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Abstract: In recent years, ozone (Os) pollution has been rapidly spreading, restricting further improvement of
air quality in China. Investigating the interaction of Os concentration and identifying their driven cities are
important for the prevention and control of Os pollution in China. However, the complex interaction between
Os pollution between the cities and their driven cities has not yet been revealed. In this study, we address this
gap based on complex network methods. Specifically, an ozone relational network is constructed using an
association calculation method. The driven nodes and spatial clusters were analyzed based on the maximum
matching algorithm and the Louvain algorithm. The findings of the study reveal an aggregation phenomenon
in the ozone network concerning distance. Furthermore, as the threshold T, varies, the proportion of driven
nodes exhibits a positive correlation. Moreover, a closer threshold value corresponds to a higher coincidence
ratio of the driven nodes. The results provide scientific guidance for national Os pollution prevention and
regional synergy formatting. Furthermore, the introduced network-based approaches offer a mythological
framework for the study of air pollution in key cities and clusters.

Keywords: ozone; complex network; maximum matching algorithm; community classification

1. Introduction

With the rapid development of human society, environmental issues are receiving increasing
attention [1,2]. Among these, air pollution is one of the world's most significant environmental
problems, with a direct impact on the physical and mental health of its inhabitants [3]. A large
number of actions have been taken to improve air quality. To improve air quality, the government
released a series of policies, such as the State Council issued Air Pollution Prevention and Control
Action Plan and the Blue Sky Defense War [4,5]. It's glad to see the PM2s concentrations in China
have significantly decreased, however, the concentration of ozone (Os) is showing an upward and
spreading trend, becoming a limiting factor for further improvement of our air quality [6,7].
controlling Os pollution become urgent issues that need to be addressed in each city.

Os pollution is a secondary pollutant generated by photochemical reactions that have adverse
effects on human health and ecosystems [8]. Nitrogen oxides and VOCs are one of the main precursor
pollutants for the formation of Os [9-12]. The relationship between Os, NOx, and VOCs is not a simple
linear dependence, but rather a non-linear variation [13]. The photochemical reaction of Os is very
complex and is influenced by both meteorological conditions and the control of precursor pollutants
[14,15]. Seasonal characteristics are observed in ozone pollution, as it is notably affected by the
summer monsoon [16]. Moreover, in China, there has been a positive correlation between surface Os
concentration and the ENSO index during summers from 1990 to 2019 [17]. A comprehensive study
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on meteorological variables, including surface ozone, relative humidity, and temperature, was
conducted in 74 major Chinese cities from 2017 to 2018. The findings revealed that ozone levels in
each city decreased with increasing relative humidity, showing a negative overall correlation [18].
This suggests that net ozone production decreases as relative humidity increases [19].

In addition to industrial emissions and meteorological conditions, inter-regional atmospheric
transport is an important factor in the formation of Os pollution [20-23]. Identifying driving cities is
beneficial for managing atmospheric environmental quality. A large number of studies have applied
numerical models, such as WRF-Chem, CMAQ, and CAMX, to analyze the transport characteristics
of Os [24-26]. However, these studies mainly focus on limited cities and limited time. Research has
pointed out that longer time scale analysis is of greater significance for studying the causes of O3 and
managing joint prevention and control. In addition, research on identifying Os driven cities is even
rarer.

In recent years, complex network methods have gradually been introduced into the field of
atmospheric environment [27]. A notable study conducted by Tian et al. delved into the ozone
transport network in California, examining the phenomenon of networked communities. Similarly,
Wang et al. applied an optimized complex network approach and source resolution model to analyze
the transport patterns of O3 in the Yangtze River Delta region [28,29]. Despite the abundance of
valuable findings in ozone research, the application of complex network methods, especially control
network theory, to comprehend certain ozone phenomena remains relatively rare.

In this study, the O3 network is based on the cross-correlation function [30-32]. Subsequently,
we employ the Louvain community partitioning algorithm to delineate communities within the
ozone network [33]. We then employ the maximum matching control network theory to explore the
driven nodes of the ozone network, among other aspects. The research findings reveal significant
associations within the ozone network, primarily concentrated in regions such as Northeast China,
North China, Sichuan-Chonggqing, and Southeast coastal areas. Furthermore, network control theory
demonstrates that the driven nodes within the ozone network are distinct from hub nodes.
Additionally, we investigate the impact of the edge weight threshold on the maximum number of
connected community nodes, the number of driven nodes, and the co-occurrence of driven nodes.
Finally, we carefully examine the correlation between the predicted sequences and node distances
for two distinct types of nodes. This comprehensive analysis uncovers a noteworthy and intricate
relationship among these variables. Our research results provide reference for the development of
strategies and countermeasures for O3 pollution.

2. Materials and Methods

2.1. Data

The maximum daily average 8-hour (MDAS) Os concentration used in this study are acquired
from the China National Environmental Monitoring Centre (CNEMC). The The temporal span of the
dataset encompasses the period from January 1, 2015, to December 31, 2019, encompassing a duration
of 1,800 days. Our dataset comprises a grand total of 604,800 individual records.

2.2. Methods

In order to verify and understand the applicability of the complex network theory in the Os
network, we introduce the obtained Os data in this section, as well as the cross-correlation Os network
construction method, the Os network community partition algorithm Louvain Community
Classification and the driven node discovery method maximum matching algorithm [33,34].

2.2.1. Network construction

In recent years, more and more studies have focused on the use of complex network theories
and methods to study climate phenomena. Among them, the cross-correlation function has achieved
many meaningful results in the study of atmospheric gases, such as the influence of distance and so
on. In this work, we employ the cross-correlation function to calculate the correlation between Os
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observation sites and use it as the link weight for constructing the Os network [35-39]. The specific
calculation process of the cross-correlation function algorithm is shown in the equation (1) and (2):
S (- (cjt+n—C;
Xci'cj (T) — t 1( l_ - L)( ] ]) - (1)
JZ%;f(ci(t)—ci) ~Jz%;f(cj(t+r>—m
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where 7 represents the delay time and 7 > 0, vectors C; and C; represent the values of Os data

Xeic; (1) = 2)

for two cities i and j, C; and E] are the averages of Os for these two cities. Time delay 7 € [-30,30]
, Xci,cj(T) take the O; data of city i as C[0: L,y — 7], the O; data of city j as T[7:Lya,], while
Lmax is the total number of records of Os data for a city. XCL.’C],(—T) take the Os data of city i as
C[t: Limgy], and the Osdata of city j as C[0: Lyqy — 7]

Equations (3) and (4) are used to calculate the positive and negative link weights of the Os

network.
pos _ max(XCi,Cj)—mean(Xci_cj) (3)
Ci‘Cj Std(XCi,Cj)
neg _ min(XCi_Cj)—mean(Xci_Cj) (4)
Ci’Cj Std(XCi'(;].)

ch%j and WC?'%‘; are the positive and negative link weights respectively. In the process of

building a city Os network, the city is used as a node of the network, and the link weight threshold
between nodes is set to T, when 7z7¢, >0 and Wi > T, there exists a link between city i and

city j, with direction from city i to city j. The link weight is W7, and all eligible links are
connected to form a positive Os network (PoN). When 7¢¢ < 0 and W < —T¢, there exist a link
between city i and city j, and direction from cityito cityjwith the weightWC?_eC“j , which forms a

negative Os network (NoN).Interventionary studies involving animals or humans, and other studies
that require ethical approval, must list the authority that provided approval and the corresponding
ethical approval code.

2.2.2. Louvain Community Classification Algorithm

In this section, we introduce an algorithm to quickly divide the network community, which is
Louvain algorithm. The algorithm is a method for extracting the structure of large-scale network
communities with modularity as the optimization goal. It uses module gain to divide the community,
which can quickly and effectively divide the community of the directed weighted network.

Louvain algorithm is a method of extracting large network community structure based on
modular optimization, which uses module gain to divide the community, which can effectively
divide the community and calculate fast. Applying the Louvain algorithm to the community division
of the directed weighted Os network can quickly obtain the community division results. Modularity
is used to measure the quality of community division, the value range is [-1,1], which is a measure of
the density of links within the community and links between different communities. In highly
modular communities, there are dense links between internal nodes, while sparse links between
different communities nodes. Modularity calculation formula is defined as equation (5):

Q= ﬁzl‘,j [Aij - %] 8(cuc;) ®)

The Louvain algorithm steps in dividing the community are as follows,

Step 1: Initialize each node in the network to a different community, the network with n nodes
has n initial communities.

Step 2: Suppose the current node a has 0...k neighbor nodes, calculate the modular gain after
putting node a into the community of any neighboring node AQ, which is shown as equation (6).
Then select the community with the largest gain value to place node a. If the modular gain is not
positive, node a remains in the original community.
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Step 3: Repeat step 2 until all nodes are in communities where they cannot get modular gain
through movement.

40 = [Fugie — (Berti)’] - [ (Be)" (1] ©)

2m 2m 2m 2m 2m

2.2.3. Maximum matching algorithm

With the introduction of the controllability of complex networks, more and more researchers
focus on this field, and many interesting results have been achieved [34]. Here, we use the
maximum matching control algorithm to study the Os network. The maximum matching algorithm
is a structural controllability framework that can effectively identify the minimum set of driven nodes
for a control network. The maximum matching in the network marks the maximum link set that does
not share the starting node or the ending node, and the remaining nodes that are not matched are the
minimum driven node set. These drive nodes enable control of the network. Generally, the maximum
matching algorithm of a bipartite graph is used to find the minimum set of driven nodes of the
network.

First, we need to convert the ordinary network into a bipartite graph network. The detailed
conversion process can be found in reference [34]. Here we briefly describe the conversion steps. At
the beginning, let G = (V,E), V ={cy,¢3,..., ¢}, E ={(cy,¢c2),(cq,¢2),(€c1,¢4),(cs5,€3)...}, (€1,€2)
indicates there exist a link from ¢; to ¢;. Constructing two disjoint subsets, denoted by + as the
source node, and denoted by — as the target node, V* = {c],c3,..., ¢ },V" ={ci,c3,...,cp}. In a
bipartite graph, any two edges in the V* and V~ node sets are not attached to the same vertex, and
finding the subset with the largest number of edges is the maximum matching of the graph.

2.2.4. LSTM time series forecasting

Long Short-Term Memory (LSTM) is a type of recurrent neural network, which is widely used
in time series forecasting [40]. The LSTM model learns the data that can be observed at the ¢t
moment and predicts the data at the ¢ + 1 moment. We used LSTM to perform univariate prediction
of Os data, selected Os data for a total of 3 years from 2015 to 2017, and entered the Os data of the
previous two and a half years to predict the Os data of the last half year. The steps are as follows,

Step 1: Pretreatment data, including loading Os data sorted by date, differential conversion of
data, conversion of data into supervised learning data, and data normalization.

Step 2: Construct LSTM model for predictive training. After the inverse scaling and inverse
differential transformation of the predicted values, the MSELoss between the real values and
predicted values is calculated to obtain the prediction accuracy of the model, and the model
parameters are adjusted through reverse gradient propagation to improve the prediction accuracy of
the model.

Step 3: Predict Os data of the city with the above-trained model.

3. Results and discussion

We present the main results of the correlated multi-layered networks composed of the TI and
AQI as described above.

3.1. The characteristics of Os network

In order to visually display the network connection between various monitoring sites in China.
First, we constructed the Os link network according to the above link weight calculation method
[30-32,35-39]. According to the method in Section II B we get the connection weights of 336 cities
in China and build an Os network, which consists of 336x335=112560 edges. To better describe the
network structure, we extract the edge whose weight W’C’zzj =T with T¢ =3.8 and obtain 1942

edges, which satisfies the sparse network requirement e < nlogn [41]. Additionally, we discuss
the effect of edge weights in Section III C. The extracted network in Figure 1 (a) indicates more
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reasonable and understandable relationships. As can be seen from it, the network community
structure can be observed through the above network construction method. For example, there are
obvious community effects in Northeast China, North China, Sichuan-Chongqing, and Southeast
coastal areas. These results are similar to the regional community effects seen in other previous
meteorological studies [28,40]. Of course, we observe a sporadic and isolated distribution of nodes
in the southwest and most of the northwest. One reason is that due to the limitation of data
acquisition, currently there are only a small number of data collection sites in the southwest and
northwest, resulting in a long distance between the sites and little mutual influence between the sites.
As an illustration, consider the scenario where the distance between stations within a given
community spans 500 kilometers, while the separation between stations in distinct communities
extends to 1,500 kilometers. An additional factor contributing to this phenomenon could be attributed
to the topographical features of the southwest and northwest regions. These areas are characterized
by a multitude of mountains and basins, thereby impeding the free movement of air to a notable
extent. It is therefore speculated that our Os network construction method is effective and has
practical value to a certain extent and can provide a new idea for the research and analysis of Os to a
certain extent.

To further verify the community structure presented by the Os network, we use the network
community partition algorithm to divide the community of the Os network. Network community
division is a commonly used network analysis technique, which has a large number of applications
in social, biological, and other networks [41,42]. In this work, we employ the Louvain community
partitioning algorithm, which is especially suitable for the current Os network due to that it can
quickly and effectively divide the community of directed weighted networks. Figure 1(b) shows
several obvious community structures after segmentation according to the Louvain community
partitioning algorithm with T = 3.8. These community structures corroborate our intuitive
observations in Figure 1(a). For similar reasons as in Figure 1(a), community network structures
rarely appear in northwest and southwest China. Nevertheless, the structure of the community
partitioning algorithm can still confirm our intuitive conjecture that the community structure exists
in the Os network. This result implies that there are spatial and temporal characteristics of regional
aggregation among the Os networks, e.g., the Yangtze River Delta [43—46]. In general, the Os detection
data can be correlated according to network analysis techniques, and obvious community structure
can be observed, suggesting the spatiotemporal characteristics of Os distribution.

Figure 1. The Os Network and Community Structure. (a) A network of Os monitoring stations in
China constructed according to the link weight calculation method. Yellow nodes represent Os
observation stations, and links between stations indicate links between stations that meet the
connectivity threshold TC = 3.8. (b) This figure is a network structure diagram after the community
division of Figure 1(a) according to the Louvain community partitioning algorithm. The nodes and
edges of different colors represent different network communities. For example, blue nodes represent
the Northeast China community, green nodes represent the North China community, orange nodes
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represent the Southeast coastal community, and yellow nodes represent the Sichuan-Chongqing
community.

The aim of this study is to observe the network connectivity between various monitoring points
in China during different periods. Initially, we constructed the Os link network according to the above
link weight calculation method. As can be seen from Figure 2(a) and Figure 3(a), the network
community structure can be clearly observed, and these results are similar to Figure 1(a). To ensure
comparability between different networks, we take the same number of edges in different networks.
The edge thresholds of the corresponding networks for these two time periods are Tc=3.3 and Tc=3.1,
respectively. However, an interesting phenomenon is that although there are obvious community
structures in the network at different periods, there are significant differences in the size of these
community structures. These results suggest that different times have important effects on the
construction of the Os link network. Future research should focus more on the explainable practical
role of these network structures.

Figure 2. The Os Network and Community Structure from May to September. (a) A network of Os
monitoring stations in China constructed according to the link weight calculation method. Yellow
nodes represent O3 observation stations, and links between stations indicate links between stations
that meet the connectivity threshold Tc = 3.3. (b) This figure is a network structure diagram after the
community division of Figure 2 (a) according to the Louvain community partitioning algorithm. The
nodes and edges of different colors represent different network communities. For example, yellow
nodes represent the Northeast China community, orange nodes represent the North China
community, green nodes represent the Southeast coastal community, and blue nodes represent the
Sichuan-Chongging community.

To further verify the community structure presented by the Os network in different periods, we
employ the Louvain community partitioning algorithm to divide the community of the Os network.
Obviously, Figure 2(b) and Figure 3(b) show several obvious community structures divided
according to the Louvain community division algorithm into two different periods respectively.
Their thresholds are Tc=3.3 and Tc=3.1, respectively. These community structures corroborate our
intuitive observations in Figure 2(a) and Figure 3(a). At the same time, these results indicate that the
community structure formed has changed slightly over time. For example, there are certain
differences in the community structure between North China and the Yangtze River Delta. In general,
these results verify the existence of a distinct community structure in the Os network and also confirm
the spatiotemporal characteristics of Os distribution.
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Figure 3. The Os Network and Community Structure from October to February. (a) A network of Os
monitoring stations in China constructed according to the link weight calculation method. Yellow
nodes represent Os observation stations, and links between stations indicate links between stations
that meet the connectivity threshold TC = 3.1. (b) This figure is a network structure diagram after the
community division of Figure 3 (a) according to the Louvain community partitioning algorithm. The
nodes and edges of different colors represent different network communities. For example, blue
represents the Northeast China community, green represents the Yangtze River Delta community,
orange represents the North China community, and yellow represents the Southeast coastal
community.

3.2. Control Algorithms and Drivens Nodes

This study aims to explore the controllability of the Os network, we select the maximum
matching algorithm to distinguish the driven and non-driven nodes of the network [47]. This is due
to the steps of the maximum matching algorithm and the results are easy to understand. Figure 4
shows the schematic diagram of the control network obtained by the maximum matching method.
The edge threshold in this network is the same as the previous one and still takes Tc =3.8. Here, the
yellow nodes represent the non-driven nodes, and the cyan nodes indicate driven nodes. The
outcomes depicted in Figure 4 incontrovertibly establish the presence of driven nodes within the
network. For instance, driven nodes predominantly inhabit the central region, while non-driven
nodes are primarily situated in coastal areas. The distribution of these driving nodes in space concurs
with the region-dependent phenomena observed in conventional Os studies. These results fill the gap
in our understanding of the Os network-driven nodes and have certain enlightening significance.
This method of using control theory to understand the Os network, especially its drivers, is novel and
interesting. Future work should therefore focus on understanding the practical significance and use
of driven nodes in Os networks. This suggests that the network control theory and technology can be
tried to be applied to studying Os networks.

Figure 4. Os Network from the Perspective of Network Control Theory. The figure shows the isolated,
driven, and non-driven nodes of the Os network with a threshold of TC = 3.8. Yellow represents non-
driven nodes, cyan for driven nodes, and purple for isolated nodes.
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To gain a deeper understanding of the relationship between the Os control network and different
periods, we compare the Os control network in two different periods from May to September and
from October to February. The Os control networks for two different periods are shown in Figure 5
and Figure 6, respectively. Similar to the previous results in Figure 2 and Figure 3, the edge thresholds
of the corresponding networks in these two time periods are T, = 3.3 and T, = 3.1, respectively.
From these figures, it can be seen that there are significant differences in the Os control network
during the two different periods. Although the methods and processing procedures used in these
two networks are the same as before, their results are significantly different.

Figure 5. Os Network from May to September from the Perspective of Network Control Theory. The
figure shows the isolated, driven, and non-driven nodes of the Os network with a threshold of TC =
3.3. Yellow represents non-driven nodes, cyan for driven nodes, and purple for isolated nodes.

Figure 5 is a schematic diagram of the control network for Os data from May to September
obtained by the maximum matching method. To ensure comparability between different networks,
we take the same number of edges in different networks. The edge threshold in this network is T, =
3.3. Similar to Figure 4, yellow nodes represent the non-driven nodes, and cyan nodes indicate driven
nodes. Comparing Figure 4, Figure 5 and Figure 6, it can be seen that in different periods, the control
network presents significant differences, and the nodes change from driven nodes to non-driven
nodes in different periods, and vice versa. For example, some nodes in the Yangtze River Delta are
non-driven nodes from May to September and change into driven nodes from October to February.
These results are similar to the seasonal variation of climate characteristics in the Yangtze River Delta
region in previous studies [45,46]. These results indicate that it is meaningful to use control theory to
understand the Os network. Future research should focus more on understanding the practical
implications of seasonal changes in Os network nodes over time.
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Figure 6. O3 Network from October to February from the Perspective of Network Control Theory. The
figure shows the isolated, driven, and non-driven nodes of the Os network with a threshold of TC =
3.1. Yellow represents non-driven nodes, cyan for driven nodes, and purple for isolated nodes.

3.3. Weights effect

In order to study the influence of the network edge weight threshold T, we study the changes
in the number of nodes (N,) in the network’s giant connected community (GCC) and the number of
driven nodes (N;) when the threshold T, changes in this section. The maximum connected
community of the network is one of the important indicators reflecting the connectivity of the
network, that is, the number of nodes contained in a connected maximum sub-network.

Figure 7 (a) shows the variation of the number of nodes N, in the giant connected community
with the threshold T¢. It can be seen that for the positive edge network, the threshold T, has an
obvious anti-correlation with the number of nodes in the giant connected community. This means
that the larger the threshold, the smaller the number of giant connected community nodes. This is
because the larger the threshold T; is, the less the number of eligible edges is, and the corresponding
network connectivity is reduced. Such results imply that the threshold T, canbe used as an indicator
to measure and control the connectivity of the Os network.

(@ ~ (b) *

252 252

0.9 18 2T 36 45 25 30 35 4.0 4.5
336 336
252 252

N, 168 Nq 168
-40 -32 -24 -16 -08 -40  -36  -32  -28  -24
Te Te

Figure 7. The effect of threshold TC versus the number of GCC Ng and the number of driven nodes
Nd. (a) The relationship between the threshold TC and the giant connected community nodes Ng.
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The horizontal axis is the value of threshold TC, and the vertical axis is the value of Ng. The network
edge weights are positive. (b) The relationship between the threshold TC and the number of driven
nodes Nd. The horizontal axis is the value of threshold TC, and the vertical axis is the value of Nd.
The network edge weights are positive. (c) The relationship between the threshold TC and the giant
connected community nodes Ng. The horizontal axis is the value of threshold TC, and the vertical
axis is the value of Ng. The network edge weights are negative. (d) The relationship between the
threshold TC and the number of driven nodes Nd. The horizontal axis is the value of threshold TC,
and the vertical axis is the value of Nd. The network edge weights are negative.

Figure 7 (b) presents the relationship between the number of driven nodes N,; and the threshold
T¢. As can be seen from Figure 7 (b), as the threshold increases, the number of driven nodes also
increases, demonstrating a positive correlation. This phenomenon is understandable. As the
threshold increases, the connectivity of the Os network decreases, and the number of isolated nodes
increases, thereby driving the increase in the number of nodes. It should be noted that this positive
correlation is not linear, but a nonlinear relationship. Future research should pay more attention to
the significance of these nonlinear relationships in practical Os application scenarios. In conclusion,
these results provide an attempt to understand the Os network through network control theory, and
the network weight threshold T, has an important influence.According to the cross-correlation
function network construction method, the case where the edge weight takes a negative value is also
a direction that needs to be explored. Therefore, here we explore the effect of the threshold T, on the
maximum number of connected community nodes N; and the number of driven nodes N; when
the edge weight is negative. Figure 7(c) and Figure 7(d) display the changing trends of N, and N,
when the edge connection weight threshold is negative, respectively. It is worth noting that these
trends are the opposite of those in Figure 7(c) and Figure 7(d). That is, with the increase of the
threshold T, N, increases with the increase, but N; shows a downward trend. These results are
reasonable. One reasonable explanation is that as the threshold T, increases, more and more
qualified edges are connected, so N, increases accordingly. For N;, the stronger the network
connectivity is, the stronger its controllability is, and the fewer driven nodes to be controlled. It is
difficult to find a meaningful threshold, or what are the criteria and operating steps for taking a
suitable threshold. These issues are worthy of in-depth research and analysis. Overall, these curves
indicate that the complex network method can be applied to the analysis of Os networks, and how
selecting the threshold is a key point.

Figure 8(a) and Figure 9(a) show the change in the number of nodes N, in the giant connected
community of the Os network for two different periods when the thresholds are T, = 3.3 and T, =
3.1. It can be seen that for the positive edge network, the threshold T, has an obvious inverse
correlation with the number of nodes in the giant connected community. Such results are similar to
those of Figure 7(a). This means that the larger the threshold, the smaller the number of connected
mega-community nodes. This is because the larger the threshold T¢ is, the less the number of eligible
edges is, and the corresponding network connectivity is reduced.

Figures 8(b) and Figure 9(b) show the relationship between the number of driving nodes N,
and the threshold T, in the Os network in two different periods, respectively. A similar trend can be
observed from these two figures, that is, as the threshold T, increases, the number of driving nodes
N, increases too, showing a positive correlation. This is due to the fact that as the threshold increases,
the connectivity of the Os network decreases and the number of isolated nodes increases, thereby
driving the increase in the number of nodes. It should be noted that this positive correlation is not
linear, but a nonlinear relationship. The above results are similar to those of Figure7(b), however, it
can be observed that their thresholds T, have different ranges. These results further verify that the
network weight threshold T; has a consistent and stable important influence on the Os network.
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Figure 8. The effect of threshold TC versus the number of GCC Ng and the number of driven nodes
Nd from May to September. (a) The relationship between the threshold TC and the giant connected
community nodes Ng. The horizontal axis is the value of threshold TC, and the vertical axis is the
value of Ng. The network edge weights are positive. (b) The relationship between the threshold TC
and the number of driven nodes Nd. The horizontal axis is the value of threshold TC, and the vertical
axis is the value of Nd. The network edge weights are positive. (c) The relationship between the
threshold TC and the giant connected community nodes Ng. The horizontal axis is the value of
threshold TC, and the vertical axis is the value of Ng. The network edge weights are negative. (d) The
relationship between the threshold TC and the number of driven nodes Nd. The horizontal axis is the
value of threshold TC, and the vertical axis is the value of Nd. The network edge weights are negative.

Similar to Figure 7(c) and Figure 7(d), Figure 8(c), Figure 9(c), Figure 8(d) and Figure 9(d) present
the relationship between the threshold T, on the maximum number of connected community nodes
Ny and the number of driven nodes N; when the edge weights are negative at two different periods.
It can be seen from the above figures that the trend of the negative edge weights in the two different
periods is basically similar. That is, as the threshold T, increases, N, increases with the increase, but
N, tends to decrease. These results demonstrate that although the range of the threshold T, varies
in different periods, the impact of the threshold value on the maximum number of connected
community nodes N, and the number of drivennodes N, in the network is consistent. These results
indicate that it is a feasible scheme to study the Os networks using T, Ny, and N,. Future research
should focus more on exploring the practical implications of these results.
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Figure 9. The effect of threshold TC versus the number of GCC Ng and the number of driven nodes
Nd from October to February. (a) The relationship between the threshold TC and the giant connected
community nodes Ng. The horizontal axis is the value of threshold TC, and the vertical axis is the
value of Ng. The network edge weights are positive. (b) The relationship between the threshold TC
and the number of driven nodes Nd. The horizontal axis is the value of threshold TC, and the vertical
axis is the value of Nd. The network edge weights are positive. (c) The relationship between the
threshold TC and the giant connected community nodes Ng. The horizontal axis is the value of
threshold TC, and the vertical axis is the value of Ng. The network edge weights are negative. (d) The
relationship between the threshold TC and the number of driven nodes Nd. The horizontal axis is the
value of threshold TC, and the vertical axis is the value of Nd. The network edge weights are negative.

The coincidence degree of the driven node is a problem that needs attention, which can reflect
the reliability of the driven node to a certain extent. Here, we propose to use the Jaccard coefficient

to represent the coincidence of the driven nodes at two different thresholds [48]. That is the ratio of

. . . N‘:?nN;g T Ik .

intersection over union p = T whereN, and N,¢ represent the set of driven nodes when the
d da

thresholds are T* and TE, respectively.

Figure 10(a) presents the Jaccard coefficients of the driven nodes for different thresholds T¢. In
general, the closer the threshold, the higher the Jaccard coefficient. This result indicates that the closer
the two thresholds are, the more identical nodes are obtained for the two sets of driven nodes.
Meanwhile, an interesting phenomenon is that when both thresholds are large, the Jaccard coefficient
is large, and vice versa. Such results on the one hand confirm that the size of the edge connection
threshold T; controls the number of driven nodes by controlling the network connectivity. On the
other hand, it demonstrates that there are some deep mechanisms in the Os network, that is, some
nodes could be selected repeatedly instead of just randomly selected. Future research should pay
more attention to the mechanism behind the above phenomenon. The above results indicate that the
Os network can be understood and analyzed using controllability methods, and is a research area

worthy of further understanding.
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Figure 10. Heat map of co-occurrence rate of driven nodes under different thresholds Tc. (a) The
horizontal and vertical axes represent different thresholds TC. The higher the Jaccard coefficient of
the co-occurrence of the driven nodes, the darker red the pattern color is, and vice versa, the darker
blue. This figure displays the case where the edge weights take a positive value. (b) The horizontal
and vertical axes represent different thresholds TC. The higher the Jaccard coefficient of the co-
occurrence of the driven nodes, the darker red the pattern color is, and vice versa, the darker blue.
This figure displays the case where the edge weights take a negative value.

Figure 10(b) presents the Jaccard coefficients of the co-occurrence of drive nodes with different
thresholds T, when the edge weights take negative values. In general, the closer the threshold, the
higher the Jaccard coefficient. This result is similar to that in Figure 10(a) when the edge weights are
taken as positive values. However, an interesting phenomenon is that when both thresholds are
small, the Jaccard coefficient of the co-occurrence of the driven node is large, and vice versa. This
result is opposite to the result when Figure 10(a) is connected with a positive value. A possible
explanation is that in the case of negative edge weights, the smaller the threshold T, the more
isolated nodes in the network, so the higher the co-occurrence ratio of driven nodes. This result is
basically consistent with the previous findings in Figures 7(c) and (d).

Figure 11(a) and Figure 12(a) show the Jaccard coefficients of the driving nodes with different
thresholds T, in two time periods, respectively. Similar to the results in Figure 10(a), the closer the
threshold, the higher the Jaccard coefficient. That is, the closer the two thresholds are, the more
identical nodes are obtained by the two groups of driven nodes. Meanwhile, an interesting
phenomenon is that when both thresholds are large, the Jaccard coefficient is large, and vice versa.
Moreover, when the threshold is large, the coincidence degree of the Jaccard coefficients of the two
different periods is 1. On the one hand, this result is similar to the phenomenon in Figure 10(a), that
is, the size of the edge connection threshold T, is controlled by Network connectivity to control the
number of driven nodes. On the other hand, if divided by different periods, a stronger repeated
selection mechanism can be observed. That is to say, there is a stable strong link relationship between
some nodes. Future research should focus on the underlying mechanisms leading to these
phenomena.
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Figure 11. Heat map of co-occurrence rate of driven nodes under different thresholds TC from May
to September. (a) The horizontal and vertical axes represent different thresholds TC. The higher the
Jaccard coefficient of the co-occurrence of the driven nodes, the darker red the pattern color is, and
vice versa, the darker blue. This figure displays the case where the edge weights take a positive value.
(b) The horizontal and vertical axes represent different thresholds TC. The higher the Jaccard
coefficient of the co-occurrence of the driven nodes, the darker red the pattern color is, and vice versa,
the darker blue. This figure displays the case where the edge weights take a negative value.
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Figure 12. Heat map of co-occurrence rate of driven nodes under different thresholds TC from
October to February. (a) The horizontal and vertical axes represent different thresholds TC. The higher
the Jaccard coefficient of the co-occurrence of the driven nodes, the darker red the pattern color is,
and vice versa, the darker blue. This figure displays the case where the edge weights take a positive
value. (b) The horizontal and vertical axes represent different thresholds TC. The higher the Jaccard
coefficient of the co-occurrence of the driven nodes, the darker red the pattern color is, and vice versa,
the darker blue. This figure displays the case where the edge weights take a negative value.

Figure 11(b) and Figure 12(b) display the Jaccard coefficients for the co-occurrence of driving
nodes with different thresholds T, when edge weights take negative values. These results are similar
to those in Figure 10(b), the closer the two thresholds are, the higher the Jaccard coefficient. When
both thresholds are small, the co-occurrence Jaccard coefficient of the driving node is large, and vice
versa. This result is in contrast to the positive-valued edge results shown in Figure 11(a) and Figure
12(a). The possible reason for this phenomenon is that in the case of negative edge weights, the
smaller the threshold T, the more isolated nodes in the network, and therefore the higher the co-
occurrence rate of driving nodes.

3.4. Geographic distance and Spearman coefficient

In order to further distinguish driven nodes from non-driven nodes, we use prediction methods
to measure the difference between the two types of nodes. An increasing number of studies use
predictive methods to understand the correlation between different quantities [49], for example,
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defining the influence of different variables by the predictability of one variable on another variable
[50]. Figure 13 shows the degree of correlation between the predicted results and the true sequence
for the driven and non-driven nodes. On the one hand, we employ the LSTM algorithm and use the
Osdata sequence C; of the driven node to predict the Os data sequence C,; of the non-driven node;
then calculate the Spearman correlation p between the predicted non-driven Os data sequence Cpq
and the original non-driven sequence C,4; finally, Figures 13(a-d) displays the relationship of
Spearman correlation p and distance from driven nodes to non-driven nodes in four different
regions. Here we use the Spearman correlation coefficient calculation because the method has a better
correlation calculation effect on nonlinear data. It can be seen from these figures that there is a
significant negative correlation between the Spearman coefficient and the distance. These results are
consistent with the trends of other pollutants changing with distance obtained in the past. It should
be noted that in the Northeast and North China regions, there are different node clusters, which may
be due to the relatively wide and uneven geographical distribution of cities in these regions.

On the other hand, we apply the same method and obtain the Spearman correlation of non-
driven nodes predicting driven node sequences, and the relationship between p and distance is
shown in Figures 13(e-h). A similar trend was observed in all cases, with no sudden changes. This
trend further validates the role of distance in Os variation between different sites. Comparing Figures
13(a-d) with Figures 13(e-h), it can be seen that the negative correlation of driven nodes predicting
non-driven nodes is stronger than that of non-driven nodes predicting driven nodes. These results
suggest that driven nodes have more influence in the Os network than non-driven nodes.

Northeast China North China Sichuan-Chongging Southeast coastal
1004 @) 1 (b)| 1 ©| 1 (d)
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Figure 13. Scatter diagram of the relationship between the distance of city Ci and city Cj and the
Spearman coefficient of their O3 data in the Northeast China, North China, Sichuan-Chongging and
Southeast coastal areas. Figures (a-d) are the data of the direction of the driven to non-driven nodes,
the vertical axis represents the Spearman coefficient between the O3 data of the city Ci (Ci € driven
nodes) and the city Cj (Cj € non-driven nodes), the horizontal axis represents the geographical
distance between the city Ci and the city Cj. Figures (e-h) are the data of the direction of the non-
driven to driven nodes, and the vertical axis represents the Spearman coefficient between the O3 data
of city Ci (Ci € non-driven nodes) and city Cj (Cj € driven nodes). The fitted slopes of scattered data
are as follows, -3.74x10, -2.17x104, -5.04x10-* -3.82x10* -2.60x10" -2.06x10%, -4.12x107%,
-2.11x10*. Overall, we observe the distance between nodes is negatively correlated with their
Spearman coefficient.

This section may be divided by subheadings. It should provide a concise and precise description
of the experimental results, their interpretation, as well as the experimental conclusions that can be
drawn.
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4. Conclusions

The rapid development of human society has made life more and more convenient, but it has
also caused more and more environmental problems. In particular, with the destruction of the Os
layer by modern human pollution, the study of Os has attracted more and more attention. Traditional
research on Os generally focuses on the influence of different factors, etc. These results have greatly
enriched our understanding and cognition of Os. However, the problem of Os is a multifaceted and
complex system problem. Therefore, using the theory and method of the complex network to analyze
and study such a complex system as Os has great theoretical and practical application value. In this
research, we integrated the complex network theories and technologies from the network
construction method cross-correlation function, the Louvain community partitioning algorithm and
the maximum matching network control theory, and systematically studied the characteristics of Os
in China.

Our findings illustrate that the Os network prominently exhibits a structured community
framework, delineating regions such as Northeast China, North China, Sichuan-Chongqing, and the
Southeast coastal areas. Notably, driving nodes are predominantly concentrated within central
regions, in contrast to non-driven nodes, which are primarily situated along coastal perimeters.
Furthermore, the threshold denoted as T, exhibits a conspicuous inverse relationship with the
number of nodes constituting the giant connected community. Moreover, as the threshold value
increases, there is a corresponding augmentation in the count of driving nodes, indicating a positive
correlation. It is noteworthy that these trends manifest in an opposing manner within the Negative
Os network.

Additionally, an intriguing observation emerges wherein significant interplay occurs between
the Jaccard coefficient and both thresholds, whereby a larger value is observed when thresholds are
substantial, and vice versa. In the context of the negative Os network, a parallel trend emerges, where
a diminutive Jaccard coefficient aligns with diminutive thresholds, and vice versa. Furthermore, a
discernible pattern of substantial negative correlation surfaces between the Spearman coefficient and
the distance, as evident from the depicted figures.

Our study presents a valuable endeavor to probe the Os network through the lens of complex
network theory and methodologies, yielding substantive and insightful outcomes. These
encouraging results warrant broader validation across larger geographical expanses. Subsequent
research should underscore considerations concerning threshold selection and its subsequent
interpretation, among other pertinent aspects.
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