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Abstract 

How can we optimize knowledge uptake by exploring knowledge networks (knowledge spaces)? Such an 
optimization can significantly affect the work-related skills of the labor force yielding a better match to the 
requirements of the jobs, since every occupation requires a different mix of knowledge, skills, and 
abilities.  

In this paper, we identify critical competencies for a specific job family by analyzing the characteristics of 
the jobs-knowledge bipartite weighted network for the 48 jobs and the 33 knowledge domains comprising 
the “Life, Physical and Social Sciences” job family of the O*NET (Occupational Information Network) 
database, USA's primary source of occupational information.  

We calculate centrality measures (degree centrality, betweenness centrality, eigenvector centrality) of the 
knowledge domains in this job-knowledge network, in order to identify the critical knowledge domains 
(according to the O*NET typology). Knowledge domains rankings are compared and explained. For 
example, using a degree centrality measure, English language, mathematics, computers and electronics, 
education and training, customer and personal service, administration and management, law and 
government, clerical, biology and communications and media, comprise the top-ten knowledge domains; 
only biology qualifies from science! This is due to the fact that knowledge domains such as 
communications and media, or clerical, appear consistently at the middle of each job’s rankings (but not at 
the top).  

On the other hand, using betweenness centrality (a measure considered to be important in characterizing 
“transport” in networks) and identifying nodes in the infinite incipient percolation cluster (a cluster of high 
betweenness centrality nodes, which can be interpreted as the “superhighways” of the network), English 
language, biology, customer and personal service, education and training, physics, chemistry and 
mathematics appear in top; a ranking, which closely conforms onto a typical school education or 
university’s knowledge domain structure (revealing however competencies not explicitly covered, such as 
customer and personal service).  

Our findings can contribute to a better understanding of knowledge construction paradigms attuned to a) 
specific job families, b) what types of knowledge competencies are important and should be taught at the 
secondary, tertiary and life-long learning education levels, and c) help identify knowledge needs in the 
workplace, which are not covered by the “knowledge superhighways” and can be offered by e-learning. 
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1. Introduction 

There is a widespread belief that workers' skills and education are not adequate for the 
demands of jobs in the current economy (Handel 2003). Journalistic reports, employer 
surveys, popular and policy debates on school quality and education reform, 
sociological writings on the economy, and economic accounts of the recent growth of 
wage inequality all suggest a mismatch between the skills workers possess and what 
jobs require, what economists call an imbalance between the supply of and demand 
for human capital. Many believe that the problems will become even more serious 
because the pace of change is accelerating and the workplace is becoming 
increasingly high tech, service-oriented, and reorganized to involve greater employee 
participation in the workplace (Bresnahan et al 2002; see also Smith 1997). 

 

In this paper, we investigate the characteristics of a specific job-knowledge network 
(knowledge space) with the objective to improve the uptake of knowledge toward the 
requirements of science jobs. In particular, we identify critical knowledge 
competencies by calculating centrality measures [degree centrality, betweenness 
centrality, and eigenvector centrality of the knowledge nodes (domains)] of the 
bipartite weighted network for the 48 jobs and the 33 knowledge domains comprising 
the “Life, Physical and Social Sciences” job family of the O*NET (Occupational 
Information Network) database, USA's primary source of occupational information. 

 

The paper is organized as follows. Section 2 presents the O*NET database and the 
particular dataset we have used. Section 3 presents the methodological approach, 
provides the definitions of the different centrality measures of the network nodes. In 
Section 4, results are presented. Finally, Section 5 ends the paper with discussion and 
conclusions. 

 

2. The O*NET Database 

The Occupational Information Network (O*NET) database contains information on 
standardized and occupation-specific descriptors, and is continually updated by 
surveying a broad range of workers from each occupation. Based on the Standard 
Occupational Classification (SOC), the O*NET-SOC taxonomy includes 812 
occupations which currently have, or are scheduled to have, data collected from job 
incumbents or occupation experts. The most recent O*NET-SOC 2006 taxonomy 
includes 949 occupational titles, 812 of which represent data-level occupations. The 
O*NET Program is collecting and disseminating updated data for the 812 data-level 
occupations. Data are gathered on approximately 200 occupations each year, with the 
goal of replenishing the database every five years. 
 
The O*NET jobs-knowledge network is a weighted bipartite network. A bipartite 
network has two kinds of nodes, say, J (denoted as such for jobs) and K (denoted as 
such for knowledge), in which there are only links between two nodes of different 
kinds. Table 1 presents the weights of the links between knowledge domains and 
selected jobs from the O*NET “Life, Physical, and Social Science” job family. For 



each job, the workers surveyed have graded the 33 knowledge domains with respect 
to the requirements of their particular job. 

 

Table 1: Weights of the links between Knowledge and selected Jobs comprising the 
O*NET “Life, Physical, and Social Science” Job Family 

 



3. Methodological approach 

3.1 Network Centrality Measures 

In large complex networks, not all nodes are equivalent (Barabasi 2002; Strogatz 
2001). Centrality measures address the question, “Which is the most important or 
central node in this network?” The simplest of centrality measures is the degree 
centrality, also called simply degree. The degree of a node in a network is the number 
of links attached to it. However, degree centrality is a local quantity, which does not 
inform about the overall importance of the node in the network. A more sophisticated 
centrality measure is the eigenvector centrality. Where degree centrality gives a 
simple count of the number of links a node has, the eigenvector centrality accords 
each node a centrality that depends both on the number as well as the quality of its 
links (that is, the centrality of the nodes with which it is connected).  

 
However, in terms of transport (that is, paths in a network), a good measure of the 
centrality of a node has to incorporate more global information such as its role played 
in the existence of paths between any two given nodes in the network. The 
betweenness centrality (BC) is the number of times a node is used by the set of all 
shortest paths between all pairs of nodes (Barthelemy 2004). High values of the 
betweenness centrality indicate that a node can reach others on short paths. If one 
removes a node with large centrality it will lengthen the paths between many pairs of 
nodes. For simplicity we call the “betweenness centrality” here “centrality”. and we 
use the notation “nodes” but similar results have been obtained for links. This 
centrality measure, BC, quantifies the “importance” of a node for transport in the 
network. Identifying the nodes with high BC enables to improve their transport 
capacity and thus improve the global transport in the network. 

 

3.2 Identifying high centrality nodes (the knowledge “superhighways”) 

Transport in weighted networks is dominated by the minimum spanning tree (MST), 
the tree connecting all nodes with the minimum total weight. The MST can be 
partitioned into two distinct components, having significantly different transport 
properties, characterized by betweenness centrality. One component, the 
“superhighways”, is the infinite incipient percolation cluster (IIC), for which nodes 
with high betwenness centrality dominate (Wu et al, 2006). For the other component, 
that is “roads”, which includes the remaining nodes, low centrality nodes dominate. 
The distribution of the centrality for the infinite incipient percolation cluster satisfies 
a power law, with an exponent smaller than that for the entire MST; the global 
transport can be enhanced significantly by improving the small fraction of the 
network, the superhighways. 

 
To identify the IIC of the network, we start with the fully connected network and 
remove links in ascending order of their weights. After each removal of a link, we 
calculate 

κ ≡ <k2>/<k>, 



(where <k> is the average degree –that is, the average number of links- and <k2> is 
the average squared degree), which decreases with link removals. When κ < 2, we 
stop the process because at this point, the largest remaining component is the IIC (Wu 
et al, 2006), the knowledge nodes, which comprise the “superhighways” in the 
network. 

 

4. Results 

The second column of Table 2 presents the rank of the knowledge domains with 
respect to the total sum of weights, for the entire O*NET “Life, Physical, and Social 
Science Job Family”. This is the “view from the workplace”. As can be seen, the top 
10 ranked knowledge domains are: English Language; Mathematics; Computers and 
Electronics; Education and Training; Customer and Personal Service; Administration 
and Management; Law and Government; Clerical; Biology; Communications and 
Media. Only Biology represents the “sciences” in this top-10 rank.  

 

Such a rank seems to provide support to the widespread belief that workers' education 
is not adequate for the demands of jobs in the current economy (journalistic reports, 
employer surveys, popular and policy debates on school quality and education reform, 
all seem to suggest a mismatch between the skills workers possess and what jobs 
require, what economists call an imbalance between the supply of and demand for 
human capital). For example, it seems that universities do not adequately supply the 
“right” knowledge to the scientists at the workplace.  

 

However, this is not actually true. The higher rank of “non-scientific” knowledge 
domains such as communications and media, or clerical, is due to the fact that they 
appear consistently at the middle of each job’s rankings (but not at the top). The “pure 
scientific” point of view emerges when we calculate the centrality of the knowledge 
domains (nodes) in the network and identify the IIC, that is, the “knowledge 
superhighways” in the network.  

 
The third, fourth, fifth, sixth and seventh columns of Table 2 present the total sum of 
weights for each knowledge domain but in ascending order of the weights. For 
example, the third column presents the total sum of weights above 50 (W>49) [that is, 
after removing links with weights with values less than 49]. The subsequent columns 
present the remaining sum of weights after removing, successively, weights with 
values less than 59, 69, 79, and 87, respectively. 

 

As can be seen in Table 2, as weights are removed in ascending order, the rank of the 
knowledge domains changes. “Pure scientific” knowledge domains appear more 
prominent; their centrality changes. To manifest this effect more clearly, we calculate 
centrality measures (degree centrality, betweenness centrality, eigenvector centrality) 
of the knowledge nodes in this job-knowledge network, in order to identify the critical 
knowledge domains (according to the O*NET typology).  

 



Table 3 presents the values of the degree centrality, the betweeness centrality and 
eigenvector centrality, of the knowledge nodes, for the W>79 case. As can be seen, 
the rank of “pure scientific” knowledge domains become prominent. Biology, physics 
and psychology enter the top-10 rank (which consists of only 8 non-zero values in the 
betweenness centrality measure). 

 
The important question now becomes which ascending order of the weights to choose 
in order to calculate the “true” centralities. The answer to this question is provided by 
identifying the IIC of the network, a process which starts with the fully connected 
network, removing links in ascending order of their weights, and, after each removal 
of a link, calculating the quantity κ ≡ <k2>/<k>, which decreases with link removals. 
When κ < 2, we stop the process because at this point, the largest remaining 
component is the IIC, the knowledge nodes, which comprise the “superhighways” in 
the network.  

 

Research findings from a companion paper (Neofotistos, 2007) on the identification 
of the IIC for the same O*NET jobs-knowledge network has demonstrated that W>87 
provides the tipping point and, for this case, knowledge competencies comprising the 
“superhighways” of the jobs-knowledge network are: a) English language, b) “pure 
sciences” such as biology, chemistry, physics, geography, history and archeology, 
psychology, sociology and anthropology, and c) “general competencies” such as 
administration and management, customer and personal service, education and 
training, mathematics, law and government, personnel and human resources, and 
therapy and counseling. 

 
The above-mentioned knowledge competencies comprise a cluster of high 
betweenness centrality nodes, which can be interpreted as the “superhighways” of the 
jobs-knowledge network, which closely conform onto a school-education and 
university’s knowledge-domain structure (revealing however competencies not 
explicitly covered, such as customer and personal service).  

 

5. Discussion 
Our findings can contribute to better understanding of knowledge construction 
paradigms attuned to specific job families, b) key knowledge competencies 
(knowledge “superhighways”), which should be focused upon at the secondary, 
tertiary and life-long learning education levels (English language, “pure sciences”, 
general competencies) and c) knowledge competencies, which can be interpreted as 
“roads” leading to the specific (life, physical and social science) jobs. Our 
methodological approach can systematically monitor the “coupling” between 
education systems and the evolution in the workplace (whether -and how- workers’ 
skills and education are, or are not, adequate for the demands of jobs in the current 
economy, a problem which many believe will become even more serious because the 
pace of change is accelerating and the workplace is becoming increasingly high tech, 
service-oriented, and reorganized to involve greater employee participation). 
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Table 2: Knowledge categories’ total sum of weights and ascending order of weights, 
for the Jobs-Knowledge network of the O*NET “Life, Physical, and Social Science” 
Job Family 

 



Table 3: Centrality measures for W>79 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 


