UNIVERZA V LJUBLJANI
FAKULTETA ZA DRUGBENE VEDE

Marjan Cugmas

Vpliv lokalnih mehanizmov narazvojb | ol ni h model ov

Local mechanisms affecting the evolution of blockmodels

Doktorska disertacija

Ljubljana, 2a.9



UNIVERZA V LJUBLJANI
FAKULTETA ZA DRUGBENE VEDE

Marjan Cugmas

Mentor:izr. prof. drAl eg Gi ber na

Somentoricaprof. drAnugka Ferl i goj

Vpliv lokalnih mehanizmov narazvojb | ol ni h model ov

Local mechanisms affecting the evolution of blockmodels

Doktorskadisertacija

Ljubljana, 219



Tone Pavl] ek
Popotnik

Ko hodi g,
pojdi zmeraj do konca.

Spomladi do rogne

pol et do zrele p

jeseni do polne police,

pozimi do snegne |

v knjigi do zadnje vrstice,

v givljemepnce,do pr a
v sebi do rdelice | e

A |l e ne prideg ne p
do krova in pravega kova

poskusi: vnovi | i n
ZahvalaPosebno zahval o namenjam mentorjema izr
ki sta me pri nastajanju doktorske nal oge n
pa tudi 2z zgledom. 0 | swowfl dt He kceo mnoi & shiamrk,
and Prof. Patrick Doreian, for very insightful and constructive comments, suggestions and questi
hel ped me to take a |l ook from the other [Dair
in Gpel. za navdi hujole razprave 0 znanost.
nasvet e, potrpegljivost in pomol pri ur ej ar
svoji drugini i n staliolsiram tenrasii Zzorano qugi v trenutkik, ki nisodili lah
ni ti z a me , Hvalaitudiivsern astalime ki nisd omenjeni zgoraj, a SO pomembno prispe

nastanku disertacii@Hv al a davkopl al eval cem, k iter raziskavfo.i n ¢



Lniverza Kardeljeva ploscad 5
o Ljubljani 1000 Ljubljana, Slovenija
Fakulreta telefon 01 58 05 120

IZJAVA O AVTORSTVU
doktorske disertacije

Podpisani/-a Marjan Cugmas, z vpisno Stevilko 74150901, sem avtor/-ica doktorske disertacije z naslovom: Vpliv

lokalnih mehanizmov na razvoj blocnih modelov.

S svojim podpisom zagotavljam, da:

V Ljubljani, dne 22. 10. 2019 Podpis avtorja/-ice: ’/</

je predlozena doktorska disertacija izkljucno rezultat mojega lastnega raziskovalnega dela;

sem poskrbel/-a, da so dela in mnenja drugih avtorjev oz. avtoric, ki jih uporabljam v predlozenem
delu, navedena oz. citirana v skladu s fakultetnimi navodili;

sem poskrbel/-a, da so vsa dela in mnenja drugih avtorjev oz. avtoric navedena v seznamu virov, ki
je sestavni element predloZenega dela in je zapisan v skladu s fakultetnimi navodili;

sem pridobil/-a vsa dovoljenja za uporabo avtorskih del, ki so v celoti prenesena v prediozeno delo
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se zavedam, da je plagiatorstvo — predstavljanje tujih del, bodisi v obliki citata bodisi v obliki skoraj
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68/08, 85/10 Skl.US: U-I1-191/09-7, Up-916/09-16)), prekrsek pa podleze tudi ukrepom Fakultete za
druzbene vede v skladu z njenimi pravili;

se zavedam posledic, ki jih dokazano plagiatorstvo lahko predstavlja za predlozeno delo in za moj
status na Fakulteti za druzbene vede;

je elektronska oblika identiéna s tiskano obliko doktorske disertacije ter soglasam z objavo
doktorske disertacije v zbirki »Dela FDV«.
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Local mechanisms affecting the evolution of blockmodels

Social scientists often seek to understand the relationship between micro social mechanisms and
macro social outputin the context of social networks, different migocial mechanisms are
usually operationalized by local network mechanisms, while macro social outputs are
operationalized by global network structurEstadtfeld, 2018) Therefore, the aim of this
dissertation is to study the relationship between localoré&t mechanisms and global network
structures. Not only is the emergence of the selected global network structures addressed, but so
too is the transition from one global network structure to another.

Moreno was one of the earliest social network scientststudy global structures of observed
networks(Moreno,1934) By consi dering the nodesd6 attribu
explained the social mechanismesponsible for the emergence of the observed global network
structures. Later, resehers(Cartwright & Harary, 1956; Davis, 1967; Davis & Leinhardt, 1967;

Heider, 1946; Johnsen, 1985%pposed several models for global network structures. Perhaps one

of the most popular is the balance mof@artwright & Harary, 1956)which consists of two

clusters of nodes which are internally linked with positive ties and the nodes from different clusters

are not linked or they are linked by negative ties. By considering the appearance of different triad
types, Davis & LeinhardtLl967) proposed an approach for testing the existence of a selected global
network structure in an empirical network.

In this study, a blockmodel is used to define a global network structure. A blockmodel is defined
as a network in which the nodes represtusters of equivalent nodes (according to the structure

of theirlinks) from the studied networkvhile the linksin a blockmodetepresent the relationships

bet ween and within the clusters. The term fAbl
that shows the relationships between nodes from two different clusters or between nodes from the
same clustefDoreian, Batagelj, & Ferligoj, 2005l this way, a blockmode&lan bea very exact
representation o chosen type oglobal network structure and usedwidely acrossmany
scientific fields. The blockmodel types considered in this dissertation are the most commonly
studied blockmodel typesohesive blockmodel, (symmetric and asymmetric) -pergphery
blockmodel, hierarchicddlockmodel, hierardbal-cohesive blockmodetransitivity blockmodel

and transitivecohesive blockmodel.

Moreover, the social (network) mechanisms can be defined in different ways. Common to the
various definitions of social (network) mechanisms is the claim that sociabmisois hold a very

important explanatory roléHedstrom & Swedberg, 199&)jedstrom & Swedber¢l998, p. 7)
summarized Schellinfl998)wh en saying that a fsoci al me c han
set of statements that provide a plausible accountownihput and output are linked to one
anothero. Therefore, soci al mechani sms may be
that generate t he pGambettagc1998ap 10Z)\aarding to Hedstimu ct ur e
(200, p. 25) asocialmebani sm fAdescribes a constell ati on
organi zed such that they regul arlhthe dontextofg ab oL
social networks, the (macro) social outcome can be operationalized by the global network
structure, while the local network mechanisms can be operationalized in different ways, according

to their type. Stadtfeld (2018) and Hedstr©°m
macraemicro-macro mode{Coleman(1986), three types aihechanisms: situational mechanisms

(related to the global network structdre i ompeagdhie beliefs, desires and opportunities of



an individua) actionformation mechanismsagsociated witthe impact ofindividual< beliefs,

desires and opportunis@n their actions/behaviour) and transformational mechanisms (related to

the impact ofndividual® acti ons on the gl obal net wor k str
givento the last twdypes of local network mechanism#/hen Stochastic Actor @@nted Models

(SAOM) are used, tlse types ofocal network mechanisms are defined through the selected local
network statistics, whereas in the case of algorithms from the family of the Network Evolution
Models (NEM)(Toivonen et al., 2003je local nework mechanisms are often defined through a

set -tofiemdofrul es.

Even though many studies use the blockmodeling approach to describe the global network
structures of the networks observed and many studies rely on Exponential Random Graph Models
(ERGM) or SAOM to explain the dynamics and underling mechanisms of the network dynamics,
there is no systematic study focusing on the relationship between selected local network
mechanisms and selected global network structures, as operationalized by blockirtodilsg

the framework for studying this phenomenon is one aim of this dissertation.

The dissertation consists of two parts. The ability to generate networks with the selected
blockmodel types, by considering only the triad types, is addressed insthgafit. This research

guestion is especially important because (although the correlation between the number of different
triad types and the presence of a given global network structure is well known and generally used)
there is no known systematic studgidressing a relationship between different triad types and
blockmodels as the operationalization of global network structures. Whether the selected

bl ockmodel types can be generated by <consi de
attributes showsthat these blockmodels can emerge as a consequence of local network
mechanisms such as popularity, assortativity, different transiigiited mechanisms and others.

To study the mentioned research question, different triad types are classifiedehdhall®wed

and the set of forbidden triad types for each blockmodel type that is considered. A given triad type
iscalledé a | | o wsefikquengyih a givenideal blockmodel (without any inconsistendg)

higher than Qotherwisei t i s forbiddérd Raded dn the Aneasure (defined as a ratio
between the number of triads of the selected type in a network with a given blockmodel and the
expected number of triads in a random network with the same density), the sets of allowed and
forbidden triad ypes are further reduced to a set of selected allowed triad types and to a set of
selected forbidden triad types.

Two algorithms are used to generate the networks. The first is the proposed Relocating Links
algorithm (RL algorithm) while the second is the Markov Chain Monte Carlo algorithm (MCMC
algorithm) as i mpl e méHurtee Handcock, Butt§oodreau, & Mooris,p a ¢ k a ¢
2008)for the R programming languag&eam, 200Q) The two different algorithms are used to

reduce the possibility of being unable to generate networks with a given blockmodel type due to

the characteristics of the algorithm. The Rigaalthm is more deterministic than the MCMC

algorithm and the RL algorithm requires the exact distribution of triad types for the selected
blockmodel whereas the coefficients in MCMC algorithms are arbitrarily ggfdo allowed triad

types) and ¢ (for forbidden triad types).

Several networks are generated by considering each set of triads and each blockmodel type. The
level of inconsistencies is evaluated by the proposed Mean Improvement Value (MIV), which



allows the fit of a selected (ideal) blockmotyge to be compared against blockmodels of different
generated networks.

In general, most studied blockmodels can be generated by only considering different triad types.
This shows that some global network structures can emerge by virtue of the lveatkne
mechani sms that does not include the nodeso
only the list of forbidden triad types do not have a much higher amount of inconsistencies than
networks generated by considering all triad types. Thispsitant to note because the frequencies

of the allowed triad typesmhich is taken into account when the RL algorithm is used to generate
networks)contain information on the number of clusters, their size, and the size of the network
However, this is nathe case with the forbidden triad types where a researcher must provide only
the information regarding which triad types should not appear in the network rather than the
frequency of each triad type.

While there is a small number of inconsistencies énntétworks generated with most blockmodel
types compared to the ideal blockmodel type, it is harder to generate networks with a hierarchical
blockmodel. Considering some other local network structures, such as paths of length three,
considerably reducesemumber of inconsistencies in the blockmodels generated.

The second part of the dissertation considers local network mechanisms, instead of local network
structures, in the context of different blockmodel typé#ile local network structures are
represeted by different types of subgraphs, the local network mechanisms are processes that drive
the specific actionsof the nodes in the network, as descriladmbve Different local network
mechanisms are operationalized using different network statisticsh whecconsidered by the
nodes, when they obtain an opportunity to change the status of their links. This is done by different
proposed algorithms from the NEM family, which rely on the following logic: at each iteration of
the NEM algorithm, a node is ramahly selected. Then, by considering selected riGaied all

other nodes, different local network statistics are calculated by considering the selected local
network mechanisms. These statistics are weighted to enable the different levels of importance of
the selected local network mechanisms to be considered. Based on these weighted local network
statistics, the selected node creates a link, dissolves or confirms an already existing link. The
proposed NEM algorithms mainly differ with respect to how thraragtric links are considered,

the way in which the duration of links is considered, and whether newcomers and outgoers are
present.

I n this study, the mechani smsé weights are r
networks are generated bging the proposed NEM algorithm while the global network structures
are evaluated by the number of inconsistent blgckdni dar gi | , Ferligoj, &

2018) and the value of the proposed Relative Fit function (RF), which quantifies the fevel o
inconsistencies in a generated blockmodel according to the ideal blockmodel type.

Given that there are many possible blockmodel types and possible local network mechanisms, the
social context of the study is taken into account to select the most rabaekrhodel types and
corresponding local network mechanisms. Two such scardexts considered in this dissertation

are (i) friendships and likings among psehoolers; and (ii) the flow of knowledge among
employees of an international, knowledggsedcompany. Based on these two social contexts,

two blockmodel types are proposed: an (symmetric and asymmetrie¢auesive blockmodel,

and a hierarchicatohesive blockmodel with last n@ohesive group

fat)

a



The first blockmodel type consists of at leaseéhgroups of nodes, where one group is called the
core group and the other groups are called cohesive groups. In networks without inconsistencies,
the nodes within all groups are internally all linked to each other. In both the symmetric and
asymmetric cse, all the nodes from cohesive groups are linked to all the nodes from the core group
while only in the symmetric case the core nodes are also linked to the cohesive ones. The latter, a
hierarchicalcohesiveblockmodel withthe lastnon-cohesive groupis similar to the welknown
hierarchicalcohesive blockmodelvhere the clusters are hierarchigabrdered and the nodes
within all clusters are linkedut with the proposed blockmodel the nodes from the cluster on the
lowest hierarchical level are notked to each other. It is shown that the symmetric-cohesive
blockmodel type and the hierarchi@ahesiveblockmodel withthe lastnoncohesive groujare
appropriate to be considered in the social contextimglad a kindergarten and a company.

The results of the Monte Carlo simulations show that the symmetric and asymmetdoloesee
blockmodel types can emerge due to the mutuality, popularity, assortativity-defjiee) and
transitivity-related local netark mechanisms when the initial global network structure is an empty
network, a network with a cohesive blockmqaela network with an asymmetric ceperiphery
blockmodel. Observations have revealed that some intermediate blockmodel types can emerge
during the evolutionary process of generating the chosen blockmodel type.

It was also shown (based on empirical data colleetdn a larger longitudinal study in the USA

and analysed by severasearchetrse.g. Schaefer et d2010)and DelLay et al(2016)) that the
symmetric coreeohesive blockmodel type appears in interactional networks amossgipoelers.

The fact this blockmodel type can be generated by the selected local network mechanisms does
not imply that the global network structures of thepgmoal networks emerged due to the studied

local network mechanisms. However, the appearance of this blockmodel type in the empirical data
raises some very important developmental questions, which should be answered by considering
t he nodes &@oma bfthese duestioassnclude whether differencesexist in some
psychologicaland other types otharacteristic§e.g. gender, level of extroversiobgtween
children from the core grou@ndthose fromthe cohesive groupsand whether such a global
netwok structure should be encouraged amongsgteolers or not.

The same methodology was used to generate the other selected blockmodel types. By considering
the selected mechanisms, cohesive, (symmetric and asymmetrig)ecqieery and transitive
blockmockls can also be generated, but not a hierarchicakmodel, hierarchicatohesive
blockmodelor transitivecohesiveblockmodel.

A hierarchicalcohesiveblockmodebith thelast noncohesive groupan emerge as a result of so
called valuerelated mechaniss (i.e. hierarchical position of the alter, tenure of the alter,
popularity level of the altethe number of partners shared by the ego and th¢aitkcostrelated
mechanisms (i.e. difference in hierarchical position between the ego and the fdtenck in

tenure between the ego and the alter, distance between the ego and the milteth#neipartners

shared by the ego and the alt&falue and cost are defined through the ego's perception of the
costs of obtaininghealter's knowledge and the value of km@wledgeso obtainedNebus, 2006)

This blockmodel type can also emerge when newcomers and outgoers are conBiceadility

to generate the global network structure, with local network mechanisms that do not consider the
nodes6é attributes (except tenure) b thatleeda cat es
knowledgeflow towards the desired global structure (if it has one)



The most important contribution of this dissertation is the observation that the most common
blockmodel types can be generated by the basic local network mechanisms, without taking the
attributes of the nodes into account. However, it is necessary stdeotte social contexand
corresponding constraints on t hé@oreiamd&&€sn, char e
2012)while analysingevolution of theglobal network in real networks.

Keywords: social network analysis, network evolution, locatwiork mechanisms, global
network structures, blockmodel, Exponential Random Graph Modelling, Stochastic Actor
Oriented Models, Network Evolution Models, Relative Fit function, interactional networks,
knowledgeflow networks, preschool environment, orgatianal environment



Vpliv lokalnih mehanizmov narazvojb | ol ni h model ov

Raziskoval ci s podrol j a drugbosl ovj a gelijo
mi kr omehani z mi in drugbenim makroi zi dom. V o
mi kromehani zmi navadno operacionalizidaani 2z |
makroravni pa so operacional i zir émdtfeld, 2008 z 1 i | n |
Tako je namen prilujole disertacije proulit:i
gl obal ni mi omr egni mi zgradbami ni Poloengegabshaamzl
nasl ovljen tudi prehod iz ene v drugo gl obaln
Moreno je eden izmed najzgodnejgih raziskoval
gl obalno zgradbo(Mmemp L984) | Zi hu pomgrt egiajnj emz ll iaglt n
uporabo strukturiranih intervjujev je pojasni

opagene globalne zgradbe v e m@dGarwrightin Hararg mr e gj i
1956; Davis, 1967; Davim Leinhardt, 1967; Heiderl946; Johnsen, 198%)o0 pr ed|l agal i

model ov globalnih zgradb omregi]j. Eden i zmed
(Cartwrightin Harary, 1956) ki j e sestavljen iz dveh skupin
dobro povezana, med vagli i iz razlilnih skupin pa ni pove
povezave. Davisn Leinhardt(1967) sta predlagala pristop za preverjanje obstoja omenjene

gl obalne omregne zgradbe ter tudi nekaterih d
razlilnih vrst triad.

V tej raziskavi so razlilne vrste globalnih z
model ov . Bl ol ni mo d e | je definiran kot omr eqg|j
(gl ede na zgradbo pmoegeaaehnr eedpjzd,i gpo weazaMe vpaa
Sskupi nami I n znotr aj Sskupin. l zraz eéeblok¢ se
med vozligli iz dveh razl il ni hDosilnnprugi)2085) i med
Vitempogledusotak o bl ol ni model i zel o natanlen opis
in so uporabljeni v razlilnih znanstvenih di
naj pogostejge vrste blolnih model ov: HRoheziwv
sredipgrnéeren bl ol ni model , h-keharehvkeanbbbbhh
tranzitiven blol-kohempdekntbltotnanmotdetno

Tako kot razlilne globalne zgradbe omregi)|j j €
razli] ne nali ne. Skupna mnogim opredelitvam

mehani zmov zel o pomembno vl og Hegstrdmn gwejfbarg, nj e v a |
1998) Hedstromin Swedberg1998,str. 7) povzemata Schellingd998) kinavajad a |j e mogo | &

drugbene mehanizme razumeti kot urejeno mnogi c
in i zhodom. Tako je mogole na drugbene mehan
posamezni ki, ki vplivaj o zgrnadb(GambettaalddSsr. 1@Pp | ol e n i
PodobndHedstom(2006,str.25 dr ugbene mehani zme opisuje kot
Sso urejene tako, da privedejo to dololenega i
makroravnio per aci onal i zirat.i z razlil ni mi gl obal ni

|l okalnih omregni h mehani zmov pa (J0B)iroHbdstromna od

in Swedberg (1998) so na podlagi Colemanovega raalkoo-makro modela@oleman 1986)

opredelili tri vrste mehanizmov: situacijske mehanizme (asifglational mechanisjis ( nanagaj c
se na vpliv globalne omregne nagmadbnmernaal agte



prepr il anj)aedéenske mehgnizmes(dn@ttionformation mechanismis ( nanagaj o
na to, kako lastnosti posameznika vplivajo na njegovo vedenje) in pretvorbene mehanizme (angl.

transformational mechanisimws ( nanagaj o se na t o, kako vedenj
omregno zgr ad b osh naslovljenved¢njski tepsetvorthieai eméhpnizmi, ki jih je
mogol e operacionalizirat:i prek mnogice pravi
povezav. Verjetnostni modeli na ravni posameznika (aBglichastic ActeOriented Models
SAOM)tovris ne | okalne omredgne mehani zme opredel juj
model i iz drugi ne mo d\etook\Evolutirz ModgiSeEMppm folalga | (an

omregne mehani zme pogosto Omtem«del jujejo z mno

Leprav anniogloavr nasl avlja vpraganje globalne

model iranja) ter di nami ke v omregjih z upo
mehani zmov (z uporabo SAOM al iExmiestigl®andomt i h s
Graph ModelsERGM) ) , pa ni raziskave, ki bi Si stem
l okal ni mi omr egni mi mehani z mi i n me d i zbr a
opredel jenimi z razlilnimi vrstami bl ol ni h mo
oki r za proulevanje omenjenega odnosa.

Disertacija je urejena v dveh delih. Zmognost
z upogtevanjem razlilnih vrst tirad, j e nas|l
vpradganje jdipamdmhnd&kezl @ ni razi skave, ki b
razlilnimi vrstami triad in razlilnimi vrstam
povezavi med razlil ni mi vrstami triadijain gl o
omr egi | z i zbrani mi vrstami bl ol ni h model ov,
i zbrane vrste blolnih modelov nastanejo kot

mehanizem popularnosti, mehanizem podobnosti stopenj, mehaniz@zgpo s tranzitivnostjo,
in preostali.

Za namene prvega —raziskovalnega vpraganja sc

dovoljenih ali V. mnogico prepovedani h wvrst t
obravnavano vr stonablwrl sitieh tmoideedeovj e Ddovol j ena
omregju z izbranim blolnim modelom brez napak
A-mere (definirane kot razmerje med gtevilom i
bl ol nim imdplrbmakovanim gtevilom triad v slu
mnogice dovoljenih in prepovedanih vrst triad
vist triad in mnogice izbranih prepovedanih v

Dva razlil na alljgeonra tzmaa gsetnae ruiproarnajbe omregi j z u
dovoljenih vrst triad. Prvi je predlagan algoritem prestavljanja povezav (algoritem RL), drugi pa
algoritem MCMC (anglMarkov Chain Monte Carlo algorithjnki je implementiran v paketu

»ergm«(Hunterin drugi, 2008)za programski jezik KTeam, 2000) Dva razl i |l na al
uporabljena z namenom zmanj ganja verjetnost:

bl ol nega model a kot posl|l edi ce | aveZ algorgntom upor .
MCMC e algoritem RL bol j deterministilen, ;
porazdelitev upogtevanih vrst triad za 1izbran

algoritma MCMC poljubno nastavljeni mgza dovoljene vrste triad) oziroma; (za prepovedane
vrste triad).



Z upogtevanjem razlilnih vrst triad in razl:.

omregij. Raven napak v generiranih omregjih | e
Mean Improvement Valye MI V) |, K i omogol a primerjavo pril
generiranih omregi] z razlilnimi vrstami bl ol
Z upogtevanjem razlilnih vrst triad je mogol e
Tonak#a uj e, da se razlilne vrste blolnih model ov
mehani zmov, K i S0 neodvi sni od | astnost.i Vo
upogtevanjem mnogice prepovedani h napakskakot r i ad,
omregj a, ki SO generirana z wupogtevanjem vseh
frekvence dovoljenih vrst triad (ki so upogte
o gtevilu skupin, venrielggsati Tok pmi m et edrr gv e lvi kpo
generirana z upogtevanjem prepovedani h wvrst
posredovati zgol informacijo o tem, katere v
frekvenci pojavlapna razl il nih vrst triad v omregju z i
napak).

Medtem ko omregja za velino analiziranih blo
napak, pa je tegje generirat.i omr e g jekaterie  hi er
drugih lokalnih omregnih zgradhb, kot Sso poti
generiranih hierarhilnih blolnih modelih.
Drugi del di sertacije obravnava | okakgmmdh omr eg
v okviru rdaollinlimi hmowred tov . Medtem ko so | okal:
razl i | ni mi VvrIstami podomregiij, so | okalni omr
dejanja vozligl Vv omregju, kot je to opisano
me hani z mi so opredeljeni z razlilni mi omr egni
NE M, K i so definirani na nasl ednji nalin: v v
vozIligle. Nato so, upogtevgjal 1 zbarnbonaawezliagl
statistiKke, opredel jene z izbrani mi l okal ni mi
omogol a upogtevanj e razlilnih mo | i oziroma
mehani zmov. Na o s n o \.siik izbrana gneta vzpostavimove gpverato tes t a t
prekine ali potr di ge obstojelo povezavo. Upo
predvsem po nalinu obravnave simetrilnih pove
prihod novihvozig | ter osip vozligl

V tej razi skavi so utegi |l okalnih omregnih me
utegi je generiranih vel omregij, globalne omi
blokov ( Gn i dimdrggii 2012, 2017, 2(8) in vrednostjo predlagane funkcije relativhega
prileganj a, K i mer i stopnjo napak v generiran
bl ol ni h model ov.

Ker obstaja veliko vrst blolnih modeloth in |o
omregni h mehanizmov in pripadajolih vrst bl ol
kontekste. V tej razi skavi sta wupogtevana ng:
nakl onjenosti med predgol s ki noslenimitvrmedonargdnem e r (i

podjetju, ki temel]ji na znanju. Na osnovi nav



bl ol ni h model ov: (si met-koheni wenr @mlso|meit-rmad cal)

koheziven Dbl ol ni mjo skepino.z nekohezivno zad
Omregje s prkvohnezisvmdadn gbhllnool ni m model om j e ses
vozIligl, kjer je ena skupina vozligl i menovan:
poi menovane kot ek ohezi v nber eszk unpai pnaek¢ . s oV vbslao | wvia
skupin neposredno povezana med seboj. V omr e
asimetr.i nlo§uheszr|a/d1|egglanoblolnega model a S0 vV 0
neposredn povezana z nyoza igdi samo svedigqebrh
kohezivnem bl ol nem model u tudi wvozligla iz sr.
skupin. Drugi , hierarhilen bl ol ni model- z nek
kohezivnemu blotdaemu pmodelrw, predl aganega bl o
skupine na najnigji hierarhilni ravni niso po\
obravnave obeh vrst Dblolnih modelov v okviru
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Maximum Likelihood Estimator ocena na podl agi naj velj
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1 Introduction

A network is defined by the set of nodes (also called vertices, units or actors) and by the set of
links which represents ties between the nodes. These two sets determine a graph which describes
the networb s s t. Additianal dat can be assigned to the nodes and links to describe their

properties (also called attribute8agagel] Doreian Ferligoj, & Kejzar 2014, pp. 1819).

Since the nodes and links can be defined very byaatl because the networks obtaineatan

be a consequence of different phenomena and processes, netwaslsasalypliedvidely across
many scientific disciplines from both the natural and social scigBmgatti, Mehra, Brass, &
Labianca, 2009; Hidalgo, 2018j is worth mentiomg that the field of (soci® network analysis

has grown significantly in the lafdw decades. This is reflectadthe number of publications and
amount of scientific disciplines which researchers are using the network analysis approach
(Maltseva& Batagelj,in press.

The main attention in this dissertation is given to the networks that are usually analyzed by social
scientiss, yet many research results can be generalized to other types of networks @Ahesell.
social networksare analyzed, the nodes aypically individuals and the links between them are
operationalizations of the relationships among tHetandcock Robins Snijders Moody, &
Besag2003)

The most fundamental concepts, such as social mechamoraknetwork structuresnd global
network structures, are presented in this introdyatbapter. These are necessary to understand
the two general research questions proposedhisectiorl.4. Both relate to thenain goalof this
dissertatiorof studying the relationship between local network mechanisms (social mechanisms

and global network structures.

1.1 Social mechanisms

Since the study of sociatlechanismss very broad antbrmsits own field of research, the aim of
this section is t@stablishthe underlyinggrounds for the discussion®n social mechanismthat

follow.
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In the past,Hhinking about explicitly formulated mechanidmsed theories was more comniion
other scientific fields (e.g. econdes) thanin sociology. Among the sociological classics, Robert
Merton introducedthe idea of mechanismget never developed a very cleafidition of the
mechanism concefgHedstrom& Wennberg 2017) He rejected all attempts to develop general
systems of sociological theory and insteadertedhat sociological theory should deal with social
mechanisms He thought about social mechanismass A s 0 essesthaving designated
consequences for designated parts of the social stradierton 1949, p. 451)He viewed
mechanisms athe building blocks of middleange theorie§Boudon, 1991)Among norsocial
scientiststhe biologist Francis Criclpreferredto think in terns of mechanisms instead of laws,
arguing that the notion of laws is generally reserved for physigitb are the aly onesable to
produce explanations based on powerful and often counterintuitive laws with no significant
exceptions (Crick1989, p. 138)in Hedstorm & Swedber(998).

Even though various authors addressed the questisacial mechanismand provided a wide

range of definitionsf the term(Hedstrom & Ylikoskj 2010) it is still worthwhileto find a general

definition of social mechanism that captsittee concepii sssenc€Hedstréom & Swedberg, 1996)
Gambetta1998, p. 1020 ef i nes a me c h a n icausalmadsisthéatanakb sepset het i
of individual behaviour. They have wbecausmof 6 Gi v
[mechanism] O with probabilityné o . Some other common definit.i
collectedby Hedstrom & Ylikoski(2010)

As summarized byHedstrom& Swedberg(1998) Harre (1970) wrote that one of the most
important functios of the mechanism iwhenit performs in an exploratory accoukbr example

let us assume webserved the association between | (input) and O (outiputf)is case we are
interestedn finding mechanism Mhat wouldexplain the observed associatidiis means we
are not satisfied witlust the fact that the association between | and O ekigtstead we are
interested inwhy the observedissociation exists. Thisiay help distinguish between genuine
causality and coincidental associatitiiusincreasng understanding of why we observe what we
observe. The mechanisms can be hard to recognizelamafying suchunderlying mechanisms

is sometimes the hardest parttbé scientific work entailed (Hedstrom & Wennberg, 2017)

1 Crick, F. (1989)What mad pursuit: A personal view of scientific discoveondon: Penguin Books.
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Hedstrom(2006, p. 25 wr ot e t hat fa soci al mechanism [ é/
and activities that are organized such that they regularly bring about a particular type of outcome.
We explain an observed phenomenon by referring to the social mechanism by which such

phenomena are regularly brought about o

When searching for such mechanisimss not enough to explain the relations between macro
properties butonemustprovide a detailed description of the mechanisms on the microdeuel
from herg explain the relations on the macro lefléédstrom & Ylikoski, 2010; Ylikoski, 2012)
Here, the micro can refer te,g. individuals in the context of macro organizatjmishe micro

can refer to e.g. organizations in the macro context ofarggnizational networks.

In thesettingof the emergence afglobal network structur@s simmarized by Stadtfel(2018),

studyinghow the global network structurghangesn the global level is not sufficient. Instead,
onemustunderstand how a current global network structure affadividualsd c har act er i ¢
(e.g.theirdesires, opportunities, beigk and how a current global network structure afféoe set

of possible actions of given individgalThen, one has to understand how the indivsiual
characteristisand possibilities are reflected in actual charigeke links ortheindividual level

Oneis then able tetudy how the chang@asthe links of many individualaffect the global network
structure(Coleman 1994)(Figurel.1).

Figure 1.1: A social network perspective on Coleman's macrkmicro-macro model

macro level association
MACRO LEVEL iNput F==========————— - - —————————— »| output

(social network)

SITUATIONAL
MECHANISMS TRANSFORMATIONAL
(dependence, constraints) MECHANISMS
(aggregation)
MICRO LEVEL

(individual)

ACTION-FORMATION
(desires, MECHANISMS (actions)

opportunities,
beliefs)

Sources: Stadtfeld(2018) Hedstrom & Swedber(998)andColeman(1986)

Fol |l owi ng Comhmieomacrodnodef@alamam 1986 he mechanisms can paced

in three classe¢Hedstrom & Swedberg, 1998Ji) situational mechanisméow the macro
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environment shagea ct or s 6 o p p or tfaetci) (i) aetisnforngtmm rheshanisime | i e
(how these opportunities, goals, bidie et c . i nfl uence ; and €iii) act or
transformational mechanisnfisow the behaviour of the individuals affetthe macro output). As
noted(Hedstrom & Ylikoski, 2010)the observed macro phenomenon caly be explained by
consideringall thedescribed mechanistyipes asalso illustrated by Doreai& Conti (2012)who

shonedh ow cont ext ualin fCeoalteumaemismaurancdelvibich can be
represented by a cuneglobal network structure in this dissertation) aftbetformation of ties

in a network.

Agentbased simulation@ianchi& Squazzoni2015; Hedstroms Manzo, 2015; Maca% North,
2010) whose development started in the 19@0s,often used to study social mechanishiey
are not necessarikglied onto explain any particular empirical fact directiyet may beused to
integrate theoretical ideas with the results of empirical reseabtit)to provide a general
understandi ng of fA(Hedstron &viikoskis201Q)dhede dnodel® assurne
that very complex social dynarsifor at least the basic cogs and wheels of these social prgcesses
can be explaineavith quite simple modelgHedstrom & Ylikoski, 2011, p. 396)Goldthrope
(1996; 2001 proposedathreestep based meadklology for studying the causation between macro
levelinput and outpuby congdering the micredevel actionswithin agentbased simulations

(i) establishing the phenomena that formekplanada

(ii) hypothesizing generative processes ati¢hel of social action; and
(iii) testing the hypotheses.

As he explained, the phases of the tkst methodology are unlikely to tieat separable in
applied sociological studies. This is also the case aithore detailedive-stepstructure of a
geneative research stratedipstein 2006; Hedstim & Bearman, 2009; Hedstrom & Ylikoski,
2010) namely

1. Start with a clearly delineated social fact that is to be explained

2. Formulate different hypotheses about relevant rievel mechanisms.

3. Translate the theoretical hypothesis into computational models.

4. Simulate the models to derive the type of social facts that each-lev@iomechanism
brings about.

5. Compare the social facts generated by each model with the actually obseice@des.
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The 4" and %" steps depend on the naturetioé simulations and the social phenomerming
studied Therefore the social fact to be compared can be reflected by a given global network
structure (as in this dissertation) differently. For example, Steglicket al. (2019) studied the
impact of bilingual education on segregation. In his study, the social output (segregaison)
measured by the number of components, the number of is@dtagmentation index, geodesic
distancea segmentatioindex, and many other local and global network statidesstudied the
impact of the selected local (network) mechanisms on different indicators of segregation by
generating many networks with different strengths of the local network mechamsigrssudy.
Something #nilar was done bySchaefer, Adams& Haas, 2013)who studied the relationship

between peer influence atite smoking alter popularity oemoking outcome

Agentbased simulations an fl ook at the dynamic nature of
sci ent i f (Banchh& Sguazzbrs, 2015, p. 28Bianchi & Squazzonf2015)notedthe
main advantages are the possibildl accouning for the irreducible heterogeneity of salc
behaviour the possibilityto considerout-of-equilibrium social dynam&and the possibilityto
deal with micregenerative processé€Bianchi & Squazzoni, 2015)Manzo (2007) is another
author who recognize(actororiented) simulation methodse an important tool in analytical
sociology:
If we recall the problems mentioned earlier, it can be claimed that these techniques reinforce that
type of sociology precisely where it is weakest. Given that variable sociology tends to
underestimate the role of theory, simulation works to strengthen theoretical models. Given that
the language of variables underestimates the plurality of levels spedificitdogical analysis
and favors linear relations, simulation methods represent a powerful technical support for
handling the micremacro problem, and by directly modeling structures of interdependence
among agents, they f aivearvieweof cAusationfGivgnuhatavariabten a |l 0 ,
analysis requires generative mechanism reasoning to explain the empirical regularities it brings

to light, simulation constitutes a tool for formally studying the mechanisms of phenomena
production(N. Gilbert & Troitzsch, 1999)

Agentbased modelbavealreadybeenused to study various kinds of social phenoapench as
reciprocity, commitment, reputation, trust and signalling, trust and partner selesggnegation,
opinion dynamics, collective behaviour, social stratification and sffigtanchi & Squazzoni,
2015)

Stochastic acteorientedmodels (sesubsectior2.3) maybe seen as a special type of ageaged

modek (Snijders & Steglich, 2015) Her e, t he model simul ates the
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ties, which are modelled dseingdepa d e n t on mechanisms baadsed on
positions in the network. Compared to other ab@sed simulations, these modal®w the

relative importance of each considered mechandsive estimatedA significantcontribution to

the development of actarientedmodels was made by Tom Snijders and colleagBagders,

Van de Bunt, & Steglich2010)

There are incentives to link the two general approaches which censbmputational and
statistical models tccreates o met hi ng call ed Aempirically ca
simulation modeld (Hedstrém, 2005; Stadtfeld, 2018)

Stadtfeld(2018)highlights the importance of combining statistical and computational models. In
hiswork, he usecBAOM on empirical data in the first step, while in the second step the obtained
modelis usedas an agerbased simulation model. By varying thieareof nodes with homophily
preferences, he shawhat even actors it no preference for homophily anethe same places in

the network where the majority of their network neighbours are.

Thestudy byStadtfeld(2018)was partly inspiredby the work ofHedstrom& Aberg (2005)who
usedanfiempi ri cal | y-baseal Imbdelr attoe ds taucdtyors oci al I nfl u
relation to youth unemployment rates. In the adrsied simulation modehey considered some
sociademographic features of the neighbourhood clusterthe networkand the transition
probabilities of leaving unemployment, which were estimated based on empirically observed data

on youth unemployment in Stockholm between 18688 1999.

Very different social mechanisms can be considered when usingtagat models because there
areno a priori constraints dmow they are defineexceptthey have to be actierelatedHedstrom

& Ylikoski, 2011, p. 396) The mostfrequentlydiscussed social mechanismshe social network
analysis are mutuality (also known as reciprg¢ipppularity(also known as the Matthekaffect

or preferential attachmenttransitivity, and assortativif/(also known as assortative mixing

homophily) (Stadtfeld, Takacs, & Voros, 2811 They are discussed in more detail in later chapters.

2The mechanism assortativity may be considered through sheaisvity of indegree (the itegree ioftenused as
an indicator of popularity, although onaustbe awarebt he di f ference between Afriend
student nominationdo) or ot (Maccobyn&oJdcklis, 4984 Vaughm, Balvin,eAgria, s uc h
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1.2 Local network structures

When studyingempiricalnetworks social mechanismere often operationak by rules (called
local network mechanismsyoverning how the links between studied nodes aceeated,
maintained and dissolved. These rules can be representaddnsways (e.g.asaf-therdrules

or through the local network statisticsdepending on theype of (statistical) model(e.g.
Exponential Random Graph Models, Stochastic AGoented Modes, Network Evolution
Models etc.) But, in some cases, diffnt local network structuresn be used to study possible
social mechanismthat lead a network towards an obsergtubal network structurer to study

an observed global network structure.

Figure 1.2: The collection of all triad types(triad census)

R U e S AU A A AN

012 102 021C 111D 030C 201 120D 210 300
021D 111U 030T 120U
/'» S &3&
021U 120C

Source:Davisand Leinhard{1967)

Such local network structuresn bedifferent graphs of size three (trigd3he classification
(called MANCclassification) of all possible triad typess proposed by Davé Leinhardt(1967)

It is visualizedin Figurel.l. in which dl thetriad types are labelled. The labels consist of three
digits: the first digit denotes the number of mutual lirffkg,(the second stands for the number of
arcs P ) while the third denotes the number of Aarks (or negative link} between twanodes
Some typs of triads with the same distribution of links are further differentiated (see columns)

and labelled with a letter (C stands for cycle, T for transitivity, U for up and D for down).

In the past, ififerent triad typesvere used for diffemt purposes. Theestknownis to test forthe

existence of a specific global structures (see Sedti@rin a given network using the method of

Caya, & Krzysik, 2001)When the assortativity ofidegree is used, the assortativitgchanism is sometimes referred

to as »popularibased homophily«.
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counting the number of allow#drbiddentriad typesin the network. Howevegpplication otthis
methodologys limited when analysing an empirical netwavkh a certain level of errorsiolland
& Leinhardt(1970) therefore, emphasized the importanca pfobabilistic approach to tekdr
the exisence of a certain global network structbgecounting the number of allow#drbidden
types of triadsThus, they carried out the distribution of different types of triads (the expected

number and theariance) in the case of a random netwamkl defined the test statist@as

P

where"Yis the number of a certain triad type in an empirical networks the expected number

of a certain triad type in a random network, andtands for thetandard deviatioaf the number

of the same type of triada a random networkolland & Leinhardt(1970)assumed that the
distribution of the test statistics is asymptotic normal, which was used when testing for the
frequency of the selected tridgpbes in empirical network$\owadays, the term motit often

used A motif is defined agattern of interconnections occurring in complex networks at numbers
significantly higher than those in randomized netwdiMdo et al.,2002) which also include

other types of subgraphs of any size (but usually up to four nodes), not only different types of
triads Artzy-Randrup et a2004)warn that the randomization of networks, whichmsthe basis

for testing the null hypothesis, can be defined in different ways. However, motifs were successfully
used to e.g. describe the hierarchical struafitbe human braifiYu & Gerstein 2006)or cluster

empirical networkgMilo et al., 2004)

Considering the number of chosen subgrggdescan also be used to characterize the global
network structure when the networks are too laogasee.g.the blockmodeling approach (see
subsectior?.4) (Doreian & Mrvar 2016)

1.3 Global network structures

Moreno studied how an i ndi vi du atheérpsychofogicall v e me n
well-being and was one of the firsto apply the network methodologyo analyse a certain
psychological phenomenon. He calledetworka sociogram Here, the nodes were students and

the linksamongthemrepresentethedifferent kinds of relationshiphey hade.g. willingness to
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share a school table or friendships). Based on his sociogramsshable teshowthat the links
amongthe nodes form a certain structure which is not random and is changing over the years
(Moreng 1934)

Based on many observed empirical networks\amuspsychological and sociological theories,
subsequent researchdrave proposed different models of global network structukewell-

known model is the balance mod€lartwright& Harary, 1956) whichprovidesa generalization

of balance theorfHeider, 1946)The balance model assumes exactlydiustersof nodes (called
cliques®) where the nodewithin eachclusterare linked with positive linksindthe nodes fran
different clustes are linked with negative linkgnonlinks can also exist). Johnsémh985)
summarized the model in such a way that two cliques are assumed, where only positive links are
present within cliques while the nodesrfraifferent cliques are linked by a negative or null (the
absence of links) links. In this context, the next, clustering m@#elis, 1967)can be seen as a
generalization of the balance mouéth an arbitrary number aflustes®.

Different clique$ can form a single hierarchy, which is assumed by the ranked clustersiof the
cliqgues mode(Davis & Leinhardt, 1967)There are no links (or only negative lirdkegst) among
thenodesfrom the cliques which are on the same lew#lile asymmetric links exist between the
cliques which are on different levels.hE ransitivity model (Holland & Leinhardt, 1971)s

5I'nn this context, the term ficliqgqueo is not defined as a
links can also exist. To be more predPavis & Leinhardt, 1967p. 7), i/ é/ cliques are subset:
higher rates of positive relationships among themsel ve:
4 Cartwright & Harary(1956, p. 290highlighted several ambiguities and limitatiosfsHe i der 6 s t heory of
They relde to the treatment of nesymmetrical relations, the generalization to systems containing more than three

entities, the distinction between the complement (e.qg. link vBnkpand the opposite (e.g. positive vs. negative link)

of a relation, the simwheous existence of relationships of different types and the applicability of the concept of
balance to empirical systems other than cognitive ones. Based on empirical evidence obtained Kf¥95&yan

Cartwright & Harary(1956, pp. 290291) assumed thas ome t ypes of relations (e.g.
relationship witho) shoudlink be considered as the absenc
5 Doreian and Mrvaf2009)proposed the relaxed structural balance model (for signed networks) which allows for
negative blocks tappearanywhere in the blockmodelot only on the ofidiagonal blocks (sesibsectionl.3.1for

definitions of blockmodel and block). Also, positive blocks can appegwhere in the blockmodel.

6 Cliques are defined here in the same wafoathe models describgureviously.
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defined similarly as the ranked clusters ofitheliques model, but here different cliques can form
several hierarchies (a grapfay consist of several components if only positive and null links are

possible).

Davis & Leinhardt(1967)proved the existence of seven specific types of trfadesubsection
1.2) is a necessary and sufficient conditiaa form a gldbal structureconsisting of several
hierarchically ordered cliques. Similar classifications of allo¥eedidden triadypeswere made
for all other mentioned global structures (see Johr(d®85). Since one triad type was
systematically more commom many empirical networks, as would be expected on the
assumption of a given global network structure, Johii$885) proposed dierarchical model

with 0 cliqgues where the nodesithin the cliques form a hierarchical structure

1.3.1 Blockmodels

Today,considerable attention eingpaid tothe globalnetwork structurethatcan be described

by blockmodes (Doreian et al., 2005 both social network analysis and other scientific fields.
The cevelopment of blockmodelingras initially based on social theories in the last century
(Homans 1950; Lewin 1936; Nadel, 1957) ater, blockmodelingvasused invariousscientific
fields (Alderson & Beckfield, 2004; Banett & Danowski 1992; Gluckler & Panitz, 2016;
Kronegger Ferl i goj , & Doreian, 2011, L. Prot a
Stefano, Giordano, &L&zed4qi201@®| e, 2013; Gi berna

The termiblockmoded reflects the fact that if a network is represented by a matrix, which is then
split according to a partitiofa set of noroverlappingclustes), blocks (submatrisg are formed

in the matrix. The ternfiblocko refers to a submatrix showing the linkstweemodesfrom the
same or differentlustes. Two selectedhodesare structurally equivaler(also seesubsection
2.4.]) if theyhave links tdhe sameetof othernodeqBatagelj, Ferligoj, & Doreian, 1992; Lorrain

& White, 1971) This is not the only definibn of equivalenceStructural equivalencgorrain &
White, 1971)and its generalization regular equivalenc@/NVhite & Reitz, 1983) are the most
commonequivalenciesWhen structural equivalence is used, only null and complete béweks
possible. In ideal complete blocks, all possible links are present tukile areno links in ideal

null blocks
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An assumption often made withhockmodeling that similar (or equivalempdesare of the same
type and therefore share the samiles onsocial behaviou(Lorrain & White, 1971; Michaelson

& Contractor 1992) The decisioron whether to use one type of equivalemmceanotherin the
blockmodelingcontextdepends on the topic under study and on whether the blockmodeling is
beingused as a data&duction technique or servbg way ofoperationalzation of a social role
(Borgatti & Everett, 1992)In the lattercase structural equivalency is often criticizéar being

too restrictive(Borgatti & Everett 1992)yet it is al® worth mentioing that actors can have the
same social rolevithout being equivalently linked to the same oti{&tzruchi, 1993)

Severalblockmodels arevell-known(Doreianet al., 2005, p. 23@&nd studied. They are visualized

in Figurel.3 and described in more detail in the following paragraphs.

Figure 1.3: Different blockmodel typesrepresented by a graph and image matrix

Q com | null null null null null null null null
com com

Q null | eom | null ? com | null null ﬁ com | null null

Q null | null | com il null null | ecom | null com | com | null

(a) cohesive (b) symmetric (d) hierarchical (f) transitivity

core-periphery

com null null com null null
com null

com | com | null com | com | null
com null

null | com | com com | com | com

(c) asymmetric (e) hierarchical-cohesive (9) transitive-cohesive
core-periphery

Cohesive blockmodel

According to Doreian, Batage$f Ferligoj (2005) a cohesive blockmodel is definbg several
clustes of nodes which are internally highly linked, butere no linksexistbetween the nodes

from differentclustes.

This very basic global network structurmeas studied @. in the context ofthe structural
organkation of the brain(Shen, Hutchison, Bezgin, Everling, & Mcintosh, 2Q1%his is
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(approximately, in some cases) the global struaiisefound by communitydetectionmethods
(see Lanchinetti & Fortunat(2009).

Symmetric and asymmetric coqgeriphery blockmodel

Even though the cogeriphery structure is one of the most typical and most often analysed, it is
defined differently by various autho(Borgatti & Everett, 2000; Nordlund2018) Borgatti &
Everett (2000) summarize the three intuitiveiews of the corgeriphery structure. The first
assumethe existence of ongusterto which the nodes belong agreater or lessrextert. Similar

to the first definition is the definition wherg links betweerthe corenodesexist and wherare
no links between the peripherabdes The links between the core and periphamalescaneither
exist or not. The third definition is spatially defined: the aoodeswhich are positioned in the
centre of the Euclidean space are close to all nodes in therkewvibe those on the outskirts are
close only to the centrdhese definitionsall consider one core and one periphery evaas
definitionsreferring toseveral coreslso can be foun@Cugmas, Ferligoj, & Kronegger, 2016;
Kronegger, Mali, Ferligoj, & Dagian, 2012)Rombach et a{2017)considered theituationwhere
several corgeriphery structures (as defined by Doreian, Batayélerligoj (2005) appear ira

singlenetwork.

In this study, the definitionf coreperiphery blockmodaelomedrom Doreian, Batagelg Ferligoj
(2005) In their definition, a corgeriphery blockmodel consists of one internally wielked
clusterof core nodeand oneclusterof peripherahodes which are not linked to each oth&here
are inks between the core and the periphery. The-perghery blockmodel is called symmetric
in this study when the links between the peripheral and codesare mutual Eigure1.3b), and
asymmetric when only the peripheraddesare linked to the core oneBigure 1.3c). Another
version of the asymmetric coperiphery blockmodel is whenly the corenodesare linked to
the peripheral onefFigure 1.3h)%. The definitionusedin this study istoday one of the most
commondefinitions of the corgeriphery mode{Nordlund, 2018)

7 Doreian, Batagelj & Ferligof2005) call the asymmetric versions of the cgeriphery blockmodel type a
fcentralized bl ockmodel 0.
8 In this dissertation, the first version of the asymmetric -panéphery blockmodel is referred toy the name

ilasymmetpreirci pchoerrey bl ockmodel 0.
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The coreperiphery structure lies in the middle of several extreme properties, e.g. clique vs. star
configurations, network assortativity vs. network disassortativity, hierarchy whie@rchy etc.
(Csermely London, Wu, & Uzzi, 2013)

A clear coreperiphery blockmodel was found among high school students, \ahelationwas

defined by onestudentasking anothestudentto borrow their study notegBatagelj, Mrvar,

Ferligoj, & Doreian, 2004)This blockmodelwas also found when studgrindividual creative
performances in the Hollywood film industiattani & Ferriani, 2008) in the analysis of
metabolic networkéDa Silva, Ma, & Zeng, 2008and in many studies of scientific-anthorships
(ChinchillaRodriguez, Ferligj, Miguel, Kronegger, & de Moy&negén, 2012; Cugmast al.,

2016; Hu & Racherla, 2008)

Hierarchical blockmodeland hierarchicatcohesive blockmodel

When ahierarchical blockmodel consists of three clusters, then a cluster of internalliylkeah
nodes exists which are all linked to the second cluster of internaljimi@u nodes and the nodes
from the second cluster are all linked to the third clusterooles which are also not internally
linked to each other.

A hierarchicalcohesive blockmodel is characterized by complete blocks on the diagonal of an
image matrix which meansthat the nodes belonging to a certailusterare interndi/ highly
linked. Also, in the case of a hierarchical blockmodel, the clusters of nodes can be hierarchically

ordered.

A hierarchical structurés often associated with companies' orgational structureOberg&
Walgenbach(2008) analysed employeecommunicationsn a given company. Even though the
company's policies encourage the principles of-menarchical functioning (including ways of
communicating among the employees), they confirmed that thgitodday communication on

the intranet indicates the existenof a hierarchwithin the organization.

Transitivity blockmodeknd transitivecohesive blockmodel

A transitivity blockmodelis similar to ahierarchical blockmodelexcept thatin the case of a
transitivity blockmoded links also exisfrom theclustes on the lowest level to alustes on the
highest levels (or vice versa). In the literature, both hierarchical and transitive global network
structuresare often called hierarchical.
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A transitive-cohesiveblockmodel is similar t@ transitivity blockmode] but with the formerone

there are links between nodes from the saluster

The definitions of the transitivitytransitivecohesive,hierachical and hierarchicatohesive
blockmodel types, used in this dissertation, consider the links from the nodes on a lower
hierarchical level to those on a higher hierarchical |a¥&ll-known are also definitions, where

the links goes from the nodes iinoa higher hierarchical position to the nodes from the lower

hierarchical level.

1.4 Mechanisms and blockmodels

The emergence of a given global network strudiseconsequence of certain (social) processes
Different processes and mechanisms can cause different global network striaiuesample,
in the context of social capitalifferent habituses form within different groups of individuthizt
restrict the influx ofnewcomers Accordingly, the boundaries between different groups are

maintainedresuling in a cohesive structuf&utter, 2013)

The coreperipherymodel can be theutcomeof many social mechanisn(s.g. cooperation, where

the defectors are pushedtto the peripherySohn, Choi, & Ahn, 209)), but it is often associated

with the existence of elites. An elite group is a small core of nodes that are all linked to each other.
Compared to the peripheral nodes, the core nodes dr@aterprestige, defined by a higher
number of incoming ties. The existence of elites/bedue tothe competitive interactions among

the nodegCsermelyet al., 2013)After studying the bank marketn't Veld et al(2016)confirmed

that for big banks, which have more trading opportunities, it appears to besommemically

beneficial to establish links to other big banks, which produces geoighery structure.

For studying hierarchical structures, Chgd4®82) and Fararo& Skvoretz(1986) proposed a
probabilisticmodel with two effects: thévictim effect (when a node attacks another node, a tie
between them is established) anddhestander effeé(the bystander tries to attack the victim and
protect himself from the attacker, where the attacker is tryingmairchte the bystander). They
report that the bystander effectrégjuiredfor a hierarchical structute be formed.

A hierarchical structurevas also found among adolescegider (1985) described the emergence

of a hierarchy among middischool girlsbased on qualitative observatiods group of girls
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achieved high levebf popularitythrough cheerleading electiofiis group was likedighly by
other girls and, therefore, they endeavour to make friendshipgheittighly popular girls. The
lesspopular girls also recognized that making friendships wighmorepopular girls can affect
their own popularity statusNotonly due tothe natwal limit on the number of friendships one can
maintain but alsato avoid losing high status bavingrelationships with lowestatus girls, the
most populagirls ignored the affiliative attemptmade bymany girls which led to the fact that
the most ppular onebecame increasingly dislike8imilarly, Dijkstra, Cillessen & Borch (2013)
confirmed (based on analyses of temporal friendship networks collected among-suluuiié
students) thapopularity increases the receipt loéstfriend nominations, but decreases upon
giving them and that highetatus adolescents strive to maintain their status by keeping-lower

status adolescents at a distance.

Later, Rubineay Lim & Neblo (2019) studied the rationship between negative ties and social
statusamong university student3.o this end they analyzed temporal network data collected
between 2008 and 2012. The key dependent variable was a negative tie between two students,
while a key explanatory vatiée was social status as operationalized by different network
statistics, obtained on networks with positive tiesil hesults showhatnegative ties are much

more likely to go from highestatus individuals to lowestatus individuals than vice versa.

After studying the evolution of new scientific disciplinesapplyingsocial network methodology
Bettencourtet al. (2009) reported that new scientific disciplines emerge throtnghinking of

small unlinked groups of researchers until one big component is formed. During further
development of a scientific discipline, the reverse procesasuisched In this process, a big
component starts to split into several smaller and less connected groups of researchers. Similarly,
the global structures of networks among preschool children in kindergartenstiramgly
determined by the popularitjechanismin early stages while, latem, the transitive closure
mechanism emergdteinhardt 1973; SchaeferLight, FabesHanish & Martin, 2010) In the
blockmodel type context, this may indicakes transition from the cotgeriphery blockmodel to

the cohesive blockmodelith one or several populafustes of individuals.
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1.5 Models that generate networks by considering localetwork mechanisms

Many statistical modelseekto explain how locahetwork mechanisms affect a certain global
network structur€Toivonenet al., 2009)In the social networkontext thesemodels usuallyaim
to explain the characteristics of a given global network stradhrough selected local network
mechanisms (or to study the impact ofeatainlocal network mechanism on a global network
structure). Most osuchmodelsattemptto recreate/simulate different network charactesstich
as specific densitydistribution of degree or value of a clustering coefficlen€ e j 200 rather

than networks with a particular global structure (blockmodel) as described in the previous sections.

Two modelsfor generaing networks with a specific expected densing"O&h) proposed by
Gilbert (1959) and "O¢h  proposed byErdRs & Rényi (1959) While these models seek to
generate random networks, they can be modifiectremte networks with a prepecified
blockmodelstructurein such a way that each block tife assumed blockmodel is generated
separately but with different parametdtBe density is controlled for each block separately)
regarding the type of block (e.g. null vs. completdiis approach is in line with mixture models
for randbm graphgDaudin Picard & Robin, 2008)

Because these models do not enable the impact of different mechanisms on the global network
structure to be studied, the main focuplesced onrmore complex models, which require some
additional assumptions. &einclude Network Evolution ModeldNEMs) (Toivonenet al., 2009)

which are used to test hypotlkeshat specific local network mechanisms lead the network towards
specificglobal structusa nd ot her hypot heses r ddeeettoen2)t o t he

For example, Kumpula et §2007)tested a hypothes@boutthe emergence of a cohesive network

structure They considered two local network mechanisms. The first e |, call ed A
attachmerd , i s s i mi atansitivity méahdnisnfingheir study, the@alueson the links
are considered), while theoOsecepdesertscal et

given node creasa link toarandomly selected node (each link is created with equal probability).
By considering these two mechanisms (anddditional one for removing and adding nodes),
theyare able t@enerate networks with a global network structinailar tothe cohesive global

network structur@ndwhich possess many global properties common to social networks
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In general, when using a NEM to generate networks one has to define the mechanismstrough
ruleson how the ties are established or dissolved, which are then used in an iterative procedure.
Unfortunately, NEM do not enable the statistical significanof some defined mechanistose
estimatedon empirical datgSnijders, Van de Bunt, et al., 2018)d only a limited number of
mechanisms can be considered at qft¢adtfeld 2018)

This limitation can beovercomeby using either Expnential Random Graph ModelERGM)

(Hunter et al., 2008; Koskinen & Snijders, 2013; Morris, Handcock, & Hunter, 20@pchastic
Actor-Oriented ModelfSAOM) (Block, Stadtfeld & Snijders 2016; Handcock et al., 2003;
Snijders, Van de Bunt, et al., 20100 both caseghe researchemustspecify one or several
terms/mechanisms/effect{which usually operationalize one or severilcal network
mechanisms) and corresponding paramétetated to the strength of these mechanismstasid

effect on the global network structure). These values aralls estimated based on empirical
networks Once the model is stated and/or estimated, random networks can be generated based on

the model

There are fundamental differences between the ERGM and SA@Mh aredescribed in more
detail insection2.2 andsection2.3. However, the biggest conceptual difference is that ERGM is
a tieorientedmodel (used to checkhe extentto which the global network structure can be
explained considering treructure of the links and/or characteristics of the nodes) while SAOM
is anactororientedmodel(used to test hypothes about processes where the nodes have control

over the changing of links).

1.6 General research questions

Based on thabovetheoretical foundations, two general research questions are stated.

RQ-1: Is it possible to generate networks with a given blockmodel typehen considering

only different types of triads?

In responseo this regarch questiorthetriad types that cannot occur in a network with a given
blockmodel without errors are defined. Based on this, Monte Carlo simulatienssed to test

whether one can generate networks with a given blockmodeitypeconsidering only different
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types of triadsThe possibilityof generaing networks with a given blockmodethenconsidering

only a subset of all possible types of trigglalso examined

Redudng the set of triadypesfor generating networks with a mentioned structure is especially
important fora researchewishingto generate such networK$e ambition ig¢o reduce the amount
of information needed to generate thewwk with a given blockmodel, which means the
researchedoes not need to perform an extensive-gmalysis. Therefore, it would be most
beneficial fora researcheif they could genera¢ networks with a selected blockmodel by

considering onlytheforbidden triad types

Other local network properties are considesenit turns out that networks with the mentioned
blockmodel structures cannot be generated by considering only different triad types. Here, the
guestion of generailg random networkwith an exactly defined global structure (without errors)

as well as the question of how to generate networks with a given blockmodel type but with a certain
amount of errors is addressed. To do this, the rekttiprbetween different types of triatsnd

other local network characteristics) and different levels of errors has to be examined.

This topic is particularly important since the ability to generate networks with certain blockmodel
types considering only micrsubstructures indicates that the global network structoeesy
considered mape a consequence of only local network mechanigrdgtaisdo not necessarily

depend on the characteristics of the nodes.

RQ-2: Which mechanisms (or combination of several mechanisms) affect the change in

blockmodel type?

The second research questientails a study ofthe mechanisms which affect the chang
blockmodel type. The relationship between local network mechanisms and global network
structurehas been extensively studied based on either empirical netragktensive ageriased
simulaton modelgBianchi & Squazzoni, 2015; Stadtfeld, 2018gt, no attention waslacedon

the link between local network mechanisms and specific lobal network structures, namely
blockmodels. This will be addressedhile investigatinghis research questiofsiven that there
aremany blockmodel types and many local network mechanisms, sbarod will be narrowed
downto a set of selected blockmodel types and selected local network mechaimesait is

believed the selection of local network mechanisms and blockmodel types dsfpendlyon the
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social contexbeingstudied For each social contefg.g., friendships in kindergarten thie flow
of knowledgewithin a companykonsideredthe initial and final blockmodetsgether withocal

network mechanisms will be selected based on previadses.

1.7 Structure of the dissertation

This dissertation is organized in several chapters. The common research methodology is described
in Chapter2, while some methodological specifics angtlinedin the following chapters which

address the stated research questions.

Chapter3 addressesBrst research question on generating networks with different blockmodels by
considering only different triad types. The nexo chaptergliscuss the context of the interactions
among preschool childre(Chapter4 and Chapteb). Here, an examination unfolds athe
relationship between the most connmimcal network mechanisms and the newly proposed
(symmetric and asymmetric) blockmodgpe, wherethe symmetric versioms studiedin the
interactional preschool networks. The relationship between the most common local network

mechanisms and thBockmodelss describedn Chapter6.

The emergence of hierarchical blockmodalshe knowledgdlow contextis studied in Chapter
7. A global network structure very close to the hierarchical blockmodel was found in knowledge

flow networks collected ima mediumsized knowledgebased company in Slemnia.

The research resultbat areobtainedare synthesized and critically evaluatedhr Discussion
chapter (Chaptes).
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2 Researchmethodology

Different methodologies are appligmirespond to the stated research questions

In Chapter3, networks with a given blockmodel typei{wout errors or with a certain level of
errors) are compared to random networks, according to the number of chosen local structures (e.g.
different triad types). To this end, networks with a given blockmiygielare generated by using

the mixture modeldr randongraphs while the random networks are generated usingythés

models. Considering the local network characteristics ofotitainednetworks, the NEM is
defined and used to generate random netwdskscobnsidering the number of selected local
network statisticswith a given blockmodel structure.

In the latter chapters, different NEEMre used to generate networks. Commothémnall is that
they considerthe defined network statisticsvhich operationalize the selected local network
mechanisms. In Chapté; asymmetric networks amescribedwhile in Chapter5 symmetric

networks are analysed. Growing asymmetric networkprasentedn Chapte6.

Many different blockmodels and local network mechanisms eklsy depend on the study
context Therefore, the analysed blockmodelsdalocal network statistics are selected by
considering thechosensocial context When the context is taken into account, relevant local
network mechanisms can be selected and operationakpedding te.g. the literature reviear
intuition. For example, in Chaptdrand Chapteb the preschool environment is considenghile

in Chapter6 the context of advicgiving in a nediumsized company is examinedRealworld
networksare analysed by using ERGM or SAOM in order &ng deeper insight into possible
local network mechanism#/herethe data were already analyseddblyerresearchers, the results

aresimply summarized and applied to this study.

The described models for generating random netwwitksa given blockmodel type are used in
Monte Carlo simulationsThe global network structures of the gexted networks are evaluated

by using the number of inconsistent bloeksl the proposed Mean Improvement Veane the
Relative Fit valugasdescribed in mordetail in the sectionthat follow. Here, the main interest

is typically givento whether the desired blockmodels can be generated by considering selected

local network structures (e.g. triad types) or selected local network mechanisms (e.g. popularity).
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In the following sections, different models for generating networks are presented. Then, different
approachgto blockmodeling are described, folled byseveral approaches evaluating global
network structures in the blockmodmntext Some of theeappoaches are newly proposed and
their main characteristics attgereforellustrated by simulation studies.

2.1 ErdRs-Rényi models Network Evolution Modelsand Nodal Attribute Models

One model which generataetworks with a specific densitpamely,a network with exactlg
nodeswhere each link is created with equal probabifityndependently of the other links) is
"0t that wasproposed by Gilber{1959) Similarly, Erds & Rényi (1959) proposed the
"0t modelwhich assumes exactlynodesandd links, where each link is equally likely. In
the case of amallernumber of linksnodedcalled isolateswithout any link can appeawith the
number of nodes approaching infinity, tblearacteristice®f networks generateby the "0 M

model approach the characteristics of networks generptha D&  model, wheré .

The"O¢h) and"O&éhd models can be used to generate networks with an exact density or with
an expecte density but without a prespecified blockmodestructure. Yet, the models can be
modified in such a way that each block of the assumed blockmodel is generated separately using
the mentioned modelbut with different parametefghe density is controlled for each block
separately) regarding the type of block (e.g. autlomplete)which is in line with mixture models

for random graphgDaudin Picard, & Robin 2008) Even though these models can be used to
generate networks with a given blockmodel type, tteayot be used to directly studie impact

of different mechanisms on the global network structaoethis aim, Network Evolution Models

(NEM) or Nodal Attribute Model¢$NAM) are available

Toivonen et al(2009)defined three core characteristics of NEMs: (i) each generated network is
produced by an iterative procedure where the initial netvgaukually a networkvithout any link

(an empty networkor a small seed network; (ii) the links in the network are changing throughout

the iterative procedure based on exactly specified stochasti¢médelanisms) which includbe

selection of a subset of nodes and the links (or-limis) between them. Based on these
mechanisms, both the nodes and links can be removed or added. In a certain case, the mechanisms

can also include the nodes' characteristics; and (iii) NEMs cafurtieer classified in two
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subgroups, based on the stopping criterion of the iterative praceagrowing NEM (the iterative
procedure stops when the network reaches a certain size) and a dynamic NEM (the iterative

procedure stps when selected network statistcsiverge).

Within NEMs, the inductive class of grapfiG) mustalso be mentione@Curry, 1963) It
includes the class of initial graphsand the class of rules (mechanismsyvhich can be further
divided into the left element on which the rule is implied and this produces the right element.
Ke j gNakoloskiand Batagel{2008)extended the ICG by defining the probability space. They
introduced the probability inductive class of gragPkCG) which includes (besidésand‘l) the
probability distribution related to the selection oé thitial graphi , the probability distribution
related to the selection of the rules franand the probability distribution for the selection of the

left element for each class of ruf@s

One of the main differences between NEMs and NAMs isviitat NEMs a given link between

two nodes depends on the configuration of [
attributed while, with NAMs, the probability of a link is onlydeterminedoy the attributes of the

nodes. Foexample, it is often the case that links are established between more similar nodes (this

is the secalled homophilyeffect(McPhersonSmithLovin, & Cook, 2001). Forinstanceastudy

relying on observational networ#ata collected among preschool children shows the children

spert more time with thosevho hadsimilar levels of preschool competen®@elLay et al., 2016)

The results are significant even when controlling for covariates siggxaage, language, family

financial strain, parent educaticend receptive vocabularywhich are often considered as
covariates related to the homophily mechanism.

2.2 Exponential Random Graph Models(ERGM)

Toivonenet al. (2009) classified ERGM as a separate category in their social network models.
ERGMs are da family of statistical model s fc
prominent patterns in the data, given the presence@fer n et wo (Ribins 2OAlyppt ur e s ¢
484 485). They are used to check to what extent the global network structure can be explained,
considering the structure of links and/or characteristics of the nodes. Compared $oENREBMs

do not consider theeyolution) process, although the MCMC algorith{gsesection 1.4.3) can be

used to model the evolution of social netwai&sijders, 2001)
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The above definition of ERGM is mostly summarized by Hunter.¢R@D8) Let us assume a
given random networfo (the concrete realization of a random network is denoted,lmpnsising

of O nodes. In such a network, the link between@eand@h nodess represented by a random
variable® . The set of all possible networks is denoted-hyl'herefore, the distribution @ can
be written as

oo o AoBOe
R > ® &

where—is a vector of coefficients afi@w is a vector of statistics, estimated based on the matrix
« I A~ is a normalizing constanthich ensures that the sum of probabilities equals 1. The
estimation is computationally vergtensive, especially when networks with a higher number of
nodes are involved. In the context of generating random networks based on thalmeddhe

change statistic@Vasserma: Pattison 1996)mustbe mentioned. It is defined as
1 o Qw Qw &

where'Qw is the vector of statistics obtained on the network with the link betweé@thrend

&h nodeand'Qw s the vector of statistics obtained on the network without a link between the
"@h and’@h node. It can be shown that probability, & pgd & (where® represents

the rest of the network other than the single variabledepends ono only through «
which holds practical implications when generating random netwsink® it is often easier to

computé¢ w than'Qw andQw separately.

There are several typesifrkov Chain Monte Carl@MCMC) algorithms for generating random
networks. Generally, the start is represented by an empty netwoek, based on the uniform
distribution one of the links or neimks is chosen. According to the model, the probability of
edablishing or dissolving link is calculated and then, based on this probability, the chosen link
or nontlink is established or dissolved. The process is iterakwe each iteration, the change in
the values of the estimatedasstics before and after the change in the link betwesmd Qs
estimated’ in other words, for each iteratipn w is calculated. The iterative process stops
when the approximaonvergencéo is reache@Hunter et al., 2008)Vhen the

Metropolis algorithms used, the network with a changed link is accepted with the probability
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More general is the Metropoildastings algorithm(Hastings 1970; Metropolis Rosenbluth,
Rosenbluth, Teller, & Telled953)whi ch i s curr ent &y gpackqgdofdhme nt e d
R computer languagéHunter, Goodreau, & Handcock, 2013However, in the case of the
MetropolisHastings algorithmthe w is chosen based on an auxiliary distribution which
depends o & W represents the probability in tMetropolisHastings algorithnthat

w becomes a new proposed netkon the condition that current netwaikis given.Therefore,

the proposed network is accepted with the probability

A "QE ﬁ' ©_© ' &
o € 7 ~ p ¥ ,
P U W W S

When using the Metropolis or Metropoliastings algorithms (or Gibbs samplnthe Il —h-
disappears from the ERGM likelihood rafiequation 2.1and the ratio is simplifietb

QoniQw Qw §:)

Different methods can be usedl éstimate thgparametersA well-known one is the maximum
pseudo likelihood estimatofMPLE) for which the estimates can be biased in some cases
(CoranderDahmstrom, & Dahmstrom, 1998yhicharises fronthe assumption of independence
between theodes The latter can also result in higher values of standard €kfarsDuijn, Gile,

& Handcock, 2009)Desmaraig Cranmern2012)proposed an efficient approach (basechon

parametric bootstrapping) to compute the confidence insimaMPLE estimates.

The parametersd6 estimates are | ess biased and
maximum likelihood estimatatMCMC-MLE) is used. The estimates are obtained using Monte

Carlo simulationswhich can be computationally very intensive, especially when the analysed
network consig of a higher number of nodes. However, with the number of ntbaelsIPLE

estimates approacheMCMC-MLE estimategHyvarinen 2007; Strauss & lkeda, 199@esides

the limitation on networks with smallernumber of nodes, the main issugh ERMG is that the
distribution of sufficient statistics can be multimo@ahijders 2002) particularlywhen statistics

related to transitivity are included in the mo@nassonl999) So-called degenerativitgmerges
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when the empirical data do not fit the estimated model (e.g. due to inadequate selection of the
terms or explanatory variables). In such cases, the generated networks based on the model do not
fit the empirical network on averadthe distribution of estimated parameters is not appropriate).
Usually, such generated networks are either completely empty or completéafudicock et al.,

2003)

Model degenerativitycan be avoided with a wellefined reseah question andhus the
appropriate selection of explanatory variables or terms as theyalédin the ERGMcontext

Use of he termss typically based on the theory and the con{@&aodreau, 2007; Morris et al.,
2008) Different terms can be added and remdvatthe end, themodel that best fithe empirical

data is chosen. Another technique for choosing the terms is by considering different forms of
dependenciesetween th@odeqFrark & Strauss, 1986Wwhich can be ordered in a partly ordered
dependence hierarchipr ERGM (Block et al., 2016) Block, Stadtfeld& Snijders (2016)
summarized the followinghost frequently used terms in practi@@:when the independencef

ties (all links are established with a certain probabilitisich does not depend on other links) is
assumed, only the term "edge" (a term for the density) should be included in the ERGM model;
(i) when dyadic independendthe link ‘(® "Qdepends only off® “Cand is independent of all
other links in the network) is assumed, only the term for the deamsdythe term for mutuality

must be included in the ERGM modelna (iii) Frank and Strausgl986) proposed Markov
dependencéwo links are conditionally independent of all other links in the network unless they
haveat least one noden commor). When a Markov dependence is assumed, terms related to
transitive triadsand instas and outstas mustbe considered in ERGM; (iv) in the case of social
circuit dependencghe links betweeitand’Q'Qandaare conditionally independeat other links

in the networks if there are linkxistbetween node$andCand alsdetweeriQandd) proposed

by Pattisor& Robins(2002)the terms oftype 4cycle and the term®lated to different types of

a geometricallyweighted edgewise shared parsmustbe included in the ERGM model.

Nevertheless, when studying empirical networks, the term isdgenost always included in the
model since it contrelthe density (when only the term edge is included in the model the networks
are generatetly the "O¢) model). The density igenerallytreated as a random variable in
ERGM models, which is monealistic in the case of modelling social networks compared to a

assumedixed density(althoughit is also possible to construct models with a fixed depstgce
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the density is seen as a product of sodiatessesnd itthereforecannot be known in advance
(Hunteret al., 2008)

2.3 Stochastic ActorOriented Models (SAOM)

SAOM (Block et al., 2016; Snijder2001)are similar to ERGM yet different in some important
details. First, ishouldbe emphasized that ERGModelsare tieoriented while SAOMonesare
actororiented. Both modeltypes come from the tradition of generalized linear madels the
linear predictor is defined for the whole netwasith ERGM while with SAOM the linear

predictor is defined based on the nodes
"Qf b i w c8p

wherei  w are chosen effects withe correspondingalues of coefficients for the"ch node.

The above equation is usually named an objective funatidgivesthe foundation for calculating

the probability of changing tHimk of nodeQThe probability of changing a tie is calculated before
the chosemode(called ego) haan opportunity to change a tie. An ego can be chosen at random

or based oiits characteristics.

Using ERGM or SAOM, hypothes can be testedbout the presence of different local network
mechanisms (e.g. reciprocity, transitivity, homophily), considetiveglocal network structures
and/or characteristics of the notfesiowever, SAOMs more appropriate for testing a hypothesis
about processes whetiee nodes have control over the changing of links. As an example, the
network of friendships can be giverhe friendshipprocess is usually operationalizegachange

of the 021Ctriad type tothe 030T triadtype, i.e. if node'Qs a friend of nodéand nodeds a
friend of nod€eQ then there is a higher probability that né@eill become a friend of nod@ In

contrast to the friendship network, the example of a network of flight conneatamse

°Inthi s di ssertation, the terms finodeo and fAactoro and
101n ERGM, hypotheses about the number of different small network patterns (called configurations) are considered
(Robins, 2011pnd thusthe local networli me ¢ h a n i s ms aset Ofdude$ forcreating Bnks) are not directly
addressedince thats more the case of SAOM. However, Robins ef24109)provide some theoretical interpretations

of different parameteris the context of ifferent sociological concepts (e.g. path closure, tendenciesstoactural

hole to close, closure in the form of nransitive cycles etc.).
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consideredHere, two airports are linked if an air service between tisgonovided This means
airports danot have a direct impact on the establishing and dissolving of the links (this example is
described irgreaterdetail in Block, Statfel& Snijders(2016)with the explanation that there is

an organization which manages the flight connections, but its rule is different to the rule of a node
in an, e.g., friendship network). In the case of the first exangplen the use of SAOMs

appropriate whildor the second one ERGM models shouldused

Using SAOM, networks observed at a minimum of two paimtsme can be analysedd ¢),
where time is treated continuously. This assumption is usually satsfledocial networks when
data are collecteoly a sureyoverseveral waves. Although several generalizations of ERGM have
been proposédto enable temporal networks to be analysed, ER@GMsainthe most often used

for studying empirical networks observed at one time paMhben studying networks with
different blockmodel types, this memoomparing the given networkith ablockmodel structure
with a random networ&ccording teselectedypes of locahetworkmechanisms (or localetwork

structures).

Another importanassumption of SAOM is that only one link can be changed at ailmé Can

be established, dissolved or remain unchangkds therefore impossible for two nodes to
establish a mutual tie at once (in the case of ER&Mutual tie can be establishada single

step). Instead, one node magstestablish a tie to another one, and then another node can establish
the tie to the first node, resugy in a mutual relationship. The nodes control the outgoing ties
which means the ties are established hg$edn the characteristics ofdke nodes which have an
opportunity to change a linkii) the characteristics of other nodes afidally (iii) on how other

links in the networlare configuredThe final (empirical or generated) network is thitcomeof

a Markov processmplying that the networt s s t is aisodialuconeexwhich influences how
that networkods structure changes.

Given an empirical networlseveral methodsr estimatingparameters can be used in adiased
models such as (generalized) Method of Momef(®nijders 2001) Maximum Likelihood

(Snijders, Koskinen & Schweinberger2010)or a Bayesian estimatiofKoskinen& Snijders,

11 Many variations of ERGM for temporal networks have been proposed, e.g. separable temporafkeRiB&idy
& Handcock, 2014and temporal ERGNMDesmarais & Cranmer, 2012; Hanneke, Fu, & Xing, 2010)
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2007) Thesemethods prducesimilar resultswith bigger data set&Snijders, 2011)When the

selected local network mechanisms are highly correlated, the standard errors of the estimated
parameters are high and \arykighlefsom ioma adtimalion poar a me |
another on the same empirical data. This lsa avoided by removing or adding some effects (or
nodeattribute$ when analyzing empirical network data. Howevtes not desirable to remove or

add effectavhen the set of local network mechanisms isgqefned.

Whereasn SAOM, ERGM and NEM, theestimatedvalues of thegparameters are not directly
comparableseveral approachese proposedo determinethe relative importance of the local
network mechanisms (or terfeffects). One simple approachtesconsider the odds ratiasf
choosing between two alternativegjarding theehange of an outgoiniink by node@Snijders,
Van de Buntet al., 201Q)This may be accomplishdoased on the raw SAOM coefficients and
may givean initial insight into the strength ah individual local network mechanism. Another
possibility is to use the measure of explained variation proposed by Sr(if$¥4) which
primaiily considers the effect of addiegtralocal network mechanisms toettmodel rather than
guantifyingtherelative importance of all mechanismalseady includeqwherethe change in the
proportion of the variancexplaineds interpreted). The author saysthat ur t her experi e
this measure will have to be collectedabtain better insights into what may be considered low
and hi g Moreowel theepach is very computationally demandingemtenotuseful

in many realnetwork analyss (Indlekofer& Brandes 2013)

Indlekofer & Brandes(2013) proposed an approach to calculate how strongly the probabilities
(with which node"Gmay change one of the outgoiligks in a mini step) depend on each local
network mechanisreffecf) that is includedThismaybe used to compare the relative importance

of the local network mechanisms within a model, among different models and on different data
sets. Since the proposed measures are calculated on an individyahleyelre averaged over
nodesas | mpl e me ndieranl p a o(Ripagest afi RO19)for the R programming

language.

With NEM, the degree of comparability of the strength of different local network mechanisms
varies according ttheir mathematical definition and the level of dependdiate/een them. In
this study (see the sections on generating networkach chapter for more details), a partial level

of comparability is achieved by normalizing the network statistwsch corresponds to the local
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network mechanisms. They are usually normalized in such a way that they liaée oa the
interval between 0 and But none of these guarantee the absolute comparability of the strengths

of the local network mechanisms.

2.4 Blockmodeling

Blockmodeling is a proceduffer deriving a blockmodefrom a given empirical networli T h e
goal of blockmodeling is to reduce a large, potentially incoherent network to a smaller
comprehensi bl e structur e t(Batageljetala 200dhe 456)nt er pr e

Figure 2.1: Example of an empirical network and its blockmodelingsolution

com | null

null | com

(a) empirical netwark (b} blockmodeling solution (c) image matrix of the blockmadel
of the empirical netwark

A demonstration of blockmodelirgpnsideringstructural equivalends given inFigure2.1. The
original network igpresentedn matrix formin Figure2.1a. Here, each row and column represent
a unit. Graycoloured cells inthematrix represesta link from the’eth node(row) to the’@h node
(column). Cells on the diagonal represent loops (a gneteis linked to itself). Thenodesare
permuted (se€igure2.1b) such that those with the sarpattern of linkgo the othemnodesare

placed together and form a clusfgroup. Two clustes are shown ifrigure2.1b.

In the blockmodeling context, the equivalembdes are &hunkend into new nodes. The
blockmodelthat is obtaineds visualized inFigure2.1c. The obtained blockmodkhstwo nodes
(shrunkclustes). Here, two types of blocks appeaomplete and null. Complete blocks are on the
diagonal of the matrix because thedesfrom bothclustes are internally linked to each other.
Off-diagonal blocks refer to the relationships between diffeckrstes. Since thenodesfrom

differentclustes are not linked to each other, the-diigonal blocks are null blocks.

The example represents ideal casemeaning that there are all possible links in complete blocks

and there is no link in the null blockdowever, this is unrealistic fdhe empirical networks. In
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suchnetworks, there are usually some Aimks in complete blocks and some links in null blocks

(seeFigure2.2). Such links are called erroos inconsistencies

Figure 2.2: An example of blockmodeling solution with two inconsistencies

1y

Several blockmodelingpproaches havemergedto establish the best blockmodgkucture.
Batagelj et al(1992)classified the blockmodeling approaches into the elfandirector direct
blockmodeling Both approachesre implemented ithecomputer program PajéBatagelj et al.,
2004; De NooyMrvar, & Batagelj, 2018and inthe package (fothe R programming language)
c a | bleckimodeling( Gi b, 2018) a

In this dissertation, the terms ggpecified blockmodeling and napecified blockmodeling are
also used. In the case of mpecified blockmodeling, the whole image matrix is specified while
with non-specified blockmodeling only the number of clusterd #re allowed block types are
specified and not also the relationships between the clusters.

2.4.1 Indirect blockmodeling

The indirect approach is based on two si{@eian et al., 2005)n stepong thedissimilarity
matrixis calculated by considering the dissimilarity measubéch is consistent with the selected
type of equivalencelhen considering this dissimilarity matrix, tmmdesare clustered by using

one of the alstering approaches, e.g. Wardgglomerative methofivVard, 1963) The indirect
blockmodeling approach is not computationally very intensive and can be applied to networks with
a higher number afodes. The deficiency of this approach is that it does not allow the blockmodel

structure to be prepecified(therefore, the approach is seen as exploratory).

There are two weléstablished types of equivalence (Doresaal., 2005)Faust, 1988)structural
(Lorrain & White, 1971)and regulafWhite & Reitz, 1983) Structural equivalenceras formally
defined by Lorrain & Whit€1971, p. 63pas follows:

Objectsy wof categond are structurally equivalent if, for any morphis$mand any objeabof
0,® 0 gandw 0 @ and only ifw O wn other wordsgis structurally equiglent towif wrelates
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to every objectoof 6 in exactly the same way asdoes. From the point of view of the logic of
the structuregdandware absolutely equivalent, they are substitutable.

The lack of this definitiomeanghat thatin a network without loops, the connected nodes cannot
occupy the same positiohhereforeanalternative formulation of structural equivalence proposed
by Everettet al.is more appropriat€l 990, p. 164)

Suppos€Ois a labelled graph with vertex setand edge sed. Then two verticesfo N o are
structurally equivalent if and only if the permutati@bw produces an automorphism Gle

On the other hand, the original definition efjular equivalenceras proided by White & Reitz
(1983, p. 200)
If 'O oY andk is an equivalence relation osthenk is a regular equivalence if and only if

for all cfohid ¥ 6y, Gk Gimplies: () & 'Y dnplies there existQN ¢ such thatd Y @ndQk @
(ii.) 'Y emplies there exist&N wsuch thalQ 'Y endQk w

To summarize, structurally equivaladscribesiodeslinked to other pagtof the network in the

same way while regular equivaletéscribesnodeswhich are linked in the same way with the
clustes of equivalennodes Each structural equivalence is also regular equivalence. Structural
equivalence is probably one of the most often usedstypequivalencd Gn i d2012yvhile

regular equivalenceasnever achieved widespread use in pradticei b e r nnmaainlyb2caukes )

it is rarely present in empirical daf@oyd & Jonas 2001)and is very sensitive to small changes
inthenetwor Gdhar gi | , 2012; Glomncerrsdravg al$o been voieglgarding2 0 1 2 )
regular equivalenées a p p ltoisacial bhedrfBayd; 2002)

In order to applyindirect blockmodelingoy consideringstructural equivalencehe corrected
Euclidian distancean be used as a measure ofdissimilarityamong thenodes It is defined as
(Batagelj Ferligoj et al., 1992)

N |

QifEE 8 1 i P i i &

wherei is the network intheform of an adjacency matrixvhile "Cand Qenotenodesfor which
thedissimilarity is calculatedParameter) takes the values 1 or 2 (the valye mwould meas

that the correction is not considered).
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For regular equivalencéhe REGE algorithriWhite, 1985)maybe used to compute the similarity
matrix and the REGDI algorithnfwWhite, 1985) to compute the dissimilarity matrixFor
categorical data, the CATREGE algorithwas propose(Borgatti& Everett 1993) One can also
find other versions of these algorithtnsGi ber n a, 2008)

The selected type of equivalence imposes the possible block typesetwork. It was sbwn
(Batagelj, Doreian, & Ferligoj, 1992; Batagelj, Ferligoj, et al., 1992; Doreian et al., 2G5
the case of structural equivalenoaly completeand null blocks exist while with regular
equivalencehe regularand empty blockare possible. When indirect blockmodeliisguseda
researchemustselect the equivalence type and the number of clusters Tmdylatter usually
entails consideringa dendrogramobtainedby using am agglomerative hierarchical clustering

procedure.

2.4.2 Direct blockmodeling

With generalized bloakodeling theblockmodel isobtaireddirectly from the network datal his
meansa researchetoes noneedto calculate the dissimilarity mattiXo obtain a blockmodel, a
local optimization procedures generallyused.

Batagelj et al(Batagelj, Ferligoj, et al., 1992)btained the solution by optimizing a criterion
functionwith a relocation algorithmThe criterion functiorfBatagelj, 1997; Batagelj, Ferligoj, &
Doreian, 1998; Doreian, Batagelj, & Ferligoj, 1994flects the difference between the ideal
blockmodel and the empirical (current) solutiothe genealized blockmodelingconsiders
different types of equivalen@ecording talifferent types of blocks.

Whenimplemening direct blockmodeling n A bl oc K 3d & e Ir inandasonP4ajek )
(De Nooy et al., 2018}heiterative relocation algorithrworksin such a way that it relocates one

node from one cluster to another cluster or interchatvge nodes from twdlifferentclusters.

In general, compared to indirect blockmodelidgect blockmodelingproduces a solution with a
lower or equal criterion functiovalue.With respect talirect blockmodelingthe risk ofobtaining

alocal optimumexists and therefore the algorithm must be repeated several times in the hope of
obtaining the global optimunits computational complexity is high when a larger numbewoaofes

is analysed.
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With direct blockmodeling, the allowed types of blocks (and number of clusters) or the whole
image matrixmustbe prespecified (equivalence is defined thye set of allowed block types). The

first scenarida researcher specifies the selected block typesually seen as partly confirmatory
approach while the second scendaaesearcher specifies the whole image maisigeen as.

confirmatory approactDoreian et al., 2005)

The blockmodelingapprach on empirical network®ften revealghe approach is problematic

when relatively sparse binary netwodegbeinganalysed. Specifically, when regular equivalence

is used, allnodesare often classif@ in the same equivalengroup In contrast structural
equivalencdinds only very small complete blocks Gi ber na,T h2e0 13 )o20&3) Gi be
proposed several approaches to tackle this problem. The fissusedensityblocks (Batagel;,

1997) which have zero inconsistencies if the density of the block is eqoiar above’ (the

parameter of the density block type) and equal to the number of missing ties to achieve this density
otherwise. TIs approachh drawbackis that there is no incentive for these density blocks to have
densities above the selected threshold. The sepossible approach is temploy structural
equivalence with different weights a¢20l3gned t
reports, the advantage of this approach is that the incentive remains for complete blocks to be as
dense as possibl&he third proposed approach is to use sum of squares (homogdngeity)
structural equivalence. The advantage of this approach is that it differentiates complete blocks of
different densitiesvhensearching for complete blocks with similarly dense rows ahahans.

When theweightsare assigned to the linkgalued network binarizationis usuallydone Since

the binarization ofnetworks can caugbelossofac onsi der abl e amount of i
(2007)suggestedwo approaches analysing valued networke/herdoy the loss of information

is minimized. One approach iBe generalization of ideal blocks for binary blockmodeling to

valued networks. The theeconditions are stateéd describehe most common block types: (1) a
certainlink valuemust be at least (2) a certairlink value must be ©and (3) théQover each

row (or column) must be at leash, where "Qis a function with the property

Qo | Add and ®is a valued vectorParameterd representsthe minimal value that
characterizes thienk between twanodes(for complete blocks) in such a way that this tie satisfies

the condition of the block. The value@fcan be determined either by previous knowledge about

the nature of the links and/or based on the distribution dirtkealues
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Several approachés blockmodeling signed networksvealsobeenproposedDoreian, 2008;
Doreian & Mrvar, 2009; Wang et.a2016; Brusco & Doreian, 20),%ut are not discussed in this

dissertation because the research is limited tesmpmed networks.

2.4.3 Stochastics blockmodeling

Compared tahe approaches to blockmodelingeviously describedstochastic blockmodeling
(Anderson Wasserman& Faust 1992; HollangdLaskey & Leinhardt 1983; Snijders &lowicki,
1997)relies on estimating the statistical model from which the data were gendfasadple

binary networks without loopasre consideredhe stochastic blockmodel is defined as

~
g \ 5

0 69) Ng P N& cayp

whereo is the adjacency matriXy 1 refers to the probabilities @flink existing between
any two nodes belonging tdustesi andi , andis a vector of entrie® ¥ pf8 [ specifying

theclustermembership of nod€lPeixotq in pres$.

The factthat astatistical model can be estimated based on empiricabdagsmany very useful
features when analysirgmpirical data. For example, different hypotsesegarding the global
network structure (e.g., the number of clusters or the general fit) can be(Risted & Sarkar,
2016; Lei, 2016; Peixoto, 20153incethe probabilityof the existing and noeaxisting links can
be calculated, the model obtained from the data can be used to predict mmssspurious links
(Clauset Moore & Newman 2008; Guimera& SalesPardo, 2009; Peixoti pres$.

Different algorithmsnaybe used to estimate the stochastic blockmodel parameters and cluster the
nodesof the network. One is the variational Bayes EM algorithatouche Birmelé, & Ambroise,

2012; B. Yang, Liu, Li, & Zhao, 2017)There are versions of the stochastic blockmodeting
whichthenodescan belong to severalustes (Airoldi, Blei, Fienberg, & Xing, 2008)

2.5 Evaluating the errors (inconsistencie¥in the blockmodel

This sectionpresents(i) the approach to quantify the empirical netwrk withithie obtained
blockmode] (i) the approach to quantify the difference between two blockmpdgié)sand

introduces the terrilevel of errorg, which is closely related to generating (partially) randomized
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networksbecause it is defined based on the number of links to be randelodgted in a network

with an ideal blockmodel in order to achieve a randomized network

2.5.1 Number of inconsistent blocks

The number of inconsistent block§ Gni dar ¢gi | is wsédto avhluate hoiv@nlick jwo
blockmodels differ in termof the number of different blocks. The definition of the number of
inconsistent blocks is based on the image matfixhe first blockmodele.g. obtainedrom
empirical data and the image matrixf the second blockmodel (e.the ideal or desired
blockmodel). Both blockmodelsnust have the same number efustes. The number of
inconsistent blocks is then defined as the numbeiffgrent block types by cells the image

matrices

Whenthe relationships between clusters are spécifiedin the blockmodeling procedure (e.g.
nonspecified generalized blockmodelingr direct bockmodeling and the blockmodels are
represented in the form of image medg onemustconsider the order of the rows and columns.
More precisly, one has to ordegherows and columns ainimage matrixn such a way that the
difference between the number of inconsistent blocks is minimi¥#ld.some blockmoddlypes,
ordering by considering the corresponding dersty be sufficient, while in other cases oeeds

to calculaé the number of inconsistent blocks for all possible permutations of rows and columns
of one of the image matrices. In the latter case, the number of inconsistent blocks is the minimal
difference. Reordering is not necessary in saiteations for example when one of the

blockmodels to compare is cohesive.

2.5.2 Relative fit and mean improvement value

Relative fit (RF) and mean improvement val§MlV) are used to evaluate the exteof

inconsistencies i blockmodel. They are proposed since the values of the criterion futiction

12The concept of inconsistent bl o(2ORDYwhile atedyinyg the mpaotofs | vy u s ¢
nonresponse on the stability of a blockmodel. Thejcelated the proportion of incorrect blocks to evaluate the
similarity of two blockmodels. The term Aincorrecto in
study.

13 Usually, the one defined dise total number of inconsistencies withprespecified blockmodel is used (Batagelj,
1997; Doreian, Batagelj, & Ferligoj, 1994).
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obtainedn different blockmodel typg@ncludingadifferent number of clustergye not gaerally
comparablde.g. increasing the number of clusters lowers the valtreeafiterion functionin the
case of structural equivalenc€ompared to the number of inconsistent blp&is and MIVare
more detailed measw®f a given blockmodél s tof thetempirical data and their ukelds
greatest validitywhen the presence of a given blockmodel type is confirmed bspecified

blockmodeling (i.e. the number of inconsistent blocks is 0).

Simulationsconfirm thata higher number of iterations is needed to estimate the maximum value
of a criterion functior(in the case of a random netwarkder the assumed blockmodel) than for
the expected value of a criterion function. Therefogkgtive fit(RF)is defined as

v
.%B 0

whereQis the number of randomized networks, is the value ofhe criterion function of the

YO p ()

network of interest (e.g. empirical) afd is the value ofhecriterion function of thé&cth random
network. The mean criterion functisaluein the case of random networks (which-B 0 )

is estimated by simations since it depends on many factors (e.g. the algoritifah is
implemented or generali zed bl ockmodeling, the densi

calculated (alsgseesubsectior2.5.5.

Mean improvement valu@MlIV), on the other hand, is defined as

C-z| C1

i‘)"chp%

P
where tha) s the value ofhecriterion functionobtained orthe ‘@h empirical network and
is the value ofhecriterion function obtained atie 'Gth randomized empirical netwo(there are

"Qempirical network and for each empirical network, one randomized network is generated).

RF and MIV are comparable among different blockmoggswith different numbers of clusters
yet onemust be awarthat RFand MIV values obtained on blockmodels watHifferent number
of clustersare not independent. Typically, the values of the indices ineedaagwith the number

of clusters. When the whole image matrix is specified in generalized blockmodeling, the valu
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start decreasing after a certain number of clusters is reached. The arglegsial to 1 if the
empirical network perfectly fitthe assumed blockmod&legative values indicatelower fit than

would be expected in the case of random networks.

The exyected value of RF is the same as the expected Wl\e (on the assumption that all
networks of interest are generated from the same model). In this semsayB&seen agspecial
case of MIV. Thebiggestpractical difference between RF and MIV isttRE can be calculated
for only one network of interest, whil® ensure aeasonable interpretation of MIV several

observed networks are needed.

When the global network structure afnetwork generated from the same mo@eb. when
networks are generataising the NEM model) can be obtained several times, MIVitzambe
reported. Asnentionedthe equivalent to this would be reporting the mé&drvalue. Inthatcase,
the number of randomized networks could be equal (WRerp or higher (whenQ p) as in
the case of MIV. A higher number of randomized netwalisreasgvariability of the measure.
This means that when the mean RF mea®uused an®) p, the variability of RF is lowethan
the variability of MIV.

The proposed relative values of the criterion functiounld also be referred to as a relative criterion
function However, since criterion functions are generally defs@that lower values indicata
better fit(while lowerRF and MIV values indicataworse fit) different names are used to avoid

any misunderstanding.

2.5.3 The level of errors

The level of errors (LEjepresentshe shareof links thathave to be randomly relocated from
complete to null blockéin a blockmodelvithout errors}o obtain the same (expected) denagity

all blocks. More precisely, LE can definedby generating totally randomred networkdased on

an ideal network'Qlinks in complete blockare randomly chosen and replaced bytinks. At

the same timéMnontlinks in null blocks are randomly chosen and replaced with |iftke.number

of links is relocated in such a way that the overall density in complete blocks and overall density
in null blocks are equal. The number of ated linksQis calculated as

o a
Q a s ‘
£ &

P p
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whered is the number of links aridis the number afiodesn a selected blockmodsipe Instead

of totally randomised networks, blockmodels with a certain level of errors can be analysed. In such
case, when a network with a given blockmodel struaturstbe generated with a certain level of
errors, the number of relocated links is calcdads

T~ o
Q «a - :
¢ ¢

200 P ¢

where LE can take a value on the intervéip (0 stands for an ideal network and 1 for a random
network).Figure2.3 visualizes the cohesive blockmodegith different levels of errorsThe level
of errors increases linearly #® links are moved from complete bloctas null blocks until the
densities of both block types are the same (the level of errors then equals ibhpossible to

distinguish between blocks such a network

Figure 2.3: Cohesive blockmodel with different levels of errorgblue lines separate groups
defined based on the ideal network)
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2.5.4 Simulation study

The characteristics of the proposed indices are studied in this section by using Mdote C
simulations The main questions ar@) whether one can differentiate between different types of
blockmodels based on RF (if the true numbeclaétes is known or not)(ii) whetheronecan
determine the true number of clusters (if the true blockmodel is known ¢andt)iii) whether

one can select the true blockmodel and the true number of clusters based on the value of RF.
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To this end networks with different blockmodel types (cohesivgerarchical hierarchical
cohesive transitivity and transitivecohesivg, with different levels of errors 0 'O
T i rd i rgirsddpst, and with different number of clustes, Q

oft hphp are generated. For each combination of blockmodel type, level of errors and number of
clustes, 30 networkswith each consigtg of 24 nodes) are generated. Intotalz p ¢ 120 T

¢ ¢ matworks are generated.

To study the number of inconsistent blocttisect blockmodelingwith a non-specified modeis

appliedto each networlgeneratedCompleteand null blocksare assumed. The number of clusters

in the blockmodeling procedure is set to the same value as used to generate the networks to be
blockmodeled. The number of inconsistent blocks is obtained and analysed for each generated

network.

To analyseRF, direct blockmodelingwith a pre-specified model is assumed.ore specifially,
for each network, all considered blockmodel types with all nusrdfesiusters between 3 and 9
are prespecified. This means thatz w o @RFs are obtained for each network. Each RF is

cdculated by considering 30 random networks.

For what LE is it possible to discuss the presence of a given blockmodel type?

Neverthelessa very clear definition of LE is not triviathen it comes taterpreing high and low
levels of errors.An important indicator of which LE is high and whichlow is the ability to
recognize the presence of the true underlying global network struicttine pre-specified
blockmodel. This can be measured by the number of instensiblocksHere, itis assumed that
the number of inconsistent blocksistbe 0 in order to be able tleclarethe presence of a given

blockmodel type. This is a very strict assumption.

The density of real networks igenerallya consequence ahe undelying local network
mechanismsSinceit can affect a given blockmodels f iatgivew emphical network, the
relationship between the network density and an ideal blocknmdsibe consideredor the
purposes of this simulation studyor examplein the case of all of the blockmodels considered,
except for a transitiveohesive one, the densig/reducedas the number of clusters increases. In
the case of a transitiveohesive blockmodel, the density increases as the number of ctissers
This affecsthe mean number of inconsistent blgakkich increases faster with an increase in LE
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in the case of denser networks. Further, the mean number of inconsistent blocks is increasing faster
with the number of clusters in the case of denser n&svdhereforeinstead of the number of
inconsistent blocks, the share of inconsistent bloskssedto increase the comparability of
blockmodels with different numbers of clustefhe relationship between the meararghof
inconsistent blocks and the LE, blockmodel tyged number of clusters is visualizedRigure

2.4.

Figure 2.4: Impact of the level of errors on the mean share of inconsistent blocks, controlling
for the number of clusters and blockmodel typdthe vertical line at 0.5 LE indicates the LE
at which the true blockmodel type can still bedetermined with a very high probability)
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In general, tkb correct blockmode{with zeroinconsistent blocRshas beemdentified when there
are three clusters (of equal size, eadtn 8 node3 andthe LE is below 60% or whenthere are
four clusters With 6 nodesin each)andthe LEis below50%. Networks witha higher number of
smaller clustersare rare andinlikely to found in realityalthough for such cases, oneould
determine(by using the algorithm for generalized blockmodeling dbsdriearlier) the correct
global network structurat a lower LE. Differences may be found among the blockmodel types:
the mean share of inconsistent blocks grows the slowest with the hierarchical blockmodel.

Can RF be usedo distinguishdifferent blockmalel types (when the true number of clustess
known)?

When the number of clusters in a blockmaddinown,it is possible taise the RF value to select
the true blockmodel type. Here, omeedsto be aware that density is strongly related
blockmodel type andnight thereforebe one of théey predictors of the true blockmodel type.
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Moreover a given empirical network may be made upnainy different blockmodel typew/fiose

exact number depends the number of clusters, types of links etc.). Therefore, the set of possible
blockmodel types mushe bas@& on prior knowledge about the mechanismslerlying tie
formation in the networkbeing studied(where it assists tdknow the underlying social
mechanisms).

Figure 2.5: Impact of the level of errors on the share of blockmodels correctly detected,
controlling for the number of clusters and blockmodel types (the vertical line at 0.5 LE
indicates the LE & which the true blockmodel type can still be determined with a very high
probability)
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As visualisedin Figure 2.5, the shareof correctly classified blockmodel typéalls asthe LE
increags while the true number of clusters does mdfiect the shareof correctly determined
blockmodeltypes Differencesoccurbetween different blockmodel types when the level of errors
exceed$0%. This indicates that the true blockmodel type is hard to be recognizbi a&E,

which can be due to no existingitial blockmodels at such LBr due to the inability to identify

the initial blockmodel type (which is assumed to the true blockmodel type) by the selected
blockmodeling approaciio sum up,lie use oftheRFis generally not recommendtmdetermine

a blockmodel typevhen the levebf errors isabove50%.

Can RF be usedto determine the true number of clusters (when the true blockmadgipeis
known)?

The number of clustershould be choserwith regardto previous knowledge fothe studied
networks including the hypothesized blockiel type. However, different statistical approaches

are proposed to select the most appropriate number of clusierdifferent blockmodeling
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approachesMany differentmethodshave beeproposedvithin stochastic blockmodeling. They
can generallybe separated into three class@hen & Lei, 2018) (i) the likelihoodrelated
methods(ii) the Bayesiarinferencerelated methodsnd (iii.) methods related to the information
theory.

There is no commonly edl method to select the number of clusters for the casediéct
blockmodeling,yet the number of clusters can beosenby applying manyapproaches that are
regularly used ir{hierarchical)cluster analysis. One diiese entailsletermining the numbeaf
clusters based on the dendrogram by considering the apprdgpatefdistancemeasurge.g.
corrected Euclideadistancg, as was done in Cugmas et(@016) A deficieng of this approach

is that, to some exterit,is subjective.

The approximate number of clusters for the case of direct blockmodeling can be estimated by
obtaining the dendrograimased orindirect blockmodelingas describedabovg and uing this
number of clustersvithin the direct blockmodelingprocedure A more sutable approach ido
selectthe number of clustetsy observinghe CF valuedor a different number of clusteras in

Gi b e (@013 This approachmay be used with either pigpecified or norspecified
blockmodeling. When the whole image matsyrespecified, the Ckalues usually first decrease

and later increase along with the number of clugteresearcher take the number of clusters at
which the corresponding CF value is the lowest). In the case edpemified blockmodeling, the

CF values are monotonically decreasing along with the number of clustersharefore, a

researcher selexthe number of clusters at which the CF valdesrease morgowly.

A similar approach can lakenwith the RF values where it is assumed that the most appropriate
number of clusters is the one at which thevRkieis at its highest (because RF is defined such
that higher values indicatebetter fit). Therefore, this sectidmoks atwhetherRF valuesanbe

used to select the most appropriate number of clusters when using blockmuadkélisguctural

equivalenceassumed

The following factors are considered: the true number of clusters, LE and blockmodelgype.
shownin Figure2.6, the probability the estimatedimber ofclustersis wrong is increasing with
the level of errorsas expected.Further when the true number of clusters geowing the

probability the estimad number of clusteiswrong is als@rowing However, when the number
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of true clusters and the level of errors are low, the estimated number of dhigtelmbly correct.
As mentioned, the clustsizesare very small when 6 or 8 clusten® assumedWhenexamples
of networksfrom real lifeareanalysed, the clusteese probably bigger and the probability af
correctly identified number of clusteisshigher.

Knowingthe true number of clusterstige sole item of importance since establishireglifference

between the true and the estimated nusibeclustersmay also proveraluable Therefore, the
variable Adifferenceod i gheesenfatechnandberafslustets hasddi f f e
on the RF value) and the true (known) number o$telrs (from which random networks with a

given level of errorare generated).

Figure 2.6: Impact of the level of errors on the share othe correctly determined number of
clusters controlling for the number of clusters and blockmodel type(the vertical line at 0.5
LE indicates the LE at which the true blockmodel type can still be determined with a very
high probability)
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The deviation of the estimated number of clusters from the true nufibarg2.7) is relatively
low when the level of erroris equalto or lower than 50%. This igarticularly the case with the
hierarchicalcohesiveblockmodel as well as theohesive blockmodel. The estimated number of
clusters is somewhat less accurafieen it comes tdransitive blockmodels. In all cases, the
number of clusters tends to be overestimated (when the level of errorsaasiblelow50%). At

a higher level of errors, the deviation from the tnuwember ofclustes first increags, then
decreass alongwith the number of clusters. Yet, these resuoiight be overlookedsince itis

assumed that the initial blockmodel structure disagpedh smaller networkscontaininga
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greatemumber of clusters and relatively high level or errors (see abl\egover thesmaller
differencethat emergesvhen the true number of clusters is highreght be due tdhe fact that
blockmodelingwith up to 9 clusters ibeingapplied. This means the maximum difference, e.g. is

1, when the true number of clusters is 8.

RF maybe used to estimate the true number of clusters in a blocknvdtdeh thdevd of errors
is higher the number of clusters could be overestimated. A more systematic and extendsd (e.g.
considering clusters of different sizes) study shoulddmeluctedn this subject in order tbtain

deeper insiglstinto possible applicationd &F.

It happensemetimedhata researcher whesto estimate the number of clusters without knowing
(or without paying attention to) thenderlyingtrue blockmodelThe relationship between the pre
specified number of clusters in the blockmodeling pdare and RF (by considering the true
number of clusters) is visualized Figure 2.8. The mean value of Risesconsiderablyalong

with the prespecified number of clusteustil the true number of clusters is reacle@hereafter
theincreasean the mean RF is muctmaller This indicaés wellthat the mean RF value can be
used to detect the true number of clusters. The meadeRfeaseslongwith the LE while
differences in the mean RF fadifferent prespecified number of clugteare lowewhenLE has
higher valuesWhen the LEexceedd).5, the mean RF value cannot be used to estimate the true

number of clusters.

¥When0 O m RF reaches 1 at the true number of clusters. The value remains the¥s@n@) when ahigher
number of clusters considered. In some cases, #adue of RF starts to decrease after the true number of clusters is

reacted(e.g. the case aftransitive-cohesiveblockmodel ) ‘O &, with thetrue number of clusters equal to 4).
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Figure 2.7: Association between the true cluster number and the difference between the true and estimated cluster numbers for
different levels of errorsand blockmodel type(only the plots for thed s
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Figure 2.8: Impact of the pre-specified clusternumber on the meanrelative fit value,
controlling for the true number of clusters, level of errors, and blockmodeltype
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Can RF be usedo select the true blockmodel type and true number of clusters?

The previous examplessumedhe researcher knows either the true blockmodel type or the true
number of clusters/et amore realistic scenario is wheeitherthe true blockmodel typeonthe

true number of clusteis known In thateventuality theresearchecanuse RF to select them, but
(asstressedn the previous sections) considering only a limited set of possible blockmodel types

or number of clustershould beprioritizedsinceit brings a considerablmputational burden.

The correct blockmodéype and the correct number of clusters are assigned to 48% of all networks
generatedh thecurrent study (or 78%vhenconsideringustthose withalevel of errordbelowor

equal to 60%)As seenin Figure2.9, all of the factorsconsiderednfluence theshareof correct
blockmodel andhe number of clusters. The highest odds darorrect guess argeen withthe
cohesive andhierarchical blockmode while the lowest odds aréound for the transitive
blockmodes$. The probability the wrong blockmodel type amdorrect number otlustersis
selected incre@s alongwith the number of clusters and the level of errors.

RF maybe used to detect the trovckmodel type and the true number of clusters if the level of
errors is relatively low and the cohesive and hierarchical blockmodels are considered.

Figure 2.9: Impact of the level of errorson the share of correctly determined blockmodel
type and the number of clusterscontrolling for the number of clusters and blockmodel type
(the vertical line at 0.5 LE indicates the LE at which the true blockmodel type can still be
determined with a very high probability)
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2.5.5 A note on randomizing networks

The MIV and RF functions compare the value of the CF obtdwmredn empirical network with
that obtainedfor randomized network$\Networks can be randomized (i.e. generated under null
hypothess) in several wayfArtzy-Randrupet al., 2004)

Determiningthe correctway for randomization camprove difficult because mechanisms which
generate networkwith all possible constraintsutil no link in generated randonetworks is
impossiblg¢ mustbe considered. One example of saclnstraitis maximum degreeConstrairs
like this may bedue to natural limitationgDunbar 1992)or emergefrom the chosen data
collecting technique (e.g. the limitatimm listi n g threebésHriends).Not considering all
relevant constraints during randomization can lead taestienatedr underestimated MIV and/or

RF values.

Two types of constraints (which do niatke the characteristics of the nod@#o account and

randomizing techniques are discusbetbw.

Fixed network density

The most common constraiis fixed network density (or fixed expected density of the generated
networks). Here, it is assumed thatradideshave equal probabilities of creating links to all the
others. When only this constrails considereda researcher can generate random networks by
using eithethe O&hy model proposed b@ilbert (1959)or the"O¢ht  model it forwardby
Erdrs & Rényi (1959)where parametersandda can be estimated basedamempirical network.

Valued(symmetric or asymmetric) networksay be randomized in two ways:

1. by randomly relocatinggaluesamong cells of the adjacency mat(saluesto preserve
randomizatiolt or

2. iteratively increasinghe valueson randomly selected links until the sum of all trdues
in randomized networks reach teem of allof the initial networld s v @énsitygtes

presere randomization).
Fixed degree

When the assumption of fixed (or expected) density is not sufficiemhppropriate, one can state
another constratrthatrelates to the fixed degree of each unit.tms case, the weigh (or simply

links in binary networksjnustbe generateduch sahat the row sums and column sums are equal
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in the empirical and randomized netws(kegreeto presere randomization). This approach can
be applied when theodeshave limited opportunitiefor establising links'®, when the degree is

fixed by the datacollection technique etc.

Several approacheare proposed to randomize binary networky keeping themarginal
frequencies fixed (Miklés & Podanj 2004; Sanderson, Moulton, & Selfridge, 1998)
RaoandBandyopadhyay1996)put forwarda Markov Chain Monte Carlmethod for generating
nearly random binary networks with fixed densities while marth@bther proposed approaches

are based oaswap of checkbardnodeswhere a checkboard unit is¢g ¢ submatrix defined

as 51 g and g 51 In an iterative procesghe two columns and two rows are randomly

selected. If the submatrix on the interception of the selected rows and columns is a checkboard
unit, this checkboard configurationtteenreplaced with another one. Since this approach tends to
generate netwodwhichare not completely random, a néval -swapalgorithmwas proposed by

Mikl6és & Podani(2004) An approachor generaing randomized networks based on random
walks was also propose@aman& Simberloff, 2002) but the algorithm isery computational

intensive.

The alternative tdhe approachesnentioned abovés the Curveball algorithm(Strona Nappo,
Boccacci, Fattorin & SanMiguel-Ayanz, 2014)which is computationally lessemandingand
produce unbiased networks. The algorithm identifies in a single step all possible swaps between
a pair of matrix rows (or columns) and perfartihemall with equalprobability.

Another approachto randomizationthat also often used ighe relabeling algorithmHere, the
names of thaodesare randomly mixed (or the order of the rows and columns is randomized).
This approach does not aft the global network structure arttencecannot be uselly way of
randomization for the MIV and RF functions. YetgthApproach can bappliedto study the
relationship bet wendtheirpdsigonin thenetwatk. at t ri but es

15 For example, irthe given empirically observed interactional netwodlected in a preschool environment the
weights represent the number of interactions between two children. If the network is based on several observations in
time, itmay bethat not all children are present in cléssall of the time (e.gdue toillness) andtherefore they are

considered as having limited opportunities to create links to others.
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An empirical example

Let us consider an interactional netwartdlected among preschool childrefhe network is
symmetric andralued(the network is analysed @hapter5). Threetypes of randomization are
appliedto this network Figure2.10). The row and column sums are the same as in the empirical
network subjected to degreepreserving randomizationwhile, when valuespreserving
randomizéion is performed thevaluesremain fixed, but naherow and column sum#n the case

of the densitypreserving randomizationhe sum of all the values remains Hane, but the row

and column sums and the individual link values change.

Figure 2.10: Different types of randomization

@ @ @ @ @ @ @ @ @ @ @ [+ @ @ @ [+ @ @ @ [+ @ @
(o] o o o (o] o o o (o] o ol > o o o o o o o o o o ol >
| = [ = [ = [ = | = [ = [ = [ = | = [ = =8 B | = [ = [ = [ = | = [ = [ = [ = | = [ = =8 B
node 1 9 3 3 2 1 1 1 4 |24 node 1 3 02 3 2 2 2 2 1 6 1|24
node 2| 9 2 4 1 1 1|18 node 2| 3 1 4 3 2 3 2 18
node 3| 3 72 11 7 3 4 1]29 node 3|2 1 303 3 1 5 3 4 4|20
node 4| 3 T 12 1 5 1 3 23 node4|3 4 3 12 3 1 1 4 1]23
node 5 21 2 1 11 31 node5|2 3 3 1 2 11
nodeG|2 2 1 2 2 2 1 3 2 17 node6|2 2 3 2 303 1 1|17
node 7| 1 11 1 2 3 21 12 node 7| 2 1 3 1 3 2 |12
node 8|1 4 7 5 3 4 24 node8|2 3 5 1 31 4 4 1 |24
node8|1 1 3 1 1 1 2 5 7 |22 node 9| 1 31 3 3 4 1 6 |22
node 10 1 4 3 1 3 1 4 5 1123 node10|6 2 4 4 1 4 1 1123
node 1|4 1 1 3 2 701 19 node 11| 1 4 1 2 1 2 1 6 1
sum|(24 18 29 23 11 17 12 24 22 23 sum(24 18 29 23 11 17 12 24 22 23
(a) original network (b) degree preserving randomization
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node 3| 1 2 4 1 2 1 1 1|18 node 3|5 2 13 1 1 4 2 1|20
node4|5 3 2 703 11 3 |25 node4|3 6 1 2 1 2 2 4 5 |26
node 5| 4 4 7 2 1 2 20 node5|1 2 3 2 4 1 2 5 2 2|24
nodeGl1 2 1 3 3 7 5 1 1]24 nodeB|2 1 1 1 4 1 2 3 3 |18
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node8|1 7 2 1 2 7 3 2 4 |29 node 8| 1 2 2 2 1 1 ]9
noded|2 1 1 1 5 1 2 1 115 noded|2 1 4 5 3 2 2 4|23
node 109 1 1 2 1 1 15 nodeid|2 5 2 4 2 1 2 4 |22
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(c) values preserving randomization (d) density preserving randomization
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3 Generating networks with different blockmodels by considering triads

This chapter addresses the first research question of this dissertation wbacttesned with
generating different global network structures by consid¢negelected local network structures.
Local network structures are defined as subgraphs, whicheaf different sizes. In this study,

the triadic censu@he collection of all possible networks of size three, as visualidéidimel.2)

(Davis & Leinhardt 1967; Holland & Leinhardt1970)is consideredEven thoughthe triadic
census is well studiedithin differentnetworktypes(Faust 2006, 2007, 20100 attention was

paid to the dependencies between the triadic census and different global network structures,
operationalied by the types of blockmodels. This is especially important when thinking about the
factors that drive a network w@rds a certain global structure in @al mechanismgerms
(Hedstrom& Swedberg 1996)

Therefore, the main goal of this chapter is to study whether it is possible to generate networks with
a given blockmodel structure, takiruply different types of triadento account. Therimary
objective is further elaborated: is it possible to generate networks with a given blockmodel type
while considering only allowedr only forbiddentriad types? The classification of allowed and
forbidden types of triads is determined for each blockmbged separately. Allowed types of
triads are thoswith frequendes higher than zero in an ideal blockmodéiucture. On the other

hand, forbidden triad typewe thoseavith frequencies equal trero in an ideal blockmodeThe

sets of allowetlorbidden triad types are then redudetiowing comparisons fothe different
blockmodeltypeswith respect talifferent levels of errors in the network according to the ideal

blockmodelbeing considered.

The sets of all triad typethe sets of allowedtbrbidden triad types and the setsedfluced (called
fiselected) allowed and forbidden triad types are then used to generate networks with a given
blockmodelstructure. For a blockmodel type which cannot be generated successfully based only

on thetriad type, some other local network struesare considered.

Beside the different types of trigdgther subgraph types of a size higher than three can be used to
generate networks with a given blockmodel. Here, different t§ipdsare considered chiefly
because they are the smallest sociological unit from which the dynamic of aperatin

relationship can be observ@davis& Leinhardt 1967)
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Various types of algorithms can be applied to genereteorks with a given blockmodeihen
considering only different triad types. In this study, the proposed Relocating Links alg@®ithm
algorithm) and the MCMG@lgorithm are used. If the structurgsnerated byhe selected set of
triadsobtainedby both algorithms are very similar and close to the assumed ideal structure, one
may conclude it is possible to generate networks with the assuowaniodel structure by only
considering the selectadad types. On the other hand, if the generated networks are not similar
and consistent withthe assumed blockmodel structure, anast considemwhether this is a
consequence of the algorithdcharactestics (see Sectio.3) or thatthe set of selected local

structures is insufficient to generate this specific blockmodel.

In this study, it is assumed that the assignmentmmddeto aclusteris unknown. Considering
information on thelusterassignment would require a different methodological approach. It is also
assumed that theodes characteristics are not known. Kog@000) reported that a certain
structure's emergence in a network is often the consequence of rules that genenagarseition
dynamics. These rules do not need to be technological in origin but can also reflect institutional or
culturd norms and are also deeply embedded in the social identityddfiduals meaning they

are often invisible or unknown when an empirical social netugbeing studied

Moreover, the study does not address the question of how the specific seleciethacitanisms

affect the emergence of given blockmodel types. Instead, it examines the possibility that selected
global network structurefblockmodels) are a consequence of local (social) mechanisins.

example, when a given global network structurstienglycharacterized bg very high number

of transitive triadgor when a given blockmodel type can emellge tonode® t endi ng t ow
the creation of transitive links), one can discuss several social mechavischsare related to

transitive triads. In this regard, one must note that different social mechaaistesd to a specific

social output and a specific social mechanism can lead to different social dttpdssrom&

Ylikoski, 2010)

This chapter is orgarmed in the following way: first, the blockmodsgipesbeing consideredre
listed (Section3.1) and thena classification ofthe different triad types is proposed. The
classification o allowedforbidden triad types is givemllowed by a further selection based on

the proposed Aneasure (SectioB.2). The algorithms for generating the networks dhen
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presentedn Section3.3, followed by the research results (Sect®B) and conclusions (Section
3.6).

3.1 Global network structures

Several of the well-known and studied blockmodel typese presented in more detail in
Sectionl.3 and other sections. Here, the most common blockmodel types are considered: the
cohesive blockmoddlype, the symmetriand asymmetricoreperiphery blockmodel typehe
transitivity blockmode] transitivecohesive blockmodel hierarchical blockmodel and
hierarchicalcohesive blockmodeThe three clusters are set in the case of all blockmodels, expect

in the coreperiphery blockmodel whichy definitionconsists of twalusters.

3.2 Choosing triadsfor different types of ideal blockmodels

There are 16 different triatipesin the case of directed networks (séigure 1.2). When
generating networks with a specific type of a blockmodel (according to different triad types), all
triad types or only a subset of all of them caexeminedConsidering only a subisef all possible

triad types is particularly important when generating networks with the RL algorithm. This is
because the distribution of triads must be known in advance for each type of ideal blockmodel
separatelylt should begointed out that the distributions of triads can vary among the same type

of blockmodel with a different number olustes or different number ohodesperclustet

Since the number of different triads is also affected by the network déresitgt, 2006)the value

of the Ameasure can be used to select a smaller number of different triad types (see
subsectior8.2.2 needed to generatetworks with a selected blockmodgbe The Ameasuras

defined as the ratio between the number of triadsceftain type in an ideal blockmodshd the

mean number of such triads in a totally randomized owtwf the same density (seebsection
2.5.3for more informatioron generating totally randomized networks and netwarikls a given

level of errors).

The classifications of allowdérbidden triad types for different blockmodgpes are presented
in the next sectigrfollowed by classifications of selected allowsglected forbidden triad types

based on values of tiemeasure.
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3.2.1 Allowed and forbidden triad types

Triad types can be classified in the set of allowed or the set of forbidden triad types for each
blockmodel type based on countstbé triad types in andeal blockmodelTriad types witha

count equal to zero are said to be forbidden in a given blockmodel and are thus classified in the set
of forbidden triad types (for a given blockmodel). All the other triad types are clasnitiee set

of allowed triad types. This classification is essential for the MCMC algorlilecauseit

determines the values of the appropriate parameters in the ERGM model (see3S&@ion

Table 3.1: A-measure values and the classification of allow#&drbidden triad types for
different blockmodel types

Cohesive | Asymmetric | Symmetric | Hierarchical | Hierarchical | Transitivity | Transitive
coreperiphery| core cohesive cohesive
periphery

003 2.3 7.1 7.2 15 0.0 1.1 0.0
300 96.3 7.5 2.7 0.0 3.7 0.0 1.2
120D 0.0 8.2 0.0 0.0 4.1 0.0 5.1
120U 0.0 0.0 0.0 0.0 4.1 0.0 5.1
102 10.2 0.0 0.0 0.0 5.8 0.0 0.0
021C 0.0 0.0 0.0 2.2 3.1 0.0 0.0
021U 0.0 8.2 0.0 4.0 0.0 5.1 0.0
021D 0.0 0.0 0.0 4.0 0.0 5.1 0.0
030T 0.0 0.0 0.0 0.0 0.0 3.5 3.5
201 0.0 0.0 6.6 0.0 0.0 0.0 0.0
120C 0.0 0.0 0.0 0.0 0.0 0.0 0.0
111D 0.0 0.0 0.0 0.0 0.0 0.0 0.0
030C 0.0 0.0 0.0 0.0 0.0 0.0 0.0
210 0.0 0.0 0.0 0.0 0.0 0.0 0.0
012 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Note: Values greater than zero denote allowed types of tnaife values equéihg zero denote
forbidden types of triads; grey cois denote selected triad types

Reducing the number of triad types used to generate networks with a given bloctypedah
bring severabenefits For example, it can help to identify the main (e.g.aponechanisms that

cause a given blockmodel structure to be formed.

In addition, there are practical reasons ttaay accordingo the algorithnmbeingused. For the RL
algorithm (seesubsection3.3.1), the reduction to only forbidden triad types (or a subset of
forbidden triad types) is especially appealsigceit does not require knowledge of the exact
distribution of triad typesn the ideal networlstructure(as this algorithm otherwise requires)

because the frequency of all forbidden triad types is O.
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The frequencies of different forbidden triad types are also not affected by the sizes and number of
clusters agthese frequencies are always 0. This means that, when generating networks by
considering only the forbidden triad types, this information is not taken into account, which may
be either desired or not. On the other hand, the frequencies of all allowktypes contain all

the information that is included in all (allowed and forbidden) triad types.

For the MCMC algorithm, these issues are not relevacdusehe exact distribution of triad types

is never taken into account when setting the parametezsiaiowever, the MCMC algorithm is
affected by multicollinearitywhich can be reduced by selecting only a subset of all triad types.
Given the characteristic of this algorithm, it is best to select only a small number of helative
different triad types.

3.2.2 Selecting subsets of allowed and forbidden triatypes

The sets of allowdtbrbidden triad types can be reduced to selected alleeledted forbidden
triad types. There are several wégsselecing the subset of triad types. In this stutlye choice

of triad types is based on their sensitivity to different levels of effians i& to p with stepr&;
seesubsectior?.5.3for the definition of LE), where the sensitivity is evaluated through the value

of the Ameasurdp it ™ Eandom networks were generated for each LE).

The A-measure valueg@ presented ifable3.1. Values greater than 1 indicate triad types that
are more likely to occur in an ideal network structure than wouldxipected in randorred
networks. Such are complete subgraphs of size three (a triad of type 300) in a cohesive blockmodel.

When the Ameasure value is close to 1, the number of triads in the case of an ideal network
structure is close to the number ofts in totally randomized networks. Thigy indicate that
their occurrence is mainlgue tothe density rather than the type of blockmodelthmpresent
case, all values corresponding to the allowed triad types are higher than I-nTdesire values
in the cells without any number irable3.1 equal zero and therefore denote forbidden triads.
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Figure 3.1: A-measure values for differentevels of errorsand different blockmodel types
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Note: Values higher thn 4 are truncated to save spa@uesabove4 are considered as high.
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The most common (and uncommon) triddiseach blockmodel type can also be recognised by
their sensitivity to different levels of errors. The idea is as follows: the most important triads are
those with the highest absoluterdeasure values for all levels of errors and with as close to a
linea trend as possible through all levels of errors, indicating that a certain triad is not greatly
affected by the LE (sdeigure3.1 for the visualisedalationship between the LE andmeasure

for different blockmodel types and triad types).

For some triads, the-feasure values are nearly constant for all levels of errors. Such a triad is
triad typeo 1 m the case of a transigsxcohesiveblockmodel. The value of the-feasure for

these triad types is not associated with the LE and this triad tyipereforenot relevant for this
blockmodel type. On the other hand, for many types of triads a sharp change imtresiére

value at a certaiLE is common. For example, in the case of a hierarchical blockmodel, the value
of the Ameasure for triads of types 012, 111D, 111U, 030T, 030C and 210 is zero in the case of
an ideal network while it approaches 1 at very low levels of errors (i.e. éretve and 0.4) and

then remains constant. Values for some types of triads first increase very fast at low levels of errors
and then decrease at higher levels of errors. One example is the numberletesoipgraphs of

size three with one missing link éncohesive blockmodel.

The values of the Aneasure for some types of triads are increasing or decreasing nearly linearly
with the LE. These types of triads can be seen as triads that should be considered when generating

networks with a given blockmodergtture.

Still, these types of triads can be further differentiated. For example, there are many types of triads
with similar A-measure values for different levels of errors within some types of blockmodels.
This could indicate that certain typestoéds are defined similarly and are therefore not needed

when generating networks with a given blockmodel structure.

Some types of triads which are strongly influenced by the level of errors at low levels and less
influenced by the level of errors ahigh level of errors (and vice versa) could also be chosen. In
this case, it may happen that one should choose different types of triads for networks with higher

levels of errorandthosewith lower levels.

The study does not focus on how to select thelsstadufficient subset of triad types to generate

networks with a given blockmodel, and therefore we do not imply our procedure is the best
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possible onelnstead the aim is to tesbne cangenerate networks with a given blockmodel by

considering a smalleset of triad types.

The selected triad types are shown in greVahle3.1. It is shownthat only a few triad types are
allowed for each blockmodgtpe Almost all of these allowed types of triads are selected (in the
case of each blockmodel type). The only allowed triad types that were not selected are triad type
021C in the case of a hierarchical blockmodel and triad type 300 in the case ofitavérans
cohesive On the other hand, for some blockmodel types only a small number of all forbidden triad
types is selected, e.g. in the case of an asymmetriepeonghery only one, and in the case of a
cohesive blockmodel only two.

3.3 Algorithms for generating networks

As described in Sectioh.5, different statistical models have been develofJexvonen et al.,
2009) to explain the impact of localetwork mechanisms on global network structumgsto
characterize the global network structures in terms of local network struclwessimilar
algorithms are used in this study: the RL algorithm and the MCMC algorithm implemented in the
Aer gmo (plunterketalg 2008for theR programming language. They both asstimat the
nodedend to create such a constellation of links that resuét desirable distribution of subgraphs

of size three or other netwockaracteristicsBoth aproaches are described and compared in more

depthin the following sections.

3.3.1 Generating networks with the RelocatingL inks algorithm (RL algorithm)

The RL algorithm (seélgorithm 3.1), which is based on the approach of relocating links, requires
that all considered local network statistiosan ideal netwik berepresented by the vector The
number of element§of this vector equals the number of local network statistics considered. The
numbers of different types of triads are considered here, but other local network statistics cou
also be chosen. The distribution of all or only a subset of all triad types can be given (for forbidden
triad types corresponding values ofequal zero). Beside, the initial random networ& has to

be given. The density of the network does not chawge theiterations and therefore tldensity
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of the initial network must bein line with the desired global network structtireBefore the

iterative procedure starts) is saved as a new netwaik

The iterative procedure is repeated many times. Upon each iteration, a pair ohldes@and
Cand a pair of unlinkediodes Qand dare randomly chosen. Then, the link betw&amd Qs
dissolved analink betweenQanddis established. The modified network is saved as the proposed
network® . From®, the number of each triad type consideredis calculated. The proposed
network is saved ad  (the new network) if th€R ratiois greater than 1. The CR ratio is defined
as

. B o o}

6 "Yofo fo o
B o o

Then, the new iteration is performed and, after many iteratibadast®y is the final solution.

Besides th&y , the values od "Ytan be saved and further analysed.

Algorithm 3.1: The Relocating Links algorithm

Require: T T denotes the distribution of local network statistics in an ideal network
Require: Y, > Y, denotes a random network
Require: M > M denotes the number of iterations
L 1‘ri-- w ¥ 11:'

2 Y,

3: formin1: M do
-

— Y,

randomly select a tie y; ; in Yiey

3 randomly select a non-tie yp; in Yaew
6: transform a tie y; ; to a non-tie in Y,
T: transform a non-tie yi; to a tie in ]'},.
& if CH > 1 then

0: Ynew — Yp
10: olse
11: Yy + Yaew
12: end if

13: end for
14: return Y.,

16 The blockmodel type and number of clusters are closely related to the network density.
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Compared to the MCMC algorithrimtroduced in the next subsection, the RL algorithm is
deterministic since a link is only allocated if the distribution of the trididise proposed network

is closer to the distribution of the triads in the case of an ideal blockmodel. This may result in
lower variability of the global network structure of netwogeseratedvhen the RL is used since,
compared to the MCMa@lgorithm, RL strive to generate networks with the exact number of the
selected types of triads. However, the risk of a local optiraxists which could be avoided by
further improving the algorithm. Moreover, RL is computationadignintensive: a higher number

of iterations is required, especially in the case of denser networks.

3.3.2 Generating networks with the MCMC algorithm

To generate networks, tivetropolisHastings algorithmvas usegdasimplemented iniefi e r g mo
packagg(seeSection2.2. for more details on MCMC algorithms in ERGM). The benefit of this
approach is that by selectiaguitable proposal distribution one can plaperopriateestrictions

on the network, e.gixed density.

The definition of the probabilitpf accepting the proposed netwddt the MetropolisHastings
algorithmis similar to the definition of the CRboth compare the proposed network witie t
current one through the values of the proposed statistics. The elemenaseothe exact values

from the network with the ideal global network struct(sdnere the number afodesplays a
significant role) while the values efare regression coefficients and are, therefore, less directly
related to the global network structure. In the case of the RL algorithm, a link is relocated (i.e., one
link is dissolved and one is established) always when CR is greater than 1 and newvérisvhe
below 1.The RL algorithm could be defined in line with the logic behind the Metroptaiings
algorithm In this case, the links relocated if the value of CR higher than 1. If the value of CR

is below1, the linkis relocated with a given probabilityhis approach would incorporate artra

level of randomness the generating process.

As described in Sectich 2, the method most often used to estimate parametefdCMC-MLE,
which can be computationally hard to estimate. In this study, the parameters can be estimated
based on networks with a given blockmodel without or with only very lowdesetrrorsWhen

using this approachn many casethe estimation algorithm does not converge, probably due to
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the high level of multicollinearityf the triads. In addition, from r e s e pomtcohwew,0 s

estimating the vales of all parameters for each blockmodel type would be very difficult.

Instead, the values of the ERGM parametesse arbitrarily set tq (allowed) or ¢ (forbidden).

It has been shown (seabsectior3.2) that some triad types are much more likely to appear in an

i deal network (compared to a randomgcgmoreigwor k) .
we essentiagyl assume that all types of allowed triads have the same importance (and similar for

all forbidden triad types). Such a setting is critical when all types of triads are included in the
model and result in a relatively unstable model, particularly whenethgitgt is not fixed.

All types of triads ar@sed byconsidering the twapproachesf considering the number of links:
(i) the number of links is fixed (to the same value as in ideal networks) and (ii) the number of links
is free (with the density bein@e variable). With the latter, the value of parametigeis set to
such a value that the mean density of 30 generated networks lies within thaeidgg} interval
T8t L

3.4 Simulation design

To address the objective of this stuthe degree to whichetwworks generatedsingthe previously
described algorithms (the number of iterations is set to 6,000 in the RL algorithm and to 10,000 in
the MCMC algorithm) match the assumed blockmodel tgmessessedVith each algorithm, 50
networks €ach with24 node$ with a given blockmodel structure are generated for each selected

set of triadsEach generated network is randomized.

Prespecifieddirectblockmodelings applied to model networks and randomized netwatkesre
the number of clusters is set as in the ideal networks (to two or three clust&iguse#.3). The
partition is determined by 100 restarts of the blockmodeling algotithfor each generated
network, the minimal value of the blockmodeling criterion funcigopreserved.

Here, it should be highlighted that there may be bias in the values of the criterion funbeoa
the networks are generated by the RL algorithm and all allowed triad types are considered. This is

because thenformation on the number and sizes of the clusters is embedded in the frequencies of

YThe fAbl ock @bdet npadfagidpemented in R is dsier theblockmodeling.
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different allowed triad types when using the RL algorithm., Y&s is not the case when the

MCMC algorithm is used and/or other subsets of triads are considered.

As thecriterion functionis not generally comparable for different blockmodels, the MIV is used
(see Sectior2.5.2 for each typeof blockmodel and each combination of triad typs&amined
The corresponding values of the MIV are visualiseBigure3.2, Figure3.3 andFigure3.5.

3.5 Results

This section is organized in sevepalrts First, to evaluate whethene cangenerate networks

with a given blockmoddby considering different triad types, the global network structures of the
networks generated with the RL algorithm ahd MCMC algorithm (fixed and noffixed density)

are evaluated. For each algorithm, the networks generated by considering different sets of triad
types are compared. Then, considerations of certain additional detabrk structures are
presented in the event triads do not generate the networks with the expected blockmodel. Finally,

a general statemeist made concerning thgeneratingf networks using triads.

3.5.1 Networks generated with the RL algorithm

When the RL algorithm is used to generate networks and all triad types are considered, the overall
MIV is around 72%, which is more than for all other sets of trigddied(Figure3.2)'8, On the

other hand, the MIV corresponding ttee networks generated based only on all forbidden triads

or all allowed triads is slightly lower or the same. What is outstanding is the symmetrc core
periphery with the lavest MIV varying between 24 and 32% among the different models (all,

all allowed, or all forbidden triad types). As has been emphasized, when the network is very dense
the RL algorithm is less effectivafinding the right link to relocate. This is exgeed inthevery

small peripheral part in the case of a symmetric-perghery blockmodel

The MIVs aretypically lower when all forbidden triad types are considered. The MIVs

corresponding to the cohesive blockmodel are very similar, yet the struttine ldockmodels

8 The distributions of improvement values (the ratio between the value of a criterion function obtained on a generated
network and the value of a criterion function obtained on a randomized network), which are used to determine the

MIV, are given in Appendix B.

87



so generated is different when only the set of forbidden triad types is considered (the cluster sizes

are more variable).

When comparing the different blockmodgbes, the highest MIV is observedth an asymmetric
coreperiphery blockmodel (98% when all allowed or all forbidden types of taeglsonsidered),

a transitivity blockmodel (95% when all allowed types of triads are consid@4éd when all
types of triads are considered) and a traresitovhesiveblockmalel (94% when all allowed triad
types are considered®2% when all triad types are considered). In the latter case, quite
considerable variabilitys seen amonghe cluster sizes when all forbidden types of triads are
consideredMore precisly, the tendecy to form one cluster with a relatively high number of
nodesand two clusters with smallemumber oinodesds present. This happens because the vector
with the frequency of forbidden triad types (which is a vector of 0s) provides less information

aboutthe target global network structureanthe vector with the frequency of allowed triad types.

Figure 3.2: The mean improvement value for each blockmodel type (generated by the RL
algorithm) and selected seof triad types
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When generating networks with a hierarchical blockmodel, a blockmodel structure, which is not
assumed, emerges. Instead, lieksstin the blocks below the diagonal of the matrix and in the

blocks above the diagonal. This means theediaks from the top to the lowest clusters &nel
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other way aroundOn the level ohodes only asymmetric links are possible. However, the density
is still higher in complete than in null blockiSigure 3.7), which may bedue tothe optimzation

algorithm for prespecified blockmodeling.

When all allowed triads are included in the process of generating networks, one would expect a
similar MIV aswhen all triads are included in the model because all the information for generating
the networks embedded in all triad types is also embedded in only allowed triadsippesl(

the rest have a count of Ofet the resultamight differ due tothe different ways of computing

errors.

The set of all allowed triad types and the set of triads with selected allowed types of triads vary
only in the case of a hierarchieabhesiveblockmodel and a transigcohesiveblockmodel. The
selection of triad typesightly improves the MIMwith both blockmodel types. In the former case,

the blockmodel structure can be visually recagdiin most, but not all, networkkhat are
generatedOn the other hand, there are very low levels of errors in all generated nevitbris

transitivecohesiveblockmodel

Comparing the networks generated with all forbidden triad types and the networks generated with
only the selected forbidden triad type, the MIV is generally lower in the latter case for all types of
blockmodels. By \dually observing some generated networks, it is hard to rexotird assumed

blockmodel structure, except for some transittedesiveblockmodels.

3.5.2 Networks generated with the MCMC algorithm: fixed density

Since the RLalgorithm is more deterministic, it generally performs better than the MCMC
algorithm. But when networks are denstie MCMC algorithm might perform bettsuchas
when e.g. considering the set of all allowed types of triadewenerating a symmetrioo
periphery blockmodel. This is another reagamconsideing different algorithms wite studying

microstructures in the context of various global network structures using simulations.

When all possible triad types are considered, the overall MIV aadbbipckmodel types is higher
when the networks are generated using the RL algorithm and lower when the netserkom

the MCMC algorithm with a fixed densitfFigure3.3). Yet, generated networks have an assumed
blockmodel structureHigure3.4) with a relatively low level of errorgxcept the hierarchical one

where the global network structuobtained is similar to that produced with the RL algorithm
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(considering selected allowed triad types) (5&gure 3.7). Further, the hierarchicalohesive

blockmodeland the cohesivielockmodelarenot asclearasthe others.

Considering only all allowed or only all forbidden triad types does not produce networks with a
significantly higherevel of errors. The MIVs are lower when selected forbidden triad types are
considered compared to the case when all forbidden triad types are considered. In this instance,

the generated networks do not have the expected blockmodel.

Figure 3.3: The mean improvement valuefor each blockmodel type generated by the MCMC
algorithm with fixed density and selected set of triad types
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Further selection of the different types of tridklat are allowed does not improve a hierarchical
cohesiveblockmoctl, even though some MIVs indicate the oppoditee MIVs are higher in the
case of the selected triad types becausegtbbal network structure is (in some generated
networks) closer to the cohesive blockmodel with two clusters. Becausspguiied
blockmodeling is applied, one of the obtained clustasonly two or three nodes, which leads to

the overestimated MIV.

The rumber of erroran complete blocksf the generatedlockmodelsis lower than when

considering all allowed triad types, but the generatedkmodels ar@ot hierarchicatohesive.
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The further selection of all possible triad tygadowed and forbidden) improves all the MIV
values, especially those corresponding to the hieraretidasive blockmodel and the cohesive

blockmodel.

The generated networks with the expected hierarchical blockmodel structure are not in line with
the expected global network structure. This is true for any set of triaddgps&leredPossible

treatments areonsidered in subsecti@b.4

Figure 3.4: Somerandomly selectedempirical networks generatedusing the RL algorithm
by considering all triad types
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3.5.3 Networks generated with the MCMC algorithm: non-fixed density

In the event the initial networks are totally randeaai ideal networks, networkgenerated using
the MCMC algorithm with a nofixed density are close to the networks with a fixed density
(Figure3.3 andFigure3.5).

The further selection of different triad typdees not considerably increase the MIV for most
blockmodel typesvhen using the MCMC algorithm with a néimed density An increase in the
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MIV is observed when all selected triad types are considecedpare to the casef all possible
triad type$ when generating hierarchical blockmodel (d6m around zero to 14 %).he global
network structure of the generated networks is similar in both cBgps€3.6), but in the latter
case therare fewelinks between those the highest to thosa the lowest hierarchical position.
A biggerincreasen the MIV is noted in the case of considering tbeaf selected allowed triad
types compared to considering all allowed triad types (from 13% to Hdéw)everthe MIV are
overestimated in this case because the true underlying global network ssraotwsist of two

not threeclusters.

A very signifiant increasen the MIV (from 14% to 71%])s noted in the case of generatiag
hierarchical blockmodel by considering the set of selected triad types compared to the case when
the set of all triad types is considerékhe global network structure is contsat with the

hierarchicalcohesive blockmodel.

Figure 3.5: The mean improvement valuefor each blockmodel type and selected set of triad
typesgenerated by the MCMC algorithm with variable density
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Here, it is noted that the way the initial networks are chosen has a great impact on the networks
that aregenerated. In the case of the MCMC algorithm with afined density, considering the

random networks (as initial networks) with the expected (theah number becomes a random
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variable) number of links being equal to the number of nodes usually produces a very high number
of totally empty or full generated networks. This is especially when all triad types are included in
the model. In this study, mdomized ideal networks are used as initial networks, meaning the
density of the initial networks is not variable and is the same as in ideal networks.

3.5.4 Improvement of the hierarchical blockmodel

The proposed models for geagng networks with a hierarchical blockmodel structure perform

poorly. This is seen by thdIVs and the empirical examples (deigure3.7 andFigure3.4).

The obtained blockmodel structure is often hierarchical but hasaudilinks from the upper to

the lower clusters and with all asymmetric links. This is especially typical of networks generated
using the MCMC algorithmTherefore, the focus is put on networks generated using the MCMC
algorithm with a noffixed density The resulting global structure probably emerges since all
considered triad types appear in all parts of the network. Their combination produces a network
that is highly determined by paths oh¢gh three(e.g.,p© ¢© 0© ¢, where digits denote
clusters).

Figure 3.6; Some randomly selected generated networks with a hierarchical blockmodel

generated by the MCMC algorithm with a non-fixed density using different local network
statistics
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Therefore, by considering paths of length three, the links from the upper to the lower positions are
omitted. Here, it should be pointed out that the number of triads ibasetd while theumber of

paths of length three is an edgased countHowever, an additional parameter paths of length
three (in the case of networks with a different number of positions, paths of different lengths should
be considered) is added to the model with the valuecofas forbidden). Networks generated

using the model have the expected hierarchical structure but with only two cluSiguse3.6).
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From time to time, networks with a transitivijockmodel a¢ also produced)('Ow 1 3. To

obtain three positions (instead of two), the parameter's value of triad typer&iiae increased,

e.g. to the value to 4. Such a model produces networks with a very clear hierarchical structure
(Figure 3.6). There are no errors in all generated networks in null blocks while some appear in
complete blocksi{ "Ow 1@ &.

All of the described networkseregeneratedising the MCMC algorithm. When the RL algorithm
is used, all allowed types of triads and paths of length three can be considered. In that case, some
errors appear in both null and complete blocks, which is a consequence of the fixed density.

However, witha higher number of iterations, the number of errors could also be lower.

3.6 Conclusion

The aim of this chapter is to tashethemetworks with the chosen blockmodels can be generated

by considering only different triad types. To this etwdp different algoithms were used: the

proposed deterministic Relocating Links (RL) algorittend the Monte Carlo Markov Chain

(MCMC) algorithm(specificallytheMetropolisHastings algorithim(Hunter et al., 2008)The RL

algorithm randomly selects a link and exchanges it with a randomly selectéidindrhe change

is accepted if the new networkodés | ocal struct
previous network. With the MCMC algorithm, the sameal structureareused as parameters in

the ERGM model.

To determine the target count for the RL algorithm and the parameter values for the MCMC
algorithm, the count of different triad types in ideal netwd@nenely, those that gectly comply

with a certain blockmodel) Bao be determined. This achieved by considering the specific
blockmodel type and corresponding cluster sizes. All types of taesdassified in the set of
forbiddenor in theset of allowed triad typg$or each blockmodgl Allowed triad types are those

that are present in ideal networks and forbidden triad types are those that@eseant in ideal
networks The RL algorithm uses counts of a selected local structure in an ideal blockmodel while
for the MCMC algorithm the parameter valuase determined based on the classification into

allowed and forbidden triad types
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Both algorithms perform well in the case of asymmetric-pamphery blockmodels. However, in
the case of the symmetric ceueripheryblockmodel, the MIVs are usually small, which is
reflected by the insufficiently small periphery in the generated networks. It is also hard to generate
a hierarchical blockmodel when considering only different triad types, regardless of the algorithm
thatis used to generate the networks. By adding paths of length three, the empirical networks

produced have the expected blockmodel type with a very low level of errofsidsee3.6).

Figure 3.7: Some examples of networks generated using the RL algorithm by the selected
types of triads, for each type of blockmodel
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The main finding is that the chosen blockmodel types can be generated by considering different
triad types.This study also confirmghat the number of different types of triadsflects the
assumed global network structure (all generated networks hawxpleeted blockmodel, see
Figure3.4 andFigure3.7) where it is often enough to consider only some of all possible types of
triads. Considering further local network statistics can considerably improve the global network

structure of the netarksthat are generated

This chapter also explored whether one can reduce the required local structure information by

using only allowed or only forbidden triad types. Using only forbidden types of triads is especially
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desirable for the RL algorithm asetleount for this triad type is zero. In addition, the reduction of

all these sets (all, allowed, forbidden) of triad types was studied based on their sensitivity to errors
according to the blockmodel structure. Most of these reductions of sets of ditfeadrtypes

overall resulted in only a slightly worse fit and in some cases even in an improved performance.
The only exception is when using only selected forbidden triad types, which often did not generate

the assumed blockmodel structure.

Some consided blockmodel types are defined for only two clusters (symmetric and asymmetric
coreperiphery blockmodels). The other blockmodel types can consist of more than three clusters.
The initial tests suggest that fre cohesive blockmodethe transitivity blockmodeland the
transitivecohesive blockmodeglthe results presented in this chapter can be generalized to
blockmodels with higher numbeof clusters, while for othdslockmodelsone cannot makeuch

speculations.
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4 Emergence of the asymmetric coreohesve blockmodel

The previous chaptashowedhat networks with the most common blockmodels can be generated
from random networks by considering only different types of tridtiss isimportant because it
shows that very clear global network structucas emerge solelgue tothese local network
characteristics (triad typeahd suggests that one can define some local network mechanisms that

produce a iyen global network structure.

The focus of this chapter is on studying the relationship between local network mechamisms
blockmodels. The difference between this and the previous chapter is that the mechanisms are
defined as rulefor creating links (byway of the node$ in a dynamic process while tlearlier

chapter considerddcal network configuration§.e. the number of different triad types.

Since theraaremany possible blockmodel types and local network mechanisnthis chapter
the context of likingand friendshimetworks in kindergarters considered (it is arbitrdy chosen),
to find an appropriatblockmodel type andorrespondindocal network mechanisms.

The blockmodel type is selected based on the observation that childréa fart graups when

they enter kindergartehose withina ¢ hgrduplspesnd more time with each other than with
those from other groups. At the same time, a graugpular group of children is formed with
which all the otherchildrenwant to spend considerable amount of time. Therefore, the selected
blockmodel is the asymmetric cecehesive blockmodel type, which is assumed to be present in
empirical preschool children networkbhis blockmodel typés a mixture of two very common

blockmodel types, nameltheasymmetric corgeriphery and cohesive type

Thelocal network mechanisms are selected based onrgéstidies on the evolution of popularity
and friendship netwé&s among the preschool children (see Sedli@), assuminghat sucha
structure can be found thesenetworks. Anothergasorexplainingthe choice ofmechanisms is
the assumption that the populanityechanism leads to the asymmetric goeeiphery blockmodel
type and transitivityelated mechanismiead to the ghesive blockmodetype. All mentioned

mechanisms and blockmodel types are described in more detail in the Seekons
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4.1 Asymmetric core-cohesive blockmodel

The asymmetric coreohesive blockmodel typeasat least threelustes of nodes Thenodesof
eachclusterare internally well linked. Alhodesare linked to the corelusterof nodes Such a
blockmodel type with threelustes isshowngraphically inFigure4.1. Here, the nodes represent
theclustes ofnodesA cluster,asvisualized at the topf thegraphc presentation ifrigure4.1a,
consists of internally highly linkedodesand is called a corduster(or core group)Thenodesn
cohesiveclusters (or cohesive grou@sk internally highly linked and are linked to the aduester
The blockmodel may be extended in such a way thatddesfrom one cohesivelusterarenot

highly internally linked.

The corenodescouldbe named popularodess i nce t he t &pofiten aSspaaediwit r i t y ¢
a high in-degree, which is a characteristic of the coltesterof nodes The term core is more
general than the term popular.

Figure 4.1: An asymmetric corecohesive blockmodeWith three clusters

com | nul | nul

com | com | null

com | null | com

4.2 Mechanisms which might lead to the cor&ohesive blockmodel

Since the asymmetric coomhesive global network structure has yettbeen formally presented

in the form of a blockmodel, is notmentioned in empirical studiesoncerned withhe evolution

of global network structuresiowever,on the assumption that the proposed blockmodel type is
present in the liking friendship networks among the preschool children, several mechanisms that

might lead to the proposed blockmodel typaybe identified based on the previous literature.

It has to le stressedherethat the characteristics of thedesare not considered in this study, even

though they can play an important roleniow links are formedn real network¥. The ability to

19 Kerns(2000)studied the friendships among children aged between 42 and 84 raadthss able toonfirm the
existence of several types of friendships (a.gluster of harmonious, responsive and interactive friendsimpgsaa

cluster of harmonious but independent friendshifsjne typesare expected to lash longer time while otherare
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generate networks with thaesiredblockmodeltypeswhen considenig only the selected local
network mechanismsay suggegpersonal characteristiese not nededfor the emergence of the

proposed global network structure.

Moreover when evaluating studiepnductedon networks among psehool childreraccording

to the global network structure, oneust differentiate between popularity and friendsA?ps
Popularity refers to the view that the grougdds with respect tan individual in termsof different

levels ofliking and disliking while friendship is conceptualized as a bilateral construct (although
empirical measurements of friendship networks are usually asymmetric). Considering liking as the
basic link between popularity arfdendship, Bukowski et al{1996) showed that the positive

association between popularity and friendships decreases with age.

Since conducting longitudinal sociometric interviews with a high level of reliability alitya
among preschool children might be too demanding for tiwtchildren andthe researcher, the
data which aranalysed are often observationdh such studies, a link tgpically operationalized

as an interactioand therefore the linkbat are observealre nordirected. If such interactions are
considered asn indicator of friendship, popularity or liking, the same mechanisms must be

expected tmot survive for as longHowever with respect tdhe latter it can also happen that they last relatively long
due tosome personal characteristics, e.g. in some cases friendships caoliedhesof graphical proximity between
two children or the result of one or both childrerthie current friendshigacking social skills. Similarly, Proulx &
Poulin (2013) showedthat personal characteristics such as aggressiveness, socatipemess and shyness affect
the number and stability of friendships among children in kindergarten (also see Engle, Metidvhasky(2011).
Depending on the childrénage, gender ianotherimportant personal characteristic when forming cohesive groups
of friends(Johnson et al., 1997hdams & Torr(1998)highlighted that friendships are much maruenced bythe
cultural contexthanany other institutionalized relationship.

20 Thiswasalso considered when operationalizing popularity througdeigree in empirical networks. For example,
when thinking about friendships &preschool environment the number of peer cdatadates more to the perception

of popularity among peers than the quality of contacts. Thoseahitfher number of peer contacts and those in the
centre of the network ateenceseen as more popular while the isolates are seen as more unpopulantheitska
Fontana & Cillessen, 2002yopularity can be achieved by positive or negative behay@illessen & Rose, 2005)
While groups of aggressive and popular students were found in many empirical studies among olderac$tildhgn,

by Estell(2007) did not confirm thisvas the casfor children inakindergarten.
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accounted fowhen testing for the emergence of the symmetric-coresive blockmodelpe.

The following mechanisms are often discussed in the literature:

1 Mutuality or reciprocityis definedasthe reciprocatiorof ties and is one of the most
fundamentalocal network mechanisms and a basic feature of socia{Difmiel, Santos,
Peceguina, & Vaughn, 2013)nalysing 49 to 62monthold preschool children, Snyder
et al.(1996)not only found that children sperdnsiderableéime with selected friends and
less with others, but also obsentad strong mutual affiliation of friendship$he mutual
links observedn the empirical global network structures can dsodue to the fact that
children prefer to interactith peers who are similar to themselves. This tendency often
fosters the emergence of mutual peer relationships during childBtomdk, 2015; Kandel
1978; McPhersoet al., 2001; Schaefet al., 2010)

1 Popularity is defined through an idegree in social network analysis and is usually an
operationalization of likeability or social stat(I3aniel et al., 2013)As alocal network
mechanism, popularity expresses the tendency to createnmitikethers with a relatively
high (in)degree (popularity level). The fact that somoelesbecome more popular than
othersmayrelate to their personal attributgsg. wealth, being good at something etc.) or
positive or negative behavio(Cillessen& Rose 2005)

i Transitivity measures the tendency for triadic closura@etworksi it he fri ends ¢
friends are also my friendso. Transi tivit)
propinquity of individuals who share mutual friends, or from a psychological need for

balance a convergence of t(Schaefatetpla20l0) es 6 eval ua

Many other studiesonducted among older individuals in a school environment foau=ed on
the local network mechanismsinderlying different kinds of networks. Some of Heeare
mertioned below to show thai) similar local network mechanisms might alsmat workamong
older individuals; and (ii) that the global network structofeliking or friendship networks
observed in preschool or among older individual might be sinYiktithese studiealso showthat

the strengths dhelocal network mechanisms might chawvgth age.

Schaefer et a(2010)studied the three most common netwékmation mechanismseciprocity,
popularity, and triadic closupeamong preschool children throughout a school year in four waves
using SIENA(Block et al., 2016; Handcock et al., 2003; Snijders, Van de Buat,, 2010)They
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found the reciprocity effect is constant over time while the popularity effect is most important
midway through the school year. The importance of the triadic closure effect increases in time,
which is expected since very early frienghshare typically playoriented dyads that primarily
socialize children into group lifHartup & Stevens 1997) When children gain more social

contacts and greater confidence, they move into larger g(blgpaip, 1993)

Daniel et al(2013)used ERGMRobins, Pattison, Kalish, & Lusher, 20@@)study the mutuality,
reciprocity, popularity and transitivity mechanisms on the forming of affiliative ties in 19
Portuguese preschool peer groups. They found that all of these mechanisms are important for

forming affiliative ties.

Later, Daniel et al(2019)collected and anasgd interactional networ#lata collected in several
waves among children aged 3 to 5 years. The data were collected in several classessaud analy
using SIENA. Compared to the data collected by Schaefer @040) the data collected by
Daniel et al.(2019) also contain information on who initializethe interaction. Based on the
analysed data, the researchers wer@&ble to confirm that the importance of local network
mechanisms chaeg ovetime. As they explain, this might becauséhey did not start coltging

the data immediately after the school ylead commenced

Dijkstra, Cillessen& Borch (2013)found that highestatus adolescents strive to maintain their
status by keeping lowetatus adolescents at a distance. Using SIENA, they analyzed longitudinal
data obtained from students from grades 6 to 8 of middle scAdolescents strongly prefer
similar or more popular others since this é@ad toa higher status for themselves. Here, popularity
increases the reqaiof bestfriend nominations, but decreadée giving of them. The idea that

lower-status individualgaretheinitiators of friendships was als@isedby Hallinan(1978)

Crockett, Losoff& Peterserf1984)conductedsemiannual interviews among 335 boys and girls
who werefollowed longitudinally fromgrade 6 to grade 8. They confirmed the perdeed
importance of being part of a cliquecreagswi t h t h e On thel ;herthan@ stuayg e .
by Brown, Eicher& Petrie(1986)shows the importance of being part of a cligue deeszamong
adolescents frorgrade7 togradel2. Shrum& Cheek(1987)observed that thehareof students
who are classified as membafsthe groupfirst increaes until grades but starts decreasing in

later grades. This is not due to the higher number of isotate$o the increasing number of
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liaisong!. Liaisonsardi|l ess | i kely to have friends who int
(Shrumé& Cheek 1987, p. 222)

Lubbers(2003)studied the structure difie within-classsocial networks of studentsr( average
agedl3 yars) with special attentido the differencesvith respect téhe network structures across
classes. To thiend she used a multilevel application of ERGM. She observed very strong
evidenceof thetendency toward mutualityransitivityandavery strong tendency against cyclicity

and 2mixedstars The combination of the latter is interpretedshswingthat the relationships
among students are hierarchically structured, especially when the link between two students is
defined througlco-operationandwhenboysare analged Indicators of ahierarchy were found

by Gonzalest al.(2007)who studied school friendship networlgdde7 to gradel2) drawn

from the Add Health study database using the threshold analysiseXtnagted networks based

on 3clique communitiesind networks based orclique communities Based on the distribution

of degrees, the authors suggest the network struittatés obtained mageduetot he #Ar i ch g
r i ¢ h e rwhileé¢ht ¢lustering coefficiergnalysisreveaéd a hierarchical structures present

in the friendship network.

4.3 Research question

This chapter addresses the second general research question of this dissEhmtiesearch
guestion this chapte&xaminess asfollows: Can the selected mechanisms lead the network to the

corecohesive blockmoddtructure?

The research question isen broken up inteseveralpartsentailing severasubquestionsas to
whether a coreohesive blockmodetan emergdrom: (i) an empty network(ii) a cohesive
blockmodej or (iii) an asymmetric corperiphery blockmodel All of these cases consider
popularity, assortativity two transitivityrelatedmechanisms and mutualitgechanisms as local

network mechanisms.

21 A liaison is defined aéShrum & Cheek, 1987,p.220) fian i ndi vi dual who is |l inked a
connecting into branching structures with isolgtgge 2) at one end and group members or other liaisons at the other;
(2) direct liaison, most (>50.01 percent) of whose interaction is with group members (but not any one group); (3)

indirect liaison, most (>50.01 percent) of whose links are with dthera i.s o n s 0
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This chapter is divided into several sections. In the next section, the network evolution model used
to generate the networks is descripilowed by formal defiitions of the listed mechanisms.
Methods for evaluating the global network structures are also presented in this section while the
results are given in Sectidn5. The latter is further organized in several subsections regarding the

global network structure of the initial networks.

4.4 Methods

Probability modelshave been already proposts friendship networks consisting of a given
number of cliguegJansson 1997) and probability models for popularity structure in social

networks where popularity is defined througkdegregJansson, 2000)

In this analysis, an algorith from theNEM family is used to generate networks by considering
several local network mechanisms with different stren@tiegghts) The obtained global network
structures are then evaluated by the number of inconsistent l@odkthe RF (sesubsection

2.5.2. The local network mechanisms are then discussed.

The proposed NEM imposes two main assumptions contmtre Markov processtwo links
cannot change simultaneoushnd the probability of dink changng can be expressed as a
function of the entire network at a certgoint intime (Zeggelink 1994) In the proposed NEM
the next stefn the global network structudeepends on the global network structuréhimcurrent
step.

The act or s 0 -oaented(Soijdess 1296) eneagngtath at fAeach actor t a
order to fulfil his own goals; these actions are in the domain of hisvoetaviouror of the directed

relationships from him to otherso. The action

Thealternative approach to studgtheg | o b a | n et weamergence and evolutiotoe 6 s
use SAOM (the samassumptionsnentionedabovealsoapply toSAOM). This approackanbe

applied in several ways.

Oneway is to use SAOM tayenerat networks wih parameter valudbat are randomly selected
The main issuén thisregard s t hat the space of all p,ossi bl

makingit very hard to find the most appropriate parameter valtissalsooften the case in SAOM
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and ERGM that small changesthe parameter values lead ¢tonsiderablehanges in the global
network structures. Therefore, even a higher numbdifigrentw e i g \fales would have to

be consideretb use the proposed methodgyjofor the NEM.

The number of all possible parameter valoeg be reduced by usinfeinitial values estimated
on empirical networksalthoughthis is not always possible, especially when the global network

structure of interestas not yebeenempirically observed and the data are ndbimgitudinal form.

Another approactis to generate severattificial networks with the global network structure of
interest ando estimate the SAOM parameter values based on such netWdrsenetworks
could becreatedin several ways. For example, some random ecaukl be added to the networks
with the chosen blockmodel(s) without errobs.this case, theerrors must be generated by
considering thedependency in the global network structures betwamrsecutivenetworks.
Otherwise, it could happen that the parametaes left notestimated because the randomly
generated errors would not reflect the presence dbdaenetwork mechanismiseing studed In
other words, the way in which the errase added to the ideal networks affethe SAOM
estimates. This is another rationale for choosing the proposed NEM over@hé\8iAen stuging

local network mechanisms.

4.4.1 Network Evolution Model

Before applying the iterative algorithm for generating random netwedeAlgorithm 4.1), one
must specify the initial network in the form of a binarg z ¢ adjacency matrixv, the vector of
weights of the locahetworkmechanisms—the probability of establishing a link at each iteration

), and the number of iteratioids.

The algorithm is as follows: at each iterationde™Qs randomly selected with probabilipj €.
Then, the network statistiCsare obtainedby the operationalized selected mechanisms presented
in the next subsection. These network statistics are weighted by the vector of wéilgicts
networkmechanisms—producing vectosr ~ "¥—. Thenodes for which itholde 0 « (0
stands for the'8quartile), are classified isetd and thenodes for whichitholde 0 « (0
stands for theSlquartile), are classified in s& With probabilityr}, the link from"Qo randomly
selectedCirom set6 is set ad with the probabilityp 1} a nonlink from “Qo randomly selected

"Grom set'Ois established.
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Algorithm 4.1: The NEM algorithm for generating interactional networks

set initial network @

set vector of weights of the mechanisms —
set probability of establishing a link n
set number of iterations a

repeat @ -times

[randomly select node Q

|calculate network statistics according to the selected mechanisms for the node "Qand all
|other nodes; save itin Y

|

|calculate . Y

|

| classify node Qinto the set 6 if « O « ,where 0 isthe3 " quartile

[classify  node Qinto the set "Oif « 0§ ¢ ,where 0 isthel st quartile

|

|with probability i set "® "Qwhere "Qis randomly selected from the set 6

|with probability p 1N set '@ "Qwhere "Qis randomly selected from the set O

return generated network

The fact thalinodecan establish a link to those to which it is already linked can result in no visible
change of a link upon a given iteration. Similar is true wime ‘@stablishes nontie tonode’Q
if there waspreviously no link. The links in the resulting netwaire represented by 1s while Ron

links areshownby Os.

4.4.2 Local network mechanisms

Different local network mechanisms can be considered in the proposed NEM. The term
mechanisndescribes a process that dewencrete actionaccording tonodesin the networks
(e.g. creating a link to a highlgopular unit). These mechanisms can be operationalized by

different statisticge.g. the alter isdegree) that reflect the mechanisms.

As described in the previous section, the proposed network statidiesweighted by a given
vector—A higher positive weight is associated with the greater importance of a given mechanism
while a lower positive weight is associateidh a given mebanismbeing lessmportart. Higher
negative weights are also associated with mecharttsabare more important, but the direction

of the mechanisniseffect is the opposite. For example, a negative weight for the popularity

mechanism is interpreted aseadency to avoid creating linkgth highly popular others.

In the current study, the following network statistics are defined and usedri(gee 4.2):
mutuality (M), assortativity(A), popularity (P), transitivity (T) and outgoing shared partners
(OSP). They are defined on a network witimodes represented by the binagy ¢ adjacency

matrix @, and normalized in such a way that the minimum corresponding values are 0 and the
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maximum values are 1. The different netwsthtistics considered are schematically shown in
Figure4.2 where dashed lines illustrate the litdesngevaluaed in terms ofppeaing, confirmng

or disappeang. The imageshown inFigure4.2a corresponds to the tendency of having a link.
Since this is not a focal mechanism, it is implemented in the NEM algorithm as pargnigter

following network statistics are considered in this section:

1. Mutuality (Figure4.2b) reflects the tendency to reciprocate links. It is operatizethby
anasymmetric irties statistic as

p Q0w prw p

ol oot ‘0 £ ®I 00l Q i

The first conditioris satisfied only when theiis a nonreciprocal link froomode’@o node
‘QWe are usinghe normalized statistic (M) defined as

5 60 Oi e
0 O T
B ®i wa@e &

2. Alter popularity (Figure4d2c) (referred to as fApopul aritydc
creating linkswith the most popular ones. The popularity statistic (P) is calculatéatior

nodeas the ratio between the-diegree of thé&lh nodeand the total number ofodes

B

S 1%:9)
€ p

0 "AQ

3. Assortativity (Figure4.2d) reflects the tendency to create links to thosdeswith the
same level of popularity (idegree)The asortativity statisticq) is defined as
B o B

6AQ I A - frt 8

and can be calculated for each painoéles if ‘GandChave the same idegree, they have
the same assortativity with all otheodes Thed "@1Qhas the value 1 wherodesndQ
do not differ in the number of incoming ties. In our model,rtbdethat has a chance to

change a tie is chosen and therefore for onlyrtbdeand all the otheris & "@iQapplied.
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4. Transitivity -related mechanisms(Figure4.3) reflect the tendency to create links to those
nodeswith whom anodeshares a higher number of reciprocated ormemiprocated links
to othernodesin the network. The concept of the selected mechanisms geresydhie
ideas of triangles and-gars(Snijders, Pattison, & Handcock, 200&)is very common,
especially whemnalysing networks by ERGM &AOM. There are four types of shared
partners(Robins, Pattison, & Wang, 20Q9et just two of them are considered in this
chapter:

a) Transitivity (T), also referred to as an outgoing tywath (O'P) (Figure 4.2e): a
transitivity relation is defined a8 "Qwhere alsd(® Q0 "QThis meanshattransitivity
is a tendency formodeto directly connect tthose nodego which it is indirectly connected
with (one or more) paths of length two (with more paths increasing the tendency).

b) Outgoing shared partners (OSP) (Figure4.2f): node™Qis a shared partner of the ordered
pair ‘AQif '® Qand™® Q@ OSP represents & dfsftawatctwhiad
traditionally based on similarity acabng tothenode® at tr i but es.thd n t he

effectis defined by similar choices of partn€¢Robins et al., 2009)

To compute the statistics associated with these mechanisms on the selecteadopkes Of
andQone must identify the otherodes(not ‘Cand not'@which are linked witHiGandQ

(shared partners) in a given way. When the transitivity statistnsidered, the number

of alternative intermediaries on two paths fréo "Qs computed as

Both "Y'@IQ and( "YU@Q give thenumber of shared partners of a given type beti@en
and’QBy fixing node'Qone can obtain vectaswith £ elements where each ual stands
for the number of common friends betweenrtbdeand alltheothernodes The'&h value

of vector w can be normated aswj B . Such normalized statistics are uded

operationalie the transitivity and OSP mechanisms.

107



Figure 4.2: lllustrations of different local network mechanisms

Ol OO

(a) parameter q (b) mutuality
(c) popularity (d) assortativity

(e) transitivity (f) outgoing shared partners

't i s assumed t h are theesaniedon alcdesedardless of thdirtpasition in
the network. However, the effect@fmechanism cawmary from nodeto nodedue to the weighted

network statisticge ), whichmayvary amonghodes depenihg on theirnetworkpositiorf.

The weights of the mechanisroanalsovary from nodeto nodeandmay depend on e.g. age or

some othenode® at t. Bimcénadege sattri butes are nthisisseeonsi de
does not apply, but it is worth menting that some authors argue (based on analysis of empirical
studies on friendship networks) that the mutuality mechanism might be weaker fontiuese

whichare involved in transitive tripletsompared to the otheBlock, 2015) The author explas

this by stating that fembeddi n@onesdeddiethanansi t i
reci pr o(Black 2045 p. A70)After explicitly addressg this issue in their study of

22There are some other considerations whifthn arisefor most empirical studies thase SAOM or ERGM. For
example, the weights of the mechanisms are fixed for all nodes regardless of their attributes. In addition, a global
network structure can influence the selected mechadigmmortance. For example, some empirical studies on
friendship retworks show the mutuality mechanism might be weaker for those nodes involved in transitive triplets
compared to the others (Block, 2015). However, differentiating the strength of the impact of a global network structure

fromt he set of meafagvennsdaand viow eersg it has quoitde contextspecific.
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interactional networks among childrddanieletal. (2019)were unabléo confirm this effecvas

present among preschool children.

Figure 4.3: lllustration of different types of shared partners

(a) outgoing two path (b) outgoing shared partner
(transitivity) (OSP)
(OTP)

(c) incoming two path (d) incoming shared partner
(ITP) (ISP)

4.4.3 Selecting the weights of the mechanisms

One way to select the set of mechani smsoé wei
model with different sets of mechanism weights (in this study, 30 networks were generated with
each set of mechani smd wei ght @&Kshavelthe asgnometeics s wh
corecohesive blockmodel structure, nepecifieddirectblockmodelingBatagelj, Ferligoj, et al.,

1992; Doreian et al., 2008 applied.

To perform bl ockmod e packagg ,Gi tbhheeldf@tihe B prégrarondirg! i n g o
language is used. The blockmodels obtained are compared to the ideal asymmetobesine
blockmodel by the number of inconsistent blocks ésbsectior2.5.1). For a given networlgne

or more inconsistent blocks meadifferent blockmodel. In the case of many generated networks
(generated in the same way, including the same selected local neh&ohlanisms and their

weights) a mean number of inconsistent blocks higher than 0.5 indicates a high probability that

the selected mechanisms and their corresponding weights generate netivaaksther
blockmodel typethan desired (orbeing compared to).The overall number of errors of the
blockmodeling structure obtained aadsvis the ideal one is analgd by using the RF (see
subsectior2.5.2).
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In order to reduce the computational burden, only 300 randomly seledt® considered. The
mechani smsd wei ghts ar eé8—s edissatisfiedd Thes randdmhvalues t h e

are generated by first sampling five values from the standard ndiistebution %.and then

multiplying them bythescalar— %b B %o (Marsaglia 1972; Muller 1959)

4.4.4 Evaluating the global network structure

The number of inconsistent blockseesubsection2.5.]) is used to evaluate how close to the
proposed blockmodel type is the blockmodel obtained frorartiyg@rical network®. Although the
proposed approach is sufficidot evaluaing the presence of the selected blockmodel type in the
empirical data, it does notvealthe overall level of erroracross bloks. Therefore, the RF is used
(seesubsectior2.5.2%4 The random networkiseesubsectior2.5.5 are generated such that the
densityis fixed while the distribution of the degrees is allowed to vary, as proposed byBalyd

(2006)for the core-periphery structure.

Observing the number of inconsistent blocks and the values of thaftFeachof several
iterations can help evaluate the convergesfdbe global network structure. The global network
structue can stop changing significantly because the selected local network mechanisms reach the
most optimal global network structure or because the local optinasrbeemeachedOne or the

other can be the case when the Rifuesstop changing significantlyBecause of this, the
convergence of thelobal network structuras also evaluated by looking at some visual
representations of the generated networks at different ngmibiégrations.

22 The three clusters are pspecified in the nospecified direct blockmodeling used in this chapter. This is because

the focus is on generating blockmodels with three grodgs.in some cases, the generated networks have a core
periphery blockmodetiefined on two clusters only. This does not affect visual examination of the netserks
generated (e.g. one can identify the presenaeasymmetric corgeriphery blockmodel in the Ba networksshown

in Figure4.7) or other interpreted results. In chapters where the aim is to generate symmetric or asymmetric core
periphery blockmods (e.g. Chapte8), the number of clusteksingconsidered is two.

24 For each generated network, the mean RF values are calculated by considering each selected blockmodel type,
regardles®f the initial blockmodel. Comparinthe trajectories of the mean RF for different blockmodel types can

helpin understanihg and explaiimg how the global network structure of the generated netwevkdves
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45 Results

The section is organizedtmthree subsections. Different initial global network structures are
assumed in each subsection (empty networks, networks with a cohesive blockmodel sanatture
networks with an asymmetric ceperiphery blockmodel structure). The remaining methodology

is the same for all three parts: 300 vectors
are generated; 30 networks are generated for each set oAmisuhweights; each network is
generatedvith 32,269 iterations.

The networks generated along the way are atsdyzed The intermediate number of iterations

a, at which the global network structure is analysed is determinéd asd  z p&y where

a p T..TThis approach is used since the preliminary analyses showed the global network
structure changes more rapidly at a lower number of iterations. Therefore, more frequent insights

into the global network structures are needed at a lower number tibrisra

The intermediate networksa n d Afinal o n ead woy rnérspecifeed directa nal y
blockmodeling with threelustersassumed and null and complete blocks allowed (structural
equivalence is considered). Based on this atferage number of inconsistent blocks is calculated.
Ten—s, generating networks with the lowest number of inconsistent blocks, are selected for each
type of initial global network structurdhe restriction to only 16-s is made due tthe high

compuational cost®f generating networks and obtaining Rifues

The networks are then generated again, based on the sédgctadvith an increased number of
iterations up to 108,694 iterations. The intermediate number of iterations for the case of
G MBh iscalculatedag & G .Thevaluest I8 are calculated differently

in order to avoid a high number aferations implied by the constant 1.Bre-specified
blockmodeling (an asymmetric cecehesive andan asymmetric corgeriphery with three
clustes, and a cohesive blockmodel with telostes are assumed) is applied and the RF values

are calculated inrder to more precisely evaluate the global network structure.

4.5.1 From an empty network to the corecohesive blockmodel

The mean number of inconsistent blocks along with the corresporgingnstances where the
initial networks are epty networks are presentedTiable4.1. Note that only the results for the

best 10-s(according to the mean number of inconsistent blocks affe632terations) are given.
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The mechani s ms 6 Tabledlate nad directlyacomparahl@artly becauséhe
mechanisms are interdependeahd partly becausethey are not defined for absolute
comparability®. The highest wights are usually for the transitivity, mutuality and assortativity
mechanisms. The values of the popularity mechanism are generally lower, especially when the

value of the transitivity mechanism is high.

Table 4.1: Mean number of inconsistent blocks forthe selectedPs (initial is an empty
network and target is an asymmetric corecohesive blockmodel with threeclusters)

— NUMBER OF ITERATIONS Zsg | e

= 5% | §
> | S|z S5 | =2
Ll >~|E|E|E 22 | w8
clE|lg|<|Z2 Exy |uE
o| Jd| < |kE|E 29 | xy3
- < 4 | x| u | o| cz c =

121228 e8|/ 8|8 888

) n | 8|83 | 8| ||~ |o - AR

S| |2 /FE|d8 8|28 |8 |23 |J |5 | a8 |8|=

224 45 | .10 | .77 | 44| -08]4.3[3.7[34|28[1.2]09|04|04[02[01] 00| 078
226 65 | -04| 11| .71| .23 [42[35[3.0|22[22[12(04(02[01]01] 01| 089

2281 .59 | .12 | 24| .76 |-08/44]140]32|25]|16]10]06]03]|0.2]0.2 0.1 0.84
136 41 | -18|.37|.74|-34|/46]43|36[28|16|/08]06|03]03]0.2 0.1 0.84
238 .37 |61 | 35|/.00|.61 [ 44]141|34|/24|17]13]05]04]03]0.2 0.1 0.93
153| .84 | -14|.36|.32|-21|142]|45|35|/30/19|1.0/05|04|03]0.3 0.1 0.75
286| .52 | .26 | .33|.72| .16 |40/41|33|24|16]14]/06,04]04]0.3 0.2 0.79
259|151 |57 |1.60]|.25|.02 |42|39(35/26|15]/15]/06]04]03]0.3 0.1 0.81
40 | -13|-06|.49|.85|.10 |42]45|32]25]11]/05]/05]05|/04)|04 0.3 0.67
57 |-37]-33|.59|.63|.09 148/44|35/28]/15/04]/04]05]04)/04 0.6 0.61

Note: The results for the best tems, according to the mean number of inconsistent baules
shown.

The mean number of inconsistent blotkselatively low for the generated networks according to
t he mechani s ms Gfabe4li Yehthesneapn numéen is especially low for those
networks generated according to the first five best The mean RF valuder the 108,694

iteration are similar for the networks generatgdhe first ten-s (se€lTable4.1 andAppendix A).

The trajectories shothatthe mean RFs for the different blockmodel typessarglar for most of
the selecteds. The exceptions are tha with ID 40, ID 57 (the mean RF values converged at

approximately 4,705 iterations) and ID 153 (the mean RF values did not converge). The results for

25 All statistics exceptassortativity, are normalized in such a way that the sum over all nodes equals 1. Assortativity
is normalized such that the value corresponding to each nbedinisen 0 and 1 and the sum over all the nodes usually
does not equal Higher weights argypically needed in the case of the first normalizativet isdescribed to achieve

the same impact.
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all the selecteds are provided iMppendix Awhile a more detailed explanation for thavith
ID 238 is given inFigure4.4 (the mean RF values arénslar for the networks generated by the

mechanism weightstatedn Table4.1).

Figure 4.4: Mean value of the relative fit for each blockmodeltype and the distribution of
the densityof the generated networks (by consideringhe P with ID 238
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Figure 4.4 showsthat the mean RF values corresponding to the asymmetnieperiphery
blockmodel type araround zeraurtil iteration 361 The mean RF values corresponding to the
corecohesive and cohesive blockmotigles are increasing with the same speed (d@mwalues
corresponding to the cohesive blockmodel type are usually slightly higher)sddgestghat

cohesiveclustes are formed at very early stages, beforectireclusteremergs, which is not in
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' ine with the o0bser v arengtonadeby&thaeteet al.(2018)thatome hani s
would expect theore clusteto first emerge. However, the networks are very sparse at this stage
and the mean RF values are very Idel¢w0.3). At between ,BO3 and 2476 iterations, all the

mean RF values are relatively close. The common global network structure cannot be easily
recognized by visually observing some generated networks since they look very heterogeneous.
Common to all the networks at this number ofatems is that they become much denser. In some
networks, this is expressed in the global network structures, which are ctbeedoeperiphery
blockmodel type with the cordustercompromising half of th@odes In some other cases, the
global netwok structure close to the ceoehesive blockmodel type appsawWhen thisoccurs

there are usually many linksoin the core clusteto the largest cohesivduster Later, the mean

RF values for the asymmetric ceperiphery blockmodel and cohesive bloaael mainly remain
constant while the mean RF values corresponding to the-cohesive blockmodel type are

increasing. This is primarilgeenin the decreasi& the number of errors in null blocks.

Figure 4.5: Some networksgenerated(by consideringthe P with ID 238) with an asymmetric
core-cohesive blockmodel
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Note: The networks are generated by considerngith the highest mean value of the R¥;
0 TR TP 1™ Y 10 YO i php uvIw'Q 1 The networks are drawn
in line with the blockmodels obtained (nepecified model)lnitial networks are empty networks.

4.5.2 From asymmetric coreperiphery to the asymmetric corecohesive blockmodel

It is assumed in this subsection that the initial network has an asymmetripecipieery
blockmodel(the coreclusterconsists of eightode$ with 11 or 12 randomly relocated links (0.1

level of errors, sesubsection2.5.3.
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The number of inconsistent blocks is low after the first 100 iterations for all selext8thce the
blockmodelof the initial network is asymmetric congeriphery, asmall number of inconsistent

blocks is expected (the asymmetric epeziphery blockmodel is part of the asymmetric eore
cohesive blockmodel). The number of inconsistent blocks decreases very quickly. Specifically,
four—s generate networks where the mean number of inconsistent blocks is very close to zero after
the first 4705 iterations.

Table 4.2: Mean number of inconsistent blocks for the selectefs (initial is an asymmetric
core-periphery blockmodel with two clusters and target is an asymmetric core&ohesive
blockmodel with three clusters)

— NUMBER OF ITERATIONS =5|&

> o = o

E| > 55| 02

I i I = 22|85
°c|lE x|k E Ex (LB
2123 Elw £8 | L3
2 282 clgls|a|3|& 58 5

o o I © —

S| |2|/E/8|s|3|8 8| |J|F|alg[d|= |
9 | 10| 29| .72] 58| 23] 1.0 1.0] 1.0] 0.9] 0.6] 0.4] 0.3] 0.0] 0.0] 0.0] 0.0] 088
40 | -13]-06] 49| 85| .10 1.4] 1.0 1.0] 0.6] 05| 0.2 0.0] 0.0] 0.0] 0.0 0.0] 086
193] -03| 21| .44] 28| .83| 1.2| 1.0] 1.0] 0.7] 05 0.1] 0.0] 0.0] 0.0] 0.0] 0.0[ o081
226| 65| -04] 11| 71| 23| 1.1] 1.1] 1.0] 0.8] 05| 0.3] 0.3] 0.1 0.0] 0.0 0.0] 0.90
8 | .11[-03] 42| 66| 61| 1.0] 1.1] 1.0] 05| 0.3 0.1 0.0] 0.0] 0.0] 0.0 00| 087
57 | -37[-33] 59| 63| .09] 16| 1.1] 1.0] 0.8] 0.3 0.0/ 0.0] 0.0] 0.0] 0.0 00| 083
48 | 44| 15[ 26| .79]-32| 1.0| 1.0| 1.0| 0.8] 0.4 0.5 05| 0.4] 0.2] 0.1] 00| 0.86
73 | .01] 44| 43| 36| .70| 1.0] 1.0 1.0] 0.9] 0.7] 05 0.2] 0.1] 0.1] 0.1| 0.1| 0.86
134] -18] 20| .60| .21 .72| 1.3| 1.0] 1.0] 0.7] 0.6 0.3 0.1 0.1 0.1] 0.1| 0.1 0.74
202| -.28| 48] 47| 15| 67| 1.8] 1.1] 1.1] 0.8] 0.8] 0.2] 0.3] 0.2] 0.1] 0.1] 0.1] 0.80

Note: The results for the best tés, according to the mean number of inconsistent blocks, are
shown.

The mean RF values are very similar for the networks generated by considering the-sest 10
(seeTable4.2 and Appendix A). By looking at the RF valuesH{gure4.6) corresponding to the
networks generated by considering thavith ID 226in Table4.2, one can notice an expected
decreasén the RF valuesvith the number of iterationgorresponding to the asymmetric core
periphery blockmodel type. On the other hand, the RF values cord#sgdo the asymmetric
corecohesive and cohesive blockmodel typee increasing with the number of iterations. The
trajectories are parallel. This is the logical implication of the emergence of the cotlasies

in the initial asymmetric corperiphey blockmodel type.

This can be confirmed by visually observing some randomly chosen generated nefugnries (

4.7). The initial global network structe remains relatively unchanged after the first 100 iterations.
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Soon, one cohesivdusteremerges, whil@another one (which is usually smaller) becaneore

prominent at higher number of iterations.

Figure 4.6: Mean value of the relative fit for each blockmodel type and the distribution of
the density of the generated networks (by considerinipe P with ID 226)
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Figure 4.7: Somerandomly selectedgenerated networks (by consideringhe P with ID 226)
with an asymmetric corecohesive blockmodel
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Note: The networks are generated by considetimg—uwith the highest mean R¥alue —

0 1 W mitd ™AY P YO T o vIa Q ofw The networks
are drawn in line with thblockmode$ obtained (nospecified model). Initial is a network with
anasymmetric corgeriphery blockmodgwith somenumberof errors).

4.5.3 From acohesive blockmodeto an asymmetric corecohesive blockmodel

Here, he initial networks have a cohesive blockmastalcturewith 3 clustes and approximately

11 randomly relocated links. Eaclusterconsists o8 nodes The mean number of inconsistent
blocks given inTable4.3 is 2 untilthe 361 iteration for all best ten-s that generate networks
with the lowest mean value of the number of inconsistent blocks at the 82i@@gion. This is
expected, as expleed in the previous section (the asymmetric quaphery blockmodel and the
asymmetric coreohesive blockmodel differ in two blocks). The fact that the mean number of
inconsistent blocks is decreasing throughout all iterations (for manynstead bstabilizing at
higher iterations, indicasthe global network structures generally did not converge. The number

of iterations is therefore increased, when calculating the RF values, to 108,694.

The trajectories for the mean RF values correspondindfayetit blockmodel types are given in
Figure4.8 for the—with ID 238 inTable4.3. It can be seen thatfter the first 100 iterations, the
mean RF for the cohesive blockmodel type is the highest, as exgecliedving 686 iterations,

the values decrease while at a highember of iterations they remain relatively stable. On the
other hand, the mean RF values for the asymmetriepemphery blockmodel type are increasing
with the number of iterations mostly between iteration 361 and 4,705. The mean RF for the

asymmetriccorecohesive blockmodel type usually converges at around 62,839 iterations. This

pattern is similar for the oApperdixAlO0 sel ected
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When looking at some generated netwofkgre4.9), it becomes clear that the asymmetric eore
cohesive blockmodel type appears after 8,939 iterations in most networks. Between 361 and 2,476
iterations, there is no recognizable global network structure for three clusters. This transition phase
is common ér many of the other selected.

Table 4.3: Mean number of inconsistent blocks for the selected®s (initial is a cohesive
blockmodel with three clusters and target is an asymmetric coreohesive blockmodelith
three clusters)
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136 .41] -18] .37| 74| -34]2.0[2.0[20[16/09[07]06[02][02[02] 01| 086
228| 59| .12| 24| 76| -08]2.0|2.0[2.0[19|15[09[05[03[02[02| 00| 084
224 45| 10| 77| 44| -08]2.0[2.0[20[19|10[09]04]03[02[02] 00| 088
153 .84] -14| 36| 32| -21|2.0[20[20[17][08|05[03[06]06|02] 02 072
286| .52| .26] .33 .72| .16]/2.0[2.0[20/20[15]1.3[06][03|04[03| 03] 0.77
226| 65| -04] 11| 71| .23[2.0[2.0[20[21[28]1.3[07][03|04[03] 02 089
259| 51| .57| .60| .25 .02/ 2.0[2.0[20[16|11[13[05]/07/05[/03| 02 073
163| 44| 15| 49| 41| 61]20[20[20[22[16[13[07]05]/04|04| 03] 087
172 28] 80| .17] -01] 51]2.0[20[2.0[19[16[15[1.0[(08]07|05 04| 079

Note: The results for the best ters, according to the mean number of inconsistent blocks, are
shown.
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Figure 4.8: Mean value of the relative fit for each blockmodel type and the distribution of
the density of the generated networks (by considering the with ID 238)
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Figure 4.9: Somerandomly selectedgenerated networks (by consideringhe P with ID 238
with an asymmetric corecohesive blockmodel
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4.6 Discussion on the mechanisms

In orderto determine the seibf mechanism weights that generate networks with the global
structure closest to the asymmetric eoobesive blockmodel, 300 different sets of mechanisms
weights were randomly selected. The same values were used to generatedHesrietwlifferent

initial global structures. Based on the number of inconsistent blocks, the ten best sets of mechanism
weights were chosen for each initial structukenong the ten best chosen sets of mechanism
weights for each initial structurenly 19di f f er ent set s of obmioedani s ms
More specifically, the sets of mechanism wésgare very similar when the initial network is an
empty network or a network with cohesive blockmodelet arevery different when the initial
network is an asymmetric coperiphery blockmodel. This shownby a Venn diagramRigure

4.10) which visualizes the nuiber of common selectees (the selecteds are shown iffable4.1,

Table4.2 andTable4.3).

When the initial network is a cohesive or empty networle cargenerate networks with a global
network structure sufficiently close to the asymmetric -@mieesive blockmodel type by
considering eight different sebf mechanism weightsF{gure 4.10). The asymmetric cofe
periphery initial network structure shares only one common set of mechanism waightise

cohesive initial global network structure and two sets of mechanism weights with the empty
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network agheinitial network. The seven sets of mechanism weights, which were selected only
where the global network structure of the initial networks was asymmetrigpedphery, are
strongly characterized by high valués the transitivity and/or OSP mechanisms, which is
expected since tlygpromote the forming of cohesivdustes while the most popular oradready

exists. Inbrief, the same set of mechanism weights can lead to a network with the same global

network structure, especially when the initial globatwork structure is a cohesive or empty

network.

Figure 4.10: Number of the best(based on the mean Rkalue) common selectedPs according
to the initial networks with three different global structures
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Figure 4.11 illustrates the associations between different weidbtsthe five mechanisms
considered. The same 19 chosen sets of mechanism weights are presented as described in the
previous paragraph. The sizes of the points are proportional to the mean RF values. Since most of
the mean RF values are very similar (and hige sizes of the points are similar. Different colours

indicate the different global structures of the initial networks.

A relatively strong linear negative correlation is observed between the popularity and transitivity
mechanisms. This indicates thatem one mechanism has a high weight, the other becomes less
important for the asymmetric ceoehesive blockmodel to appedn the case of undirected
networks,the transitivity mechanism is generally known b&ing responsible for the formation

of cohesve clustes, yetwith the directed networks considered in this study it also promotes links

from thenodesof cohesiveclustes to thenodesof the corecluster Let us assume thabdein
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Figure4.2, transitivity) is anodefrom the corelusterandnodes@ndare from the same cohesive
cluster(a reciprocated or nereciprocated linkexists between them). In such a case, when the
transitivity mechanism is applied a link frét@o "vould be promoted (iK® Cexist), that is a

link betweeranodefrom the cohesivelusterto anodefrom the coreluster The OSRnechanism,

on the other hand, is also related to the fogwf cohesiveclustes, but does not promote the
establishingof links to thenodesof the corecluster(sincethatis a symmetrical characteristic).
Therefore, when the OSP mechanism is strorgptipularity mechanism is usually also strong.
Based on théescribedrinciples, the correlation between the popularity mechanism and the OSP

mechanism is expected to be positive.

The mutuality mechanism is codsrably (negatively) correlated only with the OSP mechanism
and assortativity. Since OSP is a very symmetric mechamisge Qcan be selected in the
proposed algorithm in a specific iteration while, in another iteratiode Qcan be randomly
selectedIn both casesa link from onenodeto anothemodewould be promoted if they have a
sufficient number of links to the same others. This eventually results in a symmetie liftnd

the additional mutuality mechanisthereforebecomes less important for the asymmetric core

cohesive blockmodel type to jagar.

The given interpretation is only valid vié generating networks with the asymmetric eore
cohesive blockmodel type. The results would be diffesdr@ngenerating networks with different

global network structures.

Dependi ng on t hlebalsthudtutej oad mechanisrwar thd adher mgyght be more or

less efficient in generating the asymmetric ecolesive blockmodel type. For example, when the

initial network is cohesivighe popularity mechanismaybe more important since the links within
cohesiveclustes are already formed. On the contrary, when the global network structure of the
initial network is asymmetric corgeripheryt he shared partnersd rel at

transitivity and OSP mechanisms, are important for formingsieéelustes.
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Figure41l: The associations between the
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Note: Only the 19selected-sare shown. The points are coted according to the global structures
of the initialnetworks(red = empty network; green = network with a cohesive blockmodel; blue
= network with an asymmetric coperiphery blockmodel) The sizes of the points are
proportional to the mean RF values.

4.7 Conclusion

mechani
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The relationship between the most common local network mechanisms (which were also found to

be present in friendship and liking networks among preschool children), and the asymmetric core

cohesive blockmodel type is studied in this chapter. Understanath@eelationship is necessary

for studyingnetworks that arempirically obtained.
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The local network mechanisms are selected based on previous studies on the network evolution of
the liking, popularity and friendship networks among children in kindergaifhe selected
mechanisms are: popularity (the tendency to create links to more popular ones), transitivity (the
tendency to create links with those with whom a higher number of friends is shared), outgoing
shared partners (the tendency to create lokst hose who f#fl i ke the same

(the tendency to create links to others with the same level of popularity;degiee).

The proposed global network structure (the asymmetricaamesive blockmodel) is assumed to
emerge in suchatworks. It is a combination of two weéthown blockmodel types, namely
cohesive and asymmetric cqueriphery.

The research question is addressed by employing the proposed algorithm, which simulates the
evolution of a network based on the weights ofsblected locahetworkmechanisms. Different

global network structures are used for the initial networks (empty network, network with a
cohesive blockmodel and network with an asymmetric -perghery blockmodel) and 300
random sets of anegereratadi Formaaclh setwiaveights and each starting global
structure, 30 networks are simulated. To evaluate the obtained global network structure, the
number of inconsistent blocks, where the blockmodel strutiiates obtaineds comparedvith

the ideal asymmetric coreohesive blockmodel type, is considered. The relative fit function is also
applied for each generated network structure. Based on these two,driterme s et s of mech
weights that lead to the desired global network structeevaluated for each initial network.

Themanf i nding is that the selected five mechani
lead the networks to the asymmetric eocofesive blockmodel. This is true for each initial global

network structureghat s consideredYet, the sets of mechanism weights are very similar if the

initial network is empty or has a cohesive network structure. The weights are different when the
initial network hasan asymmetric coreriphery structure. The findings are espegiedlevant

becausén thisdissertatiornt is assumedhat the only information thatodeshave about the other

nodess their position in the network.

Over the course adnevolutionary process, it takes time for a blockmodel to become apparent.
When the asymmetric coemhesive blockmodel is the final one, the time (i.e. number of

iterations) needed to reach this blockmodel type is longer when the initial netveockhgsve
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blockmodel compared tthe other two initial global network structuregempty network and
asymmetric coreriphery blockmodel)Further Atransitiono gl obal net
appear in some cases. For example, when the initial network is eamatwork structure close

to, for examplethe cohesive blockmodel, might appear after some iterations. \Wtuglying

empirical networkstheresearcher usually does not know at which stage of the network evolution

the data were collected. This confirmattetudiesuchas the one ithis chapter are important for

the specific contexinder examinatian

The methodologythat is appliedcan be used to study the relationships between other global
network structures and local network mechanisms. It is impotttah they are carefully chosen
according to the context of the styds done, e.g. in Chapt@rof this dissertation, where the
social contexbf knowledgeflow is taken into accounEurthermore,he proposed algorithm for
generating networks could be adjusted or extetgadakingdifferent assumptions (e.g. in such

a way that the mechanism weights @meated asariable in time or across tine@desor that valued

networksor growing networks are generated
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5 Emergence of the symmetric core&ohesive blockmodel

The symmetric case tfie corecohesive blockmodel is studied in this chapter. A symmetric core
cohesive blockmodel (sdegure5.1) consists of one cor@usterof nodesto which all nodesin

the networkareall linked and wher@odesfrom the coreclusterare linked to all othenodesin

the network. The otherodesare classified in cohesivddustes. Nodesfrom each cohesiveluster

are internally linked to each other, whiteenodesfrom differentnon-coreclustes are not linked

to each other. The model can be extended in such a wayctbatexrof nodesvhich are not linked

to each otheinside theclusterwould also exist. Thalifference between the symmetric and
asymmetric cor€ohesive blockmodel type is thaith the symmetric coreohesive blockmodel

thenodesfrom the coreclusterand thenodesfrom cohesiveelustes are symmetrically linked.

Figure 5.1: A symmetric core-cohesive blockmodeWwith three clusters

com | com | null

com null com

This chapter consists of two parts. In the first part, the assuntb#ittihe proposed global network
structure emergesamong preschool children ismpirically tested. For this purpose the
symmetrized networks previously ansdg by Schaefer et a(2010) are analsed using the
blockmodelingapproachDoreianet al., 2005)Even thoughhefocusof this dissertation is more
on the local network mechanisms without considering the attribfite nodes, the results of the
current chapteraisevery important developmental questions, e.g. tloevnodesrom thecore
clusterdiffer from those from cohesivdustes and with implications (if any)doesthis hold for
their further individual development? Should such global network strubirencouraged or

discouraged?

The second part of this chapter indirectigdresses the second research question of this
dissertation. By using Monte Carlo simulatipmge test whether the symmetric cecehesive
blockmodel type can emerdgem the selected local network mechanisms. Here, the sacak
network mechanisms are assumed as in the previous chiagtestudiedhe emergence of the

asymmetric cor€ohesive blockmodel.
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One of such mechanisntizat is includeds the mutuality mechanism. Tiheason forconsidering
this mechanism itheseting of interactional networks is th#tte social proceasnderlying itis in
fact asymmetric. For example, thesealways onenode @Qvhich is an initiator of interaction with
node’QNode’zan respond in different ways. Oway is by engaging irfurther interactionsvith
node “Qor avoidng (or rejecing, i.e. running away) interactions withode 'Q The networks
generated by the NEMre later symmetrized because wish to simulate (i) the emergence of
the global network structure (which candathersymmetric or asymmetricand (ii) the process
of collecting (observing) the network data. Tretwork datdin the empirical data anadgd in this
chapter) do not provide informatiam who isthe initiator of a given interaction. Therefore, the
emnpirical network is symmetrized and the same is don¢he generated networks by the NEM

algorithm used in this chapter.

5.1 The empirical case

The hypothesishat asymmetric corecohesive blockmodas present in empirical interactional
networks is testedh the subsections below. To this end, the empirical data collected among
preschool children are anad using blockmodeling.

5.1.1 Data

The data were collected as part of a bigger |«
schoolbetween 2004 an2006 in Head Start preschool$esedata were also anagd inastudy

by Schaefer et a[2010) The data are observational in nature, meaning that trained observers
present in school classes recorded interactions among the children. Specifically, observers were
present for several hours in a classroom two to three days per week. To ensuredbevgiletity

and reliability, two observers monitored the same children at the same time for 10 seconds. The
order in which the observers watched over the children was random. When all children had been
observed, the observers waited 5 minutes before tisgeheir observations (with a randomly
reordered list of children). Children were obsereedagingn different activities, e.g. free play,
talking, aggressive behawig and others. The observers coded the type of activity in which a given
child was irvolved and up to five other children with whom the selected child was interacting.
Only the freeplay data (data collected when children were able to play freely) areseghadythis

study. Children had to be observed at least 13 times during the whola gear to be included
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in the analysis. Based on the observational data, four complete netwardgenerated for each

class.

Table 5.1: Some descriptivestatistics for the undirected interactional networks (from

September 2004 to May 2005)

Class | Number of children Number of observations Age spar| Share o
in the las| males in
period (il the last
months) | period

SepOct | NovDec | FebMar | AprMay | Sep Nov Feb Apr
2004 2004 2005 2005 Oct Dec Mar May
2004 2004 2005 2005

ID1 21 20 20 19 814 510 484 321 4258 63

ID2 17 17 15 14 57 95 236 374 4859 50

ID3 16 17 14 14 75 200 190 184 5058 50

1D4 17 18 18 16 104 410 525 548 4955 69

ID5 17 17 14 14 280 406 862 413 3757 50

ID6 15 15 14 14 202 343 1005 510 4659 43

Table 5.2: Some descriptivestatistics for the undirected interactional networks (from

September 2005 to May 2006)

Class | Number of children Number of observations Age spar| Share o
in the las| males in
period (iff the last
months) | period

SepOct | NovDec| FebMar| AprMay| Sep Nov Feb Apr
2005 2005 2006 2006 Oct Dec Mar May
2005 | 2005 | 2006 | 2006

ID7 21 19 17 16 594 564 196 589 4660 44

ID8 18 18 16 16 396 432 273 855 4358 69

ID9 18 18 16 15 663 406 368 1237 3759 40

ID10 | 16 15 15 14 931 496 309 1609 3960 64

ID11 | 15 16 15 15 172 241 395 574 4860 47

Each networ kdéds ¢ ons tmontlcperiod, as presented Bablee5d and im

Table5.2. The networks are in matrix form in which each row and each column represents a child.

The

given column) is shen in the corresponding matrigells The obtained networks were

transformed from directed to undirected and binarized: there is a link between two children if the

number

of

a given

chil

dos

(i n a

gi ven

a

number of observed interactions is higher than the median (of the number of interacti@snbet

all possible pairs in the network which include #dimks) divided by two.
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The number of children varies between 14 and 21 across all networks. In the last period, the
children were aged between 37 and 60 months and the share of males varied bg¥wean 4
69%.

5.1.2 Methodology

Binarizednetworks are blockmodeled to evaluate the global network stréftt8iace structural
equivalence isonsideredthe possible block types are null and complete. In order to not constrain
the blockmodelingprocedure, the relationships betwednstes (image matrix are not pre

specified.

The blockmodeling iperformedu si ng t he fAbl oc(k®ola&ddifarh@R pac k a
programming language. The numberaridom restartis the blockmodelingprocedures 500 and
3 clusters are set for all netwofks

5.1.3 Results: empirical blockmodels

Figure5.2 gives the matrix representation of the asatl/networks. Each matrix corresponds to
one network at a given time point. Black dots denote links. Children are ordered by rows and by
columns in line with the solution from the blockmodeling. It can be seen that the networks are very
dense, which is expeed since interactional networks were observed in a closed environment

(classroom). Some are almost complete.

A symmetric coreperiphery blockmodel structure (see the framed matrices) appears in almost all
classes in at least one time period. It doesappkar in just two classes (ID2 and ID5) out of 11

classes. In the other classes, the symmetric-camesive blockmodel appears in tH¥ @me

26 The results of binarized networks are shown because ths ifothis study is narrowed to the relationship between
local network mechanisms and global network structures in binary networks. Nevertheless, the preliminary analysis
shows similar results would appear if the valued networks were to be analyseds his for these particular
empirical analysed networks, but in general it is suggested using blockmodeling for valued networks in order to
consider as much information as possible.

2" The preliminary analysis showed that the blockmdifils the most ofimal when thehreeclusters are specified

for most networkswhich entails a clear global network structUfarther analysis showed the clusters can be highly
explained by gender. Two clusters are usually gehderogenous while the third cluster is derheterogenous. In

the case of some networks two clusters would be more appropsagen irFigure5.2 (e.g.theclass with ID 6 from

the F'time point).
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period (in 7 classes out of 11) or in tHéahd 4" time periods (in 5 classes out of 11). Thester
sizesvaryi in some cases, the cari@sterconsists of only 2 children (ID3 in Fear 2005) while
in other cases the coctusterconsists of almost half the children (e.g. ID4 in N@ec 2004 and
ID43 in NowDec 2005).

Figure 5.2: Obtained blockmodel structures for each preschool class and each time period

Sep-Oct  Nov-Dec  Feb-Mar  Apr-May Sep-Oct  Nov-Dec  Feb-Mar  Apr-May
2004 2005 2005 2005 2005 2006 2006

Note: The classes are in rows denoted by IDs from ID1 to ID11. Undirected and binarized
empirical networks are considered. The obtained symmetriccobesive blockmodels are
presented in the framed matrices.

Some of the obtaineblockmodelsare similar to the symmetric coo®hesive blockmodel type
but are without links within the core (e.g. ID8 and ID11 in-8&p 2005) or without one cohesive
cluster(ID3 in Apr-May 2005).

It has been shown that the proposed symmetric-cmnesive blockmodetype appears in
empirical networks specifically, in interactional networks collected among preschool children.
The question of whether the most commonly studied local network mechanisms can lead the global
network structure to the symmetric carehesive is addressed in the next secfldre attributes

of thechildrenare not considered in this study.
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Although the selected mechanisms are very common in studies of network dynamics among
preschool children, it is not assumed that they play a role in forming the global network structures

in theempirical networks presented in this section.

5.2 Simulation approach

To evaluate whether the selected local network mechanisms can lead the global network structure
to the symmetric coreohesive blockmodghsimilar methodology is applied as in tlastchapter.
The differences are describedsubsectiorb.2.1while the results are providedsabsectiorb.2.2

5.2.1 Simulation design

Compared to the asymmetric carehesive blockmodel, a symmetric ca@hesive blockmodel
may be generated in several ways by considering differentieti@brkmechanisrma. Two distinct

approaches are identified with regard to whether symmetric or asymmetric links are generated:

1. Symmetric (non)links: here, it is assumed that all asymmetric links are reciprocated
immediately. This means that a symmetric tie will exist ieast one of the actors chooses
that tie and will not exist if at least one of the actors does not want it. The reciprocity
mechanism is not considered in this case.

2. Asymmetric links: only asymmetric links can be formed at a time athieve symmetric
networks:

a. the reciprocitymechanism must be considered. Here, a symmetric tie will exist if
both actors choose the tie and will not exist if neither actor wants it (an asymmetric
link will exist if only one chooses éhtie); and

b. the reciprocitymechanism does not necessarily have to be considered, but the
networks must be symmetrized before being further sadlyThis means that a
symmetric tie will exist if at least one actor chooses the tie aldet exist if

neither actor wants it.

The observed interactional net wor ks are symme:!l
process that initiates interactions is asymmetric. In such a process, an ego has to initiate an
interaction while aralter can either: (i) accept (and reciprocate), (ii) tolerate, or (iii) reject (i.e.
actively avoid) interaction. Eveimteractions actively rejected by the alter can be observed and
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recorded by the observalthoughoneis more likely to be recorded if is either accepted or

toleratedbecause such interactions might, butmecessaly, last for abnger amount of time)

Therefore, the approach where asymmetric ties are formed (by considering the mutuality
mechanism) and the network is symmetrizesfole being further anadgd is the closest
representation of the emergence of empirical networks. The algorithm for generating networks is
therefore the same asathproposed insubsection4.4.1 Because the generated networks are
symmetrized before being further areglgt, the global network structures of the generated
networksmustbe reevaluated (by using the concept of inconsistdocks and the concept of
relative fit) by considering the target symmetric ecobesive blockmodel. This can result in

different selected-s.

The local network mechanisms arperationalizedn the same way as subsectiord.4.2 The
considered local network mechanisms as follows the mutuality mechanism (M), alter
popularitymechanism (P), assortativilgechanism (A), transitivitynechanism (T) and outgoing
shared partner mechanism (OSP). The parametgr(the fundamental mechanism which
operationalizethe tendacy of having a link) is also considered. The value of parameateset
with referencdo generating networks with an asymmetric ecoobesive blockmodelo vfw The
asymmetric coreohesive blockmodel is used as a reference because it is assumdtk that

underlying process of initializing interactions is essentially asymmetric.

To generate the networks using the proposed NEM algorithm and by considering the selected local
network mechanisms, the same 300 sets of weights of the local network stgatsstiarerelied

onas in the case of the asymmetric eocobesive blockmodel.

Thirty networks are generated for eaehBlockmodeling for binary networks (on symmetrized
generated networks, structural equivalence is usedgri®rmedafter the selected number of
iterations of the algorithm. More preciseliietintermediate number of iterations at which the

global netwok structure is anabged, is determined a8 G  Z p&y whered p TL.TThis
approach is used since most changes in the structure of the links happen at a lower number of

iterations. A total of 116,490 iteratiorssapplied.
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Based on the blockmodelinglstion, the number of inconsistent blodkscalculated and used as
the fit function. Somes that generate networks with the lowest number of inconsistent blocks are

selected and further anabd by the RF function.

5.2.2 Generated networks

There are6 different—s generating networks without any inconsistent block at the end of the
iterations. Further, 76 differers generate networks with the mean number of inconsistent blocks
less than or equal to 0.5 and 109 differest generate networks with the mean number of
inconsistent blocks less than or equal to 1.

Table 5.3: Mean number of inconsistent blocksfor those Ps that generated networkswith

zero (mean number) inconsistent blocks at the end of the iteration@nitial is an empty
network and target is a symmetric corecohesive blockmodel with threeclusters)

— NUMBER OF ITERATIONS z
ET > o2
L]l >| &2 = %5
°clElx|«<| L s
Q| d| < | k| E X g
- < — @ ()] < o)) — 8 c =
2l212] 2 m| o|lw|lo|d|o| o< | S
51223 alslslalgl8|8|B8I8 |8 8 g8
S|ad|l<| 0|33 |8|8|dla|ls|lew 3|82 4
136| -.18| .74| .37| -.35| 42| 49| 5.0] 44| 33| 0.3| 0.0/ 0.0] 0.1| 0.0| 0.0| 0.0| 0.0] 0.96
25 | -43| 27| 66| .25|-50| 49| 48| 3.6| 0.8| 0.0] 0.0] 0.0| 0.0| 0.0] 0.0] 0.0| 0.0/ 0.80

279| 17| -11| 43| 60| 65| 4.7| 49| 34| 0.2| 0.0| 0.1 0.0| 0.0| 0.0] 0.0] 0.0] 0.0 0.50
248| 11| -58| 49| .78| -38| 4.7| 5.0| 40| 1.4| 0.3| 0.0] 0.0| 0.0| 0.0] 0.0] 0.0] 0.0 0.48
72 | -57| .68| .04| -46| .10| 49| 5.0] 4.1| 3.8| 0.7| 0.2| 0.0/ 0.0| 0.1] 0.0] 0.0] 0.0 0.35
22 | -24|-51| .21|-21| -78| 5.0| 51| 45| 20| 0.2] 0.0] 0.0/ 0.0| 0.0] 0.0] 0.0] 0.0 0.26

The—s that generate each network with a symmetric-cohesive blockmodel are shownTiable
5.3 along with the number of inconsistent blocks at a different number of iterations and the mean
RF value of the generated networks. Although all the generated networks have the same

blockmodelthey differ largely in the level of errors, expressedhaRF.
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Figure 5.3: Mean value of the relative fit for each blockmodel type and the distribution of
the density of the generated networks (by considerg the P with ID 136)
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A more detailed insight into Rfer a selected—(with ID 136) is given inFigure5.3. The mean

RF values are calculated for the symmetric emiesive blockmodel type, cohesive blockmodel
type and symmetric congeriphery blockmodel type. All RF values are close to zeroeafirtst

190 iterations. At such a small number of iterations, there are insufficient links to enable any of
the considered blockmodel types to emerge. However, at 361 iterations, a global network structure,
close to cohesive, can be visually recognizethengenerated networkBigure5.4). Since there

is a relatively high level of errors in null and complete blotks correspondg mean RF is very

low. With a higher number of iterations (until 1,303 iterations), the mean RF corresponding to all
considered blockmodel types is decreasing. In this step, links are established among different

clusters but, in some cases, links wittiia tore nodes are not present at this number of iterations.
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Moreover, there is a high level of errors in the null and complete blocks. After 1,303 iterations,
the mean RF value for the cetehesive and cohesive blockmodel only increases up until 61,311

iterations.

Figure 5.4: Somerandomly selectedgenerated networks (by considering thé® with ID 136)
with a symmetric core-cohesive blockmodel

ITERATIONS

0 686 1303 2476

1st S T T N T
network
2nd
network
3rd
network
4th
network

Note: The networks are generated by considering 0 ™D T T™RY
™ b0 YO @ ¢, 1 ufw The networks are drawn in line with the blockmodels obtained
(nonspecified model)The iitial network is an empty network.

The mean RF, corresponditgythe symmetric coreohesive blockmodel type, is close to 1 at the
end of the iterations, indicating the global network structure is the desirable one with almost no
error in null and complete blocks (as confirmedrigure 5.4). The mearRF for the cohesive
blockmodel is lower while the mea¥i "Qor the symmetric corperiphery blockmodel type is
highly negative, indicating that the randomized networks fit this blockmodel type much more than

the networks generated by the proposed algorithm.

5.3 Conclusion

This chapter builds on what it is shown fitve asymmetric coreohesive blockmodel in the
previous chapter. Specifically, itisvealedhat the selected local network mechanisms can drive
the global network structure towards the symmetric-coteesive blockmodel. The mechanisms
wereselected baxd on previous studies on linking and friendship networkbe assumption that
suchablockmodel type existamong preschoolers.

This chapter proposg¢he symmetric version of the cecehesive blockmodel and testhether
the proposed blockmodel appgam interactional networks in kindergarten. Further, by applying
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the methodology proposed in Chapieme testthe research question of whether thetuality,
popularity, assortativity, OSP and transitivity mechanisms can lead a global network structure

towards the symmetric comhesive blockmodel.

The existence of the studied blockmodel type is evaluaseth empirical data. The data were
collected within a larger longitudinal study among preschool children ib8#ebetween 2004

and 2006. The interactions among the children in classrooms were recorded and complete
networks were formed. The symmetric comesive blockmodel was found to be present in
almost all analged classes in at least one time period. This proves that the proposed global

structure(blockmodel type) is relevant for such data.

To address the research questammcerningthe emergence of the proposed blockmodel, the
algorithm proposed in Chaptémwasused to generate networkg considering the local network
mechanisms. The generated netwonleye symmetrized before being further arssgl which
reflects the nature othe interactions among children and the absence of informatiowhm
initiated theinteractions. The resultsf the Monte Carlo simulations confirm that the selected
mechanismsre able togenerate networks with the symmetric coohesive blockmodel. The
results do not imply that the global network structures of the empirical preschool networks
collected in thell classes in the $A emerged due to the studied local network mechanisms. To

address this question, a different methodology should be applied.

The study is important in several wags/en that understanding the (emergence of) peer network
structure hold important implications for directing adaptive (prosocial) and redirecting
maladaptive (bullying) peer network dynamics via intervention and prevention strategies. First,
blockmodeling is shown to be an efficient wafydescriting and analgingempiricalinteractional
network global structures ansecond,t is necessary tanderstand the link between the global
network structure and the local network mechanisms in a given comkebet studying (e.g.
modelling) the empirically obtained networks.was shown that the selected local network
mechanisms are importafdr the formation of the symmetric ceoehesive blockmodgkven
without considering angthernodeattributes. This implies that these local network mechanisms

should be considered whempirical networksre being studied
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6 Generatingthe selectedblockmodel types with the proposed NEM algorithm

The focus in the previous chapter (Chap)as on whether the selected local network mechanisms
can lead the network to the asymmetric ecolesive blockmodel. Three different initial global
network structuresre considered an empty network,a network with an asymmetric core
periphey blockmodel anda network with a cohesive blockmodel. Theffect of the selected

mechanisms is discussed in this context.

This chapter addresses the issue of generating networks with oth&naset blockmodel types

(i.e., cohesiveblockmode] symmetric and asymmetricoreperipheryblockmode] transitivity
blockmode] transitivecohesive blockmodghierarchical blockmodednd hierarchicatohesive
blockmode) by considering the same set of local network mechanisms as in the case of generating

asymmetric core€ohesive blockmodels.

6.1 Methodology

The methodologythat is appliedis the same afor generatingan asymmetric cor€ohesive
blockmodel(seeSection4.4). The value of paramet@r(which expresssthe tendency to haa

link) is choseraccording to the density of an ideal network with a given blockmodel. To compute
this density, the numberf cclustes is set to 2 (corperiphery blockmodel) or 3 (other
blockmodels) and altlustes are assumed to be of equal size (the excegpdiesymmetric and

asymmetric corg@eriphery blockmodels where the catastes consist opfo of all thenodes.

The total number of iterations is set toq 20 iterations to select the bésh—s according to the
mean number of inconsistent blocks. The restriction to only—ers applieddue to the high

computational costs of generating networks and obtainméEhvalues.

The intermediate generated netwodke analged até p T ferations andx a zZpd
(forp "Q p piterations. This approach is used because most changes usually hadpemat
number of iterations (at earlier stages of the network evolution). To estimate the RF values, the

number of iterations is increased, ¢ P& € ¢ (forpm Q p.
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6.2 Networks with a cohesive blockmodel

The number of inconsistent blocks (not shown in this document) appdrhthe case of most
—s that generate networisth acohesive structureith the lowest number of inconsistent blocks.
This is expected when pspecified blockmodeling with thregustes is searched foon the
network with the blockmodel with twdustes. Visual representations of the generated networks
reveal that the glmal network structures are indeed very close to cohesitaith three but two
clustes. Thismay be confirmed based on the number of inconsistent blocks presentedie
6.1.

The global network structure convergedthin 2,478 iterations. The absoluteeights of the
parameters are not generally comparablg when looking at the signs some tendencas
revealedA very obvious one is that the pdprity mechanisnis negative or close to zero in most
cases, while OSBnd assortativityare positive in all cases. Transitivity is usually positive, but
when the value corresponding to this local network mechanism is low or slightly negative, the

values corresponding to other parameters are positive.

Although all the—s shown inTable6.1 generate networks with a cohesive blockmodel with two
clusters, some generated netwofiks. —s with ID 5 and ID 25have higher levels of errors as
reflected by the RF in both casewith two and three clusters. In general, the RF values are lower
in the case of a cohesive blockmodel with three clusters than with a blockmodel with two clusters.
The differences are m@gively small which reflects the fact that the third cluster usually consists of
only one unit. The difference in the number of inconsistencies (in the case blockmodeling for
binary networks is used) between the model with two and the model with threecissherefore
relatively small and usually depends on the size of the clusters.

As may be seen iRigure6.1, the global network structure convesgbetween 8,939 and 16,984
iterations. The density of the generated networks is clogefictthan topfo. The density opAc
corresponds to an asymmetric cpexiphery blockmodel with two clusters of equal size while the
density ofp¥o corresponds to thdensity of a cohesive blockmodel with three clusters of equal
size. Lowering the value of parametgfwhich expresses the tendency to create links) does not

affect the results.
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Table 6.1: The mean number of inconsistent blockdor the selectedPs (initial is an empty
network and target isa cohesive blockmodel with two or threeclusters)

NUMBER OF ITERATIONS m‘;?tgrRF
— (the mean number of inconsistent blocks for cohesive bl
. 108,694
with twelusters . :
iterations
A ET 5
© > > ~
el > ElE|S
= o < =
J | < || E & &
< | J | x| o | |2 |8
- - @) pd ™ 0 T} o © © 7] 7]
5153218 s/glzg|gld8|5|2/812/3135 |3
S| a|<| 10133818 dlalg|lw |38 | |om
5 -36| -37| .86| -01| 07| 1.7 1.2| 1.0 1.0 1.0/ 0.1] 0.0 0.0 0.1| 0.0| 0.49| 0.44
8 11| -03| .42| .66| .61| 1.2 1.0| 1.0, 1.0f 0.6| 0.0| 0.0| 0.0f 0.0f 0.0| 0.75| 0.74
15 | -07| -84| .24| .04| .47| 19| 1.4| 1.0| 1.0/ 0.9| 0.0| 0.0/ 0.0/ 0.0/ 0.0| 0.83| 0.78
20 23| -52| .07| .76| .29| 1.1| 1.0 1.0| 1.0| 0.1| 0.0| 0.0| 0.0/ 0.0| 0.0| 0.89| 0.83
25| -50| -43| 66| .27| .25| 19| 16| 1.1| 1.0 0.6| 0.0/ 0.0f 0.0 0.0| 0.0f 0.60| 0.58
32 68| .38| .09| -03| .62| 1.1| 1.0f 1.0f 1.0 09| 0.7| 0.6 0.3| 0.1| 0.0f 0.99| 0.93
90 43| -77| .34 13| .31 1.2y 1.0 1.0/ 1.0f 0.9| 0.1| 0.0| 0.0f 0.0| 0.0| 0.95| 0.90
95 36| .40| .16| -44| .70| 1.2| 1.0 1.0f 1.0 0.9| 0.5| 0.2 0.0f 0.0| 0.0| 0.99| 0.92
97 48| 05| .32y .31| .75| 1.0 1.0| 1.0, 1.0/ 0.6| 0.0| 0.0f 0.0f 0.0f 0.0| 0.96| 0.90
98 40| -58| .04| .41| 58| 1.1| 1.0/ 1.0/ 1.0 0.0/ 0.0/ 0.0/ 0.0/ 0.0| 0.0| 0.96| 0.88

Note: The results for the best ters, according to the mean number of inconsistent blocks, are
shown.
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Figure 6.1: Mean value of the relative fit for each blockmodel type and the distribution of
the density of he generated networks (by consideringhe P with ID 95)
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The transitivitytype of mechanisms generally known to be related to the cohesiustesin the
network. Itwasshown in Sectior8 that there is a proportionglhigher number of triads of type
300 (and 102) ithecohesive blockmodel. Similarly, Fostgral.(2011)showedthattheclustering
coefficient which is defined based on the number of siad the modularityneasurdga higher
value of the modularity measure indicates the cohesigtes are more separated), are positively
correlated. However, as Biancoat al. (2014) pointed out the correlatio does not imply
causation. Therefore, thepnductedan experimenin which they showed that in growing non
directed networkghe closing of triads lead to the emergence of cohesictustes. In their
experiment, the new links were set with probabiljty they closed the triad, and with probability

p N otherwise.
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Figure 6.2: Some randomly selectedgenerated networks(by considering only the OSP
mechanism) witha cohesive blockmodel with two clusters
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Note: The networks are generatdry consideringonly the OSP mechanism— 0 "Y0

p8t T  ofw'Q T Initial networks are empty networkBhe networks are drawn in line with
the blockmodels obtained (nespecified model)To save space, only networks generated up to
the 62,83Y iteration are showrThe global network structuresmain stable at later iterations.

Figure 6.3: Somerandomly selectedyenerated networks(by considering only the transitivity
mechanism) with an asymmetric corgperiphery blockmodel
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0 100 190 686 1303 2476 4705 8939 16984 32269 47554 62839
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3rd e
network A

4th T
network R | NP

Note: The networks are generatday consideringonly the transitivity mechanism:—

"Y p8tthp ofw'Q 1 Initial networks are empty networkhe networks are drawn in
line with the blockmodels obtained (rspecified model)To save space, only networks generated
up to the 62,839 iteration are shownThe global network structures remain stable at later
iterations.

In this dissertation, it is shown that networks with a cohesive blockmodel can be generated by
considering only the OSP mechanisBuch networks have no errors, although consist of two
clusters Figure 6.2). Another, often discussed transitivitglated mechanism is OTg.k.a.
transitivity). Generating the networks bynsidering only transitivity does not result in a cohesive
blockmodel as one might assume, but results in an asymmetrip@agpéery blockmodel with a

very low level of errorsKigure6.3).

141



Some othetocal network effect, which are related to transitivitpr to the tendency to form
closed triads), are alternatif@triangleand alternatind@two paths(Snijderset al., 2006) TheQ
in the name of the effects re$¢o the number of shared partners betwaete @ndnode’QThere
is a link between them in the case of the alterndfdtigangle whilewith the alternatingQtwo

paths there is no link betwe&and’QBoth effects are often used in ERGd/analysaon-directed

networks.

A positive estimate of the alteriag ‘Qtriangle parameter in empirical networiksevidenceof

triangulation in the network and alsbthetendencyf or tri angl es to occur t
of which the coreperiphery global network structure might be the outc@Rmbinset al., 2009,

p. 107) When both effects are included in the model and the altern®inigngle effect is

positive, controlling for the alternatin§two-patts e f f ec t Aithen there is
transitivity in this network tends to occur because of the completion of the ba¥etsiarigles,

rather than completion of the sides. In other words, multiple connectivity in the form of
independenttwp at hs tends t o | @ebohsettalo 200%d. W08)r k cl osur e

The rext important effect is an alternatif@starmechanism, which is defined through the number

of Qstars and is used to model the degree distribiridine network. A positive estimate (e.qg. in
ERGM) fAAsuggests a preference for connections
a smaller number of higher degree nodes, akinto acare i p h e r yRokirts etalg 20091 e 0

p. 107)

On the oher handa combination of thelternating'Qtriangle effect and the alternatir@stars
effect can indicate a Aisegmented network of m
densi t yRolhna étlals 2009, p. 108)hen the estimatéor the first one is positive and

negativefor the second one.

The relationship between OSP and OTP and the resulting global network structures is not well

known, even though they are definemsedon the effectpresented abovdt is known, however,

2The term feffecto is used since this is established te
number of differentocal network structures, but are operationalized as mechanisms in the process of generating the

networks and estimating the corresponding model 6s par al
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that the pth-closure effectthe link from’@® (s set once the patt® Q° “exisss; this is related
totheOTP mechanism) is related to the closure of the structural (Rdééns et al., 2009, p. 110)
Therefae, the fact that different transitiviielated mechanisms can be related to either the
emergence of the copeeriphery structure oa cohesive global network structure agtremely

relevarn.

6.3 Networks with an asymmetric coreperiphery blockmodel

Some aspects of the relationship between the transiteliiyed mechanisms and the emergence
of the asymmetric corperiphery blockmodelvere already discussed in Sectiér2 Here, the

resultsof the simulation studyegarding the asymmetric ceperiphery blockmodel are given.

Table 6.2: The mean number of inconsistent blocks for the selecte®s (initial is an empty
network and target is an asymmetric coreperiphery blockmodel with two clusters)

— NUMBER OF ITERATIONS 1] g g’

«— O O
& c Bl T o
il > | 3| E 28 25
o i = = S Eg| OF
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= | < E | E co|lxd
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-} -} o | z ™ 0 0 o D © 08l ©

515 2121%/s/glalg|8|5 |83 |27¢

S |lal<|lrrlolS13 1818 dlal<|lwow!| S8

3 -24| 72| -08| .18| .62| 1.67| 1.27| 0.83| 0.03| 0.00| 0.00| 0.00| 0.00| 0.00| 0.00| 0.00| 0.84
11 | -.56 16| .46| .53| .40| 1.83| 1.57| 1.10| 1.00| 0.80| 0.17| 0.00| 0.00| 0.00| 0.00| 0.00| 0.49
13 | -40| .08| -17| .66| -61| 1.87| 1.57| 1.90| 0.53| 0.10| 0.00| 0.03| 0.03| 0.00| 0.00| 0.00| 0.55
17 25| .03 -40| .85| -.21| 1.17| 1.10| 1.43| 0.87| 0.03] 0.03| 0.00| 0.00| 0.00| 0.00| 0.00| 0.58
19 -77| -16| .29| 47| -26| 2.00| 1.83| 1.27| 1.00| 0.33| 0.00| 0.00| 0.00| 0.00| 0.00| 0.00| 0.51
27 -.66 15| .29| 62| .27| 193] 1.63| 1.07| 1.00| 0.50| 0.00| 0.00| 0.00| 0.00| 0.00| 0.00| 0.48
28 -06| .23| .b9| .28| -72| 1.63| 1.17| 1.00( 1.00| 0.43| 0.00| 0.00| 0.00| 0.00| 0.00| 0.00| 0.56
36 -77| .06 .34| 53| .14| 1.97| 1.70| 1.07| 1.00| 0.23| 0.00| 0.00| 0.00| 0.00| 0.00| 0.00| 0.48
39 | -18| 41| -38| .36| .72| 1.70| 1.40| 1.47| 0.27| 0.00| 0.00| 0.10| 0.00| 0.00| 0.00| 0.00| 0.52
40 | -.13| -06| .49| .85| .10| 1.73| 1.27| 1.00| 1.00| 0.90| 0.00| 0.00| 0.00| 0.00| 0.00| 0.00| 0.54

Note: The results for the best ters, according to the mean number of inconsistent blocks, are
shown.

Based on the number of inconsistent blodkab{e6.2), one mayconclude that the global network
structure convergesithin 1,303 or 2,705 iterations to the asymmetric gueaphery blockmodel
The target blockmodel appsaat the lowest number of iterations when #heith ID3 (in Table
6.2) is considered. Here, the weight correspngdo the popularity mechanism ikd highest
compared to others. The weights of the popularity mechanism are not so high in the case of other
—s, yetthe resulting global network structures are still very tye@symmetric corgeriphery As

discussed in Sectigh6, this impliesthat the mechanisms not seen as directly relategadicular
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global network structures(ch as popularityfor the coreperiphery blockmodel or certain
transitivity-related mechanisnfer the cohesive blockmodel) can produce an unexpected global

network structure when combined with other local network mechanisms.

Figure 6.4: Mean value of the relative fit for an asymmetric blockmodel with three clusters
and the distribution of the density of the generated networks (by considering th with ID
13)
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Note: The networks are generated by considetfieg—with the highest mean RRlue — 0

™ v 1@ ™ RY T YO 1 pn ofwy Q 1 Initial networks are
empty networks.

The mean values of the RF are intermediate to relatively high for the networks generated with the
—s shown inTable6.2. The—with ID 3 generates networks wim asymmetric corgeriphery
blockmodel with the highest mean RF. The mean values of the RF convengeirad 2,476
iterations Figure6.4), but the global network structure caineadybe visually recognized at 361
iterations (if the networks are drawn in line with the solution ofdinect blockmodeling, non
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specified model, ee Figure 6.5). The generated blockmodels contain a v&mall amount of
inconsistencies and the weight which corresgdadhe popularity mechanisr relatively high
compared to the weigh of other—s. Solely @nsidering the popularity mechanism would lead a

global network structure towards the asymmetric-qgaephery blockmodel type.

The lowest values (0.48) correspond to-tsewith ID 27and ID 36. The values are lower due to

a higher number of errors in null blocks. More precisely, there is a tendency for a lower level of
errors in complete blocks that correspond to the links from peripheral nodssre nodes
compared to the complete blocks which correspond to the links among the core nodes. There is
also a larger amount of errors in the block which corresponds to the links between the peripheral
nodes (like those generated by considering-#hwith ID 19). It turns out that these errors are not
randomi one or two cohesive clusters tend to emerge in the periphery cluster. This implies that
these mechanism weights might lead the global network structure to the asymmetmhesige
blockmocel with relatively a large number of errors and with a prevalent core cluster.

Figure 6.5. Somerandomly selectedgenerated networks (by considering thé® with ID 3)
with an asymmetric core-periphery blockmodel
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Note: The networks are generated by considetfieg—with the highest mean RRalue — 0

™t TP iy 1™ @ YO @ ¢, 3 ofw Q T Initial networks are
empty networksThe networks are drawn in lingith the blockmodels obtained (n@pecified
model).To save space, only networks generated up to the 82i@88tion are showrThe global
network structures remain stable at later iterations.
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6.4 Networks with a symmetric core-periphery blockmodel

The mean number of inconsistent blocks for the best$eapproach to zero atrelatively low
number of iterationsT@able 6.4), meaning that the symmetric ceperiphery blockmodel can be
generated by considering the selected local network mechanisms.

It is worth mentiomng that the weights correspoing to the poplarity mechanism are negative or
close to 0 in most caseBhis is expected becausery strongpositive weights of theopularity
mechanisnpromote links to the most popular ones (i.e. thosealigh in-degree) and, therefore,
lead the global network structure towards the asymmetricpniphery blockmodeHowever,
negativeweightsof the popularity mechanism promote linksing establishetb those witha
lower popularitylevel (i.e. with a lower in-degree) This canmovethe global network structure

towardsa symmetric corgperiphery blockmodel

The weights corresponding to the assortatisitychanism are also negative. Thisigicipated

since heterogeneity in Hdegree isa fundamental chacteristic of the corperiphery network
structure.A very strong assortativity mechanism might generate links between the peripheral
nodes Moreover the weights of the mutuality mechanism are positive in most cases, which is
expected since all links inhé¢ network witha symmetric corgeriphery blockmodel are

symmetric.

Although the symmetric corgeriphery blockmodel appesn the generated networks, the mean

RF values are relatively lowléble6.3). In some cases, the mean RF is close to zero (imagcat

the analysed networks do not have the selected blockmodel type), while the highest observed value
is 0.30. In the latter case, the wlig) corresponding to mutuality and transitivity are around 0.5
while the weights for assortativity and OSP are arour@5. The weight of the popularity

mechanism is close to 0.

The fact that a relatively high level of errors is found in the generatedrkst@igure6.6) may
be due to hows are generated. Although 300 randomly generadeate considered, it is possible
that 300 is too low and that thkewhich would generate the network with a symmetric €ore

periphery structure still exists.
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For example, one could argue that ahigpopularity and mutuality mechanisms would leadrtio
asymmetric corgeriphery blockmodel with the logic thatan asymmetric corgeriphery
blockmodel appearbecause of the popularity mechanism and therefore only asymmetric links
mustbe symmetrized for the transitiona@ymmetric coreeriphery blockmoell).

Indeed, the arbitrdy selected— 0 & b 780 X generates networks withsymmetric
coreperiphery blockmodel with almost no errors in null blo¢kgyure 6.7). Even though the
absolute value for the popularity mechanism is low, the most poglulsteremerges ah very
smallnumber of iterations. Theodesfrom the most populatlusterare not inérnally linked ata

low number of iterations in some cases, which might be due to the high weight of the mutuality

mechanism.

Table 6.3: The mean number of inconsistent blocks for the selecte®s (initial is an empty
network and target is a symmetric coreperiphery blockmodel with two clusters)

— NUMBER OF ITERATIONS -5 |&
l|>~]E2|2|E 82 | 85
S| kE|lg|<| 2 Eg | L&
ol Jd| < | E|E 22 | Xy
- < | [ad ) < o CQ c =

% E 8 <ZE Ll ool al SIE|S8|8|3 g $§ S

S|R12/E18]|213/8/8 |53 |J|5(xl88| = [=
31 | .49 -08]-31]-26] .77 2.0] 2.0| 2.0] 1.8] 0.1 0.0] 0.0 0.0] 0.0] 0.0 00| 0.12
102] 17| -35| -48| .64| 46| 2.0| 2.0| 1.9] 1.9| 2.4| 1.4 05| 0.1] 0.1] 0.0 00| 0.11
106| .77] -56] -03| .29] -.09| 2.0| 2.0| 2.0| 2.7| 1.5| 0.0] 0.0| 0.0] 0.0] 0.0 00| 0.3
110| .43| .16] -10| .87| -14] 2.0| 1.9] 1.2| 1.0| 1.0 0.6] 0.1] 0.0] 0.0] 0.0 00| 022
130| 52| -18] -66| .47| -18| 2.0| 2.0| 1.9] 15| 0.6] 0.0] 0.0| 0.0] 0.0] 0.0 00| 012
174] 35| -40| -19] -.33| .75| 2.0| 2.0| 2.0| 2.1 0.2] 0.0] 0.0] 0.0] 0.0] 0.0 00| 012
185| .86| .17| -43| .10| .21| 2.0| 2.0| 1.5 0.8] 0.1] 0.0 0.0 0.0] 0.0 0.0 00| 0.27
196| .26] .08] -.20] -.02| .94| 2.0| 2.0| 1.8 1.8] 1.0] 0.0 0.2] 0.0 0.0 0.0 00| 0.17
218| 57| .04| -54| .44| -43| 2.0| 2.0| 1.7 1.2| 0.3 0.0] 0.0] 0.0] 0.0] 0.0 00| 0.30
229| .08] -53| -44| 61| -38] 2.0] 2.0| 2.0| 1.7] 0.9] 0.2] 0.0] 0.1] 0.0] 0.0 00| 0.06

Note: The results for the best ters, according to the mean number of inconsistent blocks, are
shown.
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Figure 6.6: Somerandomly selectedgenerated networks (by considering th® with ID 218)
with a symmetric core-periphery blockmodel
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are empty network3.he networks are drawn in line with the blockmodels obtained¢penified
model).To save space, only networks generated up to the 62i@88tion are showrT.he global
network structugs remain stable at later iterations.

Figure 6.7: Somerandomly selectedgenerated networks(by consideringonly the popularity
and mutuality mechanisms) witha symmetric core-periphery blockmodel

ITERATIONS
0 100 190 361 686 1303 2476 4705 8939 169 32269 47554 62839
1st T r
network T A
2nd e : i CELIE
network :ﬁ 5 1 . . . . ] ]

2 méngﬁﬁﬁﬁﬁ
R e e el el =l

Note: The networks are generated by consideanly the popularity and mutuality mechanisms
— 0 ™ b0 moxand ulw Q T Initial networks are empty network3he
networks are drawn in line with the blockmodels obtained-gp@tified modgl To save space,
only networks generated up to the 6283@ration are showriThe global network structures

remain stable at later iterations.

6.5 Networks with a hierarchical blockmodel

Based on the mean number of inconsistent blocksajtbe concluded thianone of the best ten
—s lead the global network structure @ hierarchicalblockmodel(Table 6.4). Evidently, the

algorithm for generating networks did not converge at 32,269 iterations in the case-efTéuey
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pattern of decreasing and increagimgmean number of inconsistent blocks by iterations indicates

the global network structure will notoniverge taa hierarchical onéf the number of iterations
increasedHowever, based on a visual inspection of the networks so generated it can be seen that
many—s lead the global network structure towards the transitivity blockmedetith ID 21, 8,

190, 37, 247, 86 and 91, also see subseétignTheglobal network structures of the othey are

less clear. They are all similar to thosewhaon Figure6.8.

Figure 6.8: Somerandomly selectedgenerated networks(by considering theP with ID 200)
with the target hierarchical blockmodel
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networks are empty networkBhe networks are drawn in line with the blockmodels obtained (non
specified model)To save space, only networks generated up to the 62j@38tion are shown.
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Table 6.4: Mean number of inconsistent blocksfor the selectedPs (initial is an empty
network and target is a hierarchical blockmodel with three clusters)

— NUMBER OF ITERATIONS
-
= >
Ll >~]E]2 =S
clkElxz |22
o = < = =
A = S = O I s | o
2|2 2]q 2| 8|8 8¢
) ) Q Q - © ™ < = o :
2918|3188 88|33 |5]2]s]q
21 -33| -41| -78| .35| .02 2.7 2.3 1.6 1.3 1.7 1.7 1.9 1.8 1.6 1.5
43 -.50 23| -55| -.04| .63 2.7 2.5 1.9 1.5 2.1 2.3 2.3 1.7 1.8 1.6
190 | -56| -58| -.18| .42| .38 3.0 2.9 2.3 1.6 1.9 2.2 1.8 1.9 2.0 1.7
208 | - 76| -.27| -.39| -.06| .44 2.9 2.7 1.9 1.4 2.1 2.5 1.9 15 1.8 1.7
37 -71| .02| -.69 10| .05 2.7 2.2 1.4 1.3 2.5 1.9 1.7 1.5 1.7 1.8
247 | -53| -64| -.22 43| .26 3.0 2.9 2.8 1.4 1.9 1.6 1.6 2.4 1.8 1.8
290 | -.38| -.31| -.60 27| .57 2.7 2.5 1.8 1.3 1.7 2.4 2.3 2.1 2.3 1.8
86 -.05 26| -.70 26| .61 2.9 2.8 1.9 1.6 3.0 2.7 2.2 1.9 1.9 1.8
200 | -.60( -.16| -.73| -.25| .10 2.7 2.3 1.6 1.3 2.2 2.2 2.0 2.1 2.0 1.8
91 -78| -.01| -58| .06| .24 2.9 2.7 1.5 1.2 1.6 2.1 1.8 2.1 1.7 1.9

Note: The results for the best ters, according to the mean number of inconsistent blocks, are
shown.

Table 6.5: Mean number of inconsistent blocksfor the selectedPs (initial is an empty
network and target is a hierarchical-cohesiveblockmodel with three clusters)

— NUMBER OF ITERATIONS
7
E | >
5> =
L | >~ & 2]|E
°© Elz | k|2
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- ! = @ ) < o
E E o) Z o ™ o) o) o) o) ©
15|38 l8ls slz|g|B 888 23
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221 A1 -75| 20| .48| -10| 54| 39| 34| 26| 34| 35| 28| 27| 20| 19
153 84| -14| 36| 32| -21| 52| 46| 35| 31| 27| 26| 23| 24 23| 21
226 65| -04| .11| 71| 23] 45| 35| 30| 23| 35| 31| 24| 22| 21| 21
228 59| 12| 24 76| -08| 51| 42| 32| 28| 33| 3.0 26| 23| 22| 22
136 A1| -18| 37| 74| -34| 51| 44| 36| 32| 28| 28| 26| 23| 23| 22
238 37| .61| .35/ .00| .61| 53| 41| 34| 26| 34| 33| 25| 24| 23| 2.2
99 55| 40| .18| .19| -69| 5.7| 50| 4.7 42| 33| 29| 23| 22| 22| 23
224 45| 10| .77| .44| -08| 5.7| 43| 35| 31| 33| 30| 23| 22| 21| 23
286 52| 26| .38| .72| .16| 46| 41| 33| 32| 32| 34| 26| 24| 24| 23
114 14| -92| .02 .09/ .36 5.1| 35| 30| 22| 37| 40| 29| 20| 22| 23

Note: The results for the best ters, according to the mean number of inconsistent blocks, are
shown.
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6.6 Networks with a hierarchical-cohesiveblockmodel

As with the hierarchical blockmodel, the mean number of inconsistent blocks ddedi hetow
1.9 inconsistent blocksndicaing ahierarchicalcohesiveblockmodelis unable tde generated
by using the proposed algorithm and selected mechanisahke.5). This means that some other

or some additional mechanisms should be considered.

6.7 Networks with a transiti vity blockmodel

Low values of the mean number of inconsistent blocks at 32,269 iterations indicage that
transitivity blockmodel can be generated by considering the selected local network mechanisms.
However, since the mean number of inconsistent blocks is decreasmgenations, it my be
assumed the global network structure did not converge after 32,269 iterations. As mentioned, some
values are already low at this number of iterati@ixamples are the mean number of inconsistent
blocks corresponding to thedt ard second-s with ID 38 and 43Table6.6). The sizes of the

clusters irthe networksgenerateére more homogenous when thwith ID 4 is used.

Table 6.6: Mean number of inconsistent blocks for the selecte®s (initial is an empty
network and target isa transitivity blockmodel with three clusters)
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38 | -77| .38|-23| 0.0 45| 36| 3.1| 22| 22| 1.7| 1.2] 0.8] 0.7| 0.7]| 0.5 0.6 0.48
43 | -50| .23|-55|-04| .63| 3.7| 3.1| 23| 24| 24| 18] 1.2| 0.9| 09| 05 04| 0.30

21 | -33|-41]|-78] .35| .02| 3.6] 26| 21| 23| 2.1| 16| 11| 0.6] 1.0| 0.7 04| 0.33
244| -52| -39| -25| .31| 65| 3.8] 33| 23] 21| 26| 29| 1.7] 19| 19| 0.7 0.5 0.23
91 |-78|-01|-58]| .06] .24| 34| 2.7| 22| 23| 21| 20| 09| 1.2| 1.7| 0.7 0.2 031
37 | -71] .02]|-69| .10| .05| 3.6] 28| 2.1| 22| 1.2] 0.7 0.4] 0.7| 0.8] 0.8 09| 047
146| -60| .30| -61| -37| .19| 3.7| 2.8| 23| 23| 24| 24| 20| 1.1| 1.0| 0.8 01| 031
247| -53| -64| -22| 43| 26| 3.1| 3.6| 24| 33| 26| 1.8 15| 09| 1.0] 0.9 0.6] 0.30
13 | -40| 08| -17| .66]|-61| 35| 3.1| 24| 22| 21| 16| 16| 1.3] 13| 1.0 11| 0.61
175 -33] .07]|-33| .72] 50| 3.8] 32| 23| 28| 1.8 1.7 15| 14| 12| 11 13| 054

Note: The results for the best ters, according to the mean number of inconsistent blocks, are
shown.

The mean RF value3 éble6.6) are relatively lowmainly due tathe high level of erros inthe

null and complete blocks. In the case of semgethe number of inconsistent blocks is relatively
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high at 32,269 iterations, but the mean RF after 108,694 iterations is higher compared-ts, some

generang networks withalower mean number of inconsistent blocks at 32,269 iterations.

Figure 6.9: Somerandomly selectedyenerated networks(by consideringthe P with ID 13)
with the target transitivity blockmodel
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networks are empty networkehe networks are drawn in line with the blockmodels obtained (non
specified model)To save space, only networks generated up to the 62i&88ation are shown.
The global network structuresmain stable at later iterations.

Table 6.7 Mean number of inconsistent blocks for the selectedPs (initial is an empty
network and target is a transitive-cohesive blockmodel with three clusters)

NUMBER OF ITERATIONS

ID of—

o 8
w» | 8| &8 | 8| 8| @
o - - %) © -
-08| 5.20| 4.87| 3.97| 2.77| 2.17

16| 5.13| 4.97| 4.10] 3.00| 2.07
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40 -13] -.06| .49| .85| .10| 5.27| 4.97| 4.33| 2.87| 1.33] 1.30 1.17| 1.20

153 84| -14| .36| .32| -21| 5.63| 5.17| 4.30| 2.70| 2.10| 1.53| 1.20 1.27| 1.20

136 41| -18| 37| .74| -34| 5.13| 4.83| 4.17| 2.70| 2.00| 1.90| 1.27| 1.17| 1.30| 1.23
2.03 1.37
2.73 1.37
2.00 1.30
2.00 1.33
1.97 1.57

N|N[TRANSITIVITY
N |o

[

w

e

i 132.269
NN

==
N=)=)

e il
B IR 28939
WOowlw

48 44| 15| 26| .79| -32| 5.50| 4.70] 4.43| 3.00f 2.03 1.47| 1.67 1.27
226 | .65| -04| .11| 71| .23| 5.03] 4.13| 3.63]| 3.33] 2.97 1.83| 1.53 1.27
202 | 33| .04 .14| 84| -42| 550| 4.60] 4.03] 2.90| 1.97 1.83] 1.50 1.27
224 | 45| 10| 77| 44| -08| 5.33| 5.27| 4.23| 2.77| 2.23 1.30] 1.23 1.30
70 74 16| 51| .34| -23| 5.20] 5.20] 4.53] 3.03] 2.03 1.30] 1.33 1.37

Note: The results for the best ters, according to the mean number of inconsistent blocks, are
shown.

The networks with the highest mean RF are generated usirgwita ID 13 (Table6.6). There

is a very small number of errors in complete blocks and a higher number of errors in the first null
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block on the diagonal (showing the most popular ones tend to be linked to eacfFigieep.9).
This global network structure is thus very close to the asymmetrigeoighery blockmodel type.
In Section6.4, the networks generated by considering thigre evaluated in terms of the

asymmetric corgeriphery blockmodel. The mean number of inconsistent blocks is very low there

6.8 Networks with a transitive-cohesiveblockmodel

None of the generatees produced the transitivaohesiveblockmodel. The eight out of ters
with the lowest number of inconsistent blocks are the samién@sgenerating asymmetric core
cohesive blockmodels. The exceptionstaee—with ID 292 andhe—with ID 70 which were not
identified as—s, thereby leadindead the global network sttture towards the asymmetric core
cohesive blockmodel but, based on the results provid€dhkte6.7 one cannot conclude that they
lead the network t@ transitivecohesiveblockmodel with threeclustes. Instead, the global
network structureof such generated networks reminiscent othe asymmetric core€ohesive
blockmodel typeexcept forone cohesivelusterwhich is mutually linked to the couster(the
—with ID 292) or to the asymmetric ceoehesive blockmodel with thregustes of which one

cohesiveclusteris internally norlinked the—with ID 70).

6.9 Conclusion

The aim of this chapter was to test whethrez cargenerate some of the most common blockmodel
types byapplyingthe methodologysedin Chapte# to generag¢ networks with asymmetric core
cohesive blockmodel type. The proposed NEM algorithm was used along with five selected
mechanisms: mutuality, popularity, assortativity, transitivityd aOTP. The networks were
generated by considering differerd. All mechanisms were considered, even though only a few
would be theoretically justified in some cases. For exantplgenera¢ networks with the
asymmetric corgeriphery blockmodel, onlythe popularity mechanism is needed. Yet, the
analyses show that combinations of other local network mechanisms can also drive the global

network structure towardmasymmetric corgeripheryblockmodel

The five selected mechanisms can also be used teragenthe symmetric coperiphery
blockmodelalthoughthe number of errors ithe networksso generatetd relatively high. This is
notdue tothe inability to generate such networks with the selected local network mechanisms, but
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becaus®f the relativéy low number of-sthat were generat@00 different-s). This was shown

by considering only the popularity and mutuality mechanisms with aibjtssiected weightdn

this setting, it is possible to generate networks wislymmetric corgperipheryblockmodel with
averysmalnumber of errors. The parameteros value
was set t@much higher value than tivalue for theparameter corresponding to the assortativity

mechanism.

A very clear global network structuremergeswhen generating networks with cohesive
blockmodelyetthe resulting blockmodels consist of two insteathefexpected threelustes. A

vital observation here is that the transitivity (also known as OTP) mechanism leads the global
network structure towardan asymmetric corgeriphery while the OSP mechanism leads the

global network structure towardsohesiveblockmodel

Networks with a transtivity blockmodel can be generatedsing the selected local network
mechanisms. Thse networkshavea higher number of errothan networksgyenerated witha
cohesive or asymmetric ceperiphery blockmodel. In the case of somg the generated

networks ontain errors in one of the null blocks on the diagonal.

By considering the selected mechanisms and their weights, itnpassible to generate networks
with a hierarchical blockmodel. Thes that generated the networks with the lowest number of
inconsstent blocks in fact produceal global network structure that ©oserto a transitive-

cohesiveblockmodel.

It wasalso inpossible to generatehierarchicalcohesiveblockmodel anda transitive-cohesive
blockmodel The—s that generated theetworks with the lowest number of inconsistent blocks
actually generated networkahoseglobal network structurgvas close toan asymmetric core
cohesive blockmodel.

One reasoior the inability to generate networks with suchlobal network structure ag bethe
relatively small number of generateds (300 in this study)althoughanother reasomay be a
failure toconsidercertainotherrelevant local network mechanisn®me possible local network
mechanismselevant tothe emergence of the hierarcHibdockmodel type are discussed in the

chapterthat follows where the social context of the knowledlyav is taken into account.
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7 Hierarchical blockmodels in knowledgeflow networks

It is well known that the social network structures in a given compahyomly influence
knowledge creatioy determining individuals' opportunity to access and combine knowledge
(Nahapiet& Ghoshal 2000) but also affect the willingness and ability to transfeany more
complex knowledgéReagans McEvily, 2003) Yet, less is knowmboutwhich type of global
network structuresupportsoptimal knowledge transfer and wdhi local network mechanisms
promote the emergence of this global network structure.

Therefore, chaptaimsto study which local network mechanisms can lead a network towards the
oneproposedn the sectionsppearingelow. The type of global network structure is determined
accordingfirst, to previous studiethatseekto understand how different network properties affect
the global network structure ansecond, tanalysis of the empirical knowleddlew network

Next, the selection of the local network mechanisms is basedhentheory proposed by
Nebus(2006) and analysesof the evolution of empirical knowledgeow networks including
selected employeattributes Like in the previous chapters, MEM is used to test whether the
proposed local network mechanisms can lead the global network structure to the selesed one
subsection7.1).

It mustbe emphasized that the formal global network structure can be determined by company
policies and the informal global network structure can also ipduencedby some personal
employee characteristic§such as personality type) which can affect emplayeep o sithei o n
network and thetey the global network structu@ehra Kilduff, & Brass 2001) Formal and
informal global network strdares are not independent.

7.1 The global network properties and knowledge transfer

Thenodesn the network are employees and the links between them operatidhaliznsferof
knowledge The latter is defined by »advice seekirand »learning from Empirical studies show
that the relationships in advi¢€arley& Krackhard{ 1996)and learning G k e 1, Diraovséi,|

& Desouza, 2010petworks tend to be asymmetc nonreciprocated.
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AAdvice seekingodo and dl earni ng f rsoihe flavofe t he
knowledge in empirical research, yet measuring different kinds of knowledige (neta
knowledge, problem reformulation, validation and legitimation) incee#ise validity of the
measurement since different kinds of knowledge can lead to very different global network
structureqCross Borgattj & Paker, 2001) The distinction must also be maletween advice

giving and advicereceivingbecause they mightifferently affect the construct of interest. For
example, both adviegiving and adice-receiving are related to job involvement, while only
advicereceiving is positively related to commitmeatthe workinggroup(Zagenczyk& Murrell,

2009)

Many studieshave looked ahow centralityin the network affects knowledge transfer and

performance. In general, a more central individuakdratativelylargenumber of links compared

to others in the networlgiving them an opportunity to obtain resources from many others. This

makes them less dependent on pasticularindividual (Cook& Emerson 1978) Sparroweet al.

(2001)showedthat those leadexsgith ahigher level of indegree centralit{i.e. are more popular)

estimate their performance higher than leadetis alower level of indegree centrality. On the

other hand, leaders from groups with higher group centralizétiegree centralityvas used

(Freeman 1978; Wasserma& Faust 1994) estimate the performanad the groupas lower.

Wong (2008) thoughtthis might relate to the varietgf knowledge which is lower in more

centralized groups. She justified the hypothesis by stating:
Internal advice network centralization, in particular, can foster inequality of member influence
when there are increasingly a few group members who are the objeckgcdseeking from
ot her members. / €/ Thus, in a highly central
individuals who are most central in providing task knowledge. As such, we can expect their
knowledge to become increasingly valued relative to retlend they become increasingly
influential in decision making (e.g., Bottg€t984) Wittenbaum(1998). This inequality in
influence can lead to increasing deference to the knowledge of more central members (Kirchler
& Davis (1986). When this happenshé opportunity to create new understandings through
integrating different viewpoints can be reduced as members become less likely to contradict the
perspectives of more central members. In addition, as the knowledge of more central members
becomes more vale d relative to ot her s, t her e i s t he

knowledge domains and less emphasis on developing other knowledge domains, thus decreasing
knowledge variety over time.

A more limited variety of knowledgeis not the only longem negativeoutcomeof highly
centralized groups. Although being central in the adgigeng network can provide a central

individual with greaterprestige they can become overloaded by requests for advice fronsother
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In order to avoidsuch anoverload, the most centraddividual stars referring the advicseekers
to others in the network. This requifesshcoordination between the most popwaesin order
to avoid status competition or conflickazega Lemercier & Mounier, 2006) In addition

maintaining a high number of social ties can lead to lower level ofbeetg(Rook 1984) and
can become so demanding that work performantmvered(Burt & Ronchi, 1990; Mehraet al.,
2001)

A global network structure can arise as a result of local network procghgds may include
policies of the companysStudies show that global network structuresiew not influenced by
company policies, depend on the difficulty of the ssihand BrownandMiller (2000)observed

that groups working on more complex problems tend to develop less central communication
patterns, while groups working on less complex tasks tend to develop more centralized
communication patterns. Thisaybe related tehe more efficient knowldge transfethat occurs

in less centralized networks.

Sharing knowledge outside the group is especially important when groups are structurally more
diverse since members can benefit from diffenenigue sources of knowledge outside their group
(Cummings, 2004) However, group heterogeneity can alsing certain cost. For example,
memberf different business units can fimtddifficult to transfer knowledgéSzulanski 1996)

Yet, Cummings(2004) found no difference in group performance betweanstructurally
homogenous and structurally heterogenous groud.factor more significantlyaffecing group

performancavasthe extent to which thiedividualswithin a group shacktheir knowledge.

Establishing links between different groupsassociated witlstructural hole®r bridgingnodes

or groups(Burt, 2009) They are importanivhen it is assumethat different internally highly
linked groups ohodespossess different types of knowledge. It is expected that bridgihesor
groups ohodesnable knowledgm betransferedamong different groups abdes Studies show

this depend$argely on the knowedge complexityWhen knowledge is simple, the presence of a
bridge isanecessary and sufficient condition for knowledge transfer, yet more complex knowledge
is more likely to transfer (across bridgingdesor groups) whenhe individuals who bridge either
have a strong tie across to both groups or have a diverse néReaians. McEvily, 2003). In

short, more complex knowledge is more likely to staypedded in local communities of practice

(Reagans & McEvily, 2003)In terms of group productivity the most productive teams are
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internallywell connected andave external networks full of structural holes, which connect these
teams with external grougReagans, Zuckermag McEvily, 2004) It is hypothesized thdhe
bridgingnodesor groups hava greateabsorptive capacifythan theothers(Reagans & McEvily,
2003).

7.2 Global network structure

Mostauthors do not define global network structuresiery exact way. Instead, they talk about

the presence of hierarchy, cohesiveness or bridging individliksy also often use terntike
Acohesi veo, -piecreinptrearl yoo, ofirc offhei er archical 6 to d:
These terms argequentlydefined and operationalized in vedissimilarways. Therefore, two

very similar global network structures can be described invesp different ways and vice versa.

The terms fAcentral o and fAhierarchical 0 descri
dependent but can be related to very different global network structures from the blockmodeling
point of view. For exampl, the corenodesin the core-periphery blockmodelype are central and

hold ahigher position in the network hierarchizanthe peripherahodes On the other hand, the
hierarchicalblockmodelor the transitivity blockmodehas a high level of hierarchy and also the
nodesin the top cluster are the most centraledblockmodels are very different and probably

have different impaston the transfeof knowledge witin a company.

It is hencenot trivial to choose the most appropriate global network structure, in terms of a
blockmode] for the transferof knowledge As shown, this also depends an companyo6s
organizational structuréhe task complexity and the absorptive capacity of the empl¢yarg

Xi, & Ma, 2006) Lazega(1992)suggestd that fismaller knowledge based organizations should

have a structure of relationships closer to cohesive groups, while large (mainly manufacturing)
systems are supposed to look similar to hierarchical blockmdétsording to the above

literature reviewon thistopic, some global network structures can be proposed.

When the tasks are hilghcomplex one would recommend pronmag theestablishingof links

between tbsefrom the same task groups (or business units). Hieeecreatiorof nonformal

2% Absorptive capacity is related to the capacity to observe new know{@ideen & Levinthal, 200; Zahra &
George, 2002)
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relationships 8 hugely importart. In order to further increase the variety knowledge
managenentshould consider promioig bridgingnodegcores between the groups.this respect
the whole group or onla singleindividual canact asthe bridgebetweendifferent goups.
However, in order to avoid overload, the number of connections should be limitélaugiadso
the number of bridgingodeggroups. ltis suggested thatraodeor group should bridge only those
who are not too differerin terms oftheir knowledge (gpeciallywhenmore complex tasks or
knowledgeare entailejfisince communication between them could be too strenmgyherty
1992)

Based on the above literature review, it seems thatrarchicalcohesiveor transitive cohesive
blockmodes (here, thdinks among the employees the same hierarchical leweéxist)may be
seen as the most efficieior supporting théransferof knowedge withn a given company. In the
case of more complex knowledge, the emphasis shogi/ée tolinks betweenndividualsfrom
the same groups and bridging comebereaswvhen thetask or knowledgat hand is simpleithe
emphasis should be on thekdfnamong thsefrom the same groups and also aierarchical

structure

7.3 Local network mechanisms

Nebus(2006) proposed the formatiotheoryin which the selection and retention of an advice
networkformedby a given actor iproposed Although Nebusconsideed the case of an ego

network, his weldeveloped propositions are used in the context of full netwuekes

Nebusproposed the theory on the assumption that the ego, who is sbekin@.g. advice)can

have very detailed informatia@boutpotential contacts (contactformationrich cas¢or have no
informationat all on potemial contacts (contaghformationpoorcaseg. In the first scenario, the

ego can compare the net knowledge value of all potential contacts before choosing one, while in
the secondcenariahe ego does not possess atgcisionrelevant information. However, as the

e g okiowledge increassinformation about poterdl contacts (experts) also increas

In this study, it is assumed that the ego knows all about the global network structure and the tenure

of all the othelemployees. Except for the tenure, the egassumed taot have any information
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aboutthenode$®

operationalization othosenode$

The list of all selected local network mechanisms considered in this stpdysisntedn Table
7.1. The table is separated horizontallyoitwo parts: parbnecontains the mechanisms related to
the perceived value of the alieradvice while parttwo contains the mechanisms related to the

attribut

perceived cost of the alfisradvice.

attri

es. l nstead,

but es.

tséneethd egdoyavhy ofa n d

Table 7.1: The considered mechanisms knowledgeflow networks

NAME OF THE
OPERATIONALIZATION OF T
MECHANISMS

MECHANISMS

OPERATIONALIZATION OF
THE MECHANISMS

PERCEIVED VALUE

ALTERBASED MECHANISMS

Hierarchicalbsition of the alter

expertise

how many nodes can reach g
given unit

Tenure of the alter

experiences,
skills

tenure (time in the network)

Popularity level of the alter

willingness to share knowledge,
cognitive trust

indegree

DYABBASED MECHANISMS

Outgoing shared partners

cognitive distance,
realizing the

number of outgoing shared
partners between the ego an
alter

PERCEIVED COST

Difference in hierarchical posit
between the ego andatber

social cost,
psychological cost,
institutional cost,
organizational separation

the difference between the
number of nodes that can res
the ago and the number of ng
that can reach an alter

Difference in tenure between fl
ego and thater

likelihood of a response,
trust

difference in tenure between
ego and the alter

Distance between the ego and
alter

psychic distance,
cognitive distance,
geographical distance

geodesic distance between tk
ego and the alter

7.3.1 Mechanisms related to the perceived valuef alter& advice

Fourmechanisms (i) hierarchical position of the alter, (ii) tenure of the @ltepopularity level
of the alterand (iv) the number of outgoing sharedrtners between the ego and the alrer
assumed to play an important role when an actor is choosing the otfstiesaik ask for advice.
All four mechanisms can be related to the perceived value of theexitep( for the last one, they
t healterdfacreda el Foathosdh angler
hierarchical position it is assumed they possebgher level of expertisavhile those witha

depend on th alteronlya n d

higher tenure mightavemore experience and skills for independent [@wbsolving. Those with

ar e
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ahigher tenure are more often formal or formal mentors tmewcomersHierarchical position

and tenure can be dependent.

The most popular ones are those with the highedegree. These are seen (by the ego) as the
most activeand are thusperceived (by the eg@sthe most willing to share tireknowledge.
Therefore, the cost of obtaining knowledge from suamtiess perceived to be lowestill, having
many requests cgposea burden for the most popular ones. Therefore, the probability the ego will

receiveactual help of high qualitynay belowerthanperceived.

7.3.2 Mechanisms related to the perceived costf asking for advice

The mechanisms iniths subsection relate to the egobds pe
potential alters. The perceived cost not only depend on the lddéeis more the caswith the
valuerelated mechanisms, but also on the dgjccan hereforebe said that the ext four
mechanisms describe the relationship between the ega paotkntial alter(a group of these
mechani sms i s -baalsseod cneelclTieade nmsahgaads af@ the difference

in hierarchical position between the ego and the;dltethe difference in tenure between the ego

and the alter; (iii) the distance between the ego and theaait(iv) theoutgoing shared partners

mechanism

These mechanisntargelyrelate to the perceived cost of asking for advice angrbigability that

the alter will respond to the ego. For example, the probability the selected alter will accept the
request for advice depends on the difference in their hierarchical levels. The probabilityedecreas
asthe absolute difference incremsResponding to those aomuch lower hierarchical level can
bring a risk of high social cost (e.g. loss of social status) for tirodgke higher hierarchical
position. Also asking for advideom thosein amuch higher hierarchical position canposethe

risk of high psychological cost (e.g. inability to formulate the problem, stresagfrom fear of
rejection) for those on the lower hierarchical level. For bibiinstitutional cost (e.g. formal or
nonformal feedback can follow after passing forrmpedcesses or lines of authority) can be high.

It is reasonable to assume that the distance tfeeghortest pathbetween the ego and alter is
negatively associated with the probability the alter will resporadrémuest for advicerirst, the
distance between the ego and the alter can be associated with the geogmappsaihic

(reflecing cultural and institutional differences) distance between them, which increasestthe cos
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and the opportunities of contactdigh network distance caalsoindicae a higher cognitive
distanceand, thereforegalower levelofa pp |l i cabi |l ity of the alterds

advicerequirements.

The number of shared partners between the ego and the alter as defined above is an
operationalization of the cognitive distance
knowledge and, therefore, it is considered as a per@deost related mechanism and as a perceived

value related mechanism.

7.4 Aim

Like in the previous chapterthis one aims to discuss the relationship between the global network
structure and the local network mechanisms. The selected social ¢éontextchapter isheflow

of knowledgewithin a company or organization. The possible local network mechanisms and
global network structuresvere already discussed in previous subsections. What follows are
analyses of thdynamic and evolution of the empirical global network structures (by considering
certain otheremployeecharacteristicssuch as business unit and tenuidsed on these, the
blockmodel to be studie selectedMore specifially, by using the algorithm from thEIEM
family, we testwhether theselected local network mechanisms can drive the global network

structure towards thehoserone.

There are some important differences lestw the NEMproposedn this chapter and the ones

proposed in thearlierchapters. In the NEM proposed in this chapter

1 newcomersind outgoersre considered
links are not dissolved according to the local netwadchanismsinstead, the duration
of the links(advicegiving or knowledgelow) is specified

1 the number of iterations is not determined arhltyabut is based on the maximum

expected outlegree in the case of a mo#ethout any mechanism (null model)
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7.5 Empirical case

In this section,real network data collected im Slovenian nediumsized knowledgebased
company are anadgd. The aim is to identify a typical global network structure of advice networks,

and its evolution.

7.5.1 Company profile and the datacollection technique

The data were collected at three pointsime (December 2004, July 2006 and April 2007) in a
knowledgebased companyvhose core business is software development, IT and business

consulting maintenance andupport( Gk e r, A0G7)y a j

The company was founded in 1989 with a subsidiary set up in Croatia in 2000 and a joint venture

in Serbia in 2003. Thiwasagrowing, mediumsize company witltotal of 93survey participants

in December 2004 and 14farticipantan April 2007 (Table7.2). In this research, the focus is on

the employeesvho wereworking in Ljubljana since geographical locationsteavery prominent

impact on the global meork structur§Pahor Gk ¢ & Dimovski,j 2008; Gkerl avaj,
& Desouza2010)

Table 7.2: Number of survey participants bygeographical location

Total numbenl Number of employees participating in the survey by geog
. . of employees location

Eemsaot;collectmg Z?;ar:]g%r;g; whodiq not_ Slovenia Croatia Serbia

participate in Ljubljana Maribor Zagreb Bdgrade

the survey Jublj 9 9
December 2004 93 12 59 0 11 11
July 2006 136 47 60 0 14 15
April 2007 145 0 80 6 26 33

Becausano informationis availableon which employeeteft the companyoutgoer$ and which

joined the companynewcomer} at the different time points, all outgoe@d newcomersare

identified based on their participationthe surveySeveral employeprofilesregardingn which

time period they participated the surveyare showrin Table7.3. Most of the newcomers (44

empl oyees; "itairmeed gfidiinmtait m2B p DableV.B)goindd the company

in between the second and third psiimt time The number of those present in the company at all

three time points is atshigh (30 employees; namélbyald). The number of those who left after

the first ti me "Wtoime gGgaomiamed) Aadmud tahe 2number ¢

second ti me pofitnitmd nmonierdt Gioudr eatn areksyFourhe s an
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empl oyees
empl oyed

p o i rBixteenemployees were present in the compargnéy the second time point. Those who
be
Ret ur ni ng havepeemrgseneirsthe(cdmpanyrfprl oy e e

were present at only one poimttimemi g h t

At emporaryo).

wer e

bef ore

not

t he

present

second ti

at

me

st udenttsi men apneerdi ofdodu f

onl

y the

the whole time, but might nbtaveparticipatel in the survey at the second time point.

Table 7.3: Different profiles of the employees regarding their survey participation

poi nttimd and

time point 1 time point 2 time point 2 frequency
loyal participate! participate participate 30
returning participatel not participate participate 4
out at 9time point participate! participate not participate 12
out at ®time point participates not participate not participate 13
in at Mtime point not participate participate participate 2
in at 8'time point not participate not participate participate 44
temporary not participate participate not participate 16

second

Note: the total frequencies may differ from thoselamble7.2 because only unique employees are
considered inrable7.3 while in Table7.2 the same employees may be counted at different time
points.

The analyses in which different network statistics were considerede@iree, outlegree,
hierarchic leel, transitivity, betweenness centrality, tenure) stmb{the results are not included)
that the employees with different profileggarding their survegarticipation Table7.1) do not

differ much in the listed characteristics.

Figure 7.1: Number of employees participating in the survey by years and the number of
newcomers and outgoers
1(483

April 2007

(42)

December 2004
(59)

July 2006 (32)

(60)

>

(80)

1 (28)
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The simplified number of employees participag in the survey at a given point time is
visualized by the sizes of the squaire&igure7.1. Thearrows pointing towards the squagee
for thenewcomersvhile the arrows pointing away from the squares are for the outdodfss
figure, some outgoers at the first time point can be seeevasomerst the third time point (these

are Ar etployees) ngo em

Thecompany hathree business unit§) Enterprise Resource Planning Solutions (Navisi@i))
Industry Solutionsand (ii) Banking Solutions. The employees in common services atliein
directorate are also included in the analysis and dersil as business units. The highest number
of employees worked in Navision (at all three time points). This is also the business unit in which

mostnew employees were employed.

Table 7.4: Size of the busines units in Ljubljana

Time of Business Unit
collecting th Common . Industry Banking . Total
. Navision . . Directorate

data services solutions | solutions

Frequency 4 22 16 11 2 55
December 200 - o 7 40 29 20 4 100

Frequency 4 29 13 12 2 60
July 2006 g - 7 48 22 20 3 100

: Frequency 10 30 22 15 3 80

April 2007 g - re 13 38 28 19 4 100

Note: the total frequenciesight differ from those infable7.2 due to some missing values

Approximately 75% othemaleswereemployed at all three time points. The average tenure (the
number of months employed thie company) was 4&onths witha standard deviation of 4ia
December 2004, 568onthswith a standard deviatioof 42 in July 2006 and 4inonths witha
standard devian of 34 in April 2007. Halfthe employeeshadworked for 42 monthsvith the
company in December 2004 and in July 2@@&ile in April 2007 half the employeémdworked
with the company for only 26 months. Thighse to theanany new employees in betweie last

two time points of observations.

Most employees were contractors ¥66 64%) or project management 20 28%) while the
minority was in higher or middle management. In April 2004, there was a very clear relationship
between tenure and hierarchligosition in the company, whilat the latter time points this

relationship become less cle&iqure7.2).
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Figure 7.2: Relationship between tenure and hierarchical position
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Different name generators were used to measure theofldwwowledge witin the company. In

this study, only those which were used at all time points are used:

I.  fAiTo whom from thecompanydo you ask when you need advice or information related to
wo r kafdo

i. AWho are the others in the company from wh

The employees wergskedo list as manyther employeeas theywished Instead of names, they
wrote codes assigned to each employee to ensure confidentiality. One or two employees listed all

of their coworkers from the same business units. Such answers were considered as valid.

Asymmetric binary complete networkgere created based on the informatipnovided(Figure

7.3). Thesenetworks are sparse (the density is between 0.03 and 0.10 édrtladim). Learning
networks are generally sparsdhan advicenetworks. This might bex consequence of the
perception of the advice and learning. Giving advice can be seen as less formal and less threatening
in the sense of losing n enénformal hierarchical status in the compaogmpared to learning,

which is more statuselated Moreover the density of the networks is decreasing in both network
types whichmay be due toéhe fact that the networks are growing in time. In ordeetainthe

same densityas the network grows, thaverage irdegree or outlegreemust be increasing.

However, in the empirical networktudiedthe mean irdegrees and owtegrees are slightly lower
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at later points in time. Thimight reflectthe fact that itakes newcomersme to develop their

persoml learning and advice networks in a company.

Figure 7.3: Binary advice, learning and knowledgeflow networks for different points in time
(the nodes are coloured by considering the business unit)

advice, December 2004 advice, July 2006 advice, April 2007

learning, December 2004 learning, April 2007

knowledge flow, December 2004 knowledge flow, July 2004 knowledge flow, April 2007
(advice and learning) (advice and learning) (advice and learning)

The formation ofclustes can beseen m all networks, based dhe visualizationsin Figure7.3.
The size of the nodes is proportional to the tenurenacdmployee whilethe different colours
denote different business uni@necan see that theustes are mainly separated by the business
units which is expected since different business units deal with very specific areas druvtrir
analysis will eveal if any specific neoohesive structures appear witltinstes from the same
business unitgFigure 7.3 revealsthat two orange coloed nodes wit a higher tenure are the
bridging nodes. They belong tiee directorate.
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The global network structures are similar in advice networks and in learning netvemdisse
both name generatomseasure the same dimension, i.e. knowldtbye Therefore, the advice and
learning networks are combined intocaled knowledgdlow networks.A link from nodeQo
nodeCexists in the knowledgfow networkif it exists in at least one of the networks {ire
advice or learning network). The density of the knowleflig@ networks decreasfrom 0.11 in
December 2004 to 0.05 in April 2004.

7.5.2 Prior analyses of this data

The data were already ansdyl using different approaches such as exploratory data analysis and
SAOM. In all cases, the learning networks were (Bathore t al ., 2,D0m8vski&k er | av
Desouza 2010; @Grioveski, Mevar, & jPahor 2010Employees from all geographical

locations were included in the analyses.

The results of the exploratory network analysis show the formation of clusters in the nistwork
highly affected by the geographical location muchrenthan by the business units. The most
popular employees in tegwof transferring knowledgare the most experienced in the field and

the most competent.

By using Exponential Random Graph Mddey (ERGM), thementionedresearchers confirmed
there is a lgher probability that knowledge will flow between two employees if they are from the
same location and/or business ukiowledge will more likelfjpeexchanged between employees

of the same gender or wigtsimilar tenure or hierarchical position. Simipplies for working in

the same business unit. There is algoeateprobability for those higher on the hierarchical level
andwith higher tenure that they will be recognized as one from whom the others learn. Hierarchical
position in the company has bigger impact on the number of incoming ties than tenure

(experience). Knowledge flow guite anasymmetric relatioship.

7.5.3 Methodology

Direct blockmodeling for sparse networksGi b, 013)ia used to obtain a blockmodel. As
suggest ed(d3)thdneighdd m aQ for complete blocks ang 'Qfor null blocks

(whereQis the density of the whole network) is used.
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The number ofandom restart therelocating algorithm is set ®00. The number of clusters is
estimated based on dendrografWgardd sagglomerativeclustering method is used on the
dissimilarity matrix obtained by the corrected Euclidian distanaed the stability of the
blockmodeling solution, which is accessed ayvisual examination of the networks and
blockmodels.

Figure 7.4 Binary advice, learning and knowledgeflow networks for different points in time
(the nodes are coloured by considering the blockmodeling solutions)

advice, December 2004 advice, July 2006 advice, April 2007

learning, December 2004

knowledge-flow, December 2004 knowledge-flow, July 2004 knowledge-flow, April 2007
(advice and learning) (advice and learning) (advice and learning)

7.5.4 Results

The blockmodeling solutions are represented in gcafjoinm in Figure7.4. The nodes from the
same clusters are coloured the same. ComparEdjtwe 7.3, it canbe seen that business units

have a relatively high impact on the blockmodeling solution (the clusters are mainly separated by
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the business unitshut some additional setructures appear within different clusters of nodes

which are mainly from the samediness units.

The blockmodeling solutionfor the knowledgdlow networksat thethree pointsn time are
represented in matrix formm Figure7.5. The employees are listed by rows and by columns and
the order of the rows and the columns is in line with the blockmodeling solution. Each dot

represents a link. Horizontal and vertical blinesdenotethe clustershat areobtained

There isa relatively small number of inconsistencies complete and in null blocks in all three
solutions. The global network structure of the first network is close to the cohesivéiotieree

clusters. However, there is a cluster of seven employeessghwell linked to the first cohesive
cluster,althoughthey are notnternally linked to each other. This part of the network expresses

the tendencyfor an asymmetric corgeriphery stucture in the network. The global network
structure of the second network consists of two separate parts where the structure of each part is
asymmetric corgeriphery (13 and 3 cluster, 29 and 4" cluster). The diagonal block,
corresponding to the third cluster, is classifiechaemplete blocleven though only a few links
arepresent.

The tendencyor the presence da hierarchical structurgn the networks is wekxpressed in the
knowledgeflow network, observed at the last time poilBmployeesfrom the fifth cluster are
linked to ttosefrom the second clustewhile thosefrom the second cluster are weaklykad to
thosein the first cluster. Themployeedrom all clusters, but not the fifth, are internally well
linked. The third and fourth clusters are linked to the first cluster.

Figure 7.5: The empirical knowledgeflow networks
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Note: The networks are drawn in line with the blockmodel obtained-gpatified blockmodeling.
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The similarity or stability of the obtained clusters can be evaluated by using the Ran{Rawlex
1971)or Modified Rand IndexCugmas& Ferligoj, 2018) Both indices are defined based on the
number of pairs of units that are classified into the same or different clusters in both partitions.
The Rand Index requires that both partitions to be compared are obfeanethe same set of

units. Ifnewcomersndoutgoersare present, thayustbe removed from the data prioranalysis.

On the other handheModified Rand Index is defined in such a way thetvcomersand outgers

lower the value of the index, along with theemnging and splittingof clusters. Noradjusted
measures can take values on the interval betWesrd 1, where a higher value indicates more
stable or similar partitions. In general, they are not comparable. Therefore, they are adjusted for
chance. Inthiscase, the expected value of the indices equals around zero in the case of two random
and independentaptitions and in the case of two identical partitions the values of both indices

are equal to one.

The values of thendicesareshownin Table7.5. The Rand Index indicates the clustéhsit are
obtainedare relatively stable when only those present in both time periods are considered. On the
other hand, the stability of the obtained clusters is extremely low mdw@oomersand outgoings

arealsoconsideed which is the caswith the studied company.

Table 7.5: Stability/similarity of the obtained clusters

December 2004 vs. July 2 July 2006 vs. April 2007 | December 2004 vs. April 2
Rand Index 0.43 0.32 0.21
Modified Rand Inde -0.01 -0.08 0.08

Figure 7.6 visualizes the stability and structure of tbkeistes that are obtainedThe nodes
represent clusters. Loops illustrate that the employees within clusters are well linked. The sizes of
the nodes are proportional to the number of employees classifesith noddcluster) Black

arrows visualize the relatiships between the clusters. Red arreWwswthe selected transitions

between clusterat two time points
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Figure 7.6: Stability of the clusters obtained by blockmodeling and their structureaccording
to business unis and tenure

December 2004 July 2006 April 2007

common services (75 %
banking solutions %42 %i
industry solutions (38 %
med. tenure: 22 mo.

industry solutions (73 %)
banking solutions (40 %)
med. tenure: 18 mo.

banking solutions (100 %
common services (75 %
med. tenure: 64 mo.

directorate (100 %i

directorate (100 %)
industry solutions (62 %
banking solutions (58 %
common services (25 %
med. tenure: 84 mo.

banking solutions (60 %
industry solutions (27 %
med. tenure: 49 mo.

common services (25 %
med. tenure: 42 mo.

industry solutions [88 %]

navision (73 %)
med. tenure: 38 mo.

navision (66 %)
med. tenure: 37 mo.

directorate (100 %)
navision (27 %)
med. tenure: 58 mo.

navision (27 %)
med. tenure: 7 mo.

navision (24 %)
med. tenure: 25 mo.

common services (80 %)
navision (20 %)

navision (50 %)
med. tenure: 15 mo.

med. tenure: 18 mo.

The shareof employees from each business units and the median number of months working for
the company (tenure) are given. These are important differentiators betwe@nidiisclusters.
A more detailed interpretation of the relationship between the business unitiseand ust er s 0

structures is as follows:

1 December 2004all employees fronthe directorate and banking solutions are classified
in cluster 2. Most employees frommmon services are also classified in this cluster with
the highest median tenure. The employees from industry solutions are classified in cluster
3. All employees from Navision are in clusters 1 and 4. The employees in clusterd have
higher median tenurthanthose from cluster 4. They are internally well linked to each
other, while those in cluster 4 are nokkal to each other.

1 July 2006: After merging clusters 2 and 3 from December 2004 into cluster 2 in July 2006,
most employees frorthe directoratejndustry solutions and banking solutions are in this
cluster. Most employees in cluster 4 aeswomers. Most of those from common services
are in cluster 4. Clusters 1 and 4 from December Z0€dremain stable in July 2006
(cluster 4 in December 200¢g labelled as cluster 3 in July 2006). However, there are many
new employees in cluster 1 in July 2006 (clusieand 3). Probablgiue tosome old weH
linked employees, cluster 1 in July 2006 remains internally well linked. On the other hand,

a flow of knowledges established among those who were in cluster 4 in December 2004.
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1 April 2007: All employees fromthe directorate are in cluster 1 in April 2007. Some
employees from Navision are also in clusteiTthe knowledgeflow among those from
different hierarchical levels (namelye directorate and Navision) might becaus¢hese
employees are present in the camy for a very long time. This is the most central cluster
and the employees in this cluster have the highest median tenure. Clakstereinains
relatively stable in April 2007. Most employefgem clusters 3, 4 and 5 areewcomers
with some old employes. All exceptthose in cluster 5 are internally well linked to each
other.They alsoask for advice or learn from the other employe#® are classified in
clusterswith a similar structure regarding the business units, but have a higher tenure.

Based orthe descriptiorabove it seems the initial network structure was mostly determined by
expertise (i.e. business units). However, those aliblwver tenure tend to acquire knowledge from
more experienced employees. As time passes, the directorate (albng wito me i in@Ir & 0 )
beamme more and more central. The very peripheral clusters (which are internaliykemh at

the beginning) mostly consist aEwcomers. Manyiewcomers became outgsat alater time.
However,newcomersend to ask for advicekom thosewho are more experienced aodmefrom

asimilar business unit.

7.6 Simulation approach

In this sectionit is evaluatedvhether the selected local network mechanisms can drive the global
network structurégowards ones simit&’ to what is found in the empirical networkehe chosen
blockmodels are visualizeith Figure 7.7. Both are hierarchicaiohesive but in the case of the
first blockmodel, the last block snull block This means therareno links betweerthe nodes

on the lowest hierarchical level. Baclustes are assumead both cases.

The following methodology is applied to study the relationship between the selected local network

mechanisms and the chosen blockmodels. First, the local network mechanisms are selected

301t is expected that the global network structure found in the empirical data would be even closer to the selected
blockmodels if the impact of the business (on the global network structerepgaker. However, the proposed
global network structures are choden their simplicity and because the fooofsthis study is not on the business

units.
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(seeSection7.3) and operationalize(beeSection7.7).Manyv ect or s of t he mechar

(—s) arethen generatedn such a way that they are approximately equally distribute@ in
dimensional space, whef@is the number of dimensions (i.e. the number of local network
mechanismseing consideredd A very detailed description fohow to generate-s is given in

AppendixC.

Figure 7.7: A hierarchical-cohesive blockmodel with last noftohesive group and a
hierarchical-cohesive blockmodel

com | null null com | null null

com | com | null com | com | null

null | com | null null | com | com

(a) hierarchical-cohesive with

last non-cohesive group (b) hierarchical-cohesive

By using theproposed NEMwhich considers the selected local network mechanisms and their
weights 30 networks are generated for eaehThe global network structures of Hegenerated
networks are evaluated by interpreting the number of inconsistent bloclkailseetion2.5.1).

The—sare also interpreted. For netwodantainingthe selected blockmodel, the RF is calculated.

The NEM algorithm for generatingetworks isintroducedin the next subsection, folled bya
definition of the selected local network mechanisms (i.e. network statisticspre detailed
explanations of how global network structures are evaluated amdeseeiption ofsimulation

design.The results arpresentedn Section7.10

7.6.1 The algorithm for generating networks

The network is represented in the form of adjacency matwith &€ rows andé columns, both
corresponohg to the number ohodesin the network. Thdinks havevalueswhich are only
considered taontrol the duration of the linksThe local networkmechanisms and the global
network structures are anaiyg by considering binarized networkslink in a binarized network

exissif the value inacorresponding valued network is higher than O.
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The algorithm allows different inal networkso be to specified, namegitheranempty network,
random network or a network with a specific global network structurea(lelgckmodel). Besides
initial network®, parameters andll haveto be setParameter_expresssthe maximum gpected
out-degree, while parametérrelates to the number of iterations. The local network mechanisms
must alsobe provided with the corresponding vecteiwhich operationalizethe importance

(strength) of the selected local network mechanisms.

The aorithm is iterative At each iteration, oneode(egoQis selected among all tmedesin
the network (eachodeis selected with equal probabilifyf) ConsideringCand the selected local
network mechanisms, the network statistics calculated and weighted by The weighted
network statistics are normalized on the interval between 0 dfrdrh. anong 25% of thexodes

with the highest value of the weighted netwstétistics, on@odeis randomly selected.

In addition the tenure is calculated at each iteration andnmaes(newcomersare added to the

network and some existingpdesare removed (outgo@rat selected iterations.

Weighted network statistics

The weighted network statistics are calculabgdthe function @ & & 1 8YENEIA O h— that
considers theet of mechanisms and the weights of the corresponding mechanisnis is the

set of operationalizémechanismadefined on the binarized netwotkandnodeQ

The computed valuef a given mechanism (from the set of mechanismss a vector of length
¢. Each elemedrof this vector corresponds to onedein the network. When several mechanisms
are considered, the vectors can be organized into m@&@rixith € rows andd columns
representing the mechanismi$ie matrixthat is obtaineds weighted asY "G—, resulting in a

vector of lengtte which is returned byhefunction® ¢ @ 1) 8YBIEIAO h—.

31 The probabilities couldrary among the nodes. For example, it could be assumed that those nodes with a lower
tenure will have morepportunities to ask for advice. However, whether i reasonable assumption depends on
the companyds policies and organizational <culture. To

that all nodes have equal probabilitcfsaskingfor advice at any time.
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Duration of the links

No specific mechanisitihat isconsidered in this studg able tocontrol the duration cdlink (i.e.
duration of the interaction between the ad\seeker and adviegiver). Instead, it is assumed that
all interactions last the same amount of ti@ae unit of timas defined through the number of
iterations at whichachnodewill get (in average) one opportunity éstablisha link. The number
of iterations depends on the size of the network and the desired maximum expecitegreet

(parameter).

Let us consider the case withawtwcomersand outgoers et usalsoassume there aeenodesn

the network and eaamodehas up to_ opportunities tcestablisha link. On the assumption the
nodesare chosen randomly with equal probabilitye number of iterations needed to reach the
expected number of opportunitiesastablisha link is| _ &(this is the length foone unit of
time). Over| iterations, eaclhodereceivegon average) opportunities testablisha link. This
implies tha some individuahodescan have a higher odegree, which happsmecause some
receivemore opportunities testablisha link than otherdn a very unlikely case, eactodecould
receiveexactly_ opportunities tareatea link. Inthatcase, the maxiom outdegree of eachode

is exactlyd Q& h_ if loops areallowed andf no tie is chosen twice (in a senseonfirmed or

reset).

Links last a limited amount of time. Specifically, the duration of links is et t@ iterations.

When newnodesare added to the network, parametanustbe updated by considering the new
number ofnodes This implies the number of iterations betwedifiedent waves cawary. The
algorithm is implemented in such a way that the number of outgoers does not affect the number of

iterations.

In order to ensursufficientiterations so that the mechanistmsing consideredan affectthe

global network strucieé considerably, the number of iterations is multiplied by the conktant

The value ofl  p increase the expected number of opportunities for eaoleto establisha

link while it affecs neithela | iduratianrsor the(maximal) expected number afiks. A higher

expected number of opportunities for eackleto establisha tiecanalsomakeshe structurenore
stablebefore the nemodesare added. n ot her wor ds, a higher numb.

t i metile mechanisms to affect the global network structure.
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Newcomers

New nodescan be addedverone or several waveshe iterationsn which newnodesare added

to the network can be selected in different waysa @)nglenodecan be added at a timer (i)

severahodescan be added ance Further, thaode(or severahode3 can be added at randomly
selected iterations or at predefined iteratjomg. equally distributedcrossiterations. In this
study, newcomersare added in three waves. The numbemefvcomersfor each wave is

represented by vecta: The number of iterations between each wave is determceatding to

the total number afiodesin the network, based on parametend parametek.

Algorithm 7.1: The algorithm for generating networks

waves of newcomers)

compute 'O AOI O@E 1 "YQ& i O@térations at which the newcomers are added to the
network)

compute Q | A®@ (the total number of iterations)

set Q¢ 1 "YQ¢E 06 to'frst élement of MET YQEOTI Q6L QG

for ainl: Q

L] set Y "Y pFQéi "YQE 61 Q¢

|__| randomly select aunit  "Q(actor/ego)

|| calculate Y ®¢ a1 8Y@EAD h— (a vector of the weighted network statistics with

the length €)

|| calculate + —— (normalize S, so the [ ETY mand | A@r p)

|| if « O e« then classify a corresponding unit into set 6 (where 0 is the third
quartile)

|| randomly select unit  "Qamong the units from set 0

|| set alnk @70
|_| calcuate & & pj _& p

. Tmho
calculate @ o
- ¢hw T
if anv o
| randomly select a unit or a group of units to be removed

AR

| ] remove the selected unit(s) and update X and T accordingly

[if av'Oand & @

| add aunitora group of units and update @ and "Y accordingly
L ] set "Q¢i "YQe 6 toQextéelement of METYQEOT QOET ®QD
return  network @

import  initial network @ (a matrix with ¢ rows and ¢ columns, where ¢ is the number
of units)

impot —(a vector with the mechani smsé weights)
import 0 (a set of functions which defines the mechanisms)

set _ (the expected maximum out - degree)

set | (the factor by which the number of iterations must be increased between t

waves)

set & (a vector with the number of newcomers per waves)

set 0 (avector with iterations at which the outgoings are to be removed)

set "Y (tenure, a vector of length £€)

compute "Q¢ 1 "YQ& 61 ‘Q6AEQT @I 2 _z Il (the number of iterations between consecutive

he
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Outgoers

The number of outgoers can be selected arbbigrafrhey can leave the network in waves just
before or aftenewcomersre added or can leave the network one by one. In this implementation
of the algorithmoutgoers leave the network at the selected iterations which are in vedtoe
nodego be remwed from the network can be selected based on their personal characteristics (e.g.
tenure), network characteristics (e.g. popularity or hierarchical level) or randomly. Heredése

to be removed are selectethdomly which is in line with observatiorfsom the empirical data

The number ohodesto be removed from the network is 25% of all tieesin the network,

calculated immediately after a wavermwcomerdas beemdded to the network.

7.7 Operationalization of the local network mechanisms

As proposed in Sectioh2, thdéterm mechanism describes a process that drives concrete actions
according to nodes in the networ ks (Theseg. Cr e
mechanisms are typically op&mmalized by different statistics that reflect the mechanisms. These
statistics are used in the proposed NEM as described in the previous subsectioretwbhie

statistics are defined as follows:

1 Tenure of the alter anddifference in tenure between the ego and the alteffhe relative
value of tenur@® (whichisavectoroflengthas t he nodes6é atthei but e

“@th nodeas

e <
448 — X
B 1
while the difference in tenure betwerode Gandnode’Qs calculated as

ra X&

7Ba 1«

1 Hierarchical position of the alter anddifference in hierarchical position between the
ego and the alter:First, for each unit, prestig€(which is a vector of lengtl) is
calculated as an indicator of a hierarchical level. Prestige is defined as the proportion of
othernodesthat can reach the selected €@o two steps by following the directed links.

Then, the relative hierarchical positimncalculated fothe "€th nodeas
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14 —' X&
. B. L
while the difference in the hierarchical position betweede @ndnode’Qs calculated as
-B. kI

Popularity level of the alter: The alter popularity mechanisrbelow referred to as the

i X&

Apopul arity mechani doncteatdinksetd theenost populahomes.t e n d e
The popularity statistic (P) is calculated foe cth nodeas the ratio between the degree

of the"@h nodeand thetotal number of links intie network

X8

Outgoing shared partners (OSP) This mechanism is defined through the number of
nodesQwhich are shared partners of the ordered j@Rif "® Qand® "QTo compute
the statistics associated with this mechanism on the selected paifesitand’Qone must
identify the othenodes(not“Cand notfQthatare linked with'Gand’Qshared partners) in a

given way:

X8p

0 "YOAQgives thenumber of partnersharecby "Gand’QBy fixing node’Qone can obtain
vectorw with £ elements where each value stands for the number of fraamdson to
node@nd alltheothernodes The"&h value of vectoto can be normalized asj B~ w.

Such normalizedtatisticsareusedto operationalie the OSP mechanism.

Distancebetween the ego and the alterThe distance between the ego and the alter is
definedby ' "@Q, whichis the minimum number of links to reactode Gfrom node™Q
following the directed links. lhode@annot be reached, then'@Qreturns the maximum
distance betweenode™ (2o all other (connected f@nodesin a network increased by 1.

The distances normalized
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7.8 Evaluation of the global network structures

The global network structures are evaluated after being generated by the algosjtbsedn the
previous sectionAccording to observations from the empirical data and the proposed thebry,
only is the emergence of thehoserblockmodel types requide butthe average tenuraust also
be in line withhierarchical levels of the clusterSherefore a two-step evaluation procedure is
used.

In step onethe number of inconsistent blodkscalculated to evaluate tfieof a global network
structure to the chosen ore.the second step, the average tenure is obtained for each otuster
the networkghat does not havaeny inconsistent block. The networkdisemedo havethe chosen

global structure when both conditis are satisfied.

The mean RF value is calculated foodt networks with the chosen global network structure to

guantify the amount of inconsistencies in the generated networks.

7.9 Simulation design

To generate networks by considering different local network mechanisms-3,@606€ generated
with 30 networkseinggenerated for each- Initial networks are random networks generated by
the modelO¢ ¢ M) 1& u,_ vandl T._is estimated bsed on the empirical networks
(see Sectio.5), while parametel is determinedis a compromise between the convergerice
the global network structure before the newdes are added to the network and the

(computational) timeeededo generate the networks.

The analysesinfold overseveral partsdepenedhg on: (i) the local network mechanisnisat are
included (only tenue-related mechanisms, all but tenuetated mechanismsand all
mechanisms)(ii) the presence afewcomersnd outgoersand(iii) whether the constraints on the
signs of the mechanisi@aeights are considerddable7.2).
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Two sets of new nodes are added to the network, o to Ttand the following numbers of

outgoers (when considered) are removed from the network between different waves of newcomers:
0  oip &p Y(seeFigure7.8).

Table 7.6: Different settings for generating networks

Mechanisms Newcomers / outgoers Constraints on the s
. newcomers only Yes
only tenureelated mechanism:
newcomers and outgoers Yes
.| newcomers onl Yes
all but tenwrelated mechanist Y
newcomers and outgoers Yes
. newcomers only Yes
all mechanisms
newcomers and outgoers Yes
all mechanisms newcomers and outgoers No

Figure 7.8: The size of networks ata different number of iterations, the numbers of
newcomers and outgoergfor the case when botmewcomers and outgoers are presept

number of
newcomers
number of
nodes 22 > 39 52
number of 8 13 17
outgoers

ITERATIONS

7.10 Results

This sectionincludes several subsections. In the first subsection, the resaliserningthe
generatingdf networks witha hierarchicalcohesiveblockmodel withlast noncohesive groupre
presentedin thenextsubsection, the resulise giverwith respect t@enerating networks wita
hierarchicalcohesiveblockmodel. In both cases, tmewcomers and outgoers are considered
which is more realistithan acase with onlynewcomers. The-s are generated in such a way that
the signs of the mechanismageights ae in line with the operationalization shownTiable7.1.

In both subsectionglifferent sets of mechanisms are considdthd set ofonly tenurerelated
mechanismshe set o&ll but tenurerelated mechanismand the set adll mechanismys
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A discussion on generating networks by considering nalycomers and@dnotheron generating
networksbyc onsi deri ng the mechani smsé weifaumdins wi t h

the last subsection.

7.10.1 Hierarchical -cohesiveblockmodel with last non-cohesive group

Here, it is assumed that thedeson the lowest hierarchical level are not linked toheather as
is the case of the™clusterat the ¥ time point on the empirical networks (Seigure7.6). It is
also the case in the empirical netweotkat the employeegho form the cluster that correspond to
the last (null) block on the diagonal haws @verage) the lowest tenuzempared temployees
from other clusters. This observation is also considerate elaluating the generated global

network structures.

Since tenure is closely related to the global network structure, the simulatiorssteslyltsare
shown separately for the casehen only tenurerelated mechanisms are considergdenall but
not terurerelated mechanisms are consideraad whenall the local network mechanisms are

considered.

Only tenurerelated mechanisms

By considering only tenureelated mechanisms, none of the generated at least 20 networks

with the chosen blockmodel. This does not necessarily mean the chosen global network structures
cannot emerge whesolelytenurerelated mechanisms are considered. Instead, it can happen that
such & nonfound) —still exists andwould generate networksitlv the chosen global network

structure.

All but tenure-related mechanisms

When all but tenureelated mechanisms are considered, one ofshgenerated all the networks
with the chosen blockmodel (s@@ble 7.7). The mean RF is 0.54vhich is relatively high
considering the constragion outdegreeThe simulation studgstimategseeAppendixE) that
the highest Rivalue (for final networks) is approx. 0.59 when the -dggree of eachodeis 5
(the mean outlegree in the generated networks is 4.84).

Even though the values of the mechan@weghtsare not generally comparable, it is reasonable
to interpret that the weights, which correspond to the mechanisms popularity level of the alter

182



(0.008) andoutgoing shared partnemmechanism(0.011), are mucHower than the weight
corresponihg to thethreeothermechanisms (hierarchical position of the alter (0.35), difference

in hierarchical position between the ego and the alde83) and distance between the ego and the
alter €0.78)). This means that the positive effect of the hierarchical po®fithe alter anthe
negative effect of the difference in hierarchical position between the ego and the alter and distance
between the ego and the alter can lead the global network structure tawiardschicalcohesive

one withlast noncohesive grap.

Table 7.7: The selectedP for generating networks with a hierarchicalcohesive blockmodel
with last non-cohesive group

ID | the—s that generated 30 (out of 30) networks without any inconsistent blocks mean RH sd of
RF
Hierarchicg Tenure Popularity Outgoing | Difference| Difference | Distance
position of the alter| level of shared in in  tenurg between
of the alter the alter | partners | hierarchicg betweenth( the egqg
position ego and th{ and  the
between | alter alter
the  egg
and the
alter
3741 0.351 Fixed to 0.| 0.008 0.011 -0.526 Fixed to 0.| -0.775 0.54 0.035
Note:tBot h newcomers and outgoers are possible.

All but tenurerelated local networknechanisms are considered. The mean number of inconsistent
blocks is 0 in all cases.

Comparing the RF values which are calculated for different assumed blockmodel types at different
stages of the network evolution (i.e. at different iterations) can relesgder insiglgtinto the
gener at ed net(Rgureko hthis study the RFvauss are calculated after each
wave ofnewcomersnd at the end dheiterations. Different blockmodghre assumed: cohesive
with threeclustes, asymmetric corperiphery withtwo clustes, hierarchicatohesivewith three
clustes, and transitie-cohesivewith threeclustes. The cohesive and asymmetric c@eriphery
blockmodel types are selected because they were found to be present at earlier piatsin
the empirical networka/hile a transitive-cohesiveblockmodel is selectesinceit only differs in

one or two blocks from the chosen hierarchical blockmodels.

One can sethat the RF values corresponding toadlthe considered blockmodel types arere
variable in the case of the networks observed before’thvavde ofnewcomers joined the network
compared to networks observed at later iterations. This indicates the global network structure is

less clear at thstart Further, the RF values corresping to the chosen blockmodel type are the
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highest compared to other blockmodel types. The values for thepsaified model are slightly
lower than those for the chosen blockmodel tygch is expected (see Appendik

Figure 7.9: Mean relative fit values for different blockmodel types obtained at different time
points (for the P with ID 374)
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All mechanisms

The 9 generateds (out of 2,000) produced networks with the chosen blockmodel type (all 30
generated networksontainedthe chosen blockmodel type) (s&able 7.8). The nean RFis
relatively high (between 0.42 and 0.52) for mesbut not for the-with ID 1910 where the mean

RF is 0.38. The standard deviations of all RF values are low. The lowest is the one corresponding
to the—with the highest mean RF.

It can be sen inFigure7.10 (for networks generated by using thavith ID 1861) that the chosen
blockmodel type alreadgppearsefore the first wave ohiewcomerss added to the network,
althoughthe structure is less clear. Especially high are the RF values corresponding to the
hierarchicalcohesiveblockmodel (as s@an Figure7.11, first generated network). Later, the RF
values that correspond to the hierarchimahesiveblockmodel withlastnoncohesive groujand

thenon-specifiedblockmodel increases. The interpretation of the mean RF valuéefather—s
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in Table7.8 are similar the mean RF values are visualizedrigure Figure in AppendixD).

The findngs areconsistentvith the visual representation of the generated networkigure7.11.

Table 7.8: The selectedPs for generating networks with a hierarchicalcohesive blockmodel

with last non-cohesive group

ID the—s thagenerated 30 (out of 30) networks without any inconsistent blocks mean RH sd of
RF
Hierarchica| Tenure| Popularity| Outgoing | Difference i| Difference Distance
position of the| level of th¢ shared hierarchicall in tenurd between th
of the alter | alter | alter partners | position between | ego and th
between th( the egqg alter
ego andhe| and the
alter alter
1861| 0.281 0.380 | 0.123 -0.016 0.737 -0.005 -0.468 0.52| 0.026
798 | 0.308 0.703 | 0.104 -0.023 0.621 -0.003 0.121 0.50| 0.032
483 | 0.001 0.794 | 0.049 0.085 0.413 -0.153 -0.406 0.50| 0.033
1222| 0.396 0.557 | 0.075 0.095 -0.636 -0.015 -0.337 0.50| 0.035
1814| 0.041 0.732 | 0.082 -0.011 0.612 -0.060 -0.280 0.45| 0.039
446 | 0.137 0.546 | 0.178 -0.118 -0.675 -0.027 -0.425 0.43| 0.035
147 | 0.428 0.377 | 0.002 0.121 -0.756 -0.026 -0.297 0.43| 0.038
1301| 0.039 0.590 | 0.004 -0.096 -0.483 -0.103 -0.630 0.42| 0.035
1910/ 0.376 0.182 | 0.047 0.032 -0.827 -0.002 -0.371 0.38] 0.031
Note:Bot h newcomers and outgoers are po¢disdbl e.

All local network mechanisms are considered. The mean number of inconsistent blocks is O in all
cases.

Although the mechanisrasveights are not comparable, some general conclusions can be drawn
by considering the most extreme values. It can be Heainthe weigts for the mechanisms
popularity level of the altequtgoing shared partnemgechanisnand difference in tenure between

the ego and the alter aa# generally low.

The weights corresponding to the mechanism tenure of the altgemeeally high althoughthe

weights corresponding to the mechanism hierarchical position of the alter are higher in some cases
and lower in othex When the weigts of the mechanism hierarchical position are high, the weights

of the mechanism difference hierarchical position between the ego and the alter are generally
higherasan absolute value while the weight of the mechanism distance between the ego and the

alter and the mechanism tenure are generally lag@n absolute value.
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Figure 7.10: Mean relative fit values for different blockmodel types obtained at different
time points (for the P with ID 1861)

before the 1st before the 2nd

wave of newcomers wave of newcomers final network

0.75

‘“}
Amf
-
b
I
1
1)
I
1
i
{

L ]
$ é . —— —_
L
L .
OWN @ 12} £@w @ [} ON @ 12} @ @ [} ON = 12} @ @ [}
o n I zn I I S n I ] I I S n I Zn n I
E 3 e © e = = Ex 3 e [ = Ex e = o 3 =
= = = = = = = = = = = = = = = 2= = =
£ o © wme o o = o © we o o = o © we B o
== 2 = 5> B = =z 2 = 3= B = == 2 S 3> B 2
ec w w F=ire] o w ec w w F=are] o o ec w w D o 7}
S8 o © oOm £ il 58 o © oSm £ © a8 © @ o £ o
= £ = o < = £ e o < = £ < o s
o [=] [=] -+ @ - o @ [=] [=] -~ o - [=] @ [=] [=] -+ o = [=]
o [5] [5] W = o (5] o [5] [5] m = o (5] o [5] (5] w = a (5]
: s Sa = ] ; s Sw = ] ; s Cw = !
$ s 28 = 3 o s =8 5 = $ s =8 5
=] 2 [ @ = o 2 [Ep= @ = o 2 [ = @ =
5} = g2 =% = 3} = g2 =% = 3} = 52 o =
2 5o 2 @ 2 C 9 w [} [E] e W o
@ T & = @ o= £ = © @ = & c
= = O o W = - o o @ = — o =) o
.z c c = .z c c = = c c =
= 7] = 7] = 7]
o o ©

While positive weights of the mechanism hierarchical position promote links from the nodes on

lower levels to the nodes on higher levels, the mechanism difference in hierarchical position
between the ego and the alter prevent links being established from those with a very large
difference in hierarchical position (e.g. from those in the lowest kigi@l position to those in

the highest hierarchical position). Therefore, in order to prevent the emergence of, e.g. the

transitivity blockmodel, both of the mentioned mechanisms must be considered.

The association between the weights of the mechanisiartincal position and the mechanism
distance between the ego and the alter indicates that only tresotiner can be sufficient for the
chosen blockmodel type to emerge (considering all the other local network mechéwisare

included.
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Figure 7.11: Somerandomly selectedgenerated networks (by considering th® with ID 1861)
with a hierarchical-cohesive blockmodel last noitohesive group
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Note: Both newcomers and outgoers are possible. Trs i gns of t he mechani

All local network mechanisms are considefddtworks are drawn in line with the blockmodeling
solution for sparse networks (ngpecified model).

7.10.2 Hierarchical -cohesiveblockmodel

In the case oé hierarchicalcohesiveblockmode] all thenodesonthe same hierarchical level are
linked. Sucha blockmodel might be less common in empirical knowleflger networks,
especially because those from tiiesteron the lowest hierarchical level are also those with the
lowest average tenure. Howevdre flow of knowledgeamong those on the lowest hietsioal
level can be encouraged tyroducingappropriate policies.

By considering only tenureelated mechanisms or all but tenwetéated mechanisms none of the
—s generated more than 25 networks with the chosen blockmodel type. Yet, there arefthree

the case wn all mechanisms are considered which generated 25 out of 30 netentiksing
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the chosen global network structuieable7.9). The RFvalues are lowethanthose reportefbr

the hierarchicatohesiveblockmodel with lashorncohesive grouput, considering the restriction
of the outdegree valugabove 0.32 are considered as relatively high AggeendixE). Onemust
also take into account that af the networks (including those with inconsistent blocks) are

considered when computing the mean RF value.

Table 7.9: The selectedPs for generating networks with a hierarchicatcohesive blockmodel

ID the—s that generated 30 (out of 30) networks without any inconsistent blocks mean RH sd of
RF
Hierarchica| Tenure| Popularity| Outgoing | Difference i| Difference|l Distance
position of the| level of th¢ shared hierarchicall in tenurd between th
of the alter | alter alter partners | position between | ego and th
between th{ the egq alter
ego and thy and  the
alter alter
35 |0.035 0.635 | 0.025 -0.038 -0.740 -0.186 -0.100 0.27| 0.022
503 | 0.005 0.128 | 0.042 -0.113 -0.916 -0.003 -0.362 0.19| 0.044
997 | 0.028 0.453 | 0.008 -0.001 0.842 -0.002 -0.290 0.27| 0.020
Note:tBot h newcomers and outgoers are

blockmodel is 25 out of 30 in all cases.

7.10.3 Other settings

The results presented in the previous subsectionsernthe case when bothewcomersand

outgoersare considered and when the signs of the mechadiseights are set in line with the

podised.bl e.
All local network mechanisms are considered. The number of generated networks with the chosen

previous knowledge on thecal newwork mechanisms in knowledgl®w networks.

The results for theituationwhere onlynewcomers are possible (with constraints on the signs of

t he

previous section.

What followsthe results for the case wheewcomersand outgoers are possible, but there are no
s i dgBacauseottie spgade ef alhpessidess mice ms 6

con

bigger when no restrictias placedn the signs, the prability that none of thes would generate
networks with the chosen blockmodel is higliean in the casdanvolving constraints on the
me ¢ h ani s nt& Bhis does nghkcessary mean thatt is impossible tayenerate networks

mechani

strai

nt s

sms 6

on

32|f the —s are represented as pointsdimensional space, the distance between paisteasesvith the number

wei ght s ) —saseé hene are the samecad inthe r s t

t he

of dimensionsQ) given a fixed number ofs.
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with the chosemblockmodel by considering the selected local network mechanisifat, it was
shown in the previous subsections that this is posshalié€)t can belue to an isufficient number

of —s being considered

Considering onlynewcomergwith fixed signs of the mechanisn@sveights)

It is assumed that considering omgwcomersdoes not greatly affect the ability to generate
networks with the chosen blockmodels since the outgoers are selected rarfelomhigy the
chosen blockmodels can emermrelatively earlyni before the first wave afewcomers is added
to the network.

A hierarchicalcohesiveblockmodel withlast non-cohesive groupthere are many-s which
generate networks with the chosen blockmodel in all 3 sets ofrlet@brk mechanisms. The RF
values are highest (around 0.50) when all local network mechanisms are condidéteBin
AppendixD). When only the tenureelated local network mechanisms are considered, the mean
RFisthe same (0.31) for alls. This isexpected since all thes are extremely similaif@ble 1in

AppendixD).

A hierarchicalcohesiveblockmodel:no —generateall the networks with the chosen blockmodel

type while considering all three sets of local network mechanisms. In the case alhkreal
network mechanisms are considered, there asetRat generated 28 out of 30 networks with the
chosen blockmodelT@ble 6in AppendixD). The mean RF values are 0.21 (for besf) which is

intermediategiventhe restriction o the maximum outlegree.

Generating networks witmon-fixed mechanism weights

Among the generateds, there is no such-that generateall the networks with the chosen

blockmodel. Yet somes generated almost all the networks with the chosen blockmodel types

A hierarchicalcohesiveblockmodel withlast noncohesive groupthere is ond® which generates

29 out of 30 networks with the chosen blockmodel type whenravwgcomersre possibléTable
4 in AppendixD), and oneP which generated 29 out of 30 networkih the chosen blockmodel
for the case whereothnewcomersand outgoers are possilfleable 5in AppendixD). The signs

oft he mechani s(fosbdoth—s)as hgpbthesizedim tieis chapter. The mean RF values

are lowerthanobservedor the case when the signstoh e mechani sfirsdd wei ght s
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A hierarchicalcohesiveblockmodel:there is one—which generated 29 out of 30 networks with

the chosen blocknul type for the instancewhen only newcomersare possible (Table in

AppendixD), and one—which generated 26 out of 30 networks for the casenwbthnewcomers

and outgoers are possilfleable 5in AppendixD). The si gns of the mechani ¢
as hypothesized in either case. The sigmesponohg to the mechanism popularity leved the

alter is negativewhereaghe signcorresponahg to the mechanism distance between the ego and

the alter is positiveln addition in the case of the-with ID 1456 (for the case withewcomers

and outgoers), the sign of the mechanism differemegerarchical position between the ego and

the alter is positive (and the value of theight of themechanism hierarchical position of the alter

is low and negative0.03).

7.11 Conclusion

Understandindhow knowledgeflows among employees ia company carbring benefis in the

e mp | o higherspérsonal and professional development thog in a greatercompetitive
advantagdor a company. By knowing the link between the local network mechanismghand
global network structure of knowleddiew networks, acompanyis able toadopt policieghat
encourage different kinds of communication patterns among the empldlyee=by promoting

the most appropriate global network structtoe knowledgeflow. The decision on the most
appropriate global network struceudepends on the type of knowledge to be transferred (e.g. tacit
vs. complex knowledge) as well as on the type of organization and its size.

In thischaptey the evolution of the global network structure in a given company was studied. It is

an internatioal mediumsized company deahg with software development, IT and business
consulting and maintenance and support. The knowldtme networks were measured by two

name generators (Aasking for andima(@eeembedd®2 Al ear
July 2006 and April 2007). In order to avoid the impact of geographical location on the global

network structure, only the data collected in Ljubljana (Slovemeganalysed in this study.

The global network structures for each time point ofabserved networksereanalysed using
directblockmodeling. The blockmodebtained athe first time point is close to cohesjwehile
at the second time point the global network structure consists of twepeagheries which

develop into the hierarchatglobal network structure at the third pamtime. The global network
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structure is highly influenced by the business unit and tenure. Irasuetarchical global network
structure, the average tenure decaesasithhierarchical positionindicatingthat knowledge flows
from those witha higher tenuran higher hierarchical position to those wélower tenurein a
lower hierarchical positiorkKnowledge is exchanged amoagnployees holding positions on the
same hierarchical levelghich is not the case for thosethe lowest hierarchical position with the
lowest average tenure. Based on these empirical results, the hieracohiesiveblockmodel with
last ron-cohesive groufwith threeclustes) and the hierarchicadohesiveblockmodelarechosen

to be further studied. This does not imply that sagiobal network structure is the one that is
desired for this or any other company. However, it is one of the structures thasappleareal

world andthus warrants scholarly atition

Once the global network structure is chosen, the local network mechanisms that might be related
to how knowledgeflows among the employees are identified. They are mostly chosen based on
the theory proposed by Neb(®006) which primarily addressed the mechanisms of advice
giving. The main research question is whether the selected local network mecltaristle to

drive the global network structure towards the proposed one. The selected local network
mechanisms consider only tenared notheo t h e r n o dseTheadefoee tthe focalnetwoek
mechanisms are related to the popularity level ohtitesthehierarchical level of thaodesthe
(geodesic) distance between tlmesthenumber of shared partneesnd tenureNetworkswere
generated by considering these mechanisms by using the proposed algorithm from the family of

network evolution models.

The main focusvas paid togenerating networks with thehosen blockmodelby considering
newcomersand outgers and by considering only the theoretically assumed signs of the weights

of the mechanisms. However, the case when elycomersire possiblevas alsanalysed along

with considering positive and n wapsaldoiewaluatedsi gns

whether theehosen blockmodedmergsin thesettingdistedabove.

The results of the Monte Carlo simulations sheWwierarchicalcohesiveblockmodel with last
nontcohesive grougan appear when considering all the #t@nurerelated mechanisms all of
the considered mechanisms, including tenure. When rigycomersare possible (but not also
outgoers), the chosen blockmoda&ko emergesvhen only tenurgelated mechanisms are

considered. There erelatively low level of errors in the networktsat are generatedt turns out
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that probably the most important mechanisms are thosagaiathe tenure of the employedése
hierarchical position of the employeasdthedistance between two employees. This is expected
since thesanechanisms are operationalizations of many important social constnettsling
different kinds of cost (social cost, psychological cost, institutional cost) and distances (psychic

distance, cognitive distance and geographical distance).

The chosen blockodel typealso emergewhen the signs of the mechanisms are not defimed
advancelt happenghat even in this case, the signs of the mechanisms which genetatorks
with the chosen blockmodel atempletely (forahierarchicalcohesiveblockmodel wvith lastnon
cohesive groupor mostly (fora hierarchicalcohesiveblockmode) in line with the hypothesized

ones

The results arparticularlyvaluable byconfirming that the studied global network structsioan
emerge due tsome local network mechams thatare not related to the employéestributes
(except tenure). The lattholds practical implicationBecausé indicatesone can introduceome

general policies to promote the emergence of the desired global network ssructure

192



8 Discussion

One ofthe key attempts iboth sociology and psychology is to reveal the (social) mechanisms
responsible for a given (social) output. When the relationships among individuals are studied, the
social output can be a social netwoSacial network analysi®rings different approaches to
studying the social mechanismmderlyinga given network. The main focus of earlier studies was

on social mechanisms in the context of empirical networks while less attention was paid to the
social mechanisms in the context of speglobal network structures. Therefore, the general goal

of this study was to identify and understand the fundamental social mechanisare thile to

drive the formation of a global network structure. Here, the global network structure is
operationaked by different blockmodel types. A blockmodel is defined as a network where the
nodes are clusters of equivalemtdesfrom the studied network. The term block refers to a
submatrix of an adjacency matrix and shows the relationship between two clusters or within a

cluster(Doreianet al., 2005)

The most common blockmodel types are cohesive,-per@hey, transitive and hierarchical
althoughmany other blockmodel typese possibleThere are also many known local network
mechanisms. Probably thHsest known arethe mutuality, popularity, transitivityelated and
assortativityrelated mechanisms. Diffare local network mechanisms can contribute to the
emergence of very different blockmodel types. Therefore, to narrow the scope of this study, only
a few blockmodel types and a few local network mechanisms were considered. The attributes of
the nodes are moneant to be considered in this study.

The blockmodels and local network mechanisms were selected within the chosen context. As
mentioned,while considering the context is helpful to narrow the number of all possible
blockmodel types and to select thest appropriate local network mechanigraking the(social)

contextinto accountan also increase tlygiality of the study.

Two of such social contextavere consideredThe first one relateto the environment of a
preschool class (friendship/liking meorks and interactional network agealysedn this setting
while the second one relatéo the work environment of a ediumsized knowledgebased

company (knowledgéow networks are anasgd in this context). Thanalysesaddress one of the
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main reseah questionposed n t hi s di ssertation, namel y: A Wt

of several mechanisms) affect hange i n bl ockmodel type?0.

The study begindy analyshg the ability to generate the most common blockmodel types by
consideringonly different triad types. This is important since such ability in@istite existence

of local network mechanisms that would drive the global network structure towards the selected

bl ockmodel (without considering the nodesd at
research gquestion, which i s: Al s it possi bl e

considering only the number of different type

8.1 Thetriad types

The relationship between the different triad types and the global network structures was
extensively studied by the social network pione@svis & Leinhardt, 1967; Holland &
Leinhardt, 1970; Johnsen, 198bjfferent triad types were used tist the existence of different
global network structures in empirical netwofkiolland & Leinhardt, 1970)This was done by
comparing the number of different triad typesamobserved network with the distribution of the

number of triad types in randonetworks.

Nowadays, the term mot{Milo et al., 2002)s often used to study different aspects of global
network structures. They are defined as fdpat
networks at numbers that are significanty¢yher t han t hose (Midoetah,ndomi z
2002) The triad types can be considered a subset of all possible patterns. Different patterns with
three or four nodes argpically used because considering patterns of size two would be
insufficient while considering patterns afhigher sizemight be computationally very intensive

and lesganformative in terms of global network structures. The triad types are seen as the smallest
sociological unit from which the dynamic of a myprson relationsp can be observe@avis

& Leinhardt 1967)

Although different triad typelaveoftenbeenused to describe the global network structures, they
haveyet tobe systematically studied in the context of the most common blmbdintypes. It is
also known thathe distribution of different triad types can be related to a given global network

structure althoughthere is a lack of understandion§ whether the distribution of different triad
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types can cause the selected global network struct@mergeThis issue is addressed in Chapter
3.

Di fferent triad types cannot be seen as fimech
in Sectionl.1because the local network structures catoindirectly used to explain how the
behaviour of the individuals affexthe global network structure. However, triad types can be used

asa form ofhelpwhile contemplatinghe possible relationship between local network mechanisms

and global networktructures as oftenoccursin the context of Exponential Random Graph

Modeling.

The most common blockmodels were considered in this study, namely cohksikenode)
symmetric and asymmetric ceperiphery blockmode] transitvity blockmodel, transitive
cohesive blockmodehierarchical blockmodeind hierarchicatohesive blockmodelThe three
clusters were assumed in all cases bthi@asymmetric and symmetric ceperiphery blockmodel
types only two clusters are possible by definition.dawrh studied blockmodel type, different triad
types were classified in the saif allowed and forbidden triad types. The classification was
obtained by considering the networksntainingthe selected ideal blockmodel (without any
inconsistency). The seff allowed triad types consists of those triad types that appear in such
network structures while the set of forbidden triad typesade umf those triad types that do not
appear in such network structures. It turned out that one stamgdiishdifferent blockmodel types
by only looking at the sets of allowed and forbidden triad types.

By considering these sets of triad types, two different algorithms were used to generate the
networks in order to increase the reliability of the results. Thedigstrithm was the proposed
Relocation of links algorithirwhereaghe second one was the MCMC algorithm implemented in

t he A er g motheR aocmguteglangubge.r

All of the studied blockmodels can be generated by considering different sets ofypréad in
general, the fit of the generated global network structures to the ideal global network structures is
not significantly worse when the set of forbidden triad types is asepposed tthe case when

the set of allowed triad types is usatthoud a very important differencarises whilegenerating

networks by considering one set or another.
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Whenthe networks are generated by the Relocation of links algorithm and the set of allowed triad
types is used, the distribution of the triad typasstbe given. The information mthe number of
clusters and their sizes could &abedded in such distribution of different triad types. On the
other hand, considering the set of forbidden triad typdggives information on which types of
triads are not allwed to appear in the network. This can still contain some information on the
number of clusters (two vs. more than two clusters), but the amount of informa&tiesearcher

needs tgrovide is much smaller.

Nevertheless, the generated networks withtdinget hierarchical blockmodel containedraater
amount of inconsistenciethan the generated networks with other target blockmodel types
especially when the networks were generated using the MCMC algorithm. When using the RL
algorithm by considering lriad types, the blockmodel was successfully generated, but the cluster
of thenodeson the highest and the cluster of tleeson the lowest hierarchical level were very
small. Considering pathsf-lengththree as an additional local network structiettogenerated

networkscontaininga very clear hierarchical blockmodel.

The main finding of this chapter is that the selected global network struatereble temerge
duetot he selected | ocal net wor k st r wteconsidereds even
This is a good indicator that more complex local network mechanisms that produce a given global

network structures might exist. Such local network mechanisms are addressed in the later chapters.

8.2 Emergence of symmetric and asymmetric coreohesive blockmodels

Two versions of the coreohesive blockmodel type were proposed. The asymmetricobesive
blockmodel type was proposed and asadlyin Chapte# while the symmetric one was proposed
and analged in Chapteb.

The proposed blockmodel typentails a combinationof the cohesive and cofperiphery
blockmodel types. It consists of at least three cluster®dés In the asymmetric case, there is
oneclusterof nodes(calleda corecluste) to which allthe othernodesin the network are linked.
The otherclustes (called cohesivelustes) are internally well linked, while theodesfrom
different clustes are not linked to each other. In the syminetase, there are symmetric links

between th@odesfrom the coreclusterand thenodesfrom the cohesiveclustes.
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Based on previous studies, it was assumed that such global network structures might appear in
friendshipnomination networks or in liking etworks (for the asymmetric case) and in
interactional networks among psehoolers (forthe symmetric case). The extensive literature

review revealed the most commonly studied local network mechanisms in such networks. These

are mutuality, popularity, (hilegreerelated) assortativity and different transitiviglated
mechanismsOther \ery commonly studied mechanisms in this context are different kinds of
homophiles, which are related to various type
considemetworkrelated characteristics of thedesn this study, such local network mechanisms

were nottaken into account

To address the research question of whether the selected local network mechanisms can drive the
global network structure towardbe symmetric or asymmetric cecehesive blockmodekan
algorithm from the family of the network evolution algorithms was proposed. The algorithm is
iterative. Onenodeis randomly selected at each iteration. Then, the selaotehssigns a link to
anaherrandomly selectedodewith the highest weighted network statistics. At the same time,

the selectedhodeassigns a netink to a randomly selectedodewith the lowest value of the
weighted network statistics. The network statisacscalculated byhe linearcombinationof the
mechanisms. The weights of the local network statistics are assign#te bgsearcher(or
randomly generated) and reflect the importance of a given local network mechanism. Even though
some effort vas madeto standardize théocal network statistics, the weights assigned to the
mechanisms are not generally comparable since the local network mechanisms are dependent. A
similar problem of comparability of the coefficient is also present within ERGM and SAOM.
Although several resarchershaveaddressed this issyindlekofer & Brandes 2013; Snijders

2004; Snijders, Van de Burdt al., 201Q)nogenerally acceptable solutiavailable. However,

the signs of the mechanlinaddifod it i&assumédithat omeacan b e ¢
roughly compare the mechanisins i mp oby lbakingcaketheextremelylarge differences in

their weights.

The latter is important becauseeth mec hani sms 6 wei ghts Mangre ge.]
networks werethen generated and their global network structures evaluated. Those sets of
mechani smsd weights that generated the netwol

possible were interprede
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8.2.1 The asymmetric case

The results showhatan asymmetric cor€ohesive blockmodel can emerde tothe mutuality,
popularity, assortativity, and two types of transitivity mechanisms (namely, outtyaingaths
mechanisms also referred to #se transitvity mechanism and outgoing shared partners
mechanisms). This is true for af the initial global network structurgbat were considered

empty network, asymmetric coperiphery blockmodel and cohesive blockmodel.

For each blockmodel type, the ten togmsed on the mean number of inconsistent blocks) sets of
mechanism weights were chosen and further sedlfor each initial blockmodel type. It appears

that similar sets of weights of mechanisms were chosen for the case when the initial network is
empl and when the initial network ba cohesive blockmodel. The set of mechanism weights is
different, to some extent, when the initial global network structure was the asymmetric core
periphery blockmodel. In this case, the weights of the transHiglgied mechanisms were higher.
Higher weights of these mechanisms are expected since only the cahestior have to emerge

in the network with the asymmetric ceperiphery blockmodel to end up with the asymmetric

corecohesive blockmodel.

However, thiss notto arguehat the weights of the selected local network mecharasengnable
to drive the network towards the chosen one from the initial network with any blockmodel type.
In some cases, only the number of iterationsstbe increased to reach thieosen blockmodel

structure.

8.2.2 The symmetric case

The resultdor the symmetric coreohesive blockmodel are given in ChapteAlong with the
main research question on the emergen@sgmmetric corecohesive blockmodel, the presence
of the proposed blockmodel type in i networks was addressed. To thisd interactional
data collected in Head Start preschools in the USA were sathlysing the blockmodeling
approach. The proposed blockmodel type was found in almost all daasesere studied

The simulation part provided similar resultsfasthe asymmeic corecohesive blockmodél a
symmetric coreohesive blockmodel can emerge as consequence of the mutuality, popularity,

assortativity and transitivityelated mechanisms.
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The results were expectéat the followingmainreasons. First, friendships (ding) among pre
schoolers are assumed to initiate interactions. This is also why similar local network mechanisms
were considered in both cases (symmetric and asymmetric). Second, the same algorithm was used
to generag the networks in both cases, yet/sral possible approachis modellingsymmetric
networksexist(asdiscussed in the corresponding chapter). However, the one used in this study is

the closest representation of the assumed emergetieempirical networks.

8.2.3 Other blockmodel types

Chapter 6 sets out theesultsconcerningwhether it is possible to generate the most common
blockmodel types (other than the symmetric and asymmetriccobresive blockmodel) by
considering the same local network mechanismswiéh the asymmetric coreohesive

blockmodel

One of the most impontd observations is that the popularity mechanism leads the global network
structure toward the asymmetric cgreriphery whilea combination of popularity and mutuality

leads the global network structure towards the symmetric-peniphery blockmodel The
transitivity mechanism (also callethe icl osi ng tri adso mechani sm)

emergence of cohesivtustes in the case of undirected networks.

There are several types of transitiviglated mechanisms in the case of directed networle. Th
outgoingtwo-p at h's (al so call ed At r an s ishaiedpartheyso ) me
mechanisms were considered in this study. Although the outgemgaths mechanism looks

more likethetransitivity mechanism, it promotes the emergence of the asymrmoereperiphery

blockmodel and naa cohesive blockmodel as om@uld expect. On the contrary, the outgeing

sharedpartners mechanism leads the global network strutiwards the cohesive one.

The other blockmodetypes cannot be generated bgnsideing the selected local network
mechanismsgneat a time) Further by considering albf the selected local network mechanisms
we wereunable to generate clear hierarchical blockmadeisrarchicalcohesive blockmodels,
transitivity blockmodels and traitive-cohesive blockmodels.
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8.3 Emergence ofa hierarchical blockmodel in knowledgeflow networks

The knowledgédlow conceptwas used in Chaptds to study the emergence of two types of
hierarchicalcohesiveblockmodels. A link in a knowledgow network operationalizes the flow

of knowledge while theodesare the employees in an organizatcampany.

One of the studied blockmodels is hierarchimathesive whereasnother is hierarchicalohesive
blockmodelwith last norcohesive groupThe lattermeans thahodeson the same hierarchical

level are linked to each other, while those on the lowest hierarchical level are not linked to each
other. Thee are empirical evidences that fa&er blockmodemight appeam knowledgeflow

networks

The local network mechanisms that might drive the global network structure to the selected one
were chosen based on previous studies on agwaeg networks, learning networks and other

kinds of networks that atesed taperationalizthe flowof knowledgein a companiorganization.
However, the main set of local network mechanisms was selected based on the theory proposed
by Nebug2006)who considered the adviggving relations (whictiorm part of knowledgdéow).

He assumed that the elopees consider the value thfe adviceobtainedfrom a given other and

the cost of obtaining advice from a given other. Therefore, the selected local network mechanisms
can be classified in two sets of mechanis(hebus, 2006) The first set(valuerelated
mechanisms) contains the following local network mechanisms: popularity of the alter,
hierarchical position of the alter, tenure of the aledoutgoing shared partnerfhe second set
(costrelated mechanisms) contains: difference inuterbetween the ego and the alter, distance
between the ego and the aldifference in hierarchical position between the ego and theaaiter
outgoing shared partners (the latter can be considered asrelatst mechanism as well as a
valuerelated nechanism). All of these mechanisms are operationalizations of different
sociological and psychological constructs. For example, the distance between the ego and the alter
is an operationalization of psychic distance, cognitive distance and geographaatglishile

higher popularity of the alter can be an indicator of his willingness to share knowledge and can

increase the level of cognitive trust from the ego to the alter.

To study the research questm@gardingvhether the selected local network metkens can drive

the global network structure towards the chosen blockmodel, a similar methodology was used as
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in the previous chapters. Yet, the proposed algorithm for generating networks is more complex

because it considers many characteristics of thevkaalgeflow in a company.

Compared to the algorithms used in other chapters, the alggnitipused in Chaptéis the only
oneto considemewcomes and outgoersMoreover the dissolution of links is not related to any
local network mechanism. Instead, the duration of links (flow of knowledge) iditimted and

related to the chosen edégree of a unit.

The general research question was brolkeminto several suljuestions. For example, the case

where only tenureelated mechanisms and the case where all but teelated mechanisms were
considered. In addition, the signistbe weights of the mechanisms wéxed in some cases and

were setfeeinothess The signs of the mechani sms6é weigh
can be interpreted. For example, a positive sign of the mechanism popularity of the alter means

the tendency to ask for advitrem those witha higher level of populant, while a negative sign

means the ego would avoid asking those with higher leselsopularity Considering non
constraikds i gns of t he mec h a thecompstétional eastghbuttcan revaalc r e a s
non-expected weights of the mechanisms that can drive the global network structure towards the

proposed blockmodel type.

Consideringnewcomers&nd outgoers, generating networks with anyhefwo chosen blockmodel

typeswas onlysuccessfulvhen all the selected local network mechanisms were considered. The
global network structures were clearer in the caseh@drarchicalcohesiveblockmodel with last
non-cohesive groupThis confirms the studied hierarchical strucsutan emerge when subjected

to the selected local network mechanisms. Here, it has to be noted that the networks were generated
by consideringfixeds i gns of the mechani s ms 0 alsweadngistents . Ho
with the theory when there are romnstraints on the weights (fa hierarchicalcohesive

blockmodel withlast noncohesive group

8.4 Relevance of the study

This study is the firsto attemptanalysis ofthe link between the local network mechanisms and
the emergence of blockmodgpeswito ut consi dering the nodesd at

showthat some blockmode&se able temerge because of the local network mechanmitisout
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considering the nodesdé attributes. This means

of thechosen global network structuresn be introduced

The results are especiallsaluable bybringing a better understanding dgfow the considered
blockmodelsemerge A very important observation in this study is that a researcher should not
make conclwsions with respect tahe local network mechanisms basedtba global network
structureof one empirical network. This is also because different intermediate global network
structuresan emergeéuring itsevolutionary process anbleresearcher usually doast know at

which stepthey areobsering an empirical network. Therefori js necessaryo consider several
observations and the social contekthe study. However, even this (observing networks at several
points in time) does not guarantee the global network strubiirg observeavill not change

later in time (under the influence of the same local network mechanisms and their strengths). The
whole evolutionary process of the emergence of a given blockrgmelwhen subjected to the
selected local network mechanisms, can be used to better understand and predict the dynamics of

global network structures described by blockmodel types.

The proposed networlevolution models caalsobe used to generate networks with the chosen
blockmodel with some inconsistencies (errors). Compared to other approaches for generating
random networks with a chosen blockmodel, the proposed one generates netvetukestiby
considering the selected local network mechanisms, imgémat the errors in the blockmodels

that are obtainedre not random but are line with the selected local network mechanisms.
Networks at differenstagesof the evolution of the glotbanetwork structure can be taken and

further analged.

This study proposes and evaluatemethodology forstudyingthe relationship between local
network mechanisms and global network structures. This incladespproach to generate
networks by considerg local network mechanisms as wellaasapproach to evaluate the global
network structures of the networgs generatedAlthough this was not the main aim of this study,
some important steps wemgadein development of normalizing the criterion functiwhich can
be used to compare two blockmodels, select the number of clusssied a blockmodel type in
empirical data.
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8.5 The main limitations

Even though local network mechanisms are ofteantral interest in empirical studiea social
networks, thequestion about the relationship between different local network mechanisms and
different blockmodels has ngét been systematically addressed. One of the reasons might be that
it is not trivial to address sudnquestion without considering the (sociatyntext, particularly

because the number of existing local network mechanisms is enormous.

Therefore, this studynay be seen aa very small step towards better understanding the link
betweerthelocal network mechanisms and global netwstrkicturesdescribed by blockmodels,
which are very precise representations of the global network stru&iwen thatthe research

guestionis very wide several assumptions and restrictions vegnaliedin this research.

8.5.1 Limitations related to local ngwork mechanisms

One of the strongest assumptions is that | oca
and, through that, the global network structure, while the global network structure does not directly
affect the importance (or strength) dietlocal network mechanisniPoreian& Conti 2012).

Closely related tahis is the assumption that the local network mechaniboid the same
importance for allof the nodes To our knowledgeboth assumptions arearely explcitly

addressed in empirical studies. In the case of ERGM and SAOM, it is possible to estimate weights

for the mechanisms (or effects, terms) separately for diffehesties ofnodes whereclustes are
determined based onsomede® attri butes. These can be rel at
(such as gender) or to the location in the network (e.g. being ptmt obre orthe periphery).

Based on metanalysis of friendship network&lock (2015) arguesthat embddedness in a

transitive triad is more likely to preserve unreciprocated ties because transitive triads provide a
forum for social interactions that would not otherwesést While for interactional preschool

networks, Schaefatal. (2010) proposed that some less complex local network mechanisms

might be more common for younger children while more complex local network mechanisms
emerge with their psychological development and are therefore more coammngolder

children.

While different mechanisms can be of different importance to diffenexttes one could also

consider the case whéhe weights of different local network mechanisms can chaunggime.
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For example, Schaefetal. (2010) analysed interactional networks collected amgopreschool
childrenandarguel that popularity and triadic closure are becoming increasingly important over
the course of the school year. To apply the methodaagforwardin this dissertation, one should
propose the way to normalize the weightshef inechanisms so thatecomparable among each
other and in time. BotSAOM and (temporal)lERGM, which are probably the most commonly
used to study the dynamics of the links in empirical networks, assume that the meahanisms

strengthsare constanbvertime.

All of the proposed network evolution models assathéhe nodes in the network haegual
probabilitiesof havinga chance testablisha link. This is a reasonable assumption, especially
because the proposed models are defined such that is it possible (for a given unit) not to change
any link whenreceivingan opportunity to do so. Yet, it would be beneficial to take ailtm
accountthe case where someodeswould receivefewer opportunities to change a link. For
example, in knowledglow networks one could consider tsguationwhen thenodeswith a

lower tenure would be more & to ask for advicéhanthose witha higher tenure. Ircase of
preschool networks, tise with a higher number of mutual ties wouldceivefewer opportunities

to establistew ties(Danielet al., 2019)Such constraints could be considered within the model

(as part of the definition of the algiihm for generating the networks) or be operationalized by

different local network mechanisms.

8.5.2 Limitations related to blockmodel

In this study, the focus was givel blockmodels obtained by considering the structural
equivalence, sincinatis very freqently used in real studies. However, some further focus should
bepaid tostudying the relationships between different local network mechanisms and blockmodels
with other equivalences.

The current studiargely focuseson blockmodels with threglustes. One should verify whether
the results anbe generalized to blockmodels walhigher number oflustes. The main concern
here is whether only the strengths of the considered local network mechanisms should be adapted

or whether some additional local netilk mechanisms are needed.

The very early scientis{€artwright& Harary, 1956; Morenp1934)in the field of social network
analysis considered positive and negative ties. Soon, more focpaiasonly the positive ties.
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Yet, some researchers argioelaythat considering negative ties (or repulstgpe mechanisms)

is extremely important when studying the evolution of the global network structure. Stadltfeld

al. (2018) argue that psitive relations arensufficient to explain the emergence of groups, while
Doreian& Mrvar (2014) showed that considering only positive ties canng spurious results.

This is because global network structures are the result of several social processes, which include
liking-related and dislikingelated social mechanisms (they considered structural balance,
differential popularity, differential dislikeand mutual hostility within subgroups larger than
dyads). Therefore, studies on the link between local network mechanisms and global network
structures should consider both positive and negative ties. Such research results would provide
very important pretical considerationsith respect tadhe importance of collecting information

on negative ties in empirical studies. For example, in the casepoéschool social context,
negative ties arparticularlyimportant since they can be used to operationabogal behaviour

such as bullying. Bullying is a repetitive and intentionally negative behaviour against a victim who
finds it difficult to defend him or herse{Dlweus 1994) One of the purposes of bullying is to
increaset h e p e 1s pozitlstadus (Garadita Di Blasio, & Salmivallj 2009; De Bruyn,
Cillessen, & Wissink2010; Salmivalli, Lagerspetz, Bjorkqvist, Osterman, & Kaukiainen, 1996)
However, there are differences between different age groups in how thetorealties. While
younger children sanction bullying, older childremvard the proponents of bullyimgth ahigher

social statugVan der Ploeg, Steglich, & Veenstiapres).

8.6 Recommendatiorsfor future research work

Some important directions for future studies are given in the previous substxtoalso
discussedthe studp s | i mieteasbme addisonal recommendations for future research work
are given, whicldo not relatedirectly to those limitations.

One very important methodological issue in this study was how to evaluate the fit of the empirical

network structures to the chosen blockmodels. A very general insight was obtained by calculating
the number of incagistent blocks. The number of inconsistent blocks was used to evaluate how

similar the empirical blockmodel and selected ideal blockmodelaypd o evaluate the amount

of errors in the empirical network, the normalized value of the criterion functadedaelative

fit, RF) was defined. The RF takawvalueof up to 1 (an ideal blockmodel). The expected value
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in the case of a random network with the same density @saempirical network is 0 (meamy

that negative values are also possitlie)sapproach is appropriate when it is reasonable to assume
there are no constrasprevenng the emergence of the ideal blockmodel without errors. &nch
example was provided in Chaptgrwhere the outlegree of thenodeswas constrained by the
algorithm. Because the obtained networks were sparsealirénet blockmodeling approach for
sparse networks wapplied By using this approach, the complbtecksare usually sparsénan

in the case of blockmodeling for Aregul ar net
errors in null and complete blocks are weighted differently, usually based on the network density).
As a resultthe real vale of RF isbelow 1 and the guidelines for interpireg the RFgivenin
subsection2.5.4 are too conservative when the blockmodeling approach for spataerks is

used. Therefore, the maximum R&uefor the generated networks was estimated by simulations

in this study Still, a more detailed and systematic study on the betrawvidhe criterion function

and the RF is need&d

In this study, severaldlgorithms for generating networky considering selected local network
mechanisms were proposed. They essentiallyoatiefrom the same family of network evolution
models. Some differences between them 8A@®M and ERGM are described in Chapgr
During this study, it \as shown that ERGM arelAOM often fail to estimate the models which
would generate networks with a very clear blockmodel structure o€higseven when the set of

local network mechanisms (or terms or effect) which generated the global network straitures
included in the model. Such global network structures can be generated by considering the same
local network mechanisms with the proposed NEM algorithms. The inabiljgnerat@etworks

with SAOM and ERGM could béue tothe very unnatural degreésttibution. In the case of data
from real life such distributions of the degrees usually dmisgirtue ofcertain constraints aie
creatingof links. This indicates the need to further develbp already exishg models (e.g.
ERGM and SAOM) such th#he blockmodel structure would be considered alitigthe already
exising terms or effects. Another possibility would be to develop additional models (based on the

proposed NEM) that would enable netwotiide createavith a very clear blockmodel sitture

33 There are also other concerns about the behaviour of the criterion function related to the number of groups, the pre

specification of the model (nespecified vs. specified model) etc.
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or to estimate t he anendpeitalinstworkavitreeveneckear blockmbdels e d o1

structure.

The current research provides the methodolfmystudying the relationship between local
network mechanisms and global network structuréss {lextended) methodology could be used

to propose #@ypology of selected local network mechanisms that drive the networks towards
the specific blockmodels. This could be used as a framework forsmggmpirical networks and

also for generating randometworks with a given blockmodel, which is useful when testing
dynamic blockmodeling algorithnm#1atias& Miele, 2015; Xing, Fu, Song, & others, 2010; Xu

& Hero, 2014)

In this study, only binary (binarized) networks warelysed. Therefore, the research coaldo
be generalized for valued networ&sd other blockmodel types that were not considered in this

dissertation.
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Appendix A: Mean RF for networks generatedby considering different Ps and different
initial networks

Figure 1. Meanrelative fit values for different blockmodel types generated by differentPs
(the initial network is empty)
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blockmodel type —# asymmetric core-cohesive —*- asymmetric core-periphery —®- cohesive

Figure 2: Meanrelative fit values for different blockmodel types generated by differentPs
i

(initial is an asymmetric core-periphery blockmodel)
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blockmodel type —# asymmetric core-cohesive —*- asymmetric core-periphery —®- cohesive

Figure 3: Meanrelative fit values for different blockmodel types generated by differentPs

(initial is a cohesive blockmodel)
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Appendix B: The distributions of improvement values

Figure 1: The distribution of the improvement values for the networks generated by different
triad types by the RL algorithm
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Figure 2: The distribution of the improvement values for the networks generated by different
triad types by the MCMC algorithm (fixed density)
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Figure 3: The distribution of the improvement values for the networks generated by different
triad types by the MCMC algorithm (non-fixed density)
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Appendix C: Generating equally distributed Ps

—is a vector of length corresponding to the number of local network mechahsnasebeing
consideredTo limit the space of all possible values, the restriddier  pisapplied Individual
—s can be seen as points in the space. When -eadnsiss of three values, the points are
distributedacrossthe sphere. There are several approaches to gegerabdom points on the

spherethat can be generalized on a higher dimension. One approach is by generating the values
from the standard normal distition B and multipying them by a scala— & pj BE
(Marsaglia, 1972; Muller, 1959T he values (points) are randomly distributed when this approach

is applied,althoughsome are much closer to each other than others. To solve this issue, several

approachebave beemproposed buthey areall limited to the threglimensional space.

Therefore, the following approach to genamgtrandom points irt -dimensional space is used.
When this approach is used, the points are relatively equally distributed. Thehaigisr as
follows. A researchemustset the desired number 6§ (points) to be generated as well as the
initial set of—s, OThee iterative processtiseninitiated. In this process, the approgeh forward

by Marsaglia(1972)and Muller(1959)is used to generate a set-&f, calledd, which are the
candidates for being added to the initial '€the number of elements of seis arbitraily, but
thehighest number results in more equally distributed points. Thersftben setd with maximal

minimal distance to anyfrom set'Gs identified and added to set S.

As shown inFigurel: An example of somBOgeneratedy two different approachethe points
are more equally distributedith the described approathan withthe approach proposed by
Marsaglia(1972)and Muller(1959)(54 —s are generated by each approach, eadh satsists of
1,000-s).
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Figure 1: An example of somePs generatedby two different approaches
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Appendix D: Number of inconsistent blocks and mean RF values for the generated networks
with a hierarchical-cohesiveblockmodel with lastnon-cohesive groupor with a hierarchical-
cohesiveblockmodel

Table 1. The selectedPs for generating networks witha hierarchical-cohesiveblockmodel
with last nonrcohesive group

ID the—s that generated 30 (out of 30) networks without any inconsistent blocks mean RF| sd of
RF
Hierarchical | Tenure | Popularity | Outgoing Difference i| Difference | Distance
position of the| level of th¢ shared hierarchical | in  tenurg between thi
of the alter | alter alter partners position between th{ ego and th¢
between th{ ego and thq alter
ego and thq alter
alter
34 0.943 -0.334 0.31 0.004
295 0.944 -0.331 0.31 0.003
298 0.941 -0.337 0.31 0.004
535 0.942 -0.335 0.31 0.004
623 0.941 -0.339 0.31 0.004
739 0.943 -0.332 0.31 0.003
Fixedo 0. Fixedo 0. Fixedo 0.
1069 0.942 -0.335 0.31 0.004
1242 0.941 -0.338 0.31 0.003
1265 0.943 -0.333 0.31 0.004
1348 0.942 -0.336 0.31 0.005
1642 0.944 -0.330 0.31 0.004
1658 0.943 -0.332 0.31 0.004
Note: Only newcomersre possible. Thesignébh e mechani sfimasdd wei ght s

Table 2: The selectedPs for generating networks witha hierarchical-cohesiveblockmodel
with last non-cohesive group

ID the—s that generated 30 (out of 30) networks without any inconsistent blocks mean RF| sd of
RF
Hierarchical | Tenure Popularity | Outgoing | Difference i| Difference | Distance
position of thealter | level of thqg shared hierarchical | in  tenurg between th¢
of the alter alter partners position between thi ego and thq
between th{ ego and th¢ alter
ego and thq alter
alter
1868 0.455 0.030 0.020 -0.740 -0.494 0.29 | 0.019
532 0.419 0.057 0.050 -0.660 -0.619 0.28 | 0.020
368 0.640 Fixedo 0. 0.011 0.134 -0.592 Fixedo 0. -0.471 0.27 | 0.016
962 0.307 0.170 0.094 -0.616 -0.698 0.26 | 0.027
374 0.351 0.008 0.011 -0.526 -0.775 0.25 | 0.016
Note: Only newcomersre possible. Thesignébh e mechani sfimadd wei ght s
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Table 3: The selectedPs for generating networks witha hierarchical-cohesiveblockmodel
with last non-cohesive group

ID the—s that generated 30 (out of 30) netvithidst any inconsistent blocks mean RF | sd of
Hierarchical | Tenure | Popularity | Outgoing Difference i| Difference il Distance "
position of the| level of th¢ shared hierarchical | tenure between
of the alter | alter alter partners position between th{ the ego an

between th{ ego and th¢ the alter
ego and th{ alter
alter

798 0.308 0.703 0.104 -0.023 -0.621 -0.003 0.121 0.50 0.029

1861 0.281 0.380 0.123 -0.016 -0.737 -0.005 -0.468 0.50 0.024

1222 0.396 0.557 0.075 0.095 -0.636 -0.015 -0.337 0.46 0.030

1656 0.339 0.609 0.001 -0.157 -0.600 -0.117 -0.340 0.43 0.029

1814 0.041 0.732 0.082 -0.011 -0.612 -0.060 -0.280 0.43 0.044

147 0.428 0.377 0.002 0.121 -0.756 -0.026 -0.297 0.42 0.022

1301 0.039 0.590 0.004 -0.096 -0.483 -0.103 -0.630 0.42 0.023

1757 0.412 0.301 0.197 -0.038 -0.836 -0.008 -0.035 0.42 0.017

446 0.137 0.546 0.178 -0.118 -0.675 -0.027 -0.425 0.40 0.032

777 0.136 0.542 0.236 0.164 -0.518 -0.041 -0.579 0.40 0.022

216 0.009 0.907 0.019 -0.027 -0.410 -0.061 -0.073 0.39 0.028

621 0.376 0.360 0.179 0.147 -0.597 0.173 -0.537 0.39 0.040

802 0.295 0.688 0.135 -0.092 -0.547 -0.337 -0.030 0.39 0.041

821 0.051 0.705 0.306 -0.029 -0.613 -0.149 -0.092 0.39 0.029

483 0.001 0.794 0.049 0.085 -0.413 -0.153 -0.406 0.38 0.029

1835 0.360 0.521 0.124 -0.145 -0.564 -0.340 -0.359 0.38 0.024

1910 0.376 0.182 0.047 0.032 -0.827 -0.002 0.371 0.38 0.032

1377 0.270 0.073 0.006 -0.048 -0.761 -0.024 -0.583 0.37 0.032

1982 0.246 0.526 0.401 0.217 -0.631 -0.135 -0.197 0.33 0.032

1956 0.189 0.384 0.178 -0.095 -0.852 -0.032 -0.222 0.31 0.035

Note: Only newcomersre possible. Thesigndbh e mechani sfimadd wei ght s
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Table 4: The selectedPs for generating networkswith selected versions of a hierarchical

wei ght s

blockmodel (only newcomers are possible, the signftoh e mechani s mo

ID the—s that generated 30 (out of 30) networks without any inconsistent blocks mean RF| sd of] B =
RF Q -
Hierarchical| Tenure | Popularity| Outgoing | Difference il Difference| Distance %E

position of the| level of thq shared hierarchical| in tenurg between S
of the alter | alter alter partners position between | the ego 5%
between th{ the egol and the gg
ego and th¢ and thel alter =R
alter alter Z <

Hierarchicabhesivblockmodel with lasticohesive group
501| 0367 | 0331| 0202 | 0158 | 0622 | 0195 | 0515 | 033 | 0038 29
Hierarchicabhesivelockmodel
1632| 0410 | 0668 | 0227 | 0163 | 0490 | 0185 | 0180 | 025 |0.023] 20

Table 5: The selectedPs for generating networkswith selected versions of a hierarchical
s mo

blockmodel (newcomers and outgoers are possible, the sigfisoh e mec hani
not fixed)
ID the—s that generated 30 (out afi@@orks without any inconsistent blocks mean RF| sd of| © =
RF Q-
Hierarchical| Tenure | Popularity| Outgoing | Difference il Difference| Distance %E
position of the| level of thq shared hierarchical| in tenurg between 5
of the alter | alter alter partners position between | the ego 5 g
between th{ the  ego and the -g g
ego and th¢ and  the| alter 58
alter alter Zc
Hierarchicabhesive blockmodel with lastot@sive group
880 | 0564 | 0130 0008 | 0283 | 0743 | 0044 | 0179 | 025 | 0.040] 29
Hierarchicabhesive blockmodel
1456] 0033 | 0848| 0378 | 0064 | 0121 | 0338 | 0067 | 017 |o0.041] 26
Table 6: The selectedPs for generating networks witha hierarchical-cohesiveblockmodel
ID the—s thagenerated 30 (out of 30) networks without any inconsistent blocks mean RF| sd of] B =
RF Q-
Hierarchical| Tenure | Popularity| Outgoing | Difference il Difference| Distance %E
position of the| level of thq shared hierarchical| in tenurg between S
of the alter | alter alter partners position between | the ego 5 g
between th{ the egol and the g g
ego and th¢ and thel alter 53
alter alter Zc
35 0.035 0.635 0.025 -0.038 -0.740 -0.186 -0.100 0.21 0.023| 28
562 0.022 0.729 0.075 -0.282 -0.537 -0.290 -0.097 0.21 0.027| 28
Note: Only newcomersre possible. Thesignbh e mec hani s firedd
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Figure 1: The mean RF values for different blockmodel types for selectes
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