N

N

Dissecting human population variation in single-cell
responses to SARS-CoV-2
Yann Aquino, Aurélie Bisiaux, Zhi Li, Mary O’Neill, Javier Mendoza-Revilla,
Sarah Hélene Merkling, Gaspard Kerner, Milena Hasan, Valentina Libri,
Vincent Bondet, et al.

» To cite this version:

Yann Aquino, Aurélie Bisiaux, Zhi Li, Mary O’Neill, Javier Mendoza-Revilla, et al.. Dissecting human
population variation in single-cell responses to SARS-CoV-2. Nature, 2023, 53 (8), pp.e2250307.
10.1038/s41586-023-06422-9 . pasteur-04186119

HAL 1Id: pasteur-04186119
https://pasteur.hal.science/pasteur-04186119
Submitted on 23 Aug 2023

HAL is a multi-disciplinary open access L’archive ouverte pluridisciplinaire HAL, est
archive for the deposit and dissemination of sci- destinée au dépot et a la diffusion de documents
entific research documents, whether they are pub- scientifiques de niveau recherche, publiés ou non,
lished or not. The documents may come from émanant des établissements d’enseignement et de
teaching and research institutions in France or recherche francais ou étrangers, des laboratoires
abroad, or from public or private research centers. publics ou privés.

Distributed under a Creative Commons Attribution 4.0 International License


https://pasteur.hal.science/pasteur-04186119
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://hal.archives-ouvertes.fr

Article

Dissecting human population variationin
single-cell responses to SARS-CoV-2

https://doi.org/10.1038/s41586-023-06422-9

Received: 10 November 2022

Accepted: 11 July 2023

Published online: 09 August 2023

Open access

M Check for updates

Yann Aquino"??, Aurélie Bisiaux"?, Zhi Li*?’, Mary O’Neill*?, Javier Mendoza-Revilla',

Sarah Héléne Merkling®, Gaspard Kerner', Milena Hasan*, Valentina Libri*, Vincent Bondet®,
Nikaia Smith®, Camille de Cevins®, Mickaél Ménager®’, Francesca Luca®®"°, Roger Pique-Regi®®,
Giovanna Barba-Spaeth", Stefano Pietropaoli", Olivier Schwartz'2, Geert Leroux-Roels",
Cheuk-Kwong Lee', Kathy Leung™'é, Joseph T. Wu'>"¢, Malik Peiris"'®'°, Roberto Bruzzone'®'°,
Laurent Abel?**'?, Jean-Laurent Casanova?>*"?>2324 gophie A. Valkenburg™®?,

Darragh Duffy®'®, Etienne Patin’, Maxime Rotival'?*™ & Lluis Quintana-Murci'2625*

Humans display substantial interindividual clinical variability after SARS-CoV-2
infection'”3, the genetic and immunological basis of which has begun to be
deciphered*. However, the extent and drivers of population differences inimmune
responses to SARS-CoV-2 remain unclear. Here we report single-cell RNA-sequencing
datafor peripheral blood mononuclear cells—from 222 healthy donors of diverse
ancestries—that were stimulated with SARS-CoV-2 or influenza A virus. We show that
SARS-CoV-2induces weaker, but more heterogeneous, interferon-stimulated gene
activity compared with influenza A virus, and a unique pro-inflammatory signature
inmyeloid cells. Transcriptional responses to viruses display marked population
differences, primarily driven by changes in cellabundance including increased
lymphoid differentiation associated with latent cytomegalovirus infection. Expression
quantitative trait loci and mediation analyses reveal a broad effect of cell composition
on population disparities inimmune responses, with genetic variants exerting
astrong effect on specific loci. Furthermore, we show that natural selection has
increased population differences inimmune responses, particularly for variants
associated with SARS-CoV-2 response in East Asians, and document the cellular and
molecular mechanisms by which Neanderthal introgression has altered immune
functions, such as the response of myeloid cells to viruses. Finally, colocalization and
transcriptome-wide association analyses reveal an overlap between the genetic basis
of immune responses to SARS-CoV-2 and COVID-19 severity, providing insights into
the factors contributing to current disparities in COVID-19 risk.

A notable feature of the COVID-19 pandemic is the substantial clini-
cal variation among individuals infected with SARS-CoV-2, ranging
from asymptomatic infection to fatal disease' . Risk factors include
advanced age'as well as male sex’, comorbidities® and host genetics*”3,
Furthermore, variationininnate immunity’ "—including inborn errors
or neutralizing auto-antibodies against type linterferons? **—contri-
bute tovariationinclinical outcome, and epidemiological and genetic
datasuggest differences between populations®”>'. This, together with
reports of ancestry-related differences in transcriptional responses
to immune challenges”*, calls for investigations of the magnitude
and drivers of variation inimmune responses to SARS-CoV-2 across
populations worldwide.

Pathogen-imposed selection pressures have been paramount dur-
ing human evolution?. Human adaptation to RNA viruses, through
selective sweeps or archaic admixture, hasbeenidentified as asource
of population genetic differentiation'®?*and adaptation signals have
been reported at coronavirus-interacting proteins in East Asians®?*,

There is also evidence for links between archaic introgression and
immunity?, with Neanderthal haplotypes associated with COVID-19
severity’*¥, However, the effects of natural selection and archaic admix-
ture onimmune responses to SARS-CoV-2 remain to be investigated.

We addressed these questions by exposing peripheral blood mono-
nuclear cells (PBMCs) from individuals of Central African, West
European and East Asian descent to SARS-CoV-2 and, for comparison,
to influenza A virus (IAV). By combining single-cell RNA-sequencing
(scRNA-seq) with quantitative and population genetics approaches,
we delineate environmental and genetic drivers of population differ-
ences inimmune responses to SARS-CoV-2.

Single-cell responses to RNA viruses

We characterized transcriptional responses to SARS-CoV-2 and IAV by
performing scRNA-seq analysis of PBMCs from 222 SARS-CoV-2-naive
donorsoriginating from three geographical locations (Central Africa,

A list of affiliations appears at the end of the paper.
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Fig.1|Populationsingle-cell responses to SARS-CoV-2and IAV. a, The study
design. Thediagramwas created using BioRender. b,c, Uniform manifold
approximation and projection (UMAP) embedding of1,047,824 PBMCs: resting
(non-stimulated; NS) or stimulated with SARS-CoV-2 (COV) or IAV for 6 h.

n =380 male; West Europe, n =80 male; East Asia, n =36 female and
26 male) and with different genetic ancestries (Supplementary Fig. 1
and Supplementary Table 1). PBMCs were treated for 6 h (Supple-
mentary Note 1, Supplementary Fig. 2 and Supplementary Table 2)
with a mock-control (non-stimulated), SARS-CoV-2 (ancestral strain,
BetaCoV/France/GE1973/2020) or IAV (HIN1/PR/8/1934). We cap-
tured over 1 million high-quality single-cell transcriptomes (Fig. 1a,
Supplementary Fig. 3 and Supplementary Table 3a). By combining
transcriptome-based clusters with cellularindexing of transcriptomes
and epitopes by sequencing (CITE-seq; Methods), we defined 22 cell
typesacross myeloid, B,CD4* T, CD8" T and natural killer (NK) immune
lineages (Fig.1b, Supplementary Fig.4 and Supplementary Table 3b-d).
After virus exposure, most cell types showed moderate changes in
abundance, with the strongest changes observed in the myeloid line-
age after IAV treatment (Supplementary Note 2 and Supplementary
Table 3e).

After adjusting for technical factors (Methods and Supplementary
Fig.5), wefoundthatlineage identity was the main driver of gene expres-
sion variation (around 32%), followed by virus exposure (around 27%)
(Fig. 1b,c). Both viruses induced a strong transcriptional response,
with 2,914 genes upregulated (false-discovery rate (FDR) < 0.01,
log,[FC] > 0.5; out 0of 12,655 with detectable expression; Supplemen-
tary Table 3f). These responses were highly correlated across lineages
and featured astronginduction of interferon-stimulated genes (ISGs)
(Extended Data Fig. 1a). However, myeloid responses were markedly
heterogeneous, with SARS-CoV-2 inducing a transcriptional network
enriched in inflammatory-response genes (Gene Ontology (GO):
0006954; fold-enrichment (FE) = 3.4, FDR < 4.9 x 107%; Supplemen-
tary Table 3g). For example, IL1A, IL1B and CXCL8 were highly and
specifically upregulated in response to SARS-CoV-2 (log,[FC] > 2.8,
FDR < 2.3 x107%%), consistent with in vitro and in vivo studies®®?’.
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b, The coloursindicate the 22 cell typesinferred. ¢, The distribution of cells
inthe NS, COV and IAV conditions on UMAP coordinates. The contour plot
indicates the overall density of cells, and the coloured areas delineate regions
ofhigh cell density in each condition (NS (grey), COV (red) and IAV (blue)).

To assess interindividual variability in the response to viruses, we
summarized each individual’s response as a function of their mean
ISG expression (Supplementary Table 3h). SARS-CoV-2induced more
variable ISG activity than IAV across lineages®, with myeloid cells dis-
playing the strongest differences (Levene test, P < 6.2 x 10™%; Extended
Data Fig. 1b). We determined the contributions of the various inter-
ferons (IFNs) to variation of ISG activity using single-molecule arrays
(SIMOA) to quantify the levels of secreted IFN, IFNP and IFNy. In the
SARS-CoV-2 condition, IFNa accounted for up to 57% of ISG variabil-
ity (Extended Data Fig. 2a,b), consistent with its determinant role in
COVID-19 pathogenesis®. IFNAI-21 transcripts were mostly produced
byinfected CD14" monocytes and plasmacytoid dendritic cells (pDCs)
after IAV stimulation, whereas pDCs were the only important source
of IFNA1-21 after SARS-CoV-2 stimulation (that is, producing 88% of
transcripts; Extended Data Fig. 2c). IFNAI-21 expression by pDCs was
weaker after stimulation with SARS-CoV-2 (log,[FC] = 6.4 versus 12.5
for IAV, Wilcoxon’s rank-sum test, P=1.2 x 107%). Nevertheless, pat-
terns of interindividual variability for ISG activity were notably simi-
lar after virus treatment (r= 0.60, Pearson’s P <1.2 x 102 Extended
DataFig.2d), indicating that the IFN-driven responseis largely shared
between SARS-CoV-2 and IAV.

Cellular heterogeneity across populations

We assessed how immune responses differ across populations by com-
paring male individuals of African and European ancestries, who were
sampled in a single recruitment effort thereby mitigating potential
batcheffects (Methods). As East Asian donors were recruited indepen-
dently and present distinct demographic characteristics (Supplemen-
tary Table1), they were excluded from cross-population comparisons.
Focusing on cellular proportions, we detected marked population
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Fig. 2| Cellular composition affects the transcriptional responses to viral
stimuli. a, Cell type proportions withineachimmunelineage in Africans (AFB)
and Europeans (EUB). brt, bright. b, The number of genes differentially
expressed between the African and European groups in the basal state (NS) or
inresponse to SARS-CoV-2 (COV) or IAV, in eachimmune lineage. Numbers are
provided before and after adjustment for cellular composition. ¢, Examples of
popDRGs, either shared across cell types and viruses (GBP7) or specific to
SARS-CoV-2-stimulated myeloid cells (CCL23). Statistical analysis was performed
using two-sided Student’s t-tests with adjustment using the Benjamini—
Hochberg method; *P < 0.001. Exact Pvalues are provided in Supplementary
Table 4b.d, The effect of adjusting for cellular composition on genes differentially
expressed between populations after exposure to SARS-CoV-2. Adjustment
reduces raw population fold-changes (FC, versus FC,) in the expression of
genes thatare differentially expressed between memory-like NK cells and

differences in lineage composition, particularly for NK cells (Fig. 2a
and Supplementary Table 4a). A subset identified as memory-like NK
cells* constituted 55.2% of the NK compartment in African-descent
individuals, but only 12.2% in Europeans (Wilcoxon’s rank-sum test,
P<1.3x107'%; Extended Data Fig. 3a,b and Supplementary Fig. 6). African
donors also presented higher proportions of CD16* monocytes* and
memory lymphocyte subsets, such as memory B cells, effector CD4*
T cellsand effector memory re-expressing CD45RA (EMRA) CD8" T cells
(Wilcoxon’s rank-sum test, P< 4.7 x107).

Across lineages, we found 3,389 genes displaying population differ-
encesinexpressioninthe basalstate (popDEGs; FDR < 0.01, |log,[fold
change (FC)]| > 0.2) and 898 and 652 displaying differential responses
between populations (popDRGs; FDR < 0.01, |log,[FC]| > 0.2) after
stimulation with SARS-CoV-2 and IAV, respectively (Fig. 2b and Sup-
plementary Table 4b,c). popDRGs included key immunity regulators,
such as the IFN-responsive GBP7 and the gene coding for the mac-
rophage inflammatory protein MIP-3, CCL23, both of which were more
strongly upregulated in Europeans (Fig. 2c). The GBP7 response was
common to both viruses and all lineages (log,[FC] > 0.88, Student’s
t-test, adjusted P (P,q;) <1.4 x107%), but that of CCL23 was specific to
SARS-CoV-2-stimulated myeloid cells (log,[FC] = 0.72, Student’s ¢-test,

CD56%™NK cells (red triangles; genes with similar expressionare showningrey).
e, The effect of adjusting for cellular composition on population differencesin
theresponseto viral stimulation for genesinvolved in the positive regulation
of cellmigration (GO:0030335) inthe NK lineage. For each stimulus, gene set
enrichment analysis enrichment curves are shown before and after adjusting
onthe basis of cellular composition. Grey shadesindicate the 95% expected
range for theenrichment curve when gene labels are permuted at random.

f, Thedistribution of CD8" EMRA T and memory-like NK cell frequenciesin
Africans and Europeans according to CMV*”~serostatus. Pvalues (P< 0.01)
calculated using Wilcoxon’s two-sided rank-sum tests are shown. For cand f,
the centre line shows the median; the notches show the 95% confidence intervals
(Cls) of the median; the box limits show the upper and lower quartiles; and

the whiskers show 1.5x interquartile range. The number (n) ofindependent
biologicalsamplesisindicated whererelevant.

P,4;=5.3x107*). We estimated that population differences in cellular
composition accounted for 15-47% of popDEGs and for 7-46% of
popDRGs, with the strongestimpact on NK cells (Fig.2b,d and Extended
DataFig.3c). Variationin cellular composition mediated pathway-level
differences in response to viral stimulation between populations (Sup-
plementary Table 4d). For example, in virus-stimulated NK cells, genes
involved in the promotion of cell migration, such as CSF1 or CXCLIO,
were more strongly induced in Europeans (normalized enrichment
score > 1.5, gene set enrichment analysis, P,q; < 0.009). However, the
loss of this signal after adjustment for cellular composition (Fig. 2e)
indicates that fine-scale cellular heterogeneity drives population dif-
ferences inimmune responses to SARS-CoV-2.

Repercussions of CMV infection

We next investigated the sources of population differences in cellular
composition. We found no strong genetic effects on cellular propor-
tions (Supplementary Note 3 and Supplementary Table 4e), suggesting
apredominantly environmental origin to such population differences.
As latent cytomegalovirus (CMV) infection alters cellular propor-
tions®* > and its prevalence varies across populations®, we determined
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the CMV*~serostatus of the samples. Allbut one of the African-descent
individuals were CMV* (99%), versus 31% of Europeans, and CMV* was
associated with higher proportions of memory-like NK and CD8" EMRA
Tcellsin Europeans (Fig. 2f and Extended DataFig. 3d). Using mediation
analysis, we estimated that CMV serostatus accounts for up to 73% of the
differencesin the proportion of these cell types between Africans and
Europeans; these differences substantiallyimpact the transcriptional
response to SARS-CoV-2 (Supplementary Table 4f,g, Supplementary
Notes 4 and 5and Supplementary Fig. 7). However, other thanits effects
on cellular composition, CMV*"had alimited direct effect on SARS-CoV-2
responses, with only one gene presenting significant expression dif-
ferences inresponse to this virus (ERICH3in CD8" T cells, log,FC=1.7,
FDR =0.007; Supplementary Table 4h). These findings highlight how
differing environmental exposures, such as CMV infection, may lead
to population differences in the responses to SARS-CoV-2 through
changes in the [ymphoid composition.

Genetic basis of the leukocyte response

To assess the effects of human genetic variants on transcriptional varia-
tion, we mapped expression quantitative trait loci (eQTLs) jointly in all
three populations, focusing on cis-regulatory variants. At an FDR of 1%,
we identified 1,866-4,323 independent eQTLs per lineage, affecting
5,198 genes (Fig. 3a and Supplementary Table 5a). Among the 9,150
eQTLs detected, 11% were ancestry specific (n=973; Supplementary
Note 6), underscoring the importance of including diverse ancestries
ingenomicsresearch. Increasing theresolutionto 22 celltypesrevealed
anadditional 3,603 eQTLs (Extended DataFig.4a,b and Supplementary
Table 5b). We found that 79% of eQTLs were replicated (P< 0.01) in at
least three cell types, but only 22% were common to all lineages. In total,
812 eQTLs were cell-type-specific, around 45% of which were detected
inmyeloid cells (Extended DataFig. 4b), including a pDC-specificeQTL
(rs114273142) at MIR155HG—hosting amicro RNA that promotes sensitiv-
ity to type I IFNs* (Extended Data Fig. 4c and Supplementary Note 7).
Broadly, eQTL effect sizes were more correlated across ontogenetically
related cell types (mean correlation within and between lineages of
r=0.60 and 0.47, Wilcoxon’s rank-sum test, P= 6.2 x 10~%; Extended
DataFig.4d).

Focusing onvariants that altered responses to viral stimuli (reQTLs),
we identified 1,505 reQTLs affecting 1,213 genes (Supplementary
Table 5¢,d). Supporting the replicability of the results, our IAV reQTLs
areenrichedingenes thatare reported to contain IAV-specific eQTLs"
(OR > 3.2, Fisher’s exact test, P < 9.4 x 10™*), with more than 98% of
replicated eQTLs affecting expression in the same direction (Supple-
mentary Note 8, Supplementary Fig. 8 and Supplementary Table Se).
The correlation of reQTL effect sizes across ontogenetically related
cell types was weaker than for eQTLs (r=0.36 and 0.50, respectively,
Wilcoxon’s rank-sum test, P< 5.6 x 107; Extended Data Fig. 4d). Fur-
thermore, the proportion of virus-dependent reQTLs differed across
celltypes. Inlymphoid cells, only 7.7% of reQTLs differed in effect size
between viruses (interaction P < 0.01; Fig. 3b,c), whereas 49% of myeloid
reQTLs were virus dependent (interaction P < 0.01), with 46 and 185
reQTLs displaying specific, stronger effects after SARS-CoV-2 and IAV
stimulation, respectively. The strongest SARS-CoV-2reQTL (rs534191,
Student’s t-test, P=1.96 x 107 (SARS-CoV-2) and P= 0.05 (IAV); Fig. 3d)
was identified in myeloid cells at MMPI, encoding a biomarker of
COVID-19 severity®. These analyses reveal that the effects of virus-
induced reQTLsare cell-type dependent and highlight the virus speci-
ficity of the genetic basis of the myeloid response.

Ancestry effects onimmune responses

To evaluate the contribution of genetic variation to population differ-
encesinimmune responses, we focused on popDEGs and popDRGs. We
foundthat11-24% of the genes expressed in each lineage had atleast one

4 | Nature | www.nature.com

eQTL, but this proportion increased up to 56% and 60% for popDEGs
and popDRGs that were not explained by cellular heterogeneity,
respectively (Fisher’s exact test, P<1.4 x 10°%; Fig. 3e and Extended Data
Fig.5a). The popDEGs and popDRGs displaying the largest population
differences were more likely to be under genetic control and associated
with large-effect (r)eQTLs (Extended Data Fig. 5b-d). We used media-
tionanalysis to assess, for each gene,immune lineage and virus, the frac-
tion of population differences explained by genetics (that is, the most
significanteQTL) or cellular heterogeneity (Supplementary Table 6 and
Supplementary Note 9). Cellular composition had a broad effect on
population differencesin gene expression and viral responses (explain-
ing16-62% of differences per lineage and virus, with the strongest effect
inNK cells), whereas genetics had a weaker effect (explaining 13-35%
of population differences; Fig. 3fand Extended Data Fig. 5e). However,
genetics had strong effects on a gene subset (141-433 genes per line-
age) for which they accounted for 32-58% of population differences.
For example, 81-100% of the differences in GBP7 expression between
Africans and Europeans were explained by a single variant displaying
strong population differentiation (rs1142888, derived allele frequency
(DAF) = 0.13and 0.53in Africans and Europeans, respectively, fixation
index (Fs;) = 0.26, |B.qr.| > 1.7 across lineages after stimulation). Thus,
population variationinimmune responsesis driven largely by cellular
heterogeneity, but genetic variants with marked allele frequency vari-
ation contribute to population differences at specific loci.

Natural selection and SARS-CoV-2 responses

Toinvestigate the contribution of natural selection to population dif-
ferencesinimmune responses, we first searched for overlaps between
(r)eQTLs and genome-wide signals of local adaptation, measured by
the population branch statistic (PBS)*. We identified 1,616 eQTLs
(1,215 genes) and 180 reQTLs (166 genes) displaying strong popula-
tion differentiation (empirical P < 0.01), 90 of which were ancestry
specific (Supplementary Table 7aand Supplementary Note 6). Among
genes harbouring putatively adaptive (r)eQTLs, we found key players
in IFN-mediated antiviral immunity, such as DHX58 and TRIM14 in
Africans, ISG20, IFITS, BST2 and IFITM2-3in Europeans, and /FI44L and
IFITM2in East Asians.

We then used CLUES*° to identify rapid changesin (r)eQTL frequency
over thelast2,000 generations (thatis, 56,000 years) in each popula-
tion (Supplementary Fig. 9 and Supplementary Table 7b). We found sig-
nals of rapid adaptation (maximum |Z] > 3) targeting the same (IFITM2,
IFITS) or different (/SG20, IFITM3, TRIM14) eQTLs at highly differentiated
genes, suggesting repeated adaptations targeting IFN-mediated anti-
viralimmunity (Supplementary Note 10, Supplementary Table 7cand
SupplementaryFig.10). We determined whether selection had altered
gene expression in specific cell types or in response to SARS-CoV-2 or
IAV by testing for increased population differentiation (PBS) at (r)eQTLs
within each cell type, relative to random single-nucleotide polymor-
phisms (SNPs) matched for allele frequency, linkage disequilibrium (LD)
and distance to the nearest gene. In the basal state, eQTLs were more
strongly differentiated in Europeans, the strongest signal observed for
yS T cells (Extended Data Fig. 6a). Among popDEGs for which genetics
mediates more than 50% of the differences between Africans and
Europeans, 34% presented signals of rapid adaptation in Europeans
(versus 21% in Africans, Fisher’s exact test, P=7.7 x 107°). For example,
population differences at GBP7 have been driven by a frequency
increase, over thelast 782-1,272 generations, of the rs1142888-G allele
in Europeans (maximum |Z] > 4.3, Extended Data Fig. 6b).

Focusing on responses to viruses, SARS-CoV-2 reQTLs displayed
increased population differentiationin East Asians (FE = 1.24, one-sided
resampling, P <2 x107*; Extended Data Fig. 6¢) and were enriched in
East-Asian-specific variants (OR > 4.2, Fisher’s exact test, P < 2.3 x1075;
Supplementary Note 6 and Supplementary Table 7d). Furthermore,
among SARS-CoV-2-specific reQTLs, 28 reQTLs (5.3%) displayed
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show the upperand lower quartiles; the whiskers show1.5x interquartile range;

signals of adaptation in East Asians starting 770-970 generations ago
(around 25,000 years)—a timeframe associated with genetic adapta-
tion at SARS-CoV-2-interacting proteins® (OR relative to other popu-
lations = 2.6, Fisher’s exact test, P=7.3 x10™*; Fig. 4a and Extended
Data Fig. 7a-c). An example is the immune mediator L/LRBI, which
has aSARS-CoV-2-specificreQTL (rs4806787) in pDCs (Extended Data
Fig.7d). However, the selection events making the largest contribution
tothe differentiation of SARS-CoV-2responsesin East Asia (top 5% PBS)
began before this period (more than 970 generations ago, OR=1.94,
Fisher’s exact test, P= 0.019; Fig. 4b). For example, the rs1028396-T
allele (80% frequency in East Asia versus 16-25% elsewhere), associated
with a weaker response of SIRPA to SARS-CoV-2 in CD14" monocytes,

Mean percentage of population differences in expression explained (per gene)

Percentage of popDEGs with significant mediation effect
O 20% O 50% . Genetics Q Cell type frequencies

and the pointsshow outliers. e, EnrichmentineQTLs amonggenes thatare
differentially expressed between populations (popDEGs). For eachimmune
lineage, the barsindicate the percentage of genes with asignificanteQTL, at the
genome-wide scaleand among popDEGs, before or after adjustment for cellular
composition. f, For eachlineage and stimulus, the xaxisindicates the mean
contribution of either genetics (thatis, the most significanteQTL per genein
eachlineage and stimulus) or cellular composition to population differences in
expression, across all popDEGs (top) or popDEGs associated with aneQTL
(bottom). The size of the dots reflects the percentage of genes with a significant
mediated effectat an FDR of 1% (Supplementary Table 6). The number (n) of
independentbiological samplesisindicated whererelevant.

presents a selection signal beginning more than 45,000 years ago
(Fig. 4b and Extended Data Fig. 7e). SIRPa inhibits infection by endo-
cyticviruses, including SARS-CoV-2*. These results suggest recurrent
genetic adaptation targeting antiviral immunity over the last 50,000
years, contributing to present-day population differencesinimmune
responses to SARS-CoV-2.

Neanderthal heritage on immune functions

We investigated the effects of Neanderthal introgression onimmune
responses to viruses by defining 100,345 ‘archaic’ variants (aSNPs)
and testing for biased eQTL representation among aSNPs relative to
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Fig.4|Naturalselection effects on population differentiation ofimmune
responses. a, Estimated periods of selection, over the past 2,000 generations,
for245SARS-CoV-2reQTLs with significant signals of rapid adaptationin East
Asians (CHS) (maximum |Z] > 3). Each horizontal line represents a variant,
sortedindescending order of time to onset of selection. Theareashadedin
purple highlights the period (770-970 generations ago) associated with genetic
adaptation athost coronavirus-interacting proteinsin East Asians?. Several
immunity-related genes are highlighted.b, Allele frequency trajectories of two
SARS-CoV-2reQTLs (rs1028396 at SIRPA and rs11645448 at NOD2) in Africans
(YRI, green), Europeans (CEU, yellow) and East Asians (CHS, purple). The full lines
indicate the maximum a posteriori estimate of allele frequency at eachepoch
andshaded areasindicate the 95% Cls. The dendrograms show the estimated
unrooted population phylogeny for each eQTL based on PBS (thatis, the branch
length between each pair of populationsis proportional to -log;o[1- Fs]).

random, matched SNPs (Methods). We found that archaic haplotypes
were 1.4-1.5 times more likely to alter gene expression in the basal
state (one-sided permutation test, P=3 x 10™*) and after stimulation
with SARS-CoV-2 or IAV (one-sided permutation test, P=9 x10™*and
3 x107, respectively) in Europeans, and this trend was only marginally
significant in East Asians after viral stimulation (FE > 1.2, one-sided
permutation test, P <2 x10%; Extended Data Fig. 8a and Supplemen-
tary Table 8a-c). Enrichment was strongest in SARS-CoV-2-stimulated
CD16" monocytes from Europeans, suggesting that archaic haplo-
typesaltering myeloid responses have been preferentially retainedin
their genomes. Archaic haplotypes with eQTLs are generally present
athigher frequencies compared witharchaic haplotypes without eQTLs
(Af(introgressed allele) >3.2%, Student’s t-test, P,4; < 8 x 107 Extended
DataFig.8band Supplementary Table 8d,e), even after adjustment for
minor allele frequency (MAF) to ensure similar power for eQTL detec-
tion, supporting the adaptive nature of Neanderthal regulatory alleles.

To characterize the functional consequences of archaicintrogression
atthecell-type level, we focused onintrogressed eQTLs for which the
archaicallele was found atits highest frequency in Eurasians (that s, 5%
most frequent). These included known adaptively introgressed variants
at OASI-3 or PNMAI in Europeans and TLRI, FANCA or ILIORA in East
Asians®**¢ for which we delineated the cellular and molecular effects
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(Extended Data Figs. 8c and 9a and Supplementary Table 8f). Yet, we
identified previously unreported signals of Neanderthal introgression
affecting immunity phenotypes. For example, anintrogressed reQTL
(rs58964929-A,38% of Europeans versus 22% of East Asians) decreases
UBE2F responses to SARS-CoV-2 and IAVin monocytes (Extended Data
Fig.9b). UBE2F isinvolved in neddylation, a post-translational modifi-
cation thatisrequired for the nuclear translocation of IRF7 by myeloid
cells after RNA virus infection and, therefore, for the induction of type
IIFNresponses. Likewise, anintrogressed eQTL (rs11119346-T, 43%in
East Asians versus less than 3% in Europeans) downregulates TRAF3IP3—
a negative regulator of the cytosolic RNA-induced IFN response*s—
in IAV-infected monocytes, thereby favouring IFN release after viral
infection (Extended Data Fig. 9¢,d). We also identified a 35.5 kb Nean-
derthal haplotype reaching 61% frequency in East Asians (versus 24%
in Europeans, tagged by rs9520848-C allele) that is associated with
higher basal expression of the cytokine gene TNFSF13B by MAIT cells
(Extended DataFig. 9¢,f). Collectively, these results reveal how archaic
introgression has altered immune functionsin present-day Eurasians
atthe molecular and cellular level.

Contribution of eQTLs to COVID-19 risk

Weinvestigated the contributions of genetic variants altering responses
to SARS-CoV-2 ex vivo to COVID-19riskin vivo by determining whether
(r)eQTLs were more strongly associated with COVID-19 GWAS hits®
thanrandom, matched SNPs (Methods). We observed an enrichmentin
eQTLsatlociassociated with susceptibility (reported cases) and sever-
ity (hospitalized or critical cases) (FE = 4.1and FE > 3.8, respectively,
one-sided resampling, P <107*), and aspecificenrichmentinreQTLs at
severity loci (FE > 3.7, one-sided resampling, P <3 x 107; Fig. 5a). This
trend was observed across most cell lineages (Extended Data Fig.10a).
Colocalization analyses identified 40 genes at which there was a high
probability of (r)eQTL colocalization with COVID-19 hits (posterior
probability that both traits are linked to the same SNP (PP,,, ) > 0.8) and
transcriptome-wide association studies (TWASs) linked predicted gene
expression with COVID-19 risk for 30 of these genes (FDRyy,s < 0.01;
Supplementary Table 9a). These included direct regulators of innate
immunity, such as /FNAR2 in non-stimulated CD4" T cells, IRFI in
non-stimulated NK and CD8" T cells, OASI in lymphoid cells stimu-
lated with SARS-CoV-2and IAV, and OAS3in SARS-CoV-2-exposed CD16*
monocytes (Fig. 5b and Extended DataFig.10b,c). These results support
acontribution of immunity-related (r)eQTLs to COVID-19 risk.
Focusing on the evolutionary factors affecting COVID-19 risk, we
identified 20 eQTLs that (1) colocalized with COVID-19 hits (PP,,, > 0.8)
and (2) presented positive selection signals (top 1% PBS, n =13 eQTLs)
orevidence of archaicintrogression (n =7 eQTLs), 14 of which regulate
genes of which the expressionis correlated with COVID-19 susceptibility
and/or severity (FDRyy,s < 0.01) (Fig. 6). For example, two variants in
high LD at DRI (rs569414 and rs1559828, r* > 0.73) displayed extremely
high levels of population differentiation, probably due to selection
outside Africa (DAF = 0.13 in Africa versus higher than 0.62 in Eurasia;
Extended Data Fig. 10d). DR1suppresses type I IFN responses*’ and
the selected alleles, which decrease COVID-19 severity, reduce DR1
expression in most immune cells (Fig. 6). Likewise, an approximately
39 kb Neanderthal haplotype, spanning the MUC20 locusin Eurasians,
contains the rs2177336-T allele that increases MUC20 expression in
SARS-CoV-2-stimulated cells, particularly for CD4" T cells, and decreases
COVID-19 susceptibility (Fig. 6). Together, these results reveal how
past selection or Neanderthal introgression have impacted immune
responses that contribute to present-day disparitiesin COVID-19risk.

Discussion

Here we show that cell type composition is amajor driver of population
differencesinimmuneresponsestoSARS-CoV-2. The higher proportions
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of memory cells in lymphoid lineages from individuals of African
descent, along with their association with CMV infection, highlight
how previous environmental exposures can contribute to population
disparitiesin cellular activation states. Neglecting socioenvironmental
factors that covary with ancestry may therefore inflate the estimated
effects of genetic ancestry on phenotypic variation. One such factoris
CMV, affecting leukocyte responses to SARS-CoV-2, but the impact of
otherexposures on populationvariationinimmune responses remains
to be determined. Common genetic variants can also contribute to
immune response variation, but their effects primarily apply to a subset
of genes showing strong population differentiation. Thisisillustrated
by thers1142888-G allele, which accounts for the greater than 2.8-fold
higher levels of GBP7 expression in response to viral stimulation in
Europeans compared with in Africans. The higher frequency of this
allele in Europe probably results from selection occurring 21,900~
35,600 years ago. GBP7 facilitates IAV replication by suppressing innate
immunity*°, but also regulates host defence to intracellular bacteria
such as Listeria monocytogenes and Mycobacterium tuberculosis™,
providing a plausible mechanism for positive selection at this locus.

This study also shows that natural selection and Neanderthal intro-
gression contributed to differentiate present-day immune responses to
SARS-CoV-2. Wefoundtraces of selection targeting SARS-CoV-2-specific
reQTLs around 25,000 years ago in the ancestors of East Asians, coin-
ciding with the proposed timing of an epidemic that affected the evo-
lution of host coronavirus-interacting proteins®?*, However, there is
little overlap between alleles selected during this period and variants
underlying COVID-19 risk, suggesting changes in the genetic basis of
infectious diseases over time, possibly due to the evolution of viruses
themselves. Nevertheless, we identified cases (for example, DRI,
OASI-3, TOMM?7, MUC20) in which selection or archaic introgression
contributed to changes in both SARS-CoV-2 immune responses and
COVID-19 outcome. Studies based on ancestry-aware polygenic risk
scores from cross-population GWAS will be required to establish a
formal link between past adaptation and present-day population dif-
ferences in COVID-19 risk.

Finally, the genetic dissection of variation in transcriptional
responses to SARS-CoV-2 provides mechanistic insights into the effects
of alleles thatare associated with COVID-19risk. Variants of IRF1,IFNAR2
and DRI associated with lower COVID-19 severity increase type I IFN
signallinginlymphoid cells by upregulating /RF1 and IFNAR2 or down-
regulating DRI, attesting to the importance of efficient IFN signalling
for afavourable clinical outcome*'>™, Another example is MUC20, at
which we identified a Neanderthal-introgressed eQTL that increases
MUC20 expressionin SARS-CoV-2-stimulated CD4 " T cells and decreases
COVID-19 susceptibility. Given the role of mucins in forming a barrier
againstinfection in the respiratory tract, the high MUC20 expression
inciliated epithelial cells from the bronchus®? and the detection of the
MUC20eQTL inpulmonarytissue (Supplementary Note 11), we suggest
that the greater resistance to infection conferred by the Neanderthal
haplotype may result from a similar effect on MUC20 expression in
the respiratory tract.

We note two main limitations of our results. First, our samples mostly
originate from male individuals, so the impact of sex onimmune vari-
ationwas not addressed. Sex has awidespread yet moderate effect on
both transcriptional responses to microbial threats® and the genetic
regulation of gene expression®, supporting the transferability of our
main conclusions. Nonetheless, examining sex-balanced cohorts will
enable the characterization of possible sex-specific differences at
the population scale. Second, given the sample sizes and cell counts
neededto accurately define population variation inimmune activity, we
focused onasingle system (PBMCs) and selected viral strains. Although
PBMCs constitute a valuable model to characterize peripheralimmune
activation by SARS-CoV-2"'°, they provide anincomplete representation
of the pulmonary epithelium—the primary infection site for respiratory
viruses. However, we found that 38% of the eQTLs identified in this
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study are also detected in lung tissue®, rising to 72% for eQTLs shared
acrossimmune lineages (Supplementary Note 11and Supplementary
Table 9b). Further studies are needed to examine the transferability
of our findings to other cell types and to investigate how diverse viral
strains affect the dynamics of host responses to SARS-CoV-2.

Overall, our results highlight the value of single-cell approaches in
capturing the full diversity of peripheral immune responses to RNA
viruses, particularly SARS-CoV-2, and provide insights into environ-
mental, geneticand evolutionary drivers ofimmune response variation
across individuals and populations.
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Methods

Sample collection

The individuals of self-reported African (AFB) and European (EUB)
descent studied are part of the EVOIMMUNOPOP cohort®. In brief,
390 healthy male donors (188 AFB and 202 EUB) were recruited between
2012 and 2013 in Ghent (Belgium), thus, before the COVID-19 pandemic.
Blood was obtained from the healthy volunteers, and the PBMC fraction
was isolated and frozen. Inclusion in the current study was restricted
to 80 nominally healthy individuals of each ancestry, aged between 19
and 50years at the time of sample collection. Donors of African descent
originated from West Central Africa, with >90% being born in either
Cameroon or the Democratic Republic of Congo. For this study, 71addi-
tionalindividuals of East Asian descent (ASH) were included, of whom 62
wereretained after quality control (see the ‘scRNA-seq library prepara-
tionand data processing’section). ASHindividuals were recruited at the
School of Public Health, University of Hong Kong, and were includedina
community-based sero-epidemiological COVID-19 study (research pro-
tocolnumberJTW2020.02). Inclusion for the study described here was
restricted tonominally healthy ASH individuals (30 menand 41 women)
aged between 19 and 65 years of age and seronegative for SARS-CoV-2.
Samples were collected at the Red Cross Blood Transfusion Service
(Hong Kong) where the PBMC fraction wasisolated and frozen. Target
sample sizes were determined to ensure >80% power for the detection
of eQTLs with R2 higher than 0.2, ataP<5x10~° threshold.

In this study, we refer to individuals of Central African (AFB), West
European (EUB) and East Asian (ASH) ancestries to describe individuals
who are genetically similar (that is, lowest F¢; values) to populations
from West-Central Africa, Western Europe and East Asia, using the
1000 Genomes (1KG) Project® data as a reference (Supplementary
Fig.1a). Notably, the AFB, EUB and ASH samples present no evidence
ofrecent geneticadmixture with populations originating fromanother
continent, besides two AFB donors who respectively present 22% of
Near Eastern- and 25% of European-ancestries. Such amoderate level
of admixture in fewer than 1% of individuals is unlikely to have any
significant impact on the results presented.

All of the samples were collected after written informed consent
was obtained from the donors, and the study was approved by the
ethics committee of Ghent University (B670201214647), the Insti-
tutional Review Board of the University of Hong Kong (UW 20-132),
and the relevant French authorities (CPP, CCITRS and CNIL). This
study was also monitored by the Ethics Board of Institut Pasteur
(EVOIMMUNOPOP-281297).

Genome-wide DNA genotyping

The AFB and EUB individuals were previously genotyped at 4,301,332
SNPs, using the Omni5 Quad BeadChip (Illumina) with processing as
previously described™. The additional 71 ASH donors were genotyped
separately at 4,327,108 SNPs using the Infinium Omni5-4 v.1.2 BeadChip
(Ilumina). We updated SNPidentifiersbased onllluminaannotationfiles
(https://support.illumina.com/content/dam/illumina-support/docu-
ments/downloads/productfiles/humanomnis-4/v1-2/infinium-omni5-
4-v1-2-al-b144-rsids.zip) and called the genotypes of all ASH individuals
jointly on GenomeStudio (v.2011.1; https://www.illumina.com/tech-
niques/microarrays/array-data-analysis-experimental-design/genom-
estudio.html). We then removed SNPs with (1) no ‘rs’ identifiers or with
no assigned chromosome or genomic position (n =14,637); (2) dupli-
cated identifiers (n=5,059); or (3) a call rate of <95% (n=10,622). We
then used the 1KG Project Phase 3 data® as a reference for merging
the ASH genotyping data with that of AFB and EUB individuals and
detecting SNPs misaligned between the three genotype datasets. Before
merging, we removed SNPs that (1) were absent from either the Omni5
or 1KG datasets (n =469,535); (2) were transversions (n =138,410);
(3) had incompatible alleles between datasets, before and after allele
flipping (n =1,250); and (4) had allele frequency differences of more

than 20% between the AFB and Luhya from Webuye, Kenya (LWK) and
Yoruba fromIbadan, Nigeria (YRI), or between the EUB and Utah resi-
dents with Northernand Western European ancestries (CEU) and British
individuals from England and Scotland (GBR), or between the ASH and
SouthernHan Chinese (CHS) (n=777).Once the datahad been merged,
we performed principal componentanalysis (PCA) using PLINK (v.1.9)*
and ensured that the three study populations (that is, AFB, EUB and
ASH) overlapped withthe corresponding 1KG populations, to exclude
batch effects between genotyping platforms (Supplementary Fig.1a).
The final genotyping dataset included 3,723,840 SNPs.

Haplotype phasing and imputation

After merging genotypes from AFB, EUB and ASH donors, we filtered
genotypes for duplicates with beftools norm --rm-dup all (v.1.16)%
and lifted allgenotypes over to the human genome assembly GRCh38
with GATK’s (v.4.1.2.0) LiftoverVcfusing the RECOVER_SWAPPED_ALT_
REF=TRUE option®. We then filtered out duplicated variants again
before phasing genotypes with SHAPEIT4 (v.4.2.1)°° and imputing
missing variants with Beagle5.1 (v.18May20.d20), treating each
chromosome separately. For both phasing and imputation, we used
the genotypes of 2,504 unrelated individuals from the 1KG Project
Phase 3 dataas areference (downloaded from http://ftp.1000genomes.
ebi.ac.uk/voll/ftp/release/20130502 and lifted over to GRCh38) and
downloaded genetic maps from the GitHub pages of the associated
software (thatis, SHAPEIT4 for phasing and Beagle5.1 for imputation).
A third round of duplicate filtering was performed after phasing and
before imputation using Beagle5.1 (v.18May20.d20)°. Phasing was
performed using the setting --pbwt-depth=8 and imputation was
performed assuming an effective population size (N,) of 20,000. The
quality of imputation was assessed by cross-validation; specifically, we
performed 100 independent rounds of imputation excluding 1% of the
variants and compared the imputed allelic dosage with the observed
genotypes for these variants (Supplementary Fig. 1b,c). The results
obtained confirmed that imputation quality was satisfactory, with
98% of common variants (that is, MAF > 5%) having an r*> 0.8 for the
correlation between observed and imputed genotypes (>95% con-
cordance for 96% of common variants). After imputation, variants
with a MAF <1% or with a low predicted quality of imputation (that is,
DR2 < 0.9) were excluded, yielding a final dataset 0f 13,691,029 SNPs
for downstream analyses.

Viruses used in this study

To evaluate population differences in the immune responses to
SARS-CoV-2, we chose the viral strain that circulated in France at
the time of our experiments (Autumn 2020). This reference strain
(BetaCoV/France/GE1973/2020) was supplied by the National Reference
Centre for Respiratory Viruses hosted by Institut Pasteur and headed
by S. van der Werf. The human sample from which the strain was iso-
lated was provided by L. Andreoletti from the Robert Debré Hospital.
To characterize the distinctive features of SARS-CoV-2 responses, we
included in our study the IAV as a reference comparison of another
respiratory RNA virus. Specifically, we chose the PR8 strain (IAV, PR/8,
HIN1/1934) based on our previous experience with this virus, its avail-
ability inthelaboratory and its ability to trigger IFN responses in healthy
human donors**®2, The PRS strain used was purchased from Charles
River Laboratories (3X051116) and provided in ready-to-use aliquots
that were stored at -80 °C.

SARS-CoV-2stock production

To produce SARS-CoV-2, we used African green monkey kidney Vero
E6 cells that were tested for mycoplasma contamination and main-
tained at 37 °Cin 5% CO, in Dulbecco’s minimum essential medium
(DMEM) (Sigma-Aldrich) supplemented with 10% fetal bovine serum
(FBS, Dutscher) and 1% penicillin—-streptomycin (Gibco, Thermo Fisher
Scientific). Vero E6 cells were plated at 80% confluence in150 cm?flasks
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and infected with SARS-CoV-2 at a multiplicity of infection (MOI) of 0.01
in DMEM supplemented with 2% FBS and 1% penicillin-streptomycin.
After1h, theinoculum was removed and replaced with DMEM supple-
mented with 10% FBS and 1% penicillin-streptomycin, and cells were
incubated for 72 hat 37 °Cin 5% CO,. The cell culture supernatant was
collected and centrifuged for 10 min at 3,000 rpm to remove cellular
debris, and polyethylene glycol (PEG; PEG8000, Sigma-Aldrich) precipi-
tation was performed to concentrate the viral suspension. Inbrief, 11 of
viral stock was incubated with 250 ml of 40% PEG solution (that is, 8%
PEGfinal) overnightat4 °C. The suspension was centrifuged at10,000g
for30 minat4 °Candtheresulting pellet was resuspended in 100 ml of
RPMImedium (Gibco, Thermo Fisher Scientific) supplemented with10%
FBS (hereafter R10) and viral aliquots were stored at -80 °C. SARS-CoV-2
viral titres were determined using a focus-forming unit assay as previ-
ously described®. In brief, Vero E6 cells were plated in a 96-well plate
with 2 x 10* cells per well. The cellular monolayer was infected with
serial dilutions (1:10) of viral stock and overlaid with a semi-solid 1.5%
carboxymethylcellulose (Sigma-Aldrich) and1x MEM mediumfor 36 h at
37 °C.Cells were then fixed with 4% paraformaldehyde (Sigma-Aldrich),
and permeabilized with 1x phosphate-buffered saline, 0.5% Triton
X-100 (Sigma-Aldrich). Infectious foci were stained with a human
anti-SARS-CoV-2 spike antibody (H2-162, Hugo Mouquet’s laboratory,
Institut Pasteur) and the corresponding HRP-conjugated secondary anti-
body (Sigma-Aldrich). Fociwere stained using a3,3’-diaminobenzidine
staining solution (DAB, Sigma-Aldrich) and counted using the BioSpot
suite of the C.T.L. ImnmunoSpot S6 Image Analyzer.

Invitro peripheral blood mononuclear cell stimulation

We performed scRNA-seq analysis of SARS-CoV-2-, IAV- and mock-
stimulated (referred to as the non-stimulated condition) PBMCs from
healthy donors (80 AFB, 80 EUB and 71 ASH) in 16 experimental runs.
Wefirst performed akinetic experiment (run1) onsamples from4 AFB
and 4 EUBindividuals stimulated for 0, 6 and 24 h to validate ourin vitro
model across different timepoints (Supplementary Note 1, Supplemen-
tary Fig. 2 and Supplementary Table 2). The 6 h timepoint was identi-
fied as the optimal timepoint for the analysis (Supplementary Note 1).
We then processed the rest of the cohort, over runs 2to 15. Finally, we
reprocessed some samples (run 16) to assess the technical variability
in our setting and to increase in silico cell counts (see the ‘scRNA-seq
library preparation and data processing’ section). Ancestry-related
batch effects were minimized by scheduling sample processing to
ensure a balanced distribution of AFB, EUB and ASH donors within
each run. Donors used for feach run were randomly selected within
each population.

For each run, cryopreserved PBMCs were thawed in a 37 °C water
bath, transferred to 25 ml of R10 medium (that is, RPMI 1640 supple-
mented with 10% heat-inactivated FBS) at 37 °C, and centrifuged at 300g
for 10 min at room temperature. Cells were counted, resuspended
at 2 x10° cells per ml in warm R10 in 25 cm? flasks, and rested over-
night (that is, 14 h) at 37 °C. The next morning, PBMCs were washed
and resuspended at a density of 3.3 x 10° cells per ml in R10; 120 pl
of a suspension containing 4 x 10° cells from each sample was then
plated in a 96-well untreated plate (Greiner Bio-One) for each of the
three sets of stimulation conditions. We added 80 pl of either R10
(non-stimulated), SARS-CoV-2 or IAV stock (corresponding to 4 x 10°
focus-forming units diluted in R10) to the cells, so as to achieve amul-
tiplicity of infection (MOI) of 1and an optimal PBMC concentration of
2 x10°cells per ml. Cells were incubated at 37 °C for 0, 6 or 24 hfor the
kinetic experiment (run 1), and for 6 h for all subsequent runs (runs 2
to16),inabiosafety level 3 (BSL-3) facility at Institut Pasteur, Paris. The
plates were then centrifuged at 300g for 10 minand supernatants were
stored at 20 °C until use (see ‘Supernatant cytokine assays’ section).
All of the samples from the same run were resuspended in Dulbecco’s
phosphate-buffered saline (Gibco), supplemented with 0.04% bovine
serumalbumin (BSA, Miltenyi Biotec), and multiplexed in eight pools

according to a pre-established study design (Supplementary Fig. 3a
and Supplementary Table 3a). The cells from each pool were counted
using the Cell Countess Il automated cell counter (Thermo Fisher
Scientific) and the cell density was adjusted to 1,000 viable cells per pl
0f 0.04% BSAin phosphate-buffered saline. When performing stimula-
tions, researchers were blinded to the genotype and environmental
exposures of the individual.

scRNA-seq library preparation and data processing

We generated scRNA-seq cDNA libraries using the Chromium Control-
ler (10x Genomics) according to the manufacturer’s instructions for
the Chromium Single Cell 3’ Library and Gel Bead Kits (v.3.1). Library
quality and concentration were assessed using the Agilent 2100 Bio-
analyzer and aQubit fluorometer (Thermo Fisher Scientific). The final
products were processed for high-throughput sequencing on aHiSegX
platform (Illumina).

Paired-end sequencingreads from each of the 133 scRNA-seq cDNA
libraries (13 libraries from the kinetic experiment and 120 from the
population-level study) were independently mapped onto the concat-
enated human (GRCh38), SARS-CoV-2 (hCoV-19/France/GE1973/2020)
and IAV (A/Puerto Rico/8/1934(H1IN1)) genome sequences using the
STARsolo aligner (v.2.7.8a)** (Supplementary Fig. 3b). We obtained a
mean of 10,785 cell-containing droplets per library, and each droplet
was assigned to its sample of origin with Demuxlet (v.0.1)%, based on
thegenotyping dataavailable for each individual. Singlet/doublet calls
were compared with the output of Freemuxlet (v.0.1)* to ensure good
agreement (Supplementary Fig. 3c-e). We loaded feature-barcode
matrices forall cell-containing droplets identified as singlets by Demux-
let in each scRNA-seq library onto a SingleCellExperiment (v.1.14.1)
object®. Data from barcodes associated with low-quality or dying cells
were removed with a hard threshold-based filtering strategy based
on three metrics: cells with fewer than 1,500 total unique molecular
identifier (UMI) counts, 500 detected features or amitochondrial gene
content exceeding 20% were removed from each sequencing library
(Supplementary Fig. 3f). We also discarded samples from nine ASH
donors from whom fewer than 500 cells were obtained in at least one
condition (Supplementary Fig. 3g).

We then log-normalized raw UMI counts with a unit pseudocount
and library size factors (that is, the number of reads associated with
each barcode) were calculated with quickClusters and computeSum-
Factors from the scran package (v.1.20.1)*”. We then calculated the
meanand variance of log-transformed counts foreach gene and broke
the variance down into a biological and a technical component with
the fitTrendPoisson and modelGeneVarByPoisson functions of scran.
This approach assumes that technical noise is Poisson-distributed
and simulates Poisson-distributed data to derive the mean-variance
relationship expected in the absence of biological variation. Excess
variance relative to the null hypothesis is considered to correspond
tothe biological variance. We retained only those genes for which the
biological variance component was positive withan FDR below 1%. We
used this filtered feature set and the technical variance component
modelled from the data to run PCA with denoisePCA from scran, thus
discarding later components more likely to capture technical noise.
Doublets (that is, barcodes assigned to cells from differentindividuals
capturedinthesamedroplet) are likely to be in close neighbourhoods
when projected onto a subspace of the data of lower dimensionality.
Wetherefore used a k-nearest neighbours approach todiscard cryptic
doublets (thatis, barcodes associated to different cells from the same
individual capturedinthe same droplet). Barcodesidentified as singlets
by Demuxlet but having over 5 out of 25 doublet nearest neighboursin
the PCA space werereassigned as doublets and excluded from further
analyses (Supplementary Fig. 3h).

After data preprocessing, we performed a second round of UMI count
normalization, feature selection and dimensionality reductionon the
cleaned datato avoid bias due to the presence of low-quality cells and
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cryptic doublets. Differences in sequencing depth were equalized
between batches (thatis, sequencing libraries) using multiBatchNorm
from batchelor (v.1.8.1) to scale library size factors according to the
ratio of mean counts between batches®® (Supplementary Fig. 3i). We
accounted for the different mean-variance trends in each batch, by
applying modelGeneVarByPoisson separately for each sequencing
library, and then combining the results for all batches with combi-
neVar from scran®. We then bound all 133 separate preprocessed
feature-barcode matrices into a single merged SingleCellExperiment
object, log-normalized UMI counts according to the scaled size fac-
tors and selected genes with mean log-expression values over 0.01 or
abiological variance compartment exceeding 0.001 (Supplementary
Fig. 3j). Onthebasis of this set of highly variable genes and the variance
decomposition, we then performed PCA on the whole dataset using
denoisePCA, and then used Harmony (v.0.1.0) on the PCs to adjust for
library effects®.

Clustering and cell type assignment

We performed cluster-based cell type identification in each stimula-
tion condition, according to afour-step procedure. We first performed
low-resolution (res. parameter = 0.8) shared nearest-neighbour
graph-based (k = 25) clustering using FindClusters from Seurat (v.4.1.1)
with assignment to one of three meta-clusters (that is, myeloid, Blym-
phoid and T/NKlymphoid) on the basis of the transcriptional profiles
of the cells for canonical markers (for example, CD3E-F, CD14, FCGR3A,
MS4A1) (Supplementary Fig. 4a,b). We next performed a second round
of clustering at higher resolution (res. parameter = 3) within each
meta-cluster and stimulation condition (Supplementary Fig. 4c). We
systematically tested for differential expression between each cluster
and the other clusters of the same meta-cluster and stimulation condi-
tion. This made it possible to define unbiased markers (|log,FC| # O,
FDR < 0.01) for each cluster (Supplementary Fig. 4d). We then used
these expression profiles of these genes to assign each cluster manu-
ally toone of 22 different cell types (Supplementary Fig. 4e), which, for
some analyses, were collapsed into five major immune lineages. This
step was performed in parallel by three investigators to consolidate
consensus assignments. We also used cellular indexing of transcrip-
tomes and epitopes by sequencing (CITE-seq) data, generated for a
subset of cells (2% of the whole dataset), to validate our assignments
and redefine clusters presenting ambiguous transcriptional profiles
(for example, memory-like NK cells; Supplementary Fig. 4f).

By calling cell types from high-resolution, homogeneous clusters,
assigned independently for each lineage and stimulation condition
(thatis, non-stimulated, SARS-CoV-2,and IAV), we were able to preserve
muchofthe diversity in our dataset, while avoiding potential confound-
ing effects due to the stimulation conditions. However, some clusters
were characterized by markers associated with different cell types.
Most of these clusters corresponded to mixtures of similar cell types
(forexample, the expression of CD3E, CD8A, NKG7 and CD16 suggested
amixture of cytotoxic CD8* T and NK cells) and were consistent with
the known cell hierarchy. Other, less frequent clusters expressed acom-
bination of markers usually associated with lineages originating from
different progenitors (for example, CD3E and CD19, associated with T
and B lymphocytes, respectively). These clusters were considered to
be incoherent and were discarded. In the fourth and final step of our
procedure, we used linear discriminant analysis to resolve withineach
condition the mixtures that were consistent with the established cell
hierarchy, to obtain afinal cell assignment (Supplementary Fig.4g,h).
For clusters of mixed identity AB, we built atraining dataset from 10,000
observations sampled fromthe set of cells called as A or B, preserving
the corresponding frequencies of these cells inthe whole dataset. We
thenused amodeltrained on these datato predict the specific cellular
identities within the mixed cluster.

Cellabundance from eachimmune lineage/cell type was compared
between non-stimulated and SARS-CoV-2-/IAV-stimulated conditions,

using Wilcoxon’s signed-rank test matching on the individual. FDR
was calculated across all conditions and lineages with the Benjamini-
Hochberg procedure (p.adjust function with the ‘fdr’ method). Viral
stimulation had a moderate effect on the estimated cell proportions
and, although significant differences were detected, the total number
of cells per cell type was generally consistent across conditions (Sup-
plementary Note 2 and Supplementary Table 3e).

Cellularindexing of transcriptomes and epitopes by sequencing
To confirm the identity of specific cell types expressing ambiguous
markers at the RNA level, during the last experimental run (run 16),
half the cells from each experimental condition were used to per-
form CITE-seq, according to the manufacturer’s instructions (10x
Genomics). PBMCs were washed, resuspended in chilled 1% BSA in
phosphate-buffered saline and incubated with human TruStain FcX
blocking solution (BioLegend) for 10 minat4 °C. Cells were thenstained
witha cocktail of TotalSeq-B antibodies (BioLegend) previously centri-
fuged at14,000g for 10 min (Supplementary Table 3b). The cells were
incubated for 30 min at 4 °C in the dark and were then washed three
times. Cell density was then adjusted to 1,000 viable cells per plin 1%
BSA in phosphate-buffered saline. We generated scRNA-seq libraries
and cell protein libraries (L131-L134) with the Chromium Single Cell
3’Reagent Kit (v.3.1), using the Feature Barcoding technology for Cell
Surface Proteins (10x Genomics).

Supernatant cytokine assays

Before protein analysis, sample supernatants were treated in the BSL-3
facility toinactivate the viruses, according to a published protocol for
SARS-CoV”, which we validated for SARS-CoV-2.In brief, all of the sam-
ples were treated with 1% (v/v) Triton X-100 (Sigma-Aldrich) for2 hat
roomtemperature, which effectively inactivated both SARS-CoV-2 and
IAV. The protein concentration was then determined with acommercial
Luminex multi-analyte assay (Biotechne, R&D Systems) and the SIMOA
Homebrew assay (Quanterix). For the Luminex assay, we used the XL
PerformanceKitaccording to the manufacturer’sinstructions, and pro-
teins were determined using the Bioplex 200 (Bio-Rad) system. Further-
more, IFNa, IFNy (duplex) and IFN (single-plex) protein concentrations
were quantified in SIMOA digital ELISA tests developed as Quanterix
Homebrews according to the manufacturer’s instructions (https://
portal.quanterix.com/). The SIMOA IFN« assay was developed with
two autoantibodies specific for IFNaisolated and cloned (Evitria) from
two patients with autoimmune polyglandular syndrome type 1 (also
known as autoimmune polyendocrinopathy-candidiasis-ectodermal
dystrophy)”™ and covered by patent application WO2013/098419.
These antibodies can be used for the quantification of all IFNa sub-
types with a similar sensitivity. The 8H1 antibody clone was used to
coat paramagnetic beads ataconcentration of 0.3 mg ml™ foruseasa
capture antibody. The 12H5 antibody was biotinylated (biotin/antibody
ratio =30:1) and used as the detector antibody, at a concentration of
0.3 pg ml™. The SBG enzyme for detection was used at aconcentration
of 150 pM. Recombinant IFNa17/al (PBL Assay Science) was used as
calibrator. For the IFNy assay, the MD-1antibody clone (BioLegend) was
used to coat paramagnetic beads at a concentration of 0.3 mg ml™ for
use as a capture antibody. The MAB285 antibody clone (R&D Systems)
was biotinylated (biotin/antibody ratio = 40:1) and used as the detec-
tor antibody at a concentration of 0.3 pg ml™. The SBG enzyme used
for detection was used at a concentration of 150 pM. Recombinant
IFNy protein (PBL Assay Science) was used as a calibrator. For the IFN3
assay, the 710322-9 1gGl1, kappa, mouse monoclonal antibody (PBL
Assay Science) was used to coat paramagnetic beads at a concentra-
tion of 0.3 mg ml™, for use as a capture antibody. The 710323-9 IgG1
kappa mouse monoclonal antibody was biotinylated (biotin/antibody
ratio =40:1) and used as the detector antibody at a concentration of
1pg ml™. The SBG enzyme for detection was used at a concentration
of 50 pM. Recombinant IFN protein (PBL Assay Science) was used
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asa calibrator. The limit of detection of these assays was 0.8 fg ml™
for IFNa, 20 fg mI™ for IFNy and 0.2 pg ml™ for IFN, considering the
dilution factor of 10.

Flow cytometry

Frozen PBMCs from three AFB (CMV*) and six EUB (three CMV"*,
three CMV') donors were thawed and allowed to rest overnight, as
previously described. For each donor, 10° cells were resuspended in
phosphate-buffered saline supplemented with 2% FBS and incubated
with human Fc blocking solution (BD Biosciences) for 10 min at 4 °C.
Cells were then stained with the following antibodies for 30 min at
4°C:CD3VioGreen (BW264/56, Miltenyi Biotec), CD14 V500 (M5E2, BD
Biosciences), CD57 Pacific Blue (HNK-1, BioLegend), NKp46 PE (9E2/
NKp46, BD Biosciences), CD16 PerCP-Cy5.5 (3G8, BD Biosciences), CD56
APC-Vio770 (REA196, Miltenyi Biotec), NKG2A FITC (REAL10, Miltenyi
Biotec) and NKG2C APC (REA205, Miltenyi Biotec). The cells were then
washed and acquired on the MACSQuant cytometer (Miltenyi Biotec),
and the data were analysed using FlowJo (v.10.7.1)7.

Quantification of batch effects and replicability

Once all the samples had been processed, we used the kBET metric
(v.0.99.6)7 to assess the intensity of batch effects and to quantify the
relative effects of technical and biological variation on cell clustering.
Thismade it possible to confirm that the variation across libraries, and
across experimental runs, remained limited relative to the variation
across individuals or across conditions (Supplementary Fig. 5a). We
used technical replicates to assess the replicability of our observations
acrossindependent stimulations. Agreement was good between the cell
proportions and the ISG activity scores inferred across independent
runs (r>0.82, P< 7.6 x10™) (Supplementary Fig. 5b,c).

Pseudobulk estimation, normalization and batch correction
Individual variation in gene expression was quantified at two resolu-
tions: five major immune lineages and 22 cell types. We aggregated
raw UMI counts from all high-quality single-cell transcriptomes
(n=1,047,824) into bulk expression estimates by summing gene
expression values across all cells assigned to the same lineage/cell
type and sample (that s, individual and stimulation conditions) using
the aggregateAcrossCells function of scuttle (v.1.2.1)’*. We then nor-
malized the raw aggregated UMI counts by library size, generating
3,330 lineage-wise (222 donors x 3 sets of conditions x 5 lineages)
and 14,652 cell type-wise (666 samples x 22 cell types) pseudobulk
counts-per-million (CPM) values, for all genes in our dataset. CPM
values were then log,-transformed, with an offset of 1 to prevent non-
finite values and to stabilize variation for weakly expressed genes.
Geneswithamean CPM <1acrossall conditions and lineages/cell types
were considered to be non-expressed and were discarded from further
analyses, leading to afinal set of 12,667 genes at the lineage level (12,672
genes when increasing granularity to 22 cell types), including 12 viral
transcripts. To quantify the experimental variation induced by the
experimental run, library preparation and sequencing, and to remove
unwanted batch effects, we first used the Imer function of the Ime4
package (v.1.1-27.1)" to fit a linear model of the following formin each
stimulation condition and for each lineage/cell type:

log(1+CPM,) =a +1ID; + LIB; + RUN; + FLOW, + ¢; )

where CPM;is the gene expressionin sample i (thatis, onereplicate of
agivenindividual and set of experimental conditions); ais the intercept;
1ID; ~ M0, op) captures the effect of the corresponding individual on
gene expression;LIB; ~ (0, 62 captures the effect of 10x Genomics
library preparation;RUN; ~ A0, 63,,y) captures the effect of the experi-
mental run; FLOW, ~ M0, 63 ,wcen) Captures the effect of the sequenc-
ing flow cell; and ¢; captures residual variation between samples.
We then subtracted the estimated value of the library, experimental

run and flow cell effects (as provided by the ranef function) from the
transformed CPMs of each sample, to obtain batch-corrected CPM
values. Finally, we averaged the batch-corrected CPM values obtained
across different replicates for the same individual and set of stimulation
conditions, to obtain final estimates of gene expression.

For each cell type and stimulation condition, an inverse-normal
rank-transformation was applied to the log,[CPM] of each gene, before
testing for differences in gene expression between populations and
mapping eQTL. Within each lineage and set of stimulation condi-
tions, we ranked, for each gene, the pseudobulk expression values
of all individuals, assigning ranks at random for ties, and replaced
each observation with the corresponding quantile from a normal
distribution with the same mean and s.d. as the original expression
data. Thisinverse-normal rank-transformation rendered downstream
analysesrobust to zero-inflationin the data and outlier values, while
maintaining the rank-transformed values on the same scale as the
original data.

Variance explained by lineage identity and viral exposure

We used CAR scores™ to quantify the fraction of gene expression vari-
ance thatis explained by variation across immune lineages and stimu-
lation conditions. First, we built per-gene linear models regressing
pseudobulk expression levels on two sets of dummy variables, encoding
bothlineage identity and stimulation condition. Specifically, we used
amodel of the form:

5 5

Expr”s=a+ Z ﬁ[ I{Iineage=|}+ Z z y[s I{Iineage=|andstim:s}+£ils (2)
=2 =2 s=2,3

Where Expr, is the log-transformed expression of the target gene for
donor,inlineage [and in the condition of stimulation s; ais theinter-
cept measuring the mean expression of the reference lineage (CD4"
Tcells) inthe non-stimulated state; 3,are parameters that capture the
mean difference (log-fold change) in expression between lineage [
andthereferencelineage; /is anindicator variable equal to1when the
subscript condition is met, and O otherwise; y,, are parameters that
capture the mean log-fold change in expression of lineage /inresponse
to stimulus s; and €, are normally distributed residuals. We then ran
the carscore function from care R package (v.1.1.11)"° on each model,
setting A= 0 (thatis, no shrinkage), to obtain the CAR score associated
witheach parameter. Inbrief, care decorrelates aset of predictors using
aMahalanobis whitening transformation and computes CAR scores as
marginal correlations between these decorrelated predictors and the
response variable. This enables direct estimation of the contribution
of each predictor to the variance of the response variable as the square
of its CAR score. The variance explained by cellular identity (lineage)
and stimulation is then computed as:

5 5
Valjpeage= 2. CAR(B)? and Varg,= ) D> CAR(y)’ 3)
= [=2 5512

ISG activity calculation

ISGs strongly respond to both viruses across all lineages/cell types.
We therefore evaluated each donor’s ISG expression level in the basal
state or after stimulation with either SARS-CoV-2 or IAV by construct-
ing an ISG activity score. For the human genes in our filtered gene set
(n=12,655), we defined as ISGs (n =174) those genes included in the
union of GSEA’s hallmark (https://www.gsea-msigdb.org/gsea/msigdb/
genesets.jsp?collection=H) IFNa response and IFNy response gene
sets, but excluded those from the inflammatory response set. We then
used AddModuleScore from Seurat (v.4.1.1)” to measure ISG activity
asthe mean pseudobulk expression level of ISGsin each sample minus
the mean expression for one hundred randomly selected non-ISGs
matched for mean magnitude of expression. Inall analyses, ISG activity
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scores were adjusted for cell mortality of the sample by fitting amodel
of the form:

ISG; =a+/§p Population, + B, CellMortality, + ¢; (4)

and subtracting the effect of cell mortality from the raw ISG scores. In
this model, ISG; denotes the ISG activity score of individual i; a is the
intercept, Population;and CellMortality; are variables reflecting the
donor’s population and the cell mortality of the sample; 8,and 8, are
parameters capturing the effect of the population and cellmortality on
ISG activity; and ¢; are normally distributed residuals. The difference
in variance of ISG activity between SARS-CoV-2 and IAV was assessed
using Levene’s test. For comparisons with SIMOA-estimated IFN levels,
the carscore function from the care R package™ was used to model ISG
activity as a function of levels of IFNa, IFNf and IFNy, adjusting for
population, age, sex and cell mortality. The percentage of ISG variance
attributable to each IFN (a, 3, or y) was estimated as the square of the
resulting CAR scores.

Testing for differencesinlineage/cell type abundance between
populations

We compared immune cell abundance between donors of African and
Europeanancestries by contrasting the average number and percentage
of cells assigned to each lineage/cell type between donors from both
populations. To assess the statistical significance of population dif-
ferencesin celltype frequency, we first corrected cellular frequencies
for the confounding effects of age, cell mortality and total number of
cells in each sample (that is, donor x condition) using a linear model
of the form

CellularFrequency,,

=a +ﬂp Population, + 8 Age,

5
+ B, CellMortality,+ B, NCells; +¢; ©)

and subtracting the effect of these three covariates from the raw cell
frequencies. Inthis model, CellularFrequency,,denotes the frequency/
number of the lineage/cell type c under consideration in individual i
and conditions; aistheintercept; Population, Age, CellMortality;and
NCells, are variables reflecting the donor’s age and population, the
cell mortality of the sample and the total number of cells recovered
in condition s; B, B, B»and B. are parameters capturing the effect of
these covariates on cellular composition; and ;are normally distributed
residuals. The adjusted cell frequencies were then compared between
populations using Wilcoxon’s rank-sum tests.

Mapping the genetic determinants ofimmune cell composition
We performed genome-wide association studies of the proportions of
eachimmune lineage/cell type in the different stimulation conditions.
In brief, we used PLINK (v.1.9)® to estimate at each locus the additive
effect of each copy of the alternate allele on two quantitative traits:
(1) the number of cells of each lineage relative to total number of cells
in the sample and (2) the number of cells of each cell type relative to
the lineage under consideration. In total, we performed 79 GWASs:
one for each of the 27 immune classes (5 lineages and 22 cell types),
in each of the 3 experimental conditions (except for the IAV-infected
CD14" monocytes, whichare only presentinthe IAV condition).Ineach
GWAS, we modelled cell type frequencies across individuals as

CellularFrequency,, = a+f SNP; +,Bp Population; + B Sex; + B, Age;

6
+ B, CellMortality, + 8, NCells; +¢; 6)

where the CellularFrequency,; is the rank-transformed percentage
of lineage/cell type cin the sample (that is, among cells from donor i
in condition s); SNPi is the number of alternative alleles of donor i for
the target SNP; Population,, Sex; and Age; are variables reflecting the
donor’s characteristics (population of origin, genetic sex and age);

CellMortality,and NCells, are variables reflecting technical parameters
(respectively, the percentage of dead cells after thawing the cryopre-
served PBMCs and the count of high-quality cells in the sample); 8, 5,
B., B, B, and B, are parameters capturing the effect of these variables
on cellular composition; and &; are normally distributed residuals.
For each SNP, we used Bonferroni correction to adjust for the number
cell types and the condition tested and considered P,;; < 5 x10® as
genome-wide significant. Winner’s curse-adjusted Z-score and R were
computed using FDR inverse quantile transformation’.

Effect of CMV infection on cell composition

We determined the CMV serostatus of AFB (n=78), EUB (n=80) and
ASH (n=49) donors with a human anti-IgG CMV ELISA kit (Abcam) on
plasma samples, according to the manufacturer’s instructions. We
assessed the contribution of CMV infection to differences in cellular
composition between Africans and Europeans using mediation analysis.
Specifically, we used the mediate function of the mediation package
of R (v.4.5.0)*° to model the frequency of each cell type, as a function
of population, CMV serostatus and covariates :

CellularFrequency,=a+B CMV,+6 I[P+ Z] -y +¢ (7)

logit(Prob(CMV,;=1)) =a’+ &' 1FB+ 2T -y’ (8)

where CellularFrequency;corresponds to the basal state frequency of
the cell type under consideration; a and &’ are two intercepts; S is the
effect of the CMV serostatus (CMV,) on cellular proportions; § and §’
are the (direct) effect of population (captured through the indicator
variable /*"B) on cell type frequency and CMV serostatus; yand y’ cap-
ture the confounding effect of covariates (that s, age and cell mortal-
ity) on both gene expression and CMV serostatus; and &;are normally
distributed residuals. Under this model, we implicitly assumed that
the effect of CMV serostatus is the same across populations. Although
this assumption cannot be tested due to the lack of CMV~ individuals
in the African group, we used an interaction test to evaluate whether
the effect of CMV serostatus on cell composition is similar between
European and East Asian donors (Supplementary Note 4 and Supple-
mentary Fig. 7). To do so, we defined the following model, with the
same notations as before

CellularFrequency,= a+ B CMV,+6 I} + 0 CMV IS+ Z] -y +g; (9)

and performed aStudent’s ¢-test for the null hypothesis that the effect
of CMV is the same in Europeans and East Asians (H,: 6= 0).

Modelling population effects on the variation of gene expression
To estimate population effects on gene expression while mitigating any
potential batch effect relating to sample processing, we first focused
exclusively on AFB and EUB individuals, as all these individuals were
recruited during the same sampling campaign and their PBMCs were
processed at the same time, with the same experimental procedure’®,
For eachimmune lineage, cell type, stimulation condition and gene,
we then built a separate linear model of the form:

Expr =a+B I[P+ Z] -y+g (10)
where Expr;is the rank-transformed gene expression (log-normalized
CPM) for individual i in the lineage/cell type and condition under con-
sideration;l,-EUB isanindicatorvariable equalto1for European-ancestries
individuals and 0 otherwise; and Z;represents the set of core covariates
of the sample that includes the individual’s age and cellular mortality
(thatis, the proportion of dying cells in each thawed vial, as a proxy of
sample quality). Moreover, €;are the normally distributed residuals and
a,B,yarethefitted parameters of the models. In particular, ais the inter-
cept, B, indicates the log,-transformed fold change difference in



expression between individuals of Europeanand African ancestries, and
y captures the effects of the set of core covariates on gene expression.
We reasoned that differences in the variance of gene expression
between populations might inflate the number of false positives. We
therefore used the vcovHC function of sandwich (v.2.5-1)® with the
Type="HC3’ option to compute sandwich estimators of variance that
are robust to residual heteroskedasticity. We estimated the S, coeffi-
cients and their standard error with the coeftest function of Imtest
(v.0.9-40)%. The FDR was calculated across all conditions and lineages
using the Benjamini-Hochberg procedure (p.adjust function with the
‘fdr’ method). Genes withan FDR <1% and |B,| > 0.2 were considered to
be differentially expressed between populations (that is, ‘raw’ pop-
DEGs). We adjusted for cellular composition within each lineage L by
introducinginto model (10) aset of variables (F;),c, encoding the fre-
quencyinthe PBMC fraction of each cell typejcomprising the lineage
(for example, naive, effector and regulatory subsets of CD4* T cells).
Expr}:a’+ﬂaI}5UB+Z,~T'y'+zjeL 6ij’,~+S,~ (11)
The notation is as above, with a,8,,)’ the fitted parameters of
the model. In this model, §;is the effect on gene expression of a 1%
increase in cell typejand 8, indicates the cell composition-adjusted
log,-transformed fold change in the difference in expression between
AFB and EUB individuals. The significance of 8, was calculated as
described above, with asandwich estimator of variance and the coeft-
est function. FDR was calculated across all conditions and lineages
toyield a set of “cell-composition-adjusted” popDEGs. We assessed
the impact of cellular composition on differences in gene expression
between populations, by defining Student’s ¢-test statistic T,z as follows:

__ BB b,
Y var(B-B)  $i+S1-208,8, 12

where ﬁ, and ﬁaare theraw and cell-composition-adjusted differences
inexpression between populations; §, and §, are the estimated stand-
ard error ofﬁr and ﬁa respectiAvely; aAndp is the observed correlation
inpermuted databetweenthe 8, and f, statistics. Under the null hypoth-
esis that population differences are not affected by cellular composi-
tion, 7,5 should follow an approximate Gaussian distribution with
mean 0 and variance, enabling the definition of a Pvalue P,;. We then
considered the set of raw popDEGs that (1) were not significant after
adjustment (FDR >1%or |3,] < 0.2) and (2) displayed significant differ-
ences between the raw and adjusted effect sizes (| T,z > 1.96) imputable
to the effect of cellular composition.

For the assessment of population differences in response to viral
stimuli (that is, popDRGs), we used the same approach, but with the
replacement of log-normalized counts with the log-fold change differ-
enceinexpressionbetween the stimulation conditions for each of the
two viruses and non-stimulated conditions.

Pathway enrichment analyses

We performed functional assessments of the effects of cellular compo-
sition variability on differencesin gene expressionbetween donorsin
the basalstate and inresponse to each virus, using the fgsea R package
(v.1.18.1)% and the default options. This made it possible to perform
agene set enrichment analysis with population differences in each
lineage ranked by the magnitude of the effect of ancestry on the expres-
sion or response of the gene before (B,) and after (8,) adjustment for
differences in cellular composition.

Fine mapping ofeQTL

For eQTL mapping, we used variants with MAF > 5% in at least one
of the three populations considered, resulting in a set 0f 10,711,657
SNPs, of which 4,164,060 were located <100 kb from a gene. We used
MatrixEQTL (v.2.3)% to map eQTLs in a100 kb region around each

gene and obtain estimates of eQTL effect sizes and their standard
error. eQTL mapping was performed separately for each immune
lineage/cell type and condition, based on rank-transformed gene
expression values. eQTL analyses were performed adjusting for
population, age, chromosomal sex, cell composition (within each
lineage), as well as cell mortality and total number of cells in the
sample, and a data-driven number of surrogate variables included
to capture unknown confounders and remove unwanted variability.
Specifically, for each immune lineage/cell type and condition, sur-
rogate variables were obtained using the sva function from the svaR
package (v.3.40.0)% with option method="two-steps’, providing all
other covariates as known confounders (mod argument). The number
of surrogate variables to use in each lineage/cell type and condition
was determined automatically based on the results from num.sv func-
tion with method="be’®.

For eachgene,immune lineage/cell type and stimulation condition,
Z-values (that is, the effect size of each eQTL divided by the standard
error of effect size) were then calculated, and the fine mapping of eQTLs
was performed using SuSiE (v.0.11.42)%¢ (susie_rss function of the
susieR R package), with adefault value of upto10independent eQTLs
per gene. Imputed genotype dosages were extracted ina100 kb window
around each gene and regressed against the population of origin (that
is, AFB, EUB or ASH). Genes with fewer than 50 SNPs in the selected
window were discarded from the analysis. Pairwise correlations
between the population-adjusted dosages were then assessed, to define
the genotype correlation matrix to be used for the fine mapping of
eQTLs. Inrare cases (<0.1% of tested gene x condition combinations),
the susie_rss function did not converge, even when the number of
iterations was increased to >10°. These runs were therefore discarded,
andtheassociated eQTLs were assigned a null Z-score during FDR com-
putation (see below). For each eQTL, theindex SNP was defined as the
SNP with the highest posterior inclusion probability (that is, the
parameter in the output of SuSiE) for that eQTL, and the 95% credible
interval was obtained as the minimal set of SNPs S such that a, > 0.01
forall s€ S and Y s a,>0.95. Only eQTLs with a log-Bayes factor
(Ibf) >3 were considered for further analyses.

For eachlineage and set of stimulation conditions, each eQTL iden-
tified by SuSiE was assigned an eQTL evidence score, defined as the
absolute Z-value of association between the eQTL index SNP and the
associated gene. We then used a pooled permutation strategy to define
the genome-wide number of significant eQTLs (that is, eQTL x gene
combinations) expected under the null hypothesis, for different
thresholds of the eQTL evidence score. We repeated the eQTL mapping
procedure on the dataset after randomly permuting genotype labels
within each population. We then counted, for each possible evidence
score threshold T, the number of eQTLs identified in the observed
and permuted data. Finally, we retained as a significance threshold
thelowest threshold giving several significant eQTLs in the permuted
data (false positives) of less than 1% the number of eQTLs identified in
the observed data (false positives + true positives).

Aggregation of eQTLs across cell types and stimulation
conditions

The eQTL index SNP may differ between cellular states (immune line-
age/cell type and stimulation condition), even in the presence of a
single causal variant. It is therefore necessary to aggregate eQTLs to
ensure that the same locus is tagged by a single variant across cellu-
lar states. To this end, we applied the following procedure, for each
gene: (1) let C, be the set of cellular states where a significant eQTL
was detected for gene g, and S, be the associated list of eQTLs (that s,
cellular state x index SNP). We aim to define aminimal set of SNPs, M,,
that overlaps the 95% credible intervals of all significant eQTLs in S,,.
(2) Foreach SNP sin a100-kb window around each gene, compute the
expected number of cellular states in which the SNP has a causal effect
on gene expression E[N.(s)] as:
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where PP is the posterior probability that SNP shas a causal effect on
the expression of gene gin the cellular statej (cell type x condition).
(3) Find the SNP s that maximizes E[N,(s)], and add it to M,. (4) Remove
from S, all eQTLs for which the 95% credible interval contains SNP s.
(5) Repeat steps1-3 until S, is empty.

At the end of this procedure, M, provides the list of independent
eQTL index SNPs (referred to as eSNPs) for gene g, for which we
extracted summary statistics across all cellular states.

Mapping of response eQTLs

For the mapping of response eQTLs (reQTLs), we repeated the same
procedure as for the mapping of eQTLs, using the rank-transformed
log,-fold change as input rather than gene expression. This included
reQTL mapping using MatrixEQTL®*, fine mapping with SuSiE®®,
permutation-based FDR computation, and aggregation of reQTL
across immune lineages, cell types and stimulation conditions. Sur-
rogate variables were computed directly from log,-transformed fold
changes. For IAV-infected monocytes (detected only in the IAV condi-
tion), fold changes were computed relative to CD14" monocytesinthe
non-stimulated condition. This produced alist ofindependent reQTL
index SNPs M, like that obtained for eQTLs, for which we extract sum-
mary statistics across all cellular states.

Sharing of eQTLs across cell types and stimulation conditions
After extracting the set M of independent eSNPs across all genes, we
defined cell-type-specificeQTLs as eQTLs significant genome-wideina
single cell type. We accounted for the possibility that some eQTLs may
be missed in specific cell types due to a lack of power by introducing
asecond definition of eQTL sharing based on nominal P values. Spe-
cifically, we considered an eQTL to be cell type-specific at a nominal
significance if, and only if, it was significant genome-wide in a single
celltype andits nominal Pvalue of association was greater than 0.01in
all other cell types. For each pair of cell types, the correlation of eQTL
effect sizes was calculated on the set of all eQTLs passing the nominal
significance criterion (Student’s ¢-test, P < 0.01) in at least one of the
two cell types. To understand how the effect of genetics on immune
response varies between SARS-CoV-2 and IAV, we defined an interac-
tionstatistic that enabled usto test for differencesin reQTL effect size
between the two viruses. Specifically, withineachimmune lineage/cell
type, we defined:

B\IAV - ﬁcov _ ﬂAIAV _Ecov

= 3 > 2 2
Var(ﬂmv _ﬁCOV) SiavtScov

(14)
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When the reQTL effect size is identical between the two viruses, we
expect T;,. to be normally distributed around O with variance 1, allow-
ing to derive an interaction P value. We therefore defined as virus-
dependent reQTLs those with a nominal interaction P< 0.01and as
virus-specific reQTLs those that passed anominal Pvalue threshold of
0.01in only one of the two stimulation conditions.

Comparison of eQTLs and eGenes across studies

To assess the replicability of the eQTLs detected in our study, we
compared the eGenes that we identified with those reported in three
single-cell studies of resting and stimulated PBMCs'*%8, For each study,
we first reassigned each reported cell type to one of the five major
lineages that we identified. We thenretrieved, for each lineage/condi-
tion, the union of all genes with a reported eQTL in at least one of the
cell types associated to that lineage, using the following thresholds:
ref. 87, P<107%; ref. 88, FDR < 0.05; ref. 19, Ifsr < 0.1. The resulting
gene sets were considered as eGenes for each lineage/condition.

Enrichments of eQTLs in previously identified eGenes were tested
for each study and lineage separately, using a Fisher’s exact test to
assess whether genes reported to contain an eQTL in a given lineage
were more likely to present an eQTL in the same lineage in our study.
For each comparison, we used as background sets all genes tested for
eQTLsin both studies. When the set of tested genes was not reported
inthe study, asreported previously®, we used the union of eQTL genes
across all cell types, as a proxy for the set of tested genes. For reQTLs,
we compared, for each lineage, genes with areQTL after IAV stimula-
tioninour study withgenes withan eQTL atIfsr < 0.1 specifically after
IAV stimulation (but not in non-stimulated cells) in ref. 19. Finally, we
compared the direction of effect at shared eQTLs between our study
(FDR < 0.01) and that of ref. 19 (Ifsr < 0.1), focusing on the eQTL index
SNPreported by the latter and assessing the percentage of eQTLs with
concordant direction of effectin our data.

To assess the extent to which our findings in PBMCs replicate in the
lung, we downloaded Genotype-Tissue Expression (GTEx) lung eQTL
data® from the eQTL catalogue (uniformly processed summary statis-
tics; http://ftp.ebi.ac.uk/pub/databases/spot/eQTL/sumstats/GTEXx/
ge/GTEx_ge_lung.all.tsv.gz). We next considered the index SNP from
each eQTL, focusing on the subset of genes with median TPM >10 in
thelungand eQTLs with MAF > 5% in the GTEx dataset. We considered
any eQTL with (1) P< 0.01inthe lung and (2) the same effect direction
betweenlungand thelineage/cell type/conditionin whichitis the most
significantinourstudy as replicated. Asa comparison, we evaluated the
amount of eQTLs that would be replicated when selecting SNPs at ran-
dom, matching for MAF in GTEx (bins of 5%) and the distance between
the eQTLindex SNPs and the nearest gene (thatis, bins of 0-1,1-5,5-10,
10-20,20-50 and 50-100 kb), and computed the fold-enrichment
inreplicated eQTLs as the ratio between the observed and expected
number of replicated eQTLs.

Mediation analyses

For all popDEGs and popDRGs, we evaluated the proportion of the
difference in expression or response to viral stimulation between
populations attributable to either genetic factors (that is, eQTLs) or
cellular composition, using the mediate function of the mediation R
package (v.4.5.0)%°. Mediation analysis made it possible to separate the
differences in expression/response between populations that were
mediated by genetics (that s, differencesin allele frequency of agiven
eQTLbetween populations,(g), or cellular composition (that s, differ-
ence in cell type proportions between populations, { ) from those
occurringindependently of the eQTL/cell type considered (independ-
ent or direct effect 6). It was then possible to estimate the respective
proportion of population diff(grences mediated by genetics ,and cel-
lular compositiont.as .= w and o= ﬁ,wnh g+ (g +§cor-
responding to the total differences in expression/response between
populations. For each popDEG and popDRG, we focused on either (1)
the most strongly associated SNPin a100 kb window around the gene,
regardless of the presence or absence of a significant (r)eQTL, or
(2) the cell type differing most strongly between populations in each
lineage (thatis, CD16" monocytesin the myeloid lineage, k-light-chain-
expressing memory cells in the B cell lineage, effector cells in CD4*
Tcelllineage, CD8" EMRA cellsin the CD8" T cell lineage and memory
cellsin the NK cell lineage). For each popDEG and potential mediator
M (thatis, eQTLSNP or cell subtype proportion), we then ran mediate
with the following models:

Expr=a+BM+61;P+Z] -y+g (15)

M=a’+6& [P+ 7T -y + ¢/, (16)

where Expr; corresponds to normalized expression values in the cell
type/condition under consideration; @ and a’ are two intercepts; 8 is
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the effect of the mediator M; on gene expression; § and §’ are the
(direct) effect of population (captured through theindicator variable
IEYB) on gene expression and on the mediator; y and y’ capture the
confounding effect of covariates (that is, age and cell mortality) on
both gene expression and the mediator; and ¢;and &} are normally
distributed residuals. For popDRGs, we used the same approach,
replacing normalized gene expression values with thelog,-transformed
fold changein gene expression between the stimulated and unstimu-
lated states.

Detection of signals of natural selection

We avoided SNP ascertainment bias by performing natural selection
analyses with high-coverage sequencing data from the 1KG Project®.
We downloaded the GRCh38 phased genotype files from the New York
Genome Center FTP server and calculated the pairwise Fg; (ref. 90)
between our three study populations (AFB, EUB or ASH) and all 1IKG
populations to identify the 1KG populations that were the most geneti-
cally similar to our study populations. All selection and introgression
analyses (see the ‘Archaicintrogression analyses’ section) were based on
the Yoruba fromIbadan, Nigeria (YRI), Utah residents with Northernand
Western European ancestries (CEU) and Southern Han Chinese (CHS)
populations, as these 1KG populations had the lowest Fy; values with
ourthree study groups. Wefiltered the datatoinclude only autosomal
biallelic SNPs andinsertions/deletions (indels), and removed sites that
were invariant (that is, monomorphic) across the three populations.
Weidentified loci presenting signals of positive selection (local adap-
tation) with the PBS*, based on the Reynold’s F; estimator® between
pairs of populations. PBS values were calculated for the YRI, CEU, and
CHS populations separately, with the other two populations used as
the control and outgroup. For each population, genome-wide PBS
values were then ranked, and variants with PBS values within the top
1% were considered to be putative targets of selection. For annotation
of the selected eQTLs, the ancestral and derived states at each site
were inferred from six-way EPO multiple alignments for six primate
species (available from http://ftp.ensembl.org/pub/release-71/emf/
ensembl-compara/epo_6_primate/), and the effect size was reported
for the derived allele. For sites without an ancestral/derived state in
the EPO alignment, the effect of the allele with the lowest frequency
worldwide was reported.

We assessed the extent to which different sets of eQTLs displayed
signals of local adaptationin permutation-based enrichment analyses.
For each population, we compared the mean PBS values at (r)eQTLs for
each set of cell type/stimulation condition with the mean PBS values
obtained for 10,000 sets of randomly resampled sites. Resampled
sites were matched with eQTLs for MAF (mean MAF across the three
populations, bins of 0.01), LD scores (quintiles) and distance to the
nearest gene (bins of 0-1,1-5,10-20, 20-50 and >100 kb). For each
population and set of eQTLs, we defined the fold-enrichment (FE) in
positive selection as the ratio of observed/expected values for mean
PBS and extracted the mean and 95% confidence interval of this ratio
across all resamplings. One-sided resampling Pvalues were calculated
asthe number of resamplings with aFE > 1divided by the total number
of resamplings. Resampling P values were then adjusted for multiple
testing by the Benjamini-Hochberg method.

Detecting and dating episodes of local adaptation

Weinferred the frequency trajectories of alleQTLs and reQTLs during
the past 2,000 generations (that is, 56,000 years before the present,
with a generation time of 28 years), systematically by using CLUES
(commit no. 7371b86, 27 May 2021)*°, We first used Relate (v.1.1.8)"
on each population separately to reconstruct tree-like ancestral
recombination graphs (ARGs) around each SNP in the genome and
to estimate effective population sizes across time on the basis of the
rate of coalescence events over the inferred ARGs. Using CLUES*®, we
then estimated at eacheQTL or reQTL, the most likely allele frequency

trajectories for each sampled ARG and averaged these trajectories
across all possible ARGs.

We then analysed changes in inferred allele frequencies over time
to identify selection events characterized by a rapid change in allele
frequency (Supplementary Fig. 9a). We considered the posterior mean
of allele frequency at each generation and smoothed the inferred allele
frequency trajectories by loess regression (with span = 0.1) to ensure
progressive changesin allele frequency over time and to minimize the
artifacts induced by the inference process. Finally, for each variant
andineach population, we calculated the change in allele frequency f
ateach generation as the difference in the smoothed allele frequency
between two consecutive generations:

df
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Under anassumption of neutrality, the count of a particular allele at
generation ¢ + 1is the result of a Bernoulli trial parameterized B(N, f),
where Nis the size of the haploid population. The variance of allele
frequencies at generation t + 1is therefore greater for alleles present
at higher frequencies in generation ¢,

_fa-f

=N (18)
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We adjusted for this by scaling the change in allele frequency fbya
normalizing factor dependent onthe allele frequency at generation¢,
such that the variance of the normalized change in allele frequency g
was the same across all variants,

oot
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Finally, at each generation, we divided the normalized change in
allele frequency g by its s.d. across all eQTLs and reQTLs, to calculate
aZ-scorefor detectingalleles for whichthe normalized changeinallele
frequency exceeded genome-wide expectations,
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For each variant and generation, we then considered an absolute
Z-score >3 to constitute evidence of selection and we inferred the onset
of selection of a variant as the first generation in which |Z] > 3.

Simulations, power and type I error estimates

We assessed the ability of our approach to detect (and date) events of
natural selection correctly from the trajectories of allele frequencies
by using simulations with SLiM (v.4.0.1)°*under various selection sce-
narios. Simulations were performed under a Wright-Fisher model for
asingle mutation occurring around 5,000 generations ago, at a fre-
quency varying from f . = % tof  =1- % in steps of 1%, where Nis
the simulated population size. We allowed population size to vary over
time according to published estimates® for the YRI, CEU and CHS
populations (Supplementary Fig. 9b). We then performed simulations
both under an assumption of neutrality (1,000 simulations for each
starting frequency) and assuming a 200-generation-long episode of
selection (100 simulations for each starting frequency and selection
scenario). Selection episodes were simulated withan onset of selection
1,000, 2,000, 3,000 or 4,000 generations ago, and with a selection
coefficient ranging from 0.01 to 0.05 (Supplementary Fig. 9c). We
saved computation time by performing a tenfold scaling in line with
SLiM recommendations. For each selected scenario and variant, simu-
lated allele frequencies were retrieved every ten generations, and
smoothed using loess regression with aspan of 0.1. We then calculated
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normalized differences in smoothed allele frequencies for each simu-
lated variant and scaled these differences at each generation, on the
basis of their s.d. among neutral variants, to obtain Z-scores. For each
selection scenario, we focused on the centre of the selection interval
and determined the type l error and power for various thresholds of
absolute Z-scores varying from 0 to 6. We found that a threshold of 3
yielded bothalowtypelerror (<0.2%false positives) and asatisfactory
power for detecting selection events (Supplementary Fig. 9¢). Finally,
ateach generation, we estimated the percentage of simulations, under
anassumptionof neutrality or aparticular selection scenario, for which
the absolute Z-score exceeded a threshold of 3. We found that signifi-
cant Z-scores were equally rare at each generation under the assump-
tion of neutrality, but that selected variants presented a clear and
localized enrichment in significant Z-scores for intervals in which we
simulated selection (Supplementary Fig. 9d).

Archaicintrogression analyses

For the definition of regions of the modern human genome of archaic
ancestry (Neanderthal or Denisovan), we downloaded the VCFs from
the high-coverage Neanderthal Vindija® and Denisovan Altai®* genomes
(human genome assembly GRCh37; http://cdna.eva.mpg.de/neander-
tal/Vindija/) and applied the corresponding genome masks (FilterBed
files). We then removed sites within segmental duplications and lifted
over the genomic coordinates to the GRCh38 assembly with CrossMap
(v.0.6.3)%. We used two statistics to identify introgressed regions in
the CEU and CHS populations: (1) conditional random fields (CRF)**?,
which usesreference archaic and outgroup genomesto identify intro-
gressed haplotypes; and (2) the S’ method®®, which identifies stretches
of probably introgressed alleles without requiring the definition of an
archaic reference genome.

For CRF-based calling, we phased the data with SHAPEIT4 (v.4.2.1)*°,
using the recommended parameters for sequence data, and focused
on biallelic SNPs for which the ancestral/derived state was unam-
biguously defined. We then performed two independent runs of CRF
to detect haplotypes inherited from Neanderthal or Denisova. For
Neanderthal-introgressed haplotypes, we used the VindijaNeanderthal
genome as the archaic reference and YRIindividuals merged with the
Altai Denisovan genome as the outgroup. For Denisovan-introgressed
haplotypes, we used the Altai Denisovan genome as the archaic
reference panel and YRI individuals merged with the Vindija Nean-
derthal genome as the outgroup. The results from the two inde-
pendent CRF runs were analysed jointly, and we retained alleles with
amarginal posterior probability Pycanderthai = 0-9 and Ppepisova < 0.5 as
Neanderthal-introgressed haplotypes and those containing alleles
With Ppenisova = 0.9 and Pyeangersnal < 0.5 as Denisovan-introgressed haplo-
types. Forthe S’-based calling of introgressed regions, we considered
all biallelic SNPs with an allele frequency of <1% in the YRI population
to be Eurasian-specificalleles. We then ran the Sprime (v.07Decl18.5e2;
https://github.com/browning-lab/sprime) separately for the CEU and
CHS populations toidentify and score putatively introgressed regions
containinga high density of Eurasian-specific alleles. Putatively intro-
gressed regions with a$’ score of >150,000 were considered to be intro-
gressed. This cut-off score has been shown to provide agood trade-off
between power and accuracy based on simulations of introgression
under realistic demographic scenarios®®. For both calling methods
(thatis, CRF and §’), we used the recombination map from the 1KG
Project Phase 3 data release®.

Afterthe calling of introgressed regions throughout the genome for
each population, we defined SNPs of putative archaic origin (archaic
SNPs, aSNPs) as those (1) located in an introgressed region defined
by either the CRF or S’ method; (2) with one of their alleles being rare
or absent (MAF <1%) in the YRI population, but present in the Vindija
Neanderthal or Denisovan Altai genomes; and (3) in high LD (*> 0.8)
with atleast two other aSNPs and, to exclude incomplete lineage sort-
ing, comprising an LD block of >10 kb. This yielded a set 0of 100,345

high-confidence aSNPs (Supplementary Table 8a). We further catego-
rized aSNPs as of Neanderthal origin, Denisovan origin or shared origin
according to their presence/absence in the Vindija Neanderthal and
Denisovan Altai genomes. Finally, we considered any site that was in
high LD with at least one aSNP in the same population in which intro-
gression was detected to be introgressed, and classified introgressed
haplotypes as of Neanderthal origin, Denisovan origin or shared origin
according to the most frequent origin of aSNPs in the haplotype. For
introgressed SNPs, we defined the introgressed allele as (1) the allele
rare or absent from individuals of African ancestries if the SNP was
an aSNP; and (2) for non-aSNPs, the allele most frequently segregat-
ing with the introgressed allele of linked aSNPs. In each population,
introgressed alleles with a frequency in the top 1% for introgressed
alleles genome-wide were considered to present evidence of adaptive
introgression.

The enrichment of introgressed haplotypes in eQTLs or reQTLs
was assessed separately for each population (CEU and CHS), first by
stimulation condition and then by cell type within each condition.
To avoid biases related to an increased power for the detection of
eQTLs that segregate at higher frequencies in European genomes,
(thatis, ng,z = 80 and n,gy, = 62), we considered aset of n=10,276 eQTLs
mapped onadownsampled dataset composed of the same number of
individuals from each population (EUB and ASH) within each cell type
and condition. This downsampled set of eQTLs was highly concordant
with the original eQTL mapping (that is, >95% sharing at the lineage
level). Within each cell type/stimulation condition, we considered
the set of all (r)eQTLs for which the index SNP displayed at least a
marginal association (Student’s t-test, P < 0.01) with gene expression.
For each population and (r)eQTL set, we then grouped (r)eQTLs in
high LD (2> 0.8), retaining a single representative per group, and
counted the total number of (r)eQTLs for which the index SNP was
in LD (r*> 0.8) with an aSNP (that is, introgressed eQTLs). We then
used PLINK (v.1.9) --indep-pairwise (with a 500 kb window, 1 kb step,
an r’ threshold of 0.8, and a MAF > 5%)*’ to define tag-SNPs for each
population, and we determined the expected number of introgressed
SNPs by resampling tag-SNPs at random with the same distribution
for MAF, LD scores and distance to the nearest gene. We performed
10,000 resamplings for each (r)eQTL set and population. One-sided
resampling-based Pvalues were calculated as the frequency at which
the number of introgressed SNPs among resampled SNPs exceeded
the number of introgressed SNPs among (r)eQTLs. Resampling-based
Pvalues were then adjusted for multiple testing using the Benjamini-
Hochberg method.

We searched for signals of adaptive introgression by determining
whether introgressed haplotypes that altered gene expression were
introgressed at a higher frequency thanintrogressed haplotypes with
no effect on gene expression. For each stimulation cell type/condi-
tion, we focused on the set of introgressed eQTLs segregating with a
MAF > 5% in each population (retaining a single representative per LD
group) and compared the frequency of the introgressed allele with
that of introgressed tag-SNPs genome-wide. We modelled r ), the
(rank-transformed) frequency of introgressed tag-SNPs according
to the presence/absence of alinked eQTL (/.qr,), and the mean MAF of
the SNP across the three populations (giving a higher power for eQTL
detection).

r(Freq) =a+ .B IeQTL ty MAF (21)
where /., is anindicator variable equal to 1if the SNPis in LD with an
eQTL (> 0.8) and 0 otherwise; MAF is the mean MAF calculated sep-
arately for each population; aistheintercept of the model; f measures
the difference in rank r..q between eQTLs and non eQTLs; and yisa
nuisance parameter capturing the relationship between MAF and r ).
Under this model, the difference in frequency between eQTLs and
non-eQTLs can be tested directly in a Student’s t-test with /4, : = 0.
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Enrichment in COVID-19-associated loci and colocalization
analyses
We downloaded summary statistics fromthe COVID-19 Host Genetics
Initiative (release 7: https://www.covidl9hg.org/results/r7)% for three
GWASs: (1) A2—very severe respiratory cases of confirmed COVID-19
versus the general population; (2) B2—hospitalized COVID-19 cases
versus the general population; (3) C2—confirmed COVID-19 cases
versus the general population. We assessed the enrichment in eQTLs
and reQTLs of COVID-19 susceptibility/severity loci by considering,
for each eQTL/reQTL, the A2, B2 or C2 Pvalues of the index SNP and
calculating the percentage of eQTLs/reQTLs withasignificant GWAS P
value of 107*. This percentage was then compared to that obtained for
the resampled set of SNPs, matched for distance to the nearest gene
(binsof 0-1,1-5,5-10,10-20,20-50 and 50-100 kb) and MAF (1% MAF
bins). We performed 10,000 resamplings for each set of eQTLs/reQTLs
tested. The use of different P-value thresholds for COVID-19-associated
hits (107 to 107%) yielded similar results. Note that, despite the strong
overlap (OR >200, Fisher’s test, P=4.2 x 10*°) between loci associ-
ated with susceptibility (C2) and severity (A2 or B2), 81 out 0of 105
COVID-19 associated eQTLs (at nominal P <10™*) are associated specifi-
cally with either susceptibility (n =19) or severity (n = 62), supporting
the relevance of considering these traits separately in our analysis.
To identify specific eQTLs/reQTLs colocalized with GWAS hits, we
first considered all (r)eQTLs for which the index SNPs were located
within100 kb of aSNP associated with COVID-19 susceptibility/severity
(P<107).For eachimmune lineage/cell type, and condition for which
the eQTL/reQTLreached genome-wide significance, we next extracted
allSNPsina 500 kb window around the index SNP for which summary
statistics were available for both the eQTLs/reQTLs and COVID-19 GWAS
phenotypes (A2, B2 and C2) and performed a colocalization test using
the coloc.signals function of the coloc (v.5.1.0) R package. We set a prior
probability for colocalization p,, 0of 107 (that is, the recommended
defaultvalue). Any pair of (r)eQTL/COVID-19 phenotypes with a poste-
rior probability for colocalization PP,,, > 0.8 was considered to display
significant colocalization.

Transcriptome-wide association tests

Using the summary statistics from the COVID-19 Host Genetics Initia-
tive®, we applied the S-PrediXcan framework (v.0.6.11)*° to leverage
our genotype-expression dataset and identify associations between
genotypes and COVID-19 traits that could be mediated by the regula-
tion of gene expression. These analyses were conducted separatelyin
eachofthe 5lineages or 22 cell types and the 3 experimental conditions
of our setting.

To perform these transcriptome-wide association tests (across the
12,655 human genes of our final dataset), we proceeded in two steps.
First, we used the pseudobulk gene expressionlevels detectedineach
cell type/lineage and condition, together with the associated geno-
types, from each of the 222 donors to build reference transcriptome
datasets. We then trained elastic net regression models on these ref-
erences to estimate the effect on gene expression of each SNP within
a100 kb window around each gene. These models were of the form:

Expry:a+X,§-wj+Z,-T-y+s,- (22)
where Expr;is therank-transformed expression (log-normalized CPM)
of genej for individual i in the lineage/cell type and condition under
consideration; ais anintercept; X;are the genotypes of common vari-
ants ina100 kb window around gene; Z,represents the set of core
covariates of the sample that includes the individual’s age and popula-
tionof origin, the cellular mortality of the sample and the frequencyin
the PBMC fraction of each cell type k comprising the lineage. Moreover,
w;and y are parameter vectors capturing the effect of genotypes and
covariates, and the ¢;are normally distributed residuals.

We followed the S-PrediXcan pipeline®® using the regression
coefficients w; as weights to predict the association between the
genetically controlled expression (GReX) of each genej (given by
GReX; =a +X,-IT. -w;) and the trait of interest. Specifically, we combined
these weights with SNP covariances calculated from our data to approx-
imate Z-scores of association with COVID-19-trait as
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where the ZTWA statistic measures the association between genej’s
GReXand each of the three COVID-19 traits; wyis the weight of SNP /in
the prediction of gene’s expression, 6, and g; are, respectively, the
estimated variances of the SNP and the predicted gene expression, and
BA,and s.e.(ﬁl) are the effect size estimated by each GWAS for SNP /and

its standard error, respectively.

Statistical analyses
Unless explicitly specified, all statistical tests are two-sided and based
on measurements from independent samples.

Inclusion and ethics

The current research project builds on samples collected in Ghent
(Belgium) and Hong-Kong SAR (China) and has been conducted in
collaboration with local researchers. Roles and responsibilities were
agreed among collaborators ahead of the research. Research conducted
inthis studyisrelevanttolocal participants and has been reviewed by
local ethics committees (committee of Ghent University, Belgium,
B670201214647; Institutional Review Board of the University of Hong
Kong, UW 20-132), and the relevant French authorities (CPP, CCITRS
and CNIL). This study was also monitored by the Ethics Board of Institut
Pasteur (EVOIMMUNOPOP-281297). All manipulations of live viruses
were performed in a high-security BSL-3 environment.

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

The scRNA-seq data generated and analysed in this study have been
deposited in the Institut Pasteur data repository, OWEY, which is
available online (https://doi.org/10.48802/owey.e4qn-9190). The
genome-wide genotyping data generated or used in this study have
been deposited in OWEY and can be accessed online (https://doi.
org/10.48802/owey.pyk2-5w22). In accordance with the General
Data Protection Regulation (GDPR) in force in the European Union,
the aforementioned data can be accessed only from the institutional
datarepository after authorization by the relevant Data Access Com-
mittee (DAC). The DAC ensures that data access and use is authorized
foracademicresearchrelatingto the variability of the humanimmune
response, as defined in the informed consent signed by research par-
ticipants. COVID-19 GWAS summary statistics used in the present study
canbe downloaded from https://www.covid19hg.org/results/r7.Human
(1000G data, low (phase 3) and high (NYGC) coverage), archaic (Vindija
and Denisova) and ancestral (EPO6) genomes used can be retrieved
from http://ftp.1000genomes.ebi.ac.uk/voll/ftp/release/20130502
(1000G phase 3), https://www.internationalgenome.org/data-portal/
data-collection/30x-grch38 (1000G high coverage), http://cdna.eva.
mpg.de/neandertal/Vindija/ (archaic) and http://ftp.ensembl.org/
pub/release-71/emf/ensembl-compara/epo_6_primate/ (EPO6). Uni-
formly processed summary statistics from GTEx lung tissue were down-
loaded from http://ftp.ebi.ac.uk/pub/databases/spot/eQTL/sumstats/
(GTEx/lung/ge/all: study_id: QTSO00015, dataset_id: QTD000271, file:
QTDO000271.all.tsv.gz). Source data are provided with this paper.
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Code availability

All custom computer code or algorithms used in this study are avail-
able from GitHub (https://github.com/h-e-g/popCell_SARS-CoV-2).
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Extended DataFig.1| Transcriptional responses to SARS-CoV-2 and IAV
stimulation. a, Comparison of transcriptional responses to SARS-CoV-2and
1AV across majorimmune lineages. Hallmark inflammatory and interferon-
stimulated genes are highlighted in orange and blue, respectively. b, Distribution
of ISG activityinthe non-stimulated state and inresponse to SARS-CoV-2 (COV)
andinfluenza A virus (IAV) across the five majorimmune lineages. For each
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lineage and set of stimulation conditions, the violins and boxplots show the
distribution of ISG activity scores across alln=222independent biological
samples (middle line: median; box limits: upper and lower quartiles; whiskers:
1.5x interquartile range; points: outliers). *: Wilcoxon’s two-sided signed-rank
p-value<2.2x107",
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Extended DataFig.2|Drivers of population variationinexpression of
interferon-stimulated genes. a, Proportion of the variance of ISG activity
explained by IFN-«, IFN-B and IFN-yin the non-stimulated conditionand in
response to SARS-CoV-2andIAV, across the five majorimmune lineages.

b, Correlationbetween levels of IFN-a in the supernatants (measured by
SIMOA) and ISG activity in myeloid and CD4" T cells, adjusted for cellular
mortality. Each dot represents asample (donor x condition) and is coloured
accordingtoits stimulation condition (grey: NS, red: <ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>