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Abstract: The real estate market is vital for national economic development, and it is of great
significance to research an early warning method to identify an abnormal status of the real estate
market. In this study, a real estate early warning system based on the PSO-LSSVR model was created
to train and test the indicator data of Beijing from 2000 to 2020, and to predict the early warning
indicator of the Beijing real estate market from 2021 to 2030. The results showed that the warning
status of the Beijing real estate market went from a fluctuation status to a stable “Normal” status
from 2000 to 2020, and the warning status is expected to be more stable under a “Normal” status in
the next decade under the same political and economic environment. The PSO-LSSVR model was
found to have accurate prediction ability and demonstrated generalization ability. Furthermore, the
warning status of the Beijing real estate market was analyzed in combination with national historical
policies. Based on the results, this paper proposes policy recommendations to promote the healthy
and sustainable development of the real estate market.
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1. Introduction
1.1. Background

Over the past few decades, the rapid development of China’s real estate market has
actively contributed to the rapid growth of China’s GDP, especially after the 2008 global
economic crisis. Moreover, the rapid development of the real estate industry has also led
to the development of the construction industry, decoration, home appliances, furniture
industry and so on. According to the China Statistical Yearbook 2021, the GDP of the real
estate industry accounted for 7.3 percent of the country’s total GDP, and the property-
related construction industry accounted for 7.2 percent of the country’s total GDP in the
year 2020 [1]. On the other hand, the real estate industry has become an important part of
fixed asset investments, where fixed asset investments are one of the troikas for economic
growth (investment, export and consumption). Hence, the developing real estate industry
has become one of the important economic pillars of China’s economic development.
However, the excessive development of any industry will bring negative effects on society.

First, when the real estate boom is excessively prosperous, there will be a large number
of excess funds, bank loans and corporate funds flowing into the real estate market, which
will lead to the phenomenon of “industry emptiness” (the decline in the development level
of the primary and secondary industry lead to the unbalanced structural proportion of
national economic demand and the continuous shrinkage of domestic investment, which,
in turn, lead to the substantial reduction in employment opportunities and social problems,
such as a rising unemployment rate) [2].
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Second, the development of the real estate market is closely related to the macroecon-
omy. Excessive development of the real estate market promotes the investment flow into
related industries, which leads to a shortage of resources supplied to other industries [3]. To
solve such conditions, the government usually restrains the development of the real estate
industry through credit regulation and land regulation policies, which leads to the rapid
cooling of the real estate industry and economic recession [4]. The excessive development
of the real estate industry and the drastic macro-control will lead to excessive fluctuations
in the macroeconomy [5].

Last, but not least, the rapid development of the real estate industry has introduced a
large amount of investment of capital and the public. Excessive investment will lead to the
market price being greater than the actual price, which leads to economic bubbles in the real
estate industry [6]. When the bubble bursts, the loans from financial institutions and banks
to real estate enterprises will turn into bad debts, which will lead to the occurrence of an
economic crisis and financial crisis in serious cases, and then lead to industrial depression,
the sharp increase in unemployment and crime rate, and other social problems [7]. The
economic depression caused by the bursting of the real estate bubble will bring enormous
harm to the national development and living quality, as the U.S. real estate bubble burst in
the late 1980s led to the bank crisis, and at the beginning of the 21st century, the U.S. real
estate bubble burst led to the subprime mortgage crisis and the biggest financial crisis since
1930. The real estate bubble burst in Japan in the 1980s set off a decades-long economic
recession. These classic real estate bubble bursts offer warnings for other countries’ real
estate developments.

In contrast, if the real estate industry appears excessively depressed, the public, capital
and government will lose confidence in the real estate industry, which will further affect
the development of the real estate industry and the development of the macroeconomy [8].
Moreover, the construction industry, which is closely related to the real estate industry,
and the back-end industries will be seriously affected [9]. Therefore, it is necessary to
establish an early warning system for the real estate market to prevent the bubble and
further enormous harm to the national and social development. A real estate market early
warning system can also help the urban government and supervisory agencies to reduce the
risk of bubbles in advance [10]. Furthermore, a real estate market early warning system can
provide a scientific basis for the government’s macro-control and correctly guide investors
away from irrational investment and consumption in the real estate market to promote the
healthy and stable development of the market [11].

1.2. Literature Review

The real estate industry has the characteristics of information asymmetry, fixedness
and transaction dispersion [12,13], and the effective balance of the general industrial
structure and supply–demand relationship of the real estate industry cannot be achieved
only through market forces [14]. Hence, research on the real estate market is complicated
and diverse. With the continuous development of science and technology, more and more
automatic methods were applied to the sustainable development of the real estate market,
such as artificial intelligence [15] and machine learning [16]. However, from previous
studies, we can still find some research ideas and theories, which are conducive to the
comprehensive development of relevant research.

In a previous study, Pyhrr et al. observed the cyclical phenomenon of the Western real
estate market since the 1960s and then researched the change laws and periodic mechanism
of the real estate market [17,18]. With the in-depth study of the real estate cycle, scholars
gradually realized the importance of early warning for the real estate market. In the 1990s,
Nieboer et al. first established a real estate market early warning system based on the
housing vacancy rate by studying the relationship between the housing vacancy rate and
the trend of the real estate market in the Netherlands [19]. Subsequently, as a country with a
well-developed real estate market, the United States found the real estate downturn signal
of the Chicago community by observing the fluctuation and mechanism of the real estate
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cycle, and then detecting seven abnormal change indicators and establishing the original
real estate early warning model [20]. With the proposal of the Case–Shiller (CS) housing
price index, scholars used to research the relationship between the real estate market
and macroeconomic phenomena by combining the Case–Shiller housing price index and
early warning leading indicators [21,22]. Huang et al. adopted the deep learning method
in the Time-Varying Parameter-Vector Autoregression (TVP-VAR) model to research the
monitoring and early warning of systemic financial risk, where the results showed that the
real estate market is closely related to the country’s systemic financial risk [23].

In addition, scholars in different fields researched the methods and applications of
early warning systems [24]. With the development of the research field, the concept
and methods of early warning systems have been widely introduced into the aerospace
study [25,26], ecological systems research [27], seismic research [28,29], transportation
study [30,31], medical study [32,33] and real estate study [34].

With the rapid development of science and technology, more methods have been
adopted in the research of early warning systems. Begusic et al. adopted the system
dynamics to research the system risk in the financial market and real estate market, which
was achieved by researching the spatio-temporal spillover effect of system information
feedback to obtain early warning signals of the market [35]. Huang and Feng proposed
an early warning method based on the monitor indicators and statistical method and
simulated the policy regulation of the real estate market in Shenzhen by combining system
dynamics [36]. Yang used computer technology based on the principle of the PROBIT
model to design an early warning system to analyze risk verification in the real estate
market and the results showed that the early warning system had an approximately
85% early warning rate [37]. Kholodilin and Michelsen used modern machine learning
methods to forecast the real estate market bubbles in Germany and presented an early
warning model to analyze the speculative risk in the real estate market; furthermore,
they provided some market intervention suggestions for the German government [38].
Wang et al. analyzed the real estate market in Beijing by establishing an early warning
model based on multi-class support vector machines and put forward policy suggestions
for the healthy operation of the real estate market [34]. Based on previous research on the
real estate market, it was found that the machine learning model has better processing
capacity than the transmission statistical model for solving nonlinear problems [39,40]. In
recent years, scholars established early warning index systems for the real estate market
through different methods, and conducted early warning research through qualitative and
quantitative methods, promoting the research of early warning index systems to gradually
reach a mature stage of development.

Based on the relatively mature development of the real estate early warning indicators
research, further research of indicator selection should take into account the market supply–
demand relationship, internal coordination, external economic factors and so on. The
methods for early warning systems were developed from basic index analysis research
methods to statistical research methods and then to comprehensive early warning models.
Moreover, with the in-depth research, the early warning research of the real estate market
has changed from qualitative research to a combination of qualitative and quantitative
research. With the rapid development of computer science and artificial intelligence, more
and more theories and methods were introduced into the real estate early warning model,
and new research ideas were developed [41]. However, in the current research on the real
estate market early warning, the problems of a small sample, overall generalization ability
and nonlinearity cannot be solved easily.

Due to the complexity of the real estate market system and the lack of historical
data, there will be insufficient training, unstable performance and overlearning when
the neural network is training. All of these factors will lead to unsatisfactory prediction
results. As a result, Cortes [42] proposed the support vector regression (SVM), which has
demonstrated excellent performance in solving small-sample, nonlinear, high-dimensional
problems. That is why SVR, the regression version of SVM, is widely used in energy
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research [43]. SuyKens et al. [44] improved least-squares support vector regression (LSSVR)
in 1999, the least-squares formulation of SVR, which has better generalization abilities
and powerful computation. Chou et al. [45] found that LSSVR is more accurate than
regression analysis and neural networks for building energy consumption. However,
there are still disadvantages to LSSVR due to the choice of kernel and regularization
parameters; therefore, particle swarm optimization (PSO) was introduced to improve the
LSSVR. PSO-LSSVR was successfully employed in many fields, especially in the evaluation
of engineering projects. For this reason, some scholars specifically analyzed and examined
its operating principle [46,47]. In addition, the LSSVR model has the characteristics of
a fast training speed, which is helpful to obtain a more effective regression model in a
complex system. The PSO model has the characteristic of a fast convergence speed, which
can further improve the accuracy of the prediction. Through continuous iteration of the
PSO model, the most appropriate prediction parameters can be quickly found. The most
important point is that the LSSVR model is suitable for exploring potential lows from
historical data and predictions, while the PSO model has relatively low requirements for
optimization functions; therefore, the PSO-LSSVR model is more suitable for the research
of the real estate market with small data [48]. However, PSO-LSSVR in real estate market
prediction has not been widely applied.

As the political, economic and cultural center of China, Beijing has a large population
inflow and a high housing demand [49]. The real estate market in Beijing has the character-
istics of a mass market, high land prices and high commercial housing prices, which are
related to urban and economic sustainable development [50]. Based on the particularity
and activity of the Beijing urban real estate market, it is vital to research the ability to
provide an early warning of an abnormal status of the Beijing real estate market to ensure
the stable and sustainable development of the Beijing real estate market. Furthermore, the
sustainable development of the real estate market plays an important role in promoting the
steady development of the urban economy and society. This study considered multiple
indicators of the real estate market and adopted the PSO-LSSVR model to test and predict
the early warning status of the Beijing real estate market. This study can make the real
estate market early warning system research richer; furthermore, a PSO-LSSVR model
can enrich the research on prediction methods more generally. The rest of this paper is
arranged as follows. Section 2 establishes the PSO-LSSVR model and discusses the early
warning system indicators. Section 3 presents the results of an empirical analysis of data of
the Beijing real estate market from 2000 to 2020 and establishes the early warning system
based on the analysis. Section 4 discusses the results of the Beijing real estate early warning
system and presents early warning predictions for the Beijing real estate market for 2020,
further providing policy implications. Section 5 concludes the paper.

2. Materials and Methods

In this section, the related theories and methods for the construction of the real estate
market early warning system are introduced. The least-squares support vector regression
(LSSVR) theory was used to train the sample data and make a prediction by finding the
required parameters. Particle swarm optimization (PSO) theory was used to optimize
the model parameters and find a combination of parameters with a higher accuracy via
continuous iterations. To reflect the prediction mechanism of the PSO-LSSVR model, a flow
chart was made, as shown in Figure 1.

The standardization method was used to make the values of the influencing factors
dimensionless and convert the influencing factors from obeying the normal distribution to
obeying the standard normal distribution, which could divide the predicted market status
based on the standard normal distribution. The risk matrix method was used to analyze the
situation of the real estate market, according to the market status of the different predicted
factors, and provide an early warning of an abnormal market status.
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Figure 1. The operation mechanism for the PSO-LSSVR model.

2.1. Least-Squares Support Vector Regression (LSSVR) Theory

In this section, the principle of LSSVR is described briefly: Let S = {(xk, yk)|k = 1, 2, . . . , n}
be a set of training sample points, where xkεRn is the input vector, and ykεRn is the output
vector. With a nonlinear map ϕ(·) the sample from the original space Rn is mapped into
the feature space ϕ(xk). The optimal decision function is defined as follows:

y(x) = ωT ·ϕ(x) + b (1)

where ω is the weighted vector, ϕ(x) is the kernel space mapping function and b is a
constant. Usually, coefficients ω and b are obtained by minimizing the upper bound of
generalization error.

According to the principle of structural risk minimization, the regression problem can
be transformed into an optimization problem with constraints. The target function and
constraint are formulated as follows:

minω,b,e(ω, e) =
1
2

ωTω +
1
2

γ
n

∑
k=1

e2
k (2)

s.t.
yk = ωT · ϕ(xk) + b + ek



Buildings 2022, 12, 706 6 of 20

where k = 1, 2, . . . , n; γ is the regularization parameter; and ek is the slack variable.
To solve the problem, the Lagrange function is defined as follows:

L(ω, b, e, α) = φ(ω, e)−
n

∑
k=1

{
αk

[
ωT · ϕ(x) + b + ek − yk

]}
(3)

where αk is the Lagrange multiplier. According to the Karush–Kuhn–Tucker condition, the
conditions for optimality are

ω =
n
∑

k=1
αk ϕ(xk)

n
∑

k=1
αk = 0

αk = ekγ

ωT · ϕ(xk) + b + ek − yk = 0

(4)

Equation (4) can be transformed into linear equations:
0 1 · · · 1
1 K(x1, y1) +

1
γ · · · K(xl , yl)

...
...

. . .
...

1 K(xl , yl) · · · K(xl , yl) +
1
γ




b
α1
...

αl

 =


0
y1
...

yl

 (5)

Once the values of α and b are found, the fitting function is represented as follows:

f (x) =
l

∑
k=1

αkK(x, xi) + b (6)

where K(x, xi) = ϕ(x)T ·ϕ(xl) is the Kernel function, which expresses a nonlinear mapping
from a low-dimensional to a high-dimensional space.

In this study, the radial basis function (RBF) was selected as the kernel function, which

can be expressed as K(x, xi) = exp

(
−‖x− xi‖2

2σ2

)
, where x is an m-dimensional input

vector, xi is the center of the ith RBF, σ2 is the length of the Kernel function and ‖x− xi‖ is
the norm of a vector, which is the distance between x and xi.

It can be seen from the model that the LSSVR model transforms the original inequality
constraints of the SVR model into equality constraints, which can improve the efficiency
of operation, and further simplify the problem by solving equality constraints and least-
squares problems.

2.2. Particle Swarm Optimization (PSO) Theory

The PSO, which simulates the hunting activities of birds and fish, is a random search
algorithm that is able to solve the global optimal solution. The PSO is initialized with a
random population of m particles, which is X = {X1, X2, . . . , Xm}. Each particle is a point
in a D-dimensional space and a feasible solution in the solution space. Particles change
their position by moving in the solution space until arriving at the optimal solution. The
position of the ith particle is Xi = {xi1, xi2, . . . , xid}(i = 1, 2, . . . , m) and the velocity of
the ith particle is Vi = {vi1, vi2, . . . , vid}(i = 1, 2, . . . , m). Pbest(i) is the local best position,
and Gbest is the global best position. The position of the ith particle in the kth iteration is
computed using

xid(k + 1) = xid(k) + vid(k + 1) (7)
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The velocity of the ith particle in the kth iteration is computed using

vid(k + 1) = w · vid(k) + c1r1 · (Pbest(i)− xid(k))− c2r2 · (Gbest − xid(k)) (8)

where r1 and r2 are two random numbers in a range of [0,1]; c1 = c2 = 2 are acceleration
coefficients; and w is the inertia weight factor, which is determined using Equation (9).

w = wmax − (wmax − wmin)
ni

nmax
(9)

The velocity of each particle at the kth iteration depends on three components:

(1) The inertia term w·vid(k) is affected by the constant inertia weight w and the previous
step velocity term.

(2) The cognitive learning term c1r1·(Pbest(i)− xid(k)) is the distance between the par-
ticle’s best position so far found (called Pbest(i)) and the particle current position
(called xid(k)).

(3) The social learning term c2r2·(Gbest − xid(k)) is the distance between the global best po-
sition found thus far in the entire swarm (called Gbest) and the particle’s current position.

PSO implementation involves the following steps:
Step 1: Set the parameters of the PSO algorithm, such as the particle swarm size,

inertial weight factor w, learning factors c1 and c2, and random numbers r1 and r2.
Step 2: Randomly initialize the velocity and position of the particles.
Step 3: Compute the fitness of the ith particle and obtain the local best position Pbest(i)

and the global best position Gbest.
Step 4: Update the local best position Pbest(i) and the global best position Gbest.
Step 5: Update the velocity and position of the particles via Equations (7) and (8).
Step 6: If the maximum number of iterations is achieved or the optimal solution is

found, then we may obtain the global best position; otherwise return to step 3.
Using different parameters as input combinations in LSSVR can produce a different

model forecasting accuracy. Therefore, more importance is attached to the PSO-LSSVR
model since it can select optimization parameters while modeling. The PSO algorithm
optimizes the Kernel parameter σ2 and regularization parameter γ in LSSVR, which
can improve the prediction accuracy and reduce the uncertainty and randomness of the
model results.

From the calculation process of the PSO model, the PSO model does not require the
optimized function to have certain mathematical properties, such as being continuous,
differentiable and derivable, which is especially suitable for small data samples, such as
real estate markets.

2.3. Standardization Risk Matrix Method

The risk matrix method is a qualitative risk assessment analysis method that can
comprehensively evaluate the risk of the possibility of danger and the severity of the
injury [51]. Similarly, this method can be extended to all two-factor evaluation grading.
This study divided the degree levels of the two factors at first and expresses them in
the form of a matrix. According to the research needs, the result area is divided into
different grades based on the effective diagonal line by using the risk matrix method for
reference. When dividing the level of influencing factors, the influencing factors can be
standardized. According to the distribution function of the standard normal distribution,
the corresponding division points are determined, and the standardized influencing factors
are divided based on the standard normal distribution.

The standardization risk matrix method implementation involves the following steps:
Step 1: Standardize the values of influencing factors according to historical data using

the standardized formula.
x′ =

x− µ

σ
∼ N(0, 1) (10)
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Step 2: According to the required classification number, find the corresponding classi-
fication points of the two influencing factors by the standard normal distribution table.

Step 3: Establish a risk matrix according to the levels of two factors.
Step 4: Classify the different units of the risk matrix using the diagonal lines.
Step 5: Substitute the standardized influencing factor values into the risk matrix and

obtain the final grading.
Based on the research design, this study established an analytical framework to sort

out selected research methods and research questions, as shown in Figure 2.

Figure 2. Analytical framework for the research methods and research problems.

3. Results
3.1. Choice of Urban Early Warning Indicators

The real estate market is a complex system, which is related to the constraints of urban
development, urban residential economic behaviors and other fields; therefore, it is impos-
sible to simply determine the relevant influencing indicators. In this study, considering
the relationship between the real estate market and the national economy, the investment,
gross domestic product (GDP), people’s living standards and commercial housing prices
were taken into account. On the other hand, the relationship between supply and demand
in the real estate market is one of the key factors affecting the stable development of the
real estate industry. Therefore, the sales of commercial housing, residential area per capital,
Engels coefficient and housing income ratio were all taken into account. In addition, this
study considered the coordination relationship within the real estate industry, extraction of
construction area, completed area, residential and commercial housing construction invest-
ment ratio and other factors for analysis. Furthermore, the better-balanced development
of measurement capabilities of relative indicators was considered rather than absolute
indicators. Hence, most of the early warning indicators selected in this study were relative
indicators. Furthermore, 16 indicators were initially selected as the early warning indicators
for the urban real estate market from previous studies [52–63].

The indicator system of this study consisted of 2 variable types, 4 kinds of indicators
and 16 sub-indicators, which can be seen in Table 1. To clearly show the details of the
indicator system, the related factors and computation methods of the sub-indicators are
listed below.
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Table 1. Urban real estate market early warning indicators.

Types Indicator Sub-Indicators Serial Number References

Control
variables

Relationship between
the real estate market

and the national
economy

Real estate development investment level and
urban economic development level N1 [52]

Real estate investment level N2 [53]
Real estate development self-raised financing level N3 [54]

Ratio of commercial housing price growth and
urban residents’ income growth N4 [55]

Real estate land area purchased level N5 [56]

Relationship between
supply and demand

Commercial housing sales level N6 [57]
Land sales area level N7 [54]

Per capita residential area level N8 [55,58]
Commercial housing prices and urban residents’

disposable income level N9 [58,59]

Inner relationship
of the real estate

industry

Residential investment level in commercial housing
construction N10 [52]

Residential sales level N11 [54]
Residential area completion level N12 [53]

Proportion of new construction area of
commercial housing N13 [60,61]

Construction and completed area ratio N14 [62]

Dependent
variables

Early warning
indicators

Commercial housing price growth rate N15 [55,61]
Growth rate of the land area of commercial

housing sales N16 [56,63]

N1: Real estate development investment/GDP;
N2: Real estate investment/fixed-asset investment;
N3: Real estate development self-raised funds/real estate investment;
N4: Commercial housing price growth rate/urban residents’ disposable income

growth rate;
N5: Growth rate of real estate land area purchased/GDP growth rate;
N6: Commercial housing sales/real estate investment;
N7: Sales area/completed area;
N8: Per capita residential area/Engel coefficient;
N9: Commercial housing prices/urban residents’ disposable income;
N10: Residential investment/commercial housing construction investment;
N11: Residential sales/all commercial housing sales;
N12: Completed residential area/completed area of all commercial housing;
N13: New construction area of commercial housing/construction area;
N14: Construction area/completed area.
For the dependent variables, the selection should consider the directness and speed of

the reaction of factors. To reflect the situation of the real estate market comprehensively,
it is necessary to analyze it from both the demand and supply aspects. From the demand
aspect, housing consumption is one of the large types of asset consumption. Housing
demand is highly sensitive to price, and the changes in housing prices are more likely to
bring changes in the housing demand. Therefore, commercial housing price growth can be
taken as one of the dependent variables to judge the status of the real estate market. From
the supply aspect, the supply of land will largely determine the supply of the real estate
market; therefore, the growth rate of the land area of commercial housing sales can also be
taken as one of the dependent variables to judge the status of the real estate market.

The statistical data for the calculations were obtained from the China Statistical
Yearbook (2001–2021) (National Bureau of Statistics), the China City Statistical Yearbook
(2001–2021) (National Bureau of Statistics), the Beijing Statistical Yearbook, the China
Entrepreneur Investment Club (CEIC) database and the China Real Estate Information
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Corporation (CRIC) database [1,64–66], while the 2008–2020 statistical data came from the
National Health and Family Planning Commission Migrant Population Service Centre.
The data collected by these databases are highly accurate. As the capital and the political
center of China, Beijing attaches great importance to the need for social stability. As a
major factor affecting social stability, the housing problem has attracted the attention of the
local government and society. Therefore, it is particularly necessary to establish an early
warning system for the real estate market in Beijing. At the same time, Beijing is also one
of the megacities with economic development in China, and the development of its real
estate market is relatively thorough. However, China’s real estate market originated in
the 1990s of the last century, and various market mechanisms did not take shape until the
21st century, with the market gradually becoming mature. On this basis, according to the
exploitability of data, the time frame of the research was determined as 2000–2020. The
detailed data of early warning indicators for the Beijing real estate market from 2000 to
2020 are shown in Table 2.

Table 2. Early warning indicators data of the Beijing real estate market from 2000 to 2020.

Years N1 N2 N3 N4 N5 N6 N7 N8 N9 N10 N11 N12 N13 N14 N15 N16

2000 0.16 0.4 0.25 −0.95 4.037 1.83 0.70 0.47 0.53 0.55 0.87 0.74 0.64 2.99 −0.13 0.76
2001 0.20 0.51 0.28 0.23 1.456 1.54 0.71 0.5 0.49 0.59 0.87 0.82 0.73 3.06 0.03 0.26
2002 0.22 0.55 0.29 −0.68 2.428 1.73 0.72 0.6 0.42 0.59 0.88 0.81 0.77 2.6 −0.06 0.42
2003 0.23 0.56 0.31 −0.05 0.67 1.58 0.73 0.66 0.38 0.53 0.88 0.8 0.81 2.7 −0.01 0.11
2004 0.24 0.58 0.29 0.49 1.625 1.68 0.81 0.72 0.35 0.53 0.87 0.78 0.76 2.45 0.07 0.30
2005 0.21 0.54 0.4 1.96 0.934 1.84 0.74 0.75 0.4 0.51 0.82 0.75 0.76 2.13 0.34 0.13
2006 0.21 0.51 0.32 1.52 −0.403 1.52 0.82 0.84 0.43 0.50 0.75 0.69 0.75 2.23 0.22 −0.07
2007 0.19 0.50 0.43 3.53 −0.68 1.09 0.75 0.86 0.54 0.50 0.73 0.64 0.74 2.35 0.40 −0.17
2008 0.16 0.50 0.49 0.55 −2.904 0.7 0.52 0.91 0.51 0.49 0.72 0.55 0.71 2.6 0.07 −0.39
2009 0.18 0.48 0.44 1.23 8.351 1.01 0.88 0.96 0.52 0.39 0.76 0.60 0.68 2.64 0.11 0.77
2010 0.19 0.53 0.61 2.89 −1.913 0.57 0.69 1.08 0.61 0.52 0.71 0.63 0.66 3.32 0.29 −0.31
2011 0.18 0.51 0.58 −0.39 −0.82 0.47 0.64 1.18 0.51 0.59 0.66 0.59 0.67 3.93 −0.05 −0.12
2012 0.17 0.49 0.51 0.09 3.275 0.62 0.81 1.18 0.46 0.52 0.74 0.64 0.65 3.86 0.01 0.35
2013 0.16 0.50 0.61 0.83 −0.188 0.55 0.71 1.3 0.45 0.50 0.69 0.63 0.65 3.55 0.09 −0.02
2014 0.17 0.49 0.46 0.17 −2.753 0.37 0.48 1.31 0.42 0.50 0.77 0.59 0.63 2.94 0.02 −0.23
2015 0.17 0.52 0.54 2.26 0.811 0.37 0.59 1.41 0.47 0.45 0.71 0.52 0.65 3.03 0.20 0.07
2016 0.15 0.47 0.49 2.56 0.848 0.41 0.70 1.51 0.52 0.48 0.61 0.53 0.58 3.25 0.21 0.08
2017 0.13 0.41 0.46 1.89 −4.545 0.23 0.60 1.61 0.56 0.46 0.74 0.41 0.59 4.98 0.17 −0.48
2018 0.12 0.46 0.4 0.70 −1.895 0.18 0.45 1.64 0.55 0.48 0.66 0.53 0.72 4.46 0.06 −0.20
2019 0.11 0.47 0.31 0.60 5.094 0.24 0.70 1.65 0.53 0.49 0.81 0.43 0.74 4.82 0.05 0.35
2020 0.11 0.47 0.36 1.98 1.65 0.25 0.63 1.55 0.54 0.57 0.83 0.63 0.79 5.93 0.05 0.03
Mean 0.17 0.50 0.42 1.02 0.72 0.89 0.68 1.08 0.49 0.51 0.77 0.63 0.70 3.32 0.10 0.08

SD 0.04 0.04 0.11 1.21 2.94 0.61 0.11 0.39 0.07 0.05 0.08 0.12 0.07 1.01 0.14 0.34
CV 0.21 0.09 0.27 1.19 4.10 0.69 0.16 0.36 0.14 0.10 0.11 0.19 0.09 0.30 1.33 4.33

In order to better analyze the data of indicators N1 to N16 from 2020 to 2020, the
mean, standard deviation (SD) and coefficient of variation (CV) of the indicators are listed
in Table 2. The CVs of N1, N2, N3, N7, N9, N10, N11, N12 and N13 were less than 0.3.
which indicated that the changes in these indicators were stable. In addition, according to
Rayda’s criterion, p{µ− 2σ ≤ Xi ≤ µ + 2σ} = 0.9544, data with a difference of more than
two standard deviations (SDs) from the mean can basically be regarded as abnormal data.
Therefore, it can be seen that the value of N4 was abnormal in 2007 and that of N5 was
abnormal in 2009. Among other indicators, except for 2008, the value of N6 had a relatively
obvious downward trend, the value of N8 has a relatively obvious upward trend, and the
value of N14 had a relatively obvious improvement after 2017.

3.2. Training and Testing of PSO-LSSVR

The PSO algorithm has the advantages of fast convergence speed, collaborative search
and can easily leap over local optimal information. It can balance the global detection and
local mining ability of the LSSVR algorithm and dynamically adjust the parameters of the
LSSVR model linearly (or nonlinearly) according to the iterative process and particle flight.
To balance the global search and convergence speed, in this study, the upper limit of the
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adjustment iterations was set at 300. Through further optimization of the LSSVM model,
the accuracy of the prediction model was further improved. The iteration processes of the
PSO model for indicators N15 and N16 are shown in Figures 3 and 4, respectively.

Figure 3. The iterative process of the PSO model for the N15 early warning indicator.

Figure 4. The iterative process of the PSO model for the N16 early warning indicator.

Figures 3 and 4 are the fitting curves of the indicators N15 and N16 in the training
of the PSO-LSSVR model, respectively. It can be seen from the curve that the indicators
N15 and N16 both tended to converge above the 300-fold fitting degree. It shows that the
PSO model was better for the optimization of the LSSVR model. After the optimization
of the PSO model, its prediction accuracy was greatly improved. Furthermore, the PSO-
LSSVR model was used to train and test the indicators data of the Beijing real estate market,
and Figures 5 and 6 were obtained for N15 and N16, respectively.



Buildings 2022, 12, 706 12 of 20

Figure 5. The training values and actual values of the N15 indicator.

Figure 6. The training values and actual values of the N16 indicator.

Figures 5 and 6 are graphs that reflect the comparison between the training values and
actual values obtained in the PSO-LSSVR model of the indicators N15 and N16, respectively.
The blue points in the figure represent the results of the training values, and the red points
represent the actual values. It can be seen from the figure that the training values obtained
in the PSO-LSSVR model were highly consistent with the actual values. This situation
showed that the prediction accuracy of the PSO-LSSVR model was very high, and the
model could be used to predict the urban real estate market over the next ten years.

3.3. Prediction for Indicators N15 and N16 Based on PSO-LSSVR

In this study, the PSO-LSSVR model was constructed to predict the results of the
early warning indicators N15 and N16 for the next ten years. First, the trend extrapolation
method was adopted to extrapolate the results of the training indicators N1 to N14 over
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the next ten years. Then, the PSO-LSSVR model was used to predict the values for the next
ten years, as shown in Table 3.

Table 3. The predicted values of the influencing factors N15 and N16 for the next 10 years.

Year 2021 2022 2023 2024 2025 2026 2027 2028 2029 2030

N15 0.0802 0.0675 0.0781 0.0838 0.0906 0.0940 0.0970 0.0985 0.0994 0.0998
N16 0.0686 0.0565 0.0730 0.0706 0.0747 0.0757 0.0766 0.0770 0.0772 0.0772

The values in Table 3 are collated into Figures 7 and 8 to show the numerical trend of
indicators N15 and N16 for the next ten years more clearly.

Figure 7. The prediction results of indicator N15 for the next 10 years.

Figure 8. The prediction results of indicator N16 for the next 10 years.



Buildings 2022, 12, 706 14 of 20

Figures 7 and 8 respectively reflect the predicted values of the indicators N15 and
N16 for the next ten years. It can be seen from the prediction results that the indicators
N15 and N16 are expected to both show an overall upward trend for the next 7 years.
However, in the fourth year, N15 is expected to continue its upward trend, while N16 is
expected to decline. The following table reflects the predicted values of the influencing
factors N15 and N16 for the next ten years.

3.4. Early Warning Degree of Beijing Real Estate Market

In this study, the status of the urban real estate market was divided into three cate-
gories, namely, “cold”, “normal” and “hot”, where the ranges of the factor standard values
were used to determine the three categories. Considering the related research, the intervals
for this study could be determined as one standard deviation above and below the 0; there-
fore, the state space could be divided into three intervals as (−∞,−1),(−1, 1),(1, ∞) [34].
Subsequently, the three states of indicators N15 and N16 were divided into a matrix. Ac-
cording to the Guidelines for Tunneling Risk Management, the triangle of the risk matrix
represents the line of two elements in the median status of one dimension and the extreme
status of the other dimension represents one status. Since N15 and N16 are both factors
reflecting the market conditions of the real estate market, there should not be a mixed “cold”
and “hot” status. However, it is considered abnormal that two dependent variables exhibit
diametrically opposite judgments; therefore, such states can be remarked as “abnormal”.
Based on the above analysis, the states where both factors were cold or there was a mixture
of normal and cold were marked as “cold”, the states where both factors were hot or there
was a mixture of normal and hot were marked as “hot”, the states where the two factors
were a mixture of cold and hot were marked as “abnormal” and the remaining condition
with both factors being normal was marked as “Normal”. The results grading table was
obtained as shown in Table 4 below.

Table 4. Two-factor status grading mark table.

Header Cold Normal Hot
Cold Cold Cold Abnormal

Normal Cold Normal Hot
Hot Abnormal Hot Hot

After standardizing the original data and prediction results of indicators N15 and
N16 from 2000 to 2030 in Section 3.3, the results are shown in Tables 5 and 6. The indi-
cator data column represents the raw data collected and the standardized value column

represents the raw data normalized using the standardized formula
−
x =

x− µ

σ
.

Table 5. The warning status of the Beijing real estate market from 2000 to 2020.

Year
N15 N16

Warning DegreeIndicator
Data

Standardized
Value

Warning
Degree

Indicator
Data

Standardized
Value

Warning
Degree

2000 −0.13 −1.71 Cold 0.76 2.02 Hot Abnormal
2001 0.03 −0.54 Normal 0.26 0.54 Normal Normal
2002 −0.06 −1.19 Cold 0.42 1.01 Normal Cold
2003 −0.01 −0.80 Normal 0.11 0.09 Normal Normal
2004 0.07 −0.26 Normal 0.30 0.67 Normal Normal
2005 0.34 1.78 Hot 0.13 0.17 Normal Hot
2006 0.22 0.87 Normal −0.07 −0.44 Normal Normal
2007 0.40 2.17 Hot −0.17 −0.72 Normal Hot
2008 0.07 −0.20 Normal −0.39 −1.38 Cold Cold
2009 0.11 0.07 Normal 0.77 2.05 Hot Hot
2010 0.29 1.38 Hot −0.31 −1.14 Cold Abnormal
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Table 5. Cont.

Year
N15 N16

Warning DegreeIndicator
Data

Standardized
Value

Warning
Degree

Indicator
Data

Standardized
Value

Warning
Degree

2011 −0.05 −1.14 Cold −0.12 −0.59 Normal Cold
2012 0.01 −0.68 Normal 0.35 0.81 Normal Normal
2013 0.09 −0.09 Normal −0.02 −0.29 Normal Normal
2014 0.02 −0.64 Normal −0.23 −0.92 Normal Normal
2015 0.20 0.74 Normal 0.07 −0.04 Normal Normal
2016 0.21 0.83 Normal 0.08 0.00 Normal Normal
2017 0.17 0.49 Normal −0.48 −1.65 Cold Cold
2018 0.06 −0.30 Normal −0.20 −0.84 Normal Normal
2019 0.05 −0.37 Normal 0.35 0.80 Normal Normal
2020 0.05 −0.39 Normal 0.03 −0.13 Normal Normal

Mean 0.10 - - 0.08 - - -
SD 0.14 - - 0.34 - - -

Table 6. The predicted warning status of the Beijing real estate market from 2020 to 2030.

Year
N15 N16

Warning DegreeIndicator
Data

Standardized
Value

Warning
Degree

Indicator
Data

Standardized
Value

Warning
Degree

2021 0.08 −0.16 Normal 0.07 −0.03 Normal Normal
2022 0.07 −0.26 Normal 0.06 −0.06 Normal Normal
2023 0.08 −0.18 Normal 0.07 −0.02 Normal Normal
2024 0.08 −0.14 Normal 0.07 −0.02 Normal Normal
2025 0.09 −0.09 Normal 0.07 −0.01 Normal Normal
2026 0.09 −0.06 Normal 0.08 −0.01 Normal Normal
2027 0.10 −0.04 Normal 0.08 0.00 Normal Normal
2028 0.10 −0.03 Normal 0.08 0.00 Normal Normal
2029 0.10 −0.02 Normal 0.08 0.00 Normal Normal
2030 0.10 −0.02 Normal 0.08 0.00 Normal Normal

From Table 5, the warning statuses of the Beijing real estate market from 2000 to 2020
can be obtained. From 2000 to 2011, the warning statuses were chaotic, with the exception
of the years 2001, 2003, 2004 and 2006. After the year 2011, the warning status gradually
approached the “Normal” status, except for the year 2017, when it was “Cold”.

From Table 6, the warning statuses of the Beijing real estate market from 2021 to 2030
can be obtained. The warning degrees of indicators N15 and N16 from 2021 to 2030 were all
“Normal”, and the warning statuses of the Beijing real estate market were also “Normal”.

4. Discussion
4.1. The Validation of PSO-LSSVR Model

From the training of the PSO-LSSVR model on historical data of the Beijing real estate
market, it can be seen that the training values had a high fitting degree to the historical
data. From Figures 3 and 4, the results showed that the PSO optimization achieved the
corresponding accuracy and stability quickly. The fitting degree illustrated that the PSO-
LSSVR model had strong prediction accuracy and could effectively predict the information
related to the real estate market.

4.2. Analysis of the Early Warning Status from 2000 to 2020

From the warning status from 2000 to 2020, it can be seen that the statuses of indicator
N16 were relatively stable, where the warning statuses were basically in the “Normal”
state, except for the fluctuation around 2010. For indicator N15, the warning statuses
before 2012 were chaotic, with “Cold” or “Hot” states for many years, and after 2012, the
statuses of indicator N15 tended to be stable. Reviewing the timing of the release and
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implementation of the relevant national real estate market regulation policies, it can be
found that the General Office of the State Council published a Notice on Promoting the Steady
and Healthy Development of the Real Estate Market in January 2010, which set out requirements
and policies for housing price regulation and land supply management [67]. From the
warning degrees of the Beijing real estate market, it can be seen that after a short policy lag
period, the warning status tended to be stable.

4.3. Analysis of the Early Warning Status from 2021 to 2030

From the predicted early warning statuses of the Beijing real estate market from
2021 to 2030, there were slight fluctuations in the prediction results of both indicators
N15 and N16. However, from the overall prediction results for the next decade, in the
absence of major macro policy changes, the growth rates of N15 and N16 are expected to
gradually slow down and eventually become stable. The warning degrees of the Beijing
real estate market are expected to be in a stable “Normal” status.

On the other hand, the outbreak of COVID-19 at the end of 2019 had a great impact on
the national economy and industry, including the real estate market. In fact, the slowdown
of the material supply chain and the downturn of the consumer market is expected to
lead to a certain slowdown in the growth rate of land sales and housing prices. It may
lead to a “cold” status in the real estate market, and the government should put forward
corresponding promotion strategies to manage the “cold” status of the real estate market
during the epidemic.

5. Conclusions

In this study, a real estate early warning system was established based on the PSO-LSSVR
method, which has good generalization ability and performance in the processing of small
sample data. In the original sample data, the results for the years 2007, 2008, 2009 and
2010 were in an abnormal status because of frequent state policies regarding land supply,
interest rates being reduced five times by the central bank in 2008, etc. Hence, the real
estate market in Beijing showed continuous fluctuation from containment to stimulation
and then to containment. By comparing the predicted values with the actual values, it was
found that the prediction status of the model was very good; furthermore, the prediction
values for N15 and N16 over the next five years were calculated using the prediction
model combined with the trend extrapolation method. The results showed that the status
of the real estate market in Beijing is expected to be “normal” from 2020 to 2024. The
current policy theme of China’s real estate market is to maintain the stability of the market.
However, although China’s real estate market is currently in a relatively stable state, it still
needs to be constantly improved in terms of the system construction, financing channels
and supervision system. In addition, it is necessary to emphasize the property of housing
as consumer goods rather than investment goods, promote a people-oriented development
policy, ensure the healthy and stable development of the real estate market, and prevent
the formation of real estate market bubbles.

1. Balance regional housing supply and demand while promoting real estate marketization

The government’s encouraging policies and reasonable planning for the real estate
market are the premise to ensure its healthy and stable development. In the process of
long-term planning of the urban real estate market, the development trend of population
flow and the urbanization process should be analyzed, and the market demand should
be predicted. Furthermore, a reasonable supply of land is vital for housing supply and
demand; therefore, the urban government should plan reasonable land consolidation based
on the market demand and expectations. In addition, the regularization management of the
housing rental market is also one of the key points for promoting the regulation of urban
housing supply and demand. Moreover, the reasonable supply of affordable housing is a
key factor to guarantee the housing demand of middle- and low-income groups, and also a
part of the balance between urban housing supply and demand.
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2. Construct the long-term mechanism to promote the healthy development of the real
estate market

From the analysis, the investment and the consumption of the real estate market are
related to the development of the national economy. The government should balance the
inner relationship through regulatory measures to prevent the market from overheating or
overcooling. Furthermore, a long-term mechanism must be the foundation to ensure the
healthy and sustainable development of the real estate market. The macroeconomic regula-
tion and control strategies should ensure compliance with market rules. The government
should also clarify the detailed issues of housing security based on specific laws. Moreover,
a scientific and reasonable housing security system is vital, where the object of protection
and its scope of protection should be explicit. The housing security system with diversified
supply is a vital part of the housing structure system.

3. Expand financing channels in the real estate market and regulate financing behaviors
in the real estate market

In order to better improve the mechanism of the urban real estate market, it is neces-
sary to strengthen management from the perspective of financing. For affordable housing
projects, the urban government should encourage financial organizations to provide multi-
faceted financing methods and encourage developers to build affordable housing by means
of policy support. For the housing security system, it is important to enhance low-income
people’s ability to finance and pay by coordinating the housing security system with the
housing provident fund, subsistence allowances for urban residents, unemployment in-
surance, old-age insurance and other social security systems. Simultaneously, the urban
government should resolutely curb the purchase of houses for investment and speculation
purposes to promote the steady and healthy development of the real estate market.

4. Strengthen supervision policies in the real estate market

To further strengthen the real estate market supervision, the government should
standardize the market order, purify the market environment, curb unreasonable sales
behaviors of developers and control property speculation by all parties to ensure the steady
and healthy development of the real estate market. For the sale of commercial housing
projects, all kinds of ways to collect deposits, advance payments and other charges, as well
as the requirement of bank-verified certificates of buyers, should be strictly regulated and
controlled. Real estate development enterprises should set reasonable prices according to
market demand and standardize the price behavior of the commodity housing market. The
provisions of the clearly marked price should be strictly implemented, and the sales price
publicized should be completely consistent with the price department’s record price.

As a complex industry, the development of the real estate market is associated with
many related industries, such as the construction, decoration and materials industries. The
real estate market as an indispensable part of urban development is also related to regional
economic development, population flow, and social health and stability. In order to further
promote the healthy and stable development of the real estate market, researchers should
conduct a comprehensive system and analyze the dynamic trends to study the impact of
relevant policy regulations on the trends of the real estate market.
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