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Air pollution is a prevailing environmental problem in cities worldwide. The future vehicle electrification (VE),
which in Europe will be importantly fostered by the ban of thermal engines from 2035, is expected to have an
important effect on urban air quality. Machine learning models represent an optimal tool for predicting changes
in air pollutants concentrations in the context of future VE. For the city of Valencia (Spain), a XGBoost (eXtreme
Gradient Boosting package) model was used in combination with SHAP (SHapley Additive exPlanations) anal-
ysis, both to investigate the importance of different factors explaining air pollution concentrations and predicting
the effect of different levels of VE. The model was trained with 5 years of data including the COVID-19 lockdown
period in 2020, in which mobility was strongly reduced resulting in unprecedent changes in air pollution con-
centrations. The interannual meteorological variability of 10 years was also considered in the analyses. For a
70% VE, the model predicted: 1) improvements in nitrogen dioxide pollution (—34% to —55% change in annual
mean concentrations, for the different air quality stations), 2) a very limited effect on particulate matter con-
centrations (—1 to —4% change in annual means of PM; 5 and PM;), 3) heterogeneous responses in ground-level
ozone concentrations (—2% to +12% change in the annual means of the daily maximum 8-h average concen-
trations). Even at a high VE increase of 70%, the 2021 World Health Organization Air Quality Guidelines will be
exceeded for all pollutants in some stations. VE has a potentially important impact in terms of reducing NO2-
associated premature mortality, but complementary strategies for reducing traffic and controlling all different air
pollution sources should also be implemented to protect human health.

1. Introduction

Air pollution is a global environmental issue, especially for the urban
population (Sicard et al., 2023). In 2016, 54% of the world’s population
lived in urban settlements, and these areas will host 68% of the popu-
lation by 2050 (United Nations, 2019). Nitrogen dioxide (NO3), partic-
ulate matter (particles with aerodynamic diameter <10 pm, PM;(, and
<2.5 pm, PM3 5) and ground-level ozone (O3) produce harmful effects to
human health and are associated with respiratory and cardiovascular
diseases, cancer, and premature mortality (Anenberg, 2018; Liu et al.,
2019; Sicard et al., 2021; Malashock et al., 2022; Keswani et al., 2022).
Because of exposure to outdoor air pollution, 4.2 million premature
deaths occur worldwide (World Health Organisation, 2021a) and, in the
28 countries of the European Union (EU-28) in 2018, premature deaths
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attributed to PM; 5 exposure, NO5 and O3 were 379,000, 54,000 and 19,
400, respectively (European Environmental Agency, 2020). Focusing on
cities, in 2018, the percentages European urban population exposed to
exceedances of the World Health Organization 2005 Air Quality
Guidelines values were 74% for PMy 5, 48% for PM;, 99% for O3, and
4% for NOy (European Environmental Agency, 2020). Furthermore,
people exposed to moderately above-average levels of PM in the two
years before the COVID-19 pandemic were 51% more likely to suffer
severe COVID-19, while for NOs the risk increased by 26% (Kogevinas
et al., 2021).

To protect human health from air pollutants, ambient air quality
standards and emission control policies have been developed world-
wide. In Europe, reference limit values were established for PM; s, PM,
and NOy, and target values for O3 (Air Quality Directive, 2008/50/EC,
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hereafter AQD) (Table 1). Based on epidemiological studies on the im-
pacts of air pollutants on human heath, the WHO established Air Quality
Guidelines (hereafter WHO AQG) in 2005, recently revised in 2021
(World Health Organization, 2021b) (Table 1). These WHO AQG are
more stringent than limits of the AQD and represent a fundamental
reference for future revisions of the AQD. Compliance of the AQD limits
and target values is based on measurements by reference measuring
methods in networks of air quality stations. Exceedance of the AQD
limits and target values in any monitoring station within established air
quality zones, implies non-compliance with the legislation in the entire
zone (AQD, Borge et al., 2022). In this case, air quality improvement
plans have to be implemented.

In 2021, the global electric car sales surpassed 6.6 million, tripling
the sales from two years earlier, with 16 million electric cars being on
the road worldwide (Venter, 2022). In the framework of the EU strategy
to achieve climate neutrality by 2050 and energy independency, vehicle
electrification (VE) will be strongly promoted, and the sale of new petrol
and diesel cars will be banned from 2035 (2021,/0197(COD)). In Europe,
electric car sales accounted for 17% of the total sales in 2021 (about half
of them plug-in hybrids), with Norway and Sweden leading the market
(72% and 45% of the sales, respectively); 25% of the sales are in Ger-
many, about 15% in France, 9% in Italy and 7% in Spain (Paoli and Giil,
2022). Increasing VE is expected to have a significant impact on urban
air quality, and therefore the prediction of its effects is a topic of great
interest to support the development of strategies for the reduction of air
pollution and compliance with air quality standards in urban
environments.

Atmospheric chemical transport models (CTM) have been commonly
applied to investigate the effect of changes of emissions and meteoro-
logical conditions on air pollutant concentrations (e.g., Lamarque et al.,
2013; Young et al., 2013; De Marco et al., 2022). However, they require
a lot of computational power and are subject to large uncertainties
related to the missing or poorly parameterized physical and chemical
processes, and also to the emission inventories, which, frequently, are
inaccurate, incomplete or not updated (Liu et al., 2018). Source-receptor
relationships have also been used to estimate the effect of changes in
precursor emissions on pollutant concentrations. They mimic the
behavior of a full CTM through a simplified statistical approximation
and are much more flexible and faster than CTMs (Pisoni et al., 2019).
However, depending on the purpose, their spatial resolution (typically
>7 km? as in CTMs) may be insufficient for a fine city scale study, and
prediction of non-linear relationships between precursors and concen-
trations as required for Os is problematic (Pisoni et al., 2019). In recent
years, machine learning (ML) models have been revealed to be a

Table 1

Air Quality Limits (NO, and PM) and Target Values (0O3), according to the EU Air
Quality Directive (Directive, 2008/50/EC) and WHO Air Quality Guidelines for
the protection of human health (2005, updated in 2021). MDAS is the daily
maximum 8-h average of O3 concentrations. The number of days per year (d y )
over the thresholds that should not be exceeded to fulfil the EU Air Quality
Directive and WHO AQG are given in parenthesis, as well as the percentiles
representing these numbers of days per year, i.e., P99.0 (3 days per year), P93.2
(25 days per year), and P90.4 (35 days per year).

Air Averaging period AQD limit and WHO AQG WHO AQG

pollutant and metric target values 2005 2021
(hgm~>) (hgm~>) (g m°)

NO, Annual mean 40 40 10

03 24 h MDAS 120(25dy, 100 (3d 100 (3d
P93.2) y1,P99.0)  yl,P99.0)

PM, 5 Annual mean 25 10 5

PMy5 24 h mean - 25(3dy!, 15@dy’,

P99.0) P99.0)

PM;o Annual mean 40 20 15

PM;o 24 h mean 50 (35dy 1, 50 (35 d 50 (3dy},
P90.4) y~ 1, P90.4) P99.0)

Environmental Research 228 (2023) 115835

powerful tool for data analysis and prediction (Jordan and Mitchell,
2015; Zhou, 2021), owing their flexibility for making use of the avail-
able data and computational efficiency (Jordan and Mitchell, 2015). In
the field of urban air quality, ML models have been recently applied e.g.,
to investigate the importance of different predictive variables deter-
mining air pollutant concentrations (Ma et al., 2020), to predict changes
in air quality under future scenarios (Yang et al., 2021) or to cancelling
out the effect of meteorology on pollution concentrations during the
COVID-19 lockdown and subsequent post-relaxation period (Querol
et al., 2021). Data from the recent COVID-19 lockdown period, with
unprecedented traffic reductions in many cities of the world (Aloi et al.,
2020, and references therein) and associated changes in air pollution,
are optimal for training ML models to investigate the impact of traffic
reductions on air pollution (e.g., Lovric et al., 2021). In a recent study
from Los Angeles, data including the lockdown period were also used to
train a Random Forest model to predict changes in air quality associated
with different scenarios of VE (Yang et al., 2021). This approach, that to
our knowledge has only been applied in that study, is of great interest in
the context of compliance of air quality targets by the cities. The
XGBoost (eXtreme Gradient Boosting) system for tree boosting, which
provides state-of-the-art results on many ML challenges (Chen and
Guestrin, 2016), in combination with SHAP (SHapley Additive exPla-
nations) analysis, which helps interpreting predictions of complex
models (Lundberg and Lee, 2017), are potential optimal tools for such a
type of study.

In the present paper, we applied XGBoost model using the city of
Valencia (Spain) as a study case. The objectives were: 1) to apply and
assess the performance of XGBoost model for predicting air pollution
levels; 2) to use this ML model to assess the importance of the different
factors explaining air pollutant levels by using the SHAP analysis; 3) to
predict the expected changes in air quality in city in a future scenario
with increasing VE, considering the interannual meteorological vari-
ability; 4) to estimate the increase in VE needed to fulfill the air quality
standards, at the level of air quality stations; 5) to predict the impact of
increasing VE on human health at city level; and 6) to propose measures
to effectively reduce air pollutants levels considering the predicted
changes.

We hypothesized that air pollutant concentrations in the city of
Valencia can be estimated at level of single air quality station by a ML-
based model and that the effect of reduced emissions due to VE on air
pollution can be predicted for a ten-year range of different meteoro-
logical conditions.

2. Materials and methods
2.1. Datasets used

Two datasets were used, one for training and testing the performance
of the model and the other for prediction. The first dataset included 5
years (2017-2021) of hourly air quality and meteorological data
(Table S1). Data were obtained from seven monitoring stations of the
Valencian Air Quality Network (http://www.agroambient.gva.es)
(Table 2, Fig. 1). The main source of air pollutants is the traffic, while
other sources include the harbor and a limited number of industries
around the city; the airport is downwind of the city, being less relevant
in the context of this study. The air pollutants considered were NO3, O3,
PM; 5 and PM; . For O3, running 8-h average concentrations (i.e., actual
hour + previous 7 h, from now on 8-h O3) were used instead of hourly
values, as they are the basis for O3 MDAS8 calculation (the daily
maximum 8-h average of O3 concentrations). Analyses of the changes in
air pollution during the lockdown and subsequent relaxation period in
Valencia are available elsewhere (Sicard et al., 2020a; Querol et al.,
2021). The days with Saharan dust intrusion, European intrusion or
biomass burning were also included (downloaded from http://www.
agroambient.gva.es). Saharan dust transported to the Mediterranean
region are relatively frequent in Spain and may cause exceedances of the
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Table 2
Air quality monitoring stations of the city of Valencia. Latitude and longitude in
decimal degrees.

Station Typology Typology 2 Latitude  Longitude  Pollutants
1
Vivers Urban Background 39.4781 —0.3683 NO,, O3
Moli Suburban Traffic 39.4811 —0.4083 NO,, PM,
O3
Politecnic Suburban Background 39.4797 —0.3375 NO,, PM,
O3
Bulevard Urban Traffic 39.4503  —0.3964 NO,, O3
Sud
Centre Urban Traffic 39.4707 —0.3765 NO,, PM
Pista de Urban Traffic 39.4581 —-0.3767 NO,, PM,
Silla O3
Avd. de Urban Traffic 39.4575 —0.3428 NO,, PM,
Franca O3

daily PM;, standards when added to the local and regional PM (Querol
et al., 2019). Long-range PM transport from continental Europe is rele-
vant for Northern Spain (Escudero et al., 2007), but of scarce importance
for Valencia (6 days for the period 2012-2021). Biomass burning im-
pacts to this city are mainly associated to agricultural practices, being
particularly remarkable the period of the rice straw burning from
October to December (Viana et al., 2008). The meteorological variables
from Avd. de Franca station were used for the whole city: air tempera-
ture, relative humidity, wind speed, maximum wind speed, wind di-
rection, total precipitation, and solar radiation, on an hourly basis. The
boundary layer height was obtained for each hour from ERAS reanalysis
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(https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era
5). This reanalysis provides hourly data with a spatial resolution of 30
km.

Other variables included in the dataset were the Average Hourly
Traffic (AHT) values of streets within radii of 1000 m (AHT_1000) and
500 m (AHT_500) around the stations (Table S1). Hourly data from a
total of 415 electromagnetic spires, used to measure traffic intensities in
the streets, were used in the study (data provided by the Valencia City
Hall upon request). As a reference, the total vehicle park of the city is
473,260 (Recull Estadistic Valencia, 2021). Furthermore, two temporal
indicators were included, the day of week and the hour of the day in
local time. Also, the distance of each air quality stations to the harbor,
the main pollutants source in Valencia after traffic, was included in the
analyses (following Yang et al., 2021). In 2020, the harbor of Valencia
welcomed 5539 ships and 416,228 passengers and acted as a hub for the
transportation of 74, 584, 893 tons of goods (Recull Estadistic Valencia,
2021). Finally, the stations themselves were included as predictor var-
iables for the model. As XGBoost does not accept categorical variables,
the column with the station names was transformed to seven “dummy”
columns (Kaplan, 2020), one per station, with 0 and 1 values.

The second dataset was built for the XGBoost model to predict the
concentrations of the four pollutants under scenarios of progressive in-
crease of VE (through equivalent reductions in AHTs as described in
2.2). These predictions were carried out for the meteorological condi-
tions of 10 different years (2012-2021), as air pollutant concentrations
are affected not only by traffic but also by meteorological conditions (e.
g., Acosta-Ramirez and Higham, 2022; Nguyen et al., 2022). In this way,
the interannual variability in pollution levels due to meteorological

Fig. 1. Location of the air quality monitoring stations in Valencia. Suburban stations indicated by a paler box color than urban stations.
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conditions was taken into account in the predictions. Data from intru-
sion and biomass burning variables of these 10 years were also included
in this second dataset.

2.2. XGBoost model development and predictions

For the development of XGBoost models, all calculations were per-
formed with Package “xgboost” for R (Chen et al., 2019). XGBoost is a
supervised ML system for tree boosting, which is scalable, non-linear
and capture deep interactions, being less prone to outliers (Chen and
Guestrin, 2016; Nielsen, 2016). The model was trained with training
dataset (75% of the hourly 2017-2021 data, randomly selected), and its
performance for each air pollutant was evaluated by comparing
observed and predicted data in an independent test dataset (the
remaining 25%) by means of the root mean squared error (RMSE) and
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the coefficient of determination (R%) (Fig. 2). Hyperparameters were
tuned using a 5-fold cross-validation scheme and “train” function of
“caret” package (Kuhn, 2021). The hyperparameter settings which gave
the best estimated generalization were subsequently selected, further
controlling for the absence of overfitting (Nielsen, 2016). A Tweedie
regression with log-link was used to avoid model outcomes with unre-
alistic negative values for pollutant concentrations.

Model predictions of the changes in pollutant concentrations with
increasing VE were estimated indirectly by changing AHT in the model
input (similar to Yang et al., 2021), considering traffic flow of 2021 as
the baseline. Traffic load in 2021 represents the new traffic conditions in
the city after the lockdown year 2020, about 10% lower than those of
pre-pandemic years (Fig. S1). For this study we assumed a simple sce-
nario in which the percentages of reductions in AHT occurred homo-
geneously in the whole city and that vehicle travels inside the city were
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Fig. 2. Kernel density estimates (left) and regressions comparing observed and model-predicted values (right) for the four pollutants: A) NO,, B) O3, C) PM, 5 and D)
PM; . Points represent hourly values (NO,, PM, 5 and PM;() or running 8-h averages (O3).
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carried out in full electric mode. However, while electric vehicles do not
emit NOx, this is not the case of PM, as about 90% of the PM;¢ and 85%
of the PM; 5 emissions of the vehicles are non-exhaust ones, i.e., from
tire, brake, road wears and re-suspended dust (Timmers and Achten,
2016). Therefore, in terms of NOy, PM;o and PM5 5 emissions, a x%
increase in VE was considered to be equivalent to AHT percent re-
ductions of x%, x% *0.1 and x% *0.15, respectively. The effect of
increasing VE from 0 to 70% in steps of 5% was then estimated by the
model through equivalent changes in the AHT. A 70% value was chosen
as the maximum because the ML model can only learn from situations
included in the training dataset, and days with traffic below this value
were very scarce in the dataset (Fig. S1). To also account for interannual
meteorological variability in air pollutant concentration predictions, for
each of the mentioned steps, the model was run 10 times, using the
meteorological data of the 10 different years (2012-2021). In these
predictions, we refer to “current situation” as the outputs of the model
for a 0% increase in electrification (Fig. 4). At present, the number of
electric and hybrid vehicles in the Valencian Community is still low
(<2%).

2.3. SHAP and smoothed density graphs

SHAP analysis is based on Shaply values from game theory and
provides the importance of each feature (a ML concept related to
explanatory variable), considering their marginal contribution to the
model outcome (Lundberg and Lee, 2017). Representation of the SHAP
contribution dependency summary plots provide comprehensive visual
information for comparing the SHAP contribution of different features to
the model prediction, and also to identify, for this prediction, if the
features have a positive or negative contribution and whether it differs
for larger or smaller values of the feature (Chen et al., 2022) (Fig. 3).

Smoothed Kernel density estimates were also graphically repre-
sented to compare the distribution of measured and modeled concen-
trations of air pollutants. This type of graph is a smoothed alternative to
the histogram for continuous data (Fig. 2).
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2.4. Changes in pollution-related premature mortality due to vehicle
electrification

Calculation of the pollution-related premature deaths for different
levels of VE was carried out using the impact assessment module of the
AirQ + software tool (World Health Organization, 2020). Heath end-
points, incidence, relative risk, and cut-off values used are provided in
Table S2. This approach is widely used for health risk assessment
worldwide (e.g., Amoatey et al., 2020; Xu et al., 2022; Cakaj et al.,
2022). The analysis was also repeated for different levels of traffic
reduction, because, for PM, it was considered interesting to compare
these results with those of VE. Calculations were carried out at city level.

3. Results
3.1. Model performance

Overall, the XGBoost model was able to predict 8-h Os average
concentrations very accurately, with an R? = 0.926 and RMSE = 6.7 g
m ™ (Fig. 2B). Prediction for NO hourly concentrations was also good,
with RZ = 0.816 and RMSE = 8.6 pg m 2 (Fig. 2A). For PMj s, the ac-
curacy of the model was slightly lower (R? = 0.798 and RMSE = 4.7 pg
m™3), especially underestimating higher values, some of them over 100
pg m~3 (Fig. 2C). The lowest model performance was that obtained for
PM;, with R? = 0.676 and RMSE = 9.6 ug m > (Fig. 2D).

Kernel density estimates were also represented graphically for
comparing the distribution of pollutant concentrations in observed
(measured) and predicted (modeled) values of the test database. The
results showed an overall good fitting of the distributions of the pre-
dicted values against the reference observed ones (Fig. 2). The shape of
the density estimates distribution varied among the different pollutants.
NO, and PM distributions were right skewed, with an asymmetric
pattern and a long tail on the right side (scarce events of high pollutant
values). In contrast, that of the daily maximum 8-h concentration was
more symmetrical.
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Fig. 3. SHAP analysis of the features used in the XGBoost model. F. v. = Feature value (low to high). Feature descriptions are provided in Table S1.
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3.2. Feature importance

The impact of each feature in the model output was examined by
means of SHAP graphs (Fig. 3 and, more detailed, Fig. S2). Traffic flows
(AHTs within 1000 m and 500 m radii) were among the most important
features explaining local air pollutant concentrations. An increase in
traffic increased NO3 and PM but decreased Os3. Lower boundary layer
heights and lower temperatures, especially <500 m, as it is typical of
wintertime conditions, were associated with higher NO, and PM con-
centrations, but the contrary was observed for O3. PM concentrations
also increased for temperatures over 30 °C, in the summertime. An in-
crease in solar radiation was especially reflected in rising O3 concen-
trations. Wind speed, especially the maximum hourly values, were also
among the most important features, with lower NO, concentrations
when wind speed was higher (over 10 m s’l), and reductions for PM
until 5 m s~ but with an increase again for higher wind speeds. Wind
directions from east to southwest, typical from daylight hours including
the rush hours, consistently showed higher NO, and PM concentrations.
Higher humidity values were related to lower NO, concentrations but to
higher PMs 5 concentrations. On the contrary, lower humidity values
contributed to increase PMj(. Daily and weekly temporal patterns were
also observed, with higher concentrations during the morning and
somewhat less in the weekends for NO; and PM. For Os, decreases
during the night were reflected in a decrease of the 8-h values until
midday, and an increase in the 8-h values during the weekend was also
observed.

The model also included as variables the 7 air quality stations, the
distance to the harbor and the days with Saharan dust intrusion, Euro-
pean intrusion or biomass burning. For the 5 target years, the number of
days with Saharan intrusions ranged between 79 and 111, the days of
biomass burning were 51 in 2017, but between 11 and 18 in 2018-2021,
and European intrusions were rare, only 6 in 2020. Overall, 32% of the
PMj values over 100 pg m~> were associated with intrusion or biomass
burning events, while this percentage was lower for PMy 5 >100 pg m >,
only 9%. Neither of these variables were ranked among the most
important ones to explain the observed hourly changes in pollutant
concentrations.

3.3. Effect of vehicle electrification

The XGBoost model estimated the effect of VE up to a 70%. The re-
sults are represented in Fig. 4, including the reference AQD and WHO
AQG thresholds (Table 1). Note that graphs in percentiles provide in-
formation on the total number of days per year with exceedances of AQD
and WHO AQG thresholds (Fig. 4, Table 1).

For NOgy, the current situation (0% Change, Fig. 4) in Valencia meets
the requirements of the EU Directive and WHO 2005, which are coin-
cident, but the World Health Organization, 2020 is far exceeded
(Fig. 4A). The model showed a close to linear decline in NOy concen-
trations with increasing VE for most of the stations. With a 70% VE, NO,
annual means would be reduced by 34-55% for the different stations,
but only the 2 suburban stations (Moli and Politecnic) would show
annual means < 10 pg m~> and only in part of the target years (Fig. 4A).

For the O3 MDAS, the AQD is currently fulfilled but not the WHO
2025 and 2021 AQG (Fig. 4B and C). With increasing VE, the 3 urban
traffic stations equipped with Os analyzers showed an increase (Avd.
Franca) in the O3 MDAS8 values (P93.2 and P99.0), or an initial increase
but a stabilization (P. Silla) or decrease (Blv. Sud) when VE>40%
(Fig. 4B and C). The urban background station Vivers, set in a large
public urban garden, showed a slight reduction due to VE, while the
suburban background station Politecnic, located in a garden in the pe-
riphery of the city, exhibited a marked decline in O3 MDAS8 values
(Fig. 4B and C). Overall, the model predicted that VE is expected to
produce small and heterogeneous changes in O3 concentrations in the
city, in the range of —2%-12% in O3 MDAS8 annual means for the
different stations at a 70% VE. Even with this high level of VE, the WHO
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2025 and 2021 AQG would not be met.

Particulate matter was measured at 5 stations. All stations currently
exhibit values below the AQD limits for PMy s (Fig. 4D) and PMjq
(Fig. 4F). If the WHO AQG is considered instead, for PMj s, all stations
exceed the annual and 24 h WHO AQG 2021 (Fig. 4D and E) and only
part of the stations fulfill the WHO AQG 2005 (Fig. 4E). For PM;5, WHO
AQG 2005 AQG are fulfilled but the WHO AQG 2021 are exceeded in
several stations (Fig. 4F and H). VE is expected to reduce PM concen-
trations very little, and not enough to be in compliance with the WHO
AQG 2021 even at a 70% share. Predicted reductions for the different
stations were in the ranges of 2%-4% and 1%-4% for PMy 5 and PM;q
annual means, respectively.

3.4. Impact vehicle electrification on premature mortality

Estimates of changes in premature mortality due to VE at city level
are provided in Fig. 5. As a reference, mortality by natural causes in
adults in Valencia was 7315 persons (7271 in older than 30 years) in
2018. As the model used does not allow a multipollutant effect estima-
tion, the results are given for each pollutant separately. For the current
situation (0% Change, Fig. 5), premature mortality was the highest for
NO; (320 [95% CI 150 to 493] persons), followed by that of PMj 5 (220
[109 to 333] persons), while for O3 and PM; it was much lower (31 [15
to 46] and 12 [5 to 20] persons, respectively). VE was predicted to
produce an important reduction in NOs-associated premature mortality.
As a reference, a shorter-term objective of a 20% VE would result in 65
(—20%) [31 to 101] less premature deaths, while a 50% increase in VE
would reduce associated premature mortality to more than half
(reduction of 179 (—56%) [84 to 274] persons). For the other pollutants,
however, VE would have a much smaller effect on premature mortality:
a 50% VE would increase the number of cases with 2 (+6%) [1 to 3]
more for O3 and would reduce them with 8 (—62%) [3 to 12] for PM;o
and 9 (—4%) [5 to 14] less cases for PMy 5.

Comparison of the results of increasing VE with the effects of
equivalent percent reductions in traffic are also provided in Fig. 5. It was
assumed that for NO, and Os, the effect would be equivalent, but for PM
traffic reduction would be much more beneficial than VE in terms of
human health. A 10% traffic reduction would eliminate all PM;y-asso-
ciated mortality in the city (32 cases). For PMy 5, 26 (—12%) [13 to 39]
and 66 (—30%) [33 to 99] less persons would die prematurely with
traffic reductions of 20% and 50%, respectively.

4. Discussion
4.1. Model performance

The study revealed how a ML model followed by a SHAP analysis can
be used for investigating the importance and effect of different features
(traffic, meteorological variables, air quality stations, and distance to
sources of air pollutants) in determining the hourly air pollutant con-
centrations in a city. This approach overcomes the serious limitations of
linear models in establishing relationships between predictive and
response variables in temporal series of autocorrelated data.

The study clearly shows that XGBoost model can accurately predict
air pollutant concentrations in the city of Valencia, with R > 0.80 for
NO, and R? > 0.90 for 8-h O3 average concentrations. The observed
lower accuracy for PMj 5 (R? = 0.80) and PM;o (R? = 0.68), especially
for the highest values may be related to several issues. On one hand,
events with high PM were scarce and more difficult to be well captured
during the training of the model. On the other hand, it may be indicative
that there were sources of PM not considered in the model (e.g., works in
buildings or streets near the stations), responsible for part of the higher
PM episodes. Finally, as mentioned above, intrusion and biomass
burning days were included in the model, but these data were not
available as hourly values. The accuracy of XGBoost is critical when the
objective is to investigate changes in air pollution in relation to
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Fig. 5. Comparison of the changes in estimated premature mortality (Means + 95% Coefficient Intervals) in the city of Valencia for scenarios of increasing traffic

reduction and vehicle electrification.

compliance of air quality standards. It should be noted that the model
could be further trained when more data are available in the future or
when the pollution situations change, improving predictability.

4.2. Importance of predictor variables

As expected, the traffic load (AHT) was among the most important
features explaining daily, weekly, and seasonal changes in air pollutant
concentrations in Valencia. Air pollutant concentrations were better
predicted by considering both local traffic flows (within a 500 m radius),
with those within a larger area (1000 m radius). Both scales are com-
plementary and necessary given that, depending on the pollutant
considered and station type (background or traffic), the representative
area of an air quality station varies (Kracht et al., 2017). Our study show
that lower traffic resulted in lower NO5 and PM concentrations, but also
in a tendency for the Og to increase. These changes are overall consistent
with the patterns observed during the weekends in many cities of the
world and also during the COVID-19 lockdown period, when traffic was
strongly reduced (e.g., Sicard et al., 2020a,b; Grange et al., 2021; Zhang
et al., 2022).

The boundary layer height and temperature were also identified
among the most important variables for the models of the different air
pollutants. With lower boundary layer heights, as it is typical of anti-
cyclonic and cold conditions of winter, NO5 and PM were confined in a
smaller air volume, and thus their concentrations increased. For Ogs,
despite the dilution effect caused by a thicker boundary layer in spring
and summer, the more active photochemical formation of secondary
pollutants in combination with the coastal to inland recirculation of the
Ogs-rich polluted air masses (Millan et al., 1997, 2000; Massagué et al.,
2019), resulted in a seasonal relative increase of O3 concentrations.
Higher temperatures in spring and summer also know to increase plant
emission of Biogenic Volatile Organic Compounds (BVOCs), which are
O3 precursors, fostering the production of this pollutant (Monks et al.,
2009; Feng et al, 2019). An increase in PM concentrations for

temperatures over 30 °C, in the summertime, could also be partly
explained by secondary photochemical processes (e.g., Amato et al.,
2016).

Wind speed and direction were also identified among the most
important features. The SHAP analyses showed how high gusts of wind
(hourly maximum wind speed) were particularly effective in advecting
city pollution but at the same time may increase PM resuspension (as
observed above 10 m s™!). The dominant southeast winds, typical of
daily hours when traffic is more intense, were in general associated with
higher air pollutant concentrations.

Relative humidity was another important feature. NO; decrease with
increasing relative humidity, especially over 60%, which can be
explained because water react with NOy to form HONO and HNOjg
(Goodman et al., 1999; Valuntaite et al., 2012). A decrease in O3 was
also observed with higher RH: high RH may be associated to cloudy
days, less appropriate for O3 formation, but it is also known that surface
wetness increases Oz deposition (Lamaud et al., 2002). The most
important effect of relative humidity occurred with PMys, which
increased at higher relative humidity values. In cities like Beijing, it was
observed that the daily variation in PM, 5 tracked the patterns of relative
humidity (Cheng et al., 2015), and humidity is known to facilitate
multiphase reactions for aerosol formation and growth (Le et al., 2020).
Interestingly, although precipitation remove pollutants by wet deposi-
tion, it was not among the most important variables for the model,
owing that the number of days with precipitations in the city was low
(46-72 days per year for the period 2017-2021). For the larger particles
PM;, the observed increase under dry conditions with low humidity
values was most likely related to favorable conditions for dust genera-
tion and PM resuspension.

The rationale for including a temporal feature such as the hour of the
day is that pollutant concentrations of a given hour not only depends on
traffic emissions of that hour but also on the built up of pollutants from
previous hours and on the chemical and photochemical activity, that
varies along the day. It results in repeated patterns of pollutant
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accumulation during the day that can be included in the model through
the hour of the day, increasing model predictability. This feature was
especially important for NO,, but also for O3. The day of the week was
also included but turned out to be a less relevant feature.

It must be noted that variables such as the air quality stations, the
distance to the harbor and the days with Saharan dust intrusion, Euro-
pean intrusion or biomass burning were also included in the model.
However, according to the SHAP analysis, these variables were not
ranked among the 10 most important ones to predict hourly pollutant
concentrations. Nevertheless, Saharan dust intrusions, European in-
trusions and days with biomass burning from agriculture events are
relevant for compliance of the AQD limits as about a third of the highest
PM; values and 9% for PM, 5 were associated with them, contributing
to part of the observed exceedances of the air quality limit values. A
proper quantification of the contribution of the harbor to the urban
pollution of Valencia would require of a tailored study and model
techniques which are beyond the scope of the present study.

4.3. Effect of vehicle electrification on air pollution and human health

Yang et al. (2021), applied the Random Forest prediction method to
estimate the effect of electrification on air quality in Los Angeles Basin.
Compared to that study, a different type of ML model was used by us,
and pollutant concentrations were predicted for each air quality station
(as requested by the AQD), under a 10-year range of meteorological
conditions. Furthermore, the effects of VE on human health were also
evaluated. Air quality in Valencia is already in compliance with the
AQD, but not with the most recent WHO AQG, which anticipate future
changes in the AQD. The present study provides insights into the feasi-
bility of using VE as a tool for meeting the WHO AQG requirements in
Valencia.

The results of the model suggested that there is a high potential for
NO; concentration reduction (to about half in some stations) by
increasing VE up to a 70%. This is consistent with the characteristics of
the city, in which traffic represents the bulk of the NO; emissions and
NOx-emitting industries are scarce in the vicinity. In Valencia, re-
ductions of up to 71.6% in NO, concentrations were observed during the
lockdown period (Sicard et al., 2020a), when traffic flow was reduced up
to ~80%. Even though, a 70% VE will not be enough to reduce NOy
concentrations to 10 pg m~> (annual mean, WHO AQG 2021). This
suggests that, even in cities like Valencia in which the AQD limits are
already fulfilled, human health risks due to NOy will persist for a long
time. However, any effort for reducing vehicle NO5 emissions would
have an important effect on human heath, e.g., an affordable 20% VE
would result in a 20% reduction of premature deaths.

For PM, increases of up to 70% VE would not be enough to be in
compliance with the WHO AQG as reductions in PM emissions by cars
and associated premature mortality were limited. This was expected as
electric vehicles are 24% heavier than their conventional counterparts
increasing non-exhaust emissions, which results in PM emissions com-
parable or only slightly lower than those of conventional vehicles
(Timmers and Achten, 2016; Liu et al., 2021). Furthermore, in an
apportionment study conducted in several cities from southern Europe
including Barcelona, only 30-35% of the urban annual PM;( and PM3 5
averages were directly attributable to road traffic, with a considerable
fraction of the PM being secondary (50-60% of PM;o and 65-70% of
PM, 5) (Amato et al., 2016). As the climatic conditions of the Mediter-
ranean favor photochemistry and therefore formation of secondary PM,
and given that sources of anthropogenic PM are diverse, including traffic
exhaust emissions, vehicle wear, industry, construction, demolition and
works, and biomass burning, a tight control of all sources of emissions
will be needed to achieve the WHO AQG. It also has to be mentioned that
Saharan intrusions represent an important source of non-anthropogenic
PM affecting southern Europe that cannot be avoided, and that together
with the transport of mineral dust load, locally emitted or co-transported
anthropogenic pollutants are also accumulated (Querol et al., 2019).
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Given that PM is the most important cause of air pollution-related
mortality in European cities (Khomenko et al., 2021) and traffic is a
key emission source within the cities, actions to reduce PM necessarily
will imply a reduction of urban traffic rather than VE, but also a control
of the other anthropogenic PM emissions.

The prediction of change with increasing VE for O3 represents an
interesting case. In comparison with the current levels, the model pre-
dicted an increasing trend for most stations, more remarkable in traffic
stations. This effect of VE on O3 is obviously indirectly, driven by the
associated changes in NOx concentrations in a VOC-limited environ-
ment, as it is the case of urban areas (Sicard, 2021). The O3 concentra-
tions in cities are usually lower than in rural areas, due to Oj titration by
freshly emitted NO by traffic (e.g, Monks et al., 2009; Sicard, 2021), and
also to higher aerosol concentrations, which decrease O3 production
efficiency by decreasing UV radiation flux by scattering or absorption
(Wang et al., 2014). Consistently, a rise in Os is observed in some cities
during the weekends when both NOx and PM emissions by traffic decline
(e.g., Seguel et al., 2012; Wang et al., 2014; Sicard et al., 2020b) and
increasing trends in Og levels have been reported worldwide in parallel
with NOx reductions (Sicard, 2021). Remarkable O3 increases were also
observed worldwide during the COVID-19 lockdown (e.g., Sicard et al.,
2020a; Siciliano et al., 2020; Grange et al., 2021; Lovric et al., 2021;
Zhang et al., 2022). For the two suburban stations, however, the model
predicted different response patterns to increasing VE. In a downwind
station (Moli), fully under the city plume influence during the central
hours of the day, O3 was predicted to increase, but in another station
receiving less NO emissions (Politecnic, data now shown), O decreased.
This heterogeneity in the responses regarding O3 represents a challenge
for predictions. The chemistry of O3 formation and destruction is com-
plex and non-linear, furthermore involving on a myriad of VOCs which
contribute both to ozonolysis and O3 formation (Monks et al., 2009).
Depending on characteristics of the city and stations, including local NO
emissions, meteorological conditions, and NOx-to-VOCs ratios and their
seasonal and daily variations (Sillman and He, 2002; Yang et al., 2019;
Zhang et al., 2022; Akimoto and Tanimoto, 2022), increasing VE may
result in a rise or decrease of O3 concentrations. Indeed, some of stations
studied in Valencia even showed increases until a given point of VE, and
then a decrease (Fig. 4). The results from Valencia suggest that even with
70% VE the WHO AQG will not be fulfilled, and that, contrary to the
other air pollutants, O3 will remain stable or even increase in parts of the
city, while improvements can occur in some suburban areas. In terms of
Os-related premature mortality, future VE will not importantly change
the current situation.

For Valencia, NO, was concluded to be currently the most important
pollutant in terms of premature mortality in the city, followed by PMj 5
and far from O3 and PM;o. However, uncertainty of the effects of NO5
and PM, is higher than that of PM; 5 and O3 (Gamarra et al., 2020), and
the estimations of premature mortality are strongly dependent on the
cut-off value and relative risks values chosen (Table S2). Also note that,
as concentrations of the pollutants are frequently correlated, a simple
addition of cases is not possible as it may lead to double counting, e. g,
up to 30% in the case of PMy 5 and NOy (World Health Organisation,
2013).

4.4. Applicability and measures to reduce air pollutants

This study shows how ML models can be applied to investigate the
impacts of VE and traffic changes in air quality in the cities basically
using meteorological, air quality and traffic data, which are frequently
available, and with a low computational cost. Furthermore, in com-
parison with other models like CTMs or source-receptor relationship
models, there is no need for an updated emission inventory which is not
available for many cities. This increases the potential applicability of ML
models in many cities in support of policy and decision making, also
considering the expected health benefits, as shown in the present study.
Admittedly, the output of both types of models is different, as our
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approach evaluate the effects on the existing air quality stations, while
the CTMs and other models can provide city-wide spatial estimations of
pollutant concentrations. Ideally, both approaches should be combined.

Measures to reduce urban air pollution include a range of solutions
that should be implemented in parallel, with VE being only one of them.
An unpublished pilot study in Valencia using GPS tracks in 50 different
types of vehicles showed that about 65% of total km during the
measuring period belonged to freight vehicles, taxis, and similar ser-
vices, against only about 25% to cars from resident people. Therefore,
electrification of this kind of vehicles should be a priority. Development
of policies to reduce car weight to limit non-exhaust PM emissions has
also been recommended (Timmers and Achten, 2016; Beddows and
Harrison, 2021).

However, while VE will provide clear benefits to cities’ air quality, to
achieve climate mitigation goals and making urban areas more livable, it
is unavoidable to reduce cars, as they have important associated prob-
lems of congestion, noise, traffic injuries and space-intense use
(Gossling, 2020). In parallel, green solutions should be promoted, as
plants provide a range of ecosystem services including the reduction of
air pollution (Nowak, 2006; Chaparro and Terradas, 2009). However,
plants also emit BVOCs that contribute to O3 and secondary aerosol
formation (Calfapietra et al., 2013), with BVOCs-related Ozone Forma-
tion Potential overpassing that of the anthropogenic VOCs in cities like
Los Angeles (Gu et al., 2021). Therefore, selecting the most appropriate
vegetation, maximizing air pollutant removal, at the same time avoiding
BVOC emission, is especially relevant for limiting the formation of sec-
ondary pollutants in cities with Mediterranean climate, where photo-
chemical activity is particularly intense (Sicard et al., 2018, 2022; Gu
et al., 2021).

5. Conclusions

A case study of interpretation of the factors determining air pollution
levels in the city of Valencia has been presented. The XGBoost coupled
with SHAP analysis provides an optimal approach for identifying the
importance and effect of the different factors. The use of this approach is
very suitable for investigating the effect of future VE in the cities under
different meteorological conditions, being very efficient in terms of
computational requirements and interpretability of the results. Data
from the COVID-19 lockdown provided invaluable information for
training ML models and make future predictions on mobility changes in
cities. For the case of Valencia, the model predicted that VE can
importantly reduce the NO pollution levels but will have a very limited
effect on PM and O3 concentrations. Although the stringent WHO 2021
AQG will not be fulfilled for NO3, O3, and PM; 5, even with 70% VE, any
further steps for reducing these pollutants by VE and other strategies are
highly relevant in terms of protecting human health.
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