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Abstract

In 2021, the emergence of highly transmissible COVID-19 variants of concern increased susceptibility among younger
populations. Despite this risk, face-to-face education remained essential for societal functioning and children’s
well-being, prompting the Austrian government to implement a nationwide screening program in educational
institutions. This study explores the impact of this program on COVID-19 transmission by examining the relationship
between incidence rates and factors such as age, vaccination coverage, and RT-gPCR positivity rates among school-
aged children across Austrian districts, using a Bayesian spatiotemporal discrete model. Our findings highlight sig-
nificant effects of vaccination and positivity rates on COVID-19 incidence, with variations in their influence across dif-
ferent age groups and locations. These results underscore the importance of monitoring these variables, particularly
when active screening programs are in place.
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Text box 1. Contributions to the literature

e Fvidence on the effectiveness of active PCR-based COVID-19 screen-
ing programs remains limited, particularly in school settings.

o Our findings highlight the significant impact of vaccination coverage
and positivity rates on COVID-19 incidence, with notable variations
in their effects across different age groups and geographic locations.

e These results provide valuable insights for disease surveillance
and can inform policymakers in optimizing public health strategies.

Introduction

The heavy burden of the COVID-19 pandemic in Europe
started in January 2020 when the first cases were identi-
fied in France [1]. As of April 20, 2025, there were more
than 281 million cases and 2.2 million deaths registered
in the European region [2].

The first case of COVID-19 in Austria was identified
in January 2020 which then quickly became an outbreak
related to ski-resort areas [3]. Similar to other Euro-
pean countries, Austria experienced multiple waves that
hit harder in the older age population. By the time that
COVID-19 vaccination was available on the market in
January 2021, the government started a vaccination cam-
paign aimed first at this population [4]. Unfortunately,
even with the plan to expand the vaccination coverage by
including younger age population, Austria experienced
a strong increase in the number of daily SARS-CoV-2
infections, hospitalizations, and eventually COVID-
19-related deaths, in November 2021 [5].

Many COVID-19 outbreaks have been reported after
school re-opening in 2020 [6]. With the emergence of
highly transmissible variants of concern such as Delta or
Omicron, the younger population became more susceptible
for COVID-19 infections. On the other hand, face-to-face
education at school plays an important role in the societal
function and children’s well-being. To facilitate proper
functioning of schools, Austria implemented a nationwide
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screening program within its educational institutions. In
January 2021, a nationwide screening program using anti-
gen-based self tests was implemented for students, teachers
and administrative employees [7]. In September 2021, the
screening program was expanded to include weekly real-
time reverse transcription-quantitative polymerase chain
reaction (RT-qPCR) testing, offering a more sensitive diag-
nostic tool to complement the antigen-based tests.

Several studies have reported the potential advantages
of antigen-based self-testing over RT-qPCR-based testing
in Austria during the early months of 2021, despite their
lower sensitivity — ranging from 7.4% to 61.7%, depend-
ing on the positive predictive value and target age group
— and very high specificity (greater than 99%) [8, 9]. Nev-
ertheless, RT-qPCR-based testing remains the established
gold standard for diagnosing COVID-19 [10]. To date,
no studies have reported the initial results of RT-qPCR-
based testing in the context of this nationwide screening
campaign. Therefore, this study aimed to assess whether
RT-qPCR-based screening results — specifically, test
positivity rates — are directly associated with reported
COVID-19 incidence in the population, while accounting
for age distribution and the ongoing vaccination campaign
in year 2021. On top of this, spatial and temporal depend-
encies at a finer administrative unit are incorporated in
our analysis using a Bayesian modeling framework.

The rest of this paper is organized as follows. In
“Materials and methods” section, we describe the data
and methodology used to analyze the collected data. In
“Results” section, we present the results and finally, a dis-
cussion is provided in “Discussion” section.

Materials and methods

Data

Austria consists of nine federal states and 116 districts
as shown in Fig. 1. The average district population in
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2021 was 77,006 inhabitants (range 2,000-291,134).
We focused our analysis on school-aged children (6-18
years) which constituted around 12.4% of the total
population.

The compulsory education in Austria is divided into
three main school levels based on different age groups:
primary school (grade 1-4, age 6-10 years), first sec-
ondary school (grade 5-8, age 11-14 years), and second
secondary school (grade 9-12, age 15-18 years) [11].
Starting from January 2021, students were regularly
tested for COVID-19 infection using anterior nasal swab
antigen test. In September 2021, the testing scheme was
expanded to include RT-qPCR test that analyzes multi-
ple target genes. The implementation of the testing pro-
gram varied slightly across federal states. In Burgenland,
Upper Austria, Styria, and Vorarlberg, RT-qPCR testing
was conducted every Monday, while antigen-based tests
were administered twice weekly on Monday and Thurs-
day. Meanwhile, in Carinthia, Lower Austria, Salzburg,
and Tyrol, RT-qPCR testing took place on Tuesday, with
antigen-based testing scheduled for Monday and Friday.

The screening results were documented by the Federal
Ministry of Education, Science, and Research. The initia-
tion of the RT-qPCR-based screening coincided with the
start of the new academic year for compulsory education
(beginning September 6 in Burgenland, Lower Austria,
and Vienna, with other federal states starting later in the
month). To ensure uniformity in the analysis, the study
period was defined as September 13, 2021, to January 2,
2022 (weeks 37—52 according to ISO-8601). We excluded
the federal state of Vienna from our analysis due to a dif-
ferent testing scheme within this region.

The vaccination campaign against COVID-19 was still
ongoing in 2021. Therefore, we also retrieved data of
vaccinated children in each district from the Austrian
National Public Health Institute [12] to calculate the
vaccination coverage within our study period. Data on
COVID-19 incidences in the general population were
provided by the Agency for Health and Food Safety [13].
The administrative map at district level and population
data in 2021 per age category were made publicly avail-
able by Statistics Austria [14]. To ensure compatibility
with the screening data, we excluded any population
information from Vienna.

Statistical analysis

Exploratory data analysis

To provide a comprehensive overview of the collected
data, we explored and visualized the temporal trends in
weekly COVID-19 incidence, vaccination coverage, and
positivity rates between September 13, 2021, and Janu-
ary 2, 2022. These trends were stratified by federal state
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and and three age groups (6—10 years, 11-14 years, and
15-18 years). We calculated the following variables:

1. COVID-19 incidence rate per 1,000 children, based
on the registered place of residence.

2. Vaccination coverage, defined as the cumulative per-
centage of fully vaccinated children within each age
group, also based on the registered place of residence.

3. Positivity rate from school-based screening, calcu-
lated as the number of positive tests per 100 tests
conducted in the same federal state. To account for
potential reporting delays, we used the sample col-
lection date (i.e., the date the RT-qPCR test was per-
formed) rather than the laboratory reporting date.

Univariate spatiotemporal model

For the following analysis, data were aggregated by dis-
trict i =1,...,93, defined either by school location or
registered residence, over weekly periods j=1,...,16
starting from September 13, 2021. The data were further
stratified into three age groups k = 1,..., 3 correspond-
ing to age groups 6-10 years, 11-14 years, and 15-18
years, respectively.

Let O be the observed number of COVID-19 cases
in district i during week j for age group k. Traditionally,
count data are modeled using Poisson distribution, speci-
fied as:

Oy |03 ~ Poisson(uij = Nijktijk),  log(uijk) = log(Nix) + log (i)

(1)
where ;i denotes the mean (and variance) of the Pois-
son distribution, N ijk refers to the population size, and
8;jx represents the COVID-19 incidence rate [15].

Given the typically stringent assumptions of the Pois-
son model, it is important to allow for deviations. In
general, count data may be overdispersed relative to
the Poisson distribution, in the sense that the variance
is larger than the mean. To accommodate this overdis-
persion, the Negative Binomial (NB) model is a popular
choice, which can be denoted as:

Oijk10sjk ~ NB(r, fijk) 2)

where r > 0 is the size of overdispersion parameter rela-
tive to the Poisson model. The mean and variance of
the distribution are defined as E(Oyjylr, 6jx) = pijk and
Var(Ojjlr, 01) = ik (1 + Mfk ), respectively [16].
Further, the number of zero counts may be higher than
expected under Poisson assumption, given the typically
low incidence of COVID-19 among younger populations
(the so-called zero-inflation). To take this into account,
it is useful to consider the Zero-Inflated Poisson (ZIP)

model, which accounts for both structural zeros (i.e., true
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zeros that cannot be otherwise) and sample zeros (i.e.,
zeros arising by chance) [17]. Here, Oyj is given by:

Oujk|Oijrc ~ ZIP (i, Tijic)
POy = 0) = mjie + (1 — i) exp(—pijic)s
I €XP(—LLiji)

POy = m) = (1 — my) ' ,
m:

m=1,...
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where 71, denotes the marginal precision (inverse vari-
ance) parameter and ¢ denotes the mixing parameter

O=wmj <1

(3)

, 00, 0 < wijjp < o0

where 7 denotes the probability of a structural zero,
while 1 — 7 reflects the probability of a sample zero in
district i, week j, and age group k.

Of course, it is entirely possible to encounter both over-
dispersion and excess zeros simultaneously [18], leading
to the Zero-Inflated Negative Binomial (ZINB) model
defined as:

Oyjk 10k ~ ZINB(r, wijk, Tijk)

p
PO = 0) = i + (1 — i) [ ———
( ijk ) ijk ( z]k) r+.uijk)

m+r—1 r o \"
m ><r+l/'ijk> (V+//«ijk>
(4)

When the overdispersion becomes very small (r — 00),
the Negative Binomial component approaches a Poisson
distribution, and the ZINB model converges to the ZIP
model.

To account for the complex interplay between age
groups, vaccination coverage, and COVID-19 test posi-
tivity rates, a three-way interaction term was included
to model the joint effects of these explanatory variables.
Since immunity requires time to develop following vac-
cination [19], we also explored lagged vaccination cover-
age as a potential explanatory variable. Specifically, we
considered the impact of vaccination coverage lagged by
[ weeks, where [ =0,1,...,12, corresponding to up to
three months prior to the current week. This variable is
denoted as vac;j_y, representing the vaccination cover-
age in district i, at week j — [, for age group k. Thus, for
each likelihood, the incidence rate 6 is modeled on the
logarithmic scale as

POy =m) =(1— 7Ti/k)<

log(Bx) =Po + Pik + Bavacij—ik + B3posiy + Bak - vacij_ik + Bsk - POs;j

that measures the proportion of the marginal variance
explained by v,;.

For the temporally structured random effect y;, a
random walk of order one (RW1) model denoted as
Y — ¥%-1 ~N(@O, 7, 1) is assumed [15]. Considering the
dynamics between the spatial and temporal random effects,
we included an independent and identically distributed
(iid.) interaction between spatially unstructured and tem-
porally unstructured effects, i.e., §;; ~ N(O, 75 1 [22].

To assess unusual elevations of COVID-19 incidence,
we calculated the exceedance probability defined as
the proportion of the incidence’s posterior probability
that exceeds a given threshold incidence value IRg. The
probability was calculated using the marginal posterior
distribution of 6;;. In this study, we used the average
of COVID-19 incidence as a threshold value. As sug-
gested by Richardson et al., we classified areas where
PO = IRg) > 0.8 as a hot spot, PG > IRg) < 0.2 as
a cold spot, and the other areas as statistically similar to
the national average [23].

Model selection and prior sensitivity analysis

To identify the most appropriate likelihood function,
an initial model without lagged vaccination coverage
(vacjj_ox) was fitted using the four candidate distribu-
tions (Poisson, NB, ZIP, and ZINB). Model performance
was formally evaluated using several selection crite-
ria: the Deviance Information Criterion (DIC) [24], the
Watanabe-Akaike Information Criterion (WAIC) [25],
the Conditional Predictive Ordinate (CPO), and the
Probability Integral Transform (PIT) [26].

(5)

+ Bevacij_1k - POsi + Brk - vacij_1k - Posx + bi + ¥j + 8

The spatial random effect b; is modeled using BYM2,
a re-parametrization of the Besag-York-Mollie (BYM)
model that incorporates penalized complexity (PC) pri-
ors [20, 21]. The scaled spatially structured component
vy; and unstructured component v,; are defined as:

b; = 7(mv*i+\/av*i)’ (6)

Both DIC and WAIC balance model fit and complex-
ity, with lower values indicating better overall model per-
formance.The CPO assesses the model’s predictive ability
for each observation, where higher individual CPO val-
ues suggest better predictive accuracy. In this study,
a summary CPO statistic was calculated as the nega-
tive sum of the log-CPO values across all observations;
smaller values of this summary measure indicate better
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model fit [27]. The PIT evaluates the calibration of the
model’s predictive distributions: if the model adequately
represents the observed data, the PIT values should fol-
low a uniform distribution between 0 and 1. Deviations
from uniformity (e.g., U-shaped or bell-shaped PIT histo-
grams) may indicate model misspecification, overdisper-
sion, or underdispersion.

After selecting the best-fitting likelihood, we fitted
models incorporating various lagged vaccination cover-
age vacij_k and assessed their performance using DIC,
WAIC, and the summary CPO metric.

The regression coefficients were given a normal prior
distribution with zero mean and a small precision param-
eter of 0.001. As a sensitivity analysis for the spatial ran-
dom effects, we fitted the proposed model with different
values of user-defined upper bound U that specifies the
tail event with weight « so that P \/%7’ > U ) =« (see
Eq. 6). We defined four different U values: 0.5, 1, 2, and 5,
with lower U values indicating more informative priors
[21]. The mixing parameter was set to P(¢ < 0.5) = 0.5,
meaning that the contribution of the structured and
unstructured components is equal. The temporal random
effect (RW1) and type I space-time interaction were first
set to a default log-Gamma prior with parameters shape
= 1 and inverse-scale = 0.00005. We then compared this
default setting to a PC prior assuming U =1 and
o = 0.01.

All analyses were performed in R version 4.4.1 [28]. The
spatiotemporal models were fitted using R-INLA [29].

Results

Trend of COVID-19 positivity rates, incidences,

and vaccination coverage

Between September 13, 2021, and January 2, 2022, a total
of 130,529 COVID-19 cases were reported among school
children with known residential information in Austria,
in which 129,101 COVID-19 cases were located in our
study area (Burgenland, Upper Austria, Styria, Vorar-
Iberg, Carinthia, Lower Austria, Salzburg, and Tyrol).
During the same period, 12,109,212 RT-qPCR test results
were recorded from 5,637 schools across the country,
including those located in Vienna. For our analysis, we
excluded 2,725,279 test results from schools in Vienna
as well as 47 tests associated with unknown school loca-
tions, resulting in a final dataset comprising 9,383,886
test results. Additionally, around 159,322 fully vaccinated
children were registered.
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Table 1 Model selection criteria for the initial model among
school children in Austria, from September 13,2021, to January 2,
2022. A lower value indicates a better model fit

Likelihood DIC WAIC CPO

Poisson 2784173 2917767 14,704.98
NB 27,712.06 27,82801 13,982.37
ZIP 2784737 29,178.87 14,703.26
ZINB 2851827 28,624.33 14,375.01

The weekly time trend of COVID-19 positivity rates,
incidences, and vaccination coverage per federal state
and age group are shown in Online Resource 1 (Figs.
S1-S3). The positivity rate ranged from 0 to 1.01 per 100
tests, while the incidences ranged from 0.05 to 9.21 per
1,000 children. In certain federal states, the vaccination
coverage by early 2022 reached 2.46% in the youngest age
group, 5.85% in the 11-14 age group, and 5.3% in the old-
est age group.

In Fig. S1, we noted a substantial increase in the
COVID-19 positivity rates and incidences after the
autumn holiday period between October 25 and Novem-
ber 3, 2021. Positivity rates increased similarly across all
age groups and federal states, while the rise in COVID-19
incidences were less prominent in age group 15—18 years
(Fig. S2). A considerable increase in the vaccination cov-
erage was observed in age groups 11-14 years and 15-18
years for all federal states (Fig. S3).

Spatiotemporal analysis

The initial model with no lagged vaccination coverage
under a NB likelihood demonstrated the best fit among
the four candidate distributions, as this model yielded the
lowest DIC, WAIC, and summary CPO values (Table 1).
This result was further corroborated by the approxi-
mately uniform distribution of the PIT histogram shown
in Fig. 2.

Model performance under different lagged vaccination
coverage scenarios and prior specifications is summarized
in Online Resource 2. Among the candidate models, the
specification without lagged vaccination coverage (/ = 0)
yielded the lowest DIC, WAIC, and CPO values, compared
to models with lagged vaccination coverage. Moreover,
variations in prior specifications had minimal impact on
these model selection criteria, suggesting the robustness of
our proposed model. The final model, upon which the sub-
sequent results are based, is specified as follows:
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Fig. 2 Posterior predictive check based on PIT histogram for the initial model among school children in Austria, from September 13, 2021,
to January 2,2022
Oijk |0k ~ NB(r, pijk)
log(Byx) = Bo + Bik + Bavacij—ok + B3posij + Bak - vacij—_ok + Bsk - POSjk
+Bevacij—ok - POk + Brk - Vacij—ok - POsii + bi + ¥j + dj;
-1
Bo» Bk B2s B3s Baks Bsks Bes B ~ N(0, 757) (7)

bi = J—%(ﬂ Uy + \/5\)*1')
Y — V-1~ N(O,lry‘l)
3ij ~ N(0, 75 )

assuming default prior for each random effect, i.e. PC
priors for the BYM2 model with P (\/L?b > 1) = 0.01 and

P(¢ <0.5) = 0.5, while the RW1 and IID models were
assigned log-Gamma priors.

Effect of age group, vaccination coverage, and positivity rate
The complete parameter estimates from the final model
are presented in Table 2 (the corresponding poste-
rior distributions are presented in Online Resource 1,
Figs. S4 and S5). A statistically significant three-way
interaction was identified between age group, vaccina-
tion coverage, and positivity rate, indicating that the
relationship between positivity rate and COVID-19
incidence varies not only across age groups but also
depending on the level of vaccination coverage. This
complex interaction suggests that the effect of one
variable cannot be interpreted independently of the
others. The two-way interaction between vaccination

coverage and positivity rate B¢ had a posterior mean
of —0.008 (SD = 0.004), suggesting a modest negative
interaction on the log scale. This implies that at higher
positivity rates, the marginal effect of increased vac-
cination coverage on reducing COVID-19 incidence
becomes slightly stronger, which translates to a greater
decrease in incidence given the joint effect. However,
this association is age-dependent. In the age group
6-10 years, the three-way interaction term fB7; was
positive (mean = 0.392, SD = 0.071), indicating a sub-
stantial attenuation or potential reversal of the vaccina-
tion benefit under high positivity rates. By contrast, the
corresponding term in the age group 11-14 years had a
mean near zero (0.002, SD = 0.006), implying no mean-
ingful deviation from the average interaction pattern
across all ages.

To better illustrate and interpret this interaction
effect, we generated a dummy dataset comprising vari-
ous combinations of vaccination coverage (ranging
from 10% to 100%) and test positivity rates (ranging
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Table 2 Parameter estimates for model based on Eq. 7 among school children in Austria, from September 13, 2021, to January 2, 2022

95% credible interval

Variable Parameter Mean sD Lower Upper
Intercept Bo —4.505 0.086 —4.674 —4.336
Age group 6-10 B —-0.882 0.083 —1.045 -0.718
Age group 11-14 B2 —0.541 0.075 -0.687 —-0.395
Vaccination B -0.018 0.002 —-0.021 -0.015
Positivity B3 0.828 0.225 0.388 1.27
Age group 6-10 - vaccination Bar —0.009 0.005 -0.019 0.0003
Age group 11-14 - vaccination Bz 0.006 0.002 0.002 0.009
Age group 6-10 - positivity Bsi -0.037 0.23 —0487 0414
Age group 11-14 - positivity Bs2 0.015 0.238 -0451 0482
Vaccination - positivity Bs —0.008 0.004 -0.017 0.0003
Age group 6-10 - vaccination - positivity B 0.392 0.071 0.254 0.531
Age group 11-14 - vaccination - positivity B2 0.002 0.006 -0.011 0.014
Size (1/overdispersion) r 22.005 1.402 19.377 24.894
Precision for spatial effect T 30.556 7.038 19.027 46.581
Mixing parameter ] 0.695 0.155 0.351 0.932
Precision for temporal effect 7, 4.564 1.602 2137 836
Precision for type | interaction Ts 9374 0.572 8.296 10.548

SD standard deviation

from 0.1% to 3%) based on the observed values in our
analysis. Using the final model, we calculated the poste-
rior predicted COVID-19 incidence for each combina-
tion, as presented in Fig. 3. For ease of interpretation,
vaccination coverage was color-coded using a 50%
threshold to distinguish between low and high coverage
scenarios. This visualization highlights how predicted
incidence rates vary depending on the interaction
between vaccination coverage and test positivity rate.
In general, we observed an increasing trend of
COVID-19 incidences with higher positivity rates.
This increase was more prominent in the age group

6—10 years, where the high positive logarithmic val-
ues of COVID-19 incidence indicated a sharp rise. On
the other hand, age groups 11-14 and 15-18 years
exhibited only minimal increases, as reflected by nega-
tive logarithmic values. Additionally, the increase in
COVID-19 incidence rates in the two older age groups
was more substantial when vaccination coverage was
lower, as reflected by the positioning of the yellow
lines above the green lines. The separation between
high and low values of vaccination coverage was more
pronounced in the oldest age group compared to age
group 11-14 years. In contrast to this finding, a higher
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13,2021, to January 2, 2022. Green color indicates high vaccination coverage (> 50%) in the corresponding age group and yellow color indicates
low vaccination coverage (< 50%). The y-axis range varies across age groups for clarity of the visualization. Pl = predicted interval
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COVID-19 incidence was observed despite higher vac-
cination coverage in age group 6—10 years, suggesting
a different relationship between positivity rate, vacci-
nation coverage, and COVID-19 incidence in this age

group.

Mapping modeled COVID-19 incidences

The posterior COVID-19 incidences per district (exclud-
ing Vienna) are shown in Fig. 4. For all age groups, a
notable increase in COVID-19 incidence was observed
starting from the week of November 1-7, 2021, with
peak incidences occurring between November 15 and
November 28 in most municipalities, particularly in the
regions of Carinthia, Lower Austria, Upper Austria, Salz-
burg, and Tyrol. The incidence then markedly decreased
until it reached a similar level as during the first week of
school by the start of January 2022.

To investigate the unusual COVID-19 incidence pat-
tern, we calculated the exceedance probability with a
threshold value of 20, as this value exceeds the average
incidence across the entire study area and period. As
illustrated in Fig. 5, the exceedance probability was mark-
edly higher in Lower and Upper Austria starting in late
October 2021. By week 45 (November 8-14, 2021),the
majority of municipalities across the country could be
classified as hot spots, before transitioning back to cold
spots by the end of the study period.

To provide more insight, the weekly percentage of hot
and cold spots by federal state and age group is illustrated
in Fig. 6. A notable surge in the percentage of hot spot
was observed across most federal states prior to the holi-
day period (particularly in Salzburg and Tyrol), with the
exception of Burgenland. In Burgenland, the increase
in hot spots occurred later and remained substantially
lower compared to other federal states. Importantly, no
hot spots were detected in the age group 15-18 years in
Burgenland throughout the study period.

Discussion

This study identified a significant three-way interac-
tion between age group, vaccination coverage, and test
positivity rate in relation to COVID-19 incidence among
school children in Austria. While the direction and
magnitude of the fixed effects varied across the three
age groups, indicating age-specific differences in how
vaccination and community transmission interact, the
underlying spatiotemporal patterns remained broadly
consistent.

During the COVID-19 pandemic, schools have
emerged as ‘ideal’ environments for viral transmission
due to the relatively high frequency of social contacts
(particularly in middle and high schools) and the preva-
lence of asymptomatic cases among younger individu-
als [30, 31]. In the exploratory analysis, we observed a
similar temporal pattern between the positivity rate and
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Fig. 5 Exceedance probability at the district level in Austria, from September 13, 2021, to January 2, 2022. IR = incidence rate per 1,000 children. The

border of each federal state is indicated with black lines. The federal state of Vienna, excluded from the analysis, is marked with black fill

COVID-19 incidence (Figs. S1 and S2), highlighting a
possible strong association between these indicators.
This relationship is further substantiated in our spati-
otemporal model, which revealed a consistent increase
in COVID-19 incidence with higher positivity rates,
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after accounting for age group and vaccination coverage.
Notably, the positivity rates observed in our study were
relatively low, ranging from 0 to 1.01 per 100 tests at the
federal state level and from 0 to 3.36 per 100 tests at the
district level. Low positivity rate among school children

Fig. 6 Percentage of cold spots and hot spots in each federal state of Austria from September 13,2021, to January 2, 2022. The holiday period
in Burgenland, Upper Austria, Styria, and Vorarlberg is marked with red dashed lines. The holiday period in Carinthia, Lower Austria, Salzburg,
and Tyrol is marked with black dashed lines
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were also found in countries employing similar testing
strategies such as Ireland [32], the United States [33], and
Spain [34]. In contrast, other countries reported substan-
tially higher positivity rates among children and adoles-
cents, including Qatar [35] and Denmark [36].

Our findings are consistent with previous studies
emphasizing the value of regular testing in school set-
tings. Colosi et al. demonstrated that routine screen-
ing can effectively reduce SARS-CoV-2 transmission
in schools while minimizing disruptions to education
through reduced absenteeism [37]. Similarly, a study
conducted in California found that weekly antigen test-
ing with confirmatory RT-qPCR reduced transmission
among students from kindergarten (typically ages 5-6)
through grade 12 (ages 17-18), while limiting unneces-
sary absences due to false positives [38]. Both studies
highlighted the importance of timing: national screen-
ing programs are most effective when population-level
immunity remains low or during phases of moderate
community transmission.

An important operational consideration is the delay
between sample collection and result reporting, which
can allow additional transmission from undetected posi-
tive cases [9]. To address this issue, we used the sample
collection date rather than the laboratory reporting date,
thereby improving the temporal alignment between expo-
sure and case identification. Finally, although not the
central focus of our study, we acknowledge the growing
evidence that environmental factors such as air pollution
and meteorological conditions may influence susceptibil-
ity to respiratory infections, including COVID-19 [39, 40].

Based on the estimated model parameter for the three-
way interaction term f7; (mean = 0.392, SD = 0.071)
and the posterior predicted values shown in Fig. 3, we
observed an increasing trend in COVID-19 incidence
with higher positivity rates in age group 6—10 years, even
in the presence of higher vaccination coverage. This seem-
ingly paradoxical pattern can be explained by the very
low vaccination uptake in this age group during the study
period. The European Medicines Agency (EMA) issued a
recommendation for the use of the COVID-19 vaccine in
children aged 5 to 11 on November 25, 2021 [41], which
occurred relatively late in the timeline of our study.

In contrast, older school-aged children exhibited a
more expected trend: higher vaccination coverage was
associated with a milder increase in COVID-19 inci-
dence, consistent with the protective effect of broader
immunization. This effect was particularly evident in
the age group 15-18 years, where a clear separation
between low and high vaccination coverage scenarios
was observed. Our findings likely reflect the substantially
higher vaccination coverage in this age group compared
to the younger age groups, highlighting the critical role
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of timely and widespread vaccination in school-aged chil-
dren, on top of monitoring positivity rates, in mitigating
COVID-19 infection, even with the emergence of new
variants [42]. Of note, other possible factors related to
age-specific behavioral or immunological differences, or
variations in exposure patterns, should also be consid-
ered [43].

While these findings should be interpreted with cau-
tion due to the wide predictive intervals, they nonetheless
underscore the potential consequences of delayed vac-
cine rollout on transmission dynamics among younger
children. Moreover, it is important to recognize that the
topic of COVID-19 vaccination in children continues to
be a subject of ongoing debate, largely due to the bal-
ance between potential benefits and risks [44]. Addition-
ally, many factors influence vaccination acceptance and
behavior in the population. For instance, parents of fully
immunized children are more likely to accept COVID-19
vaccination for their children, which then increased the
COVID-19 vaccination coverage in the younger popula-
tion [45].

In the early phases of the COVID-19 pandemic, chil-
dren were considered to play a limited role in the trans-
mission of SARS-CoV-2, as evidenced by lower reported
case numbers and transmission rates among this age
group in many countries [46]. However, this dynamic
shifted notably with the emergence of more transmis-
sible variants, such as Delta, which led to increased cir-
culation of the virus within younger populations. In our
study, a marked increase in COVID-19 incidence among
school children was observed during the week of Novem-
ber 1-7, 2021, particularly in the federal states of Lower
and Upper Austria (Fig. 4). This temporal pattern coin-
cides with the widespread emergence of the Delta vari-
ant in Austria and its neighboring countries — including
Czechia, Germany, and Slovakia — which also reported
surges in pediatric COVID-19 cases during the same
period [47].

Interestingly, localized hot spots of elevated COVID-
19 incidence were already detectable at the beginning of
the school year, with a notable concentration in urban
areas (Fig. 5). These early signals suggest that schools in
densely populated regions may have acted as focal points
for transmission, potentially due to higher contact rates
and mobility patterns. Similar trends were documented
in Slovakia, where initial clusters of COVID-19 cases
emerged in urban centers such as Bratislava and Kosice
before spreading to surrounding urban and rural dis-
tricts. This resurgence, which occurred between June and
August 2021, highlighted the vulnerability of children
and adolescent to rapid changes in community transmis-
sion, particularly in the context of more transmissible
variants and variable vaccination coverage [48]. Another
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noteworthy spatiotemporal finding from our study is the
consistently lower percentage of COVID-19 hot spots
identified in Burgenland, with no hot spots detected at all
in the age group 15-18 years throughout the entire study
period. A plausible explanation for this pattern lies in the
distinctly rural character of Burgenland, characterized by
low population density and limited inter-district or cross-
border mobility, which likely reduced opportunities for
viral transmission within and between communities.
Additionally, most districts in Burgenland achieved very
high COVID-19 vaccination coverage among the general
population in Austria during the study period, which may
have contributed to lower infection rates through com-
munity-level immunity [12, 14].

The strength of our study lies in several aspects. First,
using RT-qPCR data from schools provides a local-
ized measure of viral prevalence to capture trends in
transmission within a key demographic stratum. Sec-
ond, the application of Bayesian spatiotemporal analy-
sis enables us to account for both spatial and temporal
dependencies in the data, providing more robust and
reliable estimates of disease dynamics. Combining mul-
tiple nationwide data sources and advanced analytical
techniques enhances the precision and relevance of our
findings, contributing to more effective disease moni-
toring and response strategies. Finally, we acknowledge
a minor difference in the spatial referencing of key vari-
ables: COVID-19 incidence and vaccination coverage
were assigned according to the registered residence of
the children, whereas positivity rates were linked to the
location of the schools where testing was conducted.
Rather than a limitation, we consider this distinction to
be a methodological strength, as it allows the model to
partially capture potential cross-district mobility, such
as students commuting to schools outside their district
of residence, which reflects real-world contact patterns
more accurately. Incorporating this spatial heterogene-
ity may improve the explanatory power of the model and
provide a more nuanced understanding of transmission
dynamics across different geographic and social contexts.

Nevertheless, several limitations of this study should
be acknowledged. There is a potential underestimation of
positivity rates in the federal states of Carinthia, Lower
Austria, Salzburg, and Tyrol due to the testing protocol
employed. Children who tested positive using antigen-
based tests on Monday were likely excluded from school
attendance on Tuesday, the day RT-qPCR tests were con-
ducted. However, we did not observe substantial differ-
ences in the total number of tests conducted and time
trend of positivity rates (Fig. S1), suggesting that this
potential bias may not have significantly impacted the
overall findings. Furthermore, the integration of spati-
otemporal effects in the analysis provides an additional

Page 11 of 13

layer of robustness, helping to address this limitation
and ensuring a more comprehensive interpretation of the
data.

On top of this, the use of district-level data may limit
the granularity of our findings. Important variations
in COVID-19 incidence rates likely exist at finer spatial
scales, such as the municipality level, which could offer
more detailed insights into localized outbreaks and trans-
mission dynamics. By aggregating data at the district
level, subtle within-district differences may be obscured,
potentially underestimating the true spatial heterogeneity
of COVID-19 infections. Lastly, our study did not include
data on other non-pharmaceutical interventions (NPIs)
such as social distancing measures, mandatory mask-
wearing policies, travel restrictions, or active contact
tracing efforts. These interventions may have an impact
on COVID-19 transmission dynamics among school chil-
dren [49], but their exclusion in our study was due to the
lack of data at the district level. Moreover, we observed
limited changes in the national stringency index during
our study period [50]. When available, incorporating
such data in future analyses could enhance the model’s
ability to assess the full range of factors affecting COVID-
19 spread and provide a more comprehensive under-
standing of intervention effectiveness.

While our study offers valuable insights into the rela-
tionship between school-based testing, vaccination cov-
erage, and COVID-19 incidence among children, it is
important to acknowledge that the generalizability of
our findings may be limited. Austria’s national testing
strategy — characterized by centralized, school-based
RT-qPCR screening with high testing frequency — and
its specific educational infrastructure (e.g., school size,
attendance policies, and holiday schedules) may differ
substantially from those in other countries. These con-
textual factors likely influenced both testing uptake and
transmission dynamics, and thus, the observed asso-
ciations may not fully translate to settings with different
public health strategies, school systems, or population
behaviors. Nonetheless, our findings underscore broader
principles, such as the importance of early detection and
timely vaccination, that can inform school-based mitiga-
tion policies globally. Future studies in diverse settings
are warranted to evaluate how these findings hold under
different epidemiological and policy contexts, and to
identify adaptable strategies for reducing disease burden
in school-aged populations.

Conclusion

Clearly, positivity rate and vaccination coverage had a sig-
nificant impact on COVID-19 incidence in the younger
population and the extent of their influence varies across



Natalia et al. Archives of Public Health (2025) 83:152

different age groups and locations. Therefore, it is crucial
to monitor trends in these variables, particularly when
active screening is feasible. Integrating multiple nation-
wide data sources with advanced analytical techniques
offers valuable insights into disease dynamics over cer-
tain temporal and geographical contexts.
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