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Abstract: The hydroxyl radical (OH) is a critical determinant of global oxidative capacity and trace gas lifetimes, but 

its variation remains poorly constrained. This study investigates the sensitivity of modelled tropospheric OH 

concentration changes to new understanding of physical and chemical processes using the FRSGC/UCI chemistry 

transport model. We show that simulated tropospheric O3 and NO2 agree well with satellite observations, but that annual 

variations in CO do not, likely due to uncertainties in biomass burning emissions in the southern hemisphere and 20 

overestimated CO trends over Asia. This discrepancy, along with the background increase in CO, may lead to an 

underestimation of OH increase or overestimation of OH decrease from 2000 to 2017. Changes in tropospheric OH 

column show substantial spatial heterogeneity, with increases in OH in high-emission regions and decreases in the 

tropics. Global mean OH trends are dependent on the assumed trend in emissions: with time-varying emissions there is 

little change in OH, while under annually invariant emissions, OH increases in response to changes in meteorological 25 

conditions. Inclusion of water vapor UV absorption, heterogeneous reactions, and updates to the OH + NO2 reaction 

rate have a smaller impact, but decrease OH levels by 3.6%, 5.8%, and 7.0%, respectively, increasing CH4 lifetimes by 

4.2%, 5.2%, and 8.4%. Incorporating oceanic CH3CHO emissions reduces global mean OH by up to 1.5%, increasing 

the CH4 lifetime by up to 1.6%. These results provide a quantitative basis for understanding the drivers of tropospheric 

OH variability and their implications for global methane chemistry. 30 
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1 Introduction 

The hydroxyl radical (OH) is one of the most critical reactive species in the troposphere, regarded as the atmosphere's 

primary cleansing agent due to its role in initiating the oxidation of a wide array of trace gases, including nitrogen 

oxides (NOx), methane (CH4), carbon monoxide (CO), and most volatile organic compounds (VOCs) (Holmes et al., 

2013; Turner et al., 2019). The abundance and distribution of OH strongly influences the overall oxidative capacity of 35 

the atmosphere, thus affecting the lifetime of species relevant to both air quality and climate (Crutzen, 1979; Lawrence 

et al., 2001; Naik et al., 2013; Zhao et al., 2019). Understanding the variability in OH and exploring the underpinning 

drivers is thus of major importance for predicting future atmospheric composition, including the interactions between 

natural and anthropogenic emissions and climate change (Voulgarakis et al., 2013; Lelieveld et al., 2016; Stevenson et 

al., 2020; Anderson et al., 2021; Chua et al., 2023; 2026; Liu et al., 2024). 40 

Changes in OH concentrations are driven by a multitude of factors, including variations in precursor emissions, 

meteorological conditions, and the availability of sunlight and water vapor, all of which affect photochemical reaction 

rates (Logan et al., 1981; Brasseur and Solomon, 2005). The balance between OH production and loss is governed by a 

set of interconnected processes, notably ozone (O3) photolysis, reactions with CH4 and CO, and regeneration cycles 

involving NOx and organic peroxy radicals (RO2) (Fiore et al., 2024). These complex photochemical processes 45 

collectively result in a highly heterogeneous spatial and temporal distribution of OH, with concentrations typically 

peaking in tropical regions where both solar radiation and water vapor are most abundant (Spivakovsky et al., 2000; 

Anderson et al., 2024). 

An important finding from model intercomparisons is that most chemical transport models (CTMs) and chemistry-

climate models (CCMs) underestimate the CH4 lifetime against OH oxidation in the troposphere (τCH4) compared to 50 

estimates based on observations. Multi-model mean values of τCH4 from the Hemispheric Transport of Air Pollution 

(HTAP), Atmospheric Composition Change: the European Network of Excellence (ACCENT), and Atmospheric 

Chemistry and Climate Model Intercomparison Project (ACCMIP) model intercomparisons were 10.2 (±1.7), 9.7 (±1.7) 

and 9.7 (±1.5) years, respectively (Shindell et al., 2006; Fiore et al., 2009; Naik et al., 2013), whereas observationally-

constrained estimates, such as those of Prather et al. (2012), suggest a longer τCH4 of 11.2 (± 1.3) years. This bias in τCH4 55 

implies that most models overestimate OH concentrations. However, a multitude of processes influence OH 

concentration, including uncertainties in precursor emissions and in the representation of physical and chemical 

processes, many of which are relatively poorly understood and/or offer limited observational constraint (e.g. Fiore et al., 

2024). Detailed sensitivity analysis also reveals that the drivers of OH concentration and its variability can differ 

substantially across models (Wild et al., 2020), making it challenging to attribute the causes of OH biases. Several 60 

previously neglected or uncertain physical and chemical processes may contribute to uncertainties in simulated OH, but 

the magnitude of their impacts remains insufficiently quantified. Better constraining these process-level effects is 

therefore important for understanding the high-OH bias commonly found in global models and, more broadly, for 

improving simulations of atmospheric oxidative capacity. 

Among the processes that have recently received increased attention is the absorption of ultraviolet radiation (UV) by 65 

water vapour (H2O), which was previously thought to be minor. Prather and Zhu (2024) showed that inclusion of this 
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process in a global CTM reduced OH primary production and increased τCH4 by ~4%. The study highlighted that water 

vapour UV absorption may partly resolve some of the apparent low τCH4 bias present in other models. 

Second, while the potential importance of heterogeneous chemistry for tropospheric oxidants is well established from 

lab studies (e.g. Thornton et al., 2003; Stewart et al., 2004), observations (e.g. Cantrell et al., 1996; Tabazadeh et al., 70 

2004) and modelling work (e.g. Jacob, 2000; Tie et al., 2003; Macintyre and Evans, 2010), recent findings have 

reaffirmed and extended current understanding. Using the GEOS-Chem CTM with revised uptake coefficients, Holmes 

et al. (2019) showed that inclusion of heterogeneous NOx chemistry increased the simulated τCH4 by 6.9% relative to a 

model run without heterogeneous chemistry. Contrary to some previous findings, they showed that heterogeneous 

chemistry on clouds exerts an effect of similar magnitude to that occurring on aerosols. Holmes et al. (2019) also 75 

emphasized the importance of accounting for entrainment limitations when parameterizing cloud heterogeneous 

processes, an approach that has yet to be adopted in most models. The effects of heterogeneous chemistry on 

tropospheric composition have also been examined by Ha et al. (2021) who reported an increase in τCH4 of 5.9% due to 

its inclusion in the CHASER MIROC Earth System Model. 

Third, more detailed measurements of the rate coefficient for the termolecular OH + NO2 reaction (kOH+NO2) have been 80 

reported by Amedro et al. (2019, 2020) and Rolletter et al. (2025). The rate of this reaction exerts a strong influence on 

the tropospheric abundance of NOx and OH and is therefore of fundamental importance (e.g. Newsome and Evans, 

2017; Christian et al., 2018). The two new studies report that kOH+NO2 shows only a weak dependence on water vapor 

over the tested range of partial pressures. They recommend a rate coefficient of (1.23 ± 0.04) × 10⁻¹¹ cm³·s⁻¹ at 295 K 

and 1 atm.  We compare this with the value of 1.1 × 10⁻¹¹ cm³·s⁻¹ at 298 K and 1 atm for the OH + NO2 + M -> HONO2 85 

pathway recommended by the most recent NASA–Jet Propulsion Laboratory (JPL) report (Burkholder et al., 2020), 

neglecting the role of the alternative HOONO formation pathway which is assumed to reform OH and NO2.  

Fourth, positive sea-to-air fluxes of a range of oxygenated VOCs have been observed in field studies (e.g. Yang et al., 

2014; Phillips et al., 2021). While the magnitude and variability of these VOC emissions remain uncertain, in the 

remote marine boundary layer these species may provide a substantial local OH sink, with oceanic emissions of 90 

acetaldehyde (CH3CHO) postulated as being particularly important (e.g. Read et al., 2012). To date, there have been 

very few global model assessments of the significance of this effect, but a growing number of studies highlight oceanic 

CH3CHO emissions as a contributor to missing OH reactivity and hence a cause of bias in estimates of CH4 lifetime (e.g. 

Wang et al., 2019; Travis et al., 2020). Taken together, these recent findings motivate a systematic assessment of their 

impacts within a common modelling framework, allowing their effects on OH and methane lifetime to be quantified 95 

consistently and their potential implications for improving global OH simulations to be evaluated. Alongside 

constraining the processes that lead to OH production and loss, over the past few decades numerous observational and 

modeling studies have sought to quantify interannual variability and possible trends in OH concentration, both 

regionally and globally. While direct measurements of OH concentration are challenging due to its short atmospheric 

lifetime (on the order of seconds), indirect methods such as inverse modeling based on the observed atmospheric 100 

burdens of CH4 and methyl chloroform (MCF) have provided valuable insights (Montzka et al., 2011; Naik et al., 2013; 

Patra et al., 2021; Prinn et al., 2000; Thompson et al., 2024). In addition, satellite observations combined with steady-
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state chemical approaches have recently been used to infer mid-tropospheric OH variability, suggesting relatively stable 

OH over time with O3 as a primary driver and CO playing a larger role during intense biomass burning years (Pimlott et 

al., 2022). Although these studies suggest that global mean OH concentration has remained relatively stable, with 105 

fluctuations driven by interannual variability in the emissions of OH precursors and sinks such as CO, VOCs, and NOₓ, 

as well as by meteorological factors (Prinn et al., 2000; Turner et al., 2017), substantial uncertainties persist regarding 

the temporal trends in regional OH concentration, particularly in the tropics and mid-latitudes (Patra et al., 2014; 

Anderson et al., 2024). Some studies indicate a decrease in OH from about 2005 (Rigby et al., 2017; McNorton et al., 

2016). Other studies have found evidence of increasing OH during 1980–2010 dominated by elevated primary 110 

production and reduced loss of OH due to decreasing CO after 2005 (Chua et al., 2023; Stevenson et al., 2020; Zhao et 

al., 2020). Attributing OH variability remains challenging, with different models showing widely differing responses in 

OH concentrations to changes in these drivers, particularly to NOx and humidity (Wild et al., 2020; Nicely et al., 2020). 

These discrepancies highlight the importance of improving both observational coverage and model representation of 

OH-related processes in the troposphere.  115 

In this study, we employ a global CTM to (1) quantify the effects of several recently identified or updated processes, 

including UV absorption by water vapour, heterogeneous chemistry, the kOH+NO2 rate coefficient, and oceanic CH3CHO 

emissions, on global and regional OH concentrations and methane lifetime, and assess whether their improved 

representation could help reduce the high-OH (low-τCH4) bias commonly found in global models; and (2) analyze the 

interannual variability and trends of global and regional OH since 2000 and quantify the contributions of changes in 120 

emissions and meteorology to these trends. The paper is structured as follows. Section 2 describes the CTM and recent 

updates, including the addition of heterogeneous chemistry on cloud and aerosol surfaces. It also describes the model 

sensitivity experiments that were performed and the observational datasets used to evaluate the model. Section 3 

provides an evaluation of the CTM, focusing on its ability to reproduce measurements of key gases relevant to the OH 

budget (e.g. tropospheric O3, NOx, CO). Our main results are presented in Section 4, including our model sensitivity 125 

analysis of global and regional OH concentrations, OH budgets, impacts of oceanic CH3CHO emissions, and regional 

and global OH trends. A summary with concluding remarks is given in Section 5. 

2 Model and Methods 

2.1 Chemistry Transport Model 

The global chemistry transport model (CTM) used here is the Frontier Research System for Global Change version of 130 

the University of California, Irvine (FRSGC/UCI CTM) described in Wild and Prather (2000). The model has been 

widely used to study the chemistry and transport of tropospheric trace gases, including O3 and OH (Wild et al., 2020), 

and the results have contributed to model intercomparison studies such as the Hemispheric Transport of Air Pollution 

(HTAP) project (Fiore et al, 2009). The offline CTM uses meteorological data generated with the European Centre for 

Medium-Range Weather Forecasts (ECMWF) Integrated Forecasting System (IFS) version Cy38r1. In this work, the 135 

model was run at a T42 horizontal resolution (2.8°×2.8°) with 57 vertical levels extending from the surface to 0.1 hPa. 
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2.2 Gas phase chemistry 

The model includes an explicit treatment of HOx/Ox/NOx chemistry, CH4 oxidation, and lumped non-methane 

hydrocarbon (NMHC) chemistry for the representative species butane, propene, xylene and isoprene (Wild, 2007). The 

updated version of the CTM used here contains 75 bimolecular reactions, 15 termolecular reactions and 21 photolysis 140 

reactions, summarized in Tables S1 to S3. Rate constants are principally taken from the most recent JPL evaluation 

(Burkholder et al., 2020). A notable exception is for the reaction of OH + NO2 for which we use the expressions given 

by Amedro et al. (2019). Recent updates to the model also include a treatment of H2O ultraviolet absorption following 

Prather and Zhu (2024). 

2.3 Heterogeneous chemistry 145 

For this study we have added a treatment of heterogeneous chemistry to the model. This uses a standard reaction 

probability formulation (e.g. Jacob, 2000) based on prescribed uptake coefficients (γ) for different cloud particles and 

aerosol surfaces. The first order rate coefficient, k (s-1), for the heterogeneous removal of a species to cloud or aerosol is 

expressed as:  

k = 0.25 × c × SAD × γ                                                                                                                                                     (1) 150 

where c is the mean square molecular speed (cm·s-1) and SAD (cm2·cm-3) is the available cloud particle or aerosol 

surface area density. The molecular speed is given by: 

c = 100 √
8𝑅𝑇

𝜋𝑀
                                                                                                                                                                     (2) 

where R is the ideal gas constant (8.315 J·mol-1·K-1), T is temperature (K) and M is the molar mass of the gas (kg·mol-1). 

A summary of the heterogeneous reactions included in the CTM is given in Table S4. These include the hydrolysis of 155 

N2O5 to form nitric acid on cloud ice and liquid water droplets and on five aerosol types: sea-salt, dust, sulphate, black 

carbon and organic carbon. We also include heterogeneous reactions of NO2, NO3 and HO2 on the same sets of surfaces. 

The adopted γ values for each surface, some of which depend on temperature and relative humidity, are taken from the 

literature and summarized in Table S4. 

For cloud ice and liquid water droplets, tropospheric surface area density is calculated online using the ice water content 160 

(IWC) and liquid water content (LWC) fields from the ECMWF IFS meteorological data and following the expressions 

outlined by Holmes et al. (2019). 

SADice= 
6.75 × 𝐼𝑊𝐶

𝜌 × 𝑟(𝑇)
                                                                                                                                                             (3) 

SADliq= 
3 × 𝐿𝑊𝐶

𝜌 × 𝑟
                                                                                                                                                                 (4) 

In equations (3) and (4) above, ρ denotes the density of ice (916.7 kg·m-3) and liquid water (1000 kg·m-3), respectively. 165 

The effective radius (r(T)) for ice particles is calculated as a function of temperature (T) using the empirically-based 

parameterization of Heymsfield et al. (2014). For liquid water droplets, r is assumed to be 10 μm for marine clouds 
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and 7 μm for continental clouds. When considering the impacts of heterogeneous processes on cloud or ice surfaces, we 

account for the limitation on uptake due to entrainment of air into clouds under partially cloudy conditions following 

Holmes et al. (2019), applying the cloud volume fraction from the meteorological fields and assuming a characteristic 170 

time scale of one hour.    

For aerosols, tropospheric surface area density was calculated from the aerosol climatology described by Bozzo et al. 

(2020). This climatology provides monthly mean aerosol mass for five components (sea-salt, dust, sulphate, black 

carbon and organic carbon) and is based on a reanalysis of atmospheric composition from the Copernicus Atmosphere 

Monitoring Service (CAMS) over the period 2003-2013. We derived the surface area density for each aerosol type using 175 

the particle density, modal radius and size distribution given by Bozzo et al. (2020), accounting for hygroscopic growth 

governed by the ambient humidity. The resulting annual mean surface area density fields at the surface and in the 

troposphere are shown in Figure S1 and S2. Note that the aerosol distributions are prescribed and are used only to 

represent their effects on chemistry and photolysis; aerosol formation and transport are not interactively simulated. The 

monthly climatology captures seasonal variations but does not account for interannual variability, and this may limit our 180 

assessment of the effects of aerosol heterogeneous chemistry on OH trends. 

2.4 Emissions 

In the base run of the model, monthly emissions of CO, NOx and non-methane volatile organic compounds (NMVOCs) 

are prescribed largely from CAMS datasets. Anthropogenic emissions are from version 6.2 of the CAMS-GLOB-ANT 

inventory (Soulie et al., 2024), aircraft emissions from version 2.1 of CAMS-GLOB-AIR (Granier et al., 2019), 185 

biogenic emissions from version 3.1 of CAMS-GLOB-BIO (Sindelarova et al., 2022) and soil NOx emissions from 

version 2.4 of CAMS-GLOB-SOI (Simpson and Darras, 2021). Fire emissions are taken from the Global Fire Emissions 

Database, Version 4.1 (GFED4s) inventory (van der Werf et al., 2017). All emissions vary annually over our full 

simulation period. Ocean emissions of CO and selected hydrocarbons are taken from the POET emission inventory and 

are assumed to be climatological (Granier et al., 2005). Lightning NOx emissions are calculated interactively in the 190 

model as a function of convective air mass flux at 440 hPa following Allen and Pickering (2002) and Pickering et al. 

(1998), and vary annually, providing a source of ~5 Tg[N]∙yr-1.  

For each emitted tracer, annual global total emissions over our study period (2000 to 2017) are shown in Figure S3. For 

CH4, an annual and latitudinally varying mixing ratio is prescribed using the historical forcing data prepared for CMIP6 

from 2000 until 2014 (Meinshausen et al., 2017). After 2014, to match the observed record, the fields are scaled by a 195 

globally uniform factor derived from CH4 measurements from the National Oceanic and Atmospheric Administration 

(NOAA) global monitoring network. 

2.5 Model runs 

A total of nine model hindcast runs were conducted. Seven of these were long-term runs spanning the period 2000–2017, 

and two were shorter sensitivity runs covering 2016–2017 only. All runs included a spin-up over the preceding 20-200 

month period. The control run (CTL) included the updated physical and chemical processes detailed above, including 
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UV water vapor absorption and heterogeneous chemistry, but did not include oceanic emissions of CH3CHO. 

Sensitivity runs were then performed to quantify the OH response to different processes. These include a run with fixed 

emissions from the year 2000 (fixEmis), a run without UV water vapor absorption (noWVA), a run without 

heterogeneous chemistry on cloud surfaces (noCloud), a run without heterogeneous chemistry on aerosol surfaces 205 

(noAero), a run without heterogeneous chemistry on both cloud and aerosol surfaces (noHete), a run with kOH+NO2 taken 

from the most recent JPL evaluation (JPL) and two shorter runs (ALD-cesm and ALD-geoc) that included oceanic 

emissions of CH3CHO. A summary of model runs is provided in Table 1. 

In the subsequent sections, differences between each sensitivity run and the control are used to quantify the response of 

global mean OH concentration and τCH4 to the respective process. We also examine how these factors influence the 210 

temporal trends in OH. Run fixEmis is designed to isolate the effect of meteorological variability on OH. 

Heterogeneous reactions occurring on cloud and aerosol surfaces may compete for the same species (Holmes et al., 

2019), and therefore sensitivity runs were designed to isolate the effects of clouds and aerosols separately, and also to 

examine their combined impact. Run JPL is used for quantifying the impacts of the updated rate constant for the key 

OH+NO2 reaction (Amedro et al., 2019, 2020) on OH and to compare with previous studies (Burkholder et al., 2020). 215 

The impact of processes already represented in the control run, such as water vapor UV absorption and heterogeneous 

chemistry, are quantified by removing them in the corresponding sensitivity runs. Oceanic CH3CHO emissions remain 

highly uncertain, as reflected in the substantial difference between the two emission estimates considered here, and are 

therefore not included in the control run. We therefore consider two separate sensitivity runs, ALD-cesm and ALD-geoc, 

to assess the potential impact of oceanic CH3CHO emissions and the sensitivity of this impact to the prescribed oceanic 220 

source.In the control run, CH3CHO emissions are prescribed from biogenic (15.5 Tg·yr-1), biomass burning (2.9 Tg·yr-

1), and anthropogenic (9.3 Tg·yr-1) sources only. Runs ALD-cesm and ALD-geoc are identical to the control run except 

that they additionally include a prescribed monthly oceanic CH3CHO source. The two oceanic emission estimates were 

obtained from models incorporating online parameterizations of the sea-air flux of CH3CHO. Run ALD-cesm uses 

CH3CHO emissions for the year 2015 obtained from the Community Earth System Model, version 2.2.0 (CESM2, 225 

Emmons et al., 2020), while run ALD-geoc uses CH3CHO emissions from a GEOS-Chem simulation (version 13.4), 

run with settings similar to Millet et al. (2010) and Wang et al. (2019), respectively. The global annual CH3CHO ocean 

sources are 40.8 Tg·yr-1 in CESM2 and 62.7 Tg·yr-1 in GEOS-Chem, illustrating the substantial uncertainty in the 

magnitude of this source. The distributions of oceanic CH3CHO emission are shown in Figure S4.  

Table 1. Summary of model experiments and settings 230 

Case Emissions Water Vapor 

Absorption 

Cloud Aerosol kOH+NO2+M at 

298K 

CH3CHO ocean 

emissions 

Simulation 

period 

CTL CAMS on on on 1.2610-11 0.0 2000-2017 

fixEmis CAMS_2000 on on on 1.2610-11 0.0 2000-2017 

noWVA CAMS off on on 1.2610-11 0.0 2000-2017 

noCloud CAMS on off on 1.2610-11 0.0 2000-2017 

noAero CAMS on on off 1.2610-11 0.0 2000-2017 

noHete CAMS on off off 1.2610-11 0.0 2000-2017 

JPL CAMS on on on 1.0510-11 0.0 2000-2017 
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ALD-cesm CAMS on on on 1.2610-11 40.8 Tg·yr-1 2016-2017 

ALD-geoc CAMS on on on 1.2610-11 62.7 Tg·yr-1 2016-2017 

Notes: CAMS_2000 indicates that all emissions and prescribed CH4 are fixed to year 2000 levels, but meteorology 

varies annually. Cloud refers to the heterogeneous chemistry of N2O5, NO2, NO3, and HO2 on cloud surfaces (cloud 

water droplet, cloud ice). Aerosol refers to the heterogeneous chemistry of N2O5, NO2, NO3, and HO2 on five aerosol 

surfaces (sea salt, dust, black carbon, organic carbon, and sulfate). The reaction coefficient of OH+NO2 at 298 K 

(kOH+NO2+M, cm3·molecule-1·s-1) is calculated based on the equations in Table S2. Run JPL used the rate constant from 235 

Burkholder et al. (2020).   

2.6 Satellite data 

As part of our model evaluation, we consider tropospheric column O3 data from the Aura Ozone Monitoring 

Instrument/Microwave Limb Sounder (OMI/MLS) dataset over the period 2005–2017. The resolution of the dataset is 

1°×1.25° with a latitude range of 59.5°S to 59.5°N and longitude range of 180°W to 180°E. Further details of the 240 

OMI/MLS product are discussed by Ziemke et al. (2006).  

We use tropospheric NO2 column from OMI QA4ECV version 1.1 for 2005–2017 released by the Tropospheric 

Emission Monitoring Internet Service. The OMI QA4ECV NO2 data set is based on revised spectral fitting features 

accounting for improved absorption cross sections, instrument calibration, and surface effects (Boersma et al., 2018; 

Zara et al., 2018). The data are processed according to the data quality recommendations and were validated against 245 

ground measurements (Compernolle et al., 2020). This product includes averaging kernel  information which has been 

used for model-satellite comparison to account for the satellite vertical sensitivity (i.e. like-for-like comparisons). To 

reduce comparison representation errors, each satellite retrieval is spatiotemporally co-located (within 1-hour 

temporally and the neighboring grid box spatially) with the model and the simulated profile interpolated onto the 

satellite pressure grid. The model sub-columns are calculated and the averaging kernel applied (as discussed by 250 

Archibald et al. (2020)), which are totaled between the surface and tropopause to derive the averaging kernel-modified 

model tropospheric column. Here, each satellite retrieval has been filtered for a cloud radiance fraction <0.5, a quality 

flag = 1.0, solar zenith angle < 80.0°, snow-ice flag < 10.0, tropospheric column NO2 > -1.0×1015 molecules/cm2 and a 

AMFtrop/AMFgeo (geometric air mass factor) ratio > 0.2. 

MOPITT derived CO (Near and Thermal Infrared Radiances) V9 from the NASA Earth data archive are used for 2001–255 

2017. The V9 product provides substantially improved retrieval coverage over land (30–40 % higher than V8) owing to 

an enhanced cloud detection algorithm and improved calibration of the near-infrared channels, while maintaining 

retrieval biases generally within ±5 % (Deeter et al., 2022). Individual MOPITT CO retrievals are filtered for a degree 

of freedom of signal > 1.0. MOPITT CO data has already been pre-filtered for cloud cover in the data product. For the 

model-satellite comparisons, like for tropospheric column NO2, the model is spatiotemporally co-located with the 260 

retrievals and the model CO profile interpolated onto the satellite pressure grid. The averaging kernel are applied 

following the approach documented in Archibald et al. (2020) yielding a modified model profile (in vmr). The model 

sub-columns are then derived and totaled up from the surface to the top-of-atmosphere to calculate the total column. 
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2.7 Site and vertical profile data 

Surface O3 observations used for model evaluation were obtained from the gridded Tropospheric Ozone Assessment 265 

Report (TOAR) global database (Schultz et al., 2017). The TOAR database compiles surface O3 measurements from 

thousands of monitoring stations worldwide and provides harmonized metrics derived from quality-controlled 

observations. We use gridded ozone metrics generated by aggregating station observations within 5° × 5° grid cells for 

the period 1990–2014. The dataset provides monthly statistical metrics, including daytime mean, nighttime mean, 

median, and mean rural O3 concentrations. In this study, the monthly mean O3 dataset was used for the period 2000–270 

2014 to evaluate the simulated surface O3 concentrations.  

Table 2. Summary of ATom measurements used to evaluate the model simulation 

Mission Month/Year Total number of observed samples 

ATom-1 Jul-Aug 2016 1051 (OH), 1138 (HO2), 1270 (CH3CHO) 

ATom-2 Jan-Feb 2017 1396 (OH), 1582 (HO2), 1315 (CH3CHO) 

ATom-3 Sep-Oct 2017 1368 (OH), 1474 (HO2), 1497 (CH3CHO) 

ATom-4 Apr-May 2018 1233 (OH), 1352 (HO2), 1724 (CH3CHO) 

Observed vertical profiles of OH and HO2 obtained during the Atmospheric Tomography Mission (ATom) have been 

used to help evaluate the model. The ATom mission consisted of four aircraft campaigns (Table 2) with an overarching 

goal of advancing scientific understanding of the impact of human activities on the tropospheric budget of a wide range 275 

of trace gases related to air quality and climate (e.g. Thompson et al., 2022). Measurements were made onboard the 

NASA DC-8 aircraft in each of the four seasons over a 3-year period (2016–2018), across a large latitude range (~80° N 

to ~80° S), and up to an altitude of ~12 km (Wofsy et al., 2021). For OH and HO2, measurements were made using the 

Airborne Tropospheric Hydrogen Oxides Sensor instrument. For CH3CHO, measurements were made using the Trace 

Organic Gas Analyzer instrument. These observational datasets underwent careful calibration and quality assurance 280 

prior to public release and have been widely used for atmospheric chemistry research and model evaluation (Duan et al., 

2024). The time resolution of these data is 10 seconds for OH and HO2, and 20 seconds for CH3CHO. The number of 

valid measurements is listed in Table 2. For comparison to this measurement data, hourly output from the model was 

sampled along the aircraft flight tracks. 

2.8 Trend analysis 285 

Trends in atmospheric trace gas columns, including tropospheric O3, tropospheric NO2, total CO column, and 

tropospheric OH, were estimated using the Theil–Sen slope estimator, a robust non-parametric method that calculates 

the median of all pairwise slopes (Theil, 1950; Sen, 1968). The statistical significance of trends was assessed with the 

Mann–Kendall test, a non-parametric method for detecting monotonic trends in time series without assuming a specific 

data distribution (Mann, 1945; Kendall, 1975). Trend analyses were performed at each grid point for all species. In 290 

addition, the global tropospheric mean OH concentration, weighted by airmass, was analyzed for seasonal trends to 

assess temporal variations throughout the year. These methods are particularly suitable for atmospheric chemistry 

observations and model outputs, which often contain noise, outliers, and non-normally distributed values. Trends in this 
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study were considered significant at the 95 % confidence level (p < 0.05). 

3 Evaluation 295 

3.1 Surface data  

 

Figure 1. Observed monthly mean surface O3 (ppbv) from TOAR and corresponding simulated O3 from the model control 

run for the period January 2000 to December 2014. Panels (a) and (b) show the distributions of annual mean observed and 

simulated O3, respectively, while panel (c) shows the model–observation difference. Panels (d–f) show the corresponding 300 

regional mean time series over North America, Europe, and East Asia, respectively, with line colours indicating observations 

and model simulations. All modelled means are calculated only for grid squares with available observations. Global mean 

values are shown in the upper right corner of panels (a–c). The regional mean values, correlation coefficient (R) between 

observed and simulated regional means, and root mean square error (RMSE) are shown in the lower right corner of panels 

(d–f). 305 

Simulated monthly mean surface O3 concentrations for 2000–2014 were evaluated against gridded observations from 

the TOAR dataset in the northern hemisphere (Figure 1). The model reproduces the large-scale spatial distribution and 

seasonal cycle of surface O3 well, with enhanced concentrations over major mid-latitude regions such as North America, 

Europe, and East Asia. However, surface O3 is generally overestimated in most regions. As an annual global mean, the 

model simulates 36.7 ppbv compared with 30.2 ppbv from TOAR, corresponding to a positive bias of about 6.5 ppbv. 310 

The bias is smaller in January (4.8 ppbv) but greater in July (9.9 ppbv), indicating stronger overestimation during 

summer when photochemical production is more active. One contribution to this bias is from the relatively coarse 

vertical resolution of the model, where the 90-m depth of the lowest layer does not fully represent O3 at the surface, 

where there may be substantial removal by dry deposition. Despite this bias, the model captures the main spatial 

patterns and seasonal variability of surface O3. Regional scatter plots (Figure S5) further show that the model captures 315 
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the observed variability of surface O3 reasonably well, with correlation coefficients of 0.6–0.8 across North America, 

Europe, and East Asia, with the strongest agreement over Europe. Comparisons of the sensitivity simulations with 

TOAR show only small differences in surface O3 relative to the control run over these three regions (Figure S6), 

indicating that the processes examined here have a relatively limited influence on surface O3 at northern mid-latitudes. 

Evaluation shows comparable performance to the MOZART-4 simulation by Fei et al. (2021) and the CESM FCSD 320 

simulation in Hou et al. (2023a). 

3.2 Satellite data 

Primary production of tropospheric OH occurs via the photodissociation of tropospheric O3 by UV radiation (λ<310 nm) 

to produce excited singlet oxygen atoms (O(1D)) (Talukdar et al., 1998) which may then react with water vapor. 

Therefore, the ability of models to simulate tropospheric O3 is of direct importance to accurate simulation of OH.  325 

As shown in Figure 2 (a-c), the model captures the salient features of the spatial distribution of tropospheric O3 column 

from OMI/MLS satellite observation well. There is high bias in low latitude regions which may be attributed to the low 

vertical resolution, uncertainty in diagnosing the tropopause and overestimation of the effects of lightning NOx in the 

model (Griffiths et al., 2021), and the uncertainties in vertical sensitivity of the observation instrument. This positive O3 

bias may contribute to enhanced primary OH production in these regions. The correlation coefficient of the annual mean 330 

tropospheric O3 column between model and observation exceeds 0.6 in most regions and is significant at the 95 % level 

(Figure 2d), suggesting that the year-to-year variations in the simulated and observed tropospheric O3 column are 

largely consistent. Low or negative correlations occur in some regions of North America and Northern Africa, where O3 

interannual variability is relatively weak and strongly influenced by episodic events; differences between the modelled 

and OMI/MLS tropopause may also contribute to these discrepancies.  335 



 

12 

 

Figure 2. Multiyear average (2005–2017) tropospheric O3 column (DU) from (a) the model control run and (b) OMI/MLS 

satellite observations. Panel (c) shows the corresponding mean bias of the tropospheric O3 column (model minus observation), 340 

and (d) shows the correlation coefficient between annual mean modelled and OMI/MLS tropospheric O3 column time series 

at each grid box. Annual mean tropospheric O3 column trends (DU·yr⁻¹) are shown in (e) for the model and (f) for satellite 

observations over the 2005–2017 period. Global mean columns between 60°S–60°N are indicated in the upper right corner of 

panels (a)–(c). Shaded areas in (d) indicate regions where the correlation is statistically significant at the 95% confidence level 

(p < 0.05). Trends in panels (e) and (f) were calculated using the Theil–Sen method, and stippling indicates areas with 345 

significant trends at the 95% confidence level according to the Mann–Kendall test. 

Both the model and observations show a significant increase in tropospheric O3 column from 2000 to 2017, especially 

over northern hemisphere mid-latitude regions, although the observed trends are generally stronger and more significant 

(Figure 2e-f). The weaker simulated O3 increase in these regions may lead to an underestimation of its contribution to 

increasing OH. As discussed in previous research, the increase of tropospheric O3 column is mainly attributed to 350 

changes in emissions of O3 precursors, especially over high pollution regions (Hou et al., 2023b; Wang et al., 2022; 

Ziemke et al., 2019; Young et al., 2018). Over the tropical Pacific Ocean, both the model and observations show 

decreases in O3 column. Over southern North America and Mexico, in contrast to the observed +0.2 DU/yr increase, the 

model shows a weak decrease (Figure 2e), which is likely driven by decreases in anthropogenic emissions in the model 

(Liu et al., 2022). The simulated tropospheric O₃ burden and budget are also broadly consistent with previous studies 355 

and fall within the reported uncertainty ranges (Table S5). The sensitivity experiments show that the processes 

examined here can affect the tropospheric O₃ budget, particularly through changes in O3 production and loss (Table S5). 

Comparison with OMI/MLS observations further shows that removing heterogeneous chemistry increases the positive 

TCO bias, particularly in the tropics, indicating that its inclusion in the control run improves the simulated TCO. In 

contrast, the JPL simulation, which uses the slower OH + NO2 reaction rate coefficient, produces a larger positive TCO 360 

bias (Figure S7). Overall, the model captures the major spatial characteristics and interannual variability of the 

tropospheric O3 column reasonably well, although regional differences are evident in the trends. These differences may 

contribute to uncertainty in simulated OH trends. 
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365 

 

Figure 3. Same as Figure 2, but for tropospheric NO2 column (1015 molecules·cm-2) and annual mean tropospheric NO2 

column trends (1014 molecules·cm-2·yr-1). 

As a key precursor of tropospheric O3 and regulator of HOx recycling, NOx has a substantial impact on OH abundance 

and its temporal evolution. Trends in NOx may drive the modelled increase in OH (Chua et al., 2023), so it is important 370 

to explore how well the modelled NOx trends match observations. As shown in Figure 3 (a-d), the spatial distribution 

of tropospheric NO2 column is simulated well by the model. There is a relatively high model bias in NH mid latitude 

regions around 45°N, although the satellite data has a relatively large uncertainty here. This positive bias is comparable 

to that reported in previous model studies over (e.g. Archibald et al., (2020) in the Northern Hemisphere and Monks et 

al., (2017) over Europe), suggesting that the magnitude of the bias is broadly consistent with current-generation 375 

chemistry-climate and chemistry-transport models. The simulated interannual variations over our study period match 

the satellite observations well (R>0.6, p_value<0.05), over most of the world, including East Asia, Europe, North 

America and South Africa. While the model performance is weaker in remote regions, the key result is over urban 

regions with high NO2 loading which will have more influence on OH. The modelled trend in tropospheric NO2 column 

is broadly consistent with previous studies (Elshorbany et al., 2024; Jiang et al., 2022) showing a significant increase 380 

over South Asia and most parts of East Asia, and a significant decrease over Europe and North America from 2000 to 
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2017 (Figure 3e-f). These changes are primarily attributed to variations in emissions (Miyazaki et al., 2017) and match 

the spatial distribution observed in OMI NO2 data. The generally good agreement in the spatial patterns and temporal 

evolution of NO2 provides support for the simulated influence of changing NOx emissions on OH trends, particularly 

over polluted regions. 385 

 

Figure 4. Same as Figure 1, but for total CO column (1017 molecules·cm-2) and annual mean total CO column trends (1016 

molecules·cm-2·yr-1).  390 

Figure 4 (a, b) compares the modelled CO column distribution to that observed from MOPITT. The agreement between 

the two datasets is generally strong, although the model underestimates CO in most regions (Figure 4c). As seen in 

Figure 4(d), the model captures the interannual variations well over most parts of the world (R>0.6). The MOPITT CO 

column generally shows significant decreases across much of the globe, consistent with earlier results from, for 

example, Yin et al. (2015) and Chua et al. (2023). However, in contrast the modelled CO columns show significant 395 

increases over China, India, and Africa with weaker decreases in parts of Europe, North America, and the Middle East 

(Figure 4e). The MOPITT and modelled changes in the CO column show poor agreement, with the model failing to 

capture the observed decrease reported by MOPITT, particularly over China, India and much of the Southern 

Hemisphere (SH). A similar mismatch was identified in the modelling study of Chua et al. (2023) which used the 
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Geophysical Fluid Dynamics Laboratory (GFDL) CCM driven by the CMIP6 emission inventory. Chua et al. (2023) 400 

note that the mismatch could point towards deficiencies in the emissions that drive the high bias in CO column trends 

over China and South Asia and in turn lead to the general high bias globally due to transport from these regions, 

especially via the prevailing westerlies (Zheng et al., 2018). Consistent with this, Gaubert et al. (2020) showed that 

correcting anthropogenic CO emission in East Asia reduces model bias by 29 % for CO, 11 % for HO2, and 27 % for 

OH. In the Southern Hemisphere, the mismatch may partly arise from uncertainties in the biomass burning emission 405 

inventory used in the model (Chua et al., 2023). As the main sink of OH in the troposphere, the mismatch and positive 

trend in CO may lead to underestimation of any OH increase or overestimation of any OH decrease over the 2000–2017 

period. Discrepancies in the CO changes may thus have a substantial impact on the modelled interannual variation in 

OH.  

3.3 Vertical profiles of OH and HO2 410 

The ATom campaign (Wofsy et al., 2021) provides an unprecedented opportunity to test model performance in the 

remote atmosphere with a detailed suite of chemical observations. Figure 5 shows modeled OH sampled along the 

flight tracks and compared to observed OH for ATom-1 (boreal summer 2016), ATom-2 (boreal winter 2017), ATom-3 

(boreal autumn 2017), and Atom-4 (boreal spring 2018) in each hemisphere from the lowest sampled altitude (~1000 

hPa) to 150 hPa.  415 
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Figure 5. Median OH concentrations (106 molecules·cm-3) for the Northern Hemisphere (NH, top row) and Southern 

Hemisphere (SH, bottom) measured during the ATom aircraft missions (black) along with the corresponding results from the 

model control run (FRSGC/UCI, red). Dashed lines show the observed 25th–75th percentiles.  

The model generally reproduces tropospheric OH well, with simulated concentrations falling within observational 420 

uncertainty across the environments considered here and no clear systematic bias throughout the troposphere. The 

model overestimates OH in the northern hemisphere in summer and this may reflect excessive OH production (see 

previous discussion of O3 biases and Figure 2c) or an underestimated sink from CO (Figure 4c). Models tend to 

overestimate OH on a global scale against constraints from methane and methyl chloroform observations (Shindell et al., 

2006; Naik et al., 2013; Nicely et al., 2017), but we find that tropospheric OH is simulated relatively well, within 425 

observational uncertainty, in the environments considered here. This good agreement is consistent with box model 

studies comparing OH with measurements during NASA’s Pacific Exploratory Mission–Tropics (PEM-Tropic B) 

campaign in the clean remote Pacific (Tan et al., 2001) and a similar analysis by Travis et al. (2020) for Atom 1-2 and 

Brune et al. (2020) for ATom 1-4.  
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 430 

Figure 6. As Figure 5, but for HO2 (pptv) 

Modelled HO2 is overestimated in the mid-troposphere, except in northern hemisphere winter (Figure 6). One possible 

reason is the influence of biomass-burning emissions. Observations from ATom indicate that air masses influenced by 

biomass burning, identified using tracers such as HCN and enhanced CO, are frequently encountered in the tropical and 

subtropical troposphere and can be transported over remote oceans at altitudes of ~1–4 km (e.g. Wofsy et al., 2021; 435 

Strode et al., 2018). These air masses contain elevated CO and VOCs that can enhance HOx cycling and promote HO2 

formation (e.g. Tan et al., 2001; Brune et al., 2020; Fiore et al., 2024), especially in spring and summer. An overestimate 

in biomass-burning emissions could lead to excessive HO2 production. However, uncertainties in long-range transport 

and radical recycling may also contribute to the simulated bias. Overall, the general spatial and temporal variations in 

HO2 are represented relatively well, although there is an overestimation remaining in the mid troposphere. For both the 440 

OH and HO2 model-measurement comparisons, the measurement uncertainty of ±35% for each species should be borne 

in mind (Brune et al., 2020). 
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4 Results and Discussion 

4.1 Global tropospheric OH  

Global tropospheric mean airmass-weighted OH concentration ([OH]gm) was calculated for each model run for the year 445 

2000 and as an average for the period 2000-2017 (Table 3). For 2000, [OH]gm from the control run (10.9 × 105 

molecules·cm-3) is very similar to the ACCMIP multi-model mean (±1 s.d.) estimate of 11.1 (±1.6) × 105 molecules·cm-

3 for the same year (Naik et al., 2013), about 1.8 % lower but well within the full spread of ACCMIP models. The 

corresponding CH4 lifetime against tropospheric OH oxidation (τCH4) is 10.0 years. For comparison, the multi-model 

mean estimate from ACCMIP for the same year is 9.7 (±1.5) years. Our τCH4 estimate is close to, and within the 450 

uncertainty range, of observationally derived estimates, including the 10.2 (9.5-11.1) years estimated by Prinn et al. 

(2005) and 11.2 (±1.3) years estimated by Prather et al. (2012). As OH is the principal tropospheric sink of CH4, these 

comparisons suggest that our CTM produces a reasonable simulation of [OH]gm. 

Table 3. Modelled global tropospheric airmass-weighted OH concentration ([OH]gm) and CH4 lifetime against tropospheric 

OH (τCH4). Results are shown for the year 2000 and the mean of the period 2000 to 2017. 455 

 [OH]gm (105 molec·cm-3) τCH4 (years) 

 2000 2000-2017 2000 2000-2017 

CTL 10.86 10.87±0.09 10.0 9.93±0.07 

fixEmis 10.88 11.05±0.10 10.0 9.77±0.11 

noWVA 11.24 11.27±0.10 9.61 9.52±0.07 

noCloud 11.12 11.13±0.10 9.84 9.76±0.07 

noAero 11.21 11.22±0.09 9.66 9.59±0.07 

noHete 11.49 11.50±0.10 9.49 9.41±0.07 

JPL 11.62 11.63±0.10 9.38 9.31±0.07 

Note: Values following “±” represent one standard deviation over the period 2000–2017. 

Figure 7a shows zonal mean OH concentration from the control run averaged over the period 2000-2017. The other 

panels show percentage differences associated with the selected sensitivity experiments. The control run shows high OH 

concentrations between 30°S and 30°N in the lower to middle troposphere, with larger values in the northern 

hemisphere, that reflect the sources of OH, matching the results of previous assessments (Stevenson et al., 2020). 460 

Excluding the effects of water vapour UV absorption leads to higher OH throughout the troposphere, especially in the 

tropical lower troposphere where humidity is relatively high. Water vapor absorption reduces photolysis rates in the 

troposphere leading to decreases in OH of 6-10% at the surface in the tropics (Figure 7b). On a global basis, [OH]gm is 

reduced by 3.6% compared to the control run and τCH4 is lengthened by ~4.2% (Table 3). The magnitude of these 

responses is in close agreement with that reported by Prather and Zhu (2024). 465 
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Figure 7.  (a) Zonal mean (latitude-pressure) cross sections of annual mean OH concentration (105 molec·cm-3) in the CTL 

run and the effects on tropospheric OH (in %) of (b) water vapor UV absorption (WVA), (c) cloud heterogeneous reactions 

(Cloud), (d) aerosol heterogeneous reactions (Aerosol), (e) all heterogeneous reactions (Hete), and (f) the updated OH+NO2 

reaction rate  . Percentage differences are calculated as (CTL − experiment)/CTL × 100%. The troposphere was defined as 470 

the region below a climatological tropopause (p= 300-215(cos(lat))2) following Lawrence et al. (2001). 

The effects of heterogeneous chemistry on cloud surfaces (liquid water and ice) and aerosol are shown in Figure 7c-e. 

The cloud impact peaks at high latitudes in the free troposphere (>10%), while the aerosol impact peaks at mid-latitudes 

close to the surface. Their combined effect on OH is spatially extensive. The spatial pattern is primarily driven by the 

vertical distribution of clouds and the near-surface high concentration of aerosol. The differences in their impact stems 475 

from differences in where NOx is removed: aerosols primarily scavenge NOx in the lower troposphere over industrial 

regions where NOx concentrations are high, whereas clouds exert a stronger influence in remote, high-altitude regions 

where NOx levels are low (Holmes et al., 2019). As a result, heterogeneous chemistry on cloud surfaces has a 
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disproportionately large effect on global OH despite occurring in areas with lower NOx. As shown in Table 3, if cloud 

heterogeneous reactions are neglected, [OH]gm increases 2.4%, which results in a 1.7% decrease in the CH4 lifetime. 480 

Neglecting heterogeneous aerosol reactions yields larger changes: a 3.2% increase in [OH]gm, and 3.6% decrease in CH4 

lifetime. The impact of cloud heterogeneous reactions matches the results of Holmes et al. (2019), but the impact of 

aerosol heterogeneous reactions is a bit larger, which may reflect differences in surface area density fields and the 

uptake coefficients of N2O5 on organic carbon, sea salt and sulfate surface. Neglecting the full impact of heterogeneous 

reactions results in a 5.8% increase in [OH]gm and 5.2% decrease in CH4 lifetime. 485 

The radical terminating, termolecular reaction between OH and NO2 exerts substantial influence on the lifetime of NOx 

and on tropospheric OH. However, there is uncertainty over the reaction pathways involved, and recent kinetic 

recommendations have distinguished the dominant pathway forming nitric acid and a secondary pathway forming 

HOONO (e.g., Burkholder et al., 2020). Models not representing HOONO may consider this species to behave as nitric 

acid or to decompose rapidly to OH and NO2. In our control run we have assumed the former, using the recent 490 

assessments of the rate coefficients of Amedro et al. (2019, 2020), supported by the study of Rolletter et al. (2025). In 

our JPL run we have assumed the latter, using rate coefficients for the pathway forming nitric acid only (Burkholder et 

al., 2020). As Figure 7f shows, the faster rate coefficient in the control run than in the JPL run leads to an 8% decrease 

in tropospheric OH concentration, especially in the upper troposphere and at high latitudes. The control simulation, 

which uses this faster rate coefficient, already slightly overestimates observed OH shown in Figure 5; therefore, use of 495 

the slower JPL rate coefficient would further increase simulated OH levels and would increase this positive bias. Global 

mean [OH]gm decreases by 7%, leading to an 8.4% increase in CH4 lifetime. 

4.2 Tropospheric OH budgets 

In this section, we quantify the factors affecting the major sources and sinks of OH. The primary source of OH is the 

photolysis of ozone (O3) at wavelengths less than 330 nm, which produces electronically excited oxygen atoms (O(¹D)). 500 

Some of these atoms subsequently react with water vapor to form OH. In the control run (CTL, Table 4), this pathway 

accounts for 92 Tmol·year-1, or 44% of total OH production—closely matching estimates from Lelieveld et al. (2016) 

and Bossolasco et al. (2025). Other significant production pathways include the reaction of HO2 with NO (33%), HO₂ 

with O3 (13%), and photolysis of hydrogen peroxide (H2O2, 8%). Minor contributions arise from photolysis of VOCs 

and organic hydroperoxides (ROOH), as well as other trace pathways. On the loss side, the dominant sink is the 505 

reaction of OH with carbon monoxide (CO), contributing to 41% of total OH removal in the control run. This is 

consistent with the contribution of ~40% reported by Fiore et al. (2024). Additional important sinks include reactions 

with CH4 (15%), non-methane VOCs and ROOH (15%), and aldehydes (RCHO, 8%). Reactions with O3 and NOx 

account for 7%, while minor reactions contribute the remaining 14%. 

Comparison of the fixEmis run with the control run indicates that the variation in emissions from year to year has a 510 

relatively minor impact on OH production and loss. Neglecting UV absorption by water vapor (noWVA) results in 5 

Tmol·year-1 greater OH production via the primary pathway (O(1D)+H2O) because more UV radiation is available for 

O3 photolysis and subsequent O(1D) production.. Heterogeneous reactions significantly influence the HO2+NO and 
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HO2+O3 pathways, increasing production by approximately 4 Tmol·year-1 and 3 Tmol·year-1, respectively. However, 

their relative contributions to total OH production remain largely unchanged. Neglecting the HOONO channel 515 

associated with the OH+NO2 reaction results in a modest decrease in OH loss, from 2.3 Tmol·year-1 to 2.1 Tmol·year-1. 

Despite its small contribution to the global OH loss budget, this change perturbs the coupled HOx–NOx chemistry and 

enhances radical recycling, leading to a larger response in the steady-state OH abundance. This reduction contributes to 

net OH accumulation, increasing total OH production from 208 Tmol·year-1 to 217 Tmol·year-1, primarily through the 

O(1D)+H2O, HO2+NO, and HO2+O3 pathways. Overall, the sensitivity experiments highlight the key atmospheric 520 

processes influencing OH levels and allow quantification of their respective impacts, while the OH budget analysis 

reveals the chemical pathways through which these processes affect OH production and loss. 

Table 4. Main reactions leading to tropospheric production and loss of OH (Tmol·year-1) and their relative contribution (%) 

in seven experiments.  

 CTL fixEmis noWVA noCloud noAero noHete JPL 

Production        

O(1D)+H2O 92(44%) 91(44%) 96(45%) 92(44%) 92(43%) 93(43%) 95(44%) 

HO2+NO 68(33%) 67(33%) 69(32%) 70(33%) 71(33%) 72(33%) 72(33%) 

HO2+O3 26(13%) 26(13%) 26(12%) 27(13%) 28(13%) 29(13%) 28(13%) 

H2O2+hv 17(8%) 17(8%) 18(8%) 17(8%) 18(9%) 19(9%) 17(8%) 

VOCs, ROOH+hv 4.1(2.0%) 3.9(1.9%) 4.2(1.9%) 4.1(1.9%) 4.1(1.9%) 4.1(1.9%) 4.0(1.8%) 

other 0.4(0.2%) 0.3(0.2%) 0.3(0.2%) 0.3(0.2%) 0.4(0.2%) 0.4(0.2%) 0.3(0.2%) 

Total 208 205 213 210 214 217 217 

Loss        

OH+CO 86(41%) 84(41%) 87(41%) 87(41%) 87(41%) 88(40%) 88(41%) 

OH+CH4 32(15%) 32(16%) 33(16%) 32(15%) 33(15%) 34(15%) 34(16%) 

OH+VOCs, ROOH 32(15%) 31(15%) 32(15%) 32(15%) 32(15%) 33(15%) 32(15%) 

OH+RCHO 16(8%) 16(8%) 17(8%) 17(8%) 17(8%) 17(8%) 18(8%) 

OH+O3 11(6%) 11(6%) 12(5%) 12(6%) 12(6%) 12(6%) 13(6%) 

OH+NO2 2.3(1.1%) 2.2(1.1%) 2.3(1.1%) 2.3(1.1%) 2.4(1.1%) 2.5(1.1%) 2.1(1.0%) 

other 28(14%) 28(14%) 29(14%) 29(14%) 30(14%) 31(14%) 30(14%) 

Total 208 205 213 210 214 217 217 

4.3 Impact of oceanic CH3CHO emissions 525 

Previous studies have indicated that oceanic emissions of CH3CHO represent a missing sink of OH in current 

chemistry‐climate models (Wang et al, 2019). Due to the limited measurement data and large uncertainty in these 

emissions, we conducted two additional short simulation experiments to assess their impacts on [OH]gm. Figure 8 

shows the vertical distribution of CH3CHO measured over the remote Pacific during the ATom campaigns, as well as 

model mixing ratios sampled along the flight tracks. Without oceanic emissions (CTL run), the model underestimated 530 

CH3CHO by up to an order of magnitude in the boundary layer and free troposphere (see Figure 8). By including 

oceanic emissions, simulated CH3CHO in the marine boundary layer is greatly improved, with the mean bias reduced 

from ~100 pptv to ~20 pptv, especially in spring and summer. However, the subsequent impact in the free troposphere is 

relatively limited, indicating that an additional missing chemical source likely exists there, as suggested by Wang et al., 

(2019). 535 
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Figure 8. As Figure 5, but for CH3CHO (pptv). The model control run (CTL) is shown in green, with results from model runs 

using emissions from CESM and GEOS-Chem shown in red and blue respectively. 

Table 5. The annual mean global emissions and burdens of CH3CHO, [OH]gm and τCH4 during 2016-2017 from ALD-cesm and 

ALD-geoc runs  540 

 
Millet et al. (2010) CTL ALD-cesm ALD-geoc 

Ocean emissions (Tg·yr-1) 57 / 40.8 62.7 

Other emissions (Tg·yr-1) 28 28.2 28.2 28.2 

Total emissions (Tg·yr-1) 85 28.2 69.0 90.9 

CH3CHO burden (Tg) 0.5 0.32 0.38 0.42 

[OH]gm (molecules·cm-3) / 10.94 10.84 10.78 

τCH4 (years) / 9.82 9.92 9.98 
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As shown in Table 5, including oceanic emissions of CH3CHO increases its global burden from 0.32 Tg to 0.38 Tg 

(+19%) in the ALD-cesm run, and to 0.42 Tg (+31%) in the ALD-geoc run— bringing the simulated values into much 

closer agreement with previous estimates (e.g. Millet et al., 2010), and thereby improving confidence in the 

representation of CH3CHO sources in the model. This increase in CH3CHO leads to a decrease in the global mean OH 

concentration of up to 1.5% and an increase in the CH4 lifetime up to 9.98 years (+1.6%). Overall, while current 545 

estimates of oceanic CH3CHO emissions slightly decrease global mean OH concentration and marginally increase CH4 

lifetime, their impact appears limited. Nonetheless, incorporating more reliable oceanic CH3CHO emission estimates 

and improving the representation of its sources in the free troposphere may lead to a stronger impact of CH3CHO on 

[OH]gm and τCH4.   

4.4 Tropospheric OH column trends 550 

 

Figure 9. The tropospheric column of OH (TCOH, 1012 molecules·cm-2, left panels) and the trend (1011 molecules·cm-2·yr-1, 

right panels) in annual, winter and summer from 2000 to 2017. The troposphere was defined as the region below a 

climatological tropopause (p= 300-215(cos(lat))2) following Lawrence et al. (2001). Trends are calculated as in Figure 2. The 

value in the right corner is the global average. 555 
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The annual and seasonal distribution of tropospheric column OH exhibits substantial spatial and seasonal heterogeneity 

(Figure 9). In summer, the highest columns are located at low and mid latitudes in the northern hemisphere, while in 

winter they shift to the southern hemisphere. Maxima are primarily located in the Northern Hemisphere in regions 

where anthropogenic emissions dominate the high OH production (e.g., India, China, Southeast Asia, and Central 

America). Regions of high tropospheric OH column are primarily associated with elevated levels of OH precursors, 560 

particularly NO2, together with favorable photochemical conditions, and the short lifetime of OH further confines its 

distribution and limits long-range transport (Duncan et al., 2016; Chua et al., 2023). Over tropical oceans, there are 

relatively high columns which may be attributed to high primary production and NOx shipping emissions, as evidenced 

by column maxima along shipping lanes between Sri Lanka and Malaysia (Richter et al., 2004). Another broad column 

maximum extends across the Atlantic Ocean, a likely result of influence from African and South American biomass 565 

burning.  

The trends in the annual tropospheric OH column also exhibit large spatial heterogeneity (Figure 9, right panels). 

Increases in OH of up to 0.3×1011 molecules·cm-2·yr-1 dominate over most of the world, particularly over India and 

China where they exceed 1.5×1011 molecules·cm-2·yr-1 (1.6%·yr-1), although there are spatially extensive regions with 

decreasing OH, typically of 0.3×1011 molecules·cm-2·yr-1, particularly over central Africa, the tropical Atlantic and 570 

Indian Oceans where the decrease exceeds 1%·yr-1. The strong positive trend over India is consistent with Souri et al. 

(2024), who also identified India as a major region of increasing tropospheric OH associated with rising NO2. However, 

Souri et al. (2024) found decreasing OH over the North China Plain after 2011 in response to recent NOx emission 

reductions, in contrast to the broader positive trend over China simulated here. This difference likely reflects, in part, 

the different analysis periods and treatment of recent emission changes. When averaged globally, these regional 575 

distinctions are lost, and there is a net increase of 0.1×1011 molecules·cm-2·yr-1. Over India and China, the increases are 

significant and are closely linked to the increased emissions of NOx and other O3 precursors (Hou et al., 2023b), 

although small increases are still seen in the fixed-emission experiment (Figure S8). Over tropical Africa there are 

decreases in OH whether or not emission changes are considered (Figure 9 and Figure S8), suggesting that they arise 

from changes in meteorology rather than emissions. However, we note that the modelled positive trend in CO column 580 

and the underestimated positive trend in tropospheric O₃ column in this region may lead to an overestimation of the 

decreases in OH over Africa and the tropical oceans.   

4.5 Contributions of Selected Atmospheric Processes to Tropospheric OH Variability and Trends 

We quantify the relative contributions of key factors to changes in annual global mean OH over time by comparing 

sensitivity simulations with the control run. Meteorological effects are estimated using simulations with fixed emissions, 585 

which isolate variability driven by meteorology. The control simulation is used as a reference to represent the combined 

influence of all processes. 

Most observational estimates based on methyl chloroform (MCF) indicate a decrease in global mean OH from about 

2005 (Rigby et al., 2017) but estimates from several model-based studies suggest an increase over this period 

(Stevenson et al., 2020; Zhao et al., 2020). Our simulated OH shows relatively little change from 2000 to 2017, with a 590 
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small net increase of 0.74×103 molecules·cm-3·yr-1 (6.8%·yr-1 of the multiyear global mean OH, see Table 6 and Figure 

10c). In summer, the increases are largest at 1.36×103 molecules·cm-3·yr-1 and are significant. With emissions fixed at 

2000 levels, OH increases more strongly, by 1.69×103 molecules·cm-3·yr-1., indicating an important contribution from 

interannual changes in meteorology. These may affect OH through changes in temperature, water vapour, clouds and 

photolysis, although their individual contributions are not isolated in the present experiments. In autumn and winter, the 595 

OH increase by 0.52×103 and 0.32×103 molecules·cm-3·yr-1, respectively, but these increases are not statistically 

significant. 

Table 6. Annual and seasonal [OH]gm trends (103 molecules·cm-3·yr-1) in seven simulation experiments. 

 
CTL fixEmis noWVA noCloud noAero noHete JPL 

Annual 0.74 

(0.21–1.25) 

1.69 

(1.20–2.18) 

0.85 

(0.39–1.28) 

0.83 

(0.26–1.29) 

0.74 

(0.12–1.18) 

0.83 

(0.21–1.22) 

0.79 

(0.19–1.29) 

Spring 0.72* 

(−0.08–1.69) 

1.29 

(0.77–1.91) 

0.78* 

(−0.13–1.66) 

0.75* 

(−0.17–1.75) 

0.70* 

(−0.10–1.65) 

0.72* 

(−0.19–1.78) 

0.73* 

(−0.13–1.80) 

Summer 1.36 

(0.20–2.25) 

2.24 

(1.52–2.80) 

1.48 

(0.36–2.38) 

1.42 

(0.26–2.21) 

1.29 

(0.15–2.14) 

1.34 

(0.20–2.12) 

1.39 

(0.16–2.42) 

Autumn 0.52** 

(−0.80–1.76) 

1.29 

(0.40–2.04) 

0.55** 

(−0.83–1.89) 

0.63** 

(−0.76–1.84) 

0.45** 

(−0.95–1.73) 

0.54** 

(−0.90–1.85) 

0.51** 

(−0.96–2.01) 

Winter 0.32** 

(−0.47–1.05) 

1.44 

(0.91–2.13) 

0.33** 

(−0.39–1.09) 

0.43** 

(−0.37–1.09) 

0.30** 

(−0.41–1.01) 

0.37** 

(−0.36–1.04) 

0.35** 

(−0.50–1.09) 

Note: Trends are calculated using the Theil–Sen method, with 90% confidence intervals shown in parentheses. Trends with * are not 

significant at a 90% level using the Mann–Kendall test, but are at an 80% level. ** indicate trends that are not significant at an 80% 600 

level. Bold values indicate the maximum trend in each experiment. 

 

 

Figure 10. (a) The anomaly of [OH]gm (105 molecules·cm-3) in the control run (CTL) and fixed emission run (labelled “Mete”), 605 

(b) the relative differences in annual mean [OH]gm (%) between CTL and the respective sensitivity runs, averaged over 2000–

(c) 
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2017, and (c) the relative [OH]gm anomalies (%) from this work (FRSGC/UCI) and other studies. The labels in panel (b) 

match those in Figure 7. Results based on the MOZART and GEOS-Chem chemical mechanisms in panel (c) are from Zhao 

et al. (2025), the MCF-based inversion estimates are from Patra et al. (2021) and Naus et al. (2019), and the HFC-based 

inversion estimates are from Thompson et al. (2024). 610 

As shown in Figure 10a, global mean OH in the control run exhibits clear interannual variability, with particularly 

pronounced decreases in 2002 and 2015 and increases in 2007 and 2016, alongside other year-to-year variations over 

the study period. Interannual variability is also evident in the fixed-emission simulation, further indicating a role for 

meteorological variability in year-to-year changes in OH. The 2007 increase can be attributed to a decrease in fire-

related CO emissions from 2006 to 2007 associated with the La Niña event (Figure S3; Zhao et al., 2025). This 615 

reduction in CO emissions led to lower global CO concentrations, thereby decreasing OH consumption via the OH + 

CO reaction pathway. In contrast, both 2002 and 2015 experienced elevated fire emissions—particularly in 2015—

driven by intensified tropical wildfires linked to El Niño events, resulting in increased atmospheric CO and enhanced 

OH loss. Consistent with this relationship, annual anomalies in global mean OH are negatively correlated with 

anomalies in fire-related CO emissions over 2000–2017 (R = −0.75), although uncertainties remain in the CO emission 620 

inventory used here. These fire-emission-related features are not evident in the fixed-emission run, further supporting 

the influence of interannual variability in fire-related CO emissions on OH.. 

The processes examined in this study primarily affect the absolute global abundance of OH, while their effects on the 

simulated OH trend over 2000–2017 are relatively small. Several of these processes reduce global mean OH and 

therefore reduce the high-OH tendency commonly reported in global models (Shindell et al., 2006; Fiore et al., 2009; 625 

Naik et al., 2013), although the accuracy of the modelled OH trend remains uncertain. As shown in Table 6 and Figure 

10, water vapor UV absorption reduces global mean OH by 3.6% and slightly weakens its increase. Heterogeneous 

chemistry on clouds decreases OH by 2.4%. Because cloud ice surface area density varies with meteorological 

conditions and shows a small increase during 2000–2017, cloud heterogeneous chemistry may also suppress the 

positive OH trend slightly. Aerosol heterogeneous chemistry has a somewhat larger effect on mean OH, reducing it by 630 

3.2%, but has little influence on the OH trend here because the prescribed aerosol surface area density does not capture 

interannual changes in aerosol abundance. The combined heterogeneous effect reduces global mean OH by 5.8%, with 

the change in the OH trend arising primarily from cloud heterogeneous chemistry. The updated OH + NO2 reaction rate 

used in the control run also reduces global mean OH by about 7%, while having only a small effect on the simulated 

trend. Although the OH + NO2 reaction contributes only ~1% to total OH loss, this sensitivity reflects nonlinear 635 

adjustments in HOx–NOx chemistry and radical recycling. 

Tropospheric OH variations in Figure 10 (c) calculated using the FRSGC/UCI control run from 2005 to 2017 are 

compared with those derived from the MOZART and GEOS-Chem models as reported by Zhao et al. (2025) who 

estimated OH variations using an observation- and model-driven approach with chemical mechanisms based on 

MOZART and GEOS-Chem. Also shown in Figure 10 (c) are MCF-based inversions from the 3D model outlined by 640 

Patra et al. (2021) and Naus et al. (2019), as well as the HFC-based inversions from the box model described by 

Thompson et al. (2024). Despite substantial differences in the magnitude of year-to-year variability, these independent 

approaches show several common temporal features, including enhanced OH around 2012–2013 and lower values 
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during 2014–2015. Our model control simulation exhibits relatively smooth OH variations, with smaller year-to-year 

fluctuations than most of the inversion estimates, while still capturing some of these common temporal features. In 645 

contrast, the MCF-based inversions generally exhibit larger fluctuations than the chemistry transport models and HFC-

based inversions, highlighting the sensitivity of inferred OH variability to observational constraints and inversion 

frameworks. Taken together, the comparison suggests that global tropospheric OH over this period is characterized 

primarily by interannual variability rather than a persistent long-term change. The agreement in the timing of OH 

anomalies, despite differences in their amplitudes, provides some confidence that these variations reflect real large-scale 650 

changes, while the spread among estimates remains an important measure of uncertainty. 

5 Conclusions 

This study has analyzed the distribution and evolution of tropospheric OH and of its sensitivity to key factors from 2000 

to 2017 using an updated version of the FRSGC/UCI global chemistry transport model. The model reproduces the 

observed distribution and interannual changes in the tropospheric O3 column and tropospheric NO2 column well but 655 

does not capture the observed decrease in the CO column. This mismatch in the CO trend may lead to an 

underestimation of any increase or overestimation of any decrease in OH concentrations over the 2000–2017 period. 

The model captures the vertical profile of OH relatively well in oceanic regions, although HO2 is overestimated in the 

mid troposphere, highlighting potential chemical biases or weaknesses in emissions estimates. 

Airmass-weighted OH concentrations and methane lifetimes in this study are within the range of observationally 660 

constrained and multi-model estimates. There are relatively high OH concentrations between 30°S and 30°N in the 

lower to middle troposphere, with largest values in the northern hemisphere. The contributions of water vapor 

absorption and heterogeneous reactions on aerosol decrease with altitude, while the effect of heterogeneous reactions on 

cloud droplets peaks in the upper troposphere. The faster rate coefficient for the termolecular reaction between OH and 

NO₂ used in the control run leads to a 7% decrease in global tropospheric OH, with the largest effects  in the upper 665 

troposphere and at high latitudes. UV absorption by water vapor results in a 4.3% decrease in OH production via the 

primary pathway (O(1D) + H2O). Heterogeneous reactions reduce OH concentrations by suppressing the HO2+NO and 

HO2+O3 pathways, primarily through the depletion of HO2 and the alteration of NOx partitioning, both of which are 

closely linked to ambient NOx and HO2 levels. 

The tropospheric OH column exhibits substantial spatial and seasonal variability and shows a significant positive trend 670 

over most regions of the globe. The largest increases are found over India and China, exceeding 1.5 ×1011 molec·cm-

2·yr-1 (>1.6%·yr-1) which can principally be attributed to the increase in anthropogenic emissions. In contrast, decreases 

in the OH column are evident over tropical regions, approximately 0.3×1011 molec·cm-2·yr-1, particularly in tropical 

Africa, the tropical Atlantic and the Indian Ocean where decreases exceed 1%·yr-1. These decreases are influenced by 

changes in meteorological conditions, while the mismatch in the simulated CO trend introduces additional uncertainty 675 

into the simulated OH trend. The annual trend in global mean OH exhibits a weak but statistically significant positive 

trend, particularly in summer, averaging 1.36×103 molec·cm-3·yr-1. This is likely associated with changes in NOx 

emissions. Meteorological variability contributes to a more significant annual increase in global mean OH of 1.69 ×103 



 

28 

molec·cm-3·yr-1. 

While water vapor UV absorption and heterogeneous reactions have a limited influence on the interannual variability of 680 

global mean OH, they substantially affect its absolute level. Specifically, water vapor UV absorption reduces global 

mean OH by 3.6%, increasing the methane lifetime by 4.2%. The combined influence of cloud- and aerosol-related 

heterogeneous processes leads to an overall 5.8% decrease in global mean OH. Incorporating these processes reduces 

the simulated OH levels and alters methane lifetime, while having little effect on the OH trend. The 7% decrease of OH 

by faster OH + NO2 reaction induces an 8.4% change in methane lifetime, underscoring the importance of accurately 685 

representing termolecular reaction kinetics. Oceanic acetaldehyde emissions (40–63 Tg·yr⁻¹) lead to modest reductions 

in OH (0.9–1.5%) and increases in methane lifetime (1.0–1.6%), highlighting the role of biogenic source uncertainties. 

Together, these results suggest that improved representation of the processes examined here can help reduce the 

tendency of global models to overestimate OH and underestimate methane lifetimes, although these processes alone 

cannot fully account for this bias. The model configuration used here does not include halogen chemistry, which can 690 

influence tropospheric OH and may provide an additional pathway for reducing this bias. In this study, the large 

sensitivity to the OH + NO2 reaction rate highlights the need to better constrain its kinetics, while the effects of oceanic 

acetaldehyde emphasize the need for improved constraints on marine emissions. For H2O UV absorption and 

heterogeneous chemistry, more consistent implementation of current process understanding across global models would 

help reduce structural differences in simulated OH. Overall, improving OH representation requires both tighter 695 

constraints on uncertain kinetics and emissions and broader incorporation of currently understood processes into global 

models. 
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