNase I V3 Clusters (http://hgdownload.soe.ucsc.edu/

goldenPath/hg19/encodeDCC/wgEncodeRegDnaseClustered/) in a 50kb window centered on each gene.

d the recombination rate in a 200kb window centered on each gene.53

d the GC content in a 50kb window centered on each gene.

d the number of bacteria each gene interacts with, according to the Intact database (as of June 2019; https://www.ebi.ac.uk/

intact/).

d the proportion of genes that are immune genes according to Gene Ontology annotations GO:0006952 (defense response),

GO:0006955 (immune response), and GO:0002376 (immune system process) as of May 2020.

Two other factors commonly controlled for in selection analyses are gene length and SNP density. In our controls, gene length is

accounted for by the functional density controls such as the density of coding, conserved, and regulatory elements. Gene length

could be an issue if longer genes mean higher densities of functional elements more likely to adapt. But we match functional den-

sities, and thus gene length is not an issue. SNP density could be problematic, because the values of haplotype-based summary

statistics such as iHS or nSL can be sensitive to the local SNP density. To test the potential impact of SNP density, we add the number

of SNPs in East Asia in 50kb windows centered on genes, and the number of SNPs in larger, 500kb windows centered on genes, to

the 11 confounding factors already included in the matching process. We find that adding SNP density to the other confounding fac-

tors affects the observed sweep enrichment at CoV-VIPs in East Asia very weakly (top 1,000 rank thresholds, 1Mb and 2Mbwindows,

nSL+iHS: FPR = 6.10�5; compare Figures S2O–S2S to Figure 1).
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We further show that the strong sweep excess at CoV-VIPs is also visible when not controlling for confounding factors at all (Figures

S2J–S2N; iHS+nSL FPR < 10�5). This confirms that the control genes selected by the bootstrap test when matching confounding

factors are not unusual with respect to their sweep prevalence, as also shown by the FPR analysis.

Host intrinsic functions do not explain the pattern and timing of adaptation at CoV-VIPs
An important limitation to consider when inferring ancient epidemics is that VIPs do not just interact with viruses, but are also involved

inmultiple hosts intrinsic functions. These host functions could in theory explain the enrichment and timing of adaptation at CoV-VIPs,

rather than interactions with a coronavirus or related virus. This would happen as a result of specific host functions being enriched at

CoV-VIPs, and also intrinsically enriched in adaptive signals independently of any interaction with viruses. Host functions not en-

riched at CoV-VIPs are not expected to generate an enrichment in adaptation at CoV-VIPs, because the lack of enrichment means

that they are present in similar or smaller proportions in the rest of the genome.

Thus, if host functions enriched at CoV-VIPs, rather than viral interactions, explain adaptation at CoV-VIPs, we expect that i) genes

with these host functions should be enriched in sweep signals even when they don’t interact with coronaviruses and ii) genes with

these host functions should have started adapting around 900 generations ago, to also explain the timing of adaptation at CoV-VIPs,

even when they do not interact with coronaviruses.

To estimate the role of host intrinsic functions, we use the functional annotations from the Gene Ontology (GO) for GO biological

processes, GO molecular functions, and GO cellular localizations. In total, there are 106 GO annotations that are enriched at CoV-

VIPs compared to the matched controls already used to assess the sweep enrichment (p < 0.001 based on 10,000 matched control

sets). Of these 106 GO annotations, only 20 have a more than two-fold enrichment among CoV-VIPs (and 50 genes or more among

non-CoV-VIPs; Data S1E) and are thus more likely to contribute to the strong sweep enrichment at CoV-VIPs. We first test if these 20

GO annotations are enriched in sweeps independently of any interaction with coronaviruses. To do this, we use the same bootstrap

test used to compare CoV-VIPs with matched controls, but this time we compare genes with the GO annotations, with control genes

far enough (> 500kb) from any other gene with these annotations. To make sure that a significant enrichment would have nothing to

do with coronaviruses, we exclude from this comparison any gene closer than 500kb to any CoV-VIP. In total, there are 1723 genes

with at least one of the 20 highly enriched GO annotations, and 3701 far enough potential control genes. Using exactly the same iHS

and nSL enrichment curves used to detect a sweep enrichment at CoV-VIPs (STAR Methods), we do not find any significant enrich-

ment at the 1723 genes compared to matched controls (whole enrichment curves for nSL and iHS combined, p = 0.15). Furthermore,

we do not find any significant enrichment in strong sweeps signals within the nSL or iHS top 1000 (p = 0.77), as we do at CoV-VIPs

(Figure 1). When considered individually rather than all together, only four of the 20 functions have a significant sweep enrichment

(p < 0.05; Data S1E).

To test whether these four functions explain the sweep enrichment at CoV-VIPs, we test this sweep enrichment at CoV-VIPs again,

but this time excluding all genes included in the four previous GO annotations. The sweep enrichment at the remaining CoV-VIPs

(91% of them) is the same as when testing all CoV-VIPs (the sum of differences between observed and expected numbers over

all the nSL sweep rank thresholds, over all window sizes, and over all five East Asian populations is 14,620 for 352 CoV-VIPs included

in the test, versus 15,848 for 385CoV-VIPs includedwhen not excluding GO functions, in other words almost perfectly proportional to

the number of genes included in the test), thus showing that these four host functions do not explain the sweep enrichment at CoV-

VIPs.Moreover, further excluding all geneswith the 20GO annotations over-representedmore than twofold at CoV-VIPs, we find that

the remaining CoV-VIPs (58%of them) have a stronger sweep enrichment thanwhen considering all CoV-VIPs (the sumof differences

between observed and expected numbers is 10,843 for 222 genes included in this test, proportionally more than the 15,848 sum of

differences for 385 CoV-VIPs when not excluding GO functions). Excluding the genes with any of 106 over-represented GO annota-

tions at CoV-VIPs, we also find that the remaining CoV-VIPs (16% of them) have a stronger sweep enrichment than when considering

all CoV-VIPs (sum of differences 4,575 for 62 CoV-VIPs). Host intrinsic functions, as annotated by GO, thus cannot explain the sweep

enrichment at CoV-VIPs.

Nevertheless, we further test which GO annotations enriched at CoV-VIPs have a significant peak of Relate times around 900 gen-

erations ago, as we did before for CoV-VIPs. To do this, we consider all GO annotations enriched at COV-VIPs, but this time

compared to completely random controls, rather than compared to control sets matched for confounding factors as before. Indeed,

we previously tested the significance of the peak around 900 generations ago at CoV-VIPs compared to completely random controls

(STAR Methods), and here we do the same for a fair comparison. Compared to fully random controls, CoV-VIPs are significantly en-

riched in 316 GO annotations (p < 0.001). Of these 316 GO annotations, 238 are enriched more than two-fold, many more than the 20

GO annotations enriched more than two-fold when using controls matched for confounding factors. This shows that controlling for

the confounding factors that we take into account (STAR Methods) effectively controls for many other correlated host intrinsic func-

tions. A total of 39 GO annotations are enriched more than four fold at CoV-VIPs when compared to fully random controls. When

considered all together, all the 1,134 genes in the genome other than CoV-VIPs, but with at least one of these 39 highly enriched

GO annotations, do not have a significant peak of Relate times (peak significance test p = 0.18). When considered individually,

only 16 of all the initial 316 over-represented GO annotations have a significant peak between 770 and 970 generations ago (Data

S1F; peak significance test p < 0.05). When removing all CoV-VIPs with at least one of these 16 GO annotations (31% of them),

the magnitude of the peak around 900 generations ago at the remaining CoV-VIPs compared to all CoV-VIPs is not affected (Figures

S1A and S1B).
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Taken together, these results make it very unlikely that host intrinsic functions explain the patterns and timing of adaptation

observed at CoV-VIPs, and make a causal role of coronavirus-like viruses more plausible. Below, we provide further, virus-focused

functional evidence, further supporting this.

Estimating adaptation start times at specific genes with Relate
As times of emergence of adaptive mutations, we use the publicly available estimates from Relate (https://myersgroup.github.io/

relate/). Relate estimates mutation emergence times while controlling for fluctuations of population size over time, based on the coa-

lescence rates it reconstructs after inferring ancestral recombination graphs at the scale of the whole genome.20 Relate provides two

times of emergence of mutations, one low estimate (less generations ago), and one high estimate (more generations ago). The low

time estimate corresponds to the time when Relate estimates an elevated probability that the frequency of the mutation is different

from zero (95% confidence interval, most recent time estimate). The high time estimate corresponds to the time when Relate esti-

mates that the probability is not too small that the frequency of the mutation is different from zero. For our purpose of estimating

when selection started, the low time estimate is the best suited, because it provides an estimate of when the frequency of a selected

mutation was already high enough to distinguish from zero, for those mutations where selection started from a very low frequency.

For cases where selection started with standing genetic variants that were already distinguishable from zero, the Relate low time

estimates for the emergence of mutations do not provide a good proxy for when selection actually started. Thus, if we were able

to estimate when selection started for standing genetic variants, we might be able to observe an even stronger peak than the one

we see when just relying on those variants where selection started from low frequencies.

Using the low Relate time estimates is also justified due to the fact that the sweep establishment phase can take very variable

amounts of time before the start of the sweep exponential phase. During the establishment phase, selected alleles are still mostly

governed by drift which makes pinpointing the actual starting time of selection difficult. In this context, the low Relate time estimates

provide an estimate of the time when the selected alleles were no longer at very low frequencies not statistically different from zero,

and closer to entering the exponential phase, which provides a more certain time estimate for when selection started for certain.

An important step is then to choose at each CoV-VIP locus, and all the other control loci, which Relate mutation to use to get a

single time estimate for each locus. Note that here wemake an assumption that each locus has experienced only one single adaptive

event. Given our finding that iSAFE peaks at CoV-VIPs aremuch closer toGTEx V8 eQTLs than expected by chance, it is likely that the

selected adaptive mutations are regulatory mutations at, or close to annotated eQTLs for a specific gene. They are not necessarily

exactly located at eQTLs, because current eQTLs annotations may still be incomplete, and in our case we use eQTLs identified in

GTEx V8 using mostly European individuals, even though we analyze selection signals in East Asian populations. Because of these

limitations, we use the Relate estimated time at themutation where Relate estimates the lowest positive selection p value within 50kb

windows centered on eQTLs. We also only consider variants with a minor allele frequency greater than 20%, given the signals de-

tected by iHS and nSL that only have some power to detect incomplete sweeps above 20% frequencies.24,25 This also excludes a

potential risk of confounding by low frequency neutral or weakly deleterious variants, that can show selection-like patterns when their

only way to escape removal early on is through a chance, rapid frequency increase that can look like selection. The Relate selection

test is based on faster than expected coalescence rates given the population size at any given time, and its results are publicly avail-

able at https://myersgroup.github.io/relate/. Note that the mutation with the lowest Relate p value does not always overlap with an

iSAFE peak (Figure S5A), which is not entirely surprising if the haplotype signals exploited by both Relate and iSAFE partly deterio-

rated due to recombination since the time selection at CoV-VIPs was strong (Figures 3 and 5). Both of these methods are indeed

designed to locate the selected variant right after, or during, active selection.

Because wework with five different East Asian populations, wemore specifically select the variant with the lowest Relate selection

test p value on average across all the five East Asian populations. Then, we also use the corresponding average low Relate mutation

time estimate across the five East Asian populations. We do not attempt to estimate the selection time and p value by considering all

1000 Genomes East Asian individuals tested together by Relate, because then the Relate selection test is at a greater risk of being

confounded by population structure. Finally, we only consider CoV-VIPs and other control genes with an average Relate selection

test p value lower than 10�3, to make sure that we indeed use estimated times at selected variants.

The peak significance test
To test if the peak of Relate time estimates around 900 generations ago at CoV-VIPs (Figure 2) is expected simply by chance or not,

we designed a peak significance test. The test compares the peak at CoV-VIPs, with the top peaks obtained when repeatedly

randomly sampling sets of genes. We first identify the most prominent peak at CoV-VIPs by visual inspection of the pink distribution

of Relate times for CoV-VIPs compared to the blue distribution of Relate times for all protein-coding genes with an estimated Relate

time (Figure 2). To build these distributions, top Relate selected mutations shared between multiple neighboring genes (CoV-VIPs or

controls) are counted only once, to avoid a confounding effect of gene clustering (152 selected variants at CoV-VIPs, 1771 selected

variants for all protein coding genes). The peak around 900 generations ago (870 generations more exactly) spans approximately 200

generations, where the pink distribution is clearly above the blue one. We then use a 200 generations-wide window, sliding every

generation from 0 to 6,000 generations to verify the peak more rigorously. Sliding one generation after another, each time we count

the difference between the number of Relate selected variants at CoV-VIPs that fall in the sliding 200 generations window, and the

number of Relate selected variants at all other genes that are not CoV-VIPs, weighted by the percentage of variants found at CoV-

VIPs, to correct for the different size of the two sets of variants. Using this slidingwindow approach, the top of the peak is found at 870
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generations, with a difference of 19.5 additional Relate selected variants between 770 and 970 (870 plus or minus 100) at CoV-VIPs

compared to the null expectation.

We then repeat the sliding of a 200 generations window to identify the maximum peak and measure the same difference, but this

time for random sets of Relate selected variants of the same size (152 selected variants out of the 1,771 selected variants). To es-

timate p values, we then compare the actual observed difference with the distribution of differences generated with one million

random samples.

As mentioned in the Results, one potential issue is that we run the peak significance test after we already know that CoV-VIPs are

enriched for iHS and nSL top sweeps, and especially enriched for nSL top sweeps. This enrichmentmay skew the null expectation for

the distribution of Relate times at CoV-VIPs. In other words, there is a risk that any set of genes with the same sweep enrichment

might exhibit the same peak as CoV-VIP. As a result, comparing CoV-VIPs with randomly chosen non-CoV-VIPs may not be appro-

priate. To test this, we repeat the peak significance test, but this time comparing the peak at CoV-VIPs with the peaks at random sets

of non-CoV-VIPs that we build to have the same distribution of nSL ranks as CoV-VIPs. To do this, we define nSL bins between ranks

1 and the highest rank with a rank step of 100 between each bin, and we count how many Relate selected variants fall in each bin

(each gene has one nSL rank and one Relate selected variant). To build the random set, we then fill each of the 100 bins with the same

number of random non-CoV-VIPs, as long as their nSL rank falls within that bin. We use the average nSL rank over the five East Asian

populations, and the lower population-averaged rank of either 1 Mb or 2Mb window sizes (where we observe the strongest enrich-

ment at CoV-VIPs, see Results). The results of the peak significance test are unchanged when using the matching nSL distribution

(peak significance test p = 1.10-4 versus p = 2.3.10-4 without matching nSL distribution).

In further agreement with the fact that the sweep enrichment does not confound the peak significance test, the peak at CoV-VIPs

stands out more when repeating the peak significance test using a smaller nSL top rank limit (Figure S1C). In this case, we compare

sets of CoV-VIPs and sets of controls both enriched in stronger sweep signals. Thus, if stronger sweep signals at CoV-VIPs biased the

peak significance test, we would expect the peak to fade away when comparing only CoV-VIPs and controls both with stronger nSL

signals. Conversely, we observe that half of the CoV-VIPs with the weaker nSL signals (population-averaged nSL rank higher than

7,200 for both 1Mb and 2Mb windows) do not show a significant peak (peak significance test p = 0.53).

The iSAFE peaks/eQTL proximity test
Adaptation in the human genomewas likely mostly regulatory adaptation through gene expression changes.26,33–35 To test if positive

selection at CoV-VIPs involved regulatory changes, we ask whether the signals of adaptation around CoV-VIPs are localized closer

than expected by chance to GTEx eQTLs that affect the expression of CoV-VIPs in present human populations. We use proximity

instead of exact colocalization because we do not expect selection signals in East Asia to colocalize perfectly with eQTLs identified

mostly from European tissue samples. The genomic regions at or close to CoV-VIP GTEx eQTLs are likely enriched for CoV-VIP reg-

ulatory elements, and therefore themost likely place to findCoV-VIP-related adaptations in the genome. To localize where adaptation

occurred, we use the iSAFE method that was specifically designed for this purpose.31 iSAFE scans the genome and estimates a

score that increases together with proximity to the actual selectedmutation. The higher the score, the higher the odds that the scored

variant is itself the selected one, or close to the selected one. An important caveat is that iSAFE is designed to localize where selection

happened right after it happened, or as selection is still ongoing. In our case, we have evidence that selection was strong at CoV-VIPs

onlymore than 500 generations (�14,000 years) ago, and thenmuchweakermore recently (Figure 5). This could be an issue, because

we expect that recombination events that occurred after the strong selection might have deteriorated the iSAFE signal that relies on

haplotype structure. This is because recombination mixes together the haplotypes that hitchhiked with the selected mutation, with

those that did not. In line with this, we often do not observe simple, clean iSAFE score peaks, but instead, iSAFE score plateaus and

more rugged peaks (Figure S5A). For this reason, we designed an approach to not only identify the top of simple iSAFE peaks, but

also more rugged peaks or plateaus. First, to measure iSAFE scores, we combine all the haplotypes from the five East Asian pop-

ulations together as input, since we found that the selection signal at CoV-VIPs is common to all these populations (iSAFE param-

eters:–IgnoreGaps–MaxRegionSize 250000000–window 300–step 100–MaxFreq 0.95–MaxRank 15). We then use a 500kb window

sliding every 10kb to identify the highest local iSAFE value in the 500kb window (Figure S5B). Once we have the highest local iSAFE

value and coordinate, we define a broader iSAFE peak as the region both upstream and downstreamwhere the iSAFE values are still

within 80% of the maximum value (Figure S5B). This way, we can better annotate iSAFE plateaus and rugged peaks, and take into

account the fact that they can span more than just a narrow local maximum (Figure S5A).

Once the local iSAFE peaks are identified, we can ask how close GTEx eQTLs are to these peaks compared to random expecta-

tions. We first measure the distance of each CoV-VIP GTEx eQTL to the closest iSAFE peak. To avoid redundancy, we merge eQTLs

closer than 1kb to each other into one test eQTL at the closest, lower multiple of 1,000 genomic coordinates (for example 3,230 and

3,950 would both become 3,000). We then measure the average of the log of the distance between all CoV-VIPs and their closest

iSAFE peak. We use the log (base 10) of the distance, because it matters if the eQTL/iSAFE peak distance is 100 bases instead

of 200kb, but it does not really matter if the distance is 200kb or 600kb, because the iSAFE peak at 200kb is likely not more related

to the eQTL than the peak at 600kb. Once we have the average of log-distances, we compare it to its random expected distribution.

To get this randomdistribution, wemeasure the log-distance between eachCoV-VIP eQTL and the iSAFE peaks, but after shifting the

iSAFE scores left or right by a random value between 1Mb and 2.5Mb (Figure S5B; less, or no shift at all if this falls within telomeres or

centromeres). We shift by at least 1Mb to make sure that we do not rebuild the original overlap of iSAFE peaks with eQTLs again and

again (some iSAFE peaks, or more precisely rugged peaks and plateaus can be wide and include several hundred kilobases; see
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Figure S5A). The random shifting effectively breaks the relationship between eQTLs and iSAFE peaks, while maintaining the same

overall eQTL and peak structure (and thus variance for the test). The random log-distance distribution then provides an overall

random average log-distance to compare the observed average long-distance with, as well as estimate a p value.

Then, to more specifically ask if lung eQTLs at CoV-VIPs or the eQTLs of other specific tissues are closer to iSAFE peaks than ex-

pected by chance, we can do the same but only using the eQTLs of that specific tissue. The analysis represented in Figure 7 is how-

ever more complicated than just testing if CoV-VIP eQTLs for a specific tissue are closer to iSAFE peaks than expected by chance by

randomly sliding iSAFE values. Instead, what we ask is whether the 42 peak-VIPs have eQTLs for a given tissue that are even closer to

iSAFE peaks than the eQTLs of all CoV-VIPs in general. To test this, for example with lung eQTLs, we first estimate how close lung

eQTLs are to iSAFE peaks at peak-VIPs, compared to random expectations, by measuring the difference between the observed and

the average random log-distance, just as described before. We then count the number of peak-VIPs with lung eQTLs (19 out of 25

peak-VIPs with GTEx eQTLs), and we randomly select the same number of any CoV-VIP (which may randomly include peak-VIPs) as

long as the random set of CoV-VIPs has the same number of lung eQTLs (plus or minus 10%) as the set of peak VIPs with lung eQTLs

(the same gene can have multiple eQTLs for one tissue). We make sure that the tested and the random sets have similar numbers of

genes and eQTLs so that the test has the appropriate null variance. We then measure the difference between the observed log-dis-

tance, and the randomly expected average log-distance for the random set of CoV-VIPs, exactly the same way we did before for the

actual set of peak-VIPs. We then measure the ratio of the observed difference in log-distance between peak-VIPs and the random

expectation after many random shiftings (1,000), divided by the average of the same difference measured over many random sets of

CoV-VIPs. The final ratio tells us howmuch closer lung eQTLs are to iSAFE peaks at peak-VIPs compared to CoV-VIPs in general, and

still takes the specific eQTLs and iSAFE peak structures at each locus into account, since we compare differences in log-distances

expected while preserving the same eQTL and iSAFE peak structure (see above the description of the random coordinate shifting).

One important last detail about the test is that because we already found that the 50%of loci with the lowest nSL signals do not show

a peak of selection at CoV-VIPs around 900 generations ago (see Results), we do not use these loci in this test since any iSAFE peak

there is muchmore likely to represent random noise, not actual selection locations, and thus likely to dilute genuine signals. Using this

test, we find that lung and other tissues’ eQTLs at peak-VIPs are much closer to iSAFE peaks than they are at CoV-VIPs in general.

This test thus specifically tells that adaptation happened closer to lung eQTLs, specifically around 900 generations ago compared to

other evolutionary times. By estimating the same ratio for 24 other tissues with at least 10 peak-VIPs with the specific tested tissue

eQTLs, we can finally rank each tissue for its more pronounced involvement in adaptation�900 generations ago, as done in Figure 7.

It is particularly interesting in this respect that the tissue with least evidence for being more involved in adaptation at that time more

than other evolutionary times is spleen. Spleen indeed likely represents a good negative control as a tissue strongly enriched in im-

mune cell types and likely to have evolved adaptively for most of evolution.

A possible limitation is that eQTLs tend to be shared between many tissues, and only a minority of eQTLs are tissue-specific. This

means that in our analysis, specific tissues may stand out only because they share their eQTLs with other tissues that were the pri-

mary targets of selection. In order to better identify which specific tissues may have been the strongest targets of selection, we

consider again the 42 CoV-VIPs selected 900 generations ago, but this time we ask howmuch closer than expected by chance their

eQTLs are to the location of selection (estimated by iSAFE), as a function of increasing eQTL tissue specificity. We define the tissue

specificity of a given eQTL for tissue A as the total number of tissues where GTEx found the eQTL (tissue A + other tissues). We find

that for most tissues, eQTLs that are increasingly more specific to these tissues, also tend to be found more and more randomly

located compared to the location of selection (Figure S7). Out of 25 tissues, lung is the only one with a clear pattern of more lung-

specific eQTLs being closer to the location of selection compared to random expectations (Figure S7, red curve).

UK Biobank GWAS analysis
To compare the UK Biobank GWAS p values at different loci, we assigned one p value for each gene, either CoV-VIPs, peak-VIPs or

other genes, even though each gene locus can have many variants with associated GWAS p values. To assign just one single GWAS

p value to each gene, we selected the variant with the lowest p value at or very close (< 1kb) to GTEx eQTLs for a specific gene, in line

with the fact that GWAS hits tend to overlap eQTLs ,62 and to remain consistent with the rest of our manuscript. We then compared

the average p value between different sets of genes using classic permutations (one billion iterations).

We note that the top-ranking loci identified by the COVID-19 Host Genetics Initiative (IFNAR2,OAS, RAVER1, DPP9, LZTFL1, etc.)

are broadly acting immune factors. These factors do not interact with viral proteins, and are instead involved in immune signaling

cascades that are not specific to a given virus. We therefore do not expect an overlap with the more coronavirus-specific CoV-

VIPs that we use here. We also note that we do not necessarily expect the strongest GWAS hits in Europe to be strong hits in other

populations. This is particularly true when the investigated trait is the response to a pathogen, given that we show in this manuscript

that the evolution of this response was probably population-specific. In addition, although adaptation implies a functional genetic

effect, a genetic effect does not necessarily mean it has adaptive potential. Finally, the list of the very top GWAS hits might be sen-

sitive to population stratification, and still change depending on how much population stratification is controlled for. The average

strength of the GWAS hits over many Cov-VIPs that we focus on is likely to be less sensitive to these issues. The lack of overlap

with the strongest COVID-19 Host Genetics Initiative hits is therefore not very surprising. It also does not take away the fact that

we found an enrichment in stronger GWAS hits on average at CoV-VIPs and especially at selected CoV-VIPs.
e8 Current Biology 31, 3504–3514.e1–e9, August 23, 2021



ll
OPEN ACCESSArticle
Drug targets identification
Wequeried the databases DGIdb,63 and PanDrugs64 for drugs targeting CoV-VIPs and peak-VIPs. For hits from PanDrugs we limited

the results to only genes that are in direct interaction with the designated drug. Drugs targeting peak-VIPs are presented in Data S1M.

In addition, we present a list of peak-VIPs that are not currently drug targets, but have been previously identified in Finan et al.48 as

viable drug targets (druggable genome).

QUANTIFICATION AND STATISTICAL ANALYSIS

The Method details provide in-depth descriptions of the quantifications and statistical analyses used in this manuscript.
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