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Abstract: The public’s acceptance level of recycled water use is a key factor that affects the
popularization of this technology; therefore, it is critical to know the public’s attitude in order
to make guiding policies effectively and scientifically. To examine the major focuses and hot topics
among the public about recycled water use, one of the major platforms for social opinion in China,
the micro blog, is used as a source to obtain data related to the topic. Through the “follow-be
followed” and “forward-dialogue” behaviors, a network of discussion of recycled water use among
micro-blog users has been constructed. Improved particle swarm optimization has been used to allow
deep digging for key words. Ultimately, key words about the topic of have been clustered into three
categories, namely, the popularization status of recycled water use, the main application, and the
public’s attitude. The conclusion accurately describes the concerns of Chinese citizens regarding
recycled water use, and has important significance for the popularization of this technology.

Keywords: recycled water use; micro-blog; big date; particle swarm optimization

1. Introduction

With the continued development of the social economy, population growth, and improvements in
people’s requirements in terms of life quality, the consumption of natural water resources for human
activities has increased significantly. In the past 100 years, the demand of for water has increased
by nearly 8 times [1]. Human activities have become the most important factor affecting the natural
water cycling system, and its influence has exceeded the limit of ecological bearing capabilities, thus
causing irreversible damage [2,3]. In urban areas with relatively dense industries and population,
the supply-demand conflict of water resources is extremely significant, making water resources an
important factor that restricts the development of the social economy in the 21st century [4]. Therefore,
recycled water, an alternative to natural water resources, has become an important approach to solve
the problem of water shortages.

At present, the main alternatives include sea water desalination, rainfall accumulation,
and recycled water [5]. Recycled water can be obtained by wastewater treatment. It is a stable resource
and is not affected by season. Meanwhile, it is more energy efficient and environmentally sound in
terms of its production, compared to desalination [6]. Moreover, the production of recycled water can
be used to relieve pollution in local water environments [7,8]. However, the public is disgusted by
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recycled water, because waste water is the original source, so the level of public acceptance of recycled
water is far lower than for other water resources [9,10].

Recycled water use in modern society dates back to the middle of 19th century. However, before
1990, wastewater treatment technology was backward, and recycled water was usually used for
agricultural irrigation in less developed areas. However, in the following twenty years, with the rapid
development of science and technology, the application scope of recycled water has expanded. In recent
years, because of the emergence of wastewater treatment technologies like membrane technology [11],
the recycled water obtained with deep treatment could meet the standards [12,13] of drinking water.
Wastewater treatment technology is not the major difficulty that restricts the popularization of recycled
water use. Rather, the public’s resistance toward its use is a new issue [14]. Therefore, it is extremely
important to know the public’s opinions about recycled water, and to prevent these kind of issues from
occurring [15,16]. The micro-blog is one of the main social communication tools for Chinese netizens;
it is the major source and transmission approach of social opinion. One can have a good understanding
of hot topics about recycled water use through the digging of micro-blog big data related to recycled
water use, so as to confirm the main concerns of Chinese netizens [17,18]. However, it is not easy to
find the key concerns among massive amounts of micro-blog data. Therefore, a type of algorithm that
is easy to operate and which has high accuracy and fast rate of convergence is required to search this
hot topic; namely, the particle swarm optimization algorithm.

The Particle Swarm Optimization algorithm was an evolutionary algorithm that was developed
by Kennedy and Eberhart in 1995. By observing the foraging behaviors of birds, it was found that the
flocks always changed their direction separately, only to get together again suddenly. So, the behaviors
of bird flocks are not predictable, but are consistent overall. Each bird in the flock keeps the most
suitable distance. A micro-blog is a very popular social network in China at present. Micro-blog users
can post information on the internet and exchange with others. Each user can keep in touch with others
with “follow up-followed” and “forward-dialogue”. As a complicated social network consists of these
relationships, a micro-blog is very similar to bird flocks, in the sense that both change from time to
time. Therefore, using particle swarm optimization algorithm to dig out big data from a micro-blog is a
wise choice. Using related theories of complicated networks, key words were used as nodes, while the
follow up behaviors are the edges, which conform to a complicated network among users. With data
digging, sensitive key data information was acquired. Then, those data were used to analyze the
topological structure of a complicated relational network. Improved particle swarm optimization was
used to dig out sensitive communities within a complicated network, so as to describe the hot topics
about recycled water use among Chinese netizens.

2. Theoretical Background

2.1. Complexes Network

Networks consist of different types of complicated systems; in the real world, complex
collaboration networks [19] and the world-wide web [20] are two typical examples which help us to
communicate with each other in more convenient way.

We are living in a complicated world with all kinds of network systems, so analysis of the
properties of these networks can help us to better know these systems. The small-world [21] and the
scale-free properties are two thousand of the most significant characteristics of networks. In recent
years, many fields have paid attention to the property of network community structures [22]. A graph
consists of nodes and edges which are used to show a network community. A network community can
be seen as a subset of a graph. Usually, communities need to meet the requirement that nodes should
share similar features, although different communities have their own node properties. One must
use a microscopic perspective to understand the functionality of a complicated system based on the
knowledge of the network community structure. Many different methods have been proposed in the
past decades to detect the community structure of networks.
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Detection on the network community is connected to clustering problems. Clustering is an issue
of optimization. Evolutionary algorithms (EAs) can be regarded as a class of intelligent optimization
algorithms based on some biological and ethological principles. Those algorithms have been shown
to be effective in solving many optimization problems. As a result, it is very common that EAs be
used to solve network-clustering problems [23]. On the basis of this opinion, a lot of single-objective
and multi-objective EA-based network-clustering methods have been proposed. Pizzuti [24] came up
with the idea of using a genetic algorithm to discover network communities based on a community
evaluation criterion called the community score. Gong et al. [25] proposed a mimetic algorithm-based
approach that mentions a hill-climbing-based local search tactic to improve algorithm performance
in searching data. Local search refers to the capability to approach the optimal solution infinitely,
while comprehensive convergence ability refers to the ability to find the general location of the optimal
solution. Both local search ability and comprehensive search ability are indispensable. In this paper,
the local search ability of the particles and search efficiency were improved through the algorithm.
In terms of network-clustering problem, previous researchers have come up with multi-objective
optimization models.

Pizzuti [26] narrated a multi-objective genetic algorithm that can be used to reveal network
communities. Recently, Gong et al. [27] proposed a multi-objective discrete PSO to solve related
problems about network clustering. Moreover, many relevant researches and tests have proven the
effectiveness of the proposed algorithm.

2.2. Particle Swarm Optimization

Eberhart and Kennedy introduced the Particle Swarm Optimization (PSO) algorithm in 1995.
This algorithm is a population-based stochastic optimization technique that can be used to solve
optimization problems. The inspiration for the design of PSO came from some social behaviors,
like fish schooling and bird flocking [28]. Nowadays, PSO has become one of the most commonly-used
optimization techniques to solve continuous optimization problems.

PSO is used to solve problems more efficiently by clustering individuals. Each individual can
be regarded as one particle. Every particle can learn from other, nearby particles in order to adjust
the velocity itself. In PSO, the particle’s position vector can simulate a candidate solution to optimize
the problem. After a new velocity is acquired, the position vector of the particle will be updated.
That means that a new solution can be generated in this way, given that pop is the size of the particle
swarm while n is the dimension of the search space.

Based on some tests on the PSO, it is obvious that it is very effective in solving problems about
optimization. Different types of creative work have been done in order to improve the algorithm’s
performance [29]. Compared with other evolutionary algorithms, PSO does not have too many
parameters. PSO has a concise framework that can be realized easily. However, PSO was supposed to
be used in providing solutions for optimization-related problems. Because of problems occurring in
applications, people have taken great effort to use PSO to solve many real questions in applications.

3. Method

In this paper, a single-objective PSO algorithm is proposed to solve problems about
network-clustering. This algorithm can improve the quality of popular community significantly,
as well as its modularity. Girvan and Newan [30] introduced the concept of modularity in their divisive
hierarchical clustering algorithm. They used modularity as a standard to prevent network divisions
from becoming subnetworks. Different kinds of methods have been developed to improve modularity,
including the simulated annealing-based method, the external optimization-based approach, and the
spectral optimization-based technique. However, people are not satisfied with the performance of
these methods. As a result, the optimization of modularity becomes a NP-hard problem. In this paper,
a particle turbulence operation is developed in order to improve the proposed algorithm. A local
search strategy is used to improve algorithm use. Based on relevant real-world experiments and



Sustainability 2018, 10, 2488 4 of 15

operations, it turns out that the proposed algorithm is very effective in solving problems, and is much
more efficient than some other, state-of-the-art approaches.

3.1. Network Clustering

Usually, a set of nodes and edges can be used in a graph to represent a network. Network
clustering is used to divide network communities into different classes based on certain rules and
principles. Every community is a cluster.

Given a network represented by a graph denoted by G = (V, E), where V is the set of nodes and
E is the set of edges, let A be the adjacency matrix of G and aij the ijth element of A. Given that S is
a subgraph (i.e., S∈G), let diin = ∑i,j∈S aij and diout = ∑i∈S, j∈S aij be respectively the internal and
external degrees of node i. In this paper, S can be regarded as a community in the strong sense, if

∀i ∈ S, din
i > dout

i (1)

And S is a community in a weak sense if

∑
i∈S

din
i > ∑

i∈S
dout

i (2)

However, the definition mentioned above only describes the conditions that a network community
shall have. In order to solve the network-clustering problem, a quantitative index shall be used to
measure the network partition. In this aspect, a modularity index was introduced by Girvan and
Newman [30]. Modularity (normally denoted by Q) can be written as:

Q =
1

2m ∑
(

Aij −
kik j

2m

)
σ(i, j) (3)

where m is the number of edges and σ(i, j) = 1 if nodes i and j are in the same community, otherwise
σ(i, j) = 0. Normally, by assumption, we take it that the larger the value of Q, the more accurate
the partition.

3.2. Improved Particle Swarm Optimization

PSO has been shown to be very promising for solving many optimization problems.
Each individual can be regarded as one “particle”, and this can be used to simulate a possible solution
in order to get the best solution. Based on flying experience and the knowledge acquired from other
particles, it can update its own flying velocity and position accordingly.

Given a particle swarm size m, and a particle dimension n, let Vi = {v1, v2, ..., vn} and Xi = {x1, x2,
..., xn} be the velocity and position vectors, respectively, of the ith (i = 1, 2, ..., m) particle. The updating
process for each particle in the basic form can be formulated by the following equations:

Vi ← ωVi + c1r1(Pi −Xi) + c2r2(G−Xi) (4)

Xi ← Xi + Vi (5)

where Pi = {p1, p2, ..., pn} and G ={g1, g2, ..., gn} are the personal best position of the ith particle and
the global best position of the swarm, respectively. The parameters r1 and r2 are random numbers
between 0 and 1, while c1 and c2 are acceleration coefficients termed cognitive and social components.
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The rapid loss of population diversity is one of the most important causes of premature
convergence of algorithm, while the multi population strategy is an important approach to improve
population diversity and the global search of the algorithm. In this paper, a multi-population
coordination mechanism is introduced, and a multi-objective particle swarm optimization (MOPSO)
is proposed based on object segmentation. The multi-population coordination mechanism is a
coordination mechanism for multiple populations; its function is to solve multi-objective optimization
problems through multiple populations, to introduce external archives mechanism to store the
non-inferior solutions, and to change the speed updating formula of particles correspondingly.
The particle flight is not only affected by the population particles, but also by the non-inferior solutions
in the external archives. This mechanism makes it possible for every object to find its optimization
solution and coordinate conflicts among solutions.

This algorithm confirms the quantity of the particle swarm based on the quantity of
object functions. Using single object optimization technology, each particle swarm can find the
non-dominated extreme point for the corresponding single objective function. All non-inferior extreme
points obtained from the particle swarm will form a major particle swarm, and operate partial MOPSO,
which fixes the distribution gap among the non-dominated extreme points obtained from the particle
swarm, so as to generate an optimal Pareto solution set with even distribution and wide coverage.

In this paper, a master-slave strategy of multi-population co-evolution is proposed so as to offer
a MOPSO algorithm of multi-population coloration based on object segmentation. This algorithm
adopts a master-salve evolution model and confirms the particle swarm quantity according to the
object function quantity: one particle swarm corresponds to one object function. This will then be used
to search the non-dominated solution of a single object function. A partial search algorithm operates
on the major particle swarm to fix the existing gap among the optimal solutions obtained from the
particle swarms, so a Pareto front with good distribution can be acquired. For an extreme point of
object function, if it includes the optimal solution of Pareto, then this extreme point can be regarded as
non-dominated. Furthermore, as with most MOPSO algorithms, the major particle swarm also uses an
external reserve set to keep all non-dominated solutions obtained in the algorithm’s evolution.

Figure 1 shows the parallel model of the aforementioned algorithm. This model includes M
subordinate particle swarms and one principle particle swarm; one subordinate particle swarm
corresponds to a single object function. Every subordinate particle swarm could operate the improved
particle swarm optimization (PSO) independently, and then search the non-dominated extreme
point of corresponding single object function. The principle particle swarm will operate a partial
MOPSO to generate a Pareto front with good distribution. During every iteration process, all acquired
non-dominated extreme points will be transferred to the principle particle swarm by the subordinate
particle swarms, and will then be kept in the reserve set. After the reserve set accepts these
non-dominated extreme points, the elements that are distributed in sparse area will be chosen as
the guiders, i.e., to guide the particles to develop these potential areas emphatically.

In order to find all non-dominated extreme points of a single object function rapidly, an improved
particle swarm optimization based on clustering is proposed in this paper. This algorithm can improve
the subordinate particle swarms and locate multiple non-dominated extreme points by introducing
two new evolutionary operators, namely, clustering technology based on Pareto, and a mature escape
strategy. Taking the Mth subordinate particle swarm Sm(t) as an example, the description of two
improved algorithms can be shown as below:
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Figure 1. Parallel optimization model of algorithm.

In this paper, a clustering technology dominated by Pareto has been proposed. This technology
can divide the particles in the subordinate sets S(1) into multiple categories, so different categories
could search different extreme points at the same time. To be specific, this clustering technology mainly
includes confirmation of the class seed and its classes. The Algorithm 1 is described below:

Algorithm 1: Class seed determination algorithm

Input: Lsorted
Output: PS
1: Begin
2: PS = ∅
3: While not reaching the end of Lsorted;
4: Get best unprocessed ρ ∈ Lsorted;
5: flag = 0;
6: For all sp∈PS
7: If d(sp,p) ≤ rs;
8: flag = 1;
9: break;
10: Endif
11: Endfor
12: If flag = 0 and p is non-dominated with respect to the PS
13: Let PS← PS∪{p}
14: Endif
15: Endwhile
16: End

In this algorithm, the set Lsorted is the input. All particles in the subordinate particle swarms are
in descending order based on the fm value of elements in Lsorted. Firstly, one null set PS is initialized
to reserve all acquired class seeds; next, the distance between the particles in Lsorted and discovered
class seed in PS is inspected. If the distance between one particle and a random class seed in the PS
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is greater than the radius rs, and cannot be dominated by the class seed in PS, then this particle can
reserved in the set PS as a new class seed. The class radius in this paper is:

rs = k0

√
n

∑
i=1

(ub(i)− lb(i))2 (6)

where ub(i) and lb(i) are the upper and lower bound of the ith decision variable, K0 is the radius
coefficient among the value range [0, 1].

Multiple class seeds with good distribution technology can be confirmed through the clustering
technology mentioned above, and the distance between the particles in Sm(t) and PS has been inspected
one by one. If the distance between the particle and the class seed is smaller than the radius, then this
particle will be kept in the corresponding classes of class seed. Lastly, all particles that haven’t been
classified successfully will be gathered, forming pseudo classes. Based on the two improved operators
mentioned, improved particle swarm optimization can be obtained.

3.2.1. General Framework

A new PSO algorithm for use in network clustering has been proposed in this paper. The
principles that are used to define the particle status are introduced in this paper. Moreover, in order to
make improvements in exploring the effect of this algorithm, turbulence operations were developed.
The introduction of a local search strategy would be useful in enhancing use. Thus, detailed information
of the algorithm will be discussed in this section.

The proposed PSO-based network-clustering algorithm (Algorithm 2) works as follows:

Algorithm 2: PSO-based network-clustering algorithm

Input:
pop: particle swarm size;
gmax: number of iterations;
ω: inertia weight, learning factors c1 and c2;
A: network adjacency matrix.
Output: the network community structure.
1: (Step 1) Initialization
2: (Step 1.1) Initialize the population, i.e., initialize the position vectors X1, X2, ..., Xpop and initialize the
velocity vectors V1, V2, ..., Vpop;
3: (Step 1.2) Initialize the personal best position vectors P1, P2, ..., Ppop and the global best position vector G;
4: (Step 2) Update: For i = 1, ..., pop, do
5: (Step 2.1) Update the particle velocity vectors according to Equation (7);
6: (Step 2.2) Update the particle position vectors according to Equation (8);
7: (Step 2.3) Turbulence operation on the position vectors;
8: (Step 3) Local search: implement the local search procedure on the global best vector G;
9: (Step 4) Stopping criterion: If the stopping criterion is satisfied, then stop and output. Otherwise, go to Step
2).

3.2.2. Particle Representation

A solution to solve optimization problem can be represented by a particle. The position vector
of particles is also used to solve network-clustering problem. The string coding system is used to
solve problems related to optimization. In this system, the position vector can be regarded as one
integer permutation.

Figure 2 shows the particle representation scheme in detail. Every element of the position vector
is regarded as one integer, which is regarded as the cluster label of the corresponding node. If nodes
share the same label, they belong to the same cluster.
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It is easy to use and obtain the adopted particle representation scheme. It is not necessary to
define the number of network communities, as this is determined automatically already.

3.2.3. Particle Update Rules

Because the particle velocity and position vectors are all integer coded, the update rules in
Equations (4) and (5) do not fit the requirements of the recommendation problem. In this paper, we can
define the update rules in a discrete form again. The redefined rules are the following:

Vi ← sig(ωVi + c1r1(Pi ⊕Xi) + c2r2(G⊕Xi)) (7)

Xi ← XiΘVi (8)

where the operator ⊕ is the XOR operation, and the sig(x) function works as follows:

sig(x) =

{
1 i f rand(0, 1) < 1/(1 + e−x)

0 i f rand(0, 1) ≥ 1/(1 + e−x)
(9)

The sig(x) function maps the velocity vector into a binary code sequence; as a result, the operator
Θ can be seen as the key operation of the newly defined particle update rules. In this paper,
in consideration of the network topology and the features of the optimization objective function,
we can define the operation of Θ in the following way:

XiΘVi =
{

xi1
′, xi2

′, · · · , xin
′} (10)

In this equation, if an element of Vi is zero, xij
′ = xij; otherwise, xij

′ is calculated as follows:

xij
′ = argmax∆Q(xij ← xik

∣∣k ∈ Nj) (11)

where Nj is the neighbor set of node j.
From Figure 3, we can see the operations of the updated rules clearly. The topology information

can be fully used because of the updated rules of the particle status. It turns out that the proposed
algorithm can be used to feasibly complete community discovery tasks.

In Equation (11), the value xik that generates the largest modularity increment is turned, while the
xij element is repulsed by the value xik. After defining the position update rules, a large value can be
obtained for this object function because the community identifier is found to be effective in increasing
the modularity. Therefore, if multiple xik can lead to significant modularity increases, we will choose
one of the modularities at random.

After updating the particle position, a turbulence operator was designed to preserve the
population diversity. If most people or one person share the same feature, they can be regarded
as one cluster. The designed turbulence operation can be used in the following way:
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Firstly, it is important to know whether it can work with the possibility of 0.5. Secondly, we will
try to get a dominated identifier from other, nearby particles in order to update the position element
afterwards. If more than one dominated identifier is found, we just pick one. Algorithm 3 has shown
the pseudocode of the operation.

Algorithm 3: Pseudocode of the local search operation

1: for i = 0; i < vertex; i++
2: (a)NL[] = find(node[i].NeighborLabel);
3: (b)DiffL[] = DifferentLabel(NL);
4: (c)for j = 0; j < size(DiffL); j++
5: (c)i.DQ[] = deltaQ(node[i].label← DiffL[j]);
6: (d)end for
7: (e)if max(DQ[]) > 0
8: (c)i.node[i].label = DiffL[max];
9: (c)ii.break;
10: (f)end if
11: end for

The global best particle is regarded as a leader, which makes the local search step only able to
lead the swarm in certain regions as a guider.Sustainability 2018, 10, x FOR PEER REVIEW  10 of 16 
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4. Results and Analysis

This study takes big data from micro-blog topics about recycled water use as a data source,
and 18 high-frequency keywords are taken as nodes of complex networks about recycled water use;
the behavior of “follow-followed by” and “forward-dialogue” among micro-blog users are taken as
clues. With PSO, twelve key words among micro-blog topics are clustered into 3 communities, which
are shown in Figure 4.

NMI is an index that is used to measure the proximity of two set elements. With this index,
one can know the difference between the obtained community structure with the algorithm, and the
actual structure.

Assuming R is the actual community classification of the network, D is the community
classification of the network obtained from algorithm. M is a matrix, and the element mij in M
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is the node quantity of the intersection between the ith community set and the jth community set.
The mutual information computation formal between R and D is the following:

NMI =
−2∑KR

i=1 ∑KD
j=1 mij log(

mij N
mimj

)

∑KR
i=1 mi log(mi

N ) + ∑KD
j=1 mj log(

mj
N )

(12)

KR and KD represent the quantity of R community and D community respectively, while
mi. (mj) represents the sum of elements of the ith row (j line) in the matrix; N is the quantity of
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Figure 4. Detected communities structure of the complex network regarding to the topic of recycled
water use on micro-blog.

When the actual network does not exist, we will compare the functional values obtained from each
algorithm, because we used the algorithm to find the corresponding network community classification
when the modularity density is at its maximal value; the greater the obtained functional value, the more
comprehensive search ability of the algorithm.

In order to inspect whether the results shown in Figure 4 are credible, traditional NMI indicators
were used to measure the advantages and disadvantages of the obtained network community structure
obtained with the algorithm. Independent operation of the algorithm was performed 30 times.
The obtained network community structure obtained from each algorithm operation test was recorded,
and the NMI value was calculated. Because the topological structure of a simulative network is
controlled by three parameters, the results obtained in the algorithm with all parameter combinations
are recorded in the statistics, and the statistical results are shown in Figure 5.
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Figure 5. Average NMI values for the complex network regarding to the topic of recycled water use
on micro-blog.

Parameter µ determines the proportion of the quantity of internal edges in the community and
the edges among communities. The edge among communities will be denser if the parameter µ is
greater; then the community structure will be vaguer. When µ = 0.2, a clear community outcome can
be obtained. Figure 5 shows a three-dimension display of the statistic results obtained after having
performed 30 independent operations of the algorithm. From the results show in Figure 5, it can
be seen that the network community has clear discrimination, which verifies the fact that PSO is
effective in classifying the community structure about recycled water use on the micro-blog. Therefore,
a conclusion could be drawn that the result shown in Figure 4 could responsibly reflect hot topics
about recycled water use on a micro-blog.

As shown in Figure 4, the key words appearing in micro-blog topics about recycled water use can
be clustered into three communities (shown in Figure 4), consisting of yellow points, green points and
red points.

The community of yellow points consists of key words like “Upgrading and reconstruction”,
“Construct”, and “Invest”. Considering micro-blog topics and the development situation of recycled
water use in China, key words such as “construct” and “invest” could reflect the development tendency
of recycled water use industry in China at present. Meanwhile, the key words “upgrading and
reconstruction” reflect the popularization of the industry of recycled water use in China, so as to make
improvements on the processing technologies of municipal wastewater treatment, or to add in-depth
processing technology to current wastewater treatment procedures as a major processing technology.

The community in red points consists of key words like “improve”, “Environmental protection”,
“Environmental restoration”, “Water saving” and “Relieve”. This series of key words describes the
positive effect of recycled water use on the environment, and reflects the positive image of recycled
water use in the minds of Chinese netizens. It can be seen that recycled water use has a good foundation
in terms of social opinion and popular will.

The community in green points consists of key words like “industrial”, “irrigate”, “lake”, and
“river”. These key words indicate the main usage of recycled water in China at present. Currently, the
popularization of recycled water use is at an initial stage of development. The construction of recycled
water facilities and the public’s acceptance of recycled water use determine the popularity; at present,
recycled water is mainly used as industrial cooling water, agriculture irrigation water, river and lake
water replenishing, and therefore, does not come into contact with human bodies directly.

According to the other key words in the topics of recycled water use on the micro-blog, conclusions
can be made: the use ratio of recycled water, the price of recycled water, the pipeline to transport
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recycled water, and emerging membrane technology that is used in the wastewater treatment are major
concerns of micro-blog netizens. Meanwhile, the Water Affairs Bureau also shows up in discussions of
recycled water use, which shows its important role in the popularization of the technology. Recycled
water use could improve the water environment. Therefore, the popularization of recycled water use
has great significance for sponge city. Sponge city appears in the key words that show up with high
frequency in the topic about recycled water use, which also verifies the close connection between
recycled water use and Sponge city.

5. Discussion

The core object of this research is to find the hot topic of the public’s concern about recycled
water use, and cluster the key words appearing in the micro-blog topics about recycled water use.
The research conclusions reflect the concerns of Chinese netizens; we obtained the following inspiration
from these research conclusions:

In recent years, recycled water use and wastewater treatment plants have been built rapidly in
China. For example, the capacity and efficiency of wastewater treatment plants have increased from
0.4 × 106 m3 and 14.9%, respectively, in 1991 to 3.8 × 106 m3 and 89.3% in 2013 [31]. The conclusions
of micro-blog big data digging conforms to the actual situation; key words that were contained in the
yellow points community like “Upgrading and reconstruction” and “Construct” and “Invest” reflect
the rapid growth of recycled water use in China.

At present, Chinese netizens are very positive towards the reclaimed water use. As shown in the
red points community, Chinese citizens are mainly concerned about the improvement of environment
resulting from reclaimed water use. Numerous research has been undertaken in different countries
like Australia and the United States, indicating that residents felt disgusted about the reclaimed water
use, i.e., the so called “yuck factor” [32]. Despite this finding, this is not the concern of Chinese
netizens. This may have something to do with the low popularity of reclaimed water facilities, and the
fact that reclaimed water use hasn’t affected the vital interests of most netizens. However, based on
the experience of popularizing the use of reclaimed water in many countries, the public’s aversion
and objection to it is an important reason for the popularization of reclaimed water use. Therefore,
preventing this from happening and guiding Chinese citizens to keep a positive attitude shall be taken
into serious consideration.

At present, the approaches of reclaimed water use in China are very restricted. Reclaimed
water use in modern society began in the middle of the 19th century. With nearly two centuries of
development, current technology can be used to produce reclaimed water with any water quality
standard. Reclaimed water has been widely used in groundwater recharge, non-potable uses, and even
potable uses [33], as shown in Figure 4: for the usage of reclaimed water, the Chinese netizens concern
about industrial uses, irrigating, lake and river recharge, as well as the usage with low degree of
contact with human body. Therefore, it can be seen that the usage of reclaimed water is very limited,
so the water management department must consider the issue of expanding safe and reliable usage of
reclaimed water that can be accepted by the public.

Pipeline construction is an important factor that affects the popularization of reclaimed water use
in China. The reused reclaimed water in China at present is produced by wastewater treatment plants,
and then transported to water users through pipelines [34]. Meanwhile, the construction expense of
pipelines is high; as one of the most important factors restricting the popularization of reclaimed water
use in China, the construction of pipelines has drawn much attention from Chinese netizens.

New types of wastewater treatment technologies comprising membrane technology have
provided a new direction for popularizing the use of reclaimed water in China. The emergence
of new types of wastewater treatment technologies makes it possible to produce large-scale and
automatic reclaimed water production equipment, and it resolves the technical obstacle of adopting
distributed reclaimed water use modes. Therefore, using small-scale reclaimed water equipment in
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populated areas that are far away from municipal pipelines is a new tendency for the popularization
of reclaimed water use in China.

Price is a factor that has a direct effect on the public’s acceptance level vis a vis reclaimed water use.
As a substitute for running water, the public’s acceptance degree is affected by both price, and price
relations between recycled water and tap water prices. Therefore, the pricing of reclaimed water is
more complicated than common commodities. Meanwhile, as a major concern of Chinese netizens,
price also shows the public’s concern about the reclaimed water price.

Urban construction in Haimian provides a new opportunity for reclaimed water use. Keeping the
purification of water is one of the important goals to promote the urban construction of Mianyang.
The reclaimed water use can not only increase the volume of wastewater treatment, but also reduce
the discharge of pollution in natural water systems. Moreover, it also reduces the exploitation of
water resources by human activities. Therefore, reclaimed water use plays an important role in urban
construction in Mianyang. In contrast, the urban construction of Mianyang also provides a new
opportunity for the popularization of reclaimed water use in China.

Government-oriented popularization of reclaimed water use is a major tendency among hot topics
like use-ratio and the water affair bureau. By setting goals for the use-ratio for reclaimed water use,
we can construct facilities to make reclaimed water use compulsory. Undoubtedly, at the first stage
of the popularization, this solution could speed up the progress for the popularization of reclaimed
water use. However, if guiding policy of urban residents’ behavior cannot be changed in time to
improve public attitudes towards reclaimed water use, and willingness to pay for it, the facilities that
are constructed may amount to nothing.

The deficiencies of this study are that most topics about recycled water in micro-blogs are lead by
government organizations and enterprises, and there are very limited discussions made by ordinary
citizens. As a result, it was difficult for the author to find the real opinions of the pubic regarding to the
recycled water by the described means. In future studies, we shall obtain data about ordinary citizens’
attitude towards recycled water use.
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