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Abstract

Respiratory syncytial virus (RSV) infections are a major public health concern for pediatric

populations and older adults. Viral kinetics, the dynamic processes of viral infection within an

individual over time, vary across different populations. However, RSV transmission in

different age groups is incompletely understood from the perspective of individual-level viral

kinetics. To explore how individual viral kinetics can be related to RSV transmission, we first

fitted a mathematical model to longitudinal viral kinetic data from 53 individuals in pediatric,

adult, and elderly age groups using a hierarchical Bayesian framework to estimate important

viral kinetic parameters. Using a probabilistic model, we then related the within-host viral

load to the probability of transmission for each age group. We found that children had higher

peak viral loads and longer shedding periods compared to other age groups, suggesting a

higher transmission probability in children over the infectious period. We validated our

findings by comparing the estimated secondary attack rate across different age groups to

empirical estimates from household transmission studies. Our work highlights the

importance of age-specific considerations in understanding and managing RSV infections,

suggesting that age-targeted interventions will be more effective in controlling RSV

transmission.

Summary

We utilized within-host viral load kinetics data to infer the transmission potential of RSV

infection across different age groups, revealing the highest transmission probability in the

pediatric group.

Introduction

Respiratory syncytial virus (RSV) infections pose a significant public health threat to pediatric

populations, older adults, and immunocompromised individuals [1]. In 2019, an estimated

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
perpetuity. 

 is the author/funder, who has granted medRxiv a license to display the preprint in(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted November 15, 2024. ; https://doi.org/10.1101/2024.11.14.24317347doi: medRxiv preprint 

NOTE: This preprint reports new research that has not been certified by peer review and should not be used to guide clinical practice.

mailto:ke.li.kl662@yale.edu
https://paperpile.com/c/EGzEmh/5Ie5n
https://doi.org/10.1101/2024.11.14.24317347
http://creativecommons.org/licenses/by-nc-nd/4.0/


100,000 deaths of children under the age of 5 were attributed to RSV globally [2].

Understanding transmission risks is of great importance to reducing the burden of RSV

infections. Different age groups exhibit varying levels of susceptibility to RSV infection [3–7],

which may necessitate age-specific strategies for prevention and control. However, relatively

little is known about the clinical parameters affecting viral load of RSV across different

demographic groups, although this has been shown to affect disease severity and

transmission for other pathogens [8,9]. In this study, we aim to explore the quantitative

relationship between RSV viral load and infectiousness in different age groups.

Mathematical models that depict viral dynamics have been used to study the relationship

between viral load and infectiousness for different pathogens [8,10,11]. These models have

advantages in being able to fit data and estimate important virological parameters. Previous

modeling work utilized RSV viral load data from different experimental settings (e.g., in vitro

and in vivo) to estimate kinetic parameters for RSV infection [12]. However, this work left

room for methodological improvement. The study did not quantify the uncertainty in the

estimated parameters, which limits the ability to draw reliable conclusions on differences

between age groups based solely on point estimates and to examine the implications for

viral transmission.

In this work, we first constructed a mathematical model for the viral load kinetics of RSV

infection. We fitted the model to longitudinal viral kinetic data from 53 individuals across

three age groups simultaneously in a hierarchical Bayesian framework to estimate important

parameters, including viral shedding period and viral growth rate. We then associated viral

load data measured by quantitative reverse transcriptase-polymerase chain reaction (qPCR)

with viral load data measured by viral culture assays to explore the relationship between

total viral load and the number of infectious virus particles during RSV infection. Using this

relationship and a probabilistic model, we further predicted the transmission probability of

RSV infections among pediatric, adult, and elderly age groups.

Results

Dynamics of RSV infection captured by a mathematical model

To explore whether within-host RSV kinetics vary among different age groups, we analyzed

four different sets of longitudinal viral load data from pediatric [13,14], adult [15], and elderly
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groups [12,16] (see Data sources for a detailed data description). In total, viral load data

from 53 individuals were studied (pediatric group: 24; adult group: 7; elderly group: 22). The

data from the pediatric and elderly groups were obtained from observational studies,

whereas data from the adult group were obtained from a human challenge study. Therefore,

the infection time was unknown for the pediatric and elderly individuals and had to be

estimated.

To estimate key parameters of viral kinetics, we fitted the data simultaneously using an

empirical mathematical model (Eq. (1) in Methods) that captures the typical viral dynamics

of acute respiratory infections using a hierarchical Bayesian framework (see Methods for

details). This allows us to estimate the magnitude and timing of the peak viral load, as well

as the rate of growth and decline of the viral load. Based on the median estimates of the

model parameters, we showed that our model could successfully replicate the viral kinetics

observed in the three age groups, capturing both the growth phase, the peak, and the

decline phase of the viral kinetics (black curves, Fig. 1 and Fig. S1-S3). We also randomly

simulated 1000 viral load trajectories based on the joint posterior distribution of the

estimated parameters (gray curves, Fig. 1), all of which closely matched the trend of the

data. For each individual in the pediatric and elderly groups, we also estimated the time of

symptom onset relative to time of infection. This is because the infection time was unknown

for the groups. We found that the time of symptom onset relative to the time of infection was

not notably different between the two age groups, with means of 3.54 days (95% PI: [0.94,

6.60]) and 3.50 days (95% PI: [1, 6.32]) in the pediatric and elderly groups, respectively (Fig.
S4).
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Figure 1. Model fits to viral kinetic data of RSV infections in different age groups. Data are
presented with solid circles, and solid lines are median predictions of viral load. The dashed red lines
indicate the median estimates of the time of symptom onset relative to time of infection for the
pediatric and elderly groups. Note that the median predictions of viral load are calculated using
estimated parameters for each individual. Gray curves are 1000 simulated viral load trajectories
based on the joint posterior distribution. Four individuals from each age group were selected for
presentation; results for all individuals are provided in Fig. S1-S3.

Viral kinetics vary among age groups

Having observed that our model can successfully reproduce the viral kinetics data, we next

examined the differences in model parameters among the age groups. We observed that the

pediatric group exhibited a significantly higher peak viral load ( < 0.01, Wilcoxon Rank-Sum𝑝

Test), with a median of 5.84 (a 95% credible interval (CI): [5.12, 6.80]) log10(plaque-forming

equivalent units/ml) (PFUe/ml), compared to the adult group (median = 4.14, 95% CI: [3.37,

5.01]) and the elderly group (median = 2.96, 95% CI: [2.63, 3.35]) (Fig. 2A). We also

compared the posterior distribution of the variance of peak viral load and found that variance

was largest for the pediatric group (median variance = 1.25 log10 viral copies (Fig. S5A).

This suggests significant heterogeneity in peak viral load within this group, which may be

associated with varying conditions (e.g., previous infections) among different pediatric

individuals. Furthermore, we found no difference in the time to peak viral load among the

adult and elderly groups ( > 0.05, Wilcoxon Rank-Sum Test, Fig. 2B), with the median𝑝
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estimated to be approximately 5 days. In contrast, we observed that the pediatric group had

an early peak time compared to the other age groups with a median of 3.09 (95% CI: [1.55,

5.18]) days. Similarly, we observed comparable growth rates of viral load between the adult

and elderly groups, with medians of 3.21 (95% CI: [2.59, 4.03]) and 3.15 (95% CI: [1.15,

6.27]) log10(PFUe/ml) per day, respectively, while the growth rate was slightly higher in the

pediatric group (median = 2.82, 95% CI: [0.86, 6.63]) (Fig. 2C). The adult group also had the

fastest rate of viral clearance (median = 2.71 (95% CI: [2.09, 3.63]) log10(PFUe/ml) per day),

whereas the pediatric and elderly group had the slower rate of viral clearance, with medians

of 1.01 (95% CI: [0.83, 1.26]) and 0.87 (95% CI: [0.67, 1.18]), respectively (Fig. 2D). We did

not observe significant heterogeneity within each age group, nor a significant difference in

variance between age groups for these parameters (Fig. S5B-D).

We hypothesized that the significant differences in peak viral load among the groups could

depend upon the initial viral load (i.e., viral load at infection time ). Based on the𝑡 = 0

posterior samples, we calculated the initial viral load for each group and found that the

pediatric group had the highest initial values compared to the other groups, while no

difference was observed between the elderly and adult groups (Fig. S6). We further looked

into and calculated the initial viral load based on estimated individual-level heterogeneity and

found that among the infected individuals, pediatric individuals had higher initial viral load

compared to the individuals in other age groups (Fig. S7). This suggests that the high peak

viral load in the pediatric group is related to higher initial viral load, whereas the higher peak

viral load in the adult group compared to the elderly group appears to be due to a faster

growth rate (Fig. 2C).
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Figure 2. Posterior distributions of key model parameters. 12,500 samples are drawn from the
population-level posterior distributions of (A) peak viral load (log10 PFUe/ml), (B) time to peak viral
load (days), (C) the growth rate of viral load (log10 PFUe/ml/day), and (D) the decline rate of viral load
(log10 PFUe/ml/day) in the three age groups. Dashed lines indicated the median value of the
posterior distributions.

Comparison of viral shedding periods measured by qPCR and cell culture

methods

Having revealed the difference of viral kinetics among age groups, we next sought to explore

how within-host dynamics relate to viral transmission at the population level. To do this, we

applied a probabilistic model from [8] to describe various steps in viral transmission, from

within-host viral shedding in an infector to the establishment of infection in a recipient. Here,

infectiousness is defined as the probability that an infector produces one or more infectious

viral particles and transmits them to a recipient, leading to a successful infection.

We first quantified the relationship between the number of infectious viruses and the

measured total viral load using quantitative reverse transcriptase-polymerase chain reaction

(qPCR). By utilizing the data from human challenge studies [15,17] (see Data sources), we

found that saturation models (Fig. 3A and 3B) best described the relationship compared to

linear or power-law models (Fig. S8), showing that the level of infectious viruses, measured

by a culture technique, increases sublinearly with increases in total viral load measured by

qPCR. Notice that the range of qPCR values differs between the studies because the

detection limits are different.
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Based on the relationship between the total viral load measured by qPCR and the level of

infectious viruses, we then predicted the expected viral shedding period for each age group

using the two measurements. If we set the limit of detection to PFUe/ml of viral load101

measured by qPCR, then the pediatric group had the longest expected shedding period with

a median of 14.7 days, compared to the adult group (median = 5.3 days) and the elderly

group (median = 7.8 days) (Fig. 3C). The duration of expected RSV shedding decreased

when the viral load was measured by viral culture with the limit of detection of PFU/ml.101

The limit of detection was set based on [15]. We observed that the median estimates of the

duration were 12.1 days, 3.7 days, and 4.1 days for the three age groups, respectively.

Figure 3. The characterization of the relationship between the viral concentration measured by
qPCR and viral culture. The best fit of using a saturation model (in a form of

, where is the viral load measured by qPCR) to the data from (A) [17],𝑞𝐶𝑢𝑙𝑡𝑢𝑟𝑒(𝑡) = 𝑉
𝑚

𝑉(𝑡)𝑛

𝑉(𝑡)𝑛+𝑉
𝐶

𝑛 𝑉(𝑡)

6.59 log10(PFU/ml), 3.91, 5.39 log10(PFUe/ml) and (B) [15], 6.78 log10𝑉
𝑚

= 𝑛 = 𝑉
𝐶

= 𝑉
𝑚

=
(TCID50/ml), 3, 3.64 log10(PFUe/ml). Black circles are data points. Mean predictions are𝑛 = 𝑉

𝐶
=

given by the red curves, and the shaded areas indicate a 95% confidence interval. 12,500 samples
are drawn from the population-level posterior distribution to calculate (C) viral shedding period (in
days) (defined as the duration when viral load (measured by qPCR or viral culture) is above 10
PFUe/ml or PFU/ml) for different age groups.

Modeling transmission potential of RSV infection in different age groups

Following the characterization of the relationship between infectious virus and total viral load,

we next modeled the probability of establishing an infection in a recipient (see Fig. S9 for an

illustrative diagram). Similar to the probabilistic model described in [8], we assumed that the
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number of infectious virions shed by an infector at time during the shedding period is .𝑡 𝑣(𝑡)

On average, the number of infectious viruses reaching a recipient during a contact at time 𝑡

is a random variable that is Poisson distributed with mean , such that𝑋
𝑣

𝑣(𝑡)

. We further assumed that each viral particle shed by an infected𝑋
𝑣
(𝑡)~ 𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝑣(𝑡))

individual has a probability to establish infection in a recipient during a household contact.𝑝
𝑣 

Taken together, the distribution of viruses that reach and establish an infection in a𝑋
𝑣

recipient at time follows a Poisson distribution with mean and variance𝑡

, where the parameter accounts for the number ofλ
𝑣
(𝑡) = 𝑝

𝑣
𝑣(𝑡) = 𝑝

𝑣
ξ𝑉

𝑚
𝑉(𝑡)𝑛

𝑉(𝑡)𝑛+𝑉
𝐶

𝑛 ξ

infectious particles derived from the measured viral concentration (i.e., PFU/ml). We

assumed varies among age groups to reflect the differences in lung capacity, which couldξ

affect the production and spread of respiratory droplets.

We computed the probability of a single infectious virus establishing infection ( ) based on𝑝
𝑣

empirical estimates of the secondary attack rate (SAR) from RSV household transmission

studies [18–20]. The probability of a contact in a household becoming infected during the

viral shedding period ( ) can be expressed as (see Methods𝑃
𝑖𝑛𝑓

𝑃
𝑖𝑛𝑓

=  1 −
𝑡 
∏(1 − 𝑝

𝑣
)

𝑋
𝑣
(𝑡)

for details). Taking into account the cumulative viral load during the viral shedding period

(Eq. (2) in Methods), we calculated  based on the SAR for pediatric individuals (Table 1).𝑝
𝑣

We calibrated to account for the difference in respiratory droplets spread between pediatricξ

individuals and other groups, based on the SAR for the adult group from [18]. By comparing

the predicted SAR with the empirical estimates, we found that the predicted SAR in the adult

group was comparable to the empirical estimates from [19], but it was underestimated when

compared with the SARs from [20]. This discrepancy may be due to the small sample size.
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Table 1. Estimates of infection probability and secondary attack rates. The secondary attack rate
pediatric individuals (1-4 years old) were used to compute the infection probability for each study. The
parameter was calibrated only based on the median estimates of and the SAR in the adult groupξ 𝑝

𝑣
from [18] (median = 4.57 with a 95% PI [2.03, 23.36]). Using the median estimates of , the SARs forξ
the adult group (15-49 years old) in [19] and in (17-45 years old) [20] were computed. The SARs for
the elderly group (>65 years old) were not available. ^The 95% confidence interval (CI) was estimated
using EPITOOLS.

Household
RSV
transmission
studies

Reference
SARs in the
pediatric
group (n/N)

(estimated𝑝
𝑣
 

based on the SAR
for pediatric
individuals)

SAR (%) in the adult group SAR (%) in the elderly group

Prediction:
median [95%

PI interval]

Reference:
[95% CI
interval]^

Prediction:
median [95%

PI interval]

Reference:
[95% CI
interval]

Cohen et al.
[18] 31/225

0.83 [0.55 1.64]
( )× 10−2 Not estimated

6.7
[4.0, 10.9] Not estimated 0

Munywoki et
al. [19]  51/114

3.27 [2.16, 6.41]
( )× 10−2

24.2
[8.28, 41.4]

16.7
[10.8, 24.8]

2.53
[0, 8.44] NA

Hall et al.
[20]

7/26 1.3 [0.9, 2.5]
( )× 10−2

13.6
[2.83, 28.8]

33
[16.3, 56.2]

1.56
[0, 4.56] NA

We then simulated 12,500 viral load trajectories using posterior samples and predicted the

probability of transmission during infection in different age groups, given the median

estimates of infection probabilities from [18] (Fig. 4A). The probability of one or more viruses

successfully transmitting from an infector and establishing an infection in a recipient during a

contact at time is given by . We found that the pediatric group𝑡 𝑝(𝑡) = 1 − 𝑒𝑥𝑝(− λ
𝑣
(𝑡))

exhibited the highest predicted transmission probabilities throughout the infections compared

to the other two groups. Compared to the elderly group, the adult group had a higher

predicted probability of transmission during infections. This was due to the higher viral load

in the adult group. In addition, we predicted that the highest transmission would occur during

the time of symptom onset in the pediatric group (shaded areas in Fig. 4A). Note that the

results showed the expected difference in probability of infection that would be expected

from different viral loads by age groups. We also observed qualitatively similar results given

the median estimates of infection probability from [19,20] (Fig. S10). We also showed that

the rate of presymptomatic transmissions (Eq. (4) in Methods) was low in the pediatric and

elderly groups (Fig. 4B). The median value of the predicted fractions of presymptomatic

transmissions was 2.6% (95% PI: [0, 81.9%]) in the pediatric group, whereas a median value

of 7.26% (95%PI: [0, 47.5%]) of presymptomatic transmissions occurred in the elderly group.
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We did not calculate the fractions for the adult group, as the time of symptom onset was not

estimated for this group.

Figure 4. Probability of transmission and predicted presymptomatic fractions in different age
groups. (A) 12,500 population-level samples are drawn from the posterior distribution to calculate the
probability of transmission as time-series in different age groups, given the median estimates of
infection probability from [18–20]. Dashed lines indicate the median trajectory, and shaded areas
indicate estimated incubation period in the pediatric and elderly group. (B) The percentage of
presymptomatic transmissions for the pediatric group and the elderly group based on the 12,500
population-level posterior samples.

Discussion

In this study, we applied a mathematical model to describe the within-host viral kinetics of

RSV infections among individuals from pediatric, adult, and elderly age groups. We

estimated viral kinetic parameters in a hierarchical Bayesian framework. The statistical

method allowed us to account for and explain underlying heterogeneity in the viral load data

at both the population and individual levels, providing robust estimates of viral kinetics

parameters across the different age groups. We derived posterior distributions for key

parameters such as the peak viral load, growth rate, and clearance rate, which were then

used to assess differences in viral dynamics among different age groups. Our analysis

revealed and quantified distinct patterns in viral load trajectories, with the pediatric group
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exhibiting a higher initial and peak viral load compared to the adult and elderly groups, and

this was supported by a prospective cohort study [21] and others [22–24]. In contrast, elderly

individuals had the lowest peak viral loads during infection but also exhibited the slowest

viral clearance rates, suggesting a reduced ability to mount an effective immune response to

RSV [25–27]. Based on the viral load data, we also estimated the incubation period in the

pediatric and elderly groups and found no difference between them, with medians of 3.95

and 3.41 days, respectively. This differs from studies estimating the incubation period of RSV

at 4.4 days (95% confidence interval: [3.9-4.9]) [28] and reporting a range of 2 to 8 days

depending on age [29]. The variations could be attributed to different estimation methods.

While qPCR provides a measure of the total viral load [30], including both infectious and

non-infectious particles, viral culture specifically quantifies the infectious viral particles [31].

Characterization of the relationship between the two measurements is crucial for

understanding the progression of viral production and viral transmission. We examined the

relationship between the level of infectious viruses and total viral load, measured by viral

culture and qPCR, respectively, during RSV infection. This was achieved by fitting different

forms of mathematical model to both viral load data. We found that the number of infectious

virions followed a sublinear increase with total viral load. A similar finding was reported in a

recent SARS-CoV-2 study [8]. In our study, the relationship between infectious virus and

total viral load was derived based on human challenge studies in adult volunteers and may

be different for other age groups. Future clinical studies should measure both total and

infectious viral loads across various age groups.

Quantifying the infectious period and the duration of viral shedding are important for future

models to understand RSV transmission. A strength of our study is the ability to estimate

and compare the duration of RSV shedding using two different measurements of viral load,

qPCR and viral culture. Our presented durations of RSV shedding are comparable to a

recently published estimate of 11.3 days for the pediatric group (i.e., age <1 year old), 5.5

days for the adult group (i.e., age 13-64 years old), and 7.2 days for the elderly group (i.e.,

age >65 years old) [18]. We also found that the estimates of RSV shedding were longer

when using qPCR compared to viral culture, although the pediatric group had the longest

shedding duration irrespective of different methods of measurement. If we set the limit of

detection to 10 PFU/ml based on [15], we noted that the estimated duration of viral shedding

in the adult and elderly groups was largely reduced when changing the measurement

method from qPCR to viral culture, implying less infectious viruses were produced in elderly

individuals.
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Estimating the secondary attack rate (SAR) is important for understanding RSV

transmissibility and informing effective public health interventions. Previous household

transmission studies have shown that SAR differs by age group [18–20], indicating that the

risk of RSV transmission varies across different age groups. Our study demonstrated that

viral load data could provide additional insights for understanding differences in RSV

transmission. We computed the SARs based on the longitudinal viral load data for different

age groups through rigorous mathematical and statistical formulations, and our results are

comparable with empirical estimates. This validates our assumption that age-specific viral

kinetics contribute to the difference in transmission risks across different age groups. Our

study also suggests that combining viral load kinetic data with observational data may help

more accurate estimation of SARs. Observed SARs might be biased because they attribute

all "secondary" cases among household members to the first symptomatic individual (i.e.,

the index case) and do not account for the additional risk of infection from external sources

or other infected household members. Keeping a record of viral kinetic data could help

differentiate between infections caused by the index case and those resulting from external

sources or other household members, providing a better estimation of SARs.

By constructing a probabilistic model capturing viral transmission and infection from infectors

to recipients, our model predicted that pediatric individuals would show the highest

transmission potential during their infection due to expected higher viral load, while adults

and elderly individuals would have a lower transmission probability. This implies that children

play a significant role in the spread of RSV, as also suggested by other epidemiological

studies [18,32,33]. Here, the probability of transmission reflects only the infectiousness of an

individual based on the predicted viral load and does not account for the frequency of

contacts. Assuming that children can have more frequent contacts than those in other age

groups, the transmission probability may be even higher in the pediatric group [34,35].

Recognizing and addressing presymptomatic transmission is crucial for effective disease

control and prevention efforts [36]. We predicted that the rate of presymptomatic

transmission was low in both children and elderly individuals. Compared to SARS-CoV-2

infections, where presymptomatic transmission accounted for a considerable portion of

COVID-19 spread [37], we estimated here that RSV transmission is primarily driven by

symptomatic individuals in the pediatric age group. We hypothesize that this is because RSV

is more likely to cause lower respiratory tract infection in children [38], and infected

individuals tend to have more severe symptoms while transmitting the virus.
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There are limitations to our study. First, study settings were different in the adult group

compared to the other two groups, as the adult group involved a human challenge study. In

the experimental challenge study, individuals may be inoculated with higher doses than

those experienced in natural infections, thereby influencing overall viral kinetics. Thus, the

model estimates were less comparable in the adult group compared to the pediatric and

elderly groups. Also note that we could not account for the lack of standardization of qPCRs

between different studies, and the absolute qPCR values may not be comparable across

age groups. Nevertheless, the viral load data for pediatric individuals, although obtained

from two different studies, was determined using the same plaque assay method [39].

Second, we acknowledge that fewer data points were collected during the viral load growth

period compared to the viral decay period among most individuals in the pediatric and

elderly groups. This explains the large credible intervals for the estimated viral growth rate

for the pediatric and elderly groups. Further work may be needed to extend our analysis to

other datasets with more data points. We also note that we only were able to identify viral

load data from 53 individuals, and additional data may be needed to draw more robust

conclusions. In addition, the virological data were collected from pediatric and elderly

patients who presented at hospitals and were likely to have more severe illnesses.

Therefore, this could affect parameter estimates, considering the correlation between viral

load and clinical symptoms [17].

Overall, our study defines viral load dynamics of RSV infections and highlights the

importance of viral load dynamic data, measured by both qPCR and viral culture, in

understanding RSV infections within different demographic groups. We argue that viral

kinetic data provides insights into disease progression in natural settings, with potential to

improve understanding of the spread of RSV and to test the effectiveness of clinical

interventions such as antiviral therapeutics. Our model can be extended to study when and

how to intervene in viral replication, particularly in children and elderly individuals, and to

evaluate disease outcomes. Given the high viral loads in pediatric patients, early clinical

interventions could reduce viral replication and transmission potential. Our work also

establishes a mathematical framework to better understand the transmission potential of

RSV infections among different age groups by utilizing individual-level viral load kinetic data.

This approach enhances our comprehension of RSV transmission dynamics and improves

the accuracy of epidemiological models. In the future, our work could be used to inform a

multiscale mathematical model that combines within-host virological data and

population-level incidence information, incorporating transmission heterogeneity at the group

level, to predict RSV transmission and to inform and evaluate public health interventions.
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Methods

Data sources

We conducted a review of literature, searching for viral load kinetic data by using keywords

such as “RSV infection”, “longitudinal data”, “viral load”, “RSV human challenge study” and

“RSV viral dynamics”. We filtered for studies with viral load kinetic data that included more

than two data points for each individual. We analyzed four different sets of longitudinal viral

load data from pediatric [13,14], adult [15], and elderly groups [16]. The in vivo viral load

kinetic data were extracted using WebPlotDigitizer (version 5).

For the pediatric group, previously healthy children aged under 2 years were prospectively

enrolled if they had RSV detected from respiratory secretions within the past 48 hours. Nasal

aspirates were obtained quantitatively at enrollment using a standardized technique [39]. A

reverse transcriptase–PCR was performed on cultured patient RSV isolates grown in HEp-2

cells.

For the adult group [15], healthy adults, ages 21 to 50 years, were inoculated with RSV A2.

Infection was established by nasal inoculation of virus at a dose of 50% tissue culture10 4.7 

infective doses (TCID50). Subjects underwent nasal washes on day 0 (prior to challenge),

days 1 through 12, and day 28 postinfection. Quantitative RT-PCR was performed on all

samples.

For the elderly group [16], we analyzed the viral load data of patients aged greater than 65

years who presented with influenza-like symptoms at the hospital. Viral titer measurements

were taken on the day patients presented with symptoms and for several days after. RSV

infection was diagnosed using real-time RT-PCR performed on initial nasal swab and

sputum specimens.

To quantify the relationship between the number of infectious viruses and the measured total

viral load using quantitative reverse transcriptase-polymerase chain reaction (qPCR), we

utilized data comparing a qPCR assay with a culture technique to quantitatively assess viral

load in adults challenged with RSV [15,17]. In total, we extracted viral load data, measured

by both qPCR and viral culture assays, from 53 volunteers for further analysis. We examined

and fitted different models to the data describing the relationship between viral load

measurements obtained from qPCR and viral culture.
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Mathematical model

We used an empirical mathematical model describing viral kinetics for parameter inference

[40]. The model is given by:

(1)𝑉(𝑡) =  
2𝑉

𝑝

𝑒𝑥𝑝[−λ
𝑔 

(𝑡 + 𝑡
𝑖𝑛𝑐𝑢𝑏

−𝑡
𝑝
)]+𝑒𝑥𝑝[λ

𝑑 
(𝑡 + 𝑡

𝑖𝑛𝑐𝑢𝑏
−𝑡

𝑝
)]

There are five parameters in this model: represents the peak viral load, and and are𝑉
𝑝

λ
𝑔 

λ
𝑑

the growth and decay rate of viral load, respectively; represents incubation time for the𝑡
𝑖𝑛𝑐𝑢𝑏

pediatric and elderly group (data from observation studies), and we assume 0 for the𝑡
𝑖𝑛𝑐𝑢𝑏

=

adult group (data from a human challenge study); is the time when viral load reaches a𝑡
𝑝

peak. Note that the model does not capture any underlying biological mechanisms

underpinning viral infection, such as the host immune response, and therefore cannot be

used to characterize every aspect of in vivo viral kinetics individually. Regardless, the model

can provide insights into important and measurable characteristics of in vivo viral dynamic

curves [41]. For example, the decay rate of viral load ( ) implicitly includes the effects of theλ
𝑑

immune response, indicating the average rate at which viral load decreases during the

infection.

Statistical inference

We applied a hierarchical Bayesian inference method to fit the mathematical model (Eq. (1))
to the virological data from the 53 individuals simultaneously. Here, five parameters were

estimated (the parameter space: ( , , , , )) at both the age-group (i.e. study)Φ = 𝑉
𝑝

λ
𝑔

λ
𝑑

𝑡
𝑖𝑛𝑐𝑢𝑏

𝑡
𝑝

and the individual levels. For each individual in age group , the parameter space𝑖 𝑎 Φ
𝑖,𝑎

represented the individual-level parameters, and the predicted viral load values were given

by , where was Eq. (1) and represented measurement errors for𝑉
𝑖,𝑎

(𝑡) = 𝑓(Φ
𝑖,𝑎

) + ϵ
𝑖,𝑎

 𝑓 ϵ
𝑖,𝑎

the individual in age group . The prior on the measurement error parameter was assumed𝑖 𝑎

to be normally distributed with mean 0 and variance 1. As we fitted the viral load data on a

log10 scale, it was reasonable to set the variance to 1 log10 PFUe/ml. The individual-level

parameters within the same age group were assumed to be drawn from age-specific

distributions. For example, samples of peak viral load for each individual in age group𝑖 𝑎

were drawn from a normal distribution, where and were the𝑉
𝑝,𝑖,𝑎

~ 𝑁(µ
𝑣𝑝,𝑎

,  σ2
𝑣𝑝,𝑎

) µ
𝑣𝑝,𝑎

σ2
𝑣𝑝,𝑎

mean and variance of the peak viral load for age group , respectively. Other parameters𝑎
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were modeled similarly. The age group-level parameters, for instance, and wereµ
𝑣𝑝,𝑎

σ2
𝑣𝑝,𝑎

given hyperpriors to reflect our prior beliefs about their values, and we assumed the same

priors of each parameter for all age groups. Here, we assumed weakly informative priors

(e.g., a distribution with large variance) for the mean of each group-level parameter. Based

on previous estimates [12] and observational studies [28], we set ,µ
𝑣𝑝,𝑎

 ~ 𝑁(0, 3)

, , and . The variance of theµ
𝑡𝑝,𝑎

 ~ 𝑁(0, 3) µ
𝑡_𝑖𝑛𝑐𝑢𝑏,𝑎

 ~ 𝑁(0, 3) µ
λ𝑔,𝑎

 ~ 𝑁(1, 3) µ
λ𝑑,𝑎

 ~ 𝑁(1, 3)

distribution was 3, indicating that approximately 95% of the data falls within two standard

deviations of the mean value (e.g., 3.5 log10 PFUe/ml), which is reasonably large±

considering that the viral load of RSV kinetics ranged between 2 to 8 log PFUe/ml across

different age groups. The variances of the group-level parameters were also weakly

informative, such that all variances were assumed to follow a Cauchy distribution centered at

0 with a scale parameter of 2, indicating a variation of 2 log10 PFUe/ml.

Model fitting was performed in R (version 4.0.2) and Stan (Rstan 2.21.0). Samples were

drawn from the joint posterior distribution of the model parameters using Hamiltonian Monte

Carlo (HMC) optimized by the No-U-Turn Sampler (NUTS) (see [42] for details). In particular,

we used five chains with different starting points and ran 5,000 iterations for each chain. The

first 2,500 iterations were discarded as burn-in, and we retained 12,500 samples in total from

the five chains.

Estimation of infection probability

To estimate the probability of infectious virus establishing infection ( ), we first defined𝑝
𝑣

𝑃
𝑖𝑛𝑓

as the probability of one or more virions successfully establishing an infection in a recipient

during viral shedding periods. The probability of a contact becoming infected during the viral

shedding period ( ) is a function of the probability that a single viral particle infects the𝑃
𝑖𝑛𝑓

contact and the number of viral particles per time point during the infection

. We computed the area under the viral load curve ( ) during𝑃
𝑖𝑛𝑓

=  1 −
𝑡 
∏(1 − 𝑝

𝑣
)

𝑋
𝑣
(𝑡)

𝐴𝑈𝐶
𝑉

shedding periods (i.e., the cumulative viral load during viral shedding periods) based on the

12,500 population-level posterior samples for each age group. The value is given by

(2)𝐴𝑈𝐶
𝑉

=
𝑡
∑ 𝑋

𝑣
(𝑡) =

𝑡1

𝑡2

∫ 𝑉(𝑡)𝑑𝑡,
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where and define the start and the end of shedding periods. We then estimated by𝑡1 𝑡2 𝑝
𝑣

assuming that is equal to the empirical estimate of the secondary attack rate (SAR) from𝑃
𝑖𝑛𝑓

household transmission studies based on the SAR for pediatric index cases [18–20].

To validate the hypothesis that differences in the viral kinetics between age groups can

explain differences in the risk of transmission, we then calculated for the adult and𝑃
𝑖𝑛𝑓

elderly age groups based on the estimated value of for the pediatric age group and the𝑝
𝑣

values of estimated from the viral kinetic data. However, to account for differences in𝐴𝑈𝐶
𝑉

respiratory droplet spread between pediatric individuals and other groups, we estimated an

additional parameter based on the SAR for the adult group from one study [18]. Based onξ

the equation , we calculate the parameter , where is the𝑆𝐴𝑅
 𝑎𝑑𝑢𝑙𝑡 

= 1 −
𝑡 
∏(1 − 𝑝

𝑣
)

ξ𝑋
𝑣
(𝑡)

ξ 𝑝
𝑣

median estimate based on SAR for pediatric individuals. We then used this value of andξ

the study-specific value of to predict the SAR for adult and elderly index cases in the other𝑝
𝑣

two studies [19,20].

Model prediction

Based on the estimated posterior samples, we predicted the fraction of presymptomatic

transmission based on the formula:

% presymptomatic transmissions , (4)=
𝑡1

𝑡
𝑖𝑛𝑐𝑢𝑏

∫ 𝑉(𝑡)𝑑𝑡 / 
𝑡1

𝑡2

∫ 𝑉(𝑡)𝑑𝑡

where and define the start and end of the shedding period, and is the estimated𝑡1 𝑡2 𝑡
𝑖𝑛𝑐𝑢𝑏

incubation period. represents the predicted viral load time-series given by the posterior𝑉(𝑡)

samples. The area under the viral load curve was calculated using trapz function in R

(version 4.0.2). The method was also used in [8].

Acknowledgments

This work was supported by a grant from the National Institutes of Health (R01AI137093).

The content is solely the responsibility of the authors and does not necessarily represent the

official views of the National Institutes of Health.

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
perpetuity. 

 is the author/funder, who has granted medRxiv a license to display the preprint in(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted November 15, 2024. ; https://doi.org/10.1101/2024.11.14.24317347doi: medRxiv preprint 

https://paperpile.com/c/EGzEmh/AjVyp+asIki+vCWJZ
https://paperpile.com/c/EGzEmh/AjVyp
https://paperpile.com/c/EGzEmh/asIki+vCWJZ
https://paperpile.com/c/EGzEmh/jTYv8
https://doi.org/10.1101/2024.11.14.24317347
http://creativecommons.org/licenses/by-nc-nd/4.0/


Competing interest statement

DMW has received consulting fees from Pfizer, Merck, and GSK, unrelated to this

manuscript, and has been PI on research grants from Pfizer and Merck to Yale, unrelated to

this manuscript. The other authors declare no competing interests.

Data and code availability

We used the R statistical software (v4.0.2) for all statistical analyses and visualization. Data

and code used in this study are publicly available on Github:

https://github.com/keli5734/RSV_Viral_Dynamics_Study

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
perpetuity. 

 is the author/funder, who has granted medRxiv a license to display the preprint in(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted November 15, 2024. ; https://doi.org/10.1101/2024.11.14.24317347doi: medRxiv preprint 

https://doi.org/10.1101/2024.11.14.24317347
http://creativecommons.org/licenses/by-nc-nd/4.0/


References

1. Tin Tin Htar M, Yerramalla MS, Moïsi JC, Swerdlow DL. The burden of respiratory
syncytial virus in adults: a systematic review and meta-analysis. Epidemiol Infect 2020;
148:e48.

2. Li Y, Wang X, Blau DM, et al. Global, regional, and national disease burden estimates of
acute lower respiratory infections due to respiratory syncytial virus in children younger
than 5 years in 2019: a systematic analysis. Lancet 2022; 399:2047–2064.

3. Goldstein E, Nguyen HH, Liu P, et al. On the Relative Role of Different Age Groups
During Epidemics Associated With Respiratory Syncytial Virus. J Infect Dis 2018;
217:238–244.

4. Suleiman-Martos N, Caballero-Vázquez A, Gómez-Urquiza JL, Albendín-García L,
Romero-Béjar JL, Cañadas-De la Fuente GA. Prevalence and Risk Factors of
Respiratory Syncytial Virus in Children under 5 Years of Age in the WHO European
Region: A Systematic Review and Meta-Analysis. J Pers Med 2021; 11. Available at:
http://dx.doi.org/10.3390/jpm11050416.

5. Cong B, Dighero I, Zhang T, Chung A, Nair H, Li Y. Understanding the age spectrum of
respiratory syncytial virus associated hospitalisation and mortality burden based on
statistical modelling methods: a systematic analysis. BMC Med 2023; 21:224.

6. Ueno F, Tamaki R, Saito M, et al. Age-specific incidence rates and risk factors for
respiratory syncytial virus-associated lower respiratory tract illness in cohort children
under 5 years old in the Philippines. Influenza Other Respi Viruses 2019; 13:339–353.

7. Colosia AD, Yang J, Hillson E, et al. The epidemiology of medically attended respiratory
syncytial virus in older adults in the United States: A systematic review. PLoS One 2017;
12:e0182321.

8. Ke R, Zitzmann C, Ho DD, Ribeiro RM, Perelson AS. In vivo kinetics of SARS-CoV-2
infection and its relationship with a person’s infectiousness. Proc Natl Acad Sci U S A
2021; 118. Available at: http://dx.doi.org/10.1073/pnas.2111477118.

9. Blaser N, Wettstein C, Estill J, et al. Impact of viral load and the duration of primary
infection on HIV transmission: systematic review and meta-analysis. AIDS 2014;
28:1021–1029.

10. Marc A, Kerioui M, Blanquart F, et al. Quantifying the relationship between SARS-CoV-2
viral load and infectiousness. Elife 2021; 10. Available at:
http://dx.doi.org/10.7554/eLife.69302.

11. Otomaru H, Sornillo JBT, Kamigaki T, et al. Risk of Transmission and Viral Shedding
From the Time of Infection for Respiratory Syncytial Virus in Households. Am J
Epidemiol 2021; 190:2536–2543.

12. González-Parra G, Dobrovolny HM. A quantitative assessment of dynamical differences
of RSV infections in vitro and in vivo. Virology 2018; 523:129–139.

13. El Saleeby CM, Bush AJ, Harrison LM, Aitken JA, Devincenzo JP. Respiratory syncytial
virus load, viral dynamics, and disease severity in previously healthy naturally infected
children. J Infect Dis 2011; 204:996–1002.

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
perpetuity. 

 is the author/funder, who has granted medRxiv a license to display the preprint in(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted November 15, 2024. ; https://doi.org/10.1101/2024.11.14.24317347doi: medRxiv preprint 

http://paperpile.com/b/EGzEmh/5Ie5n
http://paperpile.com/b/EGzEmh/5Ie5n
http://paperpile.com/b/EGzEmh/5Ie5n
http://paperpile.com/b/EGzEmh/q2agG
http://paperpile.com/b/EGzEmh/q2agG
http://paperpile.com/b/EGzEmh/q2agG
http://paperpile.com/b/EGzEmh/jB3Q3
http://paperpile.com/b/EGzEmh/jB3Q3
http://paperpile.com/b/EGzEmh/jB3Q3
http://paperpile.com/b/EGzEmh/eTXFx
http://paperpile.com/b/EGzEmh/eTXFx
http://paperpile.com/b/EGzEmh/eTXFx
http://paperpile.com/b/EGzEmh/eTXFx
http://dx.doi.org/10.3390/jpm11050416
http://paperpile.com/b/EGzEmh/eTXFx
http://paperpile.com/b/EGzEmh/h2TQo
http://paperpile.com/b/EGzEmh/h2TQo
http://paperpile.com/b/EGzEmh/h2TQo
http://paperpile.com/b/EGzEmh/OtZfV
http://paperpile.com/b/EGzEmh/OtZfV
http://paperpile.com/b/EGzEmh/OtZfV
http://paperpile.com/b/EGzEmh/ysoqC
http://paperpile.com/b/EGzEmh/ysoqC
http://paperpile.com/b/EGzEmh/ysoqC
http://paperpile.com/b/EGzEmh/jTYv8
http://paperpile.com/b/EGzEmh/jTYv8
http://paperpile.com/b/EGzEmh/jTYv8
http://dx.doi.org/10.1073/pnas.2111477118
http://paperpile.com/b/EGzEmh/jTYv8
http://paperpile.com/b/EGzEmh/ilehF
http://paperpile.com/b/EGzEmh/ilehF
http://paperpile.com/b/EGzEmh/ilehF
http://paperpile.com/b/EGzEmh/95Aa6
http://paperpile.com/b/EGzEmh/95Aa6
http://dx.doi.org/10.7554/eLife.69302
http://paperpile.com/b/EGzEmh/95Aa6
http://paperpile.com/b/EGzEmh/d8DAA
http://paperpile.com/b/EGzEmh/d8DAA
http://paperpile.com/b/EGzEmh/d8DAA
http://paperpile.com/b/EGzEmh/KwjWL
http://paperpile.com/b/EGzEmh/KwjWL
http://paperpile.com/b/EGzEmh/rkrYC
http://paperpile.com/b/EGzEmh/rkrYC
http://paperpile.com/b/EGzEmh/rkrYC
https://doi.org/10.1101/2024.11.14.24317347
http://creativecommons.org/licenses/by-nc-nd/4.0/


14. Brint ME, Hughes JM, Shah A, et al. Prolonged viral replication and longitudinal viral
dynamic differences among respiratory syncytial virus infected infants. Pediatr Res
2017; 82:872–880.

15. Falsey AR, Formica MA, Treanor JJ, Walsh EE. Comparison of quantitative reverse
transcription-PCR to viral culture for assessment of respiratory syncytial virus shedding.
J Clin Microbiol 2003; 41:4160–4165.

16. Walsh EE, Peterson DR, Kalkanoglu AE, Lee FE-H, Falsey AR. Viral shedding and
immune responses to respiratory syncytial virus infection in older adults. J Infect Dis
2013; 207:1424–1432.

17. DeVincenzo JP, Wilkinson T, Vaishnaw A, et al. Viral load drives disease in humans
experimentally infected with respiratory syncytial virus. Am J Respir Crit Care Med 2010;
182:1305–1314.

18. Cohen C, Kleynhans J, Moyes J, et al. Incidence and transmission of respiratory
syncytial virus in urban and rural South Africa, 2017-2018. Nat Commun 2024; 15:116.

19. Munywoki PK. Transmission of respiratory syncytial virus in households: who acquires
infection from whom? Open University (United Kingdom), 2013.

20. Hall CB, Geiman JM, Biggar R, Kotok DI, Hogan PM, Douglas GR Jr. Respiratory
syncytial virus infections within families. N Engl J Med 1976; 294:414–419.

21. Munywoki PK, Koech DC, Agoti CN, et al. Influence of age, severity of infection, and
co-infection on the duration of respiratory syncytial virus (RSV) shedding. Epidemiol
Infect 2015; 143:804–812.

22. Anderson NW, Binnicker MJ, Harris DM, et al. Morbidity and mortality among patients
with respiratory syncytial virus infection: a 2-year retrospective review. Diagn Microbiol
Infect Dis 2016; 85:367–371.

23. Borchers AT, Chang C, Gershwin ME, Gershwin LJ. Respiratory syncytial virus--a
comprehensive review. Clin Rev Allergy Immunol 2013; 45:331–379.

24. Uusitupa E, Waris M, Heikkinen T. Association of Viral Load With Disease Severity in
Outpatient Children With Respiratory Syncytial Virus Infection. J Infect Dis 2020;
222:298–304.

25. Respiratory Syncytial Virus—Specific CD8+ Memory T Cell Responses in Elderly
Persons. Available at:
https://academic.oup.com/jid/article-abstract/191/10/1710/790155.

26. Looney RJ, Falsey AR, Walsh E, Campbell D. Effect of aging on cytokine production in
response to respiratory syncytial virus infection. J Infect Dis 2002; 185:682–685.

27. Cherukuri A, Patton K, Gasser RA Jr, et al. Adults 65 years old and older have reduced
numbers of functional memory T cells to respiratory syncytial virus fusion protein. Clin
Vaccine Immunol 2013; 20:239–247.

28. Lessler J, Reich NG, Brookmeyer R, Perl TM, Nelson KE, Cummings DAT. Incubation
periods of acute respiratory viral infections: a systematic review. Lancet Infect Dis 2009;
9:291–300.

29. Jain H, Schweitzer JW, Justice NA. Respiratory Syncytial Virus Infection in Children.
StatPearls Publishing, 2023.

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
perpetuity. 

 is the author/funder, who has granted medRxiv a license to display the preprint in(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted November 15, 2024. ; https://doi.org/10.1101/2024.11.14.24317347doi: medRxiv preprint 

http://paperpile.com/b/EGzEmh/UzaGS
http://paperpile.com/b/EGzEmh/UzaGS
http://paperpile.com/b/EGzEmh/UzaGS
http://paperpile.com/b/EGzEmh/xKsDa
http://paperpile.com/b/EGzEmh/xKsDa
http://paperpile.com/b/EGzEmh/xKsDa
http://paperpile.com/b/EGzEmh/0dQsC
http://paperpile.com/b/EGzEmh/0dQsC
http://paperpile.com/b/EGzEmh/0dQsC
http://paperpile.com/b/EGzEmh/g3gjF
http://paperpile.com/b/EGzEmh/g3gjF
http://paperpile.com/b/EGzEmh/g3gjF
http://paperpile.com/b/EGzEmh/AjVyp
http://paperpile.com/b/EGzEmh/AjVyp
http://paperpile.com/b/EGzEmh/asIki
http://paperpile.com/b/EGzEmh/asIki
http://paperpile.com/b/EGzEmh/vCWJZ
http://paperpile.com/b/EGzEmh/vCWJZ
http://paperpile.com/b/EGzEmh/6kmOx
http://paperpile.com/b/EGzEmh/6kmOx
http://paperpile.com/b/EGzEmh/6kmOx
http://paperpile.com/b/EGzEmh/evNmt
http://paperpile.com/b/EGzEmh/evNmt
http://paperpile.com/b/EGzEmh/evNmt
http://paperpile.com/b/EGzEmh/bU4fU
http://paperpile.com/b/EGzEmh/bU4fU
http://paperpile.com/b/EGzEmh/7xlrD
http://paperpile.com/b/EGzEmh/7xlrD
http://paperpile.com/b/EGzEmh/7xlrD
http://paperpile.com/b/EGzEmh/Rs5bI
http://paperpile.com/b/EGzEmh/Rs5bI
https://academic.oup.com/jid/article-abstract/191/10/1710/790155
http://paperpile.com/b/EGzEmh/Rs5bI
http://paperpile.com/b/EGzEmh/QfJzt
http://paperpile.com/b/EGzEmh/QfJzt
http://paperpile.com/b/EGzEmh/Suy6V
http://paperpile.com/b/EGzEmh/Suy6V
http://paperpile.com/b/EGzEmh/Suy6V
http://paperpile.com/b/EGzEmh/dDWy5
http://paperpile.com/b/EGzEmh/dDWy5
http://paperpile.com/b/EGzEmh/dDWy5
http://paperpile.com/b/EGzEmh/4A2Mh
http://paperpile.com/b/EGzEmh/4A2Mh
https://doi.org/10.1101/2024.11.14.24317347
http://creativecommons.org/licenses/by-nc-nd/4.0/


30. White RA 3rd, Quake SR, Curr K. Digital PCR provides absolute quantitation of viral
load for an occult RNA virus. J Virol Methods 2012; 179:45–50.

31. Hierholzer JC, Killington RA. 2 - Virus isolation and quantitation. In: Mahy BWJ, Kangro
HO, eds. Virology Methods Manual. London: Academic Press, 1996: 25–46.

32. Hogan AB, Glass K, Moore HC, Anderssen RS. Exploring the dynamics of respiratory
syncytial virus (RSV) transmission in children. Theor Popul Biol 2016; 110:78–85.

33. Otomaru H, Kamigaki T, Tamaki R, et al. Transmission of Respiratory Syncytial Virus
Among Children Under 5 Years in Households of Rural Communities, the Philippines.
Open Forum Infect Dis 2019; 6:ofz045.

34. Prem K, Cook AR, Jit M. Projecting social contact matrices in 152 countries using
contact surveys and demographic data. PLoS Comput Biol 2017; 13:e1005697.

35. Horby P, Pham QT, Hens N, et al. Social contact patterns in Vietnam and implications
for the control of infectious diseases. PLoS One 2011; 6:e16965.

36. Fraser C, Riley S, Anderson RM, Ferguson NM. Factors that make an infectious disease
outbreak controllable. Proc Natl Acad Sci U S A 2004; 101:6146–6151.

37. Tindale LC, Stockdale JE, Coombe M, et al. Evidence for transmission of COVID-19
prior to symptom onset. Elife 2020; 9. Available at:
http://dx.doi.org/10.7554/eLife.57149.

38. Mazur NI, Martinón-Torres F, Baraldi E, et al. Lower respiratory tract infection caused by
respiratory syncytial virus: current management and new therapeutics. Lancet Respir
Med 2015; 3:888–900.

39. Devincenzo JP. Natural infection of infants with respiratory syncytial virus subgroups A
and B: a study of frequency, disease severity, and viral load. Pediatr Res 2004;
56:914–917.

40. Holder BP, Beauchemin CAA. Exploring the effect of biological delays in kinetic models
of influenza within a host or cell culture. BMC Public Health 2011; 11 Suppl 1:S10.

41. González-Parra G, Rodriguez T, Dobrovolny HM. A comparison of methods for
extracting influenza viral titer characteristics. J Virol Methods 2016; 231:14–24.

42. Chatzilena A, van Leeuwen E, Ratmann O, Baguelin M, Demiris N. Contemporary
statistical inference for infectious disease models using Stan. Epidemics 2019;
29:100367.

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
perpetuity. 

 is the author/funder, who has granted medRxiv a license to display the preprint in(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted November 15, 2024. ; https://doi.org/10.1101/2024.11.14.24317347doi: medRxiv preprint 

http://paperpile.com/b/EGzEmh/FEZE4
http://paperpile.com/b/EGzEmh/FEZE4
http://paperpile.com/b/EGzEmh/I0f2J
http://paperpile.com/b/EGzEmh/I0f2J
http://paperpile.com/b/EGzEmh/83DRe
http://paperpile.com/b/EGzEmh/83DRe
http://paperpile.com/b/EGzEmh/eZoP6
http://paperpile.com/b/EGzEmh/eZoP6
http://paperpile.com/b/EGzEmh/eZoP6
http://paperpile.com/b/EGzEmh/QWDIo
http://paperpile.com/b/EGzEmh/QWDIo
http://paperpile.com/b/EGzEmh/7kpWa
http://paperpile.com/b/EGzEmh/7kpWa
http://paperpile.com/b/EGzEmh/5MpCs
http://paperpile.com/b/EGzEmh/5MpCs
http://paperpile.com/b/EGzEmh/NWgzb
http://paperpile.com/b/EGzEmh/NWgzb
http://dx.doi.org/10.7554/eLife.57149
http://paperpile.com/b/EGzEmh/NWgzb
http://paperpile.com/b/EGzEmh/prIGY
http://paperpile.com/b/EGzEmh/prIGY
http://paperpile.com/b/EGzEmh/prIGY
http://paperpile.com/b/EGzEmh/isxBZ
http://paperpile.com/b/EGzEmh/isxBZ
http://paperpile.com/b/EGzEmh/isxBZ
http://paperpile.com/b/EGzEmh/uhtXM
http://paperpile.com/b/EGzEmh/uhtXM
http://paperpile.com/b/EGzEmh/P0MUf
http://paperpile.com/b/EGzEmh/P0MUf
http://paperpile.com/b/EGzEmh/2VPdZ
http://paperpile.com/b/EGzEmh/2VPdZ
http://paperpile.com/b/EGzEmh/2VPdZ
https://doi.org/10.1101/2024.11.14.24317347
http://creativecommons.org/licenses/by-nc-nd/4.0/


Supplementary Figures

Supplements Figure 1 Model fits to viral kinetic data of RSV infections in the pediatric group.
Data are presented with solid circles, and solid lines are median predictions of viral load. The dashed
red lines indicate the median estimates of the time of symptom onset. Note that the median
predictions of viral load are calculated using estimated parameters for each individual. Viral load data
of patient 1-16 were from [14], and the data of patient 17-24 were from [13].
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Supplements Figure 2 Model fits to viral kinetic data of RSV infections in the adult group. Data
are presented with solid circles, and solid lines are median predictions of viral load. Note that the
median predictions of viral load are calculated using estimated parameters for each individual.
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Supplements Figure 3 Model fits to viral kinetic data of RSV infections in the elderly group.
Data are presented with solid circles, and solid lines are median predictions of viral load. The dashed
red lines indicate the median estimates of the time of symptom onset. Note that the median
predictions of viral load are calculated using estimated parameters for each individual.
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Supplements Figure 4 Posteriors distributions of incubation periods. 12,500 samples are drawn
from the posterior distributions of incubation periods for the pediatric group (the upper panel) and the
elderly group (the lower panel). Dashed lines indicate the median estimates.
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Supplements Figure 5 Posterior distributions showing the level of uncertainty (posterior
standard deviations) of estimated model parameters. 12,500 samples are drawn from the
posterior distributions of (A) peak viral load, (B) time to peak viral load, (C) the growth rate of viral
load, and (D) the decline rate of viral load in the three age groups. Dashed lines indicated the median
value of the posterior distributions.
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Supplements Figure 6 Distributions of initial viral load based on the population-level
parameters. 12,500 samples are drawn from the posterior distributions to calculate the initial viral
load for the pediatric group (the upper panel), the adult group (middle panel), and the elderly group
(the lower panel). Dashed lines indicate the median estimates.
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Supplements Figure 7 Distributions of initial viral load based on individual-level posteriors.
12,500 samples are drawn from the posterior distributions to calculate the initial viral load for the
pediatric group (blue), the adult group (yellow), and the elderly group (red).
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Supplements Figure 8 Characterization of total viral load with cell culture infectivity and
transmission probability. (A-B) The model fits of using linear (in a form of

, where is viral laid measured by qPCR) or power-law models (𝑞𝐶𝑢𝑙𝑡𝑢𝑟𝑒(𝑡) = 𝑎 + 𝑏𝑉(𝑡) 𝑉(𝑡)
) to the viral loads measured by qPCR (horizontal axis) and cell culture (vertical𝑞𝐶𝑢𝑙𝑡𝑢𝑟𝑒(𝑡) = 𝑐𝑉ℎ(𝑡)

axis) are based on the data from DeVincenzo et al. ( ) and𝑎 = –0. 97,  𝑏 = 0. 77,  𝑐 = 0. 11, ℎ = 1. 93 
Falsey et al. ( ), respectively.𝑎 = –0. 28,  𝑏 = 0. 95,  𝑐 = 0. 48, ℎ = 1. 43 
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Supplements Figure 9 Illustrative model for transmission probability. To estimate the likelihood
of transmission during a short contact duration , we assumed the total number of infectious viruses at τ
time is , and a proportion ( ) of of the viruses are transmitted to the recipient, such that𝑡 𝑉

𝑖𝑛𝑓
(𝑡) φ

. We also assumed that the number of infectious viruses reaching the recipient during𝑣(𝑡) =  φ𝑉
𝑖𝑛𝑓

(𝑡)

a contact at time is a random variable that is Poisson distributed with the parameter . We𝑡 𝑋
𝑣
(𝑡) 𝑣(𝑡)

further assumed that each infectious virus has a probability to establish infection in a recipient.𝑝
𝑣

Since follows a Poisson distribution, we can show that the distribution of the number of viruses that𝑋
𝑣

successfully establish an infection follows a Poisson distribution with parameter λ =
, where is a saturation function characterizing the relationship 𝑣(𝑡)𝑝

𝑣
=  φ𝑝

𝑣
ξ𝑉

𝑖𝑛𝑓
(𝑡) = 𝑝

𝑣
ξφ𝑓(𝑉(𝑡)) 𝑓

between total viral load and infectious viral load. The parameter is a parameter that accounts for theξ
number of infectious particles derived from the measured viral concentration (i.e., PFU/ml). We
assumed the proportion in our analysis.φ = 1
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Supplements Figure 10 Probability of transmission in different age groups. 12,500
population-level samples are drawn from the posterior distribution to calculate the probability of
transmission as time-series in different age groups, given the median estimates of infection probability
from the household transmission studies (A) [20] and (B) [18]. Dashed lines indicate the median
trajectory, and shaded areas indicate estimated incubation period in the pediatric and elderly group.
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