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Abstract

This paper provides a new empirical perspective for analysing the roleof social networks in regional
economic growth by constructing largeale networks from employeemployee ceoccurrences in
plantsin the entire Swedish economy 192008 It is assumed that employees in different plants know
each other if they have been engaged in anarker relationship previouslyWe argue that these
personal acquaintances are important for local learning oppdties and consequentlfor regional
productivity growth Moreover, the pattern of crosmdustrial networkis likely tocharacterizethe
knowledge externalitiesf regions.The papeprovidesthe first systematic evidence for a central claim

in economic gography: social network density has positive effect on regional productivity growth. In
a further step, wedemonstrate that the ceworker network across industries differs from the skill
relatedness networkiow frequently used in economic geograpl8pcid ties concentrate within same
industries but this is incesingly true in small regions;hile the share of edges across skellated
industriesas well as across unrelated industrisshigher in large metropolitan areaé key finding
suggests that sdal relatedness of industries taa highelimportance in middlesizedand smaltegions.

JEL code®85, J24, J61, R11, R23

Keywords: social network,probability and strength of tie, regional productivity growth, panel
regressionrelatedness
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1. Introduction

Following Marshall @20) there is a general agreement in economic geographyrataded fields that

the agglomerationof economic activitiess essential forunderstandingregional innovation and

growth. In this respectfaceto-face interactionis increasinglyemphasized afssentialfor why

proximity still is crucial for sustainilgarning andnnovation(Storper and Venables, 2004))d that

more dense environmentenhancethe probabilityof ¢ € SI Ny Ay 3 o0& aSSmwadé oDf |
interaction and the scialnetworkscreated thereofirethusexpected to be&ey drivers behindegonal

economic growthThis is basicalbyecausdhe effectiveness of learning and-operation of individuals

are enhancel by personalrelationsand thisis expected to have botHirect and indirecteffects on
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productivity growthsince frmsgainextra benefitaas wellwhen accesagexternal knowledge through
social tiesHowever, @spite theabovetheoretical claim®n the role ofaceto-face contacts andocial
networks for learning and growtkery little empirical worlhasactuallybeendevaed to analysngthe

role of social network®n regional productivity growthinstead,scholargend to proxy the socializing
potential of regions by means @pulation densityor industrial structure(Ciccone and Hall 1996
Glaeser 1999 and almost takehe relation between density and social interaction for granted
assuming that the mere concentration of skilled workers automatically will increase the probability for
social interaction and thus enhance learning and growth

To address this potentiahortcoming in the existing literature, the aim of this paper iassess to
what extent coworker networks influence productivity growth in 72 Swedabour marketregions
1990-2008. This is made possible by a unique longitudinal matched empoygloyee database from
which we constructa social networkof employees basedn their co-occurrence aworkplaces and
analyse the effect of the network on regional dynamirhese type of etworks arefrequently called
co-worker networksin labour economicand scholars assume that two employees know each other
when they have worked in the same workplagmultaneouslyin a certain period of their caredfor
anoverviewsee Beaman and Jeren012). Evidence shows thainformation flow through these co
workerrelations helppeople findbetter jobs and reduce unemployment tinvehen dismissedCalvo
ArmengolandJacksor2004 Glitz 2013, Granovetter 1995,Sy & @A 1 | iff Skanis 203 isein NJ
that the exchange of information and knowledge between workers and firms promotes the emergence
and diffusion of innovation and subsequent productiyiburanton and Puga, 20Q4¥e claim that ce
worker networks are important sourced oegional economialynamics This is because valuable
information flow more efficiently through ceworker relations and employees might learn more
efficiently in denseco-worker networksas compared tahe technological externalitieassumed to be
residingdin the ai€ of agglomerationgc.f. Breschi and Lissoni, 2009, Eriksson and Lindgren, 2009;
Huber, 2012)

We claim to makewo contributions to the existing literature. Firsje develop anew probability
measure of workplackased acquaintancequilding on the literature of homophipiased random
networks (Buhai and van der Lei 2006, Currarini et al. 2008)calculate tie probability usinthe
concept ofbaseline homophiland rank employee coccurrence according to this probabilitfhen,
we calculate the strength of individual tiésr a selected number of most probable -smrkers by
counting years of cavorking and assume that this tie strength decays over time aftetdhaination

of coworker status As result, we get a dynamically clyamg social network, with many weak and few
strong ties Despite ceworker networlsand labour mobility networks are presumably interconnected
becausepeople establish new links in the -wmrker network through mobility from one firm to
another (Collet and S R & (i NJ , We ilustraitel ia details thabur approach differs from previous
labour mobility studies(e.g., Breschi and Lissoni, 2009: Eriksson and Lindgren, 200@)
consequently fronrecentskiltrelatedness approachgsf Neffkeand Henning, 2013) in three basic
aspects.

The second contribution is that thigper provides the first empirical evidence that the density of the
social network has a positive effect on regional productivity graagticompared t@opulationdensity
per se Furthermore, we find thamajority of co-worker tiesremain within same industries but this is
increasingly true in small regionfhe share of edges across skillatedas well as unrelatemhdustries



is higher in large metropolitan aregs key inding suggests that social relatedness of industries have
higher importance in middisized regions.

2. Literature, hypothess and expectation

Thespatial dimensiorof network-related learningis a core interest of economic geograpliathelt

andDf NO{ f SIN& welh undeéstood now thatiransaction costs are diminished by physical

proximity & well agpersonal connections, whigtnhance the efficiency of mutual learningofgatti

et al. 2009, Maskell and Malmberg 199® is also claimed that most of the learning processes occur

within certain spatial proximity despitéistant and presumably weakties might provide new

knowledge not accessible the region(BatheltS G | £ ® H n n n Ve Bldo NrddrstaSdNBatt n 1 T 0
not the socialnetworkpersebutA 18 Q Ay G SNLI @ @gAGK Ay RdzadNE  &i Ndz
cognitive institutional, and organizational proximig@re very important formutual understanding

(Boschma 2005Sorenseret al 2006). Despite thecentral interest, our knowledge about the network

effect on regional productivity growth is still limited, which is partly due to data access difficulties. Our

paper aims to contribute to the literature in this regard by constructing and analysing asleagece

worker network. The argument stresses two points: first, the network density is very important for
regional productivity growth; and second, timdustrywisestructure of the network varies according

to the size of the region.

Regional productity growth has been repeatedly found tdepend onpopulation density This is
because spatial agglomeration facilitates the sharing of common facilities, increase the chances of a
productive jobworker matching, anénhancesnteractive learning through theoncentration of firms

and workers (Duraion and Puga, 2004yvhich has a direct effect on productivity growdifferences
(Ciccone and Hall 1996laeser 1999 We argue that looking at not only the bacation of individuals

but investigating also theahsity of social networks will improve our understanding becausetface

face relations and personal acquaintance are important for knowledge sh@togper and Venables
2004).As argued by Glaeser (2000) workers in dense environments are more lilalguive human
capital through learning by seeing which make dense regions more productive as well as more
attractive for skilled workers with large potential returns for learnimbich will further increase
productivity. Workplaces and consequdnthe co-worker networkshat bind workplaces togetheare

major fields of such knowledge shariegen after the termination of the caorker relation because
people maintain their professional contacts over time and might even follow the career of former
colleggues in order to map out the knowleddpase they have potential access(i@ahl and Pedersen,
2003) Thus, co-worker network are important for local learning and consequently on regional
productivity growth.

H1: Density of the local eaorker network enhacesregionalproductivitygrowth.

The hypothesis is not only a further step in understanding spatial learning proritsdssrefers to a
central debatein the social networks literatureNetwork censity has been considered as a major
indicator of socihcapital for decade#n sociology(Burt 1992,Coleman 1990Walker et al. 1997,
Wasserman and Faust 1998ecause the closure of social relations enhances trust, authority and
sanctions among local actorall of whichsupportslearning from contactsHowever, density alone
does not sufficiently descriltbe full horizon ofnformation-flow tendencies in a networkhe strength
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of social tiegs a crucial factor ancesults in two fundamental processes (Granovetter 1973). On the
one hand, people trace sty ties frequently, which offers the possibilityinEremental innovation

and increase in individual productivity because they learn effectively from each other (Borgatti and
Cross 2003). On the other hand, weak ties and the presstiaetural holes amoig separated sub
networks offers access to new information and combination of-redundant knowledge can lead to
radical innovations (Ahuja 2000).

Similar ideas tohe network-related learning have been present in the economic geography literature
(for an overview se&er Wal and Boschma 2008ne can associatbe classical debate between MAR
and Jacobsian externalitiés the structure of social network@.g.,Porter 2003; Glaeser et al. 1992,
Henderson et al. 1995)or examplestrong socialies within certain sectors in specialized industrial
districts enhanceincremental innovation and productivity growth(Amin, 2000, Asheim 1996,
Malmberg 1997, whereasdiverse network acrossindustriesin urban areasare associated with
potential new cominations of information, creation of new knowledge amadical innovation
(Feldmanl999. However the emergingliterature of evolutionary economic geography suggests that
spatial learning depends on a complex combination of various proximity dimensidngedre
individualfirms and that not only regionalspecializatioror diversity per se but relatedness between
co-locatedindustries determine regiongroductivity growth(Boschma 2005, Frenken et 2007).

A growing number of papers look at spatial labmanbility links between firms and industries (Almeida
and Kogut 1999, Eriksson and Lindgren 2@0@ assesshe effect of related labor flows on regional

and firm dynamicgBoschma et al. 2009(immermans and Boschma 2014 this literature, two
industries are considered as skiélated when the observed lalo flow is higher than expected based

on industry characteristics becausgery similar employee skills are needed in these industhiestke

and Henning 2013)Apart from improving the potetnal regional matching of skills, Boschma et al
(2014) show that high concentrations of skdlated flows in a region strongly influence productivity
growth in Sweden due to the production complementarities produced by such labour market
externalities.Despite the methodological differences, our-amrker approach is closely connected to
the labaur mobility approach and we assume that former colleagues maintain their relations even after
moving fromone workplace to anotherwhich is a proposition often ade in labar economics and
evenin evolutionary economic geography as well (Boschma and Frenken. Zidshite thelasting
characteristics of cinventors have been found important for latpatentingcollaborations (Agrawal

et al. 2006 Breschi and Lissd 2009) this paper is the first attempt to analyze egorker networks in
economic geography. Thus, we provide information on how the network structure varies according to
regional size and industry structure in the reglmpntesting two additional hypottses

H2:Coworker networks dominated by skitlatedness and across unrelated industries are
typically present in highly populated regions.

H3: Specializedo-worker networls are more prevalent ismallregions; whereas social
relatednessolely basedmco-worker networks prevail in middigzed regions

3. Methodology



We proposethat employee and employeg working forin the same workplacat the same period of
time know each other with probability?; [0,1] and maintain a tid with strengthWj even afterthe
termination of the ceworkership For practical reasons, we select the most probable 5@arkers of
highestP; for each employee in each year atmdcetheseco-occurrence®ver the full periodand look
at thosel;; when employeei and employeg work for two different firms Then,W; is given bythe
length of time periodhey hadworked together decayed by the length of time after the termination
of their coworkership Formulation is as follows.

Probability calculatiorstarts from the assumption of random tie formation at workplaces, which
means that a tie between every pair of employees is established with equal probability. Intuition
suggests that the larger workplace the less likely that employees know each other. THirs} et

tie probability proportional to the size of workplaceHowever,this tie probability creates a large
fraction of isolated ties in random netwogknulations, which is nobur intention. Therefore, we use

the probability threshold where isolated nodedend to disappear in a random network setting
(Jackson, 2008)nd formulate random probabilitfd ) by

0 — 1)
where N is the number of employees in the workplace.

In a second step, wepnsiderthat individual similarityncreaseshe probability of tie formationwhich

is called homophily in theatgerange of socialsciences (for an overview see McPherson et al. 2001)

It has been shown repeatedly thatuch more friendship ties are formed across those individuals who
are similarin terms of age, gender, race, education, occupation #tan expected by random tie
establishment Granovetter 1995l .incoln and Miller 1979, McPherson and Srbittvin 1987 Sias and
Cahill 1998 Two types of homophily are distinguished in the literatubaseline homophily and
inbreeding homophily. Baseline homophily means thadividual choice of selecting friends is
generated by the structure of the group because the larger subgroup of similar individuals the larger
possiblity of choosingsimilar fiends Thus, baseline homophili#{) can be measured by ¢éhshare of
subgroup in the firm by

0 — 2)
where N, denotesthe size othe subgroup characterized by featune

We willassume thatd, influencesP; because relations are more likely between those employees who

are of similar age and sex and have the singithrcationabackgroundHowever Currarini et al. (2009)

showed thatfriendship ties usually exhibit larger homophily thel due to additional mbreeding

homophilyt Y R A Y RA@GARdzE £ aQ OK2 A @dh Thug usiSgdLSvg wilvibdidkelyo A | 4 SR
underscore the real probability of the tieetween coworkers We defineemployee characteristics like

age, gender, and education #®se subgoup featuresthat are expected to increase tie probability

then wecancalculateH, in a repetitive manneas explaine@bove

In the third step, we have to realize that the size of the subgroupsefined by employee
characteristicg has a similar effect on tie probability than tfiem size itself. Thus, we have to diminish
the probability bya & | 0 in each case when employé&andj are similar



Finally we simply sum the probabilitieslculated from firm size, baseline hophilies and group size
effects in order to get probability of eworker ties (Buhai and van der Lei 2008robability is
formulated as

08 — B —T— 9 ; )

where GV pigfB 0 denotes those characteristics we ug® similrity measurementN denotes
plant size N denotes subgroup size according to featuneand] equals lif employeei andj are
similaraccording to featuren and 0 otherwise.

We maximize cavorker tie probability at 1, rank ewvorkers for every employee and follotwe 50

most probable ceworkersof every employe@ver time.The time spent togetheis claimed to behe

most important factor of tie strength (Granovetter 1973he length of theco-worker relationship

increases tie strengttMarsden and Campbel984 p. 489 postulated thatd NB (G dzNyy & Ay G SNY
AG0NBYy3IGK (2 AYONBFASR RdzNI GA2Yy 2F | NBf laidA 2y & KA |
suggest to use natural logahmin of years of cavorker relation to index duratiorSince we look ahe

ties between employees working for two distinct firmsewirst countthe yearsspent in aco-worker

relationfor eachco-workerpair, controlling forthe fact thatthe logarithm ofl equals zero.i& strength

directly after the termination of the cavorkership is formulated as

w 1100 p; 4)
wheret; refers to the first and, to the last year of cavorker statusof employeei andj.

Intuition suggests that the timbses most from strength in the first years after the termination of co
workership then the slope of decay diminishes in later years. The simpilestdéecayeffect ontie
strengthis introducedin this paper.This provides results in a dynamically chagdie strength for
every coworker pairs, and is formulated as

O —; ()
where t refers to the length of time period after the termination ofworkership.

The above steps result in a weighted individigatel co-worker network for every yearthat we can
aggregate otfirm, industry or regiondevelby simplycounting the links andalculating the sum of tie
weights

4. Dataand network creation

We usematched employeemployee data obtained from official registers fr@tatistics Swedetnat
¢among a wide variety of datacontains age, gendeilgnd detailed educationcode of individual
employees anenables us to identify employeemployee ceoccurrenceat plantsfor the 19962008
period.Data isgenerated on a yearly basand if employees change workplace over the year, they are
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listed repeatedly with different plant codes the same yearGeo-location of plants is defined by
transforming the data from a 100m x 100m grid setting into latitudes and longitudes.

For pracicalreasonsand in order to keep the size of the sample at the limit the analysis can handle,
we exclude those without tertiary education from the daticluding all employees would
exponentially increase computation demand without contribgtimuch tothe analysis.This is
motivated by the fact that skilled workers (bachelors) are assumed to benefit more from learning by
seeing and interacting (Glaeser, 2008) therefore propose thatworkers without bachelor degrees

rely to a greater extent ortacit or embodied knowledgeand thereforemight learn less from an
individual level social network with colleaguesotiter plants If anemployee who has already been

in the dataobtains graduatiorat a later point in timeshe will be included iaur sampleafterwards.

As a result, the data contains 366.336 individuals in 1990 and 785.578 individuals in 2008 and those
plants are excluded where none of the employees had BA degree or above (Table 1).

Table 1Number of empoyees plants, andco-occurencein 1990and 2008

1990 2008
Total number of Employees 2,628306 3,824,182
employees Plants 254,445 402,610
Employees with BA Employees 366,336 785578
degree or above Plants 52,872 113441

Wefirst generated the list of employegairs asco-occurrence at plants for every year, then calculated
the probabilityof the coworker relation for eacltemployeepair using Equatior8. We used three
characteristics of employees to generate subgroupisection of education (6 groups), gender (2
groups) andage(3 groups) For further information ogroupdefinitions anddescriptive statisticssee
Appendixl.

Figure 1: Distribution of tie probabilitg990 and 2008
(A) (B)
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Note: distribution for1990 in the left and distribution for 2008 in the right.

Figure 1 illustrates that distribution & is left skewed towards zero and decreases monotonously in
both 1990 and 2008However, one can observe that the distribution is more left skewed in 2008

in 1990 because plants are larger in 2008, which produces lower probabiigasity o is relatively

high at 1 because we set the upper limit there. Nevertheless, the probability that the tie is established
is very low for the vast majority @mployee ceoccurrence.

8



Employee cabccurrences exponentially higher in large plants than in small plants and our aim is to

find areasonable number dies per person, whickan be handled by the analysiEhere is no clear
suggestion in the literaturen this regard. Management papers report on tasiented egenetworks

based on survey data and the number of personal ties in these networks are below ten on average
(Brass 1983yIcPherson et al 1992, incoln and Miller 197orrison 2002) Recent papes in hbour

economics tend taconstruct much larger cworker networks assuming that everyone knows each

other in a firm not larger than 500 employegdey 8 A {1 | Y R b 2 NR & &0MJeiiployeed ya H n
(Saygin et ak014) Glitz (2013) only looked aitiins with employees between 5 and 50.



Table 2 Tieand degredlistributionand isolatesat Rnin thresholds, 1990

. Number of Mean Ties above Ties Ties Ties Ties AVg. AVg. AVg. AVg. Avg. Isolates Isolates Isolates

Sizecat Employees Plants plant size P>0 above above above above Degree, Degree, Degree, Degree, Degree, tknd tknd toxnd
txno txn® txnd txnd t xJ t xn t xn t xn t xn

2-9 71,794 19,033 4.88 139418 139418 139418 132473 128624 3.88 3.88 3.88 3.69 3.65 0 16 1,468
1019 46,249 3,420 14.10 302931 302931 286457 280517 258711 1310 1310 12.38 1213 1119 0 2 12
20-49 78,175 2,531 33.24 1,260292 1,207,405 1,106538 923647 722915 32.24 30.88 2831 23.63 1852 0 6 127
50-99 63,102 949 69.11 2,148933 1952091 1,458559 970228 592219 68.11 61.87 46.23 3101 2081 5 525 6,172
100249 34,608 245 15125 2,600067 1,851,674 90,533 449126 252907 15025 107.01 55.04 3383 25.09 1,711 8,063 14,456
250499 16,831 49 35547 2983041 1,101,615 29,688 156692 101,567 35447 13330 60.59 4397 35.21 7,032 9,704 11,062
500999 15414 24 67137 5,166,533 73522 244708 125972 76,328 67037 13525 79.69 59.47 46.30 9,273 11,178 12,117
1000 13553 11 124398 8,423092 659,004 175234 86,453 84,235 124298 18223 9252 65.67 65.60 9,765 10920 10,985
Sum 339726 26,262 23024307 7,287,660 3,531,135 3125108 2,217,506 27,786 40414 56,399
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Evidently, o-occurrences are more likely to bbeal sociaties in small plants and are less likely in large
plants(seereports onP; distribution according to plant size categories in 1990 and 20@§pendix

2). SincePj distribution is similar at the first and last years of the sample, we idetitgynumber of
ties per persornon base 0f1990 network characteristics and apply that numbeonsequently for
upcoming years.

We reported in Table 2 on how the number of@ocurrence changes according to plant size categories
when weexclude employee pairs under certdipminimum threshold. The number of excurrences

falls dramatically in large plant categories but remains quite stable in small firm categories. We
calculatedaverage degree in order to see how many ties an employee has according to plant size
categories and also the number of isolates that Bpthreshold generates. The average number of ties

is stable until larg@min values in very small plants as well hs aiverage degree, and number of isolated
employees are very low until thBmin=0.4 threshold in plants smaller than 50. Thisa largePmin
threshold andsuggess that we can use a 50 best friends approdmtauseeveryonemight know
everyone in small phts We thus simplify our task arldok onlyat the most likely 50 cavorkers of

every employee in large plants

Accordingly, we rank employee pabrased ortheir Pj values In caseemployee pairdiave the same
probability, we rank thosewith same educational background and smaller age differdmigaer,
respectivelyP;j valuesare calculated ancelationsare rankedn a yearly basjsvhichmost likelymake
co-workerties appear and disappear from the employé&psrtfolio in large plantfrom year to year
To handle this problem, we trace all thoseworker ties that were ranked among the top 50 at least
in one year over the full period.

Table3: Average degreef plants in the ceworker network, 19912008

Year Nodes Avg Degr. Plants Avg. Degr. Ind. Avg. Degr. Weight
1991 31,391 8.15 7120 49.35
1992 46,445 11.89 89.72 59.46
1993 53,599 14.46 10037 59.38
1994 63,299 17.87 11228 6253
1995 71513 22.03 12623 67.95
1996 79,499 26.04 14292 7149
1997 87,072 29.96 15250 75.03
1998 87,950 3277 15082 69.30
1999 95,080 36.89 16219 7131
2000 107,423 42.71 17918 76.51
2001 115948 47.69 19151 79.47
2002 120,026 51.25 20281 76.85
2003 127,355 52.86 20832 7392
2004 132791 54.02 20927 70.46
2005 140,042 5577 216.89 7258
2006 148318 58.27 22365 74.90
2007 159529 64.12 24335 82.13
2008 166,109 67.12 25109 85.30
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As a result of the above selection process, there are 49,630,691 employee pairs that we trace over 19
years creating a balanced panel of pairs. Ftbentotal number of 942,983,129 rows in the panel, we
exclude those that have not been appeared in the data yet (481,973,234 pairs), those when at least
one employee is already above 65 years of age (42,016,069 pairs). Then, we calculated the strength of
ties for the remaining 418,993,826 pairs using Equations 4 and 5. Finally, we excluded those pairs,
when either one or both individuals are not present in the labour market for unknown reasons
(95,689,892 pairs) and those cases when the employees work isatme plant (167,632,360 pairs).

The remaining unbalanced panel of 155,671,574 employee pairs constitute a dynamorkes
network over the 199€008 period we look at in the analysis. This network can be analysed on the
individual level, and ties carelaggregated on the plant and industry levels. However, we must keep

in mind, that this is a constantly growing network, because the number of employees in the sample
increases monotonically, which is not balanced by labour market &dtsexample, afteaggregating

the network on the plant level, we observe that the number of plants in the network increases over
the full period (Table 3, Column 2). As a result, both the number of plants an average plant is connected
to (Table 3, Column 3) and the numharindividual links from an average plant to any other plants
(Table 3, Column 4) increases monotonically. However, one finds that the average weighted degree of
plants becomes relatively stable after year 1996 if we introduce the-tleway function. Ths} the
dynamic ceworker network that our empirical perspectiy@ovides contains a large fraction of weak

ties.

5. Geographieof the co-worker network

The analysis of the network is divided into a geographical description and comparison 4o skill
relatedness networks frequently used @volutionaryeconomic geography. The spatial level of the
regional growth model will be selected on the basis the netwgekgraphy and we shall provide
information on how and why strong emorker ties scatter across space.

Not surprisingly, the network is spatially concentrated, more than 30% of all individual links were
within municipality bordergthe smallest administitave division in Swederih 2008andthis share is

60% when we look dunctional regiongTable 4) The latter regions represent labour market areas
and cover the whole territory of Sweden without overlapping each otkéhen we aggregate the
network on te plant level we finch verysimilar pattern. Tie weights are even more concentrated:
42% of total weights are within municipality and 72% within functional region borders.

Table4: Thenumber and cumulative weigldf ties withinregional borders, 2008

Number of links Weight of links

Individual level Plant level
Within municipality 7,826,977 1,470,603 3,040,410.8
Within functional region 14,066,872 3,170,695 5,147,408.5
SUM 20,855,160 5,574,879 7,084,738.5

The previous observation gets further support when we look at the probability of having a tie between
two arbitrary employees as a function of distand®e definely as the number of observed ties
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betweenemployeesseparated from each other by distandeand Nqg the number of possible ties at
distanced. Then, we can calculate the probability that individuals have links to others given didtance
by the formulaPs=Ls/Ng4. A10km resolution was used for binning distance distributidhe probability

of a coworker tie is close to be constant until-80 kilometres, after which it falls sharfdlyigure 2A)
Since the average distance of commutinganother townin Sweden is 45 kpwe find that labour
market areas and thus functional regions are the propeugtbfor testing our hypothesis.

Figure 2: The effect of distance on the network, 2008
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Even though the cavorker network concentrates in space, crasgional labour flow adds a complex
interregional dimension to it, in which the majority of strong ties are local but some strong ties can
coverlarge distances. For an illustration consultuFégy2B where we calculated the average weight for
each regiorregion pair from individual tie weights across these given regions and plotted the median
and the mean of this average weight distribution using 10 km resolution for bintime finds that

both the median and the mean falls sharply until a certain distance threshold after which they become
relatively stable. We also find th#tte mean exceeds median in all of the bins indicating aslefived
distribution with relatively few outlier strong tiesn other wordsmajority ofinterregional ceworker

ties are wealbut there arealso manyexceptiorally strongties across regions, which is most probably
due to recent labour flows

The spatiabase of the caworker network across functional regionvery plausible whethe strength

of tie between two regions is the number of individuahworker links(Figure 3)Not surprisingly,
Stockholm(the capital city regionis the centre othe interregional ceworker networkmeaning that
the city hasmany irdividuatlevel ties to other region®ne can also find that Northern regions are
very loosely connected with the exception @sastal towns likedmeaor Lulea and the network is
denser in the South than in the Northhe Louvain community detection algbm findsthree modules
that clearly represents apatialdivide in theco-worker networkmeaning that an employee in the
South is more likely to know another employee in the South than inGbhatre or in theNorth.
Interestingly, Stockholm belongs to th®rthern part in the network, which is probably due to a higher
share of mobility from the North to the capital compared to mobility fromut8ern regions to the
capitd (Eriksson and Lindgren, 2009
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Figure3: Number of ceworker ties acrosSwedisHunctional regions, 2008
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Note: Same coloured nodes belong to same network moduleduatarity index is 0.04. Edgesbelow the
threshold number of links=10 af#étered out.

6. The effect of network densityn productivity growth
The hypothesis i®sted n this sectiorby estimaingthe following regional growth equation:
wp fop T Or  —RF -k (6)

wherey denotes productivity growth,t denotes oneyear intervals from 1993 to 200bdenotes the
region,Xstands for theset of explanatory variableddenotes and unobserved effect of regispecific
of time-invariant determinant of growth antlis the error term.

We construct a panel dataset that contains altiables at the regional leveRegional productivity is
measured by value added per capita in regi@ahtimet and regional productivity growtiPfodGro at
time t means regional productivity at timecompared to regional productivity in regiomt time t+3.
Two density indicators are used as explanatory varialflepulation densityRopDenyis calculated
analogously to previous studies (e.g@iccone and Hall 1996, Glaeser 1989)the number of total
population over the size of the region measured in sgtkilometres. Network dnsity (NetDen3
measures the share of existing links among all possible iinkse coworker networkand can be
formulated as

o — )

where L is the number of existing links and N is the number of nodes.
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Human capital KIQ is used as a control variable and is calculated by the share of employees among
the total number of employees in the region. The models also control for the Idvedgional
productivity RegProdl at timet to control for potential catckup effects PopDensNetDensand HC
variables are logransformed so thathe distribution ofall variabless close tothe normal distribution

which is desired for a linear regressisatting Appendix3 contains descriptive statistics @&ach
variable.

Table 4: Descriptive statistiesid correlation pooledcrosssection 198-2006

Variable Definition Correlations
ProdGo Rate of value added per capita abmpared td+3 1
PopDens Natural logarithm of ppulation density in the region -0.147 1

NetDens Natural logarithm oto-worker networkdengty in the region 0.127 -0.808 1
HC Natural logarithm of theshare of highly educated emploge¢ -0.08L 0.368 -0.692 1
RegProd Value added per capita -0.487 0.277 -0.318 0.222

Note: All co-efficientsare significant at the 5% level.

Due to datamanagement considerations, we have to limit the tiggan of the regression analysis in
two respects. First, we set 1993 as the first year in the panel, because the network construction
exercise started in yedr990 and there might be inefficient number of links in the first years. Second,
the three years lag in the dependent variable let us to investigate 2005 as the last observed year.

Table 4 contains pooled cressctional pairwise Pearson correlation valoéshe variablesNetDens
isweakly butpositively correlated witiProdGroand all other variables are negatively correlated with
ProdGro which suggests that population density does not promises a positive impact on regional
productivity growth from a arsssectional perspective; whereas the higher density of thevooker
network the faster growth of regional productivitietDenss strongly and negatively correlated with
PopDensindHCvariables; these coefficients warn us about potential multicolliitgan the multiple
regression modelsMost importantly, the correlation suggests, contrary to previous studies (e.qg.
Storper and Venables, 2004; Glaeser, 1999) that population density does not reflect the density of
social networks in a region. This ingsl that network density and population density capture
somewhat different aspects of densityat are not to be interchangeable.

We estimate the regional production growth model with a linear panel regressitmyear fixed-
effectsto control forunobseved timespecific heterogeneity. Two different model specifications are
applied. A regional between effect (BE) model which emphasises thesaotignal variation in the

data, and a regional fixed effect (FE) model that emphasizes the within regioaloraover time.

Since the correlation analysis in Table 4 indicated some multicollinearity between the density variables
and also betweerNetDensand HCvariableswe first introduce the explanatory variables into the
models separately (Model2 and Mol 3-4), then introduce their interaction (Modet&) and at last

also introduce the interaction betweddetDensand HC(Model 7-8). Results are summarized in Table

5.
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Table5: Linear @nel regressionregional productivity growth19932005

@ @) ©) (4) 5) (6) () (8)
PopDens -0.054 *** 1.537 ** -0.119 *** -0.146 -0.134 *** 0.283
(0.012) (0.605) (0.024) (0.867) (0.033) (0.978)
NetDens 0.065 *** 0.552 #*=* 0.059 * 1.038 *** 0.184 1.488 ***
(0.019) (0.141) (0.030) (0.215) (0.123) (0.377)
HC 0.101 0.480 ** 0.253 ** 0.549 ** 0.215 0.925 **
(0.069) (0.233) (0.107) (0.229) (0.205) (0.389)
Reg®p -0.000 *** -0.002 *** -0.000 * -0.002 *** -0.000 * -0.002 *** -0.000 -0.002 ***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
PopDend -0.022 *** -0.268 *** -0.028 *** -0.309 ***
NetDens (0.007) (0.091) (0.010) (0.095)
NetDeng 0.048 0.158
HC (0.049) (0.108)
Congant 1.707 *** -0.270 2.138 *** 5432 *** 1.604 *** 3.593 * 2.119 *** 4.225 **
(0.169) (1.578) (0.272) (0.717) (0.077) (1.862) (0.499) (1.944)
Year FE Yes Yes Yes Yes Yes Yes Yes Yes
Region Between Fixed Between Fixed Between Fixed Between Fixed
Rsq 0.357 0.365 0.286 0.372 0.438 0.380 0.448 0.385
Adj. Rsq 0.329 0.301 0.255 0.308 0.405 0.317 0.397 0.320
N 936 936 936 936 936 936 936 936

Notes:standard errors in parentheses;**, *** sign the level of significance at the 0.1, 0.05 and 0.001 levels, respectively.
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The most importanfindingis that ceworker networkdensityenhances regional productivity growth.
The coeefficient ofNetDengs always positive and loses significance only in Modetfich reflects that
NetDenshas no significant impact on productivity growth when an interaction W@is introduced
to the BE regressionn general, lhe coefficients of the between effectinodels are weaker than the
coefficients of the fixed effects models, which suggests thghdr network density across regions
imply higher productivity growth rates across regions that increasing network density ovéime in
the regionenhances productivity growth mucahore.

Population dasty does nothave a clear effect on productivity @wth in our model. The between
effect settings suggest that growth rates are lower in areas wigfn Ipopulation densityAlthough
Model 2 suggests thaegions with increasingopulationdensity over time exhibit faster growth rates
the positive effect bPopDengslisappears wheietDenss introduced to the regression.

The nteraction term between PopDensand NetDensvariables is negative and significant, which
implies that population density weakens the positive effect of network density on regionaliguoity
growth.

In sum, we find that cevorker network density enhances and speeds up regional productviwth,
which accords with ¥pothesisl. This result is novel contribution to the regional growth literature,
since we find nevsystematicevidencethat not population density per savhich was highlighted by
previous studies (Ciccone and Hall 1996, Glaeser 12@®¥e density of the social network is decisive
for growth. Learning between ctocated individuals and consequent productivity gainsracge likely

if these individuals have beenancoworker relationbefore.

7. Coworker network versus skilirelatedness network

Social networkamight differ across regionsn terms of crossndustrial patterns. @-worker ties
presumably concentratavithin industry borders stronger in specialized regions and employees are
more likely to know employees in other industries in urban ach#esto the diversity of such regions
Since he important notion has a direct effect on the outcomes of local leaynire analyze the co
worker network in this regard. We argue that treontribution will offer a new approachin
understandingspatial knowledge externalities

Inter-industry labour flows are considered a major source afossindustrial learningin economic
geography(Boschma et al. 200@ndthe coworker network is claimed to depend endogenously on
labourflowso / 2 £ £ S I Yy R .WecBrdpardtheYcovarkernappioach with ldll-relatedness
that isa recent concept coined in evolutionary economic geograpityexploits intefindustry labar
flows (Neffke and Henning 2013, Neffke et al. 20T3)o industries are defined skitlated when the
sum of observedabour flows between them is larger tharhé expected value based on industry
characteristicdbbecause similar employee skills are needed in those two industResent studies
suggest that regions endowed with many sfkélated labour flows also have much higher productivity
growth rates (Boschan et al, 2014), which motivates the comparison between the two types of
networks.We introduce social relatedness in the chap#ed two industries are considered socially
related when the number of cavorker links between them is higher than expected.
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The coworker approach diffes from skillrelatedness approach in three basic aspects. First,
differences lie in the effect of labour mobility on links betwgagnts For example, if employees move
from industry A to industry B and also tandustry C thereare links A to B and A to C in the labour
mobility network but an additional link will be created between B and C in thearier network.
Second, labour mobility is considered to be a single transaction of personally embodied knowledge in
the skiltrelatedness approach, while the @eorker approach can also consider the strength of ties.
Third, and most importantly, our approach enables us to directly see the relatedness between local
plants and industries angin contrast to the skilfelatedness approde; we do not project national

level relatedness networks to the region.

Skillrelatedness and sociatlatedness industry networks are compared on a national ldveh
further step, we provide new insights regarding thgortance ofskillrelatedness, aciatrelatedness
and unrelated cevorker networksas a function ofegionsize

7.1 National level comparison

We compute skilfelatedness of industriesvith a method introduced by Neffke et al. (2013) and
comparethe observed labour flow to the expected labour flow between industand q over the
20002008 periodoy

Y  —n (8)

88

where Ry is the observed number of flows between indusprgnd g, F. is the total number of flows,
F. is the number of workers leaving indusfoyand Fq is the number of workers joining industogy
Then, we transfornil,q onto the interval {1; 1) as follows:

Y —8 )

Two industries are skitelated whenY >0because the labour flow betwegmand q is higher than
expected from the full labour flow matrix. Borrowing the above logic, we compute the same indicator
for the coworker network between industries. Lépq be the number of cavorker links between
indudry p andq, L, andL, the total number of links employees have in indugirgnd industryg, and

Lthe total number of links. Then, relatedness based omvooker links is given by

Y —h®dEQ (10
Y —3 (11
In a similar fashion, l&t/,q be the accumulated strength of asorker links between industrg andq,

W, andW, the accumulated strength of links employees have in indystamd industryg, andW the
sum of strength of all links. Then, relatedness based on the strengthwbdeer links is given by

L Z— Y o) (12

Y —8 (13)
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Figured: Skill relatedness network (202D08),un-weighted ceworker network (2008),and weighted ceworker network (2008) at the national level
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Note: Networks drawn from edges above the zaéhweshold of the respected value. Nodes in the networkepresent NACE-digit industries. Same
coloured nodes belong to the same NACGH{t sectorsForce Atlas algorithm was used in Gephi; parameters were optimized for visualization.
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We find similar patterns of the industry network when usivig,’Y ,andyY values as edge weights

in visualization (Figure 4ABC). Industries that one expects to be similar cluster together in all three
approaches. However, the distribution of the above indicahiews significant differences (Figure
4DEF). Whilthe distribution of skilrelatedness is close to be normal, relatedness based amacker

links as well as on strength of-wrker links is a monotonically increasing.

This observation suggests that the-worker network perspective is different frothe labour flow
perspective and offers a more complex picture becatigaptures those personal linkages between
industries that a labour flow matrix overlooks. However, the notion that the distribution smoothes
when strength of ties is in considerationggests thathat the coworker network is more similar to

the skillrelatedness network if we look at the accumulation of tie strength instead of aggregating the
links only, which is due to the large effect of recent labour flows on edge weights betneestries.

Table6: Descriptive statistics of skiglatedness and caorker networks

Edges Density Al\;gn' F:r?th Diameter Modularity Edgeweight
RR>0 RR>0 g RR>0 RR>0 correlation
RR>0
1 Skillrelatedness 51,778 0.319 1.682 3 0.22
2 Coworkerclinks(L) 43,615 0.378 1.633 4 0.118 0.597
3 Coworkerc strength(W) 34,659 0.3 1.715 4 0.148 0.617 0.838

Note: Pairwise Pearson correlation values are significant at the 1% level.

The above finding is further supported by correlating basic network indicators across the three
approaches at hand. For examph, and’Y are strongly correlated, bulY correlates stronger

with 'Y than'Y (Table 6). Similarlywhen looking at industry centralities one finds that the co
worker network based on tie strength is more similar to the skihtedness network than the €o
worker network based on accumulated links (Table 7).

Table7: Correlationof industry @ntralitiesin skiltrelatedness and caorker networks

Degree centrality ll Link Closeness centrality il Link
Link 0.638 1.000 Link 0.629 1.000
Srength 0.700 0971 Srength 0.678 0.970
Weighted degree centrality ill Link Betweenness centrality il Link
Link 0.627 1.000 Link 0.532 1.000
Srength 0.650 0.9& Srength 0.616 0.952

Note: Pairwise Pearson correlation values are significant at the 1% level.

Appendix4 reveals the egmetwork of industry 2442 (Aluminium productioajpd mostimportant
related industries using a spring algorithm. Only seven imghssappear in all thre@metworksout of
30 industriesand the different layout of these networks indicates different industry spaces as well.

7.2 Coworkerand ill-relatedness netwidksin regiors

The biggest advantage of the -emrker network perspective compared to the skélatedness

network is that one does not need to construct the network on the national level and then project it
2y (0KS NBIAZ2Yyad® [/ 2y aaSdurdeShatittHe 8aine mel&edieSsyndtix agplie G (i 2
metropolitan regions as well as rural areas becahseco-worker network offers us a micro approach
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and reveals the actual social relations of plants or industries in every spatidinutié following, we
show that this feature indeed provides us with novel information regardpagialsocialnetwork.

Industryindustry links in the ceovorker network are characterized into five nowerlapping groups
Same industrycategory means thaindividuals belong to the same NACE4 industries but work in
different plants.Skiltrelatedcategory includes cworker ties between industries among which labour
mobility is higher than expectetEq. 9) Coworker ties are stronger than expected amosgrially-
relatedindustries(Eqg. 13) One can also find a large share of industry pairs thasldtieand socially
relatedat the same time. Finally, there are induspairs thatare unrelated

After labelling the intefindustry ceworker network,we canlook at densities within industries, across
skillrelated industries, across sociafiglated industries, across skiind socially related industries,
and nonrelated industries. Thus, weandecompose the network density indicatare used in the
previous sectionEq. 7)into density within industries and density across industries by relatedness
types by a simple decomposition algorithm:

0O B B 15 (14)

whereLy, is the existing number of links within industyLyq is the existing number of links between
industriesp and g; N, and Ny are the number of employees in industripsand ;1  equals 1 if
industriesp andq are related according to rei@dnesscategoryr and O otherwise.

Figure 5: Decomposed network density and region size, 2008
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Note: (A) depicts logransformed density indicators. (Bepicts the logransformed value ofhe rate of
density indicators compared to the fuletwork density.

Decomposed density indicators are depicted against the number of employees in the regions in Figure
5 on a logog scale. In general, density indicators are smaller in bigger regions: the more employees
the smaller rate of observethksamongpossible links. Interestingly, the same industry network is the
densest in almost every region. Skdllatedness is found to decrease on a smoother slapghe
function of region size; and looking at the density rate we find thatskillrelatednetwork is relatively
denser in large regions than in small regicRse overlap of skillelatedness andaial relatednesss
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prevalent in small regionsA very important finding suggests th#ite density of sociy related
network alone is relativelylv in small regiongt becomes relativelhigherin middlesize regionand
becomes relatively low again in large regiofbe importance ofo-worker networksacrosaunrelated
industries is low in small industries and it becorhagh in large regions.

Table8: Share and strength of eworker ties across industridsy functional region type<2000

| Same Skill Socially Skilk and

Regions . % 9 % socially % Unrelated % SUM
industry related related
related

W 7,220,826 81.76| 1,342,861 15.20| 13,739.25 0.16| 40,993.98 0.46 | 213,488.8 2.42| 8,831,909.03
1 L 6,657,358 63.65| 3,141,419 30.03| 28,442 0.27| 75,565 0.72| 556,533 5.32| 10,459,317

Avg 1.08 0.42 0.48 0.54 0.38 0.84

W | 3,470,098 88.91| 359,694 9.22 | 16,011.97 0.41| 32,311.17 0.83| 25,840.02 0.66| 3,902,955.16
2 L 2,793,496 75.45| 754,195 20.37| 28,825 0.78| 58,142 157| 67,800 1.83| 3,702,458

Avg 1.24 0.48 0.55 0.55 0.38 1.05

W 592,723.4 87.41| 69,646.84 10.27| 3,136.66 0.46| 8,170.92 1.20| 4,420.15 0.65| 678,097.97
3 L 463,194 75.17| 120,987 19.63 5,868 0.95| 15,934 259| 10,208 1.66 616,191

Avg 1.28 0.57 0.53 0.51 0.43 1.1

W 87,4059 88.01| 7,802.27 7.86 664.91 0.67| 3,207.96 3.23| 23454 0.24| 99,315.58
4 L 67,776 79.88| 10,888 12.83 1,014 1.20 4,571 5.39 601 0.71 84,850

Avg 1.28 0.71 0.65 0.7 0.39 1.17

W 76,386.93 92.37| 1,487.78 180 | 457556 553| 12420 0.15| 12419 0.15| 82,698.66
5 L 56,508 83.47| 8,071 11.92 299 0.44 2,383  3.52 435 0.64 67,696

Avg 1.35 0.18 15.3 0.05 0.28 1.22

Note: W denotes the accumulated strength of ties; L denotes the number of ties; Avg. denotes the average strength of
ties (Avg=W/L)Functional region codestand for metropolitan egions (1), bigger regional centres (2), smaller regional
centres (3)small regions with private employment (4), small regions with public employment (5).

In a next step, we can also calculate the number and accumulated strengtiwalfrker ties accordig

to the above network categories (Table 8). We find ttatworker ties in same industries represent

the majority of the netwak in allregiontypesand these ties are the strongest on average. However,
the share of ties and their strength is relativebyver in large regions and relatively higher in small
regions. Skiltrelated industries accumulate a large share of relatively weakvardker links in
metropolitan areas but this share is significantly lower in small regions where ties are relatively
stronger. Thus, Hypothesis 2 is verified.

Social relatedness of industries is more important in migited and small regionthan in
metropolitan regionssince the share of links and accumulated weight in soaielgted as well as in
skilk and sociallyrelated industries increases as regions size decredsesse are more cavorker ties
across unrelated industries in metropolitan regions than in smaller regibmss, Hypothesis 3 is
verified.

In sum, ve find that the ceworker approach provides methodological improvement primarily in
middle-sized and small regionsgcause skitelatedness is found to describe the social network less
than in large regionskor a visualization of socially related indie$ in selected regions, consult
Appendix8. An important finding implies thahe importance of cevorker networks across unrelated
industries increases in large regions, which is due to the increased complexity of social networks in
metropolitan areas
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Based on the above findings, we also propose that thevorker approach opens up new horizons for
further research in the field of networks and economic geography. One might envisage that new
empirical understanding can be reached in variety of theoreliding social capital, spatial intBrm
learning, and Jacobsian externalitig#fierefore, further research is needed to unveil detailed network
characteristics and dynamics in regions.

8. Conclusion

A new empirical perspectiier social network anaes in economic geograpimas introduced in this
paper; we constructedhe co-worker network in Sweden for thperiod 19902008 and analyzeits
spatial dimensionWe believe that this approach caiffer a wide variety ohew answers for questions
addresing the role ofsocialnetworks in regional economic development. The current paper focused
on two issues: (1) the effect of network density on productivity growth; (2) the difference in-cross
industrial network structure according to regiaisize.

The paer provides the first systematicevidence tlat social networks are important for regional
dynamics. People might learn more efficiently from those they have been imaide@r relation with
previouslyrather than from colocaton per se. fus, learning lirough the ceworker network is
expected to enhance the productivity tife region Indeed,in contrast to previous studies advocating
the immense role of density (e.gCiccone and Hall 1996, Glaeser 199% empirical analysis indicate
that it is notpopulation density per se but the density of the-worker networkthat is important for
regional productivity growth This finding verifies oufirst hypothesis: etwork density trigges
productivity growth

Another contribution of the paper concerns thidustrated potential of the cavorker approach in
mapping interindustry links. We have demonstrated thhibks across skitelated and unrelated
industries are more likely and are also stronger in large regiongpared toin small regionsThisis in
line with oursecond hypothesiaind indicates that the cavorker perspective is useful for further
research addressing the role of social networks in generating Jacobsian exterraiitgesalso shown
in the paperthat the coworker approachworks betterthan skillrelatedness outside the largest
regions, especially middle-sized regionssince sociatelatedness has the highest importance in those
areas thus, we verified our third hypothesis

Since our methodology offersraicro perspective, one can analyse networks aggregated on various
levels including individuals, plants, firms, industries or regidhgther researchmight devote
attention to the effects of cavorker network3 structure on other aspects of regional dynaes like

firm entry, investment flowsentrepreneurship oremployment growthintroducing sectoispecific
characteristics into the analysifor example, mployees might learn more in thoseo-worker
networks where the industry-specific knowledge is easiér transfer. Anotherpotential in the ce
worker approach is the tie strength and one might be interested how the strength of weakaties
Granovetter put it applies to the effect of cavorker networks on innovation performance.
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Appendix &: Categories of employeeducation by direction of studies

1990 2008 1990 2008
code N % N % % %

Pedagog and teaching 14 107853 29,441 168497 21,44879 29,44 21,45

Arts and media 21 5100 1.392165 12018 1.529829

Journalism and media 32 3491 095295 11053 140699 6.91 5.84

Humanities 22 16725 4565481 22825 2905504

Social sciences 31 27273 7.444805 47.950 6.103786

Businesstrade and administration 34 40262 1099046 92489 1177337 2243 2140

Law 38 14640 3996331 27.662 3.521229

Biologyand environment 42 1.821 0497085 9571 1.218339

Physics and chemistry 44 3191 0871058 10265 1306681 ., 6.08

Mathematics 46 9.381 2560764 10637 1.354035 ' '

Data 48 2256 0615828 17.288 2.200673

Engineering 52 36910 1007545 105734 13.45939

Manufacturing 54 1.476 0.402909 4072 0.518344

Construction 58 10915 2979505 23481 2989009 , .o 18,09

Agriculture and forestry 62 2.835 077388 5767 0.734109 ' '

Environmental protection 85 467 0.127479  1.828 0.232695

Transport services 84 1175 0.320744 1.265 0.161028

Animal care 64 807 0.22029 1.865 0.237405

Heélth care 72 58451 1595557 151420 1927498 . o 2437

Social work 76 17.647 4.817162 36679 4.669046

Personal services 81 42 0.011465 1.472 0.187378

Security and military 86 52 0.014195 3634 0462589 oo 077

Unknown 99 3566 0.973423 18106  2.3048 ' '

SUM 366.336 100 785578 100 10000 10000

Note: Employees with educational background code 0 are excluded from the analysis.

Appendixlb: Number of employees byendercategories

Gender

1990

2008

182874 451303
183462 334275

SUM

366336 785578

Appendixlc. Numberof employee by agecategories

Age

1990 2008

-34
3549
50-

79437 217813
201334 317635
85565 250130

SUM

366336 785578
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Appendix 2 Tie probability distribution and firm size categori#890 and 2008

:w’ﬁ I tw!‘ i

£ Q) 5 > 5
LR AN @99 »® L FF 2 10 20 50 100 250 250
v ,\QQ q(?Q @Q excludes cutside values

HH

Plant size categories

Note: Distributions for 1990 in the left and for 2008 in the righe excluded those large number of
outlier observations that are below or above tivaiskers.

29



Appendix3: Descriptive statistics of the variables in the regional growth model,-2983

Variable Mean Std. Dev. Min Max Obs
ProdGro overall 1.233 0.539 0.372 7.368 N= 936
between 0.154 1.040846 2.033 = 72
within 0.517 0.085 6.568 = 13
PopDens overall 2.299 1.474 -1.399 4.950 N= 936
between 1.483 -1.316 4,904 n= 72
within 0.034 2.188 2.408 = 13
NetDens overall -3.662 1.445 -7.946 -0.721 = 936
between 1.446 -7.861 -1.158 = 72
within 0.151 -4.24 -3.18 T= 13
RegProd i erall  326.843 121.078 30.64 1288.007 N= 936
between 84.886 114.656 634.421 n= 72
within 86.872 45549 1218.82 = 13
HC overall -2.133 0.279 -2.965 -1.233 = 936
between 0.243 -2.643 -1.439 n= 72
within 0.14 -2.455 -1.719 T= 13
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Appendix 4 Ego networks of industry 2442 according to skihtedness, cavorker links, and cavorker link strength settings

Note: Networks drawn witliFrruchtermanReingold algorithm in Gephi after Node 2442 was settled above ithetyoork. Nodes have been systematically
sorted out by setting the minimum threshold of edges weight until the top 30 neighbours remained in the sample. The mimiesimold(A) 0.852, (B)
0.9465 (C) 0.921.
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FHgureb5: The socially related industries in Stockholm, Umea, and Karlskoga, 2000

Umea, D = 3.26

Stockholm, D = 4.04 Karlskoga, D = 6.26
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