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Mapping job fitness and skill 
coherence into wages: an economic 
complexity analysis
Sabrina Aufiero 1,2, Giordano De Marzo 1,3,4,5, Angelica Sbardella 3* & Andrea Zaccaria 3,6

Leveraging the discrete skill and knowledge worker requirements of each occupation provided 
by O*NET, our empirical approach employs network-based tools from the Economic Complexity 
framework to characterize the US occupational network. This approach provides insights into the 
interplay between wages and the complexity or relatedness of the skill sets within each occupation, 
complementing conventional human capital frameworks. Our empirical strategy is threefold. First, 
we construct the Job and Skill Progression Networks, where nodes represent jobs (skills) and a link 
between two jobs (skills) indicates statistically significant co-occurrence of skills required to carry out 
those two jobs, that can be useful tools to identify job-switching paths and skill complementarities 
Second, by harnessing the Fitness and Complexity algorithm, we define a data-driven skill-based 
complexity measure of jobs that positively maps, but with interesting deviations, into wages 
and in the bottom–up and broad abstract/manual and routine/non-routine job characterisations, 
however providing a continuous and endogenous metric to assess the degree of complexity of 
each occupational skill-set. Third, building on relatedness and corporate coherence metrics, we 
introduce a measure of each job’s skill coherence, that negatively maps into wages. Our findings may 
inform policymakers and employers on designing more effective labour market policies and training 
schemes, that, rather than fostering hyper-specialization, should favor the acquisition of complex and 
“uncoherent” skill sets, enabling workers to more easily move throughout the job and skill progression 
networks and make informed career choices decisions while unlocking higher wage opportunities.

Characterizing jobs in terms of human capital and understanding the relationship between skill requirements 
and wages are pivotal issues in the economic discourse, particularly for knowledge-based industries. This is 
increasingly crucial in the heated debate about the job characteristics complementary to automation1,2 or the 
occupational and sectoral shifts  brought about by the sustainable transition3–5. Several contributions emphasise 
the importance of skill diversity and recombinant processes in knowledge generation6–9, however, treating human 
capital as uniform and skills as interchangeable falls short of acknowledging their multi-dimensional and diverse 
nature. A network-oriented and data-driven perspective may illuminate the disaggregated and interactive aspects 
of skill and knowledge recombination in each job, enhancing the information on the human capital content 
of occupations, while mitigating the inherent bias often associated with broad skill aggregation approaches10.

To this end, the present paper investigates the network structure and relatedness within the US occupational 
labor market. By relying on the discrete skill and knowledge worker requirements—which we will often refer 
to as skills for brevity—documented by O*NET for each SOC occupation, our empirical approach leverages 
various network-based tools from the Economic Complexity framework to characterize occupations based 
on their multi-dimensional human capital content. This approach provides insights into the interplay between 
wages and the complexity or relatedness of the skill sets within each occupation, complementing conventional 
human capital frameworks.

Our empirical strategy relies on the streams of literature on Economic Complexity (EC)11,12 and Evolutionary 
Economic Geography (EEG)13 and builds upon a growing body of literature that leverages the power of EC to gain 
insights into labor market dynamics14–18. The foundation of the literature on EC and EEG rests on the principles 
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of evolutionary economics, particularly on the idea that the knowledge and capabilities embedded in local and 
national production systems are critical for fostering productive-technological diversification and economic 
growth. This view is encapsulated in the notion of ’relatedness,’ which posits that countries, regions, or cities are, 
if all other elements are unchanged, more likely to expand and diversify into industries and technologies that 
align with their existing specialization profiles and underlying resources19,20. While a unanimous operational 
definition of capabilities is still elusive21, there is consensus that the skills of workers, which can be regarded 
as actual “human capabilities”, serve as one of the foundational elements of production capabilities22–24. This 
holds true in both the knowledge economy and manufacturing, where tacit knowledge is embedded within 
production processes23,25, 26. From this vantage point, industries evolve along path-dependent trajectories 
influenced by the presence of human capabilities that are either related or complementary to the human capital 
characteristics demanded by firms. To measure occupational skill coherence, our approach is inspired by the 
concept of relatedness in the product space20,27, wherein export data is employed to assess product relatedness 
through co-exporting patterns in international trade networks, and the competitive exporters of a product are 
more likely to diversify into related goods, given their reliance on similar underlying productive capabilities.

The literature further emphasizes the complementarity of various types of capabilities in terms of knowledge 
spillovers. Patterns of related diversification are observed at both the national and local levels, as empirical 
co-occurrence networks reveal connections in specialization profiles not only in products but also in industries 
(see, e.g,28,29), technologies (see, e.g,30–32) or combinations of technologies, products, and scientific sectors33–35. 
Similarly to the case of productive capabilities, the empirical evidence highlights higher mobility of human 
capital between related industries, where firms frequently require similar skills24,36, 37. By examining skill-sharing 
in industry networks, where skill linkages across industries are established according to cross-firm labour flows, 
pioneering work by Neffke and Henning24 introduces the concept of skill relatedness, underscoring the key role 
of human capital in predicting firm diversification strategies38,39.

Our research shares common ground with other studies that have introduced the notion of job space—
i.e. networks where occupations serve as nodes, and the edges’ weights are determined by different types 
of co-occurrences. For instance, occupational mobility has been explored relying on job spaces where the 
links depend on job switching probabilities. Focusing on the US, Del Rio-Chanona et al.40 found a positive 
relationship between job relatedness and occupational mobility; while Villareal41 identified a segmented job 
network structure. Axtell et al.42 and Lopez et al.43 used a firm-level labor flow network to propose a micro-
foundation for frictional unemployment and to study the network interactions of job mobility and firm dynamics. 
Hartmann et al.44 analysed socio-economic segmentation based on job co-occurrences in Brazilian industries. 
Focusing on US cities, Muneepeerakul et al.45 investigated productivity dynamics through job co-location; while 
Farinha et al.46 studied the impact of job relatedness on entry/exit dynamics in the occupational structure using 
co-locations and co-occurrences of tasks or skills. From a complementary perspective, Alabdulkareem et al.47 
and Anderson10 examined skill co-occurrences across occupations, exploring the skill space. The former authors 
linked skill topology to job polarization. The latter showed that workers with diverse skill portfolios tend to 
earn higher wages, highlighting the varying wage prospects associated with specific complementary skill sets. 
Finally, Gathmann and Schönberg8 explore human capital portability using a task-based approach. By defining 
a distance between occupations based on a task similarity, i.e. relatedness, measure, they show that task-specific 
skills are relevant drivers of wage growth.

As mentioned above, here, we study the relationship between jobs and skills using a network-based approach. 
To this aim, we construct two co-occurrence-based networks, the Job Progression Network (JPN) and the Skill 
Progression Network (SPN). In the Job Progression Network, two jobs are linked according to how often they 
require similar skills. In the Skill Progression Network, skills are linked when they are frequently (more often 
than randomly) required together in a significant number of jobs. While abstract occupations are quite spread 
across the JPN, two distinct communities representing technical and manual occupations are observed, and an 
even more profound separation between scientific-technical and humanities-communication communities is 
detected in the SPN, highlighting a profound labour market segmentation.

Projecting the SPN onto the occupational dimension, we then introduce skill coherence (or relatedness), 
which measures the similarity of skills within a job. Next, we apply the Economic Fitness and Complexity (EFC) 
algorithm11 to a bipartite network connecting jobs to their most important skill and knowledge requirements to 
assess job fitness (the overall complexity of the skills required by the job) and skill complexity (the sophistication 
and rarity of skills), providing a bottom–up, structural ranking of jobs and skills. The non-linear specification of 
the EFC approach to quantify complexity, which has proven to be more effective in maximizing the informative 
content in nested networks48,49, allows us to define a human capital metric, endogenous to the labour market and 
able to effectively quantify the degree of complexity of individual skills. The skill complexity metric permits us to 
study the different combinations of heterogeneous human capital attributes—more or less complex, more or less 
coherent—that characterize each occupation, leading to different degrees of a job’s fitness and wage prospects. 
Our findings suggest that job fitness is inversely related to skill coherence: complex jobs require diverse and less 
coherent skills, while low-fitness jobs rely on similar and compact skill sets. An overall positive relationship 
between job fitness and wages is detected, with notable exceptions at both the lower and the higher end of the 
wage scale, suggesting the prominence of the occupational dimension in determining wages in those cases50,51. 
Consequently, lower skill coherence is associated with higher wages, indicating that individuals with diverse and 
complex skill sets tend to earn more than specialists10. The connection between skill coherence and the broad 
and bottom-down abstract/manual or routinary/non-routinary job categorizations is also discussed, with non-
routine job wages influenced by both skill coherence and job routinarity. Jobs with intermediate or high skill 
coherence, be they routine or non-routine, cannot escape a wage trap, only low-coherence non-routinary jobs 
and a few routinary jobs can access the entire range of wages.
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By representing jobs and skills within a network framework, we can harness the analytical tools of 
Economic Complexity to gain a deeper and more detailed understanding of the endogenous and heterogenous 
characteristics of the US occupational structure and human capital requirements.

Results
In this section, we provide some concise notes on the methodologies we employed, which are discussed more 
in detail in the Methods section, and we present the results of the application of different tools of the Economic 
Complexity methodology to the Skill-Job bipartite network obtained from the O*NET dataset (www.onetcenter.
org). This database, fully described in the Methods section, enables us to define an adjacency matrix M , whose 
element Mjs is equal to 1 if the skill s is relevant for the job j, and zero otherwise. Sixty-eight different typologies 
of skills are reported, while the number of jobs depends on the aggregation level. In particular, we employ two 
occupational categories of the O*NET-SOC taxonomy (the O*NET elaboration of the Standard Occupational 
Classification commonly used in the United States): Broad Occupations comprising a total of 431 different jobs; 
Minor Groups including 95 job categories. The preliminary data processing approach and the construction of 
the Skill-Job network are detailed in the Methods Section below.

The Skill and Job Progression Networks
The concepts of relatedness and coherence were originally introduced to study a firm-industry network by Teece 
et al.52, whose aim was to (i) reconstruct and quantify the possible overlap of capabilities between industries by 
counting co-occurrences of products across firms; (ii) use this measure of relatedness (or similarity) between 
industries to assess firms’ production coherence. As discussed in the introduction, in the EC framework similar 
approaches have been used to assess the relatedness of products by measuring their co-occurrences in the 
export baskets of countries53 through a network of products, referred to as the product space20. Note that in the 
EC literature the term similarity denotes the affinity between two nodes of the same set of the starting bipartite 
network (e.g., two products), while relatedness usually refers to nodes belonging to different sets (e.g., a country 
and a product)54. Here this distinction is not necessary and we employ interchangeably both terms. In order 
to quantify the relatedness between pairs of skills or jobs and to build the corresponding networks, we adopt 
the product progression network approach27,55, 56, that allows for statistical validation of the resulting network 
links. The rationale of our approach is that two skills are related if a significant number of jobs require both—for 
instance, our findings indicate that Mechanical skills and Equipment maintenance, or Troubleshooting and Quality 
control analysis co-occur more often than random. Analogously, two jobs are related if they share a significant 
number of their skill requirements. By following the methodology proposed by Zaccaria et al.27, to take into 
account the nested structure of the adjacency matrix57 we normalise these simple co-occurrences of skills in jobs 
by job diversification dj =

∑

s Mjs and skill ubiquity us =
∑

j Mjs . In practice, we compute:

as a measure of the relatedness between job j and job j′ , and:

as a measure of the relatedness between skill s and skill s′.
The resulting networks, defined by the adjacency matrices BSkills and BJobs , are almost fully connected 

(almost all possible edges are present) and may contain spurious links, as observed in the country-product 
case58. As a consequence, to ensure that only meaningful connections between jobs and skills are considered 
and spurious links are filtered out, a statistical validation procedure is required. In particular, we rely on 
the Bipartite Configuration Model proposed by Saracco et al.59 and based on node heterogeneity. As in the 
normalization procedure, the statistical validation aims to filter links present only because a co-occurring job 
is highly diversified, or a co-occurring skill is highly ubiquitous. Further details on the validation strategy are 
provided in the Methods Section.

We first use this strategy to construct the Job Progression Network (JPN) depicted in Fig. 1, where nodes 
represent jobs and links are given by normalized and statistically validated co-occurrences of skills. Intuitively, 
in this representation jobs that share a high number of skills, i.e. they rely upon similar human capabilities, are 
close to each other in the network. Therefore, the observation of the network allows us to trace the most feasible 
trajectories for moving to a new occupation on the basis of their shared skills. To illustrate, jobs sharing similar 
inputs include “Supervisors of food preparation and serving” and “Cooks and food preparation”, or “Agricultural” 
and “Fishing and hunting”.

As can be appreciated from the colour distribution of the nodes in Fig.  1, the structure of the JPN 
portraying job relatedness as measured by co-occurrences of skills in occupations does not display a one-to-one 
correspondence with the O*NET-SOC hierarchical job taxonomy. In fact, while colours in Fig.  1 correspond to 
seven macro-occupational categories obtained aggregating O*NET-SOC Major Groups (Managers, Professionals, 
Entertainment and Education, Healthcare, Personal Service, Administration and Sales, and Manual Occupations), 
two distinct communities across different macro-occupations can be observed in the plot. The first community 
in the bottom right corner covers manual occupations, and the second in the upper left corner densely connects 
different high- and low-skill jobs, ranging from managerial and professional to education, healthcare, and 
personal services, regardless of their position in the classification. This community structure is also confirmed 

(1)BJobsjj′ =
1

max
(

dj , dj′
)

∑

s

MjsMj′s

us
.

(2)BSkillsss′ =
1

max(us , us′)

∑

j

MjsMjs′
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by means of community detection algorithms, as detailed in the SI. In particular, the detected communities 
appear to be stable across three different algorithms we exploited. A more detailed description of the network 
and the occupations contained in the two communities can be found in the SI.

The structure of the network points out the different and complementary information provided by job 
relatedness: while the O*NET-SOC classification reflects the final occupational requirements and worker 
attributes, our approach is focused more on how the skill compositions of two jobs are related to each other: in 
tune with the economic complexity literature, here we interpret skills are human capabilities, the underlying and 
interconnected building blocks necessary to perform a job. This network of jobs may thus constitute a road-map 
to plan retraining and investment strategies to overcome skill obsolescence, help workers to more easily move to 
a coherent new occupation, and foster on-the-job trainings aimed at developing cross-cutting non-task-specific 
competencies, in particular abstract (cognitive and digital) skills with the aim of diminishing the gap between 
the two significantly disconnected job communities.

Next, Fig. 2 represents the Skill Progression Network (SPN), where the colours of the nodes reflect the O*NET 
skill and knowledge classifications, and two skills are close if a significant number of jobs require them both. 
For instance, examples of highly related skills include: “Mechanical” and “Equipment maintenance”; “Equipment 

Figure 1.   The Job Progression Network. Statistically validated network of 95 jobs. Each node represents an 
occupation and the links are given by the normalised overlap of skills. A technical/manual job community 
emerges, while abstract occupations appear to be more spread throughout the rest of the network.
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selection” and “Operation monitoring”; or “Troubleshooting” and Quality control analysis. It is important to notice 
that in constructing the network of skills we find a strong dependence of the relatedness between skills ( BSkills ) 
from the job classification. At a low aggregation level (Minor Groups with 95 occupational categories), a large 
number of unrelated skills co-occur just because the job definition is very wide. This leads to links between 
skills that are unlikely related, such as “Medicine and dentistry” and “Law and government”, or “Food production” 
and “Economics and accounting”. To avoid this occurrence and remove such source of noise, when computing 
B
Skills , we use the most detailed job classification (Detailed Occupations with 873 occupational categories). 

This is analogous to what is observed for product relatedness: product co-occurrences at the country level 
show a number of spurious correlations which can be removed if firm level data is used58. In both cases, a 
better computation of the relatedness of one layer (skills or products) can be obtained by using a more detailed 
aggregation of the other layer (Detailed Occupations or firms′s products).

Also in the case of the SPN in Fig. 2 we detect two distinct communities. The first community is placed 
in the top right corner of the network and is associated with industrial production processes being mainly 
composed of cross-functional technical (brown), scientific (purple), engineering, and technical (green) skills—the 

Figure 2.   Skill Progression Network. Statistically validated network of 68 skills. Each node represents a skill and 
the links are given by normalized co-occurrences of skills across jobs. Scientific and technical skills are mainly 
found in the upper community and are mainly independent from humanities and communication skills, found 
in the lower community.
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latter category is almost exclusively represented in this community, with only the exception of “Computer and 
electronics”. The second community can be found in the lower-left corner of the plot: more populated than the 
first, it densely connects an ensemble of more abstract skills. It covers all basic (yellow) and art and humanities 
(orange) skills present in O*NET, while it also displays a fair share of cross-functional and scientific skills and 
health services-related skills. Business and management skills (red)—e.g. “Sales and marketing”, “Administration 
and management”, and “Customer care and personal service”—together with “Telecommunications” appear to have 
a tight web of links with both communities, thus acting as the connecting thread between the two groups of skills. 
We report in the SI a more detailed description of the network and the skills found in the two communities. This 
non-trivial network structure highlights the underlying differences in the skills classified in the same category, 
emphasising complementarity also between sets of competencies apparently unrelated. Also in this case we 
applied a community detection algorithm to validate the communities we visually identified. As detailed in the 
SI, in this case, different algorithms tend to find different communities, but the technical skill community is 
always present, confirming the robustness of such a structure. In conclusion, our approach thus is not only able 
to assess the presence of a skill-based relatedness between jobs but may also provide a quantitative measure of 
the relatedness degree between otherwise undetectable links of skills, possibly opening up new developments 
and applications in designing training or retraining strategies.

Jobs complexity, coherence, and wages
In this section, we discuss an algorithmic assessment of the complexity of jobs based on their skill content. We 
refer to this metric as job fitness and we compute it by applying to the O*NET occupational data the Economic 
Fitness and Complexity (EFC) algorithm, originally introduced by Tacchella et al.11 for assessing the complexity 
of national economic structures in the international trade country-product network. The rationale of this version 
of the EFC algorithm is that a job requiring a diversified set of skills, comprising both sophisticated—i.e., more 
complex—and basic skills, must display higher fitness than a job requiring only a few basic skills.

Therefore, we use the EFC algorithm’s two coupled iterative equations to compute the job fitness Fj of job j, 
and the skill complexity Qs of skill s. According to the first equation, Fj is defined as the sum of the complexity 
of the skill required to perform j, thus a job displays high fitness if it is associated with many complex skills. 
The equation that defines the complexity of skills is, instead, not linear. In fact, since high-fitness jobs require 
both complex and basic skills, to determine whether a skill is complex, the key information is conveyed by the 
skill content of low-fitness jobs. If a job presents low skill requirements, we expect all of the associated skills 
to be basic. Consequently, if a low-fitness job requires a given skill, this skill will feature low complexity. More 
details about the mathematical construction and the convergence properties of the algorithm are provided in 
the Methods section. In formulas, the EFC algorithm is defined as follows:

where Fj is the fitness of job j, Qs is the complexity of skill s, and n is the iteration number of the algorithm. The 
fixed point of this map does not depend on the initial conditions60 and has non-trivial convergence properties61.

The job fitness rankings resulting from this formulation of the EFC algorithm confirm our intuition about the 
high number of sophisticated skills required in high-fitness occupations. Our measures of job fitness and skill 
complexity are fully available in the SI. Among the top fitness jobs, we find “Management and Top Executives”, as 
well as “Supervisors of Repair and Protective Service Occupations”, but also “Architects” and “Life Scientists”. By 
contrast, low-fitness jobs include “Food Preparation and Serving Related Workers”, “Entertainment Attendants”, 
“Financial Clerks”, “Personal Appearance, and Administrative Support workers”. By following the graphical 
representation proposed by Zaccaria et al.62 for the product spectroscopy of countries, where each country’s 
exported goods are plotted against their respective complexity, to visualise the skill fingerprints of a job it is 
possible to build the skill spectroscopy of jobs. This kind of graphic visualisation is analogous to spectroscopy 
analysis in materials science, where each material is uniquely identified by the spectrum of the electromagnetic 
radiation it emits63. In Fig. 3 we provide an example for the skill spectroscopy of one high-fitness job, “Top 
Executives” in dark green, and of a low-fitness job, “Food preparation and serving” in light green. On the 
horizontal axis, skills are sorted by increasing complexity—where “Quality Control Analysis”, “Customer and 
Personal Service”, “Equipment Selection” are examples of low complexity skills; while “Therapy and Counseling”, 
“Coordination”, “Management of Financial Resources” of high complexity skills. On the vertical axis, we report 
the skill importance for each specific job provided by O*NET, with importance equal to one corresponding to 
the lowest level of skill mastering—see the Methods section for more details on the data-set. In our example, the 
importance of each low-complexity skill is very similar for the two selected occupations, as can be observed by the 
concordant trends followed by the two curves in the left portion of Fig. 3. Moving to intermediate and especially 
high complexity on the x-axis, we observe a growing discrepancy between the curves in the plot, with complex 
skills appearing as the main driver of the different positions occupied by the two jobs in the fitness ranking.

Going beyond the broad, top–down dichotomy between abstract versus manual, or routinary versus non-
routinary occupations, our fine-grained and bottom–up approach might offer new insights on the skill-wage 
relationship. Therefore, in Fig. 4 we check how the fitness of jobs, computed as a skill complexity-weighted 
diversification, is associated with wage levels—where each scatter plot point represents a job belonging to an 
O*NET Broad Occupation category.

(3)
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From the plot it is possible to observe a strong but nonlinear correlation between fitness and wages, suggesting 
that the labour market does not always reward occupations with a diversified and complex skill content. The 
relationship appears to be broadly positive, with more complex skill requirements corresponding to higher 
average wages, especially for low and intermediate fitness levels. However, noteworthy deviations from such a 
positive trend are detectable, especially at the two extremes of the wage distribution. First, a share, albeit small, 
of low-fitness jobs is confined in the low-wage area, with jobs in production or construction (respectively in 
dark and light grey in the plot) featuring similarly low annual average wages despite showing a heterogeneous 
distribution of fitness—with, e.g., “Laundry and Dry Cleaning Workers” earning 26,600 US dollars per year, 
and “Power Plant Operators, Distributors, and Dispatchers” earning 86,720 US dollars per year. Second, for the 
highest fitness occupations we detect a much stronger decoupling between a job’s complexity skill content and 
wages, as can be observed by the vertical distribution of the points on the right portion of the plot corresponding 
to jobs with similar fitness levels and a wide range of high wages, suggesting the underlying presence of relatively 
skill-independent wage setting mechanisms for very high wages. This high wage premium is particularly evident 
in the plot for managerial occupations (in green): managers often share similar skill profiles, and thus fitness, 
with the bulk of business and financial occupations—the majority of which is placed in the 60,000–80,000 US 
dollars per year region—however not only they exhibit higher wages but also higher within-occupation wage 
differentials at similar job fitness levels—with the extremal cases of “Food service Managers earning” 61,000 
US dollars per year, and “Engineering Managers” earning 15,8100 US dollars per year. In line with the studies 
of top income earners50, especially for top executives or in financial occupations64, the ratio of the highest paid 
manager’s salary (“Chief Executives”, 19,7840 US dollars per year) to the lowest paid (“Food Service Managers”) 
is 3.2; the ratio of the highest paid manager’s salary to the lowest paid occupation in general (“Fast Food and 
Counter Workers”, 24,540 US dollars per year) is 8.06. Wages do not always reflect an occupation′s intrinsic 
value in terms of skills, they are not simply the outcome of well-functioning competitive markets rewarding 
skills based on marginal differences: at the very bottom of the pay scale a sort of wage trap emerges, apparently 
driven more by the occupational category than its skill requirements; in contrast, when focusing on high-
skilled occupations higher wage is accumulated at the very top of the pay scale, regardless the diversification or 
complexity of the job’s skill set.

As detailed above and in the Methods Section, Job Fitness measures the degree of sophistication of 
each occupation′s skill requirements, giving also importance to the skill mix diversification. However, such a 
measure does not capture the possible role played by the degree of coherence (or lack thereof) of each job’s skill 
requirements, i.e. their relatedness, which may potentially provide additional explanatory power in studying the 
relationship with job fitness and wages. To this aim, we exploit the relatedness measure BSkills introduced in the 
previous section to measure the degree of skill coherence in each occupation, that is, the average relatedness 
between the skills it requires. We denominate this quantity job Average Coherence (AC) and compute it by 
averaging the relatedness matrix BSkills over each pair of skills s, s′ required by job j according to O*NET, i.e.:

Figure 3.   Skill spectroscopy of jobs. Examples of one high- and one low-fitness job are provided. The low 
fitness job, “Food preparation and serving” in light green, requires a diverse set of skills ranging across skill 
complexity levels, however, all the skills associated to it (especially the complex ones) display a low level of 
importance for the occupation. By contrast, the highest fitness job, “Top Executives” in dark green, not only 
relies on a larger set of complex skills nut they also display high values of importance.
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A job with a high value of AC is coherent, i.e. it requires skills co-occurring in the same occupations more 
significantly than random. By contrast, if the required skills are not often associated, the value of AC will 
be low. Note that this quantity is, by construction, independent from the total number of skills and thus 
provides complementary information with respect to that provided by fitness. In the two panels of Fig. 5, for 
each occupation, we show the relationship between job AC and fitness (left) and wages (right), respectively. 
The Supplementary Information includes the same figures in an interactive HTML format, allowing for a more 
dynamic exploration of the plots. From the left panel, it is possible to observe that AC provides a piece of 
information mainly negatively correlated to fitness: complex jobs feature more heterogeneous skill requirements, 
while low-fitness jobs present a highly coherent skill mix. More in detail, a large share of highly coherent jobs 
show low fitness and are characterized by similar skills, consistently with the technical community observed 
in Fig. 1 – for instance operators in the “Installation, Maintenance and Repair”, “Production”, or machine 
operators“Sewing”, “Woodworking”, and “Molding” occupational categories. Clerical jobs generally display low 
fitness values but a relatively high degree of coherence, suggesting that their distinctive skills, albeit relatively 
simple, are quite similar. Finally, “Management” occupations share with “Life, physical, and social scientists” 
a high value of fitness and a low level of coherence. Therefore, both categories require many complex skills, 
and these skills are heterogeneous and unrelated to each other. However, this similar skill composition is not 
reflected in the distribution of wages, which rewards managerial occupations substantially more. In light of the 
observed relations between fitness and wages, the relationship between AC and average yearly wages in the right 
panel of Fig. 5 appears also decreasing but L-shaped with two more extreme emerging patterns. Jobs with low 
coherence (AC � 0.45 ) show highly heterogeneous wages, ranging from 30,000 to 200,000 USD dollars, with e.g. 

(4)ACj =

∑

ss′ MjsMjs′Bss′
∑

ss′ MjsMjs′
.

Figure 4.   Relationship between job fitness and average wage; where as jobs the O*NET Broad Occupations are 
considered. The relationship appears to be broadly positive, with a high share of low-fitness jobs confined in the 
low-wage area. Many high-fitness occupations are however rewarded by heterogeneous wages, independently of 
their skill content.
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“Life, physical and social science” occupations in the low-end and managerial occupations in the high-end. By 
contrast, for jobs with intermediate and high skill coherence (AC �0.45), e.g. “Different clerical”, and production, 
installation, and maintenance occupations, it is not possible to obtain wages higher than 60,000 USD dollars, 
regardless of their degree of coherence.

Complex jobs are abstract and non‑routinary; coherent jobs are manual and routinary
The literature on job dynamics and polarization identifies different classes of jobs by using the typology of tasks 
they usually perform. By following Autor65, we divide jobs into routinary and non-routinary on the basis of the 
presence (or lack thereof) of codified sets of a finite number of simple tasks or procedures, and in manual or 
abstract if they require manual dexterity and physical strength or intuition and creativity, respectively.

In this subsection, we explore whether and to what extent job fitness and average job coherence, the two 
economic complexity dimensions introduced above, are connected to these qualitative and binary occupational 
characterisations by highlighting abstract/manual and routinary/non-routinary jobs in the scatter plots presented 
in Fig. 5.

The heatmaps shown in Fig. 6 are obtained by smoothing the two scatter plots shown in Fig. 5, in which we 
coloured the dots in red if the corresponding jobs are abstract, and in blue if manual. The smoothing is performed 
using a Gaussian kernel (see the SciPy documentation of the scipy.ndimage.gaussian_filter library) with a kernel 
parameter sigma = 32. In such a way, we are able to visualize the density of job typologies in the plane defined 
by the Fitness-Average Coherence and Average Coherence-Average Annual Wages. In the AC-Fitness plane in 
the left panel it is possible to observe that the red abstract area is concentrated in the bottom right corner of 
the plot, where fitness is high and coherence is low, showing that high-fitness jobs are mainly abstract, while 
intermediate fitness jobs are a mixture of abstract and manual, and highly coherent jobs are prominently manual. 
Manual occupations in the top left corner of the figure include “Electrical and Electronics Assemblers”; “Machine 
Operators” or “Glaziers”. Examples of abstract jobs in the bottom right corner of the figure are “Secondary 
School Teachers”; “Fire Inspectors” or “Dentists”. In this area, we find a small number of manual jobs: “Pilots”; 
“Residential Advisors”; “Boat Operators”. Some abstract jobs, such as “Models”, “Billing and Posting Clerks”, and 
“Telemarketers” display low fitness and low average coherence. From the right panel, we can see that the L-shape 
of the AC-wage plot is further characterized when considering the distinction between abstract and manual jobs. 
Manual jobs occupy the horizontal band of the L-shaped plot: they are characterized by lower wages, below 70,000 
USD dollars, and can have any level of coherence, also very low levels, shedding light on the low salaries of the 
low-coherence jobs in the vertical band. In contrast, high wages are available only to less coherent, abstract jobs 
in red in the upper vertical band.

In Fig. 7 we repeat this exercise, but here the colours correspond to routinary (green) and non-routinary 
(purple) occupations—where given the high class imbalance (the number of non-routinary jobs vastly exceeds 
the number of routinary jobs) of the Broad Occupations (431 jobs), we employ the Minor Groups (95 jobs). 
Looking at the left panel, we observe that the negative relationship between fitness and coherence is here split 
into two patterns: green in the left upper portion for routine occupations and for non-routine purple in the 
lower right corner. The high fitness-low coherence area is occupied mostly by non-routinary jobs—such as 
“Engineers”; “Postsecondary Teachers”, or “Top Executives”. Routinary jobs are instead characterized by high 
average coherence and low fitness—for instance, “Metal Workers”, “Office and Administrative Support Workers”, 
and “Financial Clerks”. There are however some deviations to this behaviour: the green points in the bottom right 
corner, which correspond to technical (supervision) jobs, i.e. “Supervisors of Production Workers”, “Supervisors 

Figure 5.   Left panel: Job Fitness versus Job Average Coherence (AC); right panel: AC versus occupational 
annual average Wages. AC and Job Fitness are negatively correlated. Occupations requiring very similar skills 
show low wage levels; however, having a low AC is not a sufficient condition for unlocking a high wage.
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of Installation”, “Maintenance and Repair Workers”, and “Air Transportation Workers”. While jobs with high 
coherence and low fitness are mainly routinary, some exceptions can be found, such as “Food and Beverage 
Serving Workers”; “Grounds Maintenance Workers”; “Entertainment Attendants”, that fall in the non-routinary 
class. In the right panel, we observe that high wages correspond to non-routinary and low-coherence jobs. With 
increasing values AC we note a clear lowering of the wages of non-routinary jobs, while routinary jobs with low 
coherence show relatively higher wages. Finally, low wages and low coherent jobs are mainly non-routinary.

While the classifications discussed above are binary (i.e., an occupation can only be manual or non manual) 
and somewhat arbitrary as they are obtained through expert evaluation, job fitness and average coherence are 
continuous metrics that (i) provide more nuanced and endogenous information, (ii) are algorithmic and data-
driven and can thus help us formulate a meaningful index characterising each job based on its structural skill 
composition. The apparently clear linear relationship between job fitness, job AC, and the abstract/manual, 
routine/non-routine work taxonomies holds only on average, but sizeable deviations are found. Some of these 

Figure 6.   Heatmaps obtained from the scatter plots in Fig. 5. Jobs are represented as a function of their average 
coherence, fitness, and average wages. Colours correspond to their categorization in abstract (red) or manual 
(blue) occupations. High-fitness jobs are abstract, while highly coherent jobs are manual and present low wages.

Figure 7.   Heatmaps obtained from the scatter plots in Fig. 5. Jobs are represented as a function of their average 
coherence, fitness, and average wages. Colours correspond to their categorization in routinary (green) and 
non-routinary (purple) occupations. High-fitness jobs are non-routinary, while highly coherent jobs are mostly 
routinary and present low wages.
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deviations are already visible in Figs. 6 and 7, however in order to show this non-trivial relationship in a clearer 
way, we added to the Supplementary Information file the original scatter plots and a different version of the 
figures in which we used a lower smoothing parameter.

In conclusion, economic complexity measures can identify different typologies of jobs by extracting relevant 
information from the skill-job network. This information, such as the complexity content of skills and their 
coherence, is partially reflected in the abstraction and routinarity level of jobs, but, differently from these binary 
characterizations of jobs, it can be quantified, specifying, for instance, the degree of complexity for each skill 
and fitness and coherence for each job. Moreover, AC and fitness both show some interesting deviations from 
these binary classifications, thus helping us provide additional elements on the relationship between skill, tasks, 
and wages. Remarkably, non-routinarity is not enough to determine the wage level. Adding a network-based 
variable accounting for the skill coherence of each job allows us to observe that only high-fitness, low-coherent, 
abstract, non-routinary jobs are rewarded by high wages.

Discussion
The progressive complexification of the world of work and increasing wage inequality in the globalised economy 
call for new tools beyond standard economics analysis to investigate the interplay between human capital and 
the occupational structure of the labour market. The combined availability of increasingly disaggregated data, 
algorithmic and complex network techniques allows us to unveil novel perspectives and results.

In this paper, by starting from the construction of a bipartite network connecting jobs to the skills they 
require, we apply different methods from the Economic Complexity toolbox to investigate the underlying 
network structure of occupations and skills in the US labour market relying on the information afforded by the 
O*NET data-set.

Firstly, we propose the definition of two statistically validated networks to qualify the structural 
similarities and relatedness between, respectively, pairs of skills and pairs of jobs: the job space and the skill 
space. In the job space, each node represents a job, and two jobs are connected if the skills they require co-occur 
in a significant (more often than random) number of jobs. In the skill space, each node corresponds to a skill, 
and two skills are linked if they co-occur significantly in multiple jobs. To build these networks we exploit the 
relatedness interpretation of the Product Progression Network methodology27,56, which, as mentioned, not only 
accounts for diversification and ubiquity in assessing network links but, differently from other approaches to 
relatedness20, proposes a links’ statistical validation procedure, thus ensuring that only meaningful connections 
are considered and spurious links are filtered out66. The statistical significance of co-occurrences is a critical issue 
since the presence of a link may not be informative per se and could be simply due to the ubiquity of a skill or the 
diversification of a job. In particular, as in35, in this contribution, we assess the significance of links by using the 
Bipartite Configuration Model59,67, 68, a maximum entropy null-model designed to statistically validate bipartite 
network projections. The resulting network of skills shows two distinct communities, one including mainly 
scientific and technical skills and the other soft skills, humanities, and communication skills, with different 
business and management competencies acting as bridges between the two communities. A similarly segmented 
picture emerges from the job space, where, as confirmed by the community detection analysis reported in the 
SI, technical and manual occupations appear to be almost completely disconnected.

Second, we introduce a novel application of the Economic Fitness and Complexity algorithm to a bipartite 
network linking jobs to their skill and knowledge requirements and, for each job and skill in the O*NET dataset, 
we define a network-based measure of the inherent structural complexity of each occupation: job fitness—a 
measure of the degree of complexity in the skill mix of each occupation—and skill complexity—a measure of 
the sophistication and rarity of each skill or knowledge requirement. This application of the EFC algorithm to 
the job-skill network rests on the idea that a high fitness job requires a largely diversified skill set, comprising 
many complex skills but also more basic skills, while low complexity skills are required only by low-fitness jobs. 
The resulting rankings show that high-fitness jobs include, e.g., management and top executives, architects, and 
life scientists, but also some specific types of production or administrative occupations, while low-fitness jobs 
include, e.g., food preparation and serving workers, entertainment attendants, and administrative, maintenance 
or repair workers. Job fitness and skill complexity not only allow us to produce a fine-grained and continuous 
measure of the nature of occupations and skills, but are also endogenous metrics, as they do not rely on ex-post 
validations and can be informative about the relationship between the skill content of each job and average 
occupational wages. In fact, our approach adopts a data-driven perspective and refrains from presuming the 
existence of a direct technical production function relationship, and is thus a priori agnostic about the connection 
between wages and human capital. The identification of these complexity metrics may, in future works, also be 
the basis for producing an updated taxonomy of jobs and skills.

To further characterise what we have called the “human capabilities” necessary to obtain high job fitness, we 
leverage the concept of coherence proposed by Teece et al. and the statistically validated definition of relatedness 
by Zaccaria et al.27,56, and define a network-based measure of relatedness between skills that can be used to 
measure the average coherence (AC) of an occupation. AC is designed for assessing the degree of skill similarity 
within each occupation: coherent jobs require highly complementary skills, i.e. co-occurring more often than 
random in a large number of occupations. Average coherence provides a piece of information mainly negatively 
correlated to fitness: complex jobs present heterogeneous skill requirements, while low-fitness jobs present a 
highly coherent skill mix, characterized by a combination of related skills that are often demanded jointly.

Next, we offer a perspective on the endogenous determinants of occupational wages by examining the 
relationships between the complexity, coherence (or lack thereof) of a job’s skill set, and average occupational 
wages. We then compare our network-based measures with the specifications of manual/abstract work and 
routine/non-routine by means of a non-parametric analysis, showing that the degree of coherence and job fitness 
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are related to these dichotomous and broad definitions but help provide a more granular characterization of skills. 
We detect an overall positive non-linear relationship between job fitness and occupational wages, with more 
complex skill requirements mapping into higher wages. However, our evidence shows noteworthy deviations 
from this positive trend, especially at the two extremes of the wage distribution, testifying to the presence of 
skill-independent wage-setting mechanisms. Firstly, jobs in the low-fitness area appear to be placed at the very 
bottom of the pay scale, in a low-wage trap apparently more driven by belonging to a specific occupation than 
the characteristics of the occupation’s skill requirements41,51, 69. Secondly and in line with the studies of top wage 
earners50,64, for the highest fitness jobs a decoupling between wages and the job’s skill complexity is observed. 
This is especially true for managerial occupations that, albeit showing similar skill profiles and fitness values with 
other business and financial occupations, exhibit higher wages and higher within-occupation wage differentials, 
also in this case apparently reflecting idiosyncratic characteristics more linked to their occupational status than 
their specific competences.

Job coherence also appears to be a potentially relevant factor for occupational wages, with higher coherence 
mapping into lower wages and a coherence threshold after which it is impossible to obtain a yearly wage higher 
than 60,000 USD. Low coherence jobs are instead spread across the occupational classification and display high 
wage variability, but, overall, workers with more diverse and complex skill bundles tend to earn higher wages 
than specialists, no matter the degree of routinarity. In fact, whilst high wages correspond to non-routinary, 
low-coherence, high-fitness jobs, low wages and low coherent jobs are mainly non-routinary: increasing a job’s 
skill coherence we register lower non-routinary wages, while routinary jobs with low coherence show relatively 
higher wages. High-fitness jobs tend to be abstract and low in coherence, while manual jobs are highly coherent 
and tend to have lower wages, with only low-wage low-coherence jobs being manual.

To sum up, differently from the variables’ definitions typically used in the network-based literature on job 
and skills spaces10,40–42, 44–47 discussed in the introduction, we employ a novel methodology for defining job 
fitness and skill complexity, and provide a sounder and statistically validated definition of occupational skill 
relatedness. This approach yields a richer quantitative description of the underlying complexity and coherence of 
occupational skill requirements, transcending conventional top–down job categorizations and offering insights 
into the wage implications of the structure of different skill sets. Additionally, by unpacking statistically significant 
links between pairs of jobs (skills) in the job (skill) network, our analysis may help trace potential sound career 
switching pathways based on the quantified degree of complementarity or mobility between single jobs (skills) 
with a high level of granularity. In conclusion, adopting the economic complexity lens enabled us to introduce 
complementary and alternative instruments to gain valuable structural insights into the occupational landscape 
and the heterogeneous distribution of skills in the labor market, also setting the basis for diverse labor market 
analyses. Indeed, given the existing data constraints, our analysis of the job and skill spaces is fixed in time. 
However, the skill content of jobs may change over time, across space70,71 or even between firms72. Therefore, 
provided the appropriate information—e.g., online job advertisement data as done by Deming and co-authors70—
may open new possibilities for understanding the changing network structure of the occupational demand for 
skills, both in the time and space dimension. Job advertisement data, such as the Burning Glass technology 
database73 or obtained through web-scraping techniques, may also offer the possibility to analyse the demand 
side, similarly to10, or as potential catalysts for corporate performance by matching online job ads with micro 
business census data. Furthermore, it would be of interest to learn more about the role played by skill coherence 
and job fitness as drivers of occupational wages and in entry/exit dynamics in the labour market.

Finally, our findings may inform policymakers and employers on designing more effective labour market 
policies and on the job-training schemes, that should favor the acquisition of complex, cross-cutting, and 
“uncoherent” skill sets. These efforts may enable workers to move more easily throughout the job and skill spaces 
and make more informed choices about their professional paths while unlocking higher wage opportunities. 
At the same time, policy initiatives targeting the demand-side may aim at encouraging firms to make broader 
investments in a more diversified skill landscape rather than fostering hyper-specialization. These efforts, in 
fact, may also exert a favorable impact on firms’ growth and productivity, as wages can act as drivers of overall 
corporate performance74–77.

Methods
Data description and pre‑processing
The Fitness and Complexity algorithm as well as the relatedness metrics introduced in the Results section take a 
binary bipartite network connecting jobs to their skill content as input. In this section, we illustrate the procedure 
to obtain the bipartite skill-job network from the raw O*NET database.

We retrieve information on occupations and skills from the Occupational Information Network (O*NET) 
(www.onetcenter.org), mantained by the US Department of Labor’s Employment and Training Administration 
(ETA). O*NET provides survey-based information about skills, knowledge, tasks, tools, and technologies 
connected to each job in the O*NET-SOC occupational classification78. The O*NET-SOC classification is 
hierarchical and contains different levels of aggregation. In particular, occupations, to which in the paper we 
refer also as jobs, are classified in the following categories:

•	 Detailed Occupations (873 categories);
•	 Broad Occupations (431 categories);
•	 Minor Groups (95 categories);
•	 Major Groups (22 categories).
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We define our set of skills as the merge of skill and knowledge occupational requirements provided by O*NET, 
obtaining a total of 68 different skills. By following recent contributions in the Economic Complexity literature22,79, 
the combination of the occupational skills and knowledge attributes may provide a valuable basis for what we 
refer to as  “human capabilities”, providing an underlying foundation to the place-based notion of capabilities 
and mirroring the conceptual role productive capabilities play in the economic complexity literature. The choice 
to only include skill and knowledge variables and not education, the third component of the O*NET worker 
requirement section, is motivated by the fact that educational requirements provide a too broad classification 
for a complexity analysis, and we thus consider skill and knowledge requirements as manifestation of underlying 
education and training.

The skill and knowledge areas are, on average, diffused across all occupational categories, and the resulting 
bipartite matrix connecting those to occupations is characterized by a nested structure. For each Detailed 
Occupation and skill, O*NET provides an assessment of the Importance of the different skills. This is a discrete 
variable in the range [1, 5], quantifying the degree of importance of each skill for the job category under 
consideration—we neglect the other variable Level present in the dataset, as it is highly correlated with the 
importance. We thus obtain a matrix M̃ , whose elements M̃js associate the importance of skill s to job j and where 
job categories are drawn from the 837 O*NET-SOC Detailed Occupations. Next, starting from matrix M̃ , we build 
the matrices also for the more aggregated O*NET-SOC Broad occupations and Minor Groups by computing the 
importance of a given skill s for the aggregated category k as the weighted average importance of skill s in the 
corresponding Detailed Occupations that are aggregated into category k. In the following, we generally refer to 
these matrices as M̃ without referring to the occupation aggregation level.

Finally, the data about occupational wages is obtained from the Quarterly Census of Employment and Wages 
(QCEW) dataset of the US Bureau of labour Statistics (BLS, https://www.bls.gov/cew/), in which occupations 
are categorized according to the SOC classification.

Job‑Skill binary matrix
Starting from matrix M̃ introduced above, we define a binary matrix M with the same size, but connecting jobs 
only to the most relevant corresponding skills, as all the EC tools we adopt in the analysis require binary matrices 
as inputs. In order to binarise the matrix we compute for each skill s its average importance in all occupations; 
then, for job j and skill s, we set the matrix entry  equal to 1 the entries corresponding to the jobs with importance 
greater than the average and equal to 0 otherwise. In formula:

where we denote by N (j) the total number of occupations.

Null model and validation procedure
In order to build the monopartite networks of jobs and skills we compute the two respective projections of the 
bipartite matrix M. As explained in the Results section, this can be done using the adjacency matrices defined 
in Eq. (1), that is, in the case of the job network:

where dj =
∑

s Mjs is the skill diversification of job j, i.e. the number of skills associated to j, and us =
∑

j Mjs 
is the ubiquity of skill s, i.e. the number of jobs in which s is present. In this way, by computing the normalized 
co-occurrences of skills across jobs, we obtain the similarity matrix BJobs connecting jobs that share a large 
number of common skills. Analogously, we compute matrix BSkills , whose elements BSkillsss′  quantify the similarity 
between skill s and skill s′ in terms of normalized co-occurrences. However, such an adjacency matrix generally 
corresponds to an almost fully connected network due to spurious co-occurrences, therefore it is necessary 
to statistically filter the matrix links by exploiting a suitable null model. To this aim, we rely on the Bipartite 
Configuration Model (BiCM)59,67, 80, a null model designed to randomize bipartite networks based on exponential 
random graph theory. In particular, we rely on the Python BiCM library (https://​bipar​tite-​confi​gurat​ion-​model.​
readt​hedocs.​io/​en/​latest/). BiCM defines a canonical ensemble of random graphs by constraining (on average) the 
degree sequences of both node sets—in our case, the ubiquity of skills and the diversification of jobs. We obtain 
the probability distribution of such an ensemble by maximizing the Shannon entropy under these constraints 
in the following way:

where:

•	 M̄ is the adjacency matrix of the random bipartite network;
•	 {θj} and {µs} are the Lagrange multipliers associated respectively to the diversification {dj} and the ubiquity 

{us};
•	 H(M̄|{θj}, {µs}) is the Hamiltonian, defined as: 

Mjs =

{

1 if M̃js >
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∑

j M̃js

0 otherwise
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∑
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•	 Z({θj}, {µs}) is the partition function of the Hamiltonian, defined as: 

It can be shown that the probability distribution factorizes and takes the analytical form:

where pjs is the probability that job j and skill s are connected in the random network and satisfies the following 
condition:

The numerical values of the Lagrange multipliers are obtained by solving the system of equations:

Once we obtain the probability distribution of the random matrices and, in particular, the probability of each 
link’s presence in the adjacency matrix of the job-skill network, we can generate N random bipartite networks, 
and, for each of them, we compute the projected matrix B̄Jobs defined above. We then validate the links of BJobs 
by only considering the matrix entries that are larger than the corresponding entries in the random matrices 
in at least the 95% of the cases, while we set to zero the remaining links. Where the 95% statistical significance 
threshold is arbitrary and sets the chosen confidence level. To obtain the validated monopartite network of skills, 
we apply the same procedure to matrix BSkills.

Economic fitness and complexity algorithm
The Economic Fitness and Complexity (EFC) algorithm11 is an iterative and non-linear map initially introduced 
to study the Country-Product bipartite network based on international trade data. The algorithm outputs the 
Fitness of countries, an proxy for a country’s manufacturing capabilities and productive competitiveness, and 
the Complexity of products which quantifies the sophistication and rareness of goods. The EFC algorithm has 
been successfully applied in types of different bipartite networks, focusing on the scientific81, technological82 
or sectoral production of regions or countries18, to rank species in mutualistic networks83 or chess players84. In 
the present paper, we apply the EFC algorithm to the Job-Skill bipartite network and compute for each job j a 
measure of Fitness Fj by counting how many skills it requires and weighting each skill s by its complexity Qs . 
Therefore, in this context, high-fitness jobs are skill-diversified and/or require complex skills. For each skill s we 
compute a complexity measure Qs by considering the inverse of the number of jobs requiring s and weighting 
each job with the inverse of its fitness Fj , in such a way, a skill present in a large number of jobs or required only 
in low fitness jobs will display low complexity. Therefore, the non-linear map which defines the Fj s and the Qs 
can be written as follows:

where we denote with n the algorithm iteration index and consider Qs = 1 for all skills as initial condition. The 
iteration of these equations leads to a fixed point that has been proven to be stable and non-dependent on initial 
conditions60. We stop the iteration of the algorithm when the ranking of job fitness becomes stable, exploiting 
the technique described in61. To this aim, we firstly define the fitness growth rate αj of job j as:

Secondly, we estimate when job j and job j + 1 will exchange their position in the fitness ranking as:

Notice that we preliminary ordered the jobs so that F(n)j > F
(n)
j+1 and CIj is well defined only if αj+1 − αj > 0 . 

Among these well-defined CIj , we define the Minimum Crossing Iteration as:
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which indicates the number of iterations needed to observe a variation. Thus, imposing a convergence in 
the ranking here is equivalent to requesting an MCI larger than a threshold which we fix equal to 106.

Please notice that peculiar topologies of the input matrix M may give rise to unexpected outputs of the 
algorithm. In particular, disconnected components prevent the possibility of comparing the rankings of the 
nodes that belong to different clusters, and the presence of monopolies induces a high advantage in the final 
rankings. Two examples are “First-Line Supervisors of Firefighting and Prevention Workers” and “Morticians, 
Undertakers, and Funeral Arrangers”: the algorithm assigns them a high level of Fitness due to their specialized 
and uncommon skills. For a critical discussion on these issues we refer to61.
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