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Abstract

This study investigates the variability in association between industry diversity and economic activities
related to economic performance, socioeconomic well-being, and innovation. While economic development
literature has extensively examined the formation of industry clusters and their influence on economic
outcomes, less is known about how industry diversity may mitigate the challenges faced by single-sector
economies and what factors may hinder its relationship to its generally expected positive outcomes.
This exploratory research, which examines various dimensions of economic diversity, uncovers potential
geospatial differences or similarities across regions and their possible relationships with performance and
resilience. The findings indicate that no strict assumptions regarding the relationship between economic
diversity and economic performance, well-being, or innovation can be made. Instead, these relationships
are complex and nuanced, appearing to be geographically contingent and shaped by interactions with local
or regional economic conditions, including demographic and socioeconomic factors, business dynamics,
and technological adaptation over time.

1 Introduction

Our study aims to identify patterns and heterogeneity in U.S. industry composition and explore how the
association between industry diversity and different forms of positive economic activity varies across re-
gions. The divide between rural and urban economies has long been a focal point for economic development
professionals (Potts, 2022; Johnson and Lichter, 2019). Key differences, such as demographics, contrasting
landscapes, development strategies, and political composition, are often considered when analyzing variabil-
ity across regions. Over the last decades, rural communities in the United States (U.S.) have faced growing
pressures from workforce shortages, deskilling, and challenges to maintaining local economic stability (Carr
and Kefalas, 2011). To build resilience in rural U.S. communities, the first step is to examine the statistics
associated with economic well-being. Unlike their urban counterparts, rural communities increasingly de-
pend on dominant regional industries and anchor employers in often undiversified economies. This analysis
examines how policymakers should be aware of underlying spatial relationships when using measures to steer
public investment to drive meaningful change.

Structural factors such as industry diversity, business climates, and spatial spillovers play a pivotal role
in shaping local economic outcomes, often surpassing demographic or socioeconomic predictors, particularly
when viewed at the national scale (Arano and Srinivasan, 2021). Building upon existing literature empha-
sizing local contexts within national policy, scale and aggregation in economic development policy can hide
important variations within regional landscapes. Arano and Srinivasan (2021) provide robust evidence that
economic growth in the Midwest is spatially dependent and that specific drivers such as human capital levels,
innovation intensity, and supportive business conditions matter at different phases of recovery or expansion.
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We agree that location matters, and communities rarely grow in isolation, responding to and influencing
their neighbors. However, while their study focused heavily on temporal elements by examining growth
rates within clusters, we delve deeper into the spatial relationships within and between them, using industry
diversity as a key marker to highlight associations across space.

In rural geographies, decades of ongoing rural-to-urban migration have negatively affected local economies,
especially as domestic manufacturing has been vastly expanded in response to the COVID-19 pandemic and
global supply chain disruptions (Previtali and Fagiani, 2015; Fitzgerald, 1993). The lack of skilled labor,
combined with pressures from large anchor employers to boost production, has shifted workforce demograph-
ics toward an influx of international migrant labor who, within the large growing manufacturing sector, fill
rapidly expanding deskilled and low-wage positions (Sisk and Donato, 2018; Reddy, 2006). This shift raises
concerns about socioeconomic inequalities and economic stagnation. Unlike densely populated urban centers,
rural areas struggle to diversify their local economies. Without addressing this challenge through targeted
regional development, rural communities risk becoming increasingly reliant on single-industry economies,
exacerbating their already precarious situations.

Single-sector economies are linked to various socioeconomic risks at both national and regional scales,
including income inequality, unemployment, negative net migration, and reduced overall well-being (Hanna,
2019). Industry diversification—defined here as regional concentrations of related industries connected
through local linkages and spillovers—offers a framework for understanding the interplay between location,
value chains, and regional specialization patterns (Woerter, 2009; Forni and Paba, 2002). Diversification
emerges from existing regional firms and industries when new development paths are forged by combining
current competencies with previously unrelated knowledge (Audretsch et al., 2004). This fusion can lead to
new competencies and innovations that existing firms exploit as they enter new markets, or it may enable
the establishment of new firms in the region, contributing to uneven geographical development.

Moreover, diversification extends beyond the economic realm to include social impacts. Entrepreneurship,
proprietorship, and innovation require a supportive ecosystem rich in resources conducive to nurturing new
ideas and fostering social progress (Neumann, 2021). The exchange of ideas and business competition relies on
relationships across regions and industries. Industry, therefore, plays a role as an employer and a contributor
to local culture. Cultivating a positive culture, whether in business, social, or academic spheres, is crucial for
driving positive societal change and, in turn, fostering socioeconomic progress (Capra and Jakobsen, 2017;
Storsletten and Jakobsen, 2015).

The emphasis on association and scale becomes key to discussing how regional industry clusters may
or may not follow national trends. National economic development efforts will likely fall short without
recognizing regional economic behaviors. This is the focus of section 2, as we introduce industry clusters
as the smallest unit of our study in economic geography. In section 3, we discuss our data and analysis
methods, beginning with correlations to understand how economic activities relate to industry diversity
and confirm the spatial clustering patterns present in the dataset. Section 4 will expand on our Hot Spot
comparison analysis results and our visualization through geographically weighted regressions. We open the
discussion in section 5 with our main points being how geographic differentials should be at the forefront
of regional economic development and how such realizations can help guide communities toward utilizing
industry diversity to improve economic resiliency.

For clarity throughout the text, italicized measures directly refer to the categories and variables within
the dataset, while the same term is used without italics to refer to real-world economic activity. For example,
Industry Diversity and Latent Innovation are the variables in our dataset that represent measurements of
industry diversity and latent innovation activity throughout the country. We will introduce our variables
further in Section 3. To avoid confusion, it is also important to differentiate three related concepts used
in this study. Industry diversity refers to the breadth and evenness of industrial sectors within a regional
economy. Industry clustering denotes the concentration of related industries in a given location, often
linked through supply chains, labor markets, or knowledge spillovers; strong clustering can occur even in
low-diversity economies. Cluster analysis, by contrast, is a statistical tool (e.g., Hot Spot Analysis, spatial
autocorrelation) used to identify patterns of high or low values in geographic space. These are distinct:
clustering in the economic sense describes a structural phenomenon, while cluster analysis is a method used
to detect such patterns in the data.
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2 Importance of Industry Clusters

Industry diversity and industrial clustering are fundamental concepts in economic geography, each shaping
regional economic dynamics through distinct yet complementary mechanisms. Industry diversity refers to
the variety and distribution of industries within a region, often associated with increased economic resilience
and adaptability in the face of sector-specific shocks (Brown and Greenbaum, 2017). A diversified industrial
structure can buffer regions against external disruptions by spreading risk across multiple sectors. In contrast,
industrial clustering refers to the geographic concentration of interconnected firms and institutions operating
within related industries (Kosfeld and Mitze, 2023; Delgado et al., 2010).

Recognizing the interplay between these two constructs is essential for understanding contemporary
regional development strategies. Clusters may emerge within otherwise diversified economies, fostering
localized synergies while maintaining system-wide adaptability (Boschma and Tammarino, 2009). This inter-
relation can support both resilience and specialization, enabling regions to leverage the benefits of economic
variety alongside the efficiencies of co-location.

Our argument is not based on the generalization that economic prosperity is directly associated with
demographic and socioeconomic measures, but instead, there exist broad shifts in the structural patterns
of the economy that may override other inputs and ultimately steer cluster behavior outside of expectation
(Martin et al., 2016). At a local to regional scale, business climates and industry dynamics shape and
result from a broader economic ecosystem (Pilinkiené and Magciulis, 2014). For instance, existing industry
conditions can generate entrepreneurial opportunities by supplementing research and development, creating
demand for services and materials, and driving demand for goods and services for the workforce and their
families. Conversely, a robust entrepreneurial climate can attract larger employers to a community (Korez-
Vide and Tominc, 2016). Thus, we look to measures of business climates and industry dynamics to understand
the association between clusters with the resilience of local or regional economies and the prosperity of their
residents.

Therefore, studies on cluster formations must consider the context and scale in which socioeconomic and
demographic changes occur. Considering technological advancements, entrepreneurs and industries may not
operate in the same environment where they sell their products or services. For example, an entrepreneur in
a small rural town may have target customers nationwide or internationally. Nonetheless, industry clusters
encompass a wide range of economic activities and form dominating spatial features, including local clusters
where businesses produce for and sell to other local businesses or consumers (Porter, 2011). A deeper
understanding of regional industry clusters is essential to grasp the diverse business environments across the
national economy.

Demographic characteristics often correlate with socioeconomic outcomes. For instance, particular de-
mographics may be disproportionately employed in low-wage career trajectories, resulting in lower net worth
than their counterparts, which can stifle broader economic activity (Borowczyk-Martins et al., 2014). More-
over, educational attainment and access to technical assistance remain unequal across demographic and
socioeconomic groups (Ragin and Fiss, 2016). Industrial employment in local economies is strongly tied to
these conditions. Communities with high levels of industrial employment often experience lower levels of
educational attainment, limiting opportunities for entrepreneurship, a key predictor of the socioeconomic
conditions necessary to start a business (Byun et al., 2015).

The lack of industry diversification may pose challenges to economic resilience, though fostering resilience
could provide the best opportunity to address these issues. Single-sector economies offer few opportunities for
entrepreneurial success, as residents often rely on a small number of employers for survival (Toma et al., 2014).
Supporting marginalized entrepreneurs, particularly those facing economic and social mobility barriers, could
help alleviate local economic stagnation, inequities, and decline.

Diversification is frequently cited as necessary for economic stability, resilience, and risk management
(Plummer et al., 2022; Woerter, 2009; Greve, 1994). This approach suggests that bolstering multiple sectors
and spreading risk across various parts of the economy is a key aspect of maintaining a healthy economy.
The study of rural economics, which often highlights the lack of industry diversification, suggests that
there is significant room for improvement, as these communities face challenges such as income inequality,
stagnant innovation, limited employment options, and restricted entrepreneurship opportunities. Our study
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examines how different elements of a healthy economy are associated with industry diversity and how these
relationships can vary between geographic clusters.

Clusters represent industry composition and local and regional culture. They are vital in assessing
the diversity of economic drivers within a given economy, as they reveal the scope, geographical links,
competition, and scale of local or regional industries. Firms and their supply chain networks, both within
and across clusters, are shaped by four primary characteristics:

First, clusters consist of groups of related industries whose relationships unlock economies of scale. Clus-
ters are not merely concentrations of economic activity within a narrow industry. They reflect ”related
variety,” where dynamism emerges from complementary, rather than identical, capabilities and activities
(Babkin et al., 2023).

Second, clusters are shaped by geographical proximity. They reflect the specific nature and density of
local connections, such as access to a skilled labor pool, local knowledge spillovers, and opportunities for
collaboration among local partners. While acknowledging the relevance of global value chains and knowledge
networks, clusters offer unique competitive advantages by leveraging specific local circumstances (Hinzmann
et al., 2019). Although global linkages can compensate for locally missing capabilities, they can often be
replicated by competitors in other locations (Bergman and Feser, 2020).

Third, clusters are driven by the interplay of collaboration and competition among related activities
in a given location. Co-location alone provides benefits such as knowledge spillovers and access to more
specialized input markets. However, the dynamic power of co-location is greatly enhanced when co-located
entities actively engage with one another. This engagement may take the form of collaboration, through
joint research or training, or competition among rival firms, which pushes companies to adopt differentiated
strategies and enhance productivity and innovation (Oman and Alisherovich, 2022).

Fourth, clusters are driven by the critical mass that a location achieves in related industries. When a
cluster is small, possible linkages are also limited. As the cluster grows, however, the number of possible
interactions grows more than proportionally. This results in an S-shaped growth path, with significantly
higher performance and growth once a cluster reaches a specific size. Clusters naturally emerge as the
benefits of co-location enhance firm growth in specific geographies and increase the attractiveness of certain
locations for new businesses. The emergence of clusters is shaped by both firm decisions regarding investments
and strategies, as well as government and institutional decisions regarding the cluster’s business environment
(Danesh Shakib, 2020).

Industry diversity can influence a region’s ability to adapt, grow, and withstand economic shocks, but
the nature of that influence depends on the kinds of industries present and how they relate to one another.
In evolutionary economic geography, diversity is often separated into related and unrelated forms. Related
diversity describes a mix of industries that are technologically or cognitively close enough to share ideas,
skills, and infrastructure. This kind of diversity is associated with knowledge spillovers, recombination, and
incremental innovation that can improve long-term adaptability (Boschma, 2015). Unrelated diversity, on
the other hand, reflects industries that are much more distant in their capabilities. While less likely to
exchange knowledge, unrelated industries can reduce vulnerability to sector-specific downturns by spreading
risk across the economy (Content and Frenken, 2016; Frenken et al., 2007). Measuring these forms of diversity
typically involves entropy-based decomposition, which separates within-group variety from between-group
variety to capture both innovation potential and risk-spreading capacity.

Evidence from the U.S. shows that these forms of diversity matter differently depending on the setting
and time horizon. In rural and intermediate counties, related diversity has been linked to higher chances
of weathering crises, likely because it builds on the region’s existing capabilities to adapt and reorganize
after a shock (Grabner and Modica, 2022). Unrelated diversity in those same settings has shown weaker
or inconsistent effects, suggesting that innovation potential, rather than pure risk-spreading, may be more
critical in less complex economies. In contrast, studies of metropolitan areas following the Great Recession
have found unrelated diversity to act as a stabilizing force, dampening short-term job losses and creating
spatial spillovers that benefit nearby regions. Related diversity in those contexts sometimes slows immediate
recovery by transmitting shocks through connected industries, even if it contributes to growth in the longer
term (Chen et al., 2024). These differences highlight that strategies to strengthen regional resilience need to
be tailored to local economic structures, existing industry linkages, and the type of diversity most likely to
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produce desired outcomes.

Economic resilience does not depend on a single measure or model. Each geographic area has its own
composition of variables that, when targeted by regional developers, may yield better outcomes than a
national, one-size-fits-all approach to diversification and cluster formation (Angelopoulos et al., 2023). For
example, while GDP per capita is commonly associated with economic well-being, its significance varies
across geographies depending on local factors (Pacheco et al., 2021). Even if industry diversity were a
universal solution to economic challenges, not all regions are equally positioned to adopt such an approach.

3 Data and Analysis

This study employs a correlational (associational) analytical framework to examine the relationships among
key variables relevant to regional economic development. We explicitly acknowledge that the methods used
do not establish causal relationships between the variables analyzed. Instead, our approach is designed to
identify statistically significant associations that may reflect underlying dynamics relevant to policy formu-
lation. The decision to adopt a non-causal analytical strategy reflects both the nature of the data and the
goals of the research. Specifically, our intent is to inform the development of regional policy frameworks
through empirically observed patterns, rather than to test specific causal hypotheses.

This correlational strategy is consistent with recent literature emphasizing the value of association-based
evidence in the early stages of policy design and problem structuring, particularly in settings where controlled
experiments or strong quasi-experimental designs are impractical (Manski, 2013; Morgan and Winship, 2010).
In this sense, the statistical relationships presented here are not interpreted as policy ”proof points,” but as
informative signals that can guide policymakers in identifying areas for further analysis, strategic planning,
and potential pilot interventions.

By clearly delineating the scope and limits of our methodology, we aim to provide transparency and
to facilitate appropriate interpretation of the findings. While we stop short of making prescriptive claims
based on causality, the patterns we uncover contribute meaningfully to the evidence base on regional dis-
parities and development strategies, providing a foundation for future causal research and adaptive policy
experimentation.

First, as emphasized by Manski (2013), policy decision-making often proceeds under conditions of partial
identification, where precise causal effects are unknown or unknowable due to data limitations or ethical
constraints. In such settings, informative associations between variables, e.g., between infrastructure invest-
ment and employment growth, can help narrow the space of plausible hypotheses and identify promising
directions for further investigation or pilot implementation.

Second, regional economic development is inherently multifaceted and context-specific, involving dynamic
interactions across social, geographic, and institutional dimensions (Rodriguez-Pose, 2013). In this context,
correlation analyses can reveal systematic patterns and spatial interdependencies that are useful for regional
strategy formation, even in the absence of confirmed causal mechanisms. Our findings serve not as definitive
prescriptions but as empirically grounded signals warranting attention from policymakers engaged in strategic
planning and resource allocation.

Also, the policy recommendations we derive are explicitly framed as provisional and exploratory. They
are meant to guide regional actors in identifying priority areas for intervention, experimentation, and fur-
ther causal evaluation. This approach is consistent with the principle of “evidence-informed” rather than
“evidence-determined” policymaking (Nutley et al., 2014), which emphasizes the integration of best-available
evidence with local knowledge and judgment.

Finally, it is worth noting that several influential policy studies have historically relied on correlational
data to motivate or justify significant policy shifts, with appropriate caution and qualification. For instance,
regional disparities in educational attainment, public investment, and employment outcomes have often
been documented through associative data, providing impetus for targeted place-based policies (Barca et al.,
2012).
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3.1 Data Source

This study uses the most recent version of the Kelley School of Business Innovation Intelligence Index (II%) at
Indiana University, Bloomington. For continuity, readers familiar with earlier versions may note that the II2
is the updated form of the Innovation Index (StatsAmerica, 2023). The dataset is designed explicitly for the
U.S. Economic Development Administration (EDA) to assist economic developers with strategic planning,
grant writing, and technical assistance. The 43 measures and indices used in the exploratory analysis are
categorized into five types of economic activity, each identified by a unique 5-digit m-code. The categories are
as follows: Human Capital and Knowledge Creation (m10##4#), Business Dynamics (m20##4#), Business
Profile (m30###), Employment and Productivity (m40#+#+), and Economic Development (mbO#HH##)
(StatsAmerica, 2023). The first two digits indicate the category, while the last three specify the particular
measure.

This dataset is designed to aid in economic development with comprehensive and actionable indices for
regional competitiveness, economic resilience, and strategic planning (EDA.gov, 2023). Measures indicating
adverse conditions, such as unemployment, income inequality, and poverty, are expressed inversely. This
means that regardless of their original polarity, favorable outcomes are represented by higher or positive
values, while lower or negative values indicate adverse conditions. For example, a low poverty rate results in
a higher value in the index. While migration has been associated with adverse socioeconomic impacts in rural-
to-urban brain drain, it is expressed as a neutral condition. As such, the original polarity of its measurement
remains unchanged. Our key measure, Industry Diversity (m40192), from the Employment and Productivity
category, was selected due to its prominence in regional planning rhetoric and the literature (Angelopoulos
et al., 2023; Plummer et al., 2022; McAreavey, 2022; Greve, 1994). Industry diversity is a metric that
reflects the concentration of industries within a single county and how evenly these industries are spread
across different sectors (StatsAmerica, 2023). Our entire dataset was georeferenced through manual data
cleanup in a comma-separated value (CSV) spreadsheet to correct formatting errors and matched by county
identification numbers (GEOID) with spatial data provided by the U.S. Census Bureau. The spreadsheet
was uploaded to GIS software using the semi-standardized GEOID labeling system.

3.2 Correlation and Cluster Identification

Using RStudio, we analyzed multiple linear regression with all variables and Industry Diversity. First, the
variables were analyzed across the entire U.S., and then the dataset was narrowed to focus on the Midwest
region. For clarity, we adopt the U.S. Census Bureau definition of the Midwest (Illinois, Indiana, Iowa,
Kansas, Michigan, Minnesota, Missouri, Nebraska, North Dakota, Ohio, South Dakota, and Wisconsin)
(Counts, 2021). We report national and Midwest results side by side to highlight scale effects. The Midwest
subset is treated as a distinct context for interpretation rather than as subordinate to the national results.
Though we do not analyze in detail other regions, we do touch on regional observations in Section 5.1 as the
nationwide analyses visualize regional patterns of interest.

The significance of the regression was measured using the RStudio linear model default, with 0.1 set
as the lowest threshold for significance and 0 as the highest, along with two graduated steps in between.
Unlike the correlation analysis, we used multiple regression across all categories to account for the nested
and interrelated behavior of the variables at both geographic scales. Business Dynamics (m20##+#) and
Economic Development (mb0##+#) showed high significance at both the U.S. and Midwest levels, while
Business Profile (m30#+#4#) was significant at the U.S. level but not necessarily at the Midwest level.
Although Employment and Productivity (m40###) displayed underwhelming significance, we maintained
an interest in the relationship between Latent Innovation and Industry Diversity, which showed strong
significance at both geographic scopes. Significance at both the U.S. and Midwest levels provides insight into
key relationships. However, measures with significance at only one level are also important for understanding
differences between scales. Significance at the U.S. level but not the Midwest level suggests potential spatial
clustering at the national level, with the Midwest as an outlier. Conversely, significance at the Midwest but
not the U.S. level also suggests a deviation from the national trend.

The category with the least relevance to Industry Diversity, which was subsequently excluded from
further analysis, was Human Capital and Knowledge Creation (ml10###). Apart from the measures of
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educational attainment, the significance was low. Multicollinearity was a concern given the correlation
among many variables; however, because of the progressive structure of educational attainment levels, it was
assumed that the significance among these variables resulted from their nested behavior. To confirm this,
we conducted a standard linear regression and geographically weighted regression (described in subsequent
sections) to examine the relationships between Associate’s Degree (m10104), Bachelor’s Degree (m10105),
Graduate Degree (m10106), and Industry Diversity (m40192). As expected, the association levels increased
as higher education levels advanced, reflecting the prerequisite structure of progressive education levels.
Although the nesting of higher education measures and their ascending relationship with Industry Diversity
was intriguing, we excluded this entire category from further analysis and recommend it for future research
focused specifically on the relationship between higher education and industry diversity.

While including additional variables in future analysis will likely strengthen the impact of this research,
we spotlighted one measure from each category of interest. Due to the high correlation between measures in
Business Dynamics (m20##+#) and Business Profile (m30#4##) categories, Proprietorship Rate (m30182)
was selected as a per capita representation of both entrepreneurship and business health. Income Inequality
(m50992) was selected from Economic Development (m504##+#) because of its relationships with relative
poverty and its clear association with disparity. Lastly, Latent Innovation (m40191), which was selected
from Employment and Productivity (m40##+4#), stood out for its unique negative correlation and strong
significance with Industry Diversity. It remains the only variable in the study with high significance at both
geographic levels.

To further investigate the spatial distribution of Industry Diversity across the U.S., we used spatial auto-
correlation to determine whether the pattern was dispersed, random, or clustered. With clustering confirmed,
we conducted Hot Spot analyses (Getis-Ord Gi*) to compare the spatial distribution of Industry Diversity
with other variables, identifying areas where hot spots and cold spots overlapped or contrasted. Finally,
to explore the spatial clustering patterns of relationships between Industry Diversity and other variables,
we applied geographically weighted regressions (GWR) to generate local R-squared values, producing maps
that visualize the strength of these relationships. These methods employ visual aids and tables to enhance
future analysis and foster discussion on how the variability in the effectiveness of industry diversity influences
regional economic development.

3.3 Modeling Framework

To enhance transparency and reproducibility, we present the basic equations for the statistical and spatial
methods used in this study.

Ordinary Least Squares (OLS)
We first estimated global linear relationships between Industry Diversity and each economic outcome variable
using the OLS model:

yi=a+ 0D+ iy +¢€

where y; is the outcome for county ¢ (Income Inequality, Proprietorship Rate, or Latent Innovation), D;
is Industry Diversity, x; is a vector of control variables, « is the intercept, 5 and 7 are parameters to be
estimated, and ¢; is the error term.

Geographically Weighted Regression (GWR)
To capture spatial heterogeneity, we estimated local coefficients using GWR:

Yyi = Bo(us,vi) + Bi(ui, vi) D 4 2 (ui, vi)y + €
where (u;,v;) are the spatial coordinates of county 4, and coeflicients S (u;,v;) vary across space according

to an adaptive kernel weighting scheme. Bandwidth optimization for GWR used ArcGIS Pro’s golden search
method to minimize the corrected Akaike Information Criterion.

Global Moran’s T
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We measured spatial autocorrelation in Industry Diversity and other variables using Global Moran’s I:
n 2 2oy wig(wi — T) (x5 — T)
> Zj Wij >ilzi—2)?

where n is the number of counties, z; is the value for county ¢, Z is the mean, and w;; are elements of the
spatial weight matrix W.

I =

Getis—-Ord G (Hot Spot Analysis)
To identify statistically significant spatial clusters (hot and cold spots), we used the Getis—Ord G} statistic:

o — > wigay — X 30, wij
5B

n—1

where X and S are the mean and standard deviation of z for all n counties. High positive G} values indicate
statistically significant hot spots, and high negative values indicate cold spots. Spatial weights w;; were
row-standardized and based on k-nearest neighbors, with k selected to balance statistical power and spatial
sensitivity.

4 Results

4.1 Exploratory Analysis

Through bivariate correlation and regression analysis, we first compared measures of economic activity in
association with industry diversity for the U.S. and at a regional level, selecting the Midwest as defined by
the U.S. Census Bureau (Counts, 2021). The exploratory analysis contrasted U.S.-level measures with those
at the regional level. Multicollinearity and inherent nested behaviors were expected among many of the
measures, particularly those within the same categories. However, since we are not seeking causality, the
levels of association between measures are just as significant in understanding how entire categories relate
to industry diversity.

The exploratory analysis began with a bivariate Pearson’s correlation using a matrix of all 43 measures,
including the explanatory measure, Industry Diversity (StatsAmerica, 2023). Unlike traditional quantitative
studies that seek to establish causation, this study, situated within the social sciences, aims to use regression
and correlation to only identify associations between variables. Following the relevance and significance
guidelines for correlations in social science research described by Samuel and Okey (2015), we set a coefficient
cutoff at +/- 0.5 to exclude weak correlations (i.e., those closer to 0). Any value above 0.5 (or below -0.5
for negative correlations) was retained for its relevant association, with particular attention given to those
with strong correlations at +/- 0.8 (Samuel and Okey, 2015). Given the inherent correlation and nesting of
many measures, a high degree of correlation was anticipated, especially within the same or similar categories,
further suggesting substantial nesting among the different economic categories.

An important discovery from this analysis was that Latent Innovation (m40191) was the only variable
with a relevant negative correlation coefficient within the specified range when compared with Industry
Diversity. This finding marks Latent Innovation as a variable of particular interest, which may lead to
opportunities for further study, as discussed in Section 5.1.

4.2 Cluster Analysis

Using GIS, the first step of our cluster study was to confirm how the subject of this paper—industry diver-
sity—is distributed across space. To do this, Industry Diversity was analyzed using spatial autocorrelation
(Global Moran’s I) to determine its distribution characteristics. Given the irregular shapes and sizes of
counties across the U.S., the non-parametric algorithm K Nearest Neighbors was applied to the county-
level dataset. The objective was to assess whether variations in Industry Diversity were evenly distributed
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across the U.S. or exhibited spatial clustering patterns. The autocorrelation analysis using Global Moran’s
I returned an index of 0.226, a high Z-score (26.17), and a low P-value (0.0). These results confirmed our
assumptions that the data exhibited significant spatial clustering, with a probability of less than 1% that the
observed distribution was random. More importantly, this indicates that Industry Diversity is not constant
and is influenced by different geographic phenomena across the country.

To qualitatively study the relationships of spatial clustering among variables in relation to Industry
Diversity, a Hot Spot Analysis (Getis-Ord Gi*) was performed on the variables. The resulting raster layer
products were then subjected to a Hot Spot Comparison Analysis to examine how the distribution of high
values (Hot), low values (Cold), and insignificant values (Not Significant) compare across the variables. The
maps in Figures 1-3 illustrate these results. Since these analyses do not represent the outcomes of correlation
or regression, the clustering simply reflects the spatial density of high and low values for each variable pair.
Even if density is high for a given pair, this does not imply causality. Instead, any strong visual association
is only described by geographic proximity and excludes any quantified analysis.

Examples of areas of interest in Figure 1 include the country’s central region, where clusters of high
industry diversity (hot spots) overlap with relatively favorable levels (a mix of hot spots and areas of no
significance) of income inequality and proprietorship rates. Since income inequality and proprietorship rate
were highly correlated in the exploratory analysis, there was some expectation that this correlation would be
reflected in similarities in their geographic distribution. However, in the Mid-Atlantic region of the Eastern
Seaboard (e.g., New York), high levels of industry diversity did not correspond with any significant spatial
clustering of income inequality or the proprietorship rate.

Figure 1: Hot spot analysis comparing industry diversity with income equality.
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The Hot Spot Comparison between industry diversity and latent innovation (Figure 3) revealed more
contrasting results. In many rural counties across the western U.S., where there was little significant spatial
clustering of industry diversity, there was a substantial spatial clustering of low latent innovation. Given the
topography, with large swaths of sparsely populated or undeveloped public land, the natural resource-driven
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Figure 2: Hot spot analysis comparing industry diversity with proprietorship rate.
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and rural economies may cause adjacent counties to form extensive cold clusters.

Although Hot Spot Analysis enables a localized examination of spatial clustering across the U.S., it holds
less significance for our regional focus on the Midwest. The smaller clusters in this region suggest that
economic activity should be studied at a community or economic district level. We will dive deeper into the
relevance of these findings in the results and discussion, sections 4 and 5, respectively.

4.3 GWR

Geographically weighted regressions (GWR) were employed as our final level of analysis. Industry Diversity
was used as the explanatory variable, while the highlighted measures—Income Inequality, Proprietorship
Rate, and Latent Innovation—served as dependent variables. Considering multicollinearity and our goal
of analyzing the association of different variables (not causality) with industry diversity, a separate GWR
was performed for each measure (Price, 2023). An adaptive neighborhood type was utilized to account for
variation in size, shape, and the number of neighbors for each county, and the Golden Search method offered
by ArcGIS was used to fit an appropriate neighborhood selection. The local R-squared value was used
to express the strength of the association between each variable and Industry Diversity. These R-squared
values are represented in the maps and plots below (Figure 4-6) to indicate the association level between the
dependent and explanatory variables.

In line with our previous parameters based on Samuel and Okey (2015), values of 0.5 or higher are
considered relevant in determining an association between the measures. However, to assess significance
within the local estimates, we focused on areas with values of 0.8 or higher and compared them to those
without relevance. This contrast will guide the discussion on how areas where certain economic activities
are highly associated with industry diversity differ from those where no association is observed.

Looking at Income Inequality (Figure 4), we identified the unusual feature of small geographic clusters
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Figure 3: Hot spot analysis comparing industry diversity with latent innovation.
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with negative R-squared values, though these are not widespread. Negative R-squared values indicate a poor
fit and, for this study, are treated similarly to very low values or simply 0 (Chicco et al., 2021; Cameron
and Windmeijer, 1996). For both Income Inequality and Proprietorship Rate (Figure 5), clusters with high
R-squared values are concentrated in much of the Midwest, along a broad zone following the Mississippi
River, large portions of Texas, and heavy concentrations throughout Appalachia. For Latent Innovation, the
negative polarity observed in the exploratory correlation analysis also appeared in the GWR plot (Figure 6).
A few strong geographic clusters with high R-squared values are found in Florida, and scattered patches
are found nationwide. More intriguingly, Latent Innovation exhibits the weakest association in areas where
the other variables are strongly associated with Industry Diversity, particularly in the central U.S. from the
Mississippi Delta to the Midwest, producing only several small clusters with negative R-squared values.

The GWR results also show clear regional differences. For Income Inequality and Proprietorship Rate,
the strongest links with Industry Diversity are in much of the Midwest, central U.S., near the Mississippi
corridor, across large parts of Texas, and throughout Appalachia. These are the places where industry
diversity seems most closely tied to more equal incomes or higher rates of local business ownership. For
Latent Innovation, the map looks quite different with strong negative relationships with Industry Diversity
appearing in Florida and a few metropolitan areas. At the same time, the central U.S., from the Mississippi
Delta through the Midwest, shows much weaker links, even in places where the other two outcomes are
strong. In the Northeast, Industry Diversity is generally high, but its link to these economic measures is less
consistent, echoing the differences seen in the hot spot maps.

The national hot spot and GWR results show that the link between industry diversity and economic
outcomes differs across U.S. Census regions. In the Midwest, higher diversity often goes hand-in-hand with
stronger proprietorship rates and more balanced incomes, but this is not consistent everywhere. For example,
much of Michigan, down along the Indiana—Ohio border, does not follow the broader regional trend. This
variation highlights that these relationships are place-based and that geography, at both broad and local
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Figure 4: US map of R-squared values for GWR results for industry diversity with income inequality using
Jenks Natural Breaks map symbology.
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scales, can reveal important nuances. In the South, especially in Appalachia, industry diversity is strongly
tied to both proprietorship and income equality. At the same time, in the West, rural areas tend to combine
low diversity with lower innovation. Together, these contrasts make clear that the Midwest’s patterns are
not replicated nationwide and underscore the need for region-specific economic development strategies.

5 Discussion

5.1 Geographic Differentials and Impact on Regional Economic Development

Correlations and linear regressions used in initial exploratory analyses confirmed what literature in our field
had long already assumed: a one-size-fits-all approach to economic development policy from a national
perspective is severely limiting (Austin et al., 2018). As noted in our methodology, these implications
are drawn from statistically significant associations rather than confirmed causal effects and should be
interpreted as exploratory signals to inform, not determine, regional development strategies. The differences
in significance levels between multiple U.S. and regional regressions provide the first clue that geographic
variables are obscured in the national data. The Hot Spot and GWR maps illustrate the broader picture,
demonstrating that tailored regional solutions would be far more effective for economic development than a
uniform national approach. These findings, which go beyond the preexisting assumptions of the economic
development community, call for a more local and comprehensive consideration of regional planning.

Of the three variables analyzed, Latent Innovation produced the most intriguing results and behaved
contrary to the other variables. The activity of latent innovation, which involves the sharing of knowledge and
processes among industries, was initially expected to benefit from a diverse pool of firms. However, what was
anticipated to be a high and positive relationship between industry diversity and innovation instead revealed
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Figure 5: US map of R-squared values for GWR results for industry diversity with proprietorship rate using
Jenks Natural Breaks map symbology.
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unexpected conditions. The Hot Spot Comparison showed a negative correlation in mismatch clusters across
the U.S. In many areas with high industry diversity (and population density), latent innovation activity
was low. These findings, which have significant implications for economic development strategies, suggest
that latent innovation is driven by strong clusters of same-sector firms, which can compensate for low
diversification through collaboration or shared resources. However, when industry diversity is introduced, it
appears to dilute the clustering effect, and firms within one sector may have less to offer those in unrelated
sectors.

Industry clustering has its advantages (Woerter, 2009), but it is conceptually distinct from industry di-
versity. Clustering refers to the spatial concentration of related industries that benefit from shared suppliers,
specialized labor pools, and knowledge networks, whereas diversity captures the variety and evenness of in-
dustries present in a local economy, regardless of whether they are related. A county can be highly clustered
but low in diversity if dominated by a single strong sector, or highly diverse but not strongly clustered if
its industries are unrelated and geographically dispersed. Low diversity is not inherently detrimental to
economic prosperity. In some regions where industry diversity shows little to no association with measures
like income inequality, other structures, such as social programs or government regulations, may offset the
adverse effects of low diversity (Martin and Sunley, 2006). The key takeaway is that regional approaches to
economic development must account for geographic variations rather than a uniform national strategy.

Industry clustering can foster innovation and growth within a sector (Danesh Shakib, 2020; Hinzmann
et al., 2019). While this might seem directly associated with industry diversity, the clustering and shared
economic activity are more likely products of sectoral composition and geographic density. Highly urbanized
areas, such as Silicon Valley, may exhibit a wide range of industry types, yet the dominance of the high-tech
sector gives the region a low overall diversity score (StatsAmerica, 2023). Low diversity does not necessarily
indicate an unhealthy economy. However, in distressed areas suffering from low diversity, examining their
adverse conditions and their relationship to industry diversity could provide insights into relief. The cor-

83



Journal of Regional Analysis & Policy 55(3): 71-90

Figure 6: US map of R-squared values for GWR results for industry diversity with latent innovation using
Jenks Natural Breaks map symbology.
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relation between variables within the same category suggests that supporting one variable could positively
impact others. Since these variables often overlap in their association with Industry Diversity, efforts to
increase diversity in regions where this association is strong could benefit targeted economic programming.

It is crucial to note that the R-squared value suggests the degree of association between industry diversity
and the activities described by the dependent variables. This association (or lack thereof) is key to informing
any development action. Increasing diversification alone may not yield the desired benefits if no strong
association exists. The relationship between industry diversity and other economic measures is embedded
in the local economy’s structures and wide networks. Omne place of concern is when industry diversity
conflicts with the interests of industry leaders who serve as key agents in the regional economy. Large
enterprises or anchor employers can exert pressure on trends and policies, potentially suppressing the effects
of industry diversity and stifling the flow of economic activity. Moreover, short-term reforms that stimulate
economic growth can indeed offer an immediate, measurable boost to growth (Callais, 2022), yet as with
industry diversity, these benefits may be transitory if underlying spatial and structural challenges remain
unaddressed. It is essential first to recognize conditions that hinder the association of industry diversity
before reaping the benefits of its development.

Our results contribute to the evolutionary economic geography literature by showing that the influence
of industry diversity on economic outcomes is not uniform across space but is shaped by region-specific con-
texts. While theories of related variety (Frenken et al., 2007) and structural resilience emphasize the benefits
of diverse but related industry structures, our findings suggest that these benefits are contingent: in some
regions, diversity aligns strongly with proprietorship or income equality, while in others, the relationship is
weak or even absent. This place-contingent pattern supports calls for a more geographically nuanced appli-
cation of related variety theory and underscores the need to integrate spatial heterogeneity into frameworks
of regional resilience.
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5.2 Towards a Better Understanding of Industry Diversification and Economic
Resilience

The findings from this exploratory study suggest that scholars interested in economic development and re-
silience must pay close attention to systematic changes in economic geography and sectoral composition over
time. The observed differentials indicate that some economies successfully shift to higher value-added activ-
ities within existing industries or transition to higher value-added industries to compete in a broader set of
sectors, while others experience a narrowing—or extension—of industry composition, favoring specialization
(Isaksen et al., 2019). Specifically, the study contributes to the theoretical discourse on regional economic
resilience by advancing a more integrated perspective that bridges the insights of industrial diversity, clus-
tering, and evolutionary economic geography. Our findings highlight that resilience is not solely a function
of diversity or specialization, but rather the result of their nuanced interaction. Specifically, we show that
regions combining related industry clusters with broader sectoral diversity tend to demonstrate adaptive
capacity. This supports and extends the notion of related variety (Frenken et al., 2007), suggesting that
resilience is enhanced not just through diversification, but through diversification that builds on existing
regional competencies and allows for recombination of knowledge across closely aligned sectors.

In doing so, our analysis refines existing theories of industry diversity by emphasizing the structural
configuration and cognitive proximity of industries, rather than simply counting the number of sectors
present. This distinction aligns with recent work by Chen et al. (2024) and Grabner and Modica (2022)
who argue that the development benefits of industry diversity are conditional on its relatedness and the
institutional capacity to leverage it. Our empirical patterns thus contribute to a more dynamic theory of
regional resilience, one that recognizes the importance of industrial path dependencies and the evolutionary
trajectories that shape the economic geography of places over time.

Furthermore, this study challenges conventional dichotomies that frame clustering and diversity as oppos-
ing forces. Instead, our findings reveal how clustered specialization and inter-industry diversity can coexist
and reinforce one another when embedded in supportive institutional and innovative systems. This synthesis
offers a more holistic understanding of regional development, encouraging future theoretical and empirical
work to consider how structural variety, spatial concentration, and evolutionary logic collectively shape re-
gional outcomes. In this way, the paper not only describes spatial-economic patterns but also provides a
theoretical lens through which to interpret them.

This process of enhanced industry specialization, or extension, consists of ”incremental product and
process innovations in existing industries and along prevailing technological paths” (Isaksen et al., 2019).
These developments consolidate industrial activities through stepwise innovations over time (Neffke et al.,
2011). Path upgrading, defined as "major intra-path changes that shift an existing regional industrial path
in a new direction” (Grillitsch, 2017), occurs through the integration of new technologies or significant
organizational changes, such as the development of more advanced functions, more specialized skills, or
niche markets in mature industries. Consequently, such developments strengthen certain regional industries,
often at the expense of others, due to limited regional resources. This, in turn, can explain the inconsistent
developments observed across geographic markets, as demonstrated in this study (Isaksen et al., 2019).

From a practical standpoint, the findings of this study raise important questions about workforce de-
velopment needs and opportunities in regional economies. Industry diversity reflects the availability of
employment options in a community. While a highly specialized local economy may attract workers based
on concentrated demand for specific skills, low industry diversity in rural areas often leads to labor-intensive
production, with downward pressure on wages, which can harm regional resilience (Ross and Bateman, 2017).

From an economic development perspective, one of the most critical goals of economic resilience is ensuring
that people find meaningful work that allows them to support themselves, their families, and their overall
well-being. Work provides economic freedom and independence and fosters community and social cohesion.
Changing demographic patterns necessitate that rural communities adapt not only to shifts in business and
industry composition but also to transformations in employment markets, such as new growth sectors like
the green and silver economies, which influence local economies (Thurlow et al., 2019). Failure to adapt to
these changes undermines efforts to build economic competitiveness and community resilience.

While local development needs vary greatly in terms of economic competitiveness, common challenges
include attracting young people and encouraging entrepreneurs to settle in declining areas (Vazzana and
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Rudi-Polloshka, 2019). Many local and regional economies have historically developed around strong in-
dustry clusters rooted in agriculture and related manufacturing sectors, such as food processing and other
primary and secondary industries. As a result, specialization—or extension—often became the outcome
(Al-Abdulmunem et al., 2021). Anchor employers, in particular, were key drivers of regional employment.
However, since the 1970s, global competition, consolidation of operations, and other structural changes in
national and state economies have contributed to rural population decline (Watkins and Seidelman, 2019).
Additionally, the failure to adapt to technological changes has negatively impacted traditionally resource-
based industries, leaving many communities struggling to reinvent themselves, leading to low product and
employment diversity (Jablonski et al., 2021). The findings of this study suggest that the legacy of resource-
based economies, anchor employers, and single-sector economies has been addressed unevenly across the
U.S. While some regions have successfully diversified across geographic and regional clusters, others have
struggled, facing negative outcomes in terms of demographics, socioeconomic factors, business dynamics,
and economic competitiveness.

For the economic development literature, and particularly from a policy perspective, future studies should
focus on market relevance in regional economies. Maintaining market relevance is crucial to successful regen-
eration strategies. Restructuring strategies in response to demographic, socioeconomic, and industry changes
must first consider the consequences of these changes to identify conditions conducive to new development
opportunities. Regeneration strategies, therefore, need to clarify the current state of industry diversity while
integrating economic, socio-educational, and local policies to consolidate innovation, entrepreneurship, and
human capital efforts. If the goal is to improve social and economic conditions, achieve environmental im-
provement, and bolster economic resilience, understanding the outcomes associated with industry diversity
should be the first step.

6 Conclusions

Industry diversity is often recognized as a positive attribute of a healthy and resilient regional economy.
However, simply injecting diversity to counter single-sector dependencies will not be a panacea for reviving
rural communities or resolving rural-to-urban disparities. Such claims would be implausible in large cities,
obscured by the complexities of urban systems. However, in rural areas of the U.S., where low population
density and high relative productive output coexist, the complexities dissipate, revealing important social
and economic relationships between industries and the local communities that depend on them. In this
context, addressing clustering as a key spatial component highlights scale as the determining factor for the
relevance of these relationships. Our comparison of national versus Midwest-level relationships suggests that
spatial resolution is essential. The variability expressed in the regression and correlation results between
these two scales, combined with spatial autocorrelation, confirmed that varying levels of industry diversity
are clustered across the country.

Measuring smaller, rolling neighborhoods across the country produces maps at the county level of reso-
lution. One limitation of this analysis is the inclusion of very small counties, some with populations under
1,000 residents. In such areas, economic and demographic measures can be more volatile from year to year,
and a small number of establishments may heavily influence industry composition. While these counties
are important for understanding the full geographic diversity of the United States, their small scale war-
rants caution in interpreting results. Future research could explore sensitivity analyses excluding very small
counties or aggregating them to larger functional regions, such as commuting zones or core-based statistical
areas (CBSAs), to assess the robustness of the observed patterns. Data visualization through geographically
weighted regression and Hot Spot analyses allows the study to be applied to regional development efforts. By
observing the varying associations between industry diversity and selected measures (income inequality, pro-
prietorship rate, and latent innovation), it becomes clear that phenomena often generalized under national
statistics could greatly benefit from increased spatial resolution. This would enable a more effective course
of action for specific regions. For example, the association between diversification and income inequality
may be weak in areas where diversification is low and income inequality is high.

For such communities, it is essential to study the factors that hinder the impact of diversity on the
economy, such as resource dependency or adverse policy. Addressing these barriers is crucial before fully
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benefiting from a diverse economy. This does not negate the positive effects of diversification; rather, it
suggests that those effects may be obscured or suppressed by more pressing issues. To maximize the impact
of local economic development, a regional approach tailored to the unique local conditions is recommended.

While there have long been calls for higher-resolution analyses in economic development, rather than
focusing strictly on rigid causal relationships, exploring associations between different social and economic
characteristics can reveal the mechanisms driving regional economies. Visualizing clusters of high and low
industry diversity is informative, but studying the associations between various measures of industry diversity
uncovers key drivers of the local economy and how it responds to crises and interventions.

Our findings show that the relationships between industry diversity and economic outcomes vary widely
across Census regions, with distinct patterns in the Midwest, Northeast, South, and West. This study draws
on national and Midwest regional analyses as a detailed case to keep the scope focused. Nevertheless, the
national-level results make clear that these patterns are far from uniform nationwide. Such variation calls
for economic development strategies tailored to regional contexts rather than a one-size-fits-all approach.
Sustainable growth and equitable prosperity across the United States depend on recognizing and addressing
each locality’s unique mix of industries, cultural dynamics, and socioeconomic conditions.
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