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Abstract

This paper presents a systemic review of the contributions
that stochastic actor-oriented models (SAOMs) and expo-
nential random graph models (ERGMs) have made to the
study of industrial clusters and agglomeration processes.
Results show that ERGMs and SAOMs are especially
popular to study network evolution, proximity dynamics
and multiplexity. The paper concludes that although these
models have advanced the field by enabling empirical
testing of a number of theories, they often operationalize

the same theory in completely different ways, making it

difficult to draw conclusions that can be generalized beyond
the particular case studies on which each paper is based.
The paper ends with suggestions of ways to address this
problem.
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1 | INTRODUCTION

Knowledge and information exchange is considered to be among the key drivers of regional and national
economic development (Todtling, Lehner, & Trippl, 2006). In order to promote such knowledge and information
exchange and strengthen regional economic competitiveness and innovation, clusters have become a popular tool

(lammarino and McCann 2006; Porter, 1998). At the same time, interest has grown in the network characteristics
This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and
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380 | E HERMANS

of agglomerations and clusters and how these characteristics change over time (Gluckler, 2007; Powell, White,
Koput, & Owen-Smith, 2005). For instance, the effects of different types of proximity in restricted geographical
areas has been a subject of intense interest in the regional science and business management literature
(Boschma, 2005; Knoben & Oerlemans, 2006).

In general it can be said that the network characteristics of an industrial cluster are of great importance for both
the performance of individual organizations within the cluster, as well as the cluster's overall functioning (Belussi &
Sammarra, 2010; Breschi & Malerba, 2005; Karlsson, Johansson, & Stough, 2005). In their day-to-day operations,
cluster actors engage in a number of different activities such as exchanging financial and material resources, generat-
ing and spreading information and collaborating (or competing) with other cluster actors. All these activities are
essentially relational in nature: they require the creation and maintenance of a connection between two or more
actors. Given the relational nature of many cluster activities, social network analysis has been a popular approach to
the study of different aspects of cluster functioning (Bergman, 2009; Ter Wal & Boschma, 2009). In recent years
new statistical network models have been developed that use the characteristics of the complete network as the
basis for their analysis. Stochastic actor-oriented models (SAOMs) and exponential random graph models (ERGMs)
are statistical inference models that are among the most popular and theoretically well-developed network models
currently in use (Robins, Snijders, Wang, Handcock, & Pattison, 2007; Snijders, 2011). These statistical network
models were deemed promising tools to investigate the drivers of economic agglomeration processes within regional
studies (Broekel, Balland, Burger, & Van Oort, 2014; Maggioni & Uberti, 2011). A number of researchers have taken
up these new tools and applied them to study different aspects of industrial clusters. However, critics of this net-
work modelling approach in economic geography speak of “diminishing returns” because of the repetitive nature of
studies that “take the same model and the same methodology to different databases” (Ferru & Rallet, 2016, p.112).

In this paper, | investigate this claim by assessing the different applications of ERGMs and SAOMs to see what
kind of insights they have yielded and whether these statistical network models have fulfilled their promise. The aim
of this review is to catalogue the contributions of SAOMs and ERGMs for the study of clusters and economic
agglomerations and determine what types of questions have been answered using these new models and what
lessons can be drawn from these applications. To answer these questions, | performed a systematic review of papers
in which either an SAOM or an ERGM was applied on industrial clusters and agglomeration processes. | analysed
how different theoretical concepts were operationalized in the models. This paper provides a methodological
contribution by giving an overview of the different ways a number of theoretical concepts related to cluster and

agglomeration studies have been operationalized and measured.

2 | COMPARISON OF STOCHASTIC ACTOR ORIENTED MODELS AND
EXPONENTIAL RANDOM GRAPH MODELS IN CLUSTERS

In this section the general characteristics of ERGMs and SAOMs are described and the different types of micro-level
configurations that they work with are introduced. Detailed comparisons between these methods can be found in
Block, Stadtfeld, and Snijders (2019) and Broekel et al. (2014), with the latter also describing potential applications of
both these methods within the field of economic geography.

A network can be depicted as a set of nodes connected by a set of ties. The nodes can represent different types
of actors or organizations. Network ties can be directed, undirected and/or weighted to denote a range of relation-
ships, such as similarities in positions and memberships, social interactions, and flows of money, information or
resources (Borgatti, Mehra, Brass, & Labianca, 2009; Wasserman & Faust, 1994). Special cases are formed by
multiplex networks, two-mode networks and multilevel networks, see Figure 1. ERGMs and SAOMs can be used to
model any of these types of networks.

Within SAOMs, discrete choice models, continuous-time Markov chains and agent-based modelling are

combined. Nodes representing actors can decide to create, maintain or dissolve links. They are assigned a rate



HERMANS ﬂ | 381

Description and example

o _,o Two nodes (A and B) share more than one type of relationship ties (black and
red arrows). For example, two managers may have a business relationship and

friendship at the same time.

Two different types of nodes are combined in one network. These types are
usually referred to as actors (A, B & C) and events (a). Typical two-mode
networks include inventor-patent networks, citation networks (author—paper),

and membership networks related to projects or executive boards.

Multilevel networks are a form of two-mode networks that allow different types
of nodes and different types of relationships within the same network. For

instance by separating the level of individual employees (A and B) from the

firm level (a and ), the links between the individuals (black arrow), the links

Multilevel network

between the firms (red arrow) and the links between the individuals and the

firms (dashed lines) can be investigated.

FIGURE 1 Overview of network types
Source: Adapted from Lusher, Koskinen, and Robins (2013)

function that determines how quickly they can change their connections and an objective function that determines
what they value in making certain connections. Actors try to maximize this objective function. In SAOMs, the nodes
are able to control their outgoing ties, therefore SAOMs are necessarily used for directed networks.! In contrast,
ERGMs can be used for either directed of undirected networks as they are defined on the level of the complete
network and ties or arrows are placed in such a way that they follow a number of pre-defined network
characteristics (density, distribution and so on).

SAOMs have been used mostly for the analysis of temporal network evolution, whereas ERGMs have been
used primarily for cross-case comparisons. However, as Block et al. (2019) point out: this distinction is slowly
becoming obsolete as new types of ERGMs (longitudinal, separable temporal and temporal ERGMs) allow for the
incorporation a temporal elements and SAOMs could, at least in theory, also be used for cross-case comparisons
(Snijders & Steglich, 2015). In the following meta-analysis, these new types of temporal ERGMs have been
excluded as they have not yet been applied on a sufficient number of industrial cluster studies to give a reliable
overview.

The main commonality between SAOMs and ERGMs, which is the main reason that this paper includes them
both, is the way in which they deal with local network dependencies between certain nodes. ERGMs and SAOMs

have the advantage over regular regression models in that they explicitly account for a number of dependencies

1SAOMs have also been used to model undirected ties, though this requires an additional assumption in the form of a mechanism through which outgoing
ties are reciprocated, this is called the unilateral initiative and reciprocal confirmation model (Van De Bunt & Groenewegen, 2007). A tie is created if alter
confirms the proposal made by ego; therefore, the decision depends on the expected utility of ego first and alter second.
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between nodes that have been found to play important roles in social networks (Snijders, 2011). These network
dependencies violate the assumption of “independency of observations” upon which regular logistic regression
models rely: the existence of a particular tie within the network often predicts the existence of certain other ties
within the network.

The historical development of SAOMs and ERGMs can be viewed as increasingly sophisticated attempts to deal
with these local dependencies. The latest advancement in SAOMs and ERGMs is represented in social circuit
dependence models (Snijders, Pattison, Robins, & Handcock, 2006) in which the statistical dependence between ties
is expressed in terms of local configurations: small connected substructures such as triangles or stars. Only network
ties that do not share local configurations are assumed to be conditionally independent (Block et al., 2019;
Harris, 2014).

These local configurations thus form the basic building blocks of both types of statistical network models and
this makes it possible to compare the set-up of each type of models with the other. Lusher et al. (2013) provide a
conceptual framework for processes of tie formation that categorizes these micro-level configurations according to
three levels: the individual node, the dyad and the complete network. The first level is that of the individual node. At
this level covariates are introduced to model the effects of certain characteristics of the individual nodes. For
instance, certain attributes (age, work experience, or corporate size) can be used to explain the difference in the
activity (outdegree) or popularity (indegree). At the second level, the dyadic level, the traits of both the sender and
the receiver are considered and this is the level where the effects of homophily (“birds of a feather flock together”)
and its inverse heterophily (“opposites attract”) are studied (McPherson, Smith-Lovin, & Cook, 2001). The third level
of the framework contains the endogenous structural effects that are inherent to the internal process of the system
of network ties. Lusher et al. (2013) refer to these effects as processes of network self-organization because they do
not involve actor attributes or other exogenous influences to explain the formation of these local patterns. Figure 2
gives examples of these micro-level configurations of self-organization that include reciprocity (tendency to return
an arrow), triadic closure (formation of different triangular patterns of ties), and degree differentials (centralization of
the network) and their higher order effects. To account for more complex dependencies in observed networks,
Snijders et al. (2006) introduced three higher order terms: alternating 2-paths, alternating k-triangles and alternating
k-stars. Instead of these higher order effects being set to zero, they are constrained by means of a weighted sum
with alternating signs. The inclusion of these indicators is often necessary to avoid model degeneracy and help to
model the underlying network processes accurately, improving the model's goodness-of-fit. Later, Hunter and
Handcock (2006) reworked these three parameters into a form that was easier to interpret. Geometrically weighted
dyadwise shared partnerships (GWDSP) is a parametric summary measure of the tendency for two nodes in a
network to have one or more partners in common, regardless of whether these two actors themselves are tied.
Geometrically weighted edgewise partnerships (GWESP) is essentially the same measure for those actors that are, in
fact, directly tied. For both parameters, the weights decrease geometrically as the number of shared partners

increases (Robins et al., 2007).

3 | METHODOLOGY

The literature search was conducted in two steps and was based on the specific authors that have been involved in
the development of ERGMs and SAOMs. At the moment, there are three popular software packages to perform
either SAOM or ERGM based modelling. These packages are SIENA and RSIENA (Ripley, Snijders, & Prediado
Lopez, 2011), the statnet package in R (Handcock, Hunter, Butts, Goodreau, & Morris, 2008) and the PNet program
and its derivatives (Wang, Robins, & Pattison, 2009). The mathematical and statistical principles that these packages
depend upon have been published in various peer-reviewed papers. The search parameters assumed that papers
applying either ERGMs or SAOMs on clusters would cite at least one paper that the authors of these packages have

written. Table 1 presents an overview of the authors that were included in the search.
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FIGURE 2 Overview of structural endogenous network configurations used in this paper
Source: adapted from Lusher et al. (2013)

TABLE 1 Overview of ERGM and SAOM software packages and their main developers

Software package Names

SIENA and RSIENA Tom A.B. Snijders; Christian E.G. Steglich

PNET, XPNET, MPNET Philippa E. Pattison; Garry L. Robins, Peng Wang

Statnet Steven M. Goodreau, Mark S. Handcock; David R. Hunter

Source: own elaboration.
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A search in the Scopus database was performed on t27 August 2018. All papers from these authors, published
since the year 2000 were identified, yielding a total of 379 papers. These 379 papers were cited in 12,613 studies. A
similar procedure (performed on t23 August 2018) was used in Web of Science. Here, the initial search led to 11,500
studies that cited at least one paper by the authors listed in Table 1.

These initial sets of over 10,000 studies each covered a wide range of topics, not all of which were relevant
for the study of clusters and agglomeration processes. In a multistep procedure these sets were further refined.
The publication year was limited to 2010 or later. This was the year that SAOMs and ERGMs were first applied
in the field of economic geography, as indicated by Maggioni and Uberti (2011). The results were limited to
peer-reviewed papers, thereby excluding conference papers. The sets were then further refined by the use of
keywords that are often used to describe different kinds of clusters and economic agglomerations: industrial
district, technology parks, clusters, and regions. For an overview of the search terms and subject areas, see the
Appendix.

This refinement procedure resulted in a list of 951 publications in Scopus and 388 publications in Web of
Science. These publications were manually scanned for title and keyword relevance. Papers on topics or from fields
not directly related to geography, knowledge exchange or innovation were manually removed. Bibliometric papers
on citation networks were also removed. This remaining list of 66 papers was inspected in detail. Of this set, 19
papers were removed that cited one of the authors listed in Table 1 but did not apply an ERGM or SAOM. Another
six papers were removed because they focused on topics other than clusters or industrial agglomerations (such as
policy or environmental networks), and five papers dealing with intra-organizational networks were also removed.
One paper and two book chapters were removed to avoid double counting as they described cases and approaches
that were (almost) identical to other papers included in the final set. Finally, one paper could not be retrieved despite
several emails to the authors. The 31 studies included in the final list were read and coded with respect to their
research questions, method of data gathering, type of cluster analysed, setup and the operationalization of the
statistical network model according to their endogenous structural effects, and the covariates and dyadic covariates

employed in the model.

4 | RESULTS
4.1 | Overview of the application of statistical network papers

Table 2 provides an overview of the 31 papers selected. Since 2010, 17 papers have presented applications of
SAOMs and 14 have presented applications of ERGMs. Many of these papers appeared in one of the top
journals specializing in economic geography, business research, or innovation: the Journal of Economic Geography
(4 papers), Industry and Innovation (3 papers), Regional Studies (2 papers), Journal of Business Research (2 papers),
and Organizational Studies (2 papers). Table 3 shows the most frequently cited papers in the final set, further
illustrating the general interest in these kinds of topics and the results of the applications of SAOMs and
ERGMs.

Figure 3 shows the development over time of the most popular topics covered in these papers: network
dynamics (15 papers), proximity (18 papers), and multiplexity (7 papers). These categories are closely linked. For
instance, papers on network dynamics often apply Boschma’s proximity framework (2005) to explain the underlying
social mechanisms of network dynamics. Table 3 and Figure 3 show that the often-made empirical distinction
between the application of ERGMs and SAOMs (cross case comparison versus longitudinal studies) can only be
demonstrated to a certain extent. Although SAOMs are used to investigate questions of longitudinal changes in
clusters, the papers that applied ERGMs do not used them to compare different clusters to one another, with the
exception of one paper by Brennecke and Rank (2016). Instead, ERGMs are used to study single clusters at one point

in time, or to study multiplexity: the effect that different types of ties can have within a cluster.
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TABLE 3 Overview of most-cited papers in the final set

Citations
Year Author(s) Journal Total citations per year
2012 Balland, P.A. Regional Studies 170 21.25
2013 Balland, P.A., De Vaan, M., Journal of Economic Geography 95 13.57
Boschma, R.
2013 Ter Wall, A.LLJ. Journal of Economic Geography 76 10.86
2013 Giuliani, E. Research Policy 86 12.29
2016 Balland, P.A., Belso-Martinez, Economic Geography 46 11.5
J. A, Morrison, A.
2013 Ferriani, S., Fonti, F., Corrado, Strategic Organization 45 11.25
R.
2012 Lomi, A., Pallotti, F. Social Networks 44 55
2016 Lazzeretti, L., Capone, F. Journal of Business Research 41 10.25
2015, Molina-Morales, X., Journal of Business Research 30 6
Belso-Martinez, J.A.,,
Mas-Verdq, F.,
Martinez-Chéfer, L.
2013 Broekel, T., Hartog M. Industry & Innovation 22 3,14

Source: Thompson Reuters' Web of Science [accessed July 2020].

- ¥ Other
Multiplexity
6
B Proximity ey

# Network dynamics @as

PAPERS PUBLIHSED
S

LELLLE

2010 2011 2012 2013 2014 2015 2016 2017 2018*
YEAR

FIGURE 3 Overview of papers and main topics per year
Note:* First 8 months of 2018.
Source: Scopus and Thompson Reuters' Web of Science, accessed August 2018

4.2 | Characterization of cluster and networks
421 | Types of clusters and industries
A distinction can be made between the papers that study actual clusters (20 papers) and those that incorporate the

effects of some form of economic agglomeration within a specific industrial sector (11 papers). The vast majority of

the cluster studies were done on cases that are located within Europe (16 of 20). Locations of the studies not located
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in Europe include the United States (1), China (1), Chile (1) and Argentina (1). The papers that focus on specific indus-
tries base their analyses at different geographical levels. For instance the video game industry is considered at the
global level, European navigation and satellites systems, are analysed at the multi-national level of the European
Union and the sectoral systems of innovation of the Dutch Aerospace sector, and the German biotech sector are
considered at the national level.

422 | Network size

The sizes of the networks studied varies significantly, from the smallest network of 26 nodes (Juhdsz &
Lengyel, 2017) ranging up to networks of approximately 600 to 700 nodes (Ter Wal, 2013b) and 1,575 nodes (Tang
et al., 2018). The difference in size is related to the kind of data used in the different studies. Studies that make use
of large databases of patents, scientific papers, or EU projects, end up with significantly larger networks than studies
for which data were gathered by hand using online questionnaires or face-to-face interviews. This latter kind of pri-
mary data gathering is mostly associated with cluster studies, while secondary data gathering is mostly used for
industrial sector agglomeration studies. As a result papers dealing with various forms of clusters are typically much

smaller (average size—70 nodes) compared to industrial sector studies (average size—458 nodes).

423 | Nodes and composition

The most popular definition of a cluster comes from Porter (1990) who defines a cluster as “a geographically
proximate group of interconnected companies and associated organizations (for example, universities, standards
agencies, and trade associations) in a particular field, linked by commonalities and complementarities.” This defini-
tion explicitly includes many different types of organizations within a cluster. However, much of the cluster
research within our set actually describes networks between a single type of actor: firms (12 papers), individuals
(7 papers) or hospitals (1 paper). Only a minority of papers takes a broader view: two papers look at two types
(firms and research), while five include the different links between three types of organizations, such as firms,
research organizations and other organizations such as trade organizations or intermediaries. Most of the network
studies thus take only a subsample of the networks in a cluster by limiting their focus to a single type of

organization.

424 | Types of ties and relationships

The main type of relationship within the retrieved studies includes various types of knowledge exchange (which
was one of the selection criteria for inclusion). However, how these knowledge networks are constructed differs
from study to study with varying focus on knowledge creation, knowledge diffusion and knowledge exchange.
Some studies that focus on knowledge creation view multi-actor patents as examples of successful collaboration
and knowledge creation. For a second type of knowledge network, the emphasis is not on knowledge creation but
on the diffusion of knowledge within the network through the directed flows of information: technical or business
advice given or received, or a combination of these. Finally, there are the collaborative networks. These networks
imply an exchange of information but, depending on the type of collaborative project, might involve both the
exchange of technical information and the creation of new knowledge.

Although some studies also gathered data regarding the strength of particular ties, none of the studies ultimately
uses this information in its model as the software available at the time was only suitable for dealing with binary
graphs.
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4.3 | Overview of model specifications

In this subsection | present how the different models have been operationalized according to the three different
levels of nodes, dyads and networks, at which level the simple and higher-order structural effects are considered.
ERGM and SAOM studies typically combine variables at these three levels in their models to test different
hypotheses.

431 | Nodelevel

There are three types of variables at the node level: categorical, continuous and network indicators of multiplexity.
Categorical variables reflect different types or groups that need to be controlled for in the model, for instance differ-
ent types of organizations. The second type of variables, quantitative variables, mostly contain simple statistics: firm
age, experience, size, etc. However, in three studies, more elaborate status indicators are calculated. Balland (2012)
constructs an indicator for the absorptive capacity of firms based on an aggregate of the scores of the OECD classifi-
cation for sectoral R&D-intensity and the number of employees of a firm. Giuliani (2013) constructs a variable for
the knowledge base of wineries based on a principal component analysis of indicators for the level of education of
workers, their work experience in the wine industry and the experimentation intensity within the winery. This
approach is also applied by Belso-Martinez et al. (2016).

Finally, there are the studies on multiplexity that use a network indicator for one network type as predictor for
the nodes in the other network. For example, Jiang et al. (2015) construct two networks, one about patent co-
authorships and one with patent citation information for the same set of nodes. At the node level, statistics from the
citation network like indegree (continuous) and the existence of a structural holes (categorical) are used to set the

nodal variables for the co-authorship model.

43.2 | Dyadiclevel

At the dyad level, the presented results are limited to the topic of proximity. See Table 4. At this level the proximity-
related hypotheses are formulated based on the process of homophily. In their review of the different forms of
proximity, Knoben and Oerlemans (2006) found that many forms of proximity can be defined both on the dyad and
the network level. Due to the nature of SAOMs and ERGMs, most authors define the different forms of proximity
on the dyad level as a form of homophily. The only exception is social proximity which some authors have chosen to
define social proximity as a form of transitivity, which is a variable of network self-organization.

Table 4 presents those studies that operationalize at least two of the five types of proximity identified in
Boschma's framework: (i) geographical proximity (similarity of physical location or physical distance between
organizations); (i) organizational proximity (similarities between, or sharing of organizational structures, for example,
subsidiaries); (iii) institutional proximity (similarity of formal rules and regulations); and (iv) cognitive proximity
(similarity of field or industry), and social proximity (similarity of social environment, e.g., friendship). The last column
shows additional types of homophily that various authors have used in addition.

Geographical proximity is operationalized in two different ways. The first measures the physical distance
between two nodes. Sometimes a mathematical operation is performed on this indicator: taking the square root or
transforming the distance by some other measure that reflects propinquity instead of distance. The second type of
operationalization uses a categorical variable of co-location as a measure for geographical proximity: if nodes are
co-located in the same administrative unit such as a municipality or region, they are more likely to form ties. The idea
of “temporary geographical proximity” (Torre, 2008), which states that knowledge exchange can be facilitated on a

temporary basis by actors travelling to different locations, has not yet been taken up.



393

HERMANS

(sanunuo))

AJISI9AIUN ARY YylOq

93pamou|
|eusaiul ‘sA
93pa|Mouy [euaIxa
JO 9sn :sssuuadQ (g
[u/A] uoneine
0} pajedipa (T
[4edojanap
Jo Jaysiignd]
Auejiwis ajjold

X3pUu| S2UBWIOLSd

dAIe edwod swes (¢
(%) 91e4

Aduedndd0o swes (g
‘[seaAo|dwa]

97IS swes (T

Ajlydowoy
JO swloy Y10

uo|3aJ swes

2dA}
|euonjeziuedio swes

A1unod swes

([u/A] way
awes je Alojsly paseys
[siA g
1s€| Ul suoljeloqejjod]
Aioysiy 129foud

ulewop/pjaly Jejl

Xapui sa1uas paseys

(Ayoeded
aAidiosqge)
uopjeziuedio
Jo Ajixsjdwod
104 IIND
Xapuj XIIN 3seD (€
Ajuejuswsjdwod
Joj saiyjedads
[ea1ulfd a|qejieAe
uo paseq xapu| (g
[24e2 Ade1lao)

dnoug
91es0di0d swes

uol3a. swes (g
‘@auelsiq (T

aoueysiq

a2ouelsig

dejsano
lood juaned (g
:uoiadwod [p1pds
Jun sAljeJ)SIUIWpPE

adAy 10 Alepuodss] SWes (g
|euoljeziuegio swes ulewop/paly swes (T aouessiq (T

adAy dnoug
|euoljeziuegio swes qC d2UEISIp 21S3P0aD /T ulewop/p|aly Jejiuis 9je10dJ0d swes uol8aJ swes
|euonnisu| |e1os 9AINUS0) |euoneziuesio |ea1iydesSo099)
Ayuixoud jo adA |

(e€TOC) SoMeH
pue [9x320.1g

(9e107T) SoneH
pue |9y204g9

(€T0T) 'le 3@ puejieg

«(102) Mojled
pue 1wo

(c102) pueleg
(1eaA) sioyny

Ajwixoud azijeuonesado o} Ajlydowoy jo sadA] ¢ 379VL



HERMANS

394

(sanunuo))

Aejiwis
diysiapeaT (z
“Ajuejiwis spung (1

Ajle|iWIS PaAIRdIad

Ajlydowoy
JO swuoj Y10

adAy
|euoijezjuesio swes

adAy
|euorieziuesio awes

adA1
|euoijezjuesio swes

A1unod swes

[euonnnsuj

q  IUEISIp 2Is3poan)/T

[u/A]
Asoysiy Ajiwey pateys

[u/A]
Aioisiy Ajiwey pateys

|eos

(sse|d juazed

U3Ip T) SI03109A

juajed SI0juUdAUl
OM] JO dUISOD)

S9pod
JDVN ul Ajejiuus
SHSIp Jo N

ujewop/pial3 Jejiuis
Sapod

JDVN ul Alejiwis
SH3Ip Jo "IN

9pP0d JDVN dwes
[suonesyyisseld
juajed Jo 10329A Ul
“HIp] :9duelsIp "yd9 L
$924n0saJ uewny
sy jo wns (i
pue ‘Sunjuajed
ya9301q jJo WS (€
:Aydeded aAndiosqy
{$921n0s34 uewny
@y ul 9duaisya (¢
Sunuajed yoajoiq
ul asuatsyiq (T
:duessIp ‘Yyss |

aAINuUS0)

dnou3
93esodiod swes

aouelsiq
{ied e usamiaq
uoljeloqe||od
JO sieap uoli3aJ sawes
dnou3
91e10dJod swes asuelsiq
dnou3
91e10dJ0d swes aouelsiq
aouelsiq

[u/A] Axn3uo)

|euoneziuesio |eaiydesSoan)

Ajwixoud jo adA)

(£T02)
‘e 319 [9zUB|N|

(£107) [9A8ua]
pue zseynr

(9T02) 3uoded
pue 113919zze

(9102)
‘|e 32 puejjeg

(STOZ) I8 30
S9|eIO|N-BUI|O|A

(STOZ) BYAd
pue uuewydng

(#T0T) pleuiag-ueiny
pue JizeH

(1eaA) sioyny

(panupuo)

v 31avli



395

HERMANS

AJle[IwIS S[edS/97IS
10323s-gNns
swes = Aywixoud
|eJ0323s/|elisnpu|

Ajiydowoy
JO sw0) Y10

[paumo a3e3s-uou
‘pauMo a3e3s] adAy
|euonjezjuesio swesg

adAy
|euoijezjuesio sawes

qC @2UE}SIP JIS8poan) /T

[s4eah oT

‘utewop/pjaly Jejius

SIA QT
3se| ul sapod

[u/A]
pJeoq ssauisnq
|e20] JO diysiaquiajn

‘9Xes ssauala|dwod Jo) papn|oul
U923 9ABY SI0JEDIPUI 959y | "UOIEZIUESIO0-J|9S HIOMIBU JO [9A3] B} UO paziio3a)ed ale Asy ‘aded siyy uj 'ss|qelieA JipeAp Jou ale Z Sdue)s|p Je S10J0. JO Jaquinu ay) pue AjARISUe. |,
‘sa110393ed Ajwixoud Juaiayyip ojul Joyine ayl Aq paziio891ed usaq aAey swial Ajlydowoy Jisy | »domswely Ajwixodd 3121jdxa ue asn jou op siaded asay |,
‘S9|gelieA SNONUIIUOD 3Je SaLIIUD plog S9J0N
‘uoljeloges UMO :921n0S

uo|3a1 swesg

(wpj ur) dUEISIq

uo|3aJ swesg

adAy 1se| ul 309foad] eaJe ydaeasas ul dnou3 uoi3a. awes (g
|euoneziuegio swes A1ojs1y 103foad paseys  95Ua4INI20-02 JO “IN 9je10dJod swes aouessiq (T
Jeuonninisu| |e1os aAINuUS0) |euoneziuesiQ |eaiydesSoan
Ajwixouad jo adA)

£(8702)
‘[e 32 Sue |

(8102)

‘e 32 wenio

(8T0T) M2I97ZE7
pue suode)

(£102) 192049

pue 43|sa0y

(1eaA) sioyny

(panupuoD)

v 3l1avli



396 | E HERMANS

Organizational proximity refers to rules and procedures that organizations share. When organizations share the
same parent organization or belong to the same corporate group, they share the same framework and their degree
of autonomy within these organizational arrangements is low. Table 3 shows that six out of eight studies that
consider organizational proximity use a categorical indicator to evaluate whether two organizations belong to the
same type of group of firms.

Cognitive proximity depends on similarities in the technological field, domain or industrial sector an organization
is associated with. The category of cognitive proximity therefore also includes studies that refer to cognitive
proximity as technical proximity. If organizations are active within the same field or domain, they are considered to
have high cognitive proximity. Continuous variables measure the overlap in between fields or domains that two
organizations share. Indices based on the Statistical Classification of Economic Activities in the European
Community, commonly referred to as NACE codes or patent vectors are used to indicate firms in the same economic
sub-sector. A minimum level of absorptive capacity is thought to be an important element of cognitive proximity
(Cohen & Levinthal, 1990), and two studies include separate indices for absorptive capacity to define cognitive
proximity.

Institutional proximity reflects the similarity of formal and informal rules that organizations encounter. Organiza-
tions that fall under the same type of regulatory framework are considered to enjoy a closer proximity and therefore
can more easily cooperate. Two different operationalizations of institutional proximity were found. Some authors
argue that different types of organizations (research, commercial or governmental) have different organizational aims
and incentive structures and therefore differ in their institutional environments as well. This type of institutional
proximity looks both at the formal and informal “rules of the game”. Other authors only look at the formal regulatory
framework (laws) and argue that within the same administrative unit (country or region), the rules are basically the
same for all types of organizations. In this case, the operationalization of institutional proximity is basically the same
measure as the co-location variable that is sometimes used to operationalize geographical proximity.

Social proximity has two types of operationalizations within ERGMs and SAOMs. The first group of authors
define social proximity based on a shared history between two nodes. The nature of this shared history can differ: a
personal relationship through family or friendship ties or a professional working relationship such as a shared former
employer or the number of previous projects that have been done together. For the second type of social proximity,
the social environment is defined based on the position of the node within the social network. Thus, some indicators
for social proximity are not defined as processes of homophily, but are defined as belonging to the class of endoge-

nous, structural indicators, like transitivity, that are also used to model network self-organization.

4.3.3 | Network level: structural effects

The last three columns of Table 2 contain an overview of the endogenous structural effects like reciprocity, triadic
closure, degree differentials and their higher order configurations. A practical disadvantage of including higher order
effects like GWESP, GWDSP and alternating triangles, is that they make running the computer simulations very time
consuming (several hours up to days). Some studies therefore ultimately drop the higher order parameters in order
to facilitate model convergence.

A general problem with these endogenous structural parameters is that the theoretical underpinnings of various
endogenous network developments in clusters are still largely unknown (see Abbasiharofteh, 2020 for an exception).
Network evolution is therefore often viewed as a mix of endogenous and exogenous effects, but differentiating
between these two remains difficult. There are two exceptions. The first is the negative density coefficient that is
included in all the models that indicates that establishing or maintaining a connection costs effort or energy, and thus
actors do not connect with everyone, but make conscious decisions that lead to sparse networks. The second excep-
tion is the set of indicators for transitivity, discussed earlier, that have been used as operationalizations of social

proximity. Here triadic closure is not only viewed as an endogenous structural effect, but also has a theoretical
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meaning that has been used by a number of different papers. However, the theoretical implications for most other
endogenous structural effects are more or less formulated on an ad hoc basis. In most other cases, these indicators
are used only as control variables.

This problem is further complicated by the fact that it is sometimes unclear how these endogenous network
effects influence the other properties of the network. For instance, Juhasz and Lengyel (2017) suggest that endoge-
nous network effects and proximity effects are not independent from each other in network evolution because of
homophily effects that leads to the establishment of cohesive groups of similar individuals. They conclude that triadic
closure and cognitive proximity counteract each other because firms look for new varieties of knowledge within the
cluster.

Preferential attachment is another well-known structural network effect that many authors include in their
models (using the gwdegree or alternating k-stars). However as Giuliani (2013 p. 1417) writes: “It seems that,
so far, scholars have confused preferential attachment with the strengthening of one or a few prominent actors
that have become outstanding not through the number of their ties, but based on their agency, their resources
and skills, and their capacity to be leading firms.” Balland et al. (2016) make a distinction between network
status as a degree-related concept and industrial status that is derived from the reputation, expertise and
visibility a firm builds over time. Their results show that the type of knowledge network is an important factor,
because highly skewed degree distributions are the result of both industrial and network status for business
advice, while these same two variables do not play a significant role in the degree distribution of technical

advice networks.

5 | DISCUSSION AND RECOMMENDATIONS

This paper a systematic review of two statistical network tools that have enjoyed growing popularity in recent years:
ERGMs and SAOMs. The results show some of the versatility of these new statistical tools in operationalizing and
empirically testing some of the theoretical concepts related to the network evolution paradigm in economic geogra-
phy (Gluckler, 2007; Powell et al., 2005). As could be expected when reviewing the application of a statistical tool,
the limits to the application of ERGMs and SAOMs depend to a large extent, on the creativity of the individual
researcher and his or her particular interests. However, based on this review it is also clear that there is often a lack
of reflection about the effects that choices in research design may have on the outcomes of the study. In this

section | make recommendations to overcome this problem.

5.1 | The need for reflection on internal and external cluster characteristics

The main characteristics of the clusters and industries covered in the studies and how these characteristics will likely
affect the selection of relevant network types within the cluster or industry is often missing, or not discussed
systematically. For instance, there is often no clear justification for the choice to consider cluster networks
composed of only a single type of organizations (firms) versus networks that also include research institutes and/or
intermediate organizations. There is a similar lack of clarity around the selection of type of knowledge network:
formal, tacit or collaborative. Advice networks are organized hierarchically, but collaborative networks could
potentially also show some cyclical knowledge flows. What complicates the analysis is that the research on
multiplexity shows that knowledge can follow complementary routes in addition to overlapping ones
(Maghssudipour, Lazzeretti, & Capone, 2020).

Likewise, the studied clusters include different types of industries, ranging from the relatively low-tech
industries of toys, chocolates, and wine, to the more high-tech clusters like ICT, photonics and biotech. All these
characteristics are likely to influence the outcomes of the studies and more reflection is needed about the various

internal cluster characteristics that are relevant for issues of cluster evolution, proximity and multiplexity.
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In addition, more consideration should be given to the regional characteristics of the innovation system in which
the cluster is embedded (Hermans, 2018). SAOMs could potentially incorporate more external influences on
knowledge evolution, for instance with regards to the regional characteristics relevant to a particular cluster. This
would also be in line with Trippl, Grillitsch, Isaksen, and Sinosic (2015) and Isaksen and Trippl (2014), who distinguish
different types of regional innovation systems based on their organizational thickness. They argue that these
different types of regional innovation systems also support different forms of cluster development pathways. Giuliani
et al. (2018) have begun to work in this direction with a study on network evolution in a peripheral cluster, but more

case studies are still needed.

5.2 | Cross-case comparisons

The theories that are tested most frequently in the selected studies, are those related to different forms of proximity.
Even critics of the network approach to proximity have acknowledged that the empirical operationalization of the
proximity framework has been a major contribution to economic geography (Ferru & Rallet, 2016). Statistical
network models have contributed to providing the operationalizations and subsequent measurements of the
theoretical concepts behind the different proximity categories. Even though all studies included in this review refer
to the same proximity theory developed by Boschma (2005), the operationalization of the framework within the five
different categories shows some inconsistencies across studies. The variable co-location is used to measure
geographical proximity by some authors and institutional proximity by others. Similarly, the variable measuring the
years of collaboration between a pair of nodes has been used both for organizational proximity and social proximity.
These differences in operationalization might make sense within the context of the individual studies; however, such
differences make it difficult to extent their conclusions beyond the single case study investigated. Many of the
ambiguities related to the application of different proximity categories that Knoben and Oerlemans (2006) identified,
are still alive and kicking.

In order for the ERGMS and SAOMs to deliver on their promise to help build and test a common framework for
proximity research, investigations must move beyond single case studies. One explanation for the lack of cross-case
comparisons is no doubt the elaborate nature of data collection and the need for very high response rates that makes
manual data collection in clusters both time and resource intensive. As a result, the potential of these tools, and
especially ERGMs, to support cross-case comparison of different networks between different types of clusters has
not yet been effectively explored. One of the main advantages of ERGMs is their ability to compare networks of
different sizes, something that is notoriously difficult to do with traditional social network analysis tools (Anderson,
Butts, & Carley, 1999). However, with the exception of Brennecke and Rank (2016) and Pinheiro et al. (2016) all the
papers that use ERGMs deal with only a single cluster. An open access repository for network data that accompany

these papers would be very beneficial for the field as a whole.

5.3 | Distinction between slow and fast variables in network evolution studies

The second important topic studied, especially with SAOMs, is related to cluster evolution. These studies have so far
ignored questions on the frequency or the time scale of network changes and the choice of time frames is often
based on the availability of data. Papers on cluster evolution present this as a steady process of change that can be
explained by dynamics within the cluster or the dominant industrial sector it depends on, and no distinction is made
between the influence of various fast and slow processes (with the notable exception of Menzel et al, 2017, who
identify a period before and after the “dot-com” bubble in the ICT industry). Papers that construct long-term
networks that span decades based on patent data, often smooth out high fluctuations in the network from year to
year by applying a five year moving window to their data (Buchmann & Pyka, 2015; Ter Wal, 2013a). Although this
practice can be defended as necessary, given that the SAOM software makes it difficult modelling high frequency

changes in networks, this characteristic of SAOMs makes it difficult to identify types of changes other than linear,
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more or less incremental ones. The implicit assumption is therefore that cluster dynamics will follow the standard
cluster life-cycle pattern of emergence, growth, maturity and eventual decline (Menzel & Fornahl, 2010). However
other cluster development pathways, such as those based on a punctuated equilibrium (Rosenkopf &
Tushman, 1998), or on the adaptive cycle (Martin & Sunley, 2011) where long phases of relative stability alternate
with short phases of major change could be difficult to identify. Consideration for the theoretical implications of

cluster phases on network characteristics is growing, but more empirical evidence is needed.

6 | CONCLUSIONS

This paper presents a systematic review of the scientific literature on the applications of ERGMs and SAOMs with a
focus on cluster studies and agglomeration processes. Results show that these two methods have been especially
popular in economic geography to investigate network dynamics, proximity and the effects of multiplexity and
multilevel networks in clusters. Although these models have advanced the field through enabling empirically testing
of a number of theories, they are often used to operationalize the same theory in completely different ways, making
it difficult to draw conclusions that can be generalized beyond the particular case study on which each paper is
based. In order to remedy these problems, a more systematic description of the development of a cluster, the
characteristics of its industry and the type of knowledge networks should be offered and these factors should be the
subject of more explicit reflection. In addition, more cross-case comparisons, reflection about different types of slow
and fast changes occurring in clusters, a broadening the focus of cluster studies beyond knowledge networks and
the incorporation of financial or material flows within the networks are needed as well. This might benefit both
cluster studies in general and the further development of ERGMs and SAOMs specifically.
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Resumen. Este articulo presenta un examen sistémico de las contribuciones de los modelos estocasticos orientados
a los actores (SAOM, en inglés) y los modelos de graficos aleatorizados exponenciales (ERGM, en inglés) al estudio
de los conglomerados industriales y los procesos de conglomeracién. Los resultados muestran que los ERGM vy los
SAOM son especialmente populares para estudiar la evolucién de las redes, las dinamicas de proximidad y la mul-
tiplexidad. En el articulo se llega a la conclusién de que, si bien esos modelos han hecho avanzar este campo de
estudio al permitir realizar estudios empiricos de varias teorias, a menudo ponen en practica la misma teoria med-
iante maneras completamente diferentes, lo que hace dificil sacar conclusiones que puedan generalizarse mas alla de

los estudios de caso particulares en que se basa cada articulo. El articulo concluye con sugerencias de formas de

abordar este problema.
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