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olumeis predxcated on iwo very simple assumptio s'an

lels nxid’tha‘socmlfnetwmh {Eomtntinity s ready for them? fndséd, thefb are’ kome dyncumc ‘modets

silable already, The contrihutions Gontained dnithils:volume, build on the earlict reSearch snd areintended
iy es,of wo Qur, introduction stagts with the twin ideas of structure

nctwark namics zmd lhe evo!uhon of socmi netwarks

rkipheuomena, hut we extend thé term to include the geneération of simulated data
--based on theoretxcal mode]s Second, we are concerned with explicit formal models.

qh € can take the form of mathematical representations and/or al gomhrmc statements
of ; prucess rules While purely verbal formulations provide valuable msnghts info net-
- Work processes and are a rich source for ideas, they remain outside the scope of this
~ discussion.

1.1. Structures

r'Ifhtf._ simplest, and most fundamental, definition of structure is a set of social actors
with a social relation defined over them. A small group of “people” and the relation
“friendship™ and social service organizations with the relation “referring clients” pro-
vide two examples. This definition of structure has been extended in several directions.
One is to consider multiple relations for a set of social actors. Continuing the inter-
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organizational example, the additional relations could be “provides services”, “coor-
dinates”, “sends money” or “provides political support”. The Bank Wiring Room data
(Roethlisberger and Dickson, 1939; Homans, 1950) is a widely used and cited network
with multiple relations that include friendship, antagonism, playing games and helping.
As far as representational tools are concerned, graphs can be used for a single relation
and multigraphs or hypergraphs can be used for muitiple relations.

A second fundamental type of relation is “membership” where social actors belong
to two distinct types that are mapped t0 each other under an inclusion rule. Two example
are individuals belonging to friendship groups and'individuals'en organizational boards.
For the latter, individuals as directors belong to organizational boards. Breiger (1974)
provides an elegant discussion of the “duality” between people and groups. The analyses
of these (two mode) data structures involve the membership te plus two ties that can
be generated from it: (1) a collectivity-to-collectivity relation and 2)"an 'individual-to-
individual relation. Using the director-board example, there is a relation over the
directors (joint membership) and oné over the companies (shared directors).

A related, but distinct, idea is one where there are multiple levels for a petwork. If
we think of people and friendship groups, the set of network ties among the individuals
belonging to these groups can be aggregated to form relations bitween the groups. Or,
as another example, people working for social service agencies have many social ties
among themselves (as representatives of their agencies) that, when
relational ties between their organizations, This can be expanded
tounderstind the-"micro-miicro telationship™ where there-art
ik actorsatéa’chlevél"]fhe

T W GERLTIAY HE f

Representing and understanding the dynamics of this .
trivial tagk.!

Another extension'conies.if e think/of netwoiks'as networks of netwotks (Wellmag,
1988). If societal sectors are institutionalized (Seott and Meyer, 1991), then an inter.
organizational neiwork could be represented s a network of organizations within
sectors that are then linked in some fashion. Or, if the focus is on the provision of
sérvices, different client pools define networks of organizations servin g people in those
pools. Then, for multiple problem clients, these specific networks are linked into a
broader network. Put differently, networks can be nested within broader networks. This
becomes complicated if the nesting and aggregation aspects are intertwined with the
aggregated ties differing from, and not mapping cleanly to, the nested ties. But even
with this difficulty, the task of describing structure is simply one of defining social

actors, defining the relevant social relations and describin g them with some appropriate
tools.

‘assiimed ‘to” be ‘Gollad:
RSN b e T ey i1l

upling of relations is a non.

1.2. Processes

Social network processes seem more elusive for formal maode] building. In part, this
stems from the simple idea that structures seem easier to observe: we can take snapshots
at specific moments in time. To get at the idea of social network processes, we look
closely at each term. We start with the idea of process. It is instractive to consult a

'We consider some possible avenues of research for modeling network dynamics in the final chapter.
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or- - dictionary.® Consider the following three definitions of a process: (1) “a series of actions
lata or operations used in making or manufacturing or achieving something”; (2) “a series
ork of changes” and (3) “a course of events or time”, Next, Lenski et al. (1991: 438-9),
ng. in their text on human societies, define the term “social” as “having to do with
1on relationships among the members of societies”. This points towards a network repre-
sentation and we have already defined the term ork. Lenski et al. view process
BE as “a series of events with a definable outcome” By linking these ideas, we view a
ple social network process as a series of events involving relationships that generate
ds. (specific) network structures. More glibly, network processes are series of events that
'4) create, sustain and dissolve social structures.
es Clearly, any network structure can be defined formally — we can use any of the tools
an used to “describe” structure ~— and so have a “definable outcome". Assembling a series
o~ - of descriptions of structure through time will satisfy the second meaning of “process”.
he ‘This seems an important step as we are compelled to look at networks with a through
time perspective. In one sense, the last two dictionary meanings of process are the same.
If owever, we will draw the following distinction and view a “course of events” as
ds aving some coherence. Events at one point in time are conditioned, in part, by the
i,

vents that went before them: petworks evolve. Specifying how this occurs — and the B"
mechanisms involved — remains a difficult set of tasks)

ﬁt.seez_ns reasohable,that.many--so_.cial.;petwork;proqesseg are-volitional in the sense \;\ 7
LI =) R A L e vl oL e ot - o ,

L actors: have ipurposes;: consistent iwith. the:first ‘dictionary- definition of process.

tors' make choices over theif sk 6f fithe and, together with other actors.“act in order

0 something: Ofganizations forming “action sets” do's to actmconcert:w ,,@'3
-e‘-:_.'.. uogf'a etwor "_’.- WQreanizations for so 12 DUTBOSe Continuing the inter- ‘i“\ i\.
attonal example, org hisis seldomall of the story. ~ * 9

-

tvorks: that form.d are also shaped i Q?'“\
unintended' ways::An extant network facilitates some actions (and actors) and inhibits
her actions: (and actors).: Put differentiy, the form of the network is relevant for its
wirevolution. In a specific empirical context there will be a sequence of network events
hich.can' be viewed as-stemming from a network process. ;, |
‘Atjaiminimum, studying network processes requires the use.of fimge in addition to ‘S
scriptions :-of;fnenvorkust_mbmres.@’;iy cross-sectional description of a network at a~ \%.\
ingle ‘point of ‘time:does not destribe a processAThis would be statics rather than ;55:
dynamics. It is possible that network data are collected overtime and then collapsed "\
tqi;iform- a single description. Kapferer (1969) does this, as did Roethlisberger and
Dickson (1939). While it is possible to interpret these structural descriptions as an
equilibrium state (for some — probably unknown — process), we do not include them
within the domain of network processes. There has to be change (or not) through time
which requires temporally ordered information rather than information summarized
over a period of time. -
- To help set the stage for our discussion, we examined the first sixteen volumes of
Social Nerworks to see how often process in the “series of events” sense was featured

in its pages. Of the 285 articles published between 1978 and 1994 we found 47 contained

50 only partially by sin. y

o AW ey e

o

*The one that was handy when writing this was the Oxford American Dictionary, New York: Oxford
University Press, 1980.
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o Fitted Percent a Percent Using Time
I 1 I i 1 £ 1 1 } H ] H 1 § 1 !

EEUER S LR SUC TR CRNNET ST L TS TS S POPP P L LA e e
the use -of time:%.Is this 16% incidence rate small?-Before answering;this- largely
rhetorical but: difficalt: question, we peed to say more about.the coding of articles.n
terms of processual ideas. Any article with data at one point in time was coded as:a
non-process article. Some articles with processual words — like “dynamics”, “forma-
tion” and “disintegration” — in their titles were coded as non-processual if their data
were cross-sectional. Consistent with the above argument, articles describing network
structures at equilibrivm were excluded also. Papers on biased network theory (even
though the terminal state or distribution could only come as the result of a process
" operating with biases captured in parameters) were coded non-processual.* Also, articles
that used through time data but discarded the temporal information — for example
Bonacich’s {(1991) use of the Davis et al.(1941) Deep South data® — were not included
among the processual articles.

Rather than respond to the overall 16% in the rhetorical question, we look at the
distibution through time of the vse of time in articles found in Social Nenrworks. This
is shown in Figure 1. The high water marks, as it were, were in Volume 2 and Volume

11 when 28% and 27% respectively of the articles were processual. The graph also

INote that we did not write “only 47",
4If these asticles were recoded as processual, the incidence of processual articles would rise to around 20%.
SHe appears to use these network data -— or one that is isomorphic.
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shows the lowess® smoothed trajectory (Cleveland, 1979) which suggests the incidence
of processual work is increasing currently — as do the raw data on the right. As we
believe we are in an era when it will be fruitful to focus more on social network
processes, this is a trend we like. Looking at the 16 volumes of Social Networks makes
it clear that many of the cross-sectional articles are devoted to the development and
discussion of procedures for describing structure. This is not a lament over the dearth
of process and time in social networks research.’ If network processes are characterized
~ as series of structures through time, there i$ a clear need to have sound structural tools.
- Indeed, using poor structural tools will threaten any effort to track structure through
time, let alone provide the basis for attempts to “explain” structural phenomena. So
while the Bonacich (1991) article is non-processual, it does lay out tools that wiil be
v\g;y useful in studying networks through time.

It is tempting to treat “evolution of networks” and “metwork dynamics” as inter-
changeable terms. For us they have different meanings. We take pefwork.dynamics as
the more generai term and a generic statement of changes through time. The term
: orks_ has a stricter meaning that captures the idea of understanding
ange via some undersrood process. If we can lay out the-“rules” governing the
'cqucnce of changes through time we have some undemtandmg of a pmcess that goes
eyond sunply observing change. Of course, a network system can be in equilibrium
conszstﬂnt ymh the: uiea thnt some_ proccsses mamtasizll stnzcturcs Paradoxzcally, the
j-pmcess gnay not*he legs rgleva'nt when there i5n0 change thmugh fimie, ‘Without
rétanding of g ‘Retwor k__proqesé all we have is a single descnptmn. If we can
ption, i L}gh timie fram "ork, we can say somethmg about thc

ALY,

PROCESS AS CHANGE IN SOCIAL STRUCTURES

sa re is a c}ass of models, and corresponding network issues, that belongs here only
- 'ally .Amales that use, pmcessual ideas simply as illustrations and those advocating
ata 8 of processual mathematlcai ideas without specﬁ’ymg how this could be done
ik both put to one side. Undoubtably they will inspire future work but, for now, we
ta pay them no heed beyond the idea that change is important and that certain tools
1355 i\ dlfference equations or differential equations) may have great utility in modeling
es ge. E
e e defined structure in terms of social actors and social relations and process as
ed enerated) sequences of network events. To complete the picture of work in Social
: Neﬂvork.s roughly 55% of the 47 processual articles are straightforward descriptions
tfe - of networks through time.? As such, they provide a point of departure for a systematic
s look at ways in which network processes are studied. We note, at the outset, that it will
ne be difficult to categorize all published (or potential) models in an unequivocal fashion.
o ) Morcover, new work will break new ground and make this categorization cutdated.

©This stands for LOcally WEighted Sums of Squares.
Strictly, of course, we should limit this statement to social network rescarch as reflected in the articles
%, included in Social Nenworks,

®Note, again, we did not put the word ‘only’ into this sentence.
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2.1. Predicting Future Attributes from Structural Information

Following Leenders (1995), we label models predicting some attribute(s) of actors (or
the extent to which actors are similar with respect to one or more atiributes) from
information concerning their structural locations in networks as “contagion models”.
See also Burt (1982). For the purposes of this discussion, we do not include conventional
network autocorrelation models within this category when they are formulated in cross-
sectional terms. A model of the form y= pWy + X + ¢, with € a white noise term, is
not processual. If, however, it takes a form like ., = pW(@)y, + X,f + e(r + 1) we would
regard it as a processual model.

Johnson (1986) uses the extent to which actors are structuraliy cquwaient in a network
of commercxal ﬁshermen as a predictor of the rempora! om‘er in wluch the ﬁsherruen

pomts in tune Krackhardt (1988) uses the Sampson (1968) data on reiatmual taes among
a group of trainee monks to predict similarity in the order in wluch ‘the monks depam_ed
the monastery, either by expulsion or voluntarily. This example fits léss well within
this category as the constructed dependent variable, in matrzx form seems 1o discard
the temporal mfnrmahon for the modeling component. ot
E;zperunents ;;re anotbger source for studaes ‘where st
Clea_rly the' early Leavxt't"(_lQSZ) and Baval (1 iments w ;
Broups have this fedture. The variable miniplated experimenfally was the’¢o

dation structure of the grotip'and thé p 11 response vanab];e was the tnne tg)ke by
the group to complete a collective task. We emphaszze that this'1s a' group Tevél otcome.
As such, it expands the domain of models with network structure predicting collective
attributes. Expenments fmmded piig exchange theory fit here as well. Again; the,manipu-
lated variable is the stucture of the experimental group and the outcomes include a set
of exchange Tates. See, for example ‘Willer (1992) and thé articles contained in'the
special issue of Social ‘Néhvorks edited by him. We 'also” mclude the Tacobucci and

Hopkins (1994) study in t]ns bmad category of models.

2.2. Describing Network Structure through Time

Attempts that describe structural information through time clearly satisfy the “series
of events” definition of process. However, this can be done in a variety of ways and
it 1s worthwhile to examine how this can be done.

2.2.1. Describing All of the Network Data

The simplest form is to present the complete information for one or more social
relations. Freeman (1984) does these for several relations among members of an
Electronic Information Exchange System (EIES)” and members of INSNA in the late
1970s. He examined relations like awareness and acquaintanceship among these

°Different groups participated in the EIES experiment (see Hiltz and Turoff (1978)). The Freeman study
used only the data for the social networks group on EIES.
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networkers at three points in time. In doing so, he faced the problem that through time
studies, in one way or another, usually have serious rates of attrition.!® Dealing with

‘éoni attrition is a serious conceptual and technical problem in general, and may be particu-
5" - larly acute for network studies.

nal © ¢« Kapferer (1972) reports two sociograms, at two points in time, for a group of people
work.lug at a tailor’s shop in Africa. Each network is an aggregation, through time, of
interactions recorded by a fieldworker. H Network analysts can use any set of network
-+ tools to characterize the two structures and compare them. There is one troublesome
:% complication. Some of the people present at the first time point were no longer present
it the second time point and some of those present at the second time point were not
part of the earlier network. Most re-analyses of these data focus on the 39 individuals
present at both times. While this seems reasonable for these data, a full capacity for
odeling networks through time should include both departures and arrivals of actors
the network, especially the former.
The two-mode Deep South. data (Davis et al: 1941) showing tbc, attendance of 18
en at 14 events distributed through:time can also be viewed as the-display of all
e data. In terms of our discussion here,-anyjdescription.orireanalysis of these data
mcludmg the temporal inforrnation dbes not belong: here ‘nor in: the:next category
diseuss. For example; ‘the! Phﬁhpsjandlﬂonvxser (1972):re-analysis of these data
di: ardslume and is exciuded"Howevcr,{;he;Doremn (1980) re-analysts*was fncused

185~

uld

Vi U

on:by. i)avxs (196’7) 1Doré1ﬁ1; and: Mrvar (1996) present a pamuonmg approach
imultaneously establishes partitions as close to balance as possible and provides

set

the asures of the extent to which the signed network is imbalanced. Both their imbalance
nd ures and the partitions through time of the Sampson (1968) data exemplify de-
: stions of structural characteristics. Stokman et al. (1988), as part of a larger study
rporate;interlocks inithe:Netherlands, show data on the continuity, severance and

ration- of interlooks:-thirough five-consecutive 5-year intervals from 1960: through

ies ;:Omstein (1982):presents a very similar description .for Canada using. 5-year
nd tervals from 1946 through 1975./2 Both examples are fully consistent with the idea
at-processes create, sustain and dissolve structures. Fennema and Schijf (1978/79)

present information through time on corporate interlocks (with a focus on banks) in

Germany (for 1902, 1910,.1912 and 1927), Spain (for 1957 and 1967) and the USA

{for 1935 and 1965). These examples, in addition to being interesting in their own right,

;2 “’Hc reports that 97 people provided responses for the INSNA survey and 29 people responded to the two

BIES questionnaires. However, only 16 people provided responses to all three instruments.

'8¢ '_'“Thc classic Bank Wiring Roem data reported by Rocthlisberger and Dickson (1939), although reported
for one point in time, has the same general form of an aggregation of through time distributed actions. For
both examples, the temporal information is no longer available and we have to assume that the data represent

y Bn equilibrium state, This may, or may not, be veridical.
2He also presents data for 1976-77.
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suggest that obtaining through time information on network ties is far more straight-
forward when archival records are available.

Cohen (1978/79) employs archival data of a different sort. The Hollingshead (1949)
and Coleman (1961) studies both took place in Elmtown. The data were collected in
1942 and 1958 respectively and contained enough information on youth friendship
choices to permit comparisons in terms of friendship clique structures and dating.
{Socig-economic:status homophily for friendship and dating was important in 1942 but
unimportant in'1958.) This was an imaginative way of getting temporal network
structural information although the time interval between the two “waves” of data was
completely arbitrary. Barnett and Rice (1985) used the EIES data for the different groups
that participated in-the. experiment to track connectedness and centrality each month
for a 25 month: period of time., B

‘As.a final example, Nakao and Romney (1993) used the. classic Newcomb (1961)
data for a longitudinal description of subgroup formation. There were, 17 -men living
in a pseudo fraternity for a 15 week period. Every .weekl(wit_l:i_;on_e'eitcepﬁhn)-e'aqh man
ranked all other/16 men in terms of how much they liked:them and these responses
through time form the data base used by Nakao and Romney. Using avariety-of tools,
including a measure of association for ordinal variables and multidimensional:scaling,
they examined. the through time variations in- intra:paif’ attractiveness; each man’s

popularity and individual agreement: with group:coriserisy ./

- In principleyiany:strictural.characte isticican be: descr

BT FURR AL IR £

studies there ere just two time periods, our, minim

T A LRI

ual studies. Qther studies have three times; poin

223, impacts of Events o Struckiss

Socialinetworks'are‘located:within, and are founded on, some physical infrastructure.
Communication via telephone Tequires cables and opti¢al fibers. Moving people and
objects on the:ground frequently requires the use of bicycles, automobiles or trucks.
These all require systems of roads and bridges. Lee (1980) describes a kind of natu-
ralistic “experiment” following the collapse of a major bridge in an urban area. He
examined the long-term disruption of social networks following this event. More
generally, when disasters in the form of hurricanes, toradoes, earthquakes and floods
occur they do great physical damage and wreak social havoc, All social networks,
including those that are institutionalized, are disrupted or shattered. In areas at risk, there
are emergency service networks with local and state police departments, ambulances
and hospitals. Even though the members of these networks have response procedures
in place and have plans for coordination, it seems that actual disasters create totally
new circumstances. Depending on the specifics of a disaster, relations change and other
organizations and individuals arrive to offer help. The actions of military units, specialty
outfits like underwater rescue teams, fire brigades, emergency services departments,
state agencies and national governmental agencies all have to be coordinated. In a very
short period inter-organizational networks form and change during the course of a

TR

—

bl =~ -
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ight- - gollective response. Drabek et al.(1981) provide analyses of the network structure of
© search and rescue operations.!3
049)
2d in " 23. Network Structures Unfolding through Time
1221; i 'I_‘t"is clear that, in general, social networks are generated through a series of events
ibut : occurring through time but not on a schedule. Yet many of the examples we have
vork - discussed thus far impose some structure on time or the way in which time is used in
was " ananalysis. The Newcomb (1961) data were collected weekly which probably had little
oups to do with the timing of the phenomena studied. The various cited examples of corporate
onth - dnterlocks all use seemingly arbitrary delineations of time, with time intervals defined
terms of 5 or 10. Or, the dates are determined by data availability. Certainly, this
961) was the case for the Cohen (1979) study. For the experiments, the time ordering of
ving mulus and response is enough (although some studies do have a time limit on how
man g the subjects are given for-a response).!* Each of the Drabek et al. (1981) search
nsas d!rgsc;‘xp inter-organizational networks had four time periods around disasters that
)d]S; re _gi}np;y-orde}*ed,' R i EEEE o _
1in\§; ' ﬁ}b ea.0f citation analyses there are some smdxes%gij’{lthe-‘unfoldmg of processes.
an's e 'wis conducted by Hummon and Doréian {1989) using data on the development
the DNA, literature, The network nodes yere scientific' publications and the links
ome. ltannnﬁbﬂckwarﬂsthwugh tinde (which can aléo Be viewed ag'travel forwards

rmati stributed ‘throngh: time at irreghlar intervals,
mtervals between the publication of refults
s, S thei Gder i time, Simila anilysés were dons
pulications' of ‘Centfality-produttivity literatiire!> (Humirion: et al,
etwork ‘analysis (Hummon apd Carley, 1993)7 ~

haelson' (1993) 'studied' the ‘development of a scientific specialty through time.
tral to" her ‘analysis'wasthe diffision of the ideas of positions and relational
tures among a set of network analysts ‘interested in role analysis. These scholars
linked by a variety of social relations that were relevant to the adoption (or not)

I

mew ideas created by Lorrain and White (1971), The relevant events among these

and ars were also distiibutéd unevenly through time as suggested by Michaslson's
ks nographic. report, Yet even here, much of the temporal information is reported in
it~ dar: years. This seems appropriate for the reports of publication activity as the
He tution. of scholarly ‘journals is defined in terms of volumes, issues and years. For
ore ndship ties and collegial relations, years may not be the best reporting units for event
ads quences. Again, this not meant as a lament, Rather, it is a pointer to a serious issue.
ks, social networks unfold through time and if the timing of events is relevant then
ere weneed to preserve the temporal information. In turn, this implies that we need to know,
ces or learn, the appropriate time scale of the network phenomena we study. This is another
res on-trivial task. '
ily : ".'f‘ T
1er 3Thc data published are for one stage of the rescue effort, making them cross-sectional, but Drabek and
Ity _- Hiis colleagues did collect network data for the time prior to each disaster and at later stages of the emergence
s response efforts.

’ 131t seems that such Limits are imposed for the convenience of the experimenter or to manage the use of
-Ty the laboratory within which the experiment is conducted. In the main, they do nor seern intrinsically a past
fa of the substantive content of the experimental study.

BMany of the articles in this literature would fit within the experimental studies considered in Section 2.1.
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2.4. Change as Transitions through Time

Thus far, our discussion has focused on describing change with time as some medium
within which change occurs. Another research tradition models change in terms of tran-
sitions. Hammer (1980) presented some data addressing the idea that data on network
Stracture at one time point can be used to study network propesties at a second time
point. She showed that the probability of having direct connections between acters at
one.point in time is a function of both the intensity of the connection between the actors
and. the: number of connections :they share..with other ‘3ctors at a’prior time point.
Freeman’s (1984) study of some of the EIES data also.used time.periods and transitions
between. states.. Dyadic-ties .could be in any of 4 states -(ull, asymmetric, pseudo-
symmetric!® and symmetric). With three time points. he constructs the. transition . ma-
trices;between these states for transitions from #; t0.#, and from 1, to 3:as-descriptions.
. Hallinan (1978) studied the process of friendship formation among school children.
She used five grades. of children and obtained friendship choices from them six times
during the school year. .In addition, to: creating useful data -for-her own. res ch,
Hallinan’s data have been used by other researctiers using dynamic, modeling ‘tech-

niques, By using 2 continuous time Markov, proge ithe

are governed by. g, set.o

1’11, eamc udes
18 oth continuous timie and
_ i Toces romising way of modeling network change.
For-an:extensive:discussion of these methods; including the garlier py-model of Holland
and, Leinhardt (1981) and.extensions into log-linear models for network analysis, see
Wasserman. and .Faust: (1994) and Leenders (1995). .

L

3. DEVELOPING APPROACHES FOR STUDYING NETWORK
CHANGE '

While many network analytic techniques can be used for making descriptions of
networks through time, some tools are developed explicitly for process representation

and for building dynamic models of social networks. We discuss briefly statistical
methods, network methods and simulation methods,

3.1. Statistical Methods for Dynamic Models of Networks

The work we described in Section 2.4 all contain methods invented or adapted for
modeling change in social networks. Thus Hallinan (1978), Runger and Wasserman
(1979/80), Wasserman (1980), Iacobucci (1989) and Iacobucci and Hopkins (1994)
have all contributed to this literature. Some of the models and methods described in
Tuma and Hannan (1984) will be of value.

'This is a pair of reciprocal directed relational ties,

b 5
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2]t is tempting to view network “models” based on transitions or changes of state as
“goinehow more advanced than the simple descriptions of networks through time. Certainly,

;dxum “they are technically more demanding but this feature, by itself, is not enough to judge
nfg?k' them as superior. While the word “model” sounds more grand, using it in place of the

| tim term “only a description” is not enough either. Even so, grounding methods in probabalistic
© assumptions (and distributions) and seeking tests of the estimated parameters is a major

or{s ast additional step — or leap.
1cto rt . All of the descriptive tools discussed in Section 2 and the descriptions they generate
E)t?;?xs are useful. They provide empirical information that is relevent for a modeling effort.

d ': If we have a series of measures of, say, connectivity, cliquishness, density, extent of
eudo " shuctural equivalence etc., we need to know if there has been any real change in these

! ma ‘measures (and the network properties operationalized in them). Empirically, if there are
;;3:;' 5 ‘changes we need to be in a position to model the network processes creating those
tunes nges. If there is no real change, efforts to mode! or interpret the apparent changes
arch. nld be pointless. This sounds like a simple task but it, too, is technically difficult.
ggh uadratic assignment procedirres (QAP) (Hubert and Schultz, 1976) have been used
lities aker and Hubert (1981) as a way of measuring the conforinity of two sociomatrices.

o2 e two networks are defined for the same group of actors 4t two points in time, then

provides a way of ineasuring change in the group structute as represerited in those

ces. Aother approach Hids beeh'developed by Snijders (1990). The actual tést is
fotial 6n the enrire graphi at the firsi fine point, the number of ew arcs to and
hactor'asiwell as the number of ties Between each pai¥'of sctors'that diapipedt

t Wasseriii (1987) hod dldo defeloped wiys'of inchsibng

ity of 't ociomiatriced 'Shijders: Compares the' rélative "thaerits of tha

iEhes. For out plixposas’ﬁ’t:'re,‘ftis enoughi'to rote’ that methods 4fe being
us {0 decide if there has been real change in structural charac-

ecently, Sanil et al. (1995) present explicit probability models for networks
ge though titme and maximum likelihood methods for estimating the param-
those'models. The promise of their methods is that if theories of change can
‘4 parametric form, they can be formally tested. Thus far, the models they

s'dre’ restricted to:networks where the number of nodes are fixed. This'is a

ion but we can ook forward to a time when the number of nodes in the network
1Hon e ST R

teal I}Ietwbrk Methods for"N'éﬁvork Change
'xample of developing new network methods is found in Hummon and Doreian
’89 a,b) for citation networks among scientific productions. These methods were
T ntioned in Section 2.2.3. Price (1965) and Garfield (1979) pioneered work on such
! for entific networks and there has been much work on citation analysis and co-citation
mai alysis. The novel feature of the methods proposed by Humimon and Doreian was to
;9%) ‘develop ways of counting paths in citation networks in order to establish the “main path”

in

‘through the literature of a scientific specialty. A single main path was found in the DNA
example. For the literature on centrality and small group productivity (Hummon et al.,
1990}, a single main path was found but it then split into two distinct paths. One focused
on the mathematics of centrality while the other contained experimental work. These
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methods were generalized by Hummon and Carley (1993) to allow the detection of _
many main paths through the literature of social network analysis as a scientific
specialty,

3.3. Network Simulations for Network Evolution

Thus far, our discussion has not strayed far from the empirical realm. In the main, the
contributions to the literature that grapple with social network change do one of two
things. The first is the presentation and discussion of mathematical ideas with potential
relevance for studying social networks through time, for example difference equations,

differential equations or Markovian processes. We have paid little attention to this part .
of this literature. The second activity uses specific models of network change and ways .
of mobilizing these models empirically, As we have indicated, there are many fruitful
empirical studies of social networks through time. Yet if is clear: that: something is c
missing in this empirical literature. While some metwork change models do incorporate "
theoretical ideas, seldom is the time scale of the, network phenomgna included, This ('
may or may not be a problem. L T S L N
We consider the problematic aspect first. Events can be ordered in time Wwith the a
timing absent. In the DNA citation example (Hummou apl%pman, 1989a), _thé--,;?p_ly N
ocations bave dates but the time intervals between publication dates were not consid- b
ered. All that was included was the fime ordering — 3 later paper cited ; H
1o anather kind, of design, researchers, for,cxample/ Colien' (1979, o

points Without paying mijch afiention 1o the inte

S LTS i
i St T TR LA AR G L R TR ST
remains the rsam'_,_iqr__studze_‘s;ys;pg}igxq;rp than two tim points. if we do not'kno
Ll 5 4 .-t..di>.l.‘~l.

tme scales ofthe phenoinena stidicd; f seemsfiatd to consiruct adequate Shebries ahd o
senerate appropriate data collection stratepies, Asstated, this is a conceptual point but si
it has an empirical component also. For example, in the contoxt of using differential o
equation models, the aliasing problem can arise when two sets of temporal observations

cannot be distinguished even when they have veéry different time scales. (Of course, ;

Yy . . E . Lo S TP .. - : . , : 511
in this example, an observer would be unlucky by observing the processes at exactly an.
the time points when they cannot be di‘_SﬁI'igl_lj§_hled.) ng__mo:e forcefully, one implication Fa
of these arguments is that we frequently do not know what to look for, empirically, pli
m terms of time. inc

This last point may have little consequence if, under general conditions, the “time as
scale problem” is not important. There are social network processes where events oceur 1
irregularly. It seems reasonable to specify models or processes that include this, making is i
a rigid insistance of knowing the time scale secondary. We observe behaviorial acts : stu
through time that, in some fashion, generate actor attributes, network ties and hence the
networks. Specifying how these processes operate with regard to time is difficult. One net
approach to this class of problems is via simulation, although this is not the only use
for this procedure.

4,
i M(
"There is a literature on the use of differential equations and the role (and problems) of using integral Thi:
equations for estimation purposes where the period of time between time points has some relevance. See, s
for example, Tuma and Hannan (1984). Even here, however, the time scale of the phenomena studied may » nte
have no comespondence with the time intervals used between observational periods. - are. -
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imulation is a very useful tool that has opened a third broad approach to studying
ptwork change. If we can write down a set of process equations or a precise set of
-algorithmic statements that govern change, we can implement them via simulations
hich present the implications of the theory, or theonies, represented in the equations
r-algorithmic rules. These simulations have their prime focus on theory and the
eneration of information based on theory. They may have an additional payoff if they
low us to see how observable phenomena, consistent with the theory implemented
'the simulations, would be distributed in time. At a minimum, this would provide clues
5t what should be looked for (and when to look) while seeking empirical data. We
te that the “models” in the simulation can be deterministic or stochastic. The former
gem consistent with the idea of having a time scale while the latter seem consistent
th events distributed irregularly.

\i‘inulations can be mobilized for a single network with one set of actors and relations
it ed over them. It is worth noting that they are (perhaps more) relevant also when
are different types of social actors. If we consider people belongmg to collectivities
xample, groups or organizations) there aré network processes that (operate at both
els. The behiavior of the people and their networks are nucro-phenomena while the
fof the collectivities and their networks are macm-phenomena. Theé W0 ifocesses
kely 10'be coupled. Modehng this coupling — the macfo-micro linkage l}——_wﬁl
nmdable task. In’ his © onte);t, both Zeggehnk (1993 1994) an_d ‘Fardr ‘-?'

"ok

: n"‘and Rararo (1995&) combme object-oriented methods with discrete event
) techmques to lmplement modcis of network change The network is an object

balance lhcpzy wherc' ak:tors unages of the network are also treated
(Hufamon ‘4nd Fararo; 1995b). ~

ave one ﬁnal remark, before turning to the contributions i m this’ volume there
ense potentlal for linking theories, simulations and data analysis for a sustdined
dy of network dynamics and network evolution. We believe that this effort will shift
esearch emphasis, and subsequent understanding, from the dynamics of social
vorks to the evolution of social networks.

' CONTRIBUTIONS TO NETWORK DYNAMICS AND EVOLUTION
ODELS

'I}us section provides a brief overview of the following chapters, all of which are
“initended as further contributions to the study of social networks through time. Some
are descriptive, some focus on processes unfolding through time, some use simulation



ures. 'Theyz-,fo
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and some focus on statistical methods. In short, they represent the approaches we have
outlined for the study of network evolution.

4.1. Simulations of Network Evolution and Oufcomes

Flache and Macy (Chapter 2) consider small groups and focus on compliance and
approval Their theoretical framework is found within exchange theory and rational
actor models. The simulation they use involves a stochastic learning model and they
eXamme cioscly the argument that compliance is exchanged for appmval in small
groups That approval is exchanged for ‘compliance in small, groups (Homans, 1950)
is part ¢ of the recewed wisdom. Using parameterized equanons that describe actor Jevel
processes they are able to generate conditions under which approval is exchanged for
approval without.compliance. This is an interesting and pmvocaﬁve result that: shows
some of the power of simulation tools for explonng thcoretxca} 1deas :

Zeggehnk Stokman and van de Bunt (Chapter 3) examine the emergence of subgoups
and contnbute to the theory of group formation. This s an extension, of the work found
in Zeggehnk (1994). They formulate a generative mechamsm for ratzonal actors .0p-
erating, undey structural constraints, Their formal models are. graph theoretxc and they
use’a ten'smn f\mcnon for the generatwc mechamsm ndat the, assumptmn that actnrs

vvvvvv

_oqetz, ;Bfaust and Fararo (Chapter:4) also/facus on:the generatior of s

oci
rmulatc sncxal psychologmal'pmcesses that Joperate ati the ldyadzc level
and via. sunulauon, show how t,hese ;processes aggregate to generate stable mnked
systems. Their work is part of a ‘broader research effort to integrate structural lheones
within the rubric of E-state structuralism. For the broader effort, see Fararo' and Skvoretz
(1986) and Fararo et al. (1994).

Skokman, and Zeggelink (Chapter 5) present an analys;s of policy networks More
Spemﬁcally, they specxfy different models (and mechamsms) for the evolution of policy
networks. One model is driven by power mechanisms while the other focuses on policy
issues. These theoretical models are implemented via object-oriented simulation tech-
niques. The simulations generate policy outcomes consistent with the substantive ideas
represented within them. In a novel way, these outcomes are evaluated in the light of
real political policy decisions. The policy driven models fare much better than the power
driven models.

4.2. Empirical Studies of Network Evolution and Outcomes

Doreian et al. (Chapter 6) look closely at some through time mechanisms for change
in small group structure through time. They focus on establishing the amount of reci-
procity and transitivity in sociometric choices and the amount of (generalized) structural
imbalance in the group structure as a whole. These processes are studied separately and
optimization methods are used for modeling and measuring these structural properties.
They use the classic Newcomb (1961) data and show that, as processes, reciprocity and
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have transitivity have different time scales and through time there is movement towards
neralized balance.
Leenders (Chapter 7) substantive focus is on friendship choices in small groups. He
es theories of structural balance and social exchange to formulate a continuous time
arkov model expressed in terms of differential equations. By using the solution
> and equations and estimation methods developed from the work of Wasserman (1980) he
ional presents models that incorporate some actor attribute variables while focusing on
they reciprocity and similarity effects. Using Hallinan’s (1978) data on friendship choices
small of school children he formulates new hypotheses that can be tested within this modeling
1950) framework.
level _
dvor Statistical Models for Network Evolution
_ enders (Chapter 8) tackles an important substantive and technical problem. There are
[OUps tagion models where network structure is used to predict attributes of the actors
ound >d by social networks. This is part of the classical hormophily argument that members
3 0}';,'; network become like one another as part of a network process. See, for example,
they (1982). In'these models the network is assumed to be fixed. There are also selection
ctors els where actors form selations. with each other, in part, on the basis of their
egt: tes. Attribute similarity, attributes that are complementary or both can form bases
qons. | iblishinig network'ties: Inthese models; the usual assumption is that the attributes

Leeniders; poifts opt that both the, nietwork ties and the actor atributes can
nging and we need a modeling:capability that can accomodate this. He proposes

g autbeortelition model for contagion modéls with continuous time Markov
Or ection.models: Leenders also, describes ways in which these models
timated and explores some of the consequences stemming from misspecifications
rtivhén” only oné of the' two types of models is considered.

rs (Chapter. 9) proposes models for neétwork change for small groups that are
ded in structural:balance theory and rational actor models. These models take the

Markov' chains i ‘continuous tme and Snijders presents a dramatic new
;mcy n method. The proposed statistical procedures are based on the method of
slicy , as:a.general strategy, and use (statistical) simulation methods to estimate the
ech- ical 'moments: He also uses the classic Newcomb (1961) data to illustrate the
deéé f thése new methods. Banks and Carley (Chapter 10) describe a set of mathematical
at.of +for the evolution of social networks in the form of directed graphs where the
wer of the network are fixed. This work represents an extension of the methods
¢d by Sanil et al. (1994) and a presents a broad description of a general frame-
- for estimating specific theoretically based models.
- Future Directions
nge
reci- final chapter (11) uses chapters 110 as a foundation for identifying future direc-
niral “.tibns for the study of network changes and, more importantly, network evolution. It
and i5:very clear that network analysts and scholars in related fields are developing sets
ties. of formal tools with great promise for modeling and understanding network evolution

and and network dynamics.
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