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ABSTRACT

According to the knowledge-based view of the firm, a firm’s workforce is its most important resource,

and firms often diversify into activities that allow them to leverage human resources. Human capital also

represents a main asset for employees. When switching jobs, individuals are expected to remain in

industries that value the skills that they have developed in their previous work. Based on this

observation, this article develops theoretical arguments and a statistical method that uses cross-industry

labor flows to assess the skill-relatedness between industries. Industries classified in different sectors of

the economy sometimes exhibit strong skill-relatedness linkages. Also, industry space, i.e., the resulting

network that connects industries with overlapping skill requirements, is highly predictive of

diversification moves on the part of firms. Diversification is found to be over 100 times more likely to

occur into industries that have ties to a firm’s core activity in terms of skills than into industries that do

not. This effect of skill-relatedness eclipses the effect of other types of relatedness, such as value chain

linkages and classification-based relatedness.
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INTRODUCTION

Skills acquired in one industry can often also be used in other industries. Consider, for example, Edmund

Rumpler’s ‘Tropfenwagen’ of 1923. With a drag coefficient of 0.28, it is sleek even by modern-day

standards. Rumpler was originally trained as an automobile engineer but the drop-shaped

Tropfenwagen was a product of his experience streamlining airplanes. Although car manufacturers

worldwide were experimenting with aerodynamic designs at the time, advances were made particularly

quickly in Germany. Ironically, what indirectly contributed to Germany’s early lead in aerodynamic car

engineering was the country’s defeat in WWI. One of the provisions of the Treaty of Versailles

demanded that Germany immediately cease building airplanes. As a result, the country’s highly skilled

aero-engineers suddenly lost their jobs. Many of them sought employment in the car industry, which

they subsequently revolutionized with their skill at aerodynamic design (Spiegel, 2009). In the aftermath

of WWI, former German airplane firms (e.g., Hans Grade’s Grade Automobilwerke AG) mimicked the

behavior of these engineers and turned to automobile manufacturing as well. In strategic management,

it is widely acknowledged that firms tend to diversify into activities that are related to their current core

competences, but this insight has not yet been linked to the micro-level ‘diversifications’ that employees

undertake when they switch jobs. We argue that what we observe in the early German car industry

holds more generally and that inter-industry relatedness affects both employee decisions to participate

in particular firms and firm decisions to diversify into particular industries. In fact, we show below that

this observation can be used to construct a relatedness indicator that predicts the direction of corporate

diversification in a substantially more accurate way than alternative measures by exploiting information

from cross-industry labor flows.

Relatedness studies have a key position in corporate strategy research. The coherence of a firm

in terms of the inter-relatedness of its activities is often considered an important factor in explaining

long-term performance (Teece et al., 1994). Moreover, relatedness has been shown to play a role in a

wide range of business practices, prominent among which are corporate diversification (Wernerfelt,

1984; Chaterjee and Wernerfelt, 1991), make-or-buy decisions (Chang and Singh, 1999; Bryce and

Winter, 2009), strategies for coping with information asymmetries in knowledge-intensive acquisitions

(Coff, 1999) and alliance formation (Rothaermel and Boeker, 2008). In spite of the importance of the

concept, however, the definition and modes of measuring relatedness are often surprisingly imprecise.

One significant challenge is that if relatedness refers to the similarities between resources used in

different industries, then relatedness must have as many facets as there are distinct types of resources.

Quantifying all types of relatedness and assessing the relative importance of each is a Herculean task.
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Our proposal is therefore to construct a relatedness measure that focuses on those resources that are

most often credited for a firm’s competitive advantage in the modern knowledge economy: the skills

embedded in a firm’s human capital.

The core assumption in this article is that if skilled individuals can move from one industry to

another, then the production processes in both industries are likely to draw on similar skills and are

related in this sense. Building on this assumption, for each pair of industries, we assess to what extent

cross-industry labor flows are excessive compared to a well-defined baseline; we call the degree of

excessiveness the skill-relatedness of the industries. Toward this end, labor flows among 415 different

industries were derived from employment data on the roughly nine million individuals who were

registered in Sweden between 2004 and 2007. Unlike many existing relatedness measures, our

relatedness measure is not limited to the manufacturing sector but also covers service industries. The

indicator often conforms to intuition but links industries differently than traditional industry

classifications do. For example, we find strong links between manufacturing industries and concomitant

wholesale and repair activities, which are classified as part of the service sector. Moreover, skill-

relatedness reveals a complex web of inter-industry linkages that is unlike the rigidly nested hierarchy of

a standard classification system. We refer to this network as industry space.1

The focus on shared resources differentiates our contribution conceptually from recently

proposed relatedness indicators based on the co-occurrences of industries in corporate portfolios

(Teece et al., 1994; Neffke and Svensson Henning, 2008; Bryce and Winter, 2009). Whereas such co-

occurrence studies assume that corporate portfolios are coherent and derive relatedness among

industries a posteriori, our relatedness index can be determined a priori. We can therefore actually use

it to test whether or not corporate portfolios expand coherently. In using skill-relatedness to analyze

corporate diversification, we found that firms enter industries that are strongly skill-related to their core

industries. In fact, we estimated that the probability that a firm will diversify into an industry that is

strongly skill-related to its core activity is 123 times larger than the probability that it will diversify into

unrelated industries. The effects of other relatedness types, such as value chain linkages, are negligible

in comparison.

The following section provides theoretical arguments for the claim that skill-relatedness spans a

conceptual space that consists of inter-connected industries that affects both individuals’ decisions

regarding their participation in industries and firm diversification behavior. This section draws on the

resource-based view of the firm, the work of March and Simon and recent advances in labor economics.

1
This term was chosen as an analog to Hidalgo et al.’s (2007) product space.
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The third section is devoted to constructing the skill-relatedness index, and the fourth section presents

empirical analyses of firm diversification. The final section discusses outcomes and limitations and

provides recommendations for corporate management, policy-makers and future research.

PRIOR LITERATURE AND THEORY

A resource-based perspective on related diversification

The resourced-based view of the firm (RBV: Wernerfelt, 1984; Barney, 1991) has enriched our

understanding of how and why certain resources, assets or capacities can become sources of sustained

competitive advantage for firms (e.g., Dierickx and Cool, 1989; Peteraf, 1993; Eisenhardt and Martin,

2000). The RBV framework has also guided research on which new markets firms diversify into and why.

Penrose (1959) preceded this work, arguing that a firm has an incentive to grow as long as some of its

resources are left idle in its current activities. Resources are distinct from the services a firm derives

from them in two respects. First, with time, there is a steady increase in services that firms tend to

extract from the same resources as awareness of the full potential of a resource grows through learning-

by-doing. Whenever these additional services are difficult to sell or lease through market exchange,

firms benefit from putting them to use themselves (Teece, 1982). Second, a single resource typically

provides a variety of services. If not just the amount, but also the breadth of services a firm can derive

from its resources increases, then this may justify the redeployment of resources to new activities

(Penrose, 1959; Teece, 1982; Montgomery and Hariharan, 1991). However, adopting the conceptual

apparatus of the RBV tradition, it emerges that, in order to be competitive on the new market, the

excess resources must yield a competitive advantage in the new activities a firm undertakes (e.g.,

Wernerfelt, 1984; Chaterjee and Wernerfelt, 1991).

Thus, a diversification strategy should focus on identifying new activities that require resources

that a firm already possesses but that are currently underleveraged. We will refer to such diversification

as related diversification. Early empirical evidence of the advantages of related diversification has been

mixed (see Chaterjee and Wernerfelt, 1991). However, there is consensus regarding some issues since

the advent of more advanced methods to establish the degree to which industries are related. For

instance, scholars have shown that related diversification is more common than unrelated

diversification (Farjoun, 1994; Chang, 1996; Fan and Lang, 2000; Lien and Klein, 2010), and

diversification via internal development is often more related to the core activity of a firm than

diversification by acquisition is (Chang and Singh, 1999; Bryce and Winter, 2009).
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Regardless, from a theoretical perspective, mere resource similarity is insufficient for firms from

different industries to successfully enter one another’s markets. Similarities must exist between

resources that yield sustained competitive advantages in both industries (Lien and Klein, 2008). Indeed,

these resources must be valuable, rare, inimitable and non-substitutable (Barney, 1991). Therefore,

relatedness measures should not measure mere economies of scope (Panzar and Willig, 1981) but

economies of scope in critical resources (or what Dierickx and Cool (1989) refer to as critical or strategic

asset stocks). An additional complication arises from the fact that relatedness may have as many distinct

dimensions as there are strategically relevant resources. Industry relatedness has been estimated in a

variety of ways, and different measures may reflect different types of resource relatedness. However,

most current measures either do not necessarily capture the relatedness created by strategic resources

or do so by definition without clarifying which types of resources are creating the relatedness.

There are three distinct approaches to measuring relatedness. First, scholars have relied on the

structure of the standard industry classification system. In these systems, like the American Standard

Industrial Classification (SIC) or the European Nomenclature générale des Activités économiques dans

les Communautés Européennes (NACE) classification system, industries are catalogued into

hierarchically nested categories. Each level is represented by a digit, with the first digit representing the

broad economic sector to which an industry belongs, the second the sub-sector, the third the sub-sub-

sector, and so on. Classification-based relatedness typically counts the number of (starting) digits that

industries have in common. This method is straightforward to implement but there is little theoretical

foundation for assuming that the hierarchical structure of industrial classification systems reflects the

prevalence of scope economies among industries, let alone in terms of critical resources. However, a

number of authors have successfully used classification-based relatedness to complement more

sophisticated measures (Chang, 1996; Farjoun, 1998; Lee and Lieberman, 2010). Nevertheless, the

meaning of classification-based relatedness is not entirely clear. Indeed, all three papers cited above

provide different interpretations. Whereas Farjoun argues that classification-based relatedness captures

relatedness that originates in physical resources, Lee and Lieberman use the classification system to

distinguish between activities within and outside a firm’s primary domain. Further, according to Chang,

this system is used to differentiate between intensive and extensive search.

The second strategy for measuring relatedness takes as its point of departure the idea that

different industries are found in the same portfolio due to the economies of scope between industries.

Hence, relatedness can be inferred from the co-occurrence of industries in portfolios. Scholars have

used industrial portfolios of firms or plants (Teece et al., 1994; Neffke and Svensson Henning, 2008;
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Bryce and Winter, 2009) or export profiles of countries (Hidalgo et al., 2007) to identify the existence of

economies of scope at the firm, plant or country level, respectively. An advantage of these indicators is

that they cover many industries, especially in the manufacturing sector. Moreover, because they are

based on micro-level portfolio choices, co-occurrence methods exploit collective knowledge about

economies of scope that are apparently strategically relevant to individual actors. A major disadvantage,

however, is that co-occurrence methods are essentially outcome-based, which means that these

methods first assume that portfolios are coherent and then infer the implied relatedness of industries

based on observed portfolios. Due to this a priori assumption that the activities contained within a

portfolio are related, research on the coherence of corporate portfolios can become tautological. An

additional disadvantage is that although co-occurrence-based relatedness indices may indeed identify

industry combinations that feature economies of scope, they do not shed any light on the sources of

these economies of scope. This ambiguity often makes it difficult to assess what type of relatedness has

actually been quantified.

In the third approach to measuring relatedness, the indicators are input-based. Whereas co-

occurrence methods focus on the consequences of economies of scope, resource-based relatedness

indices concentrate on their origins. Resource-based indices aim to capture similarities in the resources

used in different industries. For example, Fan and Lang (2000) concentrate on material resources that

are transmitted via value-chain linkages, whereas in Jaffe (1989), Engelsman and Van Raan (1991) and

Breschi, Lissoni and Malerba (2003), technological resources are investigated using patent analysis.

Furthermore, Farjoun (1994) focuses on human capital and studies similarities between the

occupational profiles of industries (see also Chang, 1996; Farjoun, 1998; Chang and Singh, 1999).

Because resource-based measures identify underlying sources of economies of scope, it is possible to

study corporate diversification without falling into the trap of circular reasoning. However, given that

only relatedness between strategic resources matters, complications arise because not all resources are

equally important in all industries. As a result, resource-based relatedness indicators are often biased

toward specific types of industries. For instance, patent-based indicators only shed light on relatedness

among technology and patent-intensive industries, and material-based indicators may be useful for

studying the manufacturing sector but not the service sector.

The only resource-based indicator that does not suffer from any of these disadvantages is

Farjoun’s (1994) human capital-based indicator. This indicator is especially interesting because,

regardless of the industry, knowledge today is identified as the prime resource of firms by proponents of

the knowledge based view of the firm (Grant and Spender, 1996), and human resources are often
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regarded as the ultimate repository of firm knowledge (Grant, 1996). In the traditional RBV, the

importance of knowledge is acknowledged, if only because the sustained competitive advantage derived

from critical physical resources that cannot be easily acquired in market transactions is often retraceable

to the knowledge required to make productive use of them (Chang, 1996). Moreover, Porter (1987)

identifies the opportunity for skill-transfer and skill-sharing as one of the most important prerequisites

for the emergence of synergies between activities, and Farjoun (1994, p. 187) points out the

pervasiveness of human capital in the economy, arguing that ‘human expertise can be viewed as an

important class of resources (e.g., like physical resources), since it is not merely a functional resource

like R&D or marketing, but combines a wide range of value-added activities (e.g., production, finance,

marketing etc.).’

Farjoun’s focus on human capital inputs and human resource relatedness is therefore entirely

justified, in our opinion, because human resources, in a broad sense, are the central resource expected

to affect firm diversification behavior in today’s economies. Unfortunately, Farjoun was not able to

directly observe the sharing of human capital across industries but instead proxied this factor by

investigating to what extent industries employ workers in the same occupations. This strategy obscures

the heterogeneity of individuals and their human capital within the same occupation. Moreover, not all

employees will contribute equally to a firm’s competitive advantage. Therefore, we propose a different

way to measure human capital relatedness, or ‘skill-relatedness’: the use of co-occurrence techniques to

study inter-industry labor flows. In essence, we argue that the inter-connectedness of industries that

guides corporate diversification strategies also affects cross-industry labor flows. Reversing the

argument, this means that understanding the structure of cross-industry labor flows may help one to

understand corporate diversification.

Cross-industry labor mobility as an outcome of a decision to participate

Cross-industry labor flows occur when individuals leave firms in one industry to start new jobs in

another. Abstracting from the flows into and out of unemployment (and inactivity), labor flows can be

understood as the aggregated outcome of employees’ decisions to participate in firms (March and

Simon, 1958/1993, pp. 103-131). March and Simon argue that such decisions depend on two factors: the

desirability of a job and the ease of movement to other jobs. The desirability of a job depends on how

individuals weigh the disutility of their work at a firm against the benefits that they receive from that

firm. The balance of contributions and benefits (or, in the words of March and Simon, the contribution-

inducement balance) does not only take into account general working conditions (e.g., the degree of
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autonomy, corporate culture, and working hours) and monetary benefits (e.g., salaries and pension

schemes), but also values them against the outside options that individuals may have. In other words, an

individual will consider the opportunity costs of alternative employment options when evaluating the

desirability of his or her current job.2 The ease with which he or she can move to another job is

dependent on the availability of such jobs. However, March and Simon stress that this availability is

subjective: the mere existence of an alternative is insufficient because the alternative must also be

visible to the individual.

This reasoning at the firm level can be generalized to the decision to leave an entire industry.

The desirability and ease of movement to jobs in other industries depends on a number of industry-

specific factors, prominent among which are the size and growth rates of the industries. However, the

degree to which jobs outside the individual’s current industry are visible to and available for the

individual also depends on the match between the old industry and the new one. We argue that the

most important aspect of this match is the degree to which industries have similar skill-requirements.

However, we will begin by discussing the role of similarities between corporate cultures and of the

overlap between the professional and social networks of different industries.

The decision to participate in a firm is influenced by the degree to which that firm’s corporate

culture matches the values of the individual in question. The initial sorting of individuals, but also the

subsequent alignment of personal values with corporate culture (March and Simon, 1958/1993;

Chatman, 1991) will create some homogeneity in values among the employees of a firm. Moreover, as

shown by Chatman and Jehn (1994), corporate values are largely specific to each industry. As a result,

some industries will be more ‘value-compatible’ than others, and people may prefer to move to

industries with a corporate culture similar to that of their old firm.3 For instance, people working in the

private sector may be less inclined to switch to public sector jobs and vice versa.

Another factor that affects labor mobility is social networks. Social networks are an important

channel through which people become informed about new job opportunities and thus improve the

visibility of alternative employment. An extensive body of literature has brought together evidence of

the importance of networks in helping people find jobs (Lin and Dumin, 1986; Wegener, 1991) and in

helping firms find employees (Fernandez, Castilla and Moore, 2000). Given that a significant portion of a

person’s social network consists of the professional network that he or she developed during her or his

2
In the following pages, we assume that all labor moves are voluntary, neglecting lay-offs. Under unemployment,

opportunity costs include the value of being in a state of unemployment. Otherwise, the situation is quite similar.
3

This is not to deny that people often leave precisely because of value conflicts with their employers. However, in
the end, this should lead to better sorting and an increased homogeneity of values in a firm’s workforce.
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career, it is likely that social networks reflect the industries in which a person worked. Industries whose

employees have overlapping social networks may therefore exhibit elevated labor flows among them.4

The third aspect of the similarities between industries that is relevant to understanding labor

moves is the question of similarities between human capital requirements. Human capital research has a

long tradition in the field of labor economics. However, labor economists have traditionally treated

human capital as a quantity that can be measured using variables such as educational attainment and

the number of years of experience. In contrast, skills are intuitively associated with qualitative

characteristics; which skills an individual possesses is more important than how many skills he or she

possesses. Notwithstanding the importance of formal education, many skills are acquired through

imitation and learning-by-doing (Polanyi, 1959). As a result, individuals establish portfolios of skills as

part of their work experience, and many of these skills are linked to individuals’ jobs. Human capital is

therefore often highly specific in a number of different respects. The early work on the subject by Becker

(1964) highlights the firm specificity of human capital. However, more recent work by Neal (1995) and

Parent (2000) shows that human capital is often specific not only to the firm but also to the industry.5

Indeed, although human capital is not so completely generic as to be useful in all activities in the

economy, the current consensus in the field of labor economics seems to be that human capital is also

not completely specific to a particular job. This idea echoes Teece’s (1982, p. 45) assertion that human

capital is fungible; ‘[a] characteristic of organizational knowledge is that it is often fungible to an

important degree. That is, the human capital inputs employed by the firm are not always entirely

specialized to the particular products and services which the enterprise is currently producing.’ The

degree of specificity of human capital constrains people’s labor mobility. The prospect of making a

portion of their skills obsolete by changing jobs limits the desirability of such an action for workers.

However, job switchers can reduce such human capital destruction by searching for employment in

industries that value skill sets similar to those used in the industry in which they currently work.

Moreover, it is likely that individuals are also more aware of job opportunities in such industries and

that such opportunities are more visible to them.6 As a consequence, cross-industry labor flows should

4
Although much of the literature on social networks and labor markets has considered the relative importance of

different types of ties (e.g., stressing the role of weak ties (Granovetter, 1973)), it suffices here to note that the
ways in which social networks in different industries overlap may explain relatively large cross-industry labor flows.
5

In recent work, authors have stressed the occupational and task dimensions of human capital specificity. In fact,
currently, a true task-based approach to human capital is emerging in labor economics (Autor, Levy and Murnane,
2003; Ingram and Neumann, 2006; Goos and Manning, 2007; Poleteav and Robinson, 2008; Gathmann and
Schoenberg, 2010; Nedelkoska 2010).
6

Equally importantly, employers prefer to hire new employees who possess skills that will be useful to them in
their new jobs.



 #0906 
 
 

 

 

 

 

 

 

 

 

 

 

10

be stronger when human capital is more interchangeable between industries (i.e., when they are skill-

related).

Hypotheses

As previously mentioned, of the three sources of cross-industry labor mobility patterns that we

discussed, we expect the skill-match of industries to be dominant. Indeed, having the right skills should

be a sine qua non for gaining employment in an industry.7 We began this section by arguing that skill-

relatedness plays an important role in diversification strategy. Therefore, our contention that this skill-

relatedness also affects cross-industry labor flows leads to the following hypotheses:

Hypothesis 1. Firms diversify into new activities that are closely skill-related to their present core

activities.

In fact, we have argued that human capital is the pivotal firm resource, and we therefore propose the

following:

Hypothesis 2. The effect of skill-relatedness on firm diversification is considerably larger than that of

other types of relatedness.

MEASURING SKILL-RELATEDNESS

Based on the previous section, one can conclude that individuals changing jobs are likely to move

between industries that are skill-related. By reversing this reasoning it is plausible that industries that

exhibit large labor flows among them are likely to be skill-related. The main intuition behind the

methodology we develop below is therefore that one can use information on labor flows to measure

skill-relatedness. In this article, such information is taken from data on the 9 million people per year in

the official registers of Sweden for 2004 to 2007. In this timeframe, each year, some 4.5 million people

7
However, the different inter-industry matches are likely to overlap, and it is difficult to disentangle their

respective effects. Social networks, for example, include former colleagues and classmates who may also have
similar skills. It is therefore partly for ease of exposition that we refer to our labor-flow-based measure as an index
of skill-relatedness, and the reader should bear in mind that it may also express similarities between corporate

culture and overlapping social networks to some extent.
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were active on the Swedish labor market, and approximately 280,000 of them changed jobs. In 77.2

percent of these job changes, people moved to another industry, creating cross-industry labor flows.

Additional details are provided in Table A1 of the Appendix.

However, there are two reasons why we deem the raw sizes of such cross-industry labor flows

ill-suited to measuring skill-relatedness. First, not all individuals are likely to exhibit strong industry-

specific skills. In particular, for employees in low-skill areas, but also for people who largely make use of

generic skills, movement between jobs may not be based primarily on skill-relatedness. In fact, due to

the weaker presence of industry-specific skills, the effects of similarities in corporate culture or of

overlapping social networks on labor flows may be comparatively strong for these groups. Therefore, we

worry that such labor flows will add noise to our measures. Thus, reducing the presence of this type of

labor in our data should reduce the noisiness of our skill-relatedness estimates. An industry is most likely

to pay the highest salaries to people with the most critical skills in the industry. However, although we

often find a large portion of managers to be among the most well paid employees, management skills

may not be as industry-specific as other types of highly remunerated skills.8 Based on this reasoning, we

dropped the lowest paid half of the employees in each industry and all managers from our data. In the

Appendix, we describe our measurement strategy in greater detail and show that the individuals that we

selected to leave out of our analyses exhibit patterns of labor flows that indeed seem more randomly

scattered across industries than those of the sample that we use for our skill-relatedness calculations.

Furthermore, we excluded all individuals who move to newly established plants to avoid circular

reasoning when we attempt to explain corporate diversification based on skill-relatedness.

In Table 1, we report raw labor flows for the individuals whom we selected for further study.

The table shows the five industry combinations with the largest labor flows.

- Table 1 about here -

It seems plausible that the combinations in Table 1 are related industries. For instance, hotels use

strategic resources similar to those of restaurants, and hospital and medical practice activities are

obviously related as well. Moreover, three of the combinations of industries are in the same 3-digit

class, and the remaining two are in the same 2-digit class. However, another salient feature of the

8
We are not arguing that skill-relatedness does not play a role in job switches for these labor types. We simply

believe that factors other than skill-relatedness play a relatively stronger role here, suggesting that we risk greater
contamination of our measures if we include these labor types. We will return to this issue in discussing our
findings.
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industries in Table 1 is their size. Except for hotels, all of these industries rank among the top 10

industries in Sweden in terms of employment. Clearly, raw cross-industry labor flows also depend on

industry size. It is therefore insufficient to determine whether or not a flow is large; we need to assess

whether or not a flow is exceptionally large. In other words, we must construct a baseline that reflects

our expectations about the size of a labor flow in an industry combination based on some general

characteristics of the industries involved.

Two such characteristics are the size and growth of an industry, which determine the total

possible supply of and demand for job switchers. Moreover, as indicated by March and Simon

(1958/1993), jobs in large and growing industries are also more visible. An important factor that affects

labor flows by determining the desirability of jobs is wages. All else being equal, industries that offer

higher wages should attract larger labor flows, and low wages are an obvious reason for people to leave

an industry. Ideally, we would therefore control for industry size and wage levels. As explained in the

Appendix, standard co-occurrence tools only allow us to take size effects into account. However, in

Neffke and Svensson Henning (2008), the baseline amount of co-occurrences between two industries is

predicted using regression analysis. Using this approach, we constructed predicted labor flows that take

into account a complete set of industry-specific variables. Next, by calculating the extent to which

observed labor flows exceed predicted labor flows, we quantified the skill-relatedness of two industries

as the relative excess labor flow.

Formally, let ܨ
௦ denote the observed flow of individuals who move from industry t݅o industry

.݆ Furthermore, let ܨ be a prediction of this flow based on industry-level variables. Skill-relatedness is

then simply defined as the ratio of these quantities:

(1) ܴܵ  =
ிೕ
್ೞ

ிೕ

If ܴܵ  equals 1, then industries ݅and ݆are unrelated. Values over 1 indicate skill-relatedness, whereas

values under 1 indicate relative skill-dissimilarity. To determine ,ܨ we must select an appropriate

regression model. Labor flows are non-negative and integer-valued, which suggests the use of count

data regression models. Because labor flows are actually zero in the vast majority of industries, a

standard Poisson model will not provide a good fit. Instead, we used a zero-inflated negative binomial

regression (zinb) procedure. The Appendix provides further details, a discussion of the construction of

the significance levels of the skill-relatedness index, and a descriptive analysis of the results.
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Industry space

Using the procedure just described, we calculated a matrix of skill-relatedness indices for all 415414 =

171,810 combinations of 415 different industries at the 4-digit level in the European NACE classification.

This matrix describes a network (depicted in Figure 1) in which industries are the nodes, and the links

represent skill-relatedness. We will refer to this network as ‘industry space’. The different colors and

shapes of the nodes represent the broad sectors to which industries belong according to the industrial

classification system. The graph depicts the 2.5 percent strongest skill-relatedness links that are

significant at the 5 percent level. The position of the nodes was determined using a spring-embedded

algorithm, which scatters industries across the entire plane in such a way that more closely related

industries are located near one another.9 Therefore, industries that are close to each other in industry

space are usually strongly skill-related.

In general, nodes of the same color cluster together in industry space. For instance, the circles

for industries in manufacturing (dark blue), utilities (purple) and construction (black) are mostly found

on the right side of the network. Service industries of different types, represented by squares, are

predominantly located on the left side of the network, with financial services (yellow) forming a close-

knit cluster in the upper left corner. However, upon closer inspection, we find many exceptions to this

pattern. For example, some business services are surrounded by manufacturing industries, which

reflects strong skill-linkages among industries from both sectors. Similarly, some wholesale and retail

activities are well connected to upstream manufacturing industries. The finding that industries are often

skill-related to industries in different sectors supports our earlier criticism of classification-based

relatedness measures. The discrepancies between skill-relatedness and traditional industry

classifications become even clearer when we focus on a single industry. As an illustration, we have

highlighted the network of industries connected to the pharmaceutical preparations industry (upper

right corner). The pharmaceutical preparations industry is related to other industries in the chemical

sector but also to R&D business services, specialized wholesale activities and the surgical equipment and

orthopedic appliances industry, which is formally part of the instruments sector. Although these skill-

linkages are intuitively very plausible, they would have remained unnoticed if we had relied only on

classification codes.

- Figure 1 about here -

9
This picture was generated using the NetDraw software package (Borgatti, 2002).
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EMPIRICAL ANALYSIS OF FIRM DIVERSIFICATION

Thus far, we have described the skill-relatedness index and shown that skill-relatedness links industries

that we intuitively expect to have similar skill-requirements. In this section, we test the predictive

performance of the index using hypotheses regarding firm diversification as formulated in our theory

section. Toward this end, we constructed a firm-level database by aggregating individuals into

establishments and establishments into firms.10 On average, there were over 425,000 firms in the

Swedish economy during the period from 2004 to 2007. Approximately 8,000 firms consisted of more

than one establishment. If we define firm expansion as an event in which an existing firm opens a new

establishment, then there were 4,376 expansion events per year. Most expansion events simply

increase production capacity for existing activities, but in 649 cases, a firm opened an establishment in a

new industry and thereby further diversified its industrial portfolio. All of these diversification events

involve setting up a new plant. We did not study acquisitions, which are typically in less related

industries (Bryce and Winter, 2009), thereby limiting the analyses to diversification by internal

development.

The hypotheses at the end of the second section focus on whether and in what sense the

industries into which a firm diversifies are related to the firm’s core activity. We define the core activity

of a firm as the industry in which it employs the largest portion of its labor force. Each of the 649

diversification moves11 can accordingly be regarded as a move from the core industry into a new

industry.

Table 2 provides a summary of the observed diversification moves. The upper panel shows how

close the new industries are to the firm’s core activity in the industrial classification system (henceforth,

their NACE relatedness to the core industry). Surprisingly, most diversifications cross the boundaries

between 1-digit sectors. This finding shows that according to the industrial classification system,

diversification predominantly takes place between unrelated industries. If we instead use the skill-

relatedness index, then this finding must be revised substantially. In some 80 percent of all industry

combinations, skill-relatedness equals zero. However, these industry combinations account for only 77

of the 649 diversification moves (or less than 12%).12 The lower panel of Table 2 tabulates diversification

moves for different skill-relatedness values. Unlike NACE relatedness, which can only assume four

10
Statistics Sweden identifies firms and establishments using the so-called DEE system (Andersson and Arvidson,

2006). As a result, changes in the legal status of establishments or firms do not lead to changes in identifiers.
11

This excludes five diversification moves for which industries were too small to calculate skill-relatedness.
12

Moreover, in over two-thirds of these diversifications, skill-relatedness is not significantly different from 1,
indicating that it is uncertain whether or not these diversifications are actually unrelated.
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different values in a 4-digit classification system, skill-relatedness is a continuous measure. To make the

two relatedness measures comparable, we transformed skill-relatedness into a categorical variable that

assumes four different values such that each category contains the same number of industry

combinations as the corresponding category of NACE-relatedness. Focusing on the lowest relatedness

categories, we find that 66.4 percent of all diversification moves are unrelated according to the NACE

system, whereas only 33.4 percent are according to skill-relatedness. In fact, except in the highest

category, diversification moves between industry pairs in high skill-relatedness categories always

substantially outnumber those in high NACE-relatedness categories.

- Table 2 about here -

Diversification probabilities

A more rigorous way to study the predictive power of skill-relatedness is to focus on the choices that a

diversifying firm faces. Imagine a firm ݂ that is active in ܰ industries and has decided that it wants to

diversify. In principle, there are 415 – ܰ possible diversification candidates. These candidate industries

can be represented by the set ܺ = ቄݔଵ,ݔଶ, … ସଵହିேቅthatݔ, contains all industries in the economy but

excludes the original industrial portfolio of firm .݂ Let us furthermore assume that industry ݅∉ ܺ is the

core industry of firm .݂ We can now describe the situation in which firm ݂ diversifies into industry ݆

using the following three arrays:

(7) ܥ =

⎣
⎢
⎢
⎢
⎢
⎢
⎡

( (ଵݔ݅,

( (ଶݔ݅,
⋮

( ,݅ )݆
⋮

ቀ݅ ⎦ସଵହିேቁݔ,
⎥
⎥
⎥
⎥
⎥
⎤

; ܴ =

⎣
⎢
⎢
⎢
⎢
⎢
⎡

ܴܴܵ ( (ଵݔ݅,

ܴܴܵ ( (ଶݔ݅,
⋮

ܴܴܵ ( ,݅ )݆
⋮

ܴܴܵ ቀ݅ ⎦ସଵହିேቁݔ,
⎥
⎥
⎥
⎥
⎥
⎤

; ݀ =

⎣
⎢
⎢
⎢
⎢
⎡

0
0
⋮
1
⋮
0 ⎦
⎥
⎥
⎥
⎥
⎤

.

ܥ contains all possible diversification moves by firm ݂ from its core industry i݅nto new industries. ܴ is

a vector of skill-relatedness indices corresponding to the industry combinations listed in .ܥ Finally, the

vector ݀ tags diversification moves that have taken place with a one and contains zeros elsewhere.13 By

13 Note that although in this example, ݀ contains zeros in all but one position (which corresponds to )ܥ ,݅ )݆,

where it assumes a value of 1, indicating that ݂ diversifies into industry )݆, a firm that enters more than one
industry will have several elements in ݀ equal to 1.
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stacking the above vectors for all diversifying firms, we obtained a database that summarizes the 649

diversification moves together with the alternative diversification options that existed but were not

chosen in the vectors ,ܥ ܴ and .݀14

We used this database to estimate the diversification probabilities for different ranges of skill-

relatedness values15 and plotted the outcome in Figure 2 together with a confidence band of plus or

minus two standard deviations.16

- Figure 2 about here -

Although the absolute diversification probability is not very informative,17 the increase in diversification

probability associated with moving to higher skill-relatedness values is striking. When we move from

industry combinations for which skill-relatedness equals zero to industry combinations for which skill-

relatedness values are around 50, we observe a 123-fold increase in the probability of diversification.

We regard this leap in diversification probabilities as strong support for the hypothesis that firms

diversify into new activities that are closely skill-related to their present core activities (Hypothesis 1).

Hypothesis 2 states that skill-relatedness should be a more important factor in diversification

moves than other types of relatedness. Table 2 has already shown that skill-relatedness outperforms

NACE-relatedness. However, some diversification moves may be motivated by a desire for vertical

integration. A third form of relatedness that we would therefore expect to play an important role in

diversification decisions is value chain linkages. Toward this end, we constructed two variables based on

the Swedish input-output table for 2005:18

ܫ݊ ݐܴݑ ݈݁ ݐܽ݁ ݀݊ )ݏݏ݁ ,݅ )݆ =
ூே(,)

∑ ூே(,)
;

ݐܴݑݐݑܱ ݈݁ ݐܽ݁ ݀݊ )ݏݏ݁ ,݅ )݆ =
ை்(,)

∑ ை்(,)ೕ
.

14
Formally, the sample suffers from selection bias. Because we only used information on those firms that diversify,

we neglect the fact that there may be a number of other firms that undertook diversification efforts but failed.
However, we have no way of determining whether or not firms undertook such efforts except for the fact that
some of them succeeded.
15 We calculate the relative frequency of 1s in ݀ for 15 different intervals of the values in ܴ.
16

To calculate the confidence bands of a given interval, we assume that the values in ݀ are drawn from a binomial

distribution with a probability of success equal to the relative frequency of diversification and the number of draws
equal to the number of elements in the ܴ interval.
17

Given that there are 409.8 candidate industries for a firm on average and that firms diversify into 1.16 industries
at a time on average, the average diversification probability should be 1.16/409.8 = 0.28 percent.
18

This information is taken from the National Accounts, Statistics Sweden, www.scb.se.
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where

ܫܰ ( ,݅ )݆: the value of inputs that were sourced from industry ݅by industry ;݆ and

ܱܷܶ( ,݅ )݆: the value of output that was sold by industry t݅o industry .݆

These variables express the relative importance of one industry as a buyer or supplier of another

industry’s goods and services. Because input-output tables are only available at the 2-digit level, we

must assume that the input and output relatedness values at the 2-digit level are representative of the

4-digit level as well.

Regression analysis

To assess the relative importance of each relatedness type, we moved to a multivariate setting, using

our diversification dummy ݀ as a dependent variable in logit regressions. Table 3 summarizes the

outcomes of these analyses. Apart from point estimates and standard errors, we also report effect sizes

to facilitate the interpretation of the coefficients of the logit equation. The effect sizes represent the

change in diversification probability associated with a given increase in the variable at hand while

keeping all other variables at their median values. For the relatedness variables, which were

transformed into categorical variables, we report the rise in predicted diversification probability

associated with a move from the lowest to the highest category. For the employment variables, effect

sizes refer to an increase of half a standard deviation above their median values.

- Table 3 about here -

In the first column, diversification is regressed on skill-relatedness only. The estimated effect of skill-

relatedness is highly significant. Moreover, the effect sizes show that when moving from low to high

categories, the expected diversification probability increases by about 10.8 percent. This increase is of

the same order of magnitude as in Figure 2, which provides further support for Hypothesis 1.

Column (2) shows the parameter estimates when we control for overall Swedish employment in the

origin and destination industries.19 As expected, larger industries are associated with higher

diversification probabilities. However, the effect of skill-relatedness remains unchanged when we add

these control variables. In columns (3) and (4), variables for NACE and value chain relatedness are added

to the regression equation. Although they are often highly significant, the effects of these variables are

19
To reduce skewness, we log-transformed these variables.
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minimal (around 0.1%).20 Their inclusion, however, does reduce the size of the effect of skill-relatedness

(by 36% in column (3) and 44% in column (4)). Nonetheless, the effect of skill-relatedness remains

strong. Given that the estimated diversification probability for industry combinations in the lowest skill-

relatedness category is only 0.061 percent, an effect of 6.2 percent represents a 102-fold increase in

diversification probability. Furthermore, the skill-relatedness effect eclipses the effects of all of the

other relatedness variables. We therefore conclude that there is strong support for Hypothesis 2: skill-

relatedness and the fungibility of human capital play an extremely important role in corporate

diversification decisions, also when compared to the effect of other types of relatedness.

Additional analyses: skill-combinations

Thus far, we have used skill-relatedness to quantify to what extent new industries draw on sets of skills

similar to those of a firm’s core industry. However, firms that are already diversified do not simply use

one skill set. Instead, they combine the skill sets of a number of different industries. Since Schumpeter’s

(1951) suggestion that innovations are ‘neue Kombinationen’ (i.e., hitherto untried combinations of

existing ideas), the notion of combining skills and knowledge has been a central theme in theories of

discovery and novelty creation. Given that diversification is a form of innovation from the firm

perspective (i.e., the activity is new to the firm, though it may not be new to the world), the combination

of skill sets that a firm possesses may also matter for diversification. In fact, some authors propose that

to enter a new industry, a firm must possess the right combination of skills (e.g., Farjoun, 1998).

We investigate the role of combinations of skill sets in the model in column (5) of Table 3.

Referring to industries as skill-related if their skill-relatedness index does not fall into the lowest

relatedness category (which contains 85.7% of all industry combinations), we counted the number of

industries in a firm’s portfolio to which a candidate industry is related. This number indicates to what

extent a candidate industry is related not only to a firm’s core activity but to its full range of activities.

Column (5) adds two variables to the regression equation: the number of related industries in the

portfolio and the total number of industries in the portfolio. The reported effect sizes of these variables

correspond to a move from their lowest to their highest observed values in the sample. At first sight, the

introduction of these variables lowers the effect of skill-relatedness substantially. However, the new

variables should be regarded as decomposing the skill-relatedness variable into two components: a pure

20
Skill-relatedness is also superior in statistical terms. Estimating an ANOVA for the model in column (4), we find

that the share of explained variance that can be attributed to skill-relatedness is 2.3 times higher than the
combined share of the remaining three relatedness variables.
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skill-component and a skill-combination component. Thus, the decrease in effect size does not invalidate

our earlier findings but it results from disentangling different aspects of skill-relatedness. Both, the

relatedness to a firm’s core activity and the relatedness to its broader portfolio of activities, account for

a substantial increase in diversification probabilities. It appears that the likelihood that a firm will

diversify into a particular industry depends not only on whether the firm’s core industry is skill-related

to this industry but also on what number of the firm’s current industries are related to the industry.

DISCUSSION AND CONCLUSIONS

Our empirical analyses demonstrate the strong predictive validity of the labor flow-based relatedness

index for firm diversification. The effects of skill-relatedness are both statistically significant and

substantial in an economic sense. Diversification probabilities increase over 100-fold when we move

from low to high levels of skill-relatedness. Further, this effect is over 63 times as strong as the effect of

output relatedness, which has the second highest impact. Hence, one important and novel finding of our

study is that value chain linkages are far less important than human capital similarities in firm

diversification moves. Furthermore, we provide powerful evidence that industrial classification systems

are ill-suited to measuring relatedness. Skill-relatedness often crosses the boundaries between broadly

defined sectors such as manufacturing and services, and after we correct for skill-relatedness, the effect

of NACE relatedness on firm diversification is negligible. One caveat, however, is that we only

considered diversification via internal development. Diversification through acquisitions lies beyond the

scope of this article but certainly merits closer attention. Similarly, the refocusing of firm activities

through divestitures is an important topic for future work that will help us to gain a fuller understanding

of the evolution of firm portfolios.

Cross-industry labor flows

The use of labor flows to quantify skill-relatedness also requires further qualification, as we have already

argued. Labor flows are not only driven by similarities in terms of skill requirements but also by

compatibility between corporate cultures and social networks. Thus, our relatedness index may capture

more than simply skill-relatedness. For instance, although the five industries that are most skill-related

to social work activities are all health care industries, small-scale farming and the activities of religious

organizations are also highly ranked. It is plausible that labor flows to these industries are caused more

by compatible values than by compatible skills. Similarly, the public administration industries form a
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rather tight but peripheral cluster in industry space, and this may reflect differences between the

corporate culture of the private and the public sector rather than skill-relatedness. Regardless, our

overall impression after a close inspection of the skill-relatedness matrix is that skill similarities

dominate industry space linkages. However, because compatibility between corporate culture and social

networks may also affect the diversification strategies of firms, our empirical analyses suffer from some

degree of observational equivalence with respect to these alternative interpretations.

A similar problem arises because people are often reluctant to migrate. Cross-industry labor

flows will therefore also be affected by the geographical distribution of industries. There is no

straightforward solution to this problem. Because sharing a common pool of labor is an important

reason for firms to cluster geographically (see Rosenthal and Strange (2004) for an in-depth discussion

of such agglomeration externalities), industries that use similar skills will often be found in the same

region. Controlling for geographical variables in the prediction of labor flows is therefore likely to do

more harm than good. One could, however, restrict the skill-relatedness index to those labor flows that

involve people who switch industries and, at the same time, move from one living space to another.

However, given the limited size of the Swedish population, such a strategy was unfeasible in this study.

Experimenting with different labor flows may also prove fruitful in other respects. For instance,

we dropped management occupations from our data based on the idea that management skills are not

necessarily industry-specific. However, it would also be possible to verify this by isolating the cross-

industry labor flows of managers and using them to construct a measure of management skill-

relatedness. In fact, the methodology we developed in this article can be used to estimate a broad range

of different relatedness indices, including marketing relatedness (based on occupations involved in

marketing and sales) or technological relatedness (based on labor flows of engineers and technicians), as

long as there is a sufficiently large sample of individuals. Moreover, in approximately one-third of all

diversification moves, we found no evidence of skill-relatedness between industries. One reason for this

may be that skill-relatedness is simply not always measured with sufficient precision. However, not all

diversification efforts will be aimed at leveraging human resources. A closer inspection of such skill-

unrelated diversification could yield important insights regarding reasons for diversification that are not

resource-based.

Novelty creation

In the additional analyses that we presented, we have shown that the number of activities that a firm

combines affects the probability of diversification into a particular candidate industry. More specifically,
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we showed that it is the number of activities a firm engages in that are related to the new industry that

matters (and not the sheer number of activities). One explanation for this finding can be found in the

literature on innovation, which suggests that combining skills from different contexts is often frustrated

by a lack of common ground between contexts (Nooteboom 2000). On this basis, Nooteboom proposes

that most novelty creation arises from interactions between people whose knowledge bases are

sufficiently different to offer the necessary scope for exchanging ideas but sufficiently similar to ensure

mutual understanding. In other words, novelty arises by combining ideas from contexts at an optimal

cognitive distance from one another. Because skill-related industries are different in some capacity but

are still sufficiently similar for people to be able to shift between them, they can be thought of as

contexts with a favorable cognitive distance, which may explain the dominant role of skill-relatedness in

the diversification decisions of firms.

Along this line of reasoning, one may speculate that firms benefit from building a portfolio of

skill-related activities, although we did not investigate this directly. For instance, rotating personnel

within such a portfolio may offer both the firm and its employees a constant flow of novel perspectives

without compromising the integrity of the organization as a whole. Indeed, Nonaka, Toyama and Nagata

(2000, p. 3) argue that ‘… individuals and organizations have a potential to grow together through the

process of knowledge creation’ (italics in original). Knowledge is created by putting information into a

particular context, and firms provide individuals with ‘ba,’ or a ‘shared context in motion’ (Nonaka,

Toyama and Nagata, 2000, p. 8), in which they cooperate to generate new interpretations and

knowledge. Diversification widens this context and thus induces novelty creation. Because some

industries can more easily be put into an overarching context than others, a strategy of skill-related

diversification may offer the required change without disrupting the shared context.21 Thus, the

changing position of a firm’s portfolio of activities in industry space may affect its innovative capabilities.

We believe that the study of firms and their portfolios from this perspective constitutes a promising new

avenue for future research.22

21
Nooteboom’s (2000, pp. 183-188) cycle of discovery is relevant in this context as well, as one could argue that

firms can use subsequent moves into related industries to maintain a cycle of discovery by using their existing
knowledge in new but related domains.
22

A particularly interesting aspect of skill-relatedness in this respect is that it is essentially asymmetrical in nature.
In other words, the skill-relatedness from t݅o i݆s not necessarily the same as the skill-relatedness from t݆o .݅ Such
asymmetries may indicate that the skills involved in certain industries have different levels of complexity, which
may lead to irreversibilities in portfolio development.
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The ontological status of industry space

An important point to note is that we have not linked the diversification strategy of firms directly to the

skills of their employees. On the contrary, because we excluded individuals who work in new plants from

the labor flows, labor flows and diversification events were effectively derived from independent

datasets. Instead of directly linking the micro-level of individual skills to the macro-level of corporate

competences, we thus introduced an intermediate level of analysis: the industry space network.23 We

then proposed that this intermediate level affects both the micro-level decisions by individuals seeking

to participate in firms and the macro-level selection of diversification candidates by firms. Our empirical

analyses strongly support the idea that this intermediate level does connect corporate diversification

patterns to patterns of cross-industry job switching. To theoretically justify endowing the industry space

dimension with its own ontological position, we can extend a line of argument presented by Chang

(1996). Chang (p. 588) claims that ‘… the list of lines of business, is the ‘state’ description of the firm’s

knowledge base embedded in the individual lines’ routines.’ Thus, one way to think of industry space is

as reflecting the structure through which the knowledge or skills associated with individual industries

are linked.

However, it remains unclear what ontological status we should attribute to industry space. One

might initially think of industry space as being pre-determined by nature: which industries’ skill-bases

can be connected might depend, for example, on the laws of physics. However, which skill-bases have

actually been linked in human knowledge depends on humanity’s understanding of nature, implying that

industry space changes as technological frontiers are pushed back. Yet, this is unlikely to be the full

story. Social constructivist theories of knowledge draw attention to the fact that the actual organization

of knowledge reflects social processes. Industry space could thus also be regarded as a social artifact,

allowing, for instance, cultural idiosyncrasies to play a role and industry space to differ across countries.

The introductory anecdote about aerodynamic car design in Germany supports such a perspective,

showing that ceasing airplane manufacturing caused a forced dialogue between the car and airplane

industries and led to new mental maps that inspired novel car designs. This line of reasoning also opens

up the possibility that firms construct their own internal industry spaces, connecting activities that other

firms may find difficult to connect24 and echoing Nonaka et al.’s (2000) idea that firms create ‘contexts-

in-motion.’ It may also be relevant to dynamic capabilities (Teece, Pisano and Shuen, 1997) because the

capacity of firms to address novel situations may rely (in part) on their ability to bend the currently

23
In this respect, skill-relatedness is no different from other relatedness indices.

24
This is one way to interpret Apple’s recent success at activities that are atypical for a computer manufacturer.
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dominant industry space within the organization. Given that micro-level labor market databases are

becoming available for an increasing number of countries, future research on the dynamics of and cross-

country differences within industry space could clarify its ontological status and may thereby uncover

hitherto unexplored aspects of the process of discovery.

Implications for management and policy making

The main lesson of our study for management is that managers must be aware of the latent potential

for diversification in their current workforce. Skill-related industries offer opportunities to diversify

without compromising corporate coherence. Moreover, such moves may benefit both a firm and its

employees because the concomitant favorable cognitive distances between activities increase the scope

for learning. As skill-relatedness changes over time, new opportunities may constantly arise due to a

sudden rewiring of industry space. Recognizing such new opportunities early may give firms an edge

over their competitors. The value of skill-relatedness and industry space research is, however, not

limited to firm-level management. It may also prove a powerful tool for understanding a local economy

as a whole. Regions and countries are constantly exposed to the forces of structural change. This

process of creative destruction destroys opportunities in one part of the economy while creating them

in other parts. Some skills will be rendered obsolete, whereas other skills will become scarce, with

tremendous losses in human capital investments as a result. Understanding the latent potential for

diversification in the workforce may thus be as important for regional and national policy-makers as it is

for corporate management.
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APPENDIX: CROSS-INDUSTRY LABOR FLOWS AND ESTIMATION OF SKILL-RELATEDNESS

In this Appendix, we describe how we constructed the matrix of skill-relatedness indices. This matrix,

together with the STATA and MATLAB code used in the article will be available on the first author’s

website.

Data and labor flows

The original datasets were provided by Statistics Sweden and contain employment and wage

information on the roughly 9 million individuals registered in Sweden during the 2004-2007 period.

There were over 4.5 million active individuals on the Swedish labor market at that time. By our

definition, a person is active on the labor market if he or she: (a) has a non-zero wage income and (b)

works in a plant with a registered industry code. Plants are assigned to 4-digit industries according to the

SNI2002 industry classification system. At this level of aggregation, the classification is the same as the

European NACE (Rev 1.1) classification. All 4-digit industries that employ fewer than 250 persons per

year on average were omitted because their labor flows are too small. The resulting database contains a

total of 415 different industries. Furthermore, to avoid reverse causality issues, we omitted all

individuals who move to plants that did not exist in 2004, the first year for which we have data.

Labor flows consist of the sum total of individual labor market moves. We registered a change in

employment as a labor market move if an employee changed jobs from one year to the next by moving

to another plant at another firm. By requiring that an employee change firms and establishments, we

avoided the possibility that a large number of individuals switched industries due to the reclassification

of plants. On average, nearly 600,000 individuals (about 12.5% of the active labor force) changed jobs

each year. However, slightly over half of them moved to newly established plants and were thus omitted

from the analysis. Table A1 summarizes information on all individuals working in plants that existed

prior to 2005.

- Table A1 about here -

Of the 280,000 remaining job switchers, almost 65,000 changed industries. As discussed in the theory

section, we can attain the most accurate possible picture of skill-relatedness by limiting our analysis to

individuals who are likely to possess specialized industry-specific skills. One strategy is to use

information on the occupations of individuals. However, such an approach would be plagued by

problems. The process of selecting specific ‘skill-intensive’ occupations would be subjective at best and
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arbitrary at worst. For instance, consider bookkeepers. In most firms, bookkeepers are viewed as

support staff. However, in some business services, bookkeeping is a core competence. Leaving out all

bookkeepers would be advisable in the former case but detrimental in the latter. Instead of identifying

all individuals who do use important industry-specific skills, we therefore settled for a more modest aim

and attempted to identify those individuals who are likely not to use many such skills in their work. We

then excluded them from our analysis.

Ultimately, we excluded two types of individuals: (apparently) low-skilled individuals and

individuals in management positions. In general, firms will reward employees most if they provide skills

that confer competitive advantage to the firm. Individuals with few skills that are deemed critical in the

industry will earn wages that are low relative to that industry’s general wage level. We therefore

disregarded all flows involving individuals who earn wages lower than their industry’s median wages.

However, employees in management positions are also likely to be among the high wage earners.

Management skills are often rather generic. Therefore, we also excluded all individuals in management

positions.25 We want to stress, however, that we do not believe that all individuals who earn low wages

have low skill levels or that managers do not have any industry-specific skills. Our contention is simply

that these groups may have skills that erode less when switching industries and that their labor flows

are less indicative of skill-relatedness on average. By leaving them out of our analyses, we should

therefore reduce the noise in our relatedness indices.

In Table A1, we find support for this claim. The individuals in our selection show evidence of

markedly different behavior from low-wage earners and managers in a way that suggests that their

human capital is indeed less job-specific. For instance, low-wage earners are more mobile than the

average individual; they are about twice as likely to change jobs as the individuals we selected.

Moreover, both managers and low-wage earners more frequently move into industries in a radically

different part of the economy, according to the industrial classification system. At the extreme,

managers move to jobs in completely different sectors of the economy 20 percent more often than

individuals in our sample. For low-wage earners the figure is even 50 percent higher.

Estimating skill-relatedness

As noted in the main text, labor flows do not only depend on skill-relatedness but also on certain

general characteristics of the industries involved. This presents us with a problem similar to that in co-

occurrence analysis: certain industries are overrepresented in any portfolio, regardless of their

25
We first exclude all individuals in management occupations and then establish the median wage in an industry.
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relatedness to other industries. Co-occurrence methods solve this problem by comparing raw co-

occurrence counts to a baseline. Although the exact type of baseline differs from one author to another,

the vast majority of articles use a baseline that reflects the different sizes of industries.26

However, there are also other industry characteristics that increase the visibility and desirability

of jobs, and only controlling for size effects does not do justice to them. For this reason, we use a

method outlined in Neffke and Svensson Henning (2008) that compares observed co-occurrences

against a baseline generated using regression analysis. First, observed co-occurrences (or in our case,

observed cross-industry flows) are used as a dependent variable in a regression model that uses all

415414 combinations of industries as observations. The vast majority of industry combinations exhibit

no labor flows at all, which suggests that a zero-inflated negative binomial (zinb) model is appropriate.

The zinb regression equation has two components: a regime selection equation and a count data

component. The regime selection equation determines whether there will be any flow at all. Next, the

count data component estimates the size of the flows, assuming that a non-zero regime is selected. The

general zinb regression model can be written as follows:27

(2) =൯ߝ,ݓ,ݒหܨ൫ܧ 1ൣ − +ߛ൫ߨ ݒ
ᇱߜ+ ݓ

ᇱߜ൯൧݂ ൫ߙ+ ݒ
ᇱߚ+ ݓ

ᇱߚ+ ൯ߪ,ߝ

In (2), .)ߨ ) is the probability that a flow can, in principle, take place as a function of the vectors andݒ

.ݓ These vectors contain industry-level variables. ݂൫ߙ+ ݒ
ᇱߚ+ ݓ

ᇱߚ+ ൯describesߝ the size of a labor

flow as a function of the same industry-level variables. Using this model, we then estimate the constants

ߛ and ߙ and the coefficient vectors ,ߜ ,ߜ ,ߚ and .Theߚ variables that we use to construct our baseline

predictions ܨ are total employment, employment growth and average wages.28

26
For instance, Teece et al. (1994) and Bryce and Winter (2009) compare their co-occurrence counts to what

should be expected if the number of firms that own plants in an industry is kept constant, but plants are randomly
reshuffled across firms. Hidalgo et al. (2007) divide observed co-occurrences by the total number of times the
larger of the two product classes is found in any co-occurrence.
27

The precise mathematical representation of the zinb model (e.g., Long, 1997) is rather cumbersome. The
probability that one will be able to observe any flow is modeled by a logistic CDF. The size of the flow is next
modeled by what is, in essence, very similar to an exponential function.
28

It is technically possible to add more variables. For instance, average educational attainment or the age
composition of an industry may affect labor flows. However, these variables do not represent incentives for labor
market moves so much as characterize the individuals who work in an industry. Consequently, they may proxy
other characteristics of individuals, such as their skills, and including them as regressors may bias skill-relatedness
estimates.
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Our primary goal in the regression analyses is not causal analysis. Instead, we aim to arrive at

the best possible prediction of labor flows based on the information in the regressors. We pool all data

by summing labor flows and employment data across all available years to improve the efficiency of the

estimates. After some experimentation, a model that uses variables in levels for the regime selection

equation and log-transformed variables for the count data equation proves to perform best. We then

estimate the following model:

(3) =൯ߝ,ݓ,ݒหܨ൫ܧ 1ൣ − +ߛ൫ߨ ݁ߜ +݉ ݁݉ߜ ∙൯൧

+ߙ݂) ݉݁)ଵlogߚ ( + ଶ݈ߚ ݃ ݃ܽݓ) ݁) + ଷ݃ߚ ℎݐݓݎ 
�

ଵlog൫݁ߚ+� ݉ +൯ ଶߚ ݈݃ ൫݃ܽݓ ݁൯+ ଷ݃ߚ ℎݐݓݎ ൯

with

݁݉ : sum of employment in industry of origin a݅cross 2004, 2005 and 2006;

݁݉ : sum of employment in destination industry ݆across 2005, 2006 and 2007;

݃ܽݓ ݁: average wage in industry of origin a݅cross 2004, 2005 and 2006; and

݃ܽݓ ݁: average wage in destination industry ݆across 2005, 2006 and 2007.

Employment growth is defined as follows to create a more symmetrically distributed variable:

ℎݐݓݎ݃ =
 (ଶ)ି (ଶସ)

 (ଶ)ା (ଶସ)

ℎݐݓݎ݃  =
 (ଶ)ି (ଶହ)

 (ଶ)ା (ଶହ)

with the year to which the data refer in parentheses.

The outcomes of the regression are summarized in Table A2. The sizes of the origin and destination

industry have the expected positive effects on the size of labor flows.29 Fast-growing industries have

both larger outflows and inflows of labor, which may reflect the greater volatility of these industries.

Wage levels have no effect on the outflow of labor, but in line with the conjecture that high-wage

industries offer desirable jobs, they do lead to a significant increase in labor inflow.

- Table A2 about here -

29
The regime selection equation is framed in such a way that the probability of observing a flow of 0 is coded as a

1. Therefore, a negative effect in this equation indicates a positive effect of the variable on the dependent variable.
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Using the point estimates of the parameters in equation (3), we calculate the expected labor flows in all

industry combinations based on industry size, growth and wage information. For instance, the expected

labor flow from hotels to restaurants is 7.7. However, we observe a labor flow of 892. Therefore, the

estimated skill-relatedness from hotels to restaurants equals
଼ଽଶ

.
= 115.3. This number is substantially

larger than 1, which indicates that hotels and restaurants are strongly skill-related industries. In fact, a

value of 115.3 puts these industries in the top 0.06 percent of all industry combinations in terms of skill-

relatedness. If we repeat these calculations for all industry combinations, we obtain a matrix that

consists of 171,810 different skill-relatedness indices.

Determining the significance levels of skill-relatedness estimates

As noted above, there are no labor flows between the vast majority of industries. As a result, the skill-

relatedness matrix contains 81.3 percent elements equal to zero. However, in many such cases we

would also predict labor flows to be negligible because, for instance, one of the industries involved is

very small. In industry combinations with values for ܨ that are only a fraction of 1, an increase in the

labor flow from zero to one individual will lead to large changes in the skill-relatedness index. The

corresponding relatedness indices should thus be interpreted with caution. The basic problem is that

skill-relatedness is not estimated with equal precision for all industry combinations. Therefore, we

construct confidence intervals.

Labor flows can be regarded as the outcome of job-switching decisions. To be more specific, we

assume that all employees in an industry ݅have the option of switching to a new job in a new industry.

For the sake of simplicity, we also assume that all of these individuals make their choices independently

from one another and abstract from the fact that in reality, we can observe only one labor move per

year for each individual. On this basis, each individual faces 415 independent choices. One is to stay in

his or her current industry; the other 414 choices represent moves into each of the remaining 414

industries.

A job switch choice can then be modeled as a Bernoulli experiment with a probability of success

equal to . At the aggregate level, the labor flow from ݅to ,݆ or ,ܨ is the outcome of a binomial

experiment ܫܰܤ ( (݊, where ݊ is equal to employment in industry ,݅ and  is equal to :

(4) ܫܰܤ~ܨ ൫݁ ݉ ൯,
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The question of how informative a specific labor flow is can now be rephrased as the question of how

likely it is that one will observe ܨ
௦merely by chance. Let bê the expected counterpart of :

(5) ̂ =
ிೕ

 

If we take ̂ as a benchmark, then the question above translates into a statistical test of whether ܨ
௦

is exceptional, assuming that ̂ represents the real probability that an individual will move from

industry ݅ to industry .݆ If skill-relatedness exceeds one, then the one-sided test calculates the

probability that ≤ܨ ܨ
௦, assuming that ܨ is generated via a ܫܰܤ ൫݁ ݉ , .൯procesŝ The p-value of

this test is calculated as follows:

(6) ܲ൫ݔ≥ ܨ
௦ห = =൯̂ 1 − ∑ ቂ̂

 ∙ ൫1 − ൯̂
 ି 

ቀ
݁݉ 
ݎ

ቁቃ
ிೕ
್ೞିଵ

ୀ

For skill-relatedness values smaller than 1, we reverse the inequalities:

(7) ܲ൫ݔ≤ ܨ
௦ห = =൯̂ ∑ ቂ̂

 ∙ ൫1 − ൯̂
 ି 

ቀ
݁݉ 
ݎ

ቁቃ
ிೕ
್ೞ

ୀ

Outcomes

Based on a p-value of 5 percent, skill-relatedness is significant and larger than 1 in 6,894 industry

combinations (4.0% of all possible industry combinations). We find significant skill dissimilarity between

industries in 2.8 percent of all cases. In 93.2 percent of all industry combinations, industries are neither

significantly skill-related nor significantly skill-dissimilar. Most of the industries in these combinations

are very small. In fact, when we weigh the industries of origin and destination by employment,

significant estimates account for 56.4 percent of all industry combinations in the Swedish economy.

Table A3 summarizes these findings.

- Table A3 about here -
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TABLES AND FIGURES

Table 1. Top five labor flows between 2004 and 2007.

Labor flow Industry of origin # employees Industry of destination # employees

1,301 8511: Hospital activities 101,810 8512: Medical practice
activities

27,245

1,085 8531: Social work activities
with accommodation

99,642 8511: Hospital activities 102,463

1,021 5530: Restaurants 25,959 5510: Hotels 13,232

933 8512: Medical practice
activities

28,044 8511: Hospital activities 102,463

892 5510: Hotels 13,193 5530: Restaurants 24,585

Labor flow is the cumulative flow of labor from the industry of origin to the destination industry between 2004 and 2007.
# of employees refers to the average annual number of employees during the periods 2004-2006 (industry of origin) and 2005-
2007 (destination industry).

Table 2. Diversification moves by NACE- and skill-relatedness categories.

# diversifications % diversifications

Within the same 3-digit industry 46 7.1%

Within the same 2-digit industry 96 14.8%

Within the same 1-digit industry 76 11.7%

Between different 1-digit industries 431 66.4%

Within SR category 3 combinations 38 5.9%

Within SR category 2 combinations 127 19.6%

Within SR category 1 combinations 267 41.1%

Within SR category 0 combinations 217 33.4%
Skill-relatedness (SR) categories are defined in such a way that each category contains as many industry combinations as the
corresponding row in the upper panel.
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Table A2. Zero-inflated negative binomial regression of labor flows.

Parameter estimate Standard error p-value

Count data equation

log(emp_o) 0.851*** (0.006) 0.000

log(emp_d) 0.676*** (0.007) 0.000

growth_o -1.318*** (0.141) 0.000

growth_d 0.363** (0.161) 0.024

log(wage_o) 0.303*** (0.032) 0.000

log(wage_d) 0.679*** (0.032) 0.000

constant -26.575*** (0.471) 0.000

Regime selection equation

emp_o 1.24E-06*** (3.87E-07) 0.001

emp_d -4.22E-04*** (2.12E-05) 0.000

constant 0.240*** (0.057) 0.000

Over-dispersion parameter

log(alpha) 1.138*** (0.011) 0.000

Nobs 171,810

Nobs flow=0 139,624
*, p<0.05; **, p<0.025; and ***, p<0.01. emp_o: sum of employment figures in industry of origin during the 2004-2006 period;

emp_d: sum of employment figures in destination industry during the 2005-2007 period; wage_o: average yearly wage in

industry of origin during the 2004-2006 period; wage_d: average yearly wage in destination industry during the 2005-2007

period; growth_o growth in industry of origin between 2004 and 2006 as defined in the Appendix; and growth_d growth in

destination industry between 2005 and 2007 as defined in Appendix.

Table A3. Frequency of significant skill-related industry combinations.

Significant Insignificant

Level

ܨ
௦ = 0 dissimilar 2,681 136,943

ܨ
௦ > 0 related 6,894 15,168

dissimilar 2,180 7,944

Percentage

ܨ
௦ = 0 dissimilar 1.56% 79.71%

ܨ
௦ > 0 related 4.01% 8.83%

dissimilar 1.27% 4.62%

Employment-weighted

ܨ
௦ = 0 dissimilar 10.65% 17.93%

ܨ
௦ > 0 related 14.32% 9.30%

dissimilar 31.47% 16.34%

Significance level: 5%. Weights: ݁݉ ∙ ݁݉ .
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Figure 2. Skill-relatedness and estimated diversification probabilities.
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