
Academic Editor: Daekeun Kim

Received: 28 April 2026

Revised: 3 June 2026

Accepted: 4 June 2026

Published: 6 June 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Article

Event-Scale Directed Synchronization Networks of PM2.5–O3
Compound Pollution in the Yangtze River Delta, China,
2015–2024: From Co-Occurrence to Coordinated Control
Hanxing Zheng 1 and Yiman Chen 2,*

1 School of International and Public Affairs, Shanghai Jiao Tong University, Shanghai 200030, China
2 School of Business, Renmin University of China, Beijing 100872, China
* Correspondence: 2023201518@ruc.edu.cn

Abstract

PM2.5 and near-surface O3 compound pollution is a major challenge for further air quality
improvement in the Yangtze River Delta (YRD). Despite research on the chemical coupling
mechanisms and concentration co-variation between PM2.5 and O3, the directional link-
ages of compound pollution events among cities and the network mechanisms underlying
their formation remain unclear. Here, we identified PM2.5–O3 compound pollution events
for 41 YRD cities from 2015 to 2024 using city-year-specific P80 dual-threshold criteria.
We then constructed annual directed synchronization networks based on event-leading
relationships and used temporal exponential random graph models to identify the for-
mation mechanisms of significant leading ties. PM2.5–O3 compound pollution events in
the YRD generally decreased during 2015–2024, with characteristics shifting from high
frequency, persistence, and strong intercity linkage in the early stage to lower frequency,
weaker intensity, and continued episodic fluctuations. Directed event networks exhibited
a clear stage-dependent evolution: network density, total edge weight, reciprocity, and
local closure were relatively high during 2015–2018, networks became markedly sparse
during 2020–2022, and a partial rebound occurred after 2023. Spatial backbone analysis
indicated reorganization of the dominant linkage structure, shifting from the Shanghai–
southern Jiangsu–northern Zhejiang coastal core toward the northern Jiangsu, Anhui, and
interprovincial corridors. Key node analysis further revealed a clear functional differentia-
tion among cities, with some cities acting as potential leading sources, some as receiving
nodes, and several non-traditional core cities serving as cross-regional bridges. Significant
leading ties were jointly shaped by reciprocity, local closures, temporal memory, economic
development, industrial structure, and digital governance. Therefore, as well as a problem
of co-occurrence, PM2.5–O3 compound pollution in the YRD is a cross-city event-network
process characterized by directionality, stage-dependent evolution, and differentiated urban
roles. This study provides empirical evidence for dynamic joint prevention and control
based on event linkages, urban roles, and cross-city coordination.

Keywords: PM2.5–O3 compound pollution; event coincidence analysis; directed synchro-
nization network; temporal exponential random graph model; Yangtze River Delta; joint
prevention and control

1. Introduction
Compound pollution involving fine particulate matter (PM2.5) and near-surface ozone

(O3) has become a major bottleneck to air quality improvement in the Yangtze River Delta
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(YRD) since the 14th Five-Year Plan period [1,2]. Since the implementation of China’s Air
Pollution Prevention and Control Action Plan in 2013, annual mean PM2.5 concentrations
in the YRD have declined, indicating substantial progress in regional particulate pollution
control. However, O3 pollution has become increasingly prominent, with O3 concentrations
rising in some cities and high-O3 episodes increasingly overlapping with high-PM2.5
episodes during transitional seasons, such as late spring and early summer, resulting in
“double-high” compound pollution [3,4]. Compared to single-pollutant pollution, PM2.5–
O3 compound pollution may pose heightened risks to human health and ecosystems [5].
This type of pollution often involves same-day co-exposure, cross-city linkages, and phased
propagation, meaning that governance boundaries frequently extend beyond individual
administrative jurisdictions [6,7].

From the perspective of chemical mechanisms, existing studies on O3 photochemical
formation, aerosol–radiation interactions, and O3 precursor sensitivity in China have
shown that PM2.5 and O3 are not independent pollutants. Instead, they are interconnected
through common precursors, photochemical reactions, and meteorological feedback [8–10].
Driven by solar radiation and photochemical reactions, VOC oxidation contributes to O3

production and, through reaction pathways involving hydroxyl radicals, promotes the
formation of secondary organic aerosols, thereby affecting PM2.5 [8]. High PM2.5-loading
may alter the near-surface photochemical environment through aerosol scattering and
absorption, changes in the radiation budget, and boundary-layer feedbacks, producing
complex and even non-linear effects on O3 formation [9]. In the YRD, O3 formation is
often characterized by VOC-limited or transitional regimes. Therefore, reducing NOx
alone may lead to an O3 rebound risk in some core urban areas [4,10]. PM2.5 and O3

attainment targets set separately by administrative units may fail to adequately address the
coupling between precursors and secondary products, as well as their non-linear responses.
Accordingly, research should identify the key pathways and priority control areas of PM2.5–
O3 compound pollution—as well as the different responsibilities of each city—from the
perspectives of regional synchronization and cross-city pollution processes.

However, existing network-based studies and related methods on PM2.5–O3 com-
pound pollution linkages have mostly focused on characterizing whether pollution varia-
tions across different cities are synchronized based on concentration correlations or event-
synchronization indicators. Common approaches include constructing correlation net-
works, undirected association networks, or event-synchronization networks [11,12]. Stud-
ies based on concentration correlations or undirected synchronization metrics can reveal
whether pollution variations among cities are synchronized and can also reflect the strength
of intercity associations. However, because they usually do not explicitly characterize the
temporal ordering of event occurrence, it remains difficult to further determine which cities
are statistically more likely to act as event-leading cities and which cities are more likely to
act as event-lagging cities.

In terms of identifying directionality, Event Coincidence Analysis (ECA) and related
event-synchronization methods have been applied to climate and hydrological extreme-
event studies to detect lead-lag responses and teleconnection structures among event
sequences at different locations [13–15]. Meanwhile, Temporal Exponential Random Graph
Models (TERGMs) have been widely used in dynamic network research, as they can
simultaneously account for endogenous network structures, temporal dependence, and
the effects of exogenous covariates on edge formation within a unified framework [16–18].
Overall, however, few studies have integrated compound pollution event identification,
event-scale directed network construction, and the TERGM dynamic network explanatory
framework to analyze why compound pollution event network relationships form, how
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they persist, and how meteorological conditions, emission characteristics, and spatial
proximity jointly affect intercity linkages.

Therefore, although existing studies have extensively discussed the coupling between
PM2.5 and O3 from the perspective of chemical mechanisms, a comprehensive analytical
framework that can simultaneously characterize event directionality, dynamic network
evolution, and edge-formation mechanisms is still lacking. This also means that joint
prevention and control (JPC) still lacks sufficiently clear and operational evidence for
determining priority control cities, identifying cross-city linkage pathways, and formulating
dynamic response strategies.

To address these gaps, we identified the event-scale directional linkages of PM2.5–
O3 compound pollution for the YRD urban agglomeration from 2015 to 2024. We then
analyzed the network structure and formation mechanisms of these linkages. Specifically,
we first transformed the continuous PM2.5 and O3 concentration series into a compound
pollution event series. Compound pollution events were identified using within-city P80
dual-threshold criteria (80th percentiles of PM2.5 and O3 series), and event declustering was
applied to reduce the influence of continuous pollution episodes on event independence.
Accordingly, a leading-matching method with a fixed time window τ was used to identify
lead–lag relationships among compound pollution events across cities, and statistically
significant directional ties were retained through significance testing. We then constructed
annual directed synchronization networks of PM2.5–O3 pollution events in the YRD for
2015–2024. Finally, a TERGM framework was applied to explain the formation, persistence,
and dissolution mechanisms of significant leading ties.

The research design included three levels of analysis. First, we characterized the
stage-dependent evolution of annual directed synchronization networks of PM2.5–O3 pol-
lution events in the YRD, identifying changes in the overall connectivity, spatial backbones,
and major linkage pathways across different pollution-control stages. Second, from the
perspective of node roles, we examined functional differences among cities in the com-
pound pollution linkage network and identified potential pollution output, input, and
cross-regional bridging nodes. Third, after controlling for network structure and histor-
ical persistence, we analyzed how spatial proximity, economic development, industrial
structure, urban attributes, and digital governance were associated with the formation of
significant leading ties. As a result, this study advances PM2.5–O3 pollution research from
concentration co-occurrence and correlation descriptions for event-linkage identification,
urban role classification, and mechanism interpretation for coordinated governance.

Compared to previous studies, the marginal contributions of this study are threefold.
First, in the context of PM2.5–O3 pollution in the YRD, we constructed an event-scale
directed network that was comparable across years and capable of distinguishing direction-
ality. Compared with studies based on concentration correlations or undirected association
structures, this framework not only characterizes whether compound pollution events are
synchronized among cities but also further identifies potential output, input, and bridging
cities, providing more targeted evidence for responsibility allocation and priority setting in
regional joint prevention and control. Second, event declustering, fixed-lag event coinci-
dence analysis, and circular-shift surrogate significance testing were combined to minimize
the pseudo-synchronization caused by synoptic-scale common forcing and continuous pol-
lution episodes. Annual networks also provide an empirical basis for comparing regional
pollution linkages across different policy stages, including the Air Pollution Prevention
and Control Action Plan, Blue Sky Protection Campaign, and 14th Five-Year Plan period
of coordinated governance. Third, the TERGM framework incorporates endogenous net-
work structures, temporal memory, and spatial- and city-level covariates, including digital
governance. This extends the descriptive analysis of event-synchronization networks to a
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statistical explanation of tie formation mechanisms. Through this design, we not only iden-
tify which cities are connected by significant leading relationships but also examine why
these relationships form, how they persist, and under what conditions they change, thereby
providing empirical evidence for differentiated emission reduction, cross-city warning
systems, and information coordination.

The remainder of this paper is organized as follows: Section 2 introduces the study area
and data sources, identification of PM2.5–O3 compound pollution events, and construction
of directed synchronization networks, network indicators, and TERGM specifications.
Section 3 reports changes in the scale of compound pollution events, overall network
evolution, spatial backbones in representative years, key urban nodes, TERGM estimates,
and goodness-of-fit diagnostics. Section 4 discusses the chemical–physical interpretation,
urban role differentiation, and mechanisms of significant leading tie formation revealed
by the TERGM. Section 5 presents the conclusions and policy recommendations for the
coordinated governance of PM2.5–O3 pollution in the YRD.

2. Materials and Methods
2.1. Study Area and Data

This study focuses on the YRD urban agglomeration and includes 41 prefecture-level
cities in Shanghai, Jiangsu, Zhejiang, and Anhui provinces. Air pollutant concentrations
were obtained from urban air quality monitoring data released by the China National
Environmental Monitoring Centre, covering the period from 1 January 2015, to 31 December
2024. As PM2.5 and near-surface O3 are the core pollutants targeted by recent compound
pollution control measures in the YRD, we selected PM2.5 and O3 as the main pollutants
of interest and constructed a city-level daily panel dataset based on hourly observations
from urban monitoring stations. Specifically, PM2.5 concentrations were represented by
daily mean values calculated from hourly concentrations, whereas O3 concentrations were
represented by the maximum daily 8-h average. These processing procedures are consistent
with the evaluation requirements for PM2.5 and O3 concentrations specified in China’s
Ambient Air Quality Standards (GB 3095-2012) and Technical Regulation on Ambient Air
Quality Index (on trial) (HJ 633-2012) [19,20]. The concentrations of both pollutants are
expressed in µg/m3.

In subsequent analyses, daily PM2.5 and O3 concentrations were not simply aggre-
gated into annual mean values. Instead, the daily pollution series from 2015 to 2024 was
divided by calendar year, and PM2.5–O3 compound pollution events were independently
identified within each year. Year-specific directed event networks were then constructed.
Therefore, the annual networks are event networks derived from daily event sequences
within each year rather than correlation networks based on annual mean concentrations.

In addition to air pollutant data, we collected variables related to urban socioeco-
nomic conditions, industrial structure, population agglomeration, and digital governance
for the subsequent TERGM analysis. Socioeconomic variables included the per capita
gross regional product (PGDP), permanent resident population size, and registered urban
unemployment rate. Industrial structure variables included the shares of secondary and
tertiary industry value-added, from which an industrial structure upgrading index was
constructed. A population agglomeration variable was used to characterize the spatial con-
centration of the urban population, whereas a digital governance variable (Dig) was used
to capture the level of urban digital governance. City-level attribute data were obtained
from the China City Statistical Yearbook, provincial and municipal statistical yearbooks,
city statistical bulletins, relevant policy documents, and publicly available databases. All
city-level attribute variables were matched to the network data by city and year to explain
the formation mechanisms of significant leading relationships among cities.
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2.2. Identification of PM2.5–O3 Compound Pollution Events

To identify the directional linkages of PM2.5–O3 pollution events among cities in the
YRD, we first transformed a continuous pollutant concentration series into an event series.
Because cities differ substantially in terms of baseline pollution levels, emission structures,
and meteorological backgrounds, we identified compound pollution events using city-year-
specific relative thresholds rather than a uniform absolute concentration threshold. This
approach helps to reduce the influence of intercity differences in baseline pollution levels
on event identification and improves the comparability of compound pollution events
across cities.

Specifically, we let xi(d) and yi(d) denote the daily mean PM2.5 and O3 maximum
daily 8-h average values, respectively, for city i on day d. For each city and calendar year,
the 80th percentiles of PM2.5 and O3 series were calculated separately and denoted as
qxi,t(0.8) and qyi,t

(0.8), respectively. A given day was identified as a candidate PM2.5–O3

compound pollution event if both PM2.5 and O3 exceeded their corresponding city-year-
specific P80 thresholds:

Ei(d) = I
{

xi(d) > qxi,t(0.8) ∧ yi(d) > qyi,t
(0.8)

}
(1)

where I(·) is an indicator function that equals 1 if the condition inside the parentheses
is satisfied and 0 otherwise. The P80 dual-threshold criterion is valuable for identifying
compound pollution episodes in which PM2.5 and O3 are simultaneously elevated relative
to the city’s annual pollution distribution, rather than for determining whether a given day
meets a statutory pollution grade.

To further characterize the relative intensity of compound pollution events, we stan-
dardized the PM2.5 and O3 series for each city-year, and calculated the combined intensity
for each candidate event day. We let zxi(d) and zyi

(d) denote standardized PM2.5 and
O3 concentrations, respectively, then defined the compound pollution event intensity
as follows:

Si(d) = zxi(d) + zyi
(d) (2)

This indicator reflects the degree to which the two pollutants were jointly elevated on
the same day and was used for subsequent event declustering and selection of representa-
tive event days.

Because a single compound pollution episode may last for several consecutive days,
treating all consecutive exceedance days as independent events could lead to repeated
counting of the same pollution episode and artificially amplify the intercity event syn-
chronization. Therefore, event declustering was applied to candidate events. Consecutive
candidate events within the same city with an interval of no more than one day were
assigned to the same compound pollution event cluster. Within each event cluster, the
day with the highest combined intensity Si(d) was retained as the representative day of
the compound pollution event. If multiple days had the same intensity, the first day was
retained. After event declustering, each city in each year had a relatively independent
sequence of PM2.5–O3 pollution event dates, which provided the basis for subsequent
event-leading matching and directed network construction.

2.3. Construction of Event-Scale Directed Synchronization Networks

After obtaining the declustered PM2.5–O3 compound pollution event sequences for
each city, we adopted the concept of event coincidence analysis [7] to identify directional
leading relationships among compound pollution events across cities and construct annual
directed synchronization networks. If a compound pollution event in city i was followed
by a compound pollution event in city j within a short time window, and this lead–lag
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response was significantly more frequent than expected under random conditions, we
regarded the event as a directional event linkage from city i to city j.

We let Ti,t =
{
τi,1, τi,2, . . . , τi,ni

}
and Tj,t =

{
τj,1, τj,2, . . . , τj,nj

}
denote the declustered

compound pollution event date sequences of cities i and j in year t, respectively. In this
study, the maximum lag window was set to L = 5 days. For an event day τi,k in city i, if
an event day τj,l in city j satisfies 0 ≤ τj,l − τi,k ≤ L, then the compound pollution event in
city i is considered to lead-match a compound pollution event in city j. To avoid repeated
matching of the same event, we applied a nearest-neighbor matching rule; thus, each event
can participate in only one match in a given direction. This procedure yields the number of
leading matches from city i to city j, denoted as Wij,t = Clead

ij,t , i ̸= j. Here, Wij,t represents
the event-matching intensity with which city i leads city j in year t. Because we separately
calculated the matching counts for the two directions, i → j and j → i , Wij,t and Wji,t were
not necessarily equal. In other words, the edges in the network are directional and can
capture the lead–lag responses of compound pollution events among cities.

In addition, compound pollution events across cities may be influenced by regional
meteorological conditions, seasonal variations, and common emission activities. Therefore,
temporal proximity between events alone cannot be considered as evidence of a stable
directional linkage. To address this issue, we further applied a circular-shift surrogate
method to test the significance of edge weights. Specifically, within each year, the event
sequence of one city was fixed, whereas that of the other city shifted circularly. This
procedure was repeated B = 200 times, and the leading match count for each city pair was
recalculated after each random shift to generate a null distribution of edge weights. The
observed edge weight Wij,t was then compared with the surrogate distribution to calculate
the empirical p-value as follows:

pij,t =
1 + ∑B

b=1 I
(

W(b)
ij,t ≥ Wij,t

)
B + 1

(3)

where W(b)
ij,t denotes the edge weight obtained from the b-th surrogate random shift, B is

the number of random repetitions, and I(·) is an indicator function. This empirical p-value
represents the probability of obtaining an edge weight that is no smaller than the observed
edge weight under random conditions. A smaller pij,t indicates that the event-matching
relationship in which city i leads city j is less likely to be caused by random synchronization.

Because directional relationships among multiple city pairs were tested simultaneously,
we applied the Benjamini–Hochberg false discovery rate procedure to reduce the risk of
false positives caused by multiple testing. A directional edge from city i to city j was
retained in the annual network only if its empirical p-value passed the specified significance
threshold after false discovery rate correction. Finally, the annual directed network was
represented as a binary adjacency matrix.

Yij,t = I
(
Wij,t > 0

)
(4)

Here, Yij,t = 1 indicates that city i has a significant leading relationship with city j in
terms of compound pollution events in year t, and Yij,t = 0 indicates that no significant
directional edge exists. Accordingly, directed synchronization networks of PM2.5–O3

pollution events were constructed for 2015–2024. The network nodes represent the 41
cities in the YRD, the directed edges represent significant intercity-leading relationships
of compound pollution events, and the edge weight Wij,t describes the intensity of each
leading relationship.

It should be noted that the directed links constructed in this study represent statisti-
cally inferred associations based on the temporal ordering of compound pollution events
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and significance testing, rather than physical atmospheric transport pathways or direct
causal relationships. In other words, a significant directed edge from city i to city j indicates
that PM2.5–O3 compound pollution events in city i statistically tend to precede those in
city j within the specified lag window, and that this leading relationship is unlikely to
arise from random synchronization. However, the underlying mechanisms may involve
shared meteorological forcing, similar emission rhythms, photochemical processes, actual
atmospheric transport, or their combined effects. Therefore, the directed event network
is used here to identify statistical event-linkage patterns and potential targets for coordi-
nated control, rather than to infer deterministic source–receptor relationships or physical
transport pathways.

2.4. Network Indicators and TERGM Specification

After constructing the annual directed synchronization networks of PM2.5–O3 com-
pound pollution events for 2015–2024, we first characterized the network structure from
two perspectives: overall network properties and node roles. At the overall network level,
we calculated indicators such as network density, number of non-zero edges, average edge
weight, proportion of reciprocal ties, and network connectivity to describe the overall
strength and complexity of the directional linkages among compound pollution events in
the YRD. Network density represents the proportion of significant leading ties among all
possible directed ties in an annual network. The number of non-zero edges and the average
edge weight reflect the quantity and intensity of significant event linkages within a region,
whereas the proportion of reciprocal ties measures whether city pairs exhibit bidirectional
leading relationships or mutual responses.

At the node level, we calculated the in-degree, out-degree, in-strength, out-strength,
and betweenness centralities. Out-degree and out-strength were used to characterize the
extent to which a city acts as a potential output node, that is, the degree to which its
compound pollution events lead to events in other cities. In-degree and in-strength were
used to characterize the extent to which a city acts as a potential input node, that is, the
degree to which its compound pollution events lag behind those of other cities. Betweenness
centrality was used to identify bridging nodes connecting different cities or pollution
linkage pathways. These indicators were used to further distinguish between output-,
input-, and bridging-type cities in the compound pollution event network, providing a basis
for subsequent coordinated governance zoning and identification of priority control cities.

Network indicators can reveal the structural characteristics of intercity compound
pollution event linkages, but cannot explain why significant leading ties form, or whether
such ties are jointly shaped by network structure, temporal memory, and city attributes.
Therefore, we used the TERGM to analyze the formation mechanisms of annual directed
networks; this model treats dynamic networks as a sequence of networks that evolve over
time and can incorporate endogenous network structures, temporal dependence terms,
and exogenous covariates within a unified framework. Therefore, the TERGM is suitable
for explaining the tie formation process in our year-specific directed event networks.

We let Yt denote the directed synchronization network of PM2.5–O3 compound pollu-
tion events in year t. Yij,t = 1 indicates that city i has a significant leading relationship with
city j in year t, whereas Yij,t = 0 indicates that no significant leading relationship exists.
Conditional on the previous network state, the TERGM can be expressed as follows:

P(Yt | Yt−1, θ) =
exp

{
θTh(Yt, Yt−1, Xt)

}
c(θ, Yt−1, Xt)

(5)

where θ is the vector of parameters to be estimated, and h(Yt, Yt−1, Xt) is the vector of
network statistics, including endogenous network structural terms, temporal dependence
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terms, and exogenous covariates. Xt denotes city attributes and dyadic covariates in year
t, and c(θ, Yt−1, Xt) is the normalizing constant that ensures that the probabilities of all
possible networks (Yt), conditional on the previous network (Yt−1) and covariates (Xt), sum
to one. In other words, this constant makes the TERGM a valid probability distribution,
although its closed form is usually not directly computed in model estimation. Given the
annual network setting of this study, we adopted a first-order Markov dependence structure,
assuming that formation of the current-year network was predominantly influenced by the
network state of the previous year.

Regarding the specifications of the model statistics, we first included the edge term
to capture the baseline tendency of the network to form significant leading ties. As the
intercity linkages of air pollution events may involve mutual responses and regional co-
fluctuations, the mutual term was further included to test whether the two cities were more
likely to form bidirectional leading relationships. Additionally, geometrically weighted
shared partner terms were incorporated, including geometrically weighted edgewise shared
partners (gwesp) and geometrically weighted dyadwise shared partners (gwdsp), to capture
transitive closure, clustering structures, and higher-order network dependence. Compared
to directly including multiple higher-order structural terms, geometrically weighted terms
can characterize network closure while reducing the risk of model degeneracy.

To capture the temporal persistence of network relationships, a memory term was
introduced. This term tests whether significant leading ties that already existed in the
previous year are more likely to reappear in the current year. A significantly positive
coefficient of the memory term indicates that the directional linkages of compound pollution
events among cities exhibit path dependence or stability. If the coefficient is insignificant or
negative, significant leading relationships are more likely to show stage-dependent changes
or annual reorganization.

In addition to the endogenous network structures and temporal dependence terms,
we included spatial- and city-level covariates to explain the external drivers of significant
leading ties. The spatial covariates included the spatial adjacency matrix and intercity
distance matrix, which were used to characterize the effects of geographic proximity
and distance decay on the directional linkages of compound pollution events. City-level
attribute variables included the PGDP, permanent resident population size, registered urban
unemployment rate, industrial structure variables, the industrial structure upgrading
index, population agglomeration, and the Dig index. These variables represent urban
economic development, population activity intensity, socioeconomic operating conditions,
industrial emission bases, industrial transformation, population concentration, and digital
governance capacity.

The digital governance variable (Dig) was used to characterize urban digital gover-
nance capacity. It was constructed based on publicly available policy documents and pilot-
city lists, including smart-city, digital-government, information-service, and e-government
pilot programs or policy initiatives at the national and local levels. If a city had been
included in a relevant digital governance or smart-city pilot program, or had issued explicit
digital-government construction policies in a given year, the city-year observation was
coded as 1; otherwise, it was coded as 0. This variable is intended to capture the digital gov-
ernance foundation related to environmental monitoring, information sharing, pollution
early warning, and cross-departmental coordination.

As we examined directed networks, city-level attribute variables entered the TERGM
in three forms: sender effects, receiver effects, and dyadic difference effects. Sender effects
are used to test whether a given attribute affects the likelihood of a city becoming an output
node in compound pollution event linkages. Receiver effects were used to test whether a
given attribute affected the likelihood of a city becoming an input node. Dyadic difference
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effects were used to examine whether similarities or differences between two cities in a
given attribute influenced the formation of significant leading ties. The general forms of
these effects are expressed as follows:

Sourceij,t = Xi,t (6)

Targetij,t = Xj,t (7)

Diffij,t = | Xi,t − Xj,t | (8)

where Xi,t and Xj,t denote a specific attribute variable for city i and j in year t, respectively.
A positive coefficient of the sender effect indicates that cities with higher values of this
attribute are more likely to form significant leadership ties with other cities. A positive
coefficient of the receiver effect indicates that cities with higher values for this attribute
are more likely to become the receivers of significant leading relationships. A negative
coefficient of the dyadic difference effect suggests that cities with similar attribute values
are more likely to form significant leading ties, reflecting their homophilous linkages.
Conversely, a positive coefficient indicates that cities with larger attribute differences are
more likely to form significant leading relationships, reflecting functional complementarity
or cross-level linkages among cities.

Accordingly, the TERGM can be summarized as follows:

logit
{

P
(
Yij,t = 1

)}
= α+ β1Edgest + β2Mutualt + β3GWESPt + β4GWDSPt

+β5Memoryij,t−1 + β6Adjacencyij + β7Distanceij

+∑
m
γmX(m)

i,t + ∑
m
δmX(m)

j,t + ∑
m
ηm | X(m)

i,t − X(m)
j,t |

(9)

where Adjacencyij indicates whether cities i and j are spatially adjacent; Distanceij denotes

the geographical distance between the two cities; X(m)
i,t and X(m)

j,t represent the m-th attribute

variable of the sender city and receiver city, respectively; and | X(m)
i,t − X(m)

j,t | denotes the
absolute difference between the two cities in that attribute. Note that Equation (9) merely
describes the explanatory terms included in the model, whereas actual estimations were
conducted within the TERGM framework, which simultaneously accounted for network
dependence structures and the normalizing constant.

The model was estimated using the Markov Chain Monte Carlo maximum likelihood
estimation method implemented in the btergm package version 1.11.1 in R software ver-
sion 4.5.2, with maximum pseudolikelihood estimation estimates used as initial values.
Bootstrapping was used to evaluate parameter uncertainty to assess model robustness.
Model performance was further evaluated based on parameter significance, information
criteria, and goodness-of-fit diagnostics. Goodness-of-fit tests compared the simulated and
observed networks in terms of degree distribution, edgewise shared partner distribution,
geodesic distance, and reciprocity structure to assess whether the model adequately re-
produced key structural features of the PM2.5–O3 compound pollution event network in
the YRD.

3. Results
3.1. Scale and Annual Fluctuations in Compound Pollution Events

Figure 1 shows annual changes in PM2.5–O3 pollution events in the YRD from 2015
to 2024. Overall, the number of compound events markedly declined during the study
period. This decrease was not linear but characterized by a high frequency of events in the
early stage, a rapid decline in the middle stage, and low-level fluctuations in the later stage.
The event scale was highest in 2015, with more than 1000 raw events and approximately
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550 declustered events, indicating that compound pollution episodes involving simultane-
ously elevated PM2.5 and O3 were relatively frequent at the beginning of the study period.
The number of events decreased substantially in 2016, then temporarily rebounded in 2017,
suggesting that compound pollution may still be influenced by unfavorable meteorologi-
cal conditions, increased O3 levels, and regional transport. From 2018 to 2020, both raw
and declustered event counts declined, indicating a clear reduction in the frequency of
compound pollution episodes.

 

Figure 1. Annual number of raw and declustered PM2.5–O3 compound pollution events in the
Yangtze River Delta (YRD) during 2015–2024.

A comparison before and after declustering showed that the number of raw events
was consistently higher than the number of declustered events. This suggests that some
compound pollution days were concentrated within continuous pollution episodes, rather
than occurring as fully independent events. The gap between the two series was relatively
large during 2015–2019, indicating that compound pollution episodes during this period
were frequent and persistent. After 2020, the gap narrowed, suggesting that compound
pollution events became more short-lived and scattered. Event counts remained low during
2021–2022, increased somewhat in 2023, then declined again in 2024. This pattern indicates
the weakening of the overall risk of compound pollution, although episodic rebound
remains possible.

3.2. Evolution of the Overall Network Structure

Table 1 reports the annual summary statistics of the directed leading networks of
PM2.5–O3 compound pollution events in the Yangtze River Delta from 2015 to 2024. To
avoid repeating the exact numerical values already provided in the table, the following
discussion focuses on the stage-wise changes in network structure. Overall, the network did
not decline in a simple linear manner, but showed clear stage-specific fluctuations. During
2015–2018, the number of edges, network density, and total weight remained at relatively
high levels, indicating that statistically significant leading relationships among compound
pollution events were widespread and that the regional linkage structure was relatively
dense. After 2019, both network connectivity and edge strength declined markedly. In
particular, during 2020–2022, the network entered a low-density and low-weight stage,
suggesting that significant cross-city leading relationships became much less frequent
and that compound pollution events were more localized and weakly linked. In 2023, the
network showed a partial rebound, but the average edge weight remained much lower than
in the early study period, indicating that the later recovery mainly reflected an expansion
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in linkage coverage rather than a substantial strengthening of individual ties. In 2024,
the network contracted again, suggesting that compound pollution event linkages still
exhibited fluctuation and stage-wise reorganization.

Table 1. Indicators of the overall PM2.5–O3 compound pollution event leading network in the YRD
during 2015–2024.

Year Edges Density Reciprocity Transitivity Total Weight Avg. Weight

2015 528 0.322 0.652 0.735 4585 8.684
2016 569 0.347 0.714 0.767 3283 5.770
2017 842 0.513 0.663 0.742 5370 6.378
2018 951 0.580 0.705 0.803 4316 4.538
2019 664 0.405 0.633 0.687 2458 3.702
2020 240 0.146 0.633 0.620 524 2.183
2021 253 0.154 0.719 0.654 332 1.312
2022 272 0.166 0.493 0.624 350 1.287
2023 647 0.395 0.535 0.702 1307 2.020
2024 530 0.323 0.642 0.712 934 1.762

Figure 2 further converts the network connectivity and edge-strength indicators in
Table 1 into temporal trajectories, thereby highlighting the synchronization and divergence
among different indicators. Network density and the number of nonzero edges mainly
reflect changes in linkage coverage, whereas total weight and average nonzero edge weight
reflect the repeated strength of leading relationships. In the early study period, the network
showed not only high connectivity but also relatively strong repeated leading matches
among some city pairs. After 2020, the decline in total weight and average edge weight
became more pronounced, indicating that regional compound pollution events no longer
exhibited frequent and strongly repeated cross-city linkages. Notably, although network
density and the number of nonzero edges rebounded in 2023, the recovery in total weight
and average edge weight was limited, suggesting that many newly formed ties were
relatively weak and that the regional synchronization intensity of compound pollution
events had not returned to the level observed in the early period.

Figure 3 complements Table 1 by providing a dynamic interpretation of the structural
indicators, with a focus on the temporal evolution of reciprocity, transitivity, and the
weighted clustering coefficient. Compared with edge number and density, these indicators
reflect changes in the internal organization of the network. In the early study period,
reciprocity and transitivity remained relatively high, suggesting that compound pollution
event linkages were more likely to form bidirectional responses and locally closed structures.
During 2020–2022, the closure and clustering characteristics weakened, indicating that the
network shifted from regional group-based linkages toward more dispersed connections.
After 2023, some structural indicators recovered, implying a certain degree of network
reorganization in the later period. However, strongly connected city groups and high-
intensity local clustering had not fully returned to the levels observed in the early stage.

Transitivity peaked in 2018, declined markedly from 2019 to 2022, then increased from
2023 to 2024. This pattern indicates that local closure structures were more likely to form
during the early stages of the study period. In other words, cities that were indirectly
connected through intermediate linkages were more likely to develop direct connections.
In contrast, the weakening of closure structures during 2020–2022 suggests that compound
pollution linkages shifted from regionally clustered relationships to a more dispersed
pattern of connections.
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Figure 2. Evolution of overall network intensity in the YRD during 2015–2024: (a) density; (b) number
of non-zero edges; (c) total edge weight; (d) average non-zero edge weight.

Figure 3. Evolution of network structural characteristics in the YRD during 2015–2024: (a) reciprocity;
(b) transitivity; (c) weighted clustering coefficient.
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The weighted clustering coefficient was generally lower than the reciprocity and
transitivity, and reached a minimum in 2020, corresponding to a marked weakening of
high-intensity local clustering in the network. After 2021, the clustering level recovered to
some extent but remained relatively stable at a low-to-medium level. This suggests that,
although some local clustering still existed in later stages, the level of strongly connected
urban clusters did not return to that of the early stage. Overall, Figure 3 indicates that the
compound pollution event network in the YRD exhibited strong structural dynamics. In
the early stage, the network was more likely to form reciprocal and closed regional linkage
structures; during 2020–2022, structural connections became notably weaker; and after
2023, partial recovery occurred, although the overall network remained weaker than that
during the high-linkage stage.

3.3. Spatial Patterns and Backbone of the Compound Pollution Event Network

Figure 4 shows the top 60 spatial backbones of directed leading networks of PM2.5–O3

pollution events in the YRD for representative years (2015, 2018, 2020, and 2024). Overall,
the network spatial structure was not fixed but underwent dynamic reorganization: from
concentrated linkages in eastern coastal areas and the Zhejiang–Shanghai–Jiangsu junction
toward central–western areas and interprovincial corridors. This suggests that the spatial
linkages of compound pollution events in the YRD were influenced not only by the scale
of pollution events but also by regional transport, urban agglomeration structure, and
year-specific pollution backgrounds.

In 2015, the network backbone was concentrated in eastern and southeastern cities, in-
cluding Shanghai, Suzhou, Wuxi, Changzhou, Jiaxing, Huzhou, Shaoxing, Ningbo, Taizhou,
and Wenzhou, with clear linkage patterns among coastal Zhejiang–Shanghai–Jiangsu and
Hangzhou Bay. Many high-weight edges were distributed between the core YRD cities
and coastal cities in Zhejiang, indicating that the directionally leading relationships of
compound pollution events were strongly regionally clustered at the beginning of the study
period. The core linkage area was predominantly in the eastern urban belt, where economic
activity, population concentration, and transport connections were relatively intensive.

In 2018, the network backbone extended toward central and northern Jiangsu. The
connections between cities such as Yancheng, Huai’an, Yangzhou, Taizhou, and Nantong,
and core cities such as Shanghai, Suzhou, Wuxi, and Changzhou were notably strengthened.
Compared with 2015, the 2018 network was no longer confined to the Zhejiang–Shanghai–
southern Jiangsu region, but formed multiple linkage pathways from northern and central
Jiangsu to Shanghai and coastal cities in Zhejiang. This is consistent with our earlier finding
that both the number of edges and network density reached relatively high levels in 2018,
suggesting that compound pollution events were not only more frequent but also involved
broader cross-regional linkages.

By 2020, the network backbone had contracted significantly. Spatial connections were
mainly retained between Shanghai, Suzhou, Wuxi, Jiaxing, Shaoxing, Ningbo, Zhoushan,
Taizhou, Wenzhou, and some coastal cities in central Jiangsu. Most cities in Anhui and
the western part of the YRD participated substantially less in the top 60 backbones. This
indicates that the significant leading relationships of compound pollution events in 2020
were more concentrated around the eastern coastal area and core urban zones, whereas the
overall regional network became sparser. This pattern is consistent with the sharp decline
in compound event counts and network intensity in 2020, reflecting a clear weakening of
compound pollution linkages during this stage.

The spatial backbone of 2024 showed a new pattern of reorganization. Compared to
2020, network linkages expanded notably toward northern and central Anhui and Anhui–
Zhejiang border areas. More cross-regional connections appeared among cities, such as
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Huaibei, Suzhou, Bengbu, Huainan, Hefei, Lu’an, Wuhu, Xuancheng, Lishui, and Taizhou.
Linkages involving Shanghai, southern Jiangsu, and parts of northern Zhejiang weakened.
This suggests that, in the later stage, the key linkage areas of compound pollution events no
longer depended entirely on the traditional Shanghai–southern Jiangsu–northern Zhejiang
core but tended to extend inland and toward interprovincial corridors.

Figure 4. Spatial backbones (linkage structure) of directed PM2.5–O3 compound pollution event
networks in the YRD for representative years: (a) 2015; (b) 2018; (c) 2020; (d) 2024.

Overall, the spatial backbone of the directed PM2.5–O3 pollution event network in the
YRD showed clear stage-dependent characteristics. In 2015, dense linkages were common
between core areas and coastal cities. In 2018, the network expanded toward central and
northern Jiangsu, with the regional linkage range becoming relatively high. In 2020, the
network contracted markedly, and linkages became concentrated in the eastern coastal
area and core urban belt. In 2024, spatial reorganization shifted toward Anhui and the
Anhui–Zhejiang corridor. These findings indicate that the coordinated governance of
compound pollution events should not rely solely on fixed administrative boundaries or a
single core city. Instead, key pathways and bridging cities should be identified from the

https://doi.org/10.3390/atmos17060588

https://doi.org/10.3390/atmos17060588


Atmosphere 2026, 17, 588 15 of 30

annual network backbone, so that the priorities of regional joint prevention and control can
be dynamically adjusted.

3.4. Identification of Key Nodes and Differentiation of Urban Roles

Table 2 and Figure 5 show the key nodes and their functional differences in the directed
PM2.5–O3 pollution event network of the YRD from different perspectives. Based on the
average results for 2015–2024, we identified the top-ranked cities according to multiple
indicators, including out-strength, in-strength, betweenness centrality, and PageRank
(Table 2). Shaoxing, Yancheng, Nantong, Taizhou, Quzhou, Lishui, Suzhou, Shanghai,
Lianyungang, and Changzhou performed well across all indicators, indicating that these
cities are not simply high-pollution cities but also have strong structural importance in the
cross-city linkage network of compound pollution events.

Table 2. Comprehensive performance of key nodes in the directed PM2.5–O3 compound pollution
event network of the YRD.

City Out-Strength In-Strength Betweenness PageRank

Shaoxing 79.1 76.6 0.0245 0.0330
Yancheng 81.4 75.6 0.0255 0.0299
Nantong 89.4 80.4 0.0197 0.0288
Taizhou 79.1 78.3 0.0278 0.0338
Quzhou 49.3 67.7 0.0324 0.0362
Lishui 57.6 76.8 0.0196 0.0361

Suzhou 82.5 73.0 0.0164 0.0281
Shanghai 113.4 77.0 0.0106 0.0256

Lianyungang 84.5 58.7 0.0229 0.0235
Changzhou 71.6 69.9 0.0139 0.0257

In terms of out-strength and in-strength, Shanghai, Nantong, Suzhou, Yancheng,
Taizhou, and Shaoxing exhibited relatively strong outward and bidirectional linkage ca-
pacities. Shanghai had the highest output strength, indicating that compound pollution
events in this city more frequently preceded those in other cities, and that Shanghai rep-
resents a typical potential output node in the network. Nantong, Suzhou, Yancheng, and
Lianyungang also showed strong outward linkages, suggesting that coastal and southern
Jiangsu cities play an important role in regional event linkages. Shaoxing, Taizhou, Lishui,
and Nantong had relatively high in-strength, indicating that these cities were more likely
influenced by leading compound pollution events from other cities and thus exhibited
certain convergence characteristics. In summary, some cities simultaneously exhibit output
and input attributes, indicating that compound pollution events do not simply diffuse in
one direction but instead involve more complex bidirectional responses.

Figure 5 further distinguishes two key roles: output nodes and bridging nodes.
Lianyungang, Yancheng, Huai’an, Suqian, and Ningbo ranked among the top cities for
average out-strength, indicating that northern Jiangsu and coastal cities had relatively
strong outward influence in event-leading relationships. In contrast, Huai’an, Quzhou,
Anqing, Hefei, and Hangzhou ranked highly for average betweenness centrality, sug-
gesting that these cities played bridging roles in connecting different regional linkage
pathways. Notably, cities with high out-strength did not fully overlap with those with high
betweenness centrality. This indicates clear differentiation of urban roles in the compound
pollution event network: some cities primarily acted as output nodes in event-leading
relationships, whereas others primarily served as cross-regional connectors and pathway-
switching nodes.
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Figure 5. Top 10 cities in the YRD according to (a) average out-strength and (b) betweenness centrality
in the compound pollution event network.

Key nodes in the PM2.5–O3 compound pollution event network of the YRD were not
limited to traditional core cities such as Shanghai and Suzhou (Table 2 and Figure 5). Cities
in northern Jiangsu, southwestern Zhejiang, and parts of Anhui also played important
roles in the network. This suggests that regionally coordinated governance should not
focus solely on cities with high pollution concentrations or large economic scales, and that
output and bridging nodes in the network should be identified to optimize cross-city early
warning, joint emission reduction, and information coordination mechanisms.

3.5. Identification of TERGM Formation Mechanisms

To further explain the formation mechanisms of directed leading ties in the PM2.5–O3

pollution event network of the YRD, we constructed TERGMs based on the annual network
sequence. Table 3 reports the baseline model results, including endogenous network
structures, temporal dependence terms, and spatial covariates. Table 4 further incorporates
the node-level attribute variables related to socioeconomic conditions, industrial structure,
urban form, and digital governance. Overall, the signs and significance levels of the core
network structural terms remained relatively stable across different model specifications,
indicating that the leading network of compound pollution events in the YRD was not
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formed randomly but jointly shaped by reciprocity, local closure, temporal memory, and
city attributes.

Table 3. Baseline TERGM results for the directed PM2.5–O3 compound pollution event network in
the YRD.

Variable Category Model Term Model 1 Model 2 Model 3 Model 4 Model 5

Endogenous network
structural variable

edges −2.4981 *** −2.7993 *** −2.7725 *** −2.5307 *** −2.6658 ***
(0.1024) (0.1018) (0.1036) (0.1027) (0.1059)

mutual 1.8887 *** 1.7538 *** 1.7604 *** 1.7555 *** 1.7540 ***
(0.0648) (0.0660) (0.0642) (0.0652) (0.0650)

gwdsp −0.7284 *** −0.5741 *** −0.5690 *** −0.5642 *** −0.5709 ***
(0.0137) (0.0134) (0.0134) (0.0135) (0.0136)

gwesp 2.0016 *** 2.0857 *** 2.0681 *** 2.0737 *** 2.0755 ***
(0.0993) (0.0962) (0.0953) (0.0976) (0.0988)

Time-dependency
items

Autoregression 0.2556 ***
(0.0211)

Loss −0.2554 ***
(0.0201)

Innovation −0.2608 ***
(0.0228)

Stability 0.1297 ***
(0.0121)

Exogenous network
covariates

Dist_mat −0.0003 *** −0.0002 ** −0.0003 ** −0.0002 ** −0.0002 **
(0.0001) (0.0001) (0.0001) (0.0001) (0.0001)

Adj_mat 0.1522 *** 0.1793 *** 0.1624 *** 0.1705 *** 0.1707 ***
(0.0563) (0.0621) (0.0619) (0.0612) (0.0606)

Num. obs. 16,400 14,760 14,760 14,760 14,760
AIC 13,077.0694 11,026.0200 11,036.8847 11,035.2368 11,034.7727

Log-likelihood −6532.5347 −5506.0100 −5511.4423 −5510.6184 −5510.3864
Note: gwesp, geometrically weighted edgewise shared partners; gwdsp, geometrically weighted dyadwise shared
partners; Adj_mat, adjacency matrix; Dist_mat, distance matrix; AIC, Akaike information criterion. *** p < 0.01,
** p < 0.05.

The coefficients of the edges term were significantly negative in all models (Table 3),
indicating that the formation of significant leading ties was highly selective. This is,
although many potential linkages exist among cities in the YRD, only some city pairs
formed statistically significant leading relationships for PM2.5–O3 compound pollution
events. This result is consistent with our earlier finding that network density was not high
throughout the study period, suggesting that compound pollution event linkages were not
characterized by simple region-wide synchronization but constrained by specific spatial
pathways and network structures.

The mutual term was significantly positive in all models, indicating a clear tendency
toward bidirectional responses between city pairs. This suggests that intercity linkages of
compound pollution events in the YRD were not entirely characterized by one-way diffu-
sion but more likely influenced by shared regional meteorological backgrounds, mutual
transport, and frequent interactions within the urban agglomeration.

Regarding higher-order structural terms, gwesp coefficients were significantly positive
in all models, whereas gwdsp coefficients were significantly negative. This indicates strong
local closure and clustering structures in the network; cities sharing common connections
were more likely to form stable compound pollution event linkages. However, non-closed
two-path structures were suppressed, suggesting that significant leading relationships did
not diffuse indefinitely through loose network paths but were more likely to concentrate
within several local urban clusters or major linkage corridors. This result is consistent
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with the core pathways and regional cluster patterns observed in the directed network
backbone maps.

Table 4. Extended TERGM estimation results for the directed PM2.5–O3 compound pollution event
network in the YRD.

Variable Category Variable Effect Type Model 6 Model 7 Model 8 Model 9

Endogenous network
structural variable

edges −1.5752 *** −4.5619 *** −8.3823 *** −8.6710 ***
(0.1780) (0.6858) (0.8589) (0.8357)

mutual 1.8051 *** 1.8100 *** 1.7867 *** 1.7810 ***
(0.0675) (0.0670) (0.0684) (0.0681)

gwdsp −0.6043 *** −0.6128 *** −0.5987 *** −0.5826 ***
(0.0139) (0.0134) (0.0141) (0.0137)

gwesp 2.1023 *** 2.1287 *** 2.1573 *** 2.1477 ***
(0.0998) (0.1042) (0.1001) (0.1025)

Time-dependency items Stability 0.0896 *** 0.0777 *** 0.0484 *** 0.0340 **
(0.0143) (0.0135) (0.0165) (0.0136)

Individual attribute
variables

Socioeconomic
factors

PGDP

Receiver −0.0000 −0.0000 −0.0000 ** −0.0000 ***
(0.0000) (0.0000) (0.0000) (0.0000)

Sender 0.0001 *** 0.0001 *** 0.0000 *** 0.0000 ***
(0.0000) (0.0000) (0.0000) (0.0000)

Absdiff −0.0000 ** −0.0000 *** −0.0000 * −0.0000 ***
(0.0000) (0.0000) (0.0000) (0.0000)

POP

Receiver 0.0003 *** 0.0001 * −0.0001 −2.1000 ***
(0.0001) (0.0001) (0.0001) (0.4741)

Sender 0.0002 *** 0.0003 *** 0.0001 −0.7306
(0.0001) (0.0001) (0.0001) (0.4815)

Absdiff 0.0001 ** 0.0001 0.0001 −1.4039 ***
(0.0001) (0.0001) (0.0001) (0.2758)

UR

Receiver −1.2761 *** −2.7015 *** −2.2831 *** −0.0001
(0.3587) (0.4803) (0.4963) (0.0001)

Sender −1.2222 *** −1.1519 ** −0.9326 * 0.0001
(0.3735) (0.4943) (0.4885) (0.0001)

Absdiff −1.4249 *** −1.4617 *** −1.7521 *** 0.0001
(0.2457) (0.2688) (0.2757) (0.0001)

Industrial structure

SS

Receiver 0.0330 *** 0.0512 *** 0.0537 ***
(0.0089) (0.0094) (0.0094)

Sender 0.0011 0.0133 0.0153 *
(0.0090) (0.0092) (0.0093)

Absdiff 0.0008 0.0059 0.0060
(0.0041) (0.0044) (0.0044)

TS

Receiver 0.0478 *** 0.0754 *** 0.0758 ***
(0.0097) (0.0103) (0.0103)

Sender −0.0008 0.0155 0.0141
(0.0098) (0.0103) (0.0102)

Absdiff −0.0038 −0.0094 ** −0.0106 **
(0.0037) (0.0041) (0.0044)

Urban form

Agg_POP

Receiver 0.0018 0.0048
(0.0113) (0.0113)

Sender 0.0112 0.0130
(0.0112) (0.0111)

Absdiff 0.0053 0.0080
(0.0075) (0.0077)

SSI

Receiver 0.9561 *** 0.9819 ***
(0.1492) (0.1518)

Sender 0.2872 ** 0.2815 *
(0.1431) (0.1499)

Absdiff −0.1013 −0.0664
(0.1230) (0.1223)

Digital governance Dig

Receiver −0.0506
(0.0676)

Sender −0.1345 **
(0.0676)

Absdiff 0.1050 **
(0.0532)
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Table 4. Cont.

Variable Category Variable Effect Type Model 6 Model 7 Model 8 Model 9

Exogenous network covariates

Dist_mat −0.0001 −0.0000 −0.0002 * −0.0004 **
(0.0001) (0.0001) (0.0001) (0.0001)

Adj_mat 0.1328 ** 0.1589 *** 0.1457 ** 0.1144 *
(0.0620) (0.0593) (0.0655) (0.0653)

Num. obs. 14,760 14,760 14,760 14,760
AIC 10,991.0071 10,936.2602 10,808.2590 10,790.1809

Log-likelihood −5479.5035 −5446.1301 −5376.1295 −5364.0905

Note: gwesp, geometrically weighted edgewise shared partners; gwdsp, geometrically weighted dyadwise
shared partners; PGDP, per capita gross regional product;POP, permanent resident population size; UR, registered
urban unemployment rate; SS, shares of secondary industry; TS, shares of tertiary industry; Agg_POP, pop-
ulation agglomeration variable; SSI, industrial structure upgrading index; Dig, digital governance variable;
Adj_mat, adjacency matrix; Dist_mat, distance matrix; AIC, Akaike information criterion. *** p < 0.01, ** p < 0.05,
* p < 0.1.

In terms of temporal dependence, the coefficients of Autoregression and Stability were
significantly positive, whereas those of Loss and Innovation were significantly negative.
These results indicate that significant leading relationships that existed in a previous period
were more likely to persist in subsequent years, suggesting that the network exhibited path
dependence and structural stability. The negative Loss and Innovation terms suggest that
the network was not entirely driven by the random entry of many new edges or the rapid
disappearance of existing edges. Instead, annual adjustments occurred based on a relatively
stable backbone. This is consistent with the stage-dependent fluctuations observed in the
network from 2015 to 2024, indicating that the network structure has both persistence and
a tendency to reorganize with changes in pollution-control stages and external conditions.

For the spatial covariates, the adjacency matrix (Adj_mat) was significantly positive
and the distance matrix (Dist_mat) significantly negative in most models (Tables 3 and 4).
After controlling for higher-order network structures, the positive adjacency effect indicates
that spatially adjacent cities are more likely to form significant leading ties, while the
negative distance effect reflects a clear distance decay in event linkage. Because adjacency
and distance are collinear by construction (adjacent pairs are the short-distance pairs), the
two terms are best read jointly as a single proximity gradient; the long-range associations
that remain after accounting for triadic closure are more plausibly attributed to shared
regional synoptic forcing than to distance-driven transport.

After including the city-level attribute variables in Table 4, the AIC and log-likelihood
values of the model generally improved, indicating that socioeconomic conditions, indus-
trial structure, urban form, and digital governance provide additional explanatory power
for tie formation mechanisms. Among the socioeconomic variables, the sender effect of the
PGDP was significantly positive in several models, suggesting that cities with higher levels
of economic development are more likely to act as output nodes in compound pollution
event-leading relationships. This may be attributed to intensive production, transport, and
energy consumption. Generally, the absolute difference term of PGDP was significantly
negative, indicating that cities with similar levels of economic development are more likely
to form significant leading relationships, reflecting a certain degree of homophilous linkage.

The results for population size varied across the model specifications, indicating that
the influence of population size on compound pollution event-leading relationships was
not entirely stable. In some models, the sender and receiver effects of population size
were positive, suggesting that cities with larger populations may have stronger pollution
activity intensities and event-response linkages. However, after including additional
variables, some coefficients become negative or insignificant, indicating that the effect of
population size may be shaped jointly by economic development, industrial structure,
urban form, and other factors. Therefore, population size is more appropriately interpreted

https://doi.org/10.3390/atmos17060588

https://doi.org/10.3390/atmos17060588


Atmosphere 2026, 17, 588 20 of 30

as a control variable representing urban activity intensity rather than as a stable mechanism
determining output or input roles.

The registered urban unemployment rate showed significantly negative sender, re-
ceiver, and difference effects in most models, suggesting that cities with higher socioe-
conomic activity and more similar labor-market conditions were more likely to form
compound pollution event linkages. Among the industrial structure variables, the re-
ceiver effects of the secondary industry share and tertiary industry share were significantly
positive, indicating that cities with stronger industrial activity and urban functional in-
tensity were more likely to become receiving ends of significant leading relationships.
The difference term of tertiary industry share was significantly negative in later models,
suggesting that cities with similar tertiary industry structures were more likely to form
event-synchronization linkages, which may be related to similar rhythms of service sector
activities, transport demand, and urban functional connections.

The urban form and industrial upgrade variables also showed explanatory power.
The receiver effect of the industrial structure upgrading index was significantly positive,
and its sender effect was significantly positive in some models, indicating that cities with
higher levels of industrial structure upgrading may still occupy important positions in the
compound pollution event network. This result suggests that industrial upgrading does
not necessarily remove compound pollution linkage risks. Instead, improvements in urban
functions, increased transport activities, and deeper regional connections may lead to cities
becoming embedded in cross-city event networks. In contrast, the coefficients of population
agglomeration were generally insignificant, indicating that, after controlling for other
economic and industrial variables, population agglomeration has a limited independent
influence on the formation of significant leading ties.

The Dig index results have important policy implications. The sender effect of Dig was
significantly negative (Table 4), indicating that cities with higher digital governance levels
or those included in the pilot policy were less likely to form significant outward-leading
ties. This suggests that improvements in digital governance capacity help strengthen
environmental monitoring, pollution early warnings, information disclosure, and refined
regulations, thereby reducing the risk of local compound pollution events spreading out-
ward through intercity linkages. Additionally, the difference effect of Dig was significantly
positive, indicating that city pairs with differences in digital governance levels were more
likely to form significant relationships. This may reflect disparities in pollution warning
capacity, response speed, and governance coordination among cities under uneven digital
governance development, which in turn affects the formation of compound pollution
event linkages.

Overall, the TERGM results indicate that formation of the PM2.5–O3 pollution
event-leading network in the YRD was jointly influenced by three types of mechanisms
(Tables 3 and 4). The first is structural dependence within the network itself, including reci-
procity and local closure. The second is temporal memory, which implies that existing lead-
ing relationships exhibit a certain degree of persistence over time. The third involves city
attributes and dyadic differences, particularly economic development, industry-structure
similarities, and differences in digital governance capacity, all of which significantly affect
tie formation. These findings further suggest that the coordinated governance of regional
compound pollution should not rely solely on pollution concentrations in individual cities
or administrative boundaries. Instead, structural positions in the event network, historical
linkage relationships, and differences in governance capacity should be considered to
identify priority cities and more targeted joint prevention and control pathways.
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3.6. Goodness-of-Fit and Robustness Checks

Figure 6 presents the goodness-of-fit diagnostics of the TERGM for the directed PM2.5–
O3 pollution event network in the YRD. The diagnostics mainly included edgewise shared
partners, dyadwise shared partners, degree distribution, in-degree distribution, geodesic
distance, and receiver operating characteristic (ROC) and precision–recall curves. Overall,
most structural statistics of the observed network fell within the distribution ranges of the
simulated networks, indicating that the model reasonably reproduced the main structural
features of the observed network.

Figure 6. Goodness-of-fit diagnostics of the TERGM for YRD network structural characteristics
during 2015–2024: (a) edgewise shared partners; (b) dyadwise shared partners; (c) degree distribution;
(d) in-degree distribution; (e) geodesic distance; (f) receiver operating characteristic (TPR/FPR) and
precision–recall (TPR/PPV) curves. Solid lines denote the median, and dashed lines the mean, of
the observed networks across the 9 yearly snapshots; grey boxplots show the distribution of the
corresponding statistic across nsim simulated networks from the fitted TERGM. In panel (f), the red
curve is the ROC and the blue curve is the precision–recall (PR) curve of edge prediction; boxplots
around each curve indicate variability across simulations.

Specifically, the model showed a reasonable fit for edgewise and dyadwise shared
partners, suggesting that the gwesp and gwdsp terms specified in the model effectively
captured local closures, shared partner structures, and higher-order dependence in the
network. The goodness-of-fit results for degree and in-degree distributions showed that
the observed curves were generally consistent with the simulated distributions, indicating
that the model captured heterogeneity in the number of connections across city nodes.
However, some deviations remained for a small number of highly connected nodes. This
suggests that the model can explain the formation of most intercity-leading relationships,
although room for improvement remains in terms of capturing extreme key nodes.

Geodesic distance diagnostics indicated that the model can generally reproduce short-
path connection patterns and overall reachability in the network, suggesting that TERGM
has a good descriptive capacity for network connectivity structures. ROC and precision–
recall curves further showed a certain ability to distinguish significant leading ties. The
ROC performance was relatively stable, whereas the precision–recall curve indicated that
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predicting positive ties remained challenging under sparse network conditions. Overall,
the goodness-of-fit results support the reasonableness of the TERGM specification, indicat-
ing that the endogenous network structures, temporal memory, and city-level covariates
can reasonably explain the formation mechanisms of the directed PM2.5–O3 compound
pollution event network in the YRD. Simultaneously, the deviations associated with a
few highly central nodes and sparse positive-edge predictions suggest that future studies
should incorporate meteorological transport, precursor emissions, and trajectory simulation
information to improve the explanatory power of the model.

To further evaluate the robustness of the event definition and network construction, we
conducted a threshold-sensitivity analysis using five alternative city-year-specific percentile
thresholds: P75, P80, P85, P90, and P95 (Table 5). The results show that the main network
indicators change monotonically and smoothly as the threshold increases, suggesting
that the overall network patterns are not determined by a single arbitrary cutoff. As
expected, higher thresholds identify fewer compound pollution events and produce sparser
directed networks.

Table 5. Robustness Checks under Different Thresholds.

Threshold Threshold Threshold Threshold Threshold Threshold Transitivity Proportion of Significant Edges

P75 7393 4409 767.7 0.468 0.687 0.763 0.484
P80 4253 2761 549.6 0.335 0.639 0.705 0.392
P85 2120 1497 298.2 0.182 0.592 0.717 0.302
P90 800 601 142.4 0.087 0.466 0.576 0.253
P95 177 141 38.9 0.024 0.219 0.321 0.270

However, overly strict thresholds substantially reduce event density and undermine
the stability of annual network construction and TERGM estimation. Under P95, only
177 raw compound events and 141 declustered events were identified during the entire
study period, with an annual average of 38.9 directed edges and a network density of 0.024.
The TERGM estimation under this threshold was unstable because the bootstrap procedure
returned NaN values. Under P90, the network also became sparse, and the adjacency effect
was no longer significant. In contrast, P75 produced a much denser network, with 7393 raw
events, 4409 declustered events, an annual average of 767.7 directed edges, and a density
of 0.468, suggesting that this threshold may include many relatively weak or non-extreme
co-occurrence episodes.

Compared with these alternatives, P80 provides a more appropriate balance between
retaining the upper-tail nature of compound pollution events and maintaining sufficient
event density for reliable ECA-based network construction and TERGM inference. There-
fore, P80 was selected as the main threshold in this study, while the sensitivity analysis
confirms that the main conclusions are not driven by an arbitrary threshold choice.

4. Discussion
4.1. Stage-Dependent Implications of the Decline in Compound Pollution Events and Weakening of
Network Linkages

PM2.5–O3 compound pollution events in the YRD generally decreased from 2015 to
2024, and the event-leading network shifted from high-density and high-intensity linkages
in the early stage to lower-density and weaker-intensity linkages in the later stage. This
change first reflects the stage-dependent effectiveness of air quality management in the
YRD—particularly the important background role of PM2.5—in reducing the scale of
compound pollution events. Previous clean air policies in China substantially reduced
PM2.5; however, marginal improvements in particulate pollution slowed during later
phases of air pollution control and coordinated multi-pollutant control became a new
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priority [21]. Therefore, the observed decline in compound events does not imply that
compound pollution has been resolved. Rather, it suggests that regional pollution processes
have shifted from a stage characterized by high frequency, persistence, and strong linkages
to a new stage marked by lower frequency, fluctuations, and the coexistence of local and
cross-city interactions.

This stage-dependent change is also consistent with the asynchronous improvement
of PM2.5 and O3 in the YRD. PM2.5 concentrations in the YRD decreased significantly after
the implementation of clean air policies, whereas O3 pollution did not show a synchronous
improvement, even increasing or rebounding during certain periods [22,23]. Thus, the
decline in the number of compound pollution events may reflect a reduction in high-PM2.5
episodes rather than a simultaneous decline in O3 risk. The rebound in compound events
and network linkages observed in 2023 also indicates that PM2.5–O3 pollution can intensify
over short periods when meteorological conditions, precursor ratios, and regional transport
conditions recombine in unfavorable ways.

From a network perspective, a decrease in event frequency does not necessarily im-
ply reduced pressure for coordinated governance. As compound pollution shifts from
widespread high-frequency occurrences to low-frequency fluctuations, governance priori-
ties may need to move beyond overall pollution reduction toward identifying key years,
pathways, and nodes. Previous studies on regional PM2.5 transport in the YRD have
emphasized that joint prevention and control requires recognition of intercity transport
contributions and cross-city influence pathways, rather than relying solely on single-city
concentration assessments [24]. Our event-network results further suggest that, even after
compound pollution enters a low-level fluctuation stage, event-scale methods are necessary
to identify recurrent leading relationships and abnormal linkage pathways.

4.2. Chemical and Physical Interpretation of Directional Event Linkages

From the perspective of atmospheric chemistry, the relationship between PM2.5 and
O3 is inherently non-linear and bidirectionally coupled. NOx and VOCs not only partici-
pate in the photochemical production of O3 but also influence the formation of secondary
aerosols. Moreover, PM2.5 changes can alter photolysis rates, the boundary-layer struc-
ture, and the O3 production environment through aerosol–radiation interactions [25]. This
implies that the relatively high reciprocity and local closure observed in this study may
not have resulted from transport of a single pollution plume but may reflect the combined
effects of regional photochemical reactions, secondary formation processes, and shared
meteorological conditions. Atmospheric oxidizing capacity plays a key role in the relation-
ship between PM2.5 and O3, with these pollutants more likely to exhibit correlated changes
under moderate to high oxidizing conditions [26].

Therefore, all directed links identified in this study should be understood as statistical
leading relationships between compound pollution events, and should not be interpreted
as physical atmospheric transport pathways or direct causal relationships. Higher reci-
procity, local closure, and significant cross-city edges indicate that compound pollution
events in different cities exhibit statistically significant temporal lead-lag responses and
networked linkage characteristics. However, these statistical relationships themselves can-
not distinguish among the combined effects of actual air-mass transport, shared regional
meteorological forcing, similar emission rhythms, or photochemical formation conditions.
To further determine whether real transport processes exist between specific city pairs,
additional physical validation using wind fields, boundary layer height, backward trajec-
tory analysis, chemical transport models, or source apportionment results is still needed.
Accordingly, the network results of this study are more suitable as statistical evidence for
identifying potential linkage channels, key nodes, and priority targets for coordinated

https://doi.org/10.3390/atmos17060588

https://doi.org/10.3390/atmos17060588


Atmosphere 2026, 17, 588 24 of 30

governance, rather than as direct evidence for pollutant transport directions or emission
responsibility attribution.

For the YRD, O3 formation sensitivity and precursor structures further complicate the
interpretation of directionality. O3 pollution in the YRD is often influenced by VOC-limited
or VOC–NOx transitional regimes; thus, reducing NOx alone may lead to O3 rebound risks
in some urban core areas [22]. Additionally, VOC emissions from chemical industrial parks
can affect regional O3–PM2.5 compound pollution by enhancing the atmospheric oxidizing
capacity, indicating that local industrial emissions and regional photochemical production
may jointly shape compound pollution events [27]. Therefore, the directed edges identified
in this study should be interpreted as indicators of event linkage. Their physical significance
should be further evaluated in combination with wind fields, boundary-layer heights,
radiation conditions, precursor emissions, and trajectory simulations.

It should be further emphasized that the lead-lag relationships identified within
the L = 5-day lag window in this study essentially reflect statistical synchronization or
statistical leading relationships in the timing of compound pollution events, rather than
explicit physical mass transport trajectories. A 1–2 day or multi-day statistical lead between
two cities does not necessarily mean that pollutants were directly transported from the
former city to the latter city. Regional-scale synoptic conditions, such as slow-moving
weather fronts, stagnant high-pressure systems, changes in boundary layer height, or
widespread unfavorable dispersion conditions, may also cause compound pollution events
to occur successively across different cities at similar but not identical times. Therefore, the
directed network in this study is mainly used to characterize statistical linkage patterns of
compound pollution events and potential clues for coordinated governance, and cannot
replace backward trajectory simulations, wind-field diagnostics, chemical transport models,
or source apportionment methods for verifying physical transport pathways.

Similarly, the directional edges in this study cannot be directly interpreted as pollution-
output responsibilities. For PM2.5–O3 compound pollution, statistically significant re-
lationships may arise from air mass transport, but may also result from multiple cities
entering environments that are favorable for secondary formation at different times un-
der similar weather patterns. Recent research on long-term O3 changes in the YRD has
indicated that regional O3 pollution is jointly influenced by local emissions, non-local
transport, and meteorological factors, and that multi-scale transport processes remain
important for explaining O3 fluctuations at the urban-agglomeration scale [23]. Therefore,
our event-network approach is more suitable as a screening tool for identifying regional
compound pollution pathways and priority cities than as a substitute for chemical transport
or source-apportionment models.

4.3. Spatial Backbone Reorganization and Differentiation of Urban Roles

According to the spatial backbone results, the long-term linkage structure of com-
pound pollution events in the YRD did not remain stably centered on a few core cities
but instead underwent clear reorganization across different years. This is consistent with
the pollution formation context of YRD urban agglomerations. The YRD is characterized
by high population density, intensive industrial activity, and a well-developed transport
network, and is one of the regions in China where O3 pollution is relatively prominent.
Pollution processes are often affected jointly by local emissions, regional transport, and the
spatial structure of urban agglomeration [23]. Therefore, changes in the network backbones
in 2015, 2018, 2020, and 2024 do not merely indicate differences in network visualization
but reveal the reorganization of compound pollution linkage pathways under different
governance stages and meteorological–emission conditions.
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Notably, the key nodes identified in this study were not exclusively traditional core
economic cities. Cities in northern Jiangsu showed a prominent average out-strength,
whereas Huai’an, Quzhou, Anqing, and Hefei exhibited relatively strong bridging roles in
terms of betweenness centrality. This indicates that urban roles in the compound pollution
event network cannot be simply determined by GDP, administrative rank, or annual mean
concentration. As PM2.5 pollution in the YRD involves significant cross-city transport, joint
prevention and control requires knowledge of the actual transport contributions among
cities [24]. From an event-scale perspective, our results revealed that some non-traditional
core cities serve as pathways or bridges in cross-regional linkages and should not be
marginalized in coordinated governance.

This difference in urban roles is also related to industrial and spatial linkages. In-
dustrial agglomeration, secondary sector activity, and service sector agglomeration affect
PM2.5 in the Yangtze River Economic Belt and YRD through energy consumption, transport
activity, technological spillovers, and population size, with non-linear and spatial spillover
effects [28]. When cities share similar industrial structures, commuting connections, or
functional divisions, compound pollution events may exhibit stronger synchronization or
lead–lag responses. Therefore, differentiating between output-, input-, and bridging-type
cities provides a complementary perspective to traditional governance zoning based on
administrative boundaries or concentration levels.

From the perspective of coordinated governance, dynamic reorganization of the spatial
backbone indicates that the YRD should not rely solely on fixed joint prevention and
control zones. Previous studies on synergistic PM2.5–O3 control have suggested that
different regions should adopt differentiated pathways according to precursor sensitivity
and pollutant-control benefits. For example, VOC control should receive greater attention
in the central and eastern YRD, whereas primary PM2.5 control remains important in
the northern YRD [22]. Our network results suggest that governance zoning should also
incorporate event-linkage roles: output-type cities need to strengthen precursor reduction
and local-process suppression; bridging cities should play a stronger role in cross-regional
early warning and joint consultation; and input-type cities need to enhance their responses
to external pollution and health risk protection.

4.4. Formation Mechanisms of Significant Leading Ties

According to the TERGM, formation of the compound pollution event-leading net-
work was not a random process but exhibited clear structural dependence and temporal
memory. The significantly negative edge term indicates that tie formation was selective;
the significantly positive mutual term suggests bidirectional responses between city pairs;
and the opposite signs of gwesp and gwdsp indicate that the network was more likely to
form locally closed clusters rather than diffuse through loose paths. Dynamic network
studies have shown that the advantage of TERGM lies in its ability to jointly account for
endogenous network structures, temporal dependence, and exogenous covariates, avoiding
the inappropriate treatment of network relationships as independent ordinary observa-
tions [16,17]. Therefore, our findings suggest that the compound pollution event network
in the YRD is characterized by a structured formation.

The term temporal memory has important environmental implications, indicating that
some significant leading relationships among cities persisted across the years, possibly cor-
responding to relatively stable regional transport pathways, urban functional connections,
or similar emission–meteorological combinations. Previous applications of the TERGM
have also emphasized that stability terms in dynamic networks capture the path-dependent
influence of existing relationships on subsequent network formation, rather than merely
reflecting random annual fluctuations [29]. In this study, leading ties that repeatedly ap-
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peared over time were considered key targets in regional compound pollution governance
because they were more likely to represent persistent cross-city linkage risks.

The significantly positive adjacency and negative distance coefficients indicate that
geographic proximity promotes the formation of significant leading ties, consistent with
distance decay; they do not imply that longer distances promote transport. Because the
model already controls for reciprocity, closure structures, and temporal memory, the spatial
variables reflect marginal associations after accounting for these endogenous structures:
part of the proximity signal is absorbed by local closure and clustering, while the long-
range associations that remain significant most plausibly reflect shared regional synoptic
forcing (e.g., slow-moving weather systems and stagnant high-pressure conditions over
the YRD) rather than distance-driven mass transport. Local and non-local contributions
jointly affect O3 pollution in the YRD, and regional-scale transport plays an important role
in O3 fluctuations across urban agglomerations [23].

The city attribute results should also be interpreted in the context of broader environ-
mental and socioeconomic mechanisms. The positive sender effect of PGDP indicates that
cities with stronger economic activities are more likely to appear at the leading end of event
linkages. This is consistent with the complex relationship among economic development,
industrial activity, and pollution emissions in the YRD. The relationship between urban eco-
nomic development and industrial pollution in the YRD is not linear but jointly moderated
by industrial structure, technological progress, and the stage of urban development [30].
Therefore, our PGDP results should be interpreted as a statistical association between
economic activity intensity and compound pollution linkage risk rather than a simple
conclusion that more developed cities cause more pollution.

The industrial structure variables further indicated that the compound pollution event
network was embedded in the urban functional division. The share of secondary industries
is related to traditional industrial energy consumption, NOx emissions, and primary
particulate matter, whereas tertiary industries may affect O3 precursor emissions and
diurnal urban activity rhythms through transport, population mobility, and consumption.
Industrial agglomeration has non-linear and spatial spillover effects on PM2.5, and different
types of industrial activities may affect pollution in different directions [28]. Therefore, the
association between industrial structure similarity and tie formation observed in this study
suggests that compound pollution linkages arise not only from physical transport, but also
from similar industrial rhythms and urban activity patterns.

Similarly, the digital governance variable results should be interpreted within the
context of literature on environmental governance capacity. The sender effect of Dig was
negative, indicating that cities with higher digital governance levels—or those included
in the pilot policy—were less likely to form outward-leading ties. This is consistent with
recent research suggesting that digital infrastructure can improve air quality and enhance
environmental governance efficiency [31]. However, the positive difference effect of Dig
also suggests that uneven digital governance capacity may lead to differences in monitor-
ing, early warning, and response capabilities among cities, thereby affecting the linkage
relationships between compound pollution events. Thus, this result does not provide strict
causal evidence of digital governance effects but rather indicates a relationship between
governance capacity and the structure of compound pollution networks, which warrants
further investigation.

The TERGM results provided explanations for the stable pathways, bidirectional re-
sponses, and local clustering of the compound pollution event network. Previous studies
on synergistic PM2.5–O3 control have focused on precursor reduction ratios, response
surface modeling, or concentration changes. By embedding event networks into a dynamic
network statistical framework, we added an explanatory dimension concerning how ties
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form, why they persist, and which city attributes strengthen or weaken the linkages [16,22].
This novel aspect will help advance compound pollution governance from focusing on
concentration-attainment issues to identifying cross-city processes and dynamic coordi-
nated responses.

5. Conclusions and Policy Implications
In this study, we identified the directed synchronization networks of PM2.5–O3 com-

pound pollution events in 41 cities of the YRD from 2015 to 2024. Daily mean PM2.5
concentrations and O3 maximum daily 8-h average concentrations were transformed into
compound pollution event sequences, annual directed synchronization networks were con-
structed based on event-leading relationships, and the TERGM was applied to identify the
formation mechanisms of significant leading ties. PM2.5–O3 compound pollution events
in the YRD generally declined during the study period. Compound pollution episodes
shifted from a state of high frequency, persistence, and strong linkage in the early stage
to one of lower frequency, weaker intensity, and stage-dependent fluctuations in the later
stage. The intercity event-leading network did not weaken linearly but showed clear stage-
dependent evolution and spatial reorganization. From 2015–2018, the network density,
total edge weight, and local closure were relatively high, indicating strong regional linkage
between compound pollution events. From 2020 to 2022, the network became markedly
sparse, suggesting weakened cross-city linkages. After 2023, a partial rebound occurred,
indicating that compound pollution risks can intensify under specific meteorological and
emission conditions. According to spatial backbone and key node analysis, compound
pollution linkages were not limited to traditional core cities such as Shanghai, Suzhou,
and Hangzhou. Cities in northern Jiangsu, southwestern Zhejiang, and parts of Anhui
also played important roles as event outputs, inputs, and cross-regional bridges. The
TERGM results indicated that significant leading ties were jointly shaped by reciprocity,
local closures, temporal memory, economic development, industrial structure, and dig-
ital governance. These findings suggest that the PM2.5–O3 compound pollution event
network in the YRD reflects not only atmospheric processes but also differences in urban
socioeconomic characteristics and governance capacity.

Based on our findings, we recommend that PM2.5–O3 pollution control in the YRD
should move beyond single-city concentration management toward event-linkage iden-
tification and cross-city coordinated responses. First, output-, input-, and bridging-type
cities in a compound pollution event network should be incorporated into a differentiated
governance framework. For cities with strong outward-leading relationships, coordinated
reductions in NOx, VOCs, primary particulate matter, and secondary aerosol precursors
should be strengthened to reduce the likelihood of local pollution episodes triggering
outward linkages. For cities with clear input or convergence characteristics, early warnings
of external pollution processes, health risk communication, and emergency responses
should be enhanced. For bridging cities with high betweenness centrality, greater roles
should be assigned to regional consultation, cross-city early warning systems, and coordi-
nated dispatch. Second, joint prevention and control in YRD should not rely entirely on
fixed administrative boundaries. Instead, key pathways and cooperation units should be
dynamically adjusted according to annual changes in the compound pollution event net-
work and its spatial backbone. Third, the digital governance results revealed the practical
importance of environmental monitoring data sharing, rapid identification of pollution
episodes, cross-city early warning platforms, and unified response standards for reducing
the risk of cross-city linkages in compound pollution events. Therefore, future synergistic
PM2.5–O3 governance in the YRD should continue to promote precursor emission reduc-
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tion while strengthening intercity information coordination, joint assessment, and dynamic
zoning-based governance.

This study has some limitations. First, the directed edges identified in this study
represent statistically inferred event-leading relationships and should not be directly inter-
preted as physical transport pathways or strict causal relationships. In particular, within
the L = 5-day lag window used in this study, a 1–2 day or multi-day statistical lead be-
tween cities may be related to actual air-mass transport, but it may also be driven by
slow-moving weather fronts, stagnant high-pressure systems, changes in boundary layer
height, shared regional meteorological forcing, or widespread unfavorable dispersion con-
ditions. Therefore, such lead-lag relationships do not necessarily indicate that pollutants
were directly transported from one city to another. The directed event network developed
in this study is more appropriately understood as a tool for identifying statistical linkage
patterns of compound pollution events, potential coordinated-control channels, and key
city roles, rather than as direct evidence for pollutant transport directions, source–receptor
relationships, or emission responsibility attribution. Future studies could further combine
wind-field diagnosis, boundary-layer structure analysis, HYSPLIT backward trajectories,
WRF-Chem/CMAQ chemical transport simulations, or source apportionment models
to physically validate key city pairs and major linkage channels. Second, we identified
PM2.5–O3 compound pollution events using city-year-specific P80 dual-threshold criteria.
Although this approach improves comparability among cities, the threshold selection may
still affect event counts and network structures. Future research should compare the robust-
ness of model results under P75, P85, absolute air quality standard thresholds, and seasonal
thresholds. Third, the event networks were constructed on an annual basis, which helps
characterize long-term stage-dependent changes but may obscure differences between
warm and cold seasons, pollution episode types, and meteorological backgrounds. Future
studies could construct seasonal networks or typical weather pattern networks to identify
the formation conditions of PM2.5–O3 pollution in greater detail. Fourth, we incorporated
city-level attributes, such as socioeconomic conditions, industrial structure, population
agglomeration, and digital governance but did not fully characterize daily meteorological
conditions, boundary-layer height, solar radiation, wind fields, or NOx/VOC emission
structures. Future efforts to integrate event networks, dynamic network models, and atmo-
spheric chemical process models would help explain the cross-city linkage mechanisms of
compound pollution events more accurately and provide stronger scientific support for
multi-pollutant coordinated governance in the YRD.
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Abbreviations
The following abbreviations are used in this manuscript:

TERGM Temporal exponential random graph model
YRD Yangtze River Delta
VOC Volatile organic compound
PGDP Per capita gross regional product
Dig Digital governance variable
gwesp Geometrically weighted edgewise shared partners
gwdsp Geometrically weighted dyadwise shared partners
ROC Receiver operating characteristic
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