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Abstract
During its first 2 years, the SARS-CoV-2 pandemic manifested as multiple waves shaped by complex interactions between variants of 
concern, non-pharmaceutical interventions, and the immunological landscape of the population. Understanding how the age-specific 
epidemiology of SARS-CoV-2 has evolved throughout the pandemic is crucial for informing policy decisions. In this article, we aimed 
to develop an inference-based modeling approach to reconstruct the burden of true infections and hospital admissions in children, 
adolescents, and adults over the seven waves of four variants (wild-type, Alpha, Delta, and Omicron BA.1) during the first 2 years of 
the pandemic, using the Netherlands as the motivating example. We find that reported cases are a considerable underestimate and a 
generally poor predictor of true infection burden, especially because case reporting differs by age. The contribution of children and 
adolescents to total infection and hospitalization burden increased with successive variants and was largest during the Omicron BA.1 
period. However, the ratio of hospitalizations to infections decreased with each subsequent variant in all age categories. Before the 
Delta period, almost all infections were primary infections occurring in naive individuals. During the Delta and Omicron BA.1 periods, 
primary infections were common in children but relatively rare in adults who experienced either reinfections or breakthrough 
infections. Our approach can be used to understand age-specific epidemiology through successive waves in other countries where 
random community surveys uncovering true SARS-CoV-2 dynamics are absent but basic surveillance and statistics data are available.

Keywords: COVID-19 and SARS-CoV-2, respiratory viruses, age-specific transmission dynamics, infection and hospitalization burdens, 
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Significance Statement

To facilitate prevention and mitigation of future pandemics, we have to understand the trajectory of SARS-CoV-2. Knowledge of how 
the age-specific burden of infections and hospitalizations has changed during the pandemic is crucial for designing public health in-
terventions. We investigate how SARS-CoV-2 dynamics unfolded in a complex spatio-temporal pattern of multiple waves shaped by 
interactions between variants, interventions, and accumulating immunity of the population. Using a computationally efficient mod-
el, we reconstruct total (reported and unreported) infection and hospitalization burdens over the first 2 years of the pandemic, strati-
fied by variant (wild-type, Alpha, Delta, and Omicron BA.1), age (children, adolescents, and adults), and immune status (naïve and 
partially susceptible individuals after vaccination or waning of immunity after primary infection).
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Introduction
During the pandemic, the dynamics of SARS-CoV-2 demonstrated 
a complex spatio-temporal pattern with multiple waves (1) and 
pronounced differences in the age-specific burden of confirmed 
cases and hospitalizations (2, 3). A notable example is the age 
distribution of reported cases in European countries, including 

the Netherlands, where a much lower number of cases among 
younger individuals was reported in the first wave of the wild-type 
variant compared to Omicron BA.1 wave (4).

Understanding how the age-specific epidemiology of 
SARS-CoV-2 has changed during the pandemic (5) is crucial for in-
forming public health policy. For instance, information about how 
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the true rather than the reported infection burden varies by 
age and time and the contribution of different age groups to trans-
mission (6, 7) may inform non-pharmaceutical interventions (8– 
12) like school-and non-school-based measures (13), while under-
standing of the age-specific hospitalization burden (14) underpins 
prioritization of vaccination (15, 16). Some of this information can 
be provided by surveillance and serological surveys. However, full 
reconstruction of the age-specific burden of infections and hospi-
talizations in a country is complicated by several factors. Firstly, 
under-reporting of cases is age-specific and time-varying due to 
peculiarities of surveillance systems and testing policies, which 
varied across ages and time as the pandemic progressed. This 
fact coupled with the evidence of asymptomatic infection (17) 
undermines the ability of surveillance to capture the true burden 
of infections among different age groups. Few countries conduct 
random community PCR testing (18). Secondly, nationally repre-
sentative serological surveys provide information on which sub-
populations carry antibodies to SARS-CoV-2 and thus could help 
to characterize prior infection burden (19, 20). However, due to 
the waning of immunity after vaccination and infection, the im-
munological landscape of the population has become increasingly 
complex (21). Implementing representative serosurveys that esti-
mate population immunity among different age groups character-
ized by varying numbers of prior infections before and after 
vaccination is difficult, costly, and time-consuming. Thirdly, add-
itional factors including variants of concern (VoCs) (22), non- 
pharmaceutical interventions (8–12), and changes in population 
immunity after vaccination or infection complicate estimation of 
the age-specific burden.

Modeling studies have provided important insights into tem-
poral changes in the epidemiology of SARS-CoV-2 in specific coun-
tries (13, 20, 23–29). Some of these were hypothesis generating and 
not rigorously validated against all real data evidence (25–27). 
Other studies did not reconstruct age-specific epidemiology (24) 
or were limited to specific periods of the pandemic such as the first 
wave (13, 30–33) or periods of dominance for the Alpha (20, 23) and 
Delta variants (28, 34). As data accumulate, formal evaluations 
based on mathematical models fitted to different types of obser-
vational data (13, 24, 28) are crucial for reconstructing the burden 
of infections and hospitalizations over long periods of time.

Here, we reconstruct the epidemiology of SARS-CoV-2 in the 
Netherlands over the first 23 months of the pandemic, a period in-
cluding wild-type, Alpha, Delta, and Omicron BA.1 waves, using 
an age- and regionally stratified transmission model fitted to vari-
ous data sources (see Table 1 and Supplementary materials). Our 
fitting method is a quasi-Bayesian estimation (13, 23, 35–37) based 
on an ensemble adjustment Kalman filter (24, 38, 39), where in the 
fitting, we combined surveillance and national statistics data typ-
ically available from individual countries (hospital admissions, 
serological surveys, PCR testing data, genetic VoC data, vaccin-
ation coverage data, social contact matrices, demographic data, 
regional train, and Google mobility data) with the Netherlands 
used as the motivational example.

To account for control measures targeted at elementary and 
secondary schoolchildren vs. the rest of the population (13) and 
for age-dependent transmission effects (3, 14, 17, 40–43), the 
population is stratified into young children (0 to 9 years old), ado-
lescents (10 to 19 years old), and adults (above 19 years old) in 12 
Dutch provinces. The model structure is rooted in current knowl-
edge of SARS-CoV-2, which suggests waning of immunity after in-
fection or vaccination (21) and potential changes in susceptibility, 
infectivity, and severity of reinfections and breakthrough infec-
tions (25, 26). The regional stratification is augmented with real- 

world mobility across the provinces under the assumption that in-
fected individuals with undocumented infection may travel to 
and infect susceptible individuals in other provinces whereas in-
fected individuals with confirmed infection stay in their province 
of origin. Previous studies indicate that epidemic models with 
transmission dynamics coupled across locations can identify the 
true number of infections in the populations and improve the 
identifiability of epidemiological parameters (24, 44, 45).

Results
Time-dependent burden of hospital admissions
The model is fitted to daily new reported cases and hospitaliza-
tions in adults, adolescents, and children across the 12 provinces 
of the Netherlands, as well as to four national seroprevalence 
surveys, allowing estimation of key time-varying epidemio-
logical parameters compatible with national and regional epi-
demiology of SARS-CoV-2 in pre- and post-vaccination periods 
(Supplementary Tables A1–A6 and Figs. A1–A4; see also 
Parameter identifiability and sensitivity analyses section). Our es-
timates reproduce very well national admissions in young chil-
dren and adolescents, and relatively well national and regional 
admissions in adults during all waves that occurred from the first 
official case on 2020 February 27 until 2022 January 31 (Figs. 1 and 
Supplementary Figs. A5–A7). The total estimated mean number of 
hospital admissions is 83,589 (95% CrI 81,637–85,156), which 
amounts to 0.48% of the population (95% CrI 0.47–0.49%) 
(Supplementary Table A7), compared to 0.52% of the population 
being reported hospitalized over seven waves in the wild-type, 
Alpha, Delta, and Omicron BA.1 periods, with the last Omicron 
wave starting but not yet ending at the end of the study period, 
2022 January 31 (Fig. 1A). Of these, two waves occurred before vac-
cination, one wave peaked in January 2021 around the onset of the 
vaccination program, and another four waves occurred after-
wards. As expected, the pattern of hospital admissions in adults 
largely mirrors that of total national admissions due to much 
higher probability of clinical disease and hospitalization in this 
subpopulation compared to adolescents and children (3, 13, 14, 
23) (Fig. 1B). The burden of hospital admissions in adults progres-
sively decreased over the periods of successive VoCs, in line with 
the expansion of the primary vaccination series and of the first 
booster campaign (Supplementary Table A7). The estimated cu-
mulative mean number of hospital admissions for adults was 
thus largest for the wild-type (30,247, 95% CrI 29,422–31,029, or 
37.19%, 95% CrI 36.43–37.93%, of total estimated hospital admis-
sions among adults) and smallest for the incomplete Omicron 
BA.1 period until 2022 January 31 (7,736, 95% CrI 7,386–8,187, or 
9.51%, 95% CrI 9.07–10.02%, of total estimated hospital admis-
sions among adults) (Supplementary Table A7). The picture is dif-
ferent for adolescents and children for whom the hospitalization 
burden stayed lower than five hospital admissions per day for ei-
ther group and did not demonstrate a pronounced pattern until 
October 2021 (Fig. 1C and D). Unlike for adults, for which 28.73% 
(95% CrI 27.97–29.49%) of hospitalizations occurred during Delta 
and Omicron BA.1 periods, a much larger percentage of hospital-
izations in children and adolescents occurred during the same 
periods, namely 56.73% (95% CrI 44.40–66.45%) for adolescents 
and 68.69% (95% CrI 57.04–80.75%) for children. While the num-
ber of hospital admissions in adolescents and children remained 
much lower than those of adults (for adolescents, 296, 95% CrI 
252–352 hospitalizations during Omicron BA.1, and 248, 95% CrI 
176–399, during Delta; for children, 469, 95% CrI 375–584 during 
Omicron and 411, 95% CrI 247–659 during Delta, relative to a 
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population of around 2 million adolescents and 1.8 million chil-
dren), and the hospitalization rates out of reported infected 
decreased with each variant period (Supplementary Table A3), 
we observe a shift in hospitalization burden towards children 
at the end of the sample, whose source we further document in 
the next three sections.

Time-dependent burden of confirmed cases and 
seroprevalence
The model further reproduces the age-specific seroprevalence 
(Fig. 2A) and confirmed cases nationally (Fig. 2B–D) and regionally 
(Supplementary Figs. A8–A16). In the context of our study, the 
seroprevalence is the fraction of the population who have anti-
bodies due to (any) infection. The level of seroprevalence is thus 
determined by how fast antibodies decay and how fast new infec-
tions happen. Confirmed cases refer to the part of infections cap-
tured by PCR testing surveillance, and the model fit to these data is 
very good for all ages despite differential changes in surveillance 
eligibility and recommendations across age categories. Our esti-
mates show that the national seroprevalence steadily increased 
in all age groups reaching 82% (95% CrI 80–84%) in adults, 84% 
(95% CrI 81–87%) in adolescents but only 58% (95% CrI 54–61%) 
in children by 2022 January 31 (Fig. 2A and Supplementary 
Table A8). This is in line with our susceptibility parameter esti-
mates (Supplementary Table A3), which indicate that, even 
when controlling for variants, school closures, non-pharmaceut-
ical interventions, or holidays, the susceptibility of children 

remains much lower than that of adolescents and adults until 
the Omicron BA.1 period. In contrast with the magnitude of the 
first wave of hospital admissions in spring 2020, the case reporting 
in this period was overall low, and more so among children and 
adolescents (insets Fig. 2B–D), with estimated average case detec-
tion rates of 8% (95% CrI 5–9%) in adults, 4% (95% CrI 3–8%) in ado-
lescents, and 4% (95% CrI 2–9%) in children until 2020 March 30, 
when reported cases first peaked. Throughout most of the study 
period that covers the next five waves, <1 case per 1,000 adults 
was reported daily, but this sharply increased during the 
Omicron BA.1 wave to 4 cases per 1,000 adults by the end of 
January 2022 (Fig. 2B). The pattern of reported cases was similar 
in adolescents with <1 case per 1,000 adolescents daily during 
the first five waves; however, substantially more Omicron BA.1 
cases were reported in this age group compared to adults during 
the sixth and seventh waves, skyrocketing from 1 to 12 daily cases 
per 1,000 adolescents in January 2022 (Fig. 2C). More cases were 
documented in children than in adults in the Omicron BA.1 
wave too, i.e. about 6 vs. 4 cases per 1,000 individuals per day at 
the peak, while case reporting in children was much lower than 
in adults during the rest of the study period (Fig. 2D). The observed 
increase in reported cases in adolescents and children compared 
to adults at a time when testing in schools was no longer compul-
sory may indicate a higher burden of infections in these subpopu-
lations during the Omicron BA.1 period and a change in the 
age-specific distribution of total national cases. We verify this fur-
ther below, by presenting estimates of the share of age-specific re-
ported and unreported cases in the total number of cases.

A

C D

B

Fig. 1. Estimated hospital admissions. Total A) and age-specific national daily hospital admissions in adults B), adolescents C), and children D). The 
colored lines represent the estimated posterior means for adults, adolescents, children, and all ages. The shaded regions correspond to posterior 95% 
credible intervals defined as the 2.5 and 97.5% quantiles from 300 posterior ensemble values. The dots are daily hospital admission data used for fitting 
the model. Data 1 refers to data obtained directly from the National Institute for Public Health and the Environment (RIVM); Data 2 and 3 refer to the RIVM 
Dashboard data (see Table 1 and Supplementary Section 1.3). The dashed and solid vertical lines indicate when each VoC corresponded to 5 and 50% of 
samples in the genetic variant data described in Supplementary Section 1.8.
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Age distribution of total infections and hospital 
admissions per VoC
Our model estimates temporal changes in the age-specific contact 
rates as a result of implemented control measures (Supplementary 
Section 2.4). These changes combined with using reported infected 
data and a model assumption that unreported infected travel 
across provinces and infect others, while reported infected stay 
in their province, allow identification of unreported cases. The 
estimated fraction of reported cases in total reported and unre-
ported cases in the population (Fig. 3A) increased over time in all 
age categories, in line with the expansion of testing capacity. At 
the peak of each wave, the estimated fraction of reported to total 
cases plummeted, in line with hitting test capacity limits. For 
adults, we estimate that no more than 37% of new cases were 
detected at each point in time. Case detection rates in children 
and adolescents were initially very low and increased over time, 
likely due to changes in testing rules, recommendations, and con-
tact tracing in schools in 2020 and 2021.

Figure 3B shows again the age-specific distribution of reported 
and unreported cases in the total national infections but now ag-
gregated over each VoC period. The fraction of total infections in 
children among total estimated national infections (light and 
dark yellow bars) steadily increased from 1.3% (95% CrI 1.1–1.5%) 
in the wild-type period to 11.5% (95% CrI 10.4–12.6%) in the 
Omicron BA.1 period, of which about 36% (95% CrI 34.8–37.3%) 
were reported in total (Supplementary Tables A9 and A10). A simi-
lar increasing contribution to total infections per successive VoC 
periods is estimated for adolescents (light and dark turquoise 
bars), namely between 9.4% (95% CrI 8.9–10.3%) and 17.4% (95% 
CrI 16–18.7%) of all national infections for the wild-type and 

Omicron BA.1 periods, respectively, out of which 43.4% (95% CrI 
42.5–44.3%) were unreported in total. The contribution of adults 
to total infections across all ages (light and dark pink bars) de-
creased from 89.3% (95% CrI 88.2–90.1%) in the wild-type period 
to 71.1% (95% CrI 69.1–73.2%) during Omicron, while the fraction 
of estimated reported adult cases in total adult cases per variant in-
creased from 20.9% (95% CrI 19.6–22.1%) during the wild-type peri-
od to 32.3% (95% CrI 31.9–32.7%) during the Omicron BA.1 period. 
Over the entire sample, an estimated 26.6% of adult cases were re-
ported (95% CrI 26.1–27%). The decrease in the contribution of 
adults to total infections confirms a shift in infection burden to-
wards children and adolescents.

The hospitalizations to total infection ratio steadily decreased 
in all age categories with subsequent variants, but at a higher 
rate for adults, who experienced the highest burden in each 
wave and were vaccinated first (Fig. 3C and Supplementary 
Table A11). Figure 3C also shows that the hospitalization burden 
per total infections in children did not increase during the 
Omicron BA.1 period, further supporting the conclusion that the 
increase in the number of hospitalized children is solely due to 
more infections in children in this period.

Age-specific burden stratification by immune 
status and VoC
We further analyzed the age-specific burden of total infections 
and hospital admissions stratified by immune status and period 
of VoC (Fig. 4 and Supplementary Tables A12 and A13). For this, 
we distinguished infections in fully susceptible (naive) individuals 
(primary infections) from infections in individuals who were vac-
cinated (breakthrough infections) or lost immunity after primary 

A B

C D

Fig. 2. Estimated seroprevalence and confirmed cases. Age-specific national seroprevalence due to infection A) and national confirmed daily cases in 
adults B), adolescents C), and children D). Inset: the first wave characterized by low case reporting. The colored lines represent the estimated means for 
adults, adolescents, and children. The shaded regions correspond to posterior 95% credible intervals defined as the 2.5 and 97.5% quantiles from 300 
posterior ensemble values. The black dots are seroprevalence A) and daily confirmed cases (B, C, D) data used for fitting the model (see Table 1 and 
Supplementary Sections 1.2 and 1.4). The dashed and solid vertical lines indicate when each VoC corresponded to 5 and 50% of samples in the data, 
respectively. For comparison, the scale of the y-axis is the same in B, C, and D.
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infection (reinfections) (Fig. 4A). Hospital admission burden was 
stratified into hospital admissions after primary infection vs. after 
reinfection or breakthrough infection despite vaccination (Fig. 4B). 
An estimated 23.6% (95% CrI 22.4–25.1%) and 20.3% (95% CrI 19.8– 
21.4%) of adults (pink bars) had a primary infection during the 
wild-type and Alpha periods, respectively, while reinfections or 
breakthrough infections were experienced in only 3.9% of adults 
for both periods combined. This pattern reversed during the 
Delta and Omicron periods as reinfections or breakthrough infec-
tions occurred in 15.9% (95% CrI 15.7–16.7%) and 23.4% (95% CrI 
23.1–23.9%) of adults, respectively, while primary infections 
were experienced by only about 4% of adults during each period 
(Supplementary Table A12). Hospital admissions as a ratio of total 
(reported and unreported) infections in adults that experienced a 
breakthrough/reinfection also substantially increased from the 
wild-type period to the Delta period, even though it stayed sub-
stantially lower than the hospital admissions after a primary in-
fection. It is not until the incomplete Omicron BA.1 period that 

we see a decrease in the hospitalization ratio after primary and 
after breakthrough or reinfections in adults (Fig. 4B), owing to: (i) 
delayed vaccination schedules that only took off massively during 
the Delta period; and (ii) lower virulence of Omicron. The burden 
of primary infections in adolescents (turquoise bars), as a share of 
their population, was only slightly lower than that of adults for the 
wild-type (17.2% of the age group, 95% CrI 16.2–19.4%) and slightly 
higher for Alpha VoC (21.4% of the age group, 95% CrI 20–24.2%). 
These findings are driven by our age-specific susceptibility param-
eter estimates for adolescents, which are not lower for most of the 
sample, and for parts of the sample are even higher, than those of 
adults (Supplementary Fig. A1). However, unlike for adults, pri-
mary infections in adolescents were more common than break-
through infections or reinfections during the Delta and Omicron 
BA.1 VoCs, too (i.e. 15.3% of the age group, 95% CrI 14.5–16.7% 
for Delta, and 18.1% of the age group, 95% CrI 17.5–18.8% for 
Omicron). Fewer breakthrough infections in adolescents com-
pared to adults could be explained by fewer contacts in this group, 
and also by the delayed vaccination schedule for adolescents. The 
burden in adolescents was especially high during the Omicron 
BA.1 wave when an estimated 35.4% (95% CrI 34.2–36.9%) of all 
adolescents were infected. The fraction of infections in children 
increased with time and was mainly due to primary infections. 
We estimated that approximately the same fraction of children 
were infected before Omicron and in the incomplete Omicron 
BA.1 period, 29.5% (95% CrI 27.7–32.9%) and 29% (95% CrI 27.4– 
31.3%), respectively. These results are mostly driven by the sus-
ceptibility of children, which is estimated to be lower than that 
in adults until the Omicron period (Supplementary Fig. A1), and 
are in line with estimates and evidence from other studies (Fig. 4 
in Ref. (46) and (43, 47–50)). The large number of infections in 

A

B

C

Fig. 3. Age distribution of estimated total infections and hospital 
admissions by VoC. A) The time-varying estimated fraction of reported 
and unreported cases in the total national daily cases. B) The estimated 
fraction of reported and unreported cases in total national cases, but now 
cumulative per VoC period; for each VoC, the bars sum up to 1. C) 
Estimated age-specific hospital admissions as a fraction of total 
cumulative cases in that age group for each VoC period. The bars and the 
lines show the means and 95% credible intervals obtained from 300 
posterior ensemble values.

A

B

Fig. 4. Burden stratification by immune status and VoC. A) Fraction of 
primary and breakthrough infections or reinfections, but now as a 
fraction of the population in each age group rather than in the total 
population. B) Hospital admissions out of primary, respectively 
breakthrough or reinfections in each age category per variant. The bars 
and the lines show the means and 95% credible intervals obtained from 
300 posterior ensemble values.
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children during Omicron did not result in a higher hospitalization 
rate per primary infections or per total infections for children dur-
ing that period, underscoring that the main driver of an increased 
number of hospitalizations in younger children during Omicron 
compared to other periods is a shift towards more infections in 
this age category (yellow bars, Fig. 4A and B).

Parameter identifiability and sensitivity analyses
The posterior distribution of most parameters tightens after the 
first wave (Supplementary Section 4.1 and Figs. A1–A3), indicating 
that the data are informative in recovering model parameters, es-
pecially after the first wave. To further verify system identifiability 
in the first wave, we generated one synthetic outbreak and verified 
that the generated infection and hospitalization data follow simi-
lar trends to the original data. To assess parameter identifiability 
in the first wave, we considered higher, lower, and time-varying 
case detection rates. For each parameter combination, 100 syn-
thetic outbreaks were generated, each of which was used as 
data to re-estimate the model parameters. Across the three model 
configurations, the “true” parameters were either within the range 
of the posterior mean densities, or the differences were not too 
large (Supplementary Section 6.2), although some parameters 
such as the mobility reporting error rate were less well identified.

Sensitivity analyses were conducted for model parameters that 
were not estimated but rather calibrated (see section Materials 
and methods below, and Supplementary Section 7), and the best- 
fitting model was selected based on maximizing the pseudo- 
likelihood of the model calculated by the ensemble adjustment 
Kalman filter.

Discussion
We developed an inference-based modeling approach to recon-
struct how the age-specific epidemiology of SARS-CoV-2 changed 
through time and was shaped by the complex interaction between 
VoCs, non-pharmaceutical interventions, and the immunological 
landscape of the population. Our study provides several insights 
into changes in the age-specific burden of infections and hospital-
izations over seven waves with different VoCs during the first 
2 years of the pandemic in the Netherlands. Firstly, cases reported 
to surveillance were a considerable underestimate of total infec-
tions, as the majority of infections in all age groups remained un-
identified despite overall improvement of case reporting through 
time. Reported cases are a generally poor predictor of true inci-
dence of infection, especially because reporting differs substan-
tially by age but also by variant periods and, within a variant 
period, by waves. Secondly, the contribution of children and ado-
lescents to total infection increased with successive VoCs and was 
largest during the Omicron BA.1 period; the number of hospital-
ized children also increased, but we found that this is due to the 
steep increase in the number of infections in children during 
this period. Thirdly, we observed a shift in the pattern of infections 
and hospitalizations by immune status and age. Before Delta, al-
most all infections were primary infections occurring in naive in-
dividuals. However, during the Delta and Omicron BA.1 periods, 
primary infections were common in children who were infected 
less frequently early on (due to their relative susceptibility being 
estimated to be substantially lower than those of adults) but 
were relatively rare in adults who experienced either reinfections 
or breakthrough infections.

A similar shift in the dynamics of infections was reported in a 
study based on reported case data only from the United Kingdom 

(51). However, unlike in Ref. (51) where reinfections dramatically 
increased during the Omicron wave, in our study, the shift in pri-
mary infections vs. reinfections and breakthrough infections oc-
curred earlier, in the Delta period. Our findings can be attributed 
to multiple factors, including the fact that we estimated unreport-
ed cases as well, which led to more estimated infections in total 
and, with a waning delay, to more reinfections earlier on.

To our knowledge, this is the first and most comprehensive ap-
plication of a computationally efficient inference-based modeling 
approach that provides estimates of infection and hospitalization 
burden by age, region, VoC, and immune status (compared to 
(13, 30, 52–57)). The estimation is conducted with daily data and ap-
plied over seven waves during the first two pandemic years in the 
Netherlands. While we focus on the Dutch case, our framework 
can be applied to other countries given the common surveillance 
and national statistics data typically available for most countries. 
Compared to other studies (24, 25, 27, 58), we separately model con-
tacts in elementary schools, secondary schools, and the rest of the 
population to enable more reliable disentanglement of the roles of 
children, adolescents, and adults in transmission. We approximate 
the timing of contact changes due to non-pharmaceutical interven-
tions outside the school environment based on changes in proxy 
mobility measures (59)—Google mobility at transit stations and 
train mobility based on which most measures are taken up by 
the population ahead of official implementation. We estimate the 
speed of behavioral changes and the number of age-specific con-
tacts after each intervention (13, 23, 60). This is in contrast to other 
inference-based studies (28) that assume that age-related mixing 
patterns remain constant over time. Retrospective analyses of the 
impact on transmission and burden in different age groups of vac-
cination and boosting and of non-pharmaceutical interventions 
targeted at elementary and secondary schoolchildren, or the rest 
of the population, will be a focus of future work.

Our model is fitted to regional reported cases, regional hospital 
admissions, and national seroprevalence. We find that the first 
two data sources, combined with modeling movement of unre-
ported infected across regions using mobility data, are crucial 
for identifying unreported infections with our inference method. 
Unlike other studies (13, 23), the national seroprevalence data 
played a secondary role in reconstructing transmission dynamics 
due to the low frequency of serosurveys (i.e. only four surveys dur-
ing 23 months in our case, which can only be implemented in 
the estimation as four data points for each age category) whose 
contribution to the likelihood is therefore minor (Supplementary 
Table A16). Our approach could therefore apply to countries 
where seroprevalence estimates are not available at a high 
enough frequency. Incorporation of other data into our model, 
particularly, publicly available SARS-CoV-2 measurements in 
sewage water, could help to address another current problem of 
lack of other COVID-19 surveillance systems in many European 
countries including the Netherlands. This model extension could 
provide projections of transmission dynamics after large-scale PCR 
testing stopped. Our model could also be extended to quantify 
SARS-CoV-2 infection and COVID-19 hospitalization burdens in 
vulnerable populations with pre-existing chronic conditions (61) 
and to determine which interventions are required to protect them.

Our model has limitations. Firstly, rare testing in children and 
adolescents in the early stages of the pandemic makes the identi-
fication of their age-specific parameters (i.e. susceptibility) weaker 
in that initial period, and for some parameters such as mobility re-
porting errors, the simulated posterior distribution does not cover 
well an initial fixed value used in the data generating process in 
the first wave (Supplementary Figs. A21–A23). Later on, as testing 
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capacity was expanded to younger individuals, we observed better 
identification of all age-specific parameters. Secondly, we did not 
model older age groups separately, and this lack of heterogeneity 
may be the reason why our model underestimates the peak in hos-
pitalizations in most waves. It is technically straightforward to 
stratify the adult population into smaller age groups relevant for 
estimating the burden in older ages. However, older individuals 
travel less which means that our metapopulation model with mo-
bility may not capture their case detection rates, and other data 
might be needed to estimate their age-specific parameters such 
as differential case detection rates. Thirdly, due to data being 
available only as aggregate counts, the four serosurveys we used 
for fitting could only be implemented as four data points (at me-
dian time of sample collection minus 14 days to allow for serocon-
version). We further assumed the data come from a Binomial 
distribution. If there was no uncertainty in the seroprevalence es-
timates from the four serosurveys, it may seem that we are under-
estimating seroprevalence in adults and adolescents, at least at 
the beginning of 2021. However, the real uncertainty in these 
data points estimates is not publicly available but seems to be 
large, varying between 2 and 10% depending on age group (Fig. 4 
in Ref. (46)), making it unclear whether our estimates are statistic-
ally distinguishable from the original survey estimates. Fourthly, 
the national recommendation was to get only one vaccine dose if 
individuals had an infection in the previous 6 months. If individu-
als followed this recommendation, they appear in the vaccination 
data along with those who received two doses as “fully vacci-
nated.” Therefore, we could not model the effect of the first dose 
separately. Fifthly, our choice of stratification into primary vs. 
breakthrough infections and reinfections is justified for the period 
when a large proportion of the population did not yet have any im-
munity to SARS-CoV-2. As SARS-CoV-2 transitions from pande-
micity to endemicity, primary infections are experienced only by 
very young children born into the population (26, 62). For later pe-
riods, our model could be modified to differentiate between sev-
eral immunity classes such as individuals with primary 
vaccination series and various boosters, prior infections, and hy-
brid immunity (63).

In conclusion, we developed an inference-based transmission 
model that estimates how the age-specific epidemiology of 
SARS-CoV-2 changes over time. This approach is relevant for 
countries in which random community surveys uncovering true 
SARS-CoV-2 dynamics are absent but basic surveillance and sta-
tistics data are available. The findings of our study on the burden 
of infections and hospitalizations in children, adolescents, and 
adults are important for informing public health policy on non- 
pharmaceutical interventions and vaccination.

Materials and methods
Overview
The transmission model was calibrated using surveillance and 
national statistics data (PCR testing data, hospital admissions, 
serological surveys, demographic data, regional train and Google 
mobility data, vaccination coverage data, genetic VoC data, and 
social contact matrices) for the Netherlands. Parameter estimates 
were obtained from the model fit to (i) age- and province-stratified 
SARS-CoV-2 case notification data during the period from 2020 
February 27 until 2022 January 31; (ii) age- and province-stratified 
COVID-19 hospital admission data for the same period; and (iii) 
cross-sectional age-stratified national seroprevalence data from 
four serosurveys assessed on 2020 April 3, June 4, and 

September 20, and 2021 February 11 (median dates). Additional 
data for the model input were: (iv) population by age and province 
on 2020 January 1; (v) daily commuters across 12 provinces com-
puted from Dutch national train data during the period from 
2020 February 1 until 2022 September 30, and extrapolated using 
Google mobility data from 2020 February 5 until 2022 January 31; 
(vi) daily full vaccinations per province and age group during the 
period from 2021 January 31 until 2022 January 31; (vii) weekly 
boosters administered during the period from 2021 November 21 
until 2022 January 31; (viii) weekly genetic VoC data during the pe-
riod from 2020 December 1 until 2022 January 31; and (ix) school 
and non-school contact matrices from three surveys: before the 
pandemic, 2020 April and 2020 June. All model analyses were per-
formed in MATLAB 202A. Data cleaning was performed in STATA 
SE v16. The code for fitting the model over the entire sample peri-
od runs in 23 minutes on a Windows 10 Dell laptop with an Intel 
Core i5 processor and without parallelization.

Data
Table 1 gives an overview of the data, notation, and sources. More 
details on how each dataset was constructed for use in the model 
fitting are given in Supplementary Section 1.

Transmission model
We developed a stochastic compartmental metapopulation mod-
el describing SARS-CoV-2 transmission in the population of the 
Netherlands stratified by province, disease status, and age. A 
schematic depicting disease and mobility dynamics, as well as 
an overview of the main model parameters are shown in Fig. 5. 
The choice for the population stratification by age into children 
(0 to 9 years old), adolescents (10 to 19 years old), and adults 
(above 19 years old) was motivated by the surveillance data that 
was available for the model fitting. Contact matrices were aggre-
gated to accommodate this stratification.

Disease dynamics
The fully naive susceptible individuals (S1) in each age group can 
become latently infected but are not infectious (E1) with the 
age-specific force of infection β1. After an average latent period 
Z, the latently infected individuals become infectious (primary 
infection, I1). Out of the total daily new infectious cases, an 
age-specific fraction α is reported to surveillance (IR,1), and the (1 − 
α) fraction is unreported (IU,1). Both reported and unreported infec-
tious individuals may recover without hospitalization (R1) after an 
average infectious period D, but only reported infectious individu-
als may be hospitalized (H1) with the age-specific rate γ1. We as-
sume that hospitalized persons have contacts with the 
personnel and visitors but are not infectious because of the use 
of individual protective measures. Hospitalized individuals are 
discharged after an average age-specific hospitalization period 
1/δ. After a primary infection, individuals lose immunity and be-
come partially susceptible (S2) with the rate η1. Disease progres-
sion for partially susceptible individuals is similar to that for 
fully susceptible individuals. However, partially susceptible indi-
viduals are reinfected with the age-specific force of infection β2, 
individuals reported with reinfection are hospitalized with the 
age-specific rate γ2, and the immunity after reinfection is lost 
with the rate η2. Upon losing immunity after reinfection, the indi-
viduals return to the same partially susceptible compartment (S2). 
Vaccination of individuals with the age-specific rate v occurs in 
all disease stages except for those with primary reported infection 
or hospitalization. We used a simplified approach whereby 
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susceptible individuals after vaccination and individuals recov-
ered after primary infection whose immunity has waned are 
grouped together in one class of partially susceptible individuals 
(S2). Therefore, reinfections and breakthrough infections are 
grouped, too.

Vaccination or prior infection has three effects: (i) lower sus-
ceptibility to reinfection and breakthrough infection that affects 
β2, (ii) lower infectivity of reinfection and breakthrough infection 
(not shown in the diagram), and (iii) lower hospitalization rate 
after reinfection and breakthrough infection γ2. The model as-
sumes a constant population size during the study period.

Our choice for the stratification of the infectious compartments 
into reported and unreported infectious is driven by the data used 
for the model fitting. We use daily data on reported positive PCR 
tests (Table 1), and most of the reported cases are by the self- 
reported first date of symptoms. Therefore, we assume that the 
reported infectious compartments contain mostly symptomatic 

infections, and the unreported infectious compartments contain 
mostly sub-clinical asymptomatic or mildly symptomatic infec-
tions. Based on this fact, coupled with the evidence of lower in-
fectivity of asymptomatic infections relative to symptomatic 
infections (66), we assume that the relative infectivity of the unre-
ported infectious compartments compared to the reported infec-
tious compartments is 0 < μ ≤ 1 (Fig. 5).

Mobility dynamics
The model assumes the unreported infected travel and infect other 
individuals in other regions, and that susceptible individuals 
can travel and become exposed in another region, while reported 
infected do not travel. Due to heterogeneity in population size and 
mobility across regions, this assumption equips the model with 
additional dynamics for the unreported infected compared to re-
ported infected. It was shown by simulations (24, 67) and proven 

Table 1. Overview of the data used in the model fitting.

Data Supplementary 
materials

Source

Population by province and age Supplementary 
Section 1.1

CBS, 2020 January 1

https://opendata.cbs.nl/statline/portal.html?_la=en&_catalog=CBS&tableId=37259eng&_theme= 
1135

Daily reported cases Supplementary 
Section 1.2

RIVM Dashboard

https://data.rivm.nl/covid-19/COVID-19_casus_landelijk.csv
Daily hospital admissions Supplementary 

Section 1.3
Dataset 1 RIVM data, from 2020 February 27 until 2021 September 30
Dataset 2 RIVM Dashboard, from 2021 October 1 onward

https://data.rivm.nl/covid-19/COVID-19_ziekenhuisopnames.csv
https://data.rivm.nl/covid-19/COVID-19_ziekenhuisopnames_tm_03102021.csv

Dataset 3 RIVM Dashboard, from 2021 October 1 onward
https://data.rivm.nl/covid-19/COVID-19_ziekenhuis_ic_opnames_per_leeftijdsgroep.csv
https://data.rivm.nl/covid-19/COVID-19_ziekenhuis_ic_opnames_per_leeftijdsgroep_tm_ 

03102021.csv
Seroprevalence data Supplementary 

Section 1.4
Obtained from RIVM PIENTER Corona Study (13, 64)

4 Serosurvey rounds https://www.rivm.nl/en/pienter-corona-study/results
Median inclusion time
Fraction seropositive
Sample size
Train mobility Supplementary 

Section 1.5
Computed from the Dutch Railways (NS) data, from 2020 February 27 until 2021 September 30;

Extrapolated until 2022 January 31 using Google mobility data
Fraction commuters CBS, 2019

https://www.cbs.nl/nl-nl/cijfers/detail/83628NED
Google mobility from 2020 February 7 onward

https://www.google.com/covid19/mobility/
Daily vaccinations Supplementary 

Section 1.6
Constructed from RIVM Dashboard and RIVM data

https://data.rivm.nl/covid-19/COVID-19_vaccinatiegraad_per_gemeente_per_week_leeftijd.csv
https://www.rivm.nl/en/covid-19-vaccination/archive-covid-19-vaccination-figures-2021

Booster transition function Supplementary 
Section 1.7

Fitted to RIVM data

https://www.rivm.nl/en/covid-19-vaccination/archive-covid-19-vaccination-figures-2022
Variants transition function Supplementary 

Section 1.8
Fitted to RIVM Dashboard data

https://data.rivm.nl/covid-19/COVID-19_varianten.csv
Contact matrices Supplementary 

Section 1.9
Computed from Refs. (41, 65) and additional information on school closures and vacations

Elementary school contacts
Secondary school contacts
All-setting contacts Computed from Ref. (65)
Non-school contacts Computed from Refs. (41, 65)
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mathematically (45) that the identification of unreported cases is 
possible as long as the case detection rate is the same across re-
gions, and there are sufficient observations available across re-
gions or time. These two conditions are met in our study. Firstly, 
the case detection rate is assumed common across regions due 
to the ability to test at any location available across the country. 

Secondly, we estimate the model at a daily frequency for all 12 
Dutch provinces.

The number of people commuting from province j to province i 
is constructed as described in Supplementary Section 1.6. It in-
volves multiplying the total time-varying number of commuters 
into i (the Dutch Railways data based on outward movement) by 

Fig. 5. Schematic of the metapopulation transmission model. A) Disease dynamics. B) Mobility dynamics. C) Overview of the main model parameters (see 
Supplementary materials for the full description). For simplicity of presentation, the age- and region-specific indices are not shown in the schematic.
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the pre-pandemic fixed percentage of commuters from j into i 
(CBS—Statistics Netherlands—data on all employees in 2018). 
The CBS data indicate that about 4% of all employees were com-
muting for work across municipalities. Out of these, the percent-
age of individuals commuting from each province j to another 
province i is shown in Fig. 6, along with the size of each province, 
as a percentage of the population. As expected, most people com-
mute within provinces, and more people commute to larger prov-
inces than to smaller ones. There is a sizable and heterogeneous 
percentage of commuters from most provinces to other provinces. 
Supplementary Fig. S10 also indicates that the percentage of in-
ward commuters is higher from neighboring regions. All these 
suggest that not accounting for mobility across regions is likely 
to underestimate the speed at which SARS-CoV-2 spreads in the 
population.

Some studies find that mobility data such as SafeGraph for the 
United States cannot alone predict the evolution of cases later in 
the pandemic, due to erratic policies and behavior that differed 
across US counties (68). However, this criticism does not apply 
to our study. Firstly, in the Netherlands, all measures were nation-
al, and we modeled the non-pharmaceutical interventions direct-
ly, including the speed at which they were adopted in the 
population. Secondly, the Netherlands is a small and well- 
connected country, with a large share of the population commut-
ing for work outside their municipality. Thirdly, we do not use 
only mobility data to infer cases, we use them in conjunction 
with an elaborate model that is fitted to regional case data, hospi-
talizations, and seroprevalence surveys.

Force of infection
The force of infection, βa

ik(t), is time-dependent age- and province- 
specific and depends on whether individuals are fully susceptible 
or partially susceptible. The subscript i denotes the province of the 
Netherlands (i = 1, . . . , 12). The subscript k denotes the age group 
(k = 1, 2, 3), namely k = 1—adults (>19 years old), k = 2—adoles-
cents (10–19 years old), and k = 3—children (0–9 years old). The 
susceptibility class is denoted by the superscript a, so that a = 1 

(fully susceptible/naive individuals), and a = 2 (individuals par-
tially susceptible after vaccination or waning of immunity after 
primary infection).

The force of infection is a multiplicative function

βa
ik(t) = ϵ × fϵ,k × voc(t) × λa

ik(t), (1) 

where ϵ is the probability of transmission per contact for the wild- 
type variant, fϵ,k is the susceptibility of age group k = 2, 3 relative to 

the reference age group k = 1 (i.e. fϵ,1 = 1), voc(t) is the increase in 
the probability of transmission per contact due to VoCs, and 
λa

ik(t) is the time-dependent average number of daily close 
transmission-relevant contacts in all settings for one individual 
in age group k and province i with all individuals in other age 
groups multiplied by the proportion of infectious individuals in 
those age groups, weighted by their infectivity.

For the fully susceptible individuals,

λ1
ik(t) =

3

k∗=1

ci,kk∗ (t)
12

j=1

IR,1
ijk∗ (t) + [1 − pTR,k∗ (t)]I

R,2
ijk∗ (t)

Nik∗



+ μ
IU,1
ijk∗ (t) + [1 − pTU,k∗ (t)]I

U,2
ijk∗ (t)

Nik∗



, 

where k, k∗ = 1, 2, 3 and j = 1, . . . , 12. Here, ci,kk∗ (t) is the average 

number of daily close transmission-relevant contacts in all 
settings one individual in age group k has with all individuals in 

age group k∗ in province i at time t. Ib,a
ijk (t) is the number of infectious 

individuals in age group k from province j present in province 
i at time t who have a = 1 (primary infection), 2 (reinfection or 
breakthrough infection) and are b = R (reported), U (unreported). Nik 

is the total population in age group k present in province i, includ-
ing those individuals who moved to province i from all other prov-
inces. 0 < μ ≤ 1 is the relative infectivity of the unreported 
infectious individuals compared to the reported infectious com-
partments. pTb,k is the reduction in infectivity of reinfection and 

breakthrough infection relative to primary infection in age group 
k for b = R (reported), and U (unreported) infectious individuals.

Fig. 6. Commuting data used in the model. The figure shows the percentage out of total commuters commuting within and across provinces before the 
pandemic by the Statistics Netherlands (CBS).
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For the partially susceptible individuals,

λ2
ik(t) = [1 − pI,k(t)]λ1

ik(t), (2) 

where pI,k(t) is the reduction in susceptibility to reinfection 

or breakthrough infection relative to primary infection in age 
group k.

Variants of concern
The model did not account for VoCs separately using, e.g. a multi- 
strain approach. Instead, we approximated the spread of each 
subsequent VoC by increasing the probability of transmission 
per contact for the wild-type variant by a factor voc(t) as the pro-
portion of the new VoC increased from 0 to 100% using a logistic 
transition function. We further assumed that infection with one 
VoC gives the same protection against all other VoCs but 
Omicron. This assumption is based on the strong evidence that 
Omicron BA.1 was not only more transmissible but also provided 
a partial immune escape from the previous VoCs (see, e.g. (69) and 
references therein). We modeled the immune evasion by Omicron 
by increasing the immunity waning rates η1 and η2 as the propor-
tion of Omicron in the population increased (see Supplementary 
Section 2.3). In a model without immunity waning and constant 
parameters, not accounting for a two-strain model but increasing 
the probability of transmission per contact using a logistic transi-
tion function amounts to assuming that the susceptible popula-
tion is constant during the transition from one strain to the next 
(70, 71). Therefore, our estimates of the susceptible population 
during those transitions may be biased, however, as Ref. (70) illus-
trates, the differences to a multi-strain model tend to be minor.

A full description of the model and the model equations are re-
ported in Supplementary Section 2.

Parameter inference
The model is fitted to infection, hospitalization, and seropreva-
lence data using the ensemble adjustment Kalman filter (38). 
This method allows inference on a high-dimensional system 
of observed and unobserved variables and parameters in a com-
putationally efficient way. First, a large number of ensembles 
are drawn from priors on all parameters and state variables. 
The latter then evolve according to a stochastic version of the 
metapopulation model (Fig. 5), and the stochasticity is needed 
because the populations per age-region can be small (the small-
est being 37,264 children in the province Groningen). For the fil-
ter updates, each ensemble member is individually propagated 
forward by means of a closed form approximation akin to the 
normal distribution but with an additional bias correction. 
The updates are computed sequentially based on the data in 
each province and its neighbors, allowing for a large number 
of state variables and parameters to be updated. Further details 
on the estimation and the algorithm can be found in 
Supplementary Sections 3.3 and 3.4.

A small number of parameters that could not be identified were 
calibrated. These calibrations are described and motivated in 
Supplementary Section 3.1. The remaining parameters were esti-
mated, and the choice of priors is detailed and motivated in 
Supplementary Section 3.2. The parameter posteriors and their 
time evolution over variant periods are discussed in 
Supplementary Section 4.

Model outcomes
The exact calculations behind Figs. 1–4 are explained in 
Supplementary Sections 5.1–5.4. The data plotted in Figs. 3–4

and further numbers reported in the text when discussing these 
figures can be found in Supplementary Tables A9–A13.

Parameter identifiability and sensitivity analyses
To verify system identifiability for the first wave, we fixed the pa-
rameters at values similar to their estimated posteriors in the ori-
ginal sample (observations from 2020 February 27 until 2020 
March 30, see Supplementary Table A14), generated one synthetic 
outbreak and re-estimated the model parameters on the synthetic 
data. In addition to showing that the synthetic data are similar to 
the original data and are fitted well by our method, we also verified 
that the fitted and model implied seroprevalence match, by not 
using the model implied seroprevalence in the fitting procedure 
(Supplementary Section 6.1, Table A15 and Figs. A17–A20). To as-
sess parameter identifiability for the first wave, we considered 
three parameter configurations: (i) as described above; (ii) larger 
case detection rates; and (iii) case detection rates as in (i) until 
2020 March 30, and as in (ii) until 2020 April 30. For each param-
eter combination, 100 synthetic outbreaks were generated, each 
of which was used as data to reestimate the model parameters. 
Across the three model configurations, the “true” parameters 
were either within the range of the posterior mean densities or 
the differences were not too large (Supplementary Section 6.2, 
Figs. A21–A23), although some parameters such as the mobility 
reporting error rate were less well identified. In case (iii), the filter 
also approximated well the increase of case detection rates, even 
though this increase was not modeled. This suggests that changes 
in testing capacity or recommendations, and other unmodeled 
parameter changes can be captured by our model inference tech-
nique even in periods of high uncertainty, when data are less in-
formative (Supplementary Fig. A24).

For our sensitivity analyses, we re-estimated the model over 
the entire sample period: (i) with seasonality in transmission in-
cluded; (ii) without seroprevalence or including it at different me-
dian date; (iii) without mobility; (iv) with different immunity 
waning rates after primary infection; (v) with different immunity 
waning rates at the start of Omicron BA.1 period after both pri-
mary and breakthrough infection/reinfection; and (vi) with higher 
vaccine efficacies against infection, upon their waning. In all these 
cases, the likelihood fit is poorer (Supplementary Table A16).
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