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Abstract: For a healthy industrial structure (IS) and stable economic development in China, this study
proposes an improved link prediction algorithm (LP) based on complex networks. The algorithm
calculates the similarity by constructing a mixed similarity index. A regional IS network model is
built in the study, and the direction of IS adjustment is calculated with the mixed similarity indicators.
In this study, the prediction accuracy of the proposed improved LP algorithm in the real network
dataset is up to 0.944, which is significantly higher than that of the other algorithms. In the reality
of IS optimization, industries of high similarity could be obtained through similarity algorithms,
and reasonable coordinated development strategies are proposed. In addition, the simulated IS
adjustment strategy in this study shows that it is highly sustainable in development, which is
reflected in its lower carbon emissions. The optimization of IS adjustment could be achieved through
IS network model and the improved LP algorithm. This study provides valuable suggestions for
China’s regional industrial structure adjustment.
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1. Introduction

In recent years, China has been strategically adjusting its economic development
path. Economic growth has slowed with the development of a model characterized by
stable growth, structural adjustment, the transformation of the growth model, and risk
prevention. The focus of the structural adjustment has become the unified adjustment of
industrial structure and promoting the coordinated, unified, and sustainable development
of all departments. With the broadening cooperation between sectors and industries and
the freer circulation, the inter-industry relationship has developed from a chain structure
into a network structure. The analysis of industrial structure optimization based on com-
plex network theory could better reflect the coordination, unity, and sustainability of the
optimization scheme. Moreover, with the development of Internet technology, many more
network structures appear in people’s daily life. Analyzing entities with network features
has also become a key technology for people to explore in real life [1]. In the context of the
normalization of the development of the economy, the IS adjustment has become a new
direction of economic stability and innovation in China. However, the complexity of IS
has led to a large number of research errors in discussing its adjustment and optimization
direction [2,3]. Some studies believe that IS adjustment is a complicated network of in-
dustrial transfers with complex and dynamic characteristics. Therefore, a link prediction
algorithm (LP) could be applied to assist network analysis by mining out the relationships
in IS network and analyzing the value of each industry through prediction [4]. An LP is
an extremely effective algorithm focusing on network feature analysis, where similarity
indicators are used to evaluate the relevance and similarity and predict the direction of
the network nodes [5]. The study believes that adopting an LP in the IS adjustment could
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help obtain quicker decisions in the industrial optimization path. In addition, to improve
the accuracy, the study proposes an LP that improves complex networks. It aims to clarify
the adjustment direction when optimizing the IS by analyzing the similarity of various
industries to develop China’s economy.

2. Related Works

IS adjustment is an important guarantee for economic development. A number
of studies have proposed optimization strategies for IS adjustment to promote regional
economic development in recent years. Ma et al. believed that regional environmental
pollution could be significantly reduced through industrial restructuring. They analyzed
the current situation of regional pollution in China and put forward strategies for regional
IS adjustment. The study required the ability to optimize the integration and recycling of
regional resources and the need to improve the innovation capacity of industries [6]. Zhou
et al. analyzed the current IS and the optimization path of the Yangtze River Economic
Zone in China. They put forward that environmental performance should be considered in
the optimization of IS to formulate a better strategy. In addition, the development strategy
proposed by the study demonstrated the ability to build a clean and efficient IS [7]. Zheng
et al. believed that IS was the link between economic development and environmental
quality; therefore, paying close attention to current environmental pollution is significant
in the IS adjustment. In view of this, Zheng et al. took the air quality trend as the research
direction, explored the impact of energy consumption in IS adjustment, and proposed to
formulate reasonable IS adjustment policies [8]. Huang proposed that cloud computing
could be used to analyze China’s IS adjustment strategy. In the study, cloud computing
was used to build a model of Grey Relation Analysis for IS optimization. The empirical
analysis showed that the proposed adjustment was feasible and could effectively upgrade
the IS [9]. Zang et al. used the PSM-DID method to analyze the influencing factors of IS
upgrading. They carried out the study based on the current development status of the EU
and deeply explored the coordination between environmental pollution and the industrial
economy. Pollution emissions severely impacted the economy, and IS upgrading could
also benefit from emission trading [10]. The above research shows that industrial structure
adjustment is beneficial in reducing regional environmental pollution.

Industrial structure adjustment could be realized through the LP algorithm. Research
results are abundant on LP algorithms in various industries. Shabaz et al. used an LP to
predict the probability of future disease occurrence based on the current health status of
patients and verified the prediction accuracy of the algorithm in the disease-disease network
dataset through MATLAB. The prediction network proposed by the research institute could
predict disease effectively and be applied to a variety of network models [11]. Ghasemian
et al. proposed an LP stacking model for complex networks. The model combines multiple
predictors. To verify the validity of the stacking model, a test of real network datasets was
passed, and the results showed that the stacking model obtained higher accuracy than those
with a single algorithm [12]. Coşkun et al. analyzed biological networks with an optimized
LP based on a graph convolution algorithm. Considering the similarity index of multiple
nodes, the prediction algorithm proposed in the study and other similarity algorithms were
compared in the experiment. The graph convolution LP adopted in the research could
improve the LP performance in biological networks [13]. Chen et al. proposed a new IGA
strategy to solve the adversarial attacks in the network and implemented the network
LP through this strategy. The strategy proposed in the study could be used to predict
adversarial attacks and as an evaluation measure of GAE robustness [14]. Kumar et al.
proposed an LP method that could be applied to different classifiers. In the study, Kumar
et al. obtained the global structure of the network through node centrality. The LP method
was used in predicting the real network. The results showed that the method proposed
in the study was significantly superior to the other LP methods [15]. The above research
shows that the LP algorithm has excellent performance in complex network prediction.
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To sum up, many studies have put forward their opinions regarding optimization
strategies for IS adjustment. A huge number of studies have proposed different LPs for
complex networks; however, in the existing research, few people use an intelligent LP
algorithm to study IS, which is innovatively regarded as a complex network. The LP is
used to predict the dynamic changes of the complex networks to adjust and optimize the
industrial structure. Though studies have proposed an LP for different complex networks
and their corresponding improvement schemes, the prediction accuracy of the LP is still
not improved by those schemes. The accuracy of the LP algorithm is greatly affected
by the similarity index, so this study builds a better method for weight determination
of the LP similarity index. In conclusion, this study proposes to optimize IS adjustment
by improving the LP of complex networks. Through similarity measurement, the paper
provides strategies and ideas for optimizing China’s industrial structure.

3. Improved LP Design in IS Adjustment
3.1. LP Improvement of Complex Network for IS

A complex network is an analysis model to study the changes in natural and social
behaviors. It explores the basic characteristics of various fields through its models. As
network technology develops, social networks appear. A social network is a network
system formed among individual members of society with social relations. An individual,
also called a node, can be an entity or a virtual individual with different meanings, such as
an organization, an individual person, a network ID, etc. Social network analysis (SNA)
is a method that integrates disciplines such as informatics, mathematics, sociology, etc.,
to calculate and analyze the rules of social network relationships. A complex network,
as a mathematical tool, is a way of analyzing problems. Social network analysis is the
application of related knowledge of complex networks in social relation systems. Both are
analyzing methods in social networks. However, social networks pay too much attention
to the structural model, which is mostly used for multi-static analysis rather than dynamic
analysis. In this study, the improved LP algorithm will be used to predict the network
relationship and the trend of changes in the complex network framework.

Previous studies have proposed an LP focusing on complex social networks [16–21].
An LP is an algorithm that predicts the connection possibility of two nodes by building a
similarity index. In the prediction process, when the connection possibility between the two
nodes is considered to be high, the connection will be promoted between the nodes [22–25].
In view of the complex IS network, a mixed similarity index is proposed to determine the
weight combination through uniform distribution. Then LP and IS adjustment is realized.
The workflow is shown in Figure 1.
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Figure 1 shows that the research takes the network features of IS as the input. The
mixed similarity algorithm is constructed by combining local information with path analy-
sis, and the IS network model is analyzed. Secondly, the similarity value of the IS network
model is calculated, and the correlation between industries is evaluated. Then, the IS adjust-
ment strategy is obtained. In the calculation of the mixed similarity index, two similarity
algorithms, local information and path analysis, are introduced. Compared with other
similarity techniques, the mixed similarity index could effectively determine the optimal
weight combination of each single similarity index, which could reduce the complexity of
obtaining the optimal weight and improve the prediction accuracy of the LP algorithm.

The similarity measurement of local information evaluates the similarity of certain
nodes by calculating the number of adjacent nodes between certain nodes, and the calcula-
tion method is shown in Formula (1) [3].

Sxy =
∣∣τ(x) ∩ τ(y)

∣∣ (1)

τ represents a set of the neighbor nodes; x and y are the certain nodes in Formula (1).
In addition to calculating the degree information of the neighbor nodes, some studies have
proposed an AA index. It is believed that node importance is significantly related to the
degree value, see Formula (2) [26].

Sxy = ∑
z∈τ(x)∩τ(y)

1
lgk(z)

(2)

k(z) represents the degree value of two adjacent nodes in Formula (2). The path
analysis of the similarity algorithm is divided into global path and local path. The global
path considers the impact of the overall network on the path, and the local path considers
only the influencing factors between nodes in the path [27–30]. At present, the local path
index is often used for similarity measurement, as shown in Formula (3) [3].

Sxy = A2 + ∂A3 (3)

A represents the adjacency matrix in Formula (3). Considering the influences from
other nodes, in Formula (4), the Katz index is used to weight the path length [5].

Sxy = βA + βA2 + βA3 + . . . = (I − βA)−1 − I (4)

In Formula (4), β represents the weight attenuation factor. I represents the identity
matrix. The mixed similarity index is designed to select the similarity index in the target
network structure appropriately and assign weight to it. The uniform distribution (UD)
method is used to search for optimal weight values for each index. UD is a test design
method that takes into account the uniform distribution of test points over the test area.
The formula method is used to test the design through a set of design tables. Tables are
used in each uniform design to be applied by test users for design tests.

The specific procedures of UD are as follows. First, the number of tests and indepen-
dent variables are given, and their generation vectors can be found according to the table.
The uniform design table is generated from this generation vector. Then, the independent
variables are formulated according to the uniform design of the formula. Then, the test is
carried out according to the purpose. After the test, the value of the response variable is
obtained. Then, further analysis is made according to the concrete example. In this study,
a table is used to carry out 19 tests of uniform formula design. The selected similarity
index is given the weight, the effect of each test is evaluated, and the optimal weight value
is selected.

In mixed LP training, Python is used to simulate the BA scale-free network with
20 nodes and 100 edges. The number of users in the network is defined as 20 as the network
nodes, and the scale-free network structure is built, as shown in Figure 2.
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The scale-free network structure in Figure 2 is used to analyze the performance of the
LP. It mainly evaluates the accuracy of the prediction algorithm in the network feature
analysis. Formula (5) is the accuracy calculation method.

AUC =
n′ + 0.5n′′

n
(5)

In Formula (5), n represents the number of repeated experiments. n′ represents the
number of times when node 1 is greater than node 2. n′′ represents the number of times
when two nodes are equal. Therefore, the flow of analyzing IS network through LP could
be constructed, as shown in Figure 3.
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In Figure 3, firstly, the regional IS is divided into sectors, and the industrial features
in the network are extracted. Secondly, the correlation index values of different industries
are calculated, and the correlation between different industries is analyzed. Finally, the
main LP model is constructed to calculate the probability of the existence of real paths in IS
network, and the similarity between industries is further determined through weight.

3.2. IS Adjustment and Optimization Based on the Improved Algorithm

In production and manufacturing, the input and output can be regarded as a complex
industrial network. In order to promote regional economic development, it is significant
to optimize the IS adjustment. In recent years, the adjustment of IS has become the key
to China’s economic development [31–33]. The paper analyzed the static structure of the
industrial network of industrial function zones, and the hot spot analysis tool in Python was
used to calculate the spatial distribution characteristics of China’s GDP. The distribution of
China’s GDP growth from 2019 to 2022 is shown in Figure 4.
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Figure 4 shows that China’s top GDP growth is distributed in the coastal area; thanks
to the reform and opening up policy, provinces in the coastal area have a direct trade
relationship with foreign economies. In this study, Shanghai, Jiangsu, and Zhejiang are
selected for the IS adjustment and optimization analysis. From 2019 to 2021, the service
industry, including finance and insurance, dominated in Shanghai. Jiangsu’s industrial
structure was dominated by industry and service, with agriculture accounting for a small
proportion. Similarly, Zhejiang’s industrial structure was also dominated by industry and
service. As a result, the service industry accounts for a larger share than other industries
in the three regions. There are three reasons for this result. First, the mature industrial
development in these coastal cities with fast internal adjustment and transformation ability.
Second, the rich local service resources and human resources in the coastal area.

The GDP growth of the coastal cities is greatly affected by international trade. Entering
the 21st century, Shanghai, Jiangsu, and Zhejiang provinces have expanded their foreign
trade, which has made major contributions to their GDP growth. Therefore, the scale of
international investment is an important factor that effectively drives the adjustment of
industrial structure in the coastal area. Local investment and market demand are also
important factors in promoting the adjustment. Third, the local government’s low-carbon
planning and policy directly promoted the adjustment of the industrial structure in the area.
Therefore, this study selected regional input and output, consumption, and government
policy as the independent variables and industrial structure adjustment as the dependent
variable for regression analysis. The results show that the independent variables have a
significant influence on the industrial structure adjustment.

In the adjustment and optimization of regional IS in Shanghai, Jiangsu, and Zhejiang,
the regional input–output consumption coefficient is calculated, as shown in Formula (6).

Qij =
Xij

Xj
(6)

where j represents the product department, Xj represents the total input of the product
department, and Xij represents the number of products directly consumed by the product
department. The consumption coefficient is used to build the network model of IS, and the
calculation of the consumption coefficient matrix is shown in Formula (7).

M1 = (aij) (7)
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where aij represents the direct consumption coefficient, and its value is [0, 1]. See Formula (8)
for the output correlation of the quantitative department.

M = M1 + MT
1 (8)

In Formula (8), T is transposed. Thus, the industrial network relationship matrix of
Shanghai, Jiangsu, and Zhejiang is constructed in Formula (9).

C =



0 0 . . . 0 0 1
0 0 . . . 0 0 0
0 0 . . . 0 0 0
...

... . . .
...

...
...

0 0 . . . 0 0 1
1 0 . . . 0 1 0


(9)

The adjacency matrix of Shanghai, Jiangsu, and Zhejiang is composed, as shown in
Formula (10).

C = CS + CJ + CZ (10)

where CS, CJ and CZ represent the adjacency matrix of Shanghai, Jiangsu, and Zhejiang,
respectively. Python simulation is used to build the industrial network structure model of
each above, as shown in Figure 5.
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By constructing the industrial network structure of the three regions, the paper puts
forward an IS adjustment strategy based on the improved LP. In the structural adjustment,
the direction of industrial path transfer is proposed, and the improved LP is used to
construct the optimal mixed index of the IS adjustment, as shown in Formula (11) [9].

mix = 0.513Sj + 0.487Sl (11)

where Sj and Sl represent the local information similarity index and the path analysis
similarity index, respectively. Both indexes were mixed in the proportion of 0.513 and 0.487,
and the mixed similarity indicators of the IS adjustment in Shanghai, Jiangsu, and Zhejiang
were set up.
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Finally, the calculation strategy of carbon dioxide emissions in the process of IS
adjustment is proposed to promote the sustainable and low-carbon development of the
industry. Formula (12) shows the calculation of carbon dioxide emissions [9].

E = N × F (12)

where E represents carbon dioxide emissions, Bt. N represents energy consumption, m3.
F is the carbon dioxide emission factor, and kg/GJ. After the calculation, the carbon
emissions are minimized to achieve the lowest-emission production scheduling, as shown
in Formula (13).

min f1 = min(
m

∑
k=1

Uk × αU +
m

∑
k=1

Fk × αF) (13)

where Uk represents the operating power of equipment k in production, m represents the
total number of equipment in production and manufacturing. αU is the carbon emission
conversion factor when the equipment is running. Fk represents the coolant flow required
for work. αF is the carbon emission conversion factor of the coolant. In order to realize
optimized industrial adjustment, it is necessary to calculate the minimum IS adjustment, as
shown in Formula (14).

min f2 = min(max(Ci)) (14)

where Ci represents the adjustment time of industry i.
Formula (15) shows the optimization model of the IS adjustment considering car-

bon emissions.
min fo = min( f1 + f2) (15)

Formula (15) is used to calculate the carbon emissions in industrial production, and
the minimum carbon emissions produced in equipment processing are also analyzed.

4. LP and IS Adjustment Test Analysis
4.1. LP Test

An improved LP for complex networks is proposed to verify the effectiveness of the
algorithm by reflecting its prediction performance through the prediction accuracy index.
The number of nodes is set to 100, the initial value of the weight attenuation factor is set
to 0, and the algorithm prediction accuracy changes are evaluated under different weight
attenuation factor values, as shown in Figure 6.

Figure 6a shows the prediction accuracy changes of the local information similarity
index under different weight attenuation factor values. Figure 6b shows the prediction
accuracy changes of the path analysis similarity index under different weight attenuation
factor values. Figure 6c shows the prediction accuracy changes of the mixed similarity
index under different weight attenuation factor values. With the gradual increase of the
proportion of observation edges, the prediction accuracy of each algorithm shows a trend
of increasing first and then decreasing. However, the prediction accuracy of the mixed
similarity index is significantly higher than the other two. The maximum accuracy is 0.93,
and the minimum accuracy is 0.85. The accuracy of the mixed similarity index with LP used
is high and significantly improved compared with the single similarity index. Moreover, the
repeatability prediction accuracy of each algorithm is analyzed to evaluate the repeatability
error of the LP. The results are shown in Figure 7.
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tion algorithms.

In Figure 7a, the prediction accuracy of the local information similarity index decreases
as the number of samples increases. Moreover, it decreases to 0.79 when the number of
samples reaches 5000. In Figure 7b, the prediction accuracy of the path analysis similarity
index shows a decreasing trend as the number of samples increases, and when the number
of samples reaches 5000, the prediction accuracy decreases to 0.75. In Figure 7c, with the
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increase in sample numbers, the prediction accuracy shows a declining trend. However,
when the number of samples is 3000, the prediction accuracy of the algorithm begins to
stabilize at around 0.87. By comparing the difference in the algorithm prediction accuracy
under the three indicators, the consistency of multiple experimental results of the local
information similarity index and the path analysis similarity index is significantly lower
than that of the mixed similarity index. That is to say, the repeatability accuracy of the
proposed mixed similarity index is much higher. In addition, true and false statistics are
used to further evaluate the independent prediction ability of similarity indicators under
different mixing levels. The results are shown in Table 1.

Table 1. True and false statistics of the prediction algorithm.

Mixing
Degree

Check the
Accuracy

0.1 0.2 0.3 0.4 0.5

True False True False True False True False True False

0.1 0.563 / / / / / / / / / /
0.2 0.602 / / / / / / 92% 8% 97% 3%
0.3 0.697 / / / / 90% 10% 95% 5% 100% 0%
0.4 0.845 / / 89% 11% 92% 8% 100% 0% 100% 0%
0.5 0.953 / / 92% 8% 96% 4% 100% 0% 100% 0%

Table 1 shows that the mixing degree of the mixed similarity indicators is set at 0.1,
0.2, 0.3, 0.4, and 0.5, respectively, and the prediction results of mixed similarity indicators
on true and false network nodes are evaluated. With the increase in the mixing degree,
the node detection accuracy of the mixed similarity index continues to improve. When
the mixing degree reaches 0.5, the detection accuracy reaches 0.953. In addition, as the
degree of mixing increases, the proportion of real nodes detected by the mixed similarity
index increases, and the proportion of false nodes decreases. The prediction accuracy of
the mixed similarity index shows a positive correlation with the degree of mixing. As
the degree of mixing increases, the detection ability of the algorithm for real nodes is
also significantly improved. Finally, real data are used to further evaluate the different
prediction performances between the mixed similarity index and other LPs. The Power-
grid, Protein, and PGP networks were selected as the experimental network datasets, and
the prediction accuracy differences of each algorithm in the three network datasets were
compared. The results are shown in Figure 8.

Figure 8 shows the prediction accuracy between the mixed similarity index and the
PA index, and between the LHN-I index and CR-LHN2 index is compared in different
network datasets. In Figure 7, with the increasing proportion of observation edges, the
prediction accuracy of the mixed similarity index, PA index, and CR-LHN2 index algorithm
shows an increasing trend. The prediction accuracy of the LHN-I index algorithm shows a
trend of rising first and then falling. With the comparison of all indicators, the prediction
accuracy of the mixed similarity index algorithm is significantly higher than that of the other
two algorithms, with the highest value reaching 0.944. To sum up, the mixed similarity
algorithm shows high accuracy in practical applications and is superior to the similarity
algorithm. The possible reason is that similarity indexes usually use single indexes in other
link prediction algorithms, which are only suitable for specific network structures. The
prediction algorithm based on the mixed prediction similarity index has optimized weight
and improved ability to search parameters and predict.
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According to the experimental results, the mixed similarity index algorithm has high
prediction accuracy, and it is feasible to apply the improved LP prediction model to the IS
network accurately.

4.2. IS Adjustment Test

With the constructed IS networks for Shanghai, Jiangsu, and Zhejiang, the mixed
similarity index algorithm was used to optimize the path of IS adjustment. To evaluate the
application result of the mixed similarity index algorithm in the IS adjustment, the GDP
growth data of the three regions from 2010 to 2020 were collected.

All the data used in this study are from the China Regional Input–Output Table
released by the National Bureau of Statistics of China in 2020, and the annual direct input–
output consumption coefficient matrix of the three samples is calculated based on the China
2020 Input–Output Table Compilation Method. The fitting degree between the mixed
similarity index algorithm and the actual situation in the adjustment of the IS is evaluated
for feasibility, as shown in Figure 9.

Figure 9a shows the change of fitting between Shanghai’s mixed similarity algorithm
and the actual situation. Figure 9b shows the change of fitting degree between Jiangsu’s
mixed similarity algorithm and the actual situation. Figure 9b shows the change of fitting
degree between Zhejiang’s mixed similarity algorithm and the actual situation. In Figure 9a,
the maximum fitting value between the calculated results of the mixed similarity algorithm
and the actual GDP growth of Shanghai reached 0.952, and the minimum reached 0.926.
In Figure 9b, the calculated results of the mixed similarity algorithm and the actual GDP
growth in Jiangsu also have a high degree of fitting, with a maximum fitting value of
0.950. In Figure 9c, the maximum fitting value between the calculated results of the
mixed similarity algorithm and the actual GDP growth in Zhejiang reached 0.953, and
the minimum value also exceeded 0.940. As a result, the results calculated by the mixed
similarity algorithm are similar to the development trend of the three regions. That is,
the mixed similarity algorithm is feasible in the adjustment and optimization of the IS in
Shanghai, Jiangsu, and Zhejiang. Meanwhile, the mixed similarity algorithm is used to
calculate the IS similarity among Shanghai, Jiangsu, and Zhejiang, and the top ten nodes
are shown in Table 2.



Processes 2023, 11, 1689 12 of 15

Processes 2023, 11, x FOR PEER REVIEW  12  of  16 
 

 

According to the experimental results, the mixed similarity index algorithm has high 

prediction accuracy, and it is feasible to apply the improved LP prediction model to the 

IS network accurately. 

4.2. IS Adjustment Test 

With the constructed IS networks for Shanghai, Jiangsu, and Zhejiang, the mixed sim-

ilarity index algorithm was used to optimize the path of IS adjustment. To evaluate the 

application result of the mixed similarity index algorithm in the IS adjustment, the GDP 

growth data of the three regions from 2010 to 2020 were collected. 

All the data used in this study are from the China Regional Input–Output Table re-

leased by the National Bureau of Statistics of China in 2020, and the annual direct input–

output  consumption  coefficient matrix of  the  three  samples  is  calculated based on  the 

China  2020  Input–Output  Table Compilation Method.  The  fitting  degree  between  the 

mixed similarity index algorithm and the actual situation in the adjustment of the IS is 

evaluated for feasibility, as shown in Figure 9. 

1.00

0.98

0.96

0.94

0.92

0.90

0.88

Fi
tt

in
g 

va
lu

e

Time
2010

Mixed similarity
Others

(a) Shanghai region
Time

(b) Jiangsu Region

Time
(c) Zhejiang Region

2012 2014 2016 2018 2020 2010 2012 2014 2016 2018 2020

2010 2012 2014 2016 2018 2020

1.00

0.98

0.96

0.94

0.92

0.90

0.88

1.00

0.98

0.96

0.94

0.92

0.90

0.88
Fi

tt
in

g 
va

lu
e

Fi
tt

in
g 

va
lu

e

Mixed similarity
Others

Mixed similarity
Others

 

Figure 9. Fitting degree of mixed similarity index algorithm. 

Figure 9a shows the change of fitting between Shanghai’s mixed similarity algorithm 

and the actual situation. Figure 9b shows the change of fitting degree between Jiangsu’s 

mixed similarity algorithm and the actual situation. Figure 9b shows the change of fitting 

degree between Zhejiang’s mixed similarity algorithm and the actual situation. In Figure 

9a, the maximum fitting value between the calculated results of the mixed similarity algo-

rithm and the actual GDP growth of Shanghai reached 0.952, and the minimum reached 

0.926. In Figure 9b, the calculated results of the mixed similarity algorithm and the actual 

GDP growth in Jiangsu also have a high degree of fitting, with a maximum fitting value 

of 0.950.  In Figure 9c,  the maximum fitting value between  the calculated results of  the 

mixed similarity algorithm and the actual GDP growth in Zhejiang reached 0.953, and the 

Figure 9. Fitting degree of mixed similarity index algorithm.

Table 2. Similarity of regional IS.

Industry 1 Industry 2 Similarity

Chemical products Wholesale and retail 1.23

Chemical products Production and supply of
electricity and heat 1.15

Wholesale and retail Leasing and business services 1.11
Chemical products Leasing and business services 1.09

Production and supply of electricity and heat Leasing and business services 1.05
Production and supply of electricity and heat Finance 1.02
Production and supply of electricity and heat Wholesale and retail 0.98

Wholesale and retail Finance 0.96
Chemical products Finance 0.95

Finance Leasing and business services 0.92

Table 2 shows the chemical products and wholesale in Shanghai, Jiangsu, and Zhejiang.
The similarity between retail industries is the largest, with the similarity value reaching 1.23,
indicating that the development of the retail industry is highly coordinated. In addition,
the similarity between finance, leasing, and business services is the lowest in Table 2, but
its similarity value also reaches 0.92. The mixed similarity algorithm can be used to analyze
the similarity of the industrial network structure of Shanghai, Jiangsu, and Zhejiang. To
sum up, the mixed similarity algorithm can be used for the coordinated development of
industries by calculating the similarity between industries in the adjustment of IS. The
results also show that the three regions should focus on the integrated development of
multiple industries. Finally, the sustainability of the IS adjustment strategy and the carbon
dioxide emission control in the IS adjustment of each region is analyzed through simulation.
The results are shown in Figure 10.
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In Figure 10, with the IS adjustment, the carbon dioxide emissions of each region
showed continuous growth in the early period. In addition, the simulation results show
that, with the continuous adjustment of IS, the regional carbon dioxide emissions gradually
began to stabilize and decrease. The IS adjustment strategy can reduce carbon emissions
while achieving structural optimization, thus realizing green and sustainable development.

5. Conclusions

The adjustment of IS is a main strategy for economic development in China. For this
reason, the paper took the IS network as the research object and proposed an LP based
on the complex network for the adjustment and optimization of the IS. The accuracy test
result of the mixed similarity index reached 0.93, which is significantly higher than that
of the local information and path analysis similarity index. In addition, the repeatability
results show that the accuracy of the mixed similarity index is higher. Finally, in the test
of real network datasets, the prediction accuracy of the mixed similarity index reached
0.944, which is higher than the other commonly used datasets. Finally, in the analysis
of regional IS adjustment, the fitting value between the calculation results of the mixed
similarity algorithm and the regional GDP growth reached 0.991, which means that the
calculation results of the mixed similarity algorithm meet the requirements for regional
development. With the LP, industries with high similarity in the regional IS can be obtained.
Therefore, in the development of the economy, it is necessary to improve the integration
and development ability of industries. Finally, in the analysis of sustainability, the IS
adjustment strategy reduced carbon emissions and is in line with the green development
philosophy. To conclude, with IS as a complex network model, the LP can be used to
formulate IS adjustment strategies more accurately. This paper provides an intelligent
method for predicting the change in industrial structure and a sustainable adjustment
strategy for optimizing and adjusting the regional IS. However, in regional IS data analysis,
data processing algorithms are not introduced to verify the accuracy of the data used.
Therefore, in subsequent studies, a variety of algorithms are needed to further optimize the
IS adjustment strategy.
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