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Abstract

This paper contributes to the discussion of industrial composition as a determinant of resilience by
analyzing cluster composition. A cluster is a geographically proximate group of interconnected
companies, suppliers, service providers, and associated institutions in a particular field, linked by
externalities of various types. We describe the cluster composition via cluster specialization, a measure
of cluster strength in the region, and cluster diversity, a measure of how diversified the presence of
clusters is within the region. We find that the U.S. regions characterized by strong clusters and high
innovation before the Great Recession present less vulnerability than the rest of the country in the years
of this downturn. The common technological base makes it easier for the reallocation of skills,
technology, and workers from one industry to the other, allowing the economy to adjust to the new
conditions in the short run.

Cluster composition and regional resilience: The case of the U.S. in the Great Recession
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Abstract

Este articulo contribuye a la discusion sobre la composicion industrial como determinante de la
resiliencia regional, mediante el andlisis de la composicion de sus clusters. Un cluster es un grupo
geograficamente proximo de empresas, proveedores, proveedores de servicios e instituciones asociadas
interconectadas en un campo particular, vinculados por externalidades de varios tipos. Describimos la
composicién de los clusters en la regidn a través de su especializacion, una medida de la fuerza de los
cluster en la region, y la diversidad de los clusters, una medida de cuan diversificada esta la presencia de
los cluters dentro de la region. Encontramos que las regiones de Estados Unidos caracterizadas por fuertes
clusters y alta innovacion antes de la Gran Recesion presentan menos vulnerabilidad que el resto del pais
en los afios de esta crisis.
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Introduction

Resilience has become one of the most crucial topics in regional literature. The interest in this topic
gained a special momentum after the Great Recession, when a heterogeneous economic recovery was
observed among regions. This downturn made it evident that regions have different capacities to
overcome economic shocks, and it is necessary to find the mechanisms that explain such a process
(Martin and Sunley, 2015). Recently, the enthusiasm for this topic has gained a higher proportion with
the COVID-19 crisis (Turgel and Chernova, 2024). Regions around the world have been seriously
affected by the consequences that this pandemic has had on economic activity. More than ever, it is
necessary to figure out the mechanisms that increase the regional ability to overcome economic shocks.

Literature on this topic presents three main definitions of resilience. Firstly, the ecological
approach, which assumes that the regional economy will reach a new steady—state while maintaining its
structure, identity or function (Holling, 1973; Reggiani et al., 2002). Secondly, from the engineering
perspective, resilience is the region’s capacity to return to a persistent steady-state equilibrium after a
shock (Fingleton et al., 2012; Pimm, 1984; Rose, 2004). Finally, the evolutionary approach defines
resilience as the ability to adapt in the short run or to develop new growth paths in the long run (Martin,
2012; Boschma, 2015). For this last definition, we must consider resilience as a process of stages, as
Martin et al. (2016) describe: risk, resistance, reorientation, and recoverability.

In terms of the evolutionary definition, the resistance and recoverability phases are of particular
interest because it is in these stages that adaptation take place in the short run and new growth paths take
place, respectively. Literature related to the evolutionary definition deems industrial composition as one
of the main determinants of a region’s capacity to react positively to economic shocks (Boschma, 2015;
Breathnach et al., 2015; Martin and Sunley, 2015; Eraydin, 2016; Nystrom, 2018; Cainelli et al., 2019).

The discussion on industrial composition goes around the issue of whether industrial
specialization (when few sectors account for a relatively large share of the region’s GDP or employment)
or industrial diversity (each of a wide range of industries accounts for a relatively small share of it)
enhance regional resilience (Martin and Sunley, 2015). On one hand, regions specialized in highly
productive activities have been found to be more resilient to recessions (DiCaro, 2015) because
specialization is associated with productivity growth (\Van Oort et al., 2017). However, if the economic
shock affects particularly the industries in which the regions are specialized, the sectoral linkages and
interrelatedness among them may increase the diffusion of the shock from one sector to the rest. In this
sense, Brown and Green- baum (2017) find that more concentrated industry structures face a greater risk
of economic growth subsequent to experiencing economic shocks. On the other hand, diversity can
benefit regional resilience in the short and long term. In the short term, industrial diversity can spread
the risk when a specific sector is affected by an economic shock (Boschma, 2015; Brown and
Greenbaum, 2017; Crescenzi et al., 2016).

In this line, DiCaro (2015) provides evidence that the most resilient Italian regions have the
highest level of industrial diversification. In the long term, sectoral heterogeneity generates externalities
a la Jacobs (1961) that influence the regional capacity for adaptive resilience (Martin, 2012; Martin and
Sunley, 2015). In other words, knowledge spillovers between different industries create innovation that
benefits resilience.

On the issue of diversification, one step forward is the one given by Frenken et al. (2007), who
consider that a key point is the degree of diversification or variety. They define "related variety™ as the
presence of a variety of industries within a region that are cognitively related, and "unrelated variety" as
the existence of a variety of industries that do not share complementary competencies. In this sense, the
question is which kind of diversity has a higher impact on resilience: a group of diversified industries
with certain cognitive.

Proximity between them, or a group without any proximity. According to some empirical works,
these concepts are determinants of regional resilience (Holm and @stergaard, 2015; Sedita et al., 2017,
Cainelli et al., 2019).
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This paper contributes to the discussion of industrial composition as a determinant of resilience
by analyzing cluster composition. A cluster is a geographically proximate group of interconnected
companies, suppliers, service providers, and associated institutions in a particular field, linked by
externalities of various types (Porter, 2012). For instance, the automotive cluster is composed of 26
industries like motor vehicle body manufacturing, light truck and utility manufacturing, gasoline engine
manufacturing, etc.

Consequently, clusters represent an aggregate level to organize and analyze the industries in a
region. Recent evidence shows that cluster presence in a region matters for economic performance
(Ketels and Protsiv, 2021). In this sense, Duefias and Campi (2024) find evidence about the clusters' role
in Colombian regions' regional resilience during the COVID-19 crisis. This finding leads to the issue of
the role of clusters’ presence in a region on regional resilience. Reminiscent of the industry level
analysis, we question whether it is cluster specialization or cluster diversity that matters for resilience.

To be more precise, we refer to "cluster diversity" as the presence of many clusters similar in
size, which implies the region is not only dominated by a few clusters. The cognitive proximity among
the industries inside a cluster (related variety) is evident, but this relationship is weak between clusters.
However, it does not imply that they never collaborate. Clusters can work together to create
revolutionary technologies, but the lack of cognitive proximity complicates this process making it risky
and implying high switching cost. This concept resembles the one driving the innovation process in
industries characterized by unrelated variety. Therefore, we proximate a high degree of cluster diversity
with the concept of unrelated variety.

Similarly, we refer to “cluster specialization” as the strength of the related industries inside a
cluster, not the specialization of a narrowly defined single industry. Such strength can be proxied by
quantifying how concentrated that cluster is in the region as compared to the nation. Since industries
inside a cluster are connected by linkages of skilled workers, supply, and technology, these factors imply
a cognitive proximity among them, facilitating the creation of new processes and new products. In this
sense, cluster strength would be conceptually similar to the notion of “related variety” developed by
Frenken et al. (2007).

Given the similitude between these concepts, we formulate our hypotheses for clusters following
the evidence for related and unrelated variety on resilience. Evidence shows that related and unrelated
variety have different impacts on resilience according to the knowledge-based in the region (Sedita et
al., 2017). Therefore, we consider this matter to set the following six hypotheses that we describe in
detail in the next section: 1) Cluster specialization (related variety) is positively related to resilience in
regions that show a high level of innovation; 2) Cluster specialization (related variety) is negatively
related to resilience in regions that show a low level of innovation; 3) Cluster diversity (unrelated variety)
is positively related to resilience in regions that show a low level of innovation; 4) Cluster diversity
(unrelated variety) is negatively related to resilience in regions that show a high level of innovation; 5)
Cluster specialization is related to resilience during the resistance stage, 6) Cluster diversity is related to
resilience along the recoverability stage.

The paper is organized as follows. The next section reviews the literature associated with the
impact of related and unrelated variety on resilience, which upholds our hypotheses. Methodology
section explains the model to test our hypotheses. Data description section describes the implemented
data, the computation of the main variables, and presents their descriptive statistics. Result section shows
the main findings and finally, the conclusion presents the policy implications of the findings.

Literature Review

As we point out in the introduction, our hypotheses are based on the empirical evidence for related and
unrelated variety. Therefore, this section reviews the evidence, analysing its impact on resilience. Related
variety refers to a variety of industries within a region that are cognitively related. Their relatively
diversified structure allows them to share, modify and recombine ideas to develop new products and
services. Boschma (2015) claimed that related variety benefits resilience by facilitating the adaptation
and adaptability processes, which, according to the evolutionary perspective, are two components of
resilience. The first one refers to changes within preconceived paths, while the second one is about
developing new pathways.
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Related variety guarantees adaptation because the local presence of a high number of related
industries provides a supportive local environment. Additionally, it promotes adaptability because related
variety is a crucial factor in developing new growth paths. Recently, Celebioglu and Brenner (2024)
found evidence of a positive relationship between related variety and both resistance and recovery for
German regions (municipal level) facing the Great Recession in 2008/2009. Giannakis et al. (2024) find
evidence that supports the intersectoral linkages as essential actors in explaining regional resilience to
economic shocks. Similarly, He et al. (2024) proclaim that regional resilience hinges on global
connections and local networks. On the other hand, unrelated variety measures the extent to which a
region is diversified in activities that share low cognitive proximity. Boschma (2015) argued that
unrelated variety enhances adaptability because it increases the potential to make new recombinations
that lead to new growth paths.

Some studies provide empirical evidence for the Boschma assumption. According to Holm and
@stergaard (2015) related variety influenced the resilience of the information and communication
technology (ICT) sector in Denmark, which had previously been shocked by the dot.com bubble and the
economic recession in 2000-2001. The diversity within the ICT sector creates a greater variety in the
knowledge base and thus a greater source of cross-subsector knowledge spillovers and an opportunity
for the emergence of new activities, leading to higher resilience. Sedita et al. (2017) found that after the
Great Recession in Italy, the impact of related and unrelated variety differs according to the region’s
knowledge base.

They differentiate three knowledge bases: analytical (which requires scientific knowledge to
generate radical innovation), synthetic (innovation that depends on new combinations of existing
knowledge), and symbolic (more related to design elements in in- novation). Their results show that
related variety enhances regional resilience capacity when it is complemented with analytical knowledge.
Since this kind of knowledge concerns a very specialized group of industries, they benefit more from
higher cognitive proximity (related variety). Meanwhile, unrelated, more than related variety, benefits
from the impact of synthetic knowledge on resilience. This kind of knowledge is required for a larger
number of industries rather than using other knowledge bases, so that a broader diversity among
industries improves their performance. Finally, related variety supports a region’s resilience capacity
when linked to symbolic knowledge because there is a large relatedness across creative services. To sum
up, the impact of related and unrelated variety depends on the region’s knowledge based specialization.

We combine two arguments in related and unrelated variety literature to set up our hypotheses.
Firstly, Boschma (2015) argues that a high related variety, which implies a high cognitive proximity,
allows industries to generate changes in the short term to confront economic shocks. In other words, they
generate the changes within the preconceived paths to increase the adaptability resilience process. Second
Miguelez and Moreno (2018) find that high cognitive proximity among industries increases the general
innovation in the region.

Therefore, a general high innovation level in the regions can be considered as a sign that related
variety mechanism is working properly. In the opposite case, we expect that low innovation indicates the
regions have not benefited from the related variety mechanism. Considering these arguments, we
therefore put forward the following hypotheses:

- H1. Cluster specialization is positively related to resilience in regions that show a high level of
innovation.

- H2. Cluster specialization is negatively related to resilience in regions that show a low level of
innovation.

We follow similar arguments to set up hypothesis 3 and 4. Boschma (2015) assumes that unrelated
variety increases resilience because it guarantees adaptability, that is, it increases the potential to make a
new recombination of preexisting knowledge. In this line, Castaldi et al. (2015) and Miguelez and
Moreno (2018) show that unrelated variety raises the likelihood of breakthrough innovations. This
recombination between unrelated knowledge domains implies more risk and higher switching costs,
making this breakthrough rare.
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Therefore, the innovation arising when the knowledge base consists of unrelated technologies is
less frequent than the innovation produced in a knowledge base consisting of related technologies.
Considering these arguments, we therefore put forward the following hypotheses:

- H3. A presence of a diversity of Clusters in a region is positively related to resilience in regions
that show a low level of innovation.

- H4. A presence of a diversity of Clusters in a region is negatively related to resilience in regions
that show a high level of innovation.

A higher presence of related and unrelated variety should have a beneficial effect on regional
resilience. Boschma (2015) points out that related variety (within each knowledge domain) secures
adaptation, while unrelated variety (unrelated knowledge domains) guarantees adaptability. This may
imply that related variety would affect resilience during the years of the downturn, and unrelated variety
would have a more prolonged effect during the resilience stage. Similarly, Wagner and Deller (1998)
expect that industrial specialization is beneficial for comparative advantages as a short-run growth
strategy and diversity for long-run stability.

This information implies that we expect to observe a greater effect of cluster specialization in the
moment of the economic shock and a more important role of cluster diversity for a more prolonged
period. If we translate these effects to the resilience multi-phase process (Martin et al., 2016), we may
think that cluster specialization would impact resilience during the resistance period and cluster diversity
on the recoverability. Therefore, we may put forward the following hypotheses:

- H5. Cluster specialization is related to resilience during the resistance stage, that is, higher cluster
specialization increase resilience.

- H6. Cluster diversity is related to resilience along the recoverability stage, that is, higher cluster
diversity increase resilience.

Methodology

To test our hypothesis, an economic shock needs to be selected in which it demonstrates regional
resilience. The world economy was hit by the COVID- 19 pandemic, which caused the most recent
downturn. Unfortunately, not enough data was able to be collected to analyze the different stages of
resilience due to it still being a recent event. It is necessary to have data some years after the economic
shock has taken place. This is referred to as the recovery stage. 2019 is the year the most recent data was
available for the cluster classification that this work follows. Another economic shock such as the Great
Recession is an excellent selection apart from the COVID-19 downturn, mostly due to its prolonged
downturn since the Great Depression of the 1930s (Grusky et al., 2011).

The U.S. economy’s housing bubble s collapse and the excessive expansion of credit were rooted
from the Great Recession. In December 2007, when this financial collapse commenced, growth didn’t
recover until the summer of 20009.

Employment was the most severely affected even with production beginning to recover. From the
point of view of the labor market, it was considered a "Great Recession”, which had losses of over 7.5
million jobs dating from May 2007 to October 2009 (Grusky et al., 2011). The severe negative effects of
the Great Recession in the United States increased the unemployment rate by 5.7 percent between the
pre-recession period and October 2009. Not only did it have an ill effect on the U.S. but it severely
affected Europe more so than the end of World War 1l (Capello and Caragliu, 2016).

For these reasons, the Great Recession has been considered by researchers as the downturn for
further research and evaluation for European and U.S. studies on regional resilience (Ringwood et al.,
2019; Han and Goetz, 2015; Giannakis and Bruggeman, 2017; Ezcurra and Rios, 2019; Brakman et al.,
2015; Arbolino and Di Caro, 2021; Cainelli et al., 2019; Davies, 2011; Rios and Gianmoena, 2020). The
Delgado and Porter studies measured resilience with employment using evaluations from strong clusters
and their resilience in the Great Recession. They developed the cluster classification which is the same
classification used in the study above, which is a very relevant reference.
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We refer to Delgado and Porter (2021) studies on the relationship between cluster presence and
resilience in our empirical model, which evaluated the role of strong clusters in the resilience of regional
industry employment to the Great Recession. The model by Delgado and Porter shows strong clusters
using the cluster specialization variable, which they want to vary every year to test and see what precise
years have cluster strengths allowed resilience. Our cluster presence variable is used in the same way as
their cluster specialization variable as an interaction term with the years.

During this analysis, this term allows them to assess in what precise year the presence of strong
clusters would benefit the regional clusters that would experience fairly higher employment growth.
Interestingly, this positive effect was stronger at the beginning of 2008, the start of the Great Recession.
On the other end of the spectrum, industries that were located in weak clusters were more vulnerable to
the effects of the Great Recession. The authors discuss mitigation of the impact of recessions and the
resulting uncertainty that increases with regions specialized in particular agglomeration economies.

Our analysis was inspired by the empirical model of Delgado and Porter (2021), as there were a
lot of similarities in the results of the studies. In our analysis we looked at the effect of the clusters’
strength on the resilience of state employment, while their evaluation was on the impact of clusters’
strength on the resilience of regional industry employment. In both evaluations there was a focus on
looking at a strong cluster presence on resilience but on contrasting aggregate levels, as theirs was on
industrial employment and ours was on state employment. We followed the exact cluster classification
for the U.S. industries as the authors did, and curiously enough, the cluster definition (Delgado et al.,
2016) was designed by them for the U.S. Cluster Mapping Project.

According to the above mentioned, the results of our analysis will be of great interest to the
policymakers involved in this project. As both studies examined the Great Recession as the economic
shock to evaluate resilience, we decided to create a model of our analysis with the influence of the authors
and include cluster strength and year as the interaction terms. The term helps us to see if the positive
effect of strong clusters is stronger during the year of the Great Recession than in other years, as
demonstrated in our work. If this is the case, the clusters strength has a lower severity on the effect of the
economic shock at both industrial and state levels. Please refer to the following model:

We specify the following empirical model to test the relationship between cluster composition and
resilience at the regional level:

Resiliencex,; = a + BiYear; * In(Cluster Specr,t_l) + B Year, *
In(Cluster diverr,t_l) +Inpsx, + Uy + & [1]

The dependent variable refers to the resilience in region r in time t. The main independent
variables appear as an interaction term between the proxy for the cluster presence and each year. The
coefficients of these interaction terms will allow us to observe how the effect of the cluster’s composition
changes over the period, especially in the years of the great recession. Furthermore, because the results
of innovation activities are not immediately visible, we introduce these variables late in one period.
Cluster Specrt.1 de- scribes how specialized clusters are in region r for time t-1. Meanwhile, Cluster
diversityy .1 represents the heterogeneity in the set of clusters in region r for time t-1. In addition to the
cluster composition, we include a vector of control variables xr+1 as well as the term that accounts for
unobserved or omitted heterogeneity across regions that do not vary over time i, and the time variant
component of the error ert.

Data description

To measure our independent variables, we need to identify the clusters in a region. To accomplish this
goal, we follow the cluster definition by Delgado et al. (2016). Their algorithm generates clusters based
on occupation links, input-output links and inter-industry measures of colocation patterns of employment
and the number of establishments. This methodology takes 778 (six-digit NAICS) U.S. industries and
classifies them into 51 mutually exclusive clusters. This classification is implemented for the industries
in each region. For instance, the automotive cluster, which is composed of 26 industries is present in
each one of the U.S. states. Table 4.5 in the appendix section shows a full list of these clusters as well as
the number of industries that each one includes.
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Some relevant reasons justify following this cluster definition. First, we can compare the same
cluster across the regions because the industries that integrate a cluster are always the same. Second,
these cluster definitions have served as the foundation for other research works that evaluate regional
prosperity (Ketels and Protsiv, 2021), innovation in clusters (Delgado, 2020), and cluster resilience
(Delgado and Porter, 2021). Third, this cluster definition has been implemented not just in research, but
also in the elaboration of some policies. It is the base data for the U.S. cluster mapping project, which
aims to strengthen U.S. competitiveness by helping regions understand and improve their economic
composition and performance. Finally, it is relevant to mention that this cluster definition only considers
traded industries characterized for being geographically concentrated and producing goods and services
sold across regions and countries (Delgado et al., 2016).

Until now, we have grouped industries into clusters, but we ignore the number of employees in
them. We obtain the employment data for the 778 industries in the 51 U.S. states from the County
Business Patterns (CBP), which is an annual series that provides subnational economic data by indus try.
Once we know the number of employees in each industry, we can obtain the corresponding number at
the cluster level and consequently, we can measure our independent variables. Employment data at the
state level is also necessary to measure the dependent variable, which we obtained from the U.S. Bureau
of Labor Statistics. All these information sources allow us to build panel data for the period 2005-2015.

Dependent variable

As mentioned in the literature (Martin and Sunley, 2015), there are different perspectives in approaching
the concept of a resilience measure. The methods used to measure resilience can be classified into four
main groups (Bristow and Healy, 2020). The first group, called the case study base, talks about simple
descriptive data and interviews with key actors (Evans and Karecha, 2014; Cowell, 2013; Lyon, 2014).
The second, the resilience indices group, ex- presses the comparative measures of resistance and recovery
(Martin, 2012; Augustine et al., 2013). The third group, the statistical time series model, offers an
approximate time for the impact of shock to dissipate. And lastly, the causal structural models, embed
resilience in regional economic models to estimate where the economy would be in the absence of the
downturn (Doran and Fingleton, 2018; Sensier et al., 2016). As you have just read, each method of
measuring resilience has its advantages and disadvantages in its differing ranges of models.

The analysis objective is dependent on the convenience of using one of these measures. We need
a measure that can be compared with the resilience indices group due to the desire to compare resilience
among the states. There is no need for analysis of the case of a natural disaster in a specified region, a
localized financial crisis, or the collapse of a major local employer. A common shock that impacted all
the regions was the Great Recession. There is a need for a relative instead of an absolute measure of
resilience to compare the behaviors of the different regions. It is very useful to cite the following indexes
for the comparison of resilience in various regions, such as the UK (Lagravinese, 2015), the Italian
regions (Cainelli et al. 2019), and lastly, the varying regions in Europe, Giannakis and Bruggeman (2017)
and Rios and Gianmoena (2020), to study the various effects of the Great Recession. See the resilience
index that follows:

S S
(Ert_Ert—1>_(Zr=1 Eyt— Zr=15rt—1)

Resilience,, = —2=1 Zr=1Fre-1 [2]
rt Yr=1Ere=X7o1Bre-1
2i=1Ere-1

where E; denotes employment in region r during period t and s denotes the total number of
regions; where Er represents employment in region r in period t; s is the total number of regions. These
equations are regional growth rates standardized by the growth rate in all other regions for the same year.
By definition, these measures are centered at zero. We have three possible interpretations for this index:
1) Resiliencert > 0 indicates that the region shows less vulnerability to an adverse shock compared with
the national effect, which means the region is resilient; 2) Resiliencet < 0 reveals that the region is more
vulnerable than the nation, implying the region is not resilient; 3) Resiliencerr = 0 means there is no
difference with the rest of the country.

Key Independent variables

To proxy the regional cluster specialization, we use a location quotient (LQ) representing how
concentrated a particular cluster is in the region compared with the nation. Some previous studies proxy
cluster specialization with LQ measures (Delgado et al., 2010, 2014), such as follows:
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[3]

Ec,r,t/Er,t

Cluster Location Quotient,.,, = ————
o Ecysit/Eust

Indicators of cluster composition: (top) cluster specialization (average of cluster location
quotient) across the U.S. regions; and (bottom) cluster diversity (extent to which employment is dispersed
throughout clusters) across the U.S. regions.

 Box 1

N

Figure 1

Indicators of cluster composition
Note: Colours refer to quartiles of the corresponding variables such that
darker colours indicate higher values. For cluster diversity, higher value

means less diversity.
Source: Own elaboration

Where c describes each cluster; r is the region; U.S. is the country. In order to know if the LQ of
a specific cluster is high or low, we must compare it with the rest of the clusters. Once we get the LQ for
each cluster in a region, their average represents the cluster specialization for that region. If this value is
high, it means the region is accounted for by clusters that are highly concentrated in that region compared
with the rest of the country. Some of the U.S. regions with the highest cluster specialization are California,
Texas, Massachusetts, Florida, and Pennsylvania (figure 5, top).

We proxy cluster diversity based on measures of the Herfindahl index. Recent studies of regional
resilience include this index to proxy the diversity of industries (Eraydin, 2016; Giannakis and
Bruggeman, 2017). Similarly to these studies, we implement this index to measure the diversity of regional
clusters. This index indicates the extent to which employment is dispersed throughout clusters.

. . — S Ecrt 2
Cluster Diversity,, = Xc=1 (E [4]
Tt

Where Ecrt is the employment in cluster ¢ in the region r for the year t; Er is the total employment
of clusters in region r for the year t; S refers to the total number of clusters. The closer to zero the value
of this index, the higher the diversity within the clusters in the region.

For that reason, the U.S. states with the highest diversity are the brightest ones in figure 5
(bottom), like Indiana, Ohio, Tennessee, Alabama, and Kentucky. As we can see from this map, the
regions with the highest diversity are concentrated in the western part of the country.
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Results

We built a series of regression models with resilience as the dependent variable and cluster specialization
and cluster diversity as the main independent variables. We controlled factors such as region and year
fixed effects as well as the interaction term between region and year effects. The region fixed effects
observe all region-specific factors beyond cluster composition, which were not specifically included in
our model. Year fixed effects capture the differences across years driven by specific events. The interaction
term, region-year fixed effects, controls for changes in resilience derived from region-specific factors each
year. Tables 2 and 4 show the results of the estimation of the model by groups of regions with low or high
innovation. The group of highly innovative regions is composed of those that register a higher number of
patents than the national average. Otherwise, they are included in the group of regions with a low
innovation level.

Table 1 shows the impact of cluster composition on resilience for the whole period 2006—2015.
Results suggest that regions characterized by a high cluster diversity are more vulnerable to downturns
than the rest of the country. However, cluster diversity turned into one of the resilience determinants when
we ran the same model just for regions with low innovation activity (table 2), which is fully in line with
hypothesis 3. The low cognitive proximity among the clusters makes the emergence of new technology
less frequent, but when it does take place, such innovation is a breakthrough. On the other hand, when we
run the model for regions with high innovation, cluster diversity has the same negative effect as in table 1,
confirming hypothesis 4. Additionally, table 4.2 provides evidence for the cluster specialization variable,
which is significant for regions with high innovation. Strong cluster specialization in the regions implies
high cognitive proximity between their industries, leading them to the creation of paths in the short term
and thus to their adaptation. The positive influence of cluster specialization on resilience supports
hypothesis 1. These first tables demonstrate the necessity of differentiating regions by innovation
intensities to capture the effect of the cluster composition variables.

Table 3 introduces the interaction term between the main independent variables and each year,
which are necessary terms to examine the impact of cluster composition over the period. Results show that
higher cluster specialization makes the regions more vulnerable in the Great Recession years (2008-2010).
The coefficients corresponding to these years are the only significant ones throughout our period of
analysis. However, like in the previous tables, we can observe how cluster composition variables change
their effects when we obtain the results by innovation intensity. In table 4, columns that correspond to high
innovation indicate that strong clusters contribute positively to overcoming economic shocks, supporting
the argument for hypothesis 1. On the other hand, coefficients in columns for low innovation suggest that
regions with strong clusters will be less resilient than the rest of the country, evidence that confirms our
hypothesis 2. It is relevant to mention that coefficients in the Great Recession years increased their
proportion two or five times compared with coefficients one year before. The magnitude of these
coefficients confirms the relevant influence of cluster specialization on resilience. Nevertheless, the high
proportion of these coefficients can work in both directions, making the regions more or less vulnerable
according to their innovation intensity.

With respect to cluster diversity, almost all coefficients are significant throughout the period,
supporting the impact of these variables in the long term.

However, similar to cluster specialization, this variable effect can benefit or harm resilience
according to the regional innovation level. Columns that correspond to low innovation show clearly that
high cluster diversity will in- crease resilience, supporting hypothesis 3. On the other hand, the
corresponding columns for high innovation demonstrate that cluster diversity makes the regional recovery
more vulnerable to an economic shock, confirming hypothesis 4.

So far, we have not commented on the effect of cluster composition in the short and long term.
We can observe in Table 4.4 that cluster specialization coefficients are significant in 2008, the year when
the Great Recession hit the economy. There are also other significant coefficients in 2010, one year after
this downturn took place. We mentioned above that adaptation is the resilience stage that occurs in the
years following the economic shock, which corresponds to the short-term reaction of the economy towards
the downturn.
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Therefore, we can conclude that cluster specialization impacts the adaptation stage of resilience,
confirming hypothesis 5. Furthermore, cluster specialization coefficients show their highest values in the
year in which the Great Recession started. In 2008, the coefficients are between two and five times higher
than in the previous year, 2007. All these facts support the hypothesis that high cluster specialization
impacts the adaptation process of resilience. On the other hand, coefficients for cluster diversity are
significant in the long term. They are significant for almost every year analyzed (in our model).
Furthermore, they reach their highest values after 2012, years considered a part of the adaptability period,
when the economy develops new growth paths to recovery, confirming hypothesis 6. These results are
consistent with the Boschma (2015) assumptions explained above.

Our results are in line with Sedita et al. (2017), and Boschma (2015), who were our primary
references to set our hypotheses in the literature section. We agree with Sedita et al. (2017) in the sense
that related and unrelated variety, equivalent to our measure of cluster specialization and cluster diversity,
can be determinants of regional resilience depending on specific characteristics of the region. In their
study, one such characteristic is the knowledge-base of the regions, which, in this study, is the innovation
level. These two concepts are closely linked since the innovation processes of firms are strongly shaped
by their specific knowledge base (Asheim and Coenen, 2005).

Therefore, our results support Sedita et al. (2017) findings, but on a more aggregate scale, they
measure related and unrelated variety at the industry level, whereas, our work did so at the cluster level.
Furthermore, our findings are consistent with Boschma (2015) in that related and unrelated variety is
significant at different stages of the resilience process. Related variety, cluster specialization in our case,
influences the resistance process, and the unrelated variety, cluster diversity in our case, contributes to the
recoverability stage of resilience.

Table 1
The role of regional cluster composition on resilience (all regions)

All regions All regions All regions All regions
Ln(Traded Cluster | -1.08 -0.136 -1.175 -0.662
Specialization)t—1
Ln(Traded  Cluster | 0.701 0.567 -1.096* -1.498**
Diversity)t—1
Control variables No Yes No Yes
Year Fixed Effects Yes Yes No No
Region Fixed Effects | Yes Yes No No
Year — Region Fixed | No No Yes Yes
Effects
R-squared 0.094 0.273 0.088 0.172
Obs. 500 500 500 500

***p < 0.01, **p <0.05, *p < 0.1

Table 2
The role of regional cluster composition on resilience (innovation level)
Low High Low High Low High Low High
innovation innovation innovation innovation innovation innovation innovation innovation
Ln(Traded Cluster | -1.134 0.027 -0.696 2.14* -1.487 0.075 -0.955 1.252
Specialization)t—1
Ln(Traded Cluster | 1.959** -1.54* 1.585** -1.248 -0.742 -1.896** -1.013 -3.086***
Diversity)t—1
Control variables No No Yes Yes No No Yes Yes
Year Fixed Effects | Yes Yes Yes Yes No No No No
Region Fixed | Yes Yes Yes Yes No No No No
Effects
Year — Region | No No No No Yes Yes Yes Yes
Fixed Effects
R-squared 0.153 0.064 0.295 0.335 0.074 0.144 0.158 0.268
Obs. 311 189 311 189 311 189 311 189

***p < 0.01, **p < 0.05 *p<0.1




Table 3

The role of regional cluster composition on resilience (all regions and interaction terms)

All regions | All regions | All regions | All regions
Year2006*Ln(Traded -0.779 0.609 -2.131 -1.392
Cluster Spec)t—1
Year2007*Ln(Traded -1.269 0.184 -1.282 -0.874
Cluster Spec)t—1
Year2008*Ln(Traded -4.892%** | -3.231*%** | -4.667*** | -4.380***
Cluster Spec)t—1
Year2009*Ln(Traded -1.972* -0.447 -1.945* -1.874*
Cluster Spec)t—1
Year2010*Ln(Traded -2.383** -1.495 -2.370** -2.701%**
Cluster Spec)t—1
Year2011*Ln(Traded -0.496 -0.062 -0.549 -1.281
Cluster Spec)t—1
Year2012*Ln(Traded -0.645 -0.831 -0.704 -1.825*
Cluster Spec)t—1
Year2013*Ln(Traded -0.46 -0.852 -0.492 -1.890*
Cluster Spec)t—1
Year2014*Ln(Traded -0.298 -0.898 -0.312 -1.903*
Cluster Spec)t—1
Year2015*Ln(Traded -0.403 -1.081 -0.463 -2.062*
Cluster Spec)t—1
Year2006*Ln(Traded 1.278** 1.509** 0.558 0.937
Cluster Div)t—1
Year2007*Ln(Traded 0.547 0.993* 0.449 0.642
Cluster Div)t—1
Year2008*Ln(Traded -0.215 0.474 0.327 0.308
Cluster Div)t—1
Year2009*Ln(Traded 0.453 1.015 0.489 0.455
Cluster Div)t—1
Year2010*Ln(Traded 0.359 0.726 0.394 0.528
Cluster Div)t—1
Year2011*Ln(Traded 0.649 0.806 0.476 0.814
Cluster Div)t—1
Year2012*Ln(Traded 0.686 0.505 0.499 0.864
Cluster Div)t—1
Year2013*Ln(Traded 0.941 0.648 0.505 0.972
Cluster Div)t—1
Year2014*Ln(Traded 0.734 0.379 0.498 1.125*
Cluster Div)t—1
Year2015*Ln(Traded 1.003 0.51 0.531 1.185*
Cluster Div)t—1
Control variables No Yes No Yes
Year Fixed Effects Yes Yes No No
Region Fixed Effects Yes Yes No No
Year -Region Fixed | No No Yes Yes
Effects
R-squared 0.212 0.342 0.265 0.416
Obs. 500 500 500 500

***p < 0.01, **p<0.05, *p<0.1
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Table 4

The role of regional cluster composition on resilience (innovation level and

interaction terms)

Low High Low High

innovation innovation innovation innovation
Year2006*Ln(Traded Cluster Spec)t-1 -0.741 0.728 -0.022 3.386**
Year2007*Ln(Traded Cluster Spec)t-1 -1.427 1.061 -0.428 2.934*
Year2008*Ln(Traded Cluster Spec)t-1 -6.688*** 2.799 -5.528*** 4.263**
Year2009*Ln(Traded Cluster Spec)t-1 -2.137 1.366 -1.061 3.005
Year2010*Ln(Traded Cluster Spec)t-1 -2 147 1.648 -2.165* 2.633
Year2011*Ln(Traded Cluster Spec)t-1 -0.542 1.094 -0.327 1.938
Year2012*Ln(Traded Cluster Spec)t-1 -0.91 2.234 -1.149 2.909
Year2013*Ln(Traded Cluster Spec)t-1 -0.775 2.182 -1.167 2.351
Year2014*Ln(Traded Cluster Spec)t-1 -0.387 1.863 -1.141 2.117
Year2015*Ln(Traded Cluster Spec)t-1 -0.539 1.59 -1.174 1.958
Year2006*Ln(Traded Cluster Div)t-1 2.467*** -1.442 2.275*** -0.152
Year2007*Ln(Traded Cluster Div)t-1 1.697** -2.072 1.653** -0.962
Year2008*Ln(Traded Cluster Div)t-1 1.306 -3.449%** 1.438* -2.154*
Year2009*Ln(Traded Cluster Div)t-1 1.819** -2.757** 1.829** -1.292
Year2010*Ln(Traded Cluster Div)t-1 1.822** -3.238** 1.605* -2.163*
Year2011*Ln(Traded Cluster Div)t-1 2.060** -3.203** 1.608* -2.252*
Year2012*Ln(Traded Cluster Div)t-1 1.969** -2.423 1.198 -1.293
Year2013*Ln(Traded Cluster Div)t-1 2.314** -2.458* -1.325 1.964**

1.425
Year2014*Ln(Traded Cluster Div)t-1 2.042** -2.817** 1.216 -1.846
Year2015*Ln(Traded Cluster Div)t-1 2.395** -2.462* 1.297 -1.600
Control variables No No Yes Yes
Year Fixed Effects Yes Yes Yes Yes
Region Fixed Effects Yes Yes Yes Yes
Year - Region Fixed Effects No No No No
R-squared 0.337 0.124 0.422 0.385
Obs. 311 189 311 189
Conclusions

The purpose of this paper is to contribute to current literature already available on regional resilience.
The analysis contributes in particular to disentangling industrial composition as one of the main
determinants for resilience.

Existing literature has focused on variables like industrial specialization, industrial diversity,
related variety, and unrelated variety. In this work, we analyze the industrial composition of clusters,
which are groups of interconnected industries linked by externalities of various types. We describe the
cluster composition via cluster specialization, a measure of cluster strength in the region, and cluster
diversity, a measure of how diversified the presence of clusters is within the region.

We assume that the impact of cluster specialization and cluster diversity on resilience is similar
to the effect of related and unrelated variety. We make this assumption since the innovation process
between these concepts is analogous. Similar to related variety, high cluster specialization implies strong
cognitive proximity between the industries which facilitate the emergence of new technology to increase
regional adaptation to economic shocks. Meanwhile, high cluster diversity implies low cognitive
proximity among the clusters, which scarcely generates the emergence of new innovation.

However, when they collaborate, they produce breakthrough innovations that lead to new growth
paths for resilience adaptability, resembling the process for unrelated variety. In our view, testing the
cluster composition variables is like evaluating related and unrelated variety at a more aggregated level.
To test our assumptions, we follow the cluster methodology by Delgado et al. (2016), which groups 775
U.S. industries into 51 clusters for each of the 51 states in 2005-2015. In general, we find that cluster
specialization and cluster diversity resemble the effects that current literature has shown for related and
unrelated variety on resilience.
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We find that the U.S. regions characterized by strong clusters and high innovation before the
Great Recession present less vulnerability than the rest of the country in the years of this downturn. The
common technological base makes it easier for the reallocation of skills, technology, and workers from
one industry to the other, allowing the economy to adjust to the new conditions in the short run. We
observe the opposite effect when the region is identified with a low innovation level. Even when there
is a great cluster specialization (related variety) in the region, a low innovation level indicates that short-
term adjustment mechanisms do not work properly. This situation could be explained by a recent
increment in the regional cluster specialization that requires a longer time to make the adaptation
mechanisms visible.

We also find that U.S. regions with high cluster diversity and low innovation levels show higher
adaptability in the years after the Great Recession. The lack of cognitive proximity among the clusters
increases the collaboration cost, making the innovation that works between them less frequent. However,
when this innovation process takes place, it results in breakthrough innovations that lead to the creation
of new growth paths. Since the creation of these breakthrough innovations requires a long time, cluster
diversity affects resilience in its adaptability period in the long run. On the other hand, when a high
cluster diversity is combined with a high innovation level, the region is less resilient than the rest of the
country. Even with high cluster diversity, the regions are more vulnerable to the downturn.

These findings are relevant to policy-makers. Firstly, many regions worldwide have already
implemented a cluster policy, and therefore, these findings contribute to improving a policy that they
have already carried out. Secondly, if policy-makers want to implement cluster policy as a tool to
reinforce regional resilience, they must consider the innovation level in the region. Our results show that
cluster specialization and cluster diversity can benefit or damage resilience depending on the innovation
intensity in the region.

Thirdly, these findings come at a moment where policymakers are especially needed for regional
resilience guidance. The COVID-19 crisis is producing straggles in all regional economies around the
world. Recently, a considerable amount of funding has been made available to research projects that can
provide clues in disentangling the resilience determinants. These findings contribute to the necessity of
the cluster approach. However, it is still necessary to elaborate more on how clusters can contribute to
resilience. Fourthly, the findings of this paper are of particular interest for the design of cluster policies
in the U.S. We follow the cluster definition by Delgado et al. (2016), which is the same implemented for
the U.S. cluster mapping project. This project is a platform that provides cluster information for business
design, cluster projects, and cluster policies in the U.S. Our findings have a direct implication for these
regions.
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