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Abstract

Background: Regional labour markets and their properties are named as potential reasons for regional variations in
levels of SARS-CoV-2 infections rates, but empirical evidence is missing.

Methods: Using nationwide data on notified laboratory-confirmed SARS-CoV-2 infections, we calculated weekly
age-standardised incidence rates (ASIRs) for working-age populations at the regional level of Germany’s 400 districts.
Data covered nearly 2 years (March 2020 till December 2021), including four main waves of the pandemic. For each of
the pandemic waves, we investigated regional differences in weekly ASIRs according to three regional labour market
indicators: (1) employment rate, (2) employment by sector, and (3) capacity to work from home. We use spatial panel
regression analysis, which incorporates geospatial information and accounts for regional clustering of infections.

Results: For all four pandemic waves under study, we found that regions with higher proportions of people in
employment had higher ASIRs and a steeper increase of infections during the waves. Further, the composition of the
workforce mattered: rates were higher in regions with larger secondary sectors or if opportunities of working from
home were comparatively low. Associations remained consistent after adjusting for potential confounders, including
a proxy measure of regional vaccination progress.

Conclusions: [f further validated by studies using individual-level data, our study calls for increased intervention
efforts to improve protective measures at the workplace, particularly among workers of the secondary sector with no
opportunities to work from home. It also points to the necessity of strengthening work and employment as essential
components of pandemic preparedness plans.
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Background

After 2 years of the COVID-19 pandemic, the evidence
on occupational determinants of SARS-CoV-2 infection
risks is still limited. Among the existing studies, many
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logistic sector—but rather low for workers in the media
sector (e.g., journalists), lawyers, scientist or workers
in the financial sector [1-11]. These studies are instru-
mental as they help to describe infection risks for spe-
cific occupations. However, far-reaching conclusions on
high-risk groups and corresponding policy implications
remain limited, mainly because most studies focus on
rather homogenous occupational groups without allow-
ing for systematic comparisons of risks between different
occupations. In addition, it is still not clear how findings
based on individual-level data translate into regional dif-
ferences of SARS-CoV-2 infections and corresponding
incidence rates. Yet, knowledge on regional differences
and the role of labour markets and their properties is
instructive, as infections tend to cluster regionally and
many decisions for pandemic intervention measures are
made at regional levels [12]. Therefore, research based
on individual data should be supplemented by ecologi-
cal studies that examine levels of infections in relation to
characteristics of regional labour markets—not as a sub-
stitute for individual studies (in case individual-level data
is missing), but as a helpful supplement with immediate
relevance for local and targeted policy decisions [13].

In fact, ecological studies on regional differences of
COVID-19 have experienced increased attention during
the pandemic [14, 15]. For example, studies from Ger-
many [16-19], the UK [20], and the US [21, 22], suggest
that levels of SARS-CoV-2 infections and COVID-19
mortality rates are comparatively higher in regions with
high poverty rates or low income levels, or in regions that
are generally socioeconomically disadvantaged. Inter-
estingly, studies that also compare associations between
different phases of the pandemic in Germany demon-
strate that these socioeconomic differences are less pro-
nounced (or even inversed) in the early first wave of the
pandemic (with lower infection rates and mortality in
more disadvantaged regions) [19, 23, 24]. Such an inverse
association during the early phase of the pandemic was
also found for the US [25] and France [26]. These findings
highlight that socio-economic differences can also vary
by different phases of the pandemic and that pandemic
phases should be considered within the analyses. One
possible explanation for these differences (and the rever-
sion in the course of the pandemic) are different compo-
sitions of regional workforces and respective exposure to
the virus. Higher infection rates at the beginning of the
pandemic are possibly due to more employed people with
international business travel, transregional commuting
and more overall mobility (incl. holidays). In the course
of the pandemic, though, these were exactly the occupa-
tional groups that were able to reduce their mobility with
opportunities of working from home, while workers in
less advantaged occupations were more exposed to the

Page 2 of 14

virus at their workplaces. Additionally, because of pre-
existing health differences [27], workers in less advan-
taged occupations were then also more susceptible to an
infection due to underlying health conditions.

Despite being mentioned as potential explanations,
the role of regional labour markets and their proper-
ties, however, remains unclear. One exception is a recent
study from Toronto that documents that infections and
COVID-19 mortality rates (though for the overall popu-
lation) are higher in neighbourhoods with a high pro-
portion of people working in essential occupations [28].
Therefore, a comprehensive study of regional differences
in levels of infections among the working-age popula-
tion (those most likely to be affected by labour markets)
that explicitly focus on regional labour markets and their
properties (instead of socioeconomic factors) and takes
changing patterns over time into account is still miss-
ing. It is the overall objective of this ecological study to
fill this gap of knowledge for Germany, and to investigate
how regional labour markets are related to levels of infec-
tions in the working population.

In the current ecological study, we rely on weekly
nationwide data on notified laboratory-confirmed SARS-
CoV-2 infections at the regional level for Germany (as an
indicator of actual levels of infection in the population),
and combine this data with regional labour market indi-
cators to investigate differences in age-standardised inci-
dence rates (ASIRs) of SARS-CoV-2 infections according
to three labour market indicators. As previous studies
show that associations between regional indicators and
incidence rates vary by phases of the pandemic in Ger-
many, we study associations separately for the first four
main pandemic waves (ranging from March 2020 until
December 2021). The three labour market indicators are:
the overall extent of employment in a region, the com-
position of the workforce by economical job sectors, and
existing opportunities of working from home. We also
explicitly focus on the working-age population, as well
as we apply a statistical approach (spatial panel analysis)
which allows to address spatial autocorrelation—mean-
ing that neighbouring regions are usually interrelated and
not independent (see “Methods” for details).

Methods

Data sources

We combined the following data available at the German
district level:

(1) SARS-Cov-2 infections rates from the SurvStat@
RKI 2.0 database,

(2) geospatial information from the German Federal
Agency for Cartography and Geodesy,
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(3) regional statistics on labour force participation as
main exposures of interest, and

(4) various regional population statistics (mainly as
control variables in multivariable analyses).

Weekly age-standardised SARS-CoV-2 incidence
among working-age population
To assess regional levels of infections, we rely on nation-
wide regional data on weekly notified laboratory-con-
firmed SARS-CoV-2 infections from the SurvStat@
RKI 2.0 database (data query on 16 March 2022) from
the Robert-Koch-Institute (RKI). The RKI is the federal
governmental institution that is responsible for national
health surveillance of infectious diseases in Germany. For
this, the RKI receives daily reports from the local health
authorities on confirmed COVID-19 cases in accordance
with the German Infection Protection Act. Because of the
standardized and identical procedure of notification dur-
ing the whole observation period of this study through-
out Germany and widely established cost-free test
systems (including public test stations) that immediately
contact local health authorities in case of a positive PCR-
test, data on notified infections must be seen as a close
but relatively conservative approximation of the actual
levels of infections. People with asymptomatic courses
or with reduced likelihoods of using testing opportuni-
ties (e.g., reduced health literacy or difficult access) are
possibly underrepresented, resulting in an estimate that
likely represents the lower limit of the actual number of
infections. The data is available for all 400 districts (Ger-
man “Kreise” and “kreisfreien Stidte”, the NUTS-3 level),
which is the smallest area level available in the nation-
wide data on notified infections.

For the analyses, the covered time period ranged from
2 March 2020 (calendar week 10, as defined as start of the
first wave [29, 30]) till 19 December 2021 (end of calendar
week 51 in 2021). To calculate incidence rates (notified
cases per 100,000 residents with same age), SurvStat@
RKI uses population data (i.e. number of residents) from
the Federal Statistical Office. To allow for meaningful
comparisons of incidence rates between regions with dif-
ferent age compositions, we conducted direct age-stand-
ardisations and calculated age-standardised incidence
rates (ASIRs). More specifically, we used age-specific
incidence rates in 5 five-year intervals (from age 20 to age
64) and weighted each age group according to its distri-
bution in the revised European Standard Population [31].

We used the whole observation period (for a descrip-
tion of trajectories) and distinguished between the fol-
lowing four main waves of the pandemic to account for
possible variations when testing associations between
labour market indicators and incidence rates: wave 1:
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week 10-20 (2 march 2020-17 may 2020); wave 2: week
40-week 8 (28 September 2020—28 February 2021);
wave 3: week 9—week 23 (1 March 2021-13 June 2021);
wave 4: week 31—week 51 (2 August 2021—26 December
2021). This distinction corresponds to the latest official
German division of the pandemic phases of the Robert-
Koch-Institute, as of March 2022 [29, 32].

Geospatial information

Geospatial data came from the German Federal Agency
for Cartography and Geodesy as a SHAPEfile [© GeoBa-
sis-DE/BKG (2021)], with details at the district level
for 401 districts. To enable linkage of geospatial data
with incidence rates, we considered an administration
reform of July 2021 (where two regions in Thuringia were
merged into one) and merged the two respective region
(or “polygons”) into one region using the “mergepoly”
command in Stata [33]. Geospatial data both served as
basis for maps and as essential part of the spatial regres-
sion models (see below for details).

Regional labour market indicators

We included three indicators: (1) “employment rate”; (2)
“employment by sector’;, and (3) “capacity to work from
home”.

Information on the regional employment rates came
from the German Federal Agency for Work (“Bundesa-
gentur fiir Arbeit”) [34]. It measures the proportion of
working-age persons living in an area that is employed
(not counting people who are unemployed or looking for
a job) and refers to December 2019.

Employment by main sectors divided employment into
the three broad economic sectors (primary, secondary
and tertiary sector) in accordance to the European NACE
systematic (“Nomenclature des activités économiques”).
Specifically, we calculated the percentage of workers
working in a sector of all workers. The primary sector
covers occupation involved in basic production and the
extraction of raw materials (i.e., agriculture, forestry,
mining and fishery). The secondary sector includes man-
ufacturing and construction. These are jobs that produce
a finished, usable product or are involved in construction
(e.g., machinist, food processing, construction worker).
And the tertiary sector covers all occupations that dis-
tribute and sale goods, or provide services to other busi-
nesses or to final consumers (e.g., transport workers,
health care workers, entertainment and media). We again
used information from December 2019, provided by
regional and federal offices of statistics [35].

Capacity to work from home consisted of a recently
developed index that combines survey and administra-
tive data [36]. In short, the index uses information on
reported feasibility to work from home across different
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occupations (from the German BIBB/BAuA Employment
Survey from 2018), and combines respective informa-
tion with administrative data from the Federal Employ-
ment Agency on the frequency of different occupations
by regions. This results in an index that quantifies the
existing potential of working from home in each region
as percentage of jobs in a region.

All labour market indicators were available for the 401
German districts before the administration reform men-
tioned above. We therefore calculate population weighted
means of the two merged regions in case of “capacity to
work from home’, or recalculate rates based on absolute
values for the two other labour market indicators.

Additional variables

We also included regional information on the following
factors, mainly as potential confounders in multivariable
analyses (after checking for possible multicollinearity
between these variables): proportion of employees with-
out professional qualification as percentage of all employ-
ees (as an indicator for the qualification level of the active
workforce), proportion of female employees (to account
for sex composition of the workforce), median salary
income based on people living in the region (to consider
the general income level of workers), district type based
on four categories: “large city district’, “urban district’,
“rural district with populated areas’, and “sparsely popu-
lated rural district” (to consider degree of urbanization),
settlement density measured as number of residents per
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square kilometre in urban areas of settlement and trans-
port space (accounting for residential density/proximity),
average living space in square meter per accommoda-
tion (accounting for size of housing spaces), and border
region (whether a district is a direct neighbour to another
country). All variables were harmonised into 400 regions.
Details of each measure, including data sources and
year of measurement are summarised in Table 1. Table 2
presents a correlation matrix of all measures used.

Analytical strategy

After a simple overview of all variables under study, we
present the geographical distributions of ASIRs for the
calendar weeks with the highest rate throughout Ger-
many in each of the four waves, together with Moran’s
test of residual correlation (to test for spatial autocorre-
lation) [37]. We then present trajectories for the entire
observation period of ASIRs by different levels of regional
labour market indicators. In that case, each labour mar-
ket indicator was regrouped into “low”, “medium’;, and
“high” (based on tertiles) and we calculated mean scores
of ASIRs by respective groups and calendar weeks.

For an in depth study of the associations between
regional labour market indicators and regional ASIRs,
we then estimated (separately for the four waves) spatial
regression models for panel data including random effect
for regions (i.e., random effects models) [14, 38]. In con-
trast to standard panel regression models (that assumes
that neighbouring regions are independent), spatial

Table 1 Sample description for district level measures (400 regions): percentage (Col. %) or mean and standard deviation (SD), year

and source

Categories or range Col % or mean (SD) Year Source
Employment rate 455-70.3 6221 (4.15) 2019  Federal Agency for work
% of workers in 1st sector 0.0-84 1.93(1.63) 2019  Federal Statistical Office of Germany
% of workers in 2nd sector 6.2-55.0 2748 (9.24) 2019  Federal Statistical Office of Germany
% of workers in 3rd sector 444-938 70.59 (9.79) 2019  Federal Statistical Office of Germany
Capacity to work from home 47.3-65.1 54.02 (3.64) [36]
% of employees without qualification  5.6-21.3 12,63 (3.14) 2019  Federal Agency for work
% of female employees 41.0-50.7 4641 (1.81) 2019 Federal Agency for work
Average income in € (median) 2494 5-4668.6 333942 (394.33) Federal Agency for work
District type Large city district 16.75 2017  Federal Office for Building and Regional

Planning

Urban district 3275

Rural district with populated areas  25.25

Sparsely populated rural district 25.25
Settlement density (residents per km?)  612.0-6439.0 2170.02 (1059.10) 2018 Federal Statistical Office of Germany
Average living space (m?) 70.0-155.0 114.99 (18.24) 2017  Federal Statistical Office of Germany
Border region Yes 89.25 2019 Federal Agency for Cartography and

Geodesy
No 10.75
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Table 2 Correlations (Pearson’s) for all continuous district level measures
1 2 3 4 5 6 7 8 9 10
1 Employment rate 1
2 % of workers in 1% sector 0.26 1
3 % of workers in 2" sector 0.57 0.26 1
4 % of workers in 3 sector —0.58 — 041 —0.99 1
5 Capacity to work from home —0.15 — 041 —043 048 1
6 9% of employees without qualification — 042 —-037 —0.08 0.14 0.13 1
7 % of female employees —0.15 0.05 — 041 038 0.14 — 053 1
8 Average income in € (median) —0.08 —-027 - 002 0.06 0.72 046 —038 1
9 settlement density (residents per km?) —0.35 — 067 — 046 0.54 0.67 0.49 —0.05 0.51 1
10 Average living space (m?) 0.28 0.59 0.55 —0.62 —0.39 —0.04 — 024 0.02 -0.67 1

models extend standard panel models by including geo-
spatial information, and thereby, enable to account for
spatial autocorrelation in different ways [14, 39]. Spatial
models (for cross-sectional and panel data) are recently
used extensively to evaluate geographical differences
in COVID-19 and yield less biased estimates in case of
spatial autocorrelation (see [14, 38, 39] for details). Spa-
tial models principally follow two approaches to address
spatial autocorrelation (and combinations and varia-
tions thereof): through a spatial lag model (also called
spatial autoregressive (SAR) model) or through a spatial
error model (SEM model). In short, the SEM reflects that
neighbouring regions possibly share common character-
istics (by including a spatial error component into the
model), and the SAR model extends standard regressions
by adding a “spatially lagged” dependent variable as pre-
dictor into the regression, thus, allowing that incidence
rates of one regions can also affect incidence rates of
neighbouring regions (spillover effects). Further exten-
sions are a hybrid SAC model (combining both features of
the SEM and SAR model), and a SLX model that includes
spatially lagged explanatory variables. To allow for these
extensions, spatial regressions require that geographical
information is in a so called “spatial weighting matrix”
that quantifies the distances between each pair of regions
(resulting in a symmetrical 400 x 400 matrix in our case).
In the present study, we defined the spatial matrix using a
contiguity weighting matrix (first order, queen criterion)
where direct neighbours can affect each other. To select
the best fitting spatial model, we contrasted the AIC
(Akaike Information Criterion) and the BIC (Bayesian
Information Criterion) statistics of the four spatial Mod-
els named above to a standard linear model (SLM) for
panel data, as well as we compared models based on like-
lihood ratio tests. Details are provided in the supplemen-
tal material (Additional file 1: Table S1). On that basis, we
saw the that SLMs are likely to be misspecified (because

of obvious autocorrelation) and opted for SEM Models,
that revealed best model fits together with the hybrid
SAC models (which rely on SEM). The SEM model is also
the most widely used one in the literature.

As to the modelling strategy, we present estimates of
two strategies. First, all models are estimated for each
of the five labour market indicator separately (separate
models, Table 3), and include the additional variables
named above together with dummies for each calendar
week. Second, we estimate models where labour mar-
ket indicators are included simultaneously (with same
adjustments, simultaneous models, Table 4). As such,
the separate models allow to evaluate the total effect of
each indicator on ASIRs, and the simultaneous models
help to explore which of the indicator may still have a
direct effect after conditioning for the remaining indi-
cator, that is, the partial effect after removing contri-
butions through other indicators [40]. In contrast to
the descriptive analyses, the labour market indicators
are each treated as continuous variables in the regres-
sion (avoiding loss of information). In doing so, we
also tested for a possible non-linear relationship of the
labour market indicators (by adding quadratic terms)—
but these were not integrated in the final models due
to absent additional explanatory power. In the Results
section, we present estimated coefficients by wave for
each of the labour market indicators (resulting in 20
models) together with confidence intervals (95%) and
p-values. Finally, to summarise the main findings and
to study if trajectories vary by labour market indicators,
we re-estimate all models of Table 3 (separate models)
with additional inclusion of interaction terms between
calendar week and labour market indicators. On their
basis, we predicted trajectories of incidence rate (i.e.,
“adjusted predictions at representative values”) for the
cases of a high, medium and low value of each labour
market indicator (based on Stata “margins” command



Page 6 of 14

(2022) 22:661

Wahrendorf et al. BMC Infectious Diseases

3[99M JEPUS|ED UDBS J0j PAPN|DUL SR SIIWNP Se |[9Mm se ‘uoibal J1apiog pue ‘@deds Bulall abeiaAe ‘AHSUSP JUSWS|1IDS
‘adA1 1o13s1p ‘Bwodul dbelane ‘saakojdwa ajewsy jo uopiodoid ‘uonedyijenb jeuoissajoid Inoyum saakojdwa Jo uontodoid 1oy paisnipe ae s|apoly *A|91eledas Jojedipul 133IewW JNOge| Ydes 104 Pale|ndjed aie S|9pow ||y

1000> (0L'6 —//8/L =) 8FEL— 1000 (841 —/S¥9—) Ll¥— ¥800 (0s0/v8Y =) LTT— ¥680 (£80/00°L =) 900 — SWoY Wioly iom 03 Adeded

l000>  (S8€—/€85—) ¥8v—  1000> (LI'Z—/80€—) 65C— 1000> (I§1—/€9C—) L0CT— 1000> (1T0—/%90—) €£+0— (101235 A1B1J31 Ul 9) 5101235 Ag JuswAojdwi3

1000 > (¥85/(8€) S8¥ 1000> (SL'€/0T0) 89¢C 1000 > (0L2/191) 91¢C 1000> (Z90/070) L0 (101235 AIPPUOD3S Ul 9) 510195 Ag JuswAojdui3

%290 Y9v/sLL—) SSL—  1000> (LST—/6/8—) 895— SO00 (bWl —/¥T8—) ¥8v— 1/80 (SEL/SLL—) 010 (101935 Alewiud Ul 9p) 5101935 Aq JUsWAojdwig

1000 > (rze/cl's) 8l 1000 > OTs/vLe) L1y 1000 > (€1V/641) 96T 1000 > (L£1/T50) S60 a1e) JUsWIAojdw3
anjea-d (%S6) 1D j20> anjea-d (%S6) 1D  $20D anjea-d (%S6) 1D 320> anjea-d (%S6) 1D $90D
¥ oAR € 9AeM\ T 9N\ L @AM

sanjeA-d pue ‘(9456 |D) S|eAISIUL 92USPYUOD ‘(320D) WUSIDYR0D) i(S|opouwl a1eledas) e1ep [aued Joj [spowl 104 [elieds
uo paseq sanem djwaspued jualayip 1o} uoneindod abe-Bupiom 104 s3181 3DUIPIDUL 7-A0D-SHYS Pasipiepuris-abe pue sI01edIpul 193IeWl INOGe| U9SMISg UOIRIDOSSY € ajqeL



Page 7 of 14

(2022) 22:661

Wahrendorf et al. BMC Infectious Diseases

399M JepUS|ED UDBS 10j PAPN|DUI BB SIIWNP Se |[9Mm se ‘uolbal Japiog pue ‘@deds Bulall abeiaAe ‘AHSUSP JUSWS|1IDS
2dA3 10113s1p ‘DwodUl abeISAR ‘s9K0|dWS 3jeway jo uoniodoid ‘uonesyiienb jeuoissajoid INoyum seako|dws Jo uoiriodoid 1oy pasnipe aie S|PPOIA 'S|9POW Y3 03Ul A|SNOSUBYNWIS PIPN|DUI SJ. J0JeDIPUI }33JeW Jnoge]

A3yuieaul|od Jo asnedaq PAIUWQ ,

L000>  (LT¥ —/S6TL—) 198  19C0 (Y60/8¥€—) [TL— 9580  (S8T/9€T—) +T0 SEF0 (BEL/650—)  6£0 awioy wouj yjiom o3 A1eded

- - - - »(101035 A1B[113) Ul 95) 5101935 Aq JuawAoduwig

1000> (Lyy/9€0)  TrE 1000 > 9se/8Y'l)  T0T 1000> OreeLl) el 8000 (L50/600)  €£0 (101935 A1PPUOIIS Ul 96) 5101935 AQ JUSWA0|dW3

0£6'0 (085/0£S—) SZO 9100  (€90—/919—) 6£€— 6900  (bT0/LT9—) TOE— 06V0 (89°1/180—)  #+0 (101935 Alewiud Ul %) 5101935 Aq JUsWAojdwig

1000 > ((89/880) /8% 1000 > (SSe/Lv'l)  1ST SL00 (€£T/6T0) 151 €000 (LUL/STO) 120 3181 WawAoldwg
anjea-d (%S6) 1D j20> anjea-d (%S6) 1D 20D  anjea-d (%S6)ID 20D  anjea-d (%S6) 1D J20D
7 9ne\ € 9ARM\ T 9Aep\ L @AM

sanjeA-d pue ‘(9556 D) S[eAISIUL 92USPYUOD ‘(J20D) JUSIDYJR0D) ((S|9POoW Snosueynulis) exep [aued 1oy [9poul 104 [eljeds
uo paseq sanem djwspued jualsyip Joj uonendod abe-Bupiom 10§ s3181 3DUIPIDUL 7-A0D-SHYS Pasipiepueis-abe pue sI01edIpul 193IeWl INOGe| U9SMISg UOIRIDOSSY { a]qeL



Wahrendorf et al. BMC Infectious Diseases (2022) 22:661

[41]). Specifically, trajectories were predicted in case of
a mean value (“medium”) and plus/minus one standard
deviation (“high” and “low”) and are shown in Fig. 3.
Results of the interaction tests (comparing models with
and without interaction terms) are summarised in the
supplemental material (Additional file 1: Table S3), pre-
senting degrees of freedom (depending on the number
of calendar weeks), the test statistics (Chi?) and corre-
sponding p-values.

As part of robustness checks, models were recalculated
with alternative weighting matrices (i.e. inverse distance
matrix). Additionally, in the case of wave 3 and wave 4
(where vaccination was possible), all models were rerun
and additionally included a proxy measure on cumulative
COVID-19 vaccination rates for each region (see Addi-
tional file 1 for details). All calculations, maps and graphs
were produced with Stata 17.0, and we used the “spxtre-
gress, re” procedure as part of the “sp” package for spatial
panel analyses.

Results

Descriptive findings

Table 1 shows that the proportion of employed working-
age persons in a region ranges from 45 to 70 percent,
with a mean value of 62 percent. Also, we observe that
most people either work in the secondary or the ter-
tiary sector. In other words, regional labour markets are
mainly divided between the secondary and tertiary sec-
tor. This also explains the very high correlation between
the two later sectors in Table 2 (— 0.99). From Table 2 it
is also worth noting that regions with a large tertiary sec-
tor have higher opportunities to work from home. Turn-
ing to the maps presented in Fig. 1 (and Moran’s test of
residual correlation), there clearly are spatial autocorrela-
tions in ASIRs in all four waves, with clustering of high
rates during the first wave in Southern Germany (spe-
cifically Bavaria) and a clustering of high rates in Eastern
Germany (specifically Thuringia and Saxony) during the
remaining waves.

Figure 2 gives a first answer on how ASIRs for working-
age populations differ by regional labour market indica-
tors. The shaded areas cover the four pandemic waves
and—in the case of employment sectors—the figure
focuses on the secondary sector (because the primary
sector is negligible and because findings for the third sec-
tor are complementary). With except of wave 1, rates are
highest in regions with a high employment rate. Also,
regions with a high proportion of people working in the
secondary sector (and vice-versa with a less established
third sector) or with low capacities to work from home
have generally higher ASIRs—at all studied phases of the
pandemic.
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Results of spatial regression models

Estimates of main analyses are presented in Tables 3
and 4, with four findings worth noting: First, employ-
ment rates and incidence rates are positively associated
in all four waves, with lowest estimates in wave 1 (where
weekly incidences rates are generally lower). Second,
turning to employment sectors, regions with a pro-
nounced secondary sector have higher ASIRs—again
specifically in wave 2 to 4. Conversely, regions with a
pronounced tertiary sector reveal lower rates. Third,
from wave 2 to 4 we see that higher capacities to work
from home are increasingly related to lower incidence
rates. Fourth, when comparing results between Tables 3
and 4, estimates are generally attenuated but remained
significant in most cases, even after conditioning for the
remaining career characteristics (with the only excep-
tion of capacity to work from home in wave 3), thus sug-
gesting that the indicators are independently related to
ASIRs. In addition, this indicates that capacity to work
from home could be an intermediate factor (partial medi-
ation) linking employment rate and the employment sec-
tor with ASIRs, as well as the employment sector partly
acts a confounder in the case of capacity to work from
home (where a pronounced secondary sector affects both
capacity to work from home and ASIRs). In sum, our
findings confirm descriptive results, even after adjusting
for various factors (incl. settlement density, district type,
border region, level of qualification, proportion of female
employees) and considering spatial autocorrelation, with
p-values providing evidence against the null-hypothesis
for all the reported associations. Findings for wave 3 and
wave 4 also remain consistent in sensitivity analyses addi-
tionally adjusted for a proxy measure of vaccination rates
(see Additional file 1: Table S2 for details).

To summarize the main findings, Fig. 3 presents the
predicted ASIRs at given levels of labour market indica-
tors (mean+—1 SD) for each calendar week under study
(adjusted for same covariates as in Table 3). Again, we
clearly see that rates are particularly high for regions with
higher rates, with a high proportion of people working in
the secondary sector, or with low capacities to work from
home. Furthermore, for these latter regions, the increase
in incidence rates (beside the overall level) appears gen-
erally steeper—a result that is further supported by the
fact that interactions between labour market indicators
and calendar were all significant with p-values<0.001
(see Additional file 1: Table S3 for details).

Discussion

This ecological study provides evidence that regional
labour markets and their properties are related to
regional patterns of SARS-CoV-2 infections in the
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Peak of wave 2
(week 52)

Peak of wave 1
(week 14)

Moran's test of residual correlation
Chi2(1) = 383.5, p < 0.001

Moran's test of residual correlation
Chi2(1) = 275.2, p < 0.001

Regional distribution of age standardized incidence rates by wave
(for calendar week with highest rate)

Fig. 1 Regional distributions of weekly age standardised SARS-CoV-2 incidence rates by wave in Germany (for the calendar week with highest rate
in Germany) and results of Moran’s test of residual correlation (spatial autocorrelation). Note. Shaded areas cover the four pandemic waves
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Moran's test of residual correlation
Chi2(1) = 729.3, p < 0.001

Moran's test of residual correlation
Chi2(1) = 227.8, p < 0.001

working-age population in Germany. In detail, for all four
phases under study we find that regions with higher pro-
portions of people in employment have generally higher
weekly age-standardised incidence rates, and that regions
where more people work in the secondary sector or with
low capacities to work from home (mainly in waves 3 and
4 though) have higher rates as well. Furthermore, findings
indicate that these latter regions also experience a steeper
increase of infection rates in the course of the four waves
under study. Findings are based on spatial models that
account for spatial autocorrelation and remained stable
after adjusting for potential confounders at the regional
level. And—in cases of wave 3 and wave 4—the reported
findings were also found when additionally adjusting for
a proxy measure of vaccination progress.

Overall, the observed associations are in line with pre-
vious studies, specifically ecological studies that inves-
tigate socioeconomic deprivation in conjunction with
SARS-CoV-2 infection rates or COVID-19 mortality
[23, 42]. Yet, by focussing on working-age populations
and conducting refined spatial panel analyses of trajec-
tories of weekly age-standardised incidence rates that
consider both regional clustering and potential regional
confounders, we provide evidence that adds to existing
research in at least two ways: First, by including an indi-
cator that measures the general amount of employment
at the regional level, we highlight that work and employ-
ment could be key factors for infection transmissions in
a region, and thus, that the workplace may be an impor-
tant entry point for interventions. Second, the finding
of higher infections rates in regions with a large second-
ary sector (or conversely a small tertiary sector) adds to

current knowledge that is either limited to smaller geo-
graphical areas [28], or relies on studies that use cumula-
tive infection rates across an extended observation period
as outcome without focussing on labour market factors
[43, 44]. Sure, the considered occupations of the second-
ary sector (i.e., all occupations involved in the production
or the construction of goods) must be considered as het-
erogeneous in our case, clearly asking for refined analy-
ses to investigate if certain occupations within the sectors
are driving the varying incidence rates. But our findings
give good reasons to believe that people who work in
regions where more people work in the secondary sec-
tor are generally more likely to be exposed to the virus
(at least for the studied periods of the pandemic). This is
also supported by studies relying on individual data that
show that essential workers in the secondary sector (e.g.,
food production) have higher rates and that many jobs of
the tertiary sector (e.g., financial services or media) have
lower rates (with the exception of health care workers)
[2, 8]. On the one hand, we may speculate that protec-
tive measures in the secondary sector (e.g., social dis-
tancing or use of face masks) are less established and
less effective (e.g., when working in a large manufactur-
ing hall compared with office work). Also, the number of
co-workers in close proximity at work is possibly higher
compared with office work. On the other hand, though,
our results suggest that opportunities of working from
home, including the possibility to reduce work-related
mobility (e.g., public transport to the workplace), are
much smaller in jobs of the secondary sector. The latter
idea is also supported by our finding of a negative corre-
lation between size of the secondary sector and capacity
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Fig. 2 Trajectories of weekly age-standardised SARS-CoV-2 incidence rates (ASIRs) for working-age population (aged 20-64 years) by levels of
regional labour market indicators (based on tertiles) in Germany

to work from home, as well as in models where labour
market indicators are included simultaneously. The
named aspects (i.e., transmission risks, mitigation meas-
ures, work from home) are also important components

of recent efforts to estimate potential SARS-CoV-2 infec-
tion risks and to develop a respective job exposure matrix
[45, 46]. Another reason, though, may be that the sec-
tors were differently affected by closures as part of the



Wahrendorf et al. BMC Infectious Diseases (2022) 22:661

Page 11 of 14

ASIRs by employment rate

Wave 1 Wave 2 Wave 3 Wave 4
«n 100 400 400 800
o
@ 75 300 300 600
B 50 200 200 400
£
g 25 100 100 < 200
a
0 r T T T T 1 0 r T T T T O T T T 0 r T T T 1
10 12 14 16 18 20 40 45 50 2 7 10 15 20 31 36 41 46 51

ASIRs by proportion working in secondary sector

0

Wave 1 Wave 2 Wave 3 Wave 4
«» 100 400 400 )
o High
%) 300 300
< N\ A SN .
Medium
3 200 200
k3]
5 100 1007~ Low
Q
n_ r T T T T T T T T T 1 0 0 r
10 12 14 16 18 20 40
ASIRs by capacity to work from home
Wave 1 Wave 2 Wave 3 Wave 4
» 100 400 400 800
o
n 75 300 600
<
E 50 200 400
[$] 22 N \
S 25 100 //\ 200
j
o

0! T T T
10 12 14 16

T 1
18 20

T
10
Calender week
Fig. 3 Predicted age-standardised SARS-CoV-2 incidence rates (ASIRs) for working age population (aged 20-64 years) at given levels of labour
market indicators (mean + — 1 SD) for different pandemic waves based on spatial error model for panel data (same adjustments as in Table 3)

T T r T T T 1

15 20 31 36 41 46 51

non-pharmaceutical interventions implemented to con-
tain the pandemic. In fact, while large parts of the tertiary
sectors were affected through closures of several busi-
nesses (the gastronomy, cultural institutions, or shops),
many industries of the secondary sectors remained open.

On a more general note, our study illustrates the neces-
sity of extending the growing evidence on socioeconomic
differences in infection risks to factors that are consid-
ered as potential explanations. Future ecological stud-
ies also need to focus on other potential explanations of
socioeconomic differences, such as pre-existing health
conditions [27], air pollution [47, 48] (as two potential
reasons for greater vulnerability), or on measures captur-
ing different access and use of medical care in a region
(incl. adherence to NPI and vaccination coverage) [49].
Here, the included measure of vaccination rate as part of
our sensitivity analyses must clearly be seen as a prelimi-
nary measure that deserves more methodological refine-
ments (assuring that we know where vaccinated people
live) and more analyses.

The study has several limitations: First, we again need
to consider that work and employment are possibly

one—though it is not the only factor that may explain
regional variations of infection rates, and other factors
equally deserve attention in future studies to understand
varying infection risks [50, 51]. Beside those just named
above, these may also be more general aspects not nec-
essarily related to socioeconomic deprivation, such as
meteorological information (e.g., number of raining days
or average temperature), sanitation or hygiene, public
transport systems or policy interventions at the regional
level. Second, albeit we maintain that ecological studies
are instrumental, and well-suited to supplement indi-
vidual data (because of the direct relevance for potential
interventions), we need to be very careful when drawing
conclusion from the regional to the individual level. At
this point, we need to remember that—albeit being the
smallest level available—our study relies on rather large
areas. We therefore must consider the risk of an ecologi-
cal fallacy including potential heterogeneity of workers
within regions. To be clear, we cannot guarantee that
those who are employed in the secondary sector of a
region are also those who are infected. Future extensions
of this study, therefore, should study if our findings are
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confirmed at a more granular regional scale (with pos-
sibly more pronounced associations), as well as on the
basis of individual-level data. Another limitation relates
to testing strategies in the regions. While our study is
based on official data on notified laboratory-confirmed
infections based on widely accessible testing opportuni-
ties and identical notification procedures throughout
Germany, we still may ask if some occupational groups
could be more likely to be tested in some regions than
others (and thus to be detected and notified as cases).
Yet, because testing opportunities (i.e., antigen rapid tests
with subsequent PCR-test in case of positive result) were
free of charge throughout the whole observation period
of this study, and because respective policy changes are
decided at the federal level for all regions (irrespective of
the workforce composition of a region), it is unlikely that
the found differences by regions are affected by changes
of testing strategies during the observation period. In a
similar way, it is known that health seeking behaviour
varies by occupation [52], meaning that some infections
are possibly more likely to remain undetected for some
occupational groups. A recent German study, for exam-
ple, compared nationwide findings from a SARS-CoV-2
seroepidemiological study with data on notified infec-
tions and estimated that up till 45% of SARS-CoV-2
infections remained undetected [53], with slightly higher
values in socioeconomically disadvantaged regions.
Along these lines, we may speculate if our study under-
estimates the association with ASIRs in the cases of the
secondary sector and low capacities to work from home,
as these are possibly jobs with more people working in
less advantaged occupations.

Another limitation relates to the generalisation of
results. Albeit our study covers nearly 2 years of the pan-
demic and distinguishes four periods, insights into sub-
sequent waves with other dominant virus variants are
not possible. Results also need to be replicated for other
countries. Finally, although our study firstly allows to
compare regional variations in infection rates focusing
on working-age populations, we still need to question if
the observed differences for working-age populations are
also translated into differences at the population level.
Because infections are likely to be transmitted within
families, and because the overall regional disparities cor-
respond to what is observed for the general population
[16, 23], there are good reasons to think that this is the
case.

Conclusions

In conclusion, our study extends current knowledge, by
analysing regional variations of SARS-CoV-2 infection
risks across four waves of the pandemic by regional
labour markets and their properties. This underlines
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the importance of work and employment as key
domains and places for transmission risks. In doing so,
it points to the necessity of strengthening these fac-
tors as essential component of pandemic preparedness
plans and to amend workplace interventions, particu-
larly among workers of the secondary sector without
opportunities of working from home.
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