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Abstract. Nitrogen oxides (NOx = NO + NO;) play a critical role in regulating tropospheric chemistry, yet NOx emission
estimates are subject to large uncertainties, casting doubt on our ability to accurately model secondary pollutants such as ozone.
Bottom-up emissions inventories are subject to a number of uncertainties related to estimates of emission activities, scaling
factors, and fuel sources. Here, we provide an additional constraint on NOx emissions and trends using nitrate wet deposition
(NWD) fluxes from the United States National Atmospheric Deposition Program (NADP) and the European Monitoring and
Evaluation Programme (EMEP). We use these NWD measurements to evaluate anthropogenic and total NOy trends and
magnitudes in the global Community Emissions Data System (CEDS) emissions inventory and the GEOS-Chem chemical
transport model from 1980-2020. Over both the United States and Europe, observed NWD trends track well with anthropogenic
NOx emissions from the CEDS inventory until 2010, after which NWD trends level out in contrast to continued decreases in
CEDS. After 2010, NWD trends are able to reproduce total NOx emissions trends when the influences of both anthropogenic
and background sources are considered. Observed NWD fluxes are also able to capture NOx emissions decreases over the 2020
COVID-19 lockdown period and are consistent with satellite and surface measurements of NO». These results suggest that

NWD fluxes constrain total NOy emissions well, whether trends are driven by anthropogenic or background sources. We

further compare modelled and observed NWD to provide an additional line of evidence for potential overestimates of
anthropogenic NOy in emissions inventories. Over the United States, we find censistent-overestimates-6f-NO-emissions-in
CEDSthat NWD is overestimated -in summer from 1980-2017 averaging-by 15-20% on average (interquartile range: 11-31%),

with overestimates most prominent in the eastern US after 2000 (20% on average), implying an overestimate of NOy emissions

in the CEDS inventory (0.5x0.5-degree resolution). Over Europe, we find that NO,-ismodeled NWD is overestimated in all
seasons_from 1980-2017, with the strongest average overestimates occurring in summer and fall (175%;-with-a-range-6f50-t0

>500%-depending-on-the-site}-and-fall{ and 170%, range-6f39-t6=500%respectively). These overestimates may be reduced

by cutting anthropogenic NOy emissions by 50% in CEDS over Europe (i.e., cutting the 1980-2017 average annual emissions

from 8:72.6 to 4:31.3 Tg NO), but summertime and fall NOx may still need to be reduced further for observations and models
to align. Overestimates may extend to other inventories such as the -Eurepean-Menitoring-and-Evaluation-Programme{(EMEP)

inventory, which estimates comparable but lower emissions than CEDS, with a 1990-2017 average of £:92.1 Tg NO relative
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to the CEDS 1990-2017 average of 7-82.4 Tg NO. We find that NOx emission reductions over Europe improve model ozone

at the surface, reducing the model summertime ozone overestimate from 14% to 2%.

1 Introduction

Nitrogen oxides (NOy), the sum of nitric oxide (NO) and nitrogen dioxide (NO.), play a critical role in regulating ozone,
aerosol, and hydroxyl radical levels in the troposphere (Monks et al., 2009; Murray et al., 2013; Hu et al., 2017). Direct
exposure to NOy is linked to increased instances of childhood asthma (Takenoue et al., 2012; Gauderman et al., 2005). Health
impacts of the photochemical products of NOx, such as ozone and particulate matter, include respiratory illness, cardiovascular
disease, and premature mortality (Burnett et al., 2014; Pope et al., 2015; Turner et al., 2011; Monks et al., 2015; Bell et al.,
2006). At the surface, NOy has a short lifetime of 4-21 hours depending on season (Shah et al., 2019; Liu et al., 2016; Laughner
and Cohen, 2019) and is rapidly oxidized to higher oxides such as peroxy nitrates (RO2NO,), alkyl nitrates (RONOy), and
nitric acid (HNOs3), which are typically removed via deposition (Kenagy et al., 2018). Recent observations have shown
increases in NOx lifetimes of a few hours since 2006 (Laughner and Cohen, 2019), which may increase the distance NOy
travels before it eventually deposits. However, the small increase in lifetimes is not expected to substantially impact wet

deposition since those-deposition processes such as rainout occur on a-longer timescales (e.qg., days). This suggests that NWD

measurements can be used over long timeframes to track NO, emissions trends, despite potential changes in NOy lifetime over

decades. Nitric acid deposits as acid rain and negatively impacts plant and wildlife health (Singh and Agrawal, 2008).
Anthropogenic fossil fuel combustion contributes to a majority of total NOx emissions, while natural processes such as biomass
burning, soil microbial activities, and lightning are important sources for certain seasons and regions. Anthropogenic NOx
emissions have shifted rapidly in the past few decades due to emissions control regulations, technological innovations, and
economic development (Lamsal et al., 2011; Duncan et al., 2016; Krotkov et al., 2016; Barkley et al., 2017; Miyazaki et al.,
2017; Jiang et al., 2018).

Bottom-up NOx emissions estimates are subject to many uncertainties, hindering the accurate estimation of NOx emissions in
inventories commonly used in atmospheric chemistry models and thus representation of secondary products such as 0zone and
particulate matter. Bottom-up inventories are typically calculated by accounting for all activities that generate emissions, then
applying measurement- or model-based emissions factors to those activities. Emission factors of anthropogenic sources depend
on fuel type, technology, and combustion condition. In addition, natural sources of NOy are also difficult to quantify in part
due to their sporadic nature. Top-down studies based on urban or near-source NOy emissions suggest that mobile emissions
are overestimated in many emissions inventories (McDonald et al., 2013; Anderson et al., 2014; Canty et al., 2015; Goldberg
etal., 2016; McDonald et al., 2018; Kota et al., 2014). For example, NOx emissions from the United States (US) Environmental

Protection Agency (EPA) National Emissions Inventory (NEI) must be reduced by 30-60% in order to reconcile models with
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aircraft observations of NOx and ozone in the southeast US during summer 2013 (Travis et al., 2016; McDonald et al., 2018).
Most top-down studies have attributed model-observation disagreements to emissions errors from mobile sources, as power
plant emissions in the US are considered to be better known due to regulatory continuous emission monitoring systems (CEMS)
that report hourly averaged emissions (Frost et al., 2006; Peischl et al., 2010). On an annual basis, total mobile emissions from
diesel engines generally agree well with NEI estimates (Dallmann and Harley, 2010), but the source contributions to these
totals do not agree. Dallman and Harley (2010) found that on-road diesel emissions may be underestimated in the NEI 2005,
indicating uncertainty in source sectors and emissions factors. However, other analyses performed during wintertime showed

good agreement between aircraft measurements and both the NEI 2011 and NEI 2014 (Salmon et al., 2018; Jaeglé et al., 2018).

Figure 1 shows estimates of on-road mobile emissions from various emissions inventories and inferred emissions from ground,
aircraft, and satellite-based observations (Jiang et al., 2018; Travis et al., 2016; Parrish, 2006), providing a further illustration
of the wide range of NOx emissions estimates within and between inventories and measurements. Magnitudes do not agree

across different estimates, even amongst the EPA NEI from different years, although it should be noted that methods for

calculating NEI estimates change from year to year (e.g., NEI 2003 vs. NEI 2007 vs. NEI 2017), and previous NEI version

estimates are not changed to reflect these updates. For example, the most recent NEI (2017) used an updated version of the

Motor Vehicle Emissions Simulator (MOVES) model, increasing nonroad NOx emissions estimates from previous NEIs. While

NEI versions are not meant to be used as a time series, the large changes in NOx magnitudes between NEI versions brought

about by updated methods illustrate the uncertainty inherent in NOy emissions inventories. Emissions inventories show similar

trends after 2005 but differ greatly in trends prior to 2005 (Fig. S1). Disagreement in magnitudes and trends amongst a wide
variety of bottom-up and top-down emissions inventories occur in many regions around the world and highlight the uncertainty

in current NOx emissions estimates (Elguindi et al., 2020).
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Figure 1. Comparison of US on-road mobile NOx emissions estimates from the NEI, the Community Emissions Data System (CEDS)
inventory, the Fuel-Based Inventory for Vehicle Emissions (FIVE) (Harkins et al., 2021), and satellite, ground, and aircraft-based
measurements. Note that the jump in the NEI 2017 between 2001 and 2002 is due to a change in the emissions model used for mobile
sources (from MOBILE6.2 to MOVES 2010), not from real increases in NOx emissions from mobile sources. Values from the NEI,
CEDS, and FIVE inventories are taken directly from the on-road vehicle emissions sectors. The estimate from Travis et al. (2016)
was obtained by scaling highway vehicle emissions from the NEI 2014 by 50%, as suggested in their work to align model ozone values
with observations. Values from Jiang et al. (2018) and Parrish et al. (2006) were taken directly from their respective analyses.

Recent studies have shown discrepancies in NOy trends between bottom-up emissions inventories and observational constraints
(Jiang et al., 2018; Silvern et al., 2019; Elguindi et al., 2020). For example, Jiang et al. (2018) and Silvern et al. (2019) noted
a slowdown in the decrease of NO, emissions over the US after 2010 in satellite NO and ground-based nitrate wet deposition
(NWD) measurements that was not represented in the NEI. In this post-2010 period, NEI NOy emissions continued to decrease
steadily, while both satellite and NWD measurements leveled off. Silvern et al. (2019) suggested that this leveling off of NOy
emissions trends was due to anthropogenic emissions becoming less prominent in recent years, allowing relatively steady
background NOx emissions (e.g., lightning, soils, etc.) to play a larger role in determining total NOy trends. More recently, He
et al. (2022) applied a deep learning model to investigate drivers of observed NOy trends and confirmed that satellite NO,
measurements were more representative of background sources, leading to a slowdown in NOy decreases. This idea will be

explored in-depth in this work in Sects. 3.1 and 3.2.
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Traditional top-down evaluations of emissions inventories often use surface monitoring networks, aircraft campaigns, and
satellite measurements as constraints (Anderson et al., 2014; Brioude et al., 2013; Canty et al., 2015; Castellanos et al., 2011;
Jaeglé et al., 2018; Jiang et al., 2018; Lamsal et al., 2011; Oner and Kaynak, 2016; Salmon et al., 2018; Souri et al., 2016;
Szymankiewicz et al., 2021; Goldberg et al., 2019), yet these methods contain limitations. Ground-based NO, monitoring
stations are primarily located in urban areas that mostly reflect local emissions due to the short lifetime of NO», and thus they
are not representative of an entire region. Aircraft campaigns collect intensive measurements during a short period, but only
offer information for a few snapshots in the weeks they are conducted. Daily satellite retrievals improve on spatial and temporal
limitations of aircraft and surface measurements, but these measurements are more sensitive to free tropospheric than boundary
layer NO; by a factor of 3-4 (Martin, 2002; Krotkov et al., 2017), confounding satellite-derived trends for near-surface NOx.
Further, satellite-derived NO, columns rely on air mass factors calculated from atmospheric models which employ a priori
estimates of gas vertical profiles. These profiles also contain errors in their representation of transport and chemical processes
(Elguindi et al., 2020; Jiang et al., 2013; Stavrakou et al., 2013), which can stem from uncertainties in the observations used
to constrain the models. Current low-orbital satellites also detect at only one time point every day or every few days. As NOx
emissions show strong diurnal patterns and changes with planetary boundary layer height, these single time point observations
may not be fully representative of emissions.

Long-term, regular measurements of NWD located in non-urban areas provide another independent and often overlooked
constraint on NOy emissions that is sensitive to anthropogenic and background sources of NOy. NOx is quickly oxidized to
form nitric acid gas and nitrate aerosol, both of which are scavenged efficiently by precipitation. The magnitude of nitrate
deposited via precipitation is related to total NOx emissions due to the short lifetime of NOy (Silvern et al., 2019). Most NOx
is derived from combustion processes, and thus NWD is closely related to anthropogenic sources (Butler et al., 2003; Galloway
etal., 2003; Du et al., 2014; Paulot et al., 2014; Sickles Il and Shadwick, 2015; Li et al., 2016). Background sources of NOx,
such as soils and lightning, also contribute substantially to NWD (Zhang et al., 2012). Both the US National Atmospheric
Deposition Program (NADP) and the European Monitoring and Evaluation Programme (EMEP) have been monitoring
atmospheric composition, including precipitation chemistry, since the 1970s, providing a long-term, independent network of
observations that can be related to NOx emissions (Tarseth et al., 2012; Lamb and Bowersox, 2000). Both networks are
designed for sampling regionally representative background air and precipitation chemistry with high quality control

procedures (Tarseth et al., 2012; Lamb and Bowersox, 2000).

Here, we use long-term measurements of NWD to constrain NOx emissions from 1980-2020 over the US and Europe. We
calculate NWD for each measurement site and use these observed NWD fluxes to assess NOx emissions from a commonly
used global anthropogenic emission inventory (the Community Emissions Data System; CEDS) for potential biases in trends.

To determine drivers of NWD trends and test the sensitivity of NWD to changes in NOy emissions, we perform a series of

5
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sensitivity tests in the 3D chemical transport model GEOS-Chem and analyze the observed sensitivity of NWD to urban NOy
emission reductions during COVID-19 lockdowns in spring 2020. We also compare modelled and measured NWD to assess
potential biases in NOy emissions magnitudes. Finally, we investigate the impact of NWD-constrained anthropogenic NOx

emissions on tropospheric and surface ozone.

2 Methods
2.1 Observations

For the contiguous United States (CONUS) domain, long-term monthly average measurements of NWD were downloaded

from the NADP website (https://nadp.slh.wisc.edu/networks/national-trends-network/) (Lamb and Bowersox, 2000), and

nitrate deposition was calculated in kg N hat. The NADP configures each site in its network with an automated precipitation
collector and a rain gauge, and composite samples are collected year-round and analyzed on a weekly basis. All samples are
analyzed at the Central Analytical Laboratory (CAL) at the Wisconsin State Laboratory of Hygiene in Madison, WI, USA for
a variety of ions, acidity, and conductance. lon concentrations are measured via ion chromatography. The network performs
quality assurance for data completeness and accuracy before making it publicly available, and previous analyses have found
good agreement (<7% difference) between the network and co-located independent nitrate ion measurements (Nilles et al.,
1994; Lamb and Comrie, 1993). In our analysis, we use data from 156 NADP sites that have at least 32 years of data from
1980-2020 and at least 80% of valid monthly measurements (Fig. 2). Sites are located primarily in rural areas away from point

sources of pollution.

Monthly mean NWD measurements for the European domain were provided by the-Eurepean-Meonitoring-and-Evaluation
Pregramme-{EMEP}, the data from which is compiled and made available by the Norwegian Institute for Air Research (NILU)

(https://ebas.nilu.no/data-access/) (Tarseth et al., 2012). Measurement data is compiled from many countries on a year-round

basis. Daily precipitation samples are collected via automatic collectors and analyzed by laboratories weekly via ion
chromatography, similar to the protocols used by the NADP. To quantify the accuracy and precision of the samples, internal
checks are performed by comparing samples against known concentrations, and external checks are occasionally implemented.
Evaluation of nitrate ion measurements during laboratory inter-comparisons shows good agreement with each other and
expected values (Tarseth et al., 2012). Only valid, non-contaminated samples are used in the calculation of monthly mean
concentrations. In our analysis, we ensure all data has at least 28 years from 1980-2020 and at least 70% of valid monthly
measurements. These data requirements are relaxed from those for NADP due to the smaller size of this network. We find only
28 sites that meet these requirements (Fig. 2). Similar to NADP, most sites are located in areas that are considered

representative of the air mass (avoiding inversion areas and mountaintops) away from peint-sources of pollution_including
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point, road, and agricultural sources.; with-aAll samplers_are required to be placed >1 km away from gravel roads, farmyards,

and tilled agricultural fields to limit the impact of dust particles (Tarseth et al., 2012).

We do not consider dry deposition in this analysis due to observational limits. Dry deposition measurements are available only
after 2000 over the CONUS from the Clean Air Status and Trends Network (CASTNET), and there are only four sites over

Europe_(EMEP) with analysis timeframes long enough to include. There are also many uncertainties with regard to both

observations and model representation of dry deposition. Estimates of dry deposition velocities must be made to determine dry

deposition fluxes at observation sites. This is typically done by using a multi-layer model (Finkelstein et al., 2000; Meyers et

al., 1998), which calculates deposition velocity as a function of chemical composition, meteorology, and vegetation.

Limitations to this method include the lack of meteorological measurements co-located with observation sites, requiring the

use of a chemical transport model to estimate deposition velocities. These velocities are uncertain, and different velocity

estimation methods can result in fluxes that differ by ~1.6x (Schwede and Lear, 2014). A recent study also shows a high bias

in GEOS-Chem for nitrate dry deposition that persists throughout seasons and across multidecadal timeframes (Dutta and

Heald, 2023), largely due to a model overestimate of dry deposition velocity of HNOs. The uncertainty inherent to the dry

deposition observations, the limitations of the observations, and the known bias in GEOS-Chem makes dry deposition a more

uncertain_comparator for NOy trends than wet deposition. Excluding dry deposition may lead to some bias in capturing

anthropogenic trends, as dry deposition tends to be more influenced by urban sources, but seasonal variations, annual trends,
and geographic distributions are similar to those found in wet deposition (Dutta and Heald, 2023). Frends—between—dry

Figure 2. Location of NADP (left) and EMEP (right) long-term monitoring sites for nitrate wet deposition measurements used in
this study. See the text for data selection criteria.
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Surface ozone data from 1990-2014 were obtained from the Tropospheric Ozone Assessment Report (TOAR) Surface Ozone
Database (Schultz et al., 2017), which has been compiled and processed by the TOAR Database team and made public via

https://doi.org/10.1594/PANGAEA.876108. We obtain monthly aggregates from sites over Europe that have at least 70% of

all hourly ozone measurements available for each year. The following criteria were followed to ensure consistent data for the
long timeframe: 1) at least 2 monthly observations per season, 2) at least 8 monthly observations per year, and 3) at least 15
years of data (Christiansen et al., 2022). The 186 TOAR site locations are shown in Figure S2. All sites are classified as “rural,”
which is defined as: 1) NO2 column < 8x10* molecules cm2 as measured by the Ozone Monitoring Instrument (OMI), 2) an
averaged nighttime light intensity index of < 25 within a 5 km radius of the site, and 3) a maximum population density of <
3000 people km2 within a 5 km radius of the site (Schultz et al., 2017). Additionally, only daytime ozone data is used, which

is defined as measurements between 8 and 20 hours local time. The surface site locations are summarized in Figure S2.

Ozone observations above the surface were provided by ozonesonde vertical profile measurements. Individual vertical profiles
from 1990-2017 were downloaded from the World Ozone and Ultraviolet Data Center (WOUDC)
(https://woudc.org/data/explore.php) and the Harmonization and Evaluation of Ground-based Instruments for Free

Tropospheric Ozone Measurements (HEGIFTOM) working group of the Tropospheric Ozone Assessment Report, Phase 11

(TOAR-II) (https://hegiftom.meteo.be/datasets/ozonesondes). The most updated information available at each site was used.

The ozonesonde community is currently reprocessing and homogenizing data to account for changes in ozonesonde preparation
and procedures with the goal to reduce measurement biases associated with these changes (Tarasick et al., 2016; Van Malderen
et al., 2016; Witte et al., 2018; Sterling et al., 2018; Ancellet et al., 2022). Over Europe, these homogenization efforts impact
3 of the 7 ozonesonde sites (De Bilt, Hohenpeissenberg, and Uccle). It should be noted that, since the site Payerne has
homogenized data for only part of the timeframe, we use the non-homogenized data in this analysis to remain consistent
throughout. Following our previous work in Christiansen et al. (2022), we apply these data completion requirements for
inclusion in the analysis: 1) at least 3 observations per month, 2) at least 2 monthly observations per season, 3) at least 8

monthly observations per year, and 4) at least 16 years of data. The ozonesonde site locations are summarized in Figure S2.

2.2 Model Simulations

We used multiple simulations of GEOS-Chem version 12.9.3 (GC) (Bey et al., 2001) at different horizontal resolutions (GC
4°x5° (latitude x longitude) and GC 2°x2.5°; DOI: 10.5281/zen0d0.3974569) in this analysis, summarized here and in Table
1. We primarily show results from the GC 2°x2.5° simulation but used GC 4°x5° for sensitivity simulations due to
computational constraints. These simulations were performed using the native 72 vertical pressure levels from 1980-2017 and
were driven by reanalysis data from the Modern-Era Retrospective analysis for Research and Applications version 2 (MERRA-
2) (Gelaro et al., 2017) developed by the NASA Global Modeling and Assimilation Office (GMAOQO). GEOS-Chem includes
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detailed HOx-NOx-VOC-0zone-BrOy-aerosol tropospheric chemistry with over 200 species, and this version includes updated
halogen (Wang et al., 2019) and isoprene chemistry (Bates and Jacob, 2019). Emissions were computed by the Harvard-NASA
Emissions Component (HEMCO) (Keller et al., 2014). We used the Community Emissions Data System (CEDS) for global
anthropogenic emissions at a monthly 0.5°x0.5° resolution (Hoesly et al., 2018; McDuffie et al., 2020). Model simulations
were carried out only until 2017 because the anthropogenic emissions from CEDS were available only until 2017 at the time.
Biogenic VOC emissions were calculated at each emissions timestep (every 30 minutes at 2°x2.5°) by the Model of Emissions
of Gases and Aerosols from Nature version 2.1 (MEGAN) with meteorological inputs from MERRA-2 (Guenther et al., 2012)
as implemented by Hu et al (2015). Biomass burning emissions were provided by the Global Fire Emissions Database (GFED)
version 4s for 1997 and onward (Giglio et al., 2013) at a monthly resolution. Prior to 1997, biomass burning emissions were
estimated using a GFED4s climatology with interannual variability imposed using scale factors from the Total Ozone Mapping

Spectrometer (TOMS) aerosol index (Duncan, 2003). Biogenic soil NOx emissions were calculated online (Hudman et al.,

2012). Lightning NOyx emissions were constrained at ~6 Tg N per year to match satellite observations (Martin et al., 2007) -and
distributed to match satellite climatological observations of lightning flashes while maintaining coupling to deep convection
from meteorological fields (Murray et al., 2012). Monthly mean methane concentrations were prescribed in the model surface
layer from interpolation of the long term NOAA ESRL GMD flask observations (Murray, 2016). Model wet deposition is
described by Liu et al. (2001) for water-soluble aerosols and by Amos et al. (2012) for gases. For comparison to observations,
model monthly averages of NWD, calculated as kg N ha, were sampled at the locations of each network site throughout the

US and European domains. For simplicity, we refer to the GC 2°x2.5° simulation as GC throughout this work.

Table 1. Description of GEOS-Chem simulations used in this study.

Model GEOS-Chem version 12 (4°x5° and 2°x2.5° resolution)

Horizontal resolution (latitude X
) 4°x5° and 2°x2.5°
longitude)

Chemistry v12.9.32

Modern-Era Retrospective analysis for Research and Applications version 2
Meteorology

(MERRA-2)
Anthropogenic Emissions Community Emissions Data System (CEDS)®
Biomass burning Emissions Global Fire Emissions Database version 4s (GFEDA4s)®

Model of Emissions of Gases and Aerosols from Nature version 2.1

Biogenic VOC Emissions
(MEGAN)¢

aDOI: 10.5281/zenodo.3974569
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®Hoesly et al. (2018); CEDS provides monthly average anthropogenic emissions at the 0.5°x0.5° resolution using previously
existing emissions inventories.

Giglio et al. (2013) after 1997; prior to 1997, estimated using a GFEDA4s climatology with interannual variability imposed
using scale factors from the Total Ozone Mapping Spectrometer aerosol index as in Duncan et al. (2003); monthly 0.25°
resolution.

dIMEGANvV2.1 from Guenther et al. (2012) as implemented by Hu et al (2015). Biogenic VOC emissions are calculated online

depending on the emissions timestep (e.g., hourly at 4°x5°, every 30 minutes for 2°x2.5° resolution).

We also performed four sensitivity simulations for 1980-2017 at 4°x5° resolution: constant anthropogenic emissions but
varying meteorological fields (‘Meteorology’), constant meteorology with varying anthropogenic emission inputs
(‘Emissions’), halved anthropogenic NOy emissions over Europe (‘Half-NOy”), and no global biomass burning emissions (‘No-
Fires’). Here, the Meteorology simulation cycled only anthropogenic emissions at constant 1980 values while allowing
meteorology to proceed normally, so that trends in the simulation were primarily due to the effects of changing meteorological
factors. Similarly, the Emissions simulation cycled meteorological inputs at constant 1980 values, but emissions were allowed
to evolve normally. The Half-NOy simulation was performed the same as the base simulation, but anthropogenic NOx emissions
from the CEDS inventory were halved over Europe to investigate the impact on NWD, which is discussed in more detail in
Sect. 3.4. Finally, in the No-Fires simulation, all emissions evolved normally except for biomass burning emissions, which
were set to zero. These sensitivities allowed for the exploration of drivers of NWD trends, as well as the sensitivity of NWD

to changes in NOy emissions.

To complement the simulations described above, we also used a simulation from a previous version of GEOS-Chem (version
10-01) at 4°x5° resolution from 1980-2010 as described by Hu et al. (2017). Differences relevant to our analysis, summarized
in Christiansen et al (2022), include 1) the MERRA reanalysis meteorological data (Rienecker et al., 2011), 2) 47 vertical
pressure levels, 3) global anthropogenic and biomass burning emissions from the MACCity inventory, and 4) a coarser
horizontal resolution. In the MACCity inventory, anthropogenic emissions are provided at a decadal resolution and interpolated
to an annual basis, and monthly biomass burning emissions are provided by the MACCity inventory prior to 2005 and based
on the Representative Concentration Pathway (RCP) 8.5 emissions scenario after 2005 (Granier et al., 2011). The 1980-2010
timeframe was chosen for the model because of the limited availability of MERRA meteorology fields at the time the run was

performed._Including this simulation provides a point of comparison to our GC simulations. We use this to show that the

discrepancies between modelled and observed NWD are not unique to a specific model version. Instead, we show that these

discrepancies are consistent between model versions that use different settings, different emissions inventories, and contain

different chemistry updates. This allows us to assess whether model-observations discrepancies in NWD are due to internal

model processes or emissions inventories.

10
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In all models, we corrected for potential precipitation biases, as model errors in precipitation propagate to NWD. We corrected
for these potential biases using independent, high-resolution observations which have been interpolated to a grid. We use the
Parameter-elevation Relationships on Independent Slopes Model (PRISM) at 4-km grid cell resolution over the US and E-
OBS over Europe (Daly et al., 2008; Haylock et al., 2008) at 0.25° grid cell resolution, which we sampled at the location of
each network site. The precipitation correction is shown below in Eq. (1), which has been applied previously for analyses of

wet deposition fluxes (Liu et al., 2021; Paulot et al., 2014; Silvern et al., 2019):

Corrected NWD = Model NWD x £ebs. (1)

Pmod

Here, p represents the amount of precipitation in each month from PRISM or E-OBS within the grid cell containing the NWD

sites and the model output. All data analysis was performed using R statistical software (R Core Team, 2013).

3 Results and Discussion

3.1 Observational Trends

CONUS Annual Wet Deposition Europe Annual Wet Deposition
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Figure 3. Observed and modeled nitrate wet deposition (NWD) from 1980 to 2020, including the 2020 COVID lockdown period,
averaged over the contiguous United States (CONUS) and Europe, in units of kg N hat. Shown are annually-averaged monthly mean
observations (black) and base simulation results (gold) from GEOS-Chem (GC) at 2°x2.5° resolution. Results from an earlier model
version at different resolution (GC v10-01, 4°x5°) are shown in blue for 1980 to 2010. The shaded regions represent one standard
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deviation of the monthly mean NWD. Correlation coefficients for each simulation with observations are shown inset. The 2016 jump
in NWD concentrations in GC in Europe is due to a spike in precipitation during that year in the E-OBS dataset (Fig. S3).

We find that over the CONUS, the strongest decreases in NWD occur from 2000-2010 and average -4.1 + 1.2%/yr (mean +

standard deviation).

sateHites-NO, measurements are commonly used to infer NOy concentrations due to the short lifetime of NO,, which results

in robust correlations between NOy emissions and NO, column amounts (Goldberg et al., 2021). Prior to 2010, there is

generally good agreement between NWD and measurements of NO, from surface stations and satellites when analyzed on a

regional scale. -The EPA’s Air Quality System (AQS) surface NO> trends decrease by -6.6 + 1.4 %/yr from 2005-2009 and
satellite NO; trends decrease by -6 + 0.5%/yr (Silvern et al., 2019), both of which are in good agreement with NWD

measurements over that timeframe (-5.7 £ 1.9%/yr). It should be noted NWD is most useful as a constraint on regional spatial

scales, as NWD observations are located in rural areas influenced by transport and background emissions, which can show

different trends from urban areas (Silvern et al, 2019).

Over Europe, decreases in NWD are evident since the late 1980s, but occur most strongly since the 2000s and are in good
agreement with satellite and surface NO, measurements. We calculate a 1980-2017 decrease in NWD over Europe of 19 +
10%, similar to the 23% calculated by Tarseth et al. (2012) for 1990-2009. Trends in assimilated satellite NO, measurements
over western Europe show an average decrease of -0.9%/yr from 2005-2014 (Miyazaki et al., 2017), which agrees with the

decrease in western Europe NWD measurements over that same timeframe (-0.9% * 2.6%/yr).

After 2010 over the CONUS, decreases in NWD observations shew-a-stowdown-n-NWDB-deereasesslow down, averaging -

1.2 + 2.9%/yr from 2011-2019. This slowdown in trends is consistent with satellite measurements of NO», which also record

a flattening of the trend from 2011-2015 at -1.7%/yr (Jiang et al., 2018). This slowdown has been attributed to the increasing
sensitivity of satellite measurements to free tropospheric NO2, which in recent years has contributed an increasingly larger
portion of column NO; as emissions of anthropogenic NO, have declined (Silvern et al., 2019). Consistent with this hypothesis,
NWD and satellite NO, trends over the CONUS do not agree with surface AQS NO, measurements, which have decreased by
-4.5%/yr since 2010 (Silvern et al., 2019); the CEDS inventory also shows strong decreases after 2010, averaging -4.3
0.6%/yr (Fig. S4). Over Europe, although NWD trends are noisier due to a smaller number of sites compared to the CONUS,
we also find a leveling off of trends since 2010. NWD trends level off from -1.9 + 2.2%/yr from 2000 to 2010 to -1.4 + 3.6%/yr
from 2010-2019. Again, this is in contrast with the CEDS inventory (Fig. S4), which shows a ~2 times faster decrease (an

average decrease of -4.0 £ 0.9%/yr) since 2010.

This discrepancy in trends between NWD, satellite NO, measurements, surface NO, concentrations, and anthropogenic NOy

emissions has been noted previously and can be explained by a change in the relative importance of emissions sources in
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driving NOy trends. In CEDS and GEOS-Chem, prior to 2010, anthropogenic NOx made up 79% of total NOy emissions in the
CONUS and 88% in Europe, but anthropogenic emissions have decreased rapidly since the 1980s in both regions. In contrast,
the magnitude of lightning, soil, and biomass burning NOy emissions have remained relatively steady over the past few
decades; together they make up 34% of the total NOx emissions profile in 2017 in the CONUS and 17% in Europe in GEOS-
Chem (Fig. S5). Post-2010 trends in NOy are therefore no longer primarily determined by selehyanthropogenic emissions, and
the flat trends of non-anthropogenic emissions now play a larger role in total trends. Since NWD sites are primarily rural and
are influenced by background NOyx emissions, we also observe a slowdown in NWD trends that reflects the increased
importance of background NOy emissions in determining trends. Our results support the findings in Silvern et al. (2019) and
He et al. (2022) that background emissions such as soils and lightning play an increasingly important role in determining NOx

emissions trends in rural regions, as NOy anthropogenic emissions rapidly decline over the US and Europe.

Observed trends in NWD also agree with satellite and surface-derived NO; trends during the COVID-19 lockdown period in
March and April 2020, lending further evidence to the ability of NWD to capture large changes in NOy emissions. Satellite

measurements may be more influenced by urban emissions than NWD, but satellites are sensitive to background NO, similar

to how NWD is sensitive to background NOy, and trends between satellite NO, and NWD have been shown to match closely

when averaged over a regional scale (Silvern et al., 2019). Despite the influence of background emissions, both NWD and

satellite NO, observations capture large-scale changes in anthropogenic emissions (Fig. 3; pre-2010 trends). Figure 3 shows
the decrease in NWD from 2019 to 2020 as measured across the NADP and EMEP networks. For the entire year of 2020,

observations show a 22% decrease in NWD values over the CONUS and 28% over Europe. If we compare just March-April
of 2019 to March-April of 2020, we find an average decrease of 37% in NWD values over the CONUS and 42% over Europe.
These results are consistent with other analyses which estimate NOy emissions decreases during COVID-19 lockdowns. Over
the United States, satellite NO; total columns showed decreases over the lockdown period ranging from 20-40% (Bauwens et
al., 2020; Qu et al., 2021). Over Europe, satellites measured decreases of 7-40% (Bar et al., 2021), with much of that decrease
occurring over western Europe (20-30%) and at the surface (20-50%) (Bauwens et al., 2020). NOx decreases during lockdowns
are mostly associated with a reduction in vehicle traffic (Rossi et al., 2020; Baldasano, 2020; Kerr et al., 2021), and background
sources of NOy did not change considerably during this timeframe (Kerr et al., 2021). These results show that, despite becoming
less sensitive to anthropogenic emission trends in the U.S. and Europe, NWD is still useful for constraining changes such as

those resulting from COVID-19 lockdowns or energy usage shifts occurring in developing countries.

3.2 Model reproduction of trends

Trends and magnitudes in NWD are well-reproduced by GC over the CONUS (Fig. 3). During the largest decrease, 2000-

2010, GC shows a significantly (p<0.05) decreasing trend of -3.4 + 0.8%/yr, which agrees with significant observed decreases
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in NWD of -4.1 £ 1.2%/yr. NWD magnitudes predicted by GC typically fall within measurement uncertainty ranges (<3%
difference) when aggregated over the entire US domain. GC v10-01 also shows a significant decrease of -2.7 + 1.8%/yr for
the same period. The post-2010 leveling off of the decreasing trend in NWD described earlier, also observed in satellite NO,
measurements (Jiang et al., 2018), is captured by GC, suggesting that the CEDS NOx trends are correct with the constraints
provided by NWD observations.

Trends in observed NWD over Europe are captured fairly well by both simulations (R>0.5) (Fig. 3). Observed NWD trends
are small throughout the timeframe, with observations showing only a change of -1.4 £ 0.8%/yr. GC shows an average decrease
of -0.5 £ 1.0% throughout the timeframe, with large uncertainty due to increases at the beginning and end of the time series.
If the timeframe is restricted to include the period of greatest decline, 1990-2015, GC shows a decrease of -1.2 + 0.9%l/yr, in
good agreement with the observed decrease of -1.4 + 1.1%/yr over this time period. However, the GC v10-01 simulation
(driven by MACCity) does not capture trends as well (i.e., -0.2 + 1.2%/yr vs. observed -1.3 £ 0.9%/yr in 1980-2010; -0.8 +
1.3%l/yr vs. observed -1.1 + 1.4%/yr in 1990-2010). We attribute this discrepancy largely to the lack of fine temporal resolution
in MACCity anthropogenic emissions (decadal in MACCity vs monthly in CEDS). Despite the good agreement of trends over
Europe in the newer GC version (driven by CEDS), our GC simulation predicts NWD fluxes that are on average 2.3 times
greater than observed NWD, and GC v10-01 predicts slightly higher NWD (2.6x). These findings suggest that CEDS and
MACCity NOy emissions over Europe are overestimated on a region-wide scale in GEOS-Chem, which will be explored
further in Sect. 3.4.

Trends in GC-predicted NWD since 1980 are driven primarily by changes in anthropogenic emissions rather than
meteorological factors. Figure 4 shows the results of the three sensitivity simulations that demonstrate the role of anthropogenic
emissions, fire emissions, and meteorology in simulated NWD trends. Over both the United States and Europe, the only
simulation that does not follow the trendline of the base simulation is the Meteorology simulation. Trends for the Emissions
and No Fires simulations are similar to the base simulation in both domains. As long as anthropogenic emissions are allowed
to evolve over time, the trendline in NWD can be matched. Further, changes in precipitation are unlikely to be responsible for
the observed changes in NWD, as precipitation rates have remained relatively flat, or even increased, in opposition to NWD
trends (Fig. S3). This, along with our sensitivity simulations, suggests that the changes in anthropogenic emissions of NO are
most influential in driving overall NWD trends in GC. In sum, our findings suggest that the NWD mechanism within GC can
capture observed NWD and that the NWD trend generated by GC is influenced most strongly by anthropogenic NOx emissions.
Next, we explore trends in total NOx emissions in GEOS-Chem and anthropogenic NOy emissions from the CEDS inventory,

focusing on differences in the period after 2010.
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Figure 4. Results of annual NWD (kg N/ha) from each sensitivity simulation over (a) the CONUS and (b) Europe. The base GC
simulation is shown in red, the_simulation with changing emissions but constant meteorology simuatien(Emissions) is shown in
green, the simulation with changing meteorology but constant anthropogenic emissions simutatien(Meteorology) is shown in blue,
and the no biomass burning simulation_(No Fires) is shown in gold. See Sect. 2.2 for a detailed description of these sensitivity runs.

Figure 5 shows anthropogenic NOy emissions derived directly from the CEDS inventory (blue solid line) and total NOx

emissions ealeulated—summed using GEOS-Chem (black solid line), which includes_all sources of NO, emissions

(anthropogenic from CEDS, soil, lightning, and biomass burning-emissions). Relative trends in observed NWD are overlaid

(dashed purple line). In both the CONUS and Europe prior to 2010, NWD trends and NOy emissions trends show good
agreement in the model (R>=0.8). We find that the European trends generally show more noise, as there are far fewer sites
over Europe than over the CONUS (28 vs 156 sites). Over both Europe and the CONUS, we find that annual trends in CEDS
anthropogenic NOx emissions agree well with NWD measurements until 2010, reflecting the strong decrease in anthropogenic
emissions. After 2010, NWD decreases slow down in both the CONUS and Europe and reflect trends in total NOx emissions.
Over the CONUS, total NOy emissions trends decline to -2.0 + 1.8%/yr and NWD-predicted trends level out to -1.2 + 2.9%/yr.
Similarly, over Europe, total NOx emissions trends decline to -0.5 + 1.6%/yr after 2010, and NWD-predicted trends decline to
-1.4 + 3.6%l/yr. As explored previously, these trends are in contrast to anthropogenic emissions inventories that continue to
show strong NOy decreases after 2010. These results point to the decreased influence of anthropogenic NOy in total NOy

emissions trends and lend further evidence of the ability of NWD to capture total NOy trends.
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Figure 5. NOx trends in the CEDS inventory (reported as Tg N), total NOx emissions (Tg N) estimated by GEOS-Chem, and observed
trends in annual NWD data over (a) the CONUS and (b) Europe. Anthropogenic emissions from the CEDS inventory are shown in
solid blue, total NOx emissions are shown in black, and trends from NWD are overlaid with the dashed purple line.

Through a series of sensitivity tests, we further illustrate this post-2010 flattening of the modelled total NO, emissions and
observed NWD trends in response to the weakened sensitivity to anthropogenic emissions. We investigate the impact of a
small perturbation (-5%) in anthropogenic NOy emissions at various time points throughout the series (1985, 1995, 2000, 2005,
2013, and 2017) to investigate NWD sensitivity to a decrease in anthropogenic emissions (Table 2). We find that the sensitivity
to anthropogenic NOx emissions is greatest in the 1980s and 1990s and decreases to its lowest sensitivity in 2017 over both
the CONUS and Europe. This is in contrast to similar sensitivity simulations that reduced soil NOx emissions by 5%. In these
simulations, NWD trends become slightly more sensitive to changes in background soil NOy emissions later in the timeframe,
especially over the CONUS. Our work underscores the value of measurements of NWD extending into the future for
constraining total NOy trends-in-areas-with-strict NO,-emissionsregulations.

Table 2. Sensitivity of modeled NWD to a 5% decrease in anthropogenic and soil NOx emissions at various time slices.
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NWD Reduction with NWD Reduction with | NWD Reduction with | NWD Reduction with

Vear 5% Anthro NOx 5% Anthro NOx 5% Soil NOx 5% Soil NOx
Reduction Reduction Reduction Reduction
(CONUS) (Europe) (CONUS) (Europe)

1985 4.0% 4.9% 0.5% 0.2%

1995 4.2% 4.6% 0.5% 0.3%

2000 3.8% 4.5% 0.6% 0.3%

2005 4.0% 4.4% 0.5% 0.3%

2013 3.5% 4.2% 0.7% 0.3%

2017 3.3% 3.5% 0.7% 0.3%

3.3 Evidence of summertime NOx overestimates over the CONUS

In addition to its usefulness in assessing the total NOy trend, NWD can also provide insights into the accuracy of total NOy
magnitudes in models. While annual NWD values agree when taken over the entire CONUS domain, regional NWD
measurements suggest that NOyx emissions are overestimated in certain regions and seasons. The eastern US has been the
subject of many studies related to the amount of NOx emissions, in which various versions of the NEI have been assessed using
a variety of measurements. Multiple analyses have pointed to NOx overestimates in the NEI over the eastern US during
summertime (Castellanos et al., 2011; Anderson et al., 2014; Goldberg et al., 2016; Souri et al., 2016; Travis et al., 2016),
finding overestimates of 27% - 70% depending on location and time. We investigated potential similar biases in the CEDS

inventory by comparing seasonal and regional measured and modeled NWD magnitudes.

Similar to previous analyses of NEI inventories, we find evidence of an overestimate of summertime (July-August-September
or JAS) CEDS-estimated NOy across the entire CONUS from 1980-2017 (12% on average), but most prominently in the
eastern US after 2000 (Fig. 6a). Overestimates in the eastern US average ~20% and range up to 77% after 2000. This implies
that NOy emissions may be overestimated over the eastern US during JAS in the CEDS inventory and is consistent with
previous analyses of inventories with similar emissions. The CEDS inventory estimates that NO emissions over the eastern
US during JAS are 2:30.7 Tg NO on average (2:20.9 Tg N© in 1980 decreasing to 2-20.3 Tg N© in 2017). These overestimates
are likely present in other emissions inventories, such as the NEI 2017 and MACCity, as their emission trends and sizes over

CONUS are similar across inventories (Fig. S4).
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Figure 6. Modeled overestimates of (a) 2000-2010 summertime (JAS) NWD in the eastern US and (b) 2013 August-September NWD
in the southeastern US, compared to the NADP observations. These overestimates likely signal that NOx emissions over this region
are overestimated by the CEDS inventory. Note that the scales are different between panels.

Further agreement for NOy overestimates can be found by evaluating specific regions and timeframes where NOy overestimates
have been previously identified. For example, over the southeastern US during August-September 2013, Travis et al. (2016)
showed that the NEI 2011 overestimated NOy emissions by 71% compared to aircraft measurements. We examine the same
area and time using modeled and measured NWD to investigate if the CEDS inventory is similarly overestimated in this region
(Fig. 6b). We find that modeled NWD values using our GC simulation are ~30% higher than measured, implying that NOx
emissions may be overestimated by 30% in the southeast US, qualitatively agreeing with Travis et al. (2016). CEDS NOy
emissions are slightly lower than the NEI 2011 by 15% over the southeastern US (CEDS estimate is 6-40.1 Tg N©), which
partially explains the difference in overestimates. The remaining discrepancy in overestimates may be accounted for through
differences in model resolution. Travis et al. (2016) used 0.25°x0.25° horizontal resolution, while our model has 2°x2.5°
resolution. Travis et al. (2016) attributed much of this overestimate to uncertainties in mobile and industrial sectors as they

accounted for the majority of the NOx emissions in the model.

Overestimates of NOy in emissions inventories extend beyond the eastern US. In the western US (longitudes west of 100° W)
during summer (JAS), we find that modeled NWD fluxes are overestimated by 15% on average from 1980-2017, and these
overestimates are consistent throughout the timeframe. This finding suggests that NOy is slightly overestimated in the western
US during summer in CEDS, which estimates average emissions of 8-:80.2 Tg N© (range of 4-60.3 Tg NS in 1980 to 6-40.1
Tg NS in 2017). This is consistent with a previous analysis that found that the NEI 2005 overestimated NOy in the Los Angeles
area by 27-32% during May-June 2010 (Brioude et al., 2013).
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During winter, we find much better agreement between regional modeled and measured NWD. NWD is slightly
underestimated during winter in the eastern US (~7%). This good agreement in the eastern US is consistent with a previous
study during winter in the Washington, D.C., and Baltimore area (WINTER) that showed the NEI 2011 and 2014 inventories
were within measurement uncertainty from aircraft (Salmon et al., 2018; Jaeglé et al., 2018). In the western US, a worse
agreement is generally seen, with overestimates averaging 11% during winter throughout the timeframe, but the standard

deviation of the modeled and observed values overlap at each site.

The disagreement in NWD magnitudes during summer may also partially stem from overestimates of soil NOx emissions in
the model. Soil NOx emissions are seasonal, with strong summertime emissions and small wintertime emissions. Soil NOy
contributes an average of 16% (ranging up to 26%) of total NOx during summer and only 2% during winter. This seasonal
pattern observed over the CONUS is consistent with a seasonal overestimate of NOy, with summertime overestimates and
good wintertime agreement. However, for most of the timeframe, the contribution of soil NOy emissions cannot fully explain
the observed overestimates that range up to 77%. Along with assessing anthropogenic NOy emissions, future work should
focus on refining soil emissions in models, especially as these background emissions become more important in determining
total NOy trends in countries with strongly decreasing anthropogenic NOx. Similarly, potential overestimates of biomass
burning cannot fully resolve the model-measurement discrepancy. Over the CONUS, excluding all biomass burning emissions
globally (No Fires simulation) still results in summertime overestimates of NWD that average 12%, with overestimates in the

eastern US averaging 13% and ranging up to 65%.

The sensitivity of NWD to anthropogenic NOx emissions decreases from 1980-2017, and thus the relationship between

anthropogenic NOyand NWD is not strictly 1:1, although NWD is most sensitive to changes in anthropogenic NOx emissions.

This change in sensitivity can be attributed to the increasingly large role of background NOy emissions to total NOy, and

changes in NOy lifetime. It is more likely that these changes are better explained by the increasing prevalence of background

NOy, as a previous investigation of NOy lifetime changes since the 2000s found that changes in lifetime alone cannot fully

explain NOy trends (Laughner and Cohen, 2019). Changes in NOy lifetime impact NOy product composition and phase, and

future analyses should investigate the role of a changing NO, lifetime on products such as nitric acid, nitrate aerosol, and

organic nitrates.

It should be noted that the model does not overestimate NWD over all regions or seasons in the US. Some regions, such as the

eastern US during spring, exhibit model underestimates. On an annual average basis across the CONUS, NWD s slightly

overestimated, but certain regions and seasons show more prominent underestimates that should be explored more fully in

future analyses (Fig. S6).
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3.4 Evidence of widespread NOx overestimates over Europe

A recent analysis assessing NOx emissions over Europe via satellite measurements points out overestimates in Southern Europe
during winter and across the entire European domain during summer (Szymankiewicz et al., 2021). The study suggested that
EMEP anthropogenic NOx emissions needed to be reduced by 40% to match observations. Further, another study using OMI
satellite NO, measurements found that ship emissions may be overestimated by 35-130% over Europe (Vinken et al., 2014).
Here, we assess NWD overestimates seasonally and regionally to further assess potential NOy overestimates in the CEDS
inventory. In this analysis, we use the meteorological definitions of the seasons: winter as December-January-February (DJF),
spring as March-April-May (MAM), summer as June-July-August (JJA), and fall as September-October-November (SON).

Consistent with previous analyses, we find that overestimates of NOx occur throughout the European domain, but they are
most prominent during summer (JJA) and fall (SON) (Fig. 7). Total anthropogenic NOy emissions over Europe are estimated
by the CEDS inventory to be 8+72.6 Tg NO© on average (£1-3.3 Tg N© in 1980 declining to 4:.81.5 Tg N© in 2017). During

summer and fall over the entire domain, we find that NWD is overestimated on average by 176% (50 to >500%, factor of 2.9

on average) and 169% (39 to >500%, factor of 2.7 on average), respectively, by the model. During winter and spring, this

overestimate is smaller, but still ~100%_(average factor of 2.4 and 1.9, respectively). These overestimates are strongest in

central and southern Europe during winter and spring, but they exist throughout the domain during summer and fall.
Anthropogenic NOx emissions make up the largest fraction of total NOy emissions from all sectors in the GC simulation,
ranging from 74% to 88% of total emissions (Fig. S5). Therefore, it is most likely that overestimates of NWD stem from
overestimates of anthropogenic NOx emissions rather than natural sources. In the CEDS inventory, the largest sector
contribution to anthropogenic NOy is road emissions (39% of the total on average; Fig. S6S7), suggesting that overestimates

may come from this sector.
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To test the impact of NOy emissions on model NWD, we perform a sensitivity test that cuts anthropogenic NOy emissions in
the CEDS inventory in half (reducing the 1980-2017 average of 8.72.6 to 4.31.3 Tg N©) over Europe using GC at the 4°x5°

resolution (Fig. 7), as NOy and NWD correlate highly in all seasons (R>0.6). Halving NOx emissions also halves NWD fluxes

over Europe, bringing the modeled NWD within 15% of observations on an annual basis (Fig. S7S8). However, we find that
summertime and autumnal NOx is still overestimated by ~36% in the sensitivity simulation, suggesting that further reductions

of NOx may be appropriate in certain areas during summer and fall (Fig. 7), and these seasonal corrections should be a focus

of future work. Winter and springtime biases are practically eliminated, with average model-measurement differences of <10%.
Anthropogenic NO, over Europe is overestimated by the CEDS inventory, especially in central and southern Europe during
summer and fall. These overestimates likely extend to other inventories that show similar NO, emissions magnitudes, trends,
and spatial distribution (e.g., MACCity, EMEP; Fig. S4).

As discussed previously for the CONUS, it is also possible that this disagreement in NWD magnitudes in Europe during
summer stems partially from overestimates of soil NOx in the model. However, this difference is not large enough to fully
explain these overestimates, as soil NOx emissions range from <2 to 23% of total NOy emissions over Europe. The elimination
of global biomass burning emissions in the No-Fires simulation also does not resolve this discrepancy. On average, NWD
overestimates in this simulation over Europe still average 115% year-round, with overestimates of 145% in summer and 140%
in fall in our No Fires simulation.

4 Impacts of NOx emissions changes on tropospheric ozone concentrations

Adjusting NOx emissions impacts ozone concentrations, and NOy is currently one of the largest uncertainties regarding model
reproduction of ozone concentrations and trends. Currently, summertime ozone is overestimated at the surface over Europe in
GEOS-Chem (Christiansen et al., 2022). GEOS-Chem also overestimates surface ozone over the CONUS at locations in the
TOAR database by 8% on average during summer and fall. Other studies have suggested that this may be due to NOy
overestimates in regional anthropogenic inventories, issues in vertical mixing representation, excessive model biogenic VOC
production, or missing sinks (Travis et al., 2016; Guo et al., 2018). Regional and seasonal overestimates in NOx emissions
discussed in Sect. 3.3 may also contribute to these ozone overestimates. While we did not explore these sensitivities in this
work, future efforts should focus on constraining potential NOy overestimates in the US that may contribute to model ozone

discrepancies.

We find that reducing anthropogenic NOx emissions over Europe by half results in an average decrease in summertime ozone
concentrations of 14% (7 ppb) during summer below 700 hPa (Fig. 8). At the surface, this reduction in anthropogenic NOx

emissions improves model reproduction of ozone compared to observations (Fig. 8). The surface ozone overestimate over
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570 Europe is reduced from 14% (6 ppb) to 2% (0.7 ppb) on average, bringing it within agreement of observations. Further, this
adjustment improves the representation of downwind sites in Eurasia, reducing average summertime overestimates from 14%

to 7%. It is important to note that this analysis was done on a regional scale. Ozone formation varies between urban and rural

regions, where formation regimes can switch between NOy- and VOC-limited over a short spatial scale. Future analyses should

investigate the impact of NOy constraints on model ozone at the urban scale.
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Figure 8. Comparisons between observed and modeled summertime ozone concentrations, averaged over Europe. Results from the
Half-NOx sensitivity simulation are also shown. (a) Observations of surface 0zone compiled by the TOAR Database team (Schultz et
al., 2017) are shown in black, GC surface ozone is shown in red, and surface ozone from the Half-NOx simulation is shown in green.
(b) Vertical profiles of ozone observed by WOUDC and HEGIFTOM are shown in black, GC ozone is shown in red, and ozone from
our Half-NOx simulation is shown in green._The vertical profiles are an average of summertime concentrations from 1990-2017. GC
was sampled at the same launch time and location as all 0ozonesonde launches compiled here.

Above the surface, however, these ozone reductions do not improve model representation of ozone in Europe, instead further
exacerbating existing underestimates. Figure 8 shows tropospheric ozone extending through the free troposphere over Europe
during summer before and after NOx emissions reductions compared to ozonesonde measurements compiled by WOUDC and
HEGIFTOM. Recent versions of GEOS-Chem record systemically low model ozone burdens, especially in the northern mid-
latitude free troposphere, most notably in winter and spring (Mao et al., 2021; Murray et al., 2021; Christiansen et al., 2022).
GC underestimates ozone by ~10 ppb in the mid-Iatitude free troposphere (Christiansen et al., 2022). Reasons for these
underestimates have been explored in depth recently. Briefly, model updates including more active halogen chemistry (Wang
etal., 2021), increased NOy reactive uptake by clouds (Holmes et al., 2019), and underestimates of lightning-produced oxidants
(Mao et al., 2021) all contribute to these systemic ozone underestimates, even as they improve the model’s representation of
different chemical processes in the troposphere. Such underestimates are not present in other chemical transport models,
including MERRA2-GMI from NASA (http://acd-ext.gsfc.nasa.gov/Projectss GEOSCCM/MERRA2GMI; last access: 21 Dec
2023) and the previous versions of GEOS-Chem explored in this work (v10-01), that do not include these updates (Christiansen
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et al., 2022). Future work is needed to update model chemistry and emissions to bring free tropospheric ozone in line with
observations. A recent study suggested that inclusion of particulate nitrate could also help reduce this bias by up to 5 ppb in
the northern extratropics (Shah et al., 2022).

5 Conclusions

In this work, we provided a new, independent constraint on NOx emissions and trends over the United States and Europe using
nitrate-wet deposition(NWD) flux measurements. We found that anthropogenic NOy trends in the CEDS emissions inventory

are reproduced well by NWD until 2010, and that total (i.e., anthropogenic + lightning + soils + biomass burning) NOx emission

trends combini «-are well reproduced by NWD after 2010. NWD trends

are also capable of reproducing the large drop in NOx emissions during COVID-19 lockdowns, and NWD magnitudes are
consistent with analyses from satellite and surface NO, measurements, demonstrating the value of NWD in constraining NOx
emission changes. NWD observations show a leveling off of decreasing trends after 2010 consistent with satellite
measurements, suggesting the increasing importance of background NOy emissions in determining total NOy trends. We
provided further evidence that NWD fluxes are becoming less sensitive to changes in anthropogenic emissions via sensitivity
simulations in GEOS-Chem. We also used simulations of NWD via GEOS-Chem to provide evidence of potential
overestimates in anthropogenic NOx emissions in standard inventories. While annual trends in the model over the CONUS
agree well with observed NWD, we found that NWD magnitudes were overestimated during summer by an average of 20%
over the eastern US after 2000. We also found evidence of widespread NOy overestimates in CEDS (factor of >2) over Europe
that persist in all seasons but are strongest during summer and fall. Some of the overestimates in these regions may be due to
uncertainties in soil NOy estimates, although these emissions are too small to fully explain the discrepancy. Reducing
anthropogenic NOy emissions by 50% in the GEOS-Chem+CEDS simulation brings winter and springtime fluxes within 10%
of measurements, but summer and fall NWD are still overestimated by ~36%. These NOx emission reductions also improve
model simulations of surface ozone, decreasing the summertime overestimate over Europe from 14% to 2%, but do not improve
model reproduction-of-trends-or-free tropospheric ozone biases. Our work shows that NWD fluxes can be a useful constraint

on total (anthropogenic + background) NOx emissions and theitrends (rapid decrease from 1990-2010, and flattening after

2010), especially as anthropogenic NOy emissions continue to decrease in countries with strict emissions regulations and

accurate representation of background sources of NOx becomes necessary to fully understand trends. Due to the model

resolutions used here, these findings are most relevant at the regional scale, and future analyses should focus on smaller spatial

and temporal (e.q., seasonal) scales to further refine NWD as an independent NOy constraint.
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publicly available at https://doi.org/10.5281/zenodo.3974569. Publicly available nitrate wet deposition can be found at
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https://doi.pangaea.de/10.1594/PANGAEA.876108, and publicly available ozonesonde information is available at
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