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Abstract: A growing body of literature has studied the empirical relationship between industrial
diversity and economic resilience since the 2008 Great Recession. However, many existing studies
are based on a nonspatial perspective, and little is known about the local or global spatial spillover
effect of industrial diversity on economic resilience. This paper employs Bayesian spatial econometric
methods to investigate the roles of related variety and unrelated variety on economic resilience in the
middle reaches of the Yangtze River urban agglomeration, China and explores the possible local or
global spatial spillover effect in the diversity–resilience relationship. The empirical results from the
spatial Durbin error model estimation show that: (1) regions with high levels of related variety are
economically resilient to the external shock in the postcrisis era, whereas unrelated variety has no
significant direct effect on recovery resilience; (2) both related and unrelated variety have local spatial
spillovers with respect to the one-year resilience of 2008–2009, but these spillovers are negligible
in longer study periods. These results confirm the role of industrial relatedness and immediate
neighbors in promoting regions’ short-run capabilities of recovery from external economic shocks.

Keywords: spatial spillovers; related variety; unrelated variety; regional economic resilience; the
middle reaches of the Yangtze River urban agglomeration

1. Introduction

Economic sustainability encompasses not only economic growth but also economic
resilience when regions withstand external shocks, such as an economic crisis or an epi-
demic, and at the same time retain their long-term ability to develop new growth paths.
Since the Great Recession in 2008, many studies in the fields of regional science and eco-
nomic geography have explored various aspects of economic resilience [1–5]. As for the
determinants of economic resilience, industrial structure is generally regarded as the most
important one [2,4]. In relation to agglomeration externalities, a great deal of literature
has explored the role of industrial composition in affecting economic development from
the perspectives of diversity and specialization [6,7]. However, the empirical evidence for
these two competing perspectives is mixed. Some studies seem to support the claim that
specializations or Marshall–Arrow–Romer externalities are more important for economic
development because of labor market pooling, sharing intermediate inputs, and local
knowledge spillovers [8,9], whereas others hold the opinion that industrial diversity is the
precondition for knowledge spillovers and sustainable economic growth.

More recently, Frenken et al. [10] further distinguished industrial diversity into related
variety and unrelated variety, and explored their different effects on regional economic
performance, respectively. It is argued that related variety can encourage learning oppor-
tunities among industries with shared knowledge bases, produce knowledge spillovers,
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and therefore stimulate sustainable economic development [11]. However, some recent
studies also indicate that related variety can neutralize the benefits of knowledge spillover
and even undermine economic resilience. This is because economic risks can easily spread
to other industries through interindustry relatedness [12]. Conversely, “do not put all
your eggs in one basket” is an old English proverb that reminds us not to dedicate all
your resources to one project. Along these lines, it is risky to make the economy of one
region (basket) highly dependent on a small number of sectors (eggs) because it might
suffer severely from external economic shocks, which has been referred to as the industry
portfolio effect by many authors [13–15]. In other words, unrelated variety is expected to
minimize the impacts of economic crises.

Although the empirical relationship between industrial diversity and economic re-
silience has been studied through the lens of related variety and unrelated variety [12,16],
many present studies are based on a nonspatial viewpoint, and there is insufficient dis-
cussion on how industrial diversification’s geographical spillovers can affect regional
economic resilience [15,17,18]. As mentioned earlier, no matter whether it is related vari-
ety as a “shock diffuser” or unrelated variety as a “shock absorber” that dominates the
diversity–resilience relationship, regions do not exist in isolation and interact with each
other, which is in line with Tobler’s [19] first law of geography: “everything is related
to everything else, but near things are more related than distant ones”. To this end, one
region’s industrial diversity might impact not only the economic performance of the region
but also its neighbors. Meanwhile, from a modeling method perspective, some scholars
further differentiate between global spatial spillovers and local spatial spillovers, consider
the interaction between the region and its immediate or distant neighbors, and explore the
spatial interaction at a more detailed level. Nevertheless, the possible differences between
these two forms of spatial spillovers are novel to the existing economic resilience research
and have seldom been mentioned before. For example, some studies attempt to confirm
the role of spatial spillovers in contributing economic resilience, but this strand of research
has not differentiated between global and local spatial spillovers. According to LeSage [20],
local spatial spillovers only relate to immediate neighbors, whereas global spatial spillovers
concern impacts to neighbors, neighbors of neighbors, and so on. He further suggested that
the underlying mechanisms and corresponding economic development policy implications
are totally different for these two forms of spatial spillovers.

Henceforth, this paper mainly concerns itself with two interconnected research ques-
tions, including (1) “what are the roles of related variety and unrelated variety in affecting
economic resilience?” and (2) “what are the roles of the possible global spatial spillovers
or local spatial spillovers in the diversity–resilience relationship?” As a case study, the
middle reaches of the Yangtze River urban agglomeration (MRYRUA) in central China was
chosen as the study region because it has diverse industrial bases and strong interregional
connections among Chinese cities, which offers an ideal context to study the intercon-
nections between industrial diversity, economic resilience, and spatial spillovers as well.
From a broader perspective, this paper is expected to expand current understanding on
the mechanism of how industrial diversity and its spatial spillovers can impact economic
resilience on the one hand, and to provide theoretical guidance for the enhancement of
economic resilience and regional integration for urban agglomerations in China on the
other hand.

To answer the aforementioned research questions, the rest of this paper is organized
as follows: Section 2 reviews the literature on regional resilience and industrial structure
and Section 3 introduces the study region. After that, Section 4 describes the method and
Section 5 discusses the empirical findings. Finally, Section 6 presents conclusions and future
research directions.
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2. Literature Review
2.1. The Concepts and Measurements of Economic Resilience

In different areas, the concept of resilience has distinct connotations and features. Three
broad categories of resilience definitions can be identified from the existing literature [4].
First, originating from the field of physics, engineering resilience refers to the ability of
a system to recover to its former state after encountering shock or disturbance, which
has been widely discussed in economic stability studies [15,21]. Second, Holling [22]
popularized the phrase “ecological resilience”, highlighting the ability to shift from one
equilibrium to another after being disturbed. Third, the concept of resilience has absorbed
recent insights from evolutionary economic geography (EEG), and evolutionary resilience
has been defined as the ability of regions to continuously generate new growth routes [2].
Unlike the former two categories, EEG holds the opinion that regional sustainable economic
development cannot be in a balanced and static state constantly, and evolutionary resilience
is a continuous and dynamic process rather than a return to a stable equilibrium state [23].

Regardless of the diverse definitions mentioned above, the common premise is the
existence of shocks or disturbances when discussing different forms of economic resilience.
These disturbances can either be short-term shocks like financial crises, natural catastrophes,
and pandemics [12] or long-term disturbances, such as climate change, and resource
depletion [24]. More specifically, the occurrence of the global financial crisis in 2008 caused
most of the world to suffer from different degrees of impacts, and regions have uneven
capacities to withstand shocks and recover, which provides for a natural experiment to
study economic resilience [15]. Similarly, the recent COVID-19 pandemic has also drawn
scholarly interest from a variety of fields, such as regional economics, economic geography,
and the like [25,26].

As for economic resilience measurement, no agreed approach has been established
in current studies. Some scholars have used simple economic indicators, such as unem-
ployment and GDP [12,27], whereas others have constructed more composite indexes. For
instance, Martin [28] and Lagravinese [29] used the ratio between the drop in regional
employment or output to the corresponding national drop to evaluate regional economic
resilience. Furthermore, Martin and Sunley [30] argued that the resilience of regional
economic systems in response to external crises is reflected in such four dimensions as resis-
tance, recovery, reorientation, and renewal. Among these dimensions, resistance resilience
reflects the vulnerability of the region to external disturbances, whereas recovery resilience
represents the extent and speed of the region’s recovery after the crises. Based on these
understandings, Martin et al. [4] measured the resistance and recovery resilience of the UK
regions in response to economic crises since the 1980s, which has become the basis of many
empirical studies [24,26,31].

2.2. Industrial Structure and Regional Economic Resilience

Although scholars have investigated different determinants of economic resilience, in-
dustrial structure is often considered one of the key factors affecting economic resilience [30].
For a long time, the relationship between industrial structure and economic performance
has been explored in terms of economic specialization and diversity and there is a con-
sensus that industrially diversified regions often display stable economic performance
among regional scientists and economic geographers [7,12]. By comparison, the question of
whether industrial specialization or diversity is more important for sustainable economic
development remains unsolved.

More recently, with a deeper understanding of agglomeration economies and knowl-
edge spillovers in EEG, industrial diversity has been distinguished into related variety and
unrelated variety to study their different effects on regional economic development [10],
which can be interpreted from the following three perspectives: First, related variety, as
a manifestation of agglomeration economy, promotes knowledge spillover by providing
more opportunities for interindustry learning, prevents regional lock-in caused by the
homogeneous regional industrial structure, and thus helps enhance regional economic
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resilience [5,17,32]. To this end, related variety is expected to absorb the adverse impacts
of external shocks. In comparison with Jacob’s idea of industrial diversity, related variety
emphasizes the optimal cognitive distance between industries in the knowledge spillover
effect [10]. The cognitive distance cannot be too far or too close. When the cognitive
distance is too far, without a shared knowledge base, it is not easy for firms—such as fruit
suppliers and automobile manufactures—to communicate effectively, let alone achieve
collective learning. However, when the cognitive distance between two firms is extremely
close, it is unlikely to generate new knowledge, since their knowledge bases overlap greatly.

Second, some recent studies have also suggested that related variety may act as a
“shock diffuser” for spreading the risks of economic crisis among industrially related
sectors and thus weaken regional economic resilience, which has been referred as the
risk-spreading effect [12,33]. Although the knowledge spillover effect has been widely
discussed in the literature [10,11], it is not until recently that the risk-spreading effect has
received more attention. For example, using Chinese custom data, He et al. [12] found
that cities with high levels of related variety are less likely to withstand economic shocks.
They further argued that the effect of related variety depends on the balance between the
knowledge spillover effect and the risk-spreading effect.

Third, based on the portfolio theory in finance [13,34], unrelated variety assumes
that when an industry encounters external market changes, due to different types of
industries with various demand elasticity, export orientation, labor, and capital intensity,
other industries can make up for the corresponding gap and reduce the risk from external
economic changes [15,21]. As such, unrelated variety can act as a “shock absorber” to
disperse external disturbances into different industries or enterprises and thus can enhance
regional economic resilience [27,31].

In addition to the three mechanisms of industrial diversity on economic resilience, the
existing literature has also identified three general approaches for measuring industrial
relatedness. The first measure of relatedness comprises standard industry classifications
like the Standard Industry Code and North American Industry Classification System.
Industries are defined as related if they belong to the same broad industry class. As
such, three-digit industries that belong to the same two-digit industry are considered
industrially related. Since most modern industry classification systems are hierarchical, this
approach has widely been used [10,17]. Second, cooccurrence relatedness is defined based
on how often two industries cooccur in the same region. For example, using country level
export data sets, Hidalgo et al. [35] measured product relatedness based on information on
cooccurrence of exported products. Similarly, according to the colocation of patents, Kogler
et al. [36] measured technological relatedness in U.S. cities. Finally, the third measure of
relatedness is based on the similarity of resources used between industries. Some studies
have employed input–output tables to measure input similarities between sectors [37,38].
It is hypothesized that related industries have similar inputs and production technologies.

2.3. Global Versus Local Spatial Spillovers

Many early studies on the relationship between industrial diversity and economic
resilience are based on a nonspatial perspective, which assumes that the influencing factors
of economic resilience are difficult to move across the boundaries of regions. Nevertheless,
regions in nature are not isolated. No matter whether it is the knowledge spillover effect,
the industrial portfolio effect, or the risk-spreading effect that dominates the empirical
diversity–resilience relationship, the interactions between regions can produce different
degrees of spatial spillovers, as illustrated in later studies [14,15,21]. Given this, reliance
on traditional nonspatial modeling methods might become problematic and the benefit of
spatial econometric methods is that they can consider potential geographical spillovers
that might be ignored in standard linear regression models [39].

One of the early works that consider these spatial spillover effects within the relation-
ship between industrial diversity and economic development is that of Trendle [14], who
used the spatial autoregressive model (SAR) and the spatial error model (SEM) to confirm
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the existence of spatial spillovers among local government areas in Queensland, Australia.
That is to say, one region’s industrial diversity can not only impact the region itself, but
also neighbors of the region in terms of economic performance. Since then, several scholars
have used spatial econometric methods to interpret the magnitude and significance of
spatial spillovers within the diversity–performance relationship [18]. For instance, Cainelli
et al. [17] investigated the direct and indirect or spatial spillover effects of related variety on
economic resilience in Italy using the spatial Durbin error model. In addition, existing EEG
studies have also demonstrated that the emergence of new industries can be associated
not only with one region’s industrial bases, but also with the neighboring regions’ indus-
trial portfolio [40–45], which suggests the existence of spatial spillovers resulting from the
knowledge spillover effect. In particular, Gao et al. [45] suggested that spillovers from both
related industries and nearby regions are important channels of knowledge diffusion and
these two channels behave as substitutes in regional economic diversification.

Recent advances in spatial econometrics further explicitly distinguish between global
and local spatial spillovers [20]. The major differences between these two forms of spatial
spillover can be summarized in the following way: On the one hand, local spatial spillovers
involve only immediate neighbors, but global spatial spillovers imply impacts on neigh-
boring regions, plus neighbors to the neighboring regions, neighbors to the neighbors,
and so on, and these impacts can extend to the whole territory. On the other hand, the
endogenous interaction and feedback effects between regions are present in global spatial
spillovers, whereas those effects are not present (or absent) in local spatial spillovers. In
our case, if one region’s industrial diversity has an impact on the economic resilience of the
neighboring regions, which do not spillover to other regions too far away, we have local
spatial spillovers. On the contrary, if these spillovers easily diffuse to other neighbors, their
neighboring regions, and so on, we have global spatial spillovers. Comparative speaking,
it is generally assumed that local spatial spillovers are more common in applied work.
Some studies [20,46–49] have further suggested that when local effects dominate, the insti-
tutional factors, such as historical and cultural similarity, account for the transmission of
effects among close neighbors; by comparison, when global effects prevail, open economies’
interactions play an important role.

Taken together, the above literature review indicates that existing studies have not
fully studied the effect of industrial diversity on regional economic resilience in terms
of local and global spatial spillovers. As such, following the works of LeSage [20],
Lacombe et al. [39], and Cainelli et al. [17], this study presents a case study of indus-
trial diversity and economic resilience within a spatial context and examines whether local
or global spatial spillovers that determine the diversity–resilience relationship. The next
section introduces the studied region.

3. Study Region

In this paper, we choose the middle reaches of Yangtze River urban agglomeration
as the study region. As displayed in Figure 1, this region is located in central China and
is an important part of the Yangtze River Economic Belt. According to the Development
Plan of the Middle Reaches of Yangtze River Urban Agglomeration (2015–2030) by the
State Council of China, the studied region has three megacities (i.e., Wuhan, Changsha,
and Nanchang) and includes 31 prefecture-level administrative units in the provinces of
Hubei, Hunan, and Jiangxi. Compared with traditional old industrial cities and resource-
based cities [24,26,50,51], the studied region has a more diverse industrial foundation in
equipment manufacturing, automobile and transportation equipment manufacturing, and
aviation, which makes this urban agglomeration an ideal area for studying the relationship
between industrial diversity and economic resilience in the Chinese regional context.
For these reasons, we choose 31 prefecture-level cities as the spatial units to explore
their economic resilience after the 2008 economic crisis and further assess the empirical
relationship between industrial diversity and economic resilience at different study periods
of the postcrisis era.
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4. Methods
4.1. Measuring Economic Resilience

Most existing studies use economic output or employment data to assess economic
resilience. However, the employment level in China remains stable and is even on the
rise. Following Guan et al. [50] and Tan et al. [24], GDP growth rate was chosen as the
basic indicator of regional economic resilience. Meanwhile, since this paper focuses on
measuring the recovery aspect of economic resilience, the study periods for measuring
economic resilience include the one-year period of 2008–2009, the two-year period of 2008–
2010, and the four-year period of 2008–2012. The corresponding datasets were obtained
from the statistical yearbooks of provinces and cities.

Based on the method of Martin et al. [4], the economic resilience for the Yangtze
River middle reaches urban agglomerations’ 31 prefecture-level cities were measured by
comparing the actual and expected regional GDP separately for different periods. The
expected change in economic output in each region is calculated as follows:

(∆rt+k
i )expect = ∑

j
rt

ijg
t+k
n (1)

where (∆rt+k
i )expect is the expected change value of national output from time t to t + k in

region i, and rt
ij denotes the economic output of industry j in region i at starting time t. gt+k

n
is the GDP growth rate in (t + k) time nationwide.

Then, the measure of regional recoverability resistance can be expressed as

Resistance =

(
∆rt+k

i

)
−
(

∆rt+k
i

)expect∣∣∣∣(∆rt+k
i

)expect
∣∣∣∣ (2)

where (∆rt+k
i ) represents the change in economic output in region i from time t to t + k;

(∆rt+k
i )expect indicates the amount of change in economic output expected in region i from

time t to t + k. By definition, resilience greater than 0 indicates that the recovery degree
of the region after the crisis is better than the national average. Conversely, resilience less
than 0 indicates that the recovery degree is less than the national average.
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4.2. Measuring Industrial Variety

Similar to the measurement of economic resilience, there is no consensus on the
measure of industrial variety. The Herfindahl index, national average, and entropy have
been widely used [13,34]. As for this paper, the entropy method is used not only because of
limited data requirements and computational ease, but also because of its decomposition
nature in measuring related variety and unrelated variety [10]. Formally, the entropy
formula for calculating industry variety or total variety (TV) can be written as follows:

TV = ∑n
i=1 piln(1/pi) (3)

where total variety is the entropy value, which represents the degree of industrial diversity
across all sectors, and n is the number of sectors; pi is the proportion of total employees in
sector i in the region. A higher entropy value indicates greater diversity, and if a region has
only one industry, the entropy has a value of 0.

Then, we used the standard industrial classification code to further differentiate related
variety (RV) and unrelated variety (UV). More specifically, if sector i belongs to the broad
category of sectors Sj (j = 1, 2, . . ., J), and the employment proportion of sector j is pj,
unrelated variety can be expressed as the entropy index of the broad industrial categories:

UV = ∑J
j=1 pjln

(
1/pj

)
(4)

Finally, according to Frenken et al. [10], related variety is measured by the degree
of variety of subindustries with stronger connections within broad categories of sectors,
which is manifested as the product of the entropy index (Hj) in a large category of sectors
in an economic system and the share (pj) of the sector with the following equations:

Hj = ∑J
j=1 pi/pjln

(
1

pi/pj

)
(5)

RV = ∑J
j=1 pjHj (6)

The unrelated variety and related variety variables are calculated with 2-digit and
3-digit industries. Because of the hierarchical structure, it is assumed that each 3-digit
industry belongs to a unique 2-digit industry. The data were derived from the Annual
Survey of Industrial Firms (ASIF) provided by the National Bureau of Statistics of China.
The ASIF provides detailed information on industry enterprises (including all state-owned
enterprises and nonstate-owned enterprises with revenues greater than 5 million CNY) in
terms of location, total employees, gross output, standard industrial codes, and others. We
extracted and compiled employment information at the city sector level for the studied
region to further measure industrial diversity.

4.3. The Empirical Model

This paper mainly establishes the following empirical model to explore the impact of
industrial variety on economic resilience:

Resilience = f (DIV, Control) (7)

The dependent variable is economic resilience in the periods 2008–2009, 2008–2010,
and 2008–2012. By comparison, the core independent variable DIV is industrial diversity,
including both related variety and unrelated variety, and some socioeconomic indicators
are considered as control variables. Based on relevant research [17,24] and the actual
situation of the studied region [51], this paper selects economic development, labor force,
government management capacity, and industrial structure as controls, which are expressed
by GDP per capita, number of employed workers, proportion of fixed asset investment
to GDP, and proportion of secondary industry, respectively. The descriptive statistics are
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shown in Table 1. Since the variance inflation factor (VIF) is less than 5, collinearity is not
an issue. As for the data sources for these control variables, per capita GDP, the proportion
of fixed asset investment in GDP, and the proportion of the secondary industry are from
the statistical yearbooks of provinces and cities, and the number of employees comes from
the Annual Survey of Industrial Firms.

Table 1. Descriptive variables.

Mean S.D. Max Min

Recovery resistance
2008–2009 −0.085 0.436 1.226 −0.924

Recovery resistance
2008–2010 0.409 0.208 0.944 0.025

Recovery resistance
2008–2012 0.458 0.185 1.074 0.102

Related variety 0.839 0.172 1.098 0.462
Unrelated variety 2.728 0.306 3.106 1.844

GDP per capita 20159 9533 45765 9001
Employment 164,507 127,150 680,431 29,593

Fixed investment 0.533 0.164 0.909 0.227
Secondary sector 0.485 0.081 0.627 0.333

4.4. The Role of Spatial Spillovers

As mentioned earlier, numerous studies have proven that regional economic resilience
may have certain spatial effects [14,15,18]. That is to say, the resilience strength is not
only directly influenced by factors such as the level of local industrial variety and policy
factors, but also may be affected by relevant factors in surrounding areas. Compared
with general linear regressions, the spatial econometric model considers the spatial effect
and can quantify the direct impact and spatial spillover of the explanatory variables.
The discussion of spatial econometric modeling is constantly evolving, and there are
many spatial econometric models, such as the spatial lag of X model, spatial error model,
spatial autoregressive model, spatial Durbin model, spatial Durbin error model, and the
generalized spatial model. Different models encompass different paradigms of spatial
econometric analysis. Following LeSage [20] and Cainelli et al. [17], this paper mainly
considers three basic spatial models, including the spatial lag of X model (SLX), spatial
Durbin model (SDM), and spatial Durbin error model (SDEM), as explained below.

The first model is the spatial lag of X model, which adds the spatial lag of the indepen-
dent variable to the classical linear regression model and considers local spillover effects of
the surrounding space units. The SLX can be specified as

y = Xβ + WXγ + ε (8)

where y is the dependent variable; X is the matrix of independent variables; β is the
parameter matrix to be estimated; W is the spatial weight matrix, which represents the
spatial relationship between spatial units; WX is the exogenous interaction effect between
the explanatory variables of other observation units and the explanatory variables in this
observation unit; γ denotes the spatial parameter of the exogenous interaction effect and
its magnitude indicates the spatial interaction strength of the explanatory variables; and ε
is the disturbance term.

The second model is the SDM, which was proposed by Anselin [52]. Based on the
spatial lag of X model, the spatial lag term of the explained variable is introduced. This
model includes both endogenous and exogenous interaction effects and considers the
global spillover effect as follows:

y =ρWy + Xβ + WXγ + ε (9)
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where ρ denotes the coefficient of the endogenous interaction effect, whose magnitude
reflects the extent of spatial spillover, and the other parameters are explained in the previ-
ous section.

The third model is the spatial Durbin error model, which adds a spatial autocorre-
lation error term to the spatial lag of X model. The SDEM considers both local spatial
spillovers to neighboring spatial units and the spatial autocorrelation of potentially spatially
unobservable factors with the following form:

y = Xβ + WXγ + u, u = λWu + ε (10)

where λ is the spatial error coefficient, reflecting the magnitude of the spatial correlation of
the error term, and the other terms are defined in the same way as before.

Model selection among the above three spatial models is an important part of the em-
pirical analysis and using different models leads to different estimations. Like
Cainelli et al. [17] and Giannakis and Mamuneas [53], this paper uses the Bayesian method
developed by LeSage [54] to compare the differences between the SLX, SDM, and SDEM
across different spatial weight matrices, and the posterior model probability is returned
according to the logarithmic marginal likelihood value of each model to determine the
most suitable model. Following the Bayesian approach, let y denote the quantity of interest,
and let {M1, . . ., Mj} denote the set of models considered, and the marginal likelihood of y
with respect to Mi is obtained by integrating over the parameter vector θi as follows [55]:

p(y|Mi) =
∫

p(y|θi, Mi)p(θi|Mi)dθi (11)

Table 2 shows the model probabilities for the SLX, SDM, and SDEM for the inde-
pendent variables in different periods with respect to different spatial weight matrices.
The SDEM seems to be the most appropriate specification for analyzing the relationship
between industry diversity and economic resilience in both study periods. Interestingly, a
three nearest neighbors spatial weight matrix is associated with the best SDEM specification
for the one-year resilience, while for the longer periods (2-year and 4-year resilience) four
nearest neighbors seems to be the best one for SDEM specification. These model selection
results have important implications regarding the diversity–resilience relationship. On
the one hand, the resilience of one region can be impacted not only by the region’s charac-
teristics, but also by its immediate neighbors, which confirm the existence of local spatial
spillovers as suggested by LeSage [20]. On the other hand, because of the disturbance term
in the SDEM, a change in the disturbance of a region can produce impacts on disturbances
of neighboring regions, neighbors to the neighboring regions, and so on. Since the scalar
parameter is less than one, these impacts decay with the order of neighbors, and high-order
neighbors received less impact. Additionally, the interpretation of the estimated direct
and indirect effects in the SDEM is straightforward. The direct effects are reflected by the
estimated coefficients of the non-spatially lagged terms, and the indirect effects are reflected
by the estimated coefficients of the spatially lagged terms [20].

Finally, when the spatial models are specified, Equation (7) is estimated using the
Bayesian Markov chain Monte Carlo (MCMC) method. LeSage and Pace [55] indicated that
use of the MCMC technique produces more accurate estimation results than the traditional
maximum likelihood in small samples. Based on Lacombe et al. [39], Deller and Watson [15],
and Jensen et al. [56], we assume a normal–gamma conjugate prior for β and σ, and a
uniform prior for ρ. The Bayesian priors are given in Equations (12)–(14).

π(β) ∼ N(c, N) (12)

π
(

1/σ2
)
∼ Γ(d, v) (13)
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π(ρ) ∼ U(0, 1) (14)

The parameter β, σ, and ρ can be estimated drawing sequentially from the conditional
distributions using a Gibbs sampling process. Our analysis uses 22,500 draws with the
first 2500 draws as the burn-in period. The removal of these burn-ins is useful because the
initialized values might be unstable.

Table 2. Model comparison: model probabilities.

No. of Neighbors SLX SDM SDEM

One-year recovery

2 0.0005 0.0122 0.0006
3 0.1211 0.2502 0.2579
4 0.0749 0.1112 0.1634
5 0.0002 0.0008 0.0008
6 0.0008 0.0030 0.0025

Two-year recovery

2 0.0000 0.0000 0.0000
3 0.0100 0.0130 0.0132
4 0.2180 0.2673 0.4784
5 0.0000 0.0000 0.0000
6 0.0000 0.0000 0.0001

Four-year recovery

2 0.0000 0.0000 0.0000
3 0.0000 0.0000 0.0002
4 0.1503 0.2097 0.5385
5 0.0002 0.0012 0.0029
6 0.0095 0.0209 0.0665

Notes: The table reports the model probabilities for the three spatial models using spatial weight matrices defined
for two to six nearest neighbors. The analysis is based on a total sample of 31 cities.

5. Results and Discussion
5.1. Preliminary Analysis

As shown in Figure 2, both related variety and unrelated variety exhibit an agglom-
eration pattern in the studied region in general without substantial difference between
the two subfigures. More specifically, cities with greater degrees of related variety and
unrelated variety, in particular, are concentrated around the three megacities. This might
be related to the rapid industrialization of Chinese cities since the Reform and Opening-up.
For individual cities like Wuhan, Changsha, and Nanchang, the level of related variety and
unrelated variety is relatively high, and the level of industrial variety in the surrounding
areas of Changsha and Nanchang shows similar characteristics. By comparison, the indus-
trial structures around Wuhan are more specialized and have both low levels of related
variety and unrelated variety.

Figure 3 suggests that although there are some differences in the distribution pat-
tern of economic resilience in different periods, in general, there is a spatial agglomer-
ation phenomenon. More specifically, the regions with higher economic resilience in
2008–2009 are concentrated in the Hubei and Hunan provinces. By comparison, Tianmen,
Qianjiang, and Xiantao, which have smaller economic sizes, are clustered with lower eco-
nomic resilience. As mentioned above, this may be attributed to their specialized industrial
structure. In contrast, cities in Jiangxi province have relatively low levels of resilience, even
in the provincial capital city of Nanchang. Meanwhile, the scatterplots suggest that there
may be positive correlation between industrial diversity and economic resilience in the
one-year resilience period in Figure 4a,b, but that relationship becomes insignificant in
longer periods.
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Figure 3. Recovery resilience in the Yangtze River middle reaches urban agglomeration.
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Figure 4. Scatterplots of industrial diversity and regional economic resilience in different time periods.
(a) Related variety against recovery resilience, 2008–2009; (b) unrelated variety against recovery
resilience, 2008–2009; (c) related variety against recovery resilience, 2008–2010; (d) unrelated variety
against recovery resilience, 2008–2010; (e) related variety against recovery resilience, 2008–2012; and
(f) unrelated variety against recovery resilience, 2008–2012.

5.2. Regression Analysis

Table 3 presents the estimation results of the spatial Durbin error model of the 1-year
resilience in 2008–2009, 2-year resilience in 2008–2010, and 4-year resilience in 2008–2012.
First of all, the estimated parameter λ shows a high level of significance, which indicates
that the SDEM rather than the SDM should be used. In other words, although we have
considered a rich set of control variables, the SDEM suggests that there are possible spatial
error correlations in that unobserved factors influencing economic resilience vary over
space [39].

Second, the estimation of diversity variables provides interesting findings for this
analysis. The direct effects of related diversity show that the level of related diversity
is positively associated with regional resilience over the three periods, even though this
association is not statistically significant over the 4-year resilience period of 2008–2012. This
suggests that cities with higher levels of related variety tend to respond better to external
shocks than cities with lower levels of related variety, but only within a shorter time
frame. By comparison, according to the estimation results of unrelated variety, unrelated
variety has no significant direct effect on the resilience of economic recovery in all three
phases. That is to say, related variety plays a more significant role than unrelated variety in
promoting the economic recovery resistance of the studied region in our case.
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Table 3. Estimated direct and indirect effects.

Recovery
2008–2009

Recovery
2008–2010

Recovery
2008–2012

Model SDEM SDEM SDEM
No. of neighbors 3 4 4

Direct effect
Related variety 1.736 ** 3.087 *** 0.562

Unrelated variety −0.073 −2.303 −0.090
GDP per capita 0.338 −2.315 * −1.935 ***

Employment 0.577 1.920 ** 0.842 **
Fixed investment 0.211 0.622 0.293
Secondary sector 0.892 4.959 ** 2.702 ***

Indirect effect
W × related variety 4.484 * 3.723 1.228

W × unrelated variety −7.964 * −2.220 −0.756
W × GDP per capita −0.030 −5.374 −3.450 *

W × employment 4.710 *** 10.030 *** 4.042 ***
W × fixed investment −3.043 ** −6.688 *** −2.264 **
W × secondary sector 2.313 13.423 ** 3.181

Regional dummies Yes Yes Yes
W × regional dummies Yes Yes Yes

No. of observations 31 31 31
Pseudo R2 0.543 0.711 0.743

λ 0.591 *** 0.748 *** 0.678 **
Notes: Significance levels: * for 90%, ** for 95%, and *** for 99%. The optimal spatial weights are determined by
the reported results in Table 2.

The knowledge spillover effect resulting from related variety is more significant than
the industrial portfolio effect or the risk-spreading effect in sustaining economic recovery
resistance in the postcrisis era. This finding has a simple economic explanation. In a local
system with a high degree of related diversity and therefore a common technology base,
it is easier to redistribute skills, technologies, and workers from one industry to another,
enabling local adjustment of production structure to adapt to external shocks. This is similar
to the findings of Sedita et al. [57] and Cainelli et al. [17], which found that geographic
regions with a highly relevant knowledge base have a higher ability to withstand economic
or financial crises and reduce their intensity. Meanwhile, Diodato and Weterings [58]
identified a similar mechanism: they emphasized how input–output linkages and skill
relatedness improve local labor market resilience.

In response to the impact of the global financial crisis, the Chinese government adopted
a series of macro-control measures from 2009 to 2012 and the economic growth rate rebounded
during this period. The regression results for the period 2008–2012 indicate that the related
variety does not have a significant effect on the economic recovery resistance in that period,
probably because government-led investment activities, such as infrastructure construction,
do not strongly depend on knowledge spillovers and technology–industry linkages. For
these reasons, the related variety factor is not significant in longer study periods.

Third, focusing specifically on spatial spillovers, the spatial spillover effects of both
related variety and unrelated variety are insignificant in 2-year and 4-year resilience, but
those effects are significant in in 1-year resilience. On the one hand, the spatial spillovers of
related variety tend to promote economic resilience and move in the same direction with
the direct effect. The interpretation is that one region’s economic resilience is positively
associated not only with the region’s level of related variety, but also with the neighboring
industrial structure. In terms of magnitude, the indirect effect is greater than the direct
effect. On the other hand, the unrelated variety of neighboring regions seems to undermine
the overall economic resilience, which can be explained by the competition or backwash
effect among regions [17,59].
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As mentioned earlier, LeSage [20] further differentiated two forms of spatial spillover,
including (1) local spatial spillovers that only affect immediate neighbors and (2) global
spatial spillovers that involve not only immediate neighbors, but also the neighbors of the
immediate neighbors, and so on. As suggested by the SDEM estimation results in Table 3,
the spatial spillovers of both related and unrelated variety are local. These results are similar
to those of Cainelli et al. [17], who also found that the spatial spillovers of related variety
on economic resilience are local rather than global. In this regard, the knowledge spillover
effect is localized and tends to benefit only immediate neighbors. Although LeSage [20]
claimed that most spatial spillovers are local in nature, the majority of previous industrial
diversity studies have either taken a nonspatial perspective or assumed the existence of
spatial effects resulting from knowledge spillovers without testing for local versus global
nature. To this end, by merely assuming spatial spillover effects, but not testing which form
of spatial spillover actually exists, the empirical understandings and policy implications of
industrial diversity on economic resilience may be wrong.

Finally, from a methodological perspective, the advantages of Bayesian spatial econo-
metrics can be twofold. On the one hand, the use of Bayesian method can return the
best model among the SDM, SLX, and SDEM across different spatial weight matrices. It
avoids the two-way comparisons of SDM versus SLX, SDEM versus SLX, SDEM versus
SDM specifications that are used in traditional use of maximum likelihood-based Lagrange
multiplier test statistics [39]. In doing so, appropriate spatial regression models and spatial
weights are specified and the estimates of global or local spatial spillovers are correctly
interpreted. On the other hand, since our sample only includes 31 cities but we have an
array of independent variables, Bayesian spatial econometrics outperforms the maximum
likelihood method in small samples and provides more accurate estimates of the parameters
of interest. LeSage and Pace [55] suggested that this is because “in small samples data may
exhibit asymmetry or heavy tailed distributions that deviate from normality”.

6. Conclusions

To sum up, this paper adopted the concept of regional resilience developed by La-
gravinese and used Bayesian spatial econometric methods to empirically investigate the
relationship between industrial variety and regional economic resilience in the middle
reaches of the Yangtze River urban agglomeration. The main conclusions are listed as
follows: First, related variety has a significant positive effect on economic recovery resis-
tance, especially during the one- and two-year recovery periods, while unrelated variety
has no significant impact in longer study periods, which suggests that it is the knowledge
spillover effect rather than the risk-spreading effect or the industry portfolio effect that
dominates the postcrisis diversity–resilience relationship. Second, the indirect effects of
related variety and unrelated variety are statistically negligible in longer periods, but these
local spatial spillover effects are statistically significant in one-year resilience, indicating
that these spatial effects are localized and transitory. Third, the direct and indirect effects of
both related variety and unrelated variety in promoting economic resilience diminish in
longer study periods.

When these points are combined, related variety and its local spatial spillovers play key
roles in promoting short-term economic recovery resilience, which provides three important
policy implications for sustainable economic development. First, as illustrated in our case,
the knowledge spillover effect dominates the diversity–resilience relationship and related
variety acts as a “shock absorber”. Hence, regional policies should be redefined to enhance
the ability of individual regions to withstand external macroeconomic shocks, adapt to
the changing environment, and promote economic recovery by related diversification.
Second, when the risk-spreading effect rather than the knowledge spillover effect prevails,
regional researchers and policymakers should be cautious about the possible negative
impacts resulting from high levels of related variety as a “shock diffuser”. These negative
impacts might undermine and even neutralize the benefits of unrelated variety as a “shock
absorber”. Third, because our study confirms the local nature of spatial spillovers in



Sustainability 2023, 15, 11376 15 of 17

the diversity–resilience relationship, economic capability from immediate neighboring
regions is also a very important source for strengthening a region’s ability to cope with
and adapt to external shocks. Measures to facilitate interregional connections and regional
integration—such as constructing high-speed railways—can contribute to knowledge
diffusion and benefit less resilient regions [45].

There are also several limitations in this paper, which can be potential directions for
future research. First, it is interesting to measure other aspects of industrial structure
that might affect regional economic resilience, such as relatedness, complexity, and coher-
ence [32,60], and to examine their global or local spatial effects, respectively. Second, recent
research has suggested that in addition to industrial structure, other forms of economic
structure like occupation, product, and patent can also impact the capacity of individual
regions to recover after exogenous shocks [61–63]. In this regard, future research can
explore other forms of economic structure with their impacts on economic resilience. Third,
given that existing studies have already addressed the issue of model uncertainty in terms
of the choice of explanatory variables [64–66], future economic resilience research can
employ spatial Bayesian model averaging (BMA) methods to simultaneously deal with
model uncertainty resulting from the set of variables as well as the global or local nature of
spatial spillovers.
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