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Abstract: Examining the public’s attention and comments on smart city topics in social media can
help enable a full understanding of the development characteristics of smart cities, and provide a
realistic reference for improving the level of public participation and citizens’ sense of acquisition
in smart city construction. Based on Sina Weibo, a well-known social media platform in China,
over 230,000 public comments related to smart cities were extracted to analyze. Using LDA (Latent
Dirichlet Assignment) and CNN-BiLSTM (Convolutional Neural Network and Bi-directional long
and short memory) models, a topic mining and sentiment analysis model for user comments was
constructed to study the current state of public perception of smart city concepts. The results
demonstrate that public discussions on smart cities were macro-oriented, focusing on strategic layout
and technical applications. As public awareness of smart cities deepens, topics about application
scenarios and social services are gradually emphasized. The public’s positive sentiment toward
smart cities dominates and varies in sentiment intensity across years; the positive sentiment intensity
of individual users on smart city ideas is significantly lower than that of official certified Weibo
users, such as government departments and corporate organizations, which reveals the identity and
temporal characteristics of public participation in cyberspace.
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1. Introduction

In recent years, smart city pilot projects have begun to be built and promoted in many
countries [1]. However, with the continuous expansion of the scale of development, prob-
lems such as the deviation and the out-of-focus of the development mainline, duplicated
construction, and a lag in supporting systems have appeared in the construction process of
smart cities in some countries [2–4]. Some scholars have found that relying on top-down
policy advancement alone is not enough to improve smart city construction. This model
will cause urban reforms to lack the initiative of a long-term mechanism, and local govern-
ments are prone to implement smart city construction passively as a task [5]. Furthermore,
under the guidance of information technology companies and market monopoly, local
governments’ smart city construction models are prone to homogenization, resulting in the
“misalignment” between construction models and target planning, which cannot meet the
needs of construction and governance in different cities [6,7]. At present, numerous scholars
emphasize that increasing public recognition and attention to the smart city concept is a
critical factor in improving smart city construction [8,9]. Increasing public participation in
smart city construction can also improve the level of smart city construction. The orderly
operation of the social economy depends on healthy interactions between the government
and society, and the government and citizens, as does the healthy development of smart
cities. The effective development of smart city construction requires not only the provision
of accurate services for the diverse and individualized needs of the public, but also the
participation and political support from citizens [10].
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At present, in smart city research, the bottom-up construction model has increasingly
become the focus of scholars, and the public’s active attention to the smart city concept is
an extremely important factor [11,12]. Numerous studies indicate that enhancing public
participation in smart cities can promote the level and sense of achievement of smart city
construction [13,14]. However, many scholars have pointed out that the current smart
city construction still has problems, such as the lack of an empowerment mechanism for
citizens and the lack of a clear understanding of the prospects of the smart city concept by
the public. As a prerequisite for public participation, a full understanding of the concept
of a smart city is the basis and premise for raising public enthusiasm to participate in
smart city construction [15]. It also benefits from formatting a unified vision of smart city
development between the government and the public [16]. Therefore, in the current critical
period of smart city construction, how to efficiently mobilize the public to participate in
the construction of smart cities and improve the public’s sense of happiness and gain is an
issue that the government needs to consider urgently [17,18].

In the context of the rapid development of the Internet, various forms of social media
have been established such as Twitter, Facebook, Weibo, WeChat, etc. These social media
provide effective carriers and voice channels for public interaction and public participation
in social activities [19,20]. The “voice” of the public through social media is not only
an expression of emotion but is also an effective way for the public to participate in the
construction of smart cities [5]. At the same time, it is also a comprehensive judgment
of society’s self-examination and cognition of smart cities [21], and it will have a direct
effect on public participation in the process of smart city construction management and
construction results [11]. Therefore, taking discussions on smart city topics in social media
as a research sample is an important method for analyzing the public’s cognition and
emotional polarity of smart city ideas [22]. However, despite the growing number of
smart city-related research studies, the use of social media content and analysis of public
engagement in smart cities remains an under-researched area that has received significantly
less attention [13,23]. To answer this question, our analysis focuses on China, one of the
largest developing countries. As a country with the highest urbanization rate, China is
building the world’s largest smart city to cope with the harm caused by increasingly severe
urbanization [24,25]. As of April 2020, the cumulative number of smart city pilots in China
has reached 749. The rapid and large-scale urbanization transformation, significant regional
differences, and complex urban development challenges, coupled with the government’s
continuous capital investment in the construction of smart cities, have driven China’s smart
city construction process to undergo significant phases and non-linear changes. To this
end, Sina Weibo is considered a research vehicle in our research because it is the largest
blogging platform in China, with more than 462 million users, accounting for 55.7% of
all Internet users [20]. Therefore, based on the public comment data on smart city topics
in social media, this study applies topic mining and sentiment discrimination models
to analyze the public’s attention to the smart city concept and the trend of sentiment
changes. The ideas of this study will also contribute to a better understanding of the
public’s cognitive status of smart city construction. The conclusions of this study have
important implications for smart city construction planning. The novelty and contributions
of this paper are mainly in the following two aspects. First, by applying massive social
media data, this study proposes an integrated solution that integrates text mining methods
and sentiment analysis and applies it to examine the state of public perceptions of smart
city ideas, which is something no previous work has done using quantitative methods
to investigate comprehensively. Second, in contrast to existing studies, this study uses
large-scale, timely, and objective data based on leading Chinese social media platforms to
determine public concerns about the smart city concept. Social media data can accurately
reflect public interest claims and concerns about the smart city development process, and
this wealth of information can further our understanding of the Chinese public’s concerns
about the smart city development process.
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2. Literature Review
2.1. Public Perception of Smart City Construction

As a hot spot in the field of urban development, topics related to public participation
in smart city construction have attracted much attention in academia [26,27]. The ultimate
goal of smart city construction and management is to provide residents with a better living
environment [28,29]. Through the multi-channel participation model, the public can partic-
ipate easily and efficiently in the construction and management of smart cities, and they
can view the progress of problem solving and related pictures anytime, anywhere, and
have access to the historical records. More effective planning and understanding of social
issues, and fairer and more transparent management are also among the advantages [11].
The higher the degree of public participation, the more people will accept the results,
and the more convincing the results of planning and decision making, which can also
change the relationship between government departments and the public and improve
service quality [30,31]. Previous research believes that public participation is a coordinated
countermeasure under the condition of diverse needs and the involvement of different
stakeholders, emphasizing public participation, decision making, and management; hence,
it has received increasing attention about the construction of smart cities [32]. In the con-
struction of smart cities, its content involves participation in decision making, planning and
design, service design, and serving as an important source of data collection and feedback.
As an important dimension in the development of smart cities, the potential of public
participation in seeking solutions to urban problems has been widely recognized [18,29,33].

With the rapid development and popularization of technologies such as the Internet,
information and communication technology (ICT) provides favorable conditions for the
public to participate in the construction of smart cities. First, it enriches the informatization
channels for the public to participate in the construction of smart cities through convenient,
extensive, and in-depth interaction and participation [34]. Second, it enables the public to
effectively acquire, share, and use urban data resources, and provide a data support and a
behavioral decision making reference for public participation in smart city construction [35].
Finally, it provides innovative public participation and interaction. The model provides
effective and increasingly flexible ways of participation, thereby stimulating the collective
wisdom of the online and the offline [13]. In many cases, smart cities are finding answers
to various urban problems by employing ICTs designed to gather feedback from citizens.
In this way, it is possible to rely on the “wisdom of citizens” to seek solutions to urban
problems to improve democratic decision making and transparency [21].

2.2. Application of Social Media in Smart Cities

Technology solutions can allow city dwellers to “access services and stay connected to
what’s going on around them in an easy, inexpensive way”. However, the realization of
this solution requires not only the support of “hard infrastructure” at the technical level
represented by information technology, but also the cooperation of “soft infrastructure”
at the mechanism level represented by the public participation policy [26]. In general,
citizen participation in decision making is not limited to the political sphere, nor is it
limited to municipal (local government) elections [36]. Citizens need to engage in adequate
consultation and public debate before making a decision. This link requires a tool that
bridges the “hard infrastructure” and “soft infrastructure” of smart cities, documents, and
communication tools for citizens to exchange and distribute information.

In this context, as a cheap and convenient communication channel, the existence of
social media plays a crucial role in the implementation of the smart city concept. Social
media can be divided into two categories [20]. One type is expressive social media, which
is done by individuals, and encourages or advocates for people to express themselves by
sharing text, pictures, and videos on platforms such as Facebook, Twitter, YouTube, etc. The
other type is social media which emphasizes multi-person collaboration, allowing people
to accomplish some common goals together through interaction and cooperation [21]. For
example, Wikipedia and Yammer are typical cooperative social media. Social media provide
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a very good platform for government departments, which can greatly promote public
participation and strengthen collaboration with the public and social capital. For example,
by opening an application programming interface (API), the public and enterprises can
access and use official data and enjoy government services directly [37].

2.3. Measuring Social Media User Engagement

Functional infrastructure is critical in building smart cities, but it cannot truly con-
tribute to smart cities without citizen participation and collaboration. However, extant
smart city research does not adequately reflect the ongoing practice of how cities are
actively reconfiguring themselves and their growing smart city movement around the
world. Previous studies have developed research on smart cities from the perspectives of
information companies, the public, and others, through channels such as media surveys
and interviews [14,36]. However, there is still a lack of systematic analysis on how to
mobilize the enthusiasm of the public to participate in the construction of smart cities,
and further research is needed to make them truly participate in the construction of smart
cities and have an impact. Using online metrics to analyze user engagement willingness or
emotional status through social media is a topic that has a large potential to be explored.
Interactions with brands through social media are often studied through consumer surveys,
with standard methods including Likert scales [38]. However, qualitative techniques are
also applied, including in-depth interviews and case studies [23,39].

In general, questionnaire or in-depth interview methods tend to be complex and
expensive, especially when the intention is to observe participation behavior and measure
engagement longitudinally over time [20]. However, the massive data samples in social
media provide a wide range of resources for conducting public engagement studies that can
be used in a more effective way to assess the level of public and managerial engagement
in the smart city building process. Several authors have pointed out that “likes”, “com-
ments”, and “shares” on social media are expressions of user behavioral engagement [40].
Accordingly, users’ dependence on social media can be reflected when these options are
used more frequently by users on social media sites [41]. Similarly, this can be interpreted
as users’ engagement and interest in the content of online posts and their willingness to
establish communication channels [42].

In addition, most of the current cases of smart city construction or management are
promoted by the government and large technology companies in one direction. This model
lacks a bottom-up communication and feedback mechanism, which causes the public to
lack a sense of participation and access. Therefore, the introduction of social media analysis
in this study is innovative and necessary because social media allows for participation,
interaction, and open forms of communication, a platform that can reach a variety of
stakeholders and reveal different narratives and positions. Unlike existing studies that
mainly rely on data obtained through focus groups or interviews, our study analyzes data
from comments of the urban public, which are spontaneously generated and authentic.
To do so, we focused on a group of people who are attracted to cities because of their
innovative potential and who are committed to them. They are the bridge between the
top-down and bottom-up models of urban development: the internet users who are active
on social media and willing to speak out for smart cities. Examining public attention and
comments on smart city topics in social media helps to fully understand the characteristics
of smart city development and provides a realistic reference for improving the level of
public participation and citizens’ sense of access to smart city construction.

3. Materials and Methods
3.1. Case Study

The research selected China as the case study context. The reasons are the following: As
the most populous country, China is facing a rapid and large-scale urbanization transition,
significant regional disparities, and complex urban development challenges. In response to
the emerging urban issues and to improve the efficiency of urban governance, the Chinese
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government has embarked on a series of smart city constructions, and the continuous
financial investment in smart city construction has led to significant phased and non-linear
changes in China’s smart city construction. At the same time, the number of Chinese
netizens ranks first in the world, with a total of 1.011 billion netizens as of June 2021. Online
social media is changing the traditional way of communication, providing an important
channel for public expression and information dissemination, and is also an effective way
to analyze the status of public participation in smart city construction. As a result, China
has become a remarkable case for studying the development of smart cities. we take China,
an emerging market in the wave of large-scale smart city construction, as an example to
examine and review the public’s attention and comments on smart city topics in existing
social media, which is helpful to fully understand the development characteristics of smart
cities and to improve the development of smart cities. The level of public participation in
smart city construction and citizens’ sense of acquisition provides a realistic reference. At
the same time, it can also provide some references and suggestions for the construction of
smart cities in developing countries.

3.2. Data

Obtaining data from Weibo is a challenge because netizens who post about smart
city-related topics usually do not have a fixed topic and the relevant text contains a lot
of noisy data, such as missing values in fields, garbled information, and a lot of repeated
information, which need to be identified. Data cleaning is performed before the initial
dataset can be created. Therefore, to ensure the validity of the obtained data, we conducted
a full-scale search on the Weibo platform with the subject word “smart city.” The search time
was 1 July 2021, and finally, a total of 281,300 posts related to smart cities were obtained
during the period from January 2011 to July 2021. Furthermore, we identify different types
of users with the user authentication service that Weibo has, such as “Officially certified
user” and “Unofficially certified user”. According to statistics, the above-mentioned “smart
city” comments were issued by 70,539 accounts, including 29,963 official Weibo users and
40,576 non-Weibo official users.

3.3. Research Framework

Based on the LDA model and the CNN-BiLSTM model, this paper establishes an
analytical framework for the state of public perception and sentiment level of smart cities.
The research framework is shown in Figure 1, and includes four parts: data acquisition
and preprocessing, data processing and model building, model evaluation, and discussion
and analysis.

3.3.1. Data Collection and Preprocessing

After data collection, data preprocessing plays an important role in the following work
and affects the objective accuracy of the research. This paper preprocesses the obtained
data, deletes the content of emoji comments, filters invalid or meaningless characters, and
finally obtains 230,726 pieces of valid data due to the irregularity and diversity of Weibo
comment data obtained by web crawlers and avoids the interference of invalid data.
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3.3.2. Model Establishment

Based on the obtained data samples, the research reconstructs based on the convolu-
tional neural network (CNN) and the LSTM (long short-term memory network), and uses
the LDA topic model and the CNN-BiLSTM model to construct a topic mining model of
a “smart city” topic based on user the comments and the sentiment analysis models. The
model is introduced as follows.

(1) LDA. LDA is a three-level Bayesian probabilistic graphical model developed by the
Blei research team [43]. Its composition structure includes three granularities of the
document, topic, and word. The model can mine the latent topic information in
the document set or corpus, and use the bag of words to build the model, which
constitutes the “document-topic/word distribution” without considering the order in
which the words appear [44]. For online public opinion topic events in the big data
environment, the LDA model can assist in the text-based analysis processes, such as
potential topic identification and user clustering [45]. The research is based on the
obtained comment data from Sina Weibo using the LDA topic model, the research
preliminarily extracts the public’s cognitive topics, and summarizes the distribution
of the public’s cognitive topics for smart cities to summarize and analyze the public’s
cognitive status of smart cities. In addition, based on the subject headings obtained
by the LDA model, the research uses the pyLDAvis toolkit under Python to draw a
visual map of the LDA topics to analyze the correlation between research topics and
to identify the core and secondary research topics [46,47].

(2) CNN-BiLSTM. As a deep neural network classification model commonly used in
large-scale Internet corpus and natural language processing algorithms, the LSTM
model is particularly suitable for modeling time series data because of its characteris-
tics [48,49]. It can capture longer-distance dependencies to associate words in context,
but unidirectional LSTMs fail to encode back-to-front information when dealing with
finer-grained classification tasks. In this paper, the forward and backward LSTMs are
combined to form a bidirectional long short-term memory recurrent neural network
(Bi-LSTM), which can better capture bidirectional semantic dependencies [50]. How-
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ever, using this model directly may result in an excessive computational overhead
because of the high input dimensionality. Therefore, this paper considers using a
CNN to reduce the dimension of the word vector matrix formed by the original data,
and integrates the BiLSTM model for sentiment analysis, thereby improving the oper-
ating efficiency and prediction accuracy of the model [51]. The model construction
sequence is as follows: text data input, word vector representation, mapping into a
two-dimensional matrix, architecture layer (including filter, pooling layer, etc.), fully
connected layer, and feature vector representation and classification. The output
of each layer is the input to the next layer. Specifically, Word2Vec is used to train
the comment data, and the obtained word vector matrix is used as the input of the
convolution layer. The convolution layer uses the filter to perform the convolution
operation on the word vector matrix of the comment data to generate a feature map.
The feature map is sampled, and the most important features in the map are extracted
and passed to the fully connected layer. Finally, the fully connected layer obtains the
sentiment polarity of comments through the SoftMax function and outputs the final
classification result of the sentiment tendency of Weibo comments [50]. The specific
model architecture is shown in Figure 2.
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3.3.3. Model Evaluation

This paper evaluates the reliability of the LDA model and the CNN-BiLSTM model
through evaluation indicators such as Perplexity (perplexity), accuracy rate P (Precision),
recall rate R (Recall), and F-value (F-value) to verify the reliability of the above models.
Among them, the perplexity evaluation index is often used to measure the pros and cons
of a probability distribution or a probability model to predict the sample and can be used
to adjust the number of topics to determine the optimal number of topics in the LDA
model [44]. The other three indicators are used to evaluate the running results of the
CNN-BiLSTM model [52].

4. Results
4.1. Descriptive Statistics
4.1.1. Analysis of Narrative Subject of “Smart City”

The statistics of users who posted on the topic of “smart city” based on the obtained
samples showed that 230,726 pieces of valid data were sent by a total of 70,539 accounts,
with an average of 3.27 Weibo posts per account. Among them, there are 29,963 official
Weibo users, with an average of 4.72 Weibo posts per account, and 40,576 non-Weibo official
users, with an average of 2.00 posts per account. Among them, there are 15,690 Weibo
personally authenticated users, with an average of 2.86 posts per account. In terms of the
number of postings, Weibo official certified users posted 141,361 blog posts, accounting
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for 61.27% of the total sample, while non-Weibo official users posted 86,511 blog posts,
accounting for 38.73%. These perceptions reflect the current state of public attitudes and
perceptions more objectively and pertinently toward smart cities, the study used data from
86,511 posts made by Unofficial certified users as research samples for theme mining and
sentiment analysis. The distribution of users is shown in Table 1.

Table 1. Distribution of Posting Users.

User Type Officially
Certified User

Unofficial Certified Users
Total

Personal Expert Member Others

User Info
Number 29,963 15,690 976 7103 16,807 70,539

Number of posts per capita 4.72 2.86 1.51 1.83 1.78 3.27

Blog post Number 141,361 44,889 1476 13,024 29,976 230,726
Percentage 61.27% 19.46% 0.64% 5.64% 12.99% 100%

4.1.2. Evolution Trend of Public Opinion on the Topic of “Smart City”

According to the division method of the evolution cycle of public opinion, the dis-
cussion heat and the number of likes and comments on the topic of “smart city” are
summarized and counted, and the evolution trend of public opinion heat on the topic of
“smart city” is divided into stages according to the corresponding data. The evolution trend
of topic public opinion is shown in Figure 3.
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Figure 3 shows the trend of the discussion on the topic of “smart city” on Sina Weibo
and the changes in the number of likes and comments are generally similar. The public
opinion cycle can be divided into three stages according to the development of public
opinion. In the first stage (2011–2013), 2011 was the initial discussion stage on Sina Weibo
about the topic of “smart city.” from 2011 to 2013, the discussion of related topics exploded
and reached a peak for the first time in 2013, followed by a gradual oscillation stage of
topic heat. The topic of “smart city” has been noticed by the public for the first time and
aroused heated discussions, and the amount of discussion gradually increased. With the
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development of the expansion of the scope of public participation, the audience of the topic
differed in terms of environment, identity background, intellectual level, etc. There are
also different interpretations of the information on “smart cities” [25]. In the second phase
(2014–2017), public discussion about smart cities fluctuated since 2013, and in 2017, the
discussion heat rose to about 5000, with more than 50,000 comments and likes. However,
public attention is limited at this stage, and the popularity of public opinion fluctuates
slightly and remains at a relatively low level. In the third stage, with the government’s
increasing emphasis on the concept of smart city, the central ministries and commissions
issued nearly 100 policy documents related to the smart city around 2016, which raised
the public awareness of the concept of smart city [53,54]. The discussion heat on the topic
of “smart cities” exploded in 2018, the topic was discussed with more than 20,000 heat
and nearly 300,000 comments and likes. The demand for knowledge and information has
led to a rapid increase in public discussions on the topic of “smart cities.” To sum up, the
distribution of public opinion hotspots in the time series reflects the logic of the public’s
psychological demand for smart cities, that is, from the early pursuit of the novelty of smart
cities to the confusion and doubts on some practices in the promotion and construction
of smart cities. Finally, with the policy-driven and successive application, the concept of
“smart city” has gradually been recognized and accepted by the public.

4.2. Topic Mining
4.2.1. Theme Overview

The topic recognition of smart city public cognition is based on the clustering results of
the LDA model. After data preprocessing, this paper uses the LDA topic model to classify
and train the preprocessed texts and draws up the classification within the interval. Integer
is used as the number of candidate topics. The logarithmic perplexity values of different
models are obtained by using the Log Perplexity method in the LDA model [55]. In the
final study, according to Occam’s razor criterion, this paper intends to select 20 potential
topics as the number of topics to be extracted from the public perception of smart cities. The
partial results of the 20 topic words extracted by the model are shown in Table 2, and the
top 10 topic feature words are selected for each topic. According to the characteristic words
contained in each topic, the meanings of some topics are summarized as follows: Topic
#0: emphasizes the public’s emphasis on the application of new technologies and service
intelligence in the construction of smart cities; Topic #1: emphasizes the public’s interest in
the development of smart cities construction process and emphasis on the industry-driven
level; Topic #2: emphasizes the public’s attention to the future intelligent life model in
the smart city represented by intelligent driving; Topic #3: reflects the public’s interest
in smart city technology-related information companies; Topic #4: reflects the public’s
concern about technology companies in the construction of smart cities; Topic #5: reflects
the public’s concern about the application scenarios in the construction of smart cities; Topic
#6: reflects the public’s concern about artificial intelligence technology in the construction
of smart cities; Topic #7: reflects the public’s concern about information infrastructure in
the construction of smart cities; Topic #8: reflects the public’s concern about the strategic
layout of smart city construction; Topic #9: reflects on the public’s concern about the digital
transformation of enterprises in the context of smart city construction; Topic#10: reflects
the public’s concern about the digital transformation of enterprises in the context of smart
city construction; Topic#11: reflects on the public’s concern about the digital industry
economy in the context of smart city construction; Topic#12: reflects the public’s concern
about international experience exchange in the context of smart city construction; Topic#13:
reflects the public’s concern about the stock market in the process of smart city construction;
Topic#14: reflects the public’s concern about the software service in the construction of
smart cities; Topic#15: reflects the public’s concern about social livelihood in the context of
smart city construction; Topic#16: reflects the public’s concern about the technical facilities
in the construction of smart cities; Topic#17: reflects the public’s concern about pilot cities
in the process of smart city construction; Topic#18: reflects the public’s concern about
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the scale of investment in the construction of smart cities; Topic#19: reflects the public’s
concern about the market cultivation of smart city construction. Therefore, the study named
Topic#0–Topic#19 according to the obtained topic features words in the order of: technology
application, economic development, smart transportation, public reflection, a technology
company, application scenario, AI development, infrastructure, strategic layout, enterprise
digital transformation, digital industry economy, international exchanges, top-level design,
stock market, software services, social livelihood, technical facilities, urban pilot projects,
investment scale, and market cultivation.

Table 2. Subject word distribution.

Topic Subject Identification Top 10 High Probability Words Related to the Topic

0 Technology application Technology Application Serve Intelligent Networking
Data Wisdom platform System Field

1 Economic development Economy Developing industry Advance Promote
Accelerate Infrastructure Big Data Nation Establish

2 Smart Transportation Smart Future Car Life Intelligent
Era Become City Development Transportation

3 Public reflection
No Today Now Already Possible

Everyone Very Chance Continue a lot of

4 Technology company Company Share Technology Faucet Products
R&D Electronic Related Display business

5 Application scenarios Scenes Chip Wisdom Travel Community
Semiconductor Electricity Production Agriculture Vehicle

6 AI development AI Increase Market Industry Big Data
Layout Income Security Performance Accelerate

7 Infrastructure
Internet Tencent Communication Wuhan Base station
Cover Operator Commercial Mobile Telecomputer

8 Strategic layout Cooperate Firm strategy Group Technology
Protocol Sign Contract Assets Field

9 Enterprise transformation Enterprise Digitizing Need Transform Autonomous
Securities Trade China Market Continued

10 Digital economy Digital Economy Developing China Industry
Digitizing City Construction Innovation Technology

11 International exchange China International World Conference Shanghai
Enterprise Intelligent Product Hold Exhibit

12 Top-level design Design Use Top floor Standard Package
Pay Formulate Specification Features User

13 Stock market
Infrastructure Plate Market Technology Concept

Daily limit Individual Funds Holding Index

14 Software service
Business Software Parking Serve Satellite

Customer Beidou Provider Flow R&D

15 Social life
City Community Construction Ecology Area

Citizen Culture Facility Green Serve

16 Technical facilities
Monitor IoT Unmanned ETC Shared

Consumer One-stop Technology Privacy Free

17 City pilot Beijing Shenzhen chongqing Guangzhou Xi’an
Nanjing Shanghai Wuxi Beijing Changsha

18 Investment scale
Project Invest Billion Million Fund
RMB Brokerage Layout National level Scale

19 Market cultivation
Huawei Architecture Energy Concept Marketing

Low carbon Clean Format Training Rural

This paper calculates the average of all the theme probabilities based on the document-
topic distribution, and the results are shown in Figure 4. Figure 4a shows the heat map of
theme intensity, and Topic #6 (AI development) and Topic #11 (International exchange) both
maintain high-intensity values for 2011–2021. The development of AI and the comparison
and exchange with other countries’ smart city construction have been topics of more public
concern in the process of smart city construction. In addition, the intensity values of Topic
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#3 (Public reflection) and Topic #2 (Smart transportation) are also at a high level. The
intensity values of Topic #12 (Top-level design) and Topic #4 (Technology company) are low,
which also indicates that the public is not active in discussing topics, such as government
policy planning about smart cities and information technology companies, and from the
side, it can also reflect the lack of government efforts to promote and publicize policies
related to smart cities. The study compared the average intensity value of each topic for
2011–2021 to compare the intensity level of each topic more intuitively and the ranking
results are shown in Figure 4b. The horizontal axis is the topic category and the vertical axis
is the probability value. Among them, Topic #6 (Artificial Intelligence development) has
the highest average probability, followed by Topic #11 (International exchange), and Topic
#3 (Smart transportation). Topics with lower probability values are Topic #4 (Technology
company), Topic #12 (Top-level Design), and Topic #8 (Strategic layout).
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4.2.2. Topic Identification and Stage Characteristics of Public Cognition under the Topic of
“Smart City”

To better analyze the relationship between the LDA topics and the characteristics of
topics in each stage, we used the results of the LDA topic identification in the previous
step, and studied and constructed the low-dimensional spatial distribution of the LDA
topics. The pyLDAvis toolkit under Python was used to draw the three-stage Interactive
LDA topic visualization map to discover the core topics of the public perception of “smart
city” in various periods on the Sina Weibo platform. The results are shown in Figures 5–7.

Figures 5–7 show the 20 circles on the left side of the figure representing the 20 topics
obtained by the LDA model, and the histograms on the right side that represent the 30 most
important keywords in each topic. The area of the circle represents the relative dominance of
each topic, and the distance between the circles represents the degree of correlation between
the identified topics. When the distance between the circles is too close or overlapping, it
can be regarded as a relatively similar topic [46], and the two histograms on the far right
side of the upper and lower distributions show the keywords of the two topics. Based on
these data, a brief analysis of the public perception of the topic of “smart city” in different
periods can be made.
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As shown in Figure 5, the distribution of topic words in the first stage is relatively
dense, but the content of its discussions focuses mostly on topics such as urban develop-
ment, networking, and optical fiber. Among them, the Topic #1 heading is in a relatively
dominant position in the heading map. In addition to the macro-level discussions, such
as smart city development, the public also involves digitization, informatization, cloud
computing, and other technical concepts. The Topic #2 heading is in a relatively marginal
position in the subject heading map, and it is not related closely to other topic headings.
The content of the subject heading contains words such as “forum, conference, and annual
meeting”, indicating that, as the concept of a smart city has just been introduced into China,
many public discussions on the concept are mostly through various channels, such as
academic conferences, corporate, or government forums [11]. As shown in Figure 6, the
distribution of subject headings in the second stage is relatively dense, but the Topic #1
heading in the core dominant position is relatively independent. The Topic #1 heading
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mainly discusses the content of smart city development planning, top-level layout planning,
etc. In addition, the Topic #4 heading has a larger area of subject heading nodes, which
involves mainly the discussion of “strategic cooperation, agreement signing, government-
enterprise cooperation, and PPP model”. Overall, at this stage, the public has carried out a
more in-depth discussion on the construction of smart cities, which specifically involves the
multi-stakeholders, cooperation strategies, and cooperation models of smart city construc-
tion. This change also reflects that, with the deepening of the dissemination of the smart city
concept and the popularization and promotion of related policies, the depth and breadth
of the public’s awareness of the smart city concept have been improved continuously. As
shown in Figure 7, different from the concentrated discussion of topics in the first two
stages, the distribution of topic words in the third stage is relatively independent, and the
number of topics is distributed more evenly. Discussions during this period focused on
topics such as 5G, cooperation, and construction. Among them, the topic word nodes with
a larger area in the graph are the #1 and #2 topic words, and the two nodes have partial
overlap, which reflects the similarity of the content contained in the two nodes. The content
of the Topic #1 heading focuses on the application and development of technologies, such
as big data, artificial intelligence (AI), and cloud computing. This phenomenon shows
that after the concept of the smart city matured and entered the public’s daily cognition,
most of the public realized that the ubiquity of smart city profoundly affects their daily
life and future technological development [56,57]. Therefore, many keywords on the core
technology level of smart cities have gradually emerged in this stage of discussion, which
in turn leads to different opinions and tendencies of the public on technology applications
and data security.
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4.3. Sentiment Analysis

The CNN-BiLSTM model needs to be pretrained based on training samples to build a
classification model [50]. We selected the comment data from 2011 to 2012 in our sample
set and annotated the sentiment polarity of the comment text by manual annotation. The
research selected two doctoral and masters students in the field of smart city research, and
one masters student who majored in information science. Students annotated and com-
pound emotional memories, judged emotional tendencies (positive, negative, and neutral),
and finally formed a training sample set [58]. Then, after hyperparameter adjustment and
multiple rounds of training, the Precision, Recall, and F1 factor of the CNN-BiLSTM model
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were 94.19%, 89.36%, and 91.71%, respectively, indicating that the model can accurately
predict the text sentiment tendency. Some data samples are shown in Table 3.

Table 3. Examples of data samples.

Number Sentiment Level Excerpts from Weibo Comments

1 Positive (0.9)
“That’s right, a smart city is also a kind of social management. The current social management

innovation advocated by the central government also needs to solve these three problems:
people’s livelihood projects, modern management, and sustainable economic development.”

2 Neutral (0.5)

“This morning, I randomly asked a few relatives and friends: What is a smart city? The answer
is strikingly similar: I don’t know! The government, social organizations, and enterprises have
spent so much effort to build a smart city, but citizens still don’t know it, which shows that this

work still has a long way to go, and practitioners need to continue to work hard.”

3 Negative (0.2)
“Haha, now many governments just play the “smart city” into a new concept, many of which
are new bottles of old wine. And these governments don’t care what alcohol is. But a new way

of asking the finances for money...”

4.3.1. Topic Sentiment Polarity Distribution

The study uses the CNN-BiLSTM model to perform statistical analysis on the distribu-
tion of emotional tendencies of each topic based on the LDA topic mining results obtained
above. The distribution of emotional tendencies of different topics and the proportion of
emotional polarity of each topic are shown in Table 4 and Figure 8, respectively.

Table 4. Sentiment distribution of different topics.

Subject Identification
Sentiment Polarity

Total
Neutral Positive Negative

Technology application 11.30% 79.08% 9.62% 4690
Economic development 6.94% 87.69% 5.37% 2363

Smart Transportation 5.12% 91.98% 2.90% 5798
Public reflection 6.41% 89.47% 4.12% 9950

Technology company 6.31% 90.53% 3.16% 412
Application scenarios 4.96% 91.44% 3.61% 2662

AI development 4.01% 93.52% 2.47% 19,517
Infrastructure 8.35% 87.93% 3.72% 4325

Strategic layout 5.64% 89.98% 4.39% 1277
Enterprise transformation 7.03% 84.89% 8.07% 1635

Digital economy 5.42% 89.32% 5.26% 1236
International exchange 3.57% 94.17% 2.25% 10,025

Top-level design 6.56% 89.94% 3.50% 686
Stock market 7.62% 87.35% 5.03% 2704

Software service 2.72% 94.87% 2.42% 5414
Social life 13.45% 69.07% 17.48% 2208

Technical facilities 3.94% 94.77% 1.29% 5355
City pilot 5.41% 90.28% 4.31% 1368

Investment scale 4.55% 92.31% 3.13% 3382
Market cultivation 8.58% 86.10% 5.32% 1504

Total 5.55% 90.54% 3.91% 86,511

The above table shows that nearly 78,327 comments of the public on the discussion
topics about smart cities on the Weibo platform showed positive emotions, accounting
for 90.5% of the total sample. Neutral emotions accounted for 5.6% of the total sample.
Negative emotions were the least, accounting for only 3.9%, indicating that the general
public has an optimistic attitude towards the perception of smart cities and the development
of the concept. Specific to the emotional polarity distribution of each topic, the development
of artificial intelligence and international exchanges have the largest number of related
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comments and show larger-scale positive emotions. However, it is worth noting that
among the topics with negative emotional polarity, the number of comments with negative
emotions in Topic #0 technology applications is higher, second only to the development
of AI. Studies have shown that an individual’s emotional state arises from their cognition
and attribution of the external environment. To a certain extent, this result shows that the
public still has many doubts about the application of technology in smart cities. It is urgent
to carry out popular science publicity and corresponding government measures [59].
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To see the distribution of sentiment polarity in each topic more intuitively, the research
summarizes the distribution of sentiment polarity for each topic, as shown in Figure 8.
From Figure 8, it can be found that the public’s perception of smart cities is generally
dominated by positive emotions. In the distribution of emotional polarity corresponding
to each theme, positive emotions have always maintained a high level of leadership, and
the emotional polarity level fluctuates around 0.8. However, there are differences in the
emotional tendencies of each topic. Based on the emotional scores of each topic, in the
positive comments, intelligent transportation, AI development, international exchanges,
software services, and infrastructure are the topics with higher positive scores. Among the
negative comments, the negative comments focus mainly on the three themes of society and
people’s livelihood, technology application, and the digital transformation of enterprises.

4.3.2. Evolution Analysis of Emotional Tendency of Different User Types

To compare the evolution trend of different types of users on the microblogging
platform for the emotional polarity of smart cities, this research used the previous use of
the CNN-BiLSTM model to accumulate the emotional value of each comment and calculate
the average value to obtain the public’s perception of “smart city” in each year. In addition,
to compare the emotional tendencies of different types of users on the topic of “smart city,”
the study divided the obtained samples into Weibo official certified users and non-Weibo
official certified users according to user types, namely, Weibo masters, Weibo members,
and other types. The evolution trend of emotional tendencies of different types of users is
shown in Figure 9.
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Figure 9 shows that overall, the fluctuation trend of emotion values of different types of
users is roughly the same, and the public’s perception of smart cities is generally dominated
by positive emotions. Specifically, from 2011 to 2015, the positive emotional intensity of the
public’s cognition of smart cities increased gradually, then leveled off at 0.9. After 2017,
the positive emotional intensity value gradually decreased. According to the subdivision
of the different types of user groups, the emotional tendencies of Weibo officially certified
user groups on the topic of “smart city” have a greater positive emotional intensity, while
the emotional intensity of non-Weibo officially certified users on the topic of “smart city” is
somewhat higher. Since 2011, the positive emotional intensity of this group’s perception
of smart cities has risen rapidly and reached a peak in 2017. It gradually stabilized and
negative emotions increased, but mainly the positive emotions dominated. In addition, to
explore the relationship between policies and the public’s emotional tendencies towards
the topic of “smart city,” the study collated the number of smart city-related policies issued
by the central government and above from 2011 to 2020. The number of smart city-related
policies issued at the national level from 2011 to 2016 showed a trend of rapid fluctuation
and rapid increase, which is related closely to the evolution of the emotional tendencies
of non-Weibo officially certified users. After 2016, the number of policies related to smart
cities reduced drastically, and the public’s positive emotional intensity towards the topic
of “smart cities” gradually stabilized and exhibited a downward trend. To sum up, this
paper shows to a certain extent that the emotional tendency of users (especially those not
officially certified by Weibo) toward “smart city” is related closely to the introduction of
policies [60], and that the government’s timely publication of information disclosing the
vision and progress of smart city construction can have a positive guiding effect on public
sentiment. This trend is more significant for unofficially certified user.

4.3.3. Content Analysis of Negative Comment Data

It was found that negative comments are more perceptive to the public than positive
comments, mainly because negative public information about smart cities is more seductive
and attention grabbing than positive information [61]. To identify the problems in the
development of smart cities, analyzing negative public comments about smart city ideas
often reveals more about the shortcomings of smart cities, as shown in Figure 10. The
texts of negative emotions were subject to topic mining and word cloud graph analysis to
explore and summarize the current public opinion demands of the public on smart city
topics to investigate the topics that the groups that post negative comments are concerned
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about and the trend of topic evolution, based on the results of sentiment analysis, from the
three stages of 2011–2013, 2014–2017, and 2018–2021.
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The main conclusions are as follows: (1) In the first stage (2011–2013), the concept of a
smart city was still in the concept introduction period, and the public’s negative discussions
on smart cities focus was mainly on urban construction, technology application, manage-
ment services, concepts, government, information, etc. A check on the corresponding
comment texts shows that most of the negative comments believed that the construction
of smart cities is driven mainly by the government’s view of political achievements and
questioning the concept of smart cities, and that excessive emphasis on the introduction of
information technology will lead to excessive technology dependence. In addition, some
comments from this stage indicate the absence of clear urban development issues and
citizens’ needs, and that investing considerable government funds in smart city construc-
tion cannot serve the people. (2) In the second stage (2014–2017), the public’s negative
discussions on smart cities focused mainly on urban construction, market development,
information security, and smart services. With the deepening of the dissemination of the
smart city concept and the government’s introduction of relevant policies for populariza-
tion and promotion, coupled with the demonstration effect of relevant foreign successful
cases, the public’s acceptance and awareness of the smart city concept was improved con-
tinuously. The cognition of the concept focused mostly on topics such as life services, pilot
cities, and application scenarios. After the concept of the smart city matured and entered
the scope of daily cognition, most of the public realized that the ubiquity of the smart city
profoundly affected the development of smart cities, including their daily life and future
technological developments. The public’s psychological expectations and requirements
also increased. They were no longer willing to continue to play the role of “outsiders” and
were not easily agreeable with the initial application and scene description in the existing
system or government documents. (3) In the third stage (2018–2021), after a long period
of construction, compared with the previous two stages, there were discussions on topics
such as “idea discussion”, “technology application”, and “market development”, etc. The
discussion topics of negative public sentiment in 2019 were more focused, involving topics
such as “artificial intelligence”, “data assets”, “information protection”, “smart medical
care”, “epidemic”, “5G”, etc. Looking back at the corresponding comment text, we can
find that the discussions on “artificial intelligence” and “5G” in the negative comments
believe that the application of “artificial intelligence”, “5G”, and other technologies had not
achieved intelligent results and had ethical risks and “information protection”. Negative
comments suggest that the current smart city has not effectively utilized massive data
assets and established complete safeguards for the public’s personal information. The
concept of smart medical care in smart cities has also been criticized by the public.
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5. Discussion

A full understanding of the concept of a smart city is the basis and premise for
stimulating the enthusiasm of the public to participate in the construction of a smart
city [14,16]. Thus, to analyze the state of public cognition of the smart city concept, this
paper constructs a research framework of public cognition of smart city covering “topic
identification and affective change” from two dimensions, and reveals the heterogeneity
and dynamics of public cognition of smart cities in different periods. The performance
of this paper provides a theoretical basis and direction guide for policy formulation to
promote public participation in smart cities. The results show the themes of public interest
in smart cities are diverse and wide-ranging. Covering many topics, such as top-level
design, economic development, strategic layout, and pilot cities, it also includes discussions
on AI market development scale, international exchanges, and digital transformation
of enterprises that are closely related to smart city development. The general public’s
attitude towards smart city construction remains optimistic and cognition is becoming
more rational, but the public’s emotional inclinations on smart city topics are different
on specific topics. Among the positive comments, smart transportation, AI development,
international exchanges, and software services are topics with high positive scores. The
negative comments focused mainly on the three themes of social and people’s livelihood,
technology application, and enterprise digital transformation. In addition, the study also
found a strong correlation between the public’s emotional inclination towards “smart cities”
and the frequency of smart city policies, especially among individual user groups. On the
practical side, this study further validates the strong correlation between government
guidance through policy advocacy and public awareness to participate in smart cities. The
potential patterns mined from online data and the negative sentiments expressed by the
public can also provide more knowledge to help government officials to make targeted
compensations to the existing policy system [62]. Thus, this study facilitates the design of
better measures and policies to increase public participation in smart cities.

Furthermore, it is worth noting that too much public attention is not a good thing.
Broad and positive public attention is the key to smart city construction [3]. However, nega-
tive public attention such as anxiety and distrust of government will also be detrimental to
smart city construction [16]. This paper focuses on the public’s content perceptions as well
as the emotional status of smart cities, although the study shows that the public generally
has a predominantly positive attitude toward the concept of smart cities. However, the
government should also pay attention to negative public concerns to avoid undesirable
situations, such as public opinion incidents that may be further triggered by negative
sentiment overload. Specific to each period, with the advancement of the smart city con-
struction process, the topics involved in negative comments have changed. In the early
stage of the dissemination of the smart city concept, most negative comments focused on
the macro-level of conceptual cognition and the origin of the concept, and some of the
public held a pessimistic attitude towards the applicability of smart cities and believed that
the process of urban governance was excessively dependent on technology that would lead
to a series of problems such as information security. With the dissemination of the concept
of the smart city and the demonstration effect of the successful cases of related cities at
home and abroad, the public’s acceptance and awareness of the concept of the smart city
have been improved continuously [63], because the ubiquity of smart cities has profoundly
affected their daily lives. It is worth noting that many negative expressions of emotions can
also be found in Weibo comments on topics related to public interests, such as society and
people’s livelihood and data security. In the process of smart city construction, the public
has gradually expressed concerns on information protection and ethical risk management
and control mechanisms. In addition, data mining based on massive data assets and the
application of 5G and other technologies in smart cities under the background of the epi-
demic have also been criticized. However, this is not due to the opposition to the smart
city concept pushed by the public and the government, but rather more due to the relevant
technical measures not being complete, the lack of information, and the expectations of
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the government’s response. In addition, the breadth of online publicity and the fairness of
reflecting the public’s wishes are also very important. Currently, in the process of smart
city construction, the discourse of internet users on social media has reflected the demands
of younger or more educated people for city construction, while the demands of those
disadvantaged groups are difficult to be considered by social media [11], such as infants
and young children, elderly people, poor people, or people who lack online expression
channels [4].

6. Conclusions

Based on social media data, the research uses the LDA and CNN-BiLSTM models to
construct a topic mining model and a sentiment analysis mode based on public comment
data. It analyzes the current situation of the public’s cognition of smart cities from the two
dimensions of topic identification and sentiment change. While monitoring the public’s
cognitive feedback on smart cities in social media in real-time, the research can help us
discover uncontrollable factors in the development of smart cities and provide theoretical
support and practical guidance for public participation in smart city management. The
study found that the themes of public interest in smart cities are diverse and wide-ranging.
It not only covers many topics, such as top-level design, economic development, strategic
layout, and urban pilots, but also involves technology applications, software services,
technology companies, and other technology or technology providers. It also includes the
AI market development scale and international discussions on topics such as exchanges
and the digital transformation of enterprises. In general, the public has positive emotions
toward smart cities. The emotional tendencies of the public on smart city topics vary in
specific years. Around 2017, the public’s positive emotions on smart city topics reached a
peak. Compared with official Weibo users certified by official government departments
and enterprises, the positive emotional intensity of individual users towards the concept of
smart city has decreased. This phenomenon reveals the particularity of public participation
in cyberspace.

Analyzing each type of user stickiness separately and considering sentiment analysis
of comments can give us a deeper understanding of how different post characteristics
affect different types of user stickiness. Therefore, governments should consider analyzing
social media data based on the purpose of its posts and current activity. In other words,
government experts need to process the data according to their agency’s mission and level
of involvement to achieve a high level of citizen engagement in the smart city building
process so that government entities gain innovative knowledge to help guide the direction
of smart city efforts. One way to increase civic engagement is to post interactive tweets
that ask users to submit their ideas, share their stories, rank posted views, and add content
they create themselves, such as pictures and videos. These engagement strategies, also
known as “pull” or “push and listen” are critical to increasing an entity’s popularity with
the public. Furthermore, adding multimedia features to published posts can attract more
users to the posts, thereby increasing the effectiveness of the entity. In addition to using
videos and images, social media authors should also ensure that posts are readable, using
plain and simple language that allows everyone to understand the content of the post and
form an opinion.

6.1. Suggestions for Future Policies

Based on the above analysis conclusions, the research believes that in the current frame
construction period of the public’s cognition of the smart city concept, the government
needs to seize the opportunity of the era of big data and new media, build a more reasonable
smart city public participation platform, and improve the public participation mechanism.
Based on this study, the future recommendations are as follows: (1) It is recommended
that relevant departments strengthen cooperation with mainstream news media, continue
to pay attention to and report on the progress and dynamics of smart city construction
from multiple dimensions and fields, improve public awareness of the concept of the smart
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city, and expand the depth of its influence. (2) Party and government departments at all
levels should keep pace with the times, adapt to the public’s habits, establish multi-level
and multi-channel channels for social and people’s livelihood appeals, and eliminate the
public’s accumulation of negative emotions and cognitive deficiencies towards smart cities.
(3) While expanding the channels of appeals, it should also guide the rational appeals of
the public to generate more benign interactions and effective discussions, and improve the
efficiency and effectiveness of public participation in the construction and management
of smart cities. (4) Government departments should respond promptly and respond to
the public’s concerns on the problems in the construction of smart cities [16], and expand
and innovate channels for the public to participate in smart city construction in a timely
manner so that smart city construction and management is not just a one-man show for
the government or enterprises, Specifically, based on social media demand collection,
the demands of disadvantaged groups should be reflected through offline publicity and
surveys to increase their participation in smart city construction, so that the public can truly
understand the transformation of the city and participate in it to create a favorable public
opinion atmosphere for smart city construction [64].

6.2. Limitations of This Work

The limitations of this study must be pointed out: (1) The groups covered in this
paper are limited. Social media users are not representative of the overall population of
China. According to the 2021 China Internet Development Statistics Report, the number of
Internet users in China is 98.29 million. Most of these users are adults between the ages of
20 and 29 years with middle and high school education levels. Meanwhile, the number
of non-Internet users is 562 million, most of whom live in rural areas and do not have
access to the Internet. The lack of Internet use skills and the limitations of low education
are the main reasons for non-Internet users not going online. Therefore, our results cannot
be generalized to non-Twitter users. (2) The research scope of this paper is only for e-
participation. In this paper, citizens’ offline discussions of their views on smart city topics
are excluded from the scope. Future research should focus on where offline engagement can
better support policymakers’ decisions. Moreover, mining information from social media
and e-participation platforms can facilitate offline participation activities. This ecosystem
view of offline and online engagement to improve smart city policymaking will be of great
interest in the future. (3) The findings of this paper have limited generalizability. This
study was conducted in the context of a developing Asian city with a small sample size.
Therefore, although the methodological framework is transferable, the results may not
apply to other contexts without careful validation. (4) It would be interesting to develop
a further analysis of the identified negative comments. Follow-up research work could
be carried out to analyze the negative comment content identification, negative comment
content clustering, negative comment behavior formation, etc. The results of the study can
provide very targeted help for policy formulation and smart city construction.
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