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Abstract
Given that little attention has been paid to the multiple and even conflicting roles of 
related variety and unrelated variety in shaping regional economic resilience, this 
study develops a framework that incorporates the industrial portfolio effect, the risk 
spreading effect, the labor matching effect, and the knowledge spillover effect to 
analyze the relationship between industrial diversity and economic resilience. Based 
on the developed framework, spatial econometric models are then employed to ana-
lyze the impacts of related variety and unrelated variety on economic resilience in 
U.S. Metropolitan Statistical Areas (MSAs) after the Great Recession. The empirical 
results from the estimation of the spatial Durbin error models show that a high level 
of related variety tends to undermine MSAs’ capacity to adapt to external shocks 
with respect to the 1-year period 2009–2010, the 3-years period 2009–2012, and the 
5-years period 2009–2014, suggesting that due to the risk spreading effect, related 
variety acts as a shock diffuser in response to the crisis. By comparison, the role of 
unrelated variety as a shock absorber is significant in terms of direct effect, and the 
spatial spillovers of unrelated variety on economic resilience cannot be ignored with 
respect to the 3-years period 2009–2012 and the 5-years period 2009–2014.
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1 Introduction

For a long time, economic geographers, regional scientists, and policy makers 
have focused on industrial structure and regional economic development in terms 
of specialization and diversity. The question that whether regions benefit more 
from being industrially specialized or being diversified was originally raised by 
the seminal work of Glaeser et  al. (1992). Conventional wisdom and Marshall-
Arrow-Romer (MAR) externalities hypothesize that knowledge spillovers occur 
within a single industry (Watson and Deller 2017), but Jacobs (1969) indicated 
that these spillovers take place across different industries. To examine this ques-
tion extensively, Beaudry and Schiffauerova (2009) overviewed empirical stud-
ies on the effects of MAR and Jacobs externalities on regional economic devel-
opment and found that the corresponding results are mixed: many studies have 
found evidence for the MAR hypothesis, whereas a substantial share of studies 
have confirmed the role of Jacobs externalities. To this end, the simplistic divi-
sion of specialization and diversification seems to fail to capture the various 
effects of industrial structure on economic development.

To reconcile the tension between specialization and diversity, Frenken et  al. 
(2007) hence introduced the concepts of related variety (RV) and unrelated vari-
ety (UV) and studied their effects respectively. On the one hand, related variety 
can impact regional economic performance in the knowledge spillover effect. 
This is because industrial diversity is the precondition for knowledge spillovers 
only when variety is related with similar knowledge bases across different indus-
tries or with cognitive proximity (Nooteboom 2000). Such cross-fertilization of 
inter-industry knowledge may give rise to Schumpeterian new combinations and 
innovation. Thus, related variety is supposed to benefit the economic performance 
of firms and regions (Frenken et al. 2007; Content and Frenken 2016; Xiao et al. 
2018; Whittle and Kogler 2020). In relation to regional economic resilience, it 
is argued that related variety can act as a shock absorber and has the potential to 
provide opportunities for collective learning and inter-industry knowledge spillo-
vers, which speeds up the recovery process from sector-specific shocks (Neffke 
and Henning 2013; Boschma 2015; Diodato and Weterings 2015; Sedita et  al. 
2017; Cainelli et al. 2019).

On the other hand, unrelated variety can also work as a shock absorber and 
reduces external risks for regional economies because of the industrial portfolio 
effect (Conroy 1975; Jackson 1984; Frenken et al. 2007; Watson and Deller 2017; 
Hu et al. 2022). If local industries are disconnected in terms of input–output link-
ages, the economic risk of one industry cannot spread to other industries through 
interindustry flows and damage only parts of the economy. Furthermore, Boschma 
(2015) and Whittle and Kogler (2020) claimed that when the effect of industrial 
variety as shock-absorber is manifest, local industries should be disconnected also in 
cognitive terms. As such, the decline in one sector will not affect the learning oppor-
tunities to other sectors in an industrially diversified region.

In addition to the well-known knowledge spillover and industrial portfolio 
effects, another two strands of literature might deepen our understanding on the 
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relationship between industrial diversity and economic resilience and motivate 
our study. First, recent insights argued that related variety can work as a shock-
diffuser when local industries are closely related (Antonietti et al. 2015; He et al. 
2021). This is because regions with high levels of related variety can be vulner-
able to external shocks. The economic risk of one industry can easily spread 
to other related industries and even damage the whole economy because of the 
risk-spreading effect. Second, some studies in labor economics suggested that the 
labor matching effect can impact economic performance (Boschma 2015). More 
specifically, from a micro perspective, workers who lose their jobs in economic 
shocks can easily find new jobs in skill-related industries (Neffke et  al. 2018; 
Holm et  al. 2017; Eriksson et  al. 2016). By comparison, without large concen-
tration of local industries related to the pre-displacement industries, redundant 
workers have to change industries, or move to other regions, or both, all of which 
will result in human capital destruction or reallocation and adversely influence 
economic resilience.

In this regard, the research goals of this study are two-fold. First, given that eco-
nomic resilience is widely discussed in economic development and regional policy 
literature since the Great Recession in the late 2000s (Martin et al. 2016; Boschma 
2015) on the one hand, and that considerable work has concentrated on related vari-
ety and unrelated variety by evolutionary economic geographers in the past decade 
(Boschma 2017) on the other hand, this study aims to link the diversity and resil-
ience literature and develop a framework to incorporate different effects of indus-
trial diversity on economic resilience, including the industrial portfolio effect, the 
knowledge spillover effect, the labor matching effect, and the risk spreading effect. 
Second, because the Great Recession and the recent COVID-19 pandemic provide 
natural experiments to explore the relationship between industrial diversity and eco-
nomic resilience (Hu et al. 2022; Watson and Deller 2017), this study further exam-
ines the diversity-resilience relationship among 359 Metropolitan Statistical Areas 
(MSAs) in the contiguous U.S. with respect to the Great Recession and, among 
these effects, explores which effect dominates the relationship. Our empirical results 
mainly suggest that regions with many related industries tend to be less resilient to 
external shocks and related variety mainly acts as a shock-diffuser, whereas unre-
lated variety acts as a shock-absorber.

The contributions of this study can be summarized in the following perspectives. 
First, in examining various effects of industrial diversity on economic resilience 
(Brown and Greenbaum 2017; Cainelli et al. 2019; Doran and Fingleton 2018; He 
et al. 2021), this study emphasizes that (1) the net impact of related variety can be 
jointly determined by the risk spreading effect, the labor matching effect, and the 
knowledge spillover effect, and (2) both related variety and unrelated variety can 
absorb the negative influences of external shocks because of the knowledge spillo-
ver effect, the labor matching effect, and the industrial portfolio effect. Second, to 
provide a more accurate picture of the diversity-resilience relationship, we follow 
Cainelli et al. (2019) and Giannakis and Mamuneas (2022) to explicitly consider the 
role of space through the estimation of Spatial Durbin error models (SDEM) that 
account for local spatial spillovers and unobserved spatial dependence (Lacombe 
et al. 2014). The empirical results of our SDEM indicate that the spatial spillovers 
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of unrelated variety on economic resilience cannot be ignored. Third, since the influ-
ences of industrial diversity on resilience may vary with the length of study period 
(Cainelli et al. 2019; Xiao et al. 2018), the temporal dimension of economic resil-
ience is evaluated over three post-crisis periods that incorporate the full recovery 
process (i.e., the short-term 1-year period 2009–2010, the mid-term 3-years period 
2009–2012, and the mid-term 5-years period 2009–2014), which is suitable to 
examine the different roles and effects of industrial diversity on economic resilience.

The remainder of this study is organized as follows. Section 2 reviews the exist-
ing literature on industrial diversity and regional economic resilience and summa-
rizes four effects within the diversity-resilience relationship. Then, the methodologi-
cal details are provided in Sect. 3. After that, Sects. 4 and 5 present the results of the 
descriptive statistics and spatial regression analysis. The final section concludes the 
main findings, presents the policy implications, and discusses the future research 
directions of this study.

2  Literature review

The concept of resilience originally comes from physics and represents the abil-
ity of recovering from external shocks. Especially after the Great Recession, how 
regions react to different crises have attracted attention from economic geogra-
phers, regional scientists, and urban researchers. Several academic journals, such as 
Cambridge Journal of Regions, Economy and Society (2010), Papers in Regional 
Science (2017) and the Annals of Regional Science (2018), have published special 
issues or sections on the state art of economic resilience research. Up to date, three 
general research topics can be identified, including the concepts, measurements, and 
determinants of economic resilience.

To begin with, regional economic resilience can be defined conceptually in a vari-
ety of approaches, including engineering resilience, ecological resilience, and evolu-
tionary resilience (Boschma 2015). The engineering approach defines resilience as 
the ability of a return to the preexisting equilibrium point, whereas ecological resil-
ience denotes returning to a new steady-state without changing its structure, identity, 
or function (Holling 1973). More recently, evolutionary resilience is defined as con-
tinuously adaption to changing conditions (Simmie and Martin 2010). It is generally 
hypothesized that shocks or disturbances are the basis for these resilience definitions 
and two broad types of disturbances are identified: one is slow-burning disturbances 
like climate change and resource depletion (Hu and Yang 2019; Tan et  al. 2020), 
while the other type is short-term shocks, such as an economic crisis, an industry 
closure, a pandemic, and a natural disaster (Cainelli et al. 2019; Holm et al. 2017; 
Eriksson et al. 2016; Hu et al. 2022).

Next, due to the conceptually multifaced nature of economic resilience, meas-
uring resilience in practice becomes challenging. Although there is no consensus 
on how to measure resilience, one stream of research adopts basic economic per-
formance indicators to reveal shock responses; for instance, Brown and Greenbaum 
(2017) used unemployment rate and Rocchetta and Mina (2019) used employment 
growth rate. By comparison, others have established more composite indexes to 
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assess economic resilience (Angulo et  al. 2018; Lagravinese 2015; Martin et  al. 
2016). Han and Goetz (2019), for example, used input–output accounts to predict 
U.S. county-level economic resilience. Martin (2016) suggested that resilience can 
be measured as the ratio between the observed change in regional employment 
or output to the corresponding change in the country as a whole. Many empirical 
studies like Tan et al. (2020) and Hu et al. (2022) employed Martin’s (2016) index 
because of limited data requirement. Additionally, a series of papers explores differ-
ent dimensions of economic resilience. Balland et al. (2015) examined the techno-
logical resilience of U.S. cities in terms of vulnerability, crisis intensity, and dura-
tion. Martin (2012) suggested that regional economic resilience can be viewed in the 
perspectives of resistance, recovery, reorientation, and renewal.

Finally, why regions differ in the performance of economic resilience is a cru-
cial question. As a response, recent scholars have explored specific factors that 
explain the variation of economic resilience both theoretically and empirically, 
such as industrial structure (Martin 2016), location (Annoni et al. 2019), innovation 
(Bristow and Healy 2018), specialization (Cuadrado-Roura and Maroto 2016), and 
industrial relatedness (Xiao et  al. 2018). Among these factors, industrial structure 
is generally considered as the key determinant of regional resilience by a number 
of authors (Boschma 2015; Martin et  al. 2016). Based on this consensus, Martin 
and Sunley (2015) further suggested that the influences of industrial structure on 
resilience can be viewed in terms of diversity, modularity, related variety, diversi-
fied specialization, and the like, whereas this study focuses on industrial diversity 
(including both related variety and unrelated variety). For our focus, Table 1 sum-
marizes recent articles on this topic and the current literature generally offers several 
categories of effects regarding the diversity-resilience relationship as follows.

First, the industrial portfolio effect views the combination of unrelated industries 
as a portfolio that protects a region from shocks. Unrelated variety therefore acts as 
a shock absorber with respect to economic downturns (Attaran 1986; Brown and 
Greenbaum 2017; Doran and Fingleton 2018; Hu et al. 2022). In this context, it is 
risky to make the economy of one region highly dependent on a limited number of 
industries, because specialized regions might suffer severely from shocks in demand. 
By contrast, industrially diversified regions may experience mild unemployment and 
even neutralize the negative effects of shocks. In other words, the strategy of “do not 
put all your eggs in one basket” can boost regional resilience. In fact, this strand of 
literature can be traced back to the Great Depression in the early 1930s when schol-
ars found the key role of industrial diversity in resisting the crisis (Attaran 1986; 
Conroy 1975; Jackson 1984) and recent research work by Brown and Greenbaum 
(2017), Chen (2019), and Deller and Watson (2016) takes this direction. By employ-
ing different modeling methods like multilevel linear regression and spatial econo-
metric methods, most of these studies have confirmed that unrelated variety has a 
positive impact on regional resilience.

Second, the knowledge spillover effect concerns the role of related variety as a 
shock absorber. Schumpeter and his followers attribute knowledge spillovers to the 
recombination of existing knowledge (Fleming 2001; Schumpeter 1934), and Jacobs 
(1969) further suggested that industrial diversity contributes to knowledge spillo-
vers. However, Jacobs’ opinion has been questioned because of its unclear nature 
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(Beaudry and Schiffauerova 2009; Content and Frenken 2016; Porter 2003). Based 
on the idea of cognitive distance (Nooteboom 2000), Frenken et al. (2007) stressed 
that knowledge spillovers occur only between industries with cognitive proximity, 
which has been referred to as related variety. For example, it is difficult for automo-
bile manufactures to learn from dairy product companies. The cognitive distance 
between industries should be neither too great in that they have nothing to com-
municate nor too small as there is nothing to be learned (Boschma 2015). Under 
such optimal cognitive distances, knowledge spillovers result in the emergence of 
new industries and products, which enhances economic resilience especially in the 
post-crisis era (Cainelli et  al. 2019; Rocchetta and Mina 2019; Xiao 2018). The 
knowledge spillovers effect has been supported by empirical evidence from numer-
ous studies in different countries and at different geographical scales. For example, 
Diodato and Weterings (2015) discovered that input–output linkages, connectivity, 
and skill relatedness can jointly contribute to the resilience of Dutch labor markets. 
Sedita et  al. (2017) confirmed the positive effect of related variety on economic 
resilience through linear regression models among local labor markets in Italy. In 
a similar vein, Cainelli et al. (2019) employed spatial econometric techniques and 
found that (1) related variety acted as a short-run shock absorber with respect to the 
Great Recession and (2) spatial spillovers exist within the variety-resilience relation-
ship in the case of Italian labor markets.

Third, the risk spreading effect assumes that while relatedness contributes to 
regional economic resilience, the empirical fact cannot exclude that under some 
circumstance, related variety from the demand side can possibly work as a shock 
diffuser in response to a crisis (He et al. 2021). In essence, the industrial portfolio 
effect and the risk spreading effect share a same mechanism but with inverse effects 
depending on the industry mix. If local economies are characterized by high levels 
of unrelated variety, economic risks cannot be easily transferred to other industries. 
By comparison, regions with high levels of related variety usually have the risk 
spreading effect. From a theoretical perspective, industrial relatedness reduces mod-
ularity and increases the spreading risk across related subsets of sectors (Martin and 
Sunley 2015; Content and Frenken 2016). This is especially prevalent in resource-
based economies where relatedness might lead to regional lock-in and reduce the 
capacity to react a crisis due to diversifying in new activities that are closely related 
to the old techno-industrial base (Rodríguez-Pose and Wilkie 2019). When eco-
nomic shocks invade, economic risks spread to the whole economy easily and there 
is no cushion against such shocks. He et al. (2021) further argued that the net impact 
of related variety depends not only on the knowledge spillover effect on the supply 
side, but also on the risk-spreading effect on the demand side.

Fourth, in addition to the effects mentioned above, the labor matching effect 
received less attention in economic resilience research. However, a large and grow-
ing literature in labor economics connects skill relatedness to workers who lose their 
jobs in establishment closures (Neffke et al. 2018; Holm et al. 2017; Eriksson et al. 
2016). The empirical evidence suggests that when local industries are skill related, 
related variety is expected to enhance labor matching and speed up the recovery 
from specific shocks. This is because the redundant works can easily find new jobs 
in skill-related industries to avoid the destruction or reallocation of human capital 
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(Diodato and Weterings 2015). Comparing with the knowledge spillover effect, the 
labor matching effect emphasizes the use of excessive labor resources rather than the 
creation of new knowledge. The knowledge spillover effect and the labor matching 
effect are expected to contribute to economic resilience, but it is difficult to distin-
guish which effect is actual at work.

To sum up, the above literature review suggests that the influences of industrial 
diversity on regional economic resilience have not been systematically studied and 
most of existing studies only cover parts of these effects. Building on the works of 
Cainelli et al. (2019), He et al. (2021), Neffke et al. (2018), and Marin and Sunley 
(2015), we propose a framework to understand the relationship between related vari-
ety, unrelated variety, and economic resilience in terms of the risk spreading effect, 
the knowledge spillover effect, the labor matching effect, and the industrial portfolio 
effect (See Figure 1). Based on this framework, our study then investigates the diver-
sity-resilience relationship in U.S. MSAs after the Great Recession and scrutinizes 
the roles of industrial diversity in regional economic resilience. The next section 
introduces the methodology.

3  Methodology

3.1  Measuring regional economic resilience

The empirical study aims to evaluate the relationship between industrial diversity 
and regional economic resilience after the Great Recession. To fulfil this aim, the 
corresponding spatial units are the MSAs in the continental U.S. This is because 
MSAs are functional—rather than administrative—regions that are defined based on 
population density and commuting flows and thus can be considered as functionally 
meaningful economic entities (Cainelli et al. 2019; Chen 2019; Doran and Fingleton 
2018).

Following Doran and Fingleton (2018) and Cainelli et  al. (2019), the resil-
ience index is constructed for three post-crisis periods, i.e. the one-year period 
2009–2010, the three-year period 2009–2012, and the five-year period 2009–2014. 
As shown in Fig. 2, the U.S. unemployment rate reaches its peak in 2009 and returns 
to the pre-crisis level in 2014. Similarly, the GDP growth rate is negative in 2009 

Fig. 1  Framework for the multiple effects within the diversity-resilience relationship
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and gradually comes back to normal after that. Since we focus on the short- and 
mid-term recovery aspects of economic resilience in the post-crisis era, we limit the 
study period from 2009 to 2014 and evaluate the influence of industrial diversity on 
economic resilience in one-, three-, and five-year post-crisis periods.

Although the existing literature has proposed several measures to quantify eco-
nomic resilience like unemployment rate and GDP growth rate, this study adopts 
the sensitivity index developed by Martin et  al. (2016) to measure economic 
resilience and use country-level employment data from the Bureau of Economic 
Analysis (BEA). The sensitivity index is chosen not only because of limited data 
requirement and computational ease, but also because of its popularity in previous 
literature and policy discussion between national and local trends (Martin et  al. 
2016; Cainelli et al. 2019; Hu et al. 2022). According to Martin et al. (2016), this 
index compares the difference between expected employment change to the actual 
change. The expected employment change in region r during k periods can be 
written as:

where Et
ir
 is the employment value in industry i in region r in starting time t, the 

base year; and gt+k
N

 is the change rate of national employment during k periods.
Then, the region’s economic resilience can be expressed as:

where ΔERecovery
r  is the actual recovery value of region r from time t to t + k. By 

definition, a positive value of Resiliencer indicates that the region is resilient to 

(1)
(
ΔEt+k

r

)expect
=
∑

i

Et
ir
∗ gt+k

N

(2)Resiliencer =

(
ΔE

Recovery
r

)
−
(
ΔE

Recovery
r

)expect

|||
|

(
ΔE

Recovery
r

)expect|||
|

Fig. 2  US unemployment rates and GDP growth rates by year (Source: U.S. Bureau of Economic Analy-
sis)
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recession in respect to the national economy, and non-resilient if the value is 
negative.

3.2  Measuring related and unrelated variety

As reviewed by previous studies, there as numerous approaches to measure indus-
trial diversity, such as the entropy index, the Herfindahl–Hirschman Index, and 
national average. In this analysis, the entropy index is employed because of its 
decomposable nature in measuring related variety and unrelated variety (Attaran 
1986; Frenken et al. 2007). Meanwhile, although relatedness can be measured based 
on industrial classification standards, the probability of co-occurrence, input–out-
put relationships, and others (Content and Frenken 2016; Whittle and Kogler 2020), 
this study makes full use of the work of the Harvard cluster mapping program by 
Porter (2003) and Delgado et al. (2016) and determines sectors within the same eco-
nomic cluster as industrially related. Conceptually, Porter (1998) defines economic 
clusters as geographical concentration of linked industries. Based on this definition, 
Porter (2003) used an ex post indicator, the local correlation of employment across 
industries, to identify clusters of related industries. In Porter’s (2003, p.562) words, 
“if computer hardware employment is nearly always associated geographically with 
software employment, this provides a strong indication of locational linkages.” As a 
result, Porter identified 29 clusters in the context of U.S. After that, Delgado et al. 
(2016) extended Porter’s (2003) method by considering co-location patterns of 
employment and establishments, input–output relations, and similarity in occupa-
tion structure and consequently identified 51 economic clusters in the U.S., where 
each cluster includes several five-digit North American Industrial Classification 
Systems (NAICS) sectors. As a useful tool to analyze industrial structure in addi-
tion to standard industrial classification systems especially in the U.S., the cluster 
approach has been widely used to measure industrial relatedness in the existing lit-
erature (Boschma et al. 2012; Chen 2020; Hidalgo 2021).

As for the data source, all the variety variables are calculated based on County 
Business Patterns (CBP), which annually reports two- to six-digit level NAICS 
employment data for different levels of geographical areas like states, counties, and 
zip code areas. Because of confidentiality reasons, CBP uses data ranges for the 
actual number of jobs for small sectors and areas, which limits the usefulness of the 
data. However, values to replace these data ranges were estimated through Isserman 
and Westervelt’s (2006) method in the Upjohn Institute’s “WholeData” version of 
CBP.

Total variety is the entropy calculated between five-digit level NAICS sectors:

where pi denotes the share of each five-digit sector in total employment. Larger 
values of the index indicate greater levels of diversity, while lower levels display 
a more specialized economy. Similarly, the calculation of unrelated variety is the 

(3)TV =

N∑

i=1

pi ln
1

pi
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entropy calculated among economic clusters identified by Delgado et al. (2016) as 
follows.

where pg denotes the share of each cluster in total employment. Larger values of this 
index indicate a greater level of diversity between economic clusters, whereas lower 
levels hint at a more specialized economy. Related variety, by comparison, can be 
calculated as follows.

where every five-digit sector falls exclusively under an economic cluster. Because of 
the decomposable nature of the entropy index (Frenken et al. 2007; Attaran 1986), 
total variety equals to the sum of unrelated variety and the weighted sum of related 
variety.

3.3  Empirical model

To examine the relationship between industrial variety and economic resilience, the 
following empirical model is specified.

where the dependent variable is regional economic resilience and the independent 
variables include two industrial diversity measures (including both related vari-
ety and unrelated variety) and a set of control variables that capture the industrial, 
demographic, and social features of regions (See Table  2). Note that due to data 
completeness, accuracy and availability, the dependent variables are measured from 
2009 to 2014, the related and unrelated variety variables are measured in 2010, and 
the control variables are mainly from the Census, County Business Patterns, and 
Bureau of Economic Analysis for the year 2010.

Most of these control variables are self-explanatory and have been widely used 
in the regional economic growth and convergence literature (Watson and Deller 
2017; Cainelli et  al. 2019; Chen 2019). The percentage of employment in goods 
production industries, for example, is highly associated with economic performance 
because during economic recessions. This is because customers are less willing to 
purchase durable goods like automobiles and furniture (Jackson 1984). Similarly, 
population size is usually used to measure the size of MSAs. Following Frenken 
et  al. (2007) and Sedita et  al. (2017), this variable has been regarded as a proxy 
for externalities related to urbanization. Regions with large population often house 
universities, industries, and organizations and therefore may better react and adjust 
to the impacts of an economic crisis (Cainelli et al. 2019). The share of population 
older than 25 with at least a bachelor’s degree is used to capture the educational 

(4)UV =

G∑

g=1

pg ln
1

pg

(5)RV =

G∑

g=1

pgHg with Hg =

G∑

i=1

pi

pg
ln

1

pi∕pg

(6)Resiliencei = f
(
Varietyi, Controli

)
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effects in economic resilience (Giannakis and Mamuneas 2022). In addition, sev-
eral geographic dummy variables (Northeast, Midwest, and South) are included to 
consider the potential socio-economic and institutional differences that might affect 
economic resilience among Census regions.

3.4  Modeling method

Although Eq. 6 can be estimated using an ordinary least squares (OLS) estimator, 
existing studies (e.g., Bishop and Gripaios 2010; Chen 2019; Trendle 2006; Watson 
and Deller 2017) suggest that spatial interactions across analytical units cannot be 
ignored within the diversity-performance relationship. In other words, the resilience 
of regions might depend not only on their own features, but also on characteristics 
of neighboring regions. One of the early works that used spatial regression mod-
els to study the empirical relationship between industrial diversity and economic 
performance is Trendle (2006), whom used the spatial autoregressive model (SAR) 
and the spatial error model (SEM) and confirmed the existence of spatial spillovers 
within the relationship. Compared to Trendle (2006), later work—such as Bishop 
and Gripaios (2010), Watson and Deller (2017), and Chen (2019)—applied various 
spatial econometric models to account for the spatial spillover effects with the diver-
sity-performance relationship. In our case, because MSAs are not isolated and the 
spatial dependence may impact the resilience performance of neighboring regions, 
standard econometric techniques like the OLS may be misleading and the spatial 
econometric models are considered.

The spatial econometrics literature provides various spatial models—such as the 
spatial error model and spatial autoregressive model—to include different forms of 
spatial dependence. As from LeSage (2014), these spatial models mainly fall into 
two categories, including (1) local spatial spillovers that affect immediate neighbors 
only; and (2) global spatial spillovers that affect not only immediate neighbors but 
also the neighbors of the immediate neighbors, and so on. LeSage (2014) further 
suggested that endogenous interaction and feedback effects are not present in local 
spillovers, whereas these effects are present in global spillovers. Following this line 
of reasoning, three spatial models are considered and each model reflects a different 
type of spatial spillover mechanism as follows.

First, the spatially lagged X (SLX) model allows for local spillovers and can be 
formally specified as:

where y is the dependent variable; X is an array of independent variables; W is the 
spatial weight matrix that denotes the spatial relationship between regions; γ denotes 
the spatial parameter of the spatially lagged explanatory variables; and ε is the error 
term. Note that the WX term represents a weighted average of surrounding values 
of the independent variables and captures the influence of neighboring values of 
the independent variables on the dependent variable (i.e., local spillovers). From 
a technical standpoint, the spatial weight term W can be specified in a variety of 
approaches like distance- and contiguity-based ones. Based on LeGallo and Ertur 

(7)y = X� +WX� + �
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(2003), this study uses the spatial weight matrix with eight nearest neighbors (KNN 
with k = 8) because it enables each region to have the same number of neighbors and 
avoid a situation where disconnected regions have zero neighbors. Despite that the 
spatial regression results are insensitive to the choice of the spatial weight matrix if 
the spatial model is specified correctly (LeSage 2014), alternative spatial weights—
such as KNN spatial weights with k = 7 and 9—are also examined in the Appendix 
for robustness check.

Second, the spatial Durbin error model (SDEM) considers local spatial spillo-
vers, which can be specified as follows:

where ρ denotes the spatial error parameter. When comparing with the SLX, the 
SDEM further considers the residual spatial autocorrelation in the error process 
(LeSage and Pace 2009). As such, the SDEM allows for assessing “the global diffu-
sion of the shocks to the model disturbances” (LeSage 2014).

Third, the spatial Durbin model (SDM) allows for global spatial spillovers 
with the following form:

where β denotes the estimated coefficients of the independent variables; ρ denotes 
the spatial parameter of the spatially lagged dependent variables; γ denotes the esti-
mated coefficients of the spatially lagged independent variables.

A key question concerns which spatial model is the most appropriate one. 
LeSage (2014) suggested that before taking statistical tests, one needs to deter-
mine the spatial spillovers to be a local or global specification; for instance, 
if the theoretical aspects of the modeling point to local spillovers, there is no 
need for statistical tests for global spillovers. However, it seems that theories 
might not be certain about the choice of global versus local spillovers in our 
case. Statistical tests are therefore employed. In fact, existing work on spatial 
econometrics provides a plethora of statistical tests for model specifications. For 
example, the (robust) Lagrange Multiplier statistics test whether spatial lags of 
the dependent variable should be included in the model (Anselin et  al. 1996). 
Similarly, Wald or likelihood ratio tests are used to test whether the SDM can 
be simplified into the SEM or SAR (Elhorst 2014). Nevertheless, one shortcom-
ing of these statistical tests is that it is difficult to make clear conclusions using 
the two-way comparisons of SDM versus SLX, SDEM versus SDM, and SDEM 
versus SLX specifications (LeSage 2014; Lacombe et  al. 2014). To overcome 
this shortcoming, we employ a Bayesian approach for model comparison among 
the SLX, SDM and SDEM (LeSage 2014). The result of this approach directly 
returns the most appropriate model based on the comparison of the log-marginal 
likelihood values across different spatial models. The technical details about this 
Bayesian model comparison approach can be found in LeSage (2015) and LeS-
age and Pace (2009).

(8)y = X� +WX� + u, u = �Wu + �

(9)y = �Wy + X� +WX� + �
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4  Descriptive statistics

Table  3 reports the descriptive statistics. Because all the variance inflation factor 
(VIF) values are less than 5, collinearity is not a serious concern in the model esti-
mations. As for the dependent variables, the comparison between one-year, three-
year, and five-year resilience demonstrates that the range and standard deviation of 
the resilience variable decrease significantly when extending the study period. Simi-
larly, the boxplot in Fig. 3 also suggests that the distribution of economic resilience 
become less dispersed in longer study period. This can possibly be explained by 
the diminishing impacts of the economic crisis as the national and local economies 
recover. Then, the means of three resilience variables are negative, which suggests 
that 359 MSAs on average are non-resilient. The skewness values are 0.583, 1.553, 
and 1.198 respectively, indicating that all the resilience variables are right skewed.

Figure 4 maps the spatial distributions of resilient regions with positive values of 
Resiliencer and non-resilient regions with negative values of Resiliencer for all the 
three periods. When comparing these maps, it is evident that some large cities like 
New York and Orlando keep resilient in all three study periods and suffer less from 
the crisis. By comparison, some MSAs in the Midwest seem to economically resil-
ient in the 2009–2010 period, but become non-resilience in longer study periods.

Figure  5 displays the scatterplot between related variety and unrelated vari-
ety with a linear trend line. The general trend is that related variety moves in the 
same direction with unrelated variety. In other words, MSAs with a higher degree 
of related variety tend to have a higher degree of unrelated variety. This finding 
can be associated with a large area effect. Large cities can have both high levels of 
related variety and unrelated variety in the form of diversified specializations (Mar-
tin and Sunley 2015; Chen 2020), but small regions cannot be industrial diversified. 

Table 3  Descriptive statistics of the dependent and independent variables

All the variables are log-transformed, except for the reginal dummies; S.D. stands for standard deviation; 
VIF stands for variance inflation factor

Mean S.D Maximum Minimum VIF

Resilience 2009–10 −0.128 1.899 9.273 −10.823
Resilience 2009–12 −0.359 0.995 6.288 −2.870
Resilience 2009–14 −0.319 0.684 3.887 −2.045
RV 1.772 0.177 2.099 1.029 2.152
UV 3.201 0.159 3.488 2.574 1.588
Population 693,834 1,569,141 18,700,715 28,132 3.317
Education 0.092 0.039 0.285 0.033 1.415
Nonwhite 0.180 0.115 0.536 0.017 1.579
Income 0.899 0.318 4.175 0.540 1.179
Goods 0.408 0.045 0.538 0.267 1.577
NE 0.128 0.334 1 0 1.404
South 0.423 0.494 1 0 1.651
MW 0.256 0.437 1 0 1.562
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To further explore this point, Fig. 6 maps the spatial distribution of the related and 
unrelated variety indexes. Large areas like New York, Los Angeles and Chicago 
metro areas tend to have both high levels of related and unrelated variety, whereas 
some MSAs in the Midwest states tends to have both low levels of variety.

Figure  7 displays the scatterplots between diversity and resilience variables as 
well as the corresponding linear trend lines. These preliminary results reflect that 
the general relationship between related variety and resilience is negative in Fig. 7a, 
whereas that relationship become positive in Fig. 7b, c. In other words. MSAs with 
a higher degree of related variety tend to have less resilient economic performance 
from 2009 to 2010, but tend to have more resilient economic performance in three-
year and five-year study periods. In a similar vein, the relationship between unre-
lated variety and resilience is negative in Fig. 7d, suggesting that the unrelated vari-
ety variable move in the opposite direction from the one-year economic resilience. 
By comparison, Figs. 7e, f show that as the unrelated variety variable increase, eco-
nomic resilience slightly increases in longer study periods.

5  Empirical results

Table 4 reports the log-marginal likelihood values and posterior model probabilities 
for the SLX, SDM, and SDEM of different study periods. Comparison of these val-
ues and probabilities overwhelmingly suggest that the SDEM should be used, which 
leads to important implications regarding the diversity-resilience relationship. On 
one hand, although we have included several independent variables that may impact 
economic resilience, there are unobserved factors that “vary over space systemati-
cally, resulting in residual spatial error correlation” (Lacombe et al. 2014). In other 
words, unobserved factors produce shocks that impact the resilience of neighboring 

Fig. 3  Boxplot of regional economic resilience by study period
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regions, as well as of neighbors to the neighboring regions, and so on. To this 
end, it is necessary to include regional dummy variables to capture the impacts of 
unobserved factors. On the other hand, economic resilience can be affected by the 
features of immediate neighboring regions as illustrated by the significant coeffi-
cients of the spatially lagged independent variables WX. And because of this, the 
SDEM has the advantage that interpretation of the direct and indirect effects is 

Fig. 4  Economic resilience in U.S. MSAs
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Fig. 5  Scatterplot of related variety and unrelated variety

Fig. 6  Related and unrelated variety in U.S. MSAs
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straightforward. Namely, the direct effects correspond to the model parameter β in 
Eq. 8 and reflect the changes of each explanatory variable on own-MSA economic 
resilience. By comparison, the indirect effects correspond to the model parameter γ 
and reflect the changes of each explanatory variable in neighboring MSAs on own-
MSA economic resilience.

Table 5 reports the results of the maximum likelihood estimation of the SDEM 
specification for the three periods: Models 1–3 for the one-year resilience period 
2009–2010, Models 4–6 for the three-year resilience period 2009–2012, and Mod-
els 7–9 for the five-year resilience period 2009–2014. The coefficient of the spatial 
error parameter ρ in both models are statistically significant, which confirms that the 
SDEM rather than SLX should be used.

As for the related variety variable, although the estimated indirect effect is negli-
gible, the direct effect is significant in Models 3, 6, and 9 (i.e., models that include 
the full set of independent variables). Unlike the scatterplots and linear trend lines in 
Fig. 7, the control variables and potential spatial effects are considered and the cor-
responding results show that related variety is negatively associated with regional 
economic resilience over both periods, indicating that MSAs with a high level of 
related variety tend to be weak in response to the economic crisis. This is inconsist-
ent with Cainelli et  al. (2019) and Sedita et  al. (2017), both of whom found that 
regions with high levels of related variety tend to have higher capacity in neutral-
izing the intensity of the external shock. As such, the effect of related variety as 
shock-absorber is not manifest, but its shock-diffuser role is evident in the case of 
U.S. MSAs after the Great Recession. In terms of magnitude, the effect of related 
variety is weaker over a longer time horizon when comparing Models 3, 6, and 9. In 
other words, the negative effect of related variety on economic resilience takes some 
time to diminish.

Looking at the estimated direct and indirect effects of unrelated variety tells a differ-
ent story. On one hand, focusing on the direct effect, although the estimated coefficient 

Table 4  Model comparison: log-
marginal likelihood values and 
posterior model probabilities

Model Log-marginal likeli-
hood value

Posterior 
model prob-
ability

Resilience2009–10
SLX −857.856 0.004
SDM −854.235 0.161
SDEM −852.587 0.835
Resilience2009–12
SLX −617.549 0.000
SDM −611.368 0.008
SDEM −606.540 0.992
Resilience2009–14
SLX −454.800 0.000
SDM −447.627 0.002
SDEM −441.506 0.998
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of the unrelated variety variable is insignificant with respect to the one-year resilience 
period 2009–2010 in Model 3, the significant and positive sign of unrelated variety in 
Models 6 and 9 suggests that unrelated variety has a positive effect on regional eco-
nomic resilience. This is in line with the work of Brown et al. (2017) and Hu et al. 
(2022), who found that unrelated variety act as a shock-absorber with respect to eco-
nomic crises because of the portfolio effect. As for the magnitude of coefficients, the 
direct effect is 3.523 in Model 6 and that effect is 2.333 in Model 9. The comparison 
between Models 6 and 9 indicates that the effect of unrelated variety on resilience is 
stronger in the case of the three-year period resilience capacity. On the other hand, the 
estimated indirect or spatial spillover effects are also worth attention. The coefficient of 
the spatially lagged unrelated variety variable is negative and significant in the cases of 
the three-year and five-year resilience. The interpretation is that a high level of unre-
lated industrial variety in neighboring MSAs undermines the own-MSA resilience over 
longer time periods. As for the magnitude of coefficients, the indirect effect is 6.855 in 
Model 6 and 4.613 in Model 9.

Taken together, the estimated direct and indirect effects of unrelated variety are all 
significant in Models 6 and 9. The interpretation is that a high level of unrelated vari-
ety seems to strengthen the own-MSA resilience as indicated by the industrial port-
folio effect, but to undermine the neighboring-MSA resilience, which seems to sug-
gest a competition or backwash effect among MSAs (Kopczewska et al. 2017; Cainelli 
et al. 2019; Santos et al. 2023). Based on Kao and Bera (2016), the competition effect 
can be understood as an outflow of resources from one region to neighboring regions 
and adversely impacts the overall economic resilience. Comparing with positive spatial 
spillover effects, the prevalence of negative spatial spillovers is not uncommon and sug-
gests competition between regions exceeds cooperation. We further quantify the total 
effects which can be measured as the sum of the direct and indirect effects (Lacombe 
et al. 2014). By definition, the total effects measure how a change in the unrelated vari-
ety variable affects economic resilience inclusive of the own MSA and surrounding 
MSA spatial spillover effects. The “net” outcome is that unrelated variety is negatively 
associated with economic resilience as a whole. In this regard, the competition effect 
not only outperforms the cooperation effect, but also neutralizes and even overturns the 
direct effect of unrelated variety on regional economic resilience.

We further check the robustness of the regression results. First, we used alternative 
spatial weight matrices (k nearest neighbors with k = 7 and 9) to model the relation-
ship between industrial variety and economic resilience. Second, employment growth 
rate is directly employed to measure economic resilience. Since these results are not 
significantly different from Table 5, we move these estimation results to the Appendix 
(Tables 6–8).

6  Discussion and conclusions

This study has attempted to develop a theoretical framework to incorporate the 
risk spreading effect, the industrial portfolio effect, the labor matching effect, 
and the knowledge spillover effect in the relationship between industrial diversity 
and economic resilience. Through the developed framework, this study further 
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examines the roles of related variety and unrelated variety in shaping regional 
economic resilience among 359 U.S. Metropolitan Statistical Areas after the 
Great Recession across three study periods. We have several key findings with 
their discussion as follows. The first one concerns with the direct effects of related 
variety and unrelated variety: MSAs with higher levels of related variety are more 
severely impacted by the crisis over all the three post-crisis periods, whereas 
unrelated variety has a positive effect on the five- and three-year resilience. The 
underlying theoretical implications are two-fold. On one hand, the empirical evi-
dence seems to support the portfolio hypothesis that regions with higher levels of 
unrelated variety tend to have more resilient economic performance. On the other 
hand, it is the risk spreading effect—rather than the knowledge spillover effect 
or the labor matching effect—that dominates the relationship between related 
variety and resilience in this analysis. Therefore, researchers should consider the 
industrial portfolio effect, the risk spreading effect, the labor matching effect, and 
the knowledge spillover effect and their conflicting roles as a shock-diffuser or a 
shock-absorber altogether, as illustrated in the theoretical framework and empiri-
cal evidence, when exploring the relationship between industrial diversity on eco-
nomic resilience.

Second, the indirect effects of related variety are negligible, but these effects 
of unrelated variety are statistically significant in longer periods. In terms of 
three- and five-year resilience, the negative spatial spillovers indicate that unre-
lated variety of neighboring MSAs tend to undermine the own-MSA resilience. 
This can possibly be explained by the competition effect rather than the coopera-
tion effect (Cainelli et al. 2019). When combining the direct and indirect effects 
of unrelated variety together, the overall result is that unrelated variety is nega-
tively associated with overall economic resilience. In other words, the dominant 
competition effect between regions undermines not only the cooperation effect 
but also the direct effect of unrelated variety on economic resilience.

Third, given that other work has explored the short- and long-run effects of 
industrial diversity (Cainelli et  al. 2019) or compared the capacity before and 
after economic crises (Doran and Fingleton 2018; Tan et  al. 2020), this study 
accounts for the full recovery period and compare the modeling results in three 
periods in terms of one-year, three-year, and five-year resilience. The empirical 
results suggest that in short-run and mid-term study periods, the roles of indus-
trial diversity might not always be consistent.

The results of this study may provide two important policy impactions. First, 
our findings emphasize the diverse effects of related variety and unrelated vari-
ety on regional economic resilience. Because of these effects, related variety 
can act either as a shock-absorber or as a shock-diffuser in the post-crisis era. To 
this end, although many scholars and policy-makers advocate smart specializa-
tion strategies that aim to develop new growth paths for regions based on related 
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diversification, policy practitioners should be cautious about the potential risk 
spreading effect of related variety, which is not limited to resource-based econo-
mies or lagging regions. Second, the empirical results also suggest the coexist-
ence of positive direct and negative indirect effects of unrelated variety in respect 
to regional resilience. These spatial spillovers might come from the competition 
from neighboring regions. In this regard, public policies that aim at diversifying 
unrelated activities to promote regional resilience should consider not only the 
own effect but also the indirect effect from or to neighboring regions. A joint 
effort to simultaneously leverage the positive impacts of unrelated variety and 
offset its negative impacts is needed between regions and their neighbors.

Future research should consider such directions. First, while this study focuses 
exclusively on U.S. Metropolitan Statistical Areas, the relationship between related 
variety, unrelated variety, and regional economic resilience can be examined in other 
socio-economic and institutional contexts. For example, it is interesting to examine 
the multiple roles of industrial diversity in regional economic development in emerg-
ing economies, which might provide additional insights with regard to the diversity-
performance relationship (Tan et  al. 2020). Second, given that related variety and 
unrelated variety are two dimensions of industrial structure and regional capability, 
future studies should explore other dimensions—such as modularity and robustness 
(Martin et  al. 2016) as well as economic complexity (Hane-Weijman et  al. 2022; 
Hidalgo and Hausmann 2009)—and their impacts on regional economic develop-
ment to uncover the underlying mechanisms. Third, Boschma (2015) mentioned 
related variety as shock-absorber when the local industries are skill-related, whereas 
this study defines relatedness mainly from a technological perspective based on eco-
nomic clusters (Porter 2003). Scholars can compare technological relatedness and 
skill relatedness in terms of related variety (Neffke and Henning 2013; Whittle and 
Kogler 2020; Wixe and Anderson 2017), which might expand our understanding of 
related variety in the knowledge spillover effect and the labor matching effect with 
respect to economic crises.

Appendix

See Tables 6, 7 and 8
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