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Abstract

This study examines the relationship between agglomera-

tion and labor market matching by investigating the small‐

scale sociospatial determinants of a network created by the

within‐region mobility of employees across organizations.

The local labor flow network is constructed on the basis of

an establishment‐level matched employer–employee data-

base covering selected knowledge‐intensive industries in

the Helsinki–Uusimaa Region in Finland during the period

2001–2015. The results from the analysis of various tie

formation processes reveal that the formation of a link by

interorganizational employee mobility within an integrated

labor market area is more likely between organizations

geographically closer to each other, all else being equal. The

findings highlight the importance of local density for the job

search process.
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1 | INTRODUCTION

Economic activities, particularly when intensive in the use of knowledge as an input, tend to be geographically

highly concentrated. Literature on regional and urban economics identifies three sources of agglomeration

economies as reasons for the observed spatial clustering: sharing, learning, and matching effects (Duranton &

Puga, 2004). A key issue in the discussion of the microfoundations based on matching is how agglomeration affects
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the quantity of matches between firms and workers. However, previous empirical studies comparing labor turnover

across regions provide ambiguous evidence on the relationship between agglomeration and the number of job

matches. While some studies find the employment or population density of a region to induce mobility (Anderson &

Thulin, 2013; Finney & Kohlhase, 2008), others suggest that the rate at which workers change occupation or

industry is, on average, lower in more dense urban areas (Bleakly & Lin, 2012; Wheeler, 2008). The present study

contributes to the literature on the link between agglomeration and labor market dynamics by examining the

microlevel sociospatial determinants of employee mobility within the knowledge‐intensive business sector of the

Helsinki–Uusimaa Region in Finland.

A substantial body of evidence suggests that hiring employees from competing firms, business partners, or

other firms can be an important method of accessing knowledge‐sharing networks (Almeida & Kogut, 1999; Breschi

& Lissoni, 2009; Rao & Drazin, 2002; Song et al., 2003). Ties to previous coworkers have also been found to serve

as a channel for knowledge exchange between organizations (Agrawal et al., 2006; Corredoira & Rosenkopf, 2010;

Somaya et al., 2008). In line with these arguments, labor mobility is shown to be an important factor explaining

firms' productivity (Csáfordi et al., 2020; Eriksson & Lindgren, 2009; Maliranta et al., 2009; Stoyanov &

Zubanov, 2014) and competitiveness (Herstad et al., 2019), as well as regional growth (Boschma et al., 2014;

Lengyel & Eriksson, 2017). In addition, there is evidence that job mobility is a significant determinant of workers'

earnings growth over the life cycle (e.g., Keith & McWilliams, 1999; Topel & Ward, 1992; Wheeler, 2006).

The importance of job switching for local economies raises questions about the mechanisms underlying labor

turnover and their spatial dimensions. An established empirical regularity is that worker flows are largely confined

within regions, which can be attributed to social and economic constraints associated with long‐distance mobility

between regions, such as sunk costs for relocation and aversion to the risk of unemployment (e.g., Eriksson

et al., 2008; Yankow, 2003). For example, Anderson and Thulin (2013) estimate that about 80% of all interfirm job

changes are intraregional. However, sectors, industries, and occupations tend to cluster also within regions and

cities (Larsson, 2017; Rosenthal & Strange, 2020). This means that the costs of job search may vary within a labor

market area, to which less attention has been paid in the research literature. The current study aims to fill that

research gap by considering the regional dimension of labor mobility from the viewpoint of the significance of small‐

scale spatial locations for job switching probability.

The tendency of employment to cluster within areas also complicates the analysis of the local dimension of job

switching patterns, as it leads to that there are several spatially correlated processes affecting the probability of

mobility between organizations. Therefore, it is a matter of interest for urban and regional analysis and planning to

examine whether the proximate location of firms to each other induces labor turnover when other factors

influencing interfirm worker mobility and the nonrandom spatial sorting of organizations are considered. This

question is investigated in the empirical section of this study using network data in which organizations are nodes

and ties are created by the movement of employees across organizations within the integrated labor market area of

the Helsinki–Uusimaa Region. The local network of organizations is constructed based on a longitudinal

establishment‐level matched employer–employee database covering selected knowledge‐intensive industries. The

data thus enable the detailed analysis of the sociospatial determinants of employee mobility from a novel microlevel

perspective combining network analysis and statistical methods.

1.1 | Literature review

The question regarding the spatial dimension of labor mobility is strongly related to previous research on how

regional characteristics, such as the size and employment or population density of agglomerations are associated

with variations in labor turnover rates. This literature provides ambiguous evidence on the relationship between the

internal geography and labor market dynamics of regions. Using data on the labor market activity of young urban

men in the United States, Finney and Kohlhase (2008) find that even though labor turnover is higher in larger urban
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areas, population density increases turnover only among the more densely populated regions. On the basis of a data

set for Sweden, Anderson and Thulin (2013) observe that the employment density of a region induces interfirm job

switching, especially for more highly educated employees.

In contrast, Bleakly and Lin (2012) find the rate at which workers change occupation or industry is, on average,

lower in more densely populated US cities. However, they observed a positive relationship between density and

occupational or industrial switching among younger workers. The authors suggest that workers search for a good

sector match early in their career, which is easier in more urbanized areas with a larger number of choices. Wheeler

(2008) also observes that industry changes occur more often in large local markets within a sample of first job

changes, but this relationship becomes negative once a worker has held several jobs.

One potential reason explaining why the aforementioned literature has produced mixed results on the regional

variation of labor turnover can be the different ways in which the studies deal with endogeneity concerns present

both at the individual level and at the local economy level. Self‐selection issues occur at the worker level because

location is a choice variable and can thus be related to individual factors that cannot be controlled for or may be

determined by decisions associated with local labor market characteristics. While Finney and Kohlhase (2008) and

Wheeler (2008) account for this issue by estimating separately the job mobility of those who move out of their

region and those who do not, Bleakly and Lin (2012) adjust for sorting across regions by using state‐of‐birth

population density as an instrumental variable for density of the current residence. Anderson and Thulin (2013)

address selectivity concerns arising from worker heterogeneity by controlling for observable employee and firm

characteristics.

At the local level, endogeneity issues can arise, for instance, from omitted regional variables that determine

both local outcomes and local characteristics (Combes & Gobillon, 2015). Local economy size and density may be

correlated with other regional factors, which can lead to that density and size measures capture also correlated

location‐specific effects that are not accounted for in the specification. The above‐mentioned studies on how labor

turnover varies with the size or density of regions aim to control for heterogeneity at the local level by using

different combinations of observed regional control variables. However, if regional unobserved heterogeneity is not

addressed, the local economy size and density indicators used can measure different effects in different research

settings.

From the perspective of the present study, a central issue with respect to the comparisons of labor turnover

across regions is that as the studies are based on data aggregated at the regional or metropolitan level, they do not

consider the interactions between firms and the labor markets of their locations within agglomerations. Several

microlevel empirical studies, however, suggest that small‐scale spatial locations are important for economic

activities. In their study on advertising agencies in Manhattan, Arzaghi and Henderson (2008) reveal that

agglomeration benefits decay sharply as early as after a few blocks. Analyzing data for the United States, Rosenthal

and Strange (2008) demonstrate that human capital externalities measured as the effect of proximity to highly

educated workers on productivity and wages are considerable within 8 km, after which they attenuate quickly.

Regarding labor flows, Larsson (2017) identifies stronger clustering tendencies within Sweden's metropolitan areas

in occupations involving nonroutine activities than in routine occupations. Using Swedish data, Bagley (2019) also

demonstrates that centrally located spinoffs within a cluster of firms from the same industry have more efficient

knowledge networks than firms located away from the geographic core of the cluster.

The tendency of economic activities to concentrate strongly within regions and cities and the importance of

this type of clustering for communication exchanges means that the costs associated with job search and screening

procedures can vary in different parts of a labor market area. Denser city‐regions may have advantages in labor

matching, as they offer many potential employment matches within commuting time distance, thus making it

possible to change jobs without changing residence. Another relevant aspect of labor market matching through

which urban density can have an influence on mobility rates is the significance of social networks in the mediation

of information about job openings and potential candidates for both recruiters and job seekers (Fernandez

et al., 2000; Granovetter, 1995; Ioannides & Loury, 2004). The importance of personal networks as sources of job
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information means that a job search is not only an economically rational process but it is also constrained and

defined by social relations. A general view is that approximately half of all vacancies are filled by those who know

someone from the firm offering the job (Durlauf, 2004).

The analysis presented in this paper focuses specifically on the small‐scale sociospatial dimensions of the

processes conditioning worker mobility, which has received less attention in research on the links between

networks, information exchanges, and labor market outcomes. In general, physical closeness is often considered as

a factor fostering interaction and cooperation. Closely located firms have more face‐to‐face contacts and thus are

seen to be able to build trust more easily, which in turn is considered to lead to more personal relationships

between firms (Boschma, 2005). The growth of distance between actors weakens these positive effects and makes

communication more difficult. This may be particularly true in well‐networked high‐end service sectors in which

informal interaction plays a key role (see Arzaghi & Henderson, 2008). On the other hand, it has been argued that

due to advanced information and communication technologies, networks through which knowledge sharing takes

place are no longer necessarily geographically limited (Rallet & Torre, 1999).

This study combines the network‐analytic approach with statistical methods to investigate matched

employer–employee data, which provides an opportunity to gain insight into the link between agglomeration

and labor market dynamics from a novel microlevel perspective. Network analysis is based on relational data

describing not only the characteristics of a single actor but also the features of the relationships between pairs of

actors. This can be essential for the study of employee mobility, as a job move takes place, by definition, between

two organizations, which in turn may belong to a larger organizational network. Therefore, network data with

information on the location of organizations and socioeconomic information on these organizations allow for a

detailed analysis of the mechanisms underlying interfirm mobility, particularly how geographic proximity is related

to within‐region job switching probability while considering local heterogeneity as well as the nonrandom sorting of

organizations on observable and unobservable characteristics associated with their position in the labor flow

network.

1.2 | Empirical strategy

This study examines an interorganizational network in which links are generated by the mobility of employees from

one organization to another in the knowledge‐intensive sector1 of the Helsinki–Uusimaa Region in Finland. The

empirical analysis focuses strictly on job switches taking place within this integrated labor market area consisting of

26 municipalities. The database is constructed by combining individual‐level employment data with information on

the entire organizational population of the region from administrative business registers as well as with a range of

demographic and socioeconomic information on the individuals employed within the organizations. The empirical

analysis focuses on all private work establishments of the selected industries, subject to data availability (see

Appendix A for the list of included Nomenclature des Activités Économiques dans la Communauté Européenne

[NACE] industries). Data sets were merged by unique ID numbers assigned to all individuals, establishments, and

firms of the registers. The database is a panel spanning from 2001 to 2015. All used registers are maintained by

Statistics Finland and are generally of high quality.

In the study setting, each observation describes a pair of organizations, and the dichotomous outcome variable

takes a value of 1 if an employee switches from organization i to organization j between time t − 1 and t, and 0 if a

link was not formed. An organization is defined as a firm's work establishment with a unique geographic location. To

test the relationship between different tie formation processes and labor mobility, the parameters of the logistic

regression models are estimated as follows:

1The number of establishments operating in the included industries accounted for about 29% of the total number of establishments in the region in 2015.

Data from Regional statistics on entrepreneurial activity (Official Statistics of Finland [OSF], 2021b).
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where pijt is the probability that a link from organization i to organization j exists at time t. Nijt−1 is the variable measuring

the geographical distance between organizations i and j at time t−1.Hijt−1 is a set of variables describing the organizational

characteristics of i and j at time t−1. Iijt s− is a set of network‐related variables measured at t−1, t−2, and t−3 (s=1, 2, 3).

Xijt−1 is a set of dummy variables indicating the location and industry of organizations i and j as well as dummies for a year.

Finally, α, β, γ ,ψ, and η are the parameters to be estimated. The variables of the models are listed inTable 1. Regressions

TABLE 1 Variables used in the regression models

Main variables

Link from workplace i to workplace j Dichotomous variable with the value 1 if an employee switched from
organization i to organization j between time t − 1 and t, and 0 if
not. Dependent variable in the models

Distance between workplaces i and j (ln) Natural logarithm of the distance in kilometers between the
employer in year t − 1 and year t

Industry Dummies for the industries of organizations i and j at the two‐digit
NACE industry level

Organizational characteristics

Workplace employee size of i and j (ln) Establishment size of the employer in year t − 1 in terms of the
natural logarithm of the number of employees

Difference on average age of employees in
workplaces i and j

Absolute difference on average age of employees in i and j in
year t − 1

Difference in gender composition in
workplaces i and j

Absolute difference in percentage of women in i and j in year t − 1

Difference in educational composition in
workplaces i and j

Absolute difference on average years of schooling in i and j in
year t − 1

Average wage in workplace j Average wage in j (1000 EUR) in year t − 1

Workplaces i and j are part of the same
multiorganizational firm

Dummy denoting if i and j are part of the same multiorganizational
firm (1) or not (0)

Difference in capital/employee (ln) in firm i

and j

Absolute difference of the natural logarithm of capital relative to the
total labor force of the firms i and j

Network‐related

Sociometric distance between workplaces i

and j

Nine dummies denoting whether the geodesic distance between i and j

was 1, 2, or 3 in year t− 1, year t −2, and year t − 3, path lengths
greater than three or infinite acting as a reference category

In‐degree of workplace j The number of individuals who moved to organization j from

organizations other than i between year t − 1 and year t

Location

Postal code area of i and j Dummies for the postal code area of the organization

Labor market area category of the mobility
event

Dummies indicating switches between or within the Capital Region
and the rest of the region

Abbreviation: NACE, Nomenclature des Activités Économiques dans la Communauté Européenne.
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are estimated in the Generalized Estimating Equations (GEEs) framework using the logistic population‐averaged estimator

with robust errors to account for the lack of independence within‐organizational pairs due to the panel structure of the

data. To address potential remaining heterogeneity after controlling for observable organizational characteristics, the

model is also estimated using the logistic fixed‐effects estimator at the organizational pair level to eliminate possible bias

due to sorting among organizations along unobservable dimensions, which could in turn have implications for tie creation.

In addition, a linear probability model of tie formation is estimated with separate fixed effects for both establishments

forming the organizational pair.

The nature of the assembled database with relational data generates specific problems that need to be

considered in an empirical setting. First, observations of network data are, by definition, nonindependent, while

conventional inferential formulas are based on the assumption of independence of observations. In a network

approach, an individual or organization is, in contrast, positioned among the network of social or economic

relationships, and the analysis focuses specifically on the interdependencies between actors (see Abbott, 1997).

Second, the rarity of job switching events and the size of the data pose some challenges for the empirical strategy,

as the vast number of potential dyads makes the analysis of the database at the whole‐network level

computationally infeasible, while drawing a random sample of the dyads of a sparse network would not fully utilize

the available information.

Hence, a so‐called matched case–control approach (see Collet & Hedström, 2013; Sorenson & Stuart, 2008) is

applied using the potential dyads that make up the network. The sample used for the estimation of the models

described above is created so that all dyads directly linked to one another (with a value of 1 on the outcome

variable) are included, forming the “cases” of the matched case–control design. Then, a control group is defined for

these cases from five randomly selected organizational pairs with a value of 0 on the outcome variable. Controls are

matched with the cases so that the dyads of the control group have the same industrial combination at the two‐digit

NACE industry level. This approach implies that all realized dyads are included and controls are selected randomly,

and thus there is no risk of biased estimates due to the sampling strategy.2 In total, 59,318 unique cases and

296,590 controls are included in the analysis.3

The explanatory variable of main interest is the geographic distance between job switchers' previous and

current employer, measured by calculating the number of kilometers between the two establishments. Practically,

this measure is defined by assigning the latitude and longitude to the employment‐weighted center of each postal

code area in which the establishments are located and by calculating the direct distance between the two points.4 In

the models, geographic distance is logged to account for the fact that the probability with which employees move

from one workplace to another does not change linearly over geographic space.

The study region and its postal code areas are illustrated in Figure 1. With a population of 1.7 million,5 the

Helsinki–Uusimaa Region is the country's most populous area and the most important economic region in the

country. The region's share of Finland's population is 31%, while it accounts for about 40% of the national gross

2Matched case–control data are often analyzed by matched methods (i.e., retaining the group matching of selected controls for each case), such as the

conditional logistic estimator. However, this is not necessary as it has been shown that unconditional and conditional methods yield similar findings for

loose‐matching data when the matching between cases and controls is not unique, and one case can be matched to other controls in the data (Kuo

et al., 2018; Pearce, 2016). This is also the case for this study, because an organizational pair can be matched to any other pair with the same industry

combination. The unconditional approach allows, however, the use of estimators that are more compatible with the specific features of the data.
3In addition to serial correlation due to the longitudinal nature of the data, the statistical independence assumption can be violated in the setting by that

even though the case–control design substantially reduces the number of times the same establishment enters the data, the analyzed data matrix has still

organizational pairs that share a common establishment. There are also repeated occurrences when more than one employee leaves or enters the same

workplace during the panel. To address these issues, clustering at the establishment level was experimented with in the GEEs framework as a robustness

check. Doing so does not affect the significance levels of the coefficients of the variables of interest.
4The postal code of an establishment's address was the most exact location information provided by Statistics Finland at the time of the research.

Employment‐weighted coordinates were calculated based on data obtained from the Register of Enterprises and Establishments maintained by Statistics

Finland. When both previous and current employers are located in the same postal code area, the distance between them is calculated as the mean

distance of the establishments to the center of the respective postal code area, weighted by the area's number of employees in knowledge‐intensive

industries.
5Data from Population structure (OSF, 2021c).
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domestic product.6 Although the business structure of the whole region is service‐oriented compared with the rest

of the country, knowledge‐intensive production is concentrated mainly in the major cities of Helsinki, Espoo, and

Vantaa in the Capital Region. The municipalities surrounding the Capital Region are specialized in logistics and

construction, while the areas on the fringe of the region are more industrial. However, a special characteristic that

distinguishes the region from other urban areas of the country is that there are concentrations of knowledge‐

intensive business services also outside the center of the region, such as in Lohja on the west side of the region, in

Porvoo on the east side of the region, and in the larger municipalities of Hyvinkää, Järvenpää, and Kerava along the

main railway line north of the Capital Region.

When analyzing tie formation mechanisms, the nonrandom sorting of organizations on characteristics

associated with their network position must be considered. It has been shown in the literature on organizational

networks that connections tend to form at a much higher rate between actors who are similar in relation to some of

their characteristics (McPherson et al., 2001). This homogeneity of networks implies that a link between

organizations i and j is more likely to form if they are similar in terms of aggregate statistics summarizing employees'

demographic characteristics. Homophilous tie formation mechanisms are accounted for by including variables

measuring the similarity of organizational pairs regarding their gender, age, and educational composition.

In addition to demographic characteristics, proximity in organizational terms may also be important for network

dynamics. It can be expected that a link from organization i to j is more likely to form if the two organizations belong

to the same industry or multiorganizational firm or are similar in terms of the capital intensity of their production.

This is because, in these cases, the type of work carried out in the organizations is more similar, thus facilitating the

mobility of employees between them.

F IGURE 1 Postal code areas and municipalities of the Capital Region (in white) and the rest of the Uusimaa
region (in light gray). Note: Geographic data from: Statistics Finland, the National Land Survey of Finland, and the
Finnish Transport Infrastructure Agency.

6Data from Regional account (OSF, 2021a).
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Financial incentives are also likely to be important since job mobility decisions can be assumed to be influenced

by prospective gains in wage earnings. The probability of a link being formed from organization i to organization j is

therefore expected to be positively related to wages in j. The probability that an employee will move between two

organizations also increases with their workplace size. This effect is controlled for by including an estimate of the

establishment size in terms of the number of employees.

Dummy variables indicating the postal code areas of i and j are added to the models to control for location‐

specific effects, which is important in addressing endogeneity concerns at the local level. For instance, productive

amenities such as transport infrastructures and universities affect potentially both local characteristics and

outcomes. Labor market dynamics can vary regionally also due to the nonrandom spatial selection of firms with

different productivity levels into higher‐ and lower‐cost subregions (e.g., Puga, 2010). In addition, the tendency of

knowledge‐intensive industries to cluster within cities means that the industry structures and the number of

potential employment matches can vary greatly among urban areas (Larsson, 2017). Such processes may also have a

systematic effect on regional worker‐firm match quality and thus on the incentives of employees to change jobs.

Regional dummies describing mobility events at the organizational pair level are also included in all models so

that job changes can be analyzed within the type of wider labor market area in which they occurred. These dummies

reflect whether the switch was within the Capital Region, from the Capital Region to the rest of the Uusimaa region,

from the rest of the Uusimaa region to the Capital Region, or within the rest of the Uusimaa region. This

classification has been applied because the Capital Region is clearly more integrated in terms of labor flows than

other parts of the region. As can be seen in Table 2, which reports descriptive statistics for all variables included in

the models, 84% of matches were within the Capital Region, 10% between the Capital Region and the rest of the

region, and 5% within the rest of the region.

Furthermore, movements of employees across organizations create paths along which workers can follow each

other, thus influencing job search and future mobility patterns (Fernandez et al., 2000; Granovetter, 1995;

Ioannides & Loury, 2004). As a result, organizational pairs that are directly linked to one another at one point in time

are more likely to form a link in the future. In addition to direct connections, short indirect links are also shown to

matter for tie creation. In their study on interorganizational employee mobility, Collet and Hedström (2013)

determined that movements of employees occur most frequently at sociometric distances of two and three,

suggesting that even though the number of contacts expands considerably at greater distances, the circulation of

relevant information becomes very limited. Other studies on information flows in networks have also shown that

connections are rarely formed at path lengths of four or greater (Granovetter, 1995; Singh, 2005; Sorenson

et al., 2006). Therefore, when estimating the probability of a tie being formed at a given point in time, it is important

to consider that ties created by the mobility of employees across organizations are contingent on the links

generated by the previous movements of other employees. Network paths are also likely to be spatially correlated

due to the regional concentration of employment, and thus they need to be addressed in the analysis of the spatial

dimensions of network dynamics.

To account for tie formation processes endogenous to the network (i.e., depending on existing network

patterns), lagged sociometric distance variables calculated along the shortest path from i to j or from j to i at time

points t − 1, t − 2, and t − 3 are introduced. The dummy variables indicate whether the establishments had a lagged

sociometric distance of one, two, or three; path lengths greater than three or infinite7 acting as a reference

category. Another presumable network‐related effect is that employees in organization i would be more interested

in moving to organization j if they observed that individuals from other organizations moved to j (Collet &

Hedström, 2013). This effect is controlled for by including a variable indicating the in‐degree of organization j

measured as the number of individuals who moved to organization j from organizations other than i.

7A path between two nodes is infinite, if the nodes are disconnected, that is, they do not belong to the same component and there is thus no path between

them. Sociometric distance is treated as a dummy variable so that dyads which are not part of the same component at some point in time can be included

in the analysis.
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TABLE 2 Descriptive statistics for variables included in the models

Full sample Cases Controls Mean difference

Variable Mean SD Mean SD Mean SD Cohen's d

Distance between workplaces i and j [ln (km)] 2.074 1.281 1.515 1.322 2.185 1.243 0.533

Distance, capital → capital 1.581 1.042 1.260 1.162 1.656 0.997 0.385

Distance, capital → rest of the region 3.581 0.489 3.462 0.557 3.590 0.482 0.262

Distance, rest of the region → capital 3.562 0.490 3.500 0.541 3.568 0.485 0.137

Distance, rest of the region → rest of the region 3.107 1.346 1.729 1.505 3.493 1.001 1.560

Workplace employee size of i (ln) 2.836 1.588 3.908 1.780 2.622 1.455 −0.850

Workplace employee size of j (ln) 2.886 1.556 3.848 1.733 2.693 1.443 −0.772

Difference on average age of employees in
workplaces i and j

7.101 5.640 5.494 4.605 7.422 5.771 0.345

Difference in gender composition in
workplaces i and j

0.281 0.228 0.202 0.171 0.297 0.234 0.421

Difference in educational composition in
workplaces i and j

1.934 1.562 1.288 1.138 2.063 1.603 0.505

Average wage in workplace j (1000 EUR) 3.479 2.491 3.765 4.820 3.422 1.668 −0.138

Workplaces i and j are part of the same
multiorganizational firm

0.009 0.094 0.051 0.219 0.001 0.024 −0.543

Difference in capital/employee (ln) in firm i and j 1.362 1.254 1.218 1.176 1.391 1.267 0.137

Sociometric distance of one between
workplaces i and j at t − 1

0.029 0.168 0.160 0.366 0.003 0.052 −1.000

Sociometric distance of two between
workplaces i and j at t − 1

0.053 0.224 0.185 0.389 0.027 0.161 −0.733

Sociometric distance of three between

workplaces i and j at t − 1

0.097 0.295 0.159 0.366 0.084 0.277 −0.255

Sociometric distance of four or greater between
workplaces i and j at t − 1

0.821 0.383 0.496 0.500 0.887 0.317 1.103

Sociometric distance of one between
workplaces i and j at t − 2

0.020 0.141 0.111 0.314 0.002 0.047 −0.806

Sociometric distance of two between
workplaces i and j at t − 2

0.042 0.200 0.151 0.358 0.020 0.140 −0.674

Sociometric distance of three between
workplaces i and j at t − 2

0.075 0.263 0.137 0.344 0.062 0.242 −0.287

Sociometric distance of four or greater between
workplaces i and j at t − 2

0.863 0.344 0.601 0.490 0.916 0.278 0.974

Sociometric distance of one between

workplaces i and j at t − 3

0.016 0.126 0.087 0.282 0.002 0.044 −0.697

Sociometric distance of two between
workplaces i and j at t − 3

0.034 0.180 0.123 0.329 0.016 0.124 −0.613

(Continues)
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Finally, the model is also estimated using a fixed‐effects estimator at the establishment pair level to address

potential remaining heterogeneity. In this specification, identification is based on changes over time in the

explanatory variables within‐organizational pairs that show variation in the outcome variable (pairs that have both

one and zero on the dependent variable during the panel), thereby eliminating unobservable time‐invariant factors

associated with each pair that may have implications for tie formation. However, this leads that when there is not

enough within‐organizational pair variation in an explanatory variable, its effect cannot be identified even if it exists.

For example, establishment pair fixed effects can be assumed to account for a large degree of variation in

organizational pair characteristics that are relatively constant over time, such as organizational differences in terms

of aggregate statistics summarizing employees' demographic attributes. In the case of the geographic distance

variable, identification relies on changes in the spatial distance between i and j that occur in the data when at least

one of the organizations relocates during the sample period.

The fact that fixed‐effects estimates are based on a subset of the data also means that they can be driven by

selective groups, which limits the generalizability of the estimation results. In the context of the present study, this

problem is less pronounced when the model is estimated with separate fixed effects for both i and j, because the

same organization enters the panel both as a case and a control more often than the same organizational pair.

However, it is not possible to estimate such a specification with logistic regression due to the so‐called incidental

parameter problem in the case of nonlinear panel regression models with multiple high‐dimensional fixed effects.

Hence, an alternative linear probability model of tie formation is also estimated with fixed effects for both

establishments forming the organizational pair.

A further limitation of fixed‐effects estimation that should be considered is that even though it helps address

bias due to time‐constant unobserved heterogeneity, bias still could be present if the selection is on the basis of

time‐varying factors. This potential source of bias is reduced by including almost the same set of control variables in

the fixed‐effects estimations as in the specifications without establishment fixed effects. One of the differences

between the sets of controls is that while industry dummies can be included in the models without fixed effects at

the organizational pair level (thus accounting also for the interaction between the industries of i and j), this is not

TABLE 2 (Continued)

Full sample Cases Controls Mean difference

Variable Mean SD Mean SD Mean SD Cohen's d

Sociometric distance of three between
workplaces i and j at t − 3

0.059 0.236 0.113 0.317 0.049 0.215 −0.274

Sociometric distance of four or greater between
workplaces i and j at t − 3

0.891 0.312 0.677 0.468 0.934 0.249 0.867

In‐degree of workplace j 8.180 33.514 22.100 61.956 5.396 23.101 −0.507

Capital → capital 0.743 0.437 0.843 0.364 0.723 0.447 −0.275

Capital → rest of the region 0.116 0.320 0.052 0.222 0.129 0.335 0.241

Rest of the region → capital 0.100 0.300 0.052 0.222 0.110 0.313 0.193

Rest of the region → rest of the region 0.041 0.198 0.053 0.225 0.038 0.192 −0.078

Number of observations 355,908 59,318 296,590

Notes: Cohen's d indicates the standardized difference between the means of cases and controls. It is defined as the
difference between the means divided by the standard deviation (SD) for the data. Effect sizes (in absolute values) can be

classified as “small” (d = 0.2), “medium” (d = 0.5), and “large” (d ≥ 0.8) (Cohen, 1988). The indicator shows that the groups
differ the most in terms of establishment size and network proximity. For the other variables, the differences between the
groups are mostly small or moderate.
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possible in the fixed‐effects estimation, as an organization's change of industry is a relatively rare event and thus

there are no observations in most industry pair groups in the subset of the data used by this model. This is the case

for the postal code area dummies as well. However, establishment fixed effects account also for all time‐constant

location and sector effects (Combes & Gobillon, 2015).

2 | RESULTS

Each year, between 2100 and 3200 establishments were part of the network generated by the interfirm mobility of

employees in the selected industries. Various statistics describing the structural properties of the network are

presented inTable 3. As depicted in the table, labor market fluctuations influence the size of the network during the

period considered. The bursting of the information and communication technology bubble in the early 2000s shrank

the network at the beginning of the period, after which the network grew steadily during a strong macroeconomic

growth period until the global financial crisis in 2008. The economic recovery after the recession and the network's

growth slowed again in 2012.

FromTable 3, it can be seen that the network generated by interfirm mobility is sparse and weakly connected.

Each year, between 77% and 88% of organizations forming the network belonged to one giant component in which

any two organizations are connected to one another by paths. However, clustering coefficients are significantly

higher than could have been expected in a similar random network. Despite the low density of the network, on

average, any randomly selected organization can reach any other organization in five steps.

The main results of the logistic regression models examining network tie formation are reported inTable 4, and

the full regression results are presented inTable C1 in Appendix C. A correlation matrix is presented in Appendix B.

The dependent variable in the logistic regression models indicates whether there was a direct link between

workplaces i and j. The industrial sectors of the establishments at the two‐digit NACE industry level are controlled

for in all model specifications. Year dummies are also included in all specifications to eliminate bias due to any

correlation between spatial location and job switching resulting from time‐varying shocks. In addition, dummy

variables describing the within‐region geographical locations of the organizations are included to control for

location‐specific effects.

The results of the first estimation adjusting for industry, time, location, and observed organizational

characteristics show that networks generated by job switches are highly localized. The odds ratio, that is, the

exponentiated value of the logistic regression coefficient, for the variable measuring geographic distance between

workplaces i and j is 0.64 (≈e−0.446) and is statistically highly significant. This means that a 1% increase in distance

between the previous and the new employer is associated with a 0.36% decrease in the odds of forming a link

between the organizations.

The first model also indicates that network dynamics are the outcome of several organizational processes. The

parameter estimates of the size of organizations i and j are both positive, and the larger the differences in terms of

gender composition, average age, and average years of schooling in the two organizations, the less likely a tie will be

formed between them. Furthermore, the results suggest that proximity at the organizational level matters; if

organizations are part of the same multiorganizational firm, it is more likely that a tie will be formed between them.

The similarity in terms of capital intensity at the firm level also has a positive relationship with tie creation. The

results suggest that financial incentives are also important, as the probability of a tie from i to j has a positive

relationship with the pay level in j.

Model 2 includes controls for tie formation processes endogenous to the network by adding dummy variables

for lagged sociometric distances between establishments that were directly linked at time t. The results indicate

that short lagged sociometric distances are positively related to the probability of a link being formed. The positive

coefficient of sociometric proximity decreases over time but remains highly significant until the sociometric

distance of two at t − 3. The variable measuring the number of individuals who moved to establishment j from
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establishments other than i also has a highly significant positive association with tie formation, suggesting that

employees tend to move to organizations that attract individuals from other organizations.

A comparison of the odds ratios of the proximity variables from Model 2 shows that geographical proximity is

especially important compared with other types of proximities influencing the interorganizational network. As can

be seen in Table 2, a typical variation as measured by a standard deviation is 1.28 in the geographical distance

variable, 5.64 in the age difference variable, 1.56 in the educational difference variable, and 0.23 in the gender

difference variable. This suggests that the tie formation odds ratio for a typical variation in geographic distance is

approximately 0.58 (0.65^1.28), compared with 0.65 for a typical variation in the average level of education, 0.83

for a typical variation in age composition, and 0.75 for a typical variation in gender composition. Given the

significance placed on employees' demographic characteristics as drivers of network formation (McPherson

et al., 2001), the relationship between geographic proximity and tie creation appears to be substantively important.

To examine the relationship between geographic proximity and tie formation probability in different parts of

the region, the adjusted marginal effects of the variable measuring geographic distance between workplaces i and j

on tie formation probability in different regional labor market categories are estimated. According to the results,

shorter distances increase the probability that a tie is created through employee mobility statistically significantly in

all area categories. However, as shown in Figure 2, the comparison of the estimates indicates that geographical

distance is of the greatest consequence for the formation of network ties when the movement of employees occurs

within a subregion, that is, within the Capital Region or within the rest of the region. Even though the smaller

marginal effect of geographic distance in the case of between‐area switches implies that physical proximity is less

significant relative to other determinants of labor mobility when the switch takes place between more remote parts

of the region, geographic distance still is an important predictor of mobility events also in these labor market

categories.

When comparing the magnitudes of the estimates for different regional categories, the fact that the areas of

the classification differ significantly in terms of geographical scope must be considered; therefore, the average

distances moved by employees as well as potential distances between establishments vary substantially depending

on the type of labor market area of the organizational pairs. The average switching distance is 6 km within the

TABLE 4 Logit models of tie formation

Variable/model (1) (2) (3)

Distance between workplaces i and j [ln (km)] −0.446*** (0.0070) −0.425*** (0.0073) −0.443*** (0.1039)

Controls for organizational characteristics Yes Yes Yes

Controls for network‐related characteristics No Yes Yes

Organizational pair fixed effects No No Yes

Dummies for the industry combination of the ij pair Yes Yes No

Dummies for the industries of i and j N/A N/A Yes

Dummies for the postal code areas of i and j Yes Yes No

Dummies for the labor market area of the ij pair Yes Yes Yes

Dummies for year Yes Yes Yes

Number of observations 355,450 355,450 4691

Notes: Regressions one and two are estimated using the logistic population‐averaged estimator with cluster‐robust errors at
the organizational pair level. Regression three is estimated using the logistic fixed‐effects estimator at the organizational
pair level. Dummies for the industries of i and j are nested within the dummies for the industry combination of the ij pair and
are thus non‐applicable in regressions one and two.

***p < 0.001; **p < 0.01; *p < 0.05.
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Capital Region, 15 km within the rest of the region, 36 km from the Capital Region to the rest of the region, and

37 km from the rest of the region to the Capital Region. The finding that geographic distance is equally important

for job switching in the rest of the region, where establishments are located on average more remotely from each

than within the more urbanized Capital Region can be explained by the fact that in a densely built area, mobility

events also occur between establishments located further from each other, while in geographically more expansive

areas the possible distances become quite long, but economic activities are still often concentrated around the

largest urban center in the area.

In Model 3 in Table 4, organizational pair fixed effects are included to address the potential remaining

unobserved heterogeneity. In this specification, the source of identification of the relationship between geographic

distance and job switching is the changes over time in the spatial distance between i and j that occur in the data

when at least one of the organizations relocates during the sample period. That is, the identification is based on

variation over time in distance within‐organizational pairs, thereby eliminating unobservable time‐invariant factors

associated with each organizational pair that may otherwise bias the estimates. However, this also means that

fixed‐effects estimates can be driven by selective groups, which limits the generalizability of the estimation results.

Because in a fixed‐effects model identification is solely based on within‐organizational changes, the estimation

only utilizes observations that enter the panel multiple times and have variation in the dependent variable. In

practice, this means that the analysis is likely to be restricted to more established organizations within the sample.8

The subset of organizational pairs with both values on the outcome variable has 4691 observations. In the fixed‐

effects specification, time‐varying heterogeneity is accounted for by the same control variables as in the previous

estimations even though in the case of most covariates, there is not enough within‐organizational pair variation

during the panel period so that their effects could be identified. The variables measuring lagged sociometric

distances can be expected to capture to a large extent the same endogenous mechanisms as the organizational pair

F IGURE 2 Average marginal effects of geographic distance with 95% confidence intervals in different labor
market area categories. Note: Region 1, capital → capital; region 2, capital → rest of the region; region 3, rest of the
region → capital; region 4, rest of the region → rest of the region.

8For example, the average number of employees in organization j is 185 for the subset of observations with variation in the dependent variable, while it is

72 for the rest of the sample.
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fixed effects, but they are also included in the fixed‐effects model to account for possible time‐varying changes in

patterns internal to the network.

As displayed inTable 4, the results from the fixed‐effects estimation show a highly similar relationship between

geographic distance and employee mobility than from the previous specifications. The estimated coefficient for the

spatial distance variable is −0.44 from the fixed‐effects regression, while it is −0.43 from the most comprehensive

model without organizational pair fixed effects.

Because a fixed‐effects logistic estimation does not allow one to take into account the dependence that occurs

with multiple observations per organizational pair and correlated residuals (seeWooldridge, 2010), the model is also

estimated in a linear probability framework with clustered standard errors as a robustness test.9 In addition, the

linear framework allows the model to be estimated with separate fixed effects for organizations i and j, which is a

less restrictive approach with respect to the data used to obtain the parameter estimates than the organizational

pair fixed‐effects model, as the same establishment enters the panel more often than the same pair of

establishments. Such a specification cannot be estimated with logistic regression because the incidental parameter

problem has not been resolved for nonlinear panel regression models with multiple high‐dimensional fixed effects.

The results of the linear probability models are summarized in Table 5, and the full regression results are presented

in Table C2 in Appendix C.

When comparing the results across different models, it must be acknowledged that differences between

modeling techniques affect sample composition and coefficient interpretations. For example, unlike the logit

specification, a linear probability model with fixed‐effects estimates the average marginal effect of a covariate as a

linear combination of group data regardless of whether they show variation in the outcome variable, thus shrinking

the estimated coefficients when the share of homogeneous outcome groups (which all also have slope coefficients

of zero by construction) is significant (Beck, 2020).10

As presented in Table 5, the estimated coefficient for the spatial distance variable is −0.046 from the most

comprehensive linear probability model without fixed effects, while the average marginal effect from the

corresponding logistic specification is −0.037. Again, the coefficient from the linear specification with separate fixed

effects for i and j is −0.022, which is smaller in absolute terms than the average marginal effects from the logistic

models or from the linear models without fixed effects. However, when using only within‐establishment variation

for the estimation, the coefficient of the geographical distance variable is still substantial and statistically highly

significant, and also according to this specification it is especially important for tie formation compared with other

types of proximities influencing the interorganizational network.11 Therefore, even though the meaningful

comparison of the estimates from different models is difficult, the main results from the linear probability

estimations can be considered to be consistent across different specifications and with those from the logistic

regression models.

9Despite the concern of unbounded predicted values (predicting probabilities below 0 or above 1) with linear probability models, these models can provide

unbiased and consistent estimates of average effects (Wooldridge, 2010). In addition to allowing serial correlation between errors within‐organizational

pairs in a fixed‐effects specification to be taken into account, a linear framework facilitates also experimenting with clustering errors at more aggregate

levels, such as the firm level or postal code area level to check for possible spatial dependencies; the findings remain after these tests.
10This effect can be expected to be reasonably large in the context of the present study due to limited mobility on the labor market. To assess the

magnitude of this effect, estimates should be also calculated using only the heterogeneous establishment group data. However, the dyadic structure of the

data set leads to that it cannot be restricted to establishment groups with a mix of zeros and ones on the outcome variable in an unambiguous way when

estimating the model with separate fixed effects for organizations i and j, because the establishments that make up an organizational pair may belong to

different groups on their own. When using fixed effects at the organizational pair level, results from linear and logit estimations have been made more

comparable by estimating the linear model on the subset of data used by the logistic form.
11The comparison of the estimates based on the typical amount of variation observed within fixed‐effect units suggests that a within‐establishment one

standard deviation increase in geographic distance is associated with a 0.017 decrease in tie formation probability, compared with a change of 0.012 for a

within‐establishment standard deviation in the average level of education, a change of 0.008 for a typical within‐establishment variation in gender

composition, and a change of 0.004 for a typical within‐ establishment variation in age composition.
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3 | CONCLUSIONS

The literature on regional and urban economics identifies matching effects as one of the main sources of

agglomeration economies (Combes & Gobillon, 2015; Duranton & Puga, 2004). A key issue in the discussion of the

microfoundations based on matching is how agglomeration affects the quantity of matches between firms and

workers. However, previous empirical studies have produced ambiguous results on how labor turnover varies with

the density or size of urban regions. While some studies find labor mobility to increase with the employment or

population density of a region (Anderson & Thulin, 2013; Finney & Kohlhase, 2008), others suggest the rate at

which workers change occupation or industry to be lower in more dense urban areas (Bleakly & Lin, 2012;

Wheeler, 2008). The differences between previous results can be attributable to the different ways in which the

studies address selection issues present both at the worker level and at the local economy level.

This study contributes to the research on local labor market matching by examining the small‐scale sociospatial

determinants of a network created by the within‐region mobility of employees across organizations in the

knowledge‐intensive business sector of the Helsinki–Uusimaa Region. The application of a microlevel perspective

combining network‐analytic and statistical methods to study employer–employee data allows for a detailed analysis

of the spatial dimensions of job switching while considering local heterogeneity as well as the nonrandom sorting of

organizations and their workers on characteristics related to their position in the labor flow network.

TABLE 5 Linear probability models of tie formation

Variable/model (1) (2) (3) (4)

Distance between workplaces i and
j [ln (km)]

−0.060***
(0.0010)

−0.046***
(0.0009)

−0.022***
(0.0013)

−0.118***
(0.0264)

Controls for organizational
characteristics

Yes Yes Yes Yes

Controls for network‐related
characteristics

No Yes Yes Yes

Fixed effects for i and j No No Yes No

Organizational pair fixed effects No No No Yes

Dummies for the industry
combination of the ij pair

Yes Yes No No

Dummies for the industries of i and j N/A N/A Yes Yes

Dummies for the postal code areas
of i and j

Yes Yes No No

Dummies for the labor market area

of the ij pair

Yes Yes Yes Yes

Dummies for year Yes Yes Yes Yes

Number of observations 355,908 355,908 354,417 4691

R2 0.264 0.340 0.086 0.174

Notes: Regressions one and two are estimated using the ordinary least squares estimator with clustered standard errors at
the organizational pair level. Regression three is estimated using separate fixed effects for organizations i and j with
standard errors clustered at the level of both organizations. Regression four is estimated using the fixed‐effects estimator
at the organizational pair level with standard errors clustered at the same level. Dummies for the industries of i and j are
nested within the dummies for the industry combination of the ij pair and are thus non‐applicable in regressions one

and two.

***p < 0.001; **p < 0.01; *p < 0.05.
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Employment in sectors, industries, and occupations, especially when intensive in the use of knowledge as an

input, tend to cluster strongly even within regions and cities (Larsson, 2017; Rosenthal & Strange, 2020). This

means that the costs associated with job search processes may vary within a labor market area, to which less

attention has been paid in the literature on job matching. However, the clustered nature of employment also leads

to that there are several spatially correlated processes making organizations interact, which complicates the

question of whether proximity in itself induces interfirm labor mobility. The results of this study on the mechanisms

underlying intraregional job switching indicate that, all else being equal, mobility events are more likely between

establishments geographically closer to each other, which suggests the importance of local density for the job

search process. This finding is robust for all the examined area categories of the region and across different model

specifications. In addition, the results show that spatial proximity seems to be a particularly significant determinant

of tie formation compared with other types of organizational proximities considered important in the research

literature on organizational relations, implying that the relationship between geographic proximity and labor

mobility is also substantively significant.

The robustness of the result indicating a positive relationship between local clustering and interorganizational

mobility contrasts with previous findings suggesting that density increases turnover only among the more densely

populated regions (Finney & Kohlhase, 2008) or that the relationship between density and mobility is on average

negative (Bleakly & Lin, 2012; Wheeler, 2008). The authors who find job turnover rates to be lower in denser urban

areas suggest this to be due to that employees engage in greater experimentation early in their working lives, which

is easier in more urbanized areas with a larger number of choices. Because the increased number of potential

employers produces more efficient job matches during the initial search phase, employees in larger urban areas

have fewer incentives to change jobs later in their careers. On the other hand, it can be argued that to assess the

link between agglomeration and labor mobility, this kind of local heterogeneity needs also to be addressed in the

analysis, which is the approach applied in this study.

The results of the present study imply that spatial proximity between knowledge‐intensive businesses can

promote labor market matching processes in both dense urban environments as well as in areas, where the local

market scale is smaller. The specificity of the study region must, however, be acknowledged when interpreting

these findings. The Helsinki–Uusimaa Region is the most urbanized area in Finland with a well‐developed

infrastructure and is by far the strongest concentration of knowledge‐intensive activities in the country. Proximate

location can be particularly important in well‐networked high‐end service sectors in which informal interaction

plays a key role (see Arzaghi & Henderson, 2008). Therefore, future research is needed on whether the results

presented in this paper hold also for less urbanized concentrations specialized in other types of productions and for

low‐density areas located further away from larger agglomerations.

Another area of future research is whether the observed spatial dimension of job switching patterns extend to

agglomerations in other countries. Central to the generalizability of the results can be the similarity of other regions

compared with the Helsinki–Uusimaa Region in terms of industry composition, institutional environment, and urban

structure. Presumably the most comparable regions in these terms are the large urban areas of other Nordic and

Western European countries, where the educational and occupational structures of the labor force can also be

assumed to be quite similar to that of the Helsinki–Uusimaa Region. The international generalizability of the results

may also be enhanced by the fact that knowledge‐intensive industries form an especially international part of

national economies, and the requirements of these industries regarding their business environments can be

expected to be quite homogeneous across larger urban areas of different countries.

The spatial characteristics of the network generated by interorganizational employee mobility found in this

study imply that the physical proximity of businesses to each other can reduce the cost of changing jobs and

facilitate search and screening procedures through local professional networks. The formation of ties by the

movement of employees between organizations is important for the functioning of labor markets because worker

mobility links networks, thus creating social cohesion among firms changing personnel. This process generates

organizational ties, which can further enhance mobility. Increased job turnover is in turn essential for local
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economies, as labor mobility is shown to explain workers' earnings growth (Keith & McWilliams, 1999; Topel &

Ward, 1992; Wheeler, 2006), firms' productivity (Csáfordi et al., 2020; Eriksson & Lindgren, 2009; Maliranta

et al., 2009; Stoyanov & Zubanov, 2014) and competitiveness (Herstad et al., 2019), as well as regional growth

(Boschma et al., 2014; Lengyel & Eriksson, 2017).

Empirical research has so far analyzed labor market matching from a spatial perspective at the regional or

metropolitan level. However, the finding that geographic distance remains a substantively and statistically

significant predictor of intraregional employee mobility after controlling for different tie formation processes

implicates that location within an urban area may also be an important determinant of interactions between

organizations and their local labor markets. This result is in line with previous studies demonstrating the significance

of small‐scale spatial locations for economic activities (Arzaghi & Henderson, 2008; Bagley, 2019; Rosenthal &

Strange, 2008). Again, the evolution of the labor flow network is simultaneously explained by several other

processes, such as the preference of individuals to work with similar others. Different mechanisms affecting

mobility patterns can operate conjointly as well, meaning that the relevance of one form of proximity for the

probability of a link being formed may depend on how similar organizations are in some other terms (Collet &

Hedström, 2013). It would therefore be interesting to investigate how geographic proximity interacts with other tie

formation mechanisms when influencing labor market outcomes.

A subject of future work is also to find alternative estimation methods that can be used to account for all

unobserved heterogeneity potentially related to organizational characteristics and labor mobility. While location

and establishment fixed effects help address bias due to time‐constant heterogeneity, bias still could be present if

the selection is on the basis of unobserved time‐varying factors. For instance, changes in firm characteristics related

to management or ownership could not be observed from the registers used in this study, although such changes

may affect business relationships. However, the assumption that the sources of bias are limited to time‐varying

unobservables that potentially correlate with the main variable of interest as well as with the outcome variable is

much weaker than the strong exogeneity assumption of standard models.

The question about the localized character of interfirm job switching can also have some implications for urban

and regional planning. For instance, in the context of this study, the findings suggest that the promotion of existing

business districts towards denser and more compact concentrations enabling the proximate location of businesses

to each other is essential in terms of the operating conditions of knowledge‐intensive production in the

Helsinki–Uusimaa Region. Further intensification of concentrations can also mean the redevelopment of old

structures so that the supply of office space and production facilities can adapt to changing demands of firms in

attractive business areas both in dense urban centers and in smaller economic concentrations of the region. This

question is directly related to the region's future growth prospects as the significance of knowledge in production

processes increases.

Even though the potential to change jobs without change of residence is greater in large and dense regions,

residence location can also affect labor market outcomes in different ways within urban concentrations. For

example, there is evidence that social interactions among neighbors at the level of a city block can increase the

propensity to work in the same location (Bayer et al., 2008). A subject of further research could therefore be how

the distance between place of work and place of residence is associated with intraregional employee mobility,

which could not be examined in the context of the present research. Additional extension regarding individual‐

specific effects would be to decompose the analysis by the stage of the individual's working career, for previous

research has found heterogeneity in the relationship between density and employer transitions across different

levels of experience in the labor market (Bleakly & Lin, 2012). Future research could also investigate how mixing

residential and employment uses within urban concentrations is related to local job switching rates, as both uses

can support neighborhood‐level development activities by contributing to creating a critical mass of activity.

Furthermore, the results obtained through the analysis of employer–employee data from a relational perspective

raises the question of whether the found sociospatial features of labor flows influence the economic value of

interfirm mobility for firms and workers.
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APPENDIX A

See Table A1

TABLE A1 List of included industries according to the NACE Rev. 2 classification

582 Software publishing

62 Computer programming, consultancy, and related activities

63 Information service activities

72 Scientific research and development

69 Legal and accounting activities

70 Activities of head offices; management consultancy activities

71 Architectural and engineering activities; technical testing and analysis

73 Advertising and market research

74 Other professional, scientific, and technical activities

78 Employment activities

82 Office administrative, office support, and other business support activities

8532 Technical and vocational secondary education

854 Higher education

8559 Other education n.e.c.

856 Educational support activities

24 Manufacture of basic metals

25 Manufacture of fabricated metal products, except machinery, and equipment

26 Manufacture of computer, electronic, and optical products

27 Manufacture of electrical equipment

28 Manufacture of machinery and equipment n.e.c.

29 Manufacture of motor vehicles, trailers, and semitrailers

30 Manufacture of other transport equipment

33 Repair and installation of machinery and equipment

43292 Installation of lifts and escalators

20 Manufacture of chemicals and chemical products

21 Manufacture of basic pharmaceutical products and pharmaceutical preparation

Abbreviation: NACE, Nomenclature des Activités Économiques dans la Communauté Européenne.
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APPENDIX C

See Tables C1 and C2

TABLE C1 Logit models of tie formation

Variable/model (1) (2) (3)

Distance between workplaces i and j [ln (km)] −0.446*** −0.425*** −0.443***

(0.0070) (0.0073) (0.1039)

Workplace employee size of i (ln) 0.513*** 0.397*** 0.648***

(0.0045) (0.0050) (0.0836)

Workplace employee size of j (ln) 0.495*** 0.323*** 0.226**

(0.0049) (0.0057) (0.0863)

Absolute difference on average age of employees in workplaces i and j −0.036*** −0.032*** 0.016

(0.0012) (0.0012) (0.0153)

Absolute difference in percentage of women in workplaces i and j −1.332*** −1.251*** −0.668

(0.0303) (0.0308) (0.3923)

Absolute difference on average years of schooling in workplaces i and j −0.299*** −0.277*** 0.021

(0.0048) (0.0049) (0.0709)

Average wage in workplace j (1000 EUR) 0.029*** 0.033*** −0.057

(0.0046) (0.0046) (0.0629)

Workplaces i and j are part of the same multiorganizational firm 5.163*** 4.777*** 3.860**

(0.1134) (0.1200) (1.328)

Absolute difference in capital/employee (ln) in firm i and j −0.049*** −0.060*** −0.135

(0.0053) (0.0056) (0.0722)

In‐degree of workplace j 0.005*** 0.002*

(0.0002) (0.001)

Sociometric distance of one between workplaces i and j at t − 1 2.358*** −1.215***

(0.0391) (0.1209)

Sociometric distance of two between workplaces i and j at t − 1 1.036*** 0.242*

(0.0227) (0.107)

Sociometric distance of three between workplaces i and j at t − 1 0.378*** 0.221*

(0.0171) (0.109)

Sociometric distance of one between workplaces i and j at t − 2 1.382*** −1.114***

(0.0512) (0.1283)

Sociometric distance of two between workplaces i and j at t − 2 0.484*** 0.333**

(0.0259) (0.1114)

(Continues)
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TABLE C1 (Continued)

Variable/model (1) (2) (3)

Sociometric distance of three between workplaces i and j at t − 2 0.122*** 0.235*

(0.0190) (0.1086)

Sociometric distance of one between workplaces i and j at t − 3 0.968*** −1.410***

(0.0590) (0.1428)

Sociometric distance of two between workplaces i and j at t − 3 0.299*** 0.113

(0.0280) (0.1149)

Sociometric distance of three between workplaces i and j at t − 3 −0.033** 0.283*

(0.0206) (0.1146)

Constant −4.503*** −4.105***

(0.104) (0.114)

Organizational pair fixed effects No No Yes

Dummies for the industry combination of the ij pair Yes Yes No

Dummies for the industries of i and j N/A N/A Yes

Dummies for the postal code areas of i and j Yes Yes No

Dummies for the labor market area of the ij pair Yes Yes Yes

Dummies for year Yes Yes Yes

Number of observations 355,450 355,450 4691

Notes: Regressions one and two are estimated using the logistic population‐averaged estimator with cluster‐robust errors at
the organizational pair level. Regression three is estimated using the logistic fixed‐effects estimator at the organizational
pair level. Dummies for the industries of i and j are nested within the dummies for the industry combination of the ij pair and
are thus non‐applicable in regressions one and two.

*p < 0.05; **p < 0.01; ***p < 0.001.
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TABLE C2 Linear probability models of tie formation

Variable/model (1) (2) (3) (4)

Distance between workplaces i and j [ln (km)] −0.060*** −0.046*** −0.022*** −0.118***

(0.0010) (0.0009) (0.0013) (0.0264)

Workplace employee size of i (ln) 0.061*** 0.035*** 0.016*** 0.182***

(0.0005) (0.0005) (0.0012) (0.0242)

Workplace employee size of j (ln) 0.061*** 0.029*** −0.003 0.069*

(0.0005) (0.0005) (0.0017) (0.0274)

Absolute difference on average age of employees in workplaces i

and j

−0.003*** −0.001*** −0.001*** 0.003

(0.0001) (0.0001) (0.0001) (0.0050)

Absolute difference in percentage of women in workplaces i and j −0.113*** −0.093*** −0.041*** −0.210

(0.0024) (0.0021) (0.0027) (0.1161)

Absolute difference on average years of schooling in workplaces i

and j

−0.022*** −0.018*** −0.009*** −0.004

(0.0004) (0.0003) (0.0005) (0.0225)

Average wage in workplace j (1000 EUR) 0.002* 0.002* 0.0004* −0.017

(0.0008) (0.0008) (0.0002) (0.0209)

Workplaces i and j are part of the same multiorganizational firm 0.614*** 0.374*** 0.257*** 0.777**

(0.0077) (0.0100) (0.0180) (0.2881)

Absolute difference in capital/employee (ln) in firm i and j −0.004*** −0.004*** −0.001 −0.042

(0.0005) (0.0004) (0.0007) (0.0227)

In‐degree of workplace j 0.001*** 0.0002* 0.001*

(0.00002) (0.00009) (0.0003)

Sociometric distance of one between workplaces i and j at t − 1 0.423*** 0.186*** −0.323***

(0.0045) (0.0094) (0.0352)

Sociometric distance of two between workplaces i and j at t − 1 0.236*** 0.089*** 0.064

(0.0039) (0.0049) (0.0342)

Sociometric distance of three between workplaces i and j at t − 1 0.062*** 0.020*** 0.073*

(0.0024) (0.0026) (0.0343)

Sociometric distance of one between workplaces i and j at t − 2 0.200*** 0.100*** −0.286***

(0.0059) (0.0089) (0.0368)

Sociometric distance of two between workplaces i and j at t − 2 0.121*** 0.051*** 0.081*

(0.0043) (0.0049) (0.0332)

Sociometric distance of three between workplaces i and j at t − 2 0.027*** 0.013*** 0.070*

(0.0027) (0.0028) (0.0345)

Sociometric distance of one between workplaces i and j at t − 3 0.104*** 0.067*** −0.355***

(0.0064) (0.010) (0.0368)

(Continues)
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TABLE C2 (Continued)

Variable/model (1) (2) (3) (4)

Sociometric distance of two between workplaces i and j at t − 3 0.082*** 0.041*** 0.023

(0.0045) (0.0061) (0.0355)

Sociometric distance of three between workplaces i and j at t − 3 0.006 0.008** 0.081*

(0.0030) (0.0026) (0.0365)

Constant −0.159*** −0.063*** −0.793

(0.0101) (0.0087) (0.9361)

Fixed effects for i and j No No Yes No

Organizational pair fixed effects No No No Yes

Dummies for the industry combination of the ij pair Yes Yes No No

Dummies for the industries of i and j N/A N/A Yes Yes

Dummies for the postal code areas of i and j Yes Yes No No

Dummies for the labor market area of the ij pair Yes Yes Yes Yes

Dummies for year Yes Yes Yes Yes

Number of observations 355,908 355,908 354,417 4691

R2 0.264 0.340 0.086 0.174

Notes: Regressions one and two are estimated using the ordinary least squares estimator with clustered standard errors at
the organizational pair level. Regression three is estimated using separate fixed effects for organizations i and j with
standard errors clustered at the level of both organizations. Regression four is estimated using the fixed‐effects estimator
at the organizational pair level with standard errors clustered at the same level. Dummies for the industries of i and j are
nested within the dummies for the industry combination of the ij pair and are thus non‐applicable in regressions one

and two.

*p < 0.05; **p < 0.01; ***p < 0.001.

28 | LAHDELMA


