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Evidence suggests that innate and adaptive cellular responses mediate
resistance to the influenza virus and confer protection after vaccination.
However, few studies have resolved the contribution of cellular responses
within the context of preexisting antibody titers. Here, we measured the
peripheralimmune profiles of 206 vaccinated or unvaccinated adults to
determine how baseline variations in the cellular and humoralimmune
compartments contribute independently or synergistically to the risk of
developing symptomatic influenza. Protection correlated with diverse

and polyfunctional CD4"and CD8" T, circulating T follicular helper,

T helper type 17, myeloid dendriticand CD16" natural killer (NK) cell subsets.
Conversely, increased susceptibility was predominantly attributed to
nonspecificinflammatory populations, including yd T cells and activated
CD16™ NK cells, as well as TNFa* single-cytokine-producing CD8* T cells.
Multivariate and predictive modeling indicated that cellular subsets (1) work
synergistically with humoral immunity to confer protection, (2) improve
model performance over demographic and serologic factors alone and

(3) comprise the mostimportant predictive covariates. Together, these
results demonstrate that preinfection peripheral cell composition improves
the prediction of symptomatic influenza susceptibility over vaccination,
demographics or serology alone.

Influenza viruses are among the leading etiologic agents responsi-  (ranging between 10% and 60%) (refs. 3-7). Some of this variability is
ble for human respiratory illness, with annual infection estimates of ~ attributable toincomplete matching between circulating and vaccine
10-49 million and upward of 650,000 deaths globally’*. Although strains, but another possible factor is the reliance on these vaccines
seasonalinfluenzavaccinations are animportant preventativemeasure  to generate protective humoral immunity alone. Although current
and limit severe disease, their year-to-year effectivenessisinconsistent  seasonal influenza vaccine platforms can promote robust antibody
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titersand the T helper cell responses necessary to promote them, none
are specifically designed to stimulate durable, virus-specific cellular
immunity, thereby neglecting a potential ally in preventing and control-
ling influenza virus infection. In recent years, there have been several
large-scaleinitiatives (for example, the Centers of Excellence for Influ-
enzaResearchand Response (https://www.ceirr-network.org/) network
and the Collaborative Influenza Vaccine Innovation Centers (https://
www.niaidcivics.org/) program, both funded by the National Institute
of Allergy and Infectious Diseases (NIAID)) toimprove influenza vaccine
designbyincreasing surveillance, improving strainrisk assessment and
prediction, identifying universalhumoral or T cell antigens, evaluating
new delivery platforms and considering demographic-specific formula-
tions®’. Driving this push is the need to understand the complete range
of protective immune responses limiting symptomatic influenzaiill-
ness—termed correlates of protection (CoP)—which, to date, have been
largely defined by serologic measurements alone. Few studies have
examined how efficacious serologic dataare as predictors of protection
againstinfluenza within the context of additional immune measures,
such as cellular and innate immunity; how individual cell populations
contribute to protectionin the presence of existing antibody responses;
orifand how these compartments coordinate.

Further complicating the study of CoP against influenza viruses
is the substantial degree of baseline immune variation that exists
across humans, now recognized as a key determinant in predicting
the efficacy of some vaccines and therapeutics and in modeling dis-
ease outcomes' . Differences in host genetics, environmental and
demographic factors, and infectious exposure histories influence
the composition of the baseline innate, cell-mediated immune (CMI;
adaptive T cells) and humoral compartments, and may augment varied
responses to influenza virus infection or vaccination®'*?°, Therefore,
identifying baseline CoP necessitates the use of large, well-curated,
influenza virus-seropositive human cohorts in which immune and
demographic data are considered together. To address these chal-
lenges, the second iteration of the Southern Hemisphere Influenza
Vaccine Effectiveness and Response Study (SHIVERS-II) was estab-
lished to follow unvaccinated and vaccinated adults within a natural
community settingin New Zealand. Using baseline serum and periph-
eral blood samples from 206 SHIVERS-II adult participants, we aimed
to define baseline immune cell subsets correlated with protection
against symptomaticinfluenzaindependently from or synergistically
with humoral responses. Further, we investigated the quantitative
and relative contributions of baseline cellular and humoral immune
responses inmediating protective anti-influenza virus immunity. Our
analyticapproachincorporated high-dimensional flow cytometry data,
serology measures, vaccination status and demographic data into
statistical models, allowing the identification of individual baseline
cell populations associated with increased risk of or protection against
symptomatic influenza across vaccinated and unvaccinated adults
while accounting for baseline immune and demographic variations.
Using univariate analyses and multivariate partition and regression
models, we demonstrate that the baseline composition of peripheral
cells improves the prediction of influenza susceptibility over serol-
ogy, vaccination or demographics alone. Our results underscore the
complexity and variability of baseline cellular responses, support
influenzavaccine design strategies targeting optimized cell subsets to
induce long-lasting heterosubtypicimmunity, and provide improved
methods to compare vaccine efficacy.

Results

Study population

Atotal of 206 adult participants (Table 1) were selected from the 2018
SHIVERS-II cohort for inclusion in this study (Fig. 1a) and analyzed
according to a predefined analysis pipeline (Extended Data Fig. 1).
The selected participants were divided into four roughly age- and
sex-matched comparator groups based oninfluenzavirus vaccination

Table 1| Participant demographics

Characteristic n %
Age (years)® 43.8+12.6

BMI (kgm™)? 27.5+5.6

Influenza virus infection status (2018)

Negative 151 73.3
Positive 55 26.7
Influenza virus vaccination status (2018)

Unvaccinated 98 476
Vaccinated 108 52.4
Sex (assigned at birth)

Female 124 60.2
Male 82 39.8
Ethnicity (participant-reported)

Asian 14 6.8
European 7 83
Maori 12 5.8
Pacific 8 1.5
Other 2 1
Not reported 4 19
BMI group®

Underweight (<18.5) 1 0.5
Normal weight (18.5-<25) 73 35.4
Overweight (25-<30) 59 28.6
Obese (>30) 56 272
Not reported 17 8.3
Influenza virus strain

A(H1N1) 29 141
A(H3N2) 5 2.4
A(untyped) 5 2.4
B/Victoria lineage 1 0.5
B/Yamagata lineage 1 05
Cryptic 14 6.8
Uninfected 151 73.3

Data shown as mean and s.d. ®Centers for Disease Control and Prevention (CDC)-defined BMI
groupings for adults aged >20 years (kgm™).

and infection status: vaccinated-uninfected (n = 75), vaccinated-
infected (n = 33), unvaccinated-uninfected (n = 76) and unvaccinated-
infected (n =22) (Fig. 1b). Participant age was comparable across sex
and vaccination status, reducing the potential for confounding effects
due to sample selection bias (Fig. 1c). Baseline serum and peripheral
blood mononuclear cell (PBMC) samples were collected in the pre-
season period (March through May) for unvaccinated participants
or 14 days after vaccination for vaccinees. Postseason serum samples
were collected from September through January, with a majority col-
lectedin November. All participants exhibiting respiratory symptoms
and meeting the World Health Organization (WHO)-defined criteria
for influenza-like illness (ILI) were further tested by PCR. Participants
with ILI and an associated influenza-positive PCR result were defined
as having ‘symptomatic’ influenza. For the 2018 influenza season
(May through September), 41 of 55 (74.5%) influenza virus infections
were symptomatic, withamajority attributed to A(HINI) viruses (n =29,
70.7%), althoughinfections with A(H3N2) (n = 5,12.2%), B/Yamagatalin-
eage (n=1,2.4%),B/Victorialineage (n =1,2.4%) and untyped influenza
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A (n=5,12.2%) viruses were also recorded (Supplementary Table 1).
Cryptic influenza cases, identified by seroconversion (fourfold or
greater increase in hemagglutination inhibition (HAI) antibody titer
>1:40) in the absence of a PCR-confirmed symptomatic influenza epi-
sode, comprised the other 14 of 55 (25.5%) infections. Influenza virus
strains associated with infection were proportional between male and
female participants (Fig. 1d). Supplementary Tables 1and 2 detail the
vaccination status and demographics of the participants according
toinfluenza virus strain.

Baseline serology measures are associated with protection
Anti-influenza virus antibodies targeting hemagglutinin (HA) and
neuraminidase (NA) are known CoP**, To determine the degree of
preexisting humoralimmunity todominantinfluenza viruses circulat-
ing in the region as well as to those present in the 2018 quadrivalent
influenzavaccine®, we measuredinhibiting antibody titers through
inhibition assays (HAl or NA inhibition (NAI)) and total binding antibody
titers through ELISA. The overall correlation between inhibiting and
total anti-HA (Fig. 2a) or anti-NA (Fig. 2b) serology measures against
homosubtypic influenza virus targets was positive, reflecting a large
degree of concordance between the assays. Three correlation clus-
ters were also identified across all serology measures (Extended Data
Fig. 2a), suggesting an association between existing anti-influenza
antibody responses to homo- and heterosubtypic targets. In 2018,
the quadrivalent influenza vaccine was 38% effective at preventing
influenza-associated hospitalizations®®. In our study, this vaccine elic-
ited HAI titers of >1:40, apurported cutoff for protection, in roughly half
ofthe study participants sampled 14 days afterimmunization (Extended
DataFig. 2b). Vaccinated participants had significantly increased HAI
and NAl titers against all targets compared to unvaccinated participants
(Fig. 2c,d). The ELISA results showed that the total binding antibody
titers were also significantly increased in vaccinees, except the titers of
antibodies against B/Victoria lineage HA and A(N1), which were lower
invaccinees thanin unvaccinated participants (Fig. 2e,f). Further, we
compared the antibody levels in uninfected participants and partici-
pants with crypticinfluenzato those in participants with symptomatic
influenza. For these and other downstream analyses, uninfected and
crypticinfection cases were grouped together (uninfected/cryptic
group), as these cases did not meet the study criteria for symptomatic
influenza and represent a more protected group. Nearly all NAl titers
were significantly increased in the uninfected/cryptic group (Fig. 2h),
whereas only the total anti-A(H1) and anti-B/Yamagata lineage NA bind-
ing antibody levels were significantly increased in uninfected/cryptic
cases (Fig. 2i,j).

Previous studies have suggested that demographic factors can
influence humoral responses, illness susceptibility and influenza
vaccine effectiveness”*’*!, Therefore, we examined the correlations
between age, sex, body massindex (BMI) and serology measures, using
locally estimated scatterplot smoothing, to inform downstream sta-
tisticalmodeling. Age and BMIwere not correlated with sex (Extended
DataFig.2c); however, we observed significant relationships between

age or BMI and several serology measures (Extended Data Fig. 2d-k).
Although these results indicate that the effect of demographics on
antibody levels is limited to specific targets, this variability may influ-
ence serology measures in downstream modeling and was therefore
takenintoaccount.

As higher antibody titers were observed in the uninfected/cryptic
group, we used generalized logistic regression models (GLMs) to estab-
lish the risk of symptomaticinfluenza virus infection given individual
serology measures while adjusting for demographics and influenza
vaccinationstatus. Elevated NAl titers against A(N1), A(N2), B/Victoria
lineage NA and B/Yamagata lineage NA and total binding antibodies
targeting A(H1) and B/Yamagata lineage HA were significantly associ-
ated with protection (odds ratio (OR) < 1) (Fig. 2k,I). In line with the
elevated HAl titer observed in symptomatic influenza cases (Fig. 2g),
increased risk (OR > 1) was associated with an elevated A(H3) HAl titer
(Fig. 2k). This likely reflects the dominance of regional A(H3N2) virus
infections in the previous year (2017) (ref. 42), skewing preexisting
antibody levels away from an effective titer needed to neutralize the
A(HIN1) viruses circulating during 2018 (ref. 38). Together, the serology
results from SHIVERS-II are consistent with the results of numerous
studies demonstrating protection mediated by anti-influenza antibod-
ies. Further, these results suggest that the baseline levels of anti-NA
inhibitory antibodies are particularly important in determining the
risk of symptomatic influenza infection in this cohort.

Immune measures vary across vaccination and infection status
Asour participants arerelatively evenly divided by vaccination status,
thisallowed usto observe the statistical behavior of all variables sepa-
rately across vaccination and infection groups. Statistical differencesin
individual baseline demographic, serologic and cellular covariates were
evaluated between participants with and without symptomatic infec-
tionand are presented in Supplementary Table 3. Regardless of vacci-
nation and infection status, no significant differences indemographic
parameters (age, sex, BMI and ethnicity) were observed (Supplemen-
tary Table 3). Regarding serology measures, unvaccinated participants
in the uninfected/cryptic infection group had higher median values
of total binding antibodies to A(H1) and B/Yamagata lineage NA and
NAltiters against B/Yamagata lineage, whereas the median A(H3) HAI
titer was elevated in symptomatic influenza cases (Supplementary
Table 3). Regardless of vaccination status, higher median NAl titers
against A(N1), A(N2) and B/Victoria lineage were observed in the unin-
fected/cryptic group (Supplementary Table 3).

To evaluate variations in the baseline cell profile across partici-
pants, PBMCs were stained with fluorescent antibody panels distin-
guishing awide array of phenotypic and functional myeloid (Extended
DataFig.3) orlymphoid (Extended DataFig. 4) cell subsets. To promote
influenza virus-specific cytokine production for functional intracel-
lular cytokine staining (ICS) in the lymphoid/functional panel, a por-
tion of PBMCs from the participants were stimulated with conserved
influenzavirus peptide pools or live A(HINI) or A(H3N2) viruses. Across
vaccinated and unvaccinated participants, 11 cell populations had a

Fig.1|SHIVERS-II study design, participant enrollment, sample collection
and participant demographics. a, Schematic depiction of the SHIVERS-I study
design and participant numbers for year 1(2018). RT-PCR, reverse transcription
followed by PCR. b, Following consented enrollment, demographic information
and whole blood samples were collected from all vaccinated and unvaccinated
participantsin the preseason period (nonvaccinated baseline) and 14 days

after vaccination (vaccinated baseline). Participants meeting the WHO-defined
criteria for ILI were tested for influenza viruses by PCR, and confirmed cases
were sampled further during acute infection. All enrolled participants were
sampled after the season. Cryptic infections were adjudicated in the postseason
period from ILI- and PCR-negative participants with a fourfold or greater
increase in HAl antibody titers without postvaccination HAl seroconversion.
Right, 206 enrolled participants were selected for study inclusion from four

baseline comparator groups (unvaccinated-uninfected, unvaccinated-
infected, vaccinated-uninfected and vaccinated-infected) based on age- and
sex-matching. ¢, Sex (assigned at birth) of n = 206 participants stratified by
vaccination status and age (years) and compared by two-sided Wilcoxon
rank-sum test (unvaccinated female (n = 58) versus unvaccinated male (n = 42),
P=0.07; vaccinated female (n = 66) versus vaccinated male (n=42), P=0.63).
Boxes represent the median and 25th-75th percentiles; whiskers indicate

the minimum (left) and maximum (right) values no further than 1.5 times the
interquartile range (IQR); notches extend to 1.58 x IQR/sqrt(n), providing the
95% confidence interval (CI). P < 0.05 indicates significance. d, Participants’ sex
stratified by influenza virus infection status and strain. Influenza A (FIuA) viruses
include A(HIN1) and A(H3N2) strains; influenza B (FluB) viruses include the
B/Victoria lineage and B/Yamagata lineage strains.
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significantly increased frequency in uninfected/cryptic cases (Sup-
plementary Table 3). Conversely, 20 cell populations had a significantly
increased frequency in symptomatic infection cases. Although some

of these cell populations had elevated frequencies regardless of vac-
cination status, the overall cell profiles were distinct, suggesting an
effect ofimmunization on protective or susceptible cellular profiles.
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Fig.2|Individual serology measures correlate with protection from
symptomaticinfluenzadisease. a,b, Spearman rank correlations between
anti-HA (HAI, ELISA) (a) or anti-NA (NAI, ELISA) (b) serology measures. VHA,
B/Victorialineage HA; YHA, B/Yamagata lineage HA; VNA, B/Victoria lineage
NA; YNA, B/Yamagata lineage NA. c-f, Serology measures against HA (c,e)

and NA (d,f) by influenza virus source, comparing vaccinated (n =108) to
unvaccinated (n = 98) participants by two-sided Wilcoxon rank-sum test. Forc,
A(H1) P<2x107%, A(H3) P=4.5x10™", B/Victorialineage (B/VicLin) P=1.6 x 1075,
B/Yamagatalineage (B/Yam Lin) P=4.1x107%; ford, A(N1) P< 2 x 107, A(N2)
P=1.5x10"%, B/Victorialineage P= 6 x 1072, B/Yamagata lineage P=9.4 x 107¢;
fore, A(H1) P=5.3x107°, A(H3) P=2 x10°%, B/Victorialineage P=4.5 x 107, B/
Yamagata lineage P=4.8 x10™"; for f, A(N1) P= 0.033, A(N2) P=7.4 x 107, B/
Victorialineage P=9.7 x 10", B/Yamagatalineage P=1.1x 10" g-j, Vaccinated
and unvaccinated participants’ serology measures against HA (g,i) and NA

(h,j) by influenza virus source, comparing uninfected/cryptic (n = 165) to
symptomatic (n = 41) influenza virus infection through a two-sided Wilcoxon
rank-sum test. For g, unvaccinated: A(H1) P= 0.280, A(H3) P=0.024, B/Victoria
lineage P=1.0, B/Yamagatalineage P= 0.922; vaccinated: A(H1) P= 0.32,

A(H3) P=0.57,B/Victorialineage P= 0.33, B/Yamagata lineage P = 0.65. For

h, unvaccinated: A(N1) P=1.6 107, A(N2) P=3.8 x10™*, B/Victoria lineage
P=4.4x107,B/Yamagatalineage P=2.7 x 107%; vaccinated: A(N1) P=0.012,
A(N2) P=0.0013, B/Victorialineage P= 0.033, B/Yamagata lineage P= 0.212. For
i, unvaccinated: A(H1) P=0.0037, A(H3) P=0.450, B/Victorialineage P= 0.713,
B/Yamagata lineage P = 0.239; vaccinated: A(H1) P= 0.103, A(H3) P= 0.155, B/
Victorialineage P= 0.646, B/Yamagata lineage P = 0.053. For j, unvaccinated:
A(N1) P=0.781,A(N2) P=0.393, B/Victoria lineage P = 0.161, B/Yamagata lineage
P=0.028; vaccinated: A(N1) P=0.90, A(N2) P=0.95, B/Victoria lineage P= 0.40,
B/Yamagatalineage P = 0.48. Boxes represent the median and 25th-75th
percentiles; whiskers indicate the minimum and maximum values no further
than 1.5 times the IQR; dot plots are presented as mean * s.d. Inhibiting antibody

titers are presented as reciprocal endpoint dilutions calculated from HAl or

NAl assays using A(HIN1), A(H3N2), B/Victoria lineage and B/Yamagata lineage
viruses. Total binding antibody titers are reported as AUC values calculated from
the results of ELISA against purified, full-length HA or NA proteins derived from
influenza A(HIN1), A(H3N2), B/Victoria lineage and B/Yamagata lineage viruses.
Means were compared using a two-sided Wilcoxon rank-sum test. kI, Relative
risk of symptomatic infection among all participants (n = 206) given individual
anti-HA and anti-NA serology measures by HAland NAl assays (k) or ELISA (I),
adjusted for participant age (years), sex, BMI (kg m™) and influenza vaccination
status (2018), from individual GLMs. Data are shown as ORs (circles) with 95%

Cls (bars) derived from the exponential transformation of GLM estimate (logit)
values. HAland NAl reciprocal inhibition endpoint values are depicted atal=log,
interval; ELISA AUC values are depicted ata1= 5,000 interval. Positive effects

on symptomatic influenza observed with OR >1, negative effects observed with
OR<land no effect observed at or spanning OR =1 (red line). Individual HAl or
NAI'models were generated from 185 degrees of freedom (d.f.) (symptomatic
n=35,uninfected/cryptic n =151), except A(H3) HAl and B/Victoria lineage HAI
(d.f.=184; symptomatic n = 35, uninfected/cryptic n =150). Significance was
determined from the GLM Pr(>|z]) output, where z = estimate/SE. Resulting
two-tailed Pvalues: A(H1) HAI P= 0.368, A(H3) HAI P= 0.033, B/Victoria lineage
HAI P=0.983, B/Yamagata lineage HAI P= 0.775, A(N1) NAI P=2.4 x 107, A(N2)
NAIP=3.0 x1075,B/Victorialineage NAI P=1.9 x 107, B/Yamagata lineage NAI
P=4.1x10"°Individual HA and NA ELISA models were generated from 187 d.f.
(symptomatic n =35, uninfected/cryptic n=153). Significance was determined
from the GLM Pr(>|z]) output, where z = estimate/SE. Resulting two-tailed P
values: A(H1) AUCP=0.011, A(H3) AUC P=0.172, B/Victoria lineage HA AUC
P=0.163, B/Yamagata lineage HA AUC P = 0.033, A(N1) AUC P=0.232, A(N2) AUC
P=0.3,B/Victorialineage NA AUC P=0.252, B/Yamagata lineage NA AUC P= 0.63.
Notsignificant (blank); *P < 0.05, **P < 0.01, **P < 0.001, ***P < 0.0001.

Predictive baseline cell profiles differ by vaccination status

To define cellular CoP against symptomatic influenza, cell popula-
tions were then evaluated using univariate GLMs, with respect to
vaccination status, to determine whether baseline cell population
frequencies were associated with a change in the relative risk of
acquiring symptomatic influenza infection during the 2018 season
(Fig.3aand Supplementary Table 4). We identified 14 cell populations
with significant protective associations (OR < 1) within vaccinated
(myeloid dendritic cells (mDCs), naive CD4" T cells, effector CD4*
and CD8" T cells, dual-cytokine (interleukin-2 (IL-2)/tumor necrosis
factor-&aplha; (TNF&aplha;)/interferon-y (IFNy))-producing CD8"
and CD4" T cells, programmed cell death protein1(PD-1)'CD4" T cells,
total circulating T follicular helper (cTy,) cells, inducible costimula-
tor (ICOS)* cTg, cells, CXC chemokine receptor 3 (CXCR3)* cTy, cells,
total CD8" T cells) and unvaccinated (mDCs, cytotoxic natural killer
(NK) cells, cytokine-producing NK cells, naive CD4" T cells, CD4" T
helper type 17 (T,,17) cells, total CD8" T cells) participants (Fig. 3a).
We also identified seven populations that increased the risk of symp-
tomaticinfluenza (OR > 1) among vaccinated (plasmacytoid dendritic

cells (pDCs), granzyme B (GzmB)*IFNy~ NK cells, activated NK cells,
Y6 T cells, CC chemokine receptor 5 (CCR5)"CD8 memory T cells)
or unvaccinated (activated NK cells, y6 T cells, CCR5'CD8" memory
T cells, total CD4" T cells, TNF&aplha;*CD8" T cells) participants
(Fig. 3a). The overall cellular CoP profile defined by the univariate
analysesindicates a diversity of polyfunctional responses toinfluenza
viruses, engaging both the adaptive and innate compartments (Fig. 3b,
left). In contrast, the susceptibility-associated profile skewed toward
nonspecificinflammatory populations and single-cytokine producers
(Fig. 3b, right). Comparison of cell profiles from unvaccinated par-
ticipants across protective and nonprotective status also indicates
that the baseline composition of innate populations is an important
determinant of protection from symptomaticinfluenzainthe absence
of recent vaccine-induced immunity.

ROC thresholds define protection and susceptibility cutoffs

From the univariate analyses, we identified individual immune meas-
ures associated with protection from or increased risk of develop-
ing symptomatic influenza. To provide a quantitative value denoting

Fig.3 | Univariate effects of cell populations on symptomatic influenzaby
vaccination status. a, Univariate GLM constructed to determine the individual
effect of cell population frequency (% parent) on symptomatic influenza

by vaccination status. Individual GLMs of unvaccinated participants were
generated from 98 d.f. (uninfected/cryptic n =79, symptomatic n=19); GLMs
of vaccinated participants were generated from 108 d.f. (uninfected/cryptic
n=86,symptomatic n =22). GLM estimate values (logit) were transformed to
ORs (circles) using the e-function and are presented with the associated 95% Cls
(bars). Cell populations with positive effects on symptomatic influenza have
OR>1, cell populations with negative effects have OR <1and cell populations
with no effect observed at or spanning OR =1 (red line). Univariate significance
was determined from the GLM Pr(>|z]) output (closed, significant; open,
notsignificant), where z = estimate/SE. Significance was defined as follows:
*P<0.05,**P<0.01and ***P < 0.001. Exact Pr(>|z]) Pvalues and false discovery
rate (FDR)-adjusted g values are reported in Supplementary Table 4. b, Baseline

cell profiles associated with protection from (left) and susceptibility to (right)
developing symptomatic influenza based on the 2018 influenza virus vaccination
status. Participants with significant cell frequency outliers were determined

by Grubbs’ test (P < 0.05) and removed from this analysis. All cell populations
presented significance by one-sided Kruskal-Wallis (italicized) or both Kruskal-
Wallis and univariate GLM (bold) evaluations. Exact Pvalues are reported in
Supplementary Tables 3 and 4. ¢, Representative thresholds are depicted as cell
frequency (% parent) with their associated ROC curves. A threshold defines the
cell frequency at which the ROC curve sensitivity (true positive rate) equals 0.5
and represents the cutoff above which an individual factor correctly associates
50% of cases as protected or susceptible. AUC values indicate the overall quality
(true versus false positives) of the individual measure in discerning protection
or susceptibility. CD4", CD4" T cell; CD8*, CD8" T cell; CK, cytokine; single

CK, single-cytokine-producing; dual CK, dual-cytokine-producing; TEMRA,
terminally differentiated effector memory.
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protection or susceptibility, we derived ‘threshold’ values for each
cell population (Supplementary Table 5) or serology measure (Sup-
plementary Table 6) through receiver-operating characteristic (ROC)
analysis. Thresholds define the value at which anindividual parameter
accurately identifies ~50% of true positive cases (sensitivity) while
minimizing false positives (specificity). Therefore, a threshold is a
quantifiable measure at and above which a factor accurately associ-
ates with protection or susceptibility. The area under the ROC curve
(AUC) defines the quality of the immune measure as a classifier. For
example, abaseline frequency of CD4* dual-cytokine producers above
athreshold of 0.022% identifies at least 50% of vaccinated individu-
als as protected from symptomatic influenza (Fig. 3c). Conversely, a
threshold frequency of >12.7% activated NK cells correctly identifies
at least 50% of individuals as susceptible to symptomatic influenza
(Fig.3c). Comparing the protection-associated factors with the highest
AUC values (Supplementary Tables 5 and 6), we observed that serol-
ogy measures were more accurate in classifying cases inunvaccinated
participants (for example, NAI B/Yamagata lineage AUC = 0.9, NAI B/
Victoria lineage AUC = 0.86 and NAI A(N1) AUC = 0.85), whereas cel-
lular measures were more accurate in vaccinated participants (for
example, dual-cytokine-producing CD4" T cell AUC = 0.78, IL-2°CD4"
Tcell AUC=0.77 and ICOS" cT;,, cell AUC = 0.77). Thisis likely because
the overall antibody levels are elevated in vaccinated individuals, so
differencesin cell populations provide improved resolution; in unvacci-
nated individuals, increased baseline antibody levels are more variable
and therefore more accurate classifiers likely reflectingamore recent
exposure to influenza antigens. However, as these are single-parameter
measures, we cannot determine from the AUC values alone whether
other confounding factors affect these classifications.

Crypticinfluenza cases are associated with unique cell profiles
Susceptibility to symptomatic influenza encompasses risks associ-
ated with (1) virus exposure and (2) symptom development following
exposure. Outside of regional prevalence estimates, it was difficult to
determine whether uninfected study participants were indeed exposed
to influenza viruses during the 2018 season. Therefore, we analyzed
a subset of participants with confirmed exposures: symptomatic
influenza cases (confirmed by PCR, n = 41) and crypticinfection cases
(confirmed by seroconversion, n=14). Univariate regression analyses
demonstrated that elevated baseline levels of several anti-HA or anti-NA
inhibitory or total binding antibody measures were significantly associ-
ated withreduced risk of symptomaticinfluenza, whereas demographic
factors andrecentinfluenzavaccination history were not (Fig. 4a). We
then compared cell frequencies between symptomatic and cryptic
cases. In concordance with our univariate results, the frequencies of
bothactivated and GzmB IFNy* NK cells were increased at baseline in

symptomatic cases, further suggesting arolein susceptibility (Fig. 4b).
Conversely, we identified 15 cell populations with increased baseline
frequenciesin crypticinfection cases, comprisingaunique set of pro-
tective responses, including several cell populations (conventional DC
type 2 (cDC2) and IL-21" Ty, cells) not identified in the prior univariate
analysis (Fig. 4c). Similar to the univariate protective profile, the base-
line cell populations with increased frequencies in cryptic cases were
diverse and polyfunctional, reflecting adaptive T cell activation and
cytokine production (CD4" effector T cells, IL-17°CD4" T cells, IL-2*CD4*
Tcells, IL-2°CD8" T cells, IFNy*CD8* T cells, dual-cytokine-producing
CD8'T cells), humoral engagement (cTg, subsets) and innateimmune
activities (cytotoxic and cytokine-producing NK cells, mDCs).

Immune cell populations cluster into co-regulated modules
The above univariate analyses consider cell populations indepen-
dently and do not account for coordinated responses often observed
across the adaptive and innate immune compartments. We sought
to understand the cell-to-cell relationships within our dataset and
determine which populations represent co-regulated immune cell
modules, defined here as cell populations with a strong positive cor-
relation in cell frequencies suggestive of parallel responses. Using
Pearson’s bivariate correlation, we identified 9 myeloid (Fig. 5a) and
13 lymphoid/functional (Fig. 5b) cell modules across all study par-
ticipants. We also evaluated immune cell correlations separately in
vaccinated and unvaccinated participants (Extended Data Fig. 5) and
found them to largely reflect the same correlation groups identified
from the complete set of participants. Correlation results from the
complete set of participants were used for downstream analyses. The
cell frequencies from individual populations within a given module
were averaged to provide the final ‘cluster’ frequency values, which
were compared according toinfluenza virusinfection status. Clusters
withincreased average cell frequenciesin bothinfluenza-negative and
crypticinfection casesincluded myeloid clusters1(mDCs, CD14*CD16*
intermediate monocytes), 3 (cytotoxic and cytokine-producing NK
cells, neutrophils) and 8 (cDC2) (Fig. 5¢), as well as lymphoid/func-
tional clusters 4 (TNF&aplha;*, IFNy’, IL-17" and dual-cytokine (IL-2/
TNF&aplha;/IFNy)-producing CD4" T cells; IFNy* and dual-cytokine
(IL-2/TNF&aplha;/IFNy)-producing CD8" T cells), 8 (CD4" and CD8"
effector T cells), 9 (PD-1'CD4" and PD-1'CD8" T cells, PD-1* and CXCR3*
cTgycells)and 13 (total CD8* T cells, GzmB*CD4"and GzmB*CDS8* T cells,
y6 T cells) (Fig. 5d). Conversely, the cell frequency of myeloid cluster
7 (activated NK cells) was found to be increased in symptomatic cases
(Fig.5c), supporting the previous observations madein the univariate
GLM analysis. Together, these results reflect the involvement of coordi-
nated cellular responsesin determining influenza virus susceptibility
in cases of confirmed exposure.

Fig. 4| Crypticinfections are associated with unique cellular responses.

a, Relative risk of symptomatic infection among influenza virus-infected
participants given demographic, serologic or vaccination history covariates.
GLM estimate values (logit) were transformed to ORs (circles) using the
e-function and are presented with the associated 95% Cls (bars). Positive effects
onsymptomatic influenza observed with OR >1, negative effects observed with
OR<1, and no effect observed at or spanning OR =1(red line). Univariate GLMs
were generated from 54 d.f. (symptomatic n =41, cryptic n = 14), except BMI
(d.f.=46; symptomatic n =35, cryptic n =12). Significance was determined from
the GLM Pr(>|z]) output, where z = estimate/SE. Resulting two-tailed P values:
age P=0.528, sex (male) P=0.827,BMI P=0.24, flu vaccine (2017) P= 0.062,
fluvaccine (2018) P=0.111, A(H1) HAI P= 0.321, A(H3) HAI P= 0.945, B/Victoria
lineage HAI P = 0.495, B/Yamagata lineage HAI P= 0.091, A(N1) NAI P=0.014,
A(N2) NAIP=0.015, B/Victorialineage NAI P= 0.01, B/Yamagata lineage NAI
P=0.014,A(H1) AUC P=0.041, A(H3) AUC P=0.041, B/Victoria lineage HA AUC
P=0.082,B/Yamagatalineage HA AUC P = 0.026, A(N1) AUC P=0.249, A(N2)
AUCP=0.666, B/Victorialineage NAAUC P=0.076, B/Yamagata lineage NA
AUC P=0.045. Not significant (blank); *P < 0.05, **P < 0.01. b,c, Comparison

ofindividual cell population frequencies (% parent) across participants with
symptomatic (b) and cryptic (c) influenza. Cell populations are grouped based
onincreased frequencies in symptomatic or cryptic influenza cases. Inb, NK
(activated) (cryptic n =14 versus symptomatic n = 40); NK (GzmB IFNy") (cryptic
n=13 versus symptomatic n=39).Inc, mDC, NK (cytotoxic), NK (CK-producing)
(cryptic n =14 versus symptomatic n = 40); cDC2 (cryptic n = 14 versus
symptomatic n =15); NK (GzmB'IFNy"), CD4" naive, CD4" effector, CD4" T,,17,
CD4" (IL-2%), CD4" (dual CK), Ty, (IL-21%), cTgy (CXCR3*), CD8 (IL-2%), CD8* (IFNYY),
CD8" (dual CK) (cryptic n =13 versus symptomatic n = 39). Lymphoid/functional
panel frequencies represent the average frequency (% parent) across the virus
(multiplicity of infection (MOI) = 4, A/Michigan/45/2015 (HIN1)pdmO9 or A/
Singapore/INFIMH-16-019/2016 (H3N2)) and peptide (peptide pools containing
matrix 1protein (M1), nucleoprotein (NP) and polymerase basic 1 protein (PB1),
1-5uM per peptide) stimulation groups. Boxes represent the median and
25th-75th percentiles; whiskers indicate the minimum and maximum values no
further than 1.5 times the IQR. Means were compared using a two-sided Wilcoxon
rank-sum test with FDR adjustment, with g < 0.01indicating significance.

Nature Immunology


http://www.nature.com/natureimmunology

Article

https://doi.org/10.1038/s41590-023-01590-2

Immune cells most accurately categorize influenza cases

By defining the univariate cellular CoP and susceptibility through
regression modeling, we have shown the individual contributions of
baselineinnate and adaptive T cell populations in mitigating or enhanc-
ing symptomatic influenza. We next sought to provide additional
context to these cellular responses by determining which covariates,
spanning the demographic, vaccine, serology and immune cell catego-
ries, would best predict future symptomaticinfections during the 2018
influenza season. To do this, we built, trained and compared random
forest models from an 80:20 (train to test) split of 200 participants,
ensuring equivalent proportions of cases (symptomatic influenza)
and controls (uninfected, crypticinfluenza). Four random forest mod-
els were built: (1) base model predicting symptomatic infection from

Risk of symptomatic influenza infection

demographic, 2018 influenza vaccination status and serology covari-
ates; (2) lymphoid model comprising lymphoid/functional panel cell
frequencies and all base model variables; (3) myeloid model comprising
myeloid panel cell frequencies and all base model variables; and (4)
combined model comprisingall available variables. Model performance
was measured by sensitivity and specificity metrics and by scoring
data from the testing set in ROC curves (Fig. 6a). We observed that
both the base and myeloid models categorized participants with 79%
accuracy (Fig. 6a, bottomright), whereas the lymphoid modelincreased
sensitivity and specificity and substantially improved categorization
accuracy to 86%, demonstrating the influence of lymphoid populations
in categorizinginfluenza cases. As the combined model (84% accuracy)
didnotimprove accuracy over the lymphoid model, we examined the
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Fig. 5| Co-regulated CMIl and innate immune cell modules. a,b, Co-regulated
cellmodules (‘clusters’) determined by the average frequency (% parent)
ofindividual cell populations from myeloid (a) or lymphoid/functional (b)
compartments with a significant positive correlation (Pearson’s bivariate
correlation). Lymphoid/functional cell population frequencies were calculated
asthe average frequency across ICS stimulation conditions including peptide
pools (M1, NP and PB1) and viruses (A(HIN1), A(H3N2)). P values were adjusted
using FDR (g) correction for multiple comparisons. Significance was defined at
q<0.05 (filled squares); not significant (blank squares). ¢,d, Mean cell cluster
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frequencies from myeloid (c) or lymphoid/functional (d) correlation matrixes
compared according to influenza virus infection status (myeloid clusters 1,3
and 7: uninfected (Neg) n = 145 versus cryptic n = 14 versus symptomatic n = 40;
myeloid cluster 8: uninfected n =129 versus cryptic n = 14 versus symptomatic
n=15;lymphoid/functional clusters 4, 8,9 and 13: uninfected n = 133 versus
cryptic n =13 versus symptomatic n = 39) through a two-sided Wilcoxon rank-
sum test. Boxes represent the median and 25th-75th percentiles; whiskers
indicate the minimum and maximum values no further than 1.5 times the IQR.
Tey, effector memory T cell; T, central memory T cell.

relative contributions of lymphoid and myeloid populationsin model
performance. Three additional random forest models—myeloid-only,
lymphoid-only and lymphoid + myeloid—were also built, trained and
compared (Extended DataFig. 6). The lymphoid-only model (79%) per-
formed better than the myeloid-only model (72%) and was as accurate
as the base model (79%) in classifying symptomatic influenza cases.
The lymphoid + myeloid model also exhibited higher accuracy (81%)
than the base model. These data indicate that lymphoid populations
improve overall accuracy in classifying symptomatic influenza cases

compared to myeloid populations, serology, vaccination status and
demographics alone. Using variable importance (VIP) analysis of the
combined model, we then derived ‘importance’ values representing
the individual effect strength on the dependent variable. Strikingly,
thetop 4 (and 25 of the top 30) mostimportant covariates used in cat-
egorizing symptomatic and uninfected/cryptic influenza cases were
of cellular origin, with ICOS* cT cells having the highest importance
(Fig. 6b). Indeed, the frequency of ICOS" cTg,, cells was significantly
higherin uninfected/crypticinfluenza cases across both unvaccinated
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(demographic factors + serology + vaccination status), myeloid (base + myeloid
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built to categorize symptomatic and uninfected/cryptic influenza. Participants
were split 80:20 into a training set (symptomatic cases n = 31, uninfected/cryptic
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controls n =33), ensuring equal proportions of cases and controls. Models were
trained, tested and cross-validated using ten times cross-validation (10x CV-10).
Sensitivity (true positive rate), specificity (false positive rate), and AUC metrics
and an out-of-sample evaluation of the models (bottom right) are provided.
Boxes represent the median and 25th-75th percentiles; whiskers indicate the
minimum and maximum values no further than 1.5 times the IQR. b, Relative
importance of each baseline covariate in the combined random forest model;
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T T T T
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baseline covariates with high importance best categorize symptomatic and
uninfected/crypticinfluenza cases. Participants with significant cell frequency
outliers were determined by Grubbs’ test (P < 0.05) and removed from this
analysis. ¢, Mean ICOS’ cT, cell frequency comparison between uninfected/
crypticand symptomatic influenzainfection according to the 2018 influenza
vaccination status through a two-sided Wilcoxon rank-sum test (unvaccinated:
symptomatic n = 18 versus uninfected/cryptic n = 75; vaccinated: symptomatic
n=21versusuninfected/cryptic n =71). Boxes represent the median and 25th-
75th percentiles; whiskers indicate the minimum and maximum values no further
than 1.5 times the IQR. d, ROC curve generated from the GLM that predicts
symptomatic influenzainfection from the ICOS* cT, cell frequency. AUC values
were from the ICOS" cTy,, GLM as a univariate model, following 10x CV-10 and
after adjustment for age (years), sex and 2018 influenza vaccination status.
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Fig.7|Baseline predictors of influenza virus infection susceptibility,
accounting for demographic, vaccination, serology and cellular covariates.
a,b, Amultivariate GLM that predicts symptomatic influenzavirus infection,
accounting for baseline demographic, vaccination, serology, myeloid and
lymphoid covariates, was constructed. a, Final logistic regression model,

with covariates by category, predicting the risk of symptomaticinfluenza
(symptomatic n =39 and uninfected/cryptic n = 161 participants). For covariate
selectionin the final model, baseline covariates with strong multicollinearity by
VIF assessment were excluded; single representative cell populations from each
co-regulated cell cluster were included. Models comprising these covariates
were compared by stepwise AIC (forward and reverse) and BMA to account for
inherent model uncertainty arising from the variable selection. Interaction
terms are denoted with acolon (). OR (95% CI) values were derived from the
exponential transformation of the GLM estimate (logit) value; two-tailed P-value
significance was determined from the GLM Pr(>|z]) output (closed, significant;
open, not significant), where z = estimate/SE. Positive effects on symptomatic

influenza observed with OR >1, negative effects observed with OR <1and no effect
observed at or spanning OR =1 (red line). Variables were scaled as indicated
based on their median and s.d. values. The value for 1 unit of change isindicated
for each scaled value. Units for scaled values are years (age), AUC (total antibody
ELISA measures), log,(reciprocal endpoint titer) (HAl and NAI) and % parent
frequency (cell populations). For example, for every increase of 12.7 years in age,
thereisa2.26 increasein the odds of influenzainfection, suggesting that younger
individuals are better protected. The association of significant baseline covariate
predictors with symptomatic (susceptibility) or uninfected/cryptic (protection)
influenzais indicated. Participants with significant cell frequency outliers were
determined by Grubbs’ test (P < 0.05) and removed from this analysis. b, Cell
modules comprising cell populations from the lymphoid/functional or myeloid
panel with strong absolute value correlations. The ‘Cell module’ columnina
corresponds to strongly correlated cell modules clustered in b based on the
absolute value of correlation. MDSC, myeloid-derived suppressor cells.

and vaccinated participants (Fig. 6¢) and had a predictive accuracy
of 81.6% following cross-validation and adjustment for age, sex and
vaccination status (Fig. 6d). Together, the results from the partition
analyses emphasize the strong contributions of both baseline innate
and adaptive cellular immunity in regulating responses to influenza
virus and mitigating symptomatic disease.

Baselineimmune measures predict influenza susceptibility

Although partition analysis helps determine which combined or indi-
vidualbaseline variables best categorize symptomatic and uninfected/
crypticcases, these models are limited in risk assessment. Indeed, the
random forest and VIP analyses here do not ascribe effect directionality
nor associate any factor with increased or decreased risk of sympto-
maticinfluenza. Therefore, we used GLMs to assess influenzarisk given
allmeasures ofimmune and demographic variation present at baseline.
Amultivariate GLM was constructed to identify the differential effects
of cell populations, anti-influenza virus antibodies, vaccination status
and demographics on determining the overall risk of symptomatic
influenza (Fig. 7). GLMs with highly correlated factors (collinearity)
often produce unreliable coefficients with high standard error (SE)
values*. Owing to the high dimensionality and observed correlation
between the cellular and serology immune measures in our data,

we took several steps to reduce variable collinearity (Pearson’s cor-
relation and variance inflation factor (VIF)) and optimized selected
covariates by comparing stepwise models through Akaike information
criterion (AIC) and Bayesian model averaging (BMA) (Extended Data
Fig.1). The final multivariate GLM was constructed using the set of
selected covariates againstaresponse variable denoting symptomatic
infections (Fig. 7a). The model comprises 19 covariates, including 4
(CD107a*CD4" T cells, intermediate monocytes, A(N1) NAl and B/Vic-
toria lineage NAI) that are significantly associated with protection
and 2 (TNF&aplha;"CD8" T cells and y6 T cell receptor (TCR)" T cells)
thatsignificantly predictincreased symptomaticinfluenzarisk. Using
CD107a*CD4" T cells as an example, the GLM readout shows that for
each4.2%increasein CD107a"CD4"T cell frequency, the odds associated
with developing symptomaticinfection decrease by 11.1-fold (1/0.09).
Although neither age (P = 0.051) nor 2018 vaccination status (P= 0.859)
had significant effects onrisk, these variables were included in the
GLMto account for variability across participants. Owing to the strong
correlations observed among cell populations, we can further infer
protection or susceptibility associations by identifying the myeloid or
lymphoid modules within which these populations reside (Fig. 7b) and
by referencing the univariate associations for a given cell population
(Fig.3b). Together, the final GLM results indicate that baseline serologic
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and cellular factors, when considered together, synergistically predict
influenza virus infection outcomes and contribute to the relative risk
of developinginfluenza disease. Results from this study supportrecent
calls to target adaptive T cell populations in next-generation vaccine
designs’ and strongly suggest that both cellular and serology measures
are necessary to fully assess the efficacy of influenza vaccines.

Discussion

Immuneresponses to influenzaviruses are complex and include coor-
dinatedinnate, CMIland serologic responsesto clear active infections;
build durableimmune memory; and rapidly neutralize subsequent chal-
lenges. Equally nuanced are the determinants of risk and susceptibility
to symptomatic influenza, which comprise individual comorbidities
and demographicrisk factors, vaccination and infection histories, and
variations in baseline immune profiles. In our study, we investigated
which baseline immune cell populations affect the risk of developing
symptomatic influenza and examined how differences in preexisting
anti-influenza virus antibody titers, influenza vaccination status and
participant-level demographics influence these associations.

Our univariate analyses demonstrated that protection from symp-
tomaticinfluenzacorrelates withincreased frequencies of diverse and
polyfunctional influenza virus-specific CD4* and CD8" T cells; cells
associated with the engagement of humoral responses, including cT,
cells, mDCs and T,;17 cells; and innateimmune effector CD16" cytotoxic
and cytokine-producing NK cells, many of which have been observedin
other studies. As expected, protection profiles were distinct between
vaccinated and unvaccinated adults. The vaccine-associated protec-
tive profile favored effector and polyfunctional adaptive populations,
pointing toward influenza virus-specific T cell activation. Increased
frequencies of antigen-presenting mDCs and cT,; populationsin vac-
cinees are also suggestive of humoral crosstalk, discussed in detail
below. In unvaccinated participants, protection was associated with
increased baseline frequencies of populations exhibiting analogous,
albeit antigen-agnostic, functions to those observed following vaccina-
tion. Forexample, increased frequencies of T,17 cells, which were pro-
tective in our study, have been shown to be involved in anti-influenza
virusresponses either directly**, through B cell engagement promoting
immunoglobulin G (IgG), IgA and IgM***¢, or by recruiting preexisting
B cells into the lung without vaccine priming*¢~*%, Therefore, T, 17
cellsmay compensate for the absence of other vaccine-induced CD8*
or CD4" T helper subsets. Cytokine-producing and cytotoxic NK cells
exhibiting virus-limiting potential similar to CD8" T cells were also
strongly protective in unvaccinated participants, supporting stud-
ies demonstrating the active roles of NK cells in anti-influenza virus
responses and in limiting disease severity**~°. NK cells, however, may
alsobeadouble-edged sword. One group reported alink between IFNy*
NK cells and extrapulmonary inflammation leading to poor outcomes
in pregnant women with influenza virus infection®. Coinciding with
these findings, we also observed increased risk of symptomatic influ-
enzainparticipants withincreased baseline frequencies of activated NK
cells (CD56*HLA-DRMCD16"), suggesting that NK cells have pleiotropic
roles duringinfluenza virus infection.

Amain takeaway fromthis study is theimportance of cell-humoral
crosstalk promoting increased baseline levels of anti-influenza virus
antibodies. We report that elevated baseline NAl titers are the best
serology predictors of symptomaticinfluenza and are associated with
protection in this cohort, supporting other recent findings®* >+,
However, we also found that the addition of lymphoid cell popula-
tion compositionimproves the prediction of symptomatic influenza
cases, arguing that baseline antibody levels cannot be considered
alone. Indeed, sustained B-T cell crosstalk within germinal centers,
aswellas cTy,cellsin peripheral blood, is associated with productive
anti-influenza virus humoral response® . In our study, evidence of
this communication is supported by the association of CD4" popula-
tions, including cTg, subsets, with protection. Infact, ICOS* cTg,cells

represent the mostimportant variablein determining the accuracy of
the combined random forest model. From our analysis of co-regulated
cell modules, we found that ICOS” cT, cells correlate with CD4" and
CD8" memory T cell populations (lymphoid/functional cluster 11),
linkingincreased ICOS" cTy, cell frequency to long-term memory. We
alsoidentified correlations across T,;17, IFNy*, and polyfunctional CD4*
and CD8" T cells (lymphoid/functional cluster 4), which are known
to improve outcomes during influenza virus infection®. Further,
our multivariate regression modeling identified that reduced risk of
symptomaticinfluenzaisindependently associated with CD107a*CD4"
Tcells,CD14*CD16"intermediate monocytes, and anti-influenza virus
NAltiterstargeting A(HIN1) and B/Victorialineage viruses. CD107ais
amarker of degranulation® and implies that these CD4* T cells were
specifically activated by influenza virus antigens during ICS and flow
cytometry. That these populations are observed at baseline indicates
that cT¢, and other influenza-responsive T cells persist following
influenza antigen exposure in prior seasons and may confer ‘carryo-
ver’ protection in a subset of participants®®. However, as our study
was limited to immune measures present in circulation, we did not
evaluate contributions from mucosa-associated cells, secretory IgA,
or IgG produced by respiratory-resident memory B cells, which are
likely CoP (reviewedinrefs.22,69). AsICOS" c¢T, and other functional
lymphoid cells rank highly in our study, we hypothesize that cellular
correlates might provide better insights toward mucosal immune
responses (including antibody responses) compared to serum anti-
body measures.

A strength of our statistical modeling approach is the ability to
define not only CoP but also baseline factors that increase the risk
of symptomatic influenza. Among the strongest risk-associated cell
populations identified across univariate and multivariate models were
Y8 T cells. A prior study from our group demonstrated that y5 T cells
are integral for lung repair in neonatal mice’’; however, in this adult
SHIVERS-II cohort, the opposite effect was observed. This incongru-
ence could be attributed to differences in y6 TCR repertoires, which
change substantially with age, tissue localization and infection his-
tory’"”%, Pediatric y8 T cells exhibit nonoverlapping TCR repertoires,
whereas adult yd T cells heavily favor Vy9 and V62 chain usage associ-
ated with polycytotoxic cytokine profiles’. Therefore, it is possible
that, within the context of adult influenza virus infection, y5 T cells
could contribute to inflammation-mediated pathology rather than
tissue repair.

Theresults presented in this study emphasize the need to evaluate
anti-influenza virus responses and vaccine efficacy fromboth the sero-
logic and cellular standpoints, as well as argue that the composition
of baseline cell populations is a better overall predictor of influenza
susceptibility than serology and vaccination status alone. As baseline
cellular and humoral immune landscapes significantly vary within
human populations and across study cohorts, we propose that the
protection-associated cell profiles defined in this study are a better
metric to evaluate influenza susceptibility than any one cell popula-
tion or serology measure. Although individual cellular CoP against
symptomaticinfluenzalikely differ between cohorts, their functions
may contribute to a converging protective immune profile, which
can be more easily compared across studies. Further, the statistical
and predictive models described here will also serve as useful tools
to evaluate vaccine efficacy, identify new targets for next-generation
vaccines promoting both cellular and humoral responses, and iden-
tify additional at-risk human populations for vaccination. However,
further questions remain. It will be important for follow-up studies to
validate theserisk and protection models across more diverse cohorts
todetermine whether there are population-specific baseline cell pro-
files correlated with vaccine failure or disease severity. Assessment of
CMland innate responsesis especially important during pregnancy”
and in adults over the age of 65 years, who are known to generate
poor protective humoral responses following immunization™”.
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The continuing aim of SHIVERS-Il is to assess the immunological
parameters of influenza virus infection and vaccination over several
years. As the data presented in this study are derived from participants
enrolled in the inaugural year of the SHIVERS-II study, there is great
potential for future studies using this cohort to validate and expand
onthese results for years to come.

Study limitations

We acknowledge several limitations of our study. The first is the
relatively small sample size across comparator groups and the
increased circulation of the A(HIN1) virus during the study year. An
over-representation of infections caused by the A(HIN1) virus means
that no strong strain-specific conclusions regarding influenza B or
A(H3N2) influenza viruses can be drawn. Future studies using sam-
ples collected in subsequent years of the SHIVERS-II cohort will focus
on providing further validation to the models described here and on
expanding the analysestoinclude awider range of influenzavirus types
and subtypes. Second, participants enrolled in the SHIVERS-Il cohort
represent alimited regional, age and genetic scope; therefore, specific
interpretations of these data should be made solely within this context.
Further validation of our risk modeling and associated cell profiles
should be compared across amore diverse ethnogeographic space to
account for the large degree of baseline variability across participants.
Finally, limited considerations were made regarding genetic contribu-
tions to therisk of influenza as, although ethnicity was reported, thisis
notarobust evaluation of genetic background”. Despite these limita-
tions, data presented here are from a subset of year 1 participants, and
itisour directive to continue to investigate thisimportant population
across multiple years of the SHIVERS-II study.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author contri-
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Methods

Study ethics statement

This study received ethics approval from the New Zealand Health &
Disability Ethics Committee (NTX11.11.102.AM36 & AM36 & AM49 &
AMS]). All participants provided written consent to participate in the
study. Deidentified participant samples (PBMCs, serum) and associated
demographicinformation were provided under the St.Jude Children’s
Research Hospital Center of Excellence for Influenza Research and
Surveillance NIAID contract HHSN272201400006C.

SHIVERS-II study design and participant definitions

The SHIVERS-IIstudy is a population-based, longitudinal (2018-2022)
prospective cohort study in Wellington, New Zealand, initiated to
evaluate cellular and serologic immune responses at baseline and
during recall among adults with current influenza virus vaccination
and/or infection. During year 1(2018), more than 22,000 individuals
aged 20-69 years were randomly selected for recruitment from three
participating primary health organizations’ healthy patient networks.
Selected individuals received a study invitation and information
packet by mail, and those interested provided consent through an
online electronic consent form and questionnaire in which demo-
graphic and contact information, vaccination status, and health
and ILI status were provided. A total of 2,195 individuals were ulti-
mately enrolled following written informed consent (Fig. 1a). Each
participant had one baseline blood draw (preseason, usually during
March through May) and a postseason blood draw (usually during
October through December). Consented participants received a
New Zealand $30 gift card after each blood or swab sample collec-
tion to recognize their time and effort. Whole blood samples were
collected in vacuum tubes containing heparin. Additional samples,
including blood draw samples or nasal swabs, were obtained from
participants with PCR-confirmed influenza virus infection or who
received an influenza virus vaccination during the influenza season
(May through September). Briefly, participants who received an influ-
enzavirus vaccination during this time provided ablood draw sample
14 days after vaccination (postvaccination baseline). All participants
were monitored, through weekly surveys, for ILI, defined by the
WHO as “acute respiratory illness with cough and a history of fever/
measured fever of 238 °C and illness onset within the past 10 days”
(ref. 77).1f ILI presented, a respiratory specimen (nasopharyngeal or
throat swab) was collected and subjected to PCR molecular testing
for respiratory viruses (see methods below). Participants with both
ILIand an associated influenza-positive PCR result were categorized
as having symptomatic influenza virus infection, and additional
acute (1-2 weeks after ILI onset) and convalescent (4-7 weeks after
ILI onset) blood draws were conducted. Respiratory samples from
these PCR-positive influenza cases were further processed to deter-
mine the influenza virus subtype (see methods below). Inhibiting
antibody titers against HA and NA were determined from baseline and
postseason serum samples by HAl assay or NAl enzyme-linked lectin
assay (NAI-ELLA), respectively (see methods below). Total binding
antibody titers against purified, full-length HA and NA were meas-
ured by ELISA (see methods below). HAI titers were used to detect
crypticinfluenzavirus infection cases notidentified by PCR. Briefly,
cryptic influenza virus infections were defined by (1) the absence
of an ILI-associated influenza-positive PCR result and (2) one of the
following seroconversion criteria: unvaccinated participants with a
fourfold or greater increase in the preseason to postseason HAl titer,
vaccinated participants withafourfold or greater increase in the post-
vaccination to postseason HAl titer, or vaccinated participants witha
fourfold or greaterincreasein the preseason to postseason HAl titer
without seroconversion following vaccination (that is, seroconver-
sion cannot be accounted for by vaccination), with the second titer
beingatleast1:40 in all cases.

Participant categorization and selection

Participants were categorized based on 2018 influenza virus vaccina-
tion (vaccinated or unvaccinated) or infection (symptomatic, cryptic
or uninfected) status. The symptomaticinfluenza virus infectiongroup
met the WHO-defined criteriafor ILIand had a positive influenzavirus
PCRtest. Crypticinfluenza virus infections were defined as cases with
zero to one mild symptom that did not meet the WHO-defined ILI
criteria (and therefore do not have an associated PCR test) but were
confirmedtohavehadacrypticinfluenzavirusinfection by seroconver-
sion. All crypticinfectionsin this study are, by definition, subclinical as
noinfluenza PCR-positive-associated ILI was reported. The uninfected
group did not meet the WHO-defined ILI criteria, did not undergo an
associated PCR test and were negative for cryptic infection. A total
of 206 participants were selected from year 1 of the SHIVERS-II study
and comprised 82 men (39.8%) and 124 women (60.2%) residing in the
Wellington, New Zealand, catchment area who had an average age of
43.8 +12.6 years (range 20-68 years), had a BMI of 27.5 + 5.6 kg m™
(range 18.3-48.5 kg m™) and predominantly self-identified as being
of New Zealand-European descent (83.0%) (Table 1). Participants
were selected into four comparator groups: vaccinated-uninfected
(n=75),vaccinated-infected (n =33), unvaccinated-uninfected (n = 76)
and unvaccinated-infected (n =22). Participants’ age (in years) and
sex (assigned at birth) were roughly matched when selecting across
comparator groups. Sample size requirements for statistical testing of
the covariates were calculated using the R package WMWssp (v.0.4.0)
(refs. 78-80). At a defined power of 0.8, our sample was determined
to be sufficientin size for the planned comparisons.

Composition of the 2018 influenza virus vaccine

The 2018 seasonal quadrivalent influenza virus vaccine had the fol-
lowing four components: (1) A/Michigan/45/2015 (HIN1)pdmO9-like
virus, (2) A/Singapore/INFIMH-16-0019/2016 (H3N2)-like virus,
(3) B/Phuket/3073/2013-like virus (B/Yamagata lineage) and (4) B/
Brisbane/60/2008-like virus (B/Victorialineage).

Molecular testing for respiratory viruses

For the detection of respiratory viruses including influenza viruses,
the CDC standard RT-PCR assay was performed on RNA extracted
from the participants’ nasopharyngeal or throat swabs, as previously
described® . All samples were tested for a standard panel including
influenza A (A(HIN1)pdm09, A(H3N2)) viruses, influenza B (B/Yamagata
and B/Victoria lineages) viruses, respiratory syncytial virus, rhinovi-
rus, human metapneumovirus, parainfluenza types 1-3, adenovirus
and enterovirus.

Influenzavirus antigenic typing

Antigenic typing of the infecting influenza virus strain was performed
on all samples identified by qPCR as influenza virus positive with low
cycle threshold values. Following virus isolation by sample inocula-
tion into Madin-Darby canine kidney cells stably expressing human
o-2,6-sialyltransferase®, antigenic typing of influenza viruses was
performed using an HAl assay with standard antisera supplied by the
WHO Collaborating Center in Melbourne, Australia. Any untypeable
influenza A viruses were forwarded to the WHO Collaborating Center
inMelbourne or the CDCin Atlanta, GA, for further characterization.

HAl assay

Anti-HA antibody titers were determined by HAl assay as previously
described for influenza A (A/Michigan/45/2015 (HIN1)pdmO9-like,
A/Singapore/INFIMH-16-0019/2016 (H3N2)-like) and influenza B (B/
Brisbane/60/2008-like (B/Victorialineage), B/Phuket/3073/2013-like
(B/Yamagata lineage)) viruses present in the 2018 Southern Hemi-
sphere vaccine and inregional circulation®*®, Briefly, serum samples
were treated with receptor-destroying enzyme (Denka Seiken) at 37 °C
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overnight, heat-inactivated at 56 °C for 30 min and tested by HAl assay
with 0.5% turkey red blood cells. Serum samples were serially diluted
twofold in 96-well U-bottom plates beginning at a 1:10 dilution. Four
agglutinating doses were added to each well, and the samples were
incubated. Titers were read after 30 min of incubation with 50 pl of
0.5% turkey red blood cells.

NAI-ELLA assay

NAI antibody titers were determined by ELLA for influenza A and B
viruses” "% Briefly, recombinant viruses, composed of the NA from
each of the influenza A viruses used for HAl and a mismatched H6 on
aPR8backbone, were generated by reverse genetics and used as anti-
gens. Serumsamples were tested at a starting dilution of 1:10. Because
norecombinant antigen was available for influenza B viruses, ELLA was
performed against the whole B/Brisbane/60/2008 virus (B/Victoria
lineage) as previously described®.

ELISA

Enzymeimmunoassay/radioimmunoassay 96-well plates (Corning, cat.
no. 3590) were individually coated with 0.5 pg purified recombinant
influenza virus HA or NA protein at 0.01 mg ml™. HA antigens derived
from A/Michigan/45/2015 (representative H1; Sino Biological, cat. no.
40567-VO8H1), A/Singapore/INFIMH-16-0019/2016 (representative
H3; Sino Biological, cat. no. 40580-VO8H), B/Phuket/3073/2013 (rep-
resentative B/Yamagatalineage; Sino Biological, cat. no.40498-VO8B)
or B/Brisbane/60/2008 (representative B/Victoria lineage; Sino Bio-
logical, cat. no. 40016-VO8H) and NA antigens derived from A/Michi-
gan/45/2015 (representative N1; Sino Biological, cat.no.40568-VO7H),
A/Singapore/INFIMH-16-0019/2016 (representative N2; Sino Bio-
logical, cat. no. 40802-VO8B), B/Phuket/3073/2013 (representative
B/Yamagata lineage; Sino Biological, cat.no.40502-V0O7B) or B/Wash-
ington/02/2019 (representative B/Victoria lineage; Sino Biological,
cat.no.40790-VO8B) were used. Coated plates were sealed and stored
at 4 °C for 24 h. Serum samples were treated by adding 3 volumes of
receptor-destroying enzyme (Accurate Chemical, cat.no. YCC340122)
to 1 volume of serum and incubated at 37 °C overnight. Serum sam-
ples were then heat-treated at 56 °C for 1h, after which 6 volumes of
1xPBSwasadded toobtainal:10 starting dilution of serum. Plates were
washed three times with 1x PBS and coated with 100 pl of blocking
buffer per well (1% BSA (Gibco, cat. no.15260037) and 0.01% Tween-
20 (ThermoFisher, cat. no. 85113) in 1x PBS) for 6 h at 25 °C. Serum
samples treated with receptor-destroying enzyme were titrated at
1:160-1:20,480 in blocking buffer, and 50 pl of each serum dilution
or blocking buffer (negative control) was added to replicate wells fol-
lowing the removal of blocking buffer. The plates were then sealed and
incubated at 4 °C overnight. Plates were washed three times with wash
buffer (0.05% Tween-20in1x PBS), after which100 pl of anti-humanIgG
(Fab-specific)-horseradish peroxidase secondary antibody (Sigma, cat.
no.A0293, polyclonal, lotno. 0000201676, dilution1:3,000) was added
per well and plates were incubated at 4 °C overnight. The plates were
thenwashed three timesin wash buffer,and 50 pl of tetramethylbenzi-
dine (Sigma, cat.no. T0440) was added to each well. After 8 min, 50 pl
of stop solution (1N H,SO,; Sigma, cat. no. T0440) was added per well
and the plates were read at 450 nm on the BioTek Synergy H1 micro-
platereader. Tonormalize the optical density (OD), average OD values
from negative control wells were subtracted from the average OD of
replicate sample wells per plate. AUC values were calculated from the
xy plots of dilution by the normalized OD values in GraphPad Prism 9
(v.9.5.1(528)), using the following parameters: baseline y = 0; minimum
peak height, <10% of the distance from minimum to maximum y; all
peaks above baseline; five significant digits.

Flow cytometry: surface and intracellular staining
Cryopreserved aliquots of PBMCs were thawed at 37 °C and suspended
inRPMI1640 supplemented with 10% heat-inactivated FBS (Gibco, cat.

no.16140071),1% nonessential amino acids (Gibco, cat. no.11140-050),
1 mM sodium pyruvate (Gibco, cat. no. 11360-070) and 1% penicillin—-
streptomycin (10,000 U mI™” penicillinand 10,000 pg ml ™ streptomy-
cin; Gibco, cat. no. 15140-122). Cells were plated at 3.0 x 10°-4.0 x 10°
cells per wellin a96-well U-bottom plate.

For peptide-stimulated PBMCs, pooled peptides (BEIResources,
cat. no. NR-2667) derived from influenza virus M1, NP and PB1 were
added to wells at a final concentration of 5 ug mlI™. For virus stimula-
tion, PBMCs were infected with HINIpdmO9 (A/Michigan/45/2015) or
H3N2 (A/Singapore/INFIMH-16-019/2016) atan MOl of 4 in virus infec-
tionmedium (RPMI1640 completed with 0.3% BSA, 0.225% NaCO,,1%
penicillin-streptomycin (10,000 U/ml™ penicillinand 10,000 pg mi™
streptomycin; Gibco), 1% L-glutamine (Gibco) and 1% vitamin solu-
tion (Gibco)). Cell stimulation cocktail (BioLegend, cat. no. 423302;
eBioscience, cat.no. 00-4970-93) was added to positive control wells.
Medium alone was used in unstimulated wells. Thereafter, cells were
incubated for 2 h (peptide, mock) or 12 h (virus, stimulation cocktail) at
37 °C.Brefeldin A (BioLegend, cat.no.420601; BD, cat.no.555029) and
monensin (BD, cat no.554715) were then added along with anti-CD107a
fluorophore-conjugated antibodies where appropriate, and samples
were incubated at 37 °C for an additional 6 h. Cells were washed twice
in FACS buffer (Dulbecco’s PBS, 2% FBS,1 mM EDTA pH 8.0) and treated
with human Fc-block (BioLegend, cat. no. 422302) for 10 min at 4 °C.

Cells were stained for 30 min at 4 °C with the following antibod-
iesor dyes: CCR3 AF647 (BioLegend, cat.no.310710, clone 5E8, lot no.
B312457, dilution1:50), CCR5 peridinin chlorophyll (PerCP)/eFluor 710
(ThermoFisher, cat.no.46-1951-82, clone 7A4, lot no. 4324286, dilution
1:80), CCR7 phycoerythrin (PE)/cyanine 7 (Cy7) (BioLegend, cat. no.
353226, clone GO4H7,lot no.B305236, dilution1:20), CD1c PE/Cy7 (Bio-
Legend, cat.no. 331516, clone L161, lot no. B256006, dilution 1:20), CD3
BV750 (BioLegend, cat.no.344846, clone SK7,lot no.B303395, dilution
1:200), CD3 BV510 (BioLegend, cat. no. 300448, clone UCHT], lot no.
B281774, dilution 1:200), CD4 BB515 (BD, cat.no. 565996, clone SK3, lot
no. 9343297, dilution1:200), CD8 BV570 (BioLegend, cat.no.301038,
cloneRPA-T8, lot no. B281322, dilution1:50), CD11b CD785 (BioLegend,
cat.no. 301346, clone ICRF44, lot no. B315938, dilution 1:100), CD11c
BV650 (BioLegend, cat. no. 337238, clone Bul$, lot no. B304739, dilu-
tion 1:20), CD14 allophycocyanin (APC)/Fire 750 (BioLegend, cat. no.
367120, clone 63D3, lot no. B257669, dilution1:100), CD16 fluorescein
isothiocyanate (FITC) (BioLegend, cat.no.360716, clone B73.1, lot no.
B300038, dilution 1:100), CD19 BV510 (BioLegend, cat. no. 302242,
clone HIB19, lot no. B281769, dilution 1:200), CD33 PE (BioLegend, cat.
no.303404, clone WM53, lot no. B288411, dilution1:20), CD40 AF700
(BioLegend, cat.no.334328, clone 5C3, lot no. B272227, dilution 1:20),
CD45RA V450 (ThermoFisher, cat.no.48-0458-42, clone HI100, lot no.
2263338, dilution 1:200) or BV570 (BioLegend, cat. no. 304132, clone
HI100, lot no. B319894, dilution 1:20), CD45R0O APC/Fire 750 (BioLe-
gend, cat. no. 304250, clone UCHLI, lot no. B28898]1, dilution 1:20),
CD56 PE/Cy5 (BioLegend, cat.no.362516, clone 5.1H11, lot no. B317268,
dilution 1:100), CD64 BV711 (BD, cat. no. 740782, clone 10.1, dilution
1:20), CD80 Super Bright 436 (ThermoFisher, cat.no. 62-0809-42, clone
2D10.4, lot no. E113289A, dilution 1:20), CD103 BV60S (BioLegend, cat.
no. 350217, clone Ber-ACT8, lot no. B359323, dilution 1:20), CD107a
BV711 (BioLegend, cat. no. 328640, clone H4A3, lot no. B301430, dilu-
tion 1:50) or PE/Dazzle 594 (BioLegend, cat. no. 328646, clone H4A3,
lot no. B319152, dilution1:20), CD123 PE (BioLegend, cat.no.306006,
clone 6H6, lot no. B269700, dilution 1:100) or PerCP/Cy5.5 (BioLeg-
end, cat.no.306016, clone 6H6, lot no. B318963, dilution 1:20), CD141
BV421 (BioLegend, cat. no.344144, clone M80, lot no. B315574, dilution
1:100), CD177 APC (BioLegend, cat. no. 315808, clone MEM-166, lot
no.B265153, dilution1:50), CXCR3 PE/Dazzle 594 (BioLegend, cat. no.
353736, clone GO25H7, lot no. B289168, dilution 1:100) or BV711 (Bio-
Legend, cat.no.353732, clone GO25H7, lot no. B264427, dilution 1:20),
CXCRS Super Bright 436 (ThermoFisher, cat. no. 62-9185-42, clone
MUSHBEE, lot no. 2279709, dilution1:100), HLA-A2 BV650 (BioLegend,
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cat.no.343324, clone BB7.2,lot no. B290341, dilution 1:200), HLA-DR
AF700 (BioLegend, cat.no.307626, clone 243, lot no. B272227, dilution
1:100) or PE/Dazzle 594 (BioLegend, cat.no.307654, clone L243, [ot no.
B320167, dilution1:20), ICOS PerCP/Cy5.5 (BioLegend, cat. no. 313518,
clone C398.4A, lot no. B297477, dilution 1:20), Ghost Dye Violet 510
viability dye (Tonbo, cat. no. 13-0870-T500, lot no. D0870061322133,
dilution1:400), PD-1FITC (BioLegend, cat.no.329904, clone EH12.2H7,
lot no. B253784, dilution 1:100), Siglec-8 BV480 (BD, cat. no. 747874,
clone 837535, 1ot n0.1006002, dilution1:50) and TCRyS AF647 (BioLe-
gend, cat. no. 331214, clone B1, lot no. B274274, dilution 1:80).

Cells were washed twice with FACS buffer and then fixed and per-
meabilized using the Cytofix/CytoPerm fixation and permeabilization
kit (BD, cat.no.554714) according to the manufacturer’sinstructions.
Cells were washed twice in Perm/Wash buffer and then stained for
30 minat4 °Cwith the followingintracellular antibodies: CD68 PerCP/
CyS5.5 (BioLegend, cat.no. 333814, clone Y1/82A, lot no.B273670, dilu-
tion1:50), GzmB AF700 (BioLegend, cat.no.372222, clone QA16A02, lot
no.B321316, dilution 1:25), IL-2 APC (ThermoFisher, cat.no.17-7029-82,
clone MQ1-17H12, lot no. 2172935, dilution 1:25), IL-13 BV421 (BioLeg-
end, cat. no. 501916, clone JES10-5A2, lot no. B319799, dilution 1:25),
IL-17 BV785 (BioLegend, cat. no. 512338, clone BL168, lot no. B310823,
dilution 1:25), IL-21 PE (BioLegend, cat. no. 513004, clone 3A3-N2, lot
no.B299502, dilution 1:25), IFNy BV480 (BD, cat. no. 566100, clone B27,
lot no. 0261295, dilution 1:10) and TNFa BV60S5 (BioLegend, cat. no.
502936, clone Mabll, lot no. B312493, dilution 1:25). Cells were washed
twice and resuspended in FACS buffer for flow cytometric analysis. Data
were acquired on a three-laser Cytek Aurora spectral flow cytometer
using SpectroFlow (v.2.2, Cytek) and analyzed using FlowJo (v.10.7.1,
TreeStar). Spectral cytometry panels conform to best-practice princi-
plesinspectral analysis’®.

Flow cytometry: selecting cell subsets for primary analysis

Cell frequencies were resolved for more than 89 CMI and innate
subtypes, including populations previously shown to correlate with
anti-influenzavirus response. For unbiased selections, several blinded
quality control measures were used to identify cell populations for
inclusion in the primary analysis. These included filtering out indi-
vidual samples with low cell viability (<5%) and/or high cellular debris
(>25% of events) and eliminating cell populations with limited dynamic
rangeincell frequency. Using these measures, we reduced the number
of individual myeloid populations from 23 to 16 and the number of
lymphoid/functional cell populations from 66 to 41 for the primary
analysis. Refer to Supplementary Table 7 for cell population naming
conventions used in this study.

Defining co-regulated immune cell modules

Co-regulated immune cell modules were independently determined
for myeloid or lymphoid/functional cell populations across all vacci-
nated and unvaccinated participants. For the myeloid cell populations,
modules (‘clusters’) were identified by a significant positive correlation
between cell frequencies (% parent), using Pearson’s bivariate correla-
tionand an FDR adjustment cutoff of g < 0.05. To define modules within
the lymphoid/functional compartment, cell population frequencies
(% parent) were first averaged across virus (MOI = 4, A/Michigan/45/2015
(HIN1)pdmO9 or A/Singapore/INFIMH-16-019/2016 (H3N2)) and peptide
(peptide pools containing M1, NP and PB1,1-5 uM per peptide) stimula-
tion conditions to obtain the average stimulated cell frequency (‘Stim
Average’). Lymphoid/functional clusters were then identified by a sig-
nificant positive correlation between Stim Average frequencies, using
Pearson’s bivariate correlation with an FDR adjustment cutoff of g < 0.05.
Analyses were performed using the base libraryinR (v.3.6.0) (ref. 92).

Statistical modeling
Univariate statistical comparisons (Supplementary Table 3) were per-
formed independently on vaccinated and unvaccinated participants

and are presented as differences between cases (symptomatic influ-
enza) and controls (uninfected and cryptic influenza) within each
group. Categorical variables and associated levels are displayed as
counts and percentages across the target variable, and Fisher’s exact
test was used to compute Pvalues to test the significance of the asso-
ciation of the variable across cases and controls. Continuous variables
are represented by their median and IQR across the symptomatic
and cryptic/uninfected groups, and the significance of the difference
between the two groups was computed using a single-sided Kruskal-
Wallis test. Statistical analyses were performed using the base library
inR (v.3.6.0) (ref. 92) and sjTabone (v.0.1.0) (ref. 93). Six participants
with consistent cell frequency outliers across multiple cell populations
determined by Grubbs’test (P < 0.05) were excluded, and atotal of 200
participants were analyzed.

Univariate regression modeling was performed individually on
all cellular covariates (separately for vaccinated and unvaccinated
participants), on selected co-regulated cell modules, and on a subset
of participants with cryptic and symptomatic infection (for serology
measures). Binomial regression models were built from each cellular
or serology measure or from the cluster frequency (independent vari-
able) to evaluate the effects on symptomatic infection risk (dependent
variable). Individual multivariate regression models describing the
risk of symptomatic influenza, given individual serology measures
adjusted for age (years), sex, BMI (kg m™2) and 2018 vaccination status,
werealso generated. Logit estimates from each GLM were transformed
exponentially to obtain OR values.

For the multivariate logistic regression considering demo-
graphic, vaccination status, serology and cell immune measures,
a stepwise approach was used to identify appropriate variables to
include in the GLM. First, we identified highly correlated cell popu-
lation clusters for both lymphoid/functional and myeloid compart-
ments (Fig. 7b) or across serology measures (Extended Data Fig. 2a).
Theresulting Pearson’s correlation coefficients were informative in
selecting representative immune measures from each cluster to be
used in statistical models. Inhibiting titers for all HAI and NAI were
log, transformed. All serology measures and cell populations found
tobeinfluenced by vaccination status in the univariate analyses were
considered as both individual covariates and interacting terms with
the 2018 influenza vaccination status. As collinearity is a common
probleminstudies in which the underlying phenomenon that gener-
ates the observationsis not fully specified, we also assessed multicol-
linearity across all covariates through VIF analysis. The results from
the correlation and VIF analyses identified a ‘selected’ set of covari-
ates that could be used in traditional regression methods without
overfitting. A GLM was constructed with the final set of selected
covariates against aresponse variable denoting symptomatic infec-
tion status. Stepwise regression models (both forward-selection and
backward-elimination) were also constructed using AIC as the metric
of model effectiveness. The final stepwise model had alower AIC than
theselect GLM but resulted in higher residual deviance. BMA was also
used to test the strength of the selected covariates when averaged
over awider range of models. Continuous dependent covariates were
normalized using scaled mean and s.d. values (age, ELISA AUC, % par-
entcell frequency) or by log, transformation (HAI, NAI). Multivariate
analyses were performed using the base library inR (v.3.6.0) (ref. 92)
and BMA (v.3.18.17) (ref. 94).

Univariate protection and susceptibility thresholds

ROC curves were used to test the effectiveness of each univariate
immune measure—from the complete set of participants, the vac-
cinated subset and the unvaccinated subset—as a diagnostic indica-
tor®?¢, From the ROC analysis, we (1) measured trade-offs between the
sensitivity and specificity of a given immune measure and (2) deter-
mined the optimal threshold achieving 50% sensitivity to generalize
the behavior of the measure. The AUC was also determined for each
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immune measure and indicates the overall quality of the measure in
capturing true positives. Analyses were performed using the base
libraryinR (v.3.6.0) (ref. 92).

Predictive modeling

An80:20 (trainto test) split was performed on 200 participants (after
the removal of six participants with significant cell population fre-
quency outliers) while ensuring equivalent proportions of cases (symp-
tomatic influenza) and controls (uninfected and cryptic influenza).
Four separate random forest models were built: (1) abase model that
predicts symptomatic infection using demographic (age, sex, BMI
category, ethnicity, 2018 influenza virus vaccination status) and sero-
logic (HAI A(H1), HAI A(H3), HAI B/Victoria lineage, HAI B/Yamagata
lineage, NAIA(N1), NAIA(N2), NAIB/Victorialineage, NAI B/Yamagata
lineage, A(H1) AUC, A(H3) AUC, B/Victorialineage HA AUC, B/Yamagata
lineage HA AUC, A(N1) AUC, A(N2) AUC, B/Victoria lineage NA AUC,
B/Yamagata lineage NA AUC) covariates; (2) alymphoid model that
uses the variables from the base model and cell populations from the
lymphoid/functional panel (total CD4" T cells, TNF&aplha;*CD4" T cells,
CD4" effector T cells, IL-2*CD4" T cells, naive CD4" T cells, PD-1'CD4"*
T cells, CD4" T,17 cells, dual-cytokine-producing CD4" T cells, total
CDS8" T cells, CD107a"CD8" T cells, CD8" effector T cells, IFNy*CD8"
Tcells, IL-2'CD8" T cells, CCR5'CD8* memory T cells, PD-1'CD8" T cells,
TNF&aplha;*CD8" T cells, single-cytokine-producing CD8" T cells,
dual-cytokine-producing CD8" T cells, CXCR3" Ty, cells, ICOS" cT;,
cells, GzmB IFNy* NK cells, GzmB*IFNy" NK cells, GzmB*IFNy~ NK
cells, yd T cells); (3) a myeloid model that uses the variables from
the base model and cell populations from the myeloid panel (mDCs,
cytokine-producing NK cells, activated NK cells, cytotoxic NK cells,
intermediate monocytes, nonclassical monocytes, basophils, eosino-
phils); (4) a combined model that uses all available variables; (5) a
myeloid-only model that contains populations from the myeloid panel
alone; (6) a lymphoid-only model that contains populations from
the lymphoid panel alone; and (7) a lymphoid + myeloid model that
contains populations from both the lymphoid and myeloid panels.
For cellular variables with high frequency correlation, a representa-
tive population was selected for inclusion into the models. Fivefold
cross-validation was performed to avoid overfitting the data and
repeated three times to generate reliable metrics of model perfor-
mance. Model performance was measured by sensitivity and specificity
and by scoring test-set dataand plotting ROC curves. VIP analysis was
performed onthe combined model, and values were scaled between O
and 100, with higher values denoting a greater impact on prediction.
Random forest and VIP analyses were performed using the base library
inR(v.3.6.0) (ref. 92) and caret (v.6.0-92) (ref. 97).

Data visualization

Datavisualizations were performedinR (v.3.6.0) using ggplot2 (v.3.4.0)
(ref. 98) and ggpubr (v.0.5.0) (ref. 99) and assembled using Adobe
Illustrator 2023 software. Figure 1b was created with BioRender.com
and exported under a paid subscription with an associated publica-
tion license.

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

Data availability

The published article includes all datasets generated or analyzed as a
part of this study. Individual source data are provided with associated
figures (where appropriate) per the data sharing agreement stipulated
under the Ruth L. Kirschstein National Research Service Award Indi-
vidual Postdoctoral Fellowship (award no. F32A1157296; R.C.M.). Raw
flow cytometry source files can be made available upon reasonable
request. Source dataare provided with this paper.

Code availability

A minimum dataset containing deidentified study participant informa-
tion and biological assay results along with custom study-generated
R code for analysis was uploaded to GitHub (https://github.com/
kvegesan-stjude/SHIVERS2) per the data sharing agreement stipu-
lated under the Ruth L. Kirschstein National Research Service Award
Individual Postdoctoral Fellowship (award no. F32A1157296; R.C.M.).
Additional basic R code canbe made available upon reasonable request.
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Extended Data Fig. 1| Data analysis pipeline for predictive and statistical
modeling. The analysis pipeline was designed to integrate participant-level
demographic, serology, vaccine histories, and cellular flow cytometry datainto
statistical and predictive models. Univariate analyses, including Fisher’s exact
test, Kruskal-Wallis, logistic regression, and ROC thresholds were performed first
onsingle, independent variables. These analyses help determineif an individual
immune measure is statistically different between influenza virus infection

and vaccination comparator groups (Fisher’s exact test; Kruskal-Wallis), the

risk of symptomatic influenza associated with an individual measure (logistic
regression), and the threshold at which an individualimmune measure can
accurately describe 50% of symptomatic cases (ROC threshold). As univariate
comparisons do not account for confounding factors, multivariate analyses
were performed on combined variables including decision tree analysis (random

(Reducing Dimensionality\

& Multicollinearity

Multivariate
Statistical Modeling

)
CorrceII::t:Ti-:ased Multivariate GLM
R Bivgriate) (Risk of PCR-positive)|
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.---....)
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Bayesian Model
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Variance Inflation
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forest) and logistic regression. The random forest allows comparison of
performance (thatis categorization accuracy) across models (ROC; Sensitivity

& Specificity) as well as the relative importance of individual covariates within
amodel (VIP analyses). While random forest considers which models or
individual covariates best categorize cases (symptomatic influenza) and controls
(uninfected/cryptic), they do not provide information on association or risk.
Multivariate generalized linear modeling (GLM) was used to determine the risk
of symptomatic influenza associated with individual immune measures while
accounting for the effects of others. The GLM was built on a select set of variables
determined following reduction of dimensionality (correlation-based clustering)
and multicollinearity (VIF) using stepwise regression (Akaike Information
Criteria; AIC) and evaluated using Bayesian Model Averaging (BMA).
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Extended Data Fig. 2 | Participant demographic and serologic correlations.
a) Spearman Rank correlations between serology measures. Significant values
(FDR-adjusted; g < 0.05) depicted with correlation coefficients and within
correlation groups (black rectangles). Insignificant values blank. b) Frequency of
unvaccinated or vaccinated study participants with baseline anti-HA and anti-NA
antibody titers at elevated (>1:40) or reduced (<1:40) levels for each influenza
strain. ¢) Spearman Rank correlation (R; coefficient) between participant age
(years) and BMI (kg m™) by sex. d-k) Spearman Rank Correlation (R; coefficient)
between participant BMI (kg m™) and age (years) by baseline serologic measures
stratified by sex. Reciprocal inhibiting antibody titer against (d,f) HA or (e,g)

NA. Inhibiting titer calculated from HAl or NAl assays using A(HIN1), A(H3N2),
B/Victoria (lineage), and B/Yamagata (lineage) viruses. Total (h,j) anti-HA or

(i,k) anti-NA binding antibody titers. Total binding antibody titers reported as
AUC values calculated from ELISA assay against purified, full-length HA or NA
proteins derived from influenza A(HIN1), A(H3N2), B/Victoria lineage, and B/
Yamagata lineage viruses. Regression analysis using locally estimated scatterplot
smoothing (LOESS) method depicted with LOESS fit line (center line; smoothed
local regression using least squares) and 95% CI (grey). Significant associations
defined at p < 0.05.
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Extended Data Fig. 3| Myeloid panel gating strategy. Flow cytometry gating strategy to resolve cell populations within the myeloid compartment. All gates applied
toleukocyte-sized, single, live cells. Gates depict frequency as % of parent gate.
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Extended Data Fig. 4 | Lymphoid and ICS panel gating strategy. Flow cytometry gating strategy to resolve cell populations within the lymphoid/functional
compartment by ICS. All gates applied to lymphocyte-sized, single, live cells. Gates depict frequency as % of parent gate.
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Software and code

Policy information about availability of computer code

Data collection  Flow cytometery data were collected using SpectroFlow v2.2 software (Cytek). All other biologic data were collected without software.

Data analysis All statistical analyses were performed in R v3.6.0, including sample size assessments (WMWssp v0.4.0), univariate statistical modeling
(sjTabone 0.1.0), multivariate predictive modeling (caret v6.0-92), and Bayesian model averaging (BMA v3.18.17) except calculation of area
under the curve (AUC) values for ELISA, which were determined with GraphPad Prism 9 (v9.5.1 (528)) using the following parameters: baseline
y=0; minimum peak height <10% of the distance from min to max Y; all peaks above baseline; 5 significant digits. Visualization in R was
performed using ggplot2 v3.4.0 and ggpubr v0.5.0. Flow cytometry data were analyzed using FlowJo v10.7.1 (TreeStar). Figures were
assembled using Adobe Illustrator 2023 or created with BioRender.com (exported under a paid subscription with an associated publication
license). A detailed description of each analysis can be found in the "Methods" section of the manuscript. A minimum dataset containing de-
identified study participant information and biological assay results along with custom study-generated R code for analysis was uploaded to
GitHub (https://github.com/kvegesan-stjude/SHIVERS2) per the data sharing agreement stipulated under the NRSA-NIAID Individual
Postdoctoral Fellowship award number F32A1157296 (R.C.M). Additional basic R code can be made available upon reasonable request. The
published article includes all datasets generated or analyzed as a part of this study. Individual Source Data are provided with associated
figures (where appropriate) per the data sharing agreement. Raw flow cytometry source files can be made available upon reasonable request.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The published article includes all datasets generated or analyzed as a part of this study. Individual Source Data are provided with associated figures (where
appropriate) per the data sharing agreement stipulated under the Ruth L. Kirschstein National Research Service Award (NRSA) Individual Postdoctoral Fellowship
(NRSA-NIAID) award number F32A1157296 (R.C.M). Raw flow cytometry source files can be made available upon reasonable request.
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Policy information about studies involving human research participants and Sex and Gender in Research.

Reporting on sex and gender

Population characteristics

Recruitment

Ethics oversight

Participant sex (assigned at birth) is reported as a biologic attribute. Attention was paid to participant sex during the design of
the study and sample selection so rough equivalent Male and Female participants were represented. Sex was considered in
the correlation and univariate analyses, and as a covariate in the multivariate modeling. Results reported apply to all sexes,
unless specifically stated. Information on comparator groups (vaccine and influenza infection status) by sex can be found in
Figure 1c-1d, Table 1, and Supplementary Table 2.

Participant age (in years or as age group), sex (biologic attribute; assigned at birth), body-mass index (kg/m*2), ethnicity
(participant-reported), 2018 influenza virus infection status (by PCR-confirmed infecting strain), and 2018 influenza vaccine
status were collected and are reported in Table 1.

During year 1 (2018) of the SHIVERS-II study, more than 22,000 individuals aged 20-69 years were randomly selected for
recruitment from 3 participating primary health organizations’ healthy patient networks in Wellington, New Zealand, with
2,195 ultimately enrolled following written informed consent. The study staff identified prospective adults aged 20-69 years
through random selection from those healthy individuals listed in the management systems of selected primary care general
practices. The study staff mailed the invitation and study information packet to those selected individuals. Those interested
individuals provided their consent through online electronic consent form and also filled in an online questionnaire by
providing demographic and contact information, vaccination and health and influenza-like iliness status. For those consented
participants, study activities included blood/swab collections. Each participant received a NZ$30 gift card after each blood or
swab sample collection to recognize their time and effort.

This study received ethics approval from the New Zealand Health & Disability Ethics Committee (NTX11.11.102.AM36 &
AM36 & AM49 & AMS51). All participants provided written consent to participate in the study. De-identified participant
samples (PBMC, serum) and associated demographic information were provided under the St. Jude Children’s Research
Hospital Center of Excellence for Influenza Research and Surveillance NIAID contract #HHSN272201400006C.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size A total of 206 participants were selected from year 1 of the SHIVERS-II study comprising vaccinated-uninfected (n=75), vaccinated-infected
(n=33), unvaccinated-uninfected (n=76), and unvaccinated-infected (n=22). Subjects’ age (in years) and sex (assigned at birth) were roughly
matched when selecting across comparator groups. Sample size requirements for statistical testing of the covariates were calculated using the
R package WMWssp v0.4.0 with a defined power of 0.8 and were determined to be sufficient in size for the planned comparisons.

Data exclusions  Following collection of flow cytometry data we applied several blinded quality control measures for unbiased selections to identify cell
populations to include in our primary analysis. These included filtering out individual samples with low cell viability (5% and below) and/or
high cellular debris (>25% of events), and eliminating cell populations with a limited dynamic range in cell frequency. In the downstream
statistical and modeling analyses, subjects with significant cell frequency outliers consistent across multiple cell population types were
determined by Grubbs’ test and excluded where indicated (n=6 removed).
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Replication The Pl and research team maintain practices and atmosphere that place high value on scientific rigor and reproducibility. This is accomplished
by appropriate study design, by performing biological replicates as well as technical replicates when possible, implementing good practice in
data analysis, and by statistical evaluation. Due to the limited volumes of blood collected from the human subjects, technical replication of the
cellular analyses were not possible. However, values collected from flow cytometry or anti-influenza antibody titers were compared to other
human cohorts of similar composition to verify that ranges were appropriate. Rigorous statistical methods were performed on all data and
reported as such; adjustments were made for multiple comparisons where applicable. For random forest modeling, an 80:20 (train:test) split
was performed on the 200 (outliers removed as indicated above) participants while ensuring equivalent proportions of cases and controls
were included. Models underwent 5-fold cross-validation, which was repeated 3 times for each model. All reagents and methods are
described in detail to best support reproducibility.

Randomization  Sample selections were based on rough age- and sex- matching across the infection and vaccination comparator groups to ensure similar
numbers in each. Sample order was randomized prior to cellular and serology assays to limit batch effects.

Blinding Individual sample blinding was not performed during sample selection as the comparator groups required rough age, sex, and sample number
inclusion equivalents. Subject-level covariates were considered in the univariate and multivariate models and therefore were unblinded.
Following flow cytometry, information regarding sample and cell population were blinded during quality control steps and selection of cell
populations for primary analysis. During the multivariate modeling, computer-generated covariate selection (blinded; unbiased) was
compared to covariates selected by the investigators; comparison confirmed the investigator-selected covariates appropriately fit the data.
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Dual use research of concern

Antibodies

Antibodies used Flow cytometry surface antibodies used: CCR3 AF647 (BioLegend cat# 310710, clone 5E8, lot# B312457, dilution 1:50), CCR5 PerCP/
eFluor710 (ThermoFisher cat# 46-1951-82, clone 7A4, lot# 4324286, dilution 1:80), CCR7 PE/Cy7 (BioLegend cat# 353226, clone
GO4H7, lot# B305236, dilution 1:20), CD1c PE/Cy7 (BioLegend cat# 331516, clone L161, lot# B256006, dilution 1:20), CD3 BV750
(BioLegend cat# 344846, clone SK7, lot# B303395, dilution 1:200), CD3 BV510 (BioLegend cat# 300448, clone UCHT1, lot# B281774,
dilution 1:200), CD4 BB515 (BD cat# 565996, clone SK3, lot# 9343297, dilution 1:200), CD8 BV570 (BioLegend cat# 301038, clone
RPA-T8, lot# B281322, dilution 1:50), CD11b CD785 (BioLegend cat# 301346, clone ICRF44, lot# B315938, dilution 1:100), CD11c
BV650 (BioLegend cat# 337238, clone Bul5, lot# B304739, dilution 1:20), CD14 APC/Fire750 (BioLegend cat# 367120, clone 63D3,
lot# B257669, dilution 1:100), CD16 FITC (BioLegend cat# 360716, clone B73.1, lot# B300038, dilution 1:100), CD19 BV510
(BioLegend cat# 302242, clone HIB19, lot# B281769, dilution 1:200), CD33 PE (BioLegend cat# 303404, clone WM53, lot# B288411,
dilution 1:20), CD40 AF700 (BioLegend cat# 334328, clone 5C3, lot# B272227, dilution 1:20), CD45RA V450 (ThermoFisher cat#
48-0458-42, clone HI100, lot# 2263338, dilution 1:200) or BV570 (BioLegend cat# 304132, clone HI100, lot# B319894, dilution 1:20),
CD45RO APC/Fire 750 (BioLegend cat# 304250, clone UCHL1, lot# B288981, dilution 1:20), CD56 PE-Cy5 (BioLegend cat# 362516,
clone 5.1H11, lot# B317268, dilution 1:100), CD64 BV711 (BD cat#740782, clone 10.1, dilution 1:20), CD80 SuperBright 436
(ThermoFisher cat# 62-0809-42, clone 2D10.4, lot# E113289A, dilution 1:20), CD103 BV605 (BioLegend cat# 350217, clone Ber-ACTS,
lot#B359323, dilution 1:20), CD107a BV711 (BioLegend cat# 328640, clone H4A3, lot# B301430, dilution 1:50) or PE/Dazzle 594
(BioLegend cat# 328646, clone H4A3, lot# B319152, dilution 1:20), CD123 PE (BioLegend cat# 306006, clone 6H6, lot# B269700,
dilution 1:100) or PerCP/Cy5.5 (BioLegend cat#306016, clone 6H6, lot# B318963, dilution 1:20), CD141 BV421 (BioLegend cat#
344144, clone M80, lot# B315574, dilution 1:100), CD177 APC (BioLegend cat# 315808, clone MEM-166, lot# B265153, dilution
1:50), CXCR3 PE/Dazzle594 (BioLegend cat# 353736, clone GO25H7, lot# B289168, dilution 1:100) or BV711 (BioLegend cat# 353732,
clone GO25H7, lot# B264427, dilution 1:20), CXCRS SuperBright436 (ThermoFisher cat# 62-9185-42, clone MUSHBEE, lot# 2279709,
dilution 1:100), HLA-A2 BV650 (BioLegend cat# 343324, clone BB7.2, lot# B290341, dilution 1:200), HLA-DR AF700 (BioLegend cat#
307626, clone L243, lot# B272227, dilution 1:100) or PE/Dazzle 594 (BioLegend cat#307654, clone 1243, lot# B320167, dilution 1:20),
ICOS PerCP/Cy5.5 (BioLegend cat# 313518, clone C398.4A, lot# B297477, dilution 1:20), GhostDye Violet 510 Viability Dye (Tonbo
cat# 13-0870-T500, lot# DO870061322133, dilution 1:400), PD1 FITC (BioLegend cat# 329904, clone EH12.2H7, lot# B253784,
dilution 1:100), Siglec-8 BV480 (BD cat# 747874, clone 837535, lot# 1006002, dilution 1:50), and TCRyS AF647 (BioLegend cat#
331214, clone B1, lot# B274274, dilution 1:80)

Flow cytometry intracellular staining antibodies used: CD68 PerCP/Cy5.5 (BioLegend cat# 333814, clone Y1/82A, lot# B273670,
dilution 1:50), Granzyme B AF700 (BioLegend cat# 372222, clone QA16A02, lot# B321316, dilution 1:25), IL2 APC (ThermoFisher cat#
17-7029-82, clone MQ1-17H12, lot# 2172935, dilution 1:25), IL13 BV421 (BioLegend cat# 501916, clone JES10-5A2, lot# B319799,
dilution 1:25), IL17 BV785 (BioLegend cat# 512338, clone BL168, lot# B310823, dilution 1:25), IL21 PE (BioLegend cat# 513004, clone
3A3-N2, lot# B299502, dilution 1:25), IFNy BV480 (BD cat# 566100, clone B27, lot# 0261295, dilution 1:10), and TNFa BV605
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(BioLegend cat# 502936, clone Mab11, lot# B312493, dilution 1:25)

ELISA secondary antibody used: anti-Human IgG (Fab specific)-HRP secondary antibody (Sigma cat #A0293, polyclonal, lot#
0000201676, dilution 1:3000)

Validation All antibodies were purchased from commercial suppliers including BD, BioLegend, Tonbo, ThermoFisher, Sigma, and eBiosciences
with validation data and applicable citations available on product listings for all antibodies (see individual catalog numbers).
Antibodies that have previously been validated in the literature were preferred and used at specified dilutions or according to the
manufacturer's specifications.

Flow Cytometry

Plots

Confirm that:
X] The axis labels state the marker and fluorochrome used (e.g. CD4-FITC).
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X] The axis scales are clearly visible. Include numbers along axes only for bottom left plot of group (a 'group' is an analysis of identical markers).
X] All plots are contour plots with outliers or pseudocolor plots.

X] A numerical value for number of cells or percentage (with statistics) is provided.

Methodology

Sample preparation Cryopreserved aliquots of PBMCs were thawed at 37°C, suspended in RPMI-1640 supplemented with 10% heat-inactivated
FBS (Gibco, cat# 16140071), 1% non-essential amino acids (Gibco, cat# 11140-050), 1 mM sodium pyruvate (Gibco, cat#
11360-070), and 1% penicillin-streptomycin (10,000 U/mL penicillin and 10,000 ug/mL streptomycin; Gibco, cat# 15140-122).
Cells were plated at 3.0-4.0x1075 cells/well in a 96-well U-bottom plate.

Instrument Cytek 3-laser Aurora spectral flow cytometer

Software SpectroFlow v2.2 software (Cytek) was used to collect data, which were analyzed using FlowJo v10.7.1 (TreeStar)

Cell population abundance Following collection of flow cytometry data we applied several blinded quality control measures for unbiased selections to
identify cell populations to include in our primary analysis. These included filtering out individual samples with low cell
viability (5% and below) and/or high cellular debris (>25% of events), and eliminating cell populations with a limited dynamic
range in cell frequency. Where possible, individual cell population frequencies were compared to known frequencies in
published human cohorts.

Gating strategy The flow cytometry gating strategy to resolve cell populations within the myeloid compartment is presented in Extended data

figure 3 and Supplementary Table 7. All gating applied to leukocyte-sized, single, live cells and depict frequency as % of
parent gate. The flow cytometry gating strategy to resolve cell populations within the lymphoid compartment by ICS is
presented in Extended data figure 4 and Supplementary Table 7. All gates applied to lymphocyte-sized, single, live cells. Gates
depict frequency as % of parent gate.

X] Tick this box to confirm that a figure exemplifying the gating strategy is provided in the Supplementary Information.
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