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Abstract

Respiratory syncytial virus (RSV) is a common respiratory virus that infects all
children by age 2 to 3 years of age and causes the greatest morbidity at the extremes of
life. Recent evidence suggests that early-life RSV infection, defined using active and
passive surveillance with quantitative polymerase chain reaction- and serology-identified
infection, is causal for childhood asthma. As such, identifying infants that are likely to
be infected with RSV during this critical susceptibility window has important implica-
tions for determining who is most at risk for chronic respiratory sequelae like asthma.
However, identifying the age of RSV infection is impractical in large populations, as not
all infections are symptomatic, and measurement thus requires time- and cost-intensive
surveillance. To address this, we developed the first probability model for age of first RSV
infection. It uses an infant’s birthdate, demographic covariates, and publicly available
RSV circulation data to determine the probability they were first infected at any age
from birth to one year. Our model is easy to interpret, provides an exceptional fit for the
data, and generalizes across populations, where we use it to accurately predict age of first
infection in two independent cohorts. Our work represents a major development in RSV
research, as it facilitates, for the first time, reliable estimation of the age of infant RSV in-
fection during the first year of life in populations without the need for active surveillance.

Keywords: Respiratory syncytial virus, surveillance, disease monitoring, childhood
asthma, probability modeling, disease prediction
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Introduction

Respiratory syncytial virus (RSV) is a common infant and childhood respiratory virus, with

roughly half of all infants being infected by age one year and nearly all children by age three

years (1–3). The age of first RSV infection has important implications not only for risk of

severe disease but also for childhood wheeze and asthma risk. We have previously found

that infants infected before age one year, with infection identified by quantitative polymerase

chain reaction (PCR)- or serology-identified infection, are significantly more likely to develop

asthma by age five years (3). We’ve also previously demonstrated that the relationship

between date of birth in relationship to RSV circulation predicts asthma risk with children

born around four months prior to the peak of RSV season at greatest risk of developing

childhood asthma (4). Hence, identifying infants likely to be infected during this critical

susceptibility period has important implications for determining those at the greatest risk of

severe acute infection as well as developing chronic respiratory sequelae. However, identifying

the age of first RSV infection is impractical in large cohorts because of the time and monetary

costs, as not all infections are symptomatic and measurement thus requires active population

surveillance.

An accurate in silico prediction of age of first RSV infection is an ideal alternative to

costly surveillance. One possibility is to use existing models that predict RSV bronchiolitis

events requiring healthcare visits (4–6). However, predicting age of RSV infection is very

different from predicting RSV infection, as severe clinical manifestations of RSV occur among

risk groups and constitute only a small fraction of all infections (3, 7). To address these

limitations, we developed the first probability model for age of first RSV infection. Our model

uses an infant birthdates, demographic information, and publicly available RSV circulation

data from the Centers for Disease Control and Prevention (CDC) to determine probability of

being infected for the first time at any age between birth and one year. The foundation of our

model is the relationship between birthdate and the seasonal circulation and prevalence of

RSV, which generally peaks in the winter in temperate climates with an absence of infections
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in the summer. For example, the probability an infant born in July is infected around six

months will be large, as they will be six months in January when RSV circulation is at its

peak.

In this study, we developed and tested our model in four independent cohorts using RSV

surveillance data. In particular, we sought to determine how well our model (i) fits the

observed data, (ii) predicts age of first RSV infection, and (iii) identifies age of first RSV

infection without having to perform active RSV surveillance.

Results

Cohort demographics and RSV prevalence over time

Table 1 provides an overview of the study designs and demographic information for the four

cohorts considered in this study. Birthdates were approximately uniform across the birth

months considered in each cohort (Figure S1). Additional details regarding the cohorts used

in this study have been previously reported (8–11).

We determined the prevalence of RSV from January 1995 to April 2020 for all geographical

regions in the United States (see Methods). Figure 1A contains an example for the region

and time period covering INSPIRE participants. Figure 1B is the output of our smoothing

and standardization pipeline, where the prevalence of RSV is assumed to be proportional to

y-axis in Figure 1B.

Parameter estimates and model evaluation

Our model is based off a model for the instantaneous risk of first RSV infection, also called

the “hazard function” in survival analysis. It assumes an infant’s risk of first being infected

at age a equals the known prevalence of RSV at the time they are age a (which depends

on their birthdate) times an unknown age-dependent weight function w(a), which captures

age-related variation in RSV infection risk. Non-birthdate covariates are incorporated using
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PRIMA
(n = 152,622)

URECA
(n = 301)

COAST
(n = 242)

INSPIRE
(n = 1,741)

Study design
January – DecemberJanuary – DecemberJanuary – DecemberJune – DecemberBirth months

January 1995 – December 2004February 2005 – March 2008November 1998 – May 2001June 2012 – December 2014Study period
(First birth – last birth + 1 year)

Tennessee (100%)

Baltimore, Maryland (28%)
New York, New York (13%)
Boston, Massachusetts (28%)
St. Louis, Missouri (31%)  

Wisconsin (100%)Tennessee (100%)Study location (%)

NoYesYesYesRSV serology at one year of age?
Bronchiolitis healthcare 
encountersN/ARSV qPCR following 

minimal infection symptoms
RSV qPCR following 
minimal infection symptoms

Surveillance during first year of 
life

0 (0%)0 (0%)53 (22%)361 (21%)Number of subjects with known 
age of first RSV infection (%)

Demographic data

55,862 (37%)
6,374 (4%)
84,053  (55%)
6,333 (4%)

224 (74%)
52 (17%)
2 (1%)
23 (8%)

7 (3%)
0 (0%)
233 (96%)
2 (1%)

308 (18%)
156 (9%)
1,131 (65%)
146 (8%)

Race/ethnicity: n (%)
Black
Hispanic
White
Other/Missing

73,930 (48%)
78,692 (52%)

151 (50%)
150 (50%)

103 (43%)
139 (57%)

828 (48%)
913 (52%)

Sex: n (%)
Female
Male

0 (0%)
0 (0%)
152,622 (100%)

98 (33%)
203 (67%)
0 (0%)

128 (53%)
114 (47%)
0 (0%)

578 (33%)
1,135 (65%)
28 (2%)

Daycare attendance in first year 
of life: n (%)

Yes
No
Missing

90,136 (59%)
62,373 (41%)
113 (<0.1%)

67 (22%)
232 (77%)
2 (1%)

132 (55%)
110 (45%)
0 (0%)

876 (50%)
865 (50%)
0 (0%)

Older siblings: n (%)
Yes
No
Missing

3,884 (2.5%)
83,264 (55%)
65,474 (43%)

135 (45%)
165 (55%)
1 (0.3%)

100 (41%)
142 (59%)
0 (0%)

342 (20%)
1,398 (80%)
0 (0%)

Maternal asthma: n (%)
Yes
No
Missing

0 (0%)
0 (0%)
152,622 (100%)

154 (51%)
142 (47%)
5 (2%)

196 (81%)
46 (19%)
0 (0%)

1,383 (79%)
345 (20%)
13 (1%)

Breastfeeding: n (%)
Ever breastfed
Never breastfed
Missing

0 (0%)
152,622 (100%)
0 (0%)

16 (5%)
277 (92%)
8 (3%)

0 (0%)
0 (0%)
242 (100%)

795 (46%)
923 (53%)
23 (1%)

Insurance: n (%)
Private
Public
Other/Missing

Table 1: Study designs and demographic information for the four cohorts in our study. The
total number of subjects in INSPIRE, COAST, and URECA is the number of subjects known
to be infected or not infected with RSV by age one year. The total in PRIMA is the number
of children with an asthma diagnosis at age four years.

a proportional hazards assumption (see Methods).

We used the INSPIRE cohort to estimate model parameters. Figure 2A shows that the

weight function is small for ages close to zero, indicating newborns are less likely to be infected

by RSV than older infants. The function peaks at around 6.5 months, suggesting this may be

the time infants are at the greatest risk of infection. While it appears to decrease after eight
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Figure 1: The prevalence of RSV over time from Spring 2012 to Summer 2015 in the
geographical region covering INSPIRE participants. A) The raw data as reported by the
CDC. B) The output of our smoothing and standardization pipeline applied to the raw data
in A).

months, the wide confidence intervals and dearth of infections during these months suggest

the decrease during this time can not be confirmed given the lack of data. A sensitivity

analysis indicated the shape of the weight function, e.g., its maxima at 2 months and 6.5

months and nadir at 4 months, was consistent when we re-estimated the weight function

after partitioning INSPIRE subjects by race, sex, daycare attendance, or number of older

siblings (Section S1.2).

Figure 2B gives the estimate for the effect of non-birthdate covariates expressed as a

hazard ratio. As three of these were clearly important in predicting age of first infection, we

sought to determine the relative importance of birthdate and the non-birthdate covariates we

considered in predicting age of first infection. As Figure 2C indicates, the importance depends

on the outcome one is trying to predict. If the goal is to try to predict whether an infant is

infected by age one year, then birthdate and non-birthdate covariates have similar modest

impacts. However, if it is known that an infant is infected by age one year and we would

like to predict the exact age of first infection, birthdate is unequivocally more important and

explains nearly 37% of the variance in infection age. The impact of birthdate on the outcome

“infection by age one year” is dramatically smaller because all infants, regardless of birthdate,

experience at least one RSV season during a one year interval. Section S2.7 details how we

computed percent variance explained.

We next evaluated how well our model fit the observed data in INSPIRE. Figure 2D
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Figure 2: Estimates from INSPIRE. A) The estimated weight function (solid line) and 95%
confidence intervals (dashed lines). B) Estimates and 95% confidence intervals for the effect
of non-birthdate covariates. Estimates were exponentiated to get hazard ratios. P-values
test the null hypothesis that the hazard ratio is 1. C) The percent of the variance of each
outcome (columns) explained by each covariate (rows). D) The average estimated probability
density function for INSPIRE subjects born in June through December. Probability densities
were computed conditional on being infected before age one year.

gives the estimated probability density functions for age of first infection for subjects born in

June through December. By design, no INSPIRE subjects were born in January through

May. These estimates are strikingly accurate, which is quite remarkable given that the

effective number of parameters used to fit them was only 10.6 (6.6 parameters from w(a) and

4 parameters from non-birthdate covariates) (12).
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Figure 3: Predicting age of first RSV infection in COAST and URECA using parameter
estimates obtained from INSPIRE. A) Model calibration curve. COAST and URECA
subjects were binned by their model-based probability they were infected by age one year;
bins contained between 27 and 28 subjects. The x-axis is the average probability in each bin
and the y-axis fraction of subjects in each bin that were actually infected by age one year.
The dashed red line is the line y = x and dot-dashed grey lines are 95% confidence intervals.
B) The estimated probability density function for COAST subjects with a measured age
of first infection before age one year that were born in risk months (n = 28) and non-risk
months (n = 25). Fitted densities are conditional on being infected before age one year.

Testing our estimated model in two independent cohorts

To evaluate our model’s prediction accuracy, we used our estimates derived from INSPIRE to

predict age of first infection in the COAST and URECA cohorts. Specifically, we sought to

predict (i) which subjects were infected by age one year, as measured by RSV surveillance and

serology, and (ii) the exact age of first infection for subjects with known age of first infection.

For (i), we were particularly interested in assessing whether our model was well-calibrated.

For example, if our model reports a subject was infected by age one year with probability 0.3,

then 30% of all subjects with that infection probability should actually be infected by year

one. Figure 3A gives the calibration plot and suggests our model is well-calibrated, as points

lie on or near the dashed red line and 18 out of 20 points (90%) lie within the 95% confidence

intervals (dashed grey lines). We combine COAST and URECA in Figure 3A to ensure

probability bins had a sufficient number of subjects. Figure S4 gives separate calibration

plots for COAST and URECA subjects.

For (ii), we evaluated whether our probability density function estimate for age of first

infection mirrored the distribution of observed first infection ages in the COAST cohort.
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URECA subjects did not have age of first infection data. We grouped COAST subjects by

birth month, where we defined the “risk month” and “non-risk month” groups to be those born

in June through December and January through May, respectively. We could not consider

finer partitions of birth months because of sample size limitations in COAST. Figure 3B gives

the probability density estimates in these two groups, which closely resemble the observed

distributions.

Using bronchiolitis healthcare visits to estimate model parameters

As there are few RSV surveillance studies, we lastly sought to determine whether bronchiolitis

healthcare visits from the PRIMA cohort could be used to estimate the relationship between

age of first RSV infection and birthdate. Due to the availability of birth and healthcare visit

timing data, the weight function w(a) was estimated assuming it was a step function with

steps (i.e., discontinuities) at each month (see Methods). We did not consider non-birthdate

covariates because we found their impact in INSPIRE to be minor.

Figure 4A plots the estimated weight function. While it is similar to the estimate from

INSPIRE, the uncertainty in the estimate from PRIMA is substantially larger, where one

would need to increase the number of PRIMA study subjects from 1.5 × 105 to 1.5 × 106

to obtain standard errors equal to those from INSPIRE (see Section S1.3 for details). This

considerable uncertainty stems from the fact that when using bronchiolitis healthcare visits,

one must additionally estimate the nuisance function c(a), which is the probability an infection

at age a becomes bronchiolitis requiring a healthcare visit (see Methods). As c(a) is highly

non-uniform (see Section S1.3), it is difficult to distinguish between healthcare visits that are

due to an increase in pathogen exposure (i.e., a change in w(a)) from those arising because

subjects were more prone to bronchiolitis (i.e., a change in c(a)). Consequently, estimates for

w(a) and c(a) were highly correlated.

Despite the increase in uncertainty, we evaluated whether our estimate for w(a) from

PRIMA could be used to model age of first RSV infection in INSPIRE subjects. As PRIMA
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Figure 4: Estimates derived from PRIMA compared to those from INSPIRE. A) The weight
function. B) The estimated probability subjects from INSPIRE were first infected with
RSV in each month during the first year of life using the weight function estimated from
PRIMA (black) or INSPIRE (red). The blue curves give the frequencies observed in INSPIRE.
Probabilities are conditional on being infected in the first year of life. C) The mean absolute
deviation between the estimated probabilities and observed frequencies in B).

and INSPIRE are independent cohorts, this evaluation was equivalent to testing our model

in an independent cohort. Figure 4B shows that model-based probabilities using the PRIMA-

derived w(a) (black curves) closely resemble first infection frequencies observed in INSPIRE

(blue curves). These probabilities were just as accurate as those obtained using the INSPIRE-

derived w(a) (Figure 4C), which is quite remarkable given that INSPIRE-derived probabilities

and observed frequencies were obtained from the same subjects.

Discussion

In this study, we propose a novel probability model that utilizes publicly available RSV

circulation data from the CDC to model age of first RSV infection as a function of birthdate

and other demographic covariates. Our approach was to model the instantaneous risk of first

infection, also known as the “hazard function” in the field of survival analysis. This was taken

to be the product of the known prevalence of RSV at that time, which was determined by an

infant’s birthdate and RSV surveillance data from the CDC, and an unknown age-dependent
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weight function. The weight function captures the age-dependent variation in RSV infection

risk at a fixed point in time. Since we model hazard functions, we used the proportional

hazards assumption to incorporate non-birthdate covariates. We could not use a standard

Cox proportional hazard analysis to predict infection age because the proportional hazard

assumption did not hold for the birthdate covariate.

We took a non-parametric approach to model the weight function and estimated it, along

with the impact of non-birthdate covariates, using RSV surveillance data from the INSPIRE

cohort. This resulted in an exceptional fit for the data, where our estimated model was able

to almost perfectly capture the relationship between birthdate and first infection age. This

is quite remarkable, as the effective number of parameters in our model was only 10.6 (12).

Our estimates for the impact of non-birthdate covariates are consistent with those from a

recent study examining the risk factors for RSV infection prior to age one year, as measured

by serological testing (2).

We tested our estimated model in two independent cohorts, showing that our model-

derived probabilities that subjects were infected by age one year were well-calibrated. We

also showed that our estimates for the distributions of infection ages for infants known to be

infected by age one year closely mirrored observed distributions. As the two testing cohorts

were starkly different from INSPIRE in terms of their racial composition, geographic locations,

study periods, and birth months (Table 1), these results indicate that our proposed model,

and estimates for its parameters made in INSPIRE, generalize across populations.

The generalizability of our model estimated in INSPIRE, as well as our quantification of

the importance of birthdate and non-birthdate covariates in predicting infection outcomes

(Figure 2C), suggest a way to perform “RSV surveillance” in early life without actually having

to conduct active surveillance to capture age of infection. Notably, if we know an infant was

infected in the first year of life, birthdate alone explains nearly 37% of the variance in the age

of infection. A potential RSV surveillance study design is therefore to perform serological

testing on samples collected at age one year to determine whether the infant was infected
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with RSV prior to age one year, and use our model to predict age of infection. It is possible

to forgo serological testing and use our model to also predict whether an infant was infected

by age one year, although Figure 2C suggests this prediction may be noisy.

Since there are few RSV surveillance studies, we lastly tested whether we could use

bronchiolitis healthcare encounters from the PRIMA cohort to estimate model parameters.

This required making two concessions. First, we needed a set of assumptions, the most

important being that the weight functions for RSV and the set of pathogens that also

cause bronchiolitis and whose seasonality matched RSV’s were equal up to a constant of

proportionality (see Methods). For example, if a six-month-old’s risk of infection with RSV

was twice as large as a one-month-old’s, their risk of infection with the aforementioned

pathogens was also twice as large. Second, we needed to estimate the nuisance function c(a)

representing the probability an infection at age a turns into bronchiolitis requiring a healthcare

encounter, leading to larger standard errors in the estimated weight function. Despite these

concessions, the estimated weight function closely resembled the weight function estimated

in INSPIRE, and we used it to almost perfectly recapitulate the observed distribution of

infection ages in INSPIRE. These results suggest that while additional assumptions and a

substantially larger sample size are needed to utilize bronchiolitis data, they can be used to

estimate model parameters if surveillance data are limited or not available.

The weight function estimated in the INSPIRE and PRIMA cohorts in Figure 4A quantifies

the age-dependent risk of RSV infection at a fixed point in time. It is close to zero for

newborn infants, likely because newborns are both generally less exposed to the environment

and may be protected from RSV by maternal antibodies (13). The peak at 6.5 months may

be attributed to greater exposure to RSV at this age, and while maternal antibodies are not

thought to prevent infection (they provide protection against severe disease), this period also

coincides with the waning of maternal RSV antibodies (13, 14). The estimate in INSPIRE

also exhibits a clear bimodal pattern, which was present even after re-estimating parameters

in different subpopulations of INSPIRE. Bimodality is also evident in the estimate from
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PRIMA, which, taken together with the generalizability of estimates from INSPIRE to other

populations, suggests the pattern is not a statistical anomaly or an artifact of cohort design.

The decrease from the first mode at two months to the nadir at four months could reflect

an improved T cell-mediated immune response, as this coincides with the time that naïve

CD4+ T cells are highest in infants (15), which confer robust protection from lung infections

in infancy (16).

Despite our model’s exceptional performance, we must acknowledge a few limitations.

First, due to the availability of surveillance data in INSPIRE, we modeled age of first RSV

infection up to age one year. While it may be possible to extend the model past one year, care

would have to be taken when curating surveillance data to avoid mislabeling a second RSV

infection in year two as a first infection. We circumvented this issue because so-called “repeat

infections” before age one year are rare and, when they do occur, are infections from the same

virus, likely representing infections that were not cleared by the host (17). It is also likely

that infection before age one year has the greatest implication for childhood asthma-related

disorders (3, 4). Second, we standardized RSV seasonality so that the maximum prevalence

was the same across RSV seasons (Figure 1B), which helped avoid biases caused by year-

to-year variation in RSV testing frequency (18). This implicitly assumes that the amount

of circulating RSV is constant across seasons, which is reasonable given that the limited

number of surveillance studies all estimate that about half of all infants are infected by age

one year (1–3). Further, our estimated model generalized to cohorts with subjects sampled

at different times and from different locations, suggesting the impact of seasonal variation in

circulating RSV is trivial. Lastly, the timing of completely asymptomatic infections detected

only by surveillance were not available in INSPIRE, suggesting our estimated model in

INSPIRE may be more reflective of symptomatic infections. However, several features of our

experimental design and results indicate this is not the case. First, minimal symptoms were

required to trigger a nasal collection for PCR in INSPIRE and were not visits that required a

healthcare encounter (3). Second, our model was able to predict infection in two independent
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cohorts, which included both symptomatic and asymptomatic infections. Third, estimates

in INSPIRE closely mirrored those from PRIMA, where our analysis in PRIMA accounted

for symptomatology by modeling the probability an infection turned into a symptomatic

infection requiring a healthcare visit.

In summary, we have developed, to our knowledge, the first probability model to predict

age of first RSV infection. Our model utilizes publicly available RSV circulation data

from the CDC and a subject’s birthdate, as well as other other demographic covariates,

to provide personalized RSV infection risk prediction. Our model is interpretable, yields

an exceptional fit to the data, generalizes across populations, and can even be fit using

easy-to-obtain bronchiolitis healthcare encounter data. We believe our work represents a

substantial development in viral surveillance, as it allows, for the first time, identification of

age of infant RSV infection within large populations without the need for active surveillance.

Materials and Methods

Study design

We included data from four independent cohorts: Infant Susceptibility to Pulmonary Infections

and Asthma Following RSV Exposure (INSPIRE), Childhood Origins of Asthma (COAST),

Urban Environment and Childhood Asthma (URECA), and Prevention of RSV: Impact

on Morbidity and Asthma (PRIMA). In our primary analysis, we used RSV surveillance

data available in INSPIRE to estimate model parameters and tested the performance of our

estimated model in COAST and URECA. We used bronchiolitis healthcare visits available in

the PRIMA cohort to determine whether model parameters could also be estimated from

easy-to-obtain healthcare visit data.
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Age of first RSV infection measured in the INSPIRE, COAST, and

URECA cohorts

The age of first RSV infection was measured for subjects participating in the INSPIRE study,

our discovery cohort, during their first year of life. Participants were born between June and

December (10). Briefly in INSPIRE, active and passive surveillance was conducted during

infancy, with every two week assessment of respiratory symptoms, and nasal sample run for

RSV PCR for those with symptoms. Since not all RSV infections manifest symptoms, all

infants had RSV serology measured at age one year to determine which infants were infected

by age one year (3).

Age of first infection in the COAST cohort, our validation cohort, was measured similarly

(8, 19, 20). Subjects missing an infection age were assigned an infection status (infected or

not infected) using the same serological testing as in INSPIRE. In the URECA cohort only

one-year of age RSV serology data were available.

Bronchiolitis healthcare visits in the PRIMA study

We used bronchiolitis healthcare visits from infants ≤ 1 year of age that were a part of the

PRIMA study to determine whether we could estimate model parameters from easy-to-obtain

healthcare visits. We considered PRIMA subjects that were enrolled in Tennessee Medicaid

Program and were born prior to 2004 so that an asthma diagnosis at age four years would be

available (21). Healthcare visits were hospitalizations, emergency room visits, or physician

office visits. Infants’ age at the first bronchiolitis healthcare visit was determined.

Determining RSV prevalence over time

We used publicly available data from the CDC to determine λ(t), the the prevalence of RSV

over time t, for 17 different geographical regions in the United States defined by Health

and Human Services (HHS) regional offices (1-10) and Census Bureau divisions (East North
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Central, West North Central, East South Central, West South Central, Mid-Atlantic, South

Atlantic, New England, Mountain, Pacific). While λ(t) is region-specific, we suppress its

dependence on region to avoid excess notation. Since the below model only depends on

knowing λ(t) up to a constant of proportionality, we define λ(t) here up to a multiplicative

constant. That is, λ(t) actually gives the relative prevalence of RSV, where the relative

amount of circulating RSV in a geographical region at any times t1 and t2 is λ(t1)/λ(t2).

The data for each geographical region consisted of the number of viral samples and the

fraction of them that were RSV positive, determined by culture, antigen, or PCR testing.

Data were reported on a weekly basis starting in January 1995. We determined the fraction

of positive tests over time using antigen testing because antigen tests were reported in the

greatest number over the course of our study; PCR test results were not available prior to

2004 (Figure S5). We defined λ(t) to be the fraction of positive tests after smoothing and

standardizing so that the maximum height of each peak was one (Figure 1; see Section S2.1

for details). Standardizing accounted for the year-to-year variation in the frequency of RSV

testing (18).

We mapped study locations in each cohort (Table 1) to geographical regions by determining

the HHS office and Census Bureau division that covered them.

Probability model for age of first RSV infection

Here we describe our model relating a subject’s birthdate to their age of first RSV infection.

We show how to incorporate additional covariates below. Let i index a subject, Bi be their

birthdate, and Ri be their age of first RSV infection. We modeled age of first infection by

modeling the instantaneous risk of first infection, which is defined as the likelihood a subject

is infected at age a given they have not been infected up until that point. This is also known

as the “hazard function” in survival analysis.

Recall λ(t) is proportional to the prevalence of RSV at time t. Since infection risk ought

to be proportional to the amount of RSV in the population, a naïve model would be to
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assume that instantaneous risk is proportional to RSV prevalence:

pr(Ri = a | Ri ≥ a,Bi) ∝ λ(a+Bi),

where a+ Bi is the time at which subject i is age a. However, this model ignores the fact

that one’s infection risk also depends on age, as very young infants are likely less exposed to

RSV (and the environment in general) and have more maternally derived RSV antibodies

than older infants (1). We therefore modified the above model to assume instantaneous risk

depends on both RSV prevalence and age:

pr(Ri = a | Ri ≥ a,Bi) = λ(a+Bi)w(a). (1)

Here, w(a) is a non-negative weight function that captures the age-dependent risk of being

infected by RSV. Since very young infants have the least exposure to RSV and greatest

levels of maternally derived RSV antibodies, and exposure increases and maternally derived

antibodies decrease over time (1), we expect w(a) to be small when age a is close to zero and

get larger as a increases.

The instantaneous risk model in Equation 1 completely determines the probability model

relating age of first infection and birthdate, as it implies the likelihood for subject i can be

expressed as

pr(Ri = a | Bi) = λ(a+Bi)w(a) exp

{
−

a

∫
0
λ(x+Bi)w(x)dx

}
. (2)

Estimating the weight function

Since the function λ(·) is known, the only unknown in the likelihood given by Equation 2

is the age-dependent weight function w(a). We assume w(a) is a continuous and smooth

function and require w(a) ≥ 0 to ensure the likelihood is non-negative. As the functional

form of w(a) is unknown, we parameterize w(a) using a cubic B-spline basis (22). Since the
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B-spline basis elements are themselves non-negative, we encode the non-negativity constraint

in w(a) by requiring basis coefficients be non-negative.

We fit w(a) using data from the INSPIRE cohort, which contains data for subjects with

an observed age of first infection Ri between zero and one year (n = 361), subjects known

to be infected before age one year but without an observed Ri (n = 583), and subjects

known to have their first infection after age one year but without an observed Ri (n = 797).

Our estimator for w(a) is a penalized maximum likelihood estimator, where the penalty

encourages w(a) to be smooth (i.e., a small second derivative). We set the number of knots in

our B-spline parametrization of w(a) to be 18 (10 internal knots and eight boundary knots),

which provided a sufficiently flexible model. While this ostensibly begets a large number of

model parameters, the penalty meant the effective number of parameters used to model w(a)

was 6.6 (12), implying over-fitting was not an issue. Using a smaller number of knots resulted

in a nearly identical estimate (Figure S6). Sections S2.2-S2.3 provide additional details.

Incorporating additional covariates into the model

Since our model from Equation 1 is a model on the instantaneous risk, otherwise known as

the hazard function, we incorporate non-birthdate covariates using a proportional hazards

assumption. That is, if zi is a vector of non-birthdate covariates for subject i, we modify the

instantaneous risk from Equation 1 to be

pr(Ri = a | Ri ≥ a,Bi, zi) = λ(a+Bi)w(a) exp(z
⊤
i γ), (3)

implying the likelihood from Equation 2 becomes

pr(Ri = a | Bi, zi) = λ(a+Bi)w(a) exp(z
⊤
i γ) exp

{
− exp(z⊤i γ)

a

∫
0
λ(x+Bi)w(x)dx

}
. (4)

We detail how we jointly estimate w(a) and γ in Section S2.3. We included the covariates

sex (male/female), race (White/non-White), daycare attendance (yes/no), and older siblings
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(yes/no) in our analysis of INSPIRE data. We did not include early-life nutrition (e.g., breast

milk or not) because much of an infant’s protection to RSV derives from transplacental

transfer of maternal antibodies (13, 23), and because over 80% INSPIRE subjects were

breastfed.

Testing the estimated model in the COAST and URECA cohorts

We used our INSPIRE-derived estimates for w(a) and γ in Equation 4 to estimate, for each

COAST and URECA participant, (i) the probability they were infected with RSV by age one

year and (ii) their probability density (Equation 4), which gives the likelihood they were first

infected at age a for all a from 0 to 1 year. We included the same non-birthdate covariates

as we did when fitting the model in INSPIRE (see above). Section S2.4 contains additional

details.

Estimating parameters using bronchiolitis healthcare visit data

We used the bronchiolitis healthcare visit data from the PRIMA cohort to determine whether

we could use easy-to-obtain healthcare encounter data to estimate the weight function w(a) .

We ignored additional demographic covariates because we found their impact in INSPIRE to

be minor (see Results).

It was not known whether bronchiolitis events in PRIMA were caused by RSV. While the

seasonal prevalence of RSV and frequency of bronchiolitis health care visits are congruent

(4), and most bronchiolitis health care visits during infancy are caused by RSV (24–26), it is

possible that other pathogens whose seasonality overlaps with RSV circulation could cause

bronchiolitis. To address this, we assumed that the age-dependent variation in risk of being

infected by these pathogens was the same as it was for RSV. That is, the weight functions for

these pathogens and RSV were the same up to a constant of proportionality. For example,

if a six-month-old was twice as likely to be infected by RSV as a one-month-old (i.e., w(6

months) = 2w(1 month)), the risk of infection by these pathogens is also twice as large.
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We additionally assumed that (i) each subject can be infected with RSV or the above

mentioned pathogens at most once during the first year of life and (ii) the probability an

infection turns into bronchiolitis requiring a healthcare visit depends on the infant’s age and

not the date of the infection. Assumption (i) is motivated by the observation that so-called

“repeat RSV infections” during the first year of life are rare and, when they do occur, have

been shown to represent the same virus, presumably because it has not been cleared by the

host (17). We assume (ii) because we know of no data suggesting otherwise.

Let Li be the the age of the i-th subject’s first bronchiolitis healthcare visit and R̃i be

the age of their first RSV infection or their first infection with one of the above mentioned

pathogens whose seasonality overlaps with RSV circulation. Under the above assumptions,

the likelihood for Li conditional on birthdate Bi is

pr(Li = a | Bi) =P(Li = a | R̃i = a) pr(R̃i = a | Bi)

=c(a)λ(a+Bi)w̃(a) exp

{
−

a

∫
0
λ(x+Bi)w̃(x)dx

}
,

(5)

where w̃(a) is proportional to w(a) and c(a) is unknown and is the probability an infection

at age a turns into bronchiolitis. As we did in INSPIRE, we estimated w̃(a), as well as c(a),

up to age one year. Since only the years and months of birth and bronchiolitis healthcare

visit dates were available in PRIMA, we assumed w̃(a) and c(a) were step functions with

steps (i.e., discontinuities) at months one through 11. Since w̃(a) is proportional to w(a), we

set our estimate for w(a) to be a normalizing constant times our estimate for w̃(a), where

the normalizing constant was chosen so that the resulting model-based probability an infant

was infected with RSV before age one year matched the frequency observed in INSPIRE.

Section S2.5 contains additional details.

We used our PRIMA-derived estimate for w(a) to estimate the probability INSPIRE

subjects were first infected with RSV in each of their first 12 months of life. The mathematical

expression is given in Section S2.6. We consider this probability and not the density like we

did for COAST and URECA subjects because w(a) could only be estimated at the resolution

 . CC-BY-NC 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 1, 2025. ; https://doi.org/10.1101/2025.04.01.25325040doi: medRxiv preprint 

https://doi.org/10.1101/2025.04.01.25325040
http://creativecommons.org/licenses/by-nc/4.0/


Birth timing and age of RSV infection 20

of months in PRIMA.

References

[1] J. U. Nyiro, I. K. Kombe, C. J. Sande, J. Kipkoech, P. K. Kiyuka, C. O. Onyango,

et al. “Defining the vaccination window for respiratory syncytial virus (RSV) using age-

seroprevalence data for children in Kilifi, Kenya”. In: PLOS ONE 12.5 (May 2017). Ed.

by J. S. Tregoning, e0177803. issn: 1932-6203. doi: 10.1371/journal.pone.0177803.

url: http://dx.doi.org/10.1371/journal.pone.0177803.

[2] A. Zylbersztejn, L. Pembrey, H. Goldstein, G. Berbers, R. Schepp, F. van der Klis, et al.

“Respiratory syncytial virus in young children: community cohort study integrating

serological surveys, questionnaire and electronic health records, Born in Bradford cohort,

England, 2008 to 2013”. In: Eurosurveillance 26.6 (Feb. 2021). issn: 1560-7917. doi:

10.2807/1560-7917.es.2021.26.6.2000023. url: http://dx.doi.org/10.2807/

1560-7917.ES.2021.26.6.2000023.

[3] C. Rosas-Salazar, T. Chirkova, T. Gebretsadik, J. D. Chappell, R. S. Peebles, W. D.

Dupont, et al. “Respiratory syncytial virus infection during infancy and asthma during

childhood in the USA (INSPIRE): a population-based, prospective birth cohort study”.

In: The Lancet 401.10389 (May 2023), pp. 1669–1680. doi: 10.1016/s0140-6736(23)

00811-5. url: https://doi.org/10.1016/s0140-6736(23)00811-5.

[4] P. Wu, W. D. Dupont, M. R. Griffin, K. N. Carroll, E. F. Mitchel, T. Gebretsadik,

et al. “Evidence of a Causal Role of Winter Virus Infection during Infancy in Early

Childhood Asthma”. In: American Journal of Respiratory and Critical Care Medicine

178.11 (Dec. 2008), pp. 1123–1129. issn: 1535-4970. doi: 10.1164/rccm.200804-579oc.

url: http://dx.doi.org/10.1164/rccm.200804-579OC.

 . CC-BY-NC 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 1, 2025. ; https://doi.org/10.1101/2025.04.01.25325040doi: medRxiv preprint 

https://doi.org/10.1371/journal.pone.0177803
http://dx.doi.org/10.1371/journal.pone.0177803
https://doi.org/10.2807/1560-7917.es.2021.26.6.2000023
http://dx.doi.org/10.2807/1560-7917.ES.2021.26.6.2000023
http://dx.doi.org/10.2807/1560-7917.ES.2021.26.6.2000023
https://doi.org/10.1016/s0140-6736(23)00811-5
https://doi.org/10.1016/s0140-6736(23)00811-5
https://doi.org/10.1016/s0140-6736(23)00811-5
https://doi.org/10.1164/rccm.200804-579oc
http://dx.doi.org/10.1164/rccm.200804-579OC
https://doi.org/10.1101/2025.04.01.25325040
http://creativecommons.org/licenses/by-nc/4.0/


Birth timing and age of RSV infection 21

[5] P. C. Lloyd, L. May, D. Hoffman, R. Riegelman, and L. Simonsen. “The Effect of

Birth Month on the Risk of Respiratory Syncytial Virus Hospitalization in the First

Year of Life in the United States”. In: Pediatric Infectious Disease Journal 33.6 (June

2014), e135–e140. issn: 0891-3668. doi: 10.1097/inf.0000000000000250. url: http:

//dx.doi.org/10.1097/INF.0000000000000250.

[6] J. R. Gantenberg, R. van Aalst, M. R. Bhuma, B. Limone, D. Diakun, D. M. Smith,

et al. “Risk Analysis of Respiratory Syncytial Virus Among Infants in the United

States by Birth Month”. In: Journal of the Pediatric Infectious Diseases Society 13.6

(May 2024), pp. 317–327. issn: 2048-7207. doi: 10.1093/jpids/piae042. url: http:

//dx.doi.org/10.1093/jpids/piae042.

[7] C. B. Hall, G. A. Weinberg, M. K. Iwane, A. K. Blumkin, K. M. Edwards, M. A. Staat,

et al. “The Burden of Respiratory Syncytial Virus Infection in Young Children”. In:

New England Journal of Medicine 360.6 (Feb. 2009), pp. 588–598. issn: 1533-4406. doi:

10.1056/nejmoa0804877. url: http://dx.doi.org/10.1056/NEJMoa0804877.

[8] R. F. Lemanske. “The Childhood Origins of Asthma (COAST) study”. In: Pediatric

Allergy and Immunology 13.s15 (Dec. 2002), pp. 38–43. issn: 1399-3038. doi: 10.

1034/j.1399-3038.13.s.15.8.x. url: http://dx.doi.org/10.1034/j.1399-

3038.13.s.15.8.x.

[9] J. E. Gern, C. M. Visness, P. J. Gergen, R. A. Wood, G. R. Bloomberg, G. T. O’Connor,

et al. “The Urban Environment and Childhood Asthma (URECA) birth cohort study:

design, methods, and study population”. In: BMC Pulmonary Medicine 9.1 (May 2009).

issn: 1471-2466. doi: 10.1186/1471-2466-9-17. url: http://dx.doi.org/10.1186/

1471-2466-9-17.

[10] E. K. Larkin, T. Gebretsadik, M. L. Moore, L. J. Anderson, W. D. Dupont, J. D.

Chappell, et al. “Objectives, design and enrollment results from the Infant Susceptibility

to Pulmonary Infections and Asthma Following RSV Exposure Study (INSPIRE)”. In:

 . CC-BY-NC 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 1, 2025. ; https://doi.org/10.1101/2025.04.01.25325040doi: medRxiv preprint 

https://doi.org/10.1097/inf.0000000000000250
http://dx.doi.org/10.1097/INF.0000000000000250
http://dx.doi.org/10.1097/INF.0000000000000250
https://doi.org/10.1093/jpids/piae042
http://dx.doi.org/10.1093/jpids/piae042
http://dx.doi.org/10.1093/jpids/piae042
https://doi.org/10.1056/nejmoa0804877
http://dx.doi.org/10.1056/NEJMoa0804877
https://doi.org/10.1034/j.1399-3038.13.s.15.8.x
https://doi.org/10.1034/j.1399-3038.13.s.15.8.x
http://dx.doi.org/10.1034/j.1399-3038.13.s.15.8.x
http://dx.doi.org/10.1034/j.1399-3038.13.s.15.8.x
https://doi.org/10.1186/1471-2466-9-17
http://dx.doi.org/10.1186/1471-2466-9-17
http://dx.doi.org/10.1186/1471-2466-9-17
https://doi.org/10.1101/2025.04.01.25325040
http://creativecommons.org/licenses/by-nc/4.0/


Birth timing and age of RSV infection 22

BMC Pulmonary Medicine 15.1 (Apr. 2015). doi: 10.1186/s12890-015-0040-0. url:

https://doi.org/10.1186/s12890-015-0040-0.

[11] J. E. Gern, D. J. Jackson, R. F. Lemanske, C. M. Seroogy, U. Tachinardi, M. Craven,

et al. “The Children’s Respiratory and Environmental Workgroup (CREW) birth

cohort consortium: design, methods, and study population”. In: Respiratory Research

20.1 (June 2019). issn: 1465-993X. doi: 10.1186/s12931-019-1088-9. url: http:

//dx.doi.org/10.1186/s12931-019-1088-9.

[12] V. Spokoiny. “Penalized maximum likelihood estimation and effective dimension”. In:

Annales de l’Institut Henri Poincaré, Probabilités et Statistiques 53.1 (Feb. 2017). issn:

0246-0203. doi: 10.1214/15-aihp720. url: http://dx.doi.org/10.1214/15-

AIHP720.

[13] R. Ochola, C. Sande, G. Fegan, P. D. Scott, G. F. Medley, P. A. Cane, et al. “The Level

and Duration of RSV-Specific Maternal IgG in Infants in Kilifi Kenya”. In: PLoS ONE

4.12 (Dec. 2009). Ed. by L. F. P. Ng, e8088. issn: 1932-6203. doi: 10.1371/journal.

pone.0008088. url: http://dx.doi.org/10.1371/journal.pone.0008088.

[14] S. Niewiesk. “Maternal Antibodies: Clinical Significance, Mechanism of Interference with

Immune Responses, and Possible Vaccination Strategies”. In: Frontiers in Immunology

5 (Sept. 2014). issn: 1664-3224. doi: 10 .3389 / fimmu. 2014 . 00446. url: http :

//dx.doi.org/10.3389/fimmu.2014.00446.

[15] E. J. H. Schatorjé, E. F. A. Gemen, G. J. A. Driessen, J. Leuvenink, R. W. N. M.

van Hout, and E. de Vries. “Paediatric Reference Values for the Peripheral T cell

Compartment”. In: Scandinavian Journal of Immunology 75.4 (Mar. 2012), pp. 436–

444. issn: 1365-3083. doi: 10.1111/j.1365- 3083.2012.02671.x. url: http:

//dx.doi.org/10.1111/j.1365-3083.2012.02671.x.

[16] P. Thapa, R. S. Guyer, A. Y. Yang, C. A. Parks, T. M. Brusko, M. Brusko, et al.

“Infant T cells are developmentally adapted for robust lung immune responses through

 . CC-BY-NC 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 1, 2025. ; https://doi.org/10.1101/2025.04.01.25325040doi: medRxiv preprint 

https://doi.org/10.1186/s12890-015-0040-0
https://doi.org/10.1186/s12890-015-0040-0
https://doi.org/10.1186/s12931-019-1088-9
http://dx.doi.org/10.1186/s12931-019-1088-9
http://dx.doi.org/10.1186/s12931-019-1088-9
https://doi.org/10.1214/15-aihp720
http://dx.doi.org/10.1214/15-AIHP720
http://dx.doi.org/10.1214/15-AIHP720
https://doi.org/10.1371/journal.pone.0008088
https://doi.org/10.1371/journal.pone.0008088
http://dx.doi.org/10.1371/journal.pone.0008088
https://doi.org/10.3389/fimmu.2014.00446
http://dx.doi.org/10.3389/fimmu.2014.00446
http://dx.doi.org/10.3389/fimmu.2014.00446
https://doi.org/10.1111/j.1365-3083.2012.02671.x
http://dx.doi.org/10.1111/j.1365-3083.2012.02671.x
http://dx.doi.org/10.1111/j.1365-3083.2012.02671.x
https://doi.org/10.1101/2025.04.01.25325040
http://creativecommons.org/licenses/by-nc/4.0/


Birth timing and age of RSV infection 23

enhanced T cell receptor signaling”. In: Science Immunology 6.66 (Dec. 2021). issn:

2470-9468. doi: 10.1126/sciimmunol.abj0789. url: http://dx.doi.org/10.1126/

sciimmunol.abj0789.

[17] D. Lawless, C. G. McKennan, S. R. Das, T. Junier, Z. M. Xu, L. J. Anderson, et al.

“Viral Genetic Determinants of Prolonged Respiratory Syncytial Virus Infection Among

Infants in a Healthy Term Birth Cohort”. In: The Journal of Infectious Diseases 227.10

(Nov. 2022), pp. 1194–1202. issn: 1537-6613. doi: 10.1093/infdis/jiac442. url:

http://dx.doi.org/10.1093/infdis/jiac442.

[18] C. M. Midgley, A. K. Haynes, J. L. Baumgardner, C. Chommanard, S. W. Demas,

M. M. Prill, et al. “Determining the Seasonality of Respiratory Syncytial Virus in

the United States: The Impact of Increased Molecular Testing”. In: The Journal of

Infectious Diseases 216.3 (June 2017), pp. 345–355. issn: 1537-6613. doi: 10.1093/

infdis/jix275. url: http://dx.doi.org/10.1093/infdis/jix275.

[19] C. C. Copenhaver, J. E. Gern, Z. Li, P. A. Shult, L. A. Rosenthal, L. D. Mikus, et al.

“Cytokine Response Patterns, Exposure to Viruses, and Respiratory Infections in the

First Year of Life”. In: American Journal of Respiratory and Critical Care Medicine

170.2 (July 2004), pp. 175–180. issn: 1535-4970. doi: 10.1164/rccm.200312-1647oc.

url: http://dx.doi.org/10.1164/rccm.200312-1647OC.

[20] R. F. Lemanske Jr., D. J. Jackson, R. E. Gangnon, M. D. Evans, Z. Li, P. A. Shult,

et al. “Rhinovirus illnesses during infancy predict subsequent childhood wheezing”. In:

Journal of Allergy and Clinical Immunology 116.3 (Sept. 2005), pp. 571–577. issn:

0091-6749. doi: 10.1016/j.jaci.2005.06.024. url: http://dx.doi.org/10.1016/

j.jaci.2005.06.024.

[21] G. J. Escobar, T. Gebretsadik, K. Carroll, S. X. Li, E. M. Walsh, P. Wu, et al. “Adherence

to Immunoprophylaxis Regimens for Respiratory Syncytial Virus Infection in Insured

and Medicaid Populations”. In: Journal of the Pediatric Infectious Diseases Society

 . CC-BY-NC 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 1, 2025. ; https://doi.org/10.1101/2025.04.01.25325040doi: medRxiv preprint 

https://doi.org/10.1126/sciimmunol.abj0789
http://dx.doi.org/10.1126/sciimmunol.abj0789
http://dx.doi.org/10.1126/sciimmunol.abj0789
https://doi.org/10.1093/infdis/jiac442
http://dx.doi.org/10.1093/infdis/jiac442
https://doi.org/10.1093/infdis/jix275
https://doi.org/10.1093/infdis/jix275
http://dx.doi.org/10.1093/infdis/jix275
https://doi.org/10.1164/rccm.200312-1647oc
http://dx.doi.org/10.1164/rccm.200312-1647OC
https://doi.org/10.1016/j.jaci.2005.06.024
http://dx.doi.org/10.1016/j.jaci.2005.06.024
http://dx.doi.org/10.1016/j.jaci.2005.06.024
https://doi.org/10.1101/2025.04.01.25325040
http://creativecommons.org/licenses/by-nc/4.0/


Birth timing and age of RSV infection 24

2.3 (Mar. 2013), pp. 205–214. issn: 2048-7207. doi: 10.1093/jpids/pit007. url:

http://dx.doi.org/10.1093/jpids/pit007.

[22] P. H. C. Eilers and B. D. Marx. “Flexible smoothing with B-splines and penalties”. In:

Statistical Science 11.2 (May 1996). issn: 0883-4237. doi: 10.1214/ss/1038425655.

url: http://dx.doi.org/10.1214/ss/1038425655.

[23] J. E. Atwell, C. S. Lutz, E. G. Sparrow, and D. R. Feikin. “Biological factors that may im-

pair transplacental transfer of RSV antibodies: Implications for maternal immunization

policy and research priorities for low- and middle-income countries”. In: Vaccine 40.32

(July 2022), pp. 4361–4370. issn: 0264-410X. doi: 10.1016/j.vaccine.2022.06.034.

url: http://dx.doi.org/10.1016/j.vaccine.2022.06.034.

[24] G. Piedimonte and M. K. Perez. “Respiratory Syncytial Virus Infection and Bronchi-

olitis”. In: Pediatrics In Review 35.12 (Dec. 2014), pp. 519–530. issn: 1526-3347. doi:

10.1542/pir.35.12.519. url: http://dx.doi.org/10.1542/pir.35.12.519.

[25] C. B. Hall. “Respiratory Syncytial Virus and Parainfluenza Virus”. In: New England

Journal of Medicine 344.25 (June 2001), pp. 1917–1928. issn: 1533-4406. doi: 10.1056/

nejm200106213442507. url: http://dx.doi.org/10.1056/NEJM200106213442507.

[26] K. N. Turi, P. Wu, G. J. Escobar, T. Gebretsadik, T. Ding, E. M. Walsh, et al.

“Prevalence of infant bronchiolitis-coded healthcare encounters attributable to RSV”.

In: Health Science Reports 1.12 (Oct. 2018). issn: 2398-8835. doi: 10.1002/hsr2.91.

url: http://dx.doi.org/10.1002/hsr2.91.

 . CC-BY-NC 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 1, 2025. ; https://doi.org/10.1101/2025.04.01.25325040doi: medRxiv preprint 

https://doi.org/10.1093/jpids/pit007
http://dx.doi.org/10.1093/jpids/pit007
https://doi.org/10.1214/ss/1038425655
http://dx.doi.org/10.1214/ss/1038425655
https://doi.org/10.1016/j.vaccine.2022.06.034
http://dx.doi.org/10.1016/j.vaccine.2022.06.034
https://doi.org/10.1542/pir.35.12.519
http://dx.doi.org/10.1542/pir.35.12.519
https://doi.org/10.1056/nejm200106213442507
https://doi.org/10.1056/nejm200106213442507
http://dx.doi.org/10.1056/NEJM200106213442507
https://doi.org/10.1002/hsr2.91
http://dx.doi.org/10.1002/hsr2.91
https://doi.org/10.1101/2025.04.01.25325040
http://creativecommons.org/licenses/by-nc/4.0/


Birth timing and age of RSV infection 25

Acknowledgements

We are deeply grateful to all of the families and children who participated in this study, to

the INSPIRE research study staff, to the middle Tennessee pediatric practices with whom we

collaborated to enroll a representative population of our region, to the Division of TennCare

in the Tennessee Department of Finance and Administration, and the Tennessee Department

of Health, Office of Policy, Planning & Assessment.

Funding

NIH grants U19AI095227, UG3OD023282, UL1TR000445, 1U2410769079. The content is

solely the responsibility of the authors and does not necessarily represent the official views of

the funding agencies.

Author contributions

Conceptualization: CGM, TG, PW, TVH

Methodology: CGM, TG, PW, TVH

Investigation: CGM, TG, SMB, PW, TVH

Visualizations: CGM, TVH

Funding acquisition: DJJ, JEG, PW, TVH

Writing: CGM

Writing – review & editing: CGM, TG, PW, SMB, MN, DJJ, JEG, PW, TVH

Competing interests

CGM reports grants from NIH during the conduct of the study and personal fees from

SignatureDx outside the submitted work. TVH is a member of NIH/NHLBI Council, the

 . CC-BY-NC 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 1, 2025. ; https://doi.org/10.1101/2025.04.01.25325040doi: medRxiv preprint 

https://doi.org/10.1101/2025.04.01.25325040
http://creativecommons.org/licenses/by-nc/4.0/


Birth timing and age of RSV infection 26

Parker B. Francis Family Foundation council of scientific advisors as a grant reviewer, serves

as the co-chair of the ATS Vaccines and Immunization Initiative, content writer for UpToDate,

and as a member of the RSV vaccine program DSMB for Pfizer. JEG is a consultant and has

stock options in Meissa Vaccines Inc.

Data and materials availability

The RSV data were obtained from the National Respiratory and Enteric Virus Surveillance

System (NREVSS). Readers can request the data from NREVSS at nrevss@cdc.gov.

 . CC-BY-NC 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 1, 2025. ; https://doi.org/10.1101/2025.04.01.25325040doi: medRxiv preprint 

https://doi.org/10.1101/2025.04.01.25325040
http://creativecommons.org/licenses/by-nc/4.0/

