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Abstract

PM2.5 pollution control in the Guangdong–Hong Kong–Macao Greater Bay Area requires a
clearer understanding of how PM2.5-related linkages are organized across closely connected
cities and jurisdictions. This study develops a CCM-based directional-network framework
using PM2.5 pollution data from nine cities and two special administrative regions in
the Greater Bay Area. Convergent cross mapping is first applied to identify nonlinear
directional associations among cities, based on which an intercity PM2.5 pollution network
is constructed. Social network analysis and motif analysis are then used to reveal the
network’s macro-level connectivity and micro-level interaction patterns. An exponential
random graph model is further introduced to identify the natural and socioeconomic
factors associated with the emergence of intercity PM2.5 pollution linkages. The results
show that PM2.5 levels in the Greater Bay Area generally declined across the selected
years, with high-value areas becoming more localized, while the CCM results revealed
heterogeneous nonlinear directional linkages among cities. The strongest CCM linkage
was observed from Foshan to Guangzhou (0.8978), whereas the weakest linkage was
observed from Macao SAR to Zhaoqing (0.4993). The results derived from social network
analysis indicate an east–west cross-regional linkage pattern, with most cities serving as
bridging nodes in the network. Natural factors, including temperature and precipitation,
as well as socioeconomic factors, including economic development and population density,
were significantly associated with the formation of intercity PM2.5 pollution linkages.
These findings highlight the need for an integrated governance approach that combines
source-oriented control, coordinated management of intercity PM2.5-related linkages, and
public participation to improve collaborative PM2.5 pollution management in the Greater
Bay Area.

Keywords: PM2.5 pollution; CCM; network analysis; motif analysis; exponential random
graph model; Guangdong–Hong Kong–Macao Greater Bay Area

1. Introduction
Fine particulate matter PM2.5 continues to pose substantial health risks worldwide [1–6].

China has experienced severe PM2.5 pollution during its rapid industrialization and urban-
ization [7], but large-scale clean-air interventions since 2013 have led to marked reductions
in PM2.5 and considerable health benefits [8,9]. However, the substantial decline in PM2.5
concentrations does not mean that the pressure to improve air quality has disappeared [10].
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In recent years, China has also faced increasing challenges from ozone and compound
air pollution, indicating that clean-air governance has entered a stage of consolidation
and further improvement [11,12]. In this context, how to further reduce the pollution
risks associated with PM2.5 and sustain long-term governance gains remains an important
issue for regional air quality management. Because PM2.5 pollution is shaped not only
by local emissions but also by atmospheric transport, neighboring regulatory actions, and
spatial spillover effects, it often crosses administrative boundaries and generates environ-
mental externalities among jurisdictions [13]. Therefore, unilateral local control and the
conventional principle of “who pollutes, who controls” may be insufficient to fully address
cross-boundary pollution interactions in highly connected urban agglomerations [14,15].
A more scientific understanding is needed to identify which cities are environmentally
interdependent, how PM2.5-related linkages are organized across jurisdictions, and how
collaborative governance should be arranged across administrative boundaries.

The Guangdong–Hong Kong–Macao Greater Bay Area (GBA) provides a distinctive
case for examining these issues. Unlike many inland urban agglomerations, the GBA
is a coastal, highly open, and economically integrated region characterized by intensive
industrial activities, dense transport corridors, frequent intercity mobility, and complex
land–sea atmospheric circulation [16]. In addition, the region operates under the institu-
tional context of “one country, two systems”, involving different administrative hierarchies
and regulatory arrangements [17]. These characteristics make regional PM2.5 pollution
governance in the GBA more complex than ordinary intercity coordination. Previous
studies have shown that the Pearl River Delta region and Hong Kong SAR have made
important progress in science-based air quality management and regional monitoring
cooperation [18,19]. However, particulate pollution and compound pollution in this region
remain affected by local emissions, secondary formation, meteorological conditions, port
and traffic activities, and cross-regional transport [20–23]. Therefore, identifying specific
intercity PM2.5 linkage patterns in the GBA is important for improving the precision and
effectiveness of collaborative governance.

Existing studies have examined PM2.5 pollution interactions mainly from two per-
spectives: physical transport and information transmission. From the physical transport
perspective, air quality models, source-apportionment methods, trajectory analysis, and
data-integration approaches have been widely applied in air-pollution studies to charac-
terize pollutant dispersion, meteorological influences, chemical transformation, source
contributions, and cross-regional transport processes [24–29]. These studies can reveal the
transport pathways and potential sources of pollutants in the atmospheric environment
and, through numerical simulation or source-apportionment frameworks, quantitatively es-
timate the relative contributions of local emissions and external transport to pollution levels,
thereby providing an important basis for understanding regional pollution formation mech-
anisms and formulating joint prevention and control policies [21,22,26,27]. Meanwhile,
with the continuous accumulation of city-level pollution observations, time-series-based in-
formation transmission methods have provided a new perspective for identifying dynamic
linkages in pollution changes among cities. From the information transmission perspective,
observed PM2.5 pollution time series can be regarded as integrated signals that contain
information about emissions, meteorological conditions, human activities, and regional
interactions. Earlier studies often used correlation coefficients, spatial autocorrelation, or
spatial econometric models to measure spatial dependence among pollutants. However,
correlation-based methods cannot determine whether pollution changes in one city are
directionally associated with pollution changes in another city. Granger causality provides
a way to infer temporal precedence [30], but it is sensitive to linear assumptions, station-
arity requirements, and declining correlations caused by increasing geographic distance.
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These limitations are particularly relevant for complex urban systems in which pollution
interactions may be nonlinear, asymmetric, and dynamically coupled.

Convergent cross mapping (CCM), proposed by Sugihara et al. [31], provides a data-
driven approach for detecting nonlinear directional dependence in dynamic systems. By
reconstructing the state space of observed time series, CCM can identify whether the his-
torical information of one variable is embedded in the reconstructed dynamics of another
variable. This makes it suitable for analyzing nonlinear and potentially weakly coupled in-
tercity PM2.5 pollution interactions. However, identifying pairwise directional associations
alone is not sufficient for understanding regional pollution governance. Once city-to-city
pollution associations are identified, they need to be further transformed into a network
structure so that the overall connectivity, nodal roles, local interaction patterns, and network
formation mechanisms of the pollution system can be systematically examined.

Network-based approaches provide useful tools for this purpose. Social network
analysis (SNA) can characterize the structure of a relational system by measuring network
density, centrality, intermediary roles, and subgroup structures [32–34]. Motif analysis
further reveals recurring local configurations that occur more frequently than expected in
randomized networks, thereby helping to identify basic interaction patterns embedded
in complex systems [35,36]. In addition, exponential random graph models (ERGMs) al-
low researchers to statistically examine why specific network ties emerge by considering
endogenous network dependence, node-level attributes, and dyadic covariates simultane-
ously [37,38]. These methods have been widely used in social, ecological, and governance
network studies. Nevertheless, their combined application to pollution networks remains
relatively limited, especially in coastal, highly integrated, and cross-jurisdictional urban
regions such as the GBA.

The literature on regional collaborative environmental governance also provides
important theoretical insights. Collaborative governance theory emphasizes that cross-
boundary public problems require joint decision-making, resource sharing, and institu-
tionalized interaction among multiple actors [39,40]. Institutional collective action theory
further suggests that interjurisdictional cooperation is shaped by transaction costs, inter-
dependence, and the institutional arrangements that help local governments coordinate
collective actions [41,42]. Studies on network governance and collaborative environmental
governance show that network structure and management modes can affect collective
action outcomes and environmental governance performance [43,44]. Recent research on
PM2.5 pollution governance networks also indicates that network structure affects the effi-
ciency of regional collaboration [45]. However, much of the existing governance-oriented
literature focuses on formal cooperation relationships among governments, while paying
less attention to the underlying PM2.5-related interdependence that characterizes environ-
mental linkages among cities. In other words, existing studies have not fully answered
the question of “collaboration with whom” from the perspective of PM2.5-related intercity
linkages. This gap is particularly important for the GBA, where administrative boundaries,
economic integration, and atmospheric interactions coexist.

To address these gaps, this study examines intercity PM2.5 pollution interactions and
the factors associated with their formation in the GBA using PM2.5 as the indicator. Specifi-
cally, CCM is first employed to identify nonlinear directional associations among nine cities
and two special administrative regions. Based on the identified CCM-based directional
associations, an intercity network is constructed. SNA and motif analysis are then used
to examine the macro-level network topology, nodal functions, and micro-level structural
patterns. Finally, an ERGM is introduced to identify the natural and socioeconomic factors
associated with the formation of intercity pollution linkages. Although regional air quality
involves multiple pollutants, this study focuses specifically on PM2.5. PM2.5 was selected
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because fine particulate matter remains an important target of regional air-quality man-
agement and is closely related to both local emissions and regional atmospheric processes.
Therefore, the term “PM2.5 pollution interaction” in this paper refers only to directional
associations among city-level PM2.5 time series. The findings should not be generalized to
other pollutants, such as O3, NO2, SO2, CO, or PM10, without pollutant-specific analysis.

The marginal contributions of this study are threefold. First, it provides new empirical
evidence on PM2.5 pollution interactions in the GBA, a coastal and cross-jurisdictional
urban region with distinctive institutional and economic characteristics. Second, it develops
an integrated analytical framework that combines nonlinear directional-dependence analy-
sis, network structural analysis, motif identification, and statistical network modeling. This
framework helps move beyond traditional attribute-based or correlation-based analysis
toward a relational understanding of PM2.5 pollution interactions. Third, by identifying
key intercity linkage patterns, bridging cities, and factors associated with network forma-
tion, this study offers policy-relevant evidence for designing differentiated and coordinated
PM2.5 pollution governance strategies in the GBA. The findings can help regional authori-
ties refine collaborative governance by clarifying source-oriented control priorities, intercity
linkage management strategies, and cross-jurisdictional coordination mechanisms.

2. Materials and Methods
2.1. Study Area

The GBA, as shown in Figure 1, is located around the Pearl River Estuary in southern
coastal China and includes Hong Kong SAR, Macao SAR, Guangzhou, Shenzhen, Zhuhai,
Foshan, Huizhou, Dongguan, Zhongshan, Jiangmen, and Zhaoqing. As a highly urbanized
and economically integrated megacity region, the GBA features a dense population, inten-
sive industrial and transport activities, frequent intercity mobility, and complex coastal
meteorological conditions. These characteristics make regional PM2.5 pollution sensitive
not only to local emissions but also to secondary aerosol formation, coastal atmospheric
circulation, and cross-city transport [46–49]. Moreover, the coexistence of mainland cities
and two special administrative regions under “one country, two systems” makes the GBA
a suitable case for examining cross-jurisdictional PM2.5 governance.

 
Figure 1. Study area. Administrative boundary data were obtained from the National Geomatics Center
of China. The map was produced using ArcGIS 10.8 and the WGS 1984 geographic coordinate system.
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2.2. Methods
2.2.1. Convergent Cross Mapping

Its core idea is that, if two variables are dynamically coupled, information about one
variable may be embedded in the reconstructed state space of the other. Let X =

{
xt}L

t=1
and Y =

{
yt}L

t=1 denote two city-level PM2.5 time series. If X directionally influences Y,
the reconstructed shadow manifold of Y, denoted as MY, should contain information about
X. Therefore, the directional dependence from X to Y can be evaluated by testing whether
MY can reliably cross-map X.

For two time series X and Y with length L, their shadow manifolds can be recon-
structed using lagged-coordinate vectors:

MX : x(t) = {X(t), X(t − τ), X(t − 2τ), . . . , X(t − (E − 1)τ)} (1)

MY : y(t) = {Y(t), Y(t − τ), Y(t − 2τ), . . . , Y(t − (E − 1)τ)} (2)

where E is the embedding dimension, τ is the time delay, and t = ( E − 1)τ + 1, . . . , L. For
a given point on the reconstructed manifold, its E + 1 nearest neighbors are identified, and
their distances are converted into weights. These weights are then used to obtain a locally
weighted prediction. For example, when MX is used to estimate Y(t), the cross-mapped
estimate is given by:

Ŷ(t) | MX = ∑E+1
i=1 ωiY(ti), ωi =

ui

∑E+1
j=1 uj

, ui = e
−

di
d1 (3)

where ωi is the weight assigned to the i-th nearest neighbor of x(t) on MX, Y(ti) is the
observed value of Y at ti, di is the distance between x(t) and its i-th nearest neighbor, and
d1 is the distance to the nearest neighbor [31].

The prediction skill of CCM is measured by the correlation between the observed and
estimated values:

ρCCMYŶt
= ρ

[
Y(t), Ŷ(t) | MX

]
(4)

A larger ρCCM indicates stronger cross-mapping skill. More importantly, CCM requires
convergence: as the library length L increases, the reconstructed attractor becomes more
complete, and the nearest-neighbor search becomes more reliable. If Y can be increasingly
well predicted from MX as L grows, it suggests that information about Y is embedded
in the dynamics of X, indicating a nonlinear directional dependence from Y to X. In this
study, CCM coefficients captured the intensity of directional pollution linkages across city
pairs, thereby providing the basis for constructing the intercity network.

For each directed city pair, statistical significance was assessed using a random-
permutation surrogate test with 1000 replications, in which the observed CCM prediction
skill was compared with the null distribution generated from randomly shuffled adjusted
PM2.5 series. Since 110 directed city-pair relationships were tested, all p-values were
adjusted using the Benjamini–Hochberg false discovery rate (BH-FDR) procedure. A direc-
tional linkage was retained only when the CCM convergence criterion was satisfied and
the FDR-adjusted p-value was less than 0.05.

To provide a limited trajectory-based consistency check for selected CCM-based link-
ages, backward trajectories were calculated using the Hybrid Single-Particle Lagrangian
Integrated Trajectory model (HYSPLIT; National Oceanic and Atmospheric Administra-
tion Air Resources Laboratory, College Park, MD, USA) for selected relatively strong and
weak statistically significant mainland city-to-city linkages ranked by CCM coefficient.
For each selected linkage from city A to city B, city B was treated as the receptor city,
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and the 20 highest-PM2.5 days in city B during 2016–2022 were selected as episode days.
Forty-eight-hour backward trajectories were calculated using GDAS 1◦ meteorological data
with an arrival height of 500 m above ground level. The source-side consistency ratio was
calculated as the percentage of the trajectory cluster most consistent with the source-side
direction from city A to city B divided by the largest trajectory-cluster percentage for the
corresponding receptor city.

2.2.2. Social Network Analysis
Network Feature Analysis

Based on the statistically significant CCM results, a directed intercity PM2.5 linkage
matrix was constructed for the GBA. Each city or special administrative region was treated
as a network node, and each significant CCM-based directional association was defined
as a directed network tie. In this way, the pairwise associations identified by CCM were
transformed into a relational network for subsequent structural analysis.

The global network was evaluated in terms of compactness, integration, stratification,
and redundancy. Network density measures the proportion of observed ties among all
possible city-to-city directed ties and was calculated as

D =
L

N(N − 1)
(5)

where D denotes network density, L is the number of observed directed ties, and N is
the number of network nodes. A higher density indicates that pollution interactions are
more extensively distributed across the region. Network connectedness, hierarchy, and
efficiency were calculated using the Krackhardt Graph Theoretic Dimensions routine in
UCINET 6.186. Connectedness reflects the extent to which cities are embedded in the same
connected structure. Hierarchy captures asymmetry in reachability among cities; a higher
hierarchy indicates a more stratified network structure. Network efficiency reflects the
degree of redundant connections within the network. A lower efficiency value implies
more alternative connection paths among cities, indicating stronger relational redundancy
and higher structural stability [32].

City-level roles were further examined through centrality measures. Degree centrality
reflects direct linkage activity, betweenness centrality captures a city’s bridging role in
pollution transmission, and closeness centrality indicates how rapidly a city can connect
with other nodes in the network [32–34]. In this study, closeness centrality was calculated
for the directed network based on directed reachability. It was defined as

CC(i) =
n − 1

∑j ̸=i d(i, j)
(6)

where d(i, j) is the directed shortest-path distance from node i to node j. If node i can-
not reach other nodes through directed paths, its closeness centrality is reported as 0 in
UCINET 6.186.

Motif Analysis

Motif analysis was used to examine the local interaction patterns embedded in the
intercity PM2.5 pollution network. Network motifs are small, connected subgraphs that
recur in a network more frequently than expected under an appropriate random-network
benchmark [35,36]. Compared with global network indicators, motif analysis focuses on
micro-level configurations and helps identify the basic building blocks of complex pollution
interaction networks.
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In this study, motif analysis was conducted to detect frequently occurring local struc-
tures among cities in the GBA PM2.5 pollution network. Three statistics were used to
evaluate motif characteristics: frequency, p-value, and Z-score. Frequency records the
number of occurrences of a given motif. The p-value measures the probability that the same
motif could occur in randomized networks with comparable structural properties; a smaller
p-value indicates that the motif is less likely to arise by chance. The Z-score compares the
observed motif frequency with its expected frequency in random networks, and a higher
Z-score indicates a more statistically overrepresented and structurally meaningful motif.
Through this analysis, the study identifies the dominant local linkage patterns of PM2.5
pollution among cities and provides a microstructural basis for interpreting cross-city
PM2.5-related interactions in the GBA.

2.2.3. Exponential Random Graph Model

ERGM was introduced to identify the factors associated with the formation of city-to-
city PM2.5 pollution ties. ERGM is a statistical modeling framework for network data that
explains the probability of observing a given network by decomposing its structure into a
set of local configurations and explanatory statistics [37,38]. Unlike conventional regression
models that assume independence among observations, ERGM explicitly considers depen-
dence among network ties, making it suitable for analyzing relational structures in which
cities are interconnected through directional pollution associations [50]. In this study, the
dependent network is the binary directed matrix derived from the significant CCM-based
intercity PM2.5 pollution linkages.

The ERGM is specified as follows:

Pθ(X = Y) =
(

1
k

)
exp{∑n θngθ(y)} (7)

where Y denotes the random network, y is the observed PM2.5 pollution network, gk(y)
represents the k-th network statistic, and θk is the corresponding parameter to be estimated.
The term κ(θ) normalizes the distribution so that probabilities across all possible networks
sum to one. A positive and significant θk indicates that the corresponding network con-
figuration or explanatory factor increases the likelihood of an intercity pollution linkage,
whereas a negative coefficient suggests a suppressing effect. By incorporating endogenous
network terms, city-level attributes, and dyadic covariates, ERGM helps identify the drivers
of the GBA pollution network.

In the empirical specification, the model included endogenous network terms, nodal
covariates, and dyadic covariates. The endogenous terms included edges and mutuality,
which captured the baseline tendency of tie formation and reciprocal dependence between
city pairs. The nodal covariates included PM2.5 pollution categories, temperature, precip-
itation, GDP per capita, population density, and the share of secondary industry. These
variables were used to represent pollution conditions, meteorological background, socioe-
conomic activity, population concentration, and industrial structure. The dyadic covariates
included geographical proximity, meteorological association, and economic association,
which captured pairwise spatial, environmental, and socioeconomic connections between
cities. The tertiary-sector share was not included in the main model because it is less
directly linked to PM2.5-generating industrial processes and may overlap with GDP per
capita, population density, and economic association.

2.3. Data and Variables

The pollutant variable used in this study was daily city-level PM2.5 concentration.
For each city or special administrative region, the daily value was calculated as the arith-
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metic mean of valid monitoring-station observations on the same day. The PM2.5 dataset
included 80 monitoring stations across the 11 cities/SARs. After data cleaning and city-
level aggregation, the final CCM dataset contained 2557 daily observations for each city
or special administrative region from 1 January 2016 to 31 December 2022. Across the
complete dataset (28,127 city-day observations), only 16 city-day observations (0.057%)
were missing and were filled using linear interpolation before CCM estimation. Before
CCM estimation, each city-level daily PM2.5 series was detrended and seasonally adjusted
using STL decomposition with a 365-day seasonal period, with the residual component
retained for subsequent CCM analysis. Other pollutants, including O3, NO2, SO2, CO, and
PM10, were not included in the empirical network construction or ERGM analysis.

Annual average PM2.5 values were used for descriptive spatial mapping, whereas
the ERGM pollution-category variables were constructed from city-level average PM2.5
concentrations over the entire 2016–2022 study period. Based on the natural breaks method,
the low-pollution group included Macao SAR, the medium-pollution group included Hong
Kong SAR, Zhaoqing, Shenzhen, Zhuhai, Huizhou, Jiangmen, Guangzhou, and Zhongshan,
and the high-pollution group included Dongguan and Foshan. The low-pollution group
was used as the reference category, while Mid AP and High AP were included in the ERGM
as dummy variables.

Five continuous nodal covariates were included: temperature, precipitation, GDP per
capita, population density, and the share of secondary industry. Temperature and precip-
itation represented meteorological conditions affecting PM2.5 accumulation, dispersion,
and removal. GDP per capita and population density were used to capture socioeconomic
development and urban activity intensity, while the share of secondary industry repre-
sented industrial structure. All continuous nodal covariates were calculated as city-level
averages over the 2016–2022 study period. The socioeconomic and meteorological data
were obtained from the Guangdong Statistical Yearbook, the Hong Kong Annual Digest
of Statistics, and the Macao Yearbook of Statistics. Descriptive statistics are reported in
Table 1.

Table 1. Descriptive statistics of continuous nodal covariates used in the ERGM.

Variable Unit Mean SD Min Max

Temperature ◦C 23.16 0.39 22.2 23.5
Precipitation mm 1600.37 101.89 1457.2 1826.4

GDP per capita 104 yuan/person 15.86 11.72 5.4 40.8
Population density persons/km2 4419 5949.5 274 20,705

Secondary industry share % 39.05 17.72 6.7 56.9

3. Results
3.1. Spatiotemporal Patterns of PM2.5 Pollution

ArcGIS was used to map PM2.5 pollution in the 11 GBA cities and SARs for the
selected years of 2016, 2018, 2020, and 2022. The natural breaks method was applied to the
pooled city-year PM2.5 values for these four years, as shown in Figure 2.

During the mapped years, PM2.5 pollution in the GBA showed a clear overall decline
under the unified classification. In 2016, the highest PM2.5 class was mainly concentrated
in Guangzhou, Foshan, Dongguan, Jiangmen, and Zhaoqing, indicating relatively high
pollution levels in the central and western parts of the GBA. By 2018, the highest class had
narrowed to Foshan and Zhaoqing. In 2020, no city remained in the highest class, and only
Foshan was classified into the 27–32 µg/m3 group. By 2022, all cities and SARs had fallen
into the two lower classes, indicating a substantial reduction in PM2.5 levels across the
region. Overall, the spatial pattern shifted from a broader high-value distribution in the
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central and western GBA to a lower and more localized residual pattern. The pollution-
intensity classes in Figure 2 should be interpreted as sample-based PM2.5 categories rather
than regulatory air-quality grades.

 

 
Figure 2. PM2.5 distribution.

3.2. Dynamic Intercity Interactions of PM2.5 Pollution
3.2.1. Optimal Embedding Dimension

Selecting appropriate embedding parameters is essential for reliable CCM estimation.
Before conducting CCM estimation, the time delay τ was set to 1, and the optimal em-
bedding dimension E was identified according to univariate prediction skill. The choice
of E directly affects the accuracy of state-space reconstruction and subsequent predic-
tion. Univariate prediction skill refers to the correlation coefficient between observed and
predicted values, and it generally reaches its maximum under the optimal embedding
dimension [51]. The CCM convergence criterion follows Sugihara et al. [31]. In this study,
the SSR_pred_boot function in R software (version 4.5.0; R Foundation for Statistical Com-
puting, Vienna, Austria) was used to identify the optimal embedding dimensions. As
shown in Table 2, the optimal embedding dimensions of the 11 cities and SARs ranged
from 2 to 5, indicating that the temporal evolution of PM2.5 pollution across cities exhibits
nonlinear dynamic characteristics and a certain degree of similarity.

Table 2. Optimal embedding dimensions.

City (SAR) Optimal Embedding
Dimension City (SAR) Optimal Embedding

Dimension

Guangzhou 5 Zhongshan 5
Shenzhen 5 Jiangmen 5

Zhuhai 3 Zhaoqing 5
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Table 2. Cont.

City (SAR) Optimal Embedding
Dimension City (SAR) Optimal Embedding

Dimension

Foshan 3 Hong Kong 3
Huizhou 4 Macao 4

Dongguan 5

3.2.2. CCM Significance Testing and Directional Linkage Identification

After applying the CCM convergence criterion, the random-permutation surrogate
test, and the BH-FDR correction, statistically significant directional linkages were retained
to construct the binary PM2.5 pollution interaction matrix. The key criterion is whether
the cross-mapping prediction skill between two variables converges to a stable level as
the library size increases. In the context of this study, a CCM-based directional association
between city A and city B reflects the extent to which the PM2.5 dynamics of one city can
be reconstructed from the temporal information of the other city. Since it is impractical to
display all CCM test results, two representative city pairs with the highest and lowest CCM
coefficients were selected for illustration, as shown in Figure 3.

Figure 3. CCM curves for representative city pairs. Solid and dotted lines represent the two opposite
cross-mapping directions within each city pair.

For Zhaoqing and Macao SAR, the CCM curves remain low and decline slightly as
the library size increases, indicating weak mutual predictability and limited spatial as-
sociation between the two cities. In contrast, the CCM coefficients between Foshan and
Guangzhou are relatively high, and the two curves converge to a similar level with increas-
ing library sizes. This suggests that PM2.5 pollution in Foshan and Guangzhou is closely
interconnected, with strong mutual predictability and a bidirectional CCM-based linkage.

3.2.3. Intercity Interaction Effects

Using daily city-level PM2.5 time series from 2016 to 2022, this study estimated CCM
coefficients for all 110 possible directed city pairs. As shown in Figure 4, the coefficients
ranged from 0.4993 to 0.8978. The strongest CCM-based directional association was ob-
served from Foshan to Guangzhou, whereas the weakest association was observed from
Macao SAR to Zhaoqing. In terms of outgoing effects, Shenzhen showed the strongest
overall linkage with other cities, while Zhaoqing showed the weakest. For incoming effects,
Zhongshan was most strongly associated with other cities, whereas Zhaoqing was least
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affected. These results indicate clear heterogeneity in outgoing and incoming PM2.5-related
linkages among GBA cities.

Figure 4. Intercity CCM coefficients.

3.3. Network Characteristics of Intercity Pollution Linkages

Based on the significant CCM-based directional associations, a directed PM2.5 pollu-
tion network was constructed for the 11 GBA cities and SARs. The network was visualized
using ArcGIS, as shown in Figure 5. The results indicate that intercity PM2.5-related
linkages in the GBA form a complex but structured network during the study period.

 
Figure 5. Intercity pollution network.

3.3.1. Overall Characteristics of the Pollution Network

Among the 11 GBA cities and SARs, the maximum number of possible directed ties is
110. After significance testing, 58 CCM-based directional linkages were identified, yielding
a network density of 0.527. This indicates that approximately 53% of all possible city-to-city
linkages were observed in the PM2.5 pollution network.
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The network connectedness is 1, indicating that all cities and SARs belong to the
same connected structure. The network efficiency is 0.533, suggesting that PM2.5-related
directional associations are connected through relatively short paths. The network hierarchy
is 0, indicating that there is no evident hierarchical structure among cities. Overall, the
GBA PM2.5 pollution network is highly connected but weakly hierarchical, with linkages
distributed across multiple cities rather than dominated by a single core city.

3.3.2. Individual Characteristics of the Pollution Network

Table 3 summarizes the centrality measures of cities in the GBA PM2.5 pollution
network, including outdegree, indegree, degree, betweenness, and closeness.

Table 3. Nodal centrality indicators.

City (SAR) Outdegree Indegree Degree Betweenness Closeness

Guangzhou 4 4 8 0.056 0.976
Shenzhen 7 6 13 0.077 9.262

Zhuhai 5 5 10 0.059 1.042
Foshan 5 6 11 0.071 9.912

Huizhou 6 6 12 0.071 10.432
Dongguan 7 5 12 0.077 12.383
Zhongshan 7 7 14 0.083 9.637
Jiangmen 4 6 10 0.071 5.613
Zhaoqing 3 3 6 0.050 0.000

Hong Kong 4 4 8 0.056 0.000
Macao 6 6 12 0.067 3.743

The average degree centrality of the 11 cities and SARs is 10.545. Six cities and
SARs, namely Shenzhen, Foshan, Huizhou, Dongguan, Zhongshan, and Macao SAR,
have degree centrality values above the average. Zhongshan records the highest degree
centrality, indicating strong incoming and outgoing linkage activity within the network.
Therefore, fluctuations in PM2.5 pollution in Zhongshan may be closely associated with
PM2.5 pollution changes in other GBA cities. This pattern may be shaped by multiple
factors, such as geographical location, climatic conditions, and economic activities. Cities
with lower degree centrality are mainly located in the northwestern GBA, suggesting fewer
pollution linkages with other cities. This further highlights the role of geographical location
in shaping intercity pollution associations.

Degree centrality can be decomposed into outdegree and indegree. Cities with higher
outdegree than indegree were classified as net outgoing-linkage cities, whereas those with
higher indegree than outdegree were classified as net incoming-linkage cities. Cities with
equal outdegree and indegree were regarded as broker-type cities. As shown in Figure 6,
Dongguan and Shenzhen are net outgoing-linkage cities, Foshan and Jiangmen are net
incoming-linkage cities, and the remaining cities and SARs are broker-type cities. This
pattern suggests an east–west cross-regional linkage structure in the GBA.

The average betweenness centrality of the 11 cities and SARs is 0.067, indicating
close intercity dependence in the PM2.5 pollution network. Zhongshan has the highest
betweenness centrality, with a value of 0.083, suggesting that it occupies an important
intermediary position in the GBA network. Among the 11 cities and special administrative
regions, six cities have betweenness centrality values above the average, indicating that
they are relatively close to the network center and may play leading or coordinating roles
in the relational structure. Zhaoqing has a betweenness centrality value notably lower than
the average. Since Zhaoqing is located at the northwestern periphery of the GBA, it shows

https://doi.org/10.3390/atmos17070676

https://doi.org/10.3390/atmos17070676


Atmosphere 2026, 17, 676 13 of 21

weaker intermediary involvement in the PM2.5 linkage network and occupies a relatively
peripheral position in the network structure.

 
Figure 6. City roles in the pollution network.

The average closeness centrality is 5.727, and five cities have values above the average.
Dongguan has the highest closeness centrality, indicating that it can reach other nodes
more effectively through directed paths in the pollution network. In contrast, Guangzhou
and Zhuhai have relatively low closeness centrality values, suggesting weaker directed
reachability. The closeness centrality values of Zhaoqing and Hong Kong SAR are 0.000.
This result does not contradict the network connectedness value of 1 reported above. Net-
work connectedness indicates that all cities belong to the same overall connected structure,
whereas closeness centrality was calculated based on directed reachability. Therefore, the
zero values indicate that Zhaoqing and Hong Kong SAR could not reach other nodes
through complete directed paths under the directed-network calculation, although they
still belonged to the overall connected pollution network.

3.3.3. Motif Analysis of the Pollution Network

Motif analysis was used to further examine the local structure of the GBA PM2.5
pollution network. As shown in Table 4, F8X, GCX, FMF, JQF, and GDF are statistically
significant and have positive Z-scores, indicating that these local configurations are over-
represented in the observed network. In contrast, F8R, GQX, IMF, F7F, FKX, GOX, K4F, and
GCR are not statistically significant.

The significant motifs mainly reflect one-way linkages, partial reciprocal structures,
and intermediary configurations. F8X and GCX suggest that some cities serve as inter-
mediate nodes with both incoming and outgoing PM2.5-related linkages, while FMF, JQF,
and GDF indicate strengthened local interconnections among selected nodes. Overall, the
motif results suggest that intercity PM2.5 linkages in the GBA are not dominated by fully
integrated or highly reciprocal local structures. Instead, the network is mainly organized
through intermediary linkage patterns. The non-significance of K4F, which represents a
more integrated structure in which all nodes maintain both sending and receiving relation-
ships, further indicates that fully connected local diffusion is not the dominant pattern of
PM2.5 linkage organization in the GBA.
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Table 4. Motif analysis results.

Code Motif Frequency P Z Code Motif Frequency P Z

F8R 3488 1 −2.309 FMF 1523 0 1.722

F8X 3271 0 1.333 JQF 1454 0 1.854

GQX 2741 1 0.73 GOX

 
1031 1 −2

IMF 2910 1 0.762 K4F 431 1 0.218

F7F 1829 1 0.000 GDF 1459 0 1.315

GCX 3112 0 1.241 GCR 1737 1 0.000

FKX 3236 1 1.142

3.4. Factors Associated with the Formation of Intercity PM2.5 Pollution Linkages

To examine the formation of intercity PM2.5 pollution linkages, ERGM was estimated
for the GBA PM2.5 pollution network by incorporating self-organization terms, city-level
attributes, and exogenous network covariates, as reported in Table 5.

Table 5. ERGM estimation results.

Base Model Node Covariate Network Covariate

(1) (2) (3) (4)

Network
Self-organization Effects

Edges −1.8721 ***
(0.0267)

−1.6179 ***
(0.0315)

−2.8713 ***
(0.0779)

−3.0473 ***
(0.1512)

Mutual 1.3674 ***
(0.0427)

1.8020 ***
(0.0640)

1.0388 ***
(0.0641)

0.8716 ***
(0.0422)

Individual Attribute
Effects

Mid AP 0.3319 ***
(0.0214)

0.1843 ***
(0.0201)

0.2249 ***
(0.0431)

0.1623 ***
(0.0244)

High AP 0.5871 ***
(0.0201)

0.5179 ***
(0.0369)

0.3601 ***
(0.0503)

0.2513 ***
(0.0307)

Rain −0.0206 **
(0.0102)

−0.0196
(0.0133)

Temp 0.0461 ***
(0.0154)

0.0529 ***
(0.0149)

Rgdp 0.2243 ***
(0.0843)

0.2843 **
(0.1406)

Pop 0.1246 ***
(0.0441)

0.1202 ***
(0.0401)

Ind 0.0313
(0.0201)

0.0165
(0.0284)

Exogenous Network
Effects
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Table 5. Cont.

Base Model Node Covariate Network Covariate

(1) (2) (3) (4)

Geographical Proximity 1.1216 ***
(0.3197)

Meteorological
Association

0.6943 ***
(0.0557)

Economic Association 0.2167 **
(0.1015)

Note: Standard errors are reported in parentheses. ** p < 0.05, *** p < 0.01.

Models (1) and (2) examine the effects of PM2.5 pollution categories after controlling
for edges and mutuality. The mutuality coefficients are positive and significant, indicating
strong reciprocal dependence in the GBA PM2.5 pollution network. The pollution-category
effects are also significant, suggesting that cities with higher pollution levels and cities with
similar pollution levels are more likely to form PM2.5-related linkages.

Model (3) incorporates natural and socioeconomic node covariates. Temperature,
economic development, and population density are positively associated with linkage
formation, whereas precipitation is negatively associated with linkage formation. The
share of secondary industry is not significant. Model (4) further includes dyadic covariates,
and the results remain broadly consistent. Among the dyadic covariates, geographical
proximity shows the strongest positive association, followed by meteorological association
and economic association. These results indicate that the formation of intercity PM2.5
linkages is jointly shaped by local city attributes and pairwise intercity relationships.

3.5. Trajectory-Based Consistency Check for CCM-Based Linkages

To provide a trajectory-based consistency check for selected CCM-based directional
linkages, HYSPLIT backward trajectory analysis was conducted for selected relatively
strong and weak statistically significant mainland city-to-city linkages according to their
CCM coefficients. This analysis was not intended to validate the full PM2.5 pollution
network or to quantify source contributions. Instead, it was used to examine whether
relatively strong CCM-based linkages showed higher source-side trajectory consistency
than relatively weak linkages during high-PM2.5 episodes.

As shown in Table 6, the selected strong CCM-based linkages had source-side con-
sistency ratios of 1.00, 0.85, and 0.67. Dongguan → Guangzhou showed full source-side
consistency because the source-side trajectory cluster was also the largest trajectory clus-
ter for Guangzhou. Shenzhen → Zhuhai and Foshan → Dongguan showed substantial,
although not dominant, source-side trajectory consistency. In comparison, the selected
weak CCM-based linkages had lower consistency ratios of 0.47, 0.17, and 0.00. Zhaoqing →
Zhongshan showed some source-side consistency but remained clearly below the largest
trajectory cluster, while Zhuhai → Zhaoqing and Zhaoqing → Shenzhen showed limited
or absent source-side consistency.

Overall, the selected relatively strong CCM-based linkages exhibited clearer source-
side trajectory consistency than the selected relatively weak linkages. This result indicates
that selected strong CCM-based linkages were more consistent with air-mass pathways
during high-PM2.5 episodes than selected weak linkages.
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Table 6. HYSPLIT trajectory consistency for selected CCM-based linkages.

Linkage
Category

CCM-Based
Directional

Linkage
CCM Coef. Receptor City

Source-Side
Trajectory Cluster

(%)

Largest Trajectory
Cluster (%)

Source-Side
Consistency Ratio

Strong1 Dongguan →
Guangzhou 0.8816 Guangzhou 29.7 29.7 1

Strong2 Shenzhen →
Zhuhai 0.8798 Zhuhai 28.9 34.2 0.85

Strong3 Foshan →
Dongguan 0.8791 Dongguan 25.1 37.5 0.67

Weak1 Zhaoqing →
Zhongshan 0.5995 Zhongshan 18.4 39.4 0.47

Weak2 Zhuhai →
Zhaoqing 0.5217 Zhaoqing 5 30 0.17

Weak3 Zhaoqing →
Shenzhen 0.5892 Shenzhen 0 43.4 0

Note: The source-side consistency ratio was calculated by dividing the source-side trajectory-cluster percentage
by the largest trajectory-cluster percentage for the receptor city. It indicates trajectory consistency, not source
contribution.

4. Discussion
4.1. Interpretation of Main Findings
4.1.1. Nonlinear Intercity Interaction Effects of PM2.5 Pollution

The CCM results show that PM2.5-related linkages among GBA cities are not merely
synchronous concentration changes, but involve nonlinear directional associations. This
finding is consistent with previous studies showing that particulate pollution in the Pearl
River Delta is affected by regional transport, secondary transformation, atmospheric circula-
tion, and local emissions [20–23]. Recent evidence also suggests that PM2.5 nitrate transport
in this region may occur through both direct particle movement and precursor transport fol-
lowed by local chemical formation [52]. However, CCM does not directly simulate physical
transport or source contribution; therefore, the identified linkages should be interpreted as
data-driven directional associations rather than evidence of emission-to-receptor causality.
Stronger central-city linkages may reflect closer spatial and functional embedding, whereas
weaker peripheral linkages may reflect spatial separation and weaker coupling.

The HYSPLIT-based consistency check provides limited auxiliary support for inter-
preting selected CCM-based directional linkages. The fact that the selected relatively strong
CCM-based linkages showed higher source-side trajectory consistency than the selected
relatively weak linkages suggests that some strong directional associations are broadly
consistent with air-mass movement during high-PM2.5 episodes. However, this analysis
should be understood as a diagnostic consistency check rather than source-apportionment
or chemical-transport validation, and it should not be interpreted as evidence that all
CCM-based linkages represent physically verified pollutant-transport pathways.

4.1.2. Network Structure and Motif Patterns of PM2.5 Pollution Interactions

The network and motif results indicate that intercity PM2.5 linkages in the GBA are
highly connected but weakly hierarchical. This structure suggests that PM2.5-related
interactions are distributed across multiple cities rather than organized around a single
dominant center. Such a pattern is consistent with complex-network studies showing that
network approaches can reveal clustered regions and cooperative control areas that are
difficult to identify through single-city or attribute-based methods [53].
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The centrality and motif findings further suggest that several cities function as bridge
nodes in the regional PM2.5 pollution network. This is consistent with governance network
studies showing that bridging actors can facilitate information exchange, coordination,
and collective action across otherwise separated groups [54]. Therefore, collaborative
PM2.5 governance should consider not only cities with high pollution levels, but also cities
occupying key intermediary positions in the network.

4.1.3. Factors Associated with Intercity PM2.5 Pollution Linkages

The ERGM results indicate that intercity PM2.5 linkages are shaped by both environ-
mental conditions and socioeconomic connections. Meteorological factors may affect the
accumulation, dispersion, and removal of fine particles, while economic development and
population density may intensify commuting, freight movement, energy consumption, and
other cross-city activities. The positive effects of geographical proximity, meteorological as-
sociation, and economic association further suggest that the GBA PM2.5 pollution network
cannot be explained by distance alone.

The insignificant effect of the secondary-industry share does not imply that industrial
emissions are unimportant. Rather, it suggests that this broad sectoral indicator may not
fully capture differences in emission intensity, industrial composition, pollution-control
performance, and cross-city industrial organization within the GBA. More detailed emission
inventories and industrial source data would be needed to further examine the role of
industrial activities in PM2.5 linkage formation.

4.2. Policy Implications

First, source-oriented emission reduction should be strengthened in the GBA. The
unified classification results indicate that PM2.5 levels declined substantially across the
region during the study period, while some central and western mainland cities, such as
Foshan, Zhaoqing, Jiangmen, Guangzhou, and Zhongshan, still showed relatively higher
residual PM2.5 levels in 2022. Therefore, emission-reduction efforts should continue to
focus on areas with relatively higher residual PM2.5 concentrations. Meanwhile, transport-
related emissions should be treated as an important control priority in densely populated
and highly mobile areas. Local governments should further promote new-energy vehicles,
improve low-carbon public transport systems, optimize traffic management, and encourage
residents and visitors to adopt greener travel modes. These measures can help reduce local
emission pressure while improving the effectiveness of regional PM2.5 pollution control.

Second, network-based linkage management should be emphasized. The network and
motif results show that intercity pollution interactions in the GBA are organized through
multiple direct and indirect linkage structures, with several cities serving as intermediary
or bridge nodes. Therefore, PM2.5 pollution governance should not focus only on emission
sources or highly polluted cities, but should also target structurally important intercity
linkage structures and intermediary cities. Collaborative governance should pay particular
attention to linkages between cities with stronger outgoing linkage activity and those with
stronger incoming linkage activity. Along these routes, coordinated monitoring zones,
emission-control corridors, and joint emergency-response mechanisms should be estab-
lished to improve real-time tracking, early warning, and cross-city intervention capacity.

Third, cross-jurisdictional coordination and multi-actor participation should be im-
proved. The ERGM results suggest that economic development, population density, geo-
graphical proximity, meteorological association, and economic association all contribute to
the formation of intercity pollution linkages. This implies that regional PM2.5 pollution
governance in the GBA should be integrated with broader socioeconomic coordination.
Mainland cities, Hong Kong SAR, and Macao SAR should strengthen data sharing, joint
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monitoring, policy communication, and coordinated implementation of pollution-control
measures. At the same time, market-based incentives, environmental regulation, and public
participation should be combined to encourage enterprises and residents to participate in
emission reduction. A governance framework involving governments, enterprises, and the
public can support more effective and sustainable air quality improvement across the GBA.

4.3. Limitations and Future Research

This study has several limitations. First, the analysis focused only on PM2.5. Other
pollutants, such as O3, NO2, SO2, CO, and PM10, may have different sources, chemical
processes, atmospheric lifetimes, and meteorological sensitivities. Future research should
construct pollutant-specific or multi-pollutant networks to compare intercity linkage pat-
terns across pollutants.

Second, this study used city-level daily PM2.5 averages as the basic observational
unit. Although this scale is suitable for examining intercity linkages, it may smooth intra-
city spatial heterogeneity and obscure local hotspots. Differences in monitoring-station
numbers, spatial placement, and data coverage across mainland GBA cities, Hong Kong
SAR, and Macao SAR may also introduce measurement inconsistency. Future studies
should use station-level observations, remote-sensing products, or high-resolution gridded
datasets to construct finer-scale pollution networks.

Third, some potentially important explanatory factors were not fully included in
the ERGM analysis, such as traffic flow, port emissions, industrial point sources, energy-
consumption structure, land-use intensity, and cross-boundary policy coordination. Incor-
porating these variables would help further explain the formation mechanisms of intercity
PM2.5 linkages in the GBA.

Fourth, the HYSPLIT analysis provides a limited trajectory-based consistency check
for selected CCM-based linkages. However, it was not designed to quantify source contribu-
tions or distinguish direct PM2.5 transport from precursor transport followed by secondary
formation. Future research should combine CCM-based network analysis with emission
inventories, source apportionment, wind-field diagnostics, boundary-layer analysis, and
chemical transport models to more directly evaluate atmospheric transport mechanisms.

5. Conclusions
This study examined intercity PM2.5 pollution interactions and their associated fac-

tors in the GBA using an integrated framework combining CCM, SNA, motif analysis,
and ERGM.

First, PM2.5 pollution among GBA cities exhibits nonlinear directional associations.
Among all estimated city pairs, the strongest CCM-based directional association was ob-
served from Foshan to Guangzhou, whereas the weakest CCM-based directional association
was observed from Macao SAR to Zhaoqing. This indicates that intercity PM2.5 pollution
linkages in the GBA are not merely spatial correlations, but involve nonlinear directional
dependence among cities.

Second, the GBA PM2.5 pollution network is highly connected but weakly hierarchical.
The network analysis shows that intercity PM2.5 pollution interactions are distributed
across multiple cities rather than dominated by a single core city. The centrality and motif
results further indicate that many cities serve as intermediary or bridge nodes, and that
pollution interactions are mainly organized through intermediary linkage patterns rather
than fully reciprocal local linkage structures.

Third, the formation of intercity pollution linkages is jointly influenced by natural
conditions, socioeconomic characteristics, and dyadic relationships. Temperature, precipi-
tation, economic development, population density, geographical proximity, meteorological
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association, and economic association all affect linkage formation, whereas the share of
secondary industry does not show a significant effect. This may be because this broad
industrial-structure indicator cannot fully reflect differences in emission intensity, industrial
composition, pollution-control performance, and cross-city industrial organization within
the GBA.

Overall, this study provides a CCM-based directional-network perspective for un-
derstanding regional PM2.5 pollution interactions in the GBA. The findings suggest that
collaborative PM2.5 pollution governance should combine source-oriented emission reduc-
tion, network-based linkage management, and cross-jurisdictional coordination.
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