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Abstract

Air-quality assessment is fundamental for quantifying health risks and
evaluating emission-control policies. However, assessing air-quality
data is challenging due to strong variability, heavy tails, complex spa-
tiotemporal structures, and meteorological confounding, which call for
principled statistical methods. This review provides an overview of
existing statistical approaches under four themes: trend analysis for
detecting systematic changes; extreme value analysis for characteriz-
ing high-pollution risk; hierarchical models for capturing spatiotempo-
ral dependence; and meteorological adjustment methods for isolating
emission-driven signals. We use air-quality data from North China to
illustrate the various reviewed methods.
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1. Introduction

Air pollution imposes substantial risks to human health, ecosystems, and the climate system
worldwide (Abbasi-Kangevari et al.| 2023, [Pozzer et al|[2023)). Effective pollution control,
therefore, requires air-quality assessment methods that are accurate, transparent, and ac-
companied by principled uncertainty quantification. Broadly speaking, the assessment tools
fall into two complementary classes: atmospheric physics- and chemistry-based dynamic nu-
merical models and data-driven statistical approaches. This review focuses on the latter,
namely statistical methods for inference and assessment from observed air-quality data,
while noting key connections to physics-based modeling.

Chemical transport models (CTMs) and coupled meteorology—chemistry systems have
advanced substantially by integrating emissions, physical transport, and atmospheric chem-
istry across multiple spatial scales. Representative examples include the Models-3/CMAQ
system (Appel et al.||2021), WRF-Chem (Grell et al.|2005), and GEOS-Chem (Bey et al.
2001). At the same time, their performance depends on initial conditions, emission in-
ventories, and physicochemical parameterizations, and high-resolution applications can be
computationally demanding. These considerations motivate statistical methods that (i)
leverage routine monitoring data for estimation, prediction, and mapping, (ii) quantify un-
certainty under complex dependence, and (iii) formalize how meteorology and other drivers
confound emission-related signals.

In operational settings, numerical modeling is often paired with data assimilation, which
updates forecasts using observations through methods such as the Ensemble Kalman Filter
(EnKF) (Houtekamer & Zhang|2016)) and variational approaches including 4D-Var (Skachko
et al.[2016]). From a statistical perspective, data assimilation is a state-space inference prob-
lem that bridges mechanistic dynamics and noisy observations. In contrast, purely statisti-
cal approaches work directly with observed pollutant and meteorological data to estimate
their relationships, interpolate in space and time, and forecast future concentrations, while
offering computational simplicity, modeling flexibility, and accounting for stochasticity and
measurement error.

Given the breadth of statistical methods used in air-quality studies, it is challenging to
provide full coverage of these methods in a single article. We instead focus on methodologies
that are widely used in air-quality assessment and supported by well-developed statistical
theory. The remainder of this review is organized as follows. Sections 2Hf] cover four
core statistical methods in air-quality assessment: detecting long-term trends, characteriz-
ing extremes and high-pollution tails, modeling spatiotemporal dependence, and inferring
emission-related signals under meteorological confounding. Section [ discusses episodic
assessment methods that treat high-pollution periods as dynamic units, complementing
full-sample analyses by focusing on onset, persistence, and cumulative pollution loading.
We conclude in Section [[ with directions for future research.

2. Trend Analysis

Trend analysis aims to determine whether concentrations exhibit systematic temporal
changes and to gauge the effectiveness of emission-control policies. Suppose there are n
pollution observations {Y;}{=; from a monitoring site, where Y; denotes the concentration
at time ¢ (e.g., hourly, daily, or annual). Trend analysis aims to answer whether the dis-
tribution of Y; changes systematically over time and, if so, how large that change is in
interpretable units (e.g., ug/ m? per year). In air-quality applications, these tasks are com-
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plicated by strong seasonality, serial dependence, outliers, missing data, and meteorological
variability, all of which can shift the distribution of Y; and obscure emission-driven change.
Thus, trend-analysis methodology must provide robust evidence for monotonic increases or
decreases under deliberately weak (hence robust) distributional assumptions.

Although many methods have been proposed for trend detection and testing, this review
focuses on two mainstream classes of methods: the regression-based methods, which posit
a parametric or semi-parametric relationship between Y; and time (and possibly covariates);
and the nonparametric trend tests, which use rank- or sign-based procedures to detect
monotonic change under minimal distributional assumptions.

2.1. Regression-Based Trend Models

A starting point for pollution modeling is the linear regression of Y; on time ¢ and covariates
th

Y: = Bo+ Bt + Xy + e, 2.1.

where o is the intercept, §1 is the per-unit time change in concentration (the temporal
trend), 7 collects the effects of the covariates (meteorology or policy indicators), and e; is
an error term with E[e; | ¢, X;] = 0 and finite conditional variance.

In applications, 27 is fitted to daily means or season-specific averages, and (8o, 81,7)
is estimated by ordinary least squares (OLS). Trend analysis focuses on (1 via its OLS
estimate Bl with uncertainty (e.g., a 95% confidence interval) and testing whether (1 is
nonzero based on the t— test. regressed deseasonalized 10-day mean
PMaz 5 anomalies on time to benchmark national PMs 5 change over 2013-2018. |Li et al.
(2020) applied the regression framework to summertime daily maximum 8-hour average
(MDAS) O3 to characterize the increase in surface ozone across China during 2013-2019.

However, the residuals may not be independent and identically distributed (i.i.d.) as
there may be autocorrelation and time-varying volatility. While the OLS point estimates
remain consistent, the classical t-test and i.i.d.-based standard errors are typically invalid,
motivating corrections that account for dependence and heteroskedasticity. One approach
is to specify a parametric error structure (e.g., autoregressive, AR(p), errors) and esti-
mate the model using the generalized least squares (GLS) with an estimated covariance

model; see [Reinsel et al| (1998) and [Orsini et al. (2006)) for air-pollution applications. A

more direct alternative is to keep the OLS point estimates and use heteroskedasticity- and
autocorrelation-consistent (HAC) standard errors with the Newey-West estimator
to counter the weak dependence and heteroskedasticity.

Beyond correcting standard errors, policy evaluation or regime characterization often
requires relaxing the single-slope assumption in 21}, which imposes a constant rate of
change over the entire study period. Piecewise linear (segmented) trend and change-point
models allow for level shifts, slope changes, or both, providing an interpretable summary

of regime shifts in atmospheric time series (Aminikhanghahi & Cook|[2017). These ideas

are supported by popular software such as a Python package ruptures (Truong et al.|[2020)
and the R package changepoint (Killick & Eckley|[2014)). [Ma et al| (2021) evaluated the
April 2019 introduction of London’s Ultra Low Emission Zone (ULEZ) using multi-year

monitoring data from the London Air Quality Network, estimating the intervention effects
that allowed for policy-induced level or slope changes.
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2.1.1. Kolmogorov-Zurbenko (KZ) Filter. Air-quality series exhibit variability on multiple
time scales (diurnal, synoptic, seasonal, and interannual). A widely used preprocessing
approach is the Kolmogorov—Zurbenko (KZ) filter (Rao & Zurbenko|[1994)), which separates
scales before fitting a trend model and applying a test for trend.

For a window length m = 2h 4 1 for a positive h, define the centered moving average

h
1
(AmY)e = — > Ve,

j=—h

whenever the averaging window lies within the data time range. The KZ filter with param-
eters (m, k) iterates A, operator k times:

KZp Y = Af,fY, where Af,f =A,0A,0---0A,,.

k times

From a nonparametric perspective, KZ,, 1 is a linear kernel smoother with a discrete-time
uniform (boxcar) kernel of half-width h,

1 .
. ) |J‘§h7 .
K(G)y=qm j € Z.
0, [i|>h,

The KZ filter KZ,, » corresponds to an iterated boxcar smoother whose equivalent ker-
nel is the k-fold convolution of K; for moderate to large k, this equivalent kernel is
well approximated by a discrete Gaussian kernel [1992). Hence, the KZ fil-
ter can be viewed in the frequency domain as a low-pass filter with transfer function
H(w) = {sin(mw/2)/[m sin(w/2)]}*, which motivates its use for scale separation.

In air-quality applications, KZ filters with two sets of parameters (mr, kr) and (msg, ks)
are used to isolate long-term and seasonal scales so that the original time series is decom-
posed into Y; = L+ S¢ + Wi where

Li = (KZmy 5, Y )ty St = (Ko ks Y)i — L, Wo =Y, — Ly — S 2.2.

Trend analysis is then conducted on the long-term component {L.}, either interpreting L
directly as the trend estimate or applying further analysis to it. Because the smoothing
alters the dependence structure, inference on L; often still requires autocorrelation-robust
uncertainty quantification (e.g., HAC or block resampling).

Choosing (m, k) is largely empirical and depends on the sampling resolution and the
temporal scales one aims to separate. Increasing m and/or k yields stronger low-pass
filtering, retaining progressively lower-frequency variation. A widely used specification in

ozone studies is [Eskridge et al.| (1997), which applies KZ155 and KZ3¢5,3 to separate short-

term, seasonal, and long-term components in daily ozone; see also (1997) for

empirical evidence of effective scale isolation in ambient ozone.

2.1.2. Generalized Additive Models (GAMs). While the KZ filter conducts implicit smooth-
ing in the decomposition of the raw data series, the generalized additive model (GAM)

(Hastie & Tibshirani|[1986, |Wood|2017)) carries out explicit smoothing in a semi-parametric

regression model with smooth trend and seasonal components:

P
Yi = Bo + Strena(t) + Sscason(doy,) + > 55(X50) + &1, 2.3.

Jj=1
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where s(-) are smooth functions represented via the penalized regression splines, and
doy, denotes the day-of-year associated with ¢. Specifically, Strena(t) captures the trend,
Sseason (dOy,) reflects the within-year seasonality, and s;(Xj ) encodes meteorological re-
sponses. In contrast to the linear model, trend inference under a GAM is not based on a
single slope parameter but on the shape of Sirena(t). In practice, one can inspect Sirend(t)
together with pointwise or simultaneous confidence bands for modeling Sgrend (t), or perform
hypothesis testing for a specific form of the trend. In the presence of residual autocorrela-
tion, the block bootstrap method (Kunsch({1989) may be used to calibrate uncertainty with
the inference for the trend. [Liang et al. (2015) used a moving-block bootstrap method to
obtain standard errors for meteorology-adjusted PMs 5 means and percentiles, illustrating
a practical workflow for dependent air-quality time series.

The GAM trend and seasonal components Sgrend(t) and Sseason(doy,) are analogous to
the corresponding terms in the KZ decomposition 221. The difference is that the KZ
filter uses a fixed linear filter with user-chosen smoothing parameters (m, k), whereas GAM
estimates these components directly from the data through penalized regression splines
(Wood|[2017). To illustrate how these approaches behave on real data, Figure [I| compares
the KZ and GAM-based decompositions for daily mean Oz at Beijing Aotizhongxin site over
2015-2020. It suggests that KZ filtering and GAM can lead to very similar decompositions
of different scale components in practice, and the differences may be attributed to the
different smoothing parameters used.

KZ decomposition of daily O3 (2015-2020) GAM decomposition of daily O3 (2015-2020)
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Figure 1

Comparison of the KZ (left panels) and GAM (right panels) decompositions for daily mean O3 at
the Beijing Aotizhongxin site (2015-2020). For the KZ-filter, (my,, k1) = (365, 3) for the trend
component (left 2nd upper panel) and (mg, ks) = (15,5) for the yearly seasonal component (left
3rd upper panel), and the corresponding components of the GAM (right panels), while the top
(bottom) panels are the raw (residual) series.

GAMs are widely used for trend assessment with flexible meteorological adjustment; for
instance, [Pearce et al.| (2011) use GAMs to quantify pollutant—meteorology relationships
while controlling for long-term and seasonal structure, and [Walker et al.| (2023) formalize
a general GAM-based framework (AirGAM) with low-rank smooth trends, smooth me-
teorological effects, and additional calendar terms. Recent deep learning models provide
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flexible predictive models for concentrations (Xing et al.|[2020), but most applications tar-

get short-horizon forecasting rather than uncertainty-quantified long-run trend inference
or transparent decomposition into trend, seasonality, and weather-driven variability. An
important direction for future work is to develop hybrid models that retain interpretable
trend/seasonal components while leveraging deep architectures for nonlinear meteorological
effects, together with calibrated uncertainty quantification for long-run summaries.

2.2. Nonparametric Trend Tests

Nonparametric approaches provide robust alternatives for trend analysis when the distri-
butional assumptions underlying parametric or semi-parametric regression are restrictive.
Ambient air-quality data are often skewed, heavy-tailed, and affected by outliers, making
nonparametric rank-based procedures attractive. Among these, the Mann—Kendall (MK)
test (Mann|/1945| Kendall|[1948) for detecting monotonic trends and the associated Theil-
Sen slope estimator (Theil [1950} [Sen|[1968) for quantifying trend magnitude are the two
most widely used in air-pollution studies.

2.2.1. Mann—Kendall (MK) Test. The MK test assesses whether later observations tend to
be systematically larger (or smaller) than earlier ones. The test statistic aggregates all
pairwise order comparisons:

n-1 n
Sy, = Z Z sgn(Y; — Ys), 2.4.
i=1 j=it1

with sgn(z) =1 if 2 > 0, 0if x = 0, and —1 if x < 0. Under Hy of no trend (identical
continuous marginal distributions) and independence, S, as a U-statistic is asymptoti-
cally normal with finite variance 0(S,). The standardized statistic Z = S, /o(S») is then
compared to N(0,1) for one- or two-sided testing with o(S,) = {n(n — 1)(2n + 5)/18}'/?
. Since S, depends only on ranks, the MK test does not rely on specific
distributional assumptions for Y;, and it is robust to outliers and monotone transforma-
tions. It can also accommodate missing values naturally by working with the available
observations, as long as the temporal ordering is preserved. These features are advanta-
geous for ambient air-quality data. Examples include MK-based trend detection applied

to (i) multi-pollutant monitoring records at an urban station in India (Chaudhuri & Dutta
[2014)), (ii) PM2.5 concentrations in Rochester, NY (Emami et al|2018), and (iii) city-level
PM, 5 series across South Asia (Fattah et al.|[2023]).

A practical caveat is that the classical MK variance is derived under independence;

positive autocorrelation reduces the effective sample size and can inflate type-I error if un-
addressed. Two common remedies are (i) modifying Var(.S) using estimates of the autocor-

relation function (Hamed & Rao||1998), and (ii) prewhitening (often in trend-preserving

variants) to filter out short-memory dependence while preserving the monotonic signal
(Kulkarni & von Storch| {1992, [Yue et al|/2002). |Collaud Coen et al| (2020) used seven
long-term atmospheric observation time series (10-60 years) to benchmark how prewhiten-

ing, time granularity, and temporal segmentation affect the MK trend detection.
Strong seasonality motivates a second extension, the seasonal MK test (Hirsch et al.
1982). Hirsch’s procedure partitions observations into K blocks (e.g., seasons), computes
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within-season MK statistics Sk, and aggregates

K
S = S,  Var(8) = > Var(S). 2.5.
k=1

The seasonal MK test then proceeds by constructing a standardized statistic Z =
S/+/Var(S) based on Var(S). The seasonal MK test is commonly used in air-quality trend

assessment. |Zeb et al.| (2019) applied the seasonal MK test to assess decadal trends (2005-
2014) based on satellite-derived CO, HCHO, NO2, and O3 over Pakistan.

2.2.2. Theil-Sen Slope. While the MK test assesses whether a monotonic trend is present,
many applications require robust estimates of the magnitude of the trend (slope). The Theil-
Sen (Sen’s) estimator (Theil [1950, [Sen|[1968) provides a nonparametric slope estimator.
Define the pairwise slopes over pairs of observations at time points ¢ < j: D;; = (Y; —
Y;)/(t; — t;), and the Theil-Sen estimator is

B\Sen = median {DZ] o1 S 1 <] S n}

where t; is the time associated with Y;. Under mild conditions, BSQH consistently estimates
the linear slope and is robust to outliers. Uncertainty quantification can be obtained via
either large-sample approximations connected to the MK statistic or through resampling.
In practice, the bootstrap-based intervals (including block bootstrap for serial dependence
(Kiinsch|[1989)) are convenient and implemented in widely used tools such as the openair
R package (Carslaw & Ropking|[2012). These tools admit standard extensions to handle

seasonality and covariates, which are pervasive in air-quality records. [de Jesus et al.| (2020])

applied the Theil-Sen slope estimator to quantify and compare long-term trends in urban
PMs. 5 mass and particle number concentrations across multiple cities.

Regression-based models (linear regression or GAMs) offer a flexible, interpretable
way to model trend components together with covariates and interventions, at the cost
of stronger modeling choices (functional form, smoothing, and error structure). In contrast,
rank-based procedures such as the Mann—Kendall test and the Theil-Sen slope estimator
make weaker distributional assumptions and are robust to outliers and monotone trans-
formations, but provide a more limited summary focused on monotonic change and are
therefore often used as complementary robustness checks. Comparative studies such as
emphasize this trade-off: parametric or semi-parametric approaches can
be more efficient when their assumptions are approximately satisfied, whereas rank-based
procedures tend to be more robust under non-normality, outliers, and model misspecifi-
cation. Consequently, in some air-quality applications, linear regression was fitted to the
KZ-filtered trend component and the MK plus Theil-Sen procedures were used to infer the
trend, as in [Yusoff et al| (2019) and |Qayyum et al] (2022).

3. Extreme Value Analysis

Unlike air-quality assessments that focus on central tendencies or trends, extreme value
analysis (EVA) targets the tail behavior of concentration distributions, because high-
concentration events often pose the greatest risks to human health. Such extremes can
arise from interacting emissions, meteorological stagnation, transport, or biomass burning,
and are often not well characterized by models focused on mean behavior. This perspective
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also aligns with regulatory practice: for example, the U.S. EPA 24-hour PMs 5 standard
is based on the 98th percentile of 24-hour concentrations, averaged over 3 years, and the
ozone standard is based on the annual fourth-highest daily maximum 8-hour concentration,

averaged over 3 years (U.S. Environmental Protection Agency|[2025). In a rapidly changing

emission-control environment, characterizing extreme events is particularly important.

We review two EVA frameworks which are widely applied in air-quality assessment. The
first is the block-mazima method, which models the distribution of periodic maxima using
the generalized extreme value (GEV) family. The second is the peaks-over-threshold (POT)
approach, which characterizes exceedances beyond a high threshold through the generalized
Pareto distribution (GPD) (Smith|[1989} Davison et al.|2012)).

3.1. The Block-Maxima Method

The block-maxima method partitions the concentration time series {Y;} into K non-
overlapping blocks (often calendar years or seasons) and analyzes the block maxima
Zr = max{Y; : ¢t € block k}, ¥ = 1,..., K. The block length entails a bias-variance
trade-off: shorter blocks yield more maxima but can be more sensitive to seasonality and
serial dependence, whereas longer blocks (e.g., annual) provide more stable extremes at the
cost of fewer replications for tail inference.

The theoretical foundation of the EVA stems from the Fisher-Tippett theorem
, which states that properly normalized maxima of i.i.d. random variables
converge in distribution to a generalized extreme-value (GEV) law. Although i.i.d. as-
sumptions are idealized, analogous limits hold for weakly dependent stationary sequences
under standard conditions (Leadbetter et al.||1983| [Hsing et al.|[1988). Accordingly, block
maxima from non-overlapping blocks are often treated as approximately independent for

likelihood-based inference in environmental studies.
The GEV cumulative distribution function (CDF) is

exp{ — [L+ ¢z~ w/ol <}, i€ 20,

G(zp,0,8) =
exp{fexp[f(zf,u)/a}}, if£€=0,
where [a]+ = max(0,a), u € R is the location parameter, o > 0 is the scale parameter, and
& € Ris the shape parameter governing tail heaviness. Parameters are typically estimated by
the maximum likelihood, treating {Zx} as an independent G(z; u, 0, &) sample. Uncertainty
is quantified via the observed Fisher information.

The return level is a standard summary that translates fitted tail behavior into a measure
of rareness. For block maxima at a given time scale, the return level associated with a return
period of T blocks is the 1 — T~ quantile z7 that satisfies G(zr; p, 0,&) = 1 =T, Return
levels support statements such as “a once-in-10-year annual maximum PMa 5 concentration”.
For annual maxima, the 10-year return level is the 90th percentile of the annual maximum
distribution with 7" = 10.

The GEV modeling of block maxima is primarily operational through return levels and

return periods for extreme pollution events. (2012) fitted GEV models to the
upper tail of VOC exposure measurements to quantify the risk of unusually high expo-

sures. Barthwal & Acharyal (2022) compared classical extreme-value distributions (Gum-
bel/Fréchet/Weibull) for urban AQI peaks and used the selected model to report exceeding
probabilities for high AQI thresholds together with return-period summaries.
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fitted a Gumbel (Type I) model to the maxima of SO2 and NOs in Istanbul
to assess extreme pollution risk and predict future peaks, and (Garbatov et al|(2022)) mod-
eled wintertime NO, extremes near the Varna seaport based on the Weibull distribution to
estimate the return periods of high-concentration events.

3.2. The Peaks-Over-Threshold Method

In environmental assessment, modeling of high concentrations over a threshold level is
desired. The peaks-over-threshold (POT) approach retains exceedances above a suitably
high threshold u, thereby making fuller use of the tail observations .

For a pollution series {Y:}, given a high threshold u, define the exceedances E; =
Y;: — u conditional on Y; > w. Under broad regularity conditions, as u increases toward the
upper endpoint, the conditional distribution of excesses converges to a generalized Pareto

distribution (GPD) (Pickands|[1975)) for u > 0:

ge —1/¢
1— (1 + ) L HfE£0,
Pr(E; <elY:>u)=H(e;ou,8) = Tul+ 3.2.
l—exp(—i), if £ =0,
Oy

where o, > 0 is a threshold-dependent scale parameter and & is the shape (tail) parameter.
The GPD shares the same tail index & as the corresponding GEV limit for the block maxima,
providing a coherent tail characterization across the two frameworks.

GPD-based inference typically relies on exceedances being approximately indepen-
dent; however, in air-pollution time series, exceedances often occur in temporally clustered
episodes due to serial dependence. A standard remedy is declustering, which summarizes
each exceedance episode by a single representative before fitting a tail model; widely used
approaches include runs-based rules and related cluster-inference ideas (Davison & Smith)|
[1990} [Ferro & Segers|[2003)). As an application, [Masseran & Mohd Safari| (2021)) applied the
runs declustering method to obtain an approximately independent sample of extreme events
for return-level inference in a case study of unhealthy air-pollution episodes in Malaysia.

POT is closely aligned with regulatory and health-relevant questions framed in terms of
exceedances over prescribed limits. A practical issue is threshold selection: if u is too low,

the GPD approximation can be biased; if u is too high, too few exceedances remain for stable
estimation. In air-quality applications, u is commonly chosen either as a policy-relevant
cutoff or as a high-quantile threshold. For example, |Al-Dhurafi et al.| (2018) modeled Air
Pollution Index (API) exceedances above the unhealthy limit v = 100 using a POT/GPD
approach for three urban areas in Peninsular Malaysia (2005-2014). Martins et al.| (2017)
set the POT threshold at the 95th percentile when fitting GPD models to hourly pollutant
concentrations in the Sao Paulo and Rio de Janeiro metropolitan regions to compare return
periods of extreme events. |Gouldsbrough et al| (2022) adopted a high-quantile threshold
(around the 90th percentile) for POT modeling of UK surface ozone.

When no clear policy cutoff or domain-specific guidance is available for choosing u,
practitioners often use diagnostic checks—most commonly mean residual life and parameter-
stability plots—to identify a high-threshold range over which fitted tail parameters are
reasonably stable (Coles| 2001} [Scarrott & MacDonald|[2012). For example,
used mean residual life diagnostics to support a GPD fit for exceedances
when constructing risk summaries.
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3.3. Nonstationary and Extended Models

Classical EVA is most naturally formulated for stationary processes, under which tail pa-
rameters remain constant across blocks or exceedances. In air-quality applications, however,
extremes can evolve with changing meteorology, emissions, and policy interventions, moti-
vating nonstationary EVA in which parameters depend on covariates x. To accommodate
nonstationarity, the block-maxima (GEV) framework typically allows the location and/or

scale parameters to depend on covariates z (Coles||2001)), for example
pa)=po+B'z,  loga(x)=v0+7 =,

or via smooth components when nonlinear effects are expected. Analogously, in the POT-
GPD framework, the scale o, (z) is often linked to x while the shape parameter & is kept

constant (Davison et al|2012). Empirically, linking tail parameters to covariates can im-

prove the fit and enable physical interpretation. For surface ozone, [Eastoe & Tawn/ (2009)

incorporated seasonal and meteorological covariates for the extreme-value parameters to as-

sess regime-dependent shifts in ozone extremes. |Garcia-Aristizabal et al|(2015) linked tail

behavior to time- and scenario-dependent climate covariates to evaluate how risk evolves un-
der projected climate conditions and to propagate uncertainty in multi-hazard assessments.
Moreover, |Gyarmati-Szabd et al| (2017)) fitted a POT model with a covariate-dependent
scale parameter, quantifying how traffic and meteorological drivers modulate the magni-

tude of extreme pollution events.
Beyond covariate-driven nonstationarity in marginal tails, environmental extremes often
involve dependence across time, variables, and space. Temporal clustering can be summa-

rized via the extremal index (Ferro & Segers|2003). For multivariate extremes, conditional

extremes models characterize tail dependence by modeling other variables given that one

component is extreme (Heffernan & Tawn|2004). Spatial and spatiotemporal extensions
further allow tail behavior to vary with location and time (Casson & Coles|[1999 [Wang]
. Together, these developments broaden the classical EVA toolkit toward more
realistic representations of interdependent extreme events in air-quality applications.

4. Spatiotemporal Models

The spatiotemporal approach treats the observed concentrations as error-perturbed mea-
surements of an underlying latent spatiotemporal process. This state-space form yields a
framework for dynamic spatial mapping and uncertainty quantification. This section re-
views the dynamic geostatistical state-space family and summarizes their adaptations for
multivariate pollutants modeling and forecasting.

[Huang & Cressie| (1996)) introduced the Hidden Dynamic Geostatistical (HDG) model
for univariate state variables, which served as a baseline model in many comparative air

quality studies (e.g.,|Cameletti et al|2011). Conceptually, it treats air-quality observations

as noisy measurements of a latent spatiotemporal field, whose temporal evolution is typ-
ically modeled by an autoregressive process AR(p) with spatially correlated innovations.
Building on the HDG framework and the dimension-reduction ideas for large space—time
problems (Wikle & Cressie|[1999), |[Fasso et al| (2007) proposed the Geostatistical Dynam-
ical Calibration (GDC) model to accommodate heterogeneous monitoring networks where

instruments may exhibit systematic additive and/or multiplicative biases. The GDC can
be viewed as a calibrated extension of the HDG framework tailored for heterogeneous mon-
itoring networks. Specifically, it introduces a calibration layer that aligns measurements
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from different instrument classes onto a common scale while preserving the reduced-rank
state-space structure.

Let Y;(s) and Z:(s) be the observed and the latent "true" concentration at site s and time
t, respectively, and X¢(s) contain a set of exogenous covariates. The calibrated observation
equation of the GDC is

Yi(s) = a+BZi(s) + Xu(s)Ty + eu(s),  eu(s) ~N(0,6°(s)), 4.1.

where («, 8) are calibration coefficients capturing additive and multiplicative bias, v col-
lects the coefficients to the exogenous covariates, and e:(s) is an independent Gaussian
white noise with mean zero and standard deviation o(s). Equation F1] represents a mea-
surement equation where biases are corrected via the calibration parameters (a, 8). In the
heterogeneous-network setting considered by [Fasso et al.| (2007), they allowed « to drift
over time such that a = «(¢), while 3 is treated as a constant. The bias-free reference sites
typically had = 0 and 8 = 1, where the non-reference sites were calibrated with estimated
(O(, 6 ) .

To model spatiotemporal dependence on a common scale, GDC represents the latent
field via a low-dimensional dynamic component plus a fine-scale residual:

Zi(s) = B(s) p, + Ui(s), 4.2.

where B(s) € R” is a set of spatial basis functions obtained from empirical orthogonal
functions (EOF) decomposition. This low-rank representation via EOF basis functions
substantially reduces the computational burden in large monitoring networks, thereby re-
taining computational tractability for high-dimensional space-time data. p, € R" is a
shared state vector evolving as

My = Guyy + My, n, ~N(0,%,), 4.3.

where G and X, are often diagonal, reflecting the orthogonality of EOF components. The
residuals U:(-) capture the remaining fine-scale spatial structure and are often modeled as
temporally independent, second-order stationary, and isotropic in space with covariance

Cov{U(s),Us(s)} = opr C’g(Hs — s/H),

where Cy(h) is a correlation function, often chosen to be exponential or Mat’ern class. For
example, under an exponential correlation, Cy(h) = exp(—6h), with the range parameter
0 > 0 to be estimated.

As another extension of the HDG framework, |Calculli et al.[(2015) proposed a multivari-
ate HDG model for modeling multiple pollutants, which can be viewed as a vector-valued
counterpart of the hierarchical state-space template in |[Fasso & Cameletti| (2009). Let
Yi(s) = (Y't<1)(s), ce Y;fq)(s))T be the g-dimensional pollutant vector such that

Yi(s) = Xp,t(5)B + X.t(5)AZ(s) + et(s),
Zi(s) = GZi-1(s) + &,(s),

4.4.

where Xj.(s) is a known fized-effects design matrix containing intercept and covariates
with regression coefficients 8, and X, +(s) is a known random-effects design matrix that
links the latent field to the available observations (often a weighting matrix). The matrix
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A is a (typically diagonal) loading matrix that maps the latent field to the observation
scale, and Z.(s) is a latent g-variate dynamic field, &;(s) denotes Gaussian measurement
error (with diagonal covariance), and G is typically diagonal for parsimony. Cross-pollutant
dependence is captured through the innovation &,(+), a temporally independent multivariate
Gaussian random field with

Cov{&,(s),€,(s)} =V Co(lls = 5'l]),

so that dependence across pollutants is built via the cross-variable covariance matrix V, a
feature particularly useful for non-collocated (spatially misaligned) monitoring networks.

The hierarchical state-space framework allows likelihood-based inference for large mon-
itoring networks with long time series where parameters are estimated by the likelihood
approach via the EM algorithms (Fasso & Cameletti/|2009). In this workflow, the Kalman
smoothing provides the conditional moments of the low-dimensional latent state pt, required
in the E-step, which naturally accommodates missing data. Software such as D-STEM and
Wang et al|(2021) make these workflows operational by providing end-to-end routines for
model fitting, dynamic spatial prediction/mapping, and uncertainty quantification on com-
plex space—time monitoring data. For short range analysis, one can enrich the temporal
component (e.g., response-side lags or shared temporal factors) while retaining the same
state-space logic; for example, [Wan et al.[(2021) developed a dynamic spatiotemporal model
for hourly PMz 5 in Beijing that incorporates meteorology and geographically structured
effects for short-horizon prediction.

These developments suggest that the HDG/GDC framework functions as a flexible state-
space backbone rather than a fixed model specification. It can be adapted along different
scientific and operational goals: enlarging the latent state to couple multiple pollutants;
enriching the temporal dynamics (e.g., response-side lags) for forecasting; and incorporat-
ing structured spatial effects to reflect geographic drivers beyond a single global coeffi-
cient. These modifications preserve the core probabilistic state-space logic while allowing
the model to better align with scientific objectives and decision-making needs. This back-
bone perspective also opens avenues for further methodological developments in scalable
inference and nonlinear extensions. Its flexibility, together with computationally efficient
likelihood-based inference via EM algorithms and Kalman smoothing, has facilitated a wide
range of downstream applications in air quality research.

For population exposure assessment, |[Fasso et al.| (2016) used the multivariate HDG
model to reconstruct daily multi-pollutant (CO, NO2, O3, PM1o, and PM3 5) surfaces over
Europe from 2009 to 2011 with heterogeneous monitoring coverage and derived population
exposure metrics. |Finazzi et al.| (2019) proposed a statistical emulator based on D-STEM
for vector-valued model outputs with missing components (illustrated using yearly-average
NO3 predictions from an ADMS-Urban dispersion model), enabling fast predictions of par-
tially observed output vectors with uncertainty quantification. For policy evaluation, [Fasso
et al.| (2022) coupled the multivariate HDG model with variable-selection ideas to assess
the air-quality impacts of the COVID-19 lockdown (Lombardy, Italy; PMig, PMs 5, and
nitrogen oxides). |Maranzano et al.| (2023) developed a functional HDG model in which
high-frequency pollutant trajectories are treated as functional responses (e.g., hourly in-
traday concentration profiles), with adaptive LASSO regularization to perform structured
covariate selection in high-dimensional functional settings.
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5. Methods for Inferring Emissions Under Meteorological Confounding

The key to air quality management is to reduce underlying emissions, which requires timely
and accurate emission measurements. Emission inventories are a traditional tool for quanti-
fying anthropogenic emissions, which compile information on industrial activity, energy use,
and population statistics and then downscale these data to a desired spatial and tempo-
ral resolution (U.S. Environmental Protection Agency|2017). Emission inventories
are key inputs to numerical atmospheric models, including the Community
Multiscale Air Quality Modeling System (CMAQ) and other chemical transport models
(CTMs). These numerical models simulate atmospheric chemical and physical processes,

enabling dynamic forecasting and data assimilation. Errors in emission inventories can be a
major source of uncertainty in model-based forecasts and assessments, including emission-
fixed scenario analyses used to separate meteorological versus emission contributions (Wang

let al.|2019, |Zhang et al.[2019). Indeed, inventories are subject to measurement and reporting

errors, and their compilation typically involves a delay of three to four years. Such delays
limit their utility for timely air quality management and can undermine the accuracy of
model-based assessments.

These limitations, together with the growing availability of high-frequency monitoring
data on both air quality and meteorology, have motivated approaches that infer emission-
related signals from concentration observations while adjusting for meteorological confound-
ing (Xiao et al2021). This section reviews methods for extracting emission-related signals
from pollutant concentrations measured at monitoring sites by removing meteorological
variability.

5.1. Parametric Deweathering Methods

As shown in Section [2] air-quality studies routinely include meteorological covariates in

the regression model to reduce weather-driven variability. Thompson et al| (2001) sur-

veys regression- and smoothing-based meteorological adjustment strategies for ozone trend
assessment and highlights practical issues such as covariate selection and serial dependence.
Residualization treats meteorology as a predictor of concentration Y; as in [2.1]

Y: = Bo + Xz—'\/—i—at, 5.1.

where X; collects meteorological covariates. The deweathered series is fft = Y — XtT A
after obtaining the OLS estimate 4. Changes in Y: over time (or between different time
periods) are attributed to variations not explained by the meteorology. Equivalently, this
corresponds to comparing fitted means under a fixed reference meteorology X*. |Li et al.
modeled summer surface O3 anomalies with flexible meteorological terms (including
interactions) and attributed the residual linear trend to anthropogenic emission changes
during 2013-2017. performed an analogous adjustment for deseasonalized
PM: 5 anomalies and interpreted the residual trend as an emissions-related contribution to
China’s PMs 5 decline over 2013-2018.

|Camalier et al.|(2007) proposed a related meteorological adjustment approach by fitting
a generalized additive model (GAM) for the daily ozone metric Y; (e.g., MDAS8 Ogs). Let
doy, and k(t) denote the day-of-year and the calendar year associated with time index ¢,

respectively, and p¢ = E(Y; | X¢,doy,, k(t)) denote the conditional mean. With a known
monotone link function g(-) (e.g., the log link in the EPA implementation), the model
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specifies the additive linear predictor

P

9(1t) = o + Sseason (doy,) + Y 8;(X5.6) + Enary 5.2.

j=1

where, in notation consistent with Eq 23], s;(-) are smooth functions of meteorological
variables and Ej ;) denotes the calendar year effect related to t. After estimating the
parameters and the functions, a deweathered series i},:dj =g! <B\0 + Ek) , was proposed by
removing the doy, and the meteorological effects. It is apparent that this approach attempts
to mimic the linear deweathering approach. However, it is unclear what the resulting
}/}kadj represents statistically, since the inverse link g~ *(-) is nonlinear, which hampers its
interpretability.

5.2. Meteorological Adjustment Methods

The deweathering methods above do not directly yield overall distributional summaries,
such as means or quantiles. Meteorologically adjusted versions of these summaries are
the focus of this subsection. Rather than subtracting a fitted meteorological component
at each time point, these approaches explicitly define a weather-adjusted estimand (e.g.,
a season-specific mean under a common meteorological baseline distribution) and provide
uncertainty quantification for the resulting measures of concentration, which are indicative
of the underlying emission.

Liang et al.| (2015]) proposed meteorologically adjusted means and quantiles of pollution
concentration distributions in the context of air quality assessment in Beijing. Let Yij;
denote the concentration in year ¢, a temporal stratum j (e.g., a month or season), and
hour ¢, Xj;; collect continuous meteorological covariates and W;;; denote discrete wind-
direction. The adjustment begins with a nonparametric model

Yije = mij (Xaje, Wije) + €ijt, 5.3.

where m;; is the year-i, stratum-j conditional mean response to meteorology, and &;;;
captures random variation. Year-specific emission shifts at fixed (X, W) are absorbed into
mg;. Let fi; denote the density of (X, W) in year-i. The meteorologically adjusted stratum
mean in year-7 is

Hij = Z/mij (z,w) fj(z,w)dz, 5.4.

where fj(z,w) = nfjl Yo fij(z,w) is a reference distribution of (X, W) constructed
across n.; years within stratum j. For a fixed j, all u;; are standardized to the same
f.j, making cross-year means {f;; } comparable across different years. Specifically, the dif-
ference between years i and 4', f1;; — pi7;, would reflect changes in the underlying emission
embedded in the response surface m;; and m; ;. The same goal cannot be achieved if the
single year meteorological density f;; is used in[5.4] as the measure would be confounded by
the weather conditions in the i-th year.
The same adjustment can be made for quantiles. Let

Fij(y | z,w) = Pr(Yije <y | Xije = x, Wije = w)
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be the conditional concentration distribution in year-i and stratum-j. A meteorologically-
adjusted distribution function is F}5* (y) = Yow f Fij(y | z,w) fj(x,w)dx, and the adjusted
7-quantile for a 7 € (0,1) is ¢;s'(7) = inf{y : F}{(y) > 7}.

Let a =1,...,n.; index the years in which stratum j is observed, and n.; be the number
of observations in year a of stratum j. The pooled reference sample is {(Xajt, Waje) }1od for
a=1,---,n.. Empirically, Liang et al.| (2015) fitted m,; nonparametrically via multivariate

kernel regression and computed an estimate of [5.4l by the plug-in principle

—1 . .
n.j Maj

n.;
Hij = Znaj Z Z Z Mij(Xaje, w) YW = w},
a=1 a=1t=1 w

which evaluates 7711']' over all stratum-;’s meteorological state (Xqj:, Wajt) of a year to ob-
tain the counter-factual average of the year (inner two summations), and then averages
over the n.; years. A strength of the meteorological adjustment is that it directly targets
interpretable distributional measures over comparable aggregates. Under standard smooth-
ness and bandwidth conditions, fi;; is consistent and supports uncertainty quantification via
either asymptotic variance formulas or dependence-respecting resampling (e.g., the block
bootstrap), and the estimation of the adjusted Firjef(y) and thus qﬁf (7) is analogous (Liang
et al.|2015)).

Subsequent work extended this temporal-adjustment framework to a spatiotemporal
setting. To support meaningful comparisons across both time and space, |Zhang et al.| (2017
allowed the meteorological response surface to vary by site location s and standardized each
site-year-stratum mean to a common baseline meteorological distribution. Specifically, they
defined the spatially and temporally standardized mean

pij(s) = Z/mia’(%w;S) fi(@,w) da,

where the baseline meteorological density f.;(z,w) is the equally weighted mixture of the
stratum-j densities across years and meteorological sites,

A
Falww) = g Do fusle i),
a=1seM

with fo;(z,w;s) denoting the joint density of (X, W) in year a and stratum-j at meteoro-
logical site s, A is the total number of years of available weather data, and M is the set
of meteorological sites in the region. [Zhang et al.| (2020) further established large-sample
guarantees for this spatiotemporal adjustment method, clarifying how bandwidth choice and
within-stratum homogeneity affect consistency and asymptotic normality for standardized
regional means.

As an important extension, the adjusted mean and quantiles in [Liang et al.| (2015) and
Zhang et al.[(2017) can be generalized to obtain an adjusted curve with respect to certain
variables. |Chen et al.|(2018) defined the adjusted curves by adjusting only part of the
meteorological covariate while leaving a subset of the covariate fixed. Write the
continuous meteorological covariates as Xi;; = (ijl.ct),XfJ;k)), where X®) is our target
variable. Under the stratum-j baseline distribution f.;, the adjusted curve function with
respect to X® is defined by

/,L»L'j(.’r(k)) = Z/mij((mm,x(*k)),w) I (:r(k),x“k),w) da P, 5.5.
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Figure 2

Meteorological adjustment at the Beijing Aotizhongxin site (2019-2022). (a) Monthly mean
PM2.5: raw (cyan) and meteorologically adjusted (red); error bars denote approximate 95%
bootstrap confidence intervals for the adjusted means. (b) Raw and meteorologically adjusted
PM2.5 response curves versus dew point and temperature for the winter season.

where the integral is taken over =z~ treating z(® as fixed. This construction is anal-
ogous to a partial dependence function under a reference covariate distribution
. Empirically, pi;(X®) can be estimated by averaging mi;j(Xajt, Wajt)
over the pooled baseline sample restricted to a neighborhood of X k), A(X(k),b) =
{x =(-,2® ) X® _p<a® < x® 4 b}, where b > 0 is a smoothing parameter.

Figure [2] demonstrates the kernel-based meteorological adjustment based on air quality
data from the Beijing Aotizhongxin site over 2019-2022. From Panel (a), the adjusted and
raw monthly means differ substantially in winter months, indicating that month-to-month
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variability in the observed series can be strongly modulated by contemporaneous meteo-
rology. In early 2019 and 2020, for example, raw PMs 5 in January-February increases,
whereas the adjusted means decline, consistent with unfavorable winter weather elevating
observed concentrations relative to a standardized meteorological baseline. Panel (b) com-
pares the raw and adjusted curves against dew point and temperature in four winters. The
raw curves are simply the marginal kernel regression estimation of PM2.5 with respect to
the variable. The raw curves appear largely variable and not monotonic across years. After
standardizing the remaining weather variables to a common winter baseline, the adjusted
curves become smoother (with reduced curvature) and more stable across years.

A closely related approach is the meteorological normalization (MN) proposed by |Grange
et al.[(2018]). In particular, after fitting a predictive model for concentrations, it constructs
a deweathered time series by holding the time/trend index fixed and averaging predictions
over a reference distribution of resampled covariates, typically via Monte Carlo resampling.
Let z: denote the time (or trend) representation to be held fixed (e.g., a running index),
and let X, collect the covariates to be resampled (often dominated by meteorological and
circulation variables). For any fitted predictor m(-), MN defines a normalized series by
Monte Carlo averaging,

B
/\ref Z’Fl’\l X( )7Zt {Xt(b)}?:l ~ jﬁref7

where Fi' is an empirical reference distribution. In practice, {X™} is often generated by
drawing a random permutation (i.e., a without-replacement reallocation) of the reference
covariate vectors for each Monte Carlo replicate. To support interpretability, reproducibil—
ity, and cross-study comparison, MN studies should explicitly report (i) the learner m, (ii)
the reference set defining F' ‘ef7 and (iii) the time representation z;. By construction, MN
yields a time-resolved deweathered trajectory {1**f(¢)}7—, rather than a single adjusted ag-
gregate for each stratum. Conceptually, MN targets the same estimand as the kernel-based
adjustment proposed in|Chen et al.[(2018): it fixes the time index (i.e., ) and marginalizes
over the distribution of the other covariates, so the MN series can be viewed as an adjusted
curve with respect to time.

The estimator m may be specified parametrically for interpretability, or more flexibly as
semiparametric or nonparametric model (e.g., random forests, gradient boosting) to capture
nonlinearities and interactions, at the cost of increased sensitivity to modeling and normal-
ization design choices; see |Qi et al.| (2024) for a comparative study. As an application, [Shi
et al.| (2021) applied the random forest based MN via the rmweather package (Grange &
Carslaw||2019) to deweather urban NOg2, O3, and PM3 5 series during the COVID-19 lock-
downs and quantify the intervention-related changes. Additional benchmarking works have
evaluated various deweathering methods against controlled chemistry-transport model ex-
periments and highlighted the sensitivity of inferred trends to model class, hyperparameter
tuning, and resampling design (e.g. |Qiu et al.| (2022), [Zheng et al.| (2023)).)

A key design difference from stratum-based meteorological adjustment is the construc-
tion of the baseline. In |Liang et al. (2015) and |Chen et al.| (2018), standardization is
performed within each stratum j (or a restricted neighborhood) using a stratum-specific
reference distribution f.;, so that comparisons are made on a common meteorological foot-
ing within the same period. In contrast, MN is often implemented using a single (global)
reference set pooled over the entire study period, yielding a time series standardized to
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an overall meteorological baseline. This choice increases the effective reference sample size
and targets a smooth deweathered time series, but it can force the model to predict under
meteorological combinations that rarely (or never) occur at time ¢, leading to unreliable
extrapolation. Accordingly, stratified MN (e.g., season- or window-based resampling) is
sometimes used to improve its performance (Vu et al.[|2019).

Although terminology varies in the literature (deweathering, weather correction, mete-
orological adjustment, or meteorological normalization), these approaches share a common
goal in removing meteorological confounding to enable emission-relevant comparisons. De-
spite differences in targets and implementation, they can all be placed within the unified
framework of meteorological adjustment in [Liang et al.| (2015]), where one first fits a pol-
lution concentration-meteorology relationship via the conditional mean (regression) model
(possibly including seasonality, year effect, or other time features), and then defines the
quantity as a standardized measure obtained by integrating the fitted conditional mean
over a fixed reference meteorological distribution. In practice, this standardization is im-
plemented with an empirical reference distribution, so the integral reduces to a simple
plug-in estimator obtained by evaluating the fitted regression of pollution levels on meteo-
rological covariates at the pooled reference-meteorology samples. Different methods mainly
differ in (i) the temporal indexing and resolution of the estimation (stratum j versus native
time step t), (ii) how the reference weather is constructed (stratum-specific versus global),
and (iii) the model class used to estimate the conditional mean model (parametric versus
non-parametric).

6. Assessment Methods based on Pollution Episodes

The meteorological adjustment outlined in Section yields temporally and/or spatially
comparable measures of the underlying emissions. However, it is done quite passively,
as it uses all observations rather than selectively focusing on periods that are especially
informative about local emissions. This section presents a more targeted strategy that
identifies calm episodes to estimate local emission intensity. The basic rationale is that
emission intensity tends to evolve more slowly than meteorological conditions, so short-
term fluctuations in observed pollution are often driven primarily by meteorological cycles.
A typical episode consists of four stages: (i) a post-cleaning calm period, with weak winds
and little precipitation, during which local emissions can dominate the accumulation process
(Zhu et al.|2021)); (ii) a regional transport-favored growth stage characterized by sustained
winds from high-emission regions leading to a rapid rise in concentrations; (iii) an air
stagnation period (Zhang et al.|[2023) with weak dispersion, during which PMs 5 often
reaches its peak; and (iv) a removal stage triggered by wind and/or precipitation processes.
When the removal stage ends, the next episode may begin.

Zhu et al.| (2021) identified calm episodes as the periods after sustained northerly cleans-
ing but before the arrival of transported pollutants and used data in the calm episodes to
estimate local emission levels. This can be viewed as a data experiment for identifying local
emissions. Motivated by the well-documented “south wind-polluting/north wind-cleaning”
pattern in North China (Tie et al.|[2017, Wang et al.[[2024), they operationalized the data
experiments by partitioning the wind direction to two broad categories: northerly (N) and
southerly (S), and defined the cumulative wind speeds that reset to zero when the wind
direction changed. Using proper threshold levels for the two broad cumulative wind direc-
tions, they selected post-cleaning calm periods that are dominated by local accumulation.
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They fitted a linear panel regression model over the selected calm episodes. For each
yeari=1,...,1,1let j =1,...,n; index the episodes within year ¢, and let t =0,1,...,T;;
denote the hour within episode j, where T;; is the duration (in hours) of episode j. Define
the concentration increment relative to the beginning of episode j as AYi;¢ = Yij¢ — Yijo.
The model is specified as

Ty
AYije = a; + ﬂ,-TAMijt + ’YiTCij + Zm‘kl(t = k) + eijt,
k=1

where AM;;; represents meteorological variations, C;; captures episode-level controls. Un-
der the assumption that regional transport is weak during calm episodes, the sequence {7 }
characterizes the within-episode pollutant accumulation trajectory in year i, and its average
over the first T hours is interpreted as an intensity measure of local emissions. To enable
interannual comparison, they adopted the meteorological adjustment outlined in Section|[5.2]
to obtain the meteorologically adjusted growth rate estimates.

Building on the calm-period approach, Luo et al.| (2022)) extended it to cover the entire
pollution episodes via an automated, meteorology-guided episode selection algorithm. In
particular, after a calm period, their procedure terminated a pollution episode at the sub-
sequent cleaning event that brings PMa.5 back to a low (clean) level. The selected episodes
are summarized by pollution loading (cumulative PMs 5 over the episode) and modeled as
functions of within-episode and pre- and post-episode meteorological variables using linear
regression and random forests. Similarly, [Luo et al.| (2022) applied a meteorological adjust-
ment approach as discussed in Section for interannual comparability. Let m;(U, Dur)
denote the fitted conditional mean pollution loading in year 7 given episode covariates U
and duration Dur. The meteorologically adjusted mean loading is estimated by

A Ng

—~ 1 1 .

PL, = ZZR—GZmi(Uaj,Duraj),
a=1 Jj=1

where {(Uaj, Durq;)}72, are the covariates from the j-th episode in year a, n, is the number
of episodes in year a and A denotes the number of years in the baseline pool.

Figure [3] illustrates the calm episode selection and the estimated local emission growth
rate during the calm periods in Beijing. Panel (a) displays a typical episode initiated after
a persistent northerly cleaning, with PMz 5 falling below 35 pug/m® and then rising rapidly
under sustained southerly airflow. Panel (b) shows an alternative cleaning mechanism driven
by wet deposition: PMsy 5 drops below 35 ,ug/m3 during precipitation, and the episode
starts after rainfall ends and concludes after the arrival of southerly winds. Panel (c)
summarizes the (original and meteorologically adjusted) mean growth curves over the first
five hours following the episode onset, highlighting nearly monotonic growth with widening
confidence bands. In most situations, the growth pattern was largely linear in the early
hours, suggesting that the linear panel model used by |Zhu et al.| (2021) was reasonable.

7. Conclusion

Air-quality assessment is essential for public health protection and environmental man-
agement, and it demands statistical methods that can provide interpretable estimates and
calibrate uncertainty quantification under dependence, heavy tails, and strong meteoro-
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Figure 3

Calm episode selection (Panels (a)-(b)) and the estimated growth rates of local emission during
the calm episodes. Panels (a)—(b): two episodes at the Beijing Aotizhongxin site (summer 2013)
and the associated cumulative northerly wind speed (CNWS), cumulative southerly wind speed
(CSWS), and cumulative precipitation; cleaning and polluting segments are highlighted. The
dashed line marks the clean threshold (35 pug/m?®), and the CNWS threshold identifies persistent
northerly cleaning. Panel (c): original and meteorologically adjusted mean PMs 5 growth curves
over the first five hours after episode onset (with 95% CIs for the adjusted curve) at the Beijing
Aotizhongxin site (winter 2019-2022); numbers in parentheses report the adjusted 5-hour average
growth rates and their standard errors.

logical variability. This review synthesizes widely used methodologies with relatively well-
developed statistical foundations, spanning trend and regime characterization, extremes
and tail risk, spatiotemporal prediction with uncertainty quantification, and meteorology-
standardized comparisons for emission-related inference. We also highlight episodic assess-
ment as a complementary lens that treats high-pollution periods as dynamic units.

The statistical foundations reviewed here provide a principled toolkit for translating
complex monitoring records into interpretable, comparable, and uncertainty-quantified sum-
maries. Future progress will benefit from tighter integration across methodological fami-
lies, particularly by embedding meteorological standardization and tail- or episode-based
summaries within scalable spatiotemporal models to produce coherent risk surfaces with
calibrated uncertainty. Transfer learning also holds considerable promise for data fusion
and for reducing estimation uncertainty, but principled strategies for transferring informa-
tion across locations and time periods remain underdeveloped. Addressing such transfer
will require careful treatment of heterogeneity, including domain adaptation and sample
selection from increasingly large and heterogeneous monitoring data sets. At the same
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time, emission-oriented conclusions will likely rely more heavily on explicit identification
strategies, sensitivity diagnostics, and closer coupling with atmospheric modeling and data
assimilation as data sources continue to expand in scale and resolution.
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