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Abstract: By constructing a technological innovation diffusion (TID) index system of the 

manufacturing industry with 15 indexes from four dimensions of diffusion source, diffusion path, 

diffusion receiver, and diffusion environment, this paper measures the TID in the manufacturing 

industry and analyzes its distribution characteristics from the perspective of industry and region from 

2005 to 2018 by using the entropy weight method and the dynamic multi-indicator projection pursuit 

(PP-IPM) method. The results show that the TID in China’s manufacturing industry has a good 

development trend in the sample period, and the diffusion resources and paths have a relatively 

greater impact on TID; the absorptive capacity of the receiver also has a significant impact, while 

the impact of the diffusion environment is relatively small. During the sample period, at the sector 

level, a pattern has formed in which transportation equipment manufacturing, electrical machinery 

and equipment manufacturing, and communication equipment, computer and electronic equipment 

manufacturing are the sources of diffusion, gradually spreading to other sectors according to the 

degree of industrial relevance. At the regional level, the diffusion pattern is that Guangdong, Jiangsu, 

Zhejiang, Shandong, Beijing, and Shanghai are the sources and diffuse to the surrounding and central 

and western regions successively. 
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1. Introduction and literature review 

The diffusion of technological innovation is the process that technological innovation is adopted by 

its users through specific channels. In the process of technological innovation diffusion (TID), the users 

of new technology not only get the technology accumulation but also obtain technological progress 

through the digestion, absorption, and production of new technology, further promoting the diffusion of 

technological innovation. Therefore, whether technological innovation can eventually become the source 

of social and technological progress depends largely on the diffusion of technological innovation. Studies 

have shown that the diffusion effect of technological innovation is influenced by factors such as time and 

geographical distance (Comin et al., 2012; Ertur et al., 2017; Santacreu, 2019). 

In recent years, with the development of industrial agglomeration, association, and integration, the 

diffusion of technological innovation among industries is becoming increasingly important (Hacking et 

al., 2019; Lee et al., 2016; Lyu et al., 2017). At present, great differences exist in the technological 

innovation level and the independent innovation ability among sectors in China’s manufacturing industry. 

Industries with relatively leading technology and a high degree of innovation, such as information and 

communication, information technology, and intelligent equipment, have produced technology diffusion 

effect to a large extent, and foreign advanced technologies introduced through channels like foreign direct 

investment and international trade also have diffusion effects. Enough attention should be paid to the 

diffusion of these advanced technologies, especially when China’s economic development turns to high-

quality development. Research and analysis of the diffusion situation of technological innovation in the 

manufacturing industry are of great practical significance for improving the scientific and technological 

innovation strength and optimizing and upgrading the industry. 

The research on the diffusion of technological innovation mainly focuses on the evolution process, 

influencing factors, simulation, and prediction, among which the simulation and prediction of TID is 

the focus of research. In the early stage, scholars mainly used mathematical models like differential 

dynamics, jump-diffusion model and Markov chain to simulate the process and speed change of 

innovation diffusion over time. Laciana and Rovere (2011) simulated the dynamic diffusion process 

of technological innovation and found that the new technological diffusion rate accelerates when the 

differences between individuals become larger. With the deepening of research, some scholars have 

studied the spatial spillover process of TID from the spatial perspective, such as Cheng and Shen 

(2018), who studied the spatial technological diffusion effect spatial-temporal characteristics at the 

provincial level in China. In recent years, some scholars have focused on simulating the complex 

network structure and path characteristics of TID from the perspective of complex networks. For 

example, Cao et al. (2018) simulated TID by using the evolutionary game of complex networks under 

different network topology structures such as small-world and scale-free; Yu et al. (2020) revealed the 

complexity of TID from the perspective of multiple networks. The above research studies the diffusion 

process of technological innovation from different perspectives and believes that technological 

diffusion can be a communication process, a substitution process, a learning process, a spatial process, 

a game process, or a network evolution process. 

Few studies focus on measuring TID in the manufacturing industry, and most scholars mainly 

take single indicators such as technology market turnover, technology license, and patent introduction 

as alternative variables for the TID. Xu et al. (2013) used the technology transaction volume to measure 

the technology diffusion and studied the impact of the technology diffusion in Beijing and Shanghai 

on the economic growth of China’s various regions. Dechezleprêtre et al. (2015) studied the 
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transnational diffusion of new technologies under environmental control by measuring the flow of new 

technologies from source countries to recipient countries using patents. Lv et al. (2020) studied 

whether the differentiation phenomenon of industrial technology groups affects the diffusion of 

industrial innovation by measuring the innovation diffusion with the number of patents cited by other 

patentees. Although the above-mentioned studies measure the diffusion of technological innovation 

from different aspects, there are significant differences in the diffusion results measured by various 

alternative variables; thus, it has certain limitations to measure the diffusion of technological 

innovation only by a single indicator. Nelson (2009) adopted the direct citation patents, secondary 

citation patents, patent licenses, and publication citations generated by the recombinant DNA 

technology as the measurement indicators of innovation diffusion, respectively, and they found that 

the direct citation patents greatly underestimated the degree of technological diffusion compared with 

the indicators such as patent licenses and publication citations. Huang et al. (2011) compared 

innovation diffusion indicators such as patent citation, technology licenses, and publication citations, 

and they found that different indicators had different roles in different stages of innovation diffusion, 

and a single indicator failed to capture the overall situation of innovation diffusion fully. Some scholars 

also focus on the diffusion of technological innovation in some industries, including agriculture and 

green environmental protection industries. Yu et al. (2018) comprehensively measured the environment 

of Chinese agricultural technology diffusion from the perspectives of nature, society, science and 

technology, economy and policy. Grafström (2017) confirmed the existence of TID among countries 

in the wind power field in Europe by using patent data. Hötte (2020) found that technological changes 

can accelerate the development of green technology innovation and diffusion under the continuous 

development of absorption capacity. Cole and Fernando (2021) evaluated the diffusion and 

sustainability of mobile-phone-based agricultural advice technology in Indian cotton farmers. 

In general, the existing research has some reference significance for measuring the TID in the 

manufacturing industry, but there is also some space to be explored. First, the existing research focuses 

on the diffusion environment of technological innovation, and little research deeply discusses the 

actual measurement and application of the index system of TID. Even if the measurement of TID is 

carried out, it mainly focuses on the regional perspective and lacks the analysis of TID of various 

sectors from the industry perspective. Secondly, the subject of TID involves the spillover capacity of 

the diffusion source and the absorption capacity of the receiver. The existing research mainly builds 

the diffusion index system from the perspective of the spillover capacity, and the absorption capacity 

of the receiver has not been fully reflected in the index system. The main contributions of this paper 

are as follows. First, considering the absorptive capacity of the receiver, this paper constructs a TID 

index system, including the absorptive capacity of the receiver and the spillover capacity of diffusion 

sources. Second, this paper focuses on the manufacturing industry and measures the diffusion 

innovation in the manufacturing industry from the perspectives of sector and region, and the 

distribution characteristics are also analyzed. 

2. Technological innovation diffusion system and its measurement index system 

2.1. Technological innovation diffusion system 

TID plays an essential role in the dissemination of new technologies. TID is a process in which 

technological innovation spreads from the source of diffusion to the receiver of technological 
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innovation, generally from the sector or region with a higher technological level to that with a lower 

technological level. An effective diffusion process of technology innovation can affect the overall 

improvement of the technology level of the industry or region to a large extent. Based on Rogers’ 

innovation diffusion theory (Rogers, 2003), a complete TID system includes four essential components: 

diffusion source, diffusion path, diffusion receiver, and diffusion environment that influence the whole 

diffusion system. The interrelationship of the components can be illustrated in Figure 1. 

 

Figure 1. Composition of the technological innovation diffusion system. 

For the diffusion system shown in Figure 1, the diffusion source is the origin of technological 

innovation (Rogers, 2003), and it is the diffusion side with more advanced or superior technology. The 

diffusion source generally needs to have a high technical level and resource conditions for innovation 

diffusion, such as sufficient human resources reserves and patent technology. It can be an enterprise 

with advanced technology, an enterprise group, or a specific region. The diffusion receiver refers to 

the party that accepts advanced or superior technology, and it is the target of innovative diffusion. It 

can be a specific enterprise, an enterprise group, or a certain region. Compared with the diffusion 

source, the technical level of the diffusion receiver should be relatively low, forming a certain technical 

potential difference with the diffusion source so as to promote the effective diffusion of technological 

innovation (Jan, 2002). At the same time, the receiver should also have certain primary conditions, 

such as certain technical reserves and human resources level and suitable infrastructure conditions, 

which can be regarded as a technological absorption capacity of the receiver. Only when the receiver 

has a specific technological absorption capacity can it effectively undertake the technological spillover 

of the diffusion source, promoting the diffusion of technological innovation (Cohen and Levinthal, 

1990). In the cycle of identification, absorption, application and re-innovation of new technologies, 

not only the receiver will improve its own technical level but also the superior technologies formed by 

re-innovation will further promote the diffusion of innovation. The diffusion path is the method, tool, 

or carrier through which technological innovation spreads from the diffusion source to the receiver. In 

the context of economic globalization, the scope of diffusion can be global. Diffusion tools or carriers 

include various forms of technology transfer, trade, and investment. The diffusion environment is the 

sum of various factors that play a comprehensive effect on the diffusion system (Wang et al., 2003). In 

general, an effective diffusion system should have a good diffusion environment to serve technological 

diffusion effectively. Whether the diffusion environment is conducive to innovation diffusion can be 

reflected in the diffusion speed. The faster the diffusion speed is, the better the diffusion environment 

is; conversely, the slower the diffusion speed, the worse the diffusion environment. 

 

Path 

 

 

Diffusion environment 

Receiver Source 



456 

National Accounting Review  Volume 3, Issue 4, 452–471. 

2.2. Construction of the measurement index system for TID 

Based on the above analysis on the technology innovation diffusion system, comprehensively 

considering various factors of diffusion source, diffusion receiver, diffusion path, and diffusion 

environment, this paper constructs a TID index system including the above four dimensions to measure 

the comprehensive situation of TID. 

2.2.1. Technological innovation diffusion source 

The diffusion source provides diffusion resources, which is fundamentally characterized by a 

strong technical level and a variety of innovation resources for diffusion. In selecting indicators, this 

paper starts from two aspects. First, innovation activities of enterprises mainly come from purposeful 

research and development (R&D), which requires human resources and material capital investment. 

This paper selects the full-time equivalent of R&D personnel and the expenditure of R&D instruments 

and equipment to reflect it. Considering that not all enterprises carry out R&D activities, this paper 

adopts the number of industrial enterprises with R&D activities to reflect the sustainability of 

technological innovation. Second, the most direct manifestation of corporate R&D activities is the new 

product development. Given the periodicity of technology research and development, this paper uses 

the number of new product development projects and the number of effective invention patents to 

reflect the technological innovation in the R&D stage and the successful stage, respectively. 

2.2.2. Technological innovation diffusion path 

There are many paths for TID. Technology transfer, investment, and trade may be the path for 

TID. Given the availability of data, this paper mainly considers two aspects. One is the direct 

technology innovation diffusion path, that is, the technology diffusion by the transfer of non-patented 

technology or patent ownership, among which the non-patented technology transfer is generally 

through the technology market transactions, so this paper chooses the technology output amount in the 

technology market to reflect it, while the patent ownership transfer is directly reflected by the transfer 

of patent rights and license income. The other is the indirect path of TID, that is, the sales of new 

products drive the diffusion of technological innovation. For manufacturers with strong technological 

innovation ability, a high technical level is implied in their new products, which will spread to the 

product buyer (diffusion receiver) indirectly. This paper reflects the indirect diffusion of technological 

innovation through the indicator of new product sales income. The higher the income from new product 

sales, the more indirect technology innovation diffusion. 

2.2.3. Technological innovation diffusion receiver 

Based on the aforementioned theoretical analysis, the absorption capacity is mainly considered in 

terms of diffusion receiver. The size of the absorption capacity will affect the diffusion effect of the 

new technology, and the receiver needs a good absorption capacity to identify and absorb the 

introduced new technology. First, this paper uses “technology inflow amount (10,000 yuan) in the 

technology market” to reflect the market recognition of the receiver. The more the inflow amount, the 

more the market recognizes the absorption capacity of the receiver. Indicators such as “technology 



457 

National Accounting Review  Volume 3, Issue 4, 452–471. 

digestion and absorption expenditure (10,000 yuan)” and “technology transformation expenditure 

(10,000 yuan)” are adopted to reflect the receiver’s efforts to improve its technology level. The more 

these two inputs are, the stronger the receiver’s absorption capacity is. 

2.2.4 Technological innovation diffusion environment 

In the diffusion system, the quality of the diffusion environment is mainly reflected in the 

diffusion speed. The faster the diffusion speed, the more continuous the emergence and diffusion of 

new technologies, indicating that labor productivity between industries or regions has increased rapidly. 

This paper selects indicators like the technology output growth rate, the patent licensing growth rate, 

the new product sales growth rate, and the current asset turnover rate to reflect the diffusion 

environment. The higher the rates of these indicators, the better the diffusion environment for 

technological innovation. Seven of the value indicators with the unit of “10,000 yuan” in Table 1 are 

based on the current year price. When processing data later with the model, the influence of the price 

factor is eliminated by standardizing the data. 

Table 1. TID index system of the manufacturing industry. 

Diffusion system Dimension Indicator Unit 

Technological 

innovation diffusion 

(TID) 

Diffusion source 

(Diffusion resources) 

R&D personnel full-time equivalent person-year 

R&D instruments & equipment expenditures 10,000 yuan 

Industrial enterprises with R&D activities Unit 

Number of new product development projects Item 

Number of effective invention patents Piece 

Diffusion path Technology output amount of the technology market 10,000 yuan 

Patent ownership transfer and licensing income 10,000 yuan 

Sales income of new products 10,000 yuan 

Diffusion receiver 

(Absorption capacity) 

Technology inflow amount in the technology market 10,000 yuan 

Technology digestion and absorption expenditure 10,000 yuan 

Technological transformation expenditure 10,000 yuan 

Diffusion 

environment 

Technology output growth rate % 

Patent licensing growth rate % 

New product sales growth rate % 

the turnover rate of current assets % 

2.3. Data processing 

The main purpose of this paper is to measure the TID in various manufacturing sectors and regions 

in China. The sample interval determined according to available data is from 2005 to 2018. At the 

regional level, it involves 31 provinces and cities (excluding Hong Kong, Macao, and Taiwan), and at 

the industry level, it is selected and determined according to the industry classification standard of the 

national economy. Within the time scope considered in this paper, China has implemented three 

industry classification standards, namely, National Economic Industry Classification in 2002, 2011, 

and 2017. Considering the industry classification standard in 2011 involving the longest time range of 
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this study and based on the 2011 standard as a benchmark, this paper appropriately adjusts and merges 

the industry classification, in which the non-metallic mineral products sector is merged into other 

manufacturing sectors, and the automobile manufacturing sector, railway, ship, aerospace, and other 

transportation equipment manufacturing sector are merged into the transportation equipment 

manufacturing sector. After adjustment, 27 manufacturing sectors are obtained. Table 2 shows specific 

manufacturing sectors and categories. 

Table 2. Specific classification of the manufacturing industry in China. 

Order 

number 

Sector Code in 

this study 

Order 

number 

Sector Code in 

this study 

1 

 

2 

3 

 

4 

5 

6 

7 

 

8 

 

 

9 

10 

 

11 

 

12 

 

 

13 

 

14 

Agricultural and sideline food 

processing sector 

Food manufacturing 

Wine, beverage, and refined tea 

manufacturing sector 

Tobacco sector 

Textile sector 

Textile and clothing sector 

Leather, fur, feathers and their 

products and shoe-making sector 

Wood processing and wood, 

bamboo, rattan, brown, grass 

products sector  

Furniture manufacturing 

Paper making and paper products 

sector 

Printing industry and recording 

media replication sector 

Culture, education, industrial 

beauty, sports and entertainment 

goods manufacturing sector 

Oil processing, coking, and 

nuclear fuel processing sector 

Chemical raw materials and 

chemical products manufacturing 

sector 

Z1 

 

Z2 

Z3 

 

Z4 

Z5 

Z6 

Z7 

 

Z8 

 

 

Z9 

Z10 

 

Z11 

 

Z12 

 

 

Z13 

 

Z14 

15 

16 

17 

 

18 

 

19 

 

20 

21 

 

22 

 

23 

 

24 

 

25 

 

 

26 

27 

 

 

Pharmaceutical manufacturing 

Chemical fiber manufacturing  

Rubber and Plastic Products 

sector 

Ferrous metal smelting and 

rolling processing sector 

Non-ferrous metal smelting and 

rolling processing sector 

Metal products sector 

General equipment 

manufacturing  

Special equipment 

manufacturing 

Transportation equipment 

manufacturing  

Electrical machinery and 

equipment manufacturing  

Computers, communications, 

and other electronic equipment 

manufacturing sector 

Instrument manufacturing  

Other manufacturing sector 

 

 

Z15 

Z16 

Z17 

 

Z18 

 

Z19 

 

Z20 

Z21 

 

Z22 

 

Z23 

 

Z24 

 

Z25 

 

 

Z26 

Z27 

 

 

According to the index system shown in Table 1, the corresponding data of 27 manufacturing 

sectors and 31 provinces and cities are collected and sorted. Relevant data are obtained from China 

Industrial Statistical Yearbook, China Science and Technology Statistics Yearbook, China Regional 

Innovation Capacity Monitoring Report, China Technology Market Report, and the EPS database. Due 

to the change of statistical caliber, the index data after 2010 are the data of industrial enterprises above 

designated size, while the data of 2010 and previous years are of large and medium-sized industrial 



459 

National Accounting Review  Volume 3, Issue 4, 452–471. 

enterprises1. In order to ensure the comparability of the data, this paper adjusts the data before 2010 

according to the total assets ratio of large and medium-sized industrial enterprises in the corresponding 

year to obtain the data of industrial enterprises above the designated size in the corresponding year. In 

addition, the moving average method is used to deal with the missing data of very few indicators. 

3. Technological innovation diffusion measurement model 

3.1. Determination of the measurement model 

Since the 1960s, some scholars have characterized the diffusion situation of technological 

innovation by referring to the diffusion model in communication, and gradually a series of TID models 

have been formed represented by the S curve diffusion model, the gravity model, and the maximum 

entropy model. In this paper, the dynamic projection pursuit clustering method commonly used in 

analyzing high-dimensional data is used to measure TID. Projection Pursuit (PP) is a statistical method 

for processing and analyzing high-dimensional data. It can project high-dimensional data onto low-

dimensional (1–3 dimensional) subspace to find projections that reflect the structure or features of 

original high-dimensional data so as to achieve the purpose of studying and analyzing high-

dimensional data (Friedman and Tukey, 1974). An ideal point method based on projection pursuit for 

dynamic multiple indicators (PP-IPM) improves the PP method (Jin et al., 2004). Its advantage is that 

it can be used to evaluate nonlinear, non-normal and other high-dimensional data, and the results of 

optimal projection have high accuracy, good robustness, and strong anti-interference ability (Lyu et al., 

2017). This paper studies the TID in China’s manufacturing industry from 2005 to 2018 and among 

regions, involving 15 indicators in each of 27 sectors and 31 provinces and municipalities. The data 

set for research is characterized by multiple dimensions and high complexity, and the PP-IPM method 

is suitable for the measurement. 

In addition, this study involves 15 metrics, and the determination of the weights has a large impact 

on the study results. To ensure the scientific weight setting, the entropy method is used to determine 

the weights. The entropy method is an objective empowerment method that determines the index 

weight based on the information provided by the observed values of each index (Jin and Li, 2018). It 

can avoid the one-sided nature of the subjective empowerment method and ensure the objectivity and 

accuracy of the measurement results. 

3.2. PP-IPM model construction 

Suppose that the measurement evaluation system has 𝑚 years, 𝑛objects, and 𝑘evaluation indexes; 

𝑇𝛼(𝛼 = 1,2,⋯ ,𝑚), indicating year 𝛼; 𝑌𝑖(𝑖 = 1,2,⋯ , 𝑛), representing object 𝑖, and assuming 𝑧(𝑖) are 

valid solutions; 𝑃𝑗(𝑗 = 1,2,⋯ , 𝑘), representing evaluation index 𝑗; 𝑥𝑎𝑖𝑗 represents the index value 𝑗 

of object 𝑖 in the year 𝑎. The basic steps of determining index weight by using entropy method and then 

combining the PP-IPM method to build a model for measuring TID are as follows. 

 
1Since 2011, the statistical scope of industrial enterprise data in the China Yearbook of Science and Technology Statistics 

has been adjusted from large and medium-sized industrial enterprises to industrial enterprises above designated size. Some 

special years have expanded the scope of the survey due to the economic census or R&D resource inventory, and industrial 

data above the designated size are also available, such as the year 2004, 2008 and 2009. 
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3.2.1. Dimensionless processing of indexes 

For a positive index: 

 𝑏𝑎𝑖𝑗 =
𝑥𝑎𝑖𝑗 − 𝑥𝑚𝑖𝑛
𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛

 (1) 

For a reverse index: 

 𝑏𝑎𝑖𝑗 =
𝑥𝑚𝑎𝑥 − 𝑥𝑎𝑖𝑗
𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛

 (2) 

where
 
𝑏𝑎𝑖𝑗 represents the index value 𝑗 of index 𝑖 in year 𝑎 after the dimensionless treatment. 𝑥𝑚𝑖𝑛 

is the minimum of index 𝑗, and 𝑥𝑚𝑎𝑥 is the maximum of index 𝑗. The normalized panel data matrix 

is expressed as 𝐵 = (𝐵1, 𝐵2, ⋯𝐵𝑛)
𝑇, where, 𝐵𝑖 = (𝑏𝑎𝑖𝑗)𝑚𝑘. 

3.2.2. Determining the index weights by the entropy method 

1. Calculate the entropy of index 𝑗 

 𝐸𝑗 = −𝑘1∑∑𝑃𝑎𝑖𝑗 𝑙𝑛 𝑃𝑎𝑖𝑗

𝑛

𝑖=1

𝑚

𝑎=1

 (3) 

where 𝑘1 =
1

𝑙𝑛(𝑚𝑛)
,

 

𝑃𝑎𝑖𝑗 =
𝑏𝑎𝑖𝑗

∑ ∑ 𝑏𝑎𝑖𝑗
𝑛
𝑖=1

𝑚
𝑎=1

. 

2. Calculate the weight of index 𝑗 by the entropy method 

 𝑤𝑗
1 =

𝐷𝑗

∑ 𝐷𝑗
𝑘
𝑗=1

 (4) 

where 𝐷𝑗 = 1 − 𝐸𝑗 

3.2.3. Construct the diffusion model with the PP-IPM method 

1. Generate the positive and negative ideal matrices 

According to the normalized matrix 𝐵, a positive ideal matrix 𝐵+ = (𝑏𝑎𝑗
+ )𝑚𝑘  and a negative 

ideal matrix 𝐵− = (𝑏𝑎𝑗
− )𝑚𝑘 

are generated, where 𝑏𝑎𝑗
+ = 𝑚𝑎𝑥(𝑏𝑎𝑖𝑗), 𝑏𝑎𝑗

− = 𝑚𝑖𝑛(𝑏𝑎𝑖𝑗). 

2. Construct the projection pursuit function 

The PP method is used to combine the normalized matrix 𝐵, the positive ideal matrix 𝐵+, and 

the negative ideal matrix 𝐵−  to obtain a projection direction vector 𝑐 =
(𝑝1, 𝑝2, ⋯ , 𝑝𝑗 , ⋯ , 𝑝𝑘, 𝑞1, 𝑞2, ⋯ , 𝑞𝑎, ⋯ , 𝑞𝑚) , including indexes and time weights, thus obtaining the 

one-dimensional projection value 𝑧(𝑖): 

 𝑧(𝑖) =
{∑ 𝑞𝑎 [∑ 𝑝𝑗(𝑏𝑎𝑖𝑗 − 𝑏𝑎𝑗

− )
2𝑘

𝑗=1 ]𝑚
𝑎=1 }

1/2

{∑ 𝑞𝑎 [∑ 𝑝𝑗(𝑏𝑎𝑖𝑗 − 𝑏𝑎𝑗
+ )

2𝑘
𝑗=1 ]𝑚

𝑎=1 }
1/2

+ {∑ 𝑞𝑎 [∑ 𝑝𝑗(𝑏𝑎𝑖𝑗 − 𝑏𝑎𝑗
− )

2𝑘
𝑗=1 ]𝑚

𝑎=1 }
1/2

 (5) 

where, 𝑝𝑗 is the weight of index𝑗; 𝑞𝑎 is the weight of year 𝑎; 𝑧(𝑖) represents the Euclidean distance 
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or relative proximity of the evaluation object 𝑌𝑖 with 𝐵+ and 𝐵−, that is, it is closest to 𝐵+ and 

farthest from 𝐵−. According to the principle of scattering projection values as far as possible, the 

objective function is constructed: 

 𝑄(𝑐) = 𝑆𝑧 = √
∑ (𝑧(𝑖) − 𝐸𝑧)

2𝑛
𝑖

𝑛
 (6) 

where, 𝑆𝑧is the standard deviation of 𝑧(𝑖); 𝐸𝑧 represents the mean of the sequence{𝑧(𝑖)|𝑖 = 1,2,⋯ , 𝑛}. 

3. Solve the nonlinear optimization projection pursuit objective function with constraints 

When the sample panel data matrix is given, the projection objective function 𝑄(𝑐) varies only 

with the projection direction vector 𝑐 . Therefore, the essence of solving the optimal projection 

direction is to maximize the objective function of nonlinear projection with constraints: 

 

{
 
 
 

 
 
 

𝑚𝑎𝑥𝑄(𝑐)

𝑠𝑡.∑𝑝𝑗 = 1

𝑘

𝑗=1

∑𝑞𝑎 = 1

𝑚

𝑎=1

𝑝𝑗 > 0, 𝑞𝑎 > 0

 (7) 

It is difficult to solve the optimal projection vector of the aforementioned nonlinear programming 

problem using conventional methods. Thus, this paper adopts the accelerated genetic algorithm (RAGA) 

to simulate the law of survival of the fittest in the process of biological evolution and the mechanism of 

chromosome information exchange within the population. The best projection vector is obtained: 

 𝑐∗ = (𝑝1
∗, 𝑝2

∗, ⋯ , 𝑝𝑘
∗ , 𝑞1

∗, 𝑞2
∗, ⋯ , 𝑞𝑚

∗ ) (8) 

where, 𝑤2 = (𝑝1
∗, 𝑝2

∗, ⋯ , 𝑝𝑘
∗) is the index weight vector; namely, the weight of index 𝑗 is 𝑤𝐽

2 = 𝑝𝐽
∗, 

and the time weight vector is 𝑞∗ = (𝑞1
∗, 𝑞2

∗, ⋯ , 𝑞𝑚
∗ ). 

3.2.4. Calculate the TID by combining the entropy method and the PP-IPM method 

1. Calculate the comprehensive weight of index 𝑗 

 𝑤𝑗 =
1

2
𝑤𝑗
1 +

1

2
𝑤𝑗
2 (9) 

2. Calculate the TID value of object 𝑖 in year 𝑎 

 𝑆𝑎𝑖 =
1

2
𝑆𝑎𝑖
1 +

1

2
𝑆𝑎𝑖
2  (10) 

where, 𝑆𝑎𝑖
1 = ∑ 𝑤𝑗

1𝑏𝑎𝑖𝑗
𝑘
𝑗=1  , 𝑆𝑎𝑖

2 = 𝑧(𝑖)∗ , and 𝑧(𝑖)∗  is the value obtained by substituting the best 

projection 𝑐∗  into the formula𝑧(𝑖) . 𝑆𝑎𝑖  refers to the TID value of object 𝑖  in year 𝑎 . The value 

combines the information of the diffusion source, diffusion path, receiver and diffusion environment of 

object 𝑖 in year 𝑎, reflecting the comprehensive situation of TID. At the same time, the data used in the 

calculation have been dimensionless, and the obtained values can be compared among different sectors and 

regions. The larger the value, the more prominent the TID of the analyzed object in the corresponding year. 
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4. Measurement of the TID in the manufacturing industry 

4.1. Weight analysis of the index system 

Based on the sector and region data of China’s manufacturing industry, combined with the above-

established models, this section uses MATLAB to measure the TID. Firstly, the weight of each index 

can be obtained (see Table 3). The analysis of the weight of each indicator shows the relative 

importance of each indicator and the impact on TID. 

Table 3. Weight of the TID index system. 

Diffusion 

system 

Dimension Weight of each dimension Indicator Weight of each index 

Sector level Region level Sector 

level 

Region 

level 

technological 

innovation 

diffusion 

Diffusion 

source 

(Diffusion 

resources) 

0.4058 0.4710 R&D personnel full-time 

equivalent 

0.0794 0.0915 

R&D instruments & 

equipment expenditures 

0.0755 0.0944 

Industrial enterprises with 

R&D activities 

0.0781 0.1143 

Number of new product 

development projects 

0.0855 0.0805 

Number of effective invention 

patents 

0.0873 0.0903 

Diffusion 

path 

0.2421 0.2206 Technology output amount of 

the technology market 

0.0712 0.0733 

Patent ownership transfer and 

licensing income 

0.0759 0.0639 

Sales income of new products 0.0949 0.0833 

Diffusion 

receiver 

(Absorbing 

capacity) 

0.2219 0.1580 Technology inflow amount in 

technology market 

0.0849 0.0633 

Technology digestion and 

absorption expenditure 

0.0583 0.0564 

Technological transformation 

expenditure 

0.0786 0.0382 

Diffusion 

environment 

(Diffusion 

speed) 

0.1303 0.1505 Technology output growth 

rate 

0.0262 0.0617 

Patent licensing growth rate 0.0453 0.0320 

New product sales growth rate 0.0349 0.0470 

turnover rate of current assets 0.0238 0.0099 

Dimension 

average 

weight 

0.2500 0.2500 Index average weight 0.0667 0.0667 
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As shown in Table 3, from the weights of the four dimensions of the diffusion system, we can see 

that the comprehensive weight of the diffusion source exceeds 40%, no matter at the sector level or the 

regional level, significantly exceeding the average weight and those of the other three dimensions, 

indicating that the richness of the diffusion resources plays a fundamental important role in the process 

of TID. The weight of the diffusion path is slightly lower than the average weight at both the sector 

and the region levels, but it also exceeds 22%, which is another crucial factor affecting the diffusion 

of technological innovation. The weight of the diffusion receiver is significantly lower than that of the 

diffusion source, which is equivalent to that of the diffusion path at the sector level, but significantly 

lower than that of the diffusion path at the region level, indicating that the importance of the absorption 

capacity of the receiver is still behind that of the diffusion source and diffusion path, and even more 

backward at the regional level. The comprehensive weight of the diffusion environment is the lowest 

in the four dimensions at both the sector and region levels, indicating that the diffusion environment 

has a relatively small impact on TID. 

The weights of the specific indicators under each dimension are similar to the comprehensive 

weights of the four dimensions. The five indicators under the diffusion source dimension are 

significantly higher than other indicators, indicating that indicators of the diffusion source are the most 

important ones affecting TID. Of the three indicators under the diffusion path dimension, only one 

indicator is slightly below the average weight at the regional level, and the other indicators are all 

above the average weight, indicating that the diffusion path is also an important index affecting the 

diffusion effect. The effects of the three absorption capacity indicators of the diffusion receiver are 

differentiated. The weights of the three indicators at the sector level are equivalent to or above the 

average weight and significantly higher than those at the regional level. The four indicators under the 

diffusion environment dimension are all significantly lower than the weight of other dimensions. 

The above index weight analysis shows that whether from the comprehensive weight of the four 

dimensions of the diffusion system or the weight of each specific indicator, the diffusion resource of the 

diffusion source is the most important factor affecting the TID; the diffusion path also has great influence; 

the role of the absorption capacity of the receiver is slightly less than that of the diffusion path, and it’s 

significantly higher at the sector level; the impact of the diffusion environment is relatively small. 

4.2. Measurement and feature analysis of the TID in different sectors 

Based on the above-mentioned methods and industry data, this sub-section calculates the values 

of the TID in 27 sectors of the manufacturing industry from 2005 to 2018 using the MATLAB software. 

To facilitate analysis and discussion, this sub-section takes 27 sectors as the object and takes the TID 

values of each year as variables to conduct Q-type clustering, where the Euclidean square distance is 

adopted for the distance between variables, and the Sum of Squares of Deviations (Ward) method is 

adopted between categories. After cluster analysis, the 27 sectors are grouped into three categories 

according to the distance between samples (see Table 4 and Figure 2). Among them, the distance 

between samples within each category is relatively small, and the distance between samples of different 

categories is relatively large. 
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Table 4. Sector clustering results. 

Category Code Sector Category Code Sector 

The first Z23 

 

Z24 

 

Z25 

Transportation equipment 

manufacturing 

Electrical machinery and equipment 

manufacturing 

Computers, communications, and 

other electronic equipment 

manufacturing 

The third Z2 

Z3 

 

Z4 

Z6 

Z7 

 

Z8 

 

 

Z9 

Z10 

 

Z11 

 

Z12 

 

 

Z13 

 

Z16 

Z27 

Food manufacturing 

Wine, beverage, and refined tea 

manufacturing sector 

Tobacco sector 

Textile and clothing sector 

Leather, fur, feathers and their 

products and shoe-making sector 

Wood processing and wood, 

bamboo, rattan, brown, grass 

products sector 

Furniture manufacturing 

Paper making and paper products 

sector 

Printing industry and recording 

media replication sector 

Culture, education, industrial 

beauty, sports and entertainment 

goods manufacturing sector 

Oil processing, coking, and nuclear 

fuel processing sector 

Chemical fiber manufacturing 

Other manufacturing sector 

The second Z1 

 

Z5 

Z14 

 

Z15 

Z17 

Z18 

 

Z19 

 

Z20 

Z21 

Z22 

Z26 

Agricultural and sideline food 

processing sector 

Textile sector 

Chemical raw materials and chemical 

products manufacturing sector 

Pharmaceutical manufacturing 

Rubber and Plastic Products sector 

Ferrous metal smelting and rolling 

processing sector 

Non-ferrous metal smelting and 

rolling processing sector 

Metal products sector 

General equipment manufacturing  

Special equipment manufacturing 

Instrument manufacturing  

 

Figure 2. The changing trend of the TID in the manufacturing industry at the sector level. 
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It can be seen from Figure 2 that the total amount of innovation diffusion in China’s 

manufacturing industry showed a rapid rise during the research period, increasing from 2.09 in 2005 

to 7.73 in 2018, an increase of 2.70 times. In terms of the total amount, the second category contributes 

the largest diffusion, followed by the first category, and the third category has the smallest contribution. 

From the perspective of the average, the average of all sectors shows a relatively stable growth trend; 

the average of the first category shows a fluctuating growth trend; the second category also has a 

relatively obvious growth trend, while the third category grows slightly with little change. In terms of 

the time trend, both the total amount and the average amount can be roughly divided into three 

development stages: 2005–2010, 2011–2015, 2016 and later. From 2005 to 2010, the total amount and 

the average value increased steadily; From 2011 to 2015, the total amount had a noticeable jump, while 

the average diffusion values of the first and second categories showed inevitable fluctuations, 

especially the first category; Since 2016, both the total amount and the average values increase steadily 

at a high level. Due to the different number of sectors contained in the three categories, there are great 

differences in the diffusion characteristics. 

The first category has the characteristics of high technological level and large diffusion amount. 

This category includes three sectors: transportation equipment manufacturing, electrical machinery 

and equipment manufacturing, and computers, communications, and other electronic equipment 

manufacturing. Due to the prominent spillover effect, absorption effect, and diffusion speed, their TID 

presents a continuous rapid rise trend over time. These sectors have the characteristics of high 

technological level and high diffusion amount. They are technology-intensive sectors, with many fields 

in the industry leading the world in terms of the technological level, such as high-speed railway, power 

facilities, and 5G network equipment. Sectors in this category also have the largest technological 

diffusion during the sample period. The calculation results show that the average diffusion of this 

category increased from 0.1632 in 2005 to 0.9440 in 2018, with an increase of 4.78 times and an annual 

growth rate of 14.45%. In 2018, the diffusion of technological innovation of the three sectors in this 

category ranged from 0.81-1.19, much higher than other categories. Most of these sectors belong to 

technology-intensive industries with high technological innovation levels and strong penetration 

ability to other industries, so the TID grows rapidly. 

The second category has the characteristics of moderate technological level and diffusion amount. 

This category includes 11 sectors (see Table 4 for details), including traditional sectors such as 

agricultural and sideline food processing and textile sectors and sectors with relatively high 

technological levels such as pharmaceutical manufacturing, general equipment manufacturing, and 

special equipment manufacturing. On the whole, such sectors are strongly related to sectors of the first 

category, but their scientific and technological innovation is significantly lower than those of the first 

category, and the TID is also relatively moderate. The calculation results show that the diffusion 

average of sectors in this category increased from 0.0829 in 2005 to 0.3336 in 2018, an increase of 

3.02 times, with an average annual growth rate of 11.30%. In 2018, the TID of 11 sectors in this 

category was between 0.18 and 0.58, significantly lower than that of the first category but higher than 

that of the third category. 

The third category has the characteristics of relatively low technological level and diffusion 

amount. This category includes 13 sectors (see Table 4 for details), which are mainly of the traditional 

light industry, such as food, beverage, textile shoes and hats, as well as resource mining sectors such 

as wood processing, oil mining and processing, having a low industrial association with sectors of the 

first category. These sectors all belong to the traditional industry in China with relatively low 
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technological content, limited technological innovation development potential, and vulnerability to 

fluctuations in the economic environment, resulting in slow technological innovation. Mainly because 

they receive relatively low technological diffusion from other sectors. 

On the whole, during the sample period, the TID of the manufacturing industry has formed a 

pattern in which sectors of the first category (transportation equipment manufacturing, electrical 

machinery and equipment manufacturing and communication equipment, computer and electronic 

equipment manufacturing) are taken as the diffusion source and gradually spread to the sectors of the 

second and third categories of according to the degree of industrial relevance, driving the overall 

improvement of the technological innovation level. The technological innovation level in the sectors 

of the second category is moderate, and there is a certain degree of diffusion while absorbing new 

technologies. Sectors in the third category mainly absorb the diffusion from other categories, and the 

degree of outward technology diffusion is low. 

4.3. Measurement and characteristic analysis of TID in the manufacturing industry in different regions 

According to the data and index weights, the TID in 31 regions of China from 2005 to 2018 

(except Hong Kong, Macao, and Taiwan) is calculated respectively by using the MATLAB software. 

To facilitate the analysis, this subsection takes 31 provinces as the object and takes the TID in each 

year from 2005 to 2018 as the variable for Q-type clustering, in which the distance between variables 

adopts Euclidean square distance, and the clustering between categories adopts the sum of squares of 

deviation (Ward) method. After clustering analysis, 31 provinces are divided into three categories 

according to the distance between samples (see Table 5 and Figure 3). Among them, the distance 

between samples within each category is relatively small, and the distance between samples of 

different categories is relatively large. 

Table 5. Clustering results of TID in various provinces. 

Category Code Province or municipality Category Code Province or municipality 

The first P1 Jiangsu The second P17 Sichuan 

P2 Zhejiang  P18 Shaanxi 

P3 Shandong The third P19 

P20 

P21 

P22 

P23 

P24 

P25 

P26 

P27 

P28 

P29 

P30 

P31 

Shanxi 

Inner Mongolia 

Jilin 

Heilongjiang  

Guangxi 

Hainan 

Guizhou 

Yunnan 

Xizang 

Gansu 

Qinghai 

Ningxia 

Xinjiang 

P4 Guangdong  

The second P5 Beijing  

P6 Tianjin  

P7 Hebei  

P8 Liaoning  

P9 Shanghai  

P10 Anhui  

P11 Fujian  

P12 Jiangxi  

P13 Henan  

P14 Hubei  

P15 Hunan  

P16 Chongqing  
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Figure 3. The changing trend of the TID in the manufacturing industry at the regional level. 

As can be seen from Figure 3, the total amount of TID in 31 provinces (municipalities) increased 

from 1.67 in 2005 to 7.54 in 2018, an increase of 3.52 times, with an average annual growth of 12.31%. 

The diffusion gap among the three categories of provinces is large. The growth trend of the provinces 

in the first and second categories is obvious, while that of the provinces in the third category is 

relatively flat, with little change during the sample period. In terms of the average, the average of the 

first category is significantly higher than the second and third categories; the second category is 

comparable to the national average, while the third category is the lowest and has little change during 

the sample period. Due to the differences in the number of provinces included in the three categories, 

there are also significant differences in diffusion characteristics. 

Provinces in the first category have the characteristics of rapid growth in technological diffusion. 

They have a high diffusion of manufacturing technological innovation and a rapid growth rate. There are 

four provinces in this category, including Jiangsu, Zhejiang, Shandong, and Guangdong. The total 

amount of diffusion increased from 0.49 in 2005 to 3.59 in 2018, increasing 6.31 times, with an average 

annual growth of 16.54%. In 2018, the diffusion of various provinces was between 0.49 and 1.22, with 

the highest being Guangdong 1.22 and the lowest being Shandong 0.49. The four provinces are far higher 

than the others in total amount, average, and growth rate of diffusion. They have developed economies 

and technology, high degrees of innovation, and active innovation activities, and they are the main output 

and export places of high-tech products in China. The diffusion of their technological innovation has 

played a leading and driving role in the development of science and technology in other regions. 

Provinces in the second category have the characteristics of steady growth. This category includes 

14 provinces, consisting of 4 municipalities directly under the central government (Beijing, Shanghai, 

Tianjin, Chongqing)2, 3 coastal provinces (Liaoning, Hebei, Fujian), 5 Yangtze River Delta and central 

 
2 From the perspective of cities, Shanghai and Beijing are undoubtedly the cities with the strongest economic and technological 

innovation in China, but they are also provincial-level units themselves. From a provincial perspective, Jiangsu, Zhejiang, Shandong, 
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provinces (Anhui, Jiangxi, Henan, Hubei, Hunan), and 2 western-central provinces (Sichuan, Shaanxi). 

The total amount of diffusion in these provinces increased from 0.80 in 2005 to 3.25 in 2018, increasing 

3.06 times, with an average annual growth of 11.39%. In 2018, the diffusion of these provinces ranged 

from 0.15 to 0.36, with Shanghai being the highest and Shaanxi the lowest. These provinces have good 

economic strength, a good technological innovation environment, and location conditions. Although 

there are certain fluctuations in the diffusion growth rate of manufacturing technological innovation, 

the overall trend is stable. These provinces also include two first-tier cities, Beijing and Shanghai. In 

terms of the city, they have the strongest strength of science and technology innovation, but compared 

with the four provinces in the first category, they are still slightly smaller, so they are classified into 

the second category, but both the total amount and speed of diffusion are significantly higher than 

those similar provinces. The performance of Anhui, Hubei, Hunan, and other provinces is also very 

eye-catching. These provinces are located in the Yangtze River Basin, around the scientific and 

technological innovation center cities such as Shanghai and Wuhan, so the level and diffusion of 

technological innovation are very prominent. In addition, it should be noted that as a municipality 

directly under the central government, Tianjin’s total diffusion increased significantly in 2011 and 

peaked in 2014, but then began to decline slowly, and the decline was very obvious after 2016. In the 

context of the integration of Beijing, Tianjin, and Hebei, enough attention should be paid to how to 

identify the development orientation of Tianjin and reverse the negative trend in future development. 

Provinces in the third category have the characteristics of slow development. This category 

includes 13 provinces, including Shanxi, Inner Mongolia, Jilin, Heilongjiang, Guangxi, Hainan, 

Guizhou, Yunnan, Tibet, Gansu, Qinghai, Ningxia, and Xinjiang, all of which are in western China 

except Hainan. The total amount of diffusion in these provinces increased from 0.37 in 2005 to 0.69 in 

2018, increasing 0.84 times, with an average annual growth of 4.82%. In 2018, the diffusion of each 

province ranged from 0.024 to 0.087, far lower than those of the above two categories. As the only 

eastern province, Hainan’s industrial structure is mainly dominated by tertiary industries such as 

agriculture and tourism, and the manufacturing industry is not developed, so the situation of TID is poor. 

Other provinces are located in the inland areas of Western China, with a normal economic development 

level, weak industrial foundation, low level of technological innovation, and slow diffusion speed. 

In general, the TID in China’s manufacturing industry has formed a pattern with Guangdong, 

Jiangsu, Zhejiang, Shandong, Beijing, and Shanghai as the sources of diffusion, spreading to the 

second-category provinces and regions, and then further to the third-category provinces, which leads 

to the overall improvement of the technological level. As the source of diffusion, all provinces are in 

the eastern coastal areas, with the most developed economy and science and technology in China. In 

terms of the total amount and speed of TID, it also reflects the characteristics that the above diffusion 

source provinces are the highest, the eastern and central regions and western core provinces are the 

second, and the western region is the worst. 

5. Conclusions and political implications 

The measurement and analysis of the TID in the manufacturing industry are conducive to 

understanding the diffusion situation and distribution characteristics of technological innovation in 

 

and Guangdong are more extensive and contain more cities. Therefore, the total amount of technological innovation and diffusion in 

Shanghai and Beijing still lags behind that in the above-mentioned provinces and falls into the second category. 
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various sectors and regions in China so as to provide countermeasures and suggestions for improving 

the overall scientific and technological innovation strength of China’s manufacturing industry. Based 

on the existing research, this paper constructs the index system of the TID in the manufacturing 

industry from the perspective of absorption ability and applies the entropy method combined with the 

PP-IPM method to measure the technological diffusion of 27 manufacturing sectors and 31 provinces 

from 2005 to 2018, obtaining the following conclusions and implications: 

First, the TID in the manufacturing industry can be measured from four dimensions: diffusion 

source, diffusion path, diffusion receiver (absorption capacity), and diffusion environment. Among 

them, the diffusion resources of the diffusion source mainly reflect the ability of the innovation subject 

to diffuse new technologies, while the absorption ability of the diffusion receiver reflects the degree of 

innovation subject digesting and absorbing new technologies. The measurement system with the two 

as the core, supplemented by the diffusion path and the diffusion environment, can fully reflect the 

TID system. According to the calculation results, the weights of the four dimensions are sorted from 

large to small as diffusion source (diffusion resource), diffusion path, diffusion receiver (absorption 

capacity), and diffusion environment. 

Second, in terms of specific sectors, during the sample period, a pattern has formed in which 

sectors like the transportation equipment manufacturing, the electrical machinery and equipment 

manufacturing and equipment and communication equipment, and the computer and electronic 

equipment manufacturing are the diffusion sources, which gradually diffuse to sectors of the second 

and the third categories according to the industry correlation degree, driving the overall improvement 

of the technological innovation level. Sectors of the second category not only absorb new technologies 

but also diffuse to a certain extent. Sectors of the third category mainly absorb the diffusion from other 

categories, and the degree of outward technology diffusion is low. As the diffusion source, the sectors 

are capital and technology-intensive, with high technical level and strong market competitiveness, and 

they are also of the high-tech industry that China has focused on developing in recent years. Promoting 

the innovation level of these sectors, maintaining their competitive advantages, and then enhancing 

their diffusion ability are the core links to promote the technological innovation level of China’s 

manufacturing industry. 

Third, from the regional perspective, during the sample period, Guangdong, Jiangsu, Zhejiang, 

Shandong, Beijing and Shanghai are the sources of diffusion, successively diffuse technology to 

neighboring provinces and the Yangtze River basin provinces, and then further to other central and 

western provinces. As the sources of diffusion, these provinces and municipalities are the most developed 

economic and technological regions in China. The improvement of economic and technological strength 

is a prerequisite for the diffusion of technological innovation. Therefore, to further accelerate the reform 

and the opening up, promote the further development of the economy and science and technology of the 

coastal provinces, and enhance the technological innovation ability and diffusion ability are important 

ways to improve the science and technology level in other regions of China. 
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