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Abstract: (1) Background: Inventory management is a key point in the achievement of the virtuous
cycle and sustainable development of the real estate industry. In response to the practical needs of city-
based policies, this paper constructs a new research approach of “evolution dynamics—risk analysis—
performance evaluation—policy design” of real estate inventory, and conducts a case study on the
Yangtze River Delta. (2) Methods: This paper studies the change characteristics, trends and spatial
patterns of real estate inventory changes in the Yangtze River Delta based on Geographic Information
System software, and quantitatively evaluates the risk level and management performance of real
estate inventory by introducing the Boston Consulting Group Matrix for corporate management and
the Super- Data Envelopment Analysis Model for operations research, providing a basis for policy
design. (3) Results: First, the “destocking” policy has gained results to some extent and diversified
the inventory evolution, thus alleviating or curbing the negative trend in most cities. Second, the
real estate inventory in the Yangtze River Delta is divided into high, low, potential and zero pressure
zones by risk levels, and the proportion of cities with increased, decreased and unchanged risk levels
is essentially the same. Third, the average real estate inventory management performance index has
been steadily improving, but overall, it is still unsatisfactory, with cities in an effective state accounting
for 40% and below for a long time. Fourth, real estate inventory and its management performance both
show significant spatial effects, with cold and hot spot cities characterized by a “center-periphery”
spatial pattern in geographical distribution, and the cities in the study area are classified into four
types: super-efficiency, efficiency, inefficiency, and super-inefficiency. Fifth, the real estate inventory
in most cities is continuing to grow positively, and a small number of cities have been in the high-risk
zone for a long time or become new members of the high-risk zone, making the government and
enterprises still faced up with great pressure and challenges in inventory management with the
risk level further increased but management performance growing slowly. (4) Conclusions: The
study area is divided into four types of policy areas, that is, red key area, yellow important area,
green auxiliary area, and path-dependent area, and suggestions for optimization are made from
the perspectives of risk control, performance improvement, benchmarking recommendation, and
redundancy governance, providing a basis for the government’s real estate inventory management
policy design and the enterprise’s high-quality development decision.

Keywords: inventory management; risk evaluation; housing; DEA; China

1. Introduction
1.1. Background

Real estate is a leading or pillar industry in many countries and plays a key role in the
process of sustainable economic and social development. Since the global financial crisis in
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2008, the study of real estate risks, bubbles and booms has received a lot of attention, which
is of great significance to the government, enterprises and individuals [1,2]. Real estate
inventory management is a key point of sustainable business operations and governmental
industry management, and either a high or low inventory level has a negative impact on
sustainable development [3,4]. Real estate inventory refers to the housing that has been
built but not sold or put into actual use, and moderate inventory complies with the rules
of business, industry, and market development. Low inventory may disenable real estate
companies to respond to market demand in a timely manner, thus compromising its sales
volume, market share, operating income and profits, and social reputation, while high
inventory may lead to a large amount of capital and resources being tied up in real estate
companies and transmitted through related industries to pose a huge risk to financial
security and high-quality economic development. The global economic slowdown in recent
years has led to a general depression in the real estate industry, making high inventories a
universal phenomenon [5,6]. Therefore, it is of great theoretical value and practical signifi-
cance to analyze the dynamics of real estate inventory evolution, quantitatively identify
risk levels, scientifically evaluate inventory management performance, and formulate and
implement timely response policies.

In response to the threat of high inventories to healthy economic development and
social harmony and stability, China has conducted a large-scale policy experiment on real
estate inventory management, which is typically representative of the world [7]. After
the birth of the commercial housing market in China in 1980, the central government
implemented special real estate destocking policies in 1995, 2008 and 2015 according to
the development status of the real estate industry. Notably, real estate “destocking” was
included in the key tasks of economic development and supply-side reform of the central
and local governments at the end of 2015, in particular, Jiangsu Province, Zhejiang Province,
Anhui Province, Shaanxi Province, Qinghai Province, Shanghai Municipality, Chongqing
Municipality, and Guangzhou City introduced special policies for “destocking”. The
destocking pressure is very uneven among different types of real estate across cities and
municipalities, making destocking an arduous and complicated task. As the destocking
policy has been implemented for five years, the government is eager to know the latest
real estate inventory status, risks, and performance to provide a basis for a new round
of development policy formulation for the real estate industry. Therefore, analyzing
the dynamics of real estate inventory evolution, risks, performance, and their change
characteristics in China will inform decisions on inventory management policy design for
Chinese and other governments around the world.

1.2. Literature Review

The history of real estate development and academic research shows that real estate
inventory research originated from housing vacancy analysis. In the early studies scholars,
with a focus on the fundamental theory of real estate vacancy, constructed the Vacancy
Chain Model [8–10], and proposed the concept of natural vacancy rates [11]. Later on, the
study of the interaction between natural vacancy rate and related factors became a hot
topic. Miceli [12], Vandell [13], Shen [14], Gabriel [15], Wang [16], Tse [17], Whitaker [18],
Boessen [19], Jones [20], and Chen [21] analyzed the effects of efficiency wages, taxes,
land supply, rents, house prices, habitat, and especially neighborhood crime (robbery and
burglary, etc.) on natural vacancy rates, respectively, and found that the coexistence of
high rents, high house prices, and high vacancy is a widespread phenomenon [22,23].
Along with advances in big data and research methods, scholars have conducted real estate
vacancy identification analysis based on multi-source data and cross-cutting methods, and
focused on its impact on urban development in response to urban development trends and
the need for real estate management. Wang [24] and Pan [25] spatially identified housing
vacancy in China based on remote sensing data, Li [26] estimated the rural housing vacancy
rate in China using electricity consumption data, and Deilmann [27] predicted the housing
vacancy scenario in Germany in 2050. Wang [28] and Deng [29] analyzed the multi-scale



Buildings 2022, 12, 2140 3 of 31

correlation between housing vacancy and urban growth and decay in the United States, and
Radzimski [30] explained the relationship between housing vacancy and urban contraction
policies in Germany.

Real estate management policies and statistical systems vary significantly from country
to country and evolve with the stage of development. To meet the needs of development and
the changes in the statistical system, the focus of research is now shifting from commercial
housing vacancy to real estate inventory management, and has grown into an emerging
research hotspot. Geman was the first scholar to introduce the concept of inventory
management into real estate research, and has conducted exploratory and creative research
in empirical research in the United Kingdom [31]. Caplin [32] analyzed the relationship
among inventory, price and sales of real estate, and established a joint model. Kwoun [33]
introduced system dynamics to analyze real estate inventories and developed Causal Loop
Diagrams (CLD) and Stock-Flow Diagrams (SFD) for quantitative simulations. Morales [34],
Jiang [35], Muczynski [36], Olaya [37], and Immergluck [38] empirically analyzed the
change and geographical distribution characteristics, evolution trend and correlation of
real estate inventories in Brazil, China, Poland, and the United States. Wen [39] constructed
an inventory governance approach in the context of uncertain demand and dynamic prices
based on Chinese real estate inventory management practices. Pham [40], Yoo [41], and
Nam [42] revealed the relationship between real estate inventories and factors such as sales
growth, installment payments, and financing policies through case studies of Vietnam and
South Korea.

Real estate management performance is an important indicator to measure the virtu-
ous cycle and sustainable development of the real estate market and economy. A higher
value indicates a rational allocation of resources in the industry, which gives a boost to the
healthy development of the urban economy; on the contrary, it indicates an irrational alloca-
tion of industry resources, which goes against the efficient development of the market due
to wasted or insufficient resources [43]. In terms of research scale, real estate management
performance research covers both macro and micro levels. The macro-scale study is based
on government management performance evaluation and focuses on city and regional
comparative analysis. Liu [44] quantitatively evaluated the development performance of
the real estate industry in 35 cities in China by meta-frontier data envelopment analysis
with a slacks-based measure, and made management recommendations at multiple levels
of national and local governments and real estate companies. Chen [45] measured the
efficiency of the real estate market in 70 Chinese cities by the Complexity-Entropy Binary
Causal Plane Method. Chen [46] measured provincial-level real estate investment and
energy efficiency in China from 2004 to 2012 by means of the Two-way Fixed Effect model.
Most of the papers focus on micro-scale studies, which are grounded in the sustainability
evaluation of real estate enterprises. Yang [47] and Zheng [48] conducted a quantitative eval-
uation of the static and dynamic efficiency of real estate firm development using DEA and
TOBIT Models based on a sample of 15 and 94 representative firms in China, respectively.
Nguyen [49] and Wang [50] developed a method for evaluating the efficiency of business
operations by combining grey methodology and DEA, using a sample of Vietnamese real
estate companies. Luo [51] analyzed the efficiency of corporate investment using Stochastic
Frontier Analysis with a sample of 179 real estate companies in Canada. Atta Mills [52]
analyzed the operating efficiency of real estate companies and their influencing factors
using a sample of 110 listed companies and a combination of DEA-SBM and ordinary least
square methods.

It should be noted that real estate development performance evaluation methods are
increasing day by day, and non-parametric DEA methods are becoming more popular.
Rahman [53] and Fauth [54] guided the concept of sustainable development to develop
the performance of real estate enterprises; Marona [55] introduced the public management
approach to real estate management practices in a Dutch metropolitan area; Ahmad [56]
proposed an approach to real estate performance management using blockchain technology
and platform; Guarini [57] analyzed the application of Multi-Criteria Decision Analysis
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Methods in the process of real estate market management. The stochastic frontier method-
ology [58] and vector autoregressive [59] methods have also been applied to real estate
investment performance analysis. Data envelopment analysis (DEA) is a non-parametric
statistical method for operations research and the study of economic production frontiers,
characterized by the advantages of being free from the influence of magnitudes, weights,
and human factors to produce more objective and credible results. In recent years, more
and more scholars have studied real estate development performance by DEA, including a
variety of models such as CCR-DEA, BCC-DEA, SBM-DEA, and Super-DEA. For example,
Ferrera [60] conducted a case study of Spain by Data Envelopment Analysis and Malmquist.

In summary, how to evaluate real estate inventory dynamics, risks and performance
is a widespread concern among scholars, and also a priority in the design of strategies
and policies for the development of a virtuous cycle in the real estate industry [61,62]. The
existing studies have achieved rich research results, however, there are some shortcomings.
First, most of the papers focus on micro-scale enterprise analysis, but not enough attention
is paid to the city and provincial macro-scale, not well matched with the government’s
“destocking” policy design, implementation, and evaluation needs. The implementation of
the “destocking” policy has led to the diversification of inter-city and inter-provincial real
estate inventory evolution trends, and a prominent imbalance between demand, supply
and inventory of real estate in different cities. Finding out the spatio-temporal evolution
of inventory to evaluate the risk level scientifically is the premise of making management
policies. However, there are still blind spots in the knowledge of scholars and govern-
ments in this area. Second, research and practice on real estate development performance
assessment are on the ascendant, and scholars have discussed the performance of online
real estate marketing [63], agency brokerage [64], investment trust [65,66], and futures
trading [67]. Although the “destocking” policy has been implemented for many years, the
inventory management performance evaluation has not received sufficient attention. For
example, Wang [68] analyzed the development performance of the real estate industry
in 35 large and medium-sized cities in China using a super-efficiency model, but did not
include inventories (non-desired output) in the analysis framework, which compromised
the accuracy and credibility of the evaluation results. Third, against the background of the
rampant COVID-19 epidemic and the increasing downward economic development, the
real estate industry is in recession with an increasing real estate inventory quantity and risk
level, requiring an urgent need for a scientific basis for the evaluation and improvement of
real estate inventory management policies in the new period.

1.3. Aim and Question

There is significant spatial heterogeneity in the level of real estate market and economic
development in different cities, and there are also large differences in inventory size, type,
risk level, and management performance. Therefore, rigorous scientific analysis is needed
to master the inter-city similarity, heterogeneity and correlation characteristics to provide a
basis for the government to formulate differentiated response policies. This research aims
to solve the following three questions: (1) What are the characteristics of the dynamics of
real estate inventory evolution in the Yangtze River Delta, including time series trends,
geographic distribution structure, spatial clustering patterns and association characteristics?
(2) How to measure the risk level of real estate inventory in the Yangtze River Delta and
its changing characteristics? (3) How to evaluate the performance of real estate inventory
management in the Yangtze River Delta? By exploring and analyzing the three questions,
we apply the findings and conclusions to the practice of real estate inventory management
in the Yangtze River Delta to provide a scientific basis for policy design, implementation,
evaluation, and improvement.
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2. Materials and Methods
2.1. Study Area: Yangtze River Delta (YRD)

The study area is the Yangtze River Delta, located in the lower reaches of the Yangtze
River in China, bordering the Yellow Sea and the East China Sea, and at the confluence of
the river and seas. The study area includes Shanghai Municipality and all administrative
regions of Jiangsu, Zhejiang, and Anhui provinces, a total of 41 prefecture-level cities
(Figure 1). To avoid the duplication of the English names of cities, Taizhou in Zhejiang
province is abbreviated as Taizhou-ZJ, Taizhou in Jiangsu province is Taizhou-JS; Suzhou
in Jiangsu province is Suzhou-JS, and Suzhou in Anhui province is Suzhou-AH to avoid
confusion in this paper. The Yangtze River Delta is the intersection of the “Belt and Road”
and the Yangtze River Economic Belt, and is also the most developed region in China, with
a more mature real estate industry and real estate market development. The national real
estate industry is currently in the stage of overcapacity, and the development of the real
estate market in the Yangtze River Delta is also facing the arduous task of destocking.
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Local governments in the Yangtze River Delta have included real estate “destocking”
as a key task of supply-side structural reform, and have promulgated and implemented
special “destocking” policies, such as Opinions of Jiangsu Provincial Government on Destocking
Implementation by Supply-Side Structural Reform, Action Plan of Zhejiang Provincial Government
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on Real Estate Supply-Side Structural Reform, and Opinions of Anhui Provincial Government
on Implementation of Destocking to Promote Stable Development of Real Estate Market. And to
implement national and provincial real estate destocking strategies, over 70% of Yangtze
River Delta city governments have successively formulated and implemented special
policies for real estate inventory control (according to statistical analysis of policies released
on the official websites of city governments as of 10 October 2022).

These policies combine the supply and demand sides, using a combination of fiscal
and tax incentives, financial support tools, changes in the supply of subsidized and public
rental housing, and reforms to the household registration system. On the supply side, the
government should gradually include eligible immigrants in the supply of public rental
housing with shantytown transformation, housing security system construction and real es-
tate de-stocking organically bound; devote greater effort to shantytown renovation, change
the traditional method of building new housing for relocation in different places, take
measures to improve the monetized resettlement incentives, assist the public to purchase
resettlement housing, adjust and optimize the expropriation and demolition compensa-
tion policy, and guide shantytown residents to give priority to monetized resettlement;
gradually reduce or suspend the construction of new public rental housing, encourage
the acquisition or long-term leasing of commercial housing in inventory or unused social
housing, and accelerate the monetization of public rental housing security; give great
impetus to shantytowns transformation and resettlement, gradually digest the stock of
commercial housing through group purchase of commercial housing, and by building
public platforms to help shantytown residents buy their own homes, or directly grant-
ing monetary compensation. On the demand side, the government should take positive
countermeasures to support the agricultural migrant population to buy houses in the city,
and encourage the development enterprises to give appropriate discounts on commercial
housing in inventory. For agricultural migrants to buy their first house in the city, com-
mercial banks should provide discounts and convenience in income recognition, down
payment ratio, loan interest rate and repayment terms under the premise of conforming to
the national policies.

With these “destocking” policies having been implemented for many years, the devel-
opment dynamics of the real estate industry in different cities in the Yangtze River Delta
are now changing as a result of the trade war between the US and China, national strategies
and economic transformation, and the outbreak of the COVID-19 epidemic. Some cities
have suspended the implementation of real estate inventory management policies; however,
many cities continue to increase their “destocking” policies to meet the new challenges of a
virtuous cycle and healthy development of the real estate industry.

2.2. Research Methods: Decoupling Model
2.2.1. Hotspot Analysis Tool of Geographic Information System (GIS)

The hotspot analysis tool of GIS can be used to explore the degree of integration of
geographic elements and the microscopic distribution pattern of spatial aggregation, which
is widely used in spatial structure research. In the specific analysis, the Getis-Ord G∗i
index is calculated to classify the study area into four types: hot, sub-hot, cold, and sub-
cold, thus revealing the spatial agglomeration and heterogeneity patterns of geographical
phenomena. A larger absolute value of G∗i indicates a greater statistical significance as
well as a lower probability of random distribution. A hotspot is a high attribute value
clustering area (Z > 2.58), a coldspot is a low attribute value clustering area (Z < −2.58),
and sub-hot and sub-cold spots are the relatively high and low attribute value clustering
areas (1.96 < Z < 2.58 for the former, −1.96 < Z < 1.96 for the latter), respectively.

G∗i =
∑n

j=1 WijXj − X ∑n
j=1 Wij

S

√
n ∑n

j=1 W2
ij−(∑

n
j=1 Wij)

2

n−1

(1)
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X =
∑n

j=1 Xj

n
(2)

S =

√
∑n

j=1 X2
j

n
−
(
X
)2 (3)

where, Xj is the value of the real estate inventory management-related attributes indicator
for each city in the Yangtze River Delta. It is the inventory of real estate in Section 3.1 and
the result calculated by DEA in Section 3.3. Wij is the spatial weight, n is the number of
cities in the study area, and the statistical significance of G∗i is tested by the standardized
Z parameter [69]. Z test is a method for measuring the mean difference of large samples
(i.e., sample size greater than 30, 41 in this paper, meeting the conditions), and it infers the
probability of the difference based on the standard normal distribution theory and thus
compares the two means for significant differences [70].

2.2.2. Boston Consulting Group Matrix: BCG

Real estate inventories are two-sided, and too high or too low a level is unfavorable.
In the context of “destocking”, oversupply of real estate is rife. Therefore, the focus of real
estate inventory management during the study period is on controlling the volume and
growth rate, which is a negative phenomenon. In the analysis of enterprise management
and economic development, BCG is the most commonly used research method. According
to the position of different businesses in the development of the company and their growth,
the business is classified into four types: star, cow, question, and dog [71]. In this paper, the
BCG matrix is used to evaluate the real estate inventory risk, and the 41 cities are classified
into four types of high-pressure zone, low-pressure zone, potential pressure zone, and
zero-pressure zone by two indicators of relative share (RS) and growth rate (GR), coupled
with the average value of the Yangtze River Delta region [72]. RS and GR are calculated as:

RS =
Xi

Xi−max
× 100% (4)

GR =

(
t

√
Xi−end
Xi−base

− 1

)
× 100% (5)

where, Xi represents the area of real estate inventory in city i, Ii−max represents the max-
imum area of real estate inventory among 41 cities, Ii−base and Ii−end represent the area
of real estate inventory in city i at the base and end periods, respectively, and t is the
study period. Based on Equations (4) and (5), the level or type of risk faced by real es-
tate inventory management in each city of the Yangtze River Delta can be calculated and
judged by using the average value of CS and RS as the threshold. There are subjective and
objective methods for determining the threshold value. In general, the former includes
expert consultation and recommendation by competent authorities, which directly specify
a certain value (e.g., 10%) based on the actual conditions of the region; the latter includes
means and medians, which are non-parametric methods driven by attribute data. There
are few studies available on real estate inventory risk evaluation and management, which,
coupled with limited knowledge of it in experts and government departments, makes it
hard to provide an appropriate figure. To eliminate the influence of human factors, the
objective method is adopted in this paper. Compared to the median, the mean can be
related to each figure and reflect more adequate, reliable and stable information, so it is
taken as the threshold value in this paper [73].

2.2.3. Data Envelopment Analysis Model: Super-DEA

Data Envelopment Analysis (DEA) is a linear programming model to measure the
input-output efficiency of decision-making units (DMUs), which can better calculate the
efficiency values of DMUs with multiple inputs and outputs. The earliest mathematical
models of DEA were BCC and CCR, which were proposed based on radial and angular
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dispersion with no consideration of input and output slacks, which may lead to an overes-
timation of DMU efficiency values. K. Tone [74] proposed a non-radial and non-angular
SBM (Slcks-based Measure) model in 2001 that takes slacks into account. In addition, the
classical DEA model takes values in the range of [0, 1], which makes it difficult to rank
multiple effective DMUs (with an efficiency value of 1). To address this problem, Anderson
and Petersen [75] proposed the Super-DEA model in 1993, and K. Tone [76] proposed the
corresponding Super-SBM model in 2002. It should be noted that the Super-SBM model
only calculates the efficiency of effective DMUs, and non-effective DMUs are still calculated
using the standard SBM model based on the idea to gradually exclude effective DMUt
from the DMU set while calculating the DMU efficiency. Suppose there are n decision
units (41 cities in the Yangtze River Delta in this paper), labeled as DMUk (k = 1, 2, · · · n),
and j represents the DMU that participates in the evaluation after eliminating the effective
DMUt, labeled as DMUj (j= 1, 2, · · · s, j 6= k), with a possible productive set mathematically
expressed as:

Psu\DMUt =

{
(x, y)

∣∣∣∣∣x ≥ ∑s
j=1,j 6=k λjxji,

y ≤ ∑s
j=1,j 6=k λjxjr

}
(6)

minρj−su =
1
m ∑m

i=1 xi/xji
1
q ∑

q
r=1 yr/yjr

(7)

s.t.xi ≥
s
∑

j=1,j 6=k
λjxji, yr ≥

s
∑

j=1,j 6=k
λjyjr,

xi ≥ xji, yr ≤ yjr, ∑s
j=1,j 6=k λj = 1, λj > 0, y ≥ 0

(8)

where, minρj−su represents the super-efficiency value of the j-th DMU of the input-oriented,
xji represents the i-th input (i = 1, 2, · · ·m) of the j-th DMU, yjr represents the r-th output
(r = 1, 2, · · · q) of the j-th DMU, (x, y) represents the projection value of the input and
output, i.e., the input-output optimal solution, and ∑s

j=1,j 6=k λj = 1 is the constraint of
the VRS (variable returns to scale) model, which is the CRS (constant returns to scale)
model without that condition. In this paper, the Super-DEA model is applied to the real
estate inventory management performance evaluation study to analyze the efficiency of the
development and market operation of the real estate industry in the Yangtze River Delta.
When minρj−su ≥ 1, the DMU is in effective or efficient state, and a larger value means
indicates a higher performance level; when 1 > minρj−su ≥ 0, the DMU is in ineffective
or inefficient state, and a smaller value indicates a lower performance level. In this paper,
the data are processed using MAXDEA software (V8.22) developed by Beijing Ruiwo
Maidi Software Co., Ltd. in China. The software output includes Technical Efficiency, Pure
Technical Efficiency, Scale Efficiency, Scale Effect and Slack Variables. If the calculation has
no solution, Pure Technical Efficiency is set to 1.

2.3. Research Steps and Data Sources

This study consists of four steps. In the first step, time series and spatial analysis
methods are used to disclose the spatiotemporal evolution feature and dynamics of real
estate inventories in the Yangtze River Delta. After the central government made real
estate “destocking” a key task in December 2015, most of the local governments in the
Yangtze River Delta (at both provincial and municipal levels) implemented special real
estate inventory management policies in 2016. To compare and analyze the changes before
and after the implementation of the policy, this paper sets the study period as 2011–2020
according to China’s “five-year” development plan, and divides it into two periods 2011–
2015 and 2016–2020. The evolution of the time series of real estate inventory in the Yangtze
River Delta from 2011 to 2020 is analyzed to reveal the trend of change. The cold and
hotspot analysis of the geographical distribution of real estate inventory in the Yangtze
River Delta in 2011, 2015, 2016 and 2020 reveals the spatial pattern. In the second step, the
Boston Consulting Group Matrix is applied to identify the types of real estate inventory
risks and their changes in the Yangtze River Delta from 2011 to 2015 and from 2016 to
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2020, respectively. In the third step, Super-DEA and Hotspot Analysis Tool-GIS are used
to measure the real estate inventory management performance of the Yangtze River Delta
in 2011, 2015, 2016, and 2020, and analyze the spatial clustering pattern and association
characteristics. In the fourth step, to meet the practical needs of city-specific policies, the
research results of the first three steps are overlaid and analyzed to develop the Yangtze
River Delta real estate inventory management policy areas, and targeted and adaptive
optimization suggestions are made for each zoning to provide a basis for future government
and enterprise decisions (Figure 2).
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The data in this paper are mainly from the statistical yearbooks of Shanghai, Jiangsu,
Zhejiang, and Anhui provinces, and some of the missing data are from the city statistical
yearbooks and economic census yearbooks. Input indicators are selected mainly to consider
the human, material and financial resources in the development of the real estate industry,
characterized by the number of employees in real estate enterprises, construction area
and investment amount, respectively [77,78]; output indicators are mainly reflected in the
economic benefits created by the real estate industry, real estate market sales and inventory,
characterized by the added value of the real estate industry, sales area and area for sale,
respectively [79]. It is of note that in the context of “destocking”, “area for sale” is an
undesired output (Table 1). There are two prerequisites for the selection of DMUs in the
DEA model [80]: (1) DMUs must be with the same attributes and characteristics, i.e., they
are comparable. DMUs in this paper are 41 prefecture-level cities in the Yangtze River
Delta, and they are eligible for comparability. (2) The number of DMUs should not be
less than the input indicator multiplied by the output indicator, and not less than 3 times
the product of input and output indicators, that is, n ≥ max{i× j, 3× (i + j)}. There are
3 input and output indicators, respectively, and 41 ≥ max{3× 3, 3× (3 + 3)} = 18, in this
paper, meeting the requirements.
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Table 1. Variable composition analysis.

Type Code Indicator Meaning

Input

x1 Employee Number of staff employed by real estate companies, representing human
resource input

x2 Construction area The floor area of all houses constructed in the year, the sum of the building area of
each floor of multi-story buildings, representing the material resources input

x3
Investment
amount

Capital investment of real estate enterprises, applied to housing construction,
construction of supporting services, land development and acquisition funds,
representing financial capital investment

Output

y1
Industrial
added value

The value of output in excess of intermediate inputs in the production and
operation of real estate enterprises, including the sum of labor compensation, net
production tax, depreciation of fixed assets and operating surplus, according to
the relevant regulations of the National Bureau of Statistics of China, representing
the macroeconomic efficiency

y2 Sales area

The total contracted area of the houses sold during the year, i.e., the floor area
indicated in the official transaction contract signed by the buyer and seller,
including both the existing house and the term house sales area, representing the
market demand

y3 Area for sale

The floor area of commercial properties completed and qualified for sale or lease
during the year that have not yet been sold or leased, representing the degree of
oversupply. Here it refers to the total inventory of real estate, including the total
area of residential, office, commercial and other types of commercial housing (the
total floor area calculated by floor).

3. Results
3.1. Evolution Dynamics
3.1.1. Change Trend

The change trends are classified into five types: growing, stable, inverted U-shaped,
S-shaped, and N-shaped according to the time series analysis of real estate inventory
quantity in the Yangtze River Delta, where more than 70% of the cities show an inverted
U-shaped trend, including Nanjing, Wuxi, Changzhou, Suzhou-JS, Nantong, Lianyungang,
Huai’an, Yancheng, Taizhou-JS, Suqian, Hangzhou, Ningbo, Wenzhou, Jiaxing, Huzhou,
Shaoxing, Zhoushan, Taizhou-ZJ, Wuhu, and Bengbu. Real estate inventories in Shanghai
and Xuzhou continue to grow rapidly, while real estate inventories in Quzhou and Lishui
remain stable. Real estate inventories in Tongling and Fuyang change in an S-shaped trend,
showing a rapid growth in the early stage and remaining stable in the later stage. Real
estate inventories in Yangzhou, Zhenjiang, Jinhua, Hefei, Bozhou and Chizhou changed in
an N-shaped trend, showing a rapid growth in the early stage, rapid decline in the middle
stage due to the implementation of “destocking” policies, and rapid rise again in the later
stage due to the outbreak of COVID-19 epidemic and economic development (Figure 3).

Real estate inventories in most Yangtze River Delta cities remained rapid positive-
growth from 2011 to 2020, with all cities in a state of high positive-growth from 2011 to
2015 and most cities in a state of negative growth from 2016 to 2020. The average real estate
inventory growth rate in the Yangtze River Delta from 2011 to 2015 was 42.53%, with 34.15%
of cities above the average, including Bozhou, Yancheng, Tongling, Zhoushan, Suqian,
Lu’an, Chuzhou, Nantong, Taizhou-JS, Anqing, Changzhou, Xuancheng, Ningbo, Suzhou-
AH, especially Bozhou, Yancheng, Tongling with growth rates close to or above 100%. Most
cities saw a negative growth from 2016 to 2020 due to the “destocking” policy and the
outbreak of the COVID-19 epidemic, while only Hefei, Shanghai, Xuzhou, Zhenjiang and
Yancheng maintained low positive-growth. The average growth rate for 2016–2020 was
−10.66%, with 41.46% of cities exceeding the average, including Hefei, Shanghai, Xuzhou,
Zhenjiang, Yancheng, Tongling, Suzhou-JS, Lishui, Chizhou, Wuhu, Jinhua, Changzhou,
Quzhou, Bozhou, Huangshan, Yangzhou, and Wuxi. The average growth rate from 2011 to
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2020 was 27.25%, and 39.02% of cities exceeded the average, including Bozhou, Tongling,
Yancheng, Zhoushan, Suqian, Anqing, Changzhou, Lu’an, Taizhou-JS, Chizhou, Zhenjiang,
Wuhu, Nantong, Taizhou-ZJ, Lishui, and Fuyang (Table 2).
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Table 2. The change speed and amount of real estate inventory in the Yangtze River Delta.

Speed (%) Amount (Million Square Meters)

2011–2015 2016–2020 2011–2020 2011–2015 2016–2020 2011–2020

Shanghai 10.89 7.47 16.88 6.96 6.35 11.77
Nanjing 20.86 −14.15 −0.60 2.75 −1.99 −0.06
Wuxi 19.24 −9.58 11.79 3.68 −2.79 2.02
Xuzhou 15.02 4.64 22.69 0.60 0.30 1.02
Changzhou 49.61 −6.28 34.48 5.06 −1.22 2.87
Suzhou-JS 16.99 −3.01 10.03 4.96 −1.08 2.64
Nantong 55.07 −16.78 29.43 8.27 −5.26 3.12
Lianyungang 25.83 −13.96 11.69 0.97 −0.82 0.36
Huai’an 27.81 −11.37 13.12 1.47 −0.89 0.56
Yancheng 114.19 1.16 93.17 4.68 0.15 3.02
Yangzhou 29.66 −8.53 23.00 2.03 −1.09 1.43
Zhenjiang 39.59 2.16 30.81 3.10 0.27 2.14
Taizhou-JS 51.88 −14.38 32.37 3.29 −2.01 1.58
Suqian 64.26 −11.78 47.35 2.54 −1.24 1.50
Hangzhou 29.07 −14.08 8.33 6.33 −4.10 1.35
Ningbo 47.33 −13.18 26.44 5.95 −3.12 2.50
Wenzhou 40.84 −19.71 12.05 1.58 −1.20 0.31
Jiaxing 26.58 −14.25 3.61 3.25 −2.03 0.32
Huzhou 30.56 −17.21 4.87 2.82 −2.02 0.31
Shaoxing 30.20 −22.00 5.60 4.01 −4.53 0.52
Jinhua 33.63 −5.70 24.55 1.96 −0.57 1.26
Quzhou 13.23 −6.81 7.63 0.40 −0.27 0.21
Zhoushan 76.09 −14.09 55.35 0.96 −0.54 0.54
Taizhou-ZJ 39.41 −18.35 29.03 1.33 −1.66 0.85
Lishui 18.47 −3.05 29.02 0.17 −0.06 0.31
Hefei 11.01 8.22 12.49 0.89 0.74 1.03
Wuhu 29.11 −5.35 29.92 0.63 −0.25 0.66
Bengbu 21.70 −22.89 4.65 0.32 −0.59 0.05
Huainan 32.17 −19.34 2.65 0.83 −0.61 0.04
Maanshan 29.34 −27.52 −11.08 1.32 −1.21 −0.28
Huaibei 39.12 −17.15 14.41 0.58 −0.40 0.15
Tongling 98.26 −0.90 102.87 1.37 −0.06 1.51
Anqing 50.24 −11.55 35.46 1.69 −0.88 0.98
Huangshan 34.07 −8.28 19.80 1.13 −0.43 0.54
Chuzhou 56.91 −20.86 20.45 2.45 −1.58 0.54
Fuyang 42.11 −13.08 28.20 0.57 −0.38 0.31
Suzhou-AH 45.88 −16.46 24.31 1.27 −0.91 0.50
Lu’an 59.59 −13.07 33.18 1.92 −0.83 0.75
Bozhou 180.02 −7.44 162.38 0.88 −0.25 0.68
Chizhou 40.06 −4.37 31.80 0.89 −0.18 0.63
Xuancheng 47.76 −14.11 22.92 1.55 −0.79 0.53

A growth of 23,800 m2 was seen from 2011 to 2015 on average, with Nantong, Shanghai,
Hangzhou, Ningbo, Changzhou, Suzhou-JS, Yancheng, Shaoxing, Wuxi, Taizhou-JS, Jiaxing,
Zhenjiang, Huzhou, Nanjing, Suqian, and Chuzhou exceeding the average, and Nantong
having the largest increase of 3.5 times the average. The average reduction from 2016 to
2020 was 0.98 m2, with Suzhou-JS, Yangzhou, Wenzhou, Maanshan, Changzhou, Suqian,
Chuzhou, Taizhou-ZJ, Nanjing, Taizhou-JS, Huzhou, Jiaxing, Wuxi, Ningbo, Hangzhou,
Shaoxing, and Nantong exceeding the average, and Nantong having the largest decrease
of 5.4 times the average. The average change in real estate inventory in the Yangtze
River Delta from 2011 to 2020 was 12.5 million m2, with Shanghai, Nantong, Yancheng,
Changzhou, Suzhou-JS, Ningbo, Zhenjiang, Wuxi, Taizhou-JS, Tongling, Suqian Yangzhou,
Hangzhou, and Jinhua above the average, and Shanghai having the largest change of
9.5 times the average.
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3.1.2. Spatial Pattern

The Gini indexes of real estate inventories in the Yangtze River Delta in 2011, 2015,
2016, and 2020 were 0.45, 0.57, 0.63, and 0.67, respectively, all greater than 0.4 and on the
rise, indicating significant spatial heterogeneity [81]. The Moran’s indexes of real estate
inventory in the Yangtze River Delta in 2011, 2015, 2016, and 2020 were 0.26 (Z = 3.41,
p < 0.01), 0.47 (Z = 4.69, p < 0.01), 0.49 (Z = 4.82, p < 0.01), and 0.23 (Z = 3.57, p < 0.01),
respectively, with a significant positive spatial autocorrelation, and the spatial correlations
first increased and then decreased [82]. The hotspot concentration of real estate inventory in
the Yangtze River Delta has long been stable in the Shanghai metropolitan area, including
Shanghai, Nantong, Suzhou and Jiaxing. Sub-hotspots are distributed in their periphery,
but the spatial extent and geographical distribution vary considerably in different years.
In 2010, they were mainly found in Hangzhou, Huzhou, Jinhua and Shaoxing in northern
Zhejiang and Wuxi, Changzhou and Zhenjiang in southern Jiangsu. Coverage shrank
significantly in 2015 to only Huzhou and Shaoxing in Zhejiang and expanded northward
to Taizhou in Jiangsu. Coverage expanded significantly in Zhejiang in 2016 but remained
unchanged in Jiangsu. It still remained unchanged in Jiangsu in 2020, and shrank rapidly
to Huzhou in Zhejiang. The coldspot cities are mainly located in the inland region, mostly
clustered in Anhui and western Zhejiang. In 2010, the coldspot cities were mainly clustered
in Huaihai Economic Zone and extended along the central part to the southern part of
Anhui. In 2015, 2016 and 2020, the coldspot cities were largely the same in spatial pattern,
basically covering all of Anhui and extending to northern Jiangsu and the western edge of
Zhejiang. Most of the sub-coldspot cities were clustered in Jiangsu and Zhejiang, which
were the transition areas of cold and hot spots (Figure 4). In general, the real estate
inventory in the Yangtze River Delta has meaningful spatial differentiation, agglomeration
and correlation, cold and hot spot cities characterized by a “center-periphery” spatial
pattern in geographical distribution.

3.2. Risk Evaluation
3.2.1. Risk Pattern in 2011–2015

The average relative share in 2015 was 0.18 and the average growth rate from 2011
to 2015 was 42.53%, which were used as thresholds for real estate inventory risk zoning
and evaluation. For the mean threshold method, two options of the study area mean, and
the national mean of China are feasible. The former is more beneficial to analyzing the
geographical characteristics of the Yangtze River Delta and the latter is more beneficial to
nationwide comparisons. Since the objective of the analysis in this section is to provide a
basis for inventory management in the Yangtze River Delta and to improve the precision of
the policy design, the study area mean is used in this paper. Along with the accumulation
of research information and knowledge, the national mean, expert consultation value, and
government recommendation value can be considered as thresholds in future analysis to
facilitate comparative analysis across regions. Changzhou, Nantong, Yancheng, Taizhou-JS,
and Ningbo were high-pressure zone, mostly concentrated in the coastal area of Jiangsu.
Shanghai, Nanjing, Wuxi, Suzhou-JS, Zhenjiang, Hangzhou, Jiaxing, Huzhou, and Shaoxing
were low-pressure zones, mainly concentrated in the junction area of southern Jiangsu
and northern Zhejiang. Suqian, Zhoushan, Tongling, Anqing, Chuzhou, Suzhou-AH,
Lu’an, Bozhou, and Xuancheng were potential pressure zones, scattered in Anhui. Xuzhou,
Lianyungang, Huai’an, Yangzhou, Wenzhou, Jinhua, Quzhou, Taizhou-ZJ, Lishui, Hefei,
Wuhu, Bengbu, Huainan, Maanshan, Huaibei, Huangshan, Fuyang, and Chizhou were zero
pressure zones, distributed in bands in Anhui and Jiangsu and clustered in southwestern
Zhejiang (Figure 5).
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3.2.2. Risk Pattern in 2016–2020

The average relative share in 2020 was 0.10 and the average growth rate from 2016
to 2020 was −10.66%, which were used as thresholds for real estate inventory risk zoning
and evaluation. Shanghai, Wuxi, Changzhou, Suzhou-JS, Yancheng, Zhenjiang, and Hefei
were high-pressure zones and clustered in the south Jiangsu region in a band. Nantong,
Hangzhou, Ningbo and Shaoxing were low-pressure zones and clustered in the central
part of Zhejiang in a band. Xuzhou, Yangzhou, Jinhua, Quzhou, Lishui, Wuhu, Tongling,
Huangshan, Bozhou, and Chizhou were potential pressure zones, and they formed two
relative agglomerations in southern Anhui and western Zhejiang. Nanjing, Lianyungang,
Huai’an, Taizhou-JS, Suqian, Wenzhou, Jiaxing, Huzhou, Zhoushan, Taizhou-ZJ, Bengbu,
Huainan, Maanshan, Huaibei, Anqing, Chuzhou, Fuyang, Suzhou-AH, Lu’an, and Xu-
ancheng were zero pressure zones, clustered in a finger-like contiguous distribution in the
Yangtze River Delta (Figure 5).
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3.2.3. Risk Level Change

By the risk type change, the proportion of cities with higher, lower or unchanged
risk levels is largely the same. Shanghai, Wuxi, Xuzhou, Suzhou-JS, Yangzhou, Zhenjiang,
Jinhua, Quzhou, Lishui, Hefei, Wuhu, Huangshan, and Chizhou saw an increase in the risk
level. In particular, Shanghai, Wuxi, Suzhou-JS, Zhenjiang, and Hefei changed from low-
risk to high-risk areas, requiring government policy intervention for inventory management.
The risk levels of Changzhou, Lianyungang, Huai’an, Yancheng, Hangzhou, Wenzhou,
Shaoxing, Taizhou-ZJ, Bengbu, Huainan, Maanshan, Huaibei, Tongling, Fuyang, and
Bozhou remained unchanged. In particular, Changzhou and Yancheng have long been
high-risk zones and effective countermeasures must be taken; Hangzhou and Shaoxing
have long been low-risk zones, and appropriate measures should also be taken. Nanjing,
Nantong, Taizhou-JS, Suqian, Ningbo, Jiaxing, Huzhou, Zhoushan, Anqing, Chuzhou,
Suzhou-AH, Lu’an, and Xuancheng experienced a decreasing risk level, and although
Nantong and Ningbo have changed from high-risk to low-risk zones, city governments
still have to continue “destocking” in the future.

3.3. Management Performance
3.3.1. Technical Efficiency

The hotspot cities are concentrated in Anhui and northern Jiangsu, mostly in Jiangsu
although the agglomeration areas are moving southward. In 2011, the coldspot cities were
clustered in the junction area of Anhui, Jiangsu and Zhejiang provinces, while in 2015,
most of the coldspot cities were distributed in the south of Anhui and central Zhejiang in a
band, forming a small cluster in the north of Anhui. The distribution pattern of coldspot
cities in 2016 and 2020 was similar to that in 2015, with a geographical scope shrinking to
southern Anhui eventually. Sub-hotspot cities were clustered in western Anhui in 2011,
while distributed in the periphery of the hotspot cities as well as southern Zhejiang in 2015,
2016 and 2020. As transition areas, sub-hotspot cities have long been relatively clustered
and distributed in Anhui and Zhejiang (Figure 6).
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The maximum values of technical efficiency indexes in 2011, 2015, 2016 and 2020 were
2.32 (Bozhou, with no solution, and pure technical efficiency set to 1), 1.17 (Chuzhou), 1.16
(Hefei) and 1.15 (Chuzhou), respectively, decreasing progressively. The minimum values
were 0.23 (Wenzhou), 0.32 (Suzhou-AH), 0.31 (Tongling), and 0.42 (Zhoushan), showing
a steady rise. The cities in effective status reached 24.39%, 43.90%, 34.15%, and 36.59%,
respectively, and the average effective city technical efficiency indexes were 1.26, 1.05, 1.07,
and 1.06, respectively, while the average ineffective city indexes were 0.45, 0.57, 0.63, and
0.67, respectively (Table 3). Using them as thresholds, the study area is classified into
four types of super-efficiency, efficiency, inefficiency, and super-inefficiency (subsequently,
pure technical efficiency and scale efficiency are also handled in the same way). There
were a small number of super-efficiency cities and they were geographically scattered in
distribution, with relative clustering only in the central border areas of Jiangsu and Anhui
in 2015 and 2020. Efficiency cities were located in the periphery of super-efficiency cities,
mostly in Jiangsu. Inefficiency cities were scattered in distribution in 2011 and 2015, mostly
located in the marginal regions or border areas of provincial administrative regions; they
were relatively clustered in Jiangsu in 2016 and most were concentrated in Zhejiang in
2020. There were a large number of super-inefficiency cities, and they were clustered at
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the junction of Anhui, Jiangsu and Shanghai in 2011, expanding northward along central
Anhui. Two independent agglomerations took shape in 2015 and 2016 in the north and
south ends of Anhui and central Zhejiang, and the two agglomerations were mutually
extended and connected as one in 2020 (Figure 7).
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Table 3. The technical efficiency index of real estate inventory in the Yangtze River Delta.

2011 2015 2016 2020

Max-Index 2.32 1.17 1.16 1.15
Min-Index 0.23 0.32 0.31 0.42
Index average of effective cities 1.26 1.05 1.07 1.06
Index average of ineffective cities 0.45 0.57 0.63 0.67
Proportion of effective cities 24.39 43.90 34.15 36.59

3.3.2. Pure Technical Efficiency

There was a great number of hotspot cities in 2011, mostly concentrated in northern
Jiangsu; hotspot cities decreased rapidly in 2015, 2016, and 2020, and were subsequently
geographically dispersed, except for 2015 when they were relatively clustered in southwest-
ern Zhejiang. Coldspot cities in 2011 and 2015 were steadily clustered in northern Zhejiang,
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including Hangzhou, Huzhou, Shaoxing and Ningbo. In 2016, the coldspot cities rapidly
shrank to only Hangzhou, Shaoxing and Bengbu, but they experienced rapid expansion in
2020, and were clustered along central Zhejiang and Anhui in a band. As transition areas,
sub-cold and sub-hotspot cities were distributed on the periphery of the cold and hot spot
cities respectively, forming a “center-periphery” spatial structure (Figure 8).
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Figure 8. Analysis on the hot and cold area of pure technical efficiency in Yangtze River Delta.

The maximum values of pure technical efficiency indexes in 2011, 2015, 2016, and
2020 were 1.59 (Suqian), 2.54 (Lishui), 1.41 (Lishui), and 1.71 (Chuzhou), respectively, with
an N-shaped variation. The minimum values were 0.29 (Jiaxing), 0.34 (Suzhou-AH), 0.51
(Shaoxing), and 0.55 (Huzhou), showing a rising trend. The cities in effective status reached
51.22%, 58.54%, 58.54%, and 56.10%, respectively, and the average technical efficiency
indexes of effective cities were 1.16, 1.16, 1.11, and 1.14, respectively, while the average
ineffective city indexes were 0.56, 0.61, 0.70, and 0.72, respectively (Table 4). There were a
small number of super-efficiency cities, relatively dispersed for a long time in geographical
distribution. The efficiency cities were distributed in a band, mostly clustered in Anhui
in 2011 and expanding along the central region of the province toward Jiangsu. Most
cities gather in Jiangsu in 2015 and expanded along the central part towards Anhui. In
2016, they were clustered in western Anhui, the coastal zone of Jiangsu, and the Nanjing
metropolitan area, largely balanced in Jiangsu and Anhui. Most cities gather in Jiangsu
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in 2020 and extended to the Hefei metropolitan area in Anhui. In 2011, the inefficiency
cities were clustered in central Zhejiang, Anhui and central Jiangsu in a belt-like pattern,
clustered in southern Jiangsu and Hangzhou Bay region in clusters in 2015, and dispersed
in 2016 and 2020. The super-inefficiency cities were clustered along the borderline of Anhui,
Zhejiang, and Jiangsu provinces in 2011 in a band, scattered in 2015 and 2016, and clustered
in Zhejiang and northern Anhui provinces in 2020 (Figure 9).

Table 4. The pure technical efficiency index of real estate inventory in the Yangtze River Delta.

2011 2015 2016 2020

Max-Index 1.59 2.54 1.41 1.71
Min-Index 0.29 0.34 0.51 0.55
Index average of effective cities 1.16 1.16 1.11 1.14
Index average of ineffective cities 0.56 0.61 0.70 0.72
Proportion of effective cities 51.22 58.54 58.54 56.10
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3.3.3. Scale Efficiency and Scale Effect

The hotspot cities were gathered in northern Anhui and northern Jiangsu in 2011 in
a band, and distributed in Jiangsu in 2015, 2016 and 2020 in clusters. The sub-hotspot
cities were distributed in the periphery of the hotspot cities, extending to Zhejiang in a
finger shape in 2015 and 2016, and expanding to Anhui and central Zhejiang in a cluster
shape in 2020. The coldspot cities grew into three clusters in the Shanghai metropolitan
area, eastern Anhui in 2011, showed a banded cluster in Anhui and southwestern Zhejiang
in 2015, and gradually shrank to a small cluster in southwestern Anhui in 2016 and 2020.
Most of the sub-hotspot cities in 2011 and 2015 were clustered in Anhui, forming a large
agglomeration in Anhui and a small agglomeration in southwestern Zhejiang in 2016, and
two cluster-like small agglomerations in northwestern Anhui and southwestern Zhejiang
in 2020 (Figure 10).
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The maximum values of scale efficiency indexes in 2011, 2015, 2016 and 2020 were 2.32
(Bozhou), 0.99896 (Wuhu), 0.99999 (Yangzhou) and 0.99643 (Changzhou), respectively, with
very few or no effective cities. The minimum values were 0.22 (Wenzhou), 0.33 (Chizhou),
0.32 (Huaibei), and 0.35 (Chizhou), showing a steady rise. And the average ineffective
city indexes were 0.72, 0.87, 0.84, and 0.87, respectively (Table 4). In 2011, all cities were
ineffective for all years except Bozhou, which was a super-efficiency city. Most of the
inefficient cities were clustered in Jiangsu and Anhui in 2011, and extended to central
Zhejiang. They fully covered Jiangsu and most of Zhejiang in 2015 and expanded to eastern
Anhui. In 2016 and 2020 inefficient cities were clustered in Jiangsu and Anhui and extended
to Zhejiang. In 2011, super-inefficient cities were distributed in a zonal cluster along the
Shanghai-Hefei development axis and in the west of Zhejiang. Most of the super-inefficient
cities in 2015 were clustered in western and southwestern Anhui and extended to the
western fringe of Zhejiang. They were gathered in the border area of Anhui and Zhejiang
in 2016 and 2020, but their geographical area coverage was shrinking (Figure 11).
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According to the scale effect and its change characteristics in 2011, 2015, 2016 and 2020,
the scale effect of real estate inventory in YRD is classified as long-term—increasing returns
to scale, increasing returns to scale, return to scale from increasing to decreasing, decreasing
returns to scale, and long term—decreasing returns to scale. Shanghai, Nanjing, Wuxi,
Suzhou-JS, Hangzhou, Ningbo, Shaoxing, and Hefei were areas with long-term—increasing
returns to scale. Xuzhou, Changzhou, Nantong, Yancheng, Wenzhou, and Jiaxing were
areas with increasing returns to scale; Huai’an and Yangzhou were areas with a return
to scale from increasing to decreasing; Lianyungang, Zhenjiang, Taizhou-JS, Taizhou-ZJ,
Wuhu, Anqing, Chuzhou, and Fuyang were areas with decreasing returns to scale; Suqian,
Huzhou, Suzhou-AH, Lu’an and Xuancheng were areas with long term—decreasing returns
to scale (Table 5).

Table 5. The scale effect of real estate inventory in the Yangtze River Delta.

2011 2015 2016 2020 Overall

Shanghai 1 1 1 1 Long term—increasing returns to scale
Nanjing 1 1 1 1 Long term—increasing returns to scale
Wuxi 1 1 1 1 Long term—increasing returns to scale
Xuzhou 1 1 −1 1 Increasing returns to scale
Changzhou 1 1 1 −1 Increasing returns to scale
Suzhou-JS 1 1 1 1 Long term—increasing returns to scale
Nantong 1 −1 1 1 Increasing returns to scale
Lianyungang 1 −1 −1 −1 Decreasing returns to scale
Huai’an 1 1 −1 −1 Return to scale from increasing to decreasing
Yancheng 1 1 1 1 Increasing returns to scale
Yangzhou 1 −1 1 −1 Return to scale from increasing to decreasing
Zhenjiang −1 −1 1 −1 Decreasing returns to scale
Taizhou-JS 1 −1 −1 −1 Decreasing returns to scale
Suqian −1 −1 −1 −1 Long term—decreasing returns to scale
Hangzhou 1 1 1 1 Long term—increasing returns to scale
Ningbo 1 1 1 1 Long term—increasing returns to scale
Wenzhou 1 1 −1 1 Increasing returns to scale
Jiaxing −1 1 1 1 Increasing returns to scale
Huzhou −1 −1 −1 −1 Long term—decreasing returns to scale
Shaoxing 1 1 1 1 Long term—increasing returns to scale
Jinhua −1 −1 −1 −1 Long term—decreasing returns to scale
Quzhou −1 −1 −1 −1 Long term—decreasing returns to scale
Zhoushan −1 −1 −1 −1 Long term—decreasing returns to scale
Taizhou-ZJ 1 −1 −1 −1 Decreasing returns to scale
Lishui −1 −1 −1 −1 Long term—decreasing returns to scale
Hefei 1 1 1 1 Long term—increasing returns to scale
Wuhu −1 1 −1 −1 Decreasing returns to scale
Bengbu −1 −1 −1 −1 Long term—decreasing returns to scale
Huainan −1 −1 −1 −1 Long term—decreasing returns to scale
Maanshan −1 −1 −1 −1 Long term—decreasing returns to scale
Huaibei −1 −1 −1 −1 Long term—decreasing returns to scale
Tongling −1 −1 −1 −1 Long term—decreasing returns to scale
Anqing 1 −1 −1 −1 Decreasing returns to scale
Huangshan −1 −1 −1 −1 Long term—decreasing returns to scale
Chuzhou −1 1 −1 −1 Decreasing returns to scale
Fuyang −1 −1 −1 1 Decreasing returns to scale
Suzhou-AH −1 −1 −1 −1 Long term—decreasing returns to scale
Lu’an −1 −1 −1 −1 Long term—decreasing returns to scale
Bozhou −1 −1 −1 −1 Long term—decreasing returns to scale
Chizhou −1 −1 −1 −1 Long term—decreasing returns to scale
Xuancheng −1 −1 −1 −1 Long term—decreasing returns to scale

Note: “1” represents increasing returns to scale, and “−1” represents decreasing returns to scale.
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4. Discussion

The findings of this paper are similar to those of some scholars, but some of the
conclusions are not fully consistent or even contrary. Using a sample of 35 typical cities in
China, Zhao [83] concluded that urban real estate inventories are huge, with significant
spatial heterogeneity and diverse trends of change. Chen [84] further pointed out that the
Chinese government’s destocking policies have been less effective than expected, and the
efficiency of destocking and total factor productivity varies greatly across cities, making
it impossible to use a uniform policy to effectively address the high real estate inventory
problem. Li [85] further demonstrated that China’s real estate inventory management
performance is unsatisfactory with no improvement despite strong policy interventions by
the central and local governments by analyzing the performance of real estate inventory
management in provincial administrative regions in China. Fan [86] and Chen [87] found
that urban real estate is inefficient, spatially correlated and clustered, and significantly
characterized by geographically distributed clubs based on a case study of the Yangtze
River Economic Belt and Jilin Province, which is consistent in nature with the positive
spatial autocorrelation in this paper.

Meanwhile, papers that analyze real estate efficiency by DEA mainly focus on the
provincial scale, and they present similar findings despite differences with the city scale in
this paper. For example, Liu [88] and Fang [89] concluded that the development efficiency
of China’s provincial real estate industry is low, which is largely consistent with the findings
of this paper. Unfortunately, they did not include inventories in the research framework and
since their studies were conducted early, they mainly discussed the situation before 2015,
with a weak correlation to the latest round of real estate “destocking” policies. Notably,
Li [90] argued that the redundancy rate of provincial real estate land inventories in China
exceeds 60% and that land inventories can be considered as a type of potential real estate
inventory, thus, it reflects to some extent, the impact of inventory management.

Besides, some of the findings in this paper are not entirely consistent with or even
contrary to some scholars. For example, Zeng [91] concluded that provincial real estate
development in China is efficient, which does not agree with the findings of this paper—
more than half of the cities fail to reach an ideal state in real estate inventory management
performance. The inconsistency may be due to differences in the study scale (province vs.
city) or may be influenced by differences in the choice of input and output indicators. Zeng
used completed area and land in inventory instead of sales area and housing inventory
in this paper, where completed area represents supply rather than demand, and land in
inventory represents potential inventory, so the indicators in this paper are more consistent
with the reality of real estate inventory management with higher accuracy.

In summary, the geographical distribution of real estate inventory in the Yangtze River
Delta is characterized by a significant spatial effect, and the adverse development trend of
real estate inventory in the Yangtze River Delta has been curbed to a certain extent since the
implementation of the “destocking” policy. However, high inventories are still a huge risk
to the economic development of many cities, and the trend of real estate inventory changes,
risk levels, and management performance in different cities are increasingly divergent.
Therefore, these cities should adopt city-specific policies in the future to actively control the
risk of real estate inventory, progressively improve inventory management performance,
and actively cope with the impact of the COVID-19 epidemic and economic downturn,
to achieve a virtuous cycle and sustainable development of the real estate industry and
enterprises. Overlaying the results of risk and performance evaluation in 2016–2020 and
2020 with the characteristics of real estate inventory evolution dynamics, this paper divides
the real estate inventory management in the Yangtze River Delta into four types of policy
areas: red key area, yellow important area, green auxiliary area, and path-dependent area.

Wuxi and Zhenjiang were in the red key area with their real estate inventories in
a high-pressure zone and their inventory management performance in an inefficient or
super-inefficient state, so they should reduce risk while improving efficiency in the future
policy design. Shanghai, Changzhou, Suzhou-JS, Yancheng, Hangzhou, Ningbo, Shaox-
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ing, Jinhua, Quzhou, Lishui, Hefei, Wuhu, Tongling, Huangshan, Bozhou, and Chizhou
were in a yellow important area, accounting for about 40%. Cities in such policy areas
should selectively introduce risk control or performance enhancement strategies in the
future based on their own inventory characteristics. (1) When real estate inventories are
in the high-pressure zone, the inventory management performance is in the efficiency or
super-efficiency state, and the focus of future policy design should be on risk reduction.
(2) When real estate inventories are in the low or potential pressure zone with inventory
management performance in inefficiency or super-inefficiency, the focus of the future policy
design should be on improving efficiency. Xuzhou, Nantong, Lianyungang, Yangzhou,
Suqian, Jiaxing, Huzhou, Zhoushan, Taizhou-ZJ, Huainan, Maanshan, Huaibei, Anqing,
Suzhou-AH, Lu’an, and Xuancheng were in green auxiliary area, accounting for about
40%. The focus of urban inventory management in this policy area should be placed on
good risk warning and performance optimization, which can be further divided into two
subcategories: (1) when real estate inventory is in a low or potential pressure zone, and
the inventory management performance is in efficiency or super-efficiency, the focus of the
future policy design should be on further control or timely warning of risk. (2) When real
estate inventories are in the zero-pressure zone, with inventory management performance
in inefficiency or super-inefficiency, the focus of future policy design is to learn from bench-
marks to further improve inventory management performance and industrial development
efficiency. Nanjing, Huai’an, Taizhou-JS, Wenzhou, Bengbu, Chuzhou, and Fuyang were
in path-dependent areas. Their real estate inventories were in the zero-pressure zone
and their inventory management performance was in efficiency or super-efficiency. For
them, the focus of the future policy design should be placed on maintaining the status quo
and encouraging inventories to play a healthy role in the virtuous cycle and sustainable
development of the real estate industry (Figure 12).

In the process of risk control and performance improvement, all cities involved should
adopt a combination of goal-oriented and problem-oriented approaches. In real estate
inventory management risk control: firstly, cities with high inventory risk should improve
public service facilities and supports in a targeted manner, especially accelerate their com-
pletion in the fields of public transportation, education, medical, commercial and other
public services in the area with concentrative stock, make transportation more accessible
and life more convenient, and promote the sale of commercial housing in inventory. Sec-
ondly, the government should give full play to the key role of land “gates” to regulate the
real estate market and reasonably control the pace of land supply; It should carry out a
systematic survey on the quantity, type and distribution of real estate inventory, and in
areas with large inventory quantities and long depletion cycles, reasonably determine the
scale and structure of land supply for real estate development according to the market
supply and demand, as well as regulatory requirements, to promote a balanced total supply
and demand and structural optimization of real estate. It should reasonably determine the
annual scale of residential land supply according to housing construction planning and
annual implementation plans, taking into account the area of housing available for sale, the
number of residential sites not yet under construction and the completion of the task of
de-stocking, and should reduce or suspend the land supply for cities with high long-term
inventory risk. Thirdly, the government should, according to market conditions and in
compliance with the overall plan, study the conversion program for the use of approved
but undeveloped real estate land, and guide the transformation and utilization of the land
by adjusting land use and planning conditions to form an effective supply. In performance
improvement of real estate inventory management: First, they need to choose advanced
cities as the “benchmark” and use higher quality as the “standard” to define their future
development goals (Table 6). Second, for cities with obvious shortcomings, a precise adjust-
ment strategy should be developed in relation to the problem and its causes (Table 7). For
example, Wuxi should reasonably control employees (reducing by 0.05 million employees)
and investment amount (reducing by 550,000 yuan) based on the benchmark of Nantong
(0.42), Yangzhou (0.26), Suzhou-JS (0.18), and Taizhou-JS (0.14); and Zhenjiang should fully
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control employees (reducing by 0.28 million employees), construction area (reducing by
6.25 million m2), investment amount (reducing by 450,000 yuan) based on the benchmark
of Taizhou-JS (0.50), Chizhou (0.26), and Huai’an (0.24).
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Table 6. The benchmark suggestions of real estate inventory in the Yangtze River Delta.

City Benchmark

Wuxi Nantong (0.42); Suzhou-JS (0.18); Taizhou-JS (0.14); Yangzhou (0.26)
Zhenjiang Chizhou (0.26); Huai’an (0.24); Taizhou-JS (0.50)
Shanghai Suzhou-JS (1.00)
Suzhou-JS Ningbo (0.80); Shanghai (0.20)
Yancheng Huai’an (0.69); Nantong (0.14); Taizhou-JS (0.16)
Ningbo Chuzhou (0.38); Suzhou-JS (0.40); Xuzhou (0.22)
Lishui Huaibei (0.79); Maanshan (0.14); Wenzhou (0.03); Yangzhou (0.04)
Hefei Nanjing (0.01); Suzhou-JS (0.24); Wenzhou (0.65); Xuzhou (0.10)
Changzhou Chuzhou (0.1); Nantong (0.19); Taizhou-JS (0.26); Yangzhou (0.48)
Huangshan Chizhou (0.70); Quzhou (0.27); Taizhou-JS (0.02)
Quzhou Chizhou (0.60); Huaibei (0.34); Yangzhou (0.06)
Chizhou Quzhou (1.00)
Tongling Chizhou (0.85); Huai’an (0.03); Taizhou-JS (0.12)
Hangzhou Chuzhou (0.36); Nantong (0.03); Suzhou-JS (0.52); Wenzhou (0.10)
Shaoxing Chuzhou (0.46); Nantong (0.26); Yangzhou (0.28)
Jinhua Chuzhou (0.25); Huaibei (0.40); Yangzhou (0.35)
Wuhu Huai’an (0.39); Huaibei (0.54); Yangzhou (0.07)
Bozhou Bengbu (0.05); Chuzhou (0.50); Huaibei (0.45)



Buildings 2022, 12, 2140 26 of 31

Table 6. Cont.

City Benchmark

Xuzhou Hefei (0.02); Huai’an (0.43); Nantong (0.17); Wenzhou (0.38)
Nantong Chuzhou (0.00); Ningbo (0.04); Wuxi (0.73); Xuzhou (0.23)
Yangzhou Chuzhou (0.14); Huaibei (0.03); Quzhou (0.41); Suzhou-JS (0.18); Taizhou-JS (0.25)
Maanshan Hefei (0.02); Huai’an (0.05); Huaibei (0.93); Yangzhou (0.00)
Zhoushan Huaibei (0.57); Huangshan (0.43)
Huaibei Chizhou (0.31); Lishui (0.69); Zhoushan (0.00)
Anqing Chizhou (0.21); Huai’an (0.46); Huaibei (0.12); Quzhou (0.21)
Suqian Chizhou (0.14); Chuzhou (0.28); Huai’an (0.58)
Xuancheng Chizhou (0.12); Chuzhou (0.21); Huaibei (0.67)
Lianyungang Chuzhou (0.02); Huai’an (0.42); Huaibei (0.47); Wenzhou (0.01); Yangzhou (0.08)
Jiaxing Chuzhou (0.62); Nantong (0.17); Yangzhou (0.21)
Huzhou Chuzhou (0.77); Huaibei (0.23)
Taizhou-ZJ Chuzhou (0.13); Huaibei (0.21); Wenzhou (0.33); Yangzhou (0.33)
Huainan Chuzhou (0.06); Huaibei (0.94)
Suzhou-AH Chuzhou (0.66); Huaibei (0.34)
Lu’an Chuzhou (0.48); Huaibei (0.52)
Nanjing Hefei (0.14); Suzhou-JS (0.17); Wenzhou (0.69)
Wenzhou Bengbu (0.21); Fuyang (0.58); Nanjing (0.21)
Chuzhou Fuyang (0.08); Huaibei (0.73); Nantong (0.12); Xuzhou (0.07)
Fuyang Bengbu (0.79); Chuzhou (0.16); Xuzhou (0.05)
Bengbu Fuyang (0.33); Huaibei (0.59); Wenzhou (0.08)
Taizhou-JS Chizhou (0.50); Nantong (0.20); Yancheng (0.13); Yangzhou (0.17)
Huai’an Chuzhou (0.35); Lianyungang (0.41); Xuzhou (0.07); Yancheng (0.17)

Table 7. The input management suggestions of real estate inventory in the Yangtze River Delta.

City Employee Construction Area Investment Amount

Wuxi −0.05 0 −55
Zhenjiang −0.28 −625 −45
Tongling −0.35 0 −31
Hangzhou −1.12 −4819 −1849
Shaoxing −0.18 −248 −110
Jinhua −0.22 −596 −60
Wuhu −0.75 −422 −170
Bozhou −0.46 −747 −68
Anqing −0.33 0 0
Suqian −0.09 −82 0
Xuancheng −0.11 −217 0
Lianyungang 0 −318 −24
Jiaxing −0.23 −1523 −400
Huzhou −0.41 −1211 −190
Taizhou-ZJ −0.13 −1143 −113
Huainan −0.55 −159 −57
Suzhou-AH −0.58 −559 −45
Lu’an −0.16 −1309 −59

Note: The redundancy rate of inputs in other cities is under control, and focus should be placed on improving
management and production technology in the future development; factor inputs are not the core of management.

5. Conclusions

Based on the GIS tool coupled with BCG and Super-DEA models, this paper quantita-
tively analyzes the evolution dynamics, risk types and performance levels of real estate
inventories in 41 cities of the Yangtze River Delta in the context of “destocking” from 2011
to 2020, and reaches the following conclusions:

(1) The geographical distribution of real estate inventories in the Yangtze River Delta
shows significant spatial effects, with hotspot cities clustered in the coastal Shanghai
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metropolitan area and coldspot cities in the inland region. From the analysis of real
estate inventory trend, speed, quantity and spatial pattern, the policy of “destocking”
has achieved some results, and the real estate inventory trajectory of most cities
in the Yangtze River Delta are in an “inverted U-shape”, changing from the early
positive growth at a high speed to the recent negative growth. It should be noted
that real estate inventories in the Yangtze River Delta have long remained positive,
with Bozhou and Tongling growing even by more than 100% and only Nanjing and
Maanshan seeing slight negative growth, therefore, city governments and real estate
companies are still facing greater pressure and challenges in inventory management.

(2) The inter-city differentiation and spatial agglomeration of real estate inventory risks
are becoming more significant, and the proportion of cities with higher, lower or
unchanged risk levels is basically the same. There is a small number of cities in the
high-pressure zone, which were early clustered in the coastal region of Jiangsu in a
band, but they are currently clustered in Shanghai and southern Jiangsu. Cities in the
low-pressure zone are clustered in the Hangzhou Bay region, and the geographical
coverage has shrunk significantly. The potential pressure zone covers an increasing
area, with the geographical distribution changing from zonal agglomeration to finger-
like agglomeration. There are few cities in the zero-pressure zone, and they are
scattered in distribution. It is of note that Changzhou and Yancheng have been in
the high-risk zone for a long time, while Shanghai, Wuxi, Suzhou-JS, Zhenjiang, and
Hefei have changed from low-risk to high-risk areas, requiring the government to
optimize the “destocking” policy and continue to promote the management of the
high real estate inventory.

(3) The performance of real estate inventory management is unsatisfactory, and the cities
in an effective state have remained stable at 30–40% despite a steady rise in the average
efficiency index. For technical efficiency, pure technical efficiency, and scale efficiency,
the geographical distribution of cold and hot cities shows a “center-periphery” spatial
pattern. The 41 cities in the study area can be divided into four types of super-
efficiency, efficiency, inefficiency, and super-inefficiency, and scale effects appear as
long-term—increasing returns to scale, increasing re-turns to scale, return to scale
from increasing to decreasing, decreasing returns to scale, and long-term—decreasing
returns to scale.

(4) Overlaying the results of real estate inventory dynamics, risk and performance evalu-
ation, this paper divides the real estate inventory management in the Yangtze River
Delta into four types of policy areas, and about 80% of cities are in red key and yellow
important areas. Wuxi and Zhenjiang are in the red key area, and they should reduce
risk while improving efficiency in the future policy design. Forty percent of the cities
are in a yellow important area, and in the future, they should selectively design and
implement policies to reduce risks or improve efficiency in accordance with their
actual conditions. Forty percent of the cities are in green auxiliary areas, and they
should focus on preventing increased risk and reduced efficiency in the future policy
design. The rest of the cities are in path-dependent areas, and they should focus
on maintaining the status quo in the future policy design. All cities should adhere
to goal-oriented real estate inventory management and take advanced cities as a
benchmark for development in the future. In particular, cities in a red key area and
the yellow important area should control the redundancy of factors to further reduce
risks and improve performance.

The biggest innovation of this paper is that it integrates the four points of real estate
inventory “evolution dynamics—risk analysis—performance evaluation—policy design”,
and builds a new approach to real estate inventory management research and practice in
the new era. In past research, the four points were often separated, leading to frequent
problems in the translation of theoretical findings to practical applications. Based on the
analysis of real estate inventory change trends and spatial patterns in different cities, this
paper quantitatively evaluates the real estate inventory risk and management performance,
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clarifies the pressure, potential, capacity, as well as the focus and difficulty of real estate
destocking in different cities, and significantly improves the accuracy, adaptability and
efficiency of real estate destocking policies of the government and enterprises. In addition,
applying BCG in the field of business management to real estate inventory risk evaluation
and applying super-DEA in operations research to real estate inventory management
performance evaluation are also the innovations of this paper, which are complementary
and patchy micro-innovations to the deficiencies of published papers.

There are also some limitations in the study of this paper. First, real estate inventories
are highly complex, and they are not the same in structure across cities. Real estate includes
a variety of types such as residential, office, commercial, industrial, agricultural, special-
purpose and mixed-use housings. The type of excess real estate is not the same in each
city due to the stage of urban development and market supply and demand. This paper
takes them as a whole with no separate analysis, which may affect the practical application
of the study results. Second, the driving mechanisms of real estate inventory changes
vary widely across cities, and the factors affecting inventory risk levels and management
performance are inconsistent, yet they are not analyzed in depth in this paper. In our future
research, we will focus on addressing the aforementioned issues and analyzing the dynamic
characteristics of different types of real estate inventories and their driving mechanisms.
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