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Abstract 

Colocation and similar requirements of skills and labor are two important 

characteristics for agglomeration of industries and delineation of industry cluster 

definitions. The network analyses of locational and occupational correlations of industry 

pairs at the U.S. level reveal important insights into modularity or communities of 

industry sectors. For colocation-based modularity, locational correlation of +0.8 or 

higher value is useful. For occupational or labor requirements-based modularity, 

occupational correlation of +0.5 or higher is useful. Both the results are used to inform 

the delineation and identification of industry cluster definitions. 

 

1.0 Introduction and Background 

This report explores network analysis of locational and occupational correlations of 

industry pairs. The purpose of network analysis is to inform definitions of industry 

clusters for the U.S. economy. Geographic colocation and spatial concentration of 

industries were important characteristics and outcomes of agglomeration as stated by 

Alfred Marshall in the late nineteenth century (Marshall, 1890). However, it was 

Michael Porter who coined the term “industry clusters” and identified industry clusters 

as the building blocks of value chains, competitiveness, innovation, and prosperity in 

nations and regions (Porter 1990; Porter 1998; Kumar 2026). The premise was that 

industry clusters represented agglomerations and additional relationships and 

interdependencies such as sharing of knowledge and innovation. During the early 

2000s, Michael Porter developed the methodology of applying geographic colocation 

measures to identify industry sectors that existed together and were concentrated 

geographically (Porter, 2003). The geographic colocation or locational correlation was 

one of the primary bases to identify traded clusters in the U.S. (Porter 2003; Kumar, 

2026). For the first time in the U.S., County Business Patterns (CBP) employment data 

of industry sectors1 at the state level were used to develop industry by industry 

correlation values to create traded cluster definitions for the U.S. (Porter 2003; Kumar 

2026). The assumption was that if industries are collocated and concentrated 

geographically then they must be interconnected through suppliers, raw materials, labor 

markets, transportation system, infrastructure, and institutional requirements. 

Geographic colocation and concentration fulfilled an important aspect of agglomeration 

as postulated by Alfred Marshall during the late nineteenth century. After Porter (2003), 

several U.S. projects developed benchmark industry cluster definitions. For example, 

PCRD (2007) and Delgado, Porter and Stern (2015) used location correlations to 

delineate industry clusters (Kumar, 2026).    

 
1 Industry sectors were based on Standard Industry Classification (SIC) 4-digit level. 
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Scholars had identified the importance of workforce in attracting, retaining, and 

growing industries quite early. Marshall had uncovered the benefits of labor supply and 

shared labor pools as an important advantage for firms to collocate and agglomerate at 

one place (Marshall, 1890). Kadokawa (2011) identified labor availability as a significant 

decision variable for the new firms and industries to locate at a specific region in Japan. 

A survey of corporate leaders revealed skilled labor as the second most critical factor for 

site selection in 2016 (White, 2017). Majority (89.8%) of respondents had identified 

skilled workforce as a very important factor to determine the location of a new industry 

(White, 2017). In the similar vein, Site Selection Magazine, another important 

publication for economic development professionals had identified “workforce” as the 

top criteria for site selection in 2016 (White, 2017). Scholars and practitioners have 

asserted that the gaps between skills present in the new talent and skills demanded by 

employers have been widening since the 1980s, especially around middle skills.2 This 

skills mismatch results into job openings that remain vacant despite having many 

unemployed workers seeking job opportunities. 

The importance of occupations especially staffing patterns of industries in describing 

and identifying industry clusters were highlighted by scholars such as Edward Feser, 

Jun Koo, Mercedes Delgado, Scott Stern, and Michael Porter since the early 2000s. Koo 

(2005) highlighted the importance of “two dimensions” of industry and occupations to 

describe a regional economy. However, it was Thompson and Thompson (1987) who 

urged local and regional economies to distinguish between “what they make versus what 

they do.” Both, industry mix and occupation mix were important for regional 

development, including identification of “occupational-functional role” of a region 

(Thompson and Thompson 1987). Feser (2003) developed a first set of knowledge-

based occupation clusters with inspiration, in part, from the emphasis given by 

endogenous growth theory on the development of human capital. Delgado, Porter and 

Stern (2015) incorporated similarity of occupations by industry sectors in determining 

benchmark cluster definitions for the U.S. The authors postulated that similar 

occupational makeup between a pair of industries revealed similar skills and labor force 

requirements. The authors were inspired by Glaeser and Kerr (2009), who discovered 

that presence of specialized labor mattered for entrepreneurship and new entry of 

manufacturing industries in the regions. Delgado, Porter and Stern (2015) introduced 

occupation correlations between a pair of industries as one of the variables to determine 

industry cluster definitions. Equation 1 shows occupational composition of any two 

industries i and j (Delgado, Porter and Stern 2015).  

𝑂𝐶𝐶𝑖𝑗 = 𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛(𝑂𝑐𝑐𝑢𝑝𝑎𝑡𝑖𝑜𝑛𝑖 , 𝑂𝑐𝑐𝑢𝑝𝑎𝑡𝑖𝑜𝑛𝑗)      (1)      

 
2 Middle skills are identified as skills gained after high school but before a four-year college degree. 
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Like the previous research, this study also develops pairwise occupation correlation of 

industries, however, instead of a clustering algorithm, the network analysis is used to 

determine modularity and identify communities of industries. The next section will 

present basic definitions of key terms and concepts in network analysis. 

2.0 Key Terms and Concepts in Network Analysis 
A network is a way to represent the system, capable of showing the interrelationships 

within the system. Networks can be presented as “nodes” or points, which can be 

industries and businesses, or individuals and “edges” or links or ties which represent the 

social or economic relationships between two nodes. Jackson (2008) describes 

centrality measures as how a node is connected to other nodes in a network as micro 

characteristics of a social and economic network. A few key centrality measures in 

network analysis are described below: 

Degree Centrality: The degree centrality shows how connected a node is to other 

nodes (Jackson, 2008). It varies from 0 to 1, where 1 shows that a node is connected to 

all other nodes in the network and 0 shows an isolated node with no connection to any 

other nodes. The degree centrality counts the number of connections to and from a node 

without considering the direction or importance of the connections. Two important 

components of degree centrality are in-degree centrality or incoming connections and 

out-degree centrality or outgoing connections. Hence, it measures the count or number 

regardless of weight or importance.  

Closeness Centrality: Unlike the concept of degree centrality, which is based only on 

the counts of connections, this metric values closeness or proximity or distance between 

the nodes. It shows on average how close a node is to other nodes in the network 

(Jackson, 2008). A simple measure of closeness centrality can be estimated as the 

inverse of average distance between the origin nodes to all other nodes in the network. 

Here, closeness centrality measure is high if the average distance is low and vice versa. 

Equation 2 shows the closeness centrality, where j and i are two different nodes, L is the 

number of links in the shortest path between i and j, and n is the number of nodes 

(Jackson, 2008). 

Closeness Centrality = 1/ {
∑ 𝐿(𝑖, 𝑗)𝑗≠𝑖

(𝑛 − 1)
⁄ } =

(𝑛 − 1)
∑ 𝐿(𝑖, 𝑗)𝑗≠𝑖

⁄  (2) 

Equation 2 provides the same weight to nearest and farthest nodes. It can be improved 

by assuming a decay parameter μ (1> μ>0), where the value of nodes can be decayed 

based on proximity. The generic formula is shown in Equation 3 (Jackson, 2008). Here, 

the parameter L is set to infinity when two nodes are disconnected, rendering the 

centrality value close to zero because the decay parameter is less than 1and in decimals. 
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Jackson (2008) states that distant nodes need to be given less weight than closer nodes, 

and the decay parameter enables variability of the weights in closeness centrality.  

 Closeness Centrality = ∑ μ𝐿(𝑖,𝑗)𝑗≠𝑖          (3) 

Betweenness Centrality: The importance of a particular node in a network is 

measured as how many shortest paths or geodesics between two other nodes pass 

through the selected node. The overall betweenness centrality of a point is the average of 

betweenness centrality measured for all node pairs. As per Jackson (2008), if P(kj) is 

the total number of geodesics between two nodes k and j, and if Pi(kj) is the number of 

geodesics passing through the node i, then the betweenness centrality of i with respect 

to k and j is Pi(kj)/P(kj). The total betweenness centrality of node i with respect to all the 

nodal pairs in the network is as follows: 

𝐶𝑒𝑖
𝐵(𝐺) = ∑

𝑃𝑖(𝑘𝑗)
𝑃(𝑘𝑗)⁄

(𝑛−1)(𝑛−2)
2⁄

𝑘≠𝑗,𝑖∉(𝑘,𝑗)         (4) 

The betweenness centrality of a node shows its central position and importance in the 

network because a collapse of such a node can disconnect the shortest paths between the 

nodal pairs. Freeman (1977) introduces “betweenness” as a structural property useful to 

assess the point centrality in a network. Borgatti (2005) presents “betweenness” as the 

share of the number of times node i is needed when traversing from nodes k to j using 

the shortest paths. Betweenness centrality can show the “intermediary, brokerage, 

mediation or bridging” capacity of a node in the network (Borgatti 2005, Jackson 

2008).  

Eigenvector Centrality: The eigenvector-based centrality traces the prestige of a 

node. It was proposed by Katz (1953) to explore status and identify real leaders in a 

network, with further refinement by Bonacich (1987). The premise is that the 

importance of a node depends on the importance of its neighbors or it is more 

important whom you know than how many you know. Katz (1953) explains that 

assuming a walk of length 1 from a node to other nodes is a then walk of length 2 to 

other nodes should be a2 and so forth for value of a ranging from 0<a<1. This ensures 

that farther nodes have lower weights than the nearer nodes. A walk in a network 

happens when both nodes and edges can be repeated; a trail is when nodes can repeat 

but edges cannot repeat; and a path is when both nodes and edges cannot repeat. If all 

nodes are connected to a node by walk of 1 then that node has the maximum centrality. 

If walks of greater than 1 are made, then the weight reduces proportionally. The 

identities and stepwise derivation of equations based on Jackson (2008) are presented 

below: 
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o Assume the walk of length 1 has value a (0<a<1), then the walk of length 2 is a2 and 

the walk of length 3 is a3 and so forth. 

o 𝑔𝐼𝐼 (n×1 vector of each node’s number of walks of length 1); 𝑔𝑘𝐼𝐼 (vector of each 

node’s number of walks of length k). Hence, the weighted centrality value is: 

o Pk (g, a) = 𝑎𝑔𝐼𝐼 + 𝑎2𝑔2II + 𝑎3𝑔3II + 𝑎4𝑔4II +……… 

o Pk (g, a) = (1+ag+ 𝑎2𝑔2+ 𝑎3𝑔3+……) 𝑎𝑔𝐼𝐼      (5) 

o Pk (g, a) = (1-ag)-1agII          (6)       

Since the main term in Equation 5 is an infinite geometric series, it converges to an 

inverse term in Equation 6. The convergence holds if absolute value of a is less than 1 so 

that each increment in power reduces the value further. Later, researchers such as 

Iacobucci et al. (2017) argued that a social or an economic network can reveal more 

insights if the highest and subsequent eigen values are studied. Like the social scientists 

studying first, second, third, and other principal components, network analysts should 

also consider studying the highest and subsequent eigen values and eigen vectors 

(Iacobucci et al. 2017). 

3.0 Data Processing and Visualization 

3.1     Locational Correlation 

This analysis conducted a comprehensive correlation study of U.S. industry employment 

patterns using 6‑digit North American Industry Classification System (NAICS) data at 

the state level. The source data were drawn from the 2022 County Business Patterns 

dataset. The initial text file exceeded 90 MB and contained 73 columns and 22,347 rows, 

covering all 50 states plus Washington, D.C., and included 968 industry sectors at the 

NAICS 6-digit level. To improve storage and handling, the dataset was imported into 

Microsoft SQL Server. After extraction from SQL, the data was further refined in 

Microsoft Excel to prepare it for statistical analysis. This included trimming unnecessary 

fields and retaining only State FIPS (Federal Information Processing System), NAICS, 

Employment, and Employment Noise. The data was then pivoted to display total 

employment by NAICS sector for each state. For example, Alabama had 518 jobs in 

NAICS 113110 (Timber Tract Operations) and 6,966 jobs in NAICS 113310 (Logging). 

Using statistical analysis software, Stata, a full pairwise correlation matrix with 

significance values was generated across all 968 industries. A full industry to industry 

pairwise correlation matrix was used to systematically identify all meaningful 

inter‑industry employment collocation relationships, meaning every industry sector was 
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analyzed with every other industry sector to look for what sectors might be appearing 

together at the state level. The computation produced a symmetrical 968×968 matrix 

capturing the strength of employment correlations between industry pairs. To focus on 

meaningful associations, negative correlations were removed from the dataset because 

the focus was to identify industry sectors with positive correlations, collocating over the 

same geographic levels. 

Figure 1 provides a snapshot of the upper-left portion of the matrix. Conditional 

formatting was applied to enhance readability, with a red‑to‑green gradient indicating 

correlation strength. Each industry shows a perfect correlation of 1.0 with itself. 

To support data visualization, the matrix was transformed into a long‑form dataset 

suitable for Tableau. This required reshaping the symmetric matrix using a Python 

script, producing a structured list of industry‑to‑industry correlation values. The 

resulting long‑form dataset contained 777,375 rows, as shown in Figure 2.



 Defining U.S. Industry Clusters: Insights from Network Analysis of Locational and Occupational Correlational Measures 9 

Figure 1 Locational Correlation Matrix 
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Figure 2 Locational Correlation Long Form 

 
 

With the data prepared for Tableau, the next step was to filter the dataset by a specific 

industry cluster such as Agribusiness, Food Processing and Technology cluster. The 

cluster definition contains 120 NAICS sectors at the 6-digit level. 

The final output is visualized in three formats: a table (Figure 3), a bubble grid 

(Figure 4), and a bubble chart (Figure 5).
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Figure 3  Table Visualization 

 

 

 

 

 



 Defining U.S. Industry Clusters: Insights from Network Analysis of Locational and Occupational Correlational Measures 12 

Figure 4  Bubble Grid Visualization 
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Figure 5 Bubble Chart Visualization 

 

Each visualization provides insight into how employment tends to align spatially or 

geographically across industry sectors. Interactive tools allow users to filter by NAICS 

sector, subcluster, or correlation value. Hovering over any data point reveals the two 

NAICS sectors involved, their subclusters, and their correlation value. The full 

interactive visualizations can be accessed here: 

https://tableau.it.purdue.edu/t/public/views/IndustryClusters-

AgribusinessTest/Story1?%3Aembed=y&%3Aiid=1&%3AisGuestRedirectFromVizportal

=y. 

3.2     Occupational Correlation 

This analysis conducted a comprehensive correlation study using the National 

Industry–Occupation Employment Matrix (NIOEM), a framework developed by the 

U.S. Bureau of Labor Statistics (BLS) to display how occupations shown as Standard 

Occupation Codes (SOC) are distributed across industries or the NAICS codes. The BLS 

releases the national matrix every two years as part of its employment projections 

https://tableau.it.purdue.edu/t/public/views/IndustryClusters-AgribusinessTest/Story1?%3Aembed=y&%3Aiid=1&%3AisGuestRedirectFromVizportal=y
https://tableau.it.purdue.edu/t/public/views/IndustryClusters-AgribusinessTest/Story1?%3Aembed=y&%3Aiid=1&%3AisGuestRedirectFromVizportal=y
https://tableau.it.purdue.edu/t/public/views/IndustryClusters-AgribusinessTest/Story1?%3Aembed=y&%3Aiid=1&%3AisGuestRedirectFromVizportal=y
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program. The NIOEM data are also known as “staffing patterns,” which shows 

occupational makeup of the industry sectors. For this analysis, Lightcast was selected as 

the data source, and 2023 data was downloaded for the United States. The dataset 

included 798 SOC codes and 947 six‑digit NAICS codes. Figure 6 below provides a 

snapshot of the dataset. From this sample, it can be observed that in 2023, the Crop 

Production sector (NAICS 111000) employed 2,434 Chief Executives (SOC 11‑1011), 

3,422 General and Operations Managers (SOC 11‑1021), and 100,598 Farmers, 

Ranchers, and Other Agricultural Managers (SOC 11‑9013). 
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Figure 6  SOC x NAICS Jobs Count 
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The occupational job numbers were converted into percentages so that two different 

industry sectors can be compared for similar staffing patterns in terms of percent 

values. The next step was developing an industry-by-industry correlation matrix based 

on occupational percent values. Note that the correlation matrix of occupational jobs 

distribution is a diagonally symmetric matrix. However, the matrix is sparse because 

many cells are empty as all occupations are not present in all types of industries. A high 

correlation between two industry sectors revealed similar labor requirements indicating 

dependencies in terms of skills and labor requirements. 

The Pearson correlation matrix was processed in R, which included a visualization of the 

correlation values. Industries with a correlation coefficient of 1 exhibited a perfect 

positive relationship, while values approaching zero, or negative, indicate increasingly 

weak or negative relationships. For this analysis, only industry pairs with correlation 

values above +0.5 were retained for network analysis. Figure 7 shows 946 by 946 

industry sector correlations with dark blue shades showing higher correlations. A high 

correlation value between an industry pair reveals that proportionate distribution of 

occupations is similar for both industries. Since occupations reveal types of jobs done by 

labor force and characteristics such as skills, knowledge and abilities, one can assume 

that occupational correlations are analogous to labor requirements. It is mentioned 

previously that Marshall (1890) had identified a skilled labor force as one of the reasons 

for agglomeration of industries. Kadokawa (2011) verified the attractiveness of a skilled 

labor pool for industries locating to specific places. Hence, occupational correlations 

become an important parameter in defining the industry clusters. 

Figure 7  Occupational Correlation Matrix 
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4.0 Methodology 

Gephi, an open-source software for network analysis and visualization, is used to assess 

the networks based on locational and occupational correlations between industry sector 

pairs. Here, two industry sectors connected via a correlation form an edge, the 

correlation value is the weight of the edge or interconnection, and individual industry 

sectors are the nodes. Gephi requires an edge table comprised of fields known as source, 

target, and weight. The source and target are comprised of industry sectors and weights 

are comprised of the correlation values. Gephi can also take a node table which can 

include fields such as id and label for industry sectors. The id values of industry sectors 

in the nodes table and the id values in the source and target fields in the edge table 

should match. Gephi can create a network with industry sectors as the nodes and 

pairwise correlations as weighted edges. Further, it can compute network metrics, detect 

communities or clusters and visualize networks by using built-in algorithms for network 

analysis and layouts. The results from network analyses are discussed below.    

5.0 Results 

Table 1 presents the network analysis results for three sets of locational correlation 

datasets. The first set includes industry pairs with correlation values of +0.5 or higher, 

the second includes pairs with correlations of +0.7 or higher, and the third includes 

pairs with correlations of +0.8 or higher. It is evident that the number of edges (ties) or 

locationally correlated industry pairs decreases substantially as the correlation 

threshold increases, decreasing from 208,127 at +0.5 or higher to only 69,299 at +0.8 or 

higher. A locational correlation of +0.5 indicates a moderate positive association in the 

geographic employment distributions between two industry sectors at the state level 

meaning that states with relatively higher employment in one industry sector also tend 

to have relatively higher employment in the other. Industry pairs exhibiting a strong 

positive correlation of +0.8 or higher represent a much smaller subset of highly co-

located industries. 

Note that the locational correlational network can be represented as an undirected 

dyadic network. Industry pairs are dyads, correlation values are undirected as they do 

not change between industry i to j or j to i, and the correlation value is the edge weight. 

Average weighted degree reveals that the network becomes sparser as the correlation 

threshold value increases from +0.5 to +0.8. A similar conclusion can be made from the 

network diameter metric. At a correlation value of +0.5 or higher, around 45% of all 

possible edge combinations are present. However, at a correlation value of +0.8 or 

higher, only 15% of all possible edge combinations are present as revealed by the graph 

density metric. Modularity class and value show that the network with correlation 

values of +0.5 or higher and +0.8 or higher can have 31 and 30 communities, 
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respectively. Also, the partitioning of the network with +0.8 or higher correlation values 

is slightly more cohesive than the network with +0.5 or higher correlation values.  

As the correlation threshold increases, the network becomes increasingly sparse with 

fewer edges and lower density. The gain in modularity score is marginal with some 

increases to the average path length. This suggests that removing weaker locational 

relationships produces a more fragmented network but somewhat clearer community 

structure. Overall, the modularity remains relatively moderate to weak for locational 

correlation networks. For an industry cluster definition, the network with a correlation 

value of +0.8 or higher is used to develop modularity classes or communities.  

Table 1  Network Analysis of Locational correlations 

Variable 
Value 
(0.5+) 

Value 
(0.7+) 

Value 
(0.8+) 

Definition and Explanation 
 

Nodes 965 965 965 Individual industry is a node.  

Edges 208,127 
116,882 
(56.2%) 

69,299 
(33.3%) 

Correlation between two different 
industries (nodes) is a weighted edge. 
389,171 edges in total, but edges for 
correlations less than threshold 
values (+0.5, +0.7 and +0.8) are 
removed in Gephi to run network 
analysis. 

 

Average 
Weighted 
Degree 

314.8 200.8 126.5 
Average sum of incoming and 
outgoing edges of a node weighted by 
correlation values. 

 

Network 
Diameter 

3 4 4 
The longest graph distance between 
any two nodes in the network. 

 

Graph 
Density 

0.45 0.25 0.15 
Measures how complete the network 
is. All possible edge combinations 
have graph density of 1 or 100%. 

 

Modularity 
(resolution) 

0.09 
(0.9) 

0.13 
(0.85) 

0.16 
(0.75) 

Varies between -1 to +1. Closer to +1 
shows strong community structure. 
Closer to 0 means weak community 
structure. 

 

Modularity 
Class 

31 23 30 

0.5+ correlation values may identify 
31 communities/clusters, but the 
structure is relatively weak because 
the modularity value is close to 0. 

 

Average 
Path Length 

1.6 1.81 1.97 

The average path length is the mean 
of all the shortest distances between 
every pair of reachable and connected 
nodes. 
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Average 
Clustering 
Coefficient 

0.741 0.741 0.58 

Close to 1.0 show industries form 
tightly interconnected groups or 
cliques. Close to 0 means little local 
interconnectedness. 

 

Source: Gephi analysis by PCRD 

Table 2 presents the network analysis results for four sets of occupational correlation 

datasets. The first set includes industry pairs with correlation values of +0.01 or higher 

or the entire network after excluding 0 correlation values. The second network includes 

pairs of industries with correlations of +0.3 or higher, the third includes pairs with 

correlations of +0.5 or higher, and the fourth includes pairs with correlation values of 

+0.7 or higher. There is evidence of decline in nodes from 946 to 810 and a substantial 

decline in edges from 410,999 to 8,045 only. At occupational correlation value of +0.5 

or higher only 4.1% of original edges or industry pairs remain, which decline further to 

only 1.95% of original number of edges at +0.7 or higher correlation. 

As the occupational correlation threshold values increase the network becomes sparser 

as evident in graph density, which declines from 0.92 in +0.01 correlation value to 0.05 

in +0.5 correlation to only 0.03 in +0.7 correlation. It means that at threshold 

correlation values of +0.5 and +0.7 only 5% and 3% of all possible edge combinations 

remain in the network. It is a substantial decline from 92% of all possible edge 

combinations at the threshold correlation value of +0.01. The network diameter also 

increases from 2 (+0.01) to 14 (+0.5) to 10 (+0.7), respectively. This indicates a sparser 

network with close communities or groups of nodes where; intragroup distances are 

small but intergroup distances are really large.  

Modularity increases substantially from 0.17 (+0.01) to 0.61 (+0.5) and 0.61 (+0.7) 

indicating that as correlation increases, the interconnectedness within communities of 

nodes become stronger. This represents cohesive communities or clusters of nodes or 

industries. It means that nodes or industries within a community or a cluster exhibit 

more similar occupational and skills requirements at +0.5 and +0.7 correlation values. 

At +0.5 or higher correlation value, modularity class is 24 or 24 clusters are detected, 

which is useful for practical purposes. At +0.7 or higher correlation value, modularity 

class becomes 205 or 205 clusters, which shows that the network splits into many small 

but dense communities. A large group of 205 clusters is difficult to comprehend for 

regional economic development purposes. Hence, 24 clusters detected at a correlation 

value of +0.5 or higher is retained to inform the delineation of industry cluster 

definitions.   

As the occupational correlation threshold increases, the industry network becomes 

substantially sparser, less dense, and more modular with robust modularity or 

communities. The weak occupational relationships are progressively removed, revealing 
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a smaller and select set of industries with stronger occupational or similar staffing 

patterns. While low thresholds produce highly connected networks with limited 

community differentiation, higher thresholds expose clearer and more cohesive industry 

communities or clusters, albeit with greater fragmentation and fewer participating 

industry members. 

Table 2  Network Analysis of Occupational Correlations 

Variable 
Value 

(+0.01) 
Value 
(0.3+) 

Value 
(0.5+) 

Value 
(0.7+) 

Definition and Explanation 

Nodes 946 946 810 810 Individual industry is a node. 

Edges 
410,999 
(100%) 

40,782 
(9.9%) 

16,840 
(4.1%) 

8,045 
(1.95%) 

Correlation between two different 
industries (nodes) is a weighted 
edge. 411,243 edges in total but 
correlations of 0 values are 
removed by Gephi to get 410,999 
edges. 

Average 
Weighted 
Degree 

110.5 44.4 41.6 16.6 
Average sum of incoming and 
outgoing edges of a node weighted 
by correlation values. 

Network 
Diameter 

2 7 14 10 
The longest graph distance 
between any two nodes in the 
network. 

Graph 
Density 

0.92 0.09 0.05 0.03 

Measures how complete the 
network is. All possible edge 
combinations have graph density 
of 1 or 100%. 

Modularity 
(resolution) 

0.17 
(0.6) 

0.51 
(0.8) 

0.61 
(1.0) 

0.68 
(1.0) 

Generally, varies between -1 to +1. 
Closer to +1 shows strong 
community structure. Closer to 0 
means weak community structure. 

Modularity 
Class 

26 57 24 205 

0.5+ correlation values may 
identify 24 communities/clusters, 
and the structure is reasonably 
strong because the modularity 
value is 0.61, closer to +1. 

Average 
Path Length 

1.1 2.8 4.7 2.3 

The average path length is the 
mean of all the shortest distances 
between every pair of reachable 
and connected nodes.  

Source: Gephi analysis by PCRD 
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Figures 8 and 9 represent network visualization of occupational correlations of +0.5 

or higher and +0.7 or higher values. The colors of nodes represent modularity class or 

distinct communities or clusters, the different sizes of nodes represent eigenvector 

centrality values, labels of nodes show industry sectors, and the visualization is based on 

the Fruchterman Reingold layout. It is evident from the layout in Figure 9 that a value of 

+0.7 or higher correlation value shows that communities or clusters are smaller and 

more concentrated but separated out from each other. Whereas the layout of a value of 

+0.5 or higher correlation values show larger communities or clusters. 

Figure 8  Industry to Industry Occupational Correlation (+0.5 or higher) 
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Figure 9  Industry to Industry Occupational Correlation (+0.7 or higher) 

 

6.0 Conclusions  

The network analysis reveals that modularity or communities detected at the locational 

correlation value of +0.8 or higher is useful to inform the delineation of industry cluster 

definitions. The correlation value of +0.8 reveals a strong association between two 

industry sectors in collocating geographically. This represents the condition of 

geographic concentration in agglomerations.  
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Similarly, the network analysis of occupational correlation at +0.5 or higher reveals 

useful modularity or communities to inform the delineation of industry cluster 

definitions. The correlation value of +0.5 shows a positive association between two 

industry sectors in their occupational or labor requirements. The modularity classes or 

communities include industry sectors that have reasonably similar requirements of a 

skilled labor force. This also fulfils the important condition of similar skilled labor 

requirements for agglomeration of industries. 

The locational and occupational modularity classes or communities of industry sectors 

identified by network analysis are integrated with the communities or clusters identified 

from input output analysis to inform the delineation of industry cluster definitions. 
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