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Modelling variations of emergency 
attendances using data 
on community mobility, climate 
and air pollution
Dirk Weismann 1*, Martin Möckel 2, Heiko Paeth 3 & Anna Slagman 2

Air pollution is associated with morbidity and mortality worldwide. We investigated the impact of 
improved air quality during the economic lockdown during the SARS-Cov2 pandemic on emergency 
room (ER) admissions in Germany. Weekly aggregated clinical data from 33 hospitals were collected in 
2019 and 2020. Hourly concentrations of nitrogen and sulfur dioxide (NO2, SO2), carbon and nitrogen 
monoxide (CO, NO), ozone (O3) and particulate matter (PM10, PM2.5) measured by ground stations 
and meteorological data (ERA5) were selected from a 30 km radius around the corresponding ED. 
Mobility was assessed using aggregated cell phone data. A linear stepwise multiple regression model 
was used to predict ER admissions. The average weekly emergency numbers vary from 200 to over 
1600 cases (total n = 2,216,217). The mean maximum decrease in caseload was 5 standard deviations. 
With the enforcement of the shutdown in March, the mobility index dropped by almost 40%. Of all air 
pollutants, NO2 has the strongest correlation with ER visits when averaged across all departments. 
Using a linear stepwise multiple regression model, 63% of the variation in ER visits is explained by the 
mobility index, but still 6% of the variation is explained by air quality and climate change.

As a consequence of the economic  lockdown1 during the SARS-CoV2 pandemic in  20202 a reduction of air pol-
lution and a possible beneficial effect on health was hitherto described in several regions of the  world3–5. Stroke, 
ischemic heart disease (IHD)6, COPD, acute lower respiratory infections (LRI) and lung cancer are major diseases 
that are affected by air  pollution7,8 and a recent Canadian study also demonstrated an increased number of ER 
visits for nervous system disorders in association with decreased air  quality9.

Industrial emissions, traffic related fuel combustion or road dust are the prime sources of ambient air pol-
lution, contributing to nitrogen and sulfur dioxide (NO2, SO2) emissions and to the generation of particulate 
matter (PM). Clearly, detrimental health effects are related to long-term exposure to air  pollution10–14. Early 
reports on air pollution and mortality date back to the 1950s, analysing the harm of the London fog at these 
 days15. Over the last decades, a growing body of evidence has proven the impact of air pollution, especially 
PM concentration, on  mortality16–18. The attributable burden of disease (BoD) from air pollution is a matter of 
discussion, but methodological improvements consolidated the rank of air quality as one of the top global risk 
factors in public  health7.

While short-term exposure-mortality associations are considerably lower compared to long-term exposures, 
variations have been observered with a 10 mg/m3 increase of PM10 (PM < 10 µm diameter) on a 3-day lag in 
time-series  analysis19 and a study from Turkey showed that PM10 and/or SO2 short-term exposure in single- and 
multi-day lag models was related with increased asthma, and/or COPD hospital  admissions20.

While both, ambient and indoor emissions, contribute to air  pollution21, a specific reduction in ambient air 
pollution was inadvertently achieved by the economic  lockdown22. Regarding the lockdown in Europe, a large 
reduction in NO2 concentrations, a less pronounced reduction in PM concentrations and a mitigated effect on 
ozone concentrations was  described5. The latter was attributed to non-linear chemical effects in the atmosphere. 
Overall, however, the total number of deaths attributable to air pollution has not extensively increased in the 
European  region7. In Germany, a uniform reduction of ER visits was noted already before, but in particular with 
the enforcement of the  lockdown23. This was especially true for patients suffering from acute coronary syndrome, 
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ischemic stroke, and acute exacerbated chronic obstructive pulmonary disease (AECOPD). However, a gradual 
increase in ER-visits was noted already before the first lockdown  ended23,24.

In this study, we aimed to analyse the impact of reduced mobility, changed air quality and weather anoma-
lies on ER-admissions during the first and second lockdowns in the year 2020 compared to 2019. Using 2019 
as a reference year is characterized by unusually warm and dry conditions in spring and summer. Yet, the ER-
Admission data is only available for 2019 and 2020. Therefore, we had to restrict our analysis to the pre-Corona 
year 2019 as a reference and 2020 as the year with the most effective lockdowns. We hypothesized, that significant 
changes in air quality may impact on the incidence of ER-visits for diseases attributable to short-term changes 
in air quality. The study is based on a cross-validated statistical model combined with a Monte Carlo approach 
that can identify robust predictors for ER-admissions and their relative importance.

Results
Geospatial characteristics
The 33 participating emergency departments were evenly distributed all over Germany (Fig. 1). They were mainly 
located within larger cities or in their vicinity. The mean weekly emergency counts varied between under 200 
and over 1600 cases. These differences were related to the regional population density and the catchment area of 
the departments. They accounted for a considerable portion of the total variance of ER admissions. Therefore, 
all epidemiological time series have been standardized with respect to the pre-Corona year 2019.

Cases and lockdown
In total, 2,216,627 ER consultations were analysed. A characteristic reduction of case numbers was seen in all 
but 2 departments, starting in March 2020 (Fig. 2). The mean maximum reduction in case numbers over all 

Figure 1.  Location of the considered 33 emergency departments across Germany and their mean weekly 
number of admissions in the years 2019 and 2020. The map was created with the Generic Mapping Tools (GMT 
Version 4.5.6, https:// www. gener ic- mappi ng- tools. org).

https://www.generic-mapping-tools.org
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departments was enormous and amounts to 5 standard deviations. Details of the ER consultations for this study 
have recently been  published24. A gradual increase in summer was observed, followed by a marked decline in 
autumn. Furthermore, case numbers towards the end of 2020 were lower compared to 2019. Since the first 
lockdown in March 2020, none of the weeks in 2020 achieved the 2019 level of emergency cases. Except for very 
few outliers, the time series were rather smooth, especially in 2019. This implies that the low-frequency changes 
that are presumably imposed by the Corona lockdowns in 2020, clearly stand out from the background noise.

The mobility index showed relative weekly anomalies from the year 2019 (Fig. 3). Therefore, no changes 
occurred in 2019. The year 2020 started with above-normal mobility until the first lockdown was enforced by the 
German government in March. Within 2 weeks, mobility dropped by almost 40%. After a minimum at the end 
of March a slow recovery was observed with positive anomalies in summer 2020. With an increasing Sars-Cov2 
incidence in autumn and the second lockdown from November onward, the mobility of the German population 
decreased again, but less rapidly than in springtime.

Figure 2.  Standardized weekly ER admissions in each individual emergency department (grey lines) and 
averaged over all 33 departments (red line).

Figure 3.  Weekly mobility index of the German population as percentaged difference of a week in 2020 from 
the respective week in 2019.



4

Vol:.(1234567890)

Scientific Reports |        (2023) 13:20595  | https://doi.org/10.1038/s41598-023-47857-4

www.nature.com/scientificreports/

Air quality
The standardized time series of the considered air pollutants are illustrated in Fig. 4 as deviations from the sea-
sonal cycle during year 2019. The variability of most pollutants barely differed among the department locations, 
except for  SO2, which is more bound to variable local sources. Thus, the mean time series (red lines) represent 
most of the total variability. They reveal a noticeable minimum burden in February and March 2020, most likely 
explained by meteorological conditions in the form of intense rainfall and a washing-out effect in the atmosphere. 
It mainly took place before the first lockdown was enforced. Thereafter, it remained slightly below normal for 
most of the year. The time series of combustion related pollutants like CO, NO,  NO2,  PM10 and  PM2.5 varied 
closely in phase with each other. We therefore chose  NO2 as representative for CO, NO,  PM10 and  PM2.5. Note 
that among all air pollutants  NO2 had the strongest correlation with emergency cases averaged over all depart-
ments (r = 0.3, p = 0.05).

Figure 4.  Standardized weekly changes of air pollutants from the 2019 seasonal cycle around each individual 
emergency department (grey lines) and averaged over all 33 departments (red line).
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Weather conditions
Figure 5 depicts the standardized time series of daily maximum and minimum temperature as well as cumulative 
heat and cold stress, aggregated to the same weekly scale as the other predictors and the predictand. The mean 
seasonal cycle over the 1991–2020 period was removed to highlight anomalously warm and cold weather phases. 
It is obvious that the winter 2019/2020 has been unusually warm which is visible in the maximum and even more 
in the minimum temperature (top panels). In addition, cold stress was less pronounced in January and February 
(bottom panel). Both summers, in 2019 and 2020, were exceptionally hot, with several heat waves lasting up to 
4 weeks (second panel from bottom). The temporal variations of weather conditions were well in line across the 
different regions of Germany because large-scale circulation patterns typically govern the meteorological changes 
in Central Europe. Note that the existing spatial differences between the weather conditions are eliminated in the 
course of standardization. Maximum and minimum temperatures are also retained as predictors for the regres-
sion model because they exhibit ongoing fluctuations, in contrast to the time series of heat and cold stress, and 
although they correlate with each other (r = 0.85).

Figure 5.  Standardized weekly anomalies of weather conditions from the 1991 to 2020 mean seasonal cycle 
around each individual emergency department (grey lines) and averaged over all 33 departments (red line).
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Prediction of emergency department consultations
Together with the uncorrelated mobility index and three representative components of air quality a total of six 
largely independent predictors were taken into account. Using these six predictors, 69% of the total variability 
in emergency department consultations could be explained by the multiple regression model based on mean 
time series over the 33 departments (p < 0.01, Fig. 6, Supplementary Fig. S1). Note that the multiple regression 
used the long-term mean as default predictor with number 1 in the predictor spectrum. As to be expected, it 
does not at all contribute to the explained variance of the model (top panel). The prime predictor (here number 
2) was the mobility index, which explaining up to 63% of the variability in this model. Air quality and climate 
changes explained 6% of the variations of ER visits.

The number of robust predictors can be derived from the MSE spectrum in the middle panel of Fig. 6. The 
MSE dropped substantially when the mobility index was introduced as predictor. With each additional environ-
mental predictor, it decreased only slightly. Nonetheless, the minimum MSE was achieved when all predictors 
were taken into account, implying that they are all robust with respect to the control data.

The bottom panel of Fig. 6 illustrates the ranking of the predictors over 100 iterations of the statistical model. 
There is no doubt about the dominant role of the mobility index as predictor for ER visits in the year 2020: 
it is drawn as leading predictor in each of the 100 iterations. The second rank is mainly assigned to the  NO2 

Figure 6.  Results of the regression analysis based on an optimal selection of six predictors (see text), averaged 
over all 33 emergency departments: explained variance by predictor (top), reduction of MSE (mean squared 
error) by predictor (middle), and rank matrix of the predictors over 100 iterations (bottom).
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concentration as an indicator of air quality. In some model iterations, it was the maximum temperature or the 
tropospheric  O3 concentration. Minimum temperature covered the third rank, but it was sometimes replaced by 
the atmospheric  SO2 burden. The lower ranks are more shared among the predictors. In order to cross-validate 
our findings, we also evaluated the effect of squaring single terms (e.g. Mobility index) or meaningful combina-
tions (e.g. all air quality predictors; Supplementary Figs. S2–S6). In this analysis, the explained variance ranged 
between 63.5 and 68.5% (Supplementary Table S1). Additionally, we analysed the effect of PM2.5 instead of 
SO2 in model 7 (Supplementary Fig. S7). With PM2.5, the explained variance increased to 70.9%, but PM2.5 
dropped down to rank 5.

When the regression model was applied to individual time series for the 33 departments, the explained 
variance was slightly reduced due to the higher noise background at single locations (Fig. 7), but it still ranged 
between 20 and 70% (p = 0.01). An exception was found by the department No 8 (Fig. 7), that barely exhibited 
any fluctuations over the 2019–2020 period, also missing out the drop after the first lockdown (Fig. 2). Figure 7 
also shows that the explained variance is a function of the number of predictors retained by cross validation. At 
most locations, the full spectrum of six predictors was found to be robust. Sometimes the model only relied on 
the mobility index, but still achieved a good performance (Center No 27, Fig. 7), sometimes even the mobility 
index was not a good predictor (center No 17), and in one case only the long-term mean was identified as a robust 
predictor which, however, accounted for 17% of total variance (No 11, Fig. 7). In summary, the suggested statisti-
cal model with six representative predictors of emergency cases is well corroborated on the basis of individual 
locations and on average over all considered departments across Germany.

Discussion
The social an economic lockdown was associated with a significant decrease in emergency attendance in 
 Germany24. To better understand the impact of lockdown measures on variations of emergency attendance, we 
analysed the contribution of community mobility, air quality and weather changes. We can show that population 
mobility predicts 63% of the variation in emergency visits in Germany, while lower air pollution concentration 
explains another 6%.

Improved air quality in turn has been shown to decrease mortality and has been linked to cumulative exposure 
of PM2.5 e.g. in Eastern  Germany25. Although air quality has improved considerably during 5 years in Bejing, 
China, daily changes in PM2.5 concentration are still associated with hospital  admissions26. Analysis for Europe 
suggest a short-term increase in mortality by 0.76% for each increase in PM10 by 10 µg/m327.

Great impact of suddenly improved air quality as a result of economic closure in 2020 have been reported 
from parts of the  world28,29. For example, relative reductions in PM 2.5 were greater in Europe, but the actual 
reduction in PM 2.5 concentrations was more pronounced in  China4. In addition, PM 2.5 concentrations in 
Europe are reported to be three times lower than in  China4. In particular, the 2 years included in this analysis, 
2019 and 2020, were classified as exceptionally clean in Germany, with the lowest number of days on which the 
limit values for NO2, SO2 and PM10 were  exceeded30. In contrast, ozone is not dependent from emissions but 
rather from chemical reactions of organics and NO2 in association with intensive sun light  exposure31. There-
fore, rising ozone levels reflect longer episodes of increased air pollution in combination with an anticyclone. 
The WHO target of ozone concentrations below 100 µg/m3 as an 8-h moving average was missed at almost all 
ground stations in Germany in 2020. The need for an integrated view using models that account for multiple 
pollutants to determine the health effects of air pollution is  controversial13. The interactions among pollutants 
reflected in the formation of ozone are difficult to capture. Furthermore, reports suggest that in addition to size 
and concentration, the composition of particulate matter is also  important32. In line with other  studies3, we 
observed a high correlation of pollutants and NO2 was selected as representative for CO, NO, PM 10 and PM 
2.5. High NO2 concentrations were associated with  mortality3, with an 10 µg/m3 increase in NO2 concentration 
resulting in a RR of 1.03 [1.01–1.04] for COPD  mortality13. In addition, NO2 has been speculated to contribute 
to SARS-CoV2 morbidity, whereas particulate matter chronically impairs pulmonary  integrity28. Elevated SO2 
concentrations during the lockdown have also been  reported3, indicating that the improvement in air quality 

Figure 7.  Results of the regression analysis for each of the 33 emergency departments: explained variance of 
the statistical model (grey bars) and maximum number of robust predictors selected by cross validation out of a 
total of six predictors (red dots).
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was not uniform worldwide. These authors also showed, that SO2 concentrations varied across the country. By 
modeling the number of ER visits and changes in air quality, we were able to account for such regional differ-
ences. Compared to PM2.5, SO2 had a greater impact in our analysis achieving higher ranks after iteration of 
the models (Fig. 6, Supplementary Fig. S7). Therefore, SO2 was chosen as predictor over PM2.5, since PM2.5 
was also highly correlated with NO2 and NO2 was chosen as representative for CO, NO,  PM10 and  PM2.5. As the 
explored links between lockdown, air quality, weather conditions and emergency cases in Germany are unknown, 
we have preferred to employ the least complex statistical model using linear relationship to avoid overfitting of 
the model. A nonlinear regression model may enhance the explained variance, yet it is not well founded in theory. 
Taken together, a 6% decrease in emergency visits is an important observation on this basis and the achieved 
explained variance of the statistical model is relatively high compared with other studies in the nexus between 
environmental and medical  issues33,34.

Short-term effects of air pollution have been examined, and variations within 1 to 3 days have been shown to 
have effects on morbidity and  mortality19, as have medium-term effects extending over  weeks19,35. A study from 
Denmark suggests, that daily survival in myocardial infarction was associated with traffic-related air  pollution36. 
Also, a significant increase in blood pressure was associated with an increase in local PM2.5 concentrations in 
a study with 347  adults37. In addition, seasonal variations in air pollution have been associated with mortality 
in hospitalized patients with cardio-respiratory  diseases38. While this is in support of our study, in contrast, 
there was a large short-term decrease in NO2 and PM10 concentrations during weeks 10 and 11 in 2019 as a 
result of storms Bennet, Cornelius, Dragi, Eberhard, Franz, Heinz and Igor passing over Europe. We analysed 
the effect of these storm-related air quality improvements in detail but did not detect any changes in hospital 
admissions during weeks 10 and 11 and the two weeks thereafter. Possibly, the weekly aggregation of the admis-
sion data in our study does not provide the resolution required to identify variations in this regard. Recent data 
suggest that air-pollution analysis needs to be performed at neighbourhood-level  resolution39. With respect to 
an exposure–response relationship, we correlated air pollution data from a 30-km2 grid around each emergency 
department to account for regional differences. However, population density was not included in the analysis 
but is indirectly reflected in the average admissions per emergency department. Since also other studies suggest 
a considerable seasonal and regional variation in health effects, it was hypothesized, that community-specific 
relative rates could be explained by differences in the chemical composition of particulate  matters32.

Ambient air pollution was associated with emergency department visits also before the SARS-CoV2-pan-
demia40,41. Importantly, the number of ER-visits increased steadily during each lockdown, which was associated 
with a steady increase in community mobility. The widespread use of medical masks and KN95/FFP2 masks in 
Germany also contributed to reduced exposure to airborne pollutants, but the effect is difficult to assess because 
masks were primarily worn indoors. Recent studies on masks have focused on the prevention of transmittable 
diseases, but not on reducing exposition to pollutants. Traffic noise is known to affect  health42,43 and indeed the 
sudden improvement in noise may have contributed to our observation. Obviously, the number of traumas is 
associated with traffic intensity, but lower traffic volume does not explain the decrease in nontraumatic emer-
gencies. Covid-anxiety clearly plays a role, whereas the overall effects remain  unclear44. Indeed, the decline in 
the number of unequivocal emergencies was not as pronounced as that in the number of unclear cases, and 
conversely, fluctuations in apparent emergencies during the lockdown were only  moderate24. Reduced avail-
ability of general practitioner capacity may also have reduced the number of admissions. It is well described how 
limited mobility reduces infectious disease  transmission45, but again, the majority of ER-visits were not related 
to communicable diseases because we focused on trigger diagnoses such as myocardial infarction, stroke and 
AECOPD. Reduced mobility may indicate reduced social distress, and one could speculate whether reduced 
workload has a positive effect on health. However, social distancing itself increases the prevalence of depression 
and  anxiety44 and is therefore associated with an increased burden of disease.

Another key determinant of morbidity and mortality are climatic stressors during heat waves and cold spells. 
The 2003 heat wave in Western and Central Europe has probably caused up to 70,000 deaths in France and 
 Germany46. Since then, heat waves in Germany have claimed lives almost every year, especially in the south-
ern  part47. The occurrence of strokes is particularly sensitive to certain weather anomalies and extremes, e.g., 
heat waves, cold spells, and rapid changes between air masses of opposite  temperature48. In addition, weather 
anomalies interact with air  quality49 and pose a double risk for various disease patterns such as cardio-vascular 
disease in European  cities50.

A correlation between air quality and SARS mortality rates was already identified during the response to the 
first SARS outbreak in  200351. In addition, an 18% decrease in chronic obstructive pulmonary disease mortal-
ity rates in China in 2020 was associated with a reduction in PM 2.5 emissions after the introduction of the 
 lockdown52. A stringent lockdown was also enforced in India from March 24, 2020. A significant improvement 
in the air quality index, which includes particulate matter (PM10 and PM2.5), nitrogen dioxide (NO2), sulfur 
oxide (SO2), carbon monoxide (CO), and ammonia (NH3), was described from Sentinel-5 satellite data on the 
first day of the lockdown, and a decrease in mortality was later reported specifically in areas with improved air 
 quality29. However, differences in the effect of a lockdown are found in a study comparing changes in air quality 
in London and Delhi where it turned out, that also other causes such as residential and background pollution 
are  important53. The climate in 2019 and 2020 was also not representative for the central European climate, as 
both years were exceptionally hot in summer. In 2020, the second warmest winter and the second warmest year 
on record were  reported30. Lower heating demand is expected to improve air quality, whereas higher ambient 
temperature could be associated with enhanced chemical reactions in the stratosphere or have a direct negative 
impact on health. Thus, the overall effect of opposing trends in air quality and climate is unclear, but it appears 
that the negative effects of rising temperatures are more  important54. Indeed, heat stress proved to be one of the 
most important variables in predicting emergency admissions in our model.
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A limitation of our study is the short observation period, since climate and air quality studies usually include 
decades. Assuming, that exposure increases the risk of developing individual diseases, such as lung cancer, long-
term studies are needed. However, exposure to pollutants could also accelerate the manifestation of a disease 
such as AECOPD or lower respiratory tract infection, or promote plaque instability in myocardial infarction. In 
such models, short-term changes should visibly alter the incidence of related diseases accordingly. In addition, 
we used long-term climate data to identify significant changes from baseline during the observation period. The 
short- and long-term effects of changes in air quality are not well understood, but data from other parts of the 
world show that mortality decreases with increasing air  quality38. This study focused on adults, but the impact 
for Children’s Health was recently highlighted in a comprehensive  review55. Finally, predictand and predictors 
are appropriately processed to remove confounding effects such as seasonal cycles and shifts between emergency 
departments.

Conclusion
In summary, we were able to explain 69% of the variation in ER visits by using community mobility, climate, and 
air pollution data as independent variables. Community mobility had the greatest impact in this model. While 
overall air quality in Germany is very good/excellent, still 6% of the variation in emergency attendances could 
be explained by improvement of air quality during phases of economic lockdown in 2020 in Germany.

Materials and methods
Study centers
In this German multicenter study, data were collected in 33 emergency departments participating in the Ger-
man Forum of University Emergency Departments (Forum universitärer Notaufnahmen, FUN; n = 24) and the 
German Action Coalition for Information and Communication Technology in Intensive Care and Emergency 
Medicine (Aktionsbündnis Informations- und Kommunikations-technologie in Intensiv- und Notfallmedizin, 
AKTIN) Emergency Department Registry (AKTIN; n = 9).

Data collection
Data collection was conducted as previously  described24. Data collection included site characteristics of each 
emergency department as well as specific regional aspects. These included the number of patients and beds 
in each ED, regional lockdown measures and dates, and information on SARS-CoV2  testing24. Anonymized 
data were aggregated before transmission to the central data management at the Charité—University Hospital 
Berlin, Germany. The frequency of chronic obstructive pulmonary disease (COPD; ICD-10: J44) was recorded. 
Diagnoses were assigned to calendar weeks according to date of admission, and the coding of the ICD codes 
given was considered as the diagnosis, irrespective of whether it was an emergency department diagnosis, main 
hospital diagnosis, or a secondary diagnosis. The period of data collection covered all calendar weeks in 2019 
and 2020. For temporal granularity, weekly intervals were chosen (calendar weeks). No case data were merged 
on an individual-case basis.

Method of data extraction and transmission
Data for the 26 participating FUN centres were extracted from the hospital information systems, transferred to 
Excel spreadsheets in an aggregated manner (case numbers per CW), checked for internal plausibility and then 
transmitted to the central data management at the Charité—University Hospital Berlin, Germany, in anonymized 
form. In 10 hospitals, data retrieval of case-related data was carried out centrally via the infrastructure of the 
AKTIN emergency department  registry56, which enables multicentre use of routine data irrespective of the local 
emergency department documentation  system57.

Air quality and climate data
Air quality data were provided by the Umweltbundesamt, 06844 Dessau, Germany (UBA 2021). In total, seven 
components of air pollution were considered: CO, NO,  NO2,  O3,  PM10,  PM2.5 and  SO2. The pollutant concentra-
tion was measured hourly over the years 2019 and 2020 at over 600 ground level stations throughout Germany 
in μg/m3. In this study, we only used stations with a maximum distance of 30 km around the corresponding 
emergency department. In this study, we only used stations with a maximum distance of 30 km around the cor-
responding emergency department. The 30-km criterion is an estimator to determine a representative air quality 
for the exposed population of the catchment area on the one hand and on the other hand 30 km semi-rural/
semi-urban corresponds approximately to a distance that can be reached within 45 min. This should correspond 
to the core catchment areas of university emergency departments in non-metropolitan areas, which is typical 
for Germany. The number of available stations is slightly different for each pollutant. The minimum, mean and 
maximum number of groundstations within a 30 km catchment area around the emergency departments is 
1(in only one case), 28.6 and 76, respectively. All pollutant time series have been aggregated to weekly means, 
in accordance with the clinical data.

Meteorological data were taken from the newest ERA5 reanalysis data set in globally 30 km resolution 
provided by the European Centre for Medium-Range Weather Forecasts in Reading,  UK58. It emanates from 
a numerical weather forecast model that was initialized by all globally available meteorological observations 
from ground stations, radiosondes and satellites, providing a high-quality, complete and multi-variate dataset 
for meteorological and climatological  assessments58. We considered daily maximum and minimum temperature 
at 2 m height, aggregated to weekly means over the years 2019 and 2020. When comparing the meteorological 
time series with each other, it turns out that positive anomalies of maximum temperature in summer stands for 
heat stress and negative anomalies of minimum temperature during the cold seasons for cold stress. In addition, 
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positive anomalies of minimum temperature during summer denote heat stress, e.g., in the form of tropical 
nights. All correlations were statistically significant at an error level of 1%. In addition, a biometeorological index 
was considered from the same data set, i.e., the Universal Thermal Climate Index (UTCI). The UTCI is a com-
monly used index of physiologically relevant cold and heat stress (e.g.59). It is based on temperature, air moisture, 
solar radiation and wind speed. Here, we extracted two variables from the UTCI, indicating the cumulative heat 
stress and cold stress, respectively, over a calendar week. In order to enhance the spatial representativeness of 
local meteorological conditions, nine grid boxes around each emergency department have been averaged.

Mobility data during the lockdowns
The primary effect of the lockdowns during the year 2020 was assessed by means of a mobility index of the Ger-
man population which represents a metric index that is appropriate for classical statistical  models60. This index 
is based on anonymized mobile phone data at a daily time step, aggregated to the national level of Germany. It 
measures the total displacements of citizens across Germany. It has been introduced by the Federal Statistical 
Office specifically for the Corona pandemic to assess the effects of the lockdown imposition by the German 
government.

Data analysis
The ER admissions varied substantially among the 33 emergency departments, as does the population density 
and, hence, the number of people living in the catchment area of each emergency department. As these effects 
were not relevant for the phase relationships between our variables, we have standardized all time-series with 
respect to the mean and standard deviation of pre-Corona year 2019. The changes were then measured in stand-
ard deviations and denote the temporal changes that are of interest in the present study. The mobility index was 
used as percentage of 2020 with respect to 2019 based on weekly time series. Consequently, this index is constant 
over 2019 and measured the deviations during the year 2020.

The time series of air quality and regional weather conditions were standardized with respect to 2019 to 
remove spatial offsets, e.g., between urban and non-urban regions. In addition, they exhibit marked seasonal 
cycles that dominate the temporal variations and, hence, distract from the lockdown-induced differences between 
2019 and 2020 that are of interest here. Most components of air pollution peak in winter when anthropogenic 
emissions were enhanced, except for tropospheric ozone  (O3) that had a maximum in summer presumably due 
to more abundant photochemical reactions in the lower atmosphere. As the air quality data are not available 
over a longer time window, the seasonal cycle has been estimated by means of a 9-week running mean over the 
year 2019 that, thereafter, has been subtracted from the entire time series. Thus, the time series of air quality also 
denote deviations from a typical seasonal cycle in a pre-Corona year. In order to design the model as efficient 
as possible, only one representative was included in the regression analysis when predictor time series highly 
correlated with each other. Concerning the climate indices, the seasonal cycle of daily minimum and maximum 
temperature was even more pronounced. Heat stress only occurs between mid-May and end of August, where 
cold stress did not happen at all. Due to data availability, a proper mean seasonal cycle at weekly scale has been 
computed over the 1991–2020 period and subtracted from the 2019–2020 time series which, then, also reflected 
weekly anomalies of unusually warm or cold weather.

The statistical relationship between the three categories of predictors, i.e. mobility, air quality and weather, 
on the one hand and ER visits as predictand on the other hand was estimated by means of a linear stepwise 
multiple regression  model61. With seven components of air quality, four climate indices and the mobility index, 
the number of predictors is quite large. To avoid overfitting, the statistical model was based on only six out 
of 12 available predictors, two for climate, three for air quality and finally the mobility index. The subset has 
been selected according to the matrix of multicollinearity of the original predictors (Supplementary Fig. S1). 
The remaining predictors represented the main processes in the assumed link between lockdown, air quality, 
weather anomalies and emergency cases. In addition, the statistical model itself was able to identify and exclude 
predictor multicollinearity and, hence, overfitting. For this purpose, all weekly time series were split up into a 
training data set to fit the regression model and a control data set for cross validation, using the mean squared 
error (MSE) between the original predictand and the estimated predictand from the model. The whole sample 
consists of 103 complete calendar weeks in the years 2019 and 2020, 20 of which were retained for the cross 
validation. The selection of these 20 weeks was managed by a random process and iterated 100 times. Thus, the 
statistical model was estimated 100 times on the basis of different random samples, according to a classical Monte 
Carlo  approach61. In each iteration, the stepwise selection of predictors stopped, when the MSE increased in the 
control data, indicating that the new predictor was not robust with respect to independent data, mostly because it 
exhibited multicollinearity with a predictor that has been selected before. This procedure provided the following 
outcome: a ranking of the predictors over the 100 iterations, the optimal number of robust predictors, the mean 
explained variance of the statistical model and its statistical significance.

We applied a linear statistical model, since the nexus between lockdown, air quality, climate and ER-Admis-
sions is not backed up by any theory nor by empirical evidence that would justify higher-order relationships. 
Therefore, we chose a conservative proceeding using a simple model. In addition, nonlinear models require 
substantially larger samples that are not given by the available ER-Admission data.
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This study was performed in line with the principles of the Declaration of Helsinki. Approval was granted by 
the Ethics Committee of the Charité—University Hospital Berlin, Germany (EA1/163/20) and the data use and 
access committee of AKTIN (Project-ID 2021-001). The project represents a merging of aggregated data, which, 



11

Vol.:(0123456789)

Scientific Reports |        (2023) 13:20595  | https://doi.org/10.1038/s41598-023-47857-4

www.nature.com/scientificreports/

due to the low temporal granularity, were no longer person-related and, thus, anonymous. The need of informed 
consent was waived off by the Ethic Committee at the Charité (EA1/163/20).

Data availability
The clinical datasets generated during and/or analysed during the current study are not publicly available due to 
data safety regulations but are available from the corresponding author on reasonable request.

Received: 11 April 2023; Accepted: 19 November 2023

References
 1. Hüther, M. & Bardt, H. An economic policy exit strategy from the corona lockdown. Wirtschaftsdienst 100, 277–284. https:// doi. 

org/ 10. 1016/ s2542- 5196(20) 30224-2 (2020).
 2. Walensky, R. P. & Del Rio, C. From mitigation to containment of the COVID-19 pandemic: Putting the SARS-CoV-2 genie back 

in the bottle. JAMA 323, 1889–1890. https:// doi. org/ 10. 1001/ jama. 2020. 6572 (2020).
 3. Higham, J. E., Ramirez, C. A., Green, M. A. & Morse, A. P. UK COVID-19 lockdown: 100 days of air pollution reduction? Air Qual. 

Atmos. Health. https:// doi. org/ 10. 1007/ s11869- 020- 00937-0 (2020).
 4. Giani, P. et al. Short-term and long-term health impacts of air pollution reductions from COVID-19 lockdowns in China and 

Europe: A modelling study. Lancet Planet Health 4, e474–e482. https:// doi. org/ 10. 1098/ rsta. 2020. 0188 (2020).
 5. Menut, L. et al. Impact of lockdown measures to combat Covid-19 on air quality over western Europe. Sci. Total Environ. 741, 

140426. https:// doi. org/ 10. 1016/j. scito tenv. 2020. 140426 (2020).
 6. Rajagopalan, S. & Landrigan, P. J. Pollution and the Heart. N. Engl. J. Med. 385, 1881–1892. https:// doi. org/ 10. 1056/ NEJMr a2030 

281 (2021).
 7. Evangelopoulos, D. et al. The role of burden of disease assessment in tracking progress towards achieving WHO global air quality 

guidelines. Int. J. Public Health 65, 1455–1465. https:// doi. org/ 10. 1007/ s00038- 020- 01479-z (2020).
 8. Hertig, E. et al. Association of ground-level ozone, meteorological factors and weather types with daily myocardial infarction 

frequencies in Augsburg, Southern Germany. Atmos. Environ. 217, 116975 (2019).
 9. Lukina, A. O., Burstein, B. & Szyszkowicz, M. Urban air pollution and emergency department visits related to central nervous 

system diseases. PLoS ONE 17, e0270459. https:// doi. org/ 10. 1371/ journ al. pone. 02704 59 (2022).
 10. Burnett, R. et al. Global estimates of mortality associated with long-term exposure to outdoor fine particulate matter. Proc. Natl. 

Acad. Sci. U.S.A. 115, 9592–9597. https:// doi. org/ 10. 1073/ pnas. 18032 22115 (2018).
 11. Burnett, R. T. et al. An integrated risk function for estimating the global burden of disease attributable to ambient fine particulate 

matter exposure. Environ. Health Perspect. 122, 397–403. https:// doi. org/ 10. 1016/ s2214- 109x(20) 30343-0 (2014).
 12. Kwon, S. O. et al. Long-term exposure to PM(10) and NO(2) in relation to lung function and imaging phenotypes in a COPD 

cohort. Respir. Res. 21, 247. https:// doi. org/ 10. 1186/ s12931- 020- 01514-w (2020).
 13. Huangfu, P. & Atkinson, R. Long-term exposure to NO(2) and O(3) and all-cause and respiratory mortality: A systematic review 

and meta-analysis. Environ. Int. 144, 105998. https:// doi. org/ 10. 1016/j. envint. 2020. 105998 (2020).
 14. Downs, S. H. et al. Reduced exposure to PM10 and attenuated age-related decline in lung function. N. Engl. J. Med. 357, 2338–2347. 

https:// doi. org/ 10. 1056/ NEJMo a0736 25 (2007).
 15. Drinker, P. Air pollution. N. Engl. J. Med. 254, 421–425. https:// doi. org/ 10. 1056/ nejm1 95603 01254 0905 (1956).
 16. Ware, J. H. Particulate air pollution and mortality–clearing the air. N. Engl. J. Med. 343, 1798–1799. https:// doi. org/ 10. 1056/ NEJM2 

00012 14343 2409 (2000).
 17. Di, Q. et al. Air pollution and mortality in the medicare population. N. Engl. J. Med. 376, 2513–2522. https:// doi. org/ 10. 1056/ 

NEJMo a1702 747 (2017).
 18. Independent Particulate Matter Review Panel. The need for a tighter particulate-matter air-quality standard. N. Engl. J. Med. 383, 

680–683. https:// doi. org/ 10. 1056/ NEJMs b2011 009 (2020).
 19. Beverland, I. J. et al. A comparison of short-term and long-term air pollution exposure associations with mortality in two cohorts 

in Scotland. Environ. Health Perspect. 120, 1280–1285. https:// doi. org/ 10. 3390/ ijerp h1712 4512 (2012).
 20. Mercan, Y., Babaoglu, U. T. & Erturk, A. Short-term effect of particular matter and sulfur dioxide exposure on asthma and/or 

chronic obstructive pulmonary disease hospital admissions in Center of Anatolia. Environ. Monit. Assess. 192, 646. https:// doi. 
org/ 10. 1007/ s10661- 020- 08605-7 (2020).

 21. Reddy, K. S. & Roberts, J. H. Mitigating air pollution: Planetary health awaits a cosmopolitan moment. Lancet Planet Health 3, 
e2–e3. https:// doi. org/ 10. 1016/ s2542- 5196(18) 30286-9 (2019).

 22. Ropkins, K. & Tate, J. E. Early observations on the impact of the COVID-19 lockdown on air quality trends across the UK. Sci. 
Total Environ. 754, 142374. https:// doi. org/ 10. 1016/j. scito tenv. 2020. 142374 (2021).

 23. Slagman, A. et al. Medical emergencies during the COVID-19 pandemic. Dtsch. Arztebl. Int. 117, 545–552. https:// doi. org/ 10. 
3238/ arzte bl. 2020. 0545 (2020).

 24. Slagman, A. et al. Medical and cardio-vascular emergency department visits during the COVID-19 pandemic in 2020: Is there a 
collateral damage? A retrospective routine data analysis. Clin. Res. Cardiol. 111, 1174–1182. https:// doi. org/ 10. 1007/ s00392- 022- 
02074-3 (2022).

 25. Breitner, S. et al. Short-term mortality rates during a decade of improved air quality in Erfurt, Germany. Environ. Health Perspect. 
117, 448–454. https:// doi. org/ 10. 1289/ ehp. 11711 (2009).

 26. Liang, L. et al. Associations between daily air quality and hospitalisations for acute exacerbation of chronic obstructive pulmonary 
disease in Beijing, 2013–17: An ecological analysis. Lancet Planet Health 3, e270–e279. https:// doi. org/ 10. 1016/ s2542- 5196(19) 
30085-3 (2019).

 27. Analitis, A. et al. Short-term effects of ambient particles on cardiovascular and respiratory mortality. Epidemiology 17, 230–233. 
https:// doi. org/ 10. 1097/ 01. ede. 00001 99439. 57655. 6b (2006).

 28. Frontera, A., Cianfanelli, L., Vlachos, K., Landoni, G. & Cremona, G. Severe air pollution links to higher mortality in COVID-19 
patients: The “double-hit” hypothesis. J. Infect. 81, 255–259. https:// doi. org/ 10. 1016/j. jinf. 2020. 05. 031 (2020).

 29. Naqvi, H. R. et al. Improved air quality and associated mortalities in India under COVID-19 lockdown. Environ. Pollut. https:// 
doi. org/ 10. 1016/j. envpol. 2020. 115691 (2020).

 30. Kessinger, S., Minkos, A., Dauert, U. & Feigenspan, S. (ed Fachgebiet II 4.2 „Beurteilung der Luftqualität“) 36 (le-tex publishing 
services GmbH, 2021).

 31. Jephcote, C., Hansell, A. L., Adams, K. & Gulliver, J. Changes in air quality during COVID-19 “lockdown” in the United Kingdom. 
Environ. Pollut. 272, 116011. https:// doi. org/ 10. 1016/j. envpol. 2020. 116011 (2021).

 32. Bell, M. L., Ebisu, K., Peng, R. D., Samet, J. M. & Dominici, F. Hospital admissions and chemical composition of fine particle air 
pollution. Am. J. Respir. Crit. Care Med. 179, 1115–1120 (2009).

https://doi.org/10.1016/s2542-5196(20)30224-2
https://doi.org/10.1016/s2542-5196(20)30224-2
https://doi.org/10.1001/jama.2020.6572
https://doi.org/10.1007/s11869-020-00937-0
https://doi.org/10.1098/rsta.2020.0188
https://doi.org/10.1016/j.scitotenv.2020.140426
https://doi.org/10.1056/NEJMra2030281
https://doi.org/10.1056/NEJMra2030281
https://doi.org/10.1007/s00038-020-01479-z
https://doi.org/10.1371/journal.pone.0270459
https://doi.org/10.1073/pnas.1803222115
https://doi.org/10.1016/s2214-109x(20)30343-0
https://doi.org/10.1186/s12931-020-01514-w
https://doi.org/10.1016/j.envint.2020.105998
https://doi.org/10.1056/NEJMoa073625
https://doi.org/10.1056/nejm195603012540905
https://doi.org/10.1056/NEJM200012143432409
https://doi.org/10.1056/NEJM200012143432409
https://doi.org/10.1056/NEJMoa1702747
https://doi.org/10.1056/NEJMoa1702747
https://doi.org/10.1056/NEJMsb2011009
https://doi.org/10.3390/ijerph17124512
https://doi.org/10.1007/s10661-020-08605-7
https://doi.org/10.1007/s10661-020-08605-7
https://doi.org/10.1016/s2542-5196(18)30286-9
https://doi.org/10.1016/j.scitotenv.2020.142374
https://doi.org/10.3238/arztebl.2020.0545
https://doi.org/10.3238/arztebl.2020.0545
https://doi.org/10.1007/s00392-022-02074-3
https://doi.org/10.1007/s00392-022-02074-3
https://doi.org/10.1289/ehp.11711
https://doi.org/10.1016/s2542-5196(19)30085-3
https://doi.org/10.1016/s2542-5196(19)30085-3
https://doi.org/10.1097/01.ede.0000199439.57655.6b
https://doi.org/10.1016/j.jinf.2020.05.031
https://doi.org/10.1016/j.envpol.2020.115691
https://doi.org/10.1016/j.envpol.2020.115691
https://doi.org/10.1016/j.envpol.2020.116011


12

Vol:.(1234567890)

Scientific Reports |        (2023) 13:20595  | https://doi.org/10.1038/s41598-023-47857-4

www.nature.com/scientificreports/

 33. Ermert, V., Fink, A. H., Morse, A. P. & Paeth, H. The impact of regional climate change on malaria risk due to greenhouse forcing 
and land-use changes in tropical Africa. Environ. Health Perspect. 120, 77–84. https:// doi. org/ 10. 1289/ ehp. 11036 81 (2012).

 34. Paeth, H., Stender, F., Aich, V. & Mächel, H. Changing climatic boundary conditions for ticks in Central Europe. Adv. Sci. Lett. 5, 
149–154. https:// doi. org/ 10. 1166/ asl. 2012. 3247 (2012).

 35. Pope, C. A. 3rd. Respiratory disease associated with community air pollution and a steel mill, Utah Valley. Am. J. Public Health 
79, 623–628. https:// doi. org/ 10. 2105/ ajph. 79.5. 623 (1989).

 36. Berglind, N. et al. Ambient air pollution and daily mortality among survivors of myocardial infarction. Epidemiology 20, 110–118. 
https:// doi. org/ 10. 1097/ EDE. 0b013 e3181 878b50 (2009).

 37. Dvonch, J. T. et al. Acute effects of ambient particulate matter on blood pressure: Differential effects across urban communities. 
Hypertension 53, 853–859. https:// doi. org/ 10. 1161/ hyper tensi onaha. 108. 123877 (2009).

 38. Pothirat, C. et al. Acute effects of air pollutants on daily mortality and hospitalizations due to cardiovascular and respiratory 
diseases. J. Thorac. Dis. 11, 3070–3083. https:// doi. org/ 10. 21037/ jtd. 2019. 07. 37 (2019).

 39. Southerland, V. A. et al. Assessing the distribution of air pollution health risks within cities: A neighborhood-scale analysis lev-
eraging high-resolution data sets in the Bay Area, California. Environ. Health Perspect. 129, 37006. https:// doi. org/ 10. 1289/ ehp. 
11045 09 (2021).

 40. Stieb, D. M., Szyszkowicz, M., Rowe, B. H. & Leech, J. A. Air pollution and emergency department visits for cardiac and respiratory 
conditions: A multi-city time-series analysis. Environ. Health 8, 25. https:// doi. org/ 10. 1186/ 1476- 069X-8- 25 (2009).

 41. Castner, J., Guo, L. & Yin, Y. Ambient air pollution and emergency department visits for asthma in Erie County, New York 
2007–2012. Int. Arch. Occup. Environ. Health 91, 205–214. https:// doi. org/ 10. 1007/ s00420- 017- 1270-7 (2018).

 42. Cai, Y., Ramakrishnan, R. & Rahimi, K. Long-term exposure to traffic noise and mortality: A systematic review and meta-analysis 
of epidemiological evidence between 2000 and 2020. Environ. Pollut. 269, 116222. https:// doi. org/ 10. 1016/j. envpol. 2020. 116222 
(2021).

 43. Dzhambov, A. M. & Dimitrova, D. D. Residential road traffic noise as a risk factor for hypertension in adults: Systematic review 
and meta-analysis of analytic studies published in the period 2011–2017. Environ. Pollut. 240, 306–318. https:// doi. org/ 10. 1016/j. 
envpol. 2018. 04. 122 (2018).

 44. Santabárbara, J. et al. Prevalence of anxiety in the COVID-19 pandemic: An updated meta-analysis of community-based studies. 
Prog. Neuropsychopharmacol. Biol. Psychiatry 109, 110207. https:// doi. org/ 10. 3390/ ijerp h1718 6603 (2021).

 45. Cuéllar, L. et al. Assessing the impact of human mobility to predict regional excess death in Ecuador. Sci. Rep. 12, 370. https:// doi. 
org/ 10. 1038/ s41598- 021- 03926-0 (2022).

 46. Robine, J. M. et al. Death toll exceeded 70,000 in Europe during the summer of 2003. C. R. Biol. 331, 171–178. https:// doi. org/ 10. 
1016/j. crvi. 2007. 12. 001 (2008).

 47. an der Heiden, M. et al. Estimation of heat-related deaths in Germany between 2001 and 2015. Bundesgesundh. Gesundheitsfor. 
Gesundheits. 62, 571–579. https:// doi. org/ 10. 1007/ s00103- 019- 02932-y (2019).

 48. Ertl, M. et al. New insights into weather and stroke: Influences of specific air masses and temperature changes on stroke incidence. 
Cerebrovasc. Dis. 47, 275–284. https:// doi. org/ 10. 1159/ 00050 1843 (2019).

 49. Megaritis, A. et al. Linking climate and air quality over Europe: Effects of meteorology on PM 2.5 concentrations. Atmos. Chem. 
Phys. 14, 10283–10298 (2014).

 50. Chen, K. et al. Two-way effect modifications of air pollution and air temperature on total natural and cardiovascular mortality in 
eight European urban areas. Environ. Int. 116, 186–196. https:// doi. org/ 10. 1016/j. envint. 2018. 04. 021 (2018).

 51. Cui, Y. et al. Air pollution and case fatality of SARS in the People’s Republic of China: An ecologic study. Environ. Health 2, 15. 
https:// doi. org/ 10. 1186/ 1476- 069x-2- 15 (2003).

 52. Huang, L. et al. The silver lining of COVID-19: Estimation of short-term health impacts due to lockdown in the Yangtze River 
Delta region, China. Geohealth 4, e2020GH000272. https:// doi. org/ 10. 1029/ 2020g h0002 72 (2020).

 53. Aswin Giri, J. et al. Lockdown effects on air quality in megacities during the first and second waves of COVID-19 pandemic. J. 
Inst. Eng. Ser. A 104, 155–165. https:// doi. org/ 10. 1007/ s40030- 022- 00702-9 (2023).

 54. Xu, R. et al. Wildfires, global climate change, and human health. N. Engl. J. Med. 383, 2173–2181. https:// doi. org/ 10. 1056/ NEJMs 
r2028 985 (2020).

 55. Perera, F. & Nadeau, K. Climate change, fossil-fuel pollution, and children’s health. N. Engl. J. Med. 386, 2303–2314. https:// doi. 
org/ 10. 1056/ NEJMr a2117 706 (2022).

 56. Kulla, M. et al. Vom Protokoll zum Register—Entwicklungen für ein bundesweites Qualitätsmanagement in deutschen Notaufnah-
men. DIVI 7, 12–20 (2016).

 57. Ahlbrandt, J. et al. Balancing the need for big data and patient data privacy—An IT infrastructure for a decentralized emergency 
care research database. Stud. Health Technol. Inform. 205, 750–754 (2014).

 58. Hersbach, H. et al. The ERA5 global reanalysis. Q. J. R. Meteorol. Soc. 146, 1999–2049. https:// doi. org/ 10. 1002/ qj. 3803 (2020).
 59. Yan, Y., Xu, Y. & Yue, S. A high-spatial-resolution dataset of human thermal stress indices over South and East Asia. Sci. Data 8, 

229. https:// doi. org/ 10. 1038/ s41597- 021- 01010-w (2021).
 60. Bundesamt, S. Experimentelle Daten: Experimentelle geo referen zierte Bevölkerungs zahl auf Basis der Bevölkerungs fortschreibung 

und Mobil funkdaten. https:// www. desta tis. de/ DE/ Servi ce/ EXDAT/_ inhalt. html (2021).
 61. Paeth, H. & Pollinger, F. Revisiting the spatiotemporal characteristics of past and future global warming. Erdkunde 74, 225–248 

(2020).

Acknowledgements
The authors would like to thank Ms. Mareen Pigorsch for her support in data curation und for the fruit-
ful discussion. Collaborators: German Forum of University Emergency Departments (Forum Universitärer 
Notaufnahmen, FUN) in the Society of University Clinics of Germany E.V. (Verband der Universitätsklinika 
Deutschlands e.V.). Volker Burst, Zentrale Notaufnahme, Universitätsklinikum Köln; Michael Bernhard, Zentrale 
Notaufnahme, Universitätsklinikum Düsseldorf; Sabine Blaschke, Interdisziplinäre Notaufnahme, Universitäts-
medizin Göttingen; Viktoria Bogner-Flatz, Markus Wörnle, Medizinische Notaufnahme und Aufnahmesta-
tion und Sektion Notaufnahme, Campus Innenstadt, Ludwig-Maximilians Universität München; Jörg C. Bro-
kmann, Zentrale Notaufnahme, Uniklinik RWTH Aachen; Felix Hans, Universitäts-Notfallzentrum Freiburg; 
Katharina Dechant, Internistische Notaufnahme, Universitätsklinikum Erlangen; Michael Dommasch, Karl 
Georg Kanz, Zentrale Interdisziplinäre Notaufnahme, Klinikum rechts der Isar der Technischen Universität 
München; Jennifer Hitzek, Notfallund Akutmedizin, Campus Mitte und Virchow-Klinikum Charité – Uni-
versitätsmedizin Berlin; Tobias Hofmann, Zentrale Notaufnahme, Universitätsklinikum Magdeburg; Sebastian 
Ewen, Zentrale Notaufnahme, Universitätsklinikum des Saarlandes; Ingo Gräff, Interdisziplinäres Notfallzen-
trum, Neuro-Notfallzentrum, Interdisziplinäre Notaufnahmestation, Universitätsklinikum Bonn; André Gries, 
Zentrale Notaufnahme/Beobachtungsstation, Universitätsklinikum Leipzig; Andreas Jerrentrup, Zentrum für 

https://doi.org/10.1289/ehp.1103681
https://doi.org/10.1166/asl.2012.3247
https://doi.org/10.2105/ajph.79.5.623
https://doi.org/10.1097/EDE.0b013e3181878b50
https://doi.org/10.1161/hypertensionaha.108.123877
https://doi.org/10.21037/jtd.2019.07.37
https://doi.org/10.1289/ehp.1104509
https://doi.org/10.1289/ehp.1104509
https://doi.org/10.1186/1476-069X-8-25
https://doi.org/10.1007/s00420-017-1270-7
https://doi.org/10.1016/j.envpol.2020.116222
https://doi.org/10.1016/j.envpol.2018.04.122
https://doi.org/10.1016/j.envpol.2018.04.122
https://doi.org/10.3390/ijerph17186603
https://doi.org/10.1038/s41598-021-03926-0
https://doi.org/10.1038/s41598-021-03926-0
https://doi.org/10.1016/j.crvi.2007.12.001
https://doi.org/10.1016/j.crvi.2007.12.001
https://doi.org/10.1007/s00103-019-02932-y
https://doi.org/10.1159/000501843
https://doi.org/10.1016/j.envint.2018.04.021
https://doi.org/10.1186/1476-069x-2-15
https://doi.org/10.1029/2020gh000272
https://doi.org/10.1007/s40030-022-00702-9
https://doi.org/10.1056/NEJMsr2028985
https://doi.org/10.1056/NEJMsr2028985
https://doi.org/10.1056/NEJMra2117706
https://doi.org/10.1056/NEJMra2117706
https://doi.org/10.1002/qj.3803
https://doi.org/10.1038/s41597-021-01010-w
https://www.destatis.de/DE/Service/EXDAT/_inhalt.html


13

Vol.:(0123456789)

Scientific Reports |        (2023) 13:20595  | https://doi.org/10.1038/s41598-023-47857-4

www.nature.com/scientificreports/

Notfallmedizin, Universitätsklinikum Gießen und Marburg GmbH, Standort Marburg; Lars Kihm, Internis-
tische Notaufnahme, Medizinische Universitätsklinik Heidelberg; Joachim Riße, Zentrum für Notfallmedizin, 
Universitätsmedizin Essen; Florian Kreth, internistische und Nicole Wielander, chirurgische Notaufnahme, 
Universitätsklinikum Tübingen; Philipp Kümpers, Sektion Interdisziplinäre Notaufnahme Universitätsklinikum 
Münster; Ulrich Mayer-Runge, Zentrale Notaufnahme, Universitätsklinikum Hamburg-Eppendorf; Matthias 
Napp, Zentrale Notaufnahme, Universitätsmedizin Greifswald; Domagoj Schunk, Interdisziplinäre Notaufnahme 
und Kinder-Notaufnahme Universitätsklinikum Schleswig Holstein, Campus Kiel; Rajan Somasundaram, Not-
fallund Akutmedizin, Campus Benjamin-Franklin, Charité – Universitätsmedizin Berlin; Markus Wehler, Zen-
trale Notaufnahme und IV. Med. Klinik, Universitätsklinikum Augsburg; Sebastian Wolfrum, Interdisziplinäre 
Notaufnahme, Universitätsklinikum Schleswig-Holstein, Campus Lübeck; Markus Zimmermann, Interdiszi-
plinäre Notaufnahme, Universitätsklinik Regensburg. AKTIN Emergency Department Registry: Martin Kulla, 
Sektion Notaufnahmeprotokoll der DIVI und Bundeswehrkrankenhaus Ulm; Caroline Grupp, Ostalb-Klinikum 
Aalen; Christian Pietsch, Standort Aschaffenburg und Oliver Horn, Standort Alzenau, Klinikum Aschaffenburg-
Alzenau; Heike Höger- Schmidt, Klinikum Chemnitz; Rupert Grashey, Klinikum Memmingen; Thomas J. Henke, 
Evangelisches Krankenhaus Oldenburg; Kirsten Habbinga, Pius-Hospital Oldenburg.

Author contributions
All authors contributed to the study conception and design. Material preparation, data collection and analysis 
were performed by D.W., H.P. and A.S. The first draft of the manuscript was written by D.W. and H.P. and all 
authors commented on previous versions of the manuscript. All authors read and approved the final manuscript.

Funding
Open Access funding enabled and organized by Projekt DEAL.

Competing interests 
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https:// doi. org/ 
10. 1038/ s41598- 023- 47857-4.

Correspondence and requests for materials should be addressed to D.W.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access  This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the 
Creative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from 
the copyright holder. To view a copy of this licence, visit http:// creat iveco mmons. org/ licen ses/ by/4. 0/.

© The Author(s) 2023

https://doi.org/10.1038/s41598-023-47857-4
https://doi.org/10.1038/s41598-023-47857-4
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Modelling variations of emergency attendances using data on community mobility, climate and air pollution
	Results
	Geospatial characteristics
	Cases and lockdown
	Air quality
	Weather conditions
	Prediction of emergency department consultations

	Discussion
	Conclusion
	Materials and methods
	Study centers
	Data collection
	Method of data extraction and transmission
	Air quality and climate data
	Mobility data during the lockdowns
	Data analysis
	Ethics and data protection

	References
	Acknowledgements


