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ARTICLE INFO ABSTRACT
Keywords: Ultrafine particles (UFPs) are airborne particles with a diameter of less than 100 nm. They are emitted from
Ultrafine particles (UFPs) various sources, such as traffic, combustion, and industrial processes, and can have adverse effects on human

Lung deposited surface area (LDSA)
Average particle size (APS)
Machine learning (ML)

health. Long-term mean ambient average particle size (APS) in the UFP range varies over space within cities,
with locations near UFP sources having typically smaller APS. Spatial models for lung deposited surface area
(LDSA) within urban areas are limited and currently there is no model for APS in any European city. We collected
particle number concentration (PNC), LDSA, and APS data over one-year monitoring campaign from May 2021 to
May 2022 across 27 locations and estimated annual mean in Copenhagen, Denmark, and obtained additionally
annual mean PNC data from 6 state-owned continuous monitors. We developed 94 predictor variables, and
machine learning models (random forest and bagged tree) were developed for PNC, LDSA, and APS. The annual
mean PNC, LDSA, and APS were, respectively, 5523 pt/cm?, 12.0 pmz/ em®, and 46.1 nm. The final R? values by
random forest (RF) model were 0.93 for PNC, 0.88 for LDSA, and 0.85 for APS. The 10-fold, repeated 10-times
cross-validation R? values were 0.65, 0.67, and 0.60 for PNC, LDSA, and APS, respectively. The root mean square
error for final RF models were 296 pt/cm3, 0.48 pmz/cm3, and 1.60 nm for PNC, LDSA, and APS, respectively.
Traffic-related variables, such as length of major roads within buffers 100-150 m and distance to streets with
various speed limits were amongst the highly-ranked predictors for our models. Overall, our ML models achieved
high R? values and low errors, providing insights into UFP exposure in a European city where average PNC is
quite low. These hyperlocal predictions can be used to study health effects of UFPs in the Danish Capital.

1. Introduction economic and health burden for populations across the world (Cohen
et al., 2017; Gakidou et al., 2017; McDuffie et al., 2021). The burden of
Air pollution from various sources continues to produce enormous premature mortality attributable to air pollution has been estimated to
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be up to about 9 million deaths per year globally (Burnett et al., 2018).
In 2016 alone, ambient air pollution has been estimated to be respon-
sible for about US$4 trillion of economic cost (Egerstrom et al., 2023;
Yin et al., 2021).

World Health Organization (WHO) has recommended lower values
for most air pollutants in their recent guidelines (World Health Orga-
nization, 2021), and recommended more research on smaller particles,
specifically particles less than 0.1 pm in aerodynamic diameter or ul-
trafine particles (UFP), which could be more harmful to health (Ohlwein
et al., 2019). Since UFP has small mass compared to larger particles, it
has been widely characterized by metrics such as particle number con-
centrations (PNC) in particles per cubic centimeter of air units (pt/cmg),
or in some studies by lung deposited surface area (LDSA) in squared
micrometer of surface per cubic centimeter of air units (pmz/cm3)
(Brugge and Fuller, 2021). WHO considered PNC levels of 10,000
pt/crn3 (24-h mean) or 20,000 pt/crn3 (1-h mean) to be low exposure
(Goshua et al., 2022; World Health Organization, 2021). The organi-
zation did not recommend a 2021 guideline value for short- or long-term
exposure to UFP as the epidemiological evidence for this pollutant was
not sufficient, but instead recommended to “utilize emerging science
and technology to advance approaches to the assessment of exposure to
UFP for their application in epidemiological studies and UFP manage-
ment” (World Health Organization, 2021).

The research on UFP and health has a challenge of accurate and
precise data scarcity, which is mainly due to the fact that it is not a
regulated pollutant, and is not part of the air quality monitoring pro-
gram by regulatory networks in most countries (Bergmann et al.,
2023a). Because studies on short-term health effects of UFP typically
investigate temporal variations of air pollution and its health outcomes
(and other possible temporally variable confounding covariates), such
studies are more convenient and cheaper to conduct. Andersen et al.
(2010) and Bergmann et al. (2023b) reported novel findings on the as-
sociation between short-term exposure to UFP, stroke, and mortality in
Copenhagen, Denmark (Andersen et al., 2010; Bergmann et al., 2023b).
Stafoggia et al. (2017) reported a weak association between short-term
exposure to UFP and mortality in eight urban areas (within Finland,
Sweden, Denmark, Germany, Italy, Spain, and Greece) between 1999
and 2013 (Stafoggia et al., 2017). Research on short-term exposure to
UFP and health continues to evolve with better exposure data, studying
more health outcomes, and new study designs. However, it is well
known that the health burden from long-term exposure to air pollution is
far larger (about 10 times) than that from short-term exposure (Kiinzli
et al., 2001). Research on long-term exposure to UFP is more limited
mainly because long-term exposure estimates are less available, and it is
well demonstrated that UFP varies over short spatial distances (i.e., in
meters) from the producing sources and has short lifetime (Hoek et al.,
2011; Saha et al., 2019b). A recent study investigated long-term expo-
sure to UFPs and natural and cause-specific mortality, and reported that
PNC was associated with lung cancer and premature natural mortality
among adults in the Netherlands independently from other regulated air
pollutants (Bouma et al., 2023).

Exposure scientists and environmental epidemiologists have tried to
monitor and model long-term exposure to UFP in various ways, with
land use regression (LUR) and dispersion models being widely used
modeling approaches (Patton et al., 2021). Hoek et el. (2011) by
monitoring and modeling UFP in Amsterdam for 2002-2004 using LUR
methods (Hoek et al., 2011), and Zwack et al. (2011) by monitoring and
modeling UFP in New York for 2007 using dispersion (Zwack et al.,
2011a) and LUR methods (Zwack et al., 2011b), were among the first
attempts in Europe and North America to characterize spatial and
spatiotemporal variations of UFP for applications in environmental
epidemiology studies. Since then, many research groups have tried to
monitor and model UFP (mainly PNC) not only in North American and
European cities (Abernethy et al., 2013; Cattani et al., 2016; Eeftens
et al., 2016; Frohn et al., 2021; Kerckhoffs et al., 2021; Kerckhoffs et al.,
2016; Ketzel et al., 2021; Lloyd et al., 2023; Patton et al., 2015; Saha
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et al., 2019a; Weichenthal et al., 2016; Wolf et al., 2017), but also in
other parts of the world in Australia (Clifford et al., 2018; Karunasinghe
et al., 2015; Rahman et al., 2020), India (Saraswat et al., 2013), China
(Geetal., 2022), or Taiwan (Chang et al., 2021). To our knowledge, only
one spatial model exists for UFP metric LDSA in Switzerland (Eeftens
et al., 2016), and one Canadian study developed models for mean par-
ticle size in the UFP range for Montreal and Toronto (Lloyd et al., 2023).
More recently, mobile monitoring using Google Street View cars with
intensive repeated day-time on-road measurements during weekdays
has been used to develop novel models for UFP (Kerckhoffs et al., 2022a;
Kerckhoffs et al., 2022b; Shah et al., 2023).

In this study, we aimed to develop very fine spatial resolution ma-
chine learning (ML) models to estimate long-term mean UFP metrics,
namely PNC, LDSA, and average particle size (APS) in the capital city of
Copenhagen, Denmark, using standard designed campaigns and tech-
nologies for monitoring and state-of-the-art techniques for modeling.

2. Materials and methods
2.1. Study area

The study area, Danish capital city of Copenhagen, is about 150 km?
(Statistics Denmark, 2018) with a total population of >800,000 people
(Worldpop, 2020). The city has a mild climate with an annual average
temperature of ~9 °C. Copenhagen receives significant rainfall (annual
average ~700 mm) (Liu and Jensen, 2017).

2.2. Monitored data

We conducted a monitoring campaign over one year in Copenhagen
to estimate the annual mean of PNC, LDSA, and APS in selected loca-
tions. In brief, outdoor PNC, LDSA, and APS were monitored using
miniature diffusion size classifiers (‘DiSCmini’ [DM]; Testo SE & Co.
KGaA, Germany) at 27 residences’ facades for approximate 72-h per site
in two identical campaigns, each run in a warm or cool season (Fig. 1).
We enlisted volunteers for residential measurements based on avail-
ability, ensuring a geographically representative spread across the study
area. We did not intentionally oversample areas affected by specific
sources, like major roads. The DM instruments measure PNC
(1000-1,000,000 particles per cubic centimeter of air (pt/cm3)), LDSA,
and APS (range of 10-300 nm average particle size with an impactor for
APS cut-off at 700 nm) at 1-s intervals. The exact number of DM devices
used was three (one reference site and two rotating samplers). Indeed,
when we refer to the APS as measured by the DiSCmini device, what
we’re actually referring to is the estimated modal diameter of the par-
ticles, not their precise size. This estimation is derived from a compar-
ison of the electrical currents measured at two different stages within the
device. The currents correspond to the number of particles collected at
each stage, which in turn is related to the size of the particles. By
comparing these currents, the device can predict the most common, or
modal, particle diameter in the sample. This method provides a practical
way to estimate particle size distribution in real-time, although it’s
important to note that it provides an estimate rather than a precise
measurement.

The warmer season campaign was from July 08 to November 08,
2021, and the cooler season was from February 10 to May 29, 2022. To
approximate the annual mean in each of the 27 sites, we additionally
monitored PNC, LDSA, and APS at a reference site within a University of
Copenhagen campus away from traffic sources from May 29, 2021, to
May 29, 2022. The DM instruments were set up on the ground or first
floor level, in house entrances, on windowsills, or balconies facing the
street in weather-proof plastic boxes to represent concentration levels
immediately close to the residences. Further details of the monitoring
campaign are explained elsewhere (Bergmann et al., 2023a).
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Fig. 1. The location of monitoring sites in Copenhagen, Denmark. Sites 1 to 27 were facade-level monitors that measured particle number concentration, lung
deposited surface area and average particle size by DiSCmini instruments, and sites 28 to 33 were six state-owned continuous monitors. The population counts are per

100 m grid cells.

2.3. Quality assurance/control (QAQC)

We conducted ‘zero checks’ immediately before and after DM mea-
surements using a HEPA filter, and also evaluated the accuracy and
precision of the instruments to the best possible extent. To evaluate
accuracy, we co-located our three DM instruments thrice (“Co-location
17”: November 09-17, 2021, “Co-location 2”: May 31-June 07, 2022, and
“Co-location 3”: August 23-September 06, 2022) with a regulatory
network site that measured PNC using a Scanning Mobility Particle Sizer
(SMPS) instrument. In these three occasions, we also evaluated precision
by co-locating the DM instruments together and compared hourly means
of PNC with each other. The monitoring period was not impacted by
COVID-19 containment response policies (Bergmann et al., 2022;
Bergmann et al., 2021). The QAQC procedures resulted in high accuracy
and precision for our measurements.

2.4. Site-specific annual mean estimation

After careful data cleaning and processing, the annual means at each
of the 27 sites were estimated using the average of ratio and difference
methods based on the two short-term monitoring campaigns, and
temporally adjusted using data from the reference site (Amini et al.,
2017a; Amini et al., 2017b; Eeftens et al., 2015). The reference site was
used to monitor the temporal variation of PNC, LDSA, and APS
throughout the year. This temporal information was then used to adjust
the measurements from the 27 sites, which were not monitored
continuously, to approximate the annual mean. The spatial monitoring
at the 27 sites was necessary to capture the spatial variation across the
city. The combination of temporal data from the reference site and
spatial data from the 27 sites allowed us to model the annual means at
each of the 27 sites. More details about the temporal adjustment
methods in our monitoring campaign is available elsewhere (Bergmann
et al., 2023a). For PNC modeling, we additionally included the annual
mean data of six state-owned continuous monitors that measured PNC
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mostly near traffic sites from May 29, 2021, to May 29, 2022. The in-
struments used in five of these monitors were GRIMM 5421 condensa-
tion particle counter (CPC) that had a lower detection limit up to 7 nm to
a greater limit of 3 pm and in one monitor it was General Scanning
Mobility Particle Sizer (SMPS) with size range from 1 nm to 1000 nm.

2.5. Predictors

In total, 94 variables were developed as predictors in the model.
These were in five main classes, namely population, satellite observa-
tion, land use, traffic, and distance to variety of features (Table S1). The
population was the total number of people living within five buffers of
the location (100, 200, 300, 400, and 500 m radii) sourced from
Worldpop (2020). The satellite observation class included 6 predictors
for normalized difference vegetation index (NDVI) from Landsat satellite
for the year 2019 at ~30 m spatial resolution, also at different buffers
(30, 100, 200, 300, 400, and 500 m radii). The land use class comprised
of 10 predictors for the area of parks within 100, 200, 300, 400, and 500
m buffers, and additionally area of residential land use again within 100,
200, 300, 400, and 500 m buffer radii at a spatial resolution of 1 m. The
traffic class included 31 predictors at a 1 m spatial resolution, such as
2017 annual average daily traffic, and length of various major roads in
different categories and speed limits within buffers 100, 125, 150, 200,
250, 300, 350, 400, 450, and 500 m. Finally, the distance class included
42 predictors, also at a 1 m spatial resolution, such as distance to Open
Street Map (OSM) major roads, major roads with different speed limits
(40, 50, 60, 70, and 100 km/h), one way roads, two-way roads, primary,
secondary, and tertiary roads, tunnels, bridges, airport, gas stations,
parking lots, traffic signals, parking areas, schools, kindergartens, rail-
ways, taxi stations, ferry terminals, bus stops, bus stations, restaurants,
café, or pubs, supermarkets, malls, hotels, parks, industries, inland
water bodies, amongst others. Overall, the spatial resolution of 84 of 94
predictors (~90%) was 1 m.

2.6. Model development

The ML models were developed using the Caret package in R (Kuhn,
2008). Pre-processing of all predictors was conducted, and they were
centered and scaled. Next, Random Forest (RF) and Bagged Tree (BT)
ML algorithms were trained. These models were chosen based on prior
experience on their very good performance for prediction of environ-
mental data (Weichenthal et al., 2016). The details of these algorithms
are explained elsewhere (Biau and Scornet, 2016; De’ath, 2007; Foley,
2020). Briefly, the RF model is created from multiple decision trees
(DTs). The DTs determine the best split to subset the data. To create a
low correlation forest of decision trees, the RF algorithm uses bagging
and feature randomness (Biau and Scornet, 2016). Bagging, or Bootstrap
Aggregating, is a method used to improve the stability and accuracy of
machine learning algorithms. It works by creating multiple subsets of
the original data, with replacement (meaning some samples may be
repeated), and then training a separate model on each subset. The final
output is typically the average of the predictions from each model. This
method helps to reduce variance and prevent overfitting, making the
model more robust and accurate. Bagging is commonly used in decision
tree algorithms. In our work for RF model, the tuning parameter ‘min.
node.size’ was held constant at a value of 5, and root mean square error
(RMSE) was used to select the optimal model using the smallest value.
The amount of granularity in the tuning parameter grid was refined by
setting the tuneLength as 93 for RF. The final values used for the PNC RF
model were mtry = 23 and splitrule = variance. The mtry is the number
of variables randomly sampled as candidates at each split, and the
splitrule determines the splitting rule (the options in the caret package
are “gini”, “extratrees”, or “variance”). These for LDSA and APS were
mtry = 2 and splitrule = extratrees.

The BT method in the caret package is a bagged CART model. It is a
special case of RF models where B regression trees are built using B
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bootstrapped training sets and the resulting predictions are averaged.
These trees grow deep and are not pruned. Therefore, each individual
tree has high variance but low bias, and averaging the B trees reduces
the variance (De’ath, 2007; Foley, 2020). No tuning was done for BT as
Caret has no hyperparameters to tune with this model. For our BT
model, B was the default value of 25.

Our ML models were cross-validated (10 fold, repeated 10 times). In
other words, the data sample was shuffled in each repetition resulting in
developing different splits of the sample data, and finally, the mean
performance and accuracy across all 10 repetitions was calculated. The
coefficient of determination (RZ) was calculated for the performance
evaluation, and RMSE was calculated to measure accuracy. The RMSE
was used to select the optimal model using the smallest value.

2.7. Performance evaluation

The final model predictions were further evaluation by visualizing
the difference between monitored and predicted concentrations using
1:1 plots. Additionally, the dependence of differences between observed
and predicted values on the mean of their associated values was assessed
using Bland-Altman (BA) plots.

2.8. Predictions

Although most predictors (90%) were available at a 1 m spatial
resolution, for computational efficiency and applicability of exposure
prediction for each residence, prediction grid cells were created for
centroid of 5 x 5 m grid cells. The total number of prediction grids in the
study area was 4,116,529 grid cells and 94 predictors were sampled for
each grid cell.

2.9. Software and high-performance computing (HPC)

Google Earth Engine was used to retrieve satellite observations
(Gorelick et al., 2017), and R and RStudio environment was used for
statistical analyses (Allaire, 2012; Thaka and Gentleman, 1996), visual-
izations, and model development. In particular, the following packages
were used: raster, rgdal, sf, sp, zoo, caret, caretEnsemble, mgcv, doP-
arallel, future, ggExtra, ggpubr, BlandAltmanLeh, iml, and knitr. Fea-
tures of ArcMap were used for geo-visualizations (Mitchel, 2005). For
HPC, a supercomputer at Harvard University running a Linux-based
operating system was used.

3. Results
3.1. Summary statistics and correlations for monitored data

The monitored annual mean PNC across 33 locations was 5523
(range: 3730-8975) pt/cme'. The monitored annual mean LDSA across
27 locations was 12.00 (range: 9.6-14.5) pmz/cm?’, while these for mean
APS were 46.1 (39.2-55.5) nm (see more detailed statistics in Table 1).
The Spearman correlation between monitored PNC and LDSA was 0.84,
and both of these measures were negatively correlated with APS (—0.65
for PNC and APS, and —0.36 for LDSA and APS) (Fig. S1).

Table 1

Descriptive statistics for monitored annual mean particle number concentration
(PNC) (pt/cmB), lung deposited surface area (LDSA) (pmz/cms), and average
particle size (APS) (nm) in Copenhagen, Denmark.

UFP Observations ~ Min 25% 50% Mean  75% Max

Metric ile ile ile

PNC 33 3730 4741 5309 5523 6312 8975
LDSA 27 9.6 11.2 11.5 12.0 12.8 14.5

Particle 27 39.2 44.3 45.3 46.1 47.0 55.5

size
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3.2. Machine learning models

3.2.1. PNC model

The cross validated (10-fold, repeated 10 times) R? using the best RF
model was 0.65 while for the BT model this was 0.71. However, the
RMSE was smaller for RF model when predictions were regressed
against the monitored PNC across 33 monitors (Table 2). The R? of the
final selected RF model was 0.93. The predicted annual mean PNC by RF
model across 4.1 million grid cells was 5573 (4272-7709) pt/cm®
(Table 3 and Table S2). The top five main predictor variables for PNC
were length of major roads within buffer of 125 m and 150 m, distance
to bus stops, length of major roads within buffer of 100 m, and distance
to traffic signals (Table 4, and see Table S5 for top 20 predictors).

3.2.2. LDSA model

The cross validated R? using the best RF model was 0.67 with an
RMSE of 0.48 pmz/cmB, and for the BT model these were, respectively,
0.69 and 0.99 pmz/cm3 (Table 2). The R? of the final selected RF model
was 0.88. The predicted annual mean LDSA by RF across 4.1 million grid
cells was 12.00 (11.0-13.2) pm?/cm?® (Table 3 and Table $3). The top
rank 5 main predictor variables for LDSA were length of major roads
within buffer of 125 m, length of major roads with speed limit less than
60 km/h within buffer of 100 m, length of major roads with speed limit
less than 60 km/h within buffer of 125 m, length of major tertiary roads
with within buffer of 125 m, and distance to parks or green spaces
(Table 4, and see Table S6 for top 20 predictors).

3.2.3. Particle size model

The cross validated R? using the best RF model was 0.60 with an
RMSE of 1.60 nm and for the BT model these were, 0.61 and 2.46 nm,
respectively (Table 2). The R? of the final selected RF model was 0.85.
The predicted annual mean APS by RF across 4.1 million grid cells was
45.9 (42.3-50.0) nm (Table 3 and Table S4). The top five main predictor
variables for APS were distance to bus stops, distance to major roads
with a speed limit more than 50 km/h, length of major roads within a
buffer of 200 m, length of major tertiary roads within a buffer of 350 m,
and distance to motorway junctions (Table 4, and see Table S7 for top 20
predictors).

3.3. Correlation of predictions

The Spearman correlation between predicted PNC and LDSA was
0.82 and like in the monitored data both of these measures were nega-
tively correlated with the APS (—0.74 for PNC and APS, and —0.79 for
LDSA and APS) (Fig. S2).

Table 2

— The model performance metrics for particle number concentration, lung
deposited surface area and average particle size using random forest and bagged
tree machine-learning algorithms in Copenhagen, Denmark.

UFP Machine R? cv RMSE” MAE  Bias Slope
Metric Learning R*
Algorithm
PNC Random 0.93 0.65 296 740 —1593 1.29
Forest
Bagged Tree 0.72 0.71 584 672 —1802 1.33
LDSA Random 0.88 0.67 0.48 1.19 -12.70 2.06
Forest
Bagged Tree 0.50 0.69 0.99 1.31 —11.49 1.95
Particle Random 0.85 0.60 1.60 3.23 —52.72 2.33
size Forest
Bagged Tree 0.65 0.61 2.46 3.41 —61.61 2.14

@ The cross validation for random forest and bagged tree ML algorithms was
10-fold repeated 10 times.

b The RMSE units are pt/cm?® for PNC, pm?/cm?® for LDSA, and nm for particle
size.
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Table 3

- Descriptive statistics for predicted annual mean particle number concentration
(PNC) (pt/cm3), lung deposited surface area (LDSA) (umz/cms), and average
particle size (APS) (nm) by the random forest models in Copenhagen, Denmark.

UFP # of Min 25% 50% Mean 75% Max
Metric Predictions ile ile ile
PNC 4,116,529 4272 5041 5309 5573 6153 7709
LDSA 4,116,529 11.0 11.7 12.0 12.0 12.4 13.2
Particle 4,116,529 42.3 45.2 45.9 45.9 46.7 50.0
size
Table 4

- Top five important predictors for prediction of annual mean particle number
concentration, lung deposited surface area, and average particle size using
random forest (RF) and bagged tree (BT) machine-learning algorithms in
Copenhagen, Denmark.

UFP Rank RF Feature Importance BT Feature Importance
Metric
PNC 1 Length of major roads within Length of major roads
buffer of 125 m within buffer of 100 m
2 Length of major roads within Length of major roads
buffer of 150 m within buffer of 150 m
3 Distance to bus stops Distance to major roads
with speed limit more than
40 km/h
4 Length of major roads within Distance to traffic signals
buffer of 100 m
5 Distance to traffic signals Distance to parking areas
LDSA 1 Length of major roads within Length of major roads
buffer of 125 m within buffer of 150 m
2 Length of major roads with Distance to industrial land
speed limit less than 60 km/h use
within buffer of 100 m
3 Length of major roads with Distance to major roads
speed limit less than 60 km/h with speed limit more than
within buffer of 125 m 40 km/h
4 Length of major tertiary roads Area of residential land use
with within buffer of 125 m within 100 m buffer
5 Distance to parks or green Length of major tertiary
spaces roads with within buffer of
125m
Particle 1 Distance to bus stops Distance to major roads
size with speed limit more than
50 km/h
2 Distance to major roads with Length of major tertiary
speed limit more than 50 km/h  roads with within buffer of
350 m
3 Length of major roads within Distance to supermarkets
buffer of 200 m
4 Length of major tertiary roads Distance to gas stations
with within buffer of 350 m
5 Distance to motorway Distance to bus stops

junctions

3.4. Performance evaluation

The 1:1 plots for PNC, LDSA, and APS are shown in Figs. S3-S5. The
BA plots suggested that albeit larger differences were typically seen in
higher mean values, the cloud of the points were mostly within the limits
of agreement (Figs. S6-58).

3.5. Predictions

The within-city spatial predictions for PNC and LDSA showed sub-

stantial reductions away from major roads with high traffic levels and
away from crosses, traffic signals, and bus stops (Fig. 2, Fig. 3, and
Figs. S9-510). The spatial patterns of PNC and LDSA seemed somewhat
different with smaller predicted LDSA values around airport areas while
having high PNC values in their roads, and having larger predicted LDSA
values in wider buffers around the major streets. Importantly, the
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Fig. 2. Predicted annual mean concentrations of particle number concentration, lung deposited surface area and average particle size by random forest model in
Copenhagen, Denmark. The spatial resolution of prediction grids is 5 m (4,116,529 predicted grid cells for each pollutant). The legend breaks are based on deciles, i.
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[ ] 4907-5,000 5,082 - 5,175 5,352 - 5,822 6,080 - 6,254 ] 6.443-7,709

Fig. 3. - Predicted within-city annual mean particle number concentrations (PNC) by random forest model in Copenhagen, Denmark. The legend breaks are based

on deciles.
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selected buffers for the impact of roads on PNC were about 100-150 m
while for LDSA this was until 100-350 m radii.

4. Discussion

In this study, we have developed the first ML models at a spatial
resolution of 5 m for PNC, LDSA, and APS for the Danish capital based on
real-world monitored data, predictor variables from a variety of classes,
and state-of-the-art modeling techniques in an area with relatively low
UFP concentrations. The cross-validation R? values (10-fold repeated
10-times) for final models were 0.65, 0.67, and 0.60 for PNC, LDSA, and
APS, respectively.

UFPs have various sources for emission into the ambient air that
varies over space and time (Daher et al., 2013). They are mainly emitted
from transportation sector (traffic exhaust and aircrafts) and nucleation
events (Brines et al., 2015), but also from ship terminals and ports,
restaurants, agriculture, crop burning and wildfires, industries, natural
gas combustion, and from residential areas by heating, wood burning,
and cooking (Venecek et al., 2019; Yu et al., 2019).

The PNC values in Copenhagen were relatively low compared to
other parts of the world; however, they do vary across space substan-
tially, such as near or far from road traffic intersections, construction
sites, bus stops and so forth (Bergmann et al., 2022). The monitored

Table 5
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annual mean PNC across six state-owned continuous sites that were
located near traffic sources was 6970 (range: 6117-8975) pt/cm>. The
estimated annual mean across the monitored 27 residences in our study
was 5201 (range: 3730-6583) pt/cm®. These values are lower than in
any other city where LUR models have been developed (Patton et al.,
2021). In response to concerns that our monitoring locations, which
were primarily residential, might not accurately represent the land use
and traffic patterns across the entire region, we conducted an analysis.
We compared the distributions of the top five predictor variables at our
monitoring sites with those across the entire region. The results showed
that our monitoring sites are relatively closer to bus stops, traffic signals,
and major roads compared to the average for the region (Table 5). This
suggests that if we were to include more monitoring locations further
away from these areas, we might observe even lower annual mean
values. It should be considered that our values were including day and
night time measurements, and in many other monitoring campaigns
only daytime data have been collected. The mean PNC in Pittsburgh,
Pennsylvania, United States, over 3-6 weeks of continuous measure-
ment (day and night) has been reported to be as low as 7500 pt/cm®
(Saha et al., 2019b). In Augsburg, Germany, over three two-week
measurements PNC was 8311 pt/crn3 (Wolf et al., 2017), and in Basel,
Switzerland, over three 20 min measurements up to six sites at a time it
was 10,100 p'[/cm3 (Ragettli et al., 2014). In some other cities, PNC had

- The distributions of the top five predictor variables at our monitoring sites compared with those across the entire region. The units for all variables are meters.

UFP Metric Predictor Location Min 25%ile  50%ile  Mean 75%ile  Max
PNC Length of major roads within buffer of 125 m 33 monitoring 0 0 0 249.3 321.0 1214.0
sites
Entire region 0 0 0 132.4 236.0 2378.0
Length of major roads within buffer of 150 m 33 monitoring 0 0 198.0 365.2 476.0 1577.0
sites
Entire region 0 0 0 190.5 331.0 2803.0
Distance to bus stops 33 monitoring 9.5 152.0 252.8 258.0 349.4 585.3
sites
Entire region 0 222.0 487.0 1065.2 1488.7 5820.1
Length of major roads within buffer of 100 m 33 monitoring 0 0 0 153.0 220.0 740.0
sites
Entire region 0 0 0 84.8 112.0 1888.0
Distance to traffic signals 33 monitoring 48.3 152.0 248.0 261.3 402.6 539.6
sites
Entire region 0 236.4 571.5 1217.9 1847.4  6674.3
LDSA Length of major roads within buffer of 125 m 27 monitoring 0 0 0 113.9 221.0 587.0
sites
Entire region 0 0 0 132.4 236.0 2378.0
Length of major roads with speed limit less than 60 km/h within buffer of 27 monitoring 0 0 0 60.0 105.0 377.0
100 m sites
Entire region 0 0 0 55.7 0 1773.0
Length of major roads with speed limit less than 60 km/h within buffer of 27 monitoring 0 0 0 112.6 204.0 587.0
125m sites
Entire region 0 0 0 87.0 56.0 2246.0
Length of major tertiary roads with within buffer of 125 m 27 monitoring 0 0 0 113.9 221.0 587.0
sites
Entire region 0 0 0 98.6 142.0 2246.0
Distance to parks or green spaces 27 monitoring 20.1 55.5 113.0 156.0 210.3 366.0
sites
Entire region 0 136.2 413.0 1010.7  1420.1  7379.1
Particle Distance to bus stops 27 monitoring 58.2 183.0 280.4 291.3 372.3 585.3
size sites
Entire region 0 222.0 487.0 1065.2  1488.7  5820.1
Distance to major roads with speed limit more than 50 km/h 27 monitoring 123.7 3355 614.2 719.1 958.0 2042.0
sites
Entire region 0 311.5 732.8 1287.6  1669.0  7354.0
Length of major roads within buffer of 200 m 27 monitoring 0 0 381.0 462.3 550.5 2319.0
sites
Entire region 0 0 0 338.1 542.0 3767.0
Length of major tertiary roads with within buffer of 350 m 27 monitoring 0 819.5 1394.0 1495.0 2320.0 4351.0
sites
Entire region 0 0 368.0 769.6 1325.0 7141.0
Distance to motorway junctions 27 monitoring 350.2 1397.9 2671.5 2576.5 3662.5 4993.4
sites
Entire region 0 1300.0 2523 2860.0 4147.0  9102.0
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higher mean values of 20,578 pt/cm? in Montreal, Canada, over 23 days
of mobile monitoring from June to July 2012 mornings and afternoon
rush hours (Zalzal et al., 2019), also near 16,000 pt/cm3 ina 2020-2021
campaign in same city (mobile monitoring from 7 a.m. to 11 p.m. at
random times for four seasons) (Lloyd et al., 2023), 44,000 pt/cm3 again
in Somerville, Massachusetts, United States, over 43 days of mobile
monitoring by 3-6 h per day (Patton et al., 2014), or up to a median of
100,000 pt/cm?® in several Spanish cities by 15 min monitoring in
hundreds of rotating sites (Rivera et al., 2012). It is of important note
that not all studies have used the same instruments for UFP monitoring
(thus, they had different cut-off levels for measurement range), and not
of the same monitoring duration and number of locations, thus making
the comparisons very challenging given the fact that UFP has high
spatiotemporal variation.

LDSA has been suggested to be a better marker for the health rele-
vance of UFP in Switzerland (Aguilera et al., 2016). The measurement of
LDSA needs the entire APS distribution where APS is divided into size
bins, the sum of particle surface in each size bin is weighted by its
lung-deposition probability (based on models), and finally the square
micrometer surface per cubic centimeter of air is calculated (Geiss et al.,
2016). The estimated annual mean LDSA in Copenhagen across 27 res-
idences was 12.0 pm?/cm?, which is again low compared to many other
world cities. In Helsinki, Finland, the average measured LDSA varied
from 12 to 94 ym?/cm® in a park area and at a traffic site next to a major
road, respectively (Kuuluvainen et al., 2016). The mean LDSA near the
LAX airport in Los Angeles (LA), California, United States, has been re-
ported to be 47.2 pmz/cm3 (Habre et al., 2018), while near LA freeways
it has been reported to be about 53 prnz/cm3 (Ntziachristos et al., 2007).
In London, UK, the average LDSA is reported to be near 18 pm?/cm®
(Shah et al., 2023). In Switzerland, across four study areas (Basel,
Geneva, Lugano, Wald), the mean LDSA was 32.1 pmz/cm3 (Eeftens
et al., 2016).

The average APS of UFP strongly relates to its source and various
conditions in the production process (Brugge and Fuller, 2021). Most of
the total number of particles in the overall size distribution near high-
ways or airports fall in the UFP or its smaller size range (Brugge and
Fuller, 2021). The annual average APS in Copenhagen was 46.1 nm in
our monitored data across 27 residences. This metric is lower in more
polluted cities with higher traffic and other producing sources. In LA, the
mean APS was about 30.1 nm near LAX airport (Habre et al., 2018). In
Canada, 33.7 nm for Toronto, and 29.7 nm for Montreal has been re-
ported during 2020-2021 mobile monitoring campaign (Lloyd et al.,
2023).

Our RF PNC model in Copenhagen had a good performance with
cross-validated R? of 0.65. PNC hybrid models in Canada (a combination
of LUR and convolutional neural network models), were able to explain
60% of variation in Montreal, and 73% in Toronto (Lloyd et al., 2023).
Overall, based on literature, longer-term measurements for PNC have
resulted in better performance (Kerckhoffs et al., 2016). The majority of
predictor variables in our PNC model were related to traffic but also
included the area of parks within 500 m buffer (Table 4 and Table S5).
One novelty of our work is differentiating the impacts of road types and
roads with different speed limits on PNC, where distance to major roads
with speed limit more than 40 km/h, or length of major roads with speed
limit less than 60 km/h within buffer of 100 m were among the
important predictors. Traffic intensity and other proxy variables for
traffic in addition to other predictors, such as population density,
number of restaurants within different buffers, airport and industry
related variables have been all predictors well explaining the variation
of PNC in urban areas across the world (Abernethy et al., 2013; Ker-
ckhoffs et al., 2021; Ragettli et al., 2014; Shairsingh et al., 2019; Wei-
chenthal et al., 2016). An important finding from our PNC predictions
for Copenhagen is that while they have elevated numbers across the
main roads as a significant source, they significantly decline away from
major roads, which reflects the short lifetime of such particles, and
agglomeration to larger particles as shown in our particle size
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predictions (Fig. 2). Such large spatial variation in PNC are important for
epidemiological studies that evaluate the effects of UFP on population
health.

Our LDSA model had cross validated R? of 0.67. The LDSA models
have been rather rare, so far. We found only one study that spatially
modeled and predicted LDSA for epidemiological studies, which was
developed in the cities of Basel, Geneva, Lugano, and Wald in
Switzerland for the SAPALDIA (Study on Air Pollution And Lung Disease
In Adults) project (Eeftens et al., 2016). The cross-validated R? of the
model developed by Eeftens et al. (2016) was 0.87, and LDSA was
mainly explained by the total lengths of all major roads within 250 m
buffer, total lengths of all roads within 100 m buffer, total traffic load of
roads (sum of (traffic intensity x length of each segment)), and altitude
(Eeftens et al., 2016). The subsequent epidemiological evidence from
Switzerland indicated stronger effects of LDSA than PNC (Aguilera et al.,
2016; Endes et al., 2017), which highlights the potential importance of
this metric for future epidemiological studies. A recent study in London,
UK, monitored LDSA by one year of mobile monitoring using Google
Street View cars, and reported sharp spatial patterns for this metric
within the city in areas with high density of restaurants. The LDSA in
such areas were as high as 25 pmz/cm3 in London (Shah et al., 2023). In
our modeling practice in Copenhagen, the traffic related variables were
the most influential predictors of LDSA, but distance to restaurants, café,
or pubs was also an important predictor, supporting the role of such
sources in contribution to LDSA (Table S6). Further, as the distance from
parks increased, the LDSA levels actually rose, indicating that LDSA
values are generally lower within park and green space areas.

Our model for APS in Copenhagen had cross validated R? of 0.60. The
model like PNC and LDSA was mostly explained by traffic-related pre-
dictors, such as distance to bus stops, major roads, and motorway
junctions. As UFP ages in the atmosphere, they accumulate oxygen
atoms over time and oxidize, and agglomerate with each other, meaning
that they transform and become larger farther away from the source.
This is evident in our ML model predictions where smaller mean parti-
cles are estimated for inner city areas and where the load of traffic as a
main source is higher, and larger particles are estimated for parks, and
areas farther away from the main sources (Fig. 2). We have found only
one study that modeled spatially APS in the UFP range, which was in
Canada for Toronto and Montreal using mobile monitored data. Lloyd
et al. (2023) developed hybrid models for APS in these two cities and
reported R? values of 0.55 in Toronto and 0.49 in Montreal in the test
sets. They predicted at 100 m spatial resolution and found that busy
roads with high traffic to have smaller mean APS, which is a similar
finding to our study (Lloyd et al., 2023). APS could be an interesting
metric together with PNC and LDSA for epidemiological analyses to see
if the effect of PNC modifies based on size of the particles, or for urban
planning identifying areas of interest for intervention, e.g., introduction
of green buffer zones, creation of green biking routes, and so forth.

Our models have several limitations and strengths. First, the number
of sites used for the modeling was rather limited, and the model pre-
dictions were generalizations based on information from 27 (for LDSA
and APS) to 33 (for PNC) monitoring sites within the city. While more
sites are preferable, our ML models even based on these limited number
of monitoring sites explain acceptably the variations in long-term
monitored data by cross-validated (10-fold, repeated 10 times) R?
values above 0.60. Second, the true annual mean PNC was available only
at six monitors, and for the other 27 locations, they were estimated
based on a reference site, field campaigns, and standard methods (i.e.,
temporal adjustment method). These methods have been demonstrated
to well approximate the true annual mean at each site across many
studies (Eeftens et al., 2016; Saha et al., 2019a). Third, there is a risk of
overfitting for our ML models. We followed a 10-fold and 10-time-
s-repeated cross-validation method to ensure our models were not
overfitted. The reasonably generated maps for UFP in our models
(higher values near major roads as the main source, and lower values
away from the location of main UFP sources) may indicate having
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generalizable models, supporting that the models were not overfitted.
We believe that the generalized air pollution estimations in our work are
valid and agree with our expectations on spatial patterns of these
markers in the area. As with any model, external validation with
high-quality data would be very useful and warranted, which is rec-
ommended in future studies. Fourth, while our model provides pre-
dictions at a 5-m grid spatial resolution, we acknowledge that this is an
estimate, and the actual resolution may vary. Finally, the challenge of
predicting over 4 million data points from just 27-33 observations is
indeed significant. However, it’s important to note that each of these
observations is not a single data point, but rather a rich set of data
capturing various aspects of the environment. This, combined with the
power of ML algorithms, allows us to extrapolate from these observa-
tions to a larger spatial scale.

5. Conclusions

In this paper, we report the first machine-learning models that pro-
vide long-term average estimates of PNC, LDSA, and APS in Copenha-
gen, Denmark. These modeled values have various applications, such as
studying the health impacts of different UFP markers or urban planning
among others. Our study adds new insights on the spatial variation of
UFP exposure metrics in a European city with relatively low PNC. Our
high-resolution predictions at 5 m enable investigating the health effects
of PNC or LDSA and the role of APS in modifying these effects in the
Danish capital where high-quality registry data is available for epide-
miological studies.
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