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The rising frequency of extreme precipitation is a major concern linked to climate change, commonly
associated with increased atmospheric water vapor due to global warming. In densely populated
areas, intense rainfall has particularly severe impacts, with urbanization amplifying extreme weather
through changes in land surface and local atmospheric conditions. As attribution science increasingly
informs climate policy, it is crucial to discern the extent to which shifts in extreme event probability
stem from global versus local anthropogenic drivers. This study analyzes multi-decadal daily
precipitation records alongside urbanization indices. In line with previous research, results show a
general rise in extreme rainfall frequency, with more intense events exhibiting a larger increase.
Analysis of population and urban development metrics reveals that the increase is notably smaller in
rural areas, suggesting that the rise attributable to local urban development is of the same order of
magnitude as that resulting from global warming. This result is shown to be associated with the urban

amplification of convective updraft intensification.

Climate change is causing an increase in extreme precipitation in large
portions of the continents'™. The Clausius-Clapeyron (CC) equation dic-
tates an approximate increase in the atmosphere water holding capacity of
~7% for every 1 °C temperature increase under typical near surface atmo-
spheric and pressure conditions, but many deviations from the CC scaling
have been observed, depending on the definition of extremes used and the
specific characteristics of the regions analyzed™”. A very wide variety of
hazards are related to storms and heavy rainfall, all of which can be socially
and economically significant. The main impacts include very intense
flooding, especially damaging in urban areas®, outbreaks of waterborne
diseases’, as well as damage or complete collapse of infrastructures'®"', and
the triggering of very fast and disruptive landslides'. It is known that urban
areas are particularly vulnerable to climate extremes' and that urbanization
affects rainfall, enhancing mean precipitation by more than 15%'*. Several
different mechanisms linking urbanization to rainfall have been investigated
over the last decades. The urban heat island effect is due to increased solar
radiation absorption, reduced evaporation, and direct heating by human
activities, creating temperature anomalies of up to 10 °C", and affects air
column stability and boundary layer properties. The urban landscape alters
surface roughness and can deviate storm trajectories and modify wind
convergence'®”. Emissions of pollutants that act as cloud condensation
nuclei can modify the microphysical characteristics of clouds, including
their life time'®. The interaction of those complex processes implies that the

same urban area can yield different rainfall effects due to environmental
factors related to aerosol emissions, enhanced surface moisture content, and
synoptic atmospheric characteristics. Previous investigation using obser-
vational data and convection-permitting atmospheric simulations in
regional and case studies showed that overall urbanization produces an
increase in frequency and/or intensity of extremes of daily and subdaily
precipitation'*™*. Recently, moving away from regional investigations and
case studies analysis, global assessments of urbanization effects on pre-
cipitation were performed'*”, finding that higher levels of urbanization
enhance urban precipitation anomalies.

While there is thus evidence of the effects on extreme pre-
cipitation of both global warming and urbanization, research is much
needed to assess their relative contributions®. Recently, the role of
urbanization in exacerbating rainfall produced by tropical cyclones,
whose intensity is known to be increasing due to climate change”,
has been quantified in specific case studies””’. Aiming to a similar
goal, in this study, we analyze local trends in frequency of extreme
daily precipitation and cluster them according to urbanization
metrics to quantify differences emerging between the rate of change
of occurrence of heavy rainfall between rural and urban areas. The
analysis is performed both on a global rain gauge dataset’’' for the
past 60 years, and for a regional convection-permitting dynamical
downscaling of reanalysis data over a 42 year period (CHAPTER™).
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Results

Changes in extreme precipitation occurrence in the global
dataset

The daily precipitation data from the Global Historical Climatology Net-
work (GHCNG) has been scrutinized and reduced to retain only data from
stations that allow for the computation of reliable extreme precipitation
changes over the last six decades, following the procedure presented in’ and
detailed in the Methods section. Despite the large interannual variability of
extreme precipitation metrics does not allow for the detection of statistically
significant trends for most of the time series from individual rain gauge
stations, a general increase of heavy rainfall emerges when the dataset is
considered as a whole, as previously discussed” . When defining extreme
events as the 60 most intense daily rainfall recorded at each station (on
average, one per year), the average number of occurrences per year com-
puted over the 6028 stations extracted from GHCNd shows a statistically
significant trend (Fig. 1b), accounting for a ~20% increase over the
1962-2021 period. The analysis performed on individual stations indicates a
net majority of positive slopes in the frequency time series (62.3%), a
number that allows the rejection of the null hypothesis of a stationary
occurrence of extreme precipitations over the 60 years period at the 95%
confidence level.

We further analyze the extreme precipitation time series according to
the classification of the station location. To this aim, we use a metric based
on population and built-up area density, as developed in the Global Human
Settlement Model database’”. The spatial entities used in the database™,
which refer to the urbanization conditions of 2015, are here grouped into
three main classes: Urban, Rural, and Water, with the latter comprising only
few stations and not further discussed in the following.

The ratio between the number of stations with an increase to that with a
decrease in the occurrence of extreme precipitations, clustered among Rural
and Urban classes, is shown in Fig. 2e. This ratio is significantly lower for the
Rural class (~1.6) than for the Urban class (~2.15). Consistently, the mean
increase over the 60 year period analyzed is 19% for Rural station and 29% in
the Urban class (Fig. 2f). These results indicate that for Urban stations the
increase of extreme precipitation occurrence has been significantly larger
than for Rural stations, which constitute the bulk of the data. The statistical
tests used to assess the significance of the signals are presented in the
Methods section. Some tests have been performed by altering the year to
which the GHS_SMOD refers for its urbanization conditions, but no sig-
nificant differences were found in the results.

A second metric to define urbanization has also been used, based on the
distance of the station from densely populated areas. To this aim, an index,

referred in the following as "weighted population”, is built accounting for
the number of inhabitants in the region surrounding the station and
weighting it by the distance from the station (see Methods section). The
linear regression coefficients for the occurrence of extreme precipitation
events in the whole dataset are then clustered into 8 classes with an equal
number of stations based on the value of this index. Results, shown in
Fig. 2g, h, indicate an increase of the ratio between positive and negative
trends with the weighted population index, from ~1.2 in the first bin to ~2.5
in the last, and a corresponding increase of the linear regression coefficient.
Stations with a low value of the weighted population index have a marginally
increasing occurrence of extreme precipitations (3.6 £ 2.4 % over 60 years),
while stations with the highest value of the index experienced on average an
increase of 39.1 + 3.8 % from 1962 to 2021.

In both cases the null hypothesis of no correlation between the fre-
quency trend and the urbanization index can be rejected at the 95 % con-
fidence level: stations in areas within the lower (higher) quartile of weighted
population index are associated with a significantly smaller (larger) increase
in extreme precipitation frequency compared to the whole set of stations.

A sensitivity study has then been conducted by using different defi-
nitions of extreme precipitation events. Rather than selecting the 60 most
intense daily rainfall events over the 60 year period under study, a different
number of most intense events has been used, ranging from 20 to 240. This
corresponds to the use of a different threshold for daily precipitations, from
the 98.9th to the 99.9th percentile (60 events correspond to daily rainfall
above the 99.7th percentile). This sensitivity analysis reveals that, in general,
the relative increase over the entire period is larger for more extreme events,
in agreement with”. Furthermore, the frequency of extremes in Urban
stations increases consistently more than in Rural stations across all per-
centiles (Fig. 3), with an increasing difference between Urban and Rural
values for most intense events. On average, the Urban-Rural difference is on
the order of half the change in Rural areas (from 35 to 55%), indicating that
the effect of urbanization is of the same order of magnitude, albeit smaller, of
the effect of the global driver in extreme precipitation changes.

The presented analysis indicates that the frequency of extreme
precipitation events over the last decades has increased more in more
urbanized and densely populated areas than in rural and scarcely
populated regions, suggesting the existence of a link between changes in
heavy rainfall and urbanization. However, it is important to note that
part of the global pattern is influenced by the spatial distribution of
stations, which unevenly cover a limited portion of Earth’s land. As
shown in Fig. 2a, b, the Urban category is dominated by stations in North
America and (a small portion of Central) Europe, whereas the Rural
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Fig. 1 | Spatial distribution of rain stations and yearly frequency of extreme
precipitation. a Spatial distribution of the 6028 selected stations from the GHCNd dataset,
shown as number of stations in each 5 x 5 degree box, and b mean annual number of
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extreme daily precipitation events per station over the period 19622021, updated from’.
The bold line represents the five-year rolling mean. In the inset, the linear trend is reported,
indicating an increase in frequency of about 20% over the 60-year study period.
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Fig. 2 | Results from analyses on GHCNd precipitation dataset. Spatial distribu-
tion of the 6028 selected stations classified as Rural (a) and Urban (b) according to
the categorical index, shown as number of stations in each 5 x 5 degree box. Annual
number of extreme daily precipitation events per station averaged across all rural (c)
and urban (d) areas over the period 1962-2021. Trends in frequency of extreme

precipitation events versus the categorical index (e, f) and the weighted population
index (g, h). Results refer to all the selected stations. For each bin the ratio between

Weighted population

the number of stations with positive and negative trends (e, g), and the percent 60-
years frequency increase (f, h) are shown. In (e-h) the horizontal lines indicate mean
values over the whole dataset and shaded areas represent the confidence bands at the
fifth and ninety fifth percentiles, obtained by randomly sampling 10,000 times a
subset of stations corresponding in size to each class. Error bars in panels d and f
reflect, for each bin, the standard error of the mean of slopes propagated using
equation (1).

category is mainly contributed by Australia and North America.
Although stratifying by region reduces the sample size and no statisti-
cally significant result emerges (Fig. S1 in the supporting information),
the analysis performed on individual continents shows that there are

large differences in the change of extreme event frequency across the
globe. For this reason, we cannot rule out the possibility that the signal
emerging from the global GHCN dataset stems from large scale regional
differences rather than from local land use characteristics. To assess the
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Fig. 3 | Heavy precipitation frequency change over the 1962-2021 period, for
different percentiles of precipitations, considering all 6028 stations selected from
GHCNd dataset (blue), Urban stations (red), Rural stations (green), based on the
categorical index division. Shaded areas indicate the standard error of the per-
centage, propagated from the mean slope’s standard error. The difference between
urban and rural values is displayed as a purple dashed line.

spatial homogeneity of the urban-rural signal, we divide the dataset into
grid cells. Unlike the previous analysis, which computes trends by
averaging across all stations, this approach first calculates mean trends
separately for urban and rural stations within each grid cell. These cell-
level mean trends are then aggregated at a larger scale, by area-weight
averaging them at the continental or global levels, and the urban-rural
difference in the 60-yr percentage frequency increase is finally com-
puted. The procedure is repeated using grid cells of different sizes, down
to 2°latitude x 2°longitude (shown in Supplementary figures S2 and S3).
Despite the heterogeneity emerging at the cell level, in the aggregated
results the magnitude of the frequency change is always larger for urban
than for rural environments, although the difference is often not sta-
tistically significant.

Considering the limited number of stations in the GHCN dataset,
which seldom reaches a density of one station per thousand squared kilo-
meters and includes only a small proportion of urban stations, in the next
section we present the results of the analysis on a regional dataset to more
robustly investigate changes in extreme precipitation frequency at finer
spatial scales.

Changes in the extreme precipitation occurrence in the regional
dataset

In this section, we report on the analysis on the CHAPTER precipitation
dataset™, obtained using the Weather Research and Forecasting (WRF)
dynamical model on a convection permitting 3 km x 3 km grid, covering
part of Europe and the Mediterranean region (Fig. 4a), to downscale the
ERA5 global reanalysis product”. The dataset offers a comprehensive
resource for investigating the evolution, drivers, and impacts of extreme
weather events at both local and regional scales over the 1981-2022 period*'.
Defining extreme events as the 42 most intense daily precipitation events (an
average of one per year) at each grid point, and averaging the obtained time
series over the whole domain, a mean increase in the occurrence of extreme
events of 7% over the 42 year period is obtained. At individual grid points,
the statistical significance of the trends is seldom obtained, but the majority
of grid points (58%) has a positive trend.

The separation of grid points according to their categorical index
allows us to analyze the change in extreme daily precipitations in Urban and
in Rural locations. Results are shown in Fig. 4b-e. The ratio of the number of
grid points with a positive to a negative slope is 1.2 for Rural and 1.6 for
Urban class (Fig. 4d), in both cases allowing the rejection of the null
hypothesis of stationarity that theoretically leads to a ratio equal to 1. The
trends computed over the 5 years rolling mean of the time series are positive
for both Urban and Rural classes, but the null hypothesis of absence of trend
can be rejected at the 95% confidence level only for Urban stations. The

increase of the occurrence of intense rainfall events in the 1981-2022 period
at Urban locations is more than twice that at Rural locations (+17.8% and +
6.5%, respectively). Once again, the difference between the two classes is
statistically significant.

As discussed in the previous section, an important limitation arises
from the fact that urban areas are not evenly distributed over the whole
domain and thus the different signals emerging from rural and urban zones
might be associated to larger scale inhomogeneities.

Discussion

The robustness of the presented results has been evaluated with solid sta-
tistical tools. However, the weaknesses of the used datasets and methodol-
ogies must be kept in mind. First, the global rain gauge stations have been
extracted from the GHCNd database following strict selection criteria. Due
to the presence of gaps in the observational time series, this lead to con-
sidering a limited number of station data (6028 stations, mainly from USA,
part of Europe, and Australia). Clearly, the dataset does not provide a
complete cover of the continental areas of our planet. Furthermore, only
1014 stations are in Urban locations, and, as previously discussed, they are
not homogeneously distributed in the analyzed regions. Considering that
the observed increase in heavy precipitation occurrence differs across geo-
graphical areas’, part of the reported signal can be associated with those
inhomogeneities (see also supporting material Fig. S1). For these reasons,
the analysis has also been performed on a more compact geographical area,
in the European and Mediterranean region, using an available fine scale
dataset obtained as a hindcast of ERA5 reanalysis. This approach offers the
advantage of enabling comparisons between nearby Urban and Rural
locations. However, it may also introduce spatial correlations in extreme
precipitation events between adjacent grid points, which can reduce the
effective number of degrees of freedom. The downscaling was obtained by
numerical integration of a model, in which the presence of Urban areas is
parametrized using prescribed soil heat and water capacities and does not
allow the discrimination of the effects of different urban landscape features.
Despite its simplicity, the model solves energy and water budget equations to
compute soil temperature and moisture that affect the land surface fluxes.
Further work using more complex land surface models and land cover types
could be beneficial for refining the results here presented and to delve into
the physical processes responsible for the reported signals. We also note that
urbanization is strongly correlated with other characteristics, such as the
surface elevation. High altitude areas often present lower populations and
fewer buildings, which suggests that further studies should consider a
homogeneous dataset in terms of elevation to investigate the dependence on
urbanization.

Given the many caveats regarding the analyzed datasets, we propose as
a robust way to overcome the limitations associated with statistically
insufficient samples of extremes the direct analysis of the underlying phy-
sical processes that lead to differences in extreme precipitation trends.
CHAPTER provides an ideal framework for such a process-based analysis,
and this approach will be pursued in future work. As a first illustrative
example, and guided by the fact that most of the selected events occur during
summer and fall seasons (Fig. S4)-when mid latitude precipitation is
affected by static instability in the air column - we examine trends in con-
vective updraft strength.

The rationale behind this analysis is that urban soils, with their rela-
tively low heat and water storage capacity, tend to destabilize the overlying
air column compared to surrounding regions. Rising surface temperatures
driven by global warming further enhance the likelihood of strong con-
vective updrafts, an effect that is especially pronounced where the atmo-
sphere is already less stable—namely, over urban areas. CHAPTER data
indeed show that trends in the annual mean of maximum updraft velocities
exhibit a substantially stronger 42-year increase in urban areas compared to
rural regions (see supporting information, Fig. S5). This metric is defined
isolating convective events by selecting only maximum vertical velocities
exceeding 2 m/s. Annual means are then locally computed over the full
CHAPTER domain, and a linear regression is applied to the 42-year time
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Fig. 4 | Results from analyses on CHAPTER precipitation dataset. a Categorical
index in the CHAPTER domain. Annual number of extreme daily precipitation
events per grid point averaged across all rural (b) and urban (c) areas over the period
1981-2022. The bold line represents the five-year rolling mean to which the linear
regression is applied. In the inset, the linear trend is reported, indicating an increase
in frequency of about 6% over the 42-year study period for rural areas, and about
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18% over urban ones. d, e Trends in frequency of extreme precipitation events. For
each category the ratio between the number of stations with positive and negative
trends (d), and the percent 42-years frequency increase (e) are shown. The hor-
izontal lines indicate domain mean values and shaded areas represent the confidence
bands at the fifth and ninety fifth percentiles.
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series to quantify the trends. The observed pattern indicates that updraft
intensification is enhanced over urban land cover, consistent with a local
amplification of the increase of convective instability driven by urban-
induced effects.

Despite the mentioned limitations of the present study, the reported
results show that the probability of heavy daily precipitation exceedance has
increased over recent decades, with the most significant rise occurring in
urban areas. While the overall rise in extreme rainfall frequency is generally
attributed to global warming, the more pronounced increase in densely
populated and developed areas is likely linked to differences in land cover.

Findings from this study indicate that, to date, the impacts of the global
driver (global warming) and of the local driver (urbanization) have been of the
same order of magnitude. Given that heavy precipitation can be particularly
problematic in urban areas, and that its occurrence is in a significant part
associated with local surface characteristics, our results underscore the need to
design urban landscapes in a way that reduces their effects on intense rainfall.
This highlights the importance of ongoing and future efforts to identify the
most effective urban planning for achieving this goal. Urban areas will likely
continue to grow in the future, and understanding how anthropogenic
activities alter the local climate is crucial to making cities more resilient to
extreme weather.

Methods

Precipitation datasets

The global analysis of precipitation extremes is performed using data
sourced from the Global Historical Climatology Network Daily (GHCNd),
version 3, an integrated database containing daily climate summaries from
land surface stations across the globe. GHCNd is made up of daily climate
records from more than 100,000 stations in 180 countries and territories. Its
weather stations are screened following the principles described in ref. 3, and
the study period (1962-2021) is divided into six decades. This screening
results in shrinking the initial ~100,000 stations to 6028 (Fig. 1a). It is clear
that the stations are not distributed uniformly across the globe, but they are
mainlylocated in North America, Europe, some parts of Asia, and Australia.
The strict selection criteria applied to the dataset limit the analysis primarily
to mid-latitude regions.

The regional analysis is conducted on the Computational Hydro-
meteorology with Advanced Performance to Enhanced Realism (CHAPTER)
dataset™. It has been obtained as a high-resolution convection-permitting
dynamical downscaling of the ERA5 global reanalysis (produced by the
European Centre for Medium-Range Weather Forecasts). Briefly, the
Weather Research and Forecast (WRF) model has been run on a 3kmx3km
grid nested into a domain whose boundary conditions were provided hourly
from the ERAS5 reanalysis. For each day, the WRF model was initialized at
1800 UTC and run for the following 30 hr. The first 6 hr were considered as
spin-up time and thus discarded to obtain daily hindcasts. Having a run
starting from ERA5 initial conditions each day prevents the dataset from
deviating too much from the large-scale atmospheric condition of ERA5 and
justifies why no spectral nudging was used. The soil moisture and temperature
fields were initialised with ERA5 hourly data, and the Rapid Update Cycle
(RUC) Land Surface Model was used*, with MODIS land cover type
dataset derived from the 30-arc-second (roughly 1km) product
(modis_landuse_20class_30s_with_lakes*). We note that this database con-
tains several vegetation categories but only one urban and built-up category.
Thus, it does not discriminate among different urban landscape features, such
as distinct average building heights, but it still computes land-surface fluxes in
a different way for urban and rural areas. More information on the CHAPTER
dataset and its validation can be found in*. In this study, CHAPTER daily
accumulated precipitation is analyzed in the 42 year period 1981-2022.

Urbanization indices

Different urban indices are used to characterize the location of the GHCNd
stations and of the CHAPTER grid points. We note that different areas
could be considered urbanized from certain perspectives but not from
others. For instance, in developing countries, a big city might be considered

urbanized in terms of population density but not in terms of extensive built
up areas or vertical development.

Two different indices have been used: The first one is a categorical
index, which consists of a classification of the area linked to its land use
and its population density. This classification is taken from the satellite
data analyzed in the Global Human Settlement Model layers
(GHS_SMOD) database”, which classifies settlement typologies with a
logic of cell clusters based on population and built-up area densities. The
GHS_SMOD used in this study, which is relative to the urbanization
conditions in 2015, classifies 1 km® grid cells based on 8 spatial entities™.
In this paper, they are further grouped into three main classes: Urban,
Rural, and Water. The Urban class is made by Urban Center, Dense
Urban Cluster, Semi-dense Urban Cluster, and Suburban spatial entities.
The Rural class contains Rural, Low Density Rural and Very Low
Density Rural categories. A Water grid cell has at least 0.5 of its surface
covered by permanent surface water and is not populated nor built. Each
location in both our datasets is then assigned to one of these three
categories. Only Rural and Urban classes are used for this study. Overall,
only minor differences in classification are observed across the different
years available in the GHS-SMOD database (1975, 1990, 2000, 2015,
2020), indicating that the urban/rural assignment is largely stable over
time and the potential uncertainty introduced by using a single year as a
snapshot is limited and has negligible impact on the results. To further
validate this, the analysis has been replicated using the earliest available
year (1975). The results are consistent with those based on the 2015 data
and remain statistically significant.

The second urbanization index, named weighted population index,
is computed as the sum of the populations of the cities around each
station, weighted by their distance from it. This index has been calcu-
lated using the GeoNames geographical database (https://www.
geonames.org/). The algorithm takes the latitude and longitude of
each station and searches the GeoNames database for every city within
300 km from the station, selects those with a population of at least 15,000
inhabitants, and then computes the population index as the sum of all
populations divided by their distance from the station. Sensitivity ana-
lysis has been performed varying the threshold values used in this
definition (see supporting information, Figs. S6 and S7). The chosen
values are appropriate for the GHCN dataset, which contains lots of
stations from areas with isolated cities surrounded by vast rural areas
(such as in the United States of America and Australia). For the
CHAPTER dataset, the same definition classifies most locations as
belonging to the highest classes of weighted population index, given the
densely populated European regions. For this reason, and given the very
large number of grid points available that gives robustness to the results,
we do not use the second metric for the CHAPTER dataset.

Time change metrics and statistical significance evaluation
After constructing the extreme precipitation time series for all the
selected stations of the GHCNd and all the grid points over the
CHAPTER domain, a rolling mean over a window with size W=5
years is applied. Then, a linear least-squares regression is performed.
The resulting trends are examined, with slopes k representing the
mean increase in the number of extreme events per year and p-values
quantifying their statistical significance, taking into account the
temporal correlation of the data (the effective sample size of an
annual time series of length N is reduced to (N-W+1)/W). Unless
otherwise specified, the confidence level used throughout the paper is
95%. The time changes are either reported as regression coefficients k
or expressed as percentage increments over the whole period under
study, computed using the following formula:

frequency increase over N years (%) = x 100 where A = kxNyr

)

A
1-A/2
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Aggregated analysis is also performed on both the global and regional
datasets: the ratio of positive to negative individual slopes is evaluated for
each station/gridpoint in the whole dataset and for Urban and Rural cate-
gories separately. The null hypothesis of stationarity in the occurrence of
extreme daily precipitation is evaluated at 95% confidence level using the
binomial distribution. The mean time series of extreme precipitation
occurrence and its linear regression over time are also computed for any
given group of data. Results are considered to be statistically significant
when the p-value of the linear regression is less than 0.05.

For both categorical index and weighted population index we evaluate
the significance of the discrepancies obtained in the different classes as
follows, based on a Bootstrap test. First, confidence bands are computed
using a Montecarlo method: from the whole set of GHCNd stations the
algorithm extracts a random subset of size equal to the number of stations in
each class and for all extractions it computes both the percentage frequency
increase over the 60 years and the ratio between the number of positive and
negative slopes; repeating the extraction 10,000 times, histograms of the
percentage increment and positive to negative trend ratios are built. The
confidence band limits are set at percentiles 5 and 95 of the distributions.
Then, stations in a given class are considered to behave differently from the
whole dataset if their extreme precipitation metrics lie outside of the 95%
confidence band.

Data availability

The data of the Global Historical Climatology Network daily (GHCNd),
provided by the National Centers for Environmental Information (NCEI),
can be found divided by year at https://www.ncei.noaa.gov/pub/data/ghcn/
daily/by_year/.The GHS Settlement Model can be downloaded at https://
humansettlement.emergency.copernicus.eu/download.php, selecting the
2015 file. The GeoNames data can be retrieved at http://www.geonames.org/,
or through the Python library geonamescache. The CHAPTER dataset is
available via the GLOBUS file-transfer service for large-volume data (see
http://app.globus.com). Direct link to the dataset on GLOBUS: CHAPTER-
public folder on the LRZ DSA Container PN29CO-DSS-0000.

Code availability

The underlying code used for data analysis is available from the corre-
sponding author upon reasonable request. Analyses were performed using
Python 3.7.11. Key parameters and variables used are detailed in the
Methods section.
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