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Abstract: Smart cities link the city services, citizens, resource and infrastructures together 

and form the heart of the modern society. As a “smart” ecosystem, smart cities focus on 

sustainable growth, efficiency, productivity and environmentally friendly development. By 

comparing with the European Union, North America and other countries, smart cities in China 

are still in the preliminary stage. This study offers a comparative analysis of ten smart cities 

in China on the basis of an extensive database covering two time periods: 2005–2007 and 

2008–2010. The unsupervised computational neural network self-organizing map (SOM) 

analysis is adopted to map out the various cities based on their performance. The 

demonstration effect and mutual influences between these ten smart cities are also discussed 

by using social network analysis. Based on the smart city performance and cluster network, 

current problems for smart city development in China were pointed out. Future research 

directions for smart city research are discussed at the end this paper. 
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1. Introduction 

As a system of systems, modern cities link the city services, citizens, energy system, water system, 

communication system, transport system and business together by providing the location and stimulus 

for learning, creative thinking, entrepreneurial spirit, socio-economic progress, new technologies 

development and ecologically sustainable transformation [1,2]. With the development of modern 

technology in everyday urban life, cities are increasingly moving from “sense of place”—a collection of 

static infrastructures—to a “place of senses”—a dynamic and evolving smart ecosystem known as digital 

cities, intelligent cities, high-tech district, virtual cities, information cities, wired cities, creative cities 

and knowledge-based cities [3–8]. To distinguish with these concepts, the idea of “smart city” has 

appeared and become fashionable currently. 

As a city development strategy, smart cities rely on key technologies, such as modern transport 

technologies and the necessary policy framework or smart governance, e.g., “e-governance” or  

“e-democracy” [9–11]. Moreover, other technology aspects of smart cities, including security/safety, 

green, efficient and sustainable energy, also need to be considered [12,13]. Belissent defined a smart city 

as a city that “uses information and communications technologies to make the critical infrastructure 

components and services of a city more aware, interactive and efficient” [14]. Therefore, modern 

technologies, especially wireless sensor networks (WSNs), offer a broad number of services for smart cities, 

including the Internet of Things, intelligent buildings and homes, water/electricity distribution systems, 

environmental monitoring, intelligent transportation systems, health care and other applications [15–17]. 

Information and communications technology (ICT) has become a key technology foundation in creating 

more instrumented and interconnected urban environments [18]. Komninos described the relation between 

technology and smart cities by listing four main components of smart cities, which includes the 

application of a wide range of electronic and digital technologies to communities/cities, the use of 

information technologies to transform life and work within a region, the embedding of such ICTs in the 

city and the mechanism to bring ICTs and people together [5,19]. Compared with digital city or intelligent 

city, the main focus of smart city is not limited to ICT infrastructure but also on sustainable growth, 

efficiency, productivity, competitiveness, education/human capital, social and relational capital, and 

environmental interest [4]. Smart cities are moving from simple city websites in 1990s (digital cities) to 

knowledge management and library with humanistic concern nowadays [19].  

In Europe, the smart city is a policy that is designed to transfer cities into innovation hubs in order to 

strengthen the socio-economic progress in EU. The European Commission focuses on high efficient and 

clean technology and the “smart city policy” in Europe is related with energy efficiency, renewable energy 

and green mobility [20]. Besides, projects such as “WISEBED” or “Smart Santander” propose architectures 

of communications and related services for smart cities [17,21,22]. Smart cities in Europe also emphasize 

human capital, including highly educated people, knowledge-intensive jobs, output-oriented planning 

systems, creative activities and sustainability-oriented initiatives [3,10,23–27].  

In North America, city development strategies focus on smart growth—sustainable urban 

development. According to the definition by Smart Growth BC (2007), smart growth means “a collection 

of land use and development principles that aim to enhance our quality of life, preserve the natural 

environment, and save money over time. Smart growth principles ensure that growth is fiscally, 

environmentally and socially responsible and recognizes the connections between development and 
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quality of life” [28]. The smart growth strategy has been successfully applied in the urban zoning and 

urban design in Vancouver [29]. The downtown core of Toronto also adopted the smart growth strategy 

and developed a “livable” and vibrant residential and commercial area [28]. Many cities in the U.S., such 

as Seattle, Washington; Portland, Oregon; San Francisco, San Jose, Santa Monica, Santa Barbara,  

Los Angeles, and Sacramento, California; and many others have begun to focus on sustainability 

development, including sustainable economic development and increasing population densities in the 

urban centers [28,30].  

Smart cities in Asia focus on the adoption of advanced technology. Because of the land constraint, 

Singapore developed supporting technologies to meet the mobility needs of people, e.g., smart control, 

monitoring and enforcement systems for transportation [31]. These technological systems could also 

achieve a sustainability target (the safe, efficient and sustainable transport system) by reducing human 

involvement [31]. Similar to Singapore, cities in Japan also focus on public transportation and 

communication technologies. The land use and adaptive suburbia issues in Japan are also key components 

of the smart city policy [11,32]. A national strategic development project—u-City (ubiquitous computing 

city) was launched in Korea, which tries to improve quality of life in the cities through ubiquitous ICT 

services supported by both the public and private sectors [33]. The goal of u-City was to integrate 

advanced ICT-based infrastructures and ubiquitous information services into the urban space, based on 

which the high quality of life, including security, welfare, convenience, and well managed city 

environment could be provided for residents [32,33]. Song-do City in Korea could be seen as one of Asia’s 

most-advanced Digital City projects [33].  

In summary, the development routes of the above smart cities are different and each with their own 

strengths, which could serve as valuable references for the cities in developing countries. Besides, these 

early-developed cities also provide the demonstration effects to their neighbor cities. It is worth 

mentioning that smart city cluster networks also appeared in different areas: smart cities in USA and 

Canada influence each other and form the largest cluster network in the world. Smart cities in Britain, 

Japan, and Australia also lead the development trends in surrounding areas. The formation of the cluster 

networks provides new impetus to the development of smart cities. 

In China, the original concept of smart city could trace back to “digital city”, which becomes a fashion 

label among many mainland cities after 2000. By that time, the digital cities focused on making policies 

to encourage the high-tech industry. In 2006, the National Administration of Surveying, Mapping and 

Geo-information launched the “digital city and the geo-information framework” project to develop 

public platform of geo-information in different cities. Jiangxing, Qianjiang, Taiyuan, Weihai, Deyang, 

etc. have finished the project and adopted the platform to support urban planning, environment, public 

security, business, public health and tourism. In 2013, the Ministry of Housing in China published a pilot 

smart city list, which includes 37 cities, 50 districts/counties and three towns [34]. One year later, 100 

more areas were selected for the list [34]. The planning policies from the Central Government of China 

play a leading role during its smart city development process. 

By comparing with other cities around the world, smart cities in China are still in the preliminary 

stage. The increasing global development trend of smart cities leads to the need to map out the develop 

route of the cities in China. A benchmarking of these cities will also be needed to serve as development 

and governance experiences for other cities. Different with other countries, the smart city development 

relies on the significant demonstration effect in China due to the strong guidance from the Central 
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Government. Similar to other National Development Plans, the Chinese government would like to select 

and invest in pilot cities, such as Beijing and Shanghai, to lead smart city development within the whole 

country. This top-down driven process makes the formation of smart city cluster network in China 

different with other areas—policy learning and related mutual influences are common between different 

cities. Therefore, a deep discussion on the mutual influences and demonstration effects of different cities 

will be needed to understand the cluster network in China, which could help to identify the strengths and 

weaknesses of these cities.  

2. Smart City Benchmarking  

One study on the performance evaluation of smart cities is that out Caragliu et al. [13]. The authors 

analyzed and ranked smart cities in Europe through infrastructural, human and social capital factors, which 

include information on demography, social aspects, economic impacts, training and education, 

environmental, culture and recreation. The data source is from EU Urban Audit database. A triple helix 

model was proposed to measure the performance of smart cities. Within the model, there are many 

indicators, including lighting, citizen information management, integrated urban energy planning and 

management, and ICT–based solutions for new urban design and management [13]. The authors 

discussed the relations between smart city components, visions, and strategies. 

Followed by this research, Caragliu et al. adopted the ‘‘urban smartness’’ indicator to assess 94 cities 

within the European Union [35]. Different from previous work, this research focused on human capital, 

density, industrial mix, amenities and attractiveness. The authors discussed the policy impact of this 

smartness indicator by identifying the impacts of smartness on urban performance and wealth [35]. At 

the end of the research, the authors made suggestions on further investment in smart urban attributes for 

different cities [35].  

Méndez et al. reported on a comparative analysis of the 363 Spanish cities that had over 20,000 

inhabitants in 2006 [36]. The authors used a knowledge indicator database and defined a typology based 

on principal components factor analysis and cluster analysis [36]. Kourtit et al. offered a comparative analysis 

of nine European smart cities covering two time periods: 1999–2002 and 2003–2006 [3]. Therefore, the 

roadmap of nine cities could be found. The authors conducted a principal component analysis to create a 

smart city indicator, which includes employment, ICT, population, e-government, local government, 

infrastructure, etc. [3]. The authors also adopted a new approach—self-organizing map analysis—to 

position the various cities. Mattoni et al. provides a holistic and specific approach to access the 

renovation and design of smart cities, which can be seen as a unique analysis perspective [28]. The 

approach was based on matrices of integration, which can be used for investigating the relations existing 

among urban and territorial networks, actors and stakeholders, functions and activities, etc. [37].  

According to the above analysis, there are numerous attempts to rank the performance of cities in the 

world nowadays. These papers provide valuable suggestions on both academia and industry. However, 

the previous benchmarking studies discussed the smart city cluster issues by using the results of different 

indicators only, which ignored the mutual influences between different cities. This data-processing 

approach was widely adopted by previous scholars because the demonstration effect between different 

cities of other countries is not as strong as the cities in China due to the inexistence of a significant  

top-down driven policy or guidance. The present study follows the previous studies and tries to find out the 
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positions of different smart cities in China from a broad multidimensional perspective by using  

self-organizing map (SOM) analysis. Beyond this, this research also focuses on finding the mutual influences 

between different smart cities, which will show the result of the demonstration effect by using social 

network analysis. This research plans to map out the relative differences on the “smartness” of selected 

smart cities in China and their developing model. The application of the SOM allows us to display the 

information in an intuitive way and enhances the understanding of the changes that have occurred year 

by year. Social network analysis can help us to understand the characteristics of smart city cluster 

network in China. This research also seeks to provide an operational analytical framework for 

characterizing smart cities in China and offer a more truthful and realistic representation for supporting 

policy-making and highlight the need for geographical policy actions.  

3. Methodology and Database 

3.1. SOM 

Self-organizing map (SOM) network is a variation of neural computing network. It was developed in 

the context of the study of the spatial organization of brain functions [2,38,39]. It allows researchers to 

explore large and highly dimensional datasets by transferring the dataset into a lower dimensional 

(usually one- or two-dimensional) output map while maintaining the original topological relations and, 

thus, enables decision maker to visualize the relationships among the input datasets [40,41]. 

The SOM is an unsupervised computational neural network. During the SOM training process, the 

input data compete to influence the neurons, which are arranged on a regular lattice and interconnected 

to each other to form the neural network [42]. The input observations of the network are not categorized 

a priori, but rather the structure is unknown, hence “unsupervised” [40]. After training, the SOM 

provides a surface where each neuron models a portion of that space. The surface could map statistical 

observations with highly informative and intuitive visualizations [42].  

The input vector  could be expressed as:  

x = [𝜀1(t), 𝜀2(t),⋯ 𝜀𝑛(t)]
𝑇 𝜖𝑅𝑛 (1) 

where 𝜀𝑖(t) represents the value for each dimension. The n-dimensional vectors will be clustered in a 

low (usually two) dimensional dataset, the output space. Depending on the distribution of the dimensions 

and their scales (if they represent different variables), it may be useful to normalize them, so that they 

all range within the same bounds and/or take a logarithmic Each of the nodes of the output space is 

assigned a parametric real vector and it could be expressed as follows: 

m𝑖 = [𝜇𝑖𝑛, 𝜇𝑖𝑛, ⋯ 𝜇𝑖𝑛]
𝑇 𝜖𝑅𝑛 (2) 

The values of m𝑖 could be chosen randomly, or assigned with previous data to speed up the computing 

process [3]. This is defined as any distance metric between two vectors x and m𝑖. During the training 

process, each 𝑑(𝑥,𝑚𝑖) signal vector is sequentially presented to the output space to form the best 

matching unit (BMU). The BUM for  is defined as: 

c = arg
𝑚𝑖𝑛
i
{𝑑(𝑥,𝑚𝑖)} (3) 
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The neuron 𝑚𝑖 is activated after BMU c is found. During the adaptive process, c and its topological 

neighbors are modified by the following scheme: 

𝑚𝑖(𝑡 + 1) = 𝑚𝑖(𝑡) + ℎ𝑐𝑖(𝑡)[𝑥(𝑡) − 𝑚𝑖(𝑡)] (4) 

where t and 𝑡 + 1  represent the initial state and the final state respectively; ℎ𝑐𝑖(𝑡)  represents a 

neighborhood function to describe how the BMU and its neighbors are modified when activated by a 

signal. Once the training stage is completed, there are two approaches for exploring the information 

provided by a trained SOM [3]: the first one is to compare the network created with the original input 

vectors; the second one is to link the original data on the network using the BMUs for each vector. 

The SOM has been successfully applied as a classification tool to various problem domains, including 

speech recognition, image data compression, image or character recognition, robot control, medical 

diagnosis, and demography [43–47]. 

Recently, the SOM has been applied in the spatial and social sciences, e.g., urban sprawl [41], market 

segmentation [47] corporate finance [48,49], published research [50] and material deprivation  

research [51,52]. The SOM showed promising results as compared to the traditional statistical approaches. 

The benefits of SOM includes: exploring the structures and uncovering hidden patterns of large and highly 

dimensional data-sets about socio-economic characteristics, making no assumptions about the underlying 

population distribution of the dataset, presenting the visualization of data and the complex entities in an 

understandable way [41,42].  

3.2. Social Network Analysis 

The first step for social network analysis is to establish a matrix, which includes the all the indicators with 

different periods of each selected city. It is assumed that random vectors U and V satisfy the following 

relations,  represents the error:  

𝑈 = 𝜆𝑉 + 𝑏 + 𝜖 (5) 

The next step is to conduct a least squares analysis. There are k observation values (indicators) belonging 

to U and V: 𝑈𝛼 = (𝑢1
𝛼 , ⋯ , 𝑢𝑛

𝛼) , 𝑉𝛼 = (𝑣1
𝛼, ⋯ , 𝑣𝑛1

𝛼 ) ,  α = 1,⋯k . Then the optimal values of λ and 

 b = (𝑏1, ⋯ , 𝑏𝑛) are required to find to minimize the error accumulative total:  

𝐹(λ, 𝑏1, ⋯ , 𝑏𝑛)

= ∑(𝑢1
𝛼 −λ𝑣1

𝛼 − 𝑏1)
2

𝑘

𝛼=1

+∑(𝑢2
𝛼 −λ𝑣2

𝛼 − 𝑏2)
2
+⋯+∑(𝑢𝑛

𝛼 −λ𝑣𝑛
𝛼 − 𝑏𝑛)

2
𝑘

𝛼=1

𝑘

𝛼=1

 

(6) 

According to the necessary condition of minimum value in calculus, we can list the following 

n + 1 equations:  
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As 𝐴  and  𝑤′ can be calculated by the sample data, then we can get 𝜆  by solving 𝑏
′
= 𝐴−1𝑤′ . 

𝜆 represents the influence of V on U. 

This method can be used for compare the different developing stages of selected smart cities and 

show the mutual influences between these cities. 

3.3. Database and Indicators 

It has become fashionable to design rankings of cities from different angles, e.g., accessibility, wealth, 

business climate, etc. [4]. In our empirical work, we have collected a data set with a wealth of information 

on factors related to the characteristics of smart cities’ performance from the Yearbook of Chinese Cities [53]. 

This smart cities group are selected from two lists, one is the pilot smart city list provided by the Ministry of 

Housing as we mentioned earlier, the other is smart city evaluation report supported by the Ministry of 



Sustainability 2015, 7 7611 

 

 

Industry and Information Technology [54]. The common cities within the two reports were picked up as 

the sample in this research (Table 1). The research seeks to map out smart cities’ performances over 

three years at two points in time: the first period is from 2005–2007, and the second period is from  

2008–2010. 

Table 1. Ten smart cities in China. 

Ten smart cities in China 

Wuhan Chengdu 

Shanghai Hangzhou 

Beijing Wuxi 

Dalian Guangzhou 

Tianjin Shenzhen 

In order to position the smart cities and present the cluster network, it is important to identify 

“smartness” indicators, which should focus on a broad range of the “smartness” features. However, there 

is no common definition of the “smart citiesˮ concept. Previous researchers provided multiple and different 

meanings: Zapater et al. thought that smart cities should perform well on six characteristics: economy, 

people, governance, mobility, environment and living [16]. Lombardi agreed that smart cities should be 

“smart” in economy, mobility, environment, people, living and smart governance [4]. Kourtit et al. discussed 

Smart Cities in Europe from multiple domains: demography, social aspects, economy, civic 

involvement, education, environment, transport, information society and culture [3]. Allwinkle et al. 

mentioned the IBM typology of urban issues for the smart city, including city services, citizens, 

transport, communication, water, business and energy [19]. Chourabi et al. identified eight factors of 

smart cities: management and organization, technology, governance, policy context, people and 

communities, economy, built infrastructure, and natural environment [55]. According to these studies, 

five common dimensions of smart cites could be found. These are communication, business, human 

capital, environment and public services. In this research, the ten selected cities will be analyzed based 

on the five dimensions. However, a deep discussion on the detail indicators within each dimension is 

needed, as smart cities in China are driven by government investment and policy guidance. Some smart 

city indicators, such as transparent governance, participation in decision‐making, entrepreneurship, etc., 

could hardly be used in this research as the lack of source data. Therefore, this study seeks to map out 

smart cities in China by the following indicators with public data from the selected local governments: 

 Communication: The validity of any city’s claim to be smart has to be based on information and 

communication technologies (ICTs) [39]. Smart city forerunners such as San Diego, San 

Francisco, Ottawa, Brisbane, Amsterdam, Kyoto, and Bangalore are famous for their 

communication infrastructure, such as mobile technologies, connected devices and network 

platforms [19]. In this research, two indicators—Internet users (households) and Mobile phone 

users (households)—are adopted. Some local governments in China started to apply e-government 

or e-democracy by discussing with the public through social network services. However, this 

communication function is not applied by all the select smart cities in this research. Besides, some 

online discussion platforms could not get sufficient public engagement due to the limitations on 
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discussion topics. Therefore, the e-government or e-democracy indicator will not be considered in 

this research.  

 Business: Smart cities do not seek for economic growth only. However, it is undeniable that 

sustainable economic growth and knowledge-based industries are two major components of smart 

cities [13,38]. We use the per capita GDP and the proportion of GDP tertiary industry account for 

to measure the business factor of the selected cities. The per capita GDP is selected in this research 

as the general GDP does not reflect the public benefit. The proportion of GDP tertiary industry 

accounts for was selected as the tertiary industry (service industry) could represent the business 

innovation capacity in China. The GDP of primary and secondary industry are not adopted in this 

research, as both of these industries are still in the extensive management stage in China. Besides, 

cities with a high proportion of primary or secondary industry, e.g., Anshan, could not be selected 

into smart city groups because of the unfriendly living environment. Many cities in China have 

been operating for mining resources or developing key industries since the 1950s. The power of a 

factory owner within these cities could be larger than the mayor. However, these cities may lose 

vitality once they run out of nature resources. 

 Human capital: Human capital issue, such as information consumption, life-long learning, cultural 

facilities, etc., is also a key component for smart cities [13,38]. A smart city should attract young, 

well-educated professionals and the city should be a sign of cultural activity and diversity [56]. 

The integrated knowledge-intensive activities provided by smart cities should encourage 

knowledge sharing and innovation [57]. In this research, the proportion of tertiary industry 

employment indicator is adopted for representing “knowledge”. The Public Library Collection 

(per one hundred persons) indicator is also adopted to represent information consumption and life-

long learning. The Public Library Collection (per one hundred persons) indicator is a common one 

adopted by previous scholars [4,13,35].  

 Environment: Environmental issues are related to urban growth [28]. We are going to use the 

residential water consumption, the urban and rural residents electricity consumption and the per 

capita green area (square meters/person) to measure the environmental factor of smart cities in 

China, which are also adopted by former researchers [3,35,36]. The Pollution Index in China is 

not taken into account as its authority has been questioned.  

 Public Service. The public service issues are selected in this research for two reasons: First, the  

e-government is a key component of smart cities. Second, a smarter city should manage natural 

resources, ICT infrastructures and other assets wisely by providing cross-agency visibility of 

planned interventions [26]. Three factors: Financial investment in science (ten thousand yuan); Per 

urban capita road area (square meters); and Financial investment in education (ten thousand yuan) 

are adopted in the research. Table 2 lists all the indicators of the five dimensions. 
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Table 2. The indicators for smart city evaluation.  

Dimensions Indicators 

Communication 
Internet users (households) 

Mobile phone users (households) 

Business 
The proportion of GDP tertiary industry accounts for  

The per capita GDP (yuan) 

Public service 

Financial investment in science (ten thousand yuan) 

Per urban capita road area (square meters) 

Financial investment in education (ten thousand yuan) 

Human capital 
The proportion of tertiary industry employment 

Public Library Collection (Every one hundred people) 

Environment 

Residential water consumption (ton) 

Urban and rural residents electricity consumption (10,000 KWH) 

Per capita green area (square meters / person) 

4. Patterns and Dynamics of Smart Cities in China: 2005–2010 

In this section, the ten selected cities will be mapped by the SOM approach in the two time periods: 

2005–2007 and 2008–2010. Then, the features of smart city cluster network will be discussed by social 

network analysis. For the smart cities mapping, the evolution from 2005–2010 is translated into a 

movement from one location in the SOM to another one, which indicates the trajectories of the smart 

cities in China. The training parameters and other technical details for this SOM and the subsequent ones 

are reported here (Table 3). 

Table 3. Technical parameters in the SOM analysis.  

SOM parameters in this research 

Sigma Max 10 Learning Rate Min 0.01 

Sigma Min 2 Iterations 100 

Sigma Decreasing Rate 0.1 Number of X Neurons 20 

Learning Rate Max 0.1 Number of Y Neurons 20 

Figure 1 shows the cities’ location from 2005–2007 (a) and the location from 2008–2010 (b). The 

SOM map is composed of many hexagon locations with different colors: from light to dark. The darker 

the color is, the higher position it is in the smart city ranking. By comparing Figures 1a and 1b, we 

observe a clear pattern: Wuhan, which in Figure 1a was located along the bottom edge, moves up to the 

top edge of Figure 1b, together with other cities, including Guangzhou, Shenzhen, etc. The other cities 

(Guangzhou, Shenzhen, etc.) remain in the same top right corner, experiencing no changes in their 

topology of location. In the most recent period (see Figure 1b), Beijing and Shanghai have been clearly 

ahead of other the cities during the three years’ development. Thus, Beijing and Shanghai locate into a 

dark gray zone. Others, like Guangzhou, Shenzhen, etc. display low values in smartness, and thus may 

be found in the areas with lighter colors. 

After finding out how the cities are mapped in the first and the second periods, the next step is to 

analyze the transitions over these periods and to discuss the dynamics of the process. Compared with 

Figure 1, which shows the cities’ positions separately in each period, Figure 2 bridges both periods and 



Sustainability 2015, 7 7614 

 

 

shows the positions of the cities in different single years. The tool employed in this context is known as 

the trajectory [26], which is the length of different city positions at one point in time. Arribas-Bela et al. 

and Kourtit et al. adopted this tool to analyze the evolution of the cities over a period [2,3]. 

  
(a) (b) 

Figure 1. The smart cities’ location from 2005–2007 (a) and the location from 2008–2010 (b). 

Figure 2 and Table 4 show the trajectories by positioning the cities’ location with the label of each 

year from 2005–2010. Each city was entered six times year by year. According to Figure 2, we could 

find that cities are concentrated in several hexagon locations, which is hard to add lines to for showing 

the movement. Therefore, Table 4 is created to present a clear result by showing positions of different 

cites by adding the year label, which indicates the trajectories. The first column in Table 4 shows 

different coordinates of the hexagon locations, as a result of SOM, each hexagon contains a unique 

coordinate, e.g., 2.5 indicates Wuhan in Figure 1a. The second column contains the city names with year 

label. According to the result, the longest trajectory belongs to Wuhan and shortest trajectory belongs to 

Wuxi. Shenzhen did not change much either. Most trajectories indicate that the cities do not “travel” 

more than five or six neurons—the hexagon locations—which means a slight evolution. Finally, it is 

also noticeable that most cities move together during 2005–2010. Dalian and Chengdu locate into a dark 

zone (high value). These movements across the SOM are based on all the selected variables, which is 

precisely why we employ a technique like the SOM, in order to reduce data sets of higher dimensions to 

two dimensions.  

With the trajectories, it is also possible to link each city back to the different indicators in order to see 

the city behavior of particular dimensions (Figure 3). We did not conduct the analysis of individual 

indicator as the SOM looks for global patterns where all variables are considered that work best—the 

mechanisms of the SOM algorithm may be inaccurate in certain cases [3]. In Figure 3, it is easy to find 

that Beijing and Shanghai are always together and excel in public service—both of these cities locate in 

the darker hexagon zone. Guangdong joins the same group of Beijing and Shanghai in communication, 

business, human capital and environment. By extension, the planes are also very useful when comparing 

to the location of the cities (Figure 2): we can see how high scores cities in Figure 2, like Beijing or 

Shanghai, also have higher scores on public service—both of these cities locate in a dark gray zone, but 

not as well on all the other indicators. Shenzhen, Tianjin and Wuhan have a relatively high human capital 

performance. Dalian, Hangzhou and Chengdu appear to perform well in environment.  
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Table 4. The trajectories the smart cities in China (2005–2010) with full cities’ names. 

Location Cities and Year 

15:8 Wuhan 2005 

17:8 Shanghai 2007 

17:9 Beijing 2007 

14:10 Shanghai 2008 

16:10 Shanghai 2009 

18:10 Dalian 2005; Beijing 2009; Beijing 2010 

15:11 Shanghai 2010 

19:11 Beijing 2006; Wuhan 2007 

15:12 Beijing 2008 

17:12 Tianjin 2005; Wuhan 2006 

19:12 Dalian 2006; Chengdu 2006 

18:13 Hangzhou 2005; Tianjin 2007; Hangzhou 2007; Chengdu 2007; Hangzhou 2008; 

19:13 Chengdu 2008; Tianjin 2009; Hangzhou 2009 

17:14 Tianjin 2006; Hangzhou 2006 

18:14 
Wuxi 2006; Guangzhou 2007; Shenzhen 2007; Wuxi 2007; Dalian 2007; 

Guangzhou 2008; Shenzhen 2008; Tianjin 2008; 

19:14 
Chengdu 2005; Wuhan 2008; Tianjin 2010; Hangzhou 2010; Wuxi 2008; Dalian 

2008; Guangzhou 2009; Shenzhen 2009; 

18:15 
Wuhan 2009; Wuxi 2009; Dalian 2009; Chengdu 2009; Guangzhou 2010; 

Shenzhen 2010; Wuhan 2010; Wuxi 2010; 

19:15 
Beijing 2005; Shanghai 2005; Guangzhou 2005; Shenzhen 2005; Wuxi 2005; 

Shanghai 2006; Guangzhou 2006; Shenzhen 2006; 

18:16 Dalian 2010; Chengdu 2010 

 

Figure 2. The trajectories the smart cities in China (2005–2010). 
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It is worth noting that in Figure 3 there is no clear pattern that applies to all the indicators. There are 

some, such as the human capital and business, that show similar distributions but other indicators show 

a different pattern. This is a sign of the interrelations between the various indicators of the smart cities. 

It also highlights the need to consider different indicators by comparing Figures 1–3. From  

a policy-maker’s perspective, place-based policies should be aimed at locally selected goals  

(e.g., increase in urban GDP or improving the environment).  

  

Human capital Business 

  

Communication Environment 

 

Public service 

Figure 3. The city behavior of particular indicators. 
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For the next step, the social network analysis is conducted based on the method described in Section 3.2. 

The subgroup analysis for smart city cluster during 2005–2007 and 2008–2010 are provided separately 

in Figures 4 and 5. Each figure contains three subgroups labeled by different colors. By comparing with 

the results from SOM (Figure 1), Beijing and Shanghai play leading roles, while the development model 

of the two cities are similar according to the subgroup analysis. Besides, the development models of 

other cities are also similar to Beijing or Shanghai, such as Chengdu. Shenzhen and Tianjin show their 

special features in smart city development. Dalian and Guangzhou moved together with Beijing during 

2008–2010, which shows the strong demonstration effects of the Capital in China, as Dalian and 

Guangzhou belonged to different subgroups during 2005–2007. It can be found that more cities joined 

the Beijing and Shanghai group during 2005–2010. 

 

Figure 4. Smart city cluster network: 2005–2007. 

 

Figure 5. Smart city cluster network: 2008–2010. 
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5. Conclusions and Recommendation 

A smart city is a place with both knowledge orientation and cultural diversity. In this study, we 

conduct both a space-time analysis and a social network analysis for discussing the relative positions 

and mutual influences of the smart cities in China. We discuss the city performance over a period of time 

that ranges from 2005 to 2010, and examined both the position in each point of time and the movement 

year by year. This research is based on five dimensions: communication, business, human capital, 

environment and public services, which are universal benchmarking perspectives. The indicators within 

each dimension are selected by considering the special conditions in China, based on which, the different 

performance of the ten selected cities are found. Finally, we discussed the smart city cluster network in 

China. The changes of the cluster network in different stages are presented, which is an improvement 

compared to previous studies on smart city performance. According to the SOM mapping and subgroup 

analysis, more smart cities in China have become similar to Beijing or Shanghai during 2005–2010, which 

shows the demonstration effects of the leading cities. The reason behind this result can be attributed to the 

significant top-down driven governance model in China: once a pilot city is select, other cities are 

supposed to follow the development pattern of the pilot city. The governance model could achieve rapid 

results in the short term. However, it could make thousands of cities with the same image in the long 

term. In fact, this phenomenon has occurred. It could be dangerous to treat smart city development as a 

movement. Moreover, public participation should be strengthened in China as human–city interaction is 

the core of a smart city.  

In the future, more smart city characteristics should be taken into account, not only because of the 

fast-increasing “smart” features, but also the fact that knowledge resulting from city development change 

is a complex process. Many factors will be involved in this process and affect the social network analysis. 

The diffusion effect of smart cities among small communities will also be a possible future research agenda.  
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