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Abstract. Exposure to ambient air pollution is a major risk factor for human health yet, the physiological
effects of particulate matter (PM) remain poorly understood. Oxidative stress due to excess formation of reactive
oxygen species (ROS) is a leading hypothesis for the molecular mechanism behind the adverse health effects of
PM. Thus, measurements of ROS production and antioxidant depletion are widely used to assess the oxidative
potential (OP) of PM.

Here we introduce a chemical kinetic model of oxidative potential (KM-OP) to elucidate and quantify the
effects of PM on the production of ROS and the consumption of ascorbic acid (AA) and dithiothreitol (DTT). The
chemical mechanism of the model is based on literature rate coefficients and a large compilation of laboratory
data on the effects of transition metal ions, quinones, and organic aerosol (OA). We apply the model to field
measurement data of PM composition and OP from three European cities (Grenoble, Paris, London), obtaining
good correlations (R2 > 0.75) and low model bias (< 15%) for 4 out of 6 data sets.

Previous studies found that PM may inflict damage to biomolecules in the lungs mainly via the production
of hydroxyl ( qOH) radicals. The antioxidant-based OP assays investigated in this study show a good correlation
with modeled qOH production. We identify OA as the strongest contributor to antioxidant-based OP assays,
with minor contributions from Cu and Fe ions. Cu dominates the production of hydrogen peroxide (H2O2), but
does not substantially affect qOH production. Our model and results provide a basis for further investigation and
comparison of different metrics of the potential toxicity of PM.
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1 Introduction

Epidemiological studies have shown that inhalation of par-
ticulate matter (PM) leads to increased morbidity and mor-
tality (Dockery et al., 1993; Cohen et al., 2017; Brauer et al.,
2024), however, the molecular level understanding behind5

PM-related health effects remains poor (Wang et al., 2025).
The ability of the inhaled PM to induce oxidative stress is
the leading hypothesis to explain adverse health outcomes of
PM (Donaldson et al., 2001; Kelly, 2003; Hayes et al., 2020;
Miller, 2020). The oxidative potential (OP) of PM refers to10

its ability to oxidize specific target molecules over a period
of time (Bates et al., 2019; Gao et al., 2020b). OP has re-
ceived increasing attention as a more comprehensive health-
relevant measure of ambient PM toxicity than PM mass con-
centration (Borm et al., 2007; Ayres et al., 2008; Bates et al.,15

2015; Abrams et al., 2017; Weichenthal et al., 2016; Gao
et al., 2020b). Consequently, OP assay measurements are
an increasingly popular means to assess PM toxicity (Che-
ung et al., 2009; Lin and Yu, 2019; Daellenbach et al., 2020;
Hwang et al., 2021).20

Many acellular assays, both offline and online, have been
developed to evaluate OP (Cho et al., 2005; Ayres et al.,
2008; Page et al., 2010; Fang et al., 2015; Laulagnet et al.,
2015; Calas et al., 2018; Bates et al., 2019; Campbell
et al., 2019; Lin and Yu, 2019; Gao et al., 2020b; Utinger25

et al., 2023; Carlino et al., 2023). OP assays can be cate-
gorized into those that quantify the production of oxidants
and those that evaluate the depletion of antioxidants. Com-
mon acellular OP assays include electron paramagnetic reso-
nance (OPEPR, Tong et al., 2016), the hydroxyl radical assay30

(OPOH, Charrier and Anastasio, 2015; Son et al., 2015; Gon-
zalez et al., 2017, 2021; Shen et al., 2022), the hydrogen per-
oxide method (OPH2O2 , Charrier et al., 2014), a total perox-
ide assay (OPDCFH, Fuller et al., 2014; Wragg et al., 2016),
the dithiothreitol assay (OPDTT, Cho et al., 2005; Charrier35

and Anastasio, 2012), the ascorbic acid assay, which includes
depletion of ascorbic acid (OPAA, Pietrogrande et al., 2019)
as well as increase of its oxidation product, dehydroascor-
bic acid (OPDHA, Shen et al., 2021; Campbell et al., 2023;
Utinger et al., 2023), and the glutathione assay (OPGSH,40

Zielinski et al., 1999; Shahpoury et al., 2019). OPOH and
OPH2O2 measure the generation of hydroxyl radicals and
hydrogen peroxide respectively, while OPEPR measures the
total production of free radicals detectable with EPR spec-
troscopy. OPDTT, OPAA, and OPGSH measure the depletion45

rate of lung antioxidants (AA, GSH) or surrogates for these
(DTT), while OPDHA measures the increase of an antioxi-
dant product. Although OP assays are widely used, the ex-
act methodologies often differ between studies (Calas et al.,
2017; Frezzini et al., 2022; Shahpoury et al., 2022; Domin-50

utti et al., 2025; Campbell et al., 2025).

Considerable efforts have been made to determine the spe-
cific particle properties, such as chemical composition and
size, that most influence OP values (Charrier and Anastasio,
2012; Verma et al., 2014; Xiong et al., 2017; Calas et al., 55

2017; Fang et al., 2017; Yu et al., 2018; Lin and Yu, 2019;
Pietrogrande et al., 2019; Fang et al., 2019; Gao et al., 2020b;
Daellenbach et al., 2020; Puthussery et al., 2020; Farahani
et al., 2022; Expósito et al., 2024; Bhattu et al., 2024; Shah-
poury et al., 2024a, b, 2026). Studies have shown that the AA 60

assay effectively captures the redox activities of transition-
metal ions (TMIs) such as iron and copper (Pietrogrande
et al., 2019; Shen et al., 2021; Utinger et al., 2023) and or-
ganic compounds (Calas et al., 2018; Campbell et al., 2023).
The DTT assay is sensitive to TMIs such as iron, copper, and 65

manganese (Netto and Stadtman, 1996; Kachur et al., 1997;
Charrier and Anastasio, 2012; Charrier et al., 2015, 2016; Lin
and Yu, 2019; Pietrogrande et al., 2019) as well as organic
substances (Calas et al., 2017; Janssen et al., 2014), includ-
ing quinones (Kumagai et al., 2002), humic-like substances 70

(Lin and Yu, 2011), and secondary organic aerosol (SOA)
(McWhinney et al., 2013b; Tuet et al., 2017; Daellenbach
et al., 2020; Bhattu et al., 2024). The qOH assay is sensitive
to iron and copper due to Fenton chemistry (Charrier et al.,
2015; Gonzalez et al., 2018; Wei et al., 2019; Campbell et al., 75

2024b). Some studies have also indicated an association be-
tween qOH assays and organic compounds (Tong et al., 2016;
Wei et al., 2021; Campbell et al., 2023). Correlation and pos-
itive matrix factorization (PMF) analyses (Paatero and Tap-
per, 1994) have been employed to investigate the relationship 80

between OP assays and the PM sources, as well as to iden-
tify the specific PM components that are driving OP activities
(Borlaza et al., 2021; Weber et al., 2021; Ngoc Thuy et al.,
2024; Camman et al., 2024; Shahpoury et al., 2024a, b; Liu
et al., 2025). However, the chemical reactions mainly respon- 85

sible for the observed effects of PM on OP assays remain
unclear. Furthermore, the chemical mechanisms and rate co-
efficients are not fully elucidated for all assays, making it
challenging to extrapolate the OP of PM to chemical stress
on the cellular level, and possible health risks. Thus, a kinetic 90

model that estimates the OP based on the composition of
PM would be highly beneficial to improve our mechanistic,
process-level understanding of the health effects of air pollu-
tion. In this study, we develop and apply a detailed chemical
kinetics model of aerosol oxidative potential, KM-OP. The 95

predictive model uses PM composition data to estimate the
production of ROS (OPOH and OPH2O2 ) and the depletion
of antioxidant probes in common OP assays (ascorbic acid,
OPAA; dithiothreitol, OPDTT). We apply the model to com-
bined measurement data of PM composition and OP at three 100

sites in Europe.
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2 Methods

2.1 Kinetic model of oxidative potential (KM-OP)

A kinetic box model was applied to a compilation of
multiple experimental data of ROS production (Charrier
et al., 2014; Charrier and Anastasio, 2015; Tong et al.,5

2018), as well as DTT consumption (Charrier and Anas-
tasio, 2012; Xiong et al., 2017; Expósito et al., 2024;
Tuet et al., 2017; Fang et al., 2015) and AA oxidation
(Shen et al., 2021; Expósito et al., 2024) in the presence
of transition metal ions (TMIs: Fe(II), Fe(III), Cu(II), and10

Mn(II)), quinones (9,10-phenanthrenequinone (PQN), 1,4-
naphthoquinone (1,4-NQN), and 1,2-naphthoquinone (1,2-
NQN)) as well as organic components (Org). These species
were selected due to their abundance in ambient particulate
matter, their ability to form ROS, and their high reactivity in15

OP assays.
Figure 1 illustrates the chemical reaction mechanism used

in this study, which integrates and builds on earlier stud-
ies investigating the oxidation of AA and DTT (Netto and
Stadtman, 1996; Kachur et al., 1997; Kumagai et al., 2002;20

Shen et al., 2021). The mechanism includes the produc-
tion of ROS by TMIs, which then oxidize both AA and
DTT. Furthermore, TMIs themselves are also able to oxi-
dize AA and DTT. Figure 1A shows the main reaction path-
ways for ROS formation and interconversion: reduced TMIs25

and quinones catalyze a redox cascade from O2 to super-
oxide (O−2 ) and hydrogen peroxide (H2O2). Reduced TMIs
react with H2O2, leading to the formation of hydroxyl rad-
ical ( qOH) through Fenton and Fenton-like reactions. Fig-
ure 1B shows that AA can cycle the oxidized forms of the30

TMIs (Fe(III), Cu(II), Mn(III)) and quinones (Q) back to
their reduced forms (Fe(II), Cu(I), Mn(II), SQ). ROS species
also react with AA forming the ascorbyl radical (AA q). AA q
forms dehydroascorbic acid (DHA) through disproportiona-
tion. DHA can undergo hydrolysis reaction to produce 2,3-35

diketogulonic acid (DKG). Figure 1C shows the oxidation
of DTT in the presence of ROS, TMIs, and quinones. We
also incorporated the mechanism proposed by Kachur et al.
(1997), in which oxidation of DTT in the presence of Cu
involves the formation of a Cu–DTT complex. Figure 1D40

shows the main pathway for ROS formation from organic
aerosol (OA). In this study, we group OA from diverse pri-
mary (cooking, traffic, biomass burning etc.) and secondary
(from biogenic and anthropogenic precursors) sources into a
single species, Org, which can react as aliphatic or aromatic45

compound (RH) and contains a fraction of redox-active or-
ganic hydroperoxides (ROOH). The labile organic peroxides
can decompose to form qOH and RO q radicals. These rad-
icals can abstract an H atom from RH and can react with
ROOH, yielding an alcohol and either a hydroperoxyl radical50

(HO q
2) or a RO q

2 TS1 radical, respectively. In the presence of
Fe(II), the hydroperoxide groups can undergo Fenton-like re-
actions, leading to the heterolytic cleavage of the O–O bond

in two ways: one leads to the formation of the qOH radical,
while the other forms the RO q radical. The qOH, RO q, and 55

RO q
2 radicals can react with both AA and DTT. KM-OP is an

autogenerated model script based on a user-supplied chemi-
cal mechanism and consists of a system of differential equa-
tions, which are solved iteratively using the stiff differential
equation solver ode23tb in Matlab, which has performed well 60

in the past in complex kinetic models (Müller et al., 2022;
Rapp et al., 2025; Mishra et al., 2025).

2.2 Comparison with laboratory data

Since some of the kinetic rate coefficients of the chemical
reaction mechanism are unknown or uncertain, we inferred 65

them by fitting the kinetic model to experimental observa-
tions (inverse modeling). To this end, we set up the kinetic
model to mimic the detailed experimental protocols from
each experiment. A description of details of each model sim-
ulation can be found in Sect. S3.1–S3.7 in the Supplement. 70

In brief, the chemical mechanism was optimized using ex-
perimental data from Charrier and Anastasio (2012), Char-
rier et al. (2014), Charrier and Anastasio (2015), Xiong et al.
(2017), Shen et al. (2021), and Expósito et al. (2024).

Inverse modeling was performed using the Monte Carlo 75

Genetic Algorithm (MCGA, Berkemeier et al., 2017).
MCGA consists of two steps. The first step is a Monte Carlo
search in which model parameters are randomly sampled
within predefined boundaries. The globally best-fitting pa-
rameter sets are then fed into the starting population of a 80

genetic algorithm, in which they are optimized through pro-
cesses mimicking survival, recombination, and mutation in
evolutionary biology. Ideally, a unique fit would result from
global optimization; however, the system investigated in this
study is under-determined, since it contains a large num- 85

ber of non-orthogonal parameters (Berkemeier et al., 2021).
Therefore, it is more beneficial to identify an ensemble of
adequately well-fitting parameter sets and analyze the cor-
responding kinetic model solutions. The distributions of the
optimized rate coefficients across all the parameter sets are 90

shown in Fig. S1 in the Supplement. In this study, we apply
MCGA, generate an ensemble of parameter sets, and analyze
the corresponding kinetic model solutions collectively.

The chemical mechanism of organic components, Org,
was not fitted, but ported from the literature (Walling, 1967; 95

Chevallier et al., 2004; Mouchel-Vallon et al., 2017; Tong
et al., 2018; Wei et al., 2022; Campbell et al., 2023). For val-
idation, we compare the model results to DTT activity and
radical production rate measured and compiled by Tuet et al.
(2017) and Tong et al. (2018), respectively. Table S1 in the 100

Supplement provides a list of all the chemical reactions used
in this study and their corresponding rate coefficients.
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Figure 1. Chemical reaction mechanism used in KM-OP. TMIs, quinones, and Org can produce and convert ROS. Panel (A) shows the
main reaction pathways for ROS formation and interconversion in the presence of TMIs and quinones. Panels (B) and (C) show the main
reaction pathways for ascorbic acid and dithiothreitol oxidation through the reaction with ROS, TMIs, and quinones. Panel (D) shows the
main reaction pathways for ROS formation and interconversion in the presence of organic aerosol.TS2

2.3 Field measurement sites

2.3.1 Grenoble

A detailed description of the sample preparation and mea-
surements can be found in Tomaz et al. (2016, 2017) and Sri-
vastava et al. (2018b). In brief, the sampling site was located5

at the urban background sampling station of “Les Frênes” in
Grenoble (France). PM10 samples were collected every third
day for one year from 1 January 2013–1 January 2014 us-
ing two parallel high volume samplers (DA-80, Digitel; sam-
pling duration of 24 h at 30 m3 h−1). After collection, sam-10

ples were wrapped in aluminum foils, sealed in polyethylene
bags, and stored at≤−10◦C until analysis. PM10 were mea-
sured using TEOM-FDMS (TEOM 1405F, Thermo). The or-
ganic carbon (OC) concentrations in PM10 were measured
using EUSAAR-2 protocol, Sunset analyser. The organic15

aerosol fraction was obtained by multiplying the OC mass by
1.8 to account for other elements such as hydrogen, oxygen,
nitrogen and sulfur present in OA (Tomaz et al., 2017; Font
et al., 2024). The metals were measured using ICP-MS after
acid digestion. In addition, for this work, the water-soluble20

fraction of the key metals involved in ROS generation (Cu,
Mn and Fe) was determined by ICP-MS/MS analyses on the
remaining filter samples. The data used for the model is pre-
sented in the Table S3. Quinone concentrations have been
obtained by GC-NICI/MS analyses as reported by Tomaz25

et al. (2016) and the SOA fraction was obtained from the
PM source apportionment outputs using positive matrix fac-
torization (PMF, Paatero and Tapper, 1994), as described by
Srivastava et al. (2018b).

2.3.2 Paris 30

A detailed description of the sample preparation and mea-
surements can be found in Srivastava et al. (2018a, 2021).
Briefly, the sampling site was located at the ACTRIS SIRTA
atmospheric supersite located approximately 25 km south-
west from Paris city center. PM10 samples were collected 35

from 6–21 March 2015 using a high-volume sampler (DA-
80, Digitel; sampling duration of 4 h at 30 m3 h−1). After
collection, samples were wrapped in aluminum foils, sealed
in polyethylene bags, and stored at −20◦C until analysis.
Overall, a total of 92 samples were collected and analyzed 40

for chemical characterization. PM10 concentrations were de-
termined using TEOM-FDMS measurements (1405F model,
Thermo). As for Grenoble, additional analyses were per-
formed on the remaining sample filter fractions to determine
the water-soluble fraction of Cu, Mn and Fe by ICP-MS/MS. 45

The data used for the model is presented in the Table S4.
The organic aerosol fraction was obtained by multiplying the
organic carbon mass by 1.8 (Sciare et al., 2011; Font et al.,
2024). The SOA fraction was obtained from the PMF outputs

viola.zierenberg
Sticky Note
We corrected an error in Fig. 1 to match the chemical mechanism used in the model (RSSR + OH− changed to 2 RSSR). We removed the explicit mention of OH- for consistency with the rest of the simplified schematic in which we generally do not explicitly list exchanged protons or water as solvent.
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and the quinone concentrations from analyses performed by
GC-NICI/MS as reported by Srivastava et al. (2018a).

2.3.3 London Summer

A detailed description of the sample preparation and mea-
surements can be found in Campbell et al. (2024a). In brief,5

the sampling site was located at the Marylebone Road Air
Quality Monitoring Station (MY). MY is located adjacent
to the A501 (51◦31′21′′ N, 0◦09′17′′W), which is a heavily
congested six lane East–West road through Central London.
PM2.5 mass concentrations were measured using a beta at-10

tenuation monitor (BAM 1020, Met One Instruments, USA).
The elemental composition analysis in PM2.5 was measured
using high time resolution X-ray nondestructive fluorescence
(Xact 625i, Cooper Environmental Services, USA) for 19 el-
ements. Organic components of PM2.5 were measured using15

an aerosol chemical speciation monitor (Q-ACSM, Aerodyne
Research Inc, USA). The data used for the model is presented
in the Table S5.

2.3.4 London Winter

A detailed description of methods and data associated with20

the London Winter OP campaign will be presented in an
upcoming publication (Campbell et al., 2026). In brief,
the measurement campaign took place at the Honor Oak
Park Air Quality Monitoring Station (HOP) (UK-AIR ID:
UKA00656). HOP is an urban background measurement sta-25

tion located in South-East London within the Kings College
Sports Ground (51◦26′59′′ N, 0◦02′15′′W). All composition
measurements were performed using the same instrumenta-
tion described in Sect. 2.3.3. Both of the London datasets use
organic components measured using ACSM as input for the30

model.

2.4 OP measurements

2.4.1 Offline OP measurements

A detailed description of the offline AA and DTT assays
can be found in Calas et al. (2018). Briefly, PM samples35

(10 µg mL−1) were extracted using a Gamble+DPPC (di-
palmitoylphosphatidylcholine) solution and vortexed at max-
imum speed during 2 h at 37 ◦C. The offline OP procedure
was applied for filter samples from Grenoble and Paris.

DTT depletion was monitored using a spectrophotometer40

for 30 min. 12.5 nmol of DTT (50 µL of 0.25 mM DTT so-
lution in phosphate buffer) was injected to 205 µL of phos-
phate buffer and 40 µL of PM suspension. For each sample,
the quantification of DTT was performed immediately and
after 15 and 30 min of exposure to DTT in triplicate. The rate45

of DTT loss (nmol min−1) was determined from the slope of
the linear regression of calculated nmol of consumed DTT
vs. time.

AA depletion was monitored using a spectrophotometer.
24 nmol of AA (100 µL of 0.24 mM AA solution in Milli-Q 50

water) was injected to 120 µL of Milli-Q water and 80 µL of
PM suspension and absorbance was read at 2 min and then
every 4 min for 30 min. The rate of AA loss (nmol min−1)
was determined from the slope of the linear regression of
calculated nmol of consumed AA vs. time. 55

2.4.2 Online OP measurements

A detailed description of the online oxidative potential ascor-
bic acid instrument (OOPAAI) and assay can be found in
Campbell et al. (2019) and Utinger et al. (2023). In brief,
OP was quantified by measuring the formation of DHA. The 60

online OP procedure was applied for samples from London.
The OOPAAI was deployed from 22 May 2023–28 August
2023 at MY and from 10 December 2023–30 January 2024
at HOP. PM2.5 was continuously sampled by the OOPAAI
at 16.5 L min−1 after removing all oxidizing gaseous com- 65

ponents in the air using a series of honeycomb charcoal de-
nuders. Particles were then directly impinged in a continuous
flow through OPDHA assay for OP analysis using a particle-
into-liquid sampler (PILS, Brechtel, USA). The PM2.5 sam-
ple was washed off the impactor continuously at an AA flow 70

rate of 60 µL min−1, passing through an in-line filter to re-
move insoluble components. The resulting AA and soluble-
aerosol aqueous sample was allowed to react for 20 min at
37 ◦C. As soluble fractions of the metals were not measured
at HOP and MY, we use median values of the soluble metal 75

fraction as determined from field measurement studies (Con-
nell et al., 2006; Manousakas et al., 2014; Heal et al., 2005;
Giorio et al., 2025) (Table S6).

2.5 Application to field data

We extrapolate the findings from the laboratory experiments 80

to field data with detailed PM chemical characterization and
source apportionment outputs at three different sites across
Europe as described above in Sect. 2.3: a suburban back-
ground station near Paris, France (SIRTA, Srivastava et al.,
2018a); an urban background site in Grenoble, France (Les 85

Frênes, Srivastava et al., 2018b); and a roadside (summer,
Campbell et al., 2024a) and urban background site (winter,
Campbell et al., 2026) in London, United Kingdom. No fit-
ting of model parameters was performed to match the field
data (forward modeling), i.e., the model developed using the 90

laboratory data was simply applied on the chemical compo-
sition data measured in the field, including the water-soluble
fractions of TMIs, organics, and if available, quinones. While
water-insoluble PM may increase total OP via surface reac-
tions (Gao et al., 2020a), these processes are not represented 95

in KM-OP. Organics and quinones were assumed to be fully
soluble. The TMIs are initialized as Fe(II), Cu(II), and Mn(II)
in the model, and we find that their initial oxidation state has
nearly no effect on OP in the calculations due to their low
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concentrations and fast redox-cycling. We assume an organic
peroxide content in organic aerosol of 50 % (Docherty et al.,
2005; Chowdhury et al., 2018). Offline OPDTT and OPAA

were measured at the Paris and Grenoble sites, while online
OPAA was measured in London. At the London site, OPAA

5

was determined by the formation of dehydroascorbic acid
(DHA), while at the two sites in France, OPAA was deter-
mined as consumption of ascorbic acid. For clarity, the Lon-
don data will be referred to as OPDHA, while the data from
France will be referred to as OPAA.10

Note that in the filter-based assays used for this study,
there is an extraction step during which the filter samples are
shaken at physiological conditions (pH 7, 37.5 ◦C) in a sim-
ulated lining fluid, in the absence of a probe reactant species.
While a longer extraction time increases the amount of dis-15

solved material and thus, e.g., DTT activity (Calas et al.,
2017), it may also lead to loss of ROS as a result of aqueous-
phase chemistry (Campbell et al., 2025). As the extraction
kinetics and aqueous-phase chemistry during extraction are
less well studied, the extraction period is not explicitly con-20

sidered in KM-OP and simulations start with addition of the
probe species. OP values may depend on the solvent medium
used in the assay; however, previous studies suggested that
at low PM concentrations, differences between solvents are
reduced (Calas et al., 2017). This effect is not explicitly ac-25

counted for in the current model and may contribute to inter-
site variability.

Figure 2 outlines the methodology used in this study. To
summarize, we fit a model to laboratory data in order to in-
fer the rate coefficients of the chemical reaction mechanism30

(inverse modeling step). After optimizing the model with the
laboratory data and inferring the unknown or uncertain re-
action rate coefficients, we apply the model using ambient
chemical composition data as input, with no further fitting to
predict and estimate the OP (forward modeling step).35

3 Results and discussion

3.1 H2O2 and qOH formation from transition metals and
quinones

Figure 3A shows H2O2 production curves of Cu(II), 1,2-
NQN, 1,4-NQN and PQN in a buffered surrogate lung lin-40

ing fluid containing ascorbic acid, glutathione, uric acid, and
citric acid. The experimental data from Charrier et al. (2014)
(markers) is compared with KM-OP model results. The lines
depict the mean of an ensemble of fits (N = 15) to all the lab-
oratory data presented in this study, and the shadings denote45

two standard deviations around the mean. Generally, produc-
tion of H2O2 increases as the metal and quinone concentra-
tions increase. For the quinones, the increase of H2O2 pro-
duction is linear, with 1,2-NQN showing the highest reactiv-
ity.50

The mechanism of H2O2 formation by quinones (Q) in
KM-OP is outlined in Fig. 1A and B and listed below. Briefly,

Figure 2. Modeling approach applied in this study. Laboratory ki-
netic data sets are used in conjunction with the kinetic model and
a global optimization algorithm (Monte Carlo Genetic Algorithm,
MCGA, Berkemeier et al., 2017). Unknown rate coefficients are
sampled and improved within boundaries until a good correlation
between the model output and experimental data points is achieved
(inverse modeling). To the fitted model, we use ambient air com-
position data (with no additional fitting) to predict OP in a given
location (forward modeling).

AA reduces quinones to semiquinones (SQ), and in turn
is converted into the ascorbyl radical (AA q, Reaction R1).
The semiquinones then reduce O2 to superoxide (O−2 , Reac- 55

tion R2). A second equivalent of AA then reacts with HO q
2

to H2O2 (Reaction R3), also producing another AA q. SQ
and AA q also react with O−2 to form H2O2 (Reactions R4
and R5). Figure S2 details the main sources of H2O2 in the
simulations. As we do not assume further reaction of H2O2 60

with quinones or semiquinones, H2O2 formation increases
linearly with quinone concentrations.

AA+Q→ AA
q
+SQ (R1)

SQ+O2→ Q+O−2 (R2)

AA+HO
q

2(+H+)→ AA
q
+H2O2 (R3) 65

SQ+O
q−

2 (+2H+)→ Q+H2O2 (R4)

AA
q
+O

q−
2 (+2H+)→ DHA+H2O2 (R5)

AA+Cu(II)→ AA
q
+Cu(I) (R6)

O2+Cu(I)→ O
q−

2 +Cu(II) (R7)

O
q−

2 +Cu(I)(+2H+)→ H2O2+Cu(II) (R8) 70

H2O2+Cu(I)→
q
OH+OH−+Cu(II) (R9)

AA+Fe(III)→ AA
q
+Fe(II) (R10)

O2+Fe(II)→ O
q−

2 +Fe(III) (R11)

O
q−

2 +Fe(II)(+2H+)→ H2O2+Fe(III) (R12)

H2O2+Fe(II)→
q
OH+OH−+Fe(III) (R13) 75

H2O2+AA→
q
OH+OH−+AA

q
(R14)

Conversely, the production of H2O2 increases non-linearly
with Cu(II) concentration, with the production rate of H2O2
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Figure 3. Production of reactive oxygen species in surrogate lung lining fluid. Production rate of H2O2 as a function of Cu(II), 1,2-NQN,
1,4-NQN, PQN (A), H2O2 concentration over time at different Fe concentrations (B), and qOH production rate as a function of Cu(II) and
Fe(II) (C). The markers are experimental data (for H2O2 (Charrier et al., 2014) and qOH (Charrier and Anastasio, 2015)), and the lines depict
the mean of the fit ensemble, while the shadings denote two standard deviations around the mean of the fit ensemble.

plateauing at higher Cu concentrations. The H2O2 forma-
tion mechanism of Cu in KM-OP is outlined in Fig. 1A and
above. Cu(II) is reduced to Cu(I) by AA (Reaction R6). Cu(I)
then reacts with O2, forming O

q−
2 (Reaction R7). At low Cu

concentrations, H2O2 production mostly occurs through the5

reaction of AA with HO q
2 (Reaction R3), while at higher con-

centrations of Cu, the reaction of Cu(I) with O
q−

2 is most im-
portant (Fig. S3, Reaction R8). The non-linearity in H2O2
production in the presence of Cu stems from the destruc-
tion of H2O2 through the Fenton-like reaction of H2O2 with10

Cu(I), leading to a steady state of H2O2 production and de-
struction.

As experimental data for H2O2 production with Fe(II)
alone is not available, we fitted published time series data
(Charrier et al., 2014) that contain 20 nM 1,2-NQN at vary-15

ing Fe(II) concentrations (Fig. 3B). Figure 3B illustrates that
H2O2 concentration decreases as Fe(II) concentration in-
creases. As shown in Fig. 3B, H2O2 destruction can equal-
ize H2O2 production in aqueous Fe solutions. Fe(II) reacts
rapidly with H2O2 via the Fenton Reaction (R13), leading to20

a very low steady state concentration of H2O2 (dark yellow
solid line) and significant qOH radical production (Fig. 3C).

Figure 3C shows the qOH production-response curve for
Cu(II) and Fe(II) in buffered surrogate lung lining fluid con-
taining ascorbic acid, glutathione, uric acid, citric acid, and25

sodium benzoate, which is used as an qOH probe. The pro-
duction of qOH increases non-linearly with the concentra-
tion of Cu(II), with qOH production plateauing at higher Cu
concentrations. At low Cu concentrations, qOH production
occurs mostly through the reaction of AA with H2O2 (Reac-30

tion R14), while at higher concentrations of Cu, the pseudo-
Fenton reaction of Cu(I) with H2O2 (Reaction R9) is the
most important (Fig. S4).

3.2 Ascorbic acid assay (OPAA and OPDHA)

Figure 4A shows the modeled concentration-time profiles of 35

ascorbic acid in the presence of Cu(II), Fe(II), and 1,4-NQN.
The model output shows agreement with the published exper-
imental data within experimental uncertainty (Expósito et al.,
2024). Here, the concentrations of Cu(II), 1,4-NQN, and
Fe(II) were 0.5, 1, and 5 µM, respectively. Despite a lower 40

concentration of Cu(II) compared to Fe(II) and 1,4-NQN,
AA decays quickest in the presence of Cu. In the model, this
is due to the higher reaction rate coefficient of the redox re-
action between AA and Cu(II) compared to the reaction with
Fe(III) (Table S1, Reactions SR16 and SR33). Note that the 45

direct reactions of the TMIs with AA dominate over the reac-
tions of ROS with AA. For Cu, while H2O2 concentration is
higher than the concentration of Cu(II) (Fig. S5A), the best-
fitting rate coefficient of AA with Cu(II) is three orders of
magnitude higher than the best-fitting rate coefficient of AA 50

with H2O2 (Table S1, Reactions SR33 and SR48), leading to
an over 700 times larger turnover of AA with Cu. For Fe, the
concentration of Fe(III) is higher than the concentration of
ROS (Fig. S5B), and the rate coefficient of AA with Fe(III)
is also higher than the rate coefficient of AA with H2O2 (Ta- 55

ble S1, Reactions SR16 and SR48), leading to an over 4000
times larger turnover of AA with Fe under these conditions.
As shown in Fig. 1A and mentioned above, AA reduces met-
als and quinones by redox cycling from their oxidized to re-
duced forms. The reduced metals and semiquinone can react 60

with oxygen, leading to the formation of O
q−

2 , which in turn
is another reaction partner for AA. As shown in Fig. 1B and
outlined below, in the KM-OP mechanism, the oxidation of
AA leads to the formation of dehydroascorbic acid (DHA;
Shen et al., 2021). Note, while the KM-OP mechanism in- 65

cludes a redox reaction for the reaction of AA and metals, a
catalytic reaction mechanism has also been proposed in the
literature (Shen et al., 2021). Figure 4B shows DHA concen-
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trations as a function of Cu(II) and Fe(II) concentrations, and
compares the model output to experimental data from Shen
et al. (2021). We find a linear increase in DHA concentra-
tion with increasing Fe(II) concentration. The largest source
of DHA is the disproportionation reaction of the ascorbyl5

radical (AA q), which can be produced by the redox reaction
between AA and TMIs such as Fe and Cu ions (Fig. S6).
On the contrary, with Cu, the DHA concentration increases
non-linearly and saturates at higher Cu(II) concentrations be-
cause DHA formation is second order with respect to AA q,10

however, DHA loss is a (pseudo-)first-order reaction in the
mechanism:

AA
q
+AA

q
→ DHA+AA (R15)

DHA(+H2O)→ DKG (R16)

3.3 DTT assay (OPDTT)15

Figure 5A, B, and D show the rates of DTT loss at vari-
ous concentrations of TMIs and quinones as measured by
Charrier and Anastasio (2012) and Expósito et al. (2024).
DTT consumption generally increases with increasing TMI
and quinone concentrations, and overall, the experimental20

data is well captured by the model. Figure 5A shows that
DTT oxidation in the presence of Cu(II) and Mn(II) is faster
than in the presence of Fe(II). There is a linear increase in
the rate of DTT loss with increasing Fe concentration. As
shown in Fig. 1 and outlined below, in the KM-OP mecha-25

nism, DTT reduces Fe(III) to Fe(II) and in turn forms a thiyl
radical (Netto and Stadtman, 1996). The experimental data
shows a slightly higher rate of DTT loss for Fe(II) compared
to Fe(III), which is not captured by the model. This may
be related to Fe(III) forming precipitate in the presence of30

phosphate buffer (Yalamanchili et al., 2022; Campbell et al.,
2023), which is currently not considered in the model.

Figure 5B shows oxidation rates of DTT in the presence of
Mn(II) as measured by Expósito et al. (2024). The data show
that the rate of DTT loss increases non-linearly and even-35

tually plateaus at higher Mn(II) concentrations. The largest
sink for DTT at low Mn(II) concentrations is HO q

2 (Reac-
tion R18), while at higher concentrations, it is Mn(II) and
Mn(III) (Reaction R21, Fig. S7A). This occurs because the
rate coefficient of HO q

2 with DTT is larger than the rate co-40

efficients of Mn(II) and Mn(III) with DTT. The non-linearity
stems from the fact that at high Mn(II) concentrations (>
20 µM), DTT is depleted by more than 50 % (Fig. S7B), lead-
ing to an apparent slow down of the kinetics. Moreover, at
higher Mn(II) concentrations, HO q

2 undergoes a self-reaction45

to form H2O2, and also reacts with Mn(II) to form MnO+2
(Fig. S7C), where the latter then accumulates in the kinetic
model (Fig. S7D).

Figure 5C shows the temporal evolution of the DTT con-
centration at two different concentrations of Cu(II) from the50

study of Xiong et al. (2017). The data shows that the DTT de-

cays faster at higher Cu(II) concentrations. The loss of DTT
due to Cu(II) is non-linear over time (Fig. 5A). As shown in
Fig. 1, in KM-OP, the oxidation of DTT in the presence of
Cu(II) involves the formation of a [Cu2+(DTT2−)2]

2− com- 55

plex, which has been identified as a catalyst for DTT oxida-
tion (Kachur et al., 1997). The DTT loss rate increases non-
linearly with increasing Cu(II) concentrations because the
largest sink of DTT is the formation of [Cu2+(DTT2−)2]

2−

(Reaction R23, Fig. S8), which is second order with respect 60

to DTT, while the loss of [Cu2+(DTT2−)2]
2− is first order

(Table S1, Reaction SR63).
Figure 5D illustrates the oxidation rates of DTT in the

presence of quinones, as measured by Charrier and Anas-
tasio (2012). Figure 5E shows that PQN is the most reactive 65

quinone examined in this study, followed by 1,2-NQN and
1,4-NQN, respectively. The kinetic model simulations show
that quinones are reduced by DTT, resulting in the formation
of the semiquinone radical and a thiyl radical (Reaction R24),
both of which react with molecular oxygen to form HO q

2 (Ku- 70

magai et al., 2002). We find that at higher 1,2-NQN and PQN
concentrations, the main sink of DTT is the quinone itself
(Reaction R24), while at lower concentrations of quinones,
the main sink is HO q

2 (Reaction R18, Fig. S9A and C). For
1,4-NQN, we find a rate coefficient with DTT that is slower 75

compared to the rate coefficient of PQN and 1,2-NQN. Thus,
in the presence of 1,4-NQN, the main sink for DTT is al-
ways HO q

2 (Fig. S9B). While the inferred reaction rate coef-
ficient of HO q

2 with DTT (Reaction R18) is larger than the
rate coefficient of PQN and 1,2-NQN with DTT (Reaction 80

R24), the HO q
2 concentration does not increase linearly with

the concentration of quinones, and therefore the rate of reac-
tion of PQN and 1,2-NQN with DTT becomes dominant at
high PQN and 1,2-NQN concentrations. The DTT loss rate
increases non-linearly with increasing quinone concentration 85

because at higher concentrations of 1,2-NQN and PQN, the
DTT concentration decreases by more than 50 % at the end
of the model simulation (Fig. S10), leading to an apparent
slow down of the kinetics.q
OH+DTT→ DTT

q
+H2O (R17) 90

HO
q

2+DTT→ DTT
q
+ 2OH− (R18)

H2O2+DTT→ DTT
q
+H2O+OH− (R19)

Fe(III)+DTT→ Fe(II)+DTT
q

(R20)
Mn(III)+DTT→Mn(II)+DTT

q
(R21)

Cu(II)+DTT→ [Cu2+(DTT2−)] + 2H+ (R22) 95

[Cu2+(DTT2−)] +DTT→[Cu2+(DTT2−)2]
2−

+ 2H+
(R23)

Q+DTT→ SQ+DTT
q

(R24)

To test the chemical mechanism involving organic compo-
nents (Fig. 1D), KM-OP results are compared to DTT data
presented in Tuet et al. (2017) and radical production rate 100

presented in Tong et al. (2018). Tong et al. (2018) measured



A. Mishra et al.: Kinetic Model of Oxidative Potential (KM-OP) 9

Figure 4. Ascorbic acid concentration as a function of time at different concentrations of 1,4-NQN, Fe(II) and Cu(II) ions (A). DHA
concentration as a function of Fe(II) and Cu(II) concentration (B). The markers are measurement data points (Shen et al., 2021; Expósito
et al., 2024), and the dark-colored lines depict the mean of the fit ensemble, while the shadings denote two standard deviations around the
mean.

Figure 5. Rate of DTT loss as a function of different concentrations of transition metal ions (A, B) and quinones (D). DTT concentration as
a function of time at different Cu(II) (C) and quinone (E) concentrations. The symbols are measurement data (Charrier and Anastasio, 2012;
Xiong et al., 2017; Expósito et al., 2024), and the dark-colored lines depict the mean of fit ensembles from the model; shadings denote two
standard deviations around the mean. The DTT concentration in Charrier and Anastasio (2012) and Xiong et al. (2017) data is 100 µM, while
Expósito et al. (2024) use 50 µM of DTT.
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the formation of qOH, RO q, HO q
2, and R q radicals from SOA

using electron paramagnetic resonance (EPR) spectroscopy.
Figure 6A shows the radical production rate of SOA in aque-
ous solution. We find a good agreement with the experimen-
tal data for isoprene and β-pinene SOA when using an or-5

ganic hydroperoxide content within SOA of 10 %. For naph-
thalene SOA, we are able to capture the experimental data
by lowering the organic hydroperoxide content to 3 % (Wang
et al., 2018).

Figure 6B shows DTT activity using the same model pa-10

rameters. The model results align well with the DTT activ-
ity from a majority of the chamber-generated SOA (solid
line in Fig. 6B), including biogenic and anthropogenic pre-
cursors (isoprene, α-pinene, β-caryophyllene, pentadecane,
m-xylene). However, the model underestimates the DTT ac-15

tivity of naphthalene SOA, which is found to be consider-
ably higher than all other SOA. When assuming that 5 % of
naphthalene SOA is 1,2-naphthoquinone (Tong et al., 2018;
Daellenbach et al., 2020), the model captures the measured
DTT activity (dotted line). Note that this inclusion of naph-20

thoquinone does not affect the results previously shown in
Fig. 6A due to the lack of a reductant to induce redox cycling
of the quinone in these experiments. However, this mechanis-
tic explanation demands further investigation in the future.
Thus, in light of the remaining uncertainties, because naph-25

thalene SOA likely contributes only a small fraction to the
total organic aerosol mass, and for simplicity, we will not
differentiate between biogenic and anthropogenic organics
when modeling ambient data.

Tuet et al. (2017) further find a higher DTT activity of or-30

ganic components from field studies compared to laboratory
chamber measurements. As these organics are likely more
aged (Docherty et al., 2005; Chowdhury et al., 2018), we
increase the organic hydroperoxide content to 50 %, which
in turn increases the concentration of qOH and RO q radicals35

(Reaction R25), and find that the data are generally well-
captured by the model (dashed line). Note that, the DTT as-
say reported in Tuet et al. (2017) (protocol from Fang et al.,
2015) uses EDTA to chelate transition metals. Charrier and
Anastasio (2012) have shown that including EDTA when per-40

forming OP assay reduces the DTT activity from both tran-
sition metals and quinones. In the model, we account for the
effects of EDTA by assuming that its addition reduces the
original DTT activity to one-tenth of the initial value (Char-
rier and Anastasio, 2012).45

ROOH→
q
OH+RO

q
(R25)q

OH+ROOH→ HO
q

2+ROH (R26)
RO

q
+ROOH→ RO

q
2+ROH (R27)q

OH+Org→ R
q
+H2O (R28)

RO
q
+Org→ R

q
+ROH (R29)50

AA+RO
q
→ AA

q
+ROH (R30)

AA+RO
q

2→ AA
q
+ROOH (R31)

DTT+RO
q
→ DTT

q
+ROH (R32)

DTT+RO
q

2→ DTT
q
+ROOH (R33)

3.4 Comparison to field data 55

Figure 7 shows the correlation scatter plot of experimentally-
determined and simulated OP for particulate matter samples
collected at three different sites across Europe (Grenoble,
Paris, and London). Overall, we find good agreement be-
tween model simulations and field data as evaluated by corre- 60

lation coefficients, mean squared logarithmic errors (MSLE),
and relative biases (bias, Sect. S3.8). For the Grenoble site
(Fig. 7A and D), the model shows slightly better correla-
tion (R2

= 0.78−0.82, MSLE= 0.03−0.06) with the data
compared to the Paris site (Fig. 7B and E, R2

= 0.57−0.82, 65

MSLE= 0.05−0.08) for both assays. We find that using to-
tal organic aerosol mass as input for the species “Org” in the
model leads to a much better agreement with the field data
than using only the fraction of SOA derived from source ap-
portionment (Srivastava et al., 2018a, b) (Fig. S11), which 70

suggests that organic aerosol from sources such as biomass
burning, traffic, or bioaerosols, must have a significant ef-
fect on OP. Nonetheless, the model overall slightly underes-
timates OP in Grenoble (bias: −8.3% to −5%) and over-
estimates OP in Paris (bias: 13.3 %–38.7 %). This devia- 75

tion of OP likely stems from the limited number of chemi-
cal species in the model, which considers only three TMIs,
three quinones, as well as organic compounds, and at present
does not consider other chemical species such as Zn, surface-
chemistry on the insoluble fraction of PM (e.g., elemental 80

carbon-containing particles from combustion), or possible
synergetic and antagonistic effects in mixtures (Charrier and
Anastasio, 2012; Antiñolo et al., 2015), which all may also
contribute to OP. Furthermore, the model does not currently
differentiate between biogenic and anthropogenic SOA, the 85

latter of which has shown to be particularly OP-active in the
case of naphthalene SOA (Fig. 6B).

For the London sites (roadside location MY in the sum-
mer, Fig. 7C, and urban background location HOP in win-
ter, Fig. 7F), the modeled OP values generally fall within 90

the same order of magnitude as the field data. For the HOP
site, the correlation between model and field data is high
(R2
= 0.76), but the model generally underestimates OPDHA

(MSLE= 0.11, bias:−34.7%). In contrast, the model shows
less bias (14.2 %), but no correlation with the field data at the 95

MY site (R2
=−0.06, MSLE= 0.15).

Overall, the model captures the field data at the French
sites better than at the London site. This could be because
some OP-active components of PM are short-lived (e.g., la-
bile organic compounds), and while they would affect the 100

online OP assay employed at the London site, likely con-
tributing to more than 50 % of the online OPDHA (Campbell
et al., 2019; Utinger et al., 2023; Campbell et al., 2025), such
compounds may not have influenced the filter-based labo-
ratory assessment of the OP activity of organic compounds 105
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Figure 6. Comparison of KM-OP model results with published data of radical production and DTT activity of secondary organic aerosol
(SOA). Radical production rates as a function of SOA concentration published in Tong et al. (2018) for three different SOA precursors
(markers) (A). Model results are depicted as solid and dotted lines. DTT activity for different types of chamber-generated (blue markers) and
ambient SOA (black markers) adapted and including data from Tuet et al. (2017) and studies cited therein (McWhinney et al., 2013a, b; Lu
et al., 2014; Bates et al., 2015; Fang et al., 2015; Verma et al., 2015; Kramer et al., 2016; Tuet et al., 2017) (B). Model results are depicted as
solid, dashed, and dotted lines. Labels are reproduced from Tuet et al. (2017): Isoprene-OA: isoprene-derived OA, MO-OOA: more-oxidized
oxygenated OA, LD: light-duty, HD: heavy-duty, BURN: biomass burning, DEP: diesel exhaust particles.TS3

used for training of the model. This may explain why the
sites using filter-based, offline, OP assays show better corre-
lation with the model. Peroxides constitute a significant frac-
tion of atmospheric OA, but their abundance varies widely
depending on precursors and oxidative processing (Docherty5

et al., 2005; Krapf et al., 2016; Wang et al., 2023; Li et al.,
2024, 2025). A sensitivity analysis over a ROOH fraction
range of 20 %–80 % of total OA indicates that the model
underestimates OP at an ROOH fraction of 20 % and over-
estimates OP at an ROOH fraction of 80 % (Figs. S12 and10

S13). The overall trends and correlations with field measure-
ments, however, remain robust. We note that the simulations
with 80 % ROOH fraction resolve the underestimation of the
London winter data, which uses online-OP instrumentation,
by improving the bias from −34.7% to −8.3%, suggesting15

the presence of short-lived organic species that are only cap-
tured using the online instrument (Krapf et al., 2016; Utinger
et al., 2023; Campbell et al., 2025). Note that, no site-specific
solubility measurements were available and we used solubil-
ity factors from the literature, which introduces additional20

uncertainty when modelling the London datasets. A sensitiv-
ity analysis accounting for water-insoluble organic species
(Ram et al., 2012; Lammel et al., 2020; Yu et al., 2024)
showed reduced absolute OP values, but consistent overall
trends and site-to-site comparisons (Fig. S14). Moreover, the25

compositional analysis for the London dataset presented in
Campbell et al. (2024a) does not contain quantitative data
for quinones, which may be another reason for the underes-
timation of OP, especially in the winter. The poor correlation

of the summer data may be due to varying degrees of pho- 30

tochemical aging, leading to compositional changes in the
organic aerosol fraction that are not considered in the model.
Additional analysis with meteorological parameters for the
summer data shows some variability in model performance
(Fig. S15). Model disagreement occurs at two distinct time 35

periods. The analysis shows a slight tendency of the model to
underestimate OP at lower wind speeds and exhibits a slight
positive bias with increasing temperature. However, these ef-
fects are not consistent across the dataset, and no clear or sys-
tematic trends emerge. While such nuances suggest poten- 40

tial influences of meteorological conditions on OP, it remains
unclear how these effects could be incorporated into an im-
proved model parameterization. Highly oxygenated organics
may produce more ROS directly, and may also act as lig-
ands (e.g., oxalate Shahpoury et al., 2024a), enhancing metal 45

solubility. Previous studies have shown that certain ligands,
such as EDTA, can enhance Fenton-like reactivity (Rush and
Koppenol, 1990; Gonzalez et al., 2021), but other studies
have demonstrated that ligand complexation can reduce OP
in DTT assays (Charrier and Anastasio, 2012). Thus, the in- 50

fluence of metal–ligand interactions on OP warrants further
experimental investigation before incorporation into kinetic
models.

To gain insight into which PM components are the key
drivers of OP, we perform model sensitivity studies for each 55

assay and each PM constituent. Figure 8 shows the contri-
bution of the model species towards OPAA, OPDTT, OPOH,
and OPH2O2 using the average chemical composition mea-
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Figure 7. Correlation scatter plots of model-predicted and measured OP for particulate matter samples collected in three different sites
across Europe: Grenoble (OPAA: A, and OPDTT: D), Paris (OPAA: B, and OPDTT: E), and OPDHA in London during the summer (C) and
during the winter (F). Data shown in blue indicate OPDTT (in units of nmol min−1 m−3), while the red and pink data show OPAA (in units
of nmol min−1 m−3) and OPDHA (in units of nmol min−1 m−3). The dashed lines indicate the 1 : 1 line. The dotted lines indicate the 2 : 1
and 1 : 2 lines. The error bars indicate the maximum and minimum values from the ensemble fits.

sured in Grenoble (Table 1). The results for the other sites are
shown in Figs. S16–S18. The white bar labelled “Mixture”
shows the default model result with all pollutants included,
as reference. The “Single pollutants” bar shows a sensitiv-
ity study that sums the OP values calculated in model runs5

that only contain a single PM component, determining their
direct, solitary, first-order effect. The colored bar segments
represent the effect of each PM component. The “Shapley
values” bar is a sensitivity study that uses the Shapley method
(Shapley, 1953), to determine the total effect of individual10

PM components by determining their average marginal con-
tribution across all possible combinations of PM component
mixtures (unary, binary, tertiary etc.). The Shapley values in-
dicate whether a PM component increases or decreases the
OP of the mixture, including interaction effects. To better15

understand how contributions of individual PM components
arise, their total Shapley values for each site are further de-
composed by interaction order in Figs. S19–S22.

Model sensitivity calculations for OPAA (Fig. 8A) show
that the dominant contributions come from Cu and organics.20

In the model, Cu contributes to AA oxidation through direct

redox reaction with AA, but also through the production of
O−2 that further oxidizes AA. Organic compounds contribute
towards OPAA through the decomposition of organic perox-
ides to RO q and qOH (Tong et al., 2016, 2018; Wei et al., 25

2021; Campbell et al., 2023), which in turn oxidize ascorbic
acid (Fig. S23, Table S1, Reactions SR1, SR115). Moreover,
RO2 also oxidizes AA (Table S1, SR129). OPDHA, predicted
for the London sites (Figs. S21A and S22A), shows high con-
tribution from Cu, Fe, and organics, all of which contribute 30

to the formation of AA q, which then undergoes a dispropor-
tionation reaction to form DHA (Fig. S24).

Figure 8B shows the contribution of PM constituents to-
wards OPDTT. We find that organics contribute most to OP,
consistent with previous studies that identified organic com- 35

pounds as strongly correlated with DTT loss (Tuet et al.,
2017; Fang et al., 2015; Lu et al., 2014). Cu alone con-
tributes to OP, in line with previous laboratory studies (Char-
rier and Anastasio, 2012; Pietrogrande et al., 2019; Lin and
Yu, 2019). However, as indicated by the negative Shapley 40

values, the presence of both Fe and Cu lowers OP in the
mixture. Notably, the Shapley value for organics is smaller
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Table 1. Mean PM, Fe, Cu, Org, SOA, and quinone mass concentrations at each of the different locations explored in this study.

Location PM Fe Cu Mn Org SOA 1,2-NQN 1,4-NQN PQN
(µg m−3) (ng m−3) (ng m−3) (ng m−3) (µg m−3) (µg m−3) (ng m−3) (ng m−3) (ng m−3)

Grenoble 21.9 6.10 11.1 4.80 10.17 1.42 0.00700 0.00580 0.0202
Paris 49.3 31.8 10.9 13.2 12.20 3.72 0.0685 0.115 0.430
London Winter 13.0 128 6.70 0.562 4.16
London Summer 10.2 254 6.40 1.20 4.28

Figure 8. Contributions of different PM constituents to OPAA (A), OPDTT (B), OPOH (C), and OPH2O2 (D) in Grenoble. The “mixture” bar
shows the model result when all species are included in the model. The “single pollutants” bar sums the result of model simulations where
only one specific species was included. The “Shapley values” bar is calculated using the Shapley method (Shapley, 1953).

than its contribution as a single pollutant. This is due to the
interaction with metals as shown by negative values for the
respective second-order Shapley interactions in Fig. S19B.
Mechanistically, this is caused by the oxidation of HO q

2 to
O2 by Cu(II) and Fe(III), (Table S1, Reactions SR21, SR40),5

leading to removal of ROS (Fig. S25). This is in line with
Yu et al. (2018), who show antagonistic effects of Cu and Fe
towards OPDTT in mixtures with humic-like substances and
Samake et al. (2017), who show antagonistic effects of Cu in
mixture with bioaerosols.10

Figure 8C shows the normalized contribution of PM con-
stituents towards OPOH in Grenoble. We find that organics is

a major contributor to OPOH, through peroxide decomposi-
tion pathway (Tong et al., 2016), while Cu shows only a mi-
nor contribution (Figs. 8c and S26). Fe can show a negative 15

contribution to OPOH as indicated by a negative second-order
Shapley interaction with organics (Fig. S19C). The negative
contribution from Fe is especially pronounced using the PM
composition typical for Paris (Figs. S16C and S20C). Indi-
vidually, both Fe and organics contribute to OPOH through 20

Fenton chemistry (Reaction R13) and peroxide decompo-
sition (Reaction R25), respectively. The antagonistic inter-
actions between the PM components can be understood by
considering the Fenton-like reaction of ROOH and Fe(II) to
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RO q (Reaction R34). This reaction is a large sink of both or-
ganics and Fe(II) that does not lead to the formation qOH
(Figs. S27 and S28), since the reaction of ROOH with Fe(II)
preferentially generates RO q (Reaction R34) over qOH (Re-
action R35) as radical species (Campbell et al., 2023). Hence,5

the presence of organics lowers the qOH yield from Reaction
(R13) and Fe lowers the qOH yield from Reaction (R25).

Fe(II)+ROOH→ Fe(III)+RO
q
+OH− (R34)

Fe(II)+ROOH→ Fe(III)+RO−+
q
OH (R35)

These results highlight the importance of capturing reac-10

tant interactions, as they can have either synergistic or antag-
onistic effects in different OP assays. In general, we find that
second-order interactions between the pollutants can be of
a similar order of magnitude as the first-order effects, while
third-order effects are only about 10 % in magnitude of the15

first-order effects. We note that there may also be synergis-
tic interactions between organics and Fe as a result of Fe-
organic complex formation (Yu et al., 2018), which may have
a higher rate coefficient for the Fenton reaction than that used
in this study (Gonzalez et al., 2017). Nonetheless, the rate20

coefficient derived in this study is based on experiments con-
taining Fe and citric acid, which form Fe-citrate complexes
that likely react faster than free Fe ions (Rush and Koppenol,
1990; Gonzalez et al., 2017).

Figure 8D shows the normalized contribution of PM con-25

stituents towards OPH2O2 of PM typical for Grenoble. We
find that Cu is a major contributor to OPH2O2 in the model,
while Mn plays a minor role. Although Cu strongly enhances
H2O2 production, its contribution to OPAA and OPDTT is
small because the reaction of H2O2 with AA and DTT is rel-30

atively slow. In contrast, SOA contributes significantly to the
production of qOH, which reacts rapidly with AA and DTT.
Fe contributes negatively to OPH2O2 in mixtures across all
locations considered in this study (Figs. S19D, S20D, S21D,
and S22D). As shown in Fig. 3b earlier, Fe can react with35

H2O2 through the Fenton reaction leading to a low steady-
state concentration of H2O2, and hence a lowering the OP.

Due to the absence of data on the water-soluble fractions
of metals at the London sites, we performed a sensitivity
analysis by varying Fe and Cu solubilities within a factor of40

two (Figs. S29 and S30). The sensitivity analysis shows that,
while OPDHA and OPH2O2 are influenced by metal solubility,
OPDTT and OPOH were less affected (Figs. S31 and S32).

Figure 9A uses the average chemical composition at the
Grenoble, Paris, and London sites to compare the model re-45

sults for the various OP assays. Overall, OP values mod-
eled for the French sites are higher than those modeled for
London, both during winter and summer. In the French data
sets, the concentrations of organics and Cu are on average
higher compared to London (Table 1), and are strong drivers50

of OP in the model (Figs. 8, S16, S17, and S18). Accordingly,
the model predicts similar OP values in Paris and Grenoble
due to very similar organics and Cu concentrations. In con-

trast, Fe concentrations are higher in London during summer,
which leads to a slightly higher OPAA compared to OPDTT

55

since Fe has a strong negative contribution to OPDTT. Note
that Fig. 9A compares data from two different time periods,
with the London data being much more recent, and cannot be
used to infer the current state of air pollution at the different
sites. 60

Figure 9B shows the correlations between the different in-
trinsic (mass-normalized) OP assays simulated in the study.
To obtain the correlation coefficients, intrinsic OP is calcu-
lated for the composition data from all locations. We find
that OPAA, OPDHA, and OPDTT generally correlate well with 65

OPOH. Nonetheless, the correlation of OPOH with OPDTT is
slightly lower than that of OPOH with OPAA, or OPOH with
OPDHA. The weaker correlation of OPOH with OPDTT re-
flects the additional DTT loss pathways not directly linked
to ROS production, such as the formation of Cu(II)–DTT 70

complexes, which constitute a sink for DTT in the model.
Correlations at individual locations are shown in Figs. S33–
S36. At these single locations, the correlation between OPOH

and OPAA, OPDHA, and OPDTT is higher than the correlation
in the full data set (Fig. 9B). This is because PM composi- 75

tion can be fairly similar at one site, but may differ strongly
across sites (Table 1). In France, OPOH, OPDTT, and OPAA

simulated in the model are primarily driven by organics, and
to a lesser extent Cu. In contrast, in London, OPDHA is also
driven by Fe. The simulation results indicate that the differ- 80

ences in OP assays are exacerbated by larger differences in
aerosol composition.

OPH2O2 shows a lower correlation with OPOH. This can be
understood by considering the sensitivities to aerosol compo-
nents investigated above (Figs. 8, S15, S16, and S17): while 85

the majority of the OP assays are driven by organics, OPH2O2

is mostly influenced by the presence of Cu. We find negative
contribution of Fe to OPH2O2 . Note that, while the model was
trained on qOH and H2O2 formation data from the laboratory,
a validation of model-predicted OPOH or OPH2O2 with field 90

data was not conducted due to the lack of datasets combining
detailed PM composition with OP measurements.

4 Conclusions

In this study, we develop a chemical kinetics model of
aerosol oxidative potential, KM-OP, to quantify the effects 95

of particulate pollutants on the production of ROS ( qOH,
H2O2) and the depletion of ascorbic acid (OPAA, OPDHA),
and dithiothreitol (OPDTT). We performed detailed kinetic
modeling on a large set of laboratory data from various OP
assays to infer the optimal kinetic model parameters. For the 100

first time, a model with a single kinetic parameter set leads
to good agreement with such a large set of laboratory data.
Previously, fits had only been obtained for single datasets
(Campbell et al., 2023; Expósito et al., 2024). The global op-
timization approach used in this study ensures the general 105
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Figure 9. Comparison and correlation of different simulated OP assays. (A) Simulations of different OP assays explored in this study using
average chemical composition data from measurements in Grenoble, Paris and London (Table 1). OPOH and OPH2O2 results are multiplied
by 10. The error bars indicate the maximum and minimum values from the ensemble fits. TS4 (B) Pearson correlation matrix between intrinsic
OP assays explored in this study using data from all study sites.

applicability and robustness of the model. Remaining devi-
ations between model and experiment may either be due to
simplifying assumptions of the model or due to disagreement
of data from different sources. We expect that, as more data
sets will be added to the training data set, the model will lean5

towards a consensus of all data, and may be used to iden-
tify differing and potentially inaccurate data sets. We extrap-
olate the findings from the laboratory experiments to field
data from urban sites including detailed PM chemical com-
position. We find a good agreement between the model and10

field data at the two French measurement sites. Moreover,
the model captures the overall magnitude of OP at the Lon-
don sites.

Dominutti et al. (2025) recently highlighted the lack of
harmonization and robustness of OP assays. In contrast, pro-15

tocols for the chemical analysis of PM composition have
been long established (Pan et al., 2022). The utility of the
newly developed KM-OP in this context is illustrated in
Fig. 10. KM-OP can predict OP and assess associations with
PM health effects using only chemical composition data. The20

importance of integrating PM chemical composition into epi-
demiological health assessments when developing new reg-
ulatory metrics has been recently emphasized (El Haddad
et al., 2024). KM-OP may provide such a link between PM
composition and public health outcomes.25

Antioxidant-depleting assays are generally not specific to
certain ROS (Bates et al., 2019) and ROS such as O

q−
2 and

H2O2 are ubiquitous in the lung lining fluid (Fang et al.,
2022; Dovrou et al., 2023; Mishra et al., 2023). The presence
of ROS alone does not indicate the presence of oxidative dis-30

tress because the human body possesses many systems that
establish and maintain redox homeostasis (Sies, 2017, 2021).
Likewise, previous studies have suggested that PM health
effects may not be driven by the production of H2O2, but
rather by its conversion into the qOH radical, which reacts35

much more quickly and often irreversibly with biomolecules
(Lelieveld et al., 2021; Dovrou et al., 2023; Mishra et al.,
2023). Thus, correlation with H2O2 formation may not be

Figure 10. Implications of the KM-OP model. Measurements of
chemical composition and OP of ambient PM are common. OP
cannot be predicted from measurements of chemical composition
alone, however the newly developed KM-OP is able to predict OP
when chemical composition data are available.

a sufficient property of OP assays to capture the health ef-
fects of PM, while assays that correlate well with qOH for- 40

mation may be more suitable. Furthermore, while some PM
components efficiently generate ROS, others are more ef-
fective at depleting antioxidants or their surrogates (Xiong
et al., 2017). Our model results indicate that most OP assays
are well correlated with OPOH. Using the kinetic model, we 45

find that OPDTT is primarily driven by organics, while OPOH,
OPAA and OPDHA are also influenced by Fe and Cu. Organ-
ics only has a marginal effect on OPH2O2 , which we find to
be strongly associated with Cu and also affected by Mn and
quinones. Interestingly, while both OPOH and OPDTT are af- 50



16 A. Mishra et al.: Kinetic Model of Oxidative Potential (KM-OP)

fected by organics, the correlation between the two assays
is lower (R2

= 0.7) than the correlation between OPOH and
OPAA or between OPOH and OPDHA (R2

= 0.75−0.8). This
is because some reactive species that originate from the dis-
solution of organics, such as RO q, react with antioxidants,5

but are not captured by the qOH assay in the model. Conse-
quently, experimental techniques that capture other radicals
in addition to the qOH, such as the EPR, may be particularly
useful.

The KM-OP model is calibrated using laboratory data10

from simple systems and not all synergistic and antagonis-
tic interactions between PM components may be captured
by the model. Thus, further experimental studies under con-
trolled laboratory conditions are needed to reduce model un-
certainty regarding the interaction of pollutants within the15

assay, such as mixtures of transition metals. These exper-
iments could encompass substances not yet introduced in
KM-OP, such as Zn (Charrier and Anastasio, 2012), elemen-
tal carbon, nitro-PAHs (Xia et al., 2013), nitrophenols (Khan
et al., 2022), other quinones including p-phenylenediamine-20

derived quinones (Wang et al., 2022), other oxygenated aro-
matics (Fang et al., 2024; Wang et al., 2018), and chelating
organics. Laboratory studies integrating the measurement of
ROS production while simultaneously monitoring the decay
of DTT or AA could be particularly helpful (Xiong et al.,25

2017; Shahpoury et al., 2024a).
This work confirms the large importance of OA for OP

that was found in previous studies (Tuet et al., 2017; Dael-
lenbach et al., 2020; Bhattu et al., 2024), however, uncertain-
ties remain that should be addressed in future studies. Here,30

using total OA obtained in field measurements, with a focus
on organic hydroperoxides as reactive species, and ascrib-
ing a single peroxide content for all types of OA resulted in
a better agreement between field data and model results. The
model could be improved by differentiating between types of35

OA, such as SOA, biomass burning aerosol, bioaerosol, etc
and by adding other reactive organic compounds. For this,
comprehensive kinetic experiments with different types of
OA are needed. In particular, OP response may be affected
by both SOA precursor identity (e.g., biogenic vs. anthro-40

pogenic) or the degree of SOA aging (Tuet et al., 2017; An-
tiñolo et al., 2015; Chowdhury et al., 2018), which is cur-
rently not represented in the model. The degree of oxygena-
tion of organic compounds may not only affect their ability
to produce ROS in aqueous solution directly, but may also in-45

fluence the solubility of metals in the complex internal mix-
tures of PM in the atmosphere. Future studies should inves-
tigate how to infer and integrate such properties of OA from
filter analysis. Furthermore, primary particles resulting from
traffic or biomass burning will need to be deconvoluted from50

organics in the model through identification of components
driving their redox chemistry. Ambient PM chemical charac-
terization could include additional water soluble metals and
chelating species, such as alcohols and amines. Additionally,
incorporating heterogeneous surface chemistry of insoluble55

particles represents an important direction for future model
development. Moreover, online OP assays may capture short-
lived compounds that are not captured by filter-based assays.
To obtain a kinetic model that can represent such short-lived
compounds, it is pertinent to perform well-controlled labora- 60

tory experiments for model training under immediate disso-
lution and exposure of the sampled PM to probe species.

Future work will also include the extrapolation of the
chemistry from OP assays into the chemical environment of
the lung lining fluid, to translate assay-based OP into markers 65

for physiological health endpoints, and to identify the assays
that most closely correlate with markers of oxidative stress.
Additionally, we plan to use chemical composition data from
global models as inputs for KM-OP in order to predict and
compare modeled OP with measurements of OP across the 70

world.
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Changes in scientific content (e.g. RSSR + OH− changed to 2 RSSR) should be approved by the editor. Thank you very much
in advance for your help.
TS3 Our image processig department has slightly adjusted Figs. 6 and 7 by adding a small space between the values and the
percent symbols.
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TS6 Please provide further information, e.g. an author list or a preliminary title.
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