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Multiplex serology reveals age-specific
immunodynamics of respiratory pathogens
in the wake of the COVID-19 pandemic

Samantha J. Bents 1,2 , Emily T. Martin3, Terry Stevens-Ayers 4,
Claire Andrews4, Amanda Adler5, Amanda C. Perofsky 2,6, Elizabeth M. Krantz4,
Rachel Blazevic4, Louise Kimball4, Robin Prentice 4, Chelsea Hansen2,6,
Lea Starita6, Peter Han6, Janet A. Englund 7, Nicole Wolter 8,9,
Anne von Gottberg 8,9, Lorens Maake8,10, Jocelyn Moyes8,10,
Cheryl Cohen 8,10, Michael Boeckh 4, James A. Hay 11,
Alpana Waghmare4,6 & Cécile Viboud 2

The rebound of endemic respiratory viruses following the COVID-19 pandemic
was marked by atypical transmission dynamics, with children experiencing
increased disease burden and out-of-season epidemics as restrictions relaxed.
Herewe used serology from a newly developed quantitativemultiplex assay to
assess the post-pandemic immunity debt. We assessed age-specific antibody
dynamics across a broad range of respiratory viruses, including influenza,
respiratory syncytial virus, seasonal coronaviruses, and SARS-CoV-2 using
serology collected in King County, Washington, US, from 2020-2022
(n = 1508).We found that respiratory virus immunodynamics differed between
individuals <5 years of age and older individuals, with young children experi-
encing larger boosts and quicker waning of antibodies across pathogens. We
confirmed that these patterns are upheld in a non-pandemic setting by ana-
lyzing influenza serology collected in South Africa between 2016-2018
(n = 1028). We incorporated our serological insights into an influenza trans-
missionmodel calibrated to epidemiological data from King County and show
that consideration of age-specific immunodynamics may be important to
anticipate the effects of pandemic perturbations.

Respiratory virus epidemics are governed by a complex interplay
between the waxing and waning of population immunity, cycling of
different strains or subtypes, and seasonal forcing. The COVID-19
pandemic has provided a unique opportunity to clarify the forces

driving epidemics. The circulation of many endemic viral pathogens
was interrupted by non-pharmaceutical interventions (NPIs), only to
rebound when population contacts resumed1,2. The consequences of
the so-called “immunity debt”, whereby population immunity is
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reduced due to a lack of pathogen exposure, have been seen across
various disease systems. For instance, large, out-of-season respiratory
syncytial virus (RSV) outbreaks were reported globally following per-
iods of low circulation, with several rebounds showing an age shift to
older infants experiencing more severe disease3–5. Similarly, influenza
activity remained historically low for several seasons before
rebounding to generally typical magnitude and timing, but disrupted
age structure6,7. Pathogens such as seasonal coronaviruses, adeno-
virus, parainfluenza viruses, rhinovirus, and other respiratory infec-
tions experienced similar perturbations, with variable timing and
extent of rebound8,9. These pandemic perturbations allow for a rare
window into how host immunity may decline in the absence of ende-
mic virus exposure, in turn helping to clarify the contribution of
immune waning to pathogen dynamics.

Serology has emerged as a powerful tool to monitor population
immunity and deepen our understanding of disease dynamics10,11.
Elevated serum antibody concentration levels can be indicative of a
recent disease exposure or vaccination event, and thus provide useful
insight into the history of circulating pathogens12,13. Age and immune
function influence an individual’s antibody dynamics, where antibody
concentration levels generally increase with exposure and infection/
vaccination events later in life elicit smaller-fold changes in titers, a
phenomenon referred to as the antibody ceiling effect14,15. In several
instances, individuals have also been shown tomount a large antibody
response to the first subtype of a pathogen that they are exposed to
throughout life, known as antigenic seniority, and produce cross-
reactive antibody responses when infected later with related strains16.
Despite the complex biological processes that dictate an individual’s
antibody response, population-level serology can shed light on the key
mechanisms underpinning recent outbreaks and anticipate future
outbreaks.

While there is a growing body of serological studies addressing
repeated exposure with endemic respiratory pathogens, the persis-
tence of immune markers in the absence of pathogen exposure
remains less well-studied. The COVID-19 pandemic offers a unique
opportunity to study the drivers of the decay of immune responses,
particularly relating to age and prior exposures. For instance, an
influenza serology study set in the pre-COVID-19 era has reported
differences in the duration of immunity by age and circulating
subtypes17. Whether these age differences are common to other
respiratory pathogens and whether they can be exacerbated or
reduced during periods of low pathogen exposure, such as the COVID-
19 pandemic, remains unclear.

In this study, we rely on a novel multiplex serological assay col-
lected by the Seattle Flu Alliance (SFA) throughout the COVID-19
pandemic in King County, Washington, USA, tomodel the age-specific
antibody dynamics of influenza, RSV, and seasonal and pandemic
coronaviruses. We complement our data with pre-pandemic influenza
serology collected independently in South Africa using a well-
established hemagglutination inhibition assay (HAI)18. To extend our
findings across scales, we incorporate serological insights in mathe-
matical transmission models and test hypotheses about the influenza
rebound in 2022–23 observed in the United States, where children
experienced the highest hospitalization rates recorded in recent
seasons19. Our study provides a unique focus on young children, gen-
erating insight into the nature of early childhood exposures and
immunity to respiratory viruses, and their impact on diseasedynamics.

Results
Toassess how immunologicaldynamics to endemic respiratory viruses
changed during the COVID-19 pandemic, and how those changes in
turn influenced transmission dynamics, we drew from multiple data
sources. First, we combined virological surveillance and age-stratified
serological data from a novel assay from King County, WA, to evaluate
how pandemic disruptions impacted antibody dynamics across age

groups. We then used the serosolver model to estimate age-specific
antibody kinetics parameters such as boosting andwaning rates across
a range of respiratory pathogens20. To test the generalizability of our
findings across epidemiological contexts, we used the same model to
analyze a prepandemic influenza serological study from South Africa,
which used a more established assay (hemagglutinin inhibition assay)
and provided multiple serological samples per person for all age
groups. The multi-level serosolver model jointly estimates individual-
level infection histories and antibody kinetics parameters and can be
fit flexibly to a variety of datasets, with differences in study design and
assay being accounted for in the model. This cross-context validation
enabled us to distinguish age-related immunological patterns that
persisted despite key differences in assay, vaccination rates, local
exposure histories, and pandemic-driven disruptions. Finally, we used
a mechanistic modeling framework calibrated to influenza epide-
miology in King County, WA, to assess whether our insights on age-
specific immunological dynamics could improve our understanding of
the post-pandemic resurgence of influenza, which exhibited an atypi-
cal rebound.

Modeling age-specific immunodynamics of respiratory
pathogens
Virological and serological surveillance in King County, WA. We used
virological and serological surveillance data collected as part of the
Seattle Flu Alliance, a large respiratory study set in King County, WA,
USA, to assess pathogen activity and antibody dynamics during the
COVID-19 pandemic. In King County, respiratory virus activity was
repressed throughout the early COVID-19 pandemic period (see Fig. 1a
for a timeline of pathogen circulation based on PCR detections). RSV
was the first pathogen to make a strong resurgence and peak in late
2021, followed shortly by heightened seasonal coronavirus activity. A
small outbreak of influenza was observed out of season in mid-2022,
followed by a larger outbreak during the 2022–23 winter. To estimate
the pandemic immunity debt to endemic viruses, we collected con-
venience serum samples from 999 children <11 yo during three cross-
sectional time periods in 2020–2022 and from 509 adults during two
paired timeperiods in 2021–2022 (see Fig. 1b for a timeline of serology
sampling andmethods for details on sampling scheme). Themid-2020
sampling time occurred after a mostly uninterrupted winter season of
viral activity in 2019–2020, so that antibody levels in the population
would be expected to reflect those of a normal winter season. Sub-
sequent sampling times were expected to capture putative drops in
antibody levels as activity of endemic viruses declined. Antibody
responses to all seasonal influenza subtypes, RSV, and seasonal and
pandemic coronaviruses weremeasured using the recently developed
quantitative meso scale discovery (MSD) electrochemiluminescence
multiplex immunoassay21. The detailed age distribution across sam-
pling times is provided in Supplementary Table 1 and individual anti-
body responses for all antigens are presented in Supplementary Fig. 1.

Characterizing pandemic immunity debt. We calculated themean
antibody level by age group and pathogen subtype for annual sam-
pling points in 2020–2022. We found that antibody levels declined
substantially between 2020 and 2021, particularly for children <5 yo
(Fig. 1c). The 1–2 yo age group had the most significant declines in
antibody levels for all influenza viruses, seasonal coronaviruses, and
RSV (Supplementary Table 2). Compared to antibody concentration
levels in 2020, children 1–2 yo sampled in 2021 experienced
15.3–30.6% relative decreases in antibody levels against seasonal cor-
onaviruses (Kolmogorov–Smirnov two-sided p values <0.002), and
17.5 and 18.3% declines against influenza A/H3 (p value <0.005) and
RSV (p values <0.0007), respectively. Significant declines in antibody
concentration levels were also exhibited for the 3–4 and 5–10 yo age
groups for the seasonal alpha coronaviruses and RSV, while <1 yo
experienced declines in antibodies to influenza A/H1 and seasonal
coronaviruses. In 2022, antibody levels began to steadily increase
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acrossmost age groups andpathogens, consistentwith the resurgence
of endemic pathogens observed in surveillance data, suggesting the
immunity debt had attenuated (Supplementary Table 3). Influenza was
the only pathogen for which antibody levels continued to decline in
2022 across several pediatric age groups. (Fig. 1d). In contrast to
endemic pathogens, antibody concentration levels to different SARS-
CoV-2 antigens rose in most age groups throughout 2021–2022, with
the largest increase observed among children under 10 years following
the Omicron wave in 2022.

Modeling age-specific immunodynamics. We used Bayesian hier-
archical models to infer age-specific antibody kinetics parameters
from the King County 2020–2022 serological data (Fig. 2)20. We esti-
mated age-specific differences in the antibody boost and waning rate
between children <5 yo and adults for RSV, seasonal coronaviruses,
and influenza viruses. We found that children experience larger anti-
body boosts and quickerwaning following pathogen exposure (Fig. 2a,
b). For influenza specifically, we estimated children <5 yo boosted on
average 4.5 log arbitrary units per milliliter (AU/mL) (95% CrI: 3.8, 5.7)
following A/H3 exposure and waned at a rate of 16% year−1 (95% CrI: 5,

27). We estimated that adults boosted on average 1.9 log AU/mL (95%
CrI: 1.5, 2.0) after A/H3 exposure, and waned at a rate of 1% year−1 on
average. These age-specific patterns were also observed for other
influenza viruses, RSV, and seasonal coronaviruses. For example, we
estimated that children <5 yo experienced a boost of 4.7 logAU/mL
(95%CrI: 4.3, 5.1) following infectionwith RSV, compared to an average
boost of 2.7 log AU/mL (95% CrI: 2.5, 2.7) for adults, with children
waning annually about 7x more quickly than adults.

To contrast the immunological patterns of endemic viruses with
those of a pandemic pathogen to which preexisting immunity was low
or inexistent, we repeated this analysis with SARS-CoV-2 antibodies.
We found that adults experienced the highest rates of waning to SARS-
CoV-2 nucleocapsid and receptor binding domain (RBD) antigens,
waning at a rate of 8% year−1 on average (Fig. 2a). We also estimated
that adults experienced a larger boost to SARS-CoV-2 antigens upon
exposure than to any other endemic respiratory virus. Estimated
antibody responses to SARS-CoV spike and RBD, which capture com-
posite exposures to vaccination and natural infection, were sig-
nificantly higher than that of infection-based SARS-CoV-2
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Fig. 1 | King County respiratory virus surveillance and antibody patterns,
2019–2023. a Time series showing the percent PCR-positive confirmed cases for
influenza A/H3, A/H1, B, CoV N, CoV Spike, CoV RBD, RSV, and HCoV 229E, NL63,
OC43, and HKU1 reported through Seattle Children’s Hospital and the King
County COVID-19 Dashboard. The blue and orange bands represent when ser-
ological samples were collected from adults and children, respectively. The
periods of sampling of children and adults overlap in 2021 and 2022. b Violin
plots showing the yearly distribution of log10 antibody levels for all antigens

based on the MSD multiplex assay, with black horizontal lines showing the mean
titer value. Antibody measurements are grouped by adults >18 yo (blue) and
children <11 yo (orange). c Geometric mean percent change in antibody levels
between the 2020 and 2021 sampling points by pathogen subtype for smaller age
bands <11 yo, where blue indicates a rise in the mean antibody levels in 2021
compared to 2020 and red indicates a drop. dGeometricmean percent change in
antibody levels between the 2021 and 2022 sampling points across the same age
and pathogen combinations as in (c).
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nucleocapsid, with estimated boosts of 9.3 (95% CrI: 8.9, 9.8) and
10.0 (95% CrI: 9.3, 10.8) for the spike and RBD antigens respectively,
compared to 4.0 (95% CrI: 3.8, 4.2) for nucleocapsid. Waning of SARS-
CoV-2 nucleocapsid antibodies did not differ between children and
adults.

Immunodynamics of influenza in an independent population. To
further investigate the age differences in immunological dynamics
evidenced in the King County data and confirm our findings using a
different serological assay, we turned to a companion study from
South Africa designed to monitor influenza immunity in a high-
transmission setting22. In this household cohort study, paired samples
were available for 375 children and 653 adults whoweremonitored for
at least a year during 2016–2018 (Fig. 2c, f). Samples were tested by the
hemagglutinin inhibition assay for all influenza subtypes using strains
circulating during the study period. Modeling antibody levels in this
cohort revealed similar age immunodynamics than in the King County
study, with children <5 yo of age experiencing significantly higher
antibody boosts following infection and quicker rates of waning.
Across all four influenza subtypes, we estimated that, on average,
children waned at a rate of 9–17% year−1, compared to 5–6% year−1 for
adults. We also found that children 5–10 yo mirrored the immunolo-
gical dynamics exhibited by adults more closely than those of children
<5 yo, suggesting a fundamental change in immunological response or

risk of exposure beginning around the age of five. Age-specific influ-
enza patterns were similar between the King County and South Africa
populations despite vastly different vaccination rates: 39% of children
were vaccinated against influenza in King County, whereas none were
vaccinated in South Africa.

Population-level influenza transmission model
Next, we linked our serological insights obtained from individual-level
data to realized epidemiological patterns on a population level. We
tested whether the age differences in immunodynamics evidenced in
our serological data could reproduce key features of the post-
pandemic pathogen rebound in King County, WA. We calibrated a
mechanistic disease model to monthly age-structured time series of
influenza hospitalization and emergency department visit data
(referred to hereafter as healthcare encounter data) fromKingCounty,
WA, from 2017–2023 (Fig. 3a). Healthcare encounter data serve as a
useful marker of age-specific changes in disease patterns throughout
the pandemic. Compared to three pre-pandemic seasons, the 2022–23
influenza rebound season exhibited slightly earlier timing and larger
magnitude. There were also age structure shifts, where individuals
5–19 yo comprised 32.5% of the healthcare encounter burden in the
2022–23 rebound season, compared to 24.4%across the pre-pandemic
seasons (Chi-square p value <2.25e-74) (Fig. 3b).
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Fig. 2 | Bayesian hierarchicalmodeling of age-specific antibody kinetics in King
County, 2020–2022, and South Africa, 2016–2018. Top: Estimated log antibody
concentration boost following infection or vaccination event by pathogen subtype
and age group with gray error bars showing 95% credible intervals and bar height
corresponding to mean estimate. Boosting estimates are presented for a <5 yo and
adults in King County for SARS-CoV-2, seasonal coronavirus and RSV (n = 1508
individuals), b <5 yo and adults in King County for influenza subtypes (n = 1508
individuals), and c <5 yo, 5–10 yo, and adults in South Africa for influenza subtypes
(n = 1028 individuals). Bottom: Estimated percent of the antibody boost lost in one

year following infection or vaccination event by pathogen subtype and age group,
with error bars indicating 95% credible intervals and diamonds corresponding to
the mean estimate. Waning estimates are presented for d <5 yo and adults in King
County for SARS-CoV-2, seasonal coronaviruses andRSV (n = 1508 individuals), e <5
yo and adults in King County for influenza subtypes (n = 1508 individuals), and f <5
yo, 5–10 yo, and adults in SouthAfrica for influenza subtypes (n = 1028 individuals).
Antibody concentrations and boost estimates are based on the multiplex MSD
assay for King County (a, b, d, e) and the HAI influenza assay for South Africa (c, f).
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To evaluate the value of our serological insights to explain
population-level transmission dynamics, we designed two age-
structured compartmental models with different immunity struc-
tures (see methods for details). Inspired by the waning patterns in the
King County and South African serology data, the firstmodel assumed
a “tiered immunity” structure stratified by age, where the relative dif-
ference in the rate of immune waning between individuals under and
over 5 yo was a free parameter. We then considered a second “null”
model where we assumed the same duration of influenza immunity
across all age groups (“uniform immunity”model).We fit each of these
models to the King County monthly age-specific healthcare encounter
time series from 2017–2023 to test the impact of incorporating age-
specific immunity. We allowed for two periods of reduced transmis-
sion in line with NPIs implementation from March 2020–March 2021
and April 2021–April 2022. Parameters such as the influenza trans-
mission rate, seasonal forcing, relative difference in rate of immune
waning by age (for the tiered immunity model), the effect of social
distancing on transmission, and the proportion of infections resulting
in healthcare encounters were estimated, while other natural history
parameters were drawn from the literature (see Supplementary Tables
5–6 for model parameters).

Based on calibration of the tiered immunity model to epidemio-
logical data, we estimate that children <5 yo experience waning at

about twice the rate of individuals over 5 yo, losing full immunity
after aproximately 2 years (Supplementary Tables 5–6). Calibration
further revealed differences in the estimated effects of NPI between
the tiered and uniform immunity models. In the homogeneous
immunity model, we estimated that NPI reduced transmission by 43
and 27% for the first and second NPI periods. In the tiered immunity
model, these parameters were 50 and 44%, respectively. We assessed
the root mean square error for each model and found similar perfor-
mance between model structures (Methods). However, models dif-
fered in the predicted dynamics of the influenza rebound. The tiered
immunity model more accurately reproduced the timing of the first
out-of-season outbreak, particularly capturing the observed lack of
circulation in 2021 and early 2022 (Fig. 3c). Both models predicted a
later rebound in 2022–2023 compared to observations, although the
uniform immunity model was slightly more accurate with respect to
timing. The overall magnitude of the 2022–23 rebound season was
similar for the two models, with the tiered and uniform immunity
models predicting overall healthcare encounter burden to be 115 and
91%ofwhatwasobserved.Differences in thepredicted age structureof
healthcare encounters were more marked. While both models pre-
dicted the pre-pandemic age structure appropriately, predictions for
the post-pandemic rebound differed. Only the tiered immunity model
accurately predicted the post-pandemic age shift observed in the data,
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Fig. 3 | Age-specific influenza healthcare encounter time series and predictions
by transmission model, King County, WA, 2017–2023. a Monthly aggregated
healthcare encounters per 1000 persons segmented by age into the following
groups: 0–4 yo, 5–19 yo, 20–64 yo, and 65+ yo. b Observed shift in influenza
healthcare encounter age structure, where pre-pandemic represents the
2017–2020 seasons and post-pandemic represents the 2022–23 season. Bars show
the proportion of healthcare encounters in each age group out of reported
healthcare encounters. c Predicted age-structured healthcare encounters for a

model assuming tiered immunity (where loss of immunity is allowed to differ by
age, red) and amodel assuming uniform immunity (immunity does not vary by age,
blue). Eachmodel was fit to the observed incidence time series (represented by the
solid black line for the entire population). Fitting of the tiered immunity model
suggests that children under 5 yo lose immunity at a rate twice faster than older
individuals. d Comparison of the predicted age structure of the tiered immunity
model (top) and the uniform immunity model (bottom) for the pre- and post-
pandemic periods (red and orange, respectively).
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where the proportion of encounters increased from22 to 33%between
periods in the 5–19 yo, with a proportional decrease in older age
groups (Fig. 3d). The observed data showed a slight increase in the
proportion of healthcare encounters in <5 yo from the pre- to post-
pandemic, which was not captured by either of the models.

Discussion
The COVID-19 pandemic period provides a unique opportunity to
observe antibody dynamics in the absence of the circulation of ende-
mic pathogens. We analyzed serological data generated from a novel
multiplex assay in the first three years of the pandemic in King County,
WA, USA. We found a substantial antibody debt among children but
not in adults in 2021 across a diverse array of pathogens, including
seasonal coronaviruses, influenza viruses, and RSV. Further, the anti-
body debt attenuated among children as pathogen circulation
rebounded in 2022 (Supplementary Table 3). Modeling of antibody
kinetics revealed greater antibody boosting and quicker waning in
children under 5 yo compared to adults, and this pattern was con-
sistent across endemic viruses. Using auxiliary influenza serology from
South Africa, we demonstrated that these immunological patterns
were upheld in a contrasting, non-pandemic and unvaccinated setting,
and using a different serologic assay. Integrating these age immuno-
dynamics in a population-level model helped capture the observed
epidemiology of the influenza rebound in King County, particularly a
shift in the age distribution of healthcare encounters towards older
children. Our serological findings, in combination with population-
level modeling, support that age-specific waning, particularly among
children, may be an overlooked but important driver in the outbreak
dynamics of influenza and other seasonal respiratory viruses.

A prior influenza serological analysis set in the pre-pandemic
period found differences in antibody kinetics by age, showing that
children <15 yo waned at a modestly quicker rate to influenza A/H3
than adults17. Our analyses extend these findings to other pathogens
and suggest that antibody waning may be further pronounced in
younger children <5 yo. A recent serologic study fromNorway noted a
marked drop in antibodies to influenza A/H3N2 and A/H1N1 in children
under 5 years by summer 2022, while antibody levels remained more
stable inolder age groups23. Another serology study in theNetherlands
supports a slowrate of antibodywaning to influenzaduring theCOVID-
19 pandemic among adults, with little evidence of an immunity debt in
this population24, aligning with our serological findings in adults.
Taken together, these results support a post-COVID-19 pandemic
immunity debt primarily concentrated among children. More broadly,
the observed age differences in immunodynamics lend support for the
collection and analysis of serologic information across a range of age
groups, and particularly among young children.

Our findings are consistent with what is known about the role of
age in antibody dynamics. Upon first exposure to viral infections in
childhood, the immune system mounts a large and broad antibody
response, from which differentiated memory B cells are subsequently
generated25,26. Subsequent exposures elicit a more specific antibody
response, often associated with smaller rises in antibody concentra-
tion levels upon infection15,27. Our results suggest this pattern is a
feature of exposure history primarily, as evidenced by the SARS-CoV-2
serological data. In King County adults, antibody responses to the
nucleocapsid antigen (a marker of natural infection) were character-
ized by a relatively larger boost and quicker waning than to other
pathogens, mirroring the antibody kinetics typically exhibited by
children <5 yo to endemic pathogens. Larger boosts, commonly
associated with lower starting antibody concentration levels, are not
necessarily correlated with increased protective immunity but may
instead be a marker of a novel exposure20.

Many studies have established that children are re-infected with
influenza and other respiratory viruses more frequently than
adults28–31. There are several potential explanations for this, including

fewer prior pathogen exposures, higher contact rates, and lessmature
respiratory and cardiovascular systems32,33. Our analysis suggests that
quicker waning of immunity, specifically immunoglobulin G (IgG)
antibodies,may contribute to shaping these age-specificdynamics. For
influenza, there are known to be age-specific differences in epitope
targeting that may partially explain these patterns, whereby a child’s
antibody response is directed towards theHAhead, while adults target
the more conserved stalk and other epitopes, which are associated
with longer-lasting, protective immunity34. This may only partially
explain our findings, given that age-specific differences in waningwere
observed for pathogens with lower rates of antigenic evolution than
influenza. Regardless, prior analyses found that antibody concentra-
tion levels were predictive of a child’s susceptibility to infection17,
suggesting that the rapid loss in antibody concentration levels that we
measured in young childrenmay result in loss of protective immunity.
However, we acknowledge that in the absence of PCR-confirmed
infection data from the same individuals that were serologically sam-
pled in King County, we cannot make definitive assertions regarding
how preexisting antibody concentration levels relate to protective
immunity.

Longitudinal sero-surveys have demonstrated that antibody
kinetics follow a two-phasepattern after pathogen exposure, including
a sharp rise and decline over the first 2–3months, followed by a slower
decline that can last for years until the next exposure35,36. Because
young children, and more broadly, immunologically naive individuals,
experience high infection rates, sero-surveys in these groups aremore
likely to capture recent exposures. This increases the likelihood of
observing sharp antibody rises and declines, which could, in turn, lead
to faster estimated waning rates if differences in the time since infec-
tion are not accounted for. In contrast, immunologically primed indi-
viduals, suchas adults, are less frequently infected and thusmoreoften
captured during periods of slow antibody decline, leading to slower
waning rate estimates if age-specific differences in exposure are not
accounted for. Importantly, both our serological analysis framework
and our transmission model consider higher infection rates among
younger individuals, and the observed age differences in antibody
waning remain robust to a range of plausible attack rates (Supple-
mentary Methods 1). We believe that these differences in waning are
epidemiologically meaningful, regardless of the underlying exposure-
risk mechanisms, as long as antibody titers correlate monotonically
with protection against infection. Our serology analysis suggests that
faster waning in younger individualsmay lead to quicker loss of clinical
protection, which may influence the epidemiological dynamics of
respiratory viruses.

To project the epidemiological consequences of our serological
insights on a population-level, we fit a transmission model to health-
care encounters reported during the pre- and post- COVID-19 period
and assumed that a reduction in antibody concentration levels results
in a loss of protective immunity among young children. We found that
models assuming different age-specific immunity structures differed
in their predictions of the timing and age structure of healthcare
encounters in the large influenza rebound season in2022–23.Whenwe
considered age-specific differences in waning of protective immunity,
we were able to accurately capture the reported shift in healthcare
encounters towards children 5–19 yo during the rebound season. This
age shift was likely driven by a cohort of young children who aged out
of the <5 yo age class during the COVID-19 pandemic without gaining
primary or secondary exposure to influenza. Combined with a fast
waning in this age class, these childrenwould have in turn fueled apool
of susceptible hosts in the 2022–23 rebound season as they aged into
the 5–19 yo age group. In contrast, the transmissionmodel assuming a
fixed pace of immune waning in all age groups could not fully explain
the timing and age dynamics of the influenza rebound season. Thus, it
is worth noting that modeling of serologic data and population-level
incidences independently support a rate of immune waning twice as
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fast in young children compared to adults. Overall, our results indicate
that consideration of age-specific immunodynamics can improve the
prediction accuracy of models of respiratory virus outbreaks.

Our transmission modeling analysis revealed that accounting for
age-specific immunity resulted in a lower estimated seasonal forcing
parameter, in turn necessitating a greater impact of NPIs to limit
transmission during the COVID-19 pandemic period. Prior modeling
analyses have shown that environmental factors likely mediate influ-
enza transmission dynamics but cannot fully explain the variability in
the timing of seasonal outbreaks37,38, with inter-annual fluctuation in
prior immunity and seeding accounting for some of this variation. This
may have important implications for the control of seasonal influenza
andpotentially other endemic respiratorypathogens aswell. Given the
age-specific dynamics observed, better serologic monitoring of
immunity trends in children may be useful for predicting outbreaks
and intervention planning39. The high numbers of contacts experi-
enced by children relative to other populations33 accentuate the
importance of monitoring child immunity to anticipate population-
level dynamics.

Our findings of differential antibody dynamics in young children
were consistent in twodifferent populations in theUS and SouthAfrica
and supported by different serological assay measurements. In South
Africa, we studied paired sera originating from an unvaccinated
population throughout several pre-pandemic seasons22. In King
County, WA, we had access to cross-sectional data for children <11 yo,
and our population was highly vaccinated. Exploratory analysis
showed slightly elevated titers to influenza antigens for children from
King County who had recently received an influenza vaccine, com-
pared to unvaccinated children (not shown). However, the drop in
influenza antibody titers between 2020 and 2021 was similar (17–29%
for vaccinated vs 15–23% for unvaccinated). While we cannot fully
disentangle the role of natural immunity and vaccination in our King
County analyses, we note that age differences in the pace of antibody
waning were maintained in an unvaccinated population in South
Africa. Another noteworthy difference between the two populations
was the higher estimated influenza attack rates in South Africa, likely
driven by population demographics. Overall, the age-specific immu-
nodynamics reported heremay reflect a universal phenomenon that is
robust to extrinsic factors that affect the intensity of influenza circu-
lation, such as pandemic perturbations, population structure and
contacts, and vaccine interventions.

Several critical distinctions between the assays used to analyze
the US and South African influenza serology are worth noting. First,
the MSD and HAI assays measure different biomarker responses, so
that output measurements cannot be compared directly. The HAI
assay used to analyze the South African serologymeasures the extent
to which antibodies inhibit the binding of the HA surface protein to
red blood cells, which has been shown to play a critical role in virus
neutralization across age groups. In contrast, the MSD assay mea-
sures a broader antibody-binding response targeted to the HA pro-
tein, which is less specific to a particular influenza strain28,40. This
means that the HAI assay is more likely to detect responses specific
to the antigenic component of an influenza strain, while the MSD
assay is more likely to capture cross-reactive immune responses to a
range of prior circulating strains of a given subtype. Further, theMSD
assay is more sensitive than standard assays, thus likely capturing
more transient boosts following exposure41. The consistency of our
MSD findings across several respiratory virus pathogens for which no
cross-reactivity would be expected, combined with the specificity of
the HAI influenza assay, suggests that the observed age-specific
immunodynamics are common to a range of subtype- and strain-
specific respiratory virus antibodies.

There are several methodological limitations worth considering.
We did not account for potential cross-reactivity between strains of a
given pathogen. Given the broad response captured by theMSD assay,

we expect to observe cross-reactivity within subtypes of the studied
pathogens. We have assessed within-individual correlation by age and
note this will be an important area of future work (Supplementary Fig.
2). The fact that our findings are corroborated by themore specificHAI
assay for influenza suggests that cross-reactivity does not play a major
role in our estimates. Second, in the Bayesianmodeling framework, we
informed the prior on attack rates for all respiratory pathogens based
on the distribution of annual influenza attack rates observed in the
South African cohort study, since we did not have representative
incidence data from King County, WA.

Our transmission modeling analysis also has several limitations.
The number of reporting healthcare facilities increased over time in
King County. Because we did not have information on how the overall
catchment size increased throughout the study period, we scaled the
healthcare encounter time series linearly in accordance with the
number of reporting facilities. Further, there could have been differ-
ences in testing or reporting rates by age group, which may have
contributed to the observed age shift. Although this is an imperfect
adjustment to the time series, we compared our healthcare encounter
time serieswith theUSCDC’s influenza-like illnessWashington-specific
dataset to ensure that the overall nature of the pre-pandemic andpost-
pandemic rebound are captured (Supplementary Fig. 3). Further, we
used an age-structured SEIRS influenza model, which combines all
influenza subtypes. The rebound season in 2022–23 in the United
States was marked by predominance of influenza A/H3N2 subtype
(70%), with co-circulation of A/H1N1 (30%)42. Relatedly, we did not
consider the role of vaccination or antigenic evolution.While antigenic
novelty can affect inter-annual fluctuations in influenza incidence43,
the impact on the age distribution of cases remains debated44. More-
over, while the tiered immunity model had a better fit to the age dis-
tribution of healthcare encounters in the large rebound season,
neither the tiered or uniform immunity models fully reproduced the
reported epidemiological dynamics. Because we aimed to make
inferences about broad immunodynamics conserved across diverse
locations, where vaccination and strain cycling may differ, and our
epidemiological time series data were limited, we chose a simple
model structure to investigate our primary question qualitatively.
Lastly, inspired by antibody patterns in the serology data, we tested
one of several hypotheses for the shift in influenza dynamics post-
COVID-19, namely the role of age-specific waning in protection against
infection. Influenza immunity is complex, and we cannot rule out the
contribution of other immune responses that are not modulated by
antibodies and confer protection against severe disease. Future work
should investigate the impact of parameterizing age-specific duration
of immunity against infection and severe disease in more complex
influenza models, especially as waning dynamics may depend on the
type of immune functions, influenza subtypes, vaccination, and anti-
genic changes.

We have confirmed that immunity debts were observed
throughout theCOVID-19 pandemic in children, as evidenced by drops
in antibody concentrations across several respiratory pathogens in the
early pandemicperiod. Antibody kineticsmeasured from twodifferent
assays support substantial differences in immune response to
respiratory pathogens in children under the age of five compared to
older individuals. A transmission modeling analysis indicates that age-
specific immunodynamics may impact overall circulation patterns,
particularly amidst pandemic perturbations. Futurework should focus
on elucidating the mechanisms responsible for the observed age-
specific immunodynamics and determining how increased serological
surveillance efforts could improve targeted public health measures.

Methods
Data
Serology and viral activity in King County, WA. Our serology study
was initiated in November 2021 as an add-on to the larger Seattle Flu
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Alliance surveillance study (SFA), which began in 2018 and carried out
hospital and community-based surveillance to monitor the circulation
of 26 respiratory pathogens45. The purpose of the serology arm of SFA
was to document the immunity debt thatmayhave accumulated in the
first two years of the COVID-19 pandemic and explore changes in
antibody levels coinciding with putative pathogen rebound in the
2021–22 winter. Cross-sectional sera were collected from convenience
residual blood samples of 999 immunocompetent children seeking
medical care, evenly distributed between the <5 yo and 6–10 yo age
groups, through Seattle Children’s Hospital. We also sourced con-
venience residual sera froma blood donor bank in Seattle, Bloodworks
Northwest, which collected specimens from 509 adults prospectively,
274 of which provided repeat samples46. We collected the same
number of samples in two adult age groups, 20–64 and over 65 yo. We
defined three sampling periods to titrate immunity at key points of the
pandemic, after balancing the availability of samples and seasonality of
pathogen circulation (Table 1). The first period, occurring in the
summer of 2020, followed a mostly regular respiratory season in
2019–2020, with only samples from children <11 yo being collected. In
subsequent periods, sera was collected from both adults and children.
The second period in fall 2021 followed a year and a half of repressed
pathogen circulation due to COVID-19 interventions and was pre-
sumed to mark a trough in immunity. The third period in spring-
summer 2022 followed a respiratory virus season in which multiple
pathogens rebounded (Fig. 1A).

Serawas analyzedusing themultiplexmeso scale discovery (MSD)
electrochemiluminescence immunoassay and laboratory analysis was
performed at the Fred Hutchinson Cancer Center21. The V-PLEX
Respiratory Panel 3 IgG Kit has been used increasingly since the pan-
demic, primarily to characterize antibody responses to SARS-CoV-2
vaccination and infection47,48. We used the V-PLEX COVID-19 Respira-
tory Panel 3 IgGKit to analyze antibody concentration in arbitraryunits
[AU] per milliliter against Flu A/Hong Kong/2014 H3, Flu A/Michigan/
2015 H1, Flu A/Shanghai/2013 H7, Flu B/Brisbane/2008 HA, Flu B/
Phuket/2013 HA, HCoV 229E Spike, HCoV-HKU1 Spike, HCoV-NL63
Spike, HCoV-OC43 Spike, MERS-CoV Spike, RSV Pre-Fusion F, SARS-
CoV-1 Spike, SARS-CoV-2N, SARS-CoV-2 S1 RBD, and SARS-CoV-2 Spike
antigens (SARS-CoV-2 based on ancestral strain). We transformed the
antibody concentration to log10 units. The King County sample col-
lection and this studywere approved by the Institutional ReviewBoard
of Seattle Children’s Hospital. This study was granted a waiver of

consent since it used residual clinical samples and existing clinical
data. The authors did not have access to identifiable information.

To provide context for serology, we sourced detailed respiratory
surveillance data from Seattle Children’s Hospital (SCH) from January
2018 to January 2023. SCH performed 105,207 PCR tests among chil-
dren <21 yomeeting criteria (symptomonset within the past 7–10 days
and at least one respiratory symptom, e.g., cough, sore throat, short-
ness of breath) in the inpatient and outpatient setting during this time
period. Children were tested for influenza and RSV using the Cepheid
Xpert XpressR (Sunnyvale, CA) panel and for influenza A/H3N2, A/
H1N1, HCoV 229E, NL63, OC43, and HKU1 using the Biofire FilmArrayR

multi-pathogen respiratoryviral panel (Biomerieux, Salt LakeCity, UT).
We presented monthly tests percent positive for these pathogens to
visualize endemic respiratory pathogen circulation throughout the
study period and additionally derived a COVID-19 time series from the
King County COVID-19 Dashboard49. Because we were interested in
how serology could improve understanding of the influenza rebound
in the post-COVID-19 pandemic period, we obtained more resolved
age-specific data on influenza healthcare encounters from Public
Health—Seattle and King County (PHSKC). The dataset comprises age-
specific (0–4, 5–19, 20–64, over 65 years) emergencydepartment visits
and hospitalization data reported by PHSKC to the Washington State
Department of Health Rapid Health Information Network (RHINO)50.
The number of King County hospitals that report to RHINO increased
from 6 to 21 from 2017-2022. Given limited information on how the
underlying surveillance catchment area changed, and to obtain a
stable time series of influenza healthcare encounters, we assumed that
reporting increased linearly with the number of reporting hospitals.
This means that the time series was upscaled by the fraction of
reporting hospitals relative to the final set of 21.

Serology in South Africa. Because we used a novel multiplex ser-
ological assay to assess immune dynamics in the King County, WA,
population, we looked for confirmation of our findings with an inde-
pendent dataset and assay. Accordingly, we sourced serologic data
from a 3-year household cohort of influenza in South Africa22,51. We
analyzed paired sera collected from 1684 individuals through the
Prospective Household cohort study of Influenza, Respiratory syncytial
virus, and other respiratory pathogens community burden and Trans-
mission dynamics (PHIRST) in a rural and urban setting located in
Mpumalanga and North West Province, South Africa, 2016–2018.
Detailed study protocols have been published elsewhere22,51. Long-
itudinal samples were collected at study enrollment and before and
after the influenza season annually in 2016, 2017, and 2018 for enrolled
households, including 375 children and 653 adults (Table 1). Antibody
levels were measured using the well-established hemagglutinin inhi-
bition assays against influenza strains circulating during the study
period, namely A/South Africa/2517/2016 EPI_ISL_230453, A/Singa-
pore/INFIMH-16-0019/2016 EPI_ISL_225834, B/South Africa/R3037/
2016 EPI_ISL_231726, and B/South Africa/R5631/17 EPI_ISL_17008503.
Antibody concentration was transformed into log2(x/5) units. The
South Africa PHIRST protocol was approved by the University of the
Witwatersrand Human Research Ethics Committee (Reference
150808), and the US CDC’s Institutional Review Board relied on the
local review (#6840). The protocol was registered on http://
clinicaltrials.gov in 2015 (Reference NCT02519803) and participants
provided individual written consent or assent prior to enrollment.

Modeling age-specific immunodynamics of respiratory
pathogens
Wefirst used simpledescriptive statistics to assess changes in antibody
concentration levels for individuals in King County by age group and
pathogen throughout the study period. We summarized the ser-
ological data by 7 age groups: <1 yo, 1–2 yo, 3–4 yo, 5–10 yo, 18–49 yo,
50–64 yo, and 65+ yo, and calculated the percent change in average

Table 1 | Serological sampling by location, age group, and
time period

King County, WA, USA

August-
November 2020

July-
December 2021

May-
August 2022

N (%) N (%) N (%)

Children <5 yo 157 (49) 189 (24) 137 (20)

Children
5–10 yo

163 (51) 196 (24) 154 (23)

Adults >18 yo 0 (0) 417 (52) 387 (57)

South Africa

2016 2017 2018
N (%) N (%) N (%)

Children <5 yo 41 (4) 73 (5) 58 (5)

Children
5–10 yo

411 (45) 592 (44) 530 (44)

Adults >18 yo 464 (51) 682 (51) 610 (51)

The number of unique samples analyzed annually for King County, WA, USA, 2020–2022 and
South Africa, 2016–2018. Both populations are disaggregated by age groups <5 yo, 5–10 yo, and
adults.Moredetailed tables showing sample sizes bypathogen are provided for the KingCounty
data in Supplementary Table 1.
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antibody levels between the 2020, 2021, and 2022 time points. Two-
sample Kolmogorov–Smirnov tests were performed to assess whether
the distribution of antibodymeasurements by age band and pathogen
changed across annual time points (Supplementary Tables 2–3).

Next, we used a Bayesian hierarchical model developed to make
epidemiological inferences from individual-level serological data using
the R package serosolver20. The model estimates the joint posterior
distribution of (1) underlying antibody kinetics following infection,
including antibody boosting and waning, (2) infection histories for all
individuals throughout the study period, and (3) the population
infection probability over time, which is estimated independently for
each age group. In short, the model estimates the set and timing of
infections that are most consistent with an individual’s antibody pro-
file, accounting for dynamic antibody responses following infection
and measurement variability. We separately fit the model to the King
County serological data using cross-sectional data from children <5
years and paired sera from adults for RSV, SARS-CoV-2 N, the seasonal
coronaviruses HCoV 229E, NL63, OC43, and HKU1, and influenza
subtypes A/H3N2, A/H1N1, B/Victoria, and B/Yamagata (Table 1). We
did not model the 5–10 yo age group cross-sectional data due to the
challenge of distinguishing between high initial antibodies and anti-
bodyboosts following exposure28.We also excluded infants <6months
old to ensure that our results were not biased by transplacental
maternal antibody dynamics in young infants52.

We additionally fit the same model to serological samples paired
across time for individuals from South Africa for three age groups,
aligning with the age groups represented in the King County ser-
ological data, <5 yo, 5–10 yo, and 18+ yo, and for each influenza sub-
type: A/H3, A/H1, B/Victoria, and B/Yamagata (Table 1). Model outputs
for the 10–18-year-old population in South Africa are additionally
provided in Supplementary Table 4. The model was fit to two samples
per individual in the South African dataset.

We adopted a simplified version of the serosolver modeling fra-
mework, where the observed antibody level Y for individual i at a given
time t for age group a is the sum of antibody boosting μs that has
accumulated since birth and wanes at rate r following exposure. We
assume that estimated parameters are pathogen- and subtype-specific
(p). An individual’s expected antibody level can then be modeled as:

Y i,a,p, t =ΣjZ i, jðμs,a,pð1� rðt � jÞÞÞ ð1Þ

where the distribution of observed antibody levels for a given age
group and pathogen is normally distributed (truncated given the
upper and lower limit of detection) with mean Y i,a,p, t and the set of
antibody kinetics parameters to be estimated is defined by
Θ= fμs, r, σg, where σ is the estimated measurement error. Individual
infection histories are represented as vectors of binary latent states
Zi, j , indicating whether an individual was infected (Zi, j = 1) or not
infected (Zi, j = 0) in a given time period j. We estimated infection
histories back to birth, with the exception of SARS-CoV-2 antigens,
which are estimated from 2020 to 2022. Themodel is run at an annual
timescale, meaning an individual can be infected a maximum of once
per season. Each infection event Zi, j ismodeled by a Bernoulli trial that
is conditional on the time-varying population probability of infec-
tion ϕ.

The serosolver framework allows for the implementation of dif-
ferent priors on the probability of infection ϕ depending on the spe-
cific disease context. We implemented a beta prior on the probability
of infection in each time period, which is appropriate when an indivi-
dual’s time-varying probability of infection is governed by the popu-
lation-level force of infection; as is the case for endemic respiratory
pathogens20. In this model framework, the per-capita attack rate is
beta-distributed, and the total number of infections experienced by
each individual follows a binomial distribution. To set the priors, we
inferred the distribution of influenza population attack rates from

PCR-confirmed data collected through the PHIRST study. Annual
attack rates were right-skewed with a mean of 10% standard deviation
of 13%; we used this to define our infection probability prior for all
endemic respiratory pathogens across both study locations. Thus the
population probability of infection P(ϕ) is defined by a beta distribu-
tion in which we have set alpha =0.37 and beta = 3.5 (mean: 0.10,
standard deviation: 0.13) (Supplementary Fig. 4). Because the King
County dataset reported influenza titers at the subtype but not strain
level (given use of the MSD multiplex assay) while the South Africa
dataset reported strain-specific HI titers over a 3-year period with
limited antigenic changes, we did not incorporate an antigenic map
into the analysis. Analyses considering longer time periods and anti-
body titers specific to different strains can include this information in
the serosolver framework.

The joint estimation of all parameters given observed individual-
level antibody data is defined in Eq. 2:

PðZ ,ϕ, θjY Þα
Yn
i = 1

ð
Ytmax

t = 1

f ðY i, t jZi, ,θÞÞ
Ytmax

t = 1

PðZijϕÞPðϕÞÞPðθÞ ð2Þ

The model uses an adaptive Markov Chain Monte Carlo (MCMC)
Metropolis-Hasting algorithm to infer PðZ ,ϕ, θjY Þ. We performed each
model run with aminimum of three chains and 500,000 iterations per
chain and assessedpost-runmodel convergence by ensuring R̂was<1.1
for all parameters in each model run. Model diagnostics are provided
in Supplementary Fig. 5.

Population-level influenza transmission model
Next, we integrated our serologic findings into a mechanistic trans-
mission model to assess how age-specific immunodynamics may
impact transmission, particularly in the post-COVID-19 period when
endemic pathogens rebounded. We focused this analysis on influenza
for which the age dynamics of the rebound in 2021–23 was particularly
poorly explained19 and for which we had more serological data. We
considered two variants of a susceptible-exposed-infected-recovered-
susceptible (SEIRS) model, a null model in which we assumed uniform
duration of immunity across the population, and a tiered immunity
model, in which we assumed that children <5 yo experienced a dif-
ferent waning rate thanolder individuals (to be estimated), inspired by
our serological analysis. We calibrated these models to monthly age-
specific influenza healthcare encounter data for King County, as
reported to theRHINO’s syndromic surveillance system,which collates
visits based on discharge diagnosis codes. The full set of model
equations is given by Eqs. 3–6:

dSi
dt

= -λi Si + ðv=riÞRi ð3Þ

dEi

dt
= λi Si-δEi ð4Þ

dIi
dt

=δEi-γIi ð5Þ

dRi

dt
= γIi-ðv=riÞRi ð6Þ

where S is the susceptible population; E is exposed; I is infectious; R is
recovered, and i represents a given age cohort (monthly age cohorts
for children≤ 5 yo and 5-year age cohorts for persons aged 5–75 yo). 1/γ
is the infectious period, which is set to 2.27 days, and 1/δ is the latent
period, which is set to 2 days based on literature53–57.

To integrate age-specific immunodynamics in this model, we
explored different age-specific immunity durations. Let 1=v be the
baseline duration of immunity and ri the proportion change in
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duration of immunity for age i compared to baseline. We fix 1=v = 4
years based on prior literature17,58,59. In the tiered immunitymodel, we
allow the proportion change in immunity duration ri to vary in chil-
dren under 5 yrs, while retaining the longer immunity duration in
older individuals (i.e., ri = 1 for all ages above 5 yrs, so that duration of
immunity is 4 years for individuals >5 yo). We then consider a range
of ri values that capture putative durations of immunity in children <5
yo that are both longer and shorter than in older individuals and
estimate the value of ri that is most consistent with the incidence
data at the calibration stage. In the uniform immunity model, ri is set
at 1 no matter the age group (i.e., immunity lasts on average 4 years
for all ages).

λiðtÞ i the influenza forceof infection on a susceptible individual in
age class i and j is given by Eq. 7:

λi tð Þ= c tð Þβ0ð1 + β1 cos
2πt
12

+ϕ
� �

Þ 1
Ni

X75
j = 1

Mi, jωj I jðtÞ ð7Þ

Here t is time inmonths, λi(t) is themonthly transmission rate, β0 is the
baseline transmission coefficient, and β1 and ϕ represent the ampli-
tude and phase shift respectively that capture the seasonality in
transmission in King County, to be estimated from the data. Mi,j

describes the contact matrix between individuals in age groups j and i,
where Mi,j is measured in contacts per day per person, and children
experience a higher absolute number of contacts than adults. We used
an expanded version of the contact matrix originally described by
Mossong et al., which describes populationmixing patterns for several
European countries and aggregated daily contacts to monthly to align
with the model’s temporal scale60. ωj represents different infectious-
ness by age, with children under 5 years assumed to be 2x more
infectious than older age groups61. c(t) is the time-varying strength of
the pandemic-related control periods, representing the percent
reduction in transmission due to NPIs, where 0 <c(t) < 1 and c(t) is to
be estimated at the calibration stage.

Ourmodel generates the number of new infections,which is given
by δEi, while our observations are healthcare encounters. To connect
the two, we write that Hi~ Poisson(hiδEi), where Hi is the number of
reported healthcare encounters at time t in age group i, δEi, is the
number of new infections at time t, and hi is the proportion of infec-
tions in this age group that result in reported hospitalizations, where hi
is to be estimated from the data. The full parameter table can be found
in Supplementary Tables 5, 6.

We calibrated the uniform and tiered immunity models in two
steps. In thefirst step,we calibrated themodel to age-specific influenza
infections for the pre-pandemic period (October 2017–March 2020).
In the absence of observed population-level influenza infection time
series, we created synthetic time series based on reported healthcare
encounters. We estimated that in a given influenza season, 25–35% of
children and 15% of adults are infected29,62–64. Using the population size
of King County in 2021, we scaled up the observed age-specific
monthly healthcare encounter time series to align with realistic inci-
dent infection curves, creating a synthetic infection time series that
reflects both the true seasonality trends captured by the healthcare
encounter time series and realistic population attack rates. To cali-
brate the baseline uniform immunity model, we fit the transmission
parameters (βo, β1, and ϕ) and age-specific hospitalization rates hi. In
the age-specific tiered immunity model, we fit one additional para-
meter, the relative duration of immunity in children vs adults ri, to test
whether there was support in the data for a different (shorter or
longer) duration of immunity in children.

In the second calibration step, we fit two control periods
beginning in March 2020 to estimate the effect of NPIs on influenza
transmission in the first two years of the pandemic. We were parti-
cularly interested in how these NPI affected the influenza rebound in
the 2022–2023 season, where influenza hospitalization burden was

higher than expected, particularly in children. We allowed for two
different NPI periods to account for differences in overall transmis-
sion impacts of the first year of the pandemic (March 2020–March
2021), when more stringent NPIs were implemented in King County,
and the second year (April 2021–April 2022), ending when Omicron-
related precautions were subsiding. All parameters were estimated
using maximum likelihood. We also calculated the root mean square
error (RMSE) on age-specific hospitalization time series to assess the
fit of the uniform and tiered immunity models (RMSE = 3792 vs 3920,
respectively). Lastly, we performed a Chi-square test to analyze
changes in the age distribution of observed influenza healthcare
encounters between the pre- and post-pandemic periods. All ana-
lyses were conducted in R Studio Version 2024.12.1+563
(2024.12.1+563)65.

Ethics and inclusion statement
Wehave complied with all relevant ethical regulations and use only de-
identified data. The research process included local researchers from
both SouthAfrica andKingCounty,WA,with all parties participating in
the study design, data ownership, and authorship.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The King County serological data used in this study have been
deposited at https://github.com/sbents/serology_SA_KC. The King
County RHINO surveillancedata were available under restricted access
for privacy laws, and access can be obtained by request through Dr.
Kacey Potis at kacey.potis@doh.nih.gov. The serological datasets from
South Africa are available under restricted access due to privacy laws,
and access can be obtained through a data use agreement with Dr.
Cheryl Cohen at cherylc@nicd.ac.za.

Code availability
Code used in thismanuscript is publicly available at: https://github.com/
sbents/serology_SA_KC (https://doi.org/10.5281/zenodo.17290036).
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