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Abstract

Poor ambient air quality represents a substantial threat to public health globally. However, ac-
curate measurement of air quality remains challenging in many parts of the world, including in
populous countries like India, where ground monitors are scarce yet exposure and health burdens
are expected to be high. This lack of precise measurement impedes understanding of how pollu-
tion exposure changes over time and varies across diLerknt populations, and inhibits monitoring
of interventions to improve air quality. Here we develop open-source daily fine particulate matter
(PM.5) datasets at a 10 km resolution for India from 2005 to 2023, using a region-specific two-stage
machine learning model carefully validated on held-out monitor data that it was not trained on.
Our model demonstrates robust out-of-sample performance, substantially outperforming existing
publicly-available monthly PM,.5 datasets. We use model output to analyze long-term air quality
trends, finding that PM>.5 increased across most of the country until around 2016 and then began
to decline thereafter, partially driven by favorable meteorology in southern India. Importantly, re-
cent PM2.5 reductions were substantially larger in wealthier areas, albeit from a higher initial level,
but we find no evidence that the recently-adopted National Clean Air Program has improved air
quality in targeted urban areas to date. Our results highlight the urgency of air quality control
policies that e [edtively target both lower and higher socioeconomic groups. To further enhance air
quality monitoring across populations in India and other countries, we use model output to propose
locations where new ground monitors should be installed in India, and examine the adaptability of
our method to other settings with scarce ground monitoring data.
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INTRODUCTION

Exposure to ambient fine particulate matter (PM>:5) is a recognized global health concern. India,
with its large population and high average pollution levels, bears a substantial share of the global
health burden from poor air quality (1). Importantly, the health burden of air pollution often varies
across individuals and groups with diLerent socio-economic status, due to dilerknces in pollution
concentrations, as well as the increased sensitivity of health outcomes to pollution exposure in lower-
income communities (2). While these disparities in air pollution exposure across wealth groups
have been well documented in high-income countries (2-4), evidence from low- and middle-income
countries remains limited, primarily due to sparse air quality monitoring networks, especially in
rural areas where large proportions of the population live, along with a lack of data on wealth at
fine temporal and spatial resolutions (3). A population-scale understanding of trends and exposure
to air pollution, including in wealthier and poorer areas of low- and middle-income countries such
as India, is urgently needed to understand and address the impacts of air pollution exposure across
diverse socioeconomic groups.

Despite recent elants in expanding the air quality monitoring network in the country, India
still faces a great challenge in comprehensive measurement of surface air quality. The Central
Pollution Control Board (CPCB) initiated the National Ambient Air Quality Monitoring (NAAQM)
Network in 1984, beginning with the installation of manual monitoring stations, where pollutants are
subsequently analyzed in the laboratory (5). Continuous Ambient Air Quality Monitoring System
(CAAQMS), which provides real-time data, was first introduced in Delhi in 2006 and expanded to
other cities after 2016 (6). The CPCB manages 883 manual stations and 438 continuous monitoring
stations as of February 2023 (7), and this relatively small number of monitors results in a much
higher ratio of population to continuous air quality monitors in India (3.2 million people per monitor)
compared to the US (0.1 - 0.5 million people per monitor (8)), EU (0.1 million people per monitor
(9)), and China (0.9 million people per monitor (10)). Moreover, most current CAAQMS monitors
are situated in populous urban areas where wealthier people reside (Figure S1). The government of
India has committed to expanding the CAAQMS network up to 1,000 monitors under the National
Clean Air Program (NCAP), which started in 2019 (11); however, the placement of these additional
continuous monitors remains an ongoing policy question, and it is uncertain whether environmental
inequalities are considered or prioritized in determining their locations.

Previous population-based studies (12, 13) have explored the disproportionate exposure to air
pollution and associated health impacts in low- and middle-income countries, including India, by
utilizing publicly available modeled PM>.5 estimates. One widely utilized dataset for such analyses is
global monthly estimates of PM,.s, integrating satellite retrievals of Aerosol Optical Depth (AOD),
atmospheric chemical transport models, and ground-based measurements (14). While this dataset
has proven valuable on a global scale, significant uncertainties persist in regions with limited ground
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monitoring stations, including India (14). Furthermore, it is likely that region-specific models could
substantially outperform global models in measuring air pollution in a target region of interest, as
has been found in the US (15).

In addition to the uncertainty in estimating PM,.s concentrations, the coarse temporal resolution
of existing datasets (i.e monthly) hinders the assessment of short-term health e [edts of PM,.s, such
as eledts on all-cause, respiratory, and cardiovascular mortality (16-23). Furthermore, monthly
estimates fail to capture short-term spikes in PMa.5 emissions at the local to regional scales, such as
crop residue burning. Acknowledging the need for a dataset with finer temporal resolution, a growing
number of studies (24-26) have worked on developing daily PM,.5 estimates for India. However,
their datasets are not publicly accessible, inhibiting their use by both researchers and a host of
governmental and non-governmental actors. Using up-to-date data to comprehensively characterize
temporal and spatial trends in exposure, and potential dilerknces in exposure by socioeconomic
status, is also critical for understanding how and why exposures are changing and who is being
most impacted.

Here we develop an open-source daily PM,.s dataset at 10 km resolution for India over 2005
- 2023 by training a machine learning model to predict the limited available ground monitor data
with abundant data from remote sensing. Previous studies have employed machine learning al-
gorithms, such as neural networks, random forest, and extreme gradient boosting (XGBoost), to
predict ambient PM,.5 concentrations (27, 28). Due to the theoretical relationship between satellite
AOD and surface PMy.5 (27, 29), satellite-derived AOD has long been a key input feature used
to train machine learning models for air pollution measurement, often in combination with data
on meteorology, land cover, elevation, and population density (27, 28). However, the substantial
amount of missing AOD values due to clouds and bright surfaces has posed challenges in reducing
predictive errors when estimating PM,.5 concentrations through machine learning methods. (27,
30). To address this issue, a common recent approach involves imputing missing data in AOD
observations using machine learning methods (24, 25, 31). Additionally, new satellite sensors pro-
vide alternative input features for predicting PM,.5 concentrations without relying on AOD, such as
data from the Sentinel-5 Precursor (Sentinel-5P) mission’s TROPOspheric Monitoring Instrument
(TROPOMI) (30, 32, 33). However, it is still unknown how much the predictive performance
diLerb between satellite-derived AOD and TROPOMI-based features in estimating PM,.5 concen-
trations, and whether the two sources of data independently add value in predicting surface PMy.5
concentrations.

To take advantage of both the longer available time series of AOD data and information from
these newer sensors, we use available ground monitoring data to train two separate models, which
we term as the "Full model” and the "AOD model”. The Full model combines both Moderate
Resolution Imaging Spectroradiometer (MODIS) AOD (34) and TROPOMI satellite inputs (nitro-
gen dioxide (NOz) (35) and carbon monoxide (CO) (36) along with other inputs, Figure S2 and
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Materials and Methods) and is trained on data from July 2018, when TROPOMI features become
available, through September 2023 (Figure S2, S3). It produces daily estimates across the coun-
try for the period corresponding to its training period. The AOD model retains all inputs except
TROPOMI and trains on data beginning January 2013 (Figure S2, S3), and is used to generate
daily predictions from January 2005 to September 2023. In both the Full and AOD models, we
first fill the missing satellite observations in either AOD or TROPOMI using a separate machine
learning model (see Materials and Methods). The gap-filled estimates are then combined with the
other features in a second-stage model that predicts surface PM,.5 concentrations as measured by
CAAQMS monitors (n = 435) (Figure S4).

Critically, and in contrast to related work(24, 25), our second stage model is evaluated using
spatial cross-validation (CV) (Figure S5) - i.e. we evaluate model predictions on entirely held-out
monitoring stations — rather than conventional random CV, in which a given station can contribute
data to both the training and test sets. This more challenging performance metric is meant to ensure
that the model generalizes to locations where it has no data to train, which is most of India. Using
spatial CV, we then calculate two performance metrics: (1) the total R?, or the percent of variation
in observed PM,.5 explained by model predictions, as well as (2) the "within" R?, or the percent of
variation in observed PM».5 explained by predictions after accounting for both di [erknces in average
PM>.5 across locations as well as seasonal dilerknces in PM..5 within a given location. In essence,
the within R? meausres whether our model can predict daily PM..5 anomalies relative to location-
and season-specific averages, rather than simply predict spatial or seasonal patterns correctly. This
"within" variation is often exploited in studies of the impact of air pollution of health and related
societal outcomes, and thus is a highly-relevant, if rarely-reported, performance metric.

We utilize model-derived predictions to better characterize nationwide air quality trends, in-
cluding inequalities in PM,.5 exposure by region and wealth level, and to identify locations with
extreme PM>.5 concentrations. We then use our predictions, along with emissions inventories, me-
teorological data, and administrative data on national air quality programs, to better understand
why pollution concentrations are changing. This includes, to our knowledge, the first evaluation
of whether the recently-adopted National Clean Air Program (NCAP) is improving air quality in
targeted areas relative to a comparable set of non-targeted areas. Subsequently, to address current
gaps in the air quality monitoring network in India, we use our PMa:5 estimates and compressed
sensing methods (37) (see Materials and Methods) to propose where additional air quality monitors
could be installed to maximize the ability of the ground network to capture variability in surface
air pollution across both wealthier and lower-wealth regions. Finally, we explore how our approach
could supplement limited monitor data in other low- and middle-income countries by investigating
the number of air quality monitors required to achieve reasonable model performance using our
machine learning approach.
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RESULTS

Model performance

The spatial out-of-sample performance of the Full model, assessed across daily PM,.5 observations
in the held-out fold, yielded an R? of 0.68 (Figure 1A). Importantly, our model e [edtively predicts
local and temporal PM,.5 variation rather than average di Lerknces in PM».5 concentrations between
locations, months, or years (within R? = 0.49) (Figure 1A). The AOD model demonstrated a
comparable performance, with an R? of 0.64 and within R? of 0.45 (Figure $6). When aggregated
at the monthly level, our model substantially outperforms the existing publicly-available monthly
PM,.5 dataset (14) when evaluated on Indian monitoring data, with an R? of 0.74 and within
R? of 0.52 (Figure S7). Examining location-specific performance, the out-of-sample within R? for
each 10 km grid suggests that the northwest, northeast, and south regions exhibit higher within
R? (Figure 1B) (for the performance of AOD model, Figure S8). We find that these dilerences
in regional performance are substantially driven by di[erknces in the level and variance of PMy.5
concentrations at the station level and the number of air quality monitors within 100 km (Figure
S9); performance is much higher in locations with higher and more variable PM;.s and with more
stations nearby, consistent with the model having an easier time learning patterns in these higher
signal-to-noise areas.

To further evaluate the out-of-sample spatio-temporal performance of the Full model in di Cerknt
locations, the daily variations in the observed and predicted PM,.5 are compared in five mega-cities
in India: New Delhi, Mumbai, Bangalore, Chennai, and Kolkata (Figure 1C) (for the AOD model,
Figure S10). These five mega-cities are selected based on their population size, with each being
among the most populated cities in India (38). Among these cities, New Delhi shows the highest
performance, R? of 0.83 and within R? of 0.69 (Figure 1C). This aligns with our prior analysis
on model performance because New Delhi demonstrates dense CAAQMS network and significant
variance in PMy:s concentrations (Figure S11), primarily driven by distinct seasonal patterns caused
by meteorological conditions restricting pollutant dispersion and the concurrent operation of brick
manufacturing around Delhi during winter. (39, 40).

We observe variations in model performance driven by distinct seasonality throughout the year
across the winter (December to February), spring (March), summer (April to May), monsoon (June
to September), and post-monsoon (October to November). Both the Full and AOD models demon-
strate strong performance in dry seasons (winter and post-monsoon) (Figure S12). However, their
performance declines during spring, summer, and monsoon periods (Figure S12), likely the result
of clouds introducing noise in the remotely-sensed input features during these wetter periods.

We find consistent results in sensitivity analysis, yielding an R? of 0.62 and within R? of 0.44
when the Full model underwent training and testing on significantly larger blocks based on latitude
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(Figure S13, S14), which helps rule out the possibility that our high model performance is simply
being driven by auto-correlation between nearby train and test locations. When evaluated using 10-
fold random CV rather than spatial CV, our model showed notably higher performance (R of 0.85
and within R? of 0.72) (Figure '§15), highlighting the potential of random CV to overstate model
performance on critical real-world applications (i.e. accurately predicting variation in locations
where the model was not trained).

Furthermore, as a result of model comparison using the same sets of training and test data from
July 10, 2018, to September 30, 2023, the Full model reported the highest performance, achieving
an R? of 0.67 and within R? of 0.55 (Figure S16). The TROPOMI model, which excludes AOD
but incorporates other features present in the Full model, slightly outperformed the AOD model
by 0.01 in R? and within R? (Figure S16). This suggests that, at least in our setting, TROPOMI
data can be a substitute for AOD in predicting PM,.5 concentrations, which is perhaps appealing
given their lower amount of missing data compared to AOD. Nevertheless, the combined use of both
TROPOMI and AOD features provides the strongest predictive power (Figure S16).

Long-term spatiotemporal trends in predicted PM 2:5 concentrations

To better understand longer-term shifts in PM».5 concentrations, we calculate the changes in average
PM2:s concentrations between six-year blocks, beginning in 2005-2010 (Figure 2A) and ending in
either 2011-2016 (Figure 2B) or 2017-2022 (Figure 2C). We nd that much of India experienced
substantial increases in PM.5 concentrations between 2011-2016 compared to 2005-2010, except for
regions such as Jammu and Kashmir, Punjab, and Rajasthan states. However, the pace of increase
moderated in more recent years, and during 2017-2022, a higher percentage of locations across
the country showed decreases in Pl concentrations (45 % of grid cells at a 10 km resolution)
compared to 2011-2016 (16 % of grid cells), with notable decreases observed in Jammu and Kashmir,
Punjab, Haryana, Delhi, and Rajasthan states and union territories.

To characterize trends in PMp.5 concentrations, we quantify population-weighted annual average
PM..5 concentrations for the country overall and ve mega-cities from 2005 to 2022 (Figure 2D) by
combining our 10km PM,.5 estimates with gridded population data. Among the ve mega-cities,
the average New Delhi resident has consistently faced the highest population-weighted average of
PM,.5 concentrations, with 88.67 g/m?2 in 2022, more than double India's annual national air
quality guideline of 40 g/m?3 (41) (Figure 2D). Similarly, residents in India overall, as well as those
in Kolkata and Mumbai, have consistently experienced PM:-5 levels exceeding the national annual
threshold (Figure 2D). Notably, we estimate that residents in all mega-cities have experienced a
moderate decline in PM:.5 exposure since 2016-2018 (Figure 2D), as assessed by computing the 3-
year rolling averages of population-weighted PM.5 concentrations (Figure 2E). Mumbai exhibited
the most substantial decline of 10 %, followed by New Delhi with 8 % in 2020-2022 (Figure 2E).



200 We further examine whether the observed declining trend since 2016-2018 is attributable to
200 meteorological variability, including increasing trends in precipitation and relative humidity (42,

202 43) observed in 70 % and 90 % of 10 km grid cells, respectively, from 2005-2015 to 2016-2022
203 (Figure S17). Employing trend analysis (see Materials and Methods), we compare the observed
204 average annual trend for 2005-2015 and 2016-2022 with the meteorology-corrected trend for the same
205 periods. Our analysis revealed that the declining trend in PM.5 concentrations from 2016 to 2022

206 Was in uenced by meteorological variability in the southern regions, but not in the northern regions

207 such as Delhi, Haryana, Rajasthan, Uttar Pradesh, and Bihar (Figure S18). This suggests that
208 Without meteorological in uence, the southern regions would have experienced fewer decreases in
200 PMo2.s concentrations from 2016 to 2022. In contrast, we nd little evidence that the increasing trend

210 from 2005 to 2015 was driven by changing meteorology (Figure S18), suggesting that these increases
211 could be attributable to increased anthropogenic activities. We then con rm these trends using
212 emissions data obtained from the Emissions Database for Global Atmospheric Research (EDGAR)
zu3 (44, 45), focusing particularly on PM2.5 and Black Carbon (BC) emissions. Notably, nationwide

214 declines in BC emissions were observed in 2018 compared to 2016, and some locations experienced
25 decreases in PMs emissions in 2018 (Figure S19). When emissions data beyond 2018 becomes
26 available, further analysis can con rm whether the declining trend in PM,.5 concentrations align

27 With PM 2.5 and BC emissions in more recent years.

218 As declines in PMp.5 since 2016 are not attributed to favorable meteorology, we examine whether
210 India's air quality control policies, particularly the National Clean Air Programme (NCAP), might

220 have contributed to recent reductions in ambient PM.5 concentrations. Acknowledging the need for

221 improved air quality to reduce health and societal burdens in the country, the government of India

222 has recently proposed and implemented a number of air quality control measures, such as NCAP,
23 the Bharat Stage-VI (BS-VI) emission standards for vehicles that mandated vehicles to adhere to
24 PM emission limits as strict as European standards, which went into e ect in Delhi in 2018 and

225 other parts of India in 2020 (46), and the closure of multiple coal- red power plants located near

26 the Delhi National Capital Region (NCR) (47). However, the speci ¢ contribution of each policy

227 to improving nationwide and regional air quality remains uncertain.

228 NCAP was initiated in 2019 with the goal of reducing key air pollutants, including PM,.5, by

20 20 to 30% by 2024, using the pollution levels observed in 2017 as a baselirfg.(Focusing on 131

230 hon-attainment cities across 28 states and union territories, selected based on air quality data from
221 2015 to 2019 7), one of the primary objectives of NCAP is to prompt each non-attainment city to

232 prepare and implement a clean air action plan that details sector-speci ¢ interventions to improve air

233 quality with predetermined timelines and an agency responsible for execution of each intervention
224 (7, 11). Under the NCAP, 102 out of the 131 non-attainment cities submitted comprehensive city

235 action plans, which were approved by the CPCB in July 2020 11).

236 We use a di erence-in-di erences approach to assess whether the implementation of the NCAP
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has a ected changes in ambient PM.5 concentrations to date. Our approach compares within-
subdistrict changes in PM.5 over time, in targeted and non-targeted areas, before and after initiation
of NCAP. Our analysis is constrained to the subdistrict level, rather than the city level, due to the
limited availability of reliable city-level shape les in India. We denote "treated" subdistricts as
the 102 non-attainment cities whose city clean action plans were approved in 2020, and select a
set of corresponding control subdistricts that were not targeted by NCAP using a propensity score
method that matches pre-treatment trends in air pollution and covariates between later-treated and
never-treated subdistricts (see Materials and Methods). To account for spillover e ects, we exclude
subdistricts adjacent to treatment subdistricts and any others within a 50 km bu er. Consequently,
88 treatment subdistricts and 74 control subdistricts are included (Figure S20), and the e ect of
NCAP is estimated by comparing whether trends in air pollution diverged between treated and
control units after 2020. Our analysis reveals that there is no evidence that NCAP contributed to
reducing PMa2.5 concentrations both in 2021 and 2022 (Figure S21) in targeted cities.

The observed decreases in Ppg concentrations, especially in the mega-cities in 2020, are instead
more consistent with previous studies examining the impact of the COVID-19 pandemic on air
quality in India ( 48 52), which highlighted a signi cant decrease (43%) in PM.5 in 2020 compared
to 2017-2019 in urban areas, after controlling for meteorological variability 48). Other various
air quality control policies in India, including the implementation of BS-VI emission standards and
the closure of power plants near Delhi, may have contributed to the nationwide or regional PMs
declines. Our PMy5 estimates could be used to evaluate the impact of these programs in future
work.

Population exposure to PM  ,.5 concentrations

To understand the population exposure to daily high levels of PM.5 concentrations, we calculate
the average number of days that each grid cell exceeded the WHO guideline of 15/m3, the
national guideline of 60 g/m?3, and the extreme concentration of 100 g/m?2 between 2018 and
2022. Notably, much of India experienced over 300 days above the WHO daily threshold, except for
the northeastern region (Figure 3A). Delhi, Rajasthan, Uttar Pradesh, and Bihar encountered days
exceeding the national guideline of 60 g/m?3 for at least 250 days (Figure 3A). Moreover, certain
locations in Delhi, Uttar Pradesh, and Bihar observed extreme days with PM.5 concentrations
exceeding 100 g/m? for 100 to 150 days (Figure 3A).

We also assess the proportion of the overall population exposed to elevated annual concentrations
of PM2.s over our study period. Notably, the entire population in India has consistently faced
exposure above the WHO annual threshold of 5 g/m?3 over the 17 years (Figure 3B). Although
there was a decrease in 2020, approximately 60% of the population consistently experienced exposure
exceeding the national annual guideline of 40 g/m 3, and 10% experienced extreme levels of PM,
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with an annual average of 80 g/m? (Figure 3B). Further analysis of the spatial distribution of these
exposed populations revealed that 63% of the locations exceeded the national guideline between 2018
and 2022 (Figure 3C). Areas with annual average PMs concentrations exceeding 80 g/m?3 were
predominantly observed around Delhi and in Bihar state (Figure 3C).

Inequalities in PM 5.5 exposure

Identifying disparities in PM 2.5 exposure by socio-economic status is essential to understanding
pollution burdens and developing policy measures to alleviate them. To understand how pollution
concentrations vary with socioeconomic status in India, we combine recent high-resolution estimates
of local-level asset wealth $4), a common proxy for socioeconomic status, with spatial and temporal
variation in our PM ».5 predictions at a 10 km resolution.

Utilizing 5-year average PM.5 concentrations from 2015 to 2019 (see Materials and Methods), we
nd that the wealthiest quintile of the population is slightly less likely to experience concentrations
above the national annual guideline of 40 g/m3 as compared to other quintiles of the wealth
distribution (Figure 4A) although substantial majorities in all quintiles are exposed to levels
above this guideline. However, areas in the top two wealth quintiles are substantially more likely
to live in areas with extreme PM..5 concentrations above 80 g/m® annually (23.0 % and 21.0 %,
respectively) (Figure 4B), consistent with a previous study revealing that wealthy populations live in
polluted urban centers in low- and middle-income countries3). Due to these extreme exposures, an
average person at the 90th percentile of wealth in India has consistently faced higher PM exposure
than the average Indian or someone at the 10th percentile of wealth from 2005 to 2022, holding
wealth constant across years (Figure 4C). Notably, since 2016, an average wealthy individual has also
experienced faster declines in PMls concentrations than an average poor individual, particularly
evident since the start of the COVID-19 pandemic, yet notably apparent as early as 2017-2019.
(Figure 4C, 4D, S23). This has shrunk the wealth gap in average Pl over time. These PM:5
reductions disproportionately experienced by wealthier individuals highlights the urgent need of air
quality mitigation policies that e ectively target both the poor and the rich.

Assessing the optimal placement of air quality monitors ensuring equality

The current CAAQMS network is sparser in poorer communities, limiting understanding of dispro-
portionate PM,.5 exposure. While our predictions enable investigation of nationwide trends and
exposure across wealth groups, ground monitor data would enhance precision of such monitoring
and ground monitor data will likely remain the basis for o cial evaluation of air quality trends
and policy attainment. The government of India has committed to expanding the CAAQMS up to
1,000 monitors under NCAP(L1) to aid in more comprehensive air pollution monitoring. However,

it is uncertain whether placement decisions account for the ability to accurately monitor pollution
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concentrations across the socioeconomic spectrum.

We use compressed sensing method37, 55) to propose strategic placement of additional 565
CAAQMS monitors, or the remainder of the 1,000 total monitors proposed to be installed under
NCAP, using data from our AOD model to inform monitor placement (see Materials and Methods).
Our approach identi es baseline national-scale long-term variability of PM,.5 concentrations, and
then chooses locations of additional monitors that would optimally capture local and short-term
anomaly spikes in PMy.5 exceeding this baseline across the country. When placing monitors, we
prioritize low-wealth locations to ensure that sudden spikes occurring in poorer communities are also
captured. The identi ed placement of monitors (Figure 5A) highlights the need for an additional
dense network in northern India, particularly in Rajasthan, Delhi, Haryana, Uttar Pradesh, Bihar,
and Assam states and union territories, as well as in the southeastern region, including West Bengal
and Telangana states. The proposed additional network would help promote equality in nationwide
exposure assessment while also enabling the network to maximally capture spatial and temporal
variation in surface PMy.5 concentrations.

Examining applicability of our model to other low- and middle-income settings

Other low- and middle-income countries also face challenges in understanding overall levels and
trends in population exposure to PM:5 as well as inequalities in these exposures, due to limited
ground-monitoring data. Our method could provide resource-e cient alternative to establishing
extensive monitoring network by generating predictions for non-monitored locations, but it relies
on having at least some amount of ground monitoring data to train and validate predictions. To
understand how the performance of our machine learning approach changes as the ground network
becomes sparser, we vary the number of monitors our model is allowed to see in training and quantify
the relationship between the number of monitors in training and model performance. To estimate
uncertainty in performance, we repeat this experiment a thousand times, resampling a xed number
of stations for training each time and re-estimating model performance on a disjoint set of sampled
test stations (for more details, see Materials and Methods).

We observed an nonlinear increase in model performance, as evaluated on held-out test monitors,
ranging from an R? value of 0.50 to 0.33 with 25 monitors, and reaching Rvalues of 0.68 and 0.54
with 300 monitors (Figure 5B). When evaluated at the monthly level using the same sets of daily
predictions derived from this experiment, we achieved Rand within R ? values comparable to those
of the existing benchmark publicly-available monthly PM,.5 dataset(14) (Figure S7) while training
only on 25 and 50 monitors, respectively (Figure 5C). These results indicate that investment in a
moderate number of reference-grade air quality monitors, when combined with information from
satellites, can enable training of machine-learning-based model that can predict P) concentra-
tions with performance that exceeds benchmark datasets commonly used for health impact analysis
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in low- and middle-income countries. While variations in PMp.5 concentrations and country sizes
di er, these ndings o er valuable insights for other countries designing their monitoring network
and implementing our machine learning method to understand nationwide trends and exposure to
PM,.5 across di erent populations.

DISCUSSION

Here, we generate daily PM.s predictions at a spatial resolution of 10 km across India from 2005
to 2023. These daily estimates perform well over the range of observed monitor B measure-
ments, and very accurately capture temporal variations in PM.5 concentrations, including daily
peaks, within mega-cities in India. We nd a declining trend in average PM:s concentrations since
2016-2018, particularly in northern India, and con rm that these reductions are not attributable
to meteorological variability nor to NCAP, a recently-begun nationwide air quality improvement
program; smaller declines in southern India are driven in part by favorable trends in meteorology.
Our analysis also provides a comprehensive characterization of the spatial distribution of popula-
tions exposed to elevated levels of daily and annual Pl, revealing that wealthier people are more
likely to live in areas with extreme PM>.5 concentrations but that they have also experienced faster
reductions in exposure in recent years. We propose the strategic placement of additional CAAQMS
monitors to more e ectively capture high PM,.5 episodes occurring in both poorer and wealthier
locations, and we study the applicability of our approach in settings where existing or proposed
monitoring networks could be even sparser than in our Indian study context, nding that only a
relatively small number of monitors are needed to train a relatively accurate prediction model.

In comparison to many existing e orts to estimate PM».5 concentrations using machine learning
(27, 28), we incorporate data from multiple recent satellite sensors to estimate pollution concen-
trations across the country. Additionally, we spatially validate predictions against time series of
held-out monitor observations, which stands in contrast to the random CV used in many previous
machine learning-based e orts @4, 25, 56, 57). Finally, our work complements recent machine
learning-based studies to estimate PMs concentrations by providing insights into the predictive
power of TROPOMI features in contrast to AOD.

Our PM,.5 predictions could likely be further improved through improvements in both the
monitor-based ground truth data and in the remotely-sensed input features. Our method relies on
ground PM>.5 observations acquired from CAAQMS monitors for training; however, the manage-
ment of these monitors and quality of the collected data has not been veri ed by a third-party insti-
tution ( 5). For instance, in the UK, all regulatory air quality data collected as part of the Automatic
Urban and Rural Network is validated by an independent agency %). Using the quality-assured
ground measurements could help improve our predictions by reducing noise in both model training
and validation. Additionally, future model development could bene t from additional monitor data,
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including PurpleAir monitors and CPCB's manual monitoring stations. Calibration is imperative
for these data as they are not considered as reference grade or regularly calibrated. Calibration of
PurpleAir measurements to estimate PM.5 concentrations has been widely explored by previous
studies (68 62). A recent study (63) highlights the signi cance of seasonally-optimized calibra-
tion for PurpleAir sensors in enhancing prediction performance, especially in India. Calibration of
manual monitor measurements is also crucial since Py samples are collected for 8 hours twice a
week, providing only a snapshot of actual concentrationsg). Moreover, the remotely-sensed input
features utilized in our model, particularly TROPOMI data, do not directly represent air pollution
concentrations at the ground level. A recent study 64) revealed a mean relative and absolute bias
of approximately 10 % between TROPOMI NO, products and ground-based observations, high-
lighting a tendency for frequent underestimation of elevated NQ levels on the ground 64). The
robust predictive power of TROPOMI features indicates that the calibration of these data could
lead to improved performance of machine learning-based estimations for PM concentrations, al-
though our machine-learning-based approach is implicitly calibrating these satellite observations to
ground data already. Finally, uncertainty quanti cation from machine learning models is currently
an active area of research. Subsequent enhancements to PMestimates may involve more granular
guanti cation of uncertainty.

Another limitation of our study is that we relied on cross-sectional wealth estimates for investi-
gating temporal changes in wealth disparities in PM.5 exposure. The wealth data we used for India
were derived from machine learning models trained on ground data from 2015 and 2019, and thus
might not capture shifts in the wealth distribution in other years. While these wealth estimates
represent the most comprehensive and up-to-date local-level estimates of income or wealth in India
that we are aware of @, 54), future improvements to these data could further improve our under-
standing of spatial distribution of and temporal changes in income disparities in PM.5 exposure
across the country.

Our publicly available PM .5 predictions serve as a platform for evaluating speci ¢ policies or
interventions aimed at improving air quality. We utilized our daily PM ».5 estimates in the initial
evaluation of India's NCAP, nding a limited impact of the program to date in targeted cities. This
null result could be because city-level clean air action plans did not yet have time to take e ect,
or because they are not e ective, and our PM.s data which can be updated in future years
o er a platform for understanding which explanation is more likely true. They also o er the critical
opportunity to evaluate other air quality control measures being rolled out across the country, as
well as an opportunity to identify the contribution to local PM 2.5 concentrations of emissions from
speci ¢ sources such as brick kilns that exhibit distinct spatial and temporal patterns. Finally, our
data could also be used to better assess the health burden on air pollution in the country a task
often accomplished using existing monthly PM.s datasets that are more temporally coarse and less
accurate than the data we produce here.
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xs MATERIALS AND METHODS

a2 Model inputs

a5 We collect daily PM,.s observations from January 1, 2013, to September 30, 2023, from 435
a6 CAAQMS monitors with accessible geo-coordinate information, serving as ground truth for our
417 machine learning model. We construct two main machine learning models to predict P concen-
a8 trations: the AOD model and the Full model. The input features of the AOD model include MODIS
a9 AOD, meteorology, land cover, and elevation collected from the Google Earth Engine (GEE) plat-
420 form, along with atmospheric reanalysis data retrieved from NASA's Earthdata portal. In addition

421 to these features, the Full model incorporates Sentinel-5P mission's TROPOMI for N@ and CO,
422 launched on October 13, 2017, by the European Space Agency. The AOD model is trained on
423 ground-measured PM.s from January 1, 2013, to September 30, 2023 and used to generate daily
22 PM2.5 predictions starting from January 1, 2005, which corresponds to the earliest available input
425 feature for the model. Conversely, the Full model is trained from July 10, 2018, to September 30,
426 2023 due to the limited availability of TROPOMI features, and used to produce predictions for the
427 corresponding period. Both PM.s measurements and input features are merged to a consistent 10
428 km grid for model training and validation. The grid is constructed to cover country borders of the
429 Republic of India as per survey of India records.

430 From the collected PMy.5 observations, we exclude values of 999.99/m 3, the upper detection
a1 limit of CCAQM monitors, as it does not accurately represent the actual concentration on the
422 ground (65). Additionally, we Iter out PM 2.5 measurements if the di erence between the rolling
433 average of the preceding 5 days and the Ppg concentration on the current day is less than 0.05
434 to ensure that air quality monitors exhibit valid variations in daily concentration changes (i.e. we
435 remove observations when they were at an unrealistic constant level for over ve days). As a result,
a6 4,213 observations (1.2%) were removed. Subsequently, for each 10 km grid, we exclude extreme
437 outliers identi ed by an interquartile range (IQR) that fall below 15 times the rst quartile or exceed

438 15 times the third quartile, resulting in the removal of 24 observations. The use of a threshold of
a9 15 times allows us to identify PMy,.5 measurements that signi cantly deviate from the IQR within

a0 each 10 km grid, and helps retain elevated observations that may re ect local variations, such as
a1 those caused by agricultural res.

442 The complete list of input features for the AOD and Full models can be found in Table S1.
43 TROPOMI NO ; (tropospheric vertical column of NO,) (35) and CO (vertically integrated CO col-

42 umn density) (36) are derived from the Sentinel-5P gridded level 3 product at a 1.11 km resolution.
a5 AOD is collected from the MODIS Multi-angle Implementation of Atmospheric Correction (MAIAC)

46 Land gridded Level 2 product ((0.55" m), produced daily at a 1 km resolution (34). Meteorological
47 input features comprise the daily mean of temperature and dewpoint temperature at 2 meters, wind
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speed in the eastward and northward directions, total precipitation, net thermal radiation at the
surface, and surface pressure. These input features are drawn from the daily aggregate of European
Centre for Medium-Range Weather Forecasts (ECMWF) Reanalysis 5th Generation (ERA5) land
hourly assets at an 11.13 km resolution §6). Additionally, the daily mean of wind degree and
relative humidity per 10 km grid is calculated using wind speed in the eastward and northward
directions, temperature, and dewpoint temperature. Furthermore, we incorporate MODIS land
cover type data produced yearly at a 500-meter resolutiong7). In addition to MODIS land cover
data, low and high vegetation indices obtained from ECMWF ERAS5 are included in the model.
Elevation data is sourced from the Shuttle Radar Topography Mission (SRTM) at a resolution of
approximately 30 meters 68).

To account for missing observations in TROPOMI features and AOD, atmospheric reanaly-
sis data such as the Modern-Era Retrospective Analysis for Research and Applications, version
2 (MERRA-2) aerosol optical thickness (AOT at 550nm) (69) and CO (70), as well as Aura
Ozone Monitoring Instrument (OMI) NO , (71), are included. Importantly, those missing data
in TROPOMI features and AOD are imputed using machine learning methods before being incor-
porated into the main machine learning model, which predicts PM.5 concentrations. Furthermore,
the missingness of TROPOMI NG, CO, and AOD is computed based on the amount of missing
observations for each day, and this information is included as model input. Finally, month and day
of the year, a dummy variable indicating a monsoon season, and centroids of each 10 km grid are
incorporated as model input features. Weekly rolling averages of TROPOMI N@ and CO, AOD,
MERRA-2 variables, and meteorological variables are also calculated and included in the model to
capture the potential time dependency between input features and PMs observations to improve
the model predictability.

Imputation of TROPOMI and AOD

For the Full model, 26.0% of TROPOMI NO», 18.7% of TROPOMI CO, and 49.0% of AOD had
missing observations from July 10, 2018, to September 30, 2023 across the country (Figure S24).
In the AOD model, 41.8% of AOD data was missing from January 1, 2013, to September 30,
2023 (Figure S25). These missing observations are predicted using light gradient-boosting machine
(LightGBM) and XGBoost with input features, including MERRA-2 AOT and CO, OMI NO »,
meteorology, land cover, elevation, month and day of the year, a dummy variable indicating a
monsoon season, centroids of each 10 km grid, and weekly rolling averages and annual averages of
MERRA-2 variables, as well as meteorological variables (Table S2). We conduct pairwise correlation
analysis for feature selection to ensure no variable is highly correlated &> 0.9) with each other,
resulting in the removal of redundant features and increased e ciency in learning tasks {2).

Models are trained on TROPOMI NO,, TROPOMI CO, and AOD observations for each machine
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learning task to predict and impute missing data using randomly-selected training data (2% for
models predicting TROPOMI NO, and TROPOMI CO, and 3% for the model predicting AOD)
based on 50 km grid cells, month of the year, and year. For model selection and hyperparameter
tuning, we conduct 5-fold inner spatial CV using training data in one of the 10-fold outer spatial
CV to prevent any nal test data from leaking into training tasks during model selection and
hyperparameter tuning. Both the inner and outer spatial CV are conducted based on 50 km grid
to account for spatial auto-correction within the input features, especially MERRA-2 reanalysis
data, which has the most coarse spatial resolution of approximately 50 km (0°3atitude O 0.625
longitude). Splitting data into training and test sets based on the 50 km grid, rather than the
more conventional method of random splitting by observation is a more demanding prediction task
because a given monitor can contribute data to both training and test sets in case of random split.
Using coarser spatial blocks, rather than 10 km grid, further increases the di culty of such a task;
however, spatial CV is a more realistic test of how well the model would perform in predicting
time series of missing observations in a new location with no training data. We t LightGBM and
XGBoost for each model predicting TROPOMI NO2, TROPOMI CO, and AOD while implementing
GridSearchCV to search over the LightGBM and XGBoost hyperparameter ranges (Table S3) and
identify the optimal combination of hyperparameters. As aresult, LightGBM was used for predicting
missing TROPOMI NO, and TROPOMI CO, and XGBoost was used for predicting missing AOD
(Table S4). The nal predictions derived from held-out test data in each of the 10 folds are compared
with observations using the evaluation metrics, such as overall R within R2, and RMSE. The
within R 2 is calculated by regressing observed TROPOMI N@, TROPOMI CO, and AOD on their
respective predicted values while incorporating xed e ects for locations with observations, month
of the year, and year.

For the Full model, the predictions of missing TROPOMI NO, explained 52%, predictions of
missing TROPOMI CO explained 92%, and predictions of missing AOD explained 82% of out-
of-sample variation (Table S5). For the AOD model, the predictions of AOD explained 82% of
out-of-sample variation (Table S5). We then predicted TROPOMI NO,, TROPOMI CO, and AOD
values for all 10 km grid cells over India, and used these imputed variables as input features for
the main machine learning model predicting PM-.s concentrations. Binary variables indicating
whether each of TROPOMI NO,, TOPOMI CO, and AOD is imputed (0 or 1) is also included.
Finally, we create additional weighted variables by assigning weights to the imputed TROPOMI
NO,, TROPOMI CO, and AOD values based on their respective imputation performances (1.0 for
actual observations, 0.5 for imputed TROPOMI NO,, 0.9 for imputed TROPOMI CO, and 0.8 for
imputed AOD). The weighted variables are incorporated into the main machine learning model.
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Model tuning and validation

The Full model is trained and validated on 301,355 daily ground-measured Plk concentrations
from July 10, 2018, to September 30, 2023. The AOD model is trained on 345,559 BNilobservations
from January 1, 2013, to September 30, 2023. Similar to our models for the imputation of TROPOMI
features and AOD, we conduct pairwise correlation analysis for feature selection to ensure no variable
is highly correlated (R? > 0.9) with each other. For model selection and hyperparameter tuning, we
conduct 5-fold inner spatial CV using training data in one of the 10-fold outer spatial CV. Both the
inner and outer spatial CV are constructed based on 50 km grid. When splitting data into training
and test sets through inner and outer spatial CV, we ensure that each test fold includes a nearly
equal number of 50 km grid cells from each of three environmental regions (Figure S5), identi ed
based on k-means clustering using imputed TROPOMI N@ and CO, imputed AOD, MERRA-2
AOT and CO, and OMI NO,. This helps balance environmental characteristics, such as urban
versus rural, within training and test data in each fold. For the inner 5-fold CV, each 50 km block
of 10 km grid cells goes into only one of the 5 test folds, and for the outer 10-fold CV, each 50
km block goes into only one of the 10 test folds. We t LightGBM and XGBoost using the inner
CV while implementing GridSearchCV to search over the hyperparameter ranges and identify the
optimal combination of hyperparameters (Table S6). Based on the model performances using the
inner CV, we selected XGBoost for both Full and AOD models (Table S7). We apply XGBoost to
the outer 10-fold spatial CV, utilizing the RMSE as the objective function.

We measure model performance by comparing observed BM with model predictions derived
from held-out test data in each of the 10 folds. For the model evaluation, we calculate overall R
within R?, and RMSE on the held-out test set for each of the 10 folds. Similar to the models
for imputing missing observations in TROPOMI NO,, TROPOMI CO, and AOD, the within R 2
is calculated by regressing observed Ppg concentrations on predicted values while incorporating
xed e ects for locations with observations, month of the year, and year.

Sensitivity analysis

As part of the sensitivity analysis, we aim to assess the robustness of the Full model by exposing
it to a more spatially challenging task through the implementation of a 10-fold spatial CV with
larger test blocks based on latitude (Figure S13). Additionally, we conduct another iteration of
the Full model using a 10-fold random CV where data is randomly split into 10 folds without
speci ¢ consideration for spatial distribution. This approach enables us to assess and con rm the
potential underestimation of spatial prediction errors and the optimistic overall results associated
with random k-fold CV, which does not account for spatial auto-correction within spatial data.
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Predictive power of AOD and TROPOMI features

To evaluate and identify the predictive power of TROPOMI features, we construct another model,
the TROPOMI model, which excludes AOD but incorporates other features present in the Full
model. We compare the performance of the Full, AOD, and TROPOMI models by tting XGBoost
using the same training and test sets from July 10, 2018, to September 30, 2023. Evaluation metrics
include the overall R?, within R 2, and RMSE.

Assessing long-term spatiotemporal trends in predicted PM 2.5 concentrations

Utilizing the PM 2.5 predictions derived from the AOD model, We calculate the average PWMls
concentrations per 10 km grid between 2005 and 2010, and changes in average concentrations
from 2005-2010 to 2011-2016 and to 2017-2022. Employing six-year windows helps control for
meteorological variability between years and mitigates undue in uence from extreme years, such as
2020 when India experienced a nationwide lockdown, similar to other countries4@). Additionally,
population-weighted annual average PM.5 concentrations are computed for India as a whole and
ve mega-cities from 2005 to 2022, combining population counts {3) with annual average PM,.5
concentrations per 10 km grid. To elucidate the long-term temporal trend in population-weighted
averages, we also calculate the percentage changes in population-weighted annual average;BM
concentrations for each 3-year window from 2006-2008 to 2020-2022 relative to the 3-year average
from 2005-2007.

Identifying the contribution of meteorological variability to long-term trends in
predicted PM 5.5 concentrations

To identify the contribution of meteorological variability to the observed declining trend in PM 5.5
concentrations since 2016-2018, we model the PM concentrations of each individual 10 km grid
cell using an additive form of a trend component, a meteorology component, and time xed e ects
(42). More speci cally, we employ the following regression equation for each grid ceit

yie = 2t fi(Xi)+ o i

where y;; denotes the daily PMy.sconcentration at grid cell i on day t. t is the time index
(e.g.,t =1 for 1 January 2005,t = 2 for 2 January 2005, andt = 32 for 1 February 2005). X
denotes the local meteorology variables in grid cell on day t, including temperature and dewpoint
temperature at 2 meters, wind speed in the eastward and northward directions, total precipitation,
and surface pressure. i is the month-of-year and day-of-month xed e ects to capture daily and
monthly variability in pollutant concentrations that are not related to the meteorological variability
(e.g., seasonal cycle in PMs). "i is the normally distributed error term.  °°S represents the
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meteorology-corrected daily trend in PMp.s concentration for grid celli estimated with the standard
ordinary least-squares method. We apply the above regression equation to P daily predictions
derived from the AOD model for 2005-2015 and 2016-2022, respectively, and obtain the meteorology-
corrected annual trends of PM.s concentrations for each grid cell for the corresponding periods by
multiplying the estimated " by 365 days.

In contrast, the observed annual trend is estimated by the following regression equation for each
grid cell i:

— obs "
Vit = [

wherevyi; denotes the daily PMy.sconcentration at grid cell i on dayt. t is the time index and

n

it IS the month-of-year and day-of-month xed e ects. ";; is the normally distributed error term.

Utilizing the i"bs, representing the daily trend in predicted PM,.5 concentrations, annual trends for

2005-2015 and 2016-2022 are estimated.

Evaluation of NCAP

Our evaluation of NCAP is based on a matched di erence-in-di erence analysis, where we rst
identify a set of "control" urban areas that were not initially targeted by NCAP that look similar
across a range of covariates to the "treated" cities that were targeted by the program, and then
we compare trends in ambient PM.s concentrations between treated and control areas, before and
after program implementation. We implement our analysis at the subdistrict level due to the limited
availability of city-level shape les in India. Speci cally, we rst identify the treatment subdistricts
corresponding to the 102 non-attainment cities whose city clean action plans were approved in 2020.
Next, we calculate the propensity score the probability of becoming a city targeted by NCAP

based on population count, proportion of urban area, proportion of forest area, and total area
per subdistrict using logistic regression. We apply this to non-treated subdistricts that are not
adjacent to the treatment subdistricts and are located outside a 50 km radius from them to account
for potential spillover e ects of NCAP on neighboring subdistricts. Finally, we identify control
subdistricts as those with propensity closest to those of the treatment subdistricts. Propensity
score methods are commonly used to minimize selection bias in identifying control groups that share
observed baseline characteristics with treatment groups as similar as possiblé4). Consequently,
our analysis includes 88 treatment subdistricts and 74 control subdistricts (Figure S20).

To establish the causal e ect of NCAP, the trends in PM,.5 concentrations in subdistricts that
do not include NCAP's non-attainment cities must provide valid counterfactuals for the trends that
we would have observed in the treatment subdistricts. We evaluate whether the parallel trends
assumption may be reasonable in our case by plotting yearly average treatment e ects on PM
concentrations prior to 2020, con rming that there was no systematic di erence in treatment and
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control groups before city action plans were approved by the CPCB in 2020. More speci cally, we
employ the following regression equation to estimate the average treatment e ects for each year
from 2005 to 2022:

2

Yie = jDi L(year=j)+ i+ ¢+ Xit+"it
j=t 15

wherey;; denotes the daily PMp.s concentration at subdistrict i on day t, and the ; coe cients
estimate the di erence between treated and control subdistricts in the 15 years prior to treatment
(t = 0, which is 2020 in our data, the year in which city clean action plans were approved by the
CPCB), and the two observed years following treatment (2021 and 2022). The estimate ih= 0
is omitted to avoid collinearity, and so the j coe cients are interpreted as the di erence between
treated and control concentrations relative to the reference year of 2020.; represents a vector of
subdistrict xed e ects, and { vectors of month-of-year and year xed e ects. x j; denotes a vector
of additional time-varying controls at the subdistrict level, including temperature and dewpoint
temperature at 2 meters, wind speed in the eastward and northward directions, total precipitation,
and surface pressure’'j; is the error term. Because our chosen treated units all adopted city clean
action plans in the same year, our treatment is not staggered across time and thus our analysis
avoids the inference issues that accompany di erence-in-di erence designs with staggered adoption
that have been highlighted in recent literature.

Investigating population exposure to PM 2:5 concentrations

To identify locations with elevated levels of daily PM,.5 concentrations, we employ predictions from
the AOD model to calculate the average number of days each 10 km grid cell exceeding the WHO
daily guideline of 15 g/m3, national daily guideline of 60 g/m 3, and extreme value of 100 g/m 2
for 2018-2022.

Furthermore, we examine proportional changes in populations exposed to high levels of B
annual average concentrations from 2005 to 2022. For this analysis, we rstly calculate annual
average PM.5 concentrations per 10 km grid. Subsequently, we identify the 10 km grids above
the thresholds of the WHO annual guideline (5 g/m3), national annual guideline (40 g/m?3), and
extreme annual concentration (80 g/m3). We then aggregate the population counts residing in
those grid cells exceeding each threshold to calculate the percentage of whole population.

Examining inequalities in PM 2.5 exposure

We combine estimates of relative wealth (Relative Wealth Indices (RWIs)) at a 2.4 km resolution
(54) with our PM ».5 predictions derived from the AOD model by averaging the wealth estimates
for each 10 km grid. RWIs were generated using machine learning algorithms that utilized satellite
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data, mobile phone data, and data from Facebook userssé). For India, their machine learning
algorithms were trained on ground measurements of wealth collected by DHS surveys in 2015 and
2019 64). The gridded wealth data provide estimates for each grid cell of how wealthy that grid
cell is relative to others in the same country as well as an estimated error for that estimate3(). We
further combine population counts (73) for each grid, along with RWIs and daily PM,.5 predictions
from January 2005 to December 2022.

To understand the proportion of population exposed to elevated levels of Pl concentrations
across wealth groups, we aggregate the population counts for 10 km grid cells whose average,;RM
concentrations for 2018-2022 are exceeding the national guideline of 49/m 2 and extreme threshold
of 80 g/m?3 annually, respectively. We then calculate the percentage of population for each of the
ve wealth categories (Poorest, Poorer, Middle, Richer, and Richest), which are created based
on quartiles of RWIs within the country. Additionally, to understand the temporal changes in
wealth disparities in PM2.5 exposure from 2005 to 2022, population-weighted annual average RBM
concentrations are computed for all the wealth levels across the country, grid cells at 90th percentile
of RWIs, and grid cells at 10th percentile of RWIs. To elucidate the long-term temporal trend
in population-weighted averages, we also calculate the percentage changes in population-weighted
annual average PM.5 concentrations for each 3-year window from 2006-2008 to 2020-2022 relative
to the 3-year average from 2005-2007.

Assessing the optimal placement of air quality monitors ensuring equality

To calculate where additional ground monitors could be placed to optimally enhance the ability of
the entire ground-monitoring network to capture spatial and temporal variation in ambient PM .5
concentrations, we use multi-resolution dynamic mode decompaosition (mrDMD), which recursively
decomposes a data set into low-rank spatial modes and their temporal Fourier dynamics. mrDMD
has been shown to capture PMs5 concentrations spatially and temporally on short (daily) and
long-term (years to decade) timescales, and to incorporate information from transient phenomena,
such as wild res and temperature inversions, that would otherwise be discarded or averaged out
using similar data reduction techniques 87). The algorithm can thus capture a ner level of spatial
and temporal variability in a data set that would otherwise be averaged out using traditional mean
or maximum PM.5 metrics. mrDMD is a dimensionality reduction algorithm, similar to Principal
Components Analysis (PCA), but mrDMD is more precise in capturing spatio-temporal variability
than methods based on singular value decomposition such as PCA.

Here, we present an extension to the mrDMD framework that considers cost-constraining func-
tions to optimize sensor placement based on wealth estimates. The mrDMD algorithm is based on
a column-pivoted QR algorithm, where the pivot column is modi ed to balance (a) the decrease
in accuracy of capturing the largest air pollution modal signals with (b) the increase in capturing
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pollution exposure in grid cells with low RWI values, representing poorer communities. The cost
function used here is a step function that penalizes placing sensors too far from poorer locations.
For the cost function vector, all data is a binary of 0 or 1, with O representing wealthy locations
and 1 representing poor locations. More details of the method can be found irb%).

We apply all mrDMD methods to the PM .5 estimates derived from the AOD model from
January 1, 2005, to September 30, 2023. The resulting sensor network adds additional monitors
to the existing ground network in order to better constrain variation in surface pollution, and we
select a number of additional monitors such that the entire monitoring network would have 1,000
ground monitors, an NCAP's target.

Examining applicability of our model to other low- and middle-income settings

To investigate the association between the quantity of ground truth data, represented by the number
of 10 km grid cells with measured PM:5 observations, and the predictive performance of our machine
learning model for PM,.5 concentrations, we conduct an experiment involving multiple machine
learning models trained with incremental training data. First, 21 out of 321 grid cells with PM;.5
observations across the country are randomly selected and held out until the nal evaluation of
predictions. Second, from the remaining 300 grid cells, we randomly select grid cells in increments
of 25, starting from 25 and up to 300 without replacement, respectively serving as training data for
our Full model. This process result in the creation of 11 Full models with training data of di erent
sizes. Each training dataset is then split into training and validation sets based on 50 km grid cells,
creating a 10-fold spatial CV. For each model, XGBoost is applied with hyperparameter tuning,
where the parameters include learning_rate (setto 0.01), lambda (1 or 10), max_depth ( xed at 10),
and n_estimators (1,000 or 1,500), while keeping the remaining hyperparameters at their default
values. The tuning process is performed using a 10-fold spatial CV. Finally, XGBoost with the
best hyperparameters is applied to predict PM.s concentrations for the initially randomly-selected
21 grid cells, and the nal predictions are compared and evaluated with the test data. This entire
process, from the random sampling without replacement of the 21 grid cells for the test dataset to
making nal predictions using the best hyperparameters for the 11 Full models, is repeated 1,000
times to obtain the best possible unbiased estimates of prediction performances. The mean within
R2 is calculated out of 1,000 samples for each of the 11 Full models.
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Figure 1: Model performs well out-of-sample and across the range of observed PM 2:5
concentrations. Panel A: the overall performance of the Full model. Colors indicate the count of
monitor observations, with observed PM.5 on the horizontal axis and predicted PMp.5 concentra-
tions on the vertical axis. The blue line represents the 1 1 line, indicating perfect match between
predictions and observations. Panel B: out-of-sample model performance in each grid cell with at
least one monitor reporting on at least 5 days. Performance measured using "within R after re-
moving local seasonality and year trends. It is calculated over observed PM using predicted PM,.5
from the Full model in which that station was out-of-sample, with month of the year and year xed
e ects. Panel C: the out-of-sample performance of the Full model in predicting daily time-series
of observed PM.5 concentrations for the entire country, New Delhi, Mumbai, Bangalore, Chennai,
and Kolkata. Dierent y-axis and x-axis scales are used in the gures to accommodate variations

in PM .5 concentrations and monitor availability across the cities.
29



Figure 2: PM 2.5 concentrations increased through 2016 but then declined through much

of India thereafter. Panel A: 6-year average PM:5 concentrations for 2005-2010 computed as
the average over all days in each grid cell for 6 years. Panel B: changes in BM concentrations
between 2005-2010 and 2011-2016 show increases across most of the country. Panel C: changes in
PM.5 concentrations between 2005-2010 and 2017-2022 show a mix of increases and declines. Panel
D: population-weighted annual average PM:s concentrations from 2005 to 2022, for all of India and
selected mega-cities. Panel E: percentage changes in 3-year population-weighted averages relative
to the 2005-2007 average, for all of India and selected mega-cities. The x-axis label represents the
running means of years from 2005-2007 to 2020-2022.
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Figure 3: Widespread exposure to elevated PM 2.5 concentrations across India, with daily
extremes in the North. Panel A: spatial distribution of grid cells with daily PM ,.5 concentrations
above WHO guideline of 15 g/m?3 (53) (left panel), national guideline of 60 g/m?3 (center panel),
and daily extreme threshold of 100 g/m2 (right panel), demonstrating the average number of days
for each 10 km grid cell for 2018-2022. Panel B: proportion of populations exposed to annual averages
of PM,:5 concentrations exceeding WHO (5 g/m?3) (53), national (40 g/m?3), and extreme (80

g/m3) thresholds from 2005 to 2022. The entire population in India is consistently exposed to
PM,.5 concentrations above the WHO guideline during these years. Panel C: Locations highlighted
in colors indicate areas where average Pp% concentrations exceeded the national guideline of 40

g/m2 (left panel) and extreme threshold of 80 g/m 3 (right panel) from 2018 to 2022, respectively.
Colored gradients depict the number of years each grid cell exceeded each threshold during these
years. The entire country would be shaded in colors on a map denoting the areas exposed to above
the WHO threshold.
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Figure 4: Wealthier people experienced higher average PM 2:5 concentrations but faster

recent declines. Panel A: percentage of the population in each wealth category exposed to ambi-
ent PM».5 concentrations above the national guideline of 40 g/m?® for the years 2015-2019. These
percentages were calculated using 5-year mean BM concentrations from 2015 to 2019 because ma-
chine learning algorithms to generate wealth estimates54) were trained on ground data from that
period. Panel B: percentage of the population in each wealth category exposed to concentrations
above the extreme threshold of 80 g/m 3 for the years 2015-2019. Panel C: population-weighted an-
nual average of PM.5 concentrations from 2005 to 2022 for the country average, locations with 90th
percentile of wealth, and locations with 10th percentile of wealth. Panel D: percentage changes in
3-year population-weighted averages relative to the 2005-07 average. The x-axis label represents the
running means of years from 2005-2007 to 2020-2022. Between 2020 and 2022, wealthier individuals
experienced a 3.14% decline in PR5 exposure compared to the period of 2005-2007, while poorer
individuals saw a 1.74% reduction. When compared to the period of 2015-2017, during which much
of India began to experience an overall declining trend in PN2:5 concentrations, a wider disparity in
reduction rates was observed, with the wealthiest experiencing an 8.11% reduction and the poorest
experiencing a 3.60% reduction S23.
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Figure 5. Applications of our predictions for better air quality monitoring in India

and other low- and middle-income countries. Panel A: proposed locations of additional
565 CAAQMS identi ed by compressed sensing methods (see Materials and Methods), along with
existing 435 monitor locations, ensuring increased equality in air quality monitoring across the
country while capturing both baseline patterns and sudden anomaly spikes in PMs concentrations.
Colored gradients indicate wealth estimates (Relative Wealth Indices (RWIs) 4)) in each grid
cell. Panel B: model performance at a daily level as a function of number of stations used in
training. Performance is measured by R and "within R 2" as evaluated on a xed number of held out
stations (21 stations). Points represent the mean performance across 1,000 experiments (randomly
re-sampling training and test sets) and whiskers denote the corresponding 95 % con dence intervals
across experiments. Model performance increases with additional training data, but at a declining
rate, with modest increases past 150 monitors. Panel C: model performance at a monthly level,
estimated by aggregating the daily predictions and monitor data on a monthly basis. The dashed
lines represent the R and within R 2 values of the existing publicly-available monthly PM,.5 dataset,
evaluated against monitor data in India, which are 0.54 and 0.37, respectively.
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Table S1: Input features used for the Full and AOD models.

Feature Temporal scale Source Native resolution
TROPOMI NO , = daily, weekly rolling average Sentinel-5P 1.11 km
TROPOMI CO = daily, weekly rolling average Sentinel-5P 1.11 km
AOD daily, weekly rolling average MODIS MAIAC 1 km
AOT daily, weekly rolling average MERRA-2 50 km
CO (reanalysis data) daily, weekly rolling average MERRA-2 50 km
NO; (reanalysis data) weekly rolling average OMI/Aura 25 km

Meteorology (temperature at 2 meters, dewpoint temperature at 2 meters,
wind speed in the east ward and northward directions, total precipitation,

net thermal radiation at the surface, surface pressure,

relative humidity , wind degree ) daily, weekly rolling average ECMWF ERA5 11.13 km
Land cover (water, shurub, urban, forest, savannas) yearly MODIS 500 meters
Land cover (low vegetation, high vegetation) daily ECMWF ERA5 11.13 km
Elevation cross-sectional (as of 2000) NASA SRTM 30 meters
Month and day of the year daily - -
Binary variable indicating monsoon season (0 or 1) daily - -
Latitude and longitude cross-sectional - -
Percentage of missing observations in TROPOMI N@ , TROPOMI CO , AOD daily - -

Binary variables indicating whether each of

TROPOMI NO , , TROPOMI CO , AOD is imputed (O or 1) daily - -
Weighted TROPOMI NO ;

(NO3 values multiplied by 1.0 for observations, 0.5 for imputed values) daily - -
Weighted TROPOMI CO

(CO values multiplied by 1.0 for observations, 0.9 for imputed values) daily - -
Weighted AOD

(AOD values multiplied by 1.0 for observations, 0.8 for imputed values) daily - -

: Only included in the Full model.
: Missing observations are imputed using machine learning methods before being incorporated
into the model.
. Calculated using the meteorological data derived from ECMWF ERAS.
: Only weekly rolling average is computed and included due to the missing data in daily
observations.
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Table S2: Input features used for machine learning models for imputation of missing data i

TROPOMI NO ,, TROPOMI CO, and AOD.

Feature Temporal scale Source Native resolution
AOT daily, weekly rolling average, annual average MERRA-2 50 km
CO (reanalysis data) daily, weekly rolling average, annual average, average of all days MERRA-2 50 km
NO; (reanalysis data) weekly rolling average, annual average OMI/Aura 25 km
Meteorology (temperature at 2 meters, dewpoint temperature at 2 meters,

wind speed in the east ward and northward directions, total precipitation,

net thermal radiation at the surface, surface pressure,

relative humidity , wind degree ) daily, weekly rolling average, annual average ECMWF ERA5 11.13 km
Land cover (water, shurub, urban, forest, savannas) yearly MODIS 500 meters
Land cover (low vegetation, high vegetation) daily ECMWF ERA5 11.13 km
Elevation cross-sectional (as of 2000) NASA SRTM 30 meters
Month, day of the year, cosine of day of the year daily

Binary variable indicating monsoon season (0 or 1) daily

Latitude and longitude cross-sectional

. Calculated using the meteorological data derived from ECMWF ERAS.

: Only weekly rolling average and annual average are computed and included due to the

missing data in daily observations.
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Table S3: Hyperparameter ranges explored within inner 5-fold spatial CV using GridSearchCV for
models imputing missing observations in TROPOMI NG, TROPOMI CO, and AOD.

Algorithm  Hyperparameters

Range
LightGBM max_depth 3,5, 8, 10, 15, 20
learning_rate 0.01, 0.1
num_iterations 500, 800, 1000, 1500, 3000
num_leaves 800, 1000, 1500
max_hin 255, 350, 500, 1000
min_data_in_leaf 10, 20, 30, 40, 50
lambda_12 0, 1, 10, 100, 500
boosting gbdt
XGBoost max_depth

learning_rate
gamma
subsample
min_child_weight
n_estimators
lambda

booster

3,5, 8,10, 15, 20
0.01, 0.1
0.2,0.8, 1.0
0.2,0.8, 1.0

0.2,0.8, 1.0
500, 1000, 1500
0, 1, 10, 100, 500

gbtree

37



Table S4. Optimal hyperparameters and corresponding out-of-sample predictive performances ob-
tained through GridSearchCV using a 5-fold inner spatial CV for each model imputing missing
observations in TROPOMI NO,, TROPOMI CO, and AOD.

Model Algorithm Hyperparameters Results
Imputation for missing TROPOMI NO »  LightGBM max_depth: 10 R?: 0.50
learning_rate: 0.1 RMSE: 1:82 10 °

num_iterations: 3000
num_leaves: 1500
max_hin: 500
min_data_in_leaf: 10
lambda_|2: 10
boosting: gbdt
Imputation for missing TROPOMI CO  LightGBM max_depth: 10 R?: 0.92
learning_rate: 0.1 RMSE: 0.003
num_iterations: 3000
num_leaves: 1500
max_bin: 1000
min_data_in_leaf: 10
lambda_I2: 10

boosting: gbdt

Imputation for missing AOD XGBoost max_depth: 20 R2: 0.79
learning_rate: 0.1 RMSE: 166.26
gamma: 0.8

subsample: 0.8
min_child_weight: 1
n_estimators: 1000

lambda: 100

booster: gbtree

Table S5: Out-of-sample performances of machine learning models for imputing missing observations
in TROPOMI NO ,, TROPOMI CO, and AOD.

Model R 2 Within R 2 RMSE Number of observations
TROPOMINO,  0.52 027 2 10 5 (mol m?) 934,138
TROPOMI CO 0.92 0.75 0.003 (mol rr?) 1,026,271
AOD (Full model)  0.82 0.76 155.21 965,224
AOD (AOD model) 0.82 0.75 147.23 1,264,830
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Table S6: Hyperparameter ranges explored within inner 5-fold spatial CV using GridSearchCV for

the Full and AOD models.

Algorithm  Hyperparameters Range
LightGBM max_depth 5, 8, 10, 15
learning_rate 0.01, 0.1
num_iterations 800, 1000, 1500
num_leaves 800, 1023, 1500
max_bin 255, 350, 500
min_data_in_leaf 10, 20, 30, 40, 50
lambda_|2 0, 1, 10, 100, 500
boosting gbdt
XGBoost max_depth 5,8, 10
learning_rate 0.01, 0.1
gamma 0.2,08, 1.0
subsample 0.2,0.8, 1.0
min_child_weight 0.2,0.8,1.0

n_estimators 500, 1000, 1500

lambda 0, 1, 10, 100, 500

booster gbtree
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Table S7. Optimal hyperparameters and corresponding out-of-sample predictive performances ob-
tained through GridSearchCV using a 5-fold inner spatial CV for the Full and AOD models.

Model Algorithm Hyperparameters Results
Full model XGBoost max_depth: 10 R?: 0.60
learning_rate: 0.1 RMSE: 29.12
gamma: 0.8

subsample: 0.8
min_child_weight: 0.8
n_estimators: 1500
lambda: 1

booster: gbtree

AOD model  XGBoost max_depth: 10 R?: 0.60
learning_rate: 0.1 RMSE: 29.37
gamma: 0.8

subsample: 0.8
min_child_weight: 0.8
n_estimators: 1500
lambda: 1

booster: gbtree
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20 Supplementary gures
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Figure S1: Location of CAAQMS monitors (n = 435) mapped with Relative Wealth Indices (64)
(RWIs), which represent the relative wealth of each grid cell compared to others in the same country.

Figure S2: Panel A: input features utilized in the second-stage machine learning model predicting
ambient PM».5 concentrations include both time-varying and cross-sectional variables. Gap- lled
TROPOMI data are exclusively used for the Full model. Panel B: temporal availability of input fea-
tures employed for the second-stage machine learning model. Due to the availability of TROPOMI
data, the Full model is trained on ground monitor data from July 10, 2018, to September 30, 2023,
and used to generate daily PM:5 predictions for the corresponding period. Additionally, the AOD
model is trained from January 1, 2013, to September 30, 2023. The oldest availability of one of
the input features, atmospheric reanalysis data (NQ), allows the AOD model to generate PM:s
estimates from January 1, 2005, to September 30, 2023.
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Figure S3: Daily country average of ground-measured Pl concentrations demonstrates a slightly
declining trend over the decade; however, it remains at an endangering level, exceeding the 24-hour
average of the World Health Organization (WHO) air quality guideline of 15 g/m?2 (53). The
number of air quality monitors has progressively increased over time, aligning with government
e orts to expand the CAAQMS network. Two dashed lines represent the training periods for the
Full and AOD models, respectively.

Figure S4: The location of 435 CAAQMS monitors used for this study, with data coverage ranging
from less than 1 year to a maximum of 9 years of monitor data.
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