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ABSTRACT: Accurately characterizing source-related and precursor
factors associated with surface ozone (O;) pollution remains a central
challenge for air quality management. Data-driven models can achieve
strong predictive performance, but mechanistically consistent inter-
pretation remains challenging. Here we develop a mechanism-
constrained diagnostic framework (MCDF) integrating observations,
source-related factors of volatile organic compounds (VOCs) resolved
by positive matrix factorization, and scenario-specific constraints from
the empirical kinetic modeling approach (EKMA). Its core
mechanism-constrained multitask model (MCMM) predicts O,
while jointly learning precursor-control regime and signed ridge
distance, with a direction-consistency loss guiding precursor responses
toward the corresponding photochemical state. MCMM achieved

stable repeated-split O; prediction performance and produced finite precursor responses more consistent with EKMA than an
unconstrained model. Across 10—30% increases in nitrogen oxides (NOx), MCMM predicted negative O, responses in 90.1—92.3%
of initially VOCs-limited cases. Applied to observations from a representative O;-polluted megacity case in China, MCDF revealed
regime-dependent changes in model-attributed precursor and source-related associations. Overall, MCDF integrates scenario-specific
photochemical constraints with data-driven O prediction, bridges predictive performance and mechanistic interpretation, and
provides an interpretable, regime-aware framework for diagnosing precursor sensitivities and source-related variability in complex

urban Oj; pollution.

KEYWORDS: ozone pollution, machine learning, multitask learning, atmospheric chemistry, photochemical sensitivity,

model interpretation

1. INTRODUCTION

Humans increasingly rely on their capacity to both predict and
understand air pollution in order to sustain livable cities."”
Among the major pollutants, surface ozone (O;) has evolved
from a secondary concern to a central constraint on urban air
quality management, especially in regions where particulate
matter has declined even as photochemical pollution continues
to intensify.” > Elevated O, adversely affects human health, crop
productivity, and climate,®”” yet its formation is governed by
strongly nonlinear chemistry involving volatile organic com-
pounds (VOCs) and nitrogen oxides (NOx) under solar
radiation.'” The resulting O; response depends not only on
precursor abundance but also on meteorology, boundary-layer
dynamics, atmospheric processing, and transport."' ~'* More-
over, the sensitivity of O; to NOx and VOCs can shift across
photochemical regimes, so similar precursor changes may
produce different O; responses under different atmospheric
states.">~'” These coupled chemical and environmental controls
make it difficult to achieve both accurate prediction and
physically meaningful interpretation of observed precursor—Oj;
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relationships, particularly as urban emission patterns continue to
evolve."* ™%

Although understanding of O; formation mechanisms has
advanced substantially,”*~*” current approaches for diagnosing
Oj; formation and source-related variability still exhibit notable
limitations.”**” Mechanism-based models provide strong
chemical interpretability and can diagnose VOC- or NOx-
sensitive regimes, but their results can be sensitive to emission
inventories, boundary conditions, transport representation, and
the spatial and temporal resolution of input data.’® In parallel,
rapidly developing data-driven machine-learning methods have
demonstrated strong performance in pollution prediction and
model adaptability,”' ~® with recent studies combining positive
matrix factorization (PMF) and interpretable models to relate
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receptor-resolved VOC source-related factors to observed O;
variability.”~*' However, without explicit physical or chemical
constraints, purely data-driven interpretation may remain
dominated by statistical associations and provide limited
information on chemically differentiated precursor-response
behavior. Integrating mechanistic information into data-driven
models while retaining their predictive capability has therefore
become a key challenge for contemporary O; diagnostics and,
more broadly, for Earth system science.’

To address this challenge, we develop a mechanism-
constrained diagnostic framework (MCDF) for regime-aware
O, prediction and interpretation. MCDEF integrates time-
resolved observational data, PMF-resolved VOC source-related
factors, and scenario-specific photochemical sensitivity indica-
tors derived from observation-constrained box-model and
empirical kinetic modeling approach (EKMA) analyses within
a multitask neural-network architecture. At the loss-function
level, a direction-consistency term guides the learned precursor-
response directions toward the corresponding EKMA-diag-
nosed photochemical regime. In this design, the mechanistic
constraints serve as externally derived process-level priors that
guide the data-driven model. To assess the applicability of this
framework, we selected Shenzhen, a representative Os-polluted
megacity in China, as a case study and employed an advanced
multicomponent photochemical observation platform to
evaluate O; prediction, mechanistic consistency, and regime-
dependent source-related patterns under real urban atmospheric
conditions. Building on these analyses, we further examined how
precursor sensitivities and model-attributed source-related
patterns vary across photochemical regimes, providing an
interpretable basis for regime-aware O; diagnosis and
precursor-control assessment.

2. MATERIALS AND METHODS

2.1. Study Region and Data Sources

This study focuses on Shenzhen, a Chinese megacity in the coastal Pearl
River Delta, characterized by a subtropical monsoon climate with
pronounced seasonal variability. Local topography transitions from low
hills in the southeast to coastal plains in the northwest, creating
heterogeneous surface conditions that make Shenzhen a representative
setting for investigating O; pollution. As a core city in the Guangdong-
Hong Kong-Macao Greater Bay Area, Shenzhen has committed to
green and sustainable development and has implemented some of the
most stringent NOx and VOCs control measures in China. Never-
theless, the city continues to experience recurrent rebounds in ambient
O; concentrations, pointing to important gaps in current control
strategies regarding the underlying formation mechanisms.”**>*

The primary observational site in this study is the Peking University
Atmospheric Observation Supersite (PKU-AOSS; 22.60° N, 113.98°
E), located in a mixed-use urban area comprising commercial districts,
high-density residential neighborhoods and green spaces, with no major
industrial point sources in the immediate vicinity (Figure S1). The
station provides a representative urban background for O; pollution
and overall air quality in Shenzhen. We focus on high-Oj; seasons during
2022 and 2023. During the observation period, VOC concentrations
were measured with high precision using gas chromatography—mass
spectrometry (GC—MS) and proton-transfer-reaction time-of-flight
mass spectrometry (PTR-ToF-MS),** while 05, CO, NOx, SO, and
PM, s were continuously monitored using instruments from Thermo
Fisher Scientific (USA). To characterize photochemical processes and
meteorological influences on O formation, we deployed a photolysis
rate measurement system (PFS-100) and a formaldehyde monitoring
system (FMS-100). Meteorological variables, including temperature,
relative humidity, wind speed and wind direction, were measured with a
WXTS20 sensor (Vaisala, Finland). All datasets were subjected to

rigorous preprocessing to ensure quality suitable for modeling; details
of instrumentation and data products are summarized in Table SI1.

To further enhance data quality and accuracy, we implemented a
multi-tier outlier management protocol. Biweekly data reviews were
performed to identify and correct abnormal values and to diagnose and
address instrument malfunctions or environmental interferences,
thereby ensuring the completeness and reliability of the dataset.
Additional details on quality assurance and c‘}uality control procedures
are provided in our previous work.”**>*~* The construction of the
dataset for the Shenzhen case study, including temporal resolution and
sample definition, is described in Section 3.

2.2. Overview of the Mechanism-Constrained Multitask
Model

The mechanism-constrained multitask model (MCMM) developed in
this study integrates multitask learning with EKMA-derived photo-
chemical constraints to jointly support O; prediction and regime-aware
interpretation of precursor and source-related variability. The model
architecture was selected from predefined hyperparameter ranges,
including shared-encoder hidden dimensions of 32—96, 3—5 expert
subnetworks, and hidden dimensions of 64 for the expert and task-
specific tower layers; the final settings are summarized in the
Supporting Information . The shared encoder, expert subnetworks,
and task-specific towers are implemented as fully connected feed-
forward neural networks with rectified linear unit (ReLU) activation.
This configuration was chosen to balance computational efficiency,
model stability, and predictive performance.

MCMM is trained with three coupled tasks: O; concentration
prediction as the primary task, together with two mechanistic auxiliary
tasks, namely control-regime classification and signed ridge distance
prediction. The signed ridge distance is defined as the signed shortest
distance from each sample to the matched scenario-specific EKMA
ridge, where negative values indicate samples on the VOCs-limited side
of the ridge, positive values indicate samples on the NOx-limited side,
and the magnitude reflects the degree of deviation from the ridge. The
shared encoder first extracts common feature representations from the
input data, which are then passed to the expert layers, where each expert
applies a task-tailored transformation. A gating network dynamically
combines the expert outputs by assigning input-dependent weights to
each expert, thereby adapting the representation to the prevailing
chemical regime. The gating network learns input-dependent expert
weights from the shared representation, while EKMA-derived photo-
chemical-state information is incorporated within the mechanism-
constrained multitask formulation. The auxiliary tasks and direction-
consistency loss further reinforce this mechanistic information during
training. Formally, MCMM can be expressed as

h= fshared (X) (1)

where X is the input feature vector for each data sample and fy,.eq
denotes the shared encoder. The encoded representation h is then
passed to a set of expert networks. For the O; prediction task, the model
output is given by a gated mixture of expert outputs

Texp erts

= ’ h
Yo, ; O S et (1) @

where ; is the gating weight for the i-th expert and f,, .. denotes the
corresponding expert network. The gating weights are determined by a
gating network learned from the shared representation.

For the control-regime classification task, the model first produces
classification logits through a task-specific classification tower

Zilass = fdass (h) (3)

The predicted probability distribution over chemical regimes is then
obtained as

ﬁclass = SOftmaX(zclass) (4)

where fg,, denotes the classification head, zg, is the output logit
vector, and p, s the predicted probability distribution over chemical
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regimes. For the signed ridge distance prediction task, the model output
is generated by a task-specific regression tower

yDistance = fDistance (h) (5)

where fpince denotes the regression head that maps the shared
representation h to the predicted signed ridge distance.

To align model behavior with expected chemical dynamics, we
introduce a gradient-based direction consistency loss that penalizes
violations of the mechanistic response directions implied by EKMA.
The penalty for NOx- and VOC-related gradients is written as

lossy, = ﬂduz max(0, —g,ydi)
i (6)

where g; is the gradient of the model output with respect to feature i, and
d; is the expected sign of the response direction for that feature, as
prescribed by the EKMA based chemical regime.

For regularization, we adopt a combination of L1 and group Lasso
penalties to promote sparsity in the model weights and enhance
interpretability

108, = /4, 2 il + B, D llwglly
j g (7)

where w; and w, denote the weights associated with individual features
and feature groups respectively, and f, and /3, control the strengths of
the L1 and group Lasso penalties.

The overall loss function is a weighted combination of the task
specific losses, the direction consistency term and the regularization

penalties

L= /11.'[:03 + /IZ'LDistance + /13'£class+ (8)

/14"£dir + AS"ELI + j’é"EGroupLasso

here, .[OS is the mean squared error loss for the O; prediction task,

L pictance 18 the loss for signed ridge distance prediction, L, is the
cross entropy loss for control regime classification, Ly, is the gradient
based direction consistency loss and L} and L, g1 44 are the L1 and

group Lasso penalties that promote sparse and interpretable solutions.
The weighting coeflicients A; are tuned by grid search based on
validation performance.

Mechanistic information is incorporated into MCMM through
complementary model-level and training-level constraints. EKMA-
derived precursor-control regime and signed ridge distance provide
scenario-specific photochemical-state information within the multitask
formulation. The model treats O; concentration prediction as the
primary task and includes two mechanistic auxiliary tasks: precursor-
control regime classification (NOx-limited, VOCs-limited, or transi-
tional) and signed ridge-distance prediction. These auxiliary tasks
encourage the learned representation to retain information on the
prevailing photochemical state. At the loss-function level, the
conventional objective is further augmented with a direction-
consistency term. Specifically, backpropagation is used to compute
the partial derivatives of predicted O; with respect to NOx and VOCs,
and the signs of these gradients are guided according to the
corresponding EKMA-diagnosed control regime. For samples in the
NOgx-limited regime, the NOx gradient is required to be positive; for
samples in the VOCs-limited regime, the VOC gradient is required to
be positive; transitional-regime samples are subject to a weaker
directional guidance. When the learned gradient directions deviate from
the expected mechanistic directions, a directional penalty is added to
the loss and weighted by the magnitude of the signed ridge distance.
This design guides the learned local precursor-response directions
toward the EKMA-derived photochemical sensitivity pattern, while
retaining the data-driven prediction objective.

For the repeated-split evaluation, valid hourly samples were
randomly divided into training, validation, and test subsets using a
64%/16%/20% split. This procedure was repeated 10 times with
independent random seeds. For each split, the validation subset was
used for early stopping and hyperparameter selection through grid

search over predefined parameter ranges, whereas the test subset was
held out for final evaluation. Together with the composite multitask
loss, this repeated-split protocol was used to assess whether O;
prediction performance and EKMA-consistent mechanistic diagnostics
remained stable across different data partitions.

2.3. Positive Matrix Factorization Model

In this study, positive matrix factorization (PMF) was employed to
resolve VOC source-related factors in the urban atmosphere of
Shenzhen. PMF is an unsupervised, matrix factorization-based receptor
model that, under non-negativity constraints, extracts latent source
factors and quantifies their contributions to the observed concentration
data.”®* For VOC source apportionment, PMF assumes that the
observed VOC concentration matrix X can be expressed as the product
of a source contribution matrix G and a source profile matrix F, plus a
residual matrix E

p
X;= ) GyF;+E
ij ik~ kj ij
k=1 )

where Xj; denotes the concentration of the j-th VOC species in the i-th
sample, Gy is the contribution of factor k to sample i, F; is the profile of
factor k for species j, and E; is the residual representing the deviation
between modeled and observed concentrations. The PMF solution is
obtained by minimizing the weighted sum of squared residuals subject
to non-negativity constraints on G and F, yielding optimal estimates of
source contributions and source profiles.

Uncertainty treatment was incorporated into the PMF setup by
assigning each observation an uncertainty based on measurement
precision, detection limits, and data-screening procedures. These
uncertainties were used to weight the residuals in the PMF
optimization, thereby reducing the influence of low-confidence
observations on the resolved factor profiles and contributions. To
evaluate solution robustness and factor-number selection, 5-, 6-, 7-, and
8-factor solutions were compared using Q diagnostics, marginal Q
reduction, convergence behavior, solution stability, residual structure,
source-profile interpretability, and diurnal patterns. Although Q values
generally decreased as the number of factors increased, Q reduction
alone was not used as the sole criterion. The seven-factor solution
provided the best balance between model fit, numerical stability, and
physical interpretability, whereas the eight-factor solution showed
reduced stability and a greater risk of over-splitting.

The selected seven-factor PMF solution resolved vehicle emissions,
gas evaporation, solvent usage, biomass burning, industrial emissions, a
background-influenced factor, and natural sources. The background-
influenced factor was not interpreted as a distinct local emission source,
but as a background- and mixing-influenced VOC factor with
comparatively smooth temporal variability and weaker source-specific
tracer characteristics. The detailed factor-number evaluation, appor-
tionment procedure, and factor interpretation are provided in Section
S1.1 of the Supporting Information and Figures S2 and S3. These PMF-
resolved factors were used as observation-derived source-related
predictors in MCMM, rather than as direct O; production
contributions.

2.4. Observation-Constrained Box Model

In this study, an observation-constrained box model was used to
diagnose the chemical processes governing O; formation in Shenzhen.
Three-dimensional chemical transport models, such as the Weather
Research and Forecasting—Community Multiscale Air Quality (WRF-
CMAQ) and Weather Research and Forecasting model coupled with
Chemistry (WRF-Chem), are essential for representing regional
transport and emission-driven pollutant evolution over large spatial
scales.’®®! In contrast, the box model used here serves as a
complementary process-level tool for examining local photochemical
sensitivity under observation-constrained conditions. It is constrained
primarily by in situ observations and coupled with chemical kinetic
equations, and its outputs are interpreted as diagnostics of photo-
chemical response rather than as a full local-versus-regional O
budget.*’ Instrument deployment and associated parameter settings
for the observation period are summarized in Table S1.
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Figure 1. Mechanism-constrained diagnostic framework for regime-aware urban ozone prediction and interpretation. (a) Information integration
module. (b) Mechanism-constrained learning module. (c) Regime-aware interpretation module.

We used Master Chemical Mechanism version 3.3.1 (MCM v3.3.1)
as the chemical mechanism because it provides a detailed
representation of VOC and NOx oxidation chemistry and is widely
used for process-level atmospheric chemistry analysis. This mechanism
enables a more explicit simulation of radical chemistry, secondary
pollutant formation, and O; production pathways than simplified
mechanisms (Table S2). The VOC species constrained in the box
model and their parameter configurations are listed in Table S3.
Because the box model is a zero-dimensional (0-D) framework,**
background and transport influences are not explicitly resolved in three
dimensions, but are represented in an effective sense through
prescribed background concentrations and a first-order dilution term

axii_ _ -
a |, " k(£ ([X] = [X],) (10)

where [X] is the concentration of a given species, [X], is its prescribed
background concentration, and kg(t) is an effective first-order dilution
rate.

To reduce the dependence of the mechanistic constraints on a single
representative dilution condition, the box-model and EKMA
calculations were implemented using a meteorology- and ventilation-
stratified approach. Specifically, daytime temperature, relative humid-
ity, and a ventilation index (VI) based on boundary-layer height (BLH)
and wind speed (WS) were used to construct temperature—relative
humidity—ventilation index (T—RH—VI) scenarios. For each retained
scenario, a representative 24 h box-model input profile was generated
from the observed mean diurnal cycle of the corresponding days,
including meteorological variables, photolysis rates, precursor concen-
trations, and VOC composition. Details of the ventilation index,
scenario thresholds, and scenario screening are provided in Section S1.2
of the Supporting Information.

Sensitivity analysis of O; formation was then performed using the
empirical kinetic modeling approach (EKMA). Within each retained
T—RH—VI scenario, VOC and NOx levels were perturbed to construct
a scenario-specific EKMA surface.”> The EKMA ridge, signed ridge
distance, and precursor control-regime classification were diagnosed
separately for each scenario, and each hourly observation was assigned
the mechanistic indicators from its matched scenario rather than from a
single period-mean EKMA surface. Scenario-specific EKMA surfaces
are shown in Figures S4 and SS. Within MCDF, the EKMA-derived
indicators provide scenario-specific photochemical-state information to
MCMM. Their mechanistic structure is further reinforced through the
auxiliary tasks and direction-consistency loss. This design embeds

scenario-specific photochemical sensitivity information into the data-
driven learning framework, while recognizing that the box-model and
EKMA analyses remain observation-constrained 0-D diagnostics rather
than explicit simulations of three-dimensional transport.

3. RESULTS

3.1. Overview of the Mechanism-Constrained Diagnostic
Framework for Regime-Aware Ozone Prediction and
Interpretation

To improve the chemical interpretability of data-driven O,
prediction while retaining predictive capability, we developed
MCDF. As shown in Figure 1, MCDF comprises three coupled
modules: an information integration module, a mechanism-
constrained learning module, and a regime-aware interpretation
module. These correspond to three stages of the diagnostic
chain, namely input construction, mechanism-constrained
modeling, and model interpretation, and together define a
workflow in which data-driven learning is guided by externally
derived photochemical constraints.

The information integration module (Figure 1a) serves as the
front end of the framework. It combines time-resolved
observations of VOCs, O3, and other atmospheric constituents
with photochemical process information generated by a box
model to construct input features and auxiliary indicators for
mechanism-constrained learning. First, PMF is applied to
resolve VOC source-related factors, such as vehicle emissions,
gas evaporation, and natural sources. Second, a T—RH—-VI-
stratified EKMA scenario library is constructed using a MCM-
based box model to simulate O; response surfaces under
perturbed VOC and NOx levels. From the EKMA responses, we
derive two mechanistic diagnostic indicators that provide
external mechanistic priors for the mechanism-constrained
learning module: (1) precursor control-regime classification and
(2) precursor signed ridge distance.

The mechanism-constrained learning module (Figure 1b)
forms the modeling core of the diagnostic framework. To
incorporate EKMA-derived photochemical sensitivity into data-
driven learning, we develop a mechanism-constrained multitask
model (MCMM). The role of MCMM is not to replace EKMA
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Figure 2. Repeated-split evaluation of ozone prediction performance. (a—f) Pooled test-set predictions versus observations for MCMM and baseline
models across 10 repeated train/validation/test splits. Solid lines indicate fitted linear regressions, dashed lines indicate the 1:1 reference, and color
shading indicates point frequency. Performance metrics are reported as mean + SD across the 10 split-level evaluations, whereas the scatter-density
distributions are based on pooled test predictions from all splits. (g—i) Distributions of test RMSE, R% and MAE across the 10 repeated splits.

Diamonds denote mean values.

in diagnosing control regimes, nor to independently recover
regime structure from observations alone. Rather, it uses EKMA-
derived information as mechanistic priors to guide the learning
of precursor-response relationships and model-attributed
predictor patterns while encouraging photochemically consis-
tent response behavior. By integrating observational inputs,
PMF-resolved source-related predictors, and mechanistic
constraints within a unified learning framework, MCMM
supports regime-aware O; prediction and interpretation under
varying pollution conditions. Detailed descriptions of the
MCMM architecture, multitask learning design, and constraint
implementation are provided in the Methods section.

The regime-aware interpretation module (Figure 1c) forms
the downstream component of the framework and focuses on

translating model outputs into chemically interpretable and
control-relevant diagnostics. By interrogating the model-
attributed patterns produced by MCMM, this module identifies
key source-related predictors associated with O variability
under different pollution and chemical-regime conditions and
examines how precursor-response behavior varies across
photochemical regimes, including nonlinear transitions between
NOx- and VOC-sensitive conditions. These diagnostics provide
model-based evidence for how predictor attribution and
precursor-response behavior vary across different pollution
and chemical-regime conditions.

Taken together, MCDF links mechanistic information
extraction, source-related predictor construction, and regime-
aware model interpretation within an observation-constrained
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Figure 3. EKMA-referenced evaluation of state-consistent finite precursor responses across perturbation magnitudes. (a,b) Comparison of O
responses predicted by MCMM and MLP, respectively, with the corresponding EKMA responses under +20% NOx and VOC perturbations. Dashed
lines denote the 1:1 relationship. Directional agreement is the fraction of cases for which model- and EKMA-derived AO; have the same sign; cases
with IAOF™4|<1 ppbv are excluded from this metric to avoid near-zero reference responses with weakly defined directions. (c) Fraction of initially
VOCs-limited cases exhibiting a negative O; response following 10%, 20%, and 30% increases in NOx for EKMA, MCMM, and MLP. (d) Directional
agreement with EKMA across precursor perturbation magnitudes, using the same IAOE™4/>1 ppbv criterion. (e) MAE of model-predicted AO,
relative to EKMA, with A denoting MAE,; ,—MAEcpy- (f) Fraction of counterfactual cases remaining within the common EKMA—ML supported
domain and fraction crossing the EKMA-defined photochemical-regime boundary. Methodological details are provided in Section S1.4 of the
Supporting Information.

diagnostic workflow. By integrating multi-source observations, chemical indicators, and machine-learning algorithms, it reduces
PMF-resolved source-related factors, EKMA-derived photo- reliance on purely statistical interpretation and supports regime-
F https://doi.org/10.1021/acs.est.6c12789
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Figure 4. Observed ozone characteristics, VOC source-related factor profiles, and representative EKMA-based regime diagnosis. (a) Monthly mean O,
and MDAS8 O, during the study period, with the September—October photochemically active period highlighted. (b) Source-related factor profiles
from the seven-factor PMF solution. Open bars represent factor-specific species concentrations, and blue dots represent the relative contribution of
each factor to individual VOC species. (c) Representative scenario-specific EKMA surface for the H-L—M T—RH—VI scenario, where H—L—M
denotes high temperature, low relative humidity, and middle ventilation. This panel is shown as an example of the scenario-specific EKMA diagnostics;
the complete set of scenario-specific EKMA surfaces is provided in the Supporting Information.

aware interpretation of precursor and source-related variability
associated with O;. In doing so, MCDF provides a
methodological basis for mechanistically informed O; pre-
diction and precursor-control diagnosis.

3.2. Predictive Performance and Mechanistic Consistency
of the Mechanism-Constrained Multitask Model

As the predictive core of the framework, MCMM was evaluated
for both O; prediction and consistency of its precursor-response
behavior with EKMA-diagnosed photochemical states. Valid
hourly samples were partitioned into training, validation, and
test subsets using 10 independent random splits with fixed
proportions. For each split, model fitting, early stopping, and
hyperparameter selection were performed using only the
training and validation subsets, while the test subset was held
out for final evaluation. MCMM was compared with five
commonly used data-driven models, including a multilayer
perceptron (MLP), extreme gradient boosting (XGB), random

forest (RF), support vector regression (SVR), and multiple
linear regression (MLR). All models were trained using the same
hourly observational dataset and observational predictor set,
whereas MCMM additionally incorporated EKMA-derived
photochemical-state information within its mechanism-con-
strained multitask formulation. Hyperparameter ranges and final
model settings are provided in Tables S4—S9.

MCMM showed the best overall O; prediction performance
and remained stable across repeated data partitions (Figure 2).
Across the 10 test splits, MCMM achieved R? = 0.66 + 0.05,
RMSE =17.18 + 1.31 ppbv, MAE = 13.20 + 0.86 ppbv, and r =
0.82 + 0.02. Among the unconstrained models, MLP showed
the strongest overall performance, with R* = 0.62 + 0.05, RMSE
=18.27 + 1.30 ppbv, MAE = 14.02 + 0.68 ppbv, and r = 0.79 +
0.03. XGB, RF, SVR, and MLR showed lower R” values or larger
prediction errors, with R* ranging from 0.30 + 0.03 to 0.52 +
0.06 and RMSE from 20.49 + 1.56 to 24.74 + 0.91 ppbv. The
repeated-split distributions of RMSE, R?, and MAE further
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Figure S. Model-attributed importance of ozone predictors across photochemical regimes in Shenzhen. (a) Comparison of MCMM mean absolute
SHAP importance with OFP-based VOC reactivity. Horizontal bars show mean absolute SHAP values, and red ticks along the upper axis indicate OFP-
based activity for VOC source-related factors. The inset pie chart summarizes the fractional contribution of each VOC source-related factor to total
OFP. (b) Comparison of mean absolute SHAP importance between MCMM and the unconstrained MLP under NOx-limited conditions. (c) Same as
(b), but under VOCs-limited conditions. Mean absolute SHAP values in all panels represent attribution magnitude and do not indicate attribution

direction.

showed that the performance advantage of MCMM persisted
across alternative data partitions rather than arising from a single
favorable split (Figure 2g—i). Because MLP was the strongest
unconstrained baseline and was architecturally closest to
MCMD, it was used for the subsequent mechanistic-response
comparisons. The single-task MLP contained no EKMA-derived
signed ridge distance or regime information and was trained
without auxiliary mechanistic tasks or directional regularization.
The auxiliary-task outputs further provided internal diagnostics
of how the EKMA-derived photochemical-state information was
represented within the multitask formulation (Figures S6 and
S7; for detailed metric definitions and calculations, see Section
S1.3 of the Supporting Information). For signed ridge-distance
regression, the predicted values tracked variations in distance
from the EKMA ridge, with a split-level R? of 0.65 + 0.05. For
precursor-control regime classification, MCMM achieved an
accuracy of 0.82 + 0.02 and a Macro-F1 score of 0.66 + 0.05
across repeated splits. The row-normalized confusion matrix
showed a clear diagonal structure, with the greatest uncertainty
for transitional samples near the EKMA ridge. The two auxiliary
tasks captured complementary information on the continuous
ridge position and the corresponding precursor-control regime.

We next examined whether this photochemical-state
information was reflected in the modeled response to precursor
variability. Fixed-state partial-dependence analysis showed
clearer regime-dependent precursor responses in MCMM
than in the unconstrained MLP (Figure S8). The positive
NOx response was strongest under NOx-limited conditions and
substantially attenuated under VOCs-limited conditions, where-
as responses to VOC-related predictors became more
pronounced under VOC-sensitive conditions. We further
examined these regime-dependent responses using a state-
consistent finite-perturbation analysis (Section S1.4 of the
Supporting Information). Starting from held-out observational
states, NOx or VOC-related predictors were perturbed by
prescribed finite amounts, while the corresponding EKMA-

derived photochemical state was updated consistently with each
perturbed precursor condition. The resulting O; changes
predicted by MCMM and MLP were compared with the
corresponding responses from the matched scenario-specific
EKMA surface (Figure 3). For the +20% precursor
perturbations shown in Figure 3a,b, MCMM showed closer
correspondence with the EKMA response than MLP, with r =
0.6S, a regression slope of 0.71, an MAE of 4.07 ppbv, and
directional agreement of 81.3% for cases with IAOF*4>1 ppbv
(Figure 3a). The corresponding MLP values were r = 0.51, slope
= 0.54, MAE = 4.54 ppbv, and directional agreement = 71.9%
(Figure 3b). Slopes below unity indicated that both models
attenuated the EKMA response amplitude, although MCMM
more closely followed both its direction and magnitude.

The clearest regime-specific contrast occurred for samples
initially classified as VOCs-limited (Figure 3c). Increasing NOx
by 10%, 20%, and 30% produced negative EKMA Oj; responses
in all evaluated cases. MCMM predicted a negative response in
90.1%, 90.7%, and 92.3% of cases, respectively, compared with
67.3%, 69.1%, and 71.4% for MLP. Across the 10—30%
perturbation range, directional agreement with EKMA remained
approximately 81—84% for MCMM and 72—74% for MLP
(Figure 3d). MCMM also maintained a lower MAE in AO,
relative to EKMA at each perturbation magnitude, with MLP—
MCMM MAE differences of 0.25, 0.48, and 0.74 ppbv at 10%,
20%, and 30%, respectively (Figure 3e). Larger perturbations
increasingly moved samples across the EKMA-defined photo-
chemical-regime boundary (Figure 3f). The regime-crossing
fraction increased from 12.7% at 10% perturbation to 23.0% at
20% and 30.6% at 30%, while 80.4%, 78.9%, and 74.3% of the
corresponding counterfactual cases remained within the
common EKMA—ML supported domain. MCMM therefore
combined improved O; prediction with precursor-response
behavior that was more consistent with the EKMA-informed
photochemical constraints than that of the unconstrained MLP.
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3.3. Regime-Aware Interpretation of Source-Related Ozone
Variability in Shenzhen

To evaluate the case-study applicability of MCDF under real
urban atmospheric conditions, we applied it to Shenzhen, a
representative Chinese megacity with pronounced Oj; pollution.
Shenzhen is a national pilot city for O; control and is
characterized by a complex mixture of emission sources and
meteorological conditions. In autumn, the city frequently
experiences high temperatures, strong solar radiation, and low
wind speeds, which together favor active photochemistry
(Figures S9 and S10). We therefore selected September to
October in recent years as a representative analysis window,
during which the citywide mean maximum daily 8 h average O,
(MDA8 O;) remained elevated (Figures 4a, S11 and S12),
exhibiting typical characteristics of autumn Oj; pollution. This
period provided a suitable setting for evaluating the framework
under active photochemical conditions. For this case study, all
variables were harmonized to an hourly resolution, resulting in
2568 valid samples after preprocessing. Each sample included
the target O3 concentration together with VOC measurements,
conventional air pollutants, photolysis-related parameters, and
meteorological variables (Table S1). We used PMF to resolve
seven VOC source-related factors in Shenzhen, including vehicle
emissions, gas evaporation, solvent usage, biomass burning,
industrial emissions, a background-influenced factor, and
natural sources, and derived hourly time series of factor
contributions (Figures 4b, S2 and S3). In parallel, T-RH-VI-
stratified EKMA surfaces were constructed using a MCM-based
box model. For each retained T—RH—VI scenario, the EKMA
ridge, signed ridge distance, and precursor control-regime
classification were diagnosed separately, and each hourly sample
was assigned the mechanistic indicators from its matched
scenario. Figure 4c shows one representative scenario-specific
EKMA surface, and the complete scenario-specific diagnostics
are provided in Section S1.5 of the Supporting Information.

We then used MCMM to calculate mean absolute SHAP
values for each predictor and compared the MCMM-derived
importance of the PMF-resolved VOC source-related factors
with O, formation potential (OFP)-based activity (Section S1.6
of the SI).*’**** Mean absolute SHAP values quantify the
magnitude of model-attributed influence on predicted O;
variability under observed conditions but do not distinguish
whether a predictor shifts the prediction upward or downward.
OFP, in contrast, represents a VOC-only reactivity-based metric
calculated under standardized assumptions.”*® The two
diagnostics therefore characterize different aspects of the
observed system and should not be interpreted as equivalent
source-contribution measures. Figure Sa shows that vehicle
emissions, natural sources, and solvent usage had the highest
mean absolute SHAP values among the PMF-resolved source-
related factors, while NOx also ranked among the leading
predictors when precursor variables were considered together.
Among the anthropogenic source-related factors, vehicle
emissions showed the highest model-attributed importance,””**
while natural sources and solvent usage also showed substantial
importance under the observed high-O;-season conditions. In
comparison, the OFP-based ranking emphasizes VOC reactivity
without accounting for the regime-dependent role of NOx or
covariation among source-related factors, meteorology, and
photochemical state. The two diagnostics therefore provide
complementary perspectives on VOC reactivity and observa-
tion-conditioned model attribution.

We further compared the magnitude of model-attributed
importance between MCMM and the unconstrained MLP
under different EKMA-diagnosed control regimes (Figures Sb,c
and S13). Under NOx-limited conditions, MCMM assigned the
highest mean absolute SHAP importance to NOx, followed by
vehicle emissions and several VOC source-related factors,
including the background-influenced factor, solvent usage, gas
evaporation, and natural sources. Relative to MLP, the MCMM
attribution pattern shifted more strongly toward NOx under
NOx-limited conditions. Under VOCs-limited conditions, both
models identified vehicle emissions as an important predictor,
but MCMM assigned substantially lower relative importance to
NOx and greater importance to several VOC-related factors,
including vehicle emissions, natural sources, solvent usage, and
the background-influenced factor. These differences indicate a
clearer regime-dependent redistribution of attribution magni-
tude under the mechanism-constrained representation. Because
mean absolute SHAP values do not contain directional
information, we examined the direction of these model-
attributed relationships separately using signed SHAP values.

Regime-specific signed SHAP distributions further resolved
the direction and heterogeneity of model-attributed relation-
ships (Figures S14 and S15). Under NOx-limited conditions,
high NOx values were predominantly associated with positive
SHAP contributions. Under VOCs-limited conditions, the
signed SHAP distribution for NOx shifted toward more negative
values, with high NOx values extending into a distinct negative
tail, although the distribution was not uniformly negative. In
contrast, higher values of the leading VOC source-related
factors, including the vehicle-emission, natural-source, and
solvent-usage factors, were predominantly associated with
positive SHAP contributions under VOCs-limited conditions.
The background-influenced factor showed a different pattern,
with higher values tending to be associated with negative SHAP
contributions in both regimes. This pattern may reflect broader
background or air-mass variability covarying with this factor
rather than a direct negative chemical effect on O;. Median
values and interquartile ranges summarize these regime-
dependent patterns in Figure S14, while the full sample-level
distributions and relative feature values are shown in Figure S15.
Signed SHAP values are used here to describe the direction and
heterogeneity of model attribution, complementing the
magnitude information provided by mean absolute SHAP
values; they are not interpreted as local chemical derivatives or
causal source contributions.

Overall, the Shenzhen case study identified distinct
observation-conditioned patterns in both the magnitude and
direction of model attribution. Vehicle emissions, natural
sources, and solvent usage showed the highest mean absolute
SHAP importance among the PMF-resolved source-related
factors, while NOx also showed high importance as a precursor
predictor. Both the magnitude and directional patterns of these
model-attributed relationships varied across EKMA-diagnosed
precursor-control regimes. These results illustrate the value of
combining observation-derived source-related predictors with
photochemical-regime information when interpreting urban O,

variability.

4. DISCUSSION

The MCDF developed in this study combines multi-source
observations, PMF-resolved VOC source-related predictors,
observation-constrained box-model and EKMA diagnostics, and
data-driven learning. Its central contribution is to embed
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externally derived photochemical information into O; pre-
diction and interpretation rather than to replace mechanistic
models or infer chemical regimes from observations alone.
EKMA-derived control-regime information and signed ridge
distance provide scenario-specific photochemical-state informa-
tion within MCMM, while the auxiliary tasks and direction-
consistency loss reinforce this mechanistic structure during
learning. The state-consistent finite-perturbation analysis
further evaluates how this EKMA-derived photochemical
information propagates through MCMM into finite precursor-
response behavior. MCDF therefore links predictive capability
with photochemically constrained response behavior and
provides a framework for regime-aware interpretation of data-
driven Oj; predictions.

The Shenzhen case study further indicates that model-
attributed precursor and source-related patterns depend on the
prevailing photochemical regime rather than following a fixed
ranking. Changes in both mean absolute and signed SHAP
patterns between NOx- and VOCs-limited conditions show that
the magnitude and direction of model attribution vary with
photochemical state. This regime dependence helps explain why
fixed source-related rankings or VOC-reactivity metrics alone
may provide an incomplete view of observed urban O
variability. The value of the framework therefore lies in
combining receptor-derived source-related information with
scenario-specific photochemical constraints, allowing predictor
relationships to be interpreted in the photochemical context in
which they occur rather than as regime-invariant effects.

Despite the strengths of the proposed framework as an
observation-constrained diagnostic approach, several limitations
must be acknowledged. First, MCDF does not decompose
observed Oj into regional transport, background, and local
photochemical production, nor does it quantify causal
contributions of individual original emission sources to observed
O;. Regional background variability and transport-related
influences are not explicitly resolved in the current framework.
In the box model, these processes are represented in an effective
sense through the background and dilution terms, while in the
machine-learning framework, they may be partially embedded in
observed meteorological states, precursor levels, and PMF-
derived source-related factors. The PMF factors themselves
represent receptor-side VOC variability after chemical process-
ing, dilution, transport, and mixing and should therefore be
interpreted as source-related predictor representations rather
than direct O; source contributions. This limitation is
particularly relevant on shorter time scales, when transient
transport events or residual-layer effects may strongly influence
observed O; variability. Second, both PMF-based source
apportionment and SHAP-based interpretation are constrained
by the representativeness of the observational inputs and the
model-based nature of the analysis. Although mean absolute
SHAP values and signed SHAP distributions provide useful
diagnostics of model-attributed importance and attribution
direction, respectively, they do not establish causal relationships
or local chemical sensitivities. Future work could improve
source-related interpretation and mechanistic resolution by
incorporating complementary source tracers and transport
diagnostics together with causal-inference designs, independent
intervention-based analyses, or source-resolved chemical trans-
port modeling. In addition, uncertainties associated with
upstream models, including PMF for source apportionment
and the box model for EKMA-based mechanistic constraints,
may propagate into the resulting model-attributed patterns. A

detailed discussion of these uncertainties is provided in Section
S1.7 of the Supporting Information.

Finally, although the framework is conceptually extensible to
other cities and chemical regimes, its current implementation
still depends on relatively information-rich observations to
support source-related predictor construction, mechanistic
constraint construction, and model training. This dependence
may limit its immediate applicability in data-sparse regions and
may contribute to sampling variability in the reported
performance metrics, despite the repeated-split evaluation.
Accordingly, the present framework is better viewed as an
adaptable mechanism-constrained diagnostic framework rather
than a universally deployable fixed model. A practical pathway
for broader application is to first evaluate the key mechanism-
constrained relationships in representative cities and then
reduce the observational burden for cross-city deployment
through simplified feature sets, transfer learning, and other data-
efficient extensions. Further evaluation across diverse cities,
seasons, and chemical regimes will be important for assessing its
robustness, scalability, and practical utility for broader air-
quality applications.
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