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Global patterns of rebound to normal RSV 2
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Abstract

Background Annual epidemics of respiratory syncytial virus (RSV) had consistent timing and intensity between
seasons prior to the SARS-CoV-2 pandemic (COVID-19). However, starting in April 2020, RSV seasonal activity declined
due to COVID-19 non-pharmaceutical interventions (NPIs) before re-emerging after relaxation of NPIs. We described
the unusual patterns of RSV epidemics that occurred in multiple subsequent waves following COVID-19 in different
countries and explored factors associated with these patterns.

Methods Weekly cases of RSV from twenty-eight countries were obtained from the World Health Organisation and
combined with data on country-level characteristics and the stringency of the COVID-19 response. Dynamic time
warping and regression were used to cluster time series patterns and describe epidemic characteristics before and
after COVID-19 pandemic, and identify related factors.

Results While the first wave of RSV epidemics following pandemic suppression exhibited unusual patterns, the
second and third waves more closely resembled typical RSV patterns in many countries. Post-pandemic RSV patterns
differed in their intensity and/or timing, with several broad patterns across the countries. The onset and peak timings
of the first and second waves of RSV epidemics following COVID-19 suppression were earlier in the Southern than
Northern Hemisphere. The second wave of RSV epidemics was also earlier with higher population density, and
delayed if the intensity of the first wave was higher. More stringent NPIs were associated with lower RSV growth rate
and intensity and a shorter gap between the first and second waves.

Conclusion Patterns of RSV activity have largely returned to normal following successive waves in the post-
pandemic era. Onset and peak timings of future epidemics following disruption of normal RSV dynamics need close
monitoring to inform the delivery of preventive and control measures.
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Background

Respiratory syncytial virus (RSV) causes a high bur-
den of respiratory disease among infants and older
adults [1-3] and is an important cause of death in the
first year of life [1]. RSV spreads through contact with
infectious droplets, and transmission is strongly sea-
sonal, with annual epidemics in most regions typically
occurring during the autumn or winter seasons [4, 5].
Understanding temporal variations in healthcare utili-
zation due to RSV is vital to inform planning of hos-
pital capacity, administration of immunoprophylaxis,
timing of vaccination, and enrollment for clinical trials
of RSV prevention and treatment [6].

Prior to the pandemic caused by SARS-CoV-2
(COVID-19), annual epidemics of RSV largely fol-
lowed consistent temporal patterns year-to-year in
each country [7]. However, during the COVID-19 pan-
demic, RSV seasonal activity decreased to very low
levels starting in March 2020 [8—13]. This was likely
due to implementation of non-pharmaceutical inter-
ventions (NPIs) such as country-wide lockdowns, bor-
der closures, social distancing, face masks, and school
closures that were intended to contain the spread of
SARS-CoV-2 [8, 14, 15]. After the early phase of the
COVID-19 pandemic and the easing of some NPIs
[16], RSV activity was heterogeneous across countries,
with some countries reporting a rapid return of RSV
and others experiencing delayed epidemics. The char-
acteristics of these resurgent epidemics were unex-
pected and included out-of-season epidemics, a high
volume of cases, and multiple within-country out-
breaks [17-20]. These unusual patterns highlighted
the current and future need to better understand RSV
epidemic patterns.

A number of factors were associated with the tim-
ing of the initial rebound in RSV activity following
COVID-19 suppression [15, 21]. Reopening of schools,
increasing population susceptibility or “immunity
debt’, and decreasing temperatures were reported to
increase the risk of initial RSV rebound [14, 15, 21].
However, as predicted by modeling studies during the
initial period of disruption [22], it could take several
seasons to return to pre-pandemic seasonal patterns of
RSV activity (“return to normal”). The determinants of
the return to normal are not fully understood.

In this study, we collated epidemiologic, demo-
graphic, climate, geography, and behavioral data from
twenty-eight countries globally, from 2017 to 2023.
We used these data to measure the correlation of
RSV patterns between pre- and post-COVID-19 pan-
demic period, identify distinct patterns of RSV related
to onset, peak timing, growth rate and intensity, and
explore their associated factors following RSV disrup-
tions related to COVID-19.
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Methods

Data description

We obtained publicly available data on weekly counts of
RSV cases by country and hemisphere from January 2017
to July 2023 from the World Health Organisation (WHO)
FluNet platform [7, 23], which is a web-based tool for
influenza and RSV virological surveillance (https://
frontdoor-l4uikgap6gz3m.azurefd.net/ FLUMART/VIW _
FNT?$format=csv) [7]. We included countries which
met the criteria of reporting at least 100 annual RSV
cases between 2017 and 2023. This threshold was cho-
sen empirically because models did not consistently con-
verge when fit to data from countries with more sparse
data. In brief, RSV data were transmitted to FluNet from
each country’s recognized national influenza center or
national public health laboratory with ongoing influ-
enza surveillance and laboratory capacity for RSV testing
using molecular methods and with a history of success-
ful WHO external quality assessment for the molecular
detection of influenza [7]. Additional data on a country’s
climate zone were obtained from the US National Oce-
anic Atmospheric Administration based on Képpen and
Geiger classification [24], whereas a country’s COVID-
19 contact stringency index and population density
were obtained from the Oxford COVID-19 Government
Response Tracker [16]. Population density was calcu-
lated as the number of people per square kilometers of
land area in 2020 in each country. Stringency index was
calculated as a composite measure of the government’s
response based on nine response indicators including
school closures, workplace closures, and travel bans, res-
caled to a value from 0 to 100, (100 =strictest).

Statistical analyses

Generalised additive modelling

To smooth the data prior to analysis, we fitted general-
ized additive models (GAM) with penalized B-splines
(P-splines) to weekly counts of RSV cases over the entire
312-week study period, as defined separately for the
Northern and Southern hemispheres [25]. A log-linked
GAM was fitted with a Poisson likelihood using maxi-
mum likelihood based on the framework that was devel-
oped for outbreak time series [26, 27]. Details of the
GAM P-spline model are presented in the Supplement
(Text S1).

Dynamic time warping and time series classification

We sought to cluster RSV time series based on the
dynamics during the pre- and post-pandemic periods in
26 countries. To do this, we used dynamic time warping
(DTW) to evaluate pairwise similarity between P-spline
time series. We focused on the period from Jan-08-2017
to Dec-31-2022 in the Southern Hemisphere and from
Jun-11-2017 to Jun-04-2023 in the Northern Hemisphere


https://frontdoor-l4uikgap6gz3m.azurefd.net/FLUMART/VIW_FNT?$format=csv
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[28]. DTW, as implemented in the dtwclust and dtw R
packages, aligns a query (Q) and reference (R) pair of
P-spline time series based on common features, and cal-
culates distances between the two P-spline time series
to form a local cost matrix (LCM), where each element
(4,7) of the matrix corresponding to the Eucledian dis-
tance between @; and R; [28—30]. We first normalized
the P-spline time series from each country before per-
forming the DTW. Since clustering accuracy is influ-
enced by warping window size [31, 32], and our interest
also included matching RSV dynamics in nearby seasons,
we tested different warping window sizes (from 1 to 100
weeks) as well as using the entire warping window as
part of a sensitivity analysis. A warping distance, which
minimizes the alignment between the two P-spline time
series, is computed under the constraint of Sakoe-Chiba
band window size of the LCM. We selected an optimal
window size from a range of values through evaluation
of hierarchical clusters as detailed in the Supplement [30,
31, 33] (Fig. 1, Text S2). Hierarchical clustering was per-
formed based on the estimated warping distances [34]
and was visualized as a dendrogram. A prototype time
series for each cluster summarized the most important
characteristics of all series in each cluster using a DTW
barycentre averaging function [30].
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Description of post-pandemic epidemic patterns

Given the distinct clusters of RSV epidemics and that
some epidemics in the Southern (e.g., South Africa,
Australia) and Northern (e.g., United States, the Neth-
erlands) hemispheres occurred during unusual times
of the year following COVID-19 suppression, we
report on metrics describing the first, second and third
waves of RSV in comparison to a ‘typical season’ from
the pre-COVID-19 era. “Epidemic years” are defined
as weeks 1-52 of the calendar year for the Southern
hemisphere and weeks 24—52 and 1-23 of successive
calendar years for the Northern hemisphere. The three
waves were defined as separate epidemics in a given
country if their onsets occurred at least eight weeks
apart.

We computed four metrics to describe the dynam-
ics of RSV activity following suppression of transmis-
sion during the initial part of the COVID-19 pandemic
(starting April 1, 2020): RSV onset timing, peak tim-
ing, growth rate, and intensity. Using the fitted
P-splines, we estimated the following metrics for each
pre-COVID-19 season and post-COVID-19 wave [27],
as detailed in the supplement (Text S3):

a. Onset timing: the week when the rate of change of
growth rate increased the most, corresponding to

(B) TS dynamic time warping & classification
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Fig. 1 Schematic diagram of respiratory syncytial virus (RSV) seasonal metrics and time series classification. (A) A P-spline (black line curve) is fitted to
weekly RSV case counts (circles); peak timing is the week of maximum number of seasonal cases corresponding to the week when the fitted P-spline
curve in each season/wave is at a maximum (A-top). The growth rate is the weekly change in new cases corresponding to the maximum value of the
derivative of log fitted P-spline curve; and intensity is the relative magnitude of the epidemic peak, corresponding to the integral of positive segment
of first derivative of the log fitted P-spline curve (A-middle). Onset timing is the week when the growth rate increases the most, corresponding to week
when second derivative of the fitted P-spline curve is at a maximum (A-bottom); (B) Dynamic time warping (DTW) of RSV time series (TS); the time series
of any two countries are realigned to measure their dissimilarity (B-top), based on optimal warping distance from a local cost matrix (B-middle), resulting
in a hierarchical clustering of countries (B-bottom). Created with Draw.io software [45]
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the time point when the second derivative of the
P-spline curve was at the maximum value during
the period when the growth rate (first derivative)
was increasing in each season or wave (Figure S1)
[18]. Unlike other definitions, our approach does
not rely on having full epidemic data and some
percentage threshold to determine outbreak onset.
Other definitions can be particularly sensitive

to changes in testing over time, which was a
particular concern in the post-pandemic period.

b. Peak timing: the week with the highest number of
cases in each season or wave, corresponding to the
highest points of the fitted P-spline curve (Figure
S2).

c. Growth rate: the maximum rate of change of log-
tranformed cases, corresponding to the maximum
value of the first derivative of the log-transformed
fitted P-spline curve in each season or wave
(Figure S3) [35].

d. Intensity: the relative magnitude of the epidemic
peak in each season or wave, corresponding to
the integral of the positive first derivative of log-
transformed fitted P-spline curve. This is equivalent
to the sum of the log of the fitted P-spline at the peak
minus the start of the epidemic (Figure S4).

Predictors of post-pandemic patterns

For each of the four metrics described above (RSV
onset timing, peak timing, growth rate, and intensity),
we compared the pre-pandemic RSV seasonal pat-
terns with those observed in the first, second and third
RSV epidemic waves in various countries following
COVID-19 suppression. We used Pearson’s correlation
coefficients to quantify relationships with RSV growth
rate and intensity, and circular correlation coefficients
to quantify relationships with RSV onset and peak tim-
ing, stratified by hemisphere and climate zone.

We used Cox Proportional Hazard regression to
evaluate potential predictors of the time to onset
or time to peak of the first epidemic wave after
April 2020. We also evaluated predictors of the time
between onset or peak timing of the second epidemic
wave and the onset of the first wave using Cox models.
We further evaluated predictors of RSV growth rate
and intensity in each post-pandemic wave using linear
regression. Potential predictors included hemisphere,
climate zone, contact stringency index, population
density, and out-of-season status and intensity during
first RSV wave. All potential predictors were included
in univariate analyses, and those with p<0.10 were
retained for multivariate analyses. Univariate predic-
tors were included in the multivariate models through
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a stepwise forward selection procedure if they reduced
the Akaike Information Criterion (AIC) score [36, 37].

Results

Data description

There were 28 countries that met the inclusion criteria
and were included in the analysis. Of these, 21 (75.0%)
and 7 (25.0%) were from the Northern and Southern
hemispheres, respectively. Thirteen (46.4%) countries
had temperate climates, and 15 (53.6%) were from (sub)
tropical zones, with representation from Europe (n=12,
42.9%), South America (=6, 21.4%), North America
(n=3, 10.7%), Western Pacific (n=3, 10.7%), Africa (n=1,
3.6%), Southeast Asia (n=1, 3.6%), and Eastern Mediter-
ranean (2, 7.1%). Population density was higher in the
Northern than Southern hemisphere, and in the tem-
perate than (sub)tropical climate zones whereas contact
stringency index largely declined from 2020 to 2023, with
varying rates of decline between countries (Figure S5,
Figure S6). While most countries were estimated to have
had two RSV waves in the post-pandemic period, Aus-
tralia, Brazil, Colombia, France, Iceland, the Netherlands
and South Africa had three waves (Fig. 2, Figure S1, Fig-
ure S2).

Distinct epidemic clusters during the first and second RSV
waves

We identified three clusters as the optimal number of
clusters of the 24 possible clusters, which exhibited three
general patterns of RSV activity following COVID-19
suppression (Fig. 3, Figure S7). The clusters provide a
rough method for grouping countries, and not all coun-
tries within a cluster necessarily followed the average pat-
terns: (a) cluster 1 was largely characterised by similar
delayed and low-intensity patterns of the first wave rela-
tive to the pre-pandemic era for country members like
Iceland, South Africa, Qatar, Argentina, Ireland, Oman,
Scotland, and by earlier and high-intensity patterns for
the second wave relative to the pre-pandemic era for
country members like Brazil, Mexico, Northern Ireland,
Mongolia, Germany, Denmark, Sweden, Netherlands,
France, Portugal, Canada, Spain, and United States; (b)
Australia, Costa Rica, and Japan formed cluster 2, with a
high-intensity first wave followed by low-intensity second
wave; and (c) Paraguay, Hungary, and Peru formed clus-
ter 3, with a low-intensity first wave followed by a high-
intensity second wave (Fig. 3).

In a sensitivity analysis, compared to the base scenario
with three clusters, increasing the number of clusters
to four (DTW window of size 74 weeks) only resulted
in unclustering of cluster 1 into two distinct clusters,
whereas reducing the number of clusters to two (DTW
window of size 71 weeks) resulted in reclustering of clus-
ters 1 and 2 together (Figure S8). The use of the entire
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Fig. 2 Time series of respiratory syncytial virus (RSV) epidemics across 28 countries. RSV time series from 2017 to 2023 for countries in the Northern and
Southern hemispheres show substantial declines in the number of reported cases following the onset of the SARS-CoV-2 pandemic (COVID-19) in 2020
when non-pharmaceutical intenrventions were implemented in most countries (the onset of COVID-19 is shown by a red vertical line). Heterogeneous
RSV patterns are observed thereafter, including unexpected delayed onset, elevated intensity, or multiple annual outbreaks within countries when com-
pared to the pre-COVID-19 period. The vertical shading corresponds to each country’s typical RSV season, which is October to March in the Northern

hemisphere and February to July in the Southern hemisphere

warping window without any constraints on window size
yielded an optimal number of clusters of three, and its
results were similar to the base scenario except Australia
and Paraguay moved from clusters 2 and 3, respectively,
to cluster 1 (Figure S9).

Epidemic patterns were more normal during the second
wave

The first epidemic wave following COVID-19 gener-
ally occurred during a time of year when RSV was not
typically present (Fig. 4). Epidemic onset was more
than 8 weeks different from normal seasonal timing
in 18 (64.3%) countries. However, in the second and
third waves of RSV following COVID-19, onset tim-
ing was closer to normal across all countries (circular

correlation coefficient of c¢3 =0.97, ¢, = 0.68,¢; = 0.09
in the third, second, and first waves, respectively) (Fig. 4).
This was largely seen in both the Northern hemisphere
(c3 =0.50,c0 = 0.48,¢; = —0.08) and Southern hemi-
sphere (c3 = 0.75, ¢y = 0.05,¢; = 0.17). Similar patterns
were seen when evaluating peak timing across all coun-
tries (c3 =0.73,¢5 = 0.40,¢; = 0.31), in the Northern
hemisphere (c3 = 0.87,co = 0.58,¢; = 0.25) and in the
Southern hemisphere (c3 = 0.57,co = —0.45, ¢; = 0.50)
(Figure S10). Similar movement towards normal dynam-
ics was also seen when comparing growth rates and
intensity in both the Northern and Southern hemispheres
(Figure S10) and across climate zones (Figure S11).
Among countries with all the three waves, correlation
coeflicients of RSV onset timing, peak timing, growth
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rate and intensity were also closer to pre-COVID-19
mean estimates for the third compared to the second
wave (Table S1).

We observed patterns in the relationship between the
onset timing and intensity of RSV epidemic waves. Gen-
erally, countries with three waves and out-of-season RSV
onset (e.g. the Netherlands in the Northern hemisphere;
Colombia, South Africa and Brazil in the Southern hemi-
sphere) had large first epidemic waves followed by rela-
tively low-intensity epidemics during the second wave.
However, their second wave epidemics poorly matched
their typical onset timing. On the other hand, the general
pattern of countries with two waves showed that, during

the second wave, their onset timing had aligned with a
typical RSV onset (Fig. 5). Irrespective of hemisphere, the
mean intensity of the first wave was higher than that of
the second wave, which was in turn similar to the third
wave (Figure S12).

Predictors of epidemic characteristics during the first RSV
wave

In univariate analysis, during the first wave following
COVID-19 suppression, RSV onset and peak timing were
earlier in the Southern than Northern hemisphere (haz-
ard ratio (HR): 23.34, 95% confidence interval (CI): 7.21—
75.49) and (HR: 31.42, 95% CI: 8.26-119.52), respectively,
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whereas RSV intensity was lower in tropical/subtropical
than temperate areas (0.33, 95% CI: 0.11-1.02) (Table 1).

Predictors of epidemic characteristics during the second
RSV wave

In multivariate analysis, the gap between the onset of
the first and second waves was shorter in the Southern
than Northern hemisphere (HR: 28.99, 95% CI. 4.12-
203.99) and was earlier in countries with higher contact
stringency (HR: 4.05, 95% CIL: 1.63-10.05) and higher
population density (HR: 3.89, 95% CI: 1.98-7.64). The
gap between the onset of the first and second waves was
longer with higher first wave intensity (HR: 0.36, 95%
CI: 0.20-0.63). Peak timing of the second wave was also

earlier in the Southern than Northern hemisphere (HR:
15.39, 95% CI: 2.81-84.11), in the tropical/subtropical
than temperate (HR: 2.64, 95% CIL: 1.01-7.63) and with
higher contact stringency (HR: 3.19, 95% CI: 1.66-6.13)
(Table 2).

Discussion

We used time-series and regression analyses to under-
stand the global RSV patterns following COVID-19 sup-
pression. While the first post-COVID-19 wave of RSV
exhibited unusual patterns, the second and third waves
more closely resembled typical RSV patterns in many
countries. Post-pandemic RSV patterns were broadly dis-
tinct in their intensity and timing of the onset and peak.
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Fig. 5 Relationship between respiratory syncytial virus (RSV) epidemic onset and intensity following COVID-19 suppression in April 2020. Epidemic onset
and intensity across three RSV waves stratified by hemisphere. Each circle represents a country with RSV onset date on the X-axis and RSV wave on the Y-
axis; the size of the circle is proportional to intensity of RSV activity during that wave. The vertical shaded region in each hemisphere represents the onset
of a typical RSV epidemic in the pre-COVID-19 period across different countries (e.g. March-June in the Southern hemisphere and September-December
in the Northern hemisphere)

Table 1 Predictors of respiratory syncytial virus (RSV) onset timing, peak timing, growth rate and intensity during RSV first wave after
the early phase of COVID-19 suppression in 2020 using data from 28 countries globally
Univariate Cox models for onset and peak timing, and linear models for growth rate and intensity

Growth rate
Linear Effect, 95%ClI

Onset timing
Hazard Ratio, 95%ClI

Peak timing
Hazard Ratio, 95%Cl

Intensity
Linear Effect, 95%ClI

Potential predictor

Hemisphere'
Northern Ref Ref Ref Ref

Southern 23.34(7.21-75.49)* 3142 (8.26-119.52)* 1.05 (0.78-1.40) 0.69 (0.17-2.68)

Climate zone*

Temperate Ref Ref Ref Ref
0.70(0.31-1.57) 0.59 (0.26-1.30) 1.09 (0.85-1.41) 0.33(0.11-1.02)*
Contact stringency* 1.25 (0.84-1.87) 1.39(0.91-2.13) 1.05 (0.93-1.20) 1.10 (0.59-2.04)
Population density® 0.88 (0.62-1.25) 0.97 (0.69-1.37) 1.01 (0.88-1.14) 0.78 (0.42-1.44)
1 Countries in the Northern and Southern hemisphere as defined by the World Health Organisation (WHO)

(Sub)Tropical

# Countries in the temperate, subtropical, and tropical climate zone per Képpen and Geiger classification

# Contact stringency index from the Oxford Coronavirus Government Response Tracker (OXCGRT)

& Population density per United Nations projections measured as the number of people per square kilometers of land area in 2020
9 Population median age per United Nations projections in 2020 in each country

* Statistical significance at p<0.05, corresponding to 95% confidence intervals (95%Cl)

The onset and peak timings of RSV activity following
COVID-19 suppression were earlier in the Southern than
Northern hemisphere for both the first and second RSV
waves, whereas the intensity of first wave was lower in the
tropical/subtropical than temperate countries. The gap
between the onset of the first and second waves of RSV
was also shorter in the countries with higher population

density, and was longer if the intensity of the first wave
was higher. While higher contact stringency limited
growth rate and intensity, it was associated with a shorter
gap between the onset or peak of the first and second
waves. Moreover, the peak timing was also earlier in the
tropical/subtropical than temperate countries. Over-
all, our findings underscore different factors that may
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Table 2 Predictors of respiratory syncytial virus (RSV) onset timing, peak timing, growth rate and intensity during the second post-

COVID wave of RSV using data from 28 countries globally

Univariate Cox models for onset and peak timing, and linear models for

growth rate and intensity

Multivariate Cox model for
onset and peak timing

Potential predictor Onset timing Peak timing

Hazard Ratio
(95%Cl)

Hazard Ratio (95%Cl)

Hemisphere'
Northern Ref Ref

Southern 15.63 (4.63-52.71)*  47.58 (10.31-219.56)*

Climate zone*
Temperate Ref Ref
(Sub)Tropical 1.00 (0.47-2.15) 246 (1.16-5.20)*

Contact stringency“ 3.97 (1.96-8.04)* 3.14(1.83-5.38)*

1.88 (1.12-3.17)%
045 (0.28-0.73)*
0.50 (0.20-1.09)**

0.86 (0.55-1.34)
0.71 (046-1.11)
0.71 (0.46-1.11)

Population density®
1st wave Intensity

1st wave out-of-season
onset®

Growth rate Intensity Onset timing Peak
timing
Linear Effect Linear Effect Hazard Ratio (95%Cl) Hazard
(95%Cl) (95%Cl) Ratio
(95%Cl)
Ref Ref Ref Ref
0.89(0.70-1.14) ~ 0.30(0.081.20) 28.99 (4.12-203.99)* 15.39
(2.81-
84.11)*
Ref Ref Ref
091 (0.73-1.12) 0.36 (0.11-1.22) — 2.64
(1.01-
7.63)%
0.88 (0.80-0.97)* 036 (0.22-0.59)*  4.05 (1.63-10.05)* 3.19
(1.66—-
6.13)*

0.94 (0.84-1.04)
0.97 (0.87-1.09)
1.05 (0.83-1.33)

0.78 (0.41-1.49)
1.64 (0.88-3.03)
0.61(0.15-2.48)

3.89(1.98-7.64)* —
0.36 (0.20-0.63)* —
048 (0.17-1.41) —

1 Countries in the Northern and Southern hemisphere as defined by the World Health Organisation (WHO)

# Countries in the temperate, subtropical, and tropical climate zone per Képpen and Geiger classification

# Contact stringency index from the Oxford Coronavirus Government Response Tracker (OXCGRT)

& Population density per United Nations projections measured as the number of people per square kilometers of land area in 2020

9 Population median age per United Nations projections in 2020 in each country

* Statistical significance is set at p<0.05 (or **p<0.10), corresponding to 95% confidence intervals (95%Cl)

§ Out-of-season refers to RSV onset being more than 2 months out of sync compared to pre-COVID-19 mean onset timing

influence the timing of post-COVID-19 suppression RSV
epidemics, which could be useful for anticipating future
RSV patterns to inform planning of RSV prevention.

The comparison of epidemic characteristics between
the first, second, and third waves of RSV and the pre-
pandemic data suggest that RSV patterns have gener-
ally returned to typical seasonality. While prior studies
have described the initial rebound of RSV following the
COVID-19 pandemic [21], it remained uncertain how
long it could take to return to normal pre-pandemic sea-
sonal patterns of RSV activity. Our analyses revealed dis-
tinct patterns of RSV epidemic characteristics related to
timing and/or intensity. There is ongoing interest in the
dynamics of RSV during the post-COVID-19 era in dif-
ferent parts of the world [38]; the analyses presented here
are updated regularly on an interactive dashboard [39].

Estimated earlier onset and peak timings of post-pan-
demic RSV waves in the Southern versus Northern hemi-
sphere may likely reflect a higher susceptibility build-up
in the Southern hemisphere due to longer time since
the last RSV epidemic during pre-COVID-19 period.
The association between higher population density and
earlier onset of RSV during second wave suggests that

countries with more frequent human contacts, due to
higher population density, were more likely to experience
earlier epidemic starts, consistent with what would be
expected based on social mixing patterns and the spread
of respiratory pathogens [4, 40, 41].

Interestingly, contact stringency was not associated
with the growth rate or intensity during the first wave
of RSV following COVID-19 suppression; however, the
contact stringency index remained substantially higher
(>50% in most countries) and was less variable among
countries during this period (Figure S5, Figure S6). How-
ever, the substantial reduction and more variability in
contact stringency in some countries led to increased
RSV growth rate and intensity during the second wave, as
shown by our model.

Our model estimated an association between delay of
the second wave of RSV and intensity of the first wave.
This could be a result of depletion of susceptible indi-
viduals and/or generation of sufficient population pro-
tective immunity during the first wave [19, 42]. On the
other hand, tropical/subtropical countries showed lower
intensity during the first wave of RSV, which may have
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resulted in earlier peaks for the second wave due to avail-
ability of enough susceptibles.

Our study had some limitations. Data on the number
or percentage of individuals tested for RSV were not
available; thus, we could not assess testing or reporting
biases in different countries, which may explain some
unexpected dynamics in the time series data, e.g. Peru,
Mexico, Colombia. Increased testing for RSV following
the onset of the COVID-19 pandemic has been noted as
issue in interpreting surveillance data [43]. To minimise
case reporting biases and changes in testing patterns
over time, we examined the rate of change of the log-
transformed smoothed case counts to represent the rela-
tive speed of case accumulation in order to estimate the
onset, peak timing, growth rate and intensity for individ-
ual epidemic waves [35]. Of the 103 countries included in
the WHO Flu Net database, 52 countries had an average
of <100 annual cases during the pre-pandemic period,
and another 23 countries had no data in some post-pan-
demic years, leaving only 28 countries for our analysis.
While this criterion was necessary for model fit conver-
gence, it could create a bias by excluding countries that
had regular epidemics in the pre-pandemic era and post-
pandemic patterns that did not return to “normal”.

We combined subtropical and tropical climate zone
countries due to the small number of available countries
in each category. Likewise, we could not perform analy-
ses stratified by WHO regions due to insufficient data
from the African and Asian regions. However, available
data from other regions such as Europe and Americas
were relatively large enough and of good quality. Test-
ing data obtained from WHO platforms may change
with time following data cleaning, and our results should
be interpreted in the context of the data version at the
time of analysis, which are also available in the Github at
https://github.com/weinbergerlab/rsv.rebound.normal.
seasonality.global/tree/main/data.

Conclusion

In conclusion, patterns of RSV activity have nearly
returned to normal following COVID-19-related sup-
pression. Timing of onset and peak of future RSV pat-
terns need close monitoring to inform the delivery of
preventive and control healthcare services.
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