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ABSTRACT: Urban air quality persists as a global concern, with critical health implications. This study employs a combination of
machine learning (gradient boosting regression, GBR) and spatial analysis to better understand the key drivers behind air pollution
and its prediction and mitigation strategies. Focusing on New York City as a representative urban area, we investigate the interplay
between urban characteristics and weather factors, showing that urban features, including traffic-related parameters and urban
morphology, emerge as crucial predictors for pollutants closely associated with vehicular emissions, such as elemental carbon (EC)
and nitrogen oxides (NOx). Conversely, pollutants with secondary formation pathways (e.g., PM2.5) or stemming from nontraffic
sources (e.g., sulfur dioxide, SO2) are predominantly influenced by meteorological conditions, particularly wind speed and maximum
daily temperature. Urban characteristics are shown to act over spatial scales of 500 × 500 m2, which is thus the footprint needed to
effectively capture the impact of urban form, fabric, and function. Our spatial predictive model, needing only meteorological and
urban inputs, achieves promising results with mean absolute errors ranging from 8 to 32% when using full-year data. Our approach
also yields good performance when applied to the temporal mapping of spatial pollutant variability. Our findings highlight the
interacting roles of urban characteristics and weather conditions and can inform urban planning, design, and policy.
KEYWORDS: air quality, machine learning, urban environment, spatial analysis, pollution modeling

1. INTRODUCTION
Air pollution remains a complex challenge with far-reaching
implications for public health and well-being, not only in low-
income countries, but also in middle- and high-income
ones.1−6 In many cities, air pollution levels exceed World
Health Organization (WHO) guidelines7 calling for new and
innovative approaches to better understand the sources and
drivers of air pollutants. Although this hazard affects both
urban and rural residents, the former are particularly vulnerable
due to higher population densities,8,9 higher traffic vol-
umes,10−12 slower ventilation due to urban form,13,14 and
increased industrial and commercial activities that contribute
to higher emissions.15

While the mechanistic links are qualitatively evident, the
exact relation between air pollutant concentrations and these
urban characteristics is not yet thoroughly understood and

quantified, hindering effective policies and initiatives to combat
air pollution in urban environments. One uncontested
challenge is the complexity and nonlinearity of the linkages,
but a lesser appreciated difficulty is grasping the spatial scale
over which urban emissions and characteristics should be
considered. Understanding this “footprint scale” of urban
features, as they relate to different air pollutants, is essential
since different urban characteristics have varied spatial scales of
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influence, and their effect on pollutant concentrations at a
point depends on an “environmental neighborhood” around
that location.16 A closely related challenge is comparing the
influence of the city and its properties vis-a-̀vis meteorological
drivers in modulating spatial and temporal pollution variability.
Therefore, innovative approaches to determining the spatial
connections between urban characteristics and air pollutant
concentrations, coupled with information about weather
patterns, can help identify the primary drivers of elevated
pollutant concentrations. This knowledge can then be applied
to develop more effective and rapid fine-scale prediction,
mitigation, and management frameworks for the improvement
of urban air quality. Such data-driven models can provide high-
resolution short-term forecasts that complement more classical,
physics-based approaches. Physical models such as the
Weather Research and Forecasting model coupled with
Chemistry (WRF-CHEM) or the Community Multiscale Air
Quality Modeling (CMAQ) are typically applied with
resolutions >1 km. They can thus predict the long-term coarse
trends of urban air quality but cannot provide the fine scale
maps needed for various decisions by the residents, planners,
and managers of cities.

Several previous studies have already investigated the impact
of urban parameters on air quality on fine scales. Li et al.17

examined the spatial variations of several air pollutants using
quantifiable metrics representing the urban environment,
demonstrating that distance to roads and buildings are
among the features with most influence over the spatial
variations of air pollution. Yuan et al.18 investigated the impact
of urban permeability and building geometries on air pollutant
dispersion using numerical simulations. The authors high-
lighted the importance of understanding the relationship
between urban morphology and air pollutant dispersion in
high-density cities and suggested that changes in urban design
and planning can be effective strategies for improving air
quality in these areas. Llaguno-Munitxa and Bou-Zeid16

introduced the concept of an environmental neighborhood
to analyze the spatial extent of the effects of several urban
parameters on air quality. The authors applied linear
correlation analysis to urban features−pollutant pairs to
analyze their relations in New York City and found that the
scale of environmental neighborhoods (determined as the scale
that maximizes the correlation) ranges from approximately 200
to 1000 m, depending on the urban parameter and pollutant
being considered. What remains elusive, however, is an
understanding of the relative importance of these urban
drivers versus meteorological determinants of air quality and
how both can be integrated to better predict air pollution in
cities.

Machine learning (ML) provides powerful tools to address
this gap and to predict complex data sets across a wide range of
fields; it is likely to be more capable of elucidating urban air
pollution drivers than linear correlations. One of the key
advantages of ML is its ability to identify patterns and
relationships, linear or otherwise, within data that may be
difficult or nearly impossible to detect using traditional
statistical methods.19 This is particularly relevant in the
context of air quality research, where the relationships between
various meteorological and urban features and pollutant
concentrations are complex and not easily quantifiable. ML
algorithms can be used to map and analyze air pollution,20−23

as well as to identify key predictors of air pollutant
concentrations from data sets of meteorological data, traffic

patterns, and urban features. Some of the recent applications of
ML to urban air quality include the work of Song et al.24 who
used machine learning, in particular, Gradient Boosting, to
produce city-scale PM2.5 maps from mobile sensing and urban
big data. Chai et al.25 employed XGBoost to predict the spatial
distribution of PM2.5 using meteorological and land use data. Li
et al.26 used Random Forest to predict the concentration of
PM2.5 and coupled it with permutation importance and partial
dependence plots to quantify the contribution of various
chemical and elemental composition to air pollution events.
Findings showed that PM2.5 is mostly sensitive to NH4

+, NO3
−,

and SO4
2−, in that order. Zhang et al.27 quantified

anthropogenic and weather drivers of PM2.5 concentrations
using Random Forest; the authors attributed an improved air
quality in terms of PM2.5 to a decrease in anthropogenic
emission. The importance of weather drivers varied between
locations, where zonal wind speed at 500 hpa, relative
humidity, and total precipitation were among the dominant
factors. It is important to note that alongside machine learning,
other empirical, statistical models such as land-use regression
models have also been widely employed in air quality
research.28−30

In this study, we also aim to leverage machine learning with
spatial analysis to predict and analyze critical air pollutants, but
our approach is distinct from previous literature by (i) its
embedding of environmental footprint analysis within the ML
framework, (ii) the concurrent use of ML for error analysis
(not only for prediction and attribution), and (iii) a focus on
attribution analysis aimed at examining what pollutants are
more affected by urban drivers and what pollutants are more
strongly modulated by the weather. In particular, we leverage
gradient boosting regression (GBR) to generate preliminary
feature importance and determine the most critical footprint
scale for each feature group. Furthermore, we perform feature
importance and attribution analyses, which allow us to identify
the most important factors that contribute to air pollution in
our urban area. Subsequently, we expand the analysis to model
the errors in our initial predictions, gaining insight into the
factors that may result in poor model performance and large
differences in prediction error of pollutant concentrations
across different locations. This could be particularly valuable in
identifying and addressing sources of error that may be specific
to certain areas or conditions, which can prove valuable in
informing policies and interventions aimed at mitigating the
impact of air pollution on public health and the environment.
Furthermore, we perform additional experiments to forecast
the spatial maps of air quality through time. Our pollutants
include particulate matter (PM2.5), nitrogen oxides (NOx),
sulfur dioxide (SO2), ozone (O3), and elemental carbon (EC),
in the highly dense urban setting of New York City.

We address the following research questions:
• At what spatial scales should urban features be

integrated to predict air quality, and how do these
scales differ between pollutants?

• How do weather patterns, traffic, and urban character-
istics modulate air pollution concentrations, and are
there distinct drivers for distinct pollutants?

• How do prediction errors for air pollutant concen-
trations differ between monitoring sites, and what are
the urban and climate drivers of larger errors?

• How effective is machine learning, and gradient boosting
regression, in particular, in predicting and mapping the
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spatial variability of critical air pollutants in urban
settings?

2. MATERIALS AND METHODS
The primary objectives of the study are to leverage machine
learning for predicting and analyzing critical air pollutants in
urban settings, understanding the impact of urban features on
air quality, and investigating the interplay among meteoro-
logical conditions, urban characteristics, and air pollution. The
study focuses on New York City (NYC) as the study area,
utilizing air pollutant readings collected from 155 monitoring
stations within NYC over a period of 10 years (2009−2018).
In addition to air quality data, meteorological conditions such
as wind speed, temperature, precipitation, and urban
parameters, including building area, traffic count, and land-
cover data, are integrated into the analysis. The analysis
considers urban parameters at different spatial scales, ranging
from fine-scale resolution 25 × 25 m2 cells to coarser
resolutions of 5000 × 5000 m2. The input to the prediction
model consists of urban parameters at the selected spatial
resolution, centered at the corresponding air monitoring
station, and the meteorological conditions extracted from
one weather station located in Central Park, NYC. We do not
consider the urban properties in adjacent cells since they are
explicitly included in the analysis at the next scale (for example,
the adjacent cells in the 25 × 25 m2 analysis, if important, will
improve the prediction at the 50 × 50 m2 scale). We also select

only one meteorological station in the city to challenge the
model under conditions of relative data scarcity, which are
representative of most cities. This station thus represents
synoptic scale dynamics, or the average over the city. Any
departure of the finer conditions at the street canyon scale or at
a specific location from that synoptic mean is assumed to be
encoded in the urban data (building height, tree cover, etc.),
and the ML model thus serves implicitly as a tool to downscale
the meteorological data to the local scale.
2.1. Data Sets. 2.1.1. Air Quality Data. The air pollution

data set includes measurements for the period between 2009
and 2018 collected from 155 stations deployed by the New
York City Community Air Survey (NYCCAS).31−33 These
data sets only provide the 2-week averages of the concentration
of PM2.5, NOx (NO and NO2), SO2, O3, and EC. Figure 1
shows the locations of these stations. The effects of weather
and urban parameters on air quality could vary with the season.
For instance, in winter, the increased usage of heating systems
in buildings can result in increased levels of indoor and
outdoor air pollution, while in summer, increased solar
radiation can lead to photochemical smog formation.34

Therefore, seasonality has been recognized as an important
factor in the context of analyzing the relationship between air
quality and weather or urban parameters. As such, for each
pollutant, we constructed three data sets representing the
readings over the full period, readings over the winter cycle,
and readings over the summer cycle. In this context, the winter

Figure 1. Locations of the used NYCCAS air quality stations (red circles) within NYC. Map created by the authors using the ArcGIS Pro software.
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cycle represents the period between October and March, and
the summer cycle covers the April−September period. The
SO2 and O3 data were available only in the winter and summer,
respectively.

The low temporal resolution of the data set (2-week
averages) limits the possibility of addressing peak pollution at
finer-than-seasonal scales, for example, for identifying days or
periods of peak pollution, within the scope of this work.
However, we are not aware of any publicly available data set
that has the very fine spatial resolution and the range of
pollutants of NYCCAS, as well as a finer temporal resolution.
While predicting extreme events at shorter time scales remains
of great interest, it would require not only data at finer
temporal resolution but also different ML methods that may,
for example, include time series forecasting methods such as
long short-term memory neural networks to capture peak
pollution periods. Future research could explore the integra-
tion of such time series forecasting techniques into our
framework to predict extreme pollution events, as well as to
explore the different drivers of air pollution across various time
scales.
2.1.2. Urban Parameters. Since the spatial distribution of

pollutants can vary greatly depending on the characteristics of
the urban environment, a main aim here is to incorporate the
variation in these characteristics and its influence on patterns
of urban air quality. This will improve the prediction and
enhance the analysis of such patterns. Since concentrations
also vary significantly in time, we show in Table 1 the temporal

and spatial standard deviations of each pollutant. Spatial
variability can be just as significant as temporal variability in
terms of the investigated pollutants within NYC, implying that
a spatial and/or a temporal prediction machine learning model
does not have a trivial task. This also highlights the importance
of simultaneously considering the meteorology and the urban
parameters, such as building area and characteristics and land
use, when developing air quality prediction models.

We use the data on the spatial characteristics of the urban
environment for NYC curated by Llaguno-Munitxa and Bou-
Zeid16 to incorporate urban parameters. These parameters
consist of building area, mean building heights, processed and

interpolated traffic counts, and landcover data. The process, as
detailed further by Llaguno-Munitxa and Bou-Zeid16 involved
several key steps. First, the values of the urban parameters were
computed at various surrounding urban footprint scales, which
ranged from 25 m × 25 m up to 5000 m × 5000 m. These
scales allow one to capture the spatial variations in urban
characteristics across the city. Next, statistical metrics for the
selected urban parameters were derived on each of the
footprint scales. These metrics included measures such as the
building height, road area, tree canopy area, and green grass/
shrub area. Furthermore, a traffic flow estimation model was
employed, specific to the locations of the NYCCAS stations.
This model accounted for the reported traffic counts at various
locations within the city. The Primary Land Use Tax Lot
Output (PLUTO)35 data set was utilized to extract additional
building-related metrics, including total building area, total
residential and nonresidential area, and the mean building
height. These metrics were computed for the NYCCAS air
quality station locations and for each of the various footprint
sizes considered.

The urban features considered in this work are listed in
Table 2. Higher building densities and taller buildings can trap

pollutants near the ground and reduce vertical mixing, leading
to higher concentrations of different pollutants at the street
level. Traffic emissions from cars, trucks, and buses release
pollutants such as NOx and PM into the air, leading to a
decrease in air quality. Land use can also impact air pollution,
as areas with more vegetation can contribute to air pollution
removal, while paved surfaces can lead to higher temperatures
and increase the production of secondary pollutants. Note that,
following the work in Llaguno-Munitxa and Bou-Zeid,16 each
of the considered features exists at 11 different spatial
resolutions (centered at the location of the reading sensor),
ranging from 25 m × 25 m to 5000 m × 5000 m resolution.

2.1.3. Meteorological Data. We obtained the meteoro-
logical data from the US National Oceanic and Atmospheric
Administration’s (NOAA) Daily Summaries data set.38 In
particular, we collected the readings from the weather station
USW00094728, located in New York City’s Central Park. This
station was deemed to best represent synoptic regional
conditions with the least influence of the surrounding urban
topology and characteristics. The data include daily measure-

Table 1. Temporal and Spatial Standard Deviation of the
Air Pollutants, per Different Season Cyclesa

pollutant
spatial standard

deviation
temporal standard

deviation

EC (absorbance) 0.243 0.393
EC_s (absorbance) 0.203 0.404
EC_w (absorbance) 0.261 0.383
NO2(ppb) 5.039 6.223
NO2_s (ppb) 3.436 6.592
NO2_w (ppb) 4.435 5.845
NO (ppb) 11.26 11.523
NO_s (ppb) 6.083 9.695
NO_w (ppb) 9.661 13.391
O3(ppb) 4.466 3.973
PM (μg/m3) 2.793 1.937
PM_s (μg/m3) 2.439 1.736
PM_w (μg/m3) 2.998 2.137
SO2(ppb) 1.914 1.189
aSubscript w for winter and s for summer, no subscript for full year
data.

Table 2. Urban Parameters Used in this Study

parameter
name description original data source

bldg. tot.
area

total floor building areas primary land use tax lot
output35

bldg. height mean of building height 35

nonres. tot.
area

nonresidential total floor
building area

35

res. tot. area residential total floor building
area

35

traffic interpolated traffic count NYCDOT36

trees land use area −1: tree canopy OpenData37

grass land use area −2: grass/shrub 37

bare ear. land use area −3: bare earth 37

water land use area −4: water 37

bldg. grnd.
area

land use area −5: buildings
footprint area

37

roads land use area− 6: roads 37

other paved land use area− 7: other paved
surfaces

37
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ments of average wind speed (AWND), precipitation (PRCP),
maximum and minimum temperatures (TMAX and TMIN),
fastest 2 min wind speed (WSF2), and fastest 5 s wind speed
(WSF5). We computed the summary statistics for each of
these parameters, including mean, median, maximum,
minimum, and standard deviation, for each 2-week period
corresponding to the air quality readings, which provided a
robust data set that accounts for the potential influence of
meteorological factors on air pollution levels. We attempted to
include other features such as wind direction, humidity, and
cloud cover; however, such features did not affect predictive
performance, probably due to the averaging over the 2-week
periods.
2.2. Footprint Analysis. The analysis of the footprint scale

of urban parameters is a crucial step in modeling and analyzing
air quality in urban settings. Different urban features might
have varying spatial footprints, meaning that their impact on
pollutant concentrations may depend on the area of study. For
instance, the effect of a nearby building on pollutant
concentrations may be more significant at the local scale,
say, within a few hundred meters, compared to the regional
scale (several kilometers away). Furthermore, the effects of
urban features on pollutant concentrations may vary, depend-
ing on the pollutant in question. For example, the impact of
traffic-related emissions on the concentration of NO2 is
expected to be more pronounced at the local scale due to
the short-lived nature of that pollutant. In contrast, the impact
of urban vegetation on O3 concentrations may be more
significant at larger scales since the formation of O3 requires
time for the biogenic volatile organic compounds and NOx to
react and is influenced by regional-scale processes such as
atmospheric transport.

Traditionally, one would opt to use the linear and
multilinear regression models to determine and assess spatial
variation of air pollution39 and the correlation with urban
features.16 However, following this approach, one may not
capture nonlinear relationships between the urban features and
the different pollutants. The impact of a particular urban
feature on pollutant concentrations may be more complex than
what can be captured by a simple linear relationship. In this
work, we leverage GBR to perform footprint analysis and
highlight important scales. In this context, we train GBR using
all available footprint sizes and extract the feature importance
scores. These scores are used by GBR to assess the importance
of each feature on the target variable; they are calculated based
on how frequently each feature is used to make a split decision
within the GBR-embedded decision trees (feature contribution
to the reduction in the error). The use of GBR and feature
importance analysis allowed us to capture complex, nonlinear
relationships between urban features and air pollutants. This
approach also provides us with a method to identify the
optimal footprint sizes of different urban parameters and for
each pollutant.
2.3. Gradient Boosting Regression. Gradient boosting

regression (GBR)40 is an ensemble-based machine learning
algorithm that is often used for regression problems. GBR is
composed of decision trees as base learners. Decision trees are
versatile machine learning models commonly used for both
classification and regression tasks. They work by recursively
partitioning the data set based on the values of input features,
leading to informed decisions and predictions. Conceptually, a
decision tree resembles an inverted tree with a root node at the
top and branching nodes that lead to terminal or leaf nodes.

Each node represents a decision point where a specific feature
is evaluated. This model operates by selecting the most
informative feature and an associated threshold to split the
data into two subsets. In this work, we used information gain as
the criterion to determine the features and thresholds for
splitting. GBR trains trees sequentially and focuses on reducing
residual errors. This is in contrast to Random Forest, where
trees are built in parallel, and the focus is on tree diversity.41 In
this study, GBR was utilized to model the relationship between
air quality (represented by the concentration of several
pollutants) and the various urban and weather parameters
introduced before. GBR is a popular machine learning
algorithm that is well-suited for predicting continuous variables
and capturing nonlinear and complex relationships between
input and output and is widely used for tackling environmental
problems.42−45 Moreover, GBR, similar to Random Forest
(RF), provides feature importance scores, making it a popular
choice for understanding the effects of various features on air
quality. Feature importance provided by GBR can be used to
understand the influence of each feature on the model’s
prediction. This is calculated based on how much a feature
contributes to reducing the residual error in the model. Note
that we used GBR for its ability to generate feature importance
and since it displayed better performance relative to Random
Forest and Linear Regression on our data.

3. RESULTS AND DISCUSSIONS
3.1. Footprint Scale of Urban Parameters. We train a

GBR model for each air pollutant independently, at all
available scales (25 × 25 to 5000 × 5000 m2) of each urban
parameter. We calculate the normalized relative feature
importance scores by computing the total feature importance
score for each pollutant and each urban parameter and across
all scales and then dividing the feature importance of each
parameter by the sum of all scores at the corresponding scale.
These indicate the relative importance of each spatial scale of
an urban parameter on the concentration of a given pollutant.
We selected the scale with the highest feature importance score
as the most informative. Initially, a unified scale for each urban
parameter across all pollutants was used to streamline the
approach for practitioners. This was done by averaging the
feature importance of each scale and feature across pollutants
and renormalizing the values to display them as relative
percentages. The prediction process becomes simpler and
more applicable to real-world scenarios when using unified
scales, as it allows policymakers and urban planners to quickly
identify effective strategies to mitigate air pollution in urban
areas without the need for extensive calculations or data
processing. Such an approach also ensures consistency in
modeling the relationship between urban features and air
pollutants across different pollutants, which can simplify the
interpretation of the results and facilitate cross-pollutant
comparisons. However, since different pollutants may have
different spatial dependencies on urban features, using a
unified local scale may not capture the full extent of the
relationships between pollutants and urban parameters. To
assess the predictability loss associated with this unified scale,
we also tested the predictive model using different scales for
different pollutants and confirmed that the use of a unified
localized scale resulted in only a slight decrease in the accuracy
of GBR, which was acceptable given the benefits of
streamlining the prediction process. Table 3 shows the final
unified spatial scales used for each urban parameter.
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The results of this footprint analysis are a refinement to the
overall scales obtained previously by Llaguno-Munitxa and
Bou-Zeid16 but are broadly comparable. The scales produced
herein provide valuable insights into the complex relationships
between urban parameters and air quality at different scales,
which can inform land-use planning, zoning, and traffic
regulations, as well as the design and placement of green
infrastructure (green roofs, trees, etc.).
3.2. Air Pollution Prediction. We evaluated the perform-

ance of GBR in predicting the concentration of air pollutants
(independently) for various weather conditions and urban
characteristics (with scales shown in Table 3), by following a
train/test split of the data set, with a ratio of 80/20 for the
training and testing sets, respectively. The train/test split is
based on reading sites, ensuring that all measurements from a
single site were in either the training or testing set. This step
guarantees that the model is not biased toward a particular
location, which would result in overfitting and inaccurate
predictions for new and unseen data. In addition, a 10-fold
cross-validation approach was employed to further reduce the
risk of overfitting and to assess the generalizability of the
model. In the context of the experiment, this cross-validation
approach consisted of splitting the reading sites into 10 equal-
sized subsets each containing 20% of the sites (i.e., 31 of the
155 stations, with overlaps between the subsets), choosing one
subset as the testing group of sites, and training the model on
all of the other sites. This process was repeated for each of the
10 subsets. We then use the average performance across the
10-fold to characterize the overall accuracy of the model in
predicting the corresponding pollutant concentration. The
computed standard deviation indicates the variability in the
predictive performance across sites and the generalizability of
the model. We adopted three evaluation metrics to assess the
prediction performance of the model. These metrics include
the percentage mean absolute error (PMAE), percentage root
mean squared error (PRMSE), and the coefficient of
determination (R2). Note that PMAE and PRMSE are
expressed as percentages to allow an easier comparison across
different pollutants with different ranges of concentrations.

Table 4 shows the average results (and standard deviation)
achieved by GBR. This trained and validated model can now
be applied without the need for air quality data. An alternative
approach would be to retrain a model to still use a handful
(e.g., ≈ 5 sites) as inputs/features that give a representative
mean across the city; it would be expected to give better

prediction than the approach used here, but would require
continuous monitoring at some sites.

The best model performance is for PM, NO2, and O3; NO
and SO2 are clearly harder to predict. Based on the results of
the 10-fold cross-validation, GBR achieved PMAE values
between around 9% and 39%, with the lowest and highest
values obtained for PM_s (summer cycle for PM2.5) and NO_s
(summer cycle for NO), respectively. The average PRMSE
values ranged from around 13% to 62%, with the lowest and
highest values obtained as well for PM_s and NO_s,
respectively. The average R2 values ranged from 0.4 to 0.8,
with the highest and lowest values obtained for SO2 and
NO_s, respectively. The GBR model showed good perform-
ance across most pollutants. However, there were some
variations in the performance for different pollutants, which
could be attributed to the underlying characteristics of each
pollutant and the availability and quality of the data. For
instance, PM2.5 (both winter and summer) showed high R2

values >0.8, indicating that the models were able to explain a
large proportion of the variability in this pollutant. NO (both
winter and summer) showed relatively lower R2 values ranging
from 0.4 to 0.6. This could be because NO has a more complex
relation with urban parameters and more active chemistry (e.g.,
shade of trees or buildings impacting on photochemistry),
which may not be fully captured by the framework used in this
study. We further employed GBR to predict NOx (NO + NO2)
and found an R2 of 0.7 (intermediate between NO and NO2
performance). This shows that the uncertainty in predicting
NO is not related to the oxidation of NO to NO2.

Table 4 shows that slight variations were observed in the
performance of GBR between the winter and summer cycles
for the same pollutant (2−3% error difference), except for NO
where the seasonal differences are quite significant (the error
was lower in winter than in summer). This suggests that
seasonal variations in meteorological conditions might in
general have a small impact on the performance of the model.
In addition, wind direction, relative humidity, and cloud cover
did not increase the predictive performance of the model. This
is probably due to the averaging over 2-week periods, which
renders the model incapable of fully capturing the variability of
these features.

In Figure 2, the scatter plots between the observed and
predicted (GBR) concentration values of the different

Table 3. Scales of the Urban Parameters Used in the
Prediction, Which Featured the Highest Feature
Importance Score, Unified Across all Pollutants

variable scale (m × m)

bldg. tot. area 300 × 300
bldg. height 300 × 300
nonres. tot. area 500 × 500
res. tot. area 300 × 300
traffic 200 × 200
trees 500 × 500
grass 150 × 150
bare ear. 300 × 300
water 300 × 300
bldg. grnd. area 300 × 300
roads 500 × 500
other paved 100 × 100

Table 4. Average (and Standard Deviation) Performance of
GBR Across the Pollutants Following the 10-Fold Cross-
Validation Approach

pollutant PMAE (%) PRMSE (%) R2

PM 9.6 ± 0.8 15.0 ± 2.5 0.81 ± 0.04
PM_w 11.2 ± 1.4 16.7 ± 2.4 0.80 ± 0.04
PM_s 9.0 ± 1.9 13.1 ± 2.9 0.82 ± 0.06
EC 18.0 ± 2.1 26.1 ± 3.0 0.61 ± 0.07
EC_w 17.6 ± 1.8 25.7 ± 2.6 0.62 ± 0.06
EC_s 16.7 ± 2.4 24.7 ± 4.1 0.65 ± 0.12
NO 31.8 ± 3.7 47.0 ± 5.1 0.59 ± 0.09
NO_w 27.8 ± 6.1 38.7 ± 7.8 0.55 ± 0.13
NO_s 39.2 ± 4.8 61.6 ± 7.3 0.40 ± 0.18
NO2 12.5 ± 1.3 17.7 ± 2.4 0.78 ± 0.07
NO2_w 11.1 ± 1.4 15.6 ± 1.6 0.73 ± 0.05
NO2_s 15.7 ± 2.1 21.3 ± 2.9 0.74 ± 0.08
SO2_W 31.5 ± 3.3 45.8 ± 4.5 0.81 ± 0.03
O3_S 8.1 ± 1.2 10.4 ± 1.4 0.72 ± 0.05
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pollutants are shown. The best and worst cases (in terms of
R2) scatter plots across the 10-folds for each pollutant are
displayed, to showcase the difference in performance when
different subsets of sites are selected as training/testing. These
plots can provide insight into the characteristics of the data,
such as the range of concentration values and the distribution
of the residuals. The range from the minimum to the maximum
R2 values is fairly large across most pollutants, indicating that
the performance of GBR can vary appreciably depending on
the split of training and testing sites, reflecting the importance
of cross-validation. For instance, R2 for EC varied from around
0.44 to 0.7, while for PM they ranged from around 0.75 to
0.86. Although such variation might also depend on the choice
of the model and its hyperparameter, the impact of these
factors is less pronounced than that of the monitoring sites, as
shown by the relatively consistent performance of the GBR
across different pollutants. Overall, the range of R2 values
across the 10 folds underscores the importance of cross
validation and the potential variability of ML model skills
depending on the sites used for training, and on the location
the model is being applied. The optimal selection of urban
observational sites for training is an important theme itself.46,47

While we will not delve into such a selection process in this

paper, in the next section, the experiment will be further
expanded to perform error-based site-specific analysis and thus
understand the impact of testing sites selection.
3.3. Mapping Site-Specific Errors. Figure 2, and the

variability between minimum and maximum R2 values for the
same pollutant, highlight the differences in GBR predictive
performance based on the training/testing sites selection. This
finding motivated us to perform a more detailed analysis to
highlight the predictive performance at each site, identify
specific sites where the predictive model may be under-
performing, and uncover particular features that are affecting
such a lack of predictive skill. An error-based site-specific
analysis was performed in which the prediction experiment
using GBR with 500-fold cross-validation was repeated. The
usage of a relatively high number of folds (500) was motivated
by several factors. First, we aimed to perform a detailed site-
specific error analysis to identify potential underperforming
sites and understand the predictive performance variations
across monitoring locations. Second, by using a large number
of folds, we could ensure that each monitoring site appeared in
the testing set in at least 100 experiments. This was crucial for
the calculation of the prediction error at each site to converge
to its statistical expected value, as it allowed for a robust

Figure 2. Scatter plots showing observed versus predicted (by GBR) concentration values of each pollutant based on worst (min) and best (max)
fold in terms of R2 across the 10 folds. The diagonal dashed line represents a perfect match between the observed and predicted values.
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assessment of the model’s performance across diverse urban
areas. The MAE per site for each pollutant was calculated,
averaging across the predictions of 500 testing experiments.

Figure 3 reports the maps of the normalized MAE (between
0 and 1) over NYC for each pollutant. Each circle denotes a
monitoring site with colors ranging from light (low error) to

Figure 3. Maps showing the spatial distribution of site-based MAE values for the air pollutants (PM2.5, EC, NO, NO2, SO2, and O3) in the study
area. Higher MAE values are indicated by warmer colors, ranging from light (low MAE) to dark (high MAE) red. The maps reveal spatial patterns
and hotspots of PMAE values for each pollutant, highlighting areas where air pollution predictions may be less accurate. Maps created by the
authors using the ArcGIS Pro software.
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dark (high error) red. The consistent locations with high error
across pollutants, mostly located at the western edges of the
station coverage map and near two main NYC entry points
(the Lincoln Tunnel and the George Washington Bridge, both
connecting Manhattan to New Jersey), could indicate that the
error is highly influenced by localized high traffic that might
not be captured by the traffic data used here. The fact that
these high-error locations are consistent across multiple
pollutants suggests that there may be some common
underlying factors contributing to the error. Additional analysis
is needed to confirm these hypotheses and investigate other
potential factors that may contribute to the observed patterns.
The results, however, confirm the importance of site-specific
analysis, as the performance of the GBR, and machine learning
more broadly, will vary significantly across monitoring sites,
suggesting that some sites are dominated by hyperlocal drivers.
3.4. Importance of Urban and Meteorological

Features. GBR enables us to compute feature importance
scores, which indicate the relative influence of each feature on

the prediction of the target variable. A feature score is
expressed as a percentage of the total importance of all
features. The input features used in the study were categorized
into urban (listed in Table 2) and weather features.

Figure 4a shows the total feature importance summed per
category (urban and weather) for each pollutant. The
importance of the input features for the two categories varies
across pollutants. In general, urban features were more
important for EC, NO, and NO2, while meteorological features
were more important than urban features for SO2 and PM2.5.
For O3, both categories had similar importance. These results
suggest that for pollutants strongly linked to vehicular
emissions (EC, NO, and NO2) urban characteristics, such as
traffic count and building area and type, can be strong
predictors of air pollution levels. While for pollutants that have
secondary formation pathways (PM2.5) or nontraffic sources
(SO2, which is emitted from point and fixed combustion
sources), meteorological conditions, such as wind speed and
temperature, are more influential.

Figure 4. Feature importance a) categorized into urban and meteorological features, b) of urban parameters, and c) of meteorological parameters
for each pollutant. The bar charts show the percentage of importance for each category.
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These results highlight the importance of carefully
considering the choice of input features and their relative
importance when developing predictive frameworks for specific
species. Note that the number of features within each category
did not have an effect on the feature importance results.

Figure 4b shows the normalized feature importance of urban
parameters. In general, building areas, nonresidential areas, and
vegetated cover (trees and grass/shrubs) showed most the
influence on predicting air quality. However, the importance of
these features differed significantly among pollutants. For
example, the building area was most important for NO2 and
O3, while grass cover was most important for PM and EC. The
residential total area was relatively unimportant in predicting
most pollutants except for SO2 (emitted in NYC primarily
from home heating systems) where it had the highest feature
importance. These findings suggest that the influence of
different urban parameters on air quality varies greatly
depending on the pollutant being considered, again high-
lighting the importance of pollutant-specific modeling
approaches. One should be made of the low predictive
performance of GBR on NO concentration, resulting in low
confidence in the feature importance results for that pollutant.

Figure 4c shows the feature importance of the weather
parameters. Note that for each weather parameter, the
importance of all corresponding feature (mean, median, max,
min, and standard deviation) were combined into one value.
However, daily TMAX and TMIN are treated as different
weather parameters, each with its own statistics; therefore, the
feature importance of the mean, median, max, and min for each
of them (daily maximum and daily minimum) are combined
separately. The importance of weather parameters varied
across different pollutants as well. For instance, TMAX
(maximum temperature) has the highest importance for NO
and O3, while it has a relatively lower importance for NO2, for
which TMIN is the most important. The increased sensitivity
of NO2 to TMIN can be attributed to several factors. One key
aspect is that NO2 levels tend to peak prior to the onset of
morning emissions, a period associated with the absence of
effective boundary layer transport and mixing due to the
preceding stable atmospheric stratification during the night. A
lower TMIN under colder conditions increases the likelihood
of stronger temperature inversions, which can lead to reduced
vertical mixing of air pollutants and higher NO2 concen-
trations. This limited mixing capacity creates conditions
conducive to the accumulation and buildup of NO2, as
emissions are trapped near the surface.48 The behavior of NO2
in our data set agrees with such occurrence, showing a negative
correlation with TMIN (with a Pearson coefficient of −0.65).
It is important to note that while these observations provide
valuable insights, a comprehensive understanding of the
underlying causes would necessitate the use of detailed
photochemical, aerosol, and transport coupled models.
Furthermore, AWND (average wind speed) and WSF5 (fastest
5 s wind speed) seemed to have relatively consistent
importance across different pollutants. PRCP (precipitation),
on the other hand, has relatively low importance across all
pollutants except for PM and SO2, which highlights the
importance of wet deposition removal mechanisms for these
but not the other pollutants. These results underscore the
complex impact of meteorological conditions on air quality and
why understanding these relationships is crucial for developing
effective air quality management strategies. These results also
confirm the unique properties and dynamics of air pollutants.

For instance, PM should have a dependence upon precip-
itation, as the dominant loss term for aerosol particles is
rainout. The measurements of TMAX are highly relevant for
ozone, as warmer/higher temperatures, coupled with poten-
tially sunnier conditions, contribute to increased ozone
production.

Overall, attribution analysis shows that pollutants dominated
by urban characteristics (NOx and EC) can be effectively
mitigated by urban planning and design and that the scale of
intervention should be 500 × 500 m2 or larger for a significant
improvement to be realized. Pollutants that are mostly
controlled by weather variability (PM and SO2, and to some
extent O3) cannot be attenuated much by modifying urban
form and function, but only through source reduction. The
intricate interaction of weather and urban drivers will surely
persist at smaller time scales that our data set cannot capture,
but the dynamics may be even more complex. Data sets with
finer temporal resolutions are needed to probe, for example,
the impact of transient weather events or specific conditions
such as rainy days, heatwaves, or windy periods.

The findings have several implications for air quality
management, policy, and practice within urban settings. The
significant drivers of air pollution in urban areas and their
spatial scale can inform the development of targeted policies
and interventions to enhance air quality and the spatial scale at
which these interventions need to be deployed. For example,
elevated buildings and low green cover were clearly associated
with adverse air quality, and thus, increasing green cover and
lowering building height should improve air quality. But here
one has to be mindful that attribution analysis can only, in
principle, indicate that green cover was associated with
improved air quality; it cannot fully elucidate or confirm
causality. For example, this association can be due to lower
traffic in greener neighborhoods or more spacing between
buildings that promotes ventilation rather than to any pollution
abatement properties of vegetation. Mitigation decisions can
thus be guided by attribution analysis but should also be
informed by physical processes that associate a driver with the
output it influences. Our findings can however confirm that
such dense neighborhoods with lower green cover are
particularly vulnerable, and thus emission controls in these
neighborhoods should be tighter (e.g., converting them to low
emission zones).

Our spatial predictive framework, while providing valuable
insights into air quality patterns, does come with certain
limitations and uncertainties that warrant consideration. First,
our analysis operates at a spatial resolution dictated by the
deployed monitoring network, potentially missing finer-scale
variations in air quality. Mobile air quality data that are now
increasingly available may allow future applications at finer
scales.49 Furthermore, the model’s performance is influenced
by data availability, and it would surely require retraining for
application to other cities, as well as urban data for those cities,
which may not be readily available. Efforts to standardize and
improve data collection practices can enhance the applicability
of ML models in general and the present one in particular.
While these limitations are important to consider, our model
and analyses remain valuable for understanding urban air
quality drivers broadly as well for spatial prediction in NYC.
Furthermore, our study develops easily replicable and
transferable methods. This transferability, however, requires
urban parameters that are extensive and expensive to measure
and extract for urban areas. This will challenge our model and
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similar ML approaches for many cities, limiting the
applicability of the framework. Simpler approaches for
“characterizing the city” are needed, such as using only satellite
images to capture urban parameters that are often hard to
collect.

The city of New York served as a compelling demonstration
site due to its diverse urban characteristics, extensive
monitoring infrastructure, and well-documented air quality
challenges. However, these very qualities further complicate
the transferability of our approach to other urban areas
worldwide. While cities across the globe grapple with similar
air quality concerns, the intensity and sources of pollution vary
considerably. This would hence require tailoring of any ML
framework to accommodate the unique urban features and
weather patterns of different cities. Nevertheless, the
importance of considering the interplay between urban
characteristics and meteorological factors in assessing air
quality can be seen as a universal concept that transcends
geographical boundaries.
3.5. Temporal Forecasting of Air Quality. Thus far, this

study has been strictly focused on spatial prediction at
“unseen” locations. That is, given air quality data at a given
time from a network of sensors, we were able to predict the
concurrent concentrations at all other locations where no
observations were made in the city. The trained model does
not even need the observations as input features, since they
were encoded during the training into the GBR model.
Application of such spatial interpolation models would be to
obtain complete maps of air quality over a city from a discrete
set of observations.

In this section, we extend our analysis to address an equally
important aspect: the temporal dynamics of the pollutant
concentrations. Capturing these temporal patterns in pollutant
concentrations is crucial for the development of accurate
predictive models that are needed for short-term mitigation
and risk evaluation by city managers. While the spatial analysis
in previous sections established that the dynamics of air
pollutants are influenced by meteorological conditions, urban
features, and localized sources, the work herein adds a
temporal dimension to our predictions. In addition to the
previously used input features, we incorporate past measure-
ments from a single location or station in the city (not the
same as the location being predicted). This reference station
serves as a representative point for capturing the mean
temporal change in pollutant dynamics over the city. By
leveraging this information, we extend our predictions to other
sites throughout New York City, thereby forecasting the
temporal changes in pollutant concentrations across the urban
landscape.

To perform this temporal forecasting of each pollutant
concentration, we adopt a time-based train-test split approach
instead of the site-based split used in the previous experiment.
We then selected the single reference site and incorporated its
reading as an input feature within our predictive model. This
mimics a scenario where a dense network is deployed in the
city for a limited period of time to train the GBR algorithm and
then that network is moved or removed, leaving only a single
reference station.

For this experiment, we chose the site with the least missing
values, which was located in Central Park, as the reference
station. This does not guarantee that the site is necessarily the
most informative but mimics the case where other consid-
erations, besides the representativeness of the station’s data,

dictate which location is maintained. This reference site then
serves as a representative location for capturing temporal
patterns in pollutant concentrations. Table 5 shows the results
achieved by GBR when training on the period between 2008
and 2015 and testing on the 2016−2018 period.

Overall, GBR showed varying performance across different
pollutants. For EC and NO, the model achieved moderate
accuracy in terms of PMAE and reasonable R2 scores. For
NO2, PM, and O3, GBR performed relatively well, with lower
PMAE values and higher R2 scores compared with EC and
NO, indicating that GBR was able to capture a significant
portion of the variability in these pollutant concentrations and
provide accurate predictions. It is important to note that the
negative R2 value obtained for SO2 indicates a poor fit of the
model to the data, suggesting that the GBR model cannot
capture the underlying patterns and relationships for SO2. The
most likely explanation of this poor performance is that the
chosen reference site is not in a residential neighborhood
where SO2 emissions are concentrated and is thus a poorly
representative surrogate for past concentration. This could
indicate that SO2 concentration evolution through time
possesses a relatively higher spatial heterogeneity (as in fact
indicated by the ratio of spatial standard deviation to temporal
standard deviation for SO2 in Table 4, which is the highest
among the pollutant considered here). The motivation behind
using a reference site is to capture the mean temporal change
in pollutant dynamics over the city, while the GBR model
captures spatial variability.

Cities can also exploit their sensitivity to weather for better
forecasting and warning. On that note, machine learning
approaches can be highly effective in augmenting air quality
information in cities. The two illustrations we produced in this
study pertain to using GBR models to (i) predict air pollutants
at different locations from concurrent discrete sensing
locations (spatial interpolation at unseen locations) and (ii)
forecast pollutant concentrations for the city, after an initial
deployment of a dense network for training, by only retaining a
few (here one) reference stations and leveraging urban and
weather information (temporal forecasting to unseen times).
While the data we have here did not allow forecasting at fine
temporal resolutions for examining short-term events (due to
the two-week averaging), the results indicate that GBR is likely
to be effective for such applications and can be combined with
advanced time-series modeling approaches as discussed
previously, which would allow cities to inform their
populations of hot spots and hot periods of air pollution risk
and to take actions based on very fine spatial and temporal air
quality information.

Table 5. Performance of GBR Across the Pollutants for the
Temporal Mapping of Spatial Variability

pollutant PMAE (%) PRMSE (%) R2

PM 13.70 19.28 0.65
EC 20.36 27.73 0.63
NO 34.01 45.86 0.63
NO2 10.78 16.00 0.82
SO2 182.51 302.19
O3 6.69 8.97 0.69
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