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A B S T R A C T

Labour networks, where industries are connected based on worker tran-sitions, have been previously deployed to study the evolution of industrialstructure (’related diversification’) across cities and regions. Beyond es-timating skill-overlap between industry pairs, such networks characterisethe structure of inter-industry labourmobility and knowledge diffusion in aneconomy. Here we investigate the structure of the network of inter-industryworker flows in the Irish economy, seeking to identify groups of industriesexhibiting high internal mobility and skill-overlap. We argue that theseindustry clusters represent skill basins in which skilled labour circulateand diffuse knowledge, and delineate the size of the skilled labour forceavailable to an industry.
Deploying a multi-scale community detection algorithm, we uncover ahierarchical modular structure composed of clusters of industries atdifferent scales. At one end of the scale, we observe a macro divisionof the economy into services and manufacturing. At the other end ofthe scale, we detect a fine-grained partition of industries into tightly knitgroupings. In particular, we find workers from finance, computing, and thepublic sector rarely transition into the extended economy. Hence, theseindustries form isolated clusters which are disconnected from the broadereconomy, posing a range of risks to both workers and firms. Finally, wedevelop a methodology based on industry growth patterns to reveal theoptimal scale at which labour pooling operates in terms of skill-sharingand skill-seeking within industry clusters.
JEL Codes: D85, D83, N9.
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1 Introduction

Emerging from the fields of economic complexity and evolutionary economic geography,a growing emphasis has been placed on the role of embedded knowledge in the economicdevelopment of a place (Nelson and Winter, 1982). This literature emphasises the role oftacit know-how and skills embedded in workers, and their role in the growth of new eco-nomic activities. From this perspective, regions are constrained to diversify into ’related’activities (Frenken et al., 2007; Hausmann et al., 2007), building on local capabilities in apath dependent manner. This branching process may be modelled using inter-industrylabour mobility networks which capture skill-relatedness between industry pairs (Neffkeand Henning, 2013).
More recently this literature has sought to engage with the concept of economic resilience,taking a non-equilibrium view of resilience as the ability of a region or place to adapt to ashock, rather than return to a pre-shock equilibrium (Boschma, 2015). This framing canbe related to employment and skills, and the ability of firms and works to move betweensectors in response to adverse events (Diodato and Weterings, 2014).
A third, connected literature focuses on the role of knowledge-flow within industrial clus-ters, key to innovation and labour pooling (Porter, 1998; Delgado et al., 2015). In this case,inter-industry labour mobility is desirable for a number of reasons, including firm learningand innovation (March, 1991; Catini et al., 2015).
The goal of this paper is to deploy network science techniques to uncover industry clustersin inter-industry labour networks. Groups of tightly connected industries that exhibit highinternal labour mobility and skill-sharing may benefit from concentration effects. Risksemerge, however, from labourmarket fragmentation that reduces the ability of firms to hirerelevant skills and gain new know-how, and the ability of workers to seek new employmentin unrelated sectors.
We develop our analysis by studying the labour mobility network of Ireland, a small openeconomy subject to a range industry-specific risk factors. We study inter-industry labourflows from 2005 to 2014, using a unique dataset created from annual tax returns filed byemployers on their employees to the Irish tax authorities. We find this network exhibitsa highly modular and nested structure, characterising the ability of industries to benefitfrom similar skills. Tightly knit clusters include finance, computing, and the public sector.Workers from these sectors rarely transition into the extended economy. On the otherhand construction, agriculture and food, manufacturing and the hospitality sector enjoy ahigher level of external linkages, rendering their workforcemoremobile and less vulnerableto external shocks.
Building on an established framework developed to model industrial diversification pat-terns (Hausmann et al., 2007; Neffke et al., 2011; Neffke and Henning, 2013), we propose anewmetric to predict industry employment growth based on the size of employmentwithinan industry’s own community. This ‘skill radius’ captures the relevant skills available to anindustry. Finally, we show how this methodological approach can be used to uncover theoptimal scale at which labour pooling operates in terms of skill-sharing and skill-seekingwithin industry clusters.

2 Literature

2.1 Network structure and dynamics

Network analysis provides a uniquely powerful tool to understand and quantify complexsystems whose aggregate dynamics depends not on individual agents or homogeneous
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populations but an underlying heterogeneous interconnection structure. Network modelsare increasingly used to understand the role interconnection structures play in economicand innovation-related processes, including research clusters (Catini et al., 2015), innova-tions (Hermans et al., 2013), worker skill complementarity (Neffke et al., 2017), country-levelR&D efficiency Guan and Chen (2012), and the success of venture capital markets (Milo-sevic, 2018). Of particular relevance to this work are studies related to industry-networks,including regional skill relatedness (Fitjar and Timmermans, 2017; Neffke and Henning,2013), and the inter-industry propagation of microeconomic shocks to macroeconomicoutcomes (Acemoglu et al., 2015b; Gabaix, 2011).
Here we are concerned with a network of industries, connected by normalised workerflows, constructed for data from 2005-14. We wish to characterise the structure of the net-work in terms of the dynamics of labour mobility as workers move in the network. Whilethere are a wide range of tools and approaches to studying network structure (Newman,2003), we will focus on uncoveringmodular structure. The presence of densely connectedcommunities of nodes, with sparse connections between communities, is indicative of anunderlying sub-structure or functional organisation (Fortunato, 2010). Community detec-tion has been used extensively to study the structure and dynamics of biological and socialnetworks (Girvan and Newman, 2002).
Here we propose that it is the modular structure of such networks that gives rise to ‘skill-basins’, clusters of highly skill-related industries within which workers circulate freely, butrarely leave. The presence of such clusters may promote internal sharing of skills andknow-how, but where highly modular constrains mobility and knowledge diffusion, limitingthe labour pool for firms and the job pool for workers.
While most well-known methods for community detection seek to find a single node par-tition under a particular optimisation strategy (e.g., modularity), it is more natural to thinkabout a range of partitions on different scales (frommany small node clusters to few largerclusters) (Delvenne et al., 2010). This information can be extracted by analysing the pat-terns of random walkers on a network: walkers tend to get trapped in densely connectedregions. Longer time-scales correspond to larger node aggregations.
Hence, here will we study themodular structure of the labour network on a range of scales,from a macro division of the economy into large groups of inter-related industries andsectors, to a fine-grained description of inter-industry mobility patterns. We can identifylocally strong clustering, e.g., particularly densely connected node grouping, by studyingthe persistence of communities across scales. In other words, if node communities persistover a range of scales, as other communities merge into larger groupings, then we candeduce that these communities are particularly well-defined.

2.2 Industrial clusters

This perspective is connected to work on industrial clusters (Porter, 1998) and agglomera-tion economies (Marshall and Marshall, 1920; Ellison et al., 2010), whereby geo-graphicallyco-located groupsof similar firmsand industries generate positive competition and spilloversvia sharing of various costs including labour, transport and learning. Clusters are an impor-tant policy tool, and form a key tenet of the EU’s ’smart specialisation’ strategy (Boschma,2017).
Industry clusters detected in labour networks as described above exchange labour, skillsand know-how. As reviewed by Glückler et al. (2017), knowledge flows between these firmstransport know-how and skills, supporting firm learning and innovation (March, 1991). An-other key benefit of industry clustering or co-location is thought to be labour pooling, offer-ing benefits and protections to both workers and firms (Marshall and Marshall, 1920). Thisidea can be linked to broader concept of resilience and adaptability (Diodato andWeterings,
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2014; Boschma, 2015), whereby mobile workers may transition to new sectors in the eventof an adverse shock. This skill-based perspective contrasts with the traditional approachof studying industry shocks and resilience using input output networks which capturesbuyer-seller relationships between industries (Acemoglu et al., 2015b; Gabaix, 2011), andcan be seen as a complementary rather than rival framework within which to study thepropagation effects of sectoral shocks.
Previous work (Delgado et al., 2015) has sought to identify industry clusters for US indus-tries using inter industry linkages based on co-location patterns, input-output links, andsimilarities in labor occupations. The latter occupational similarities aim to capture skill-overlap in much the same manner as labour flows, but are thought to be significantly lessprecise (Neffke and Henning, 2013) and do not quantify labour mobility as such.

2.3 Knowledge as the foundation of economic development

Beyond industrial clusters, much of our interest in quantifying the structure of labour mo-bility patterns stems from an emerging focus on the role of know-how and tacit knowl-edge (and its dynamics) in the development paths of economies (Nelson andWinter, 1982;Frenken et al., 2007; Hausmann et al., 2007). From this viewpoint, countries grow as theyacquire know-how or ’capabilities’, and learn to combine these complementary capabilitiesin order tomove intomore complex or sophisticated economic activities. Under this frame-work, ’capabilities’ are primarily thought of as skills, know-how or tacit knowledge, but canalso include physical inputs, and other localised attributes such as institutions, culture andnatural amenities. Here we focus on skill or labour market capabilities, a choice furthersupported by recent work which affirms the importance of skills, as compared to otherattributes such as the proximity of suppliers, in the locational decisions of firms (Diodatoet al., 2018).
It is the local know-how, in the form of skills learned on the job, that constrains economicdevelopment and sectoral diversification in high-income countries. In an effort to modeland capture these processes, there have been a range of efforts to quantifying embeddedknowledge in terms of complementary skills or capabilities. These include the economiccomplexity index (ECI) developed by Hidalgo and Hausmann (2009), which estimates theknow-how embedded in a country based on the distribution of world-wide export activity.The ECI index is more strongly predictive of economic growth compared to standard mea-sures of educational attainment or quality of institutions. In essence, countries which havea high ECI relative to their current GDP tend to grow in the future: they have complex knowl-edge ready to deploy to newmore sophisticated economic activities. Others have focusedon innovation, and growth at the extensivemargin generated by knowledge re-combination(e.g, Balland and Rigby, 2017). These literatures also relate to exogenous growth theoriesthat emphasises skills and the processes of mixing them (see, e.g., Romer, 1986; Lucas Jr,1988).
Beyond measuring embedded know-how, in order to describe development paths it is crit-ical to identify activities that are ’proximate’ in terms of their skill and knowledge require-ments (Frenken et al., 2007; Hausmann et al., 2007). That is, places move into new eco-nomic activities that share existing skills in a path dependent manner. This process canbe modelled using a network, where nodes represent industries and edges represent skill-overlap (Hausmann et al., 2007; Neffke et al., 2011). The network can be seen as an ‘eco-nomic landscape’: the position of a place constrains its future development path. Placeswith many industries located in the interior of the network share skills with many new po-tential industries, while those on the periphery have fewer options.
A variety of methods have been proposed to estimate the edge weights of this network,most of which aim to measure capability overlap or skill/technological relatedness. For
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example, we can use geographic co-location of industries as a general metric for capabilityoverlap (Hausmann et al., 2007), production-input similarity as a proxy for input-sharing(Acemoglu et al., 2015a), occupational similarity between industries as a proxy for laboursharing (Farjoun, 1994; Chang, 1996), and the co-appearance of industry pairs on patentsas a proxy for knowledge sharing (Ellison et al., 2010; Jaffe, 1989). However, the currentlyoptimum (least noisy, with comparable estimates across all sectors) approach counts thenumber of workers who switch jobs between industry pairs (Neffke and Henning, 2013).Intuitively, if many workers move from one to another, then it is likely that these industriesshare a high degree of skill-similarity.
In order to model potential future development paths for a region, it has been commonto predict the growth of region-industry employment using a metric based on the size of(regional) employment in ’related industries’ (Neffke and Henning, 2013; Hausmann et al.,2014), e.g., the total employment in neighbouring industries in the network. This capturesthe level of available and relevant skills and know-how in the economy. The ‘related di-versification’ literature (Frenken et al., 2007; Neffke et al., 2011) has probed a wide rangeof questions around local growth paths, including employment and export growth, andfirm and sector entry, and urban formality rates (Neffke et al., 2011; Hausmann et al., 2014;O’Clery et al., 2016).
Here, we will consider Ireland as a single ‘region’, following Acemoglu et al. (2015b), anddevelop a network-based metric to predict industry employment growth. Instead of con-sidering employment in neighbouring or ’related’ industries, which implicitly ignores thenetwork structure, we consider the total employment within an industry’s own commu-nity. This is the ’skill radius’ of an industry (denoted ’cluster employment’). It capturesthe modular structure of the network, and includes additional relevant information on theskills-available to a particular industry (e.g., those in its skill-cluster).
Finally, we probe the relationship between industry growth patterns and the cluster em-ployment across industries for a range of network partitions (from few large communitiesto many small communities) to reveal the optimal scale at which labour pooling operatesin terms of skill-sharing and skill-seeking within industry clusters.

2.4 A 21st Century tiger? Ireland’s industrial policy

Ireland has energetically engaged in an industrial development strategy since the 1950sfocusing on fostering international linkages (Barry, 2014a). This ‘tale of two liberalisations’describes, first, the opening up of the domestic economy from its post-War protectioniststance using tax-breaks and subsidies to foreign-owned companies. A second round ofliberalisation occurred with entry into a Free Trade Agreement with the UK in 1965, andthen the European Economic Community in 1973.
Ireland’s industrial development strategy has emphasised export-led growth driven by thepresence of foreign-owned firms in a few sectors. This activity dominates Irish GDP. Infact, in 2018, exports were 122% of GDP. This policy success has been internationally feted,despite recent critiques of the low taxation-based approach (Tørsløv et al., 2018).
This success also represents a potential risk to the stability of the economy. O’Clery (2016)finds that domestic exports are distant from foreign activities in terms of the required skillsand capabilities, potentially limiting positive spillovers. Bermingham and Conefrey (2014)find Irish economic growth is highly sensitive to the performance of its trading partners.Sectors known to be highly susceptible to trade shocks include agriculture, transport andfinancial services.
Despite Ireland’s success in attracting inward investment, a key issue is that employmentis less concentrated than GDP would suggest. Employment is far more broadly based,with a significant presence in hospitality, construction and the public sector. Hence, in
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addition to policies to secure foreign direct investment, there have also been efforts tostimulate domestic firms and generate employment growth. Policies include a focus onindustry-university R&D partnerships (Barry, 2014b), and the development of better link-ages between industries (Barry, 2014a; O’Leary and van Egeraat, 2018). This latter push isassociated with efforts to support the development of knowledge clusters, whereby eco-nomic activity is spatially organised to increase concentration and thereby competitive-ness and spillovers, which has been Irish government policy since the Culliton Report in1992.
Despite the lack of formal evaluation by the state of these policies, (O’Leary and vanEgeraat(2018)), using NUTS3 data O’Connor et al. (2017) found clusters were in evidence across 14separate regions in Ireland. Kogler and Whittle (2017) connect cluster policy to knowledgerelatedness by describing Ireland’s development from 1980 to 2010 in terms of branchingprocesses, whereby new technologies (captured in patent data) branch out from existingor related knowledge.
In this paper, capturing a larger swathe of service and production activity not seen in in-novation studies using patent data, we focus on uncovering industry clusters based onskill-sharing. Analysing the network structure of inter-industry labour mobility provides anovel approach to identifying these clusters, and enables us to quantify the size of theskilled labour pool available to an industry, a key determinant of industry growth.

2.5 Overview

At this stage of the paper, we provide a brief overview of our key results.
• By looking at the presence of industry-skill clusters at a range of scales, we observe ahigh level of labour market fragmentation in the Irish economy. In particular, finance,and the public sector are isolated in terms of labour mobility from the broader econ-omy.
• At the largest scale patterns of labour mobility ultimately splits industries into white-collar service sectors, and blue-collar manufacturing, agriculture, and retail sectors.
• The size of available employment in skill-related industries, defined as employmentin an industry’s own community or cluster, is predictive of an industry’s ability to grow.This mechanism is particularly potent for services industries as compared to tradi-tional manufacturing industries.
• We argue that this methodology enables us to identify the optimal scale at whichlabour pooling operates, finding that the model performs best for relatively smallindustry clusters (mean size of about 20 industries).

In Section 3, we review the data and methods. In Section 4, we present the results on in-dustry clustering and the industry growth analysis. In Section 5, we conclude by discussingsome of the potential policy implications of our work.
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3 Data and Methods

3.1 Data

The data used in this paper is sourced from an anonymised administrative dataset in Ire-land’s Central Statistics Office (CSO)1. This dataset contains a separate entry for every reg-istered employment position in Ireland in each year from 2005 to 2016. The employmentrecords are created from SPP35 annual tax returns filed by employers on their employeesto the Irish Revenue Commissioners.
This dataset was combined with administrative data from other sources (social welfareand business registries) to exclude all employments where the employee was under theage of 16 and all employments where the employeewas a pensioner, and identify the corre-spondingNACE 1.1 four digit code of the firm. More details on thematching and processingsteps can be found in the Appendix.
This data was used to construct the inter-industry labour flow network (see next section),as well as annual employment counts by industry (2005-16). Throughout this work, theindustry classification corresponds to the NACE 1.1 four digit classification.

3.2 Network construction

Once extracted, we construct the labour network, based on the skill-relatedness method-ology of (Neffke and Henning, 2013). First, we calculate skill relatedness for each yearbetween 2005 and 2014. The number of employees who transitioned between two indus-tries i and j between years t and t+1 are denoted byFijt. The skill-relatedness is expressedas:
SRijt =

Fijt
FjtFit/Ft

wheremissing indicesmean all values are included in the variable. The denominator repre-sents the worker flow between industries i and j that would be expected at random giventhe total flows of the respective industries. This is known as the Configuration Model Mol-loy and Reed (1995) in the network science literature. Hence, the skill relatedness metriccaptures excess flows beyond what would be expected at random.
This measure is highly skewed, with industries that are more related than average rangingfrom 1 to infinity and those that are less related than average lying between zero and one.Therefore, following Neffke et al. (2017), we transform it so that it maps onto the interval[-1, 1):

S̃Rijt =
SRijt − 1

SRijt + 1

To improve the precision of the indicator and protect anonymity, we average it across allyearly flows between 2005 and 2013:
MS̃Rij =

1

9

∑
t=2005:2013

S̃Rijt

and make it symmetric:
SS̃Rij =

MS̃Rij +MS̃Rji
2

.

1The possibility for controlled use of confidential micro data on the premises of the CSO is provided forin the Statistics Act 1993. The use of CSO data in this work does not imply the endorsement of the CSO inrelation to the interpretation or analysis of the data. Care was taken to ensure that no individual people orfirms were identifiable during this analysis. This paper uses methodology that does not (and is not intendedto) correspond to statistical aggregates published by the CSO.
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Figure 1: (A) The adjacencymatrix (positive edge weights)Aγ for γ = 0. Thematrix is sparse, and we observesome clusters of values near the diagonal, these are links between industries in the same sector. (B) The pro-portion of edges (e.g., the number of edges present as a ratio of those possible) within and between one-digitNACE sectors. Several sectors exhibit high levels of internal edges, combining large entries on the diagonalwith few off-diagonal positive entries, including finance, public administration, and hotels and restaurants.Most other sectors, and particularly manufacturing, retail and wholesale trade, transport, real estate, commu-nity work and agriculture, do not exhibit such structure. The presence of unstructured off-diagonal linkagessuggests a complex transition structure between industries not well described by sectoral groupings. (C) Thetop 20 industry pairs by edge weight. We observe high values within a range of sectors including transport,forestry, fishing and farming, publishing, manufacturing, the public sector and the financial sector.

We consider the weighted undirected adjacency matrix:
Aγij =

{
SS̃Rij if SS̃Rij > γ

0 otherwise
Setting γ = 0 corresponds to keeping flows for which SRijt > 1, and hence the proportionof flows is larger than would be expected at random. In many cases below we will set
γ slightly higher than zero to exclude flows close to random, and perform a sensitivityanalysis to check to what extent the choice of γ affects our results.2

3.3 Community detection

We are interested in discovering groups of industries that exhibit high internal worker mo-bility in the form of network communities. There are a wide array of algorithms and tech-niques to perform this task as outlined above. Here, we deploy an algorithm based on
2All community detection analysis is performed setting γ = 0.
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simple random walk model (Delvenne et al., 2010; Lambiotte et al., 2008, 2011). The coreidea is that if a walker - who jumps from node to node with probability proportional to theedge weights - gets trapped in a region of the network (set of nodes) for a prolonged periodthis indicates a region of densely connected nodes which form a community.
One of the key advantages of this algorithm is that it detects communities on a range ofscales, ranging from a large number of small communities to few large communities. In-tuitively, if we let a randomwalker wander for longer periods on the network, the walker willdetect larger and larger communities. Hence, we have a parameter τ which correspondsto ’time’ or scale. For larger values of τ , we detect fewer, mostly larger communities.
Most community detection algorithms are composed of two components: an optimizationcriteria (provided here by the Stability algorithm (Delvenne et al., 2010) based on a randomwalk process), and a searching algorithm which looks for the best node partition to satisfythe optimization criteria. This latter problem is NP-hard, and we therefore use heuristicmethods, such as Louvain’s algorithm (Blondel et al., 2008), to solve it. More details onthese algorithms are provided in the Appendix.
At each time τ , we obtain a partition, and we need a way of assessing which ones are themost robust. Hence, for each time, we compute a large set of ’optimal’ partitions usingLouvain’s algorithm (these are similar but distinct due to the stochastic nature of the algo-rithm). We then compare each pair of partitions found using the variation of information. Ifthemean variation of information across these pairs is low, it means that the obtained par-titions are very similar, and therefore robust. This occurs for well-defined partitions, withhigh internal connectivity within communities and low connectivity between communities.

3.4 A network-based model for industry employment growth

Many previous studies have used industry networks tomodel the process bywhich regionsor countries move into ’related’ industries (see Hidalgo et al. (2018) for a review). In thecase of modelling region-industry employment growth, a number of studies have shownthat the extent or concentration of employment in proximate industries (e.g., neighbours inthe network) is an important factor in local industry diversification or growth patterns (e.g.,Hausmann et al., 2014; Diodato et al., 2018). These studies typically estimate relationshipsof the form:
Gir = α+ β0E

0
ir + β1RE

γ
ir + ε

where E0
ir is the employment in industry i and region r at time t0, and Gγir is the growth inemployment between times t0 and t1,

Gir = logE1
ir − logE0

ir

Note: only industrieswith positive growth are included3. The expressionREγir is the ’relatedemployment’, or the size of employment in proximate industries in the network at time t0:
REγir =

∑
j 6=i

Aγij∑
k 6=iA

γ
ik

E0
jr.

Hence, for a region r, this is the sum of employment in all industries (expect i) weighted bytheir (normalised) edge weight to node i. The related employment can be seen as the sizeof the potential labour pool with relevant skills or capabilities. For a positive a significantcoefficient β1, we can infer that a larger pool of similar skills for industry i (in region r) iscorrelated with a higher rate of employment growth for industry i.
3In the case of Ireland between 2014-2016, 380 of 411 industries exhibit positive growth.
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Figure 2: Visualisation of the labour flow network for Ireland. The node layout is based on a spring algo-rithm called ’Force Atlas’ in Gephi. Nodes are sized by total employment in 2016, and coloured by community(resolution τ = 3). Edges are shown over a threshold γ = 0.35. We observe a large degree of clustering of re-lated industries, with services broadly located on the left-hand side, retail and farming center-bottom, complexmanufacturing center-top and basic manufacturing and construction on the right-hand side.

Here we consider Ireland as a single region (discussed above), and compute analogousvalues for Gi, and REγi etc, e.g.,
REγi =

∑
j 6=i

Aγij∑
k 6=iA

γ
ik

E0
j

The expression REγi , however, is a local metric in the sense it does not take into accountthe network structure other than weight the employment in neighbouring industries by thenormalised edge weights. We propose an alternative form based on the community struc-ture, whereby industries have access to labour only within their own community, which werefer to as the ’cluster employment’:
CEτ,γi =

∑
j 6=i∩j∈Ci

Aγij∑
k 6=i∩k∈Ci A

γ
ik

E0
j

where Cτi denotes the set of nodes in the community of node i at resolution τ . This ap-proach captures the ’skill-radius’ of an industry, or the size of the skilled workforce availableto an industry accounting for the modular nature of the network structure.
Finally, we estimate

Gi = α+ β0E
0
i + β1CE

τ,γ
i + β2RE

γ
i + ε (1)

Below, we take an out-of-sample approach (following Hausmann et al., 2014; Diodato et al.,2018)and employ the adjacency matrix built from years 2005-2014 to predict employmentgrowth from t0 = 2014 to t1 = 2016.
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4 Results

4.1 Network analysis

Figure 1 (A) shows the entries in the adjacency matrix Aγ for γ = 0. We note that thismatrix is sparse, and we observe some clusters of values near the diagonal. These arelinks between industries in the same sector.
Figure 1 (B) shows the proportion of edges (e.g., the number of edges present as a ra-tio of those possible) within and between one-digit NACE sectors. Several sectors exhibithigh levels of internal edges, combining large entries on the diagonal with few off-diagonalpositive entries, including finance, public administration, and hotels and restaurants. Mostother sectors, and particularly manufacturing, retail and wholesale trade, transport, realestate, community work and agriculture, do not exhibit such structure. The presence ofunstructured off-diagonal linkages suggests a complex transition structure between in-dustries not well described by sectoral groupings. The community detection analysis inthe next section will uncover an alternative classification of industries into groups basedon labour mobility patterns.
We also list the top 20 industry pairs by edgeweight. We observe high valueswithin a rangeof sectors including transport, forestry, fishing and farming, publishing, manufacturing, thepublic sector and the financial sector.
Figure 9 shows a visualisation of the labour flow network for Ireland. The node layout isbased on a spring algorithm called ‘Force Atlas’ in Gephi4. Nodes are sized by total employ-ment in 2016, and edges are shown over a threshold γ = 0.35. We observe a large degreeof clustering of related industries, with services broadly located on the left-hand side, retailand farming center-bottom, complex manufacturing center-top and basic manufacturingand construction on the right-hand side.
Before delving into the community detection analysis, we will analyse a few simple node-level features of network. Figure 3 (A-B) shows the node degree and strength (weighteddegree) distributions for the network (blue bars). Nodes with high degree sharemany skillswith other sectors, and workers move freely between them and their neighbours. On theother hand, nodeswith low degreemay bemore specialised, sharing fewer skills with otherindustries.
The yellow bars reflect a random re-arrange of edges, averaged over 10000 randomisa-tions. This exercise confirms that the degree distribution of the labour network is not ran-dom, exhibiting an increase number of nodes at both ends of the distribution compared tothe randomised networks.
Node (eigenvector) centrality considers not only the number/weight of edges, but also thedegree of connectedness of the neighbours (and their neighbours and so on). In this case,industries with high centrality will tend to share skills with other industries that are them-selves embedded with rich connections. These industries may have access to a large andvaried skill base. Industries with low centrality not only suffer few connections, but thosethey do have tend to be isolated.
Figure 3 (D) shows that agriculture and construction industries exhibit high average nodestrength, with moderate strength for financial, business and communications activities.Yet, while finance and related industries have strong ’local’ or nearest neighbour connec-tions, they do not have significant links to the rest of the network. On the other hand, bothconstruction and agriculture appear well connected both locally and globally.

4Gephi version 0.8 was used.
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Figure 3: (A-C) The node degree, strength and eigencentrality distributions for the labour network (blue bars).The yellow bars reflect a random re-arrange of edges, averaged over 10000 randomisations. We observe that,while there is a range of values for node degree, there is a much narrower or skewed distribution for the nodecentralities. While most nodes exhibit low centrality, revealing low overall or higher order connectivity, fewnodes have high centrality. (D) We observe that while finance and related industries have ’local’ or nearestneighbour connections, these neighbours do not have strong links to the rest of the network.

4.2 Industry clusters

In order to extract meaningful industry groupings corresponding to labour mobility andskill sharing patterns, we apply a community detection algorithm as introduced above.In Figure 9 the nodes are coloured by community with resolution τ = 3. We observe alarge number of meaningful node groupings, and an intuitive overall modular structure. Inparticular, services, finance, software and the legal and public sectors in particular - exhibithigh internal connectivity, and are disconnected from the largemanufacturing and farmingcommunities on the right-hand side.
Figure 4 (A) shows the number of communities (blue) and the variation of information(a metric related to the quality of the partition) (green) as the resolution τ increases. Weobserve local minima (the quality of the partition is maximised) at τ = 3, 10 and 13. Hence,it is at these resolutions that the algorithm is most stable, and we can be most confidentin the industry groupings. Figure 4 (B-D) shows the communities at different resolutions(τ = 7, 10, and 13).
Weobserve that, over time, financemergeswith the public sectorwhile health/retailmergeswith software/consulting and hotels/restaurants merge with farming and food (τ = 10).Finally, services agglomerate - with the exception of hotels/restaurants, the latter of whichmerge with a large manufacturing, farming, construction and manufacturing technology/pharmaceuticals community on the right. What is striking is that services andmanufactur-ing plus hospitality remain disconnected from each other until effectively forced to mergeby the algorithm.
This highlights a potentially worrying segmentation of the economy, whereby workers andskills rarely transition from one to another. This is a particular potent result in the contextof recent political developments, and the suggestion that large swathes of traditional ’blue
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Figure 4: (A) The number of communities (blue) and variation of information (green) for the node partitionat each resolution. We observe local minima at τ = 3, 10 and 13. (B-D) Here we show the communities atdifferent resolutions (τ = 7, 10 and 13). We observe that, as the resolution time increases, the number ofcommunities decreases. Over time, finance merges with the public sector while health/retail merges withsoftware/consulting and hotels/restaurants merge with farming and food (τ = 10). Finally, services agglom-erate - with the exception of hotels/restaurants, the latter of whichmerge with a largemanufacturing, farming,construction and manufacturing technology/pharmaceuticals community on the right.

collar’ workers are being left behind in the emerging ‘knowledge economy’, representedvisually here by the left-hand side industries.
A dendrogram, seen in Figure 5, quantifies this merging process5 beginning at τ = 3. Weobserve that finance and the public sector merge early (τ = 5) and remain distinct until
τ = 14 (olive line originating at air transport), while a large number of manufacturing clus-ters merge up until τ = 13 (blue lines). Finally, a third grouping containing hotels, restau-rants food and farming merge at τ = 7 and remain distinct until τ = 13 (bottom). Somerelationships are fascinating and most likely particular to the Irish case. For example, dur-ing boom times, the air-transport industry - and in particular private helicopter transport -has been associated with wealthy businessmen and so it is not surprising to see it mergeearly with finance.
We choose four sectors of particular importance to the Irish economy, and further investi-gate their labour mobility connections:

• Traditionally, the financial sector has been dominated by domestic banking and theservice arms of major international investment banks. That may be all about tochange. As London is primed for a potential mass exit of international investmentbanks, these firms are seeking a new hub within EU regulatory territory. Will it bepossible to hire workers with relevant skills from the domestic workforce?
• The computing industry arrived in Ireland in the 1980’s in the form of hardware man-ufacturing plants run by large multi-nationals (Intel, IBM, etc) located in the West of

5The partitions generated by the community detection algorithm are not strictly nested. A simple majorityrule is deployed here to produce the dendrogram.
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Figure 5: A dendrogram illustrates this merging process beginning at τ = 3. Finance and the public sectormerge early (τ = 5) and remain distinct until τ = 14 (olive line originating at air transport), while a largenumber of manufacturing clusters merge up until τ = 13 (blue lines). Finally, a third grouping containinghotels, restaurants food and farming merge at τ = 7 and remain distinct until τ = 13 (bottom).

Ireland. Yet, as the dot-com bubble burst, and costs increased relative to alternativelocations, the plants were replaced by large servicing arms of these existing firms.
• One of the key export success stories of Irish firms is food and agriculture, includingboth high quality meats and dairy products, and other products such as baby food.These firms include both domestic firms, Irish-owned multi-nationals and foreign-owned multi-nationals. Today, there are significant Brexit-related concerns for foodand agricultural industries as a significant proportion of exports are to the UK.
• Construction, traditionally associated with boom and bust cycles in the Irish econ-omy, remains a key component of the domestic economy. Characterised by precar-ious work, the ability of workers to move between construction and other sectors isa question of key concern.

Figure 7 highlights the degree of community-fragmentation of individual sectors. E.g., sec-tors where all industries remain in the same community even for low resolutions likelyexhibit intense internal mobility, but few external connections. On the other hand, sectorswhere multiple communities are present for low resolutions, but which merge over ’time’,exhibit internal heterogeneity, and likely have connections to industries outside the sec-tor. In combination with information on the merging processes contained in Figure 4, weinvestigate in more detail each of the key sectors listed above.
We have seen that finance industries cluster at the periphery of the network, withweak con-nections to both computing/consultancy and the legal sector. These industries remain adistinct cluster until τ = 5, at which point they merge with air transport. This combinedcommunity remains independent until τ = 10, at which point it merges with a range ofpublic sector activities. Figure 7 confirms that finance industries remain in the same com-munity for all τ , highlighting the very strong nature of internal mobility within this sector.
We observe that software and business consultancy industries cluster in the labour net-work between finance, telecommunications and high-tech medical technology sectors.This positioning may be in part due to the success of Ireland in medical devices and med-ical IT. Figure 4 shows that these industries remain a distinct cluster until τ = 7 beforemerging with various publishing and regulatory organisations. Similar to finance, Figure 7shows that computing industries remain in the same community for all τ , demonstratingsimilarly strong internal mobility.
We observe that food processing and farming industries cluster in the labour network be-tween hotels and restaurants on the service side (left), and whole-sale and freight in theinterior of the network, and mining and construction (right). Figure 4 shows that distinct
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Figure 6: For each sector, individual industries are represented by the x-axis (e.g., food/drink manufacturinghas the most industries, and computing the fewest). A uniform colour indicates all industries are in the samecommunity. A variety of colours indicates industries are in different communities. On the y-axis, we have thecommunity resolution. As the resolution increases, and communities merge, all industries tend to be placedin the same community.

communities including fresh food, manufactured food and farming present at τ = 3 mergeand remain distinct until τ = 8, atwhich point these clustersmergewith hotels, restaurants,bars and cleaning. In agreement with the merging analysis, Figure 7 reveals that industrieswithin both food manufacturing and farming belong to a range of communities for small
τ , which begin to consolidate from about τ = 6. This means that, rather than exhibiting avery tight mobility within these sectors, there is a heterogenous sub-structure, and mobil-ity to and from other industries, and a tendency to be more connected to hospitality thanother surrounding sectors.
Figure 4 suggests that several construction-dominated communitiesmergewith a range ofmachinery andmanufacturing-dominated communities between τ = 6 and τ = 12 to forma large super-cluster of non-service related industries. Figure 7 reveals that constructionindustries, like food and farming, belong to a range of communities for small τ , whichbegin to consolidate from about τ = 5. Again, this suggests that there is a heterogenoussub-structure, and mobility to and from other industries.

4.3 The skill radius

Having thoroughly investigated the modular structure of the network, we now turn to im-plications of this structure for the availability of skilled workers (or jobs) for firms (andworkers). Below, we estimate the amount of relevant skilled labour available for individ-ual sectors from outside the sector (e.g., in ’adjacent’ sectors) given the labour mobilitypatterns found in our data. This is important from a variety of perspectives, of which wemention two here. Firstly, as discussed previously, it is the local availability of ’related’ skillsand workers that determines industry growth and diversification opportunities Nelson andWinter (1982); Frenken et al. (2007); Neffke et al. (2011). Secondly, from a worker perspec-tive, jobs in related industries provide ’insurance’ in case of layoffs or shocks Marshall andMarshall (1920); Porter (1998).
Focusing on the five sectors introduced above, in Figure 7 we show the size of ’adjacentemployment’, and the ’adjacent employment’ as a fraction of total employment in the sec-tor (all data from 2016). This latter metric gives us a sense of how many (non-sector)skilled workers are available for each current worker in the sector. The size of the markeris proportional to the number of adjacent industries that the sector is connected to in thenetwork.
Figure 7 confirms that finance is the largest of the five focus sectors, but there is very
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Figure 7: (A) Employment in adjacent industries vs total employment (2016). (B) Employment in adjacentindustries as a ratio of total employment vs total employment (2016). This metric gives us a sense of howmany skilled workers are available in adjacent industries for each current worker in the sector.

limited available employment in related sectors, relative to the other comparative sectorsinvestigated here, to draw new workers from. This result suggests that new finance firmswill struggle to hire domestic workers with relevant skills from other sectors outside of fi-nance. Total employment in computing is significantly lower than finance, but that it shares(albeit to a lesser extent) the same challenge of limited employment in related sectors todraw new workers from.
Figure 7 reveals that total employment in farming and food production is lower than theother sectors considered, but that there is significantly more employment in related indus-tries. Taken together, these results suggest that farming and food production are moreintegrated into the labour network, exhibiting lower levels of internal mobility, and morelinks with other industries. We can infer from this that firms can hire from neighbouringsimilar industries, but also workers have the skills to move into these industries if laid off.
Figure 7 shows that while total employment in construction is comparable to food andfarming, it suffers from significantly less employment in related industries. This suggeststhat, while construction is well-integrated into the labour network with a significant numberof connections to skill-related industries outside of the sector, these neighbouring indus-tries are smaller (from an employment perspective), andmay hence be less able to absorbnew workers should construction workers be laid off.

Table 1: OLS for sectoral employment growth as a function of log employment in the base year 2014, thetraditional related employment and cluster employment - for all industries, manufacturing only and servicesonly. We use an edge threshold of γ = 0.2 and resolution τ = 5.
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Figure 8: (A-C) Fixing the edge threshold at γ = 0.2, we find that the t-stat, coefficient and overall r-squared, areconsistently better in the case of the cluster employment metric across different resolutions, with amaximumat τ = 5. (D-F) Varying both edge threshold γ and resolution τ , we observe that resolution τ = 5 is consistentlyhigh performing over a range of γ.

4.4 Uncovering the optimal scale at which labour pooling operates

Following a rich literature that supports the theory that places diversify and grow basedon the availability of relevant skills and capabilities, we first seek to demonstrate that anew metric, ’cluster employment’, based on the network structure is predictive of industrygrowth patterns in Ireland.
Table 1 shows the OLS for sectoral employment growth as a function of log employmentin the base year 2014, the traditional ’related employment’ and the ’cluster employment’outlined above. We use an edge threshold of γ = 0.2 and resolution τ = 5. We observea more robust result relationship between industry growth and cluster employment com-pared to related employment, with little contribution from the size of employment in thebase year6. In general, the size and sign of the coefficients and statistical indicators areconsistent with the literature.
Our main goal, however, is to deploy this framework to assess at which scale does labourpooling operate when it comes to skill-sharing and skill-seeking by growing industries. Inother words, what is the ’correct’ partition of the network into groups of industries thatshare workers and skills?
In order to do this, we investigate the relationship between industry growth and clusteremployment across a range of τ . We know that, as τ increases, communities becomelarger. Our quality indicator (variation of information) suggests that the communities areless well-defined from about τ = 7 onwards, but the strength of clustering is inhomoge-neous across the network as seen from the merging analysis.
First, fixing the edge threshold at γ = 0.2, we compute the coefficient, t-stat and r-squared,across all values of τ . We observe in Figure that each of these metrics peaks at resolution
τ = 5. We confirm this result by varying both edge threshold γ and resolution τ , observingthat resolution τ = 5 is consistently high performing over a range of γ (relative to other par-titions). This is interesting, suggesting that the partition corresponding to τ = 5 representsthe skill radius, or the optimal scale at which labour pooling occurs.
A detailed visual representation of the partition corresponding to τ = 5 is provided in theAppendix. It is composed of 18 communities, each containing between 6 and 39 indus-

6We expect a negative coefficient due to mean reversion effects
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tries. If we scrutinise the dendrogram shown in Figure 5, we observe that most of thecommunities identified and labelled at τ = 3 remain intact with a few merges occurringby τ = 5 including finance with air transport, household goods with paints and hardware,plastic goods with chemicals, and prepared food with manufactured food.
What ismost interesting, however, are the sectorswhich remain distinct. While they are toonumerous to list individually, we can note that government functions, finance and businessremain unmerged. Similarly, there exists a complex substructure of communities withinmanufacturing and construction. Finally, real estate remains distinct from retail, as doesfarming and food manufacturing.

5 Conclusion & policy implications

The goal of this paper is to uncover the network structure of inter-industry labour mobilitypatterns in Ireland. We argue that the presence of a modular structure in which groups ofnodes exhibit high internal mobility and skill-overlap limits the exchange and migration ofskills and information throughout the economy.
We uncover communities at different scales from a large macro division of the economyinto services and manufacturing, to a fine-grained description of labour mobility patterns.Workers from finance and the public sector rarely transition into the extended economy.
We show that the size of employment within an industry’s own community is predictive ofthat industry’s employment growth, outperforming comparable network-based predictiveapproaches. We use this framework to uncover the optimal scale at which inter-industrylabour pooling operates in terms of skill-sharing and skill-seeking by growing industries.
Policy implications include a need to strengthen links between skill-isolated sectors suchas finance and computing, key growing sectors, and the extended economy. This mayinclude measures such as work-placement schemes, subsidised skills training, and insti-tutional efforts to increase inter-sector skill discovery and mobility.
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6 Appendix

6.1 Data

Worker flows between industries have been extracted from an administrative dataset inthe Irish Central Statistics Office (CSO)7. This dataset contains a separate entry for everyregistered employment position in Ireland in each year from 2005 to 2014. The employ-ment records are created from SPP35 annual tax returns filed by employers on behalf oftheir employees to the Irish Revenue Commissioners.
Where an individual had more than one employment in the same year, we isolated theemployment in which they earned the largest amount of money that year, based on theincome information filed on their annual tax returns. An individual could have multipleemployments due to working more than one job at once, changing jobs during the yearor both. This approach ensures that we select the most financially important job that anemployee had in a particular year in each of these cases.
This dataset was combined with administrative data from other sources. First, they werematched with social welfare data using a unique personal identifier number. We used thesocial welfare data classifications to exclude all employments where the employee wasunder the age of 16, over 65, and all employments where the employee was a pensioner,and those in the public sector with a weekly income of less than 100 euros a week.
In addition to this, using a firm’s unique employer number as a common identifier, personswere matched with NACE 1.1 four digit codes. From this, the number of times a workerswitched between industry classification pairs during the period 2005-14 was extractedfor analysis.
We also have the total annual employment count by NACE 1.1 industry for the period 2004-16.

6.2 Community Detection

Random walks are a versatile dynamical system on graphs that can be used to study theirstructure. Intuitively, if we let a random walker wander on the network, and the walkerremains in the same group of nodes over a long period of time, the group of nodes aretightly connected and represent a community. Here we review the Stability algorithm fromDelvenne et al. (2010).
Formally, we define the probability vector Pτ ∈ Rn as the column vector which entry i isthe probability of finding a random walker at time τ in node i:

Pτ+1 = PτD
−1A.

for adjacency matrixA (andD is a matrix of zeros with the node degrees on the diagonal).Observe that given an initial probability vector P0, we have:
Pτ = P0(D

−1A)τ .

We call thematrix (D−1A)τ the transitionmatrix at time τ . In the case of non bipartite, non-directed and connected graph, for any starting point for the random walker, this processconverges to a stationary probability distribution given by π = dT /(2m).
7The possibility for controlled use of confidential micro data on the premises of the CSO is provided forin the Statistics Act 1993. The use of CSO data in this work does not imply the endorsement of the CSO inrelation to the interpretation or analysis of the data. Care was taken to ensure that no individual people orfirms were identifiable during this analysis. This paper uses methodology that does not (and is not intendedto) correspond to statistical aggregates published by the CSO.
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We will encode the partition in matrix H ∈ Rn×m, wherem is the number of communitiesin the partition, such that Hij = 1 if node i is assigned for community j, and 0 otherwise.We define the clustered auto covariance matrix of the diffusion process above as:
R(τ,H) = HT [ΠP (τ)− πTπ]H, (2)

where Π = diag(π). Observe that (ΠP (τ))ij represents the probability that the randomwalker who started from node i ends up in node j at time τ . (πTπ)ij is the probability thatthe random walker, starting at node i, arrives at node j at stationarity. Given our partitionmatrix, the diagonal entries ofR(τ) therefore represent the probability for a randomwalkerto remain in the community in which he started after τ has passed. We define the stabilityof a partition as:
r(τ,H) = Trace(R(τ)), (3)

the sum of the diagonal elements of R(τ). As we want the walker to remain in the com-munity in which he started, we seek a partition matrixH that satisfies:
H = argmaxĤr(τ, Ĥ), (4)

on the set of all the possible partitions (for a given time τ ). This problem is NP-hard, andwe therefore use heuristic methods, such as Louvain’s algorithm Blondel et al. (2008), tosolve it.
This method first assigns each node to its own community. Then, for each node, it consid-ers assigning it to a community with each of its neighbours one after another, and does soif it results in increased stability (given by the equation above). Once all nodes have beenconsidered, nodes that were assigned to the same community are merged into one node,and the process is repeated until no increase in stability can be achieved. Observe that theresult of algorithm depends on the order in which the nodes are considered.
At each Markov time τ , we obtain a partition, and we need a way of assessing which onesare the most robust. For each Markov time (τ ), we compute a set of partitions using Lou-vain’s algorithm (these are similar but distinct). We then compare each pair of partitionsfound using the variation of information. For two given partitions, we define their variationof information as:

V I(c1, c2) = 2H(c1, c2)−H(c1)−H(c2) (5)
where c1 and c2 are the partition vectors of the two communities,H(c1, c2) is the Shannonentropy of the joint partition, andH(c1) is the Shannon entropy of vector c1. Two partitionsthat are similar will exhibit a low variation of information.
We take the average of these measurements, and refer to this mean as the variation ofinformation at each Markov time. Observe that if the variation of information is low, it willmean that the obtained partitions are similar, and therefore robust.
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Figure 9: Visualisation of the labour flow network for Ireland. The node layout is based on a spring algo-rithm called ’Force Atlas’ in Gephi. Nodes are sized by total employment in 2016, and coloured by community(resolution τ = 5). Edges are shown over a threshold γ = 0.35.
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