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The network, as a metaphor, is ubiquitous in historical research. Jhs
formal analysis and use of network methods will be an incredible boon to
historians, adding nuance and precision to an arready important metaphor.
we turn to network analysis and visualization in our final two chapters, in
the hopes that we can foster better network analyses and visualizations in
the humanities.

Chapter 6

Network Analysis

Networks and network u'isual,izations are becom'ing increas'ingly i'mportant in
d,igitat humanities and di,gital hi,story research. There are, howeaer, uery few

resources rneant for historians and the part'icular challenges that network

analysis poses for us. In this chapter, ue couer the fundamentals of net-

work analysis so that the approach can be used, 'in aour own research -
and, you will know how to criti,callg read others' use of networks 'in

thei,rs.

Formal networks are mathematical instantiations of the idea that enti-

ties and connections between them exist in consort. They embody the idea

that connectivity is key in understanding how the world works, both at

an individual and a global scale. Graph theory, social network analysis,

network science, and related fields have a history dating back to the early

18th century, cropping up in bursts several times since then. we are cur-

rently enjoying one such resurgence, not incidentally co-developing along

with the popularity of the Internet, a network backbone connecting much

of the world to one system.

The idea that relationships are essential to understanding the world

around us is, of course, ancient. The use of formal network methods for

historical research, however, is much more recent, with only a few excep-

tions dating back beyond 30 years. Marten Diiring has aggregated a thor-

ough multilingual bibliography at hffip:l lhistoricalnetworkresearch.org.
This chapter will go over a few examples of how historians have used net-

works, in what situations you might or might not want to use them, and

the details of how networks work mathematically and technically.

In the 1960s, Eugene Garfield created the "historiography," a technique

to visualize the history of scientific fields using a network of citations or
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historical narratives laid out temporally from top to bottom.l Garfield

developed a method of creating historiographs algorithmically, and his con-

temporaries hoped the diagram would eventually be used frequently by

historians. The idea was that historians could use these visuals to quickly

get a grasp of the history of a discipline's research trajectories, either for

research purposes or as a quick summary in a publication'

A citation analysis by White and McCann looking at an 18th century

chemistry controversy took into account the hierarchical structure of scien-

tific specialties.2 The authors began with an assumption that, if two authors

both contributed to a field, the less prominent author would always get cited

alongside the more prominent anthor, while the more prominent author

wouid frequently be cited alone. one scientist is linked to another if they

tend to be subordinate to (only cited alongside of) that other author. The

resulting networks, called entailograms) proved particularly useful in show-

ing the solidification of a chemical "paradigm" over a period of 35 years.

Lavoisier begins as a lesser figure in 1760 and eventually becomes the most

prominent chemist by 1795; by that time, most chemists who were cited

at all were cited aiongside Lavoisier. Following the entailogram over time

reveals conflict and eventual resolution.

Citation analysis, whose practitioners are also called bibliometricians or

scientometricians, is a rapidly growing discipline. Despite the hopes of its

founders and though many of its practitioners conduct historical research,

historians rarely engage with the field.

Historical sociologists, anthropologists, economists, and other social sci-

entists have been using formal network methods for some time and tend

to exchange ideas with historians more readily. one such early sociologi-

cal work, by Peter Harris, also employed citation analysis, but of a differ-

ent sort. Harris analyzed citations among state supreme courts, looking at

the interstate communication of precedent from 1870-1970.3 By exploring

who relied on whom for legal precedent over the century) Harris showed

lEugene Garfield (1973), "Historiographs, Librarianship,
in Toward, a. Theory of Librari'anship: Papers i'n Honor of

and the HistorY of Science,"

Jesse Hauk Shera, Contad

Press, pp. 380-402.JRawski ed) Metuchon, N Scarecrow
(1e88) "Cites and Fights: MaterialDouglas R. White and H. Gilman McCann

Analysis Eighteenth- Century Chemical Revolution, Soct'al Stnt'ctures:lrlment of the
Network Approach, Barry Wellman and Stephen Berkowitz (eds Cambridge'D.

Cambridge University Press, pp. 380 400'
3Pete, fra..is (lOsz), "Structural Change in the Communication of Precedent

State Supreme Courts, 1870-1970," Social Networks,4(3), 20L-272'
Hunter (ed), Woodblidge Boydell & Brewer
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that authoritv was originally centralized in a few Eastern courts but srowly
became more diffuse across a wide swath of the united states. Network
approaches can be particularly useful at disentangling the balance of power,
either in a single pe'iod or over time. A network, however, is only as use_
ful as its data are relevant or complete. we need to be extremely caref.ul
when analyzing networks not to read power relationships into data that
may simply be imbalanced.

In a study on 19th century women's reform in New york, Rosen_
thar et al. revealed three distinct periods of reform activity through an
analysis of organizational affiliations of 202 women reform leaders.a These
202 women were, together, members of over a thousand organizations,
and the researchers linked two organizations together based on how many
women belonged to them both. The result was a network of organiza_
tions connected by the overlap in their member Iists and a clear view
of the structure of women's rights movements of the period, including
which organizations were the most central. The study concludes, impor-
tantly, by comparing network-driven results to historians' own hypothe-
ses, comparing its strengths and weaknesses with theirs. For lesearch on
organizations, network analysis can provide insight on large-scale com-
munity structure that would normally take years of careful study to
understand. As much as networks reveal communities, they also obscure
more complex connections that exist outside of the immediate data being
analyzed.

The study of correspondence and communication networks among his-
torians dates back centuries, but its more formal analysis is much more
recent. The Annale.s historian Robert Mandrous and the historian of sci-
ence Robert A. Hatch' both performed quantitative analyses of the Early
Modern Republic of Letters, expioring the geographic and social diversity
of schoiars, but neither used formal network methods. In a formal network

-t\ aoml Rosenthal, Meryl Fingrutd, Michele Ethier, Roberta Karant, and David
McDonald (1e85), "Social Movements and Network Analysis: A Case Study of
Nineteenth- Centuly Women's Reform in New york State," Arnerican Journal of Soctol-
ogy, eo(s)
bRobert

(7978), From Humanism to Science 11t80-1700,2nd edn, Atlantic
, t022-7054.
Mandrou

Highlands. N.I:
oRobert 

Alan
Humanities Press.
Hatch (1998), "Between Erudition & Science: The Archive & Correspon-dence Network of Isma6l Boulliau," in Archi,ues of the Scienti,f,c Reuolution: The For-'lnation 

and, E:tchange of Ideas'in Seuenteenth-Century Europe, Michael Cyril Wiltiam
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study of cicero's corlespondence, Alexander and DanowskiT make the point
that large-scale analyses allow the historian to question not whether some_
thing exists at all, but whether it exists frequently. In short, it allows the
historian to abstract beyond individual instances to general trends. Their
study looks in 280 letters written by cicero; the network generated was rrot
that of whom cicero corresponded with, but of information generated fi.om
reading the Ietters themselves. Every tirne two people were mentioned as
interacting with one another, a connection was made between them. ulti_
mately the authors derived 1,914 connections between 524 indivicluals. It
was a representation of the social world as seen by Cicero. By categorizing
all individuals into social roles, the authors were abie to show that, contrary
to earlier historians' claims (but rnore in line with later historians), knights
and senators occupied similar social and structural roles in Cicero's time.
This is an example of a paper that uses networks as quantitative support
for a prevailing historical hypothesis regarding the structural positiorr of a
social group. stuclies of this sort pave the way for more exploratory network
analyses; if the analysis colroborates the consensus, then it is more likely
to be trustworthy i'situations where there is not yet a consensus.

Iri what is now a classic study (perhaps the only st'cly in this set rel-
atively well-known beyond its home discipline), padgett a'd Ansell used
networks deftly and subtly to build a historical irypothesis about how the
Medici family rose to power in Florence.8 The authors connectecl nearly 100
15th century Florentine elite families via nine types of relations, including
family ties, economic partnerships, patronage rerationships, and friendships.
Their analyses reveals that, although the oligarch families were ciensely
intercon'ected with one another, the Medici family - partially by design
and partially through happy accident - managed to isorate trre Floren-
tine families frorn one another in order to act as the vital connective tissrrr:
between them. The Medici family harnessed the power of the economic,
social, and political netwcirk to their advantage, creatirig structural holes
and becoming the lirrk between communities. Their place in the network
made the family a swing vote in almost every situation, giving ther' a power
that eventualiy gave rise to a 300 year dynasty.

TMichael C. Alexander ancl James A. Dano'rvski (1990), ',Analysis of an Ancient Net_
work: Personal Cornmunication and the Study of Social Structure in a past Society,"
Soc'ial Netu:orks, I 2(4), 313-335
8John F. Padgett and Christopher K. Ansell (1993), ,,Robust Action and the Rise of
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Before Facebook and MySpace, the first network of people to corne

to rnind would probably be kinship or genealogical networks with link-
ages betweeu f'arnily members. Historiographic studies of these networks
sten from early prosopographical (or collective biography) methods, but
exploratioris nsing social network analysis are nrore recent. Looking at a

large town in southwest Gerrnany in the early 19th century, Lipp explored
whether and how the addition of an electoral system affercted the systern

of kinship networks that pleviously guided the structure of power in the
cornmunity.e Surprisingly, in an area to become known for its democratic
reforms, Lipp showed that a half century of elections had not reduced the
power of kinship in the community - in fact, kinship power only became

stronger. Lipp aiso used the network to reveal the prorninent actors of local
political factions and how they connected individuais together. In this case,

networks were the subject ofstudy rather than used as evidence, in an eflort
to see the effects of political change on power stmctures.

Ttade networks are particularly popular among econonrists but have

also had their share of historical studies. Using the records of nearly 5,000

voyages taken by traders of the East India Cornpany between 1601 and

1833, Erikson ancl Bearrnan show how a globalized economy formed out of
ship captains seeking profit out of the rnalfeasance of private traile.10 Cap-

tains profited by using cornpany resources to perform off-schedule trades

in the East, inadvertently changing the market from a dyaclic East West

route to an integrated and complex global system of trading. The authors

used a network as evidence, in this case the 26,000 links between ports each

time two were connected along a trading route. Over 200 years, as nlore
ports became connected to one another, the East India Company lost con-

trol in a swath of local port-to-port connections. The authors show that the

mornents at which private trade was at its peak were also critical moments

in the creation of more cornplex trade r-outes. While network analysis is

particularly powerful in these many-century Iongitudinal studies, they also

must be taken with a grain of salt. Without at ieast a second dataset of a dif-
ferent variety that is connected to the first, it is difficult to disentangle what

effects were caused by the change in network structure, and wliat effects

9Carola Lipp (2005), "Kinship Netrvolks, Local Govelnment, and Elections in a Towu
in Soutlrwest Germany, 1800-1850," Jount'al of Familll H'istotA, SO(4),347-365.
loEmily Erikson and Peter. Bearrnan (2006), "Malfeasance a,nd the For,uidations for'

Global Tlade: The Structure of English Tlade in the East Indies, 1601-1833," Amer'
'ican Journal of Soci.ology,112(1), 195 230.

the Medici , 1400-1434," Arnerican Jountal of Soci,ologg, gg(6), 1259_1319
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wcire merely external and changed both the network and the effect being
rnclasured. Global networks also tend to entangle geographic and lela.tional
distances, a fact which should not be glossed over when trving to urrcler--
stand the lived experiences of historical tlctors, which rnay cliverge greratly
from a rretwork representation.

Folklorists have zr long tladition of classifying folktales based orr types,
motifis, and va,rious indices in order to make finding, relating, arrcl situating
those ttr,les easier on the scholars balnncirrg thousands upon thousarids of
tales. These schentes are often inaclequate to replesent tlie nrultidirnensiolal
rrature of folktales, such as a tale that is classified as being about ntrnor
lolds, but also happens to include ghosts ancl deviis as well. Tangherlini
and colleaguesll came up with a solution bv situating a collection of 19th
century Darrish folktales in a network thzr,t tied taies to subjects, nuthors,
pla,ces, keywords, and the original classificatiorr schentes, resultirrg in a net-
wcilk connecting 3,000 entities together by 50,000 ties and made thern easily
browsable in an online interface. The interface macle it significantly eas-
ier for folklorists to find the tales they were looking for. It also aided in
serenilipitous discovery, allowirrg scholars to browse many dimensiorrs of
relatedness when they were looking at particular tales or people or places.

Liueage studies with networks are not lirnitecl to those of kinship. sigrist
and widmerl2 used 1,000 18th centurv botanists, tracing a network between
masters and disciples, to show how botany both grew autorromous frorn
medical training and rnore territorial in character over a period of 130
years. The authors culled their group of botanists from various dictionar-
ies and catalogues of scientific biography, and found by connecting rnasters
to disciples, they saw botanists fror' different countries had very cliffer-
ent training plactices, arrd the number of botanists who traveled abroad
to study decreased over time. The study juxtaposes a history of change
in training practices and scientific comniunities against traclitional large
scientific narratives as a succession of discoveries and theories.

As is clear, historical network analvsis can be used in a variety of situa-
tions and for a variety of reasons. The entities being connected can be arti-
cles, people, social groups, political parties, archaeological a,r'tefacts, stolies,

11Jarrr"" Abello, Peter Broachvell and rinrothy R. Tanghellini (2012), "computational
Folkloristics," Cornmun'ications of the ACM, 55(7), 60.
12Ren6 Sigrist arrd Eric D. Widrner (2012), "Tlaining Links and Transmission of Knorvl-
edge irr 18tli century Botany: A social Network Analysis," Redes: Reuista H'isparta Para
EL Antilisis d.e Redes Sociales,27,347-387.
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zrrrcl citiesl citations, friendships, people, affiliations, locations, keyworrls,
and ship's routes can connect theni. The results of a network study can be
used as an illustration, a research aid, evidence, a ntrrrative, a classificatiorr
scheme, and a tool for navigatiorr or understanding.

The possibilities are ruarry, but so too are the limitations. Networks cn1
be clangerorrs allies; their visualizations, called graphs, ten<l to be overused
a,ncl little uuderstood. Ben Fry, a leading voice in information visualization,
aptlv writes:

There is i'r tendency when using graphs to beconre smitterr with orre's
or,vn data. Even though a, graph of a ferv hundred nodes quickly becornes
unreaclable, it, is often satisfving for the creatol because tIrc resulting
figure is elegant arrd complex ancl may be subjectively beautiful, and
tlrc notion that the cLcntor's data is "colnplex" lits just fine rvith the
creator's own interpretation of it. Graphs have a tendency of nraking a
data set look sophisticatcd arrrl important, without havitrg solved the
problenr of enlightening the viewer.13

It is easv to become hvpnotizcd by the conrplexitv of a network, to
succurrrb to the desire of connecting everything ancl, in so doing, learning
nothing. The following cha,pter, beyond teaching the basics of rvhat rret-
works are a,rrcl how to use them, will also cover some of the tuarry situa,tions
where networks :lre cornpletely itrappropriate solutions to a problem. Iri tlxr
crxl, the llcst defense against over - or improlterlv using a network is
knowleclge; if you know the irrs a"ld outs of networks, you can jurlge how
berst to use thenr iu your relscarch.

Network Analysis F\rndamentals

As we shorved iu thc previous section, networks are versatile tools for oxplor-
ing oul connected worlcl. Unfortunatelv, thc rhetorical utilitv of netwolks
can occasiorrally overshador.v their formal na,ture. It is not uncommorr to
read s<*rolarly articles that invoke the vocabulary of networks without
acknowledging any unclerlying forrnal definitions, rcrrclering a nietapholi-
cailv rich argurnerrt devoid of any real substarrce. Whib network analysis is

frequeutly not the nost appropriate methocl of arralysis, when it rls invoked
applopliately, it should be treated rvith a healthy respect for the ma,r{/ years

lllBen Fry, Visttalizi,nq Do,tn: Erplortng antl E:tplai,n'tng Datu uith tlte Pntcessing Ertu'i-
rottnrcnt (Sebastopol, CA: O'Reilly Media, 2007).
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of research that have gone into building its mathematical and conceptual
framework.

The first part of this section introduces that framework, beginning first
with basic vocabulary, progressing through mathematical means of mea_
sulement at both the small and large scale. Part two describes how to put
the concepts in action, including what network data look like and how to
manipulate or visualize them. Part three discusses when network analysis
is appropriate and when it is not.

Basic Concepts and Network Varieties

Nodes, edges, and attributes

Networks, also called graphs, are the mathematical answer to the assump-
tion that many things in this world worth studying are,interdependent, and
need to be treated as such. Despite their name, networks are d,ichotomous,
in that they only give you two sorts of things to work with: entities and
relationships. Entities are called nodes (Fig. 6.1) and the relationships
between them are called edges (Fig. 6.2). Everything about a network
pivots on these two building blocks.

Nodes can be all sorts of things, from ideas to people to bricks. Because
networks have cropped up in many different disciplines over the years,
all with their own vocabularies, you may see nodes referred to by many
names including: uert'ices, actors, agents, or po'ints. They can be used
interchangeably.

Edges connect nodes (Fig. 6.2). They may represent the amount of
words two books share, a friendship between two people, or a similar
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Fig. 6.2 Edges connecting nodes

@

Fie. 6.3 Nodes and edges with attributes (depicted by the size of the node and the

weight of the edge).

originating location connecting two museum objects. With very few excep-

tions, formal network representations aliow for edges between two, and only

two, nodes. If siblings Alice, Bob, and Carol share a kinship connection,

three edges will exist (connecting Alice to Bob, Bob to carol, and Alice

to Carol), rather than one edge connecting all three. You may see edges

referred to as arcs, I'inks, t'ies, or relat'ions.

Over the years) new methods have allowed researchers to use more

than simple node and edge representations in analyses. Often, edges and

nodes can take on any number of individual attributes (Fig. 6.3)' in a

network where nodes are cities and edges are the travel routes between

them, each city can contain attributes like its population or primary spo-

ken ianguage, and each edge can have attributes like travel time or mode of

transportation.

@

@@
@ @@@

@

@

@

Fig. 6.1 Nodes.



204 Enploring Biq H'istor*:al Data: The Historian's Mact.oscopt:

Stati,c and dgnarnic netuorks

Many networks one elrcounters appear to be static snapshots of a nlonrelrt
in tirne: one large visua,lization of rrcdes conrrectecl bv eclges, whether it be
about people or books or ideas. Iri reality, the unclerlying networks often
replesent a dynamic process that evolves ancl changes Over tinre. Netrvor.ks
of ports based on shipping routes necessarily change with economic ancl
weather corrditions, and a static snapshot could only leaci to a picture of
dozerrs of ports with clocked ships, and occasional ships at sea, but all
uncorrnectecl to one another.

Network analysts generally deal with these issues in one of three ways:

1. Aggregate all of the data into one giant letwork representing the entire
spa,n of timc, whether it is a day, a year, or a ci:ntury. The network is
static.

2. Slowly builcl the network over tirne, creating snapshots that include tlie
present nroment ancl all of the past. Each successive snapshot includes
more arrcl more data, ancl represerrts each monrent of time as zln aggregate
of everything that led up to it. The letwork continues to grow over tirne.

3. Create a sliclirrg window of time, e.g. a week or five years, and analyze
successive snapshots ovel that peliod. Eir.ch snapsliot then orrly contairrs
clata froru that tinte windorv. The rietwork changes ch'nstically in form
over time.

Each ruethod has its benefits and drawbacks, and historians should think
carefully about which would best suit their rncthocl of irrquir.y.

Isolates, dyads, and triads

The sma,llest unit of nrearrirrgful arraiysis in a nctrvork is a dyad, or a
pair of nodes connected by an eclge bctween them (Fig. 6.4). Without any
clyarls, there would be ncl network, urly a series of disconnectecl isolates.
Dyerrls are, ltnsurprisirrgly, generallv discussed in terns of the nature of
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Fig. 6.ll A dyacl engaged in a reciprocal relationship

201'r

Fig. 6.6 A triad.

the relationsliip between two nocles. The dyad of two medievtr,l mantrscripts

utay be strong oI wetik deperlding on the similarity of their conterrt, for

exanrple. Stuclies of dyacls in large networks nost often revolve aroturrl

orie of two concepts: reciprocity, whether a, r:onnection in orle directirlu

is reciprocated in the other directiort, tl1' assortativity, whcther sinrilar

nodes tend to have edges betwe€ln them.

A clvad of two Twitter users n]ay ber considered recliproca,l if both parties

follow one arrothel, and arr entire Twitter network rna,y have a higher or

lower reciprocity overtlll ilepending how many dyadic rerlatiorrships tend

to be reciprocal (Fig 6.5).

Assortativity, also callecl homophily, is the measure of htlrv ruuch

like attlacts like among dyacls in a netlvolk. On the Web, for instarice'

weJrsites (rrocles) tend to link (via edges) to topically similar sites. When

clyacls connect assortatively, a netrvork is considerecl assortatively rrrixed'

Networ.ks 6illt also experie[ce disassortative mixing, for elxampl" v,']rerrr

peopie fi.om isolatecl cornrnunities r.vith stron€i fanily ties seek dissirtlilarity

in sexual partners.
A triad is a group of three clyads, alxl another freqltent urrit of network

analysis. The various possible collfi€illrations of three nodes ale invokecl

surprisingly oftert in lletwork zrnalyses, even wlteri looking at networks with

nrillions of nodes, anrl is rlore ver-satile than one miglrt expect (Fig 6.6).

For exarnple, if brick tvpe A arid brick type B ale oItell fourrd at tlle sanre

archaeological site, as are brick types A and c, how often a,r-e bf ick tvpes B

and C found at the same site (tlius connecting the A-B-C triangle)'/ Asking

tliat question of all the archaeological sites found in a several hurrdred mileFig. 6.4 A dvacl.
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Fig. 6.7 A triad demonstrating transivity.

Fig. 6.8 A weighted network.

radius might yield the degree to which a trade economy was tightly knit.
Thansitivity is the concept that when A is connected to B and c, B and c
will also be connected (Fig 6.2). some networks, Iike those between friends,
feature a high degree of transitivity; others do not.

In an evolving network of correspondents, if Alice writes to Bob, and Bob
to Carol, we can ask what the likelihood is that Alice will eventually write
to carol (thus again closing the triangle). This tendency, called triadic
closure, can help measu.e the importance of introductions and knowing
the right people in a ietter-writing community.

Weighted aersus unwe,ighted,

one attribute sometimes associatecl with edges is weight. weight is a
numeric value quantifying the strength of a connection between two nodes.
Most often, the higher the weight of the edge between them, the more sim-
iiar or closely connected the two nodesl occasionally, though, edge weight
can be used to quantify dissimilarity rather than similarity. weight is usu-
ally connoted by line-thickness in visualizations.

weighted networks, as they are calred when they incrude weighted
edges (Fig. 6.8), can take many forms. A network of people connected by
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Fig. 6.9 An unweighted network.

whom they call on the phone can be weighted by the total number or

length of phone calls. A network of scientific articles can be weighted by

the total nutnber of worcls each shares with the other. A network of activist

organizations can be connected based on how many members they share.

unweighted networks can include the network of websites that link to

each other, the us electrical grid, or a kinship network in a family tree

(Fig. 6.e).
Most common algorithms used to measure things about networks (find-

ing the most centr-al or important nodes, calculating network density, etc.)

don,t play well with attributes of nodes or edges. Attributes like type or

category or name are a very difficult fit into algorithmic formalisms. Edge

weight is an exception to this rule. Many network measurenent algorithms

can take edge weight into account when performing their calculations. The

calculation finding the most central person in a phone-call network should

potentially change if two people occupy the same structural place in the

network (keep in contact with the same people) but one tnakes calls vastly

more frequently than the other.

Directed aersus undirected

The second-most common attribute of edges is directedness. A directed

edge is one that is part of an asymmetrical relationship, and an easy way

of thinking about them is by imagining arrow tips on the edges (Fig 6'10)'

Citation networks, for example, can make directed networks' A dozen

papers written after 2005 can cite Mark Newman's famous 2004 article on



208

---.t

Erploring Bi,Q Histoncal Data: Tlte Hi,stotian's Macroscope

Fig. 6.10 A network rvith directecl edgi:s

fiudirrg conlnlunities il networks,la but that doers rrot irnply that Newman's

l)apcr cites thent back. Twitter follower arxl firllowee relati<tnships fclrm a.

similzrrly asynmetrical network; sonie follows are reciprocated, but others
are not. Tlacle networks nra,y sornetirrres be asyrnrrietrica,l, with goods not
always tra,veling in both directions.

Sirnilaritv uetworks are generally synlnretricir,l and thus undirected;
Braue New Worklis just as similar lo 1981 as 1981 is to Braue Neu World.
Fa,cebook is also undirected, as in order- for vou to choose solneone as a
fiiencl, they too mrrst choose you as zl fi'ienrl. Highway nctworks are undi-
r-ccted, as they go in both rlirectiorrs, but local city roaci networks mrw be
directecl, as there can bc a mix between one- arrd two-way streets.

Urrlike with weiglrtecl netwolks, on which yolr can often safely use an
algorithm nrade for unweighte(l networhs arrcl still get rnerthodologicaily
plausible results) you rnust be extra careflrl when arralyzing dilected net-
works. The directionality of an edge can have huge repcrcussions to a net-
work's strncturc, and so algorithnis nra<le for undirected networks to find
local cornmunities or rrocle importance might prorluce very unlikely lesults
on a directed network. Br': ca,reful that you only use a,lgolithms made specif-
icallv fbr directecl rretworks when analyzing thcm.

Biparti,te ct nd k-partite

Basic networks, arid most network algorithrris, can only support one tvpe
of node pel network. You catr connect books that influence other books, or
people who co-author togetlxrr, but it has been (until rrow) a methodological

14M. E. .I. Nervrnan (2004), "Detecting Comnnrnity Stmctur.e in Networks,,' Tlrc Euro
peart. PltysicaL Jotntt,al B .Condensed Mattet- and Contpler, Stlstr:nr,s,38(2),321 330.
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Fig. 6.11 A bipartite uetrvolk

faux pas to connect eruthors and books in the same lletwork. You canlot

colrnect apples ancl oranges. This is not an irnmediately obvious liniitation,

but because of the assurnptiorrs underlying nlost network analyses, adding

rlultiple types of nocles in the sanre network can severelv liniit the use of the

dataset. This is not ?r, theoretical limitation, but a pr-actical olle; in geleral,

network scierttists have not Yet created ll)any algolithms to <Ieal with these

multimodal networks.
However, there a|e situations *- especially wherr dealing with complex

huntanities clatasets - wlten this lrultimodality call be useful. The most

basic example is a bipartite network, also called a bi,modal or 2-m'ode tel-
work (Fig. 6.11). As the name implies, these netwolks support two tvpes of

nocles. For tnathematical reasons to be described later' in bimodal Iletworks)

you nust be careful to only allow edges betweert, tVpes and not allow edges

wi,tlr,,ip, types. Taking the nrost recelt example, this means you can dralv

edges front books to authors, but not iletween authors or between books.

Generalizing from there, some graphs can be multimodal or k-partite.
An italic A; is just a networh scientist's way of saying vour-favorite-ntrmber-

goes-here. Like with bipartite networks, k-partite networl(s feature nocles

of various types that can only link between - not among - each otirel.

These networks might represent vastly complex trade networks, with nocles

as books, authors, publishirig houses, cities, and so forth. There ale evel

fewer algorithms out there for dealing with lc-partite networks than there

are for bipartite ones) so although these varieties of networks are very riseful

fbr the initial planning and preparation of vour data, you will need to reduce

the complexity of the netwolk before runnillg any of the analvses incluclecl

witir most network software packages.

Directed or bipartite netuorll transforrnations

The previous sections suggested tirat analyses on directed or birnodal llet-

works require slightly more forethought and a more nuanced understandirrg
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Fig. 6.12 A citation network as a directed network

of the u'deriyi'g algorithrns. Although there are workflows for working with
these more complicated network types, there are also methocls of tra'sfbrm_
ing thern into simpler'etworks that are easier to work with, and in certai'
circumstances, lnore useful.

A citatiorr network is an example of a clirected network that, for various
reasons' tends to be difficult to analyze (Fig. 6.12). For exampre, articles
aiways cite earlier work (the directed arrows pointi'g toward the past).
Because citations go to p'evious work rather than contemporary similar
research, it winds up being difficult for algorithms to find co'rniunities of
practice in the network.

Bibliometricians, people who stucly citations, have deveroped two recip-
rocai methods of transforming a directed, past-facing citation network into
an undirected network of either current communities of practice or articles
from the past that shoulcl be categolized together.

Bibliographic coupling networks are networks of schorarly articres
that are connectecl if their bibliographies are similar. when two articles
reference a commolr third work in trreir bibriographies, they get an edge
drawn between the'r; if those two articles share ten references betwee.
them, the edge gets a stro'ger weight of ten. A bibriograpliic coupling
network, then, connects articles that reference similar material and provides
a snapshot of a com'runity of practice that emerges from the decisions
autliors make about whonr to cite. It does not change over time: articles do
not change their bibliographies as tirne goes by.

This method is generalizable to any sort of directed network, 
'ot 

just
citations. In practice, any time you have a directed network, you can connect
two nodes if their edges point to the same third node.
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Co-citation networks are the functional opposite of bibliographic cou-
pling networks. In this case, two scholarly works are connected if they
appear together in a bibliography, and the more times they are cited
together, the stronger tlte edge betweeu thern. As opposed to bibiiographic
coupling networks, co-citation networks connect articles not by the choices
their authors make, but by the choices future authors make about them.
Also unlike bibliographic coupling networks, co-citation networks change
over time: two articles may live long, separate lives before some author
decides to cite them both in the same third article. In this way, co-citation
networks are an evolving picture of various scholarly communities' disci-
plinary canons; not a view of the past as it saw itself, but a view of tlie
past as the present decides to connect it together.

Co-citation networks are also generalizable well beyond the realm of
scholarly articles; in a directed network, if two edges point from one node
to two others, those two nodes get an undirected edge drawn between them.
For exarnple, in a farnily tree where directed edges point from parerrts to
children, performing a co-citation analysis would produce an undirected
network that connects siblings together.

Bipartite networks, those with two types of edges, can similarly be

transformed into unipartite networks, with only one type of node, in a

method quite similar to co-citation or bibliographic coupling. If you have a
bipartite network of scholarly societies as one type of node, connected by
edges to their members, the other type of node, you can collapse the network
into a unipartite one by connecting people who are rnembers of the same

organization, or connecting societies if they share ruembers. This collapse

is useful, for example, if you want to explore which societies were more

likely to influence each other via member transference and how information
might have spread from one society to the next. The resulting collapsed

network in this case inciudes only society nodes, and edges between thern
are stronger if the societies share more members, but the opposite network
can also be generated (Fig. 6.13).

Multigraphs, hypergraphs, multiplen netuorks,
and self-loops

The four concepts listed here are brought up mainly as ones to avoid if at all
possible; comrnon network software packages not only often do not support

these features but rnay actually stop working or perform math incorrectly
if they are included. The concepts all relate to more complex varieties of
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Fig. 6.13 Collapsing a bipartite network into a unipaltite one (fol ilstance, a network
of nrerrrbers art,d scholarly societies to a netwolk of scholarly societies whet-e rnembers are
the edges).

edge relationships, and although they are legitimate ways of representing
conlplex networks, they are rlot yet standarcl enough in rretwork science to
be explored by the historian first dippi'g her toes into network scierrce.

Multigraphs are those networks that are permitted to have parallel
edges between a pair of nodes. It means what it sounds like: duplicate
edges between nodes, as in a trade network with a new edge every time
sorne exchange is registered between the same two cities. While in theory
tliese networks are just another reasonable representatioll of a series of
networked events, in practice, software tends to break around then. A
stopgap solution is to code a si'gle edge with attributes to replace the
parallel eclges; for example, giving the trade network a weight attribute
that increases as the number of exchanges go up. It is worth pointiug out
that in a directed network, as with rwitter follows, an edge directed from
A to B (A follows B) is not considered parallel to an edge directed from B
to A (B follows A). These arefine, and rnost software supports this use.

It is r-rnfortunate that hypergraphs are rarely supported by either soft-
ware packages or network data structures, as they can introduce a lot of
nuance that is usually lost. Hypergraphs allow hyperedges, single edges
that connect multiple nodes. Hypergraphs can be considered functionally
equivalent to bipartite graphs; as with the society/rnembership exanple
before, a group of people can be connected with one hyperedge if they all
ar-e members of the sarne society. In this case, the nodes are the peopie and
the hyperedges are the societies. If you want to use hypereclges, you carr
create a bipartite network instead.

We saw multiplex networks in the previous section on the various
ways network analysis has been used to study history, wheri discussing the
Medici's relationships with other Florentine families. A multiplex network
is one that allows rnultiple types of edges, similar to k-partite networks that
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allow multiple nocle types. Often rnultiplex uetworks also include parallel

erlges, when there c:an be mally types of edges between the same trvo nodes.

Orre exzr,rnple would be a national network of transportation between cities,

where there can be air, Se6,, Load, or train edges between any two cities, and

often more than one of those options for each pair. As will become clear, the

standard uetwork data stluctures make coding networks like this difficult'

but you can tlse the sarne shortcut you use for multigraphs: create onlv one

edge between nodes, br-rt give it multiple attributes to identify its various

tvpes. In the example above, an edge between New York city and Liverpool

rniglit have four different attlibutes, boat (tme), road (false), train (false),

plane (true), rather than four separate edges.

The last variety of odd edge covered here is the self-loop. More innoctl-

ous than the lest, a self-loop is simply an edge that goes frotu and to the

sante node. A stnrctural network that aggregates people into single nocles

represetlting their entire social class, and edges connecting them based on

interactiols betweel ciasses, would presumably have self-loops on every

node because each social class has people that talk to each other. An

emaii network, with nodes as people and edges as the volume of errrails

sent between thetn, woulcl have self-loops fol people who ernail themselves'

self-loops are supported by all software packages, but can sornetimes sub-

tly affect algoritlmrs in ways that will change the results but not produce

errors. Fo1 this l-eason, it is good to avoid self-loops if you cau, unless ytlu

know specifically how they will aflect the algorithms you plan on using to

rneasure your network.

Enplici.t and' natural aersus im'plicit and deriued

Although in practice the networks produced look and act the same, the

various ways a rretwork is created have repercussions o1 how it shorrld be

interpretecl and analyzed. This introduction will not go beyond pointing out

the difference, because interpretations can vary depending on particular use

cases.

Historians will want to note when their networks are explicit/phy"-
ically instantiated and when they are implicit/derived. An explicit

network could be createcl from letters between corlespondents or roads

that physically exist between cities. A derived networl< might be that of

the subjectively-defined similarity between nuserlm altefacts or the bib-

Iiographic coupling network connectirrg articles together if they ref'erence

similar sources.
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The difference between expiicit and implicit networks is not a hard
binary; it carr be clifficult or irnpossible to deternrile (or not a reasonable
question) whether the network you are analyzing is one that has its roots in
some physical, objective system of connections. It is still irnportant to keep
these iri mind, as metrics that might imply historical agency in sorne cases
(".g. o community connected bv letters they wrote) clo not imprv agencv
in others (".g. u community connected by appearing in the sarne list of
references).

Local Metrics 
- 

Close Reading/The Tbees

one of the benefits of networks is theil abilitv to offc:r several perspectives
of analysis, both across scales and subsections. A nocle occupies a particular
neighborhood, which in turn has its own neighbors, all of which fit together
in the global letwork. This albws the historian to see not onry how his-
torical actors iutelact with their irrrmediate relations, but how standard or
unique those interactions are and how they affect or are irrfluenced by the
larger whole.

There are marrv formal ways to explore these interactions, and they are
often classified accordirig to their scale. Sornetimes you wa,nt to look at your
networks under a macroscop€l to ciarify genelal patterns and stnrcture, but
other tirrres you mav want to focus in with your microscope to discover
Iocai variations ol intricacies. For exarnpie, you may want to pinpoint ther
tuost well-conrrected political lobbyists or the most well-travelecl traclirrg
routes. The advantage of applying network analysis to these questions is
that local effercts are always contextualized or driven bv global interactions.
The following section shows some btrsic rnetrics used to approach networks
at the node, dyad, or triad level, the srnallest of scales.

Paths 
- 

path length, shortest path, aaerage path tength

A path is a fairly intuitive concept: it is the series of edges between two
nocles. The interpretation of a path changes from dataset tii da,taset, but
its fonnal definition rernains the same.

The ORBIS project, a nrap of the arrcient Romarr workl, allows you to
calculate paths between any two cities. In rrrost cases, there are niultiple
routes between any two cities aud those routes can vary iu size. The number
of roads one neecls to traverse to get from Rome to Constantinople is the
path length; a direct route would take vou across 23 roacls, but you courd
also take a wide detour through modern day spain, requiring vou to traverse
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across another 30 roacls. The path betweeri two nodes that requires t6e
fewest steps possible is tlte shortest path.

Both historians zrnd historicai actors are oftert ititerested in optirnizing

their path accorclirrg to sorne criterier,, whether it is shortest clistance, least

cxpeusive, or fastest trtr,vei titne. These are oftetr rlot the sarne ' The sholtest

path between twti cities, for exanlple, nlay go through a trea,cherous l1lolln-

tain path. Thelc rna,y also be rmrltiple shortest paths, such as two rotrtes

that cliverge but lecluire the sarne amount of steps'

You carr gct an idea of llorv weli connectecl Your network is bv looking at

nll shortest pzr,ths betweell everv possible pair of norles and trveragitrg thenl

together. Tltis average path length is a nleasurenlent of the colmected-

ness of a network. ht networks rvith a fairlv high averagcl path length, Iiirel

ORBIS, olre can expetct that, if thev picked a rrode at randonr, it would take

then quite a few steils to get to where tirey neecl to go. Other networhs have

a fairly low average path length, Iike the uetwork of tnovie stars who act

in movies togethcr. This low avera,ge path length is rvhat allows the movie

triviii, ,,six Degrecs of Kevil Bacon" game to exist. It is plavccl by pick-

ing an actor at randonr and narnirig actors they co-starred with until you

reach Kevin Baco1. For example, the path lertgth betrvt:erl Edward Nortotl

and Kevin Bacon is tlrree: Eclwzr'rd N<)rtort stat'red in Figlr't Cltib with B|tr'ti

Pitt; Brail Pitt starrecl it ocean's Eleuen with Jrrlia Roberts; Julia' R,oberts

starrecl in Flrltlinr:rs with Kevin Bacon (Fig' 6'14)'

It is important to a,dapt your interpretation of path length bassl on tlit:

clataset arrd historical cluestion being asketl. Paths between cities are fairly

easy to interpret ancl can lte useful for historians who want to infer, fol

c:xantple, the tnost li}<ely rolte sollxlono traveled. Historicaliy, the distance

between two cities is a tnearringful merasureluent, one that enables tracle

ancl travcl, anrl one that contirures to be rneaDirlgful the fartlier away orle

travels. Paths between two family rnerribers oII a gerlealogical network artl

a little clifferent. Very close paths are inhererltly ucaningful blt rrnless the

question being asketl deals with genetics, inbreecling, or royalty, it is very

Figltt
CIub

Occolr ls F lot"
lirrtys1I

2 ;i

Fig. 6.14 Path length betrveen Edwarrl Norton and Kevin Bacou, via co-starriug in

movles
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difficult to distinguish the meaningful difference between a path length of
five or 15. Average path lcngths at a, population level, howeveL, once again
becorne rrxraningful. For exanrple, the average gerrea.logical path length of
Ashkcnazi Jews is quite lor.v, suggesting an insulaterl aucl often isolatecl
population cornpared to other ethnic grollps of sinilar sizer.15

Remernber tha,t a,verage path length is a property of a network, whereas
shortest path nnd pa,th length zr,re properties of a pail of noclers, describecl
bv a pa,rticulilr series of edges.

Centrality and prestige 
- degree, closertess,

and betweenrless

Historians are often interestecl in locating the rnost active or well-connectecl
actors in a network, whether that nreans the ea,rly moderrn thinkers whose
ideas were tlle utost influerrtial, ol the cities that rveLe rnost often travelecl
tlrrough due to their central position on tracling routers. The rrretrics usecl
to explore these topics are centrality, when ther dilerctionalitv of cdges is
not rerlevant to the question, or prestige, when directionality is relevarrt.
There are nlany wavs to nr.asure both ceutrarity arrcl prestige, ancl how
thev are intelpreted can change deperrding on the urethod ancl the data, at
ha[d. W]rile these ruetrics can berconre niatliematically complex, oftel the
sinrplest solutions are the best ones.

Degree centrality is generally the first network 
'retric ta'glit; it is

both sirrrple and powerful, tr.nci it is an attribute that every n6cle in a network
has. A node's degree is, siniply, liow nany eclges it is connectecl to. Tliis
generallv correiates rvith how many neighbors a node has, where a node,s
neighborhood is those other rrocles conrected directly to it by a single edge.
In Fig. 6.15, each node is labeled bv its degree.

In a network of Facebook frierrdships, the higher someone,s node clegree,
the rnore friends they have. In a network of uon-fiction books connectecl to
one another by sharecl topics, an encyclopedia woulcl have arr extremely high
degree because its topical diversity would connect it to most other books
in the network. High degree centrality corresponds to well-connectedness,
a'd what that i'rplies cliflers deperrding on the network at ha'd.

Fig. 6.15 Degree centlalitY

In fairly snr6,li letworks, up to a fcw hlndred nodes, degrele centr*ality

will be a fair.ly good proxy for the irDp<trtance of a node irr relation to a
letrvork. If we have a network of 100 authors, connected to ontl atrother

wherr they co-author a work, thcise with the highest degree are those whct

co-author with the niost cither people in the network. It rezr,sotiably follows,

if the clata coilectiorr was thorough, that these high degree authors are tlrtr

ones responsibb for coturecting this netwcirk togetlier; they are a, frirce of

ccihesion in the network.
This usct of clegree centrality also wo|ks cln larger networks but one

nnst be rnore careful when interpreting inlportance. If we have a tietworl<

of 10,000 co-authors, drarvu fi'ont articles published in late-20th century

physics, a few extreniely high-degree nodes will clop up that are of little

importance to network cohesiveness'

A few nrore recent works iri high-energy physics }tave hr-rnclreds or thou-

sanils of authors ort a single article.lo Each of the authors on one of these

articles woulcl by definitiorr have hnnclreds of co-authors, a'rrd thls they

would ali ha,ve an extrernely liigh degree centrality. This wor-rld be the case

even if rrone of the authors hacl co-a,uthorecl works with perlple outside this

one alticle, resultirrg irr }rr.rndreds of arttltors with high dergree centrality who

nray have very little importance to the cohesiveness of the ovclall network.

A historian viewirrg the netwolk as simply an orclered-list of the highest

degree nodes wonld have clifficulty discerning the tmlv certtral ligures irt

the network, wheteas even a brief glallce at a network visualizatiorr woulcl

reveal the peripherality of the so-cailed high-degree nodes'
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lsSlrai carmi, I(e'Y. Hui, et al. (2uQ, "sequencing an Ashkenazi reference pa.el
supports population-targeted personal genornics and illuminates Jewish 61d Europe.n
o.igins," Natu'e cornnr,uruicati,onq s, 493b. http://rvww.natu.e.corn/nconntsf2or4f
140909/ucornms5835/full/ncomms58S5. htnl.

16See, for instance, Atlas Collaboration (2012), "Observation of a new particle in

search for the standard Moclel Higgs boson with the ATLAS cletectol at the LH
the
C",

physics Lette.rs 8,716(1), I-29htrp:lldx.doi.olg/t0.10t6/j.physletb.2012.08.020.
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Fig. 6.16 Closeness centrality

Network scientists have created more complex metrics to deal with these
and other potentially confounding effects. Two such rnetrics are between-
ness centrality and closeness centrality, both of which are attributes
that can be calculated for each individ'al nocle, and both of which atternpt
to contextualize the local centrality rneasurement against the larger network.

A node's closeness centrality is a measure of how close it is to eve'y
other node in the network (Fig. 6.16). In the network of travei routes and
cities of the ancient Rornan Ernpire modeled by oRBIS, the city with the
liighest closeness centrality is the one that would be the fastest to travel
to from any given city in the network. A citv that has'rany clirect routes
to other cities, but is still at the periphery of the network (e.g. Ernerita
Augusta, present-day M6rida, spain), wourd have a high clegree ce.trality
but still wo'ld not be ra'ked high on closeness centrality. Ror'e would
Iikely have a high closeness ce'trality, as it is both directly connected to
nany cities and geographicallv ce'trai enougli that it woulcl take very few
roads to get to any other city on the map.

There are multiple ways to calcurate close'ess centrality, but the sim-
plest one is to take the avelage distance from a nocle to every other node
on the network. In the Rornan city example, if there are 100 cities i' the
network (incl'ding Rorne), the closeness centrality is founcl by finding the
shortest paths from Rome to all g9 other cities, adcling their distances
together, and dividing by 9g. The resurti'g number is the average path
length from Rome to any other city, and the lower it is, the croser Rome
is to the rest of the world. This calculation can then be repeated for every
other city in order to find which cities have the lowest closeness centrality.
Note that, unlike most other centrality metrics, closeness is ranked bv the
lowest number rather than the highest.
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Fig. 6.17 Betweenness centrality.

Another centrality nreasurement that rnitigates the isstre of high-degree

nodes on the periphely is betweenness centrality (Fig 6.17). In the
Roman city network example, the city witir the highest betweenness cen-

trality is the one that a traveler is most likely to travel through when going

from any one destination to any other. Formally, it is the node that sits on

the shortest paths between all node-pairs in the network.

In the United States, the road systern in the state of Indiana is such

that, on almost any road trip from one corner of the state to another, the
fastest route is one that goes through Indianapolis. The city is the hub of
Indiana from which the highway spokes emanate; to get from Bloomington

to Terra Haute, one must travel through Indianapolis; to get from Muncie

to Colurnbus, one rnust travel through Indianapolis. As the city sits in the

middle of the shortest paths between most pairs of cities in the state, it has

the highest betweenness centrality.
Calculating betweenness and closeness centralities requires finding the

shortest path between every pair of nodes in a network, which can be com-

putationally time-consuming depending on the size of the network.

PageRank

PageRank is an algorithm developed by Google to improve search results.

It gives high scores to popular pages. PageRank is a rleasurement of pres-

tige, which lneans it measures the cerrtrality of a node and takes edges

leading to or from it into account. Its calculation is lrore mathenatically

complex than will be adclressed in this book, however as long as yolr under-

stand the concept behind it, you can accurately employ it in your historical

research.

)
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Fig. 6.18 Local clustering coeflicierit.

by the rruniber of possibre eclg^es betwee' its 
'eigribors. In yo'r 

'i-ie'crship
network, this 

'r.rifests as the number of yor-r. friencrs *ho ur" frie.ds withone aDother, divided by the total possible numbel of frien4ships ,etwee'pairs of your friencls.
This c*r be a useful llreasLlrement for 

'ra'y valieties of historicar net_works' In sociai or conrmunicatio'networks, a nclde with a irigri Lcc maybe i' a 
'rokerage 

positio'. As a short con'ection between otherwise dis_connected people, iliis person ca' act as a conduit for i,for.matio' or carrplay a part irr introdur '

h r gh r, c c,- o 
", ",,*n,';3 ; 

",il'J:i 
i fi lliii *l,lTT::,"J ilfi ?.;t ii::goes offli'er, sections of the grid nray become disconnectecr. I' a network oflang'ages co'nected by their iinguistic similarities, a high t t c rrua" ,,roube i,l language which two geographicalty distant l,rrrg.rog",., contrib'te to, oradapt frorn.

Global Metrics 
- 

Distant Reading/The Forest

A' aggregate of indiviclual cornponents is not a 
'etwork. A network iswhat happens whe'the rerationships between inclivicrual compone'ts cometogether and every entity therein beconres part ofa c.hererrt whole. Networkanalvsis at the giobal lever'eveals subtre tr"'d, that nay not be apparentwhe' exploring iridividuar nodes or eclges, ancl ofte'tir'es it c.' read toshifts in the types of questions historians asl<.

Global 
'etwork nleasurenlents also betray o'e of the shortconfngs ofnetwork anaivsis for historicar research: homoge'eity. certain fundanre'talproperties of how people and things serf-organize tend to create networksthat look renarkably sinilar wh"n ,ou-"d out. At this scale, it ca. be
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ciifficult to tell apart a network of Italian families from a network of genetic
si'rilarity in rats. A danger historians need to watch out for when reporting
these measureme'ts is that they often do not i'rply any sort of novelty
about the network'nder study. These global metrics are most useful when
nreasured 'in cornpari,son to otrrcr networksl early modern and present day
social networks both exhibit scale-free prope.ties, but the useful information
is in how those properties differ frorn one another.

Densi.tg

The most basic global 
'etwork 

measurement is of its density. Every net-
work's density ranges between zero ancl one, and is defi'ed by the number
of edges it has divided by the 

'umber 
of edges it potentiaily could have. The

social network of a small 13th centnry village wourd have incredibiy high
densitv, as almost everyone would know almost everyone else. The density
measurement for a'etwork connecting American cities by interstate high_
ways would be quite low, on the other hand, because the farther two cities
are from one another, the less likery they are to have a highwav travering
directly between them. Distance wouid be much less of a limiting factor if
this were a network of cornmercial flights.

Historians ca'find a use for density in comparisons across retworks. I'
trade networks of iron, cotton, a'cr tobacco, for example, each tradecl good
may travel to just as many outposts and cities, but the trading networks

'right 
have incredibly different clensities. This might suggest differences in

demand or of transportation expense across certain routes. An increasing
densitv over time among a group of authors con'ected by co-authorships
and citations would reveal the solidification of a cornrnunity of scholars, or
perhaps even a new discipline.

Generaliy speaking, the densest networks are arso the reast analyticalry
fruitful. with every node connected to every other, the basic measurements
like ce'trality or reciprocity have very littre meaning. If you find yourself
with an extremely dense network, it is usualry a sign tirat the data need to
be prepared differently or a different technique should be used.

Diameter

A network's diameter is a function of its shortest path rengths. Formalry,it is a network's longest shortest path, or a measurement of how many
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edges one needs to traverse to travel between the two most clisparate nodes
on a network. Even networks with a short average path length may have
a high diameter. In the movie trivia game "Six Degrees of Kevin Bacon,"
for example, an actot who pla,yed one minor role in an early 20th century

silent film might be 15 steps away from a voice actor of a cartoon movie

procllcecl last year. This would be an exanple of a network with a short

average path length but a large diameter. In fact, the diameter of a movie

co-acting network is likely undefined because there are bound to be sorne

actors that can never reach the rest of the network'

For the historian, it is unlikely that the diameter will be more useful

than the average path length on most occasions. Most of our networks

are incomplete; they are subsets of networks from the past that we have

constructed or reconstructed, but which do not represent the entirety of

what we wish to stucly. It rnay be that the data are lost or not completeiy

cligitizecl, or that we wish to constraiu our problem to a stnallet scale'

Whatever the case, nodes at the periphery of a historical network ofterl only

appeal so because that is where the data end. In those cases) a network's

diameter is more a measul'ement of a historian's reasonirr.g when creating a

clataset than a useful rletric for understancling the past. while this holds

particularly true for a network's diameter, it is in general important tcl

ihlrrk throrrgh how the process of collecting data rnay affect any algorithrn

that is appiied to it.

Reciprocity and transitiai'tg

Reciprocitv and transitivity are global network metrics that have irnplica-

tions for tlie way in which networks evolve. As they both measure actual

edges against expected edges, they are related to, but more specific than,

measurements of densitY.

In a directed network, reciprocity measures the extent to which dyads

form reciprocai relationships. In a network with reciprocity of one, every

clir-ected edge is reciprocated. on Facebook, for exarnple, you cannot list

someone as a friend without them also listing you as a friend; thus' the

Facebook friendship network has reciprocity of one. Reciprocity is equal to

the number of reciprocal edges divicled by tlle number of total edges in a

network. Networks with Do reciprocated eclges have a reciprocity of zero.

one example is a legal precedent citation network, as the edges rnust point

towarcl previously decided cases and two cases cannot cite each other as

precedents.
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s.cial networks tend to becorne rnore reciprocal over time. on Twitter,
as in life, one-way transactions generally become two-way relatively quicklv.
Unsurprisingly, irr the early rnodern Republic of Letters, we see this as well.
The probabilitv that a person will correspond with another i' the ,etwork
increases if they have a history of previous co'tact. Reciprocitv is then
not only a rleasuremerit of a network but also a precliction of its futr,rre.
The metric is an extremely valuable one in most circurnstances. Histoliaris
might measure the reciprocitv of niilitary engagements among natio's of
opposing alliarices, giving thern insight into the balance of power i' a war.

Tbansitivity is a global nleasurement of how frequentry trinds are com-
pletely connected. It is similar to reciprocity in th.,t it divides actual co'-
nections by pote'tial ones. If A connects to B, and B to c, a tra'sitive
edge is o'e that connects A and c. Tla'sitivity is essentially the percert of
connected dyads with transitive edges betwee'them. Like with reciprocity,
rnany evoiving networks tend toward a hig*her transitivity, and the mecha_
nisnr is fairly straightforwarcl. In social networks, you often meet new people
througir pre-existing friends. once you are connected to your friend's friend,
you have created a closed triangle where all three nodes are connected to
one arrother.

Networks with high transitivitv often appear clurnpy, with many small
communities of densely conriected irrclividuals. A historian rnay wish to see
the evolution of transitivity across n, social network to find the relative
irnportance of introductions in forming social bonds.

D egree di,stri,bution, preferential attachmen|
and scale-free netuorks

Ail the global network measurements covered so far produce a simple nnm-
ber that is easy to compare across networks. Not all useful rneasurements
can collapse into one rrumber, however, and one example is a network's
degree distribution (Fig 6.1g). Recall that a node's degree is definecl by
the number of edges connected to it. A network's degree distribution is an
ordered list of the degrees of every node in that network, us'ally vis'ally
represented in a chart. It is used to cletermine how skewed node clegree
tends to be across a network.

It is easy to think that most networks wourd have a ,,normal,, distri
bution of node degrees; that is, some nodes have a tiny amount of edges
connected to them, some nodes have quite a few, but most sit squarely in
the rniddle. This is generally not the case. social 

'etworks, 
article citation
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Fig. 6.19 Degree distribution of the netwolk displayecl above'

networks, airline travel networks, and marry others feature a significantlv

more skewecl clegree distribution. A few hub nodes have huge numbers of

edges, a hanclftrl rnore have a clecent amoult of edges but significantly fewer,

and rlost nodes are connected by very few edges'

Irr, network parlance, this long-tailed degree distribution is usually called

scale free oI power law, although the networks described as such often

tlo not meet the formal mathematical definitions of those terms. Scale-free

networks have a handf'ul of major hubs that keep the rest of the uocles

connectecl to one another. In transportatiou networks, these are the cities



226 E:rploring Btg H,tstorical Data: Th,e Hi,stori,an,s Macroscope,

one has to go through to reach anywhere; in correspondence networks, these
are the people without whom information would spreacl much more slowiy.

A nurnber of nechanisms have been snggested to explain this sirnilar-
ity across so many networks, but the rnost convincing historical argument
revolves around preferential attachment, or rich-get-richer. In a friencl-
ship network, this means that those who have a lot of friends are at a
higher risk of rnaking even nlore friends; they have a Iarger circle that can,
in turrr, introduce them to even more people. This positive feedback loop
continues until a few people dominate the landscape in terrns of corrnectiv-
ity. This is also true of citation networks, in that articles that already are
highly cited are rnore Iikelv to be seen by other scholars and cited again
in turn.

This fairly ubiquitous feature of networks can provide some insiglrt
for historians but rrot necessarily by its very existerice. If a histori-
cal rretwork exhibits a long-tail distribution, with very prominent hub
nodes, the structure itself is not particulally noteworthy. What is worth-
while is figuling out which nodes made it to the top and why. Whv do
all roacls lead to Rome'/ How did Mersenrre and Hartlib develop such
widespread corr-esponclence networks in early moderrr Europe? The answers
to these questiorrs can cut to the heart of the circurnstances of a historical
period, arrrl their forrnalization irr networks can trelp guide us towarcl an
answer.

Global clustering coeffic,ient, aaerage shortest path,
and the srnall uorld

The term sntall world is thrown around ratlter frequently as a catchall for
anv network that seents surprisingly close-kriit. Although this is not exactly
wrotlg, the terrn has a forntal definition, anrl mistaking the folk flefinitio1
for the formal one can lead to misunderstandings or improper conclusions.
A small world network is one in which the shortest path between any
two ranclom nodes grows proportionallv to the logarithm of the number
of nodes in the network. This means that, even if the netwolk has rnany,
many nodes, the average shortest path betweerr thern is quite small.
These networks also have a high global clustering coefficient, which is
the average LCC across all nodes.

In short, a small worlcl network is one in which groups of nodes tend
to cluster together into small communities, and the path between arrv two
nodes is usuallv quite short. The "Kevin Bacon" network is one such small

Network Analusis

world, as are certain transportation and communication networks. It is not
uncommon for srnall world networks to share many qualities with scale-free

networks, and the two can overlaP.

The further back in history one goes, the less the globe looks like a
small world network. This is because travel and distance constraints pre-

ventecl short connections between disparate areas. However, if one defines

the network as only those conuections within a sufficiently srlall region for
the time period, small world properties tend to reappear.

Historians can draw a number of inferences frorn small world networks,

including the time it might have taken for materials to circulate within
and across communities and the relative irnportance of individual actors in
shaping the past. Tire existence of these networks can also play a role in
thinking through counterfactual history. small world networks tend to be

resilient against smali contingent events upsetting the network structure,

which means information, diseases, and so forth wiil tend to spreacl widely

and quickly regardless of small historical perturbations.

Connecting the Global/Distant with the Local/Close

The true benefit of networks for historians lies not irr the local (that is what

we have always been good at), nor the global (we have some experieuce witlt
that, too), but irr the way it connects the two. Local featurcs are enbed-

ded seamlessly into the whole unit, and global properties are very clearly

made up of the aggregate of indiviclual parts. This makes network analysis

a promisiDg methodology for connecting the historiographic traditions of

nricrolristories and the Brauclelian longue du"6e.

Hubs and bridges

Networks help us pinpoint those channels or individuals that are esserltial

for connecting clisparate comnunities. These can take the form of individual

norles, which are often called hubs, or an edge between a nocle pair, callecl

a bridge. Each of these terms has ruultiple for-rnal defirritions, but the ideas

are the same: a hub is a node without which the path between its neighbors

woulcl be much larger, and a bridge is an edge which corinects two otherwise

unconnected communities.
Hubs relate to rnany ofthe concepts already covered. Scale-free networks

usually have a few very cerrtral hubs, which thernselves tend to have high

betweentress centralities. That is, they sit on the shortest path between
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nany pairs of nodes' These nodes a''e vulnerable points in the network;without the'r, infor'ration takes ionger to spread or traver takes quite 6,bit longer. A h'b in a network of books cornected by how sir'ilar trreirconte.t is to one another would have a ciifferent meanirg entirely: ilre mostcentral node would likely be an encyclopedia, because it co,r".. such a widera'ge of sub.iects. The 
'ieaning of tiiese terr's arways crranges based ori thedataset al. harrd.

Bridges also relate to previous concepts. I' s'rall w.rld 
'etworks,bridges are those edges that co'nect two dense b't isorated clusterstogether, thus aliowirrg the network to retain a surprisingty ,-.tt averz]gepath le'gth alo'gside such crose-k'it co'rmunities. The simplest historicalexanlple of a bridge is a bridge itself, connecting two la'druasses across abody of water' If that bridge co'apses, peopre wo'rd neecl to go we' out oftheir way to get frorn one sicle to the oiher.

Hubs and bridges help connect the rocar with the grobal because theyare individual metrics that are defi.ed bv how they i'teract witrr trre restof the 
'etwork. on its ow', a single marriage between two f.,'rilies r'ightseem un.ernarkabre, but if these a,re roya,l families marryi.g into sorne u.til_tiren disconrrectetl for, '

creeprvrerigious"",""J,t',:;"J,""'.f lJ['r#?il:'JJ',","T-i].:1ltf i:rrwork analvsis aids in fi'cling th"r" ur.,,..ra,lry corinective entities en nlasseand with great speed, leavi'g the historia. with r'ore time to exprore therneaning behind this connection.

Cl,iques, communities, and, connected, cortponents
wha't are hubs or bridges connecting? The.e are a slew of terms thatdescribe different organizatioral patterns of networks b't the thr.ee nrostbasic are cliques, connunities, and connectecl compone'ts. A clique is a,section of a network that is rnaxinally dense; that is, every node is cou_nected to everv oilrer nocle. Inclividuar nodes in cliques nray be connected to
'odes 

outside of the clique. In a rietwork of authors citing other a'thors, acliq'e is a subset of authors who ail cite one another. An indivicr'ar ai,rthormay cite others outside of the clique as well but those external author.s arenot part of the clique 
''less 

they cite a'cr are cited by every oilrer me'rber.All closed triacls are bv crefinitio'cliques, a'd more cliques reaci to a higherclustering coefficie't. By definition)-any gro'p of connected rr.des, eachwith an LCC of one, will for'r a 
"tiqr,e 

buJurse, for each, every 
'eighbor isa neighbor to every other.

Netuork Analysis

Sometimes cliques are too strict to be rrseful when looking for groups
of nodes in networks. There may be a network of cclrporations that are
connectecl to one another if thev share people on the board of directors.
Not everv corporation shares directors with the sarne other companies, but
it is still cleti,r that the sanre group of people are connecting these conrpanies
together, even if they do not strictly fornt a cliquc. These well-connectecl
groups of nodes, though not maximally connected, forrn a community.
There are many different ways to define a cornrmnity, and comnunities
may or rnay not be overlapping. One popular definition of a cortrmunity is

a group of nodes that have more internal edges between tirem tlian external
edges connecting to other communities. It is a metric of relative density.

Like most netrvork corrcepts, a cornrnunity is not well defined. Multi-
ple algorithms prodrice different results and group the network in different
ways. Sorne algorithms group edges, some gronp nodes; others produce hier-
archicaliy nested cornmunities, or comrnunities that overlap. The most fre,
cluently used community detection method, calied nodularitv, places every
node in a network into a corlmunity based on how well-connected its rreigh-

bols are. Modularity is sriccessful when there's a high ratio of eclges con-
necting nodes witluin any given cornntunity compared to eclges linking out
to other communities. The best community detection approach is the one

that works best for your network and your question; there is no right or
wrong, only more or less reievant. A goocl "sanity check" is to see if the algo-
ritlrrn you're using puts the people or errtities you know sh,ould be grouped

together in the same community and leaves out the ones that do not belong.
If it works on the parts of the data you know, you carr be rnore certairr it
works on the parts of the data you do not.

The most inclusive term for a group of nodes is a ccinnected component.
A connected component is simply a group of nodes that can possiblv
reach one another via a path of any number of edges. Undirected networks
are occasionally classified bv the number of connected components they con-
tain; that is, the number of clifferent groups of nocles which ale completcly
disconnected fronr one arrother.

Although this class of node-group seenrs so large as to be effectively
neaningless, connected components can be very useful to understalcl, fcrr

example, who could possibly hnve hea,rd a particular rulrror. They clefirre

the scope of a connected world. The one caveat for historical netwolks is
that we often lack the full story, and nodes that appcrar disconnecterl rniglit
be otherrvise if more eviclence presented itself. This is whv, in historical
network analysis, it is often better to rely on the edges ancl nodes that clo
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exist than those that do not. Measurements of connectivity should be seen
as lower bounds: your network is ol least as connected os this measurement
showsl the shortest path zs at most thi,s long.

The strength of ueak ties and structural holes

The prernise of this section is that networks reveal the interplay between
global properties and local activities, and this discussion on weak ties and
structural holes is a prime example of just such a benefit. Many networks
form as small worlds. They are densely packed communities with many
Iinks between communities, which allows any community to reach another
in only a few steps.

This is the view from the macroscope; under the microscope, the focus
shifts. Two cliques, adjacent to one another, happen to have a single
edge connecting them together. This single edge, connecting two otherwise
insular and disconnected clusters, is called a weak tie, as the connection
between these two communities could break easily. A downed power-line,
for example, could disconnect two sections of an electrical grid, or a single
estranged cousin may break the connection between two sides of a family.
Careful readers will have noted that the definition of a weak tie is curiously
similar to that of a bridge. This dichotomy, the weakness of a connec-
tion alongside the importance of a bridge, has profound effects on network
dynamics.

In social networks, weak ties may be old college friends whom you barery
keep in touch with; in early trade networks, a weak tie may be that single
treacherous trade route between two disconnected worlds, offering great
reward at great peril. In practice, weak ties tend to be weak not only because
their breaking can fragment the network but also because the connections
themselves tend to be tenuous. on weighted networks, these edges generally
have a very low weight. This is the case because of the way networks tend
to evolve. If you have a particularly close friend from another community,
you are more likely to introduce him to your other close friends, at which
point the connection between the two communities irnmediately multiplies.
The tie is no Ionger weak.

These weak ties, however, are extrenely important.iT We will once again
use the example of social networks, however this property holds across many

17The cano.ical study is Mark Granovetter (1g73), "The st'ength of weak ries," The
American J oumt al of S ociologg, 78(6), 1960-1380.

other varieties as well. When an individual is looking for something, for
example a new job, it is unlikely she will look to her closest friends for
advice. She and her best friends know the same people, they have access

to the same resources and information, they are interested in the same sort
of thilgs, and as such are particularly poor sources for news. Instead, she

will reach orrt to her cousin whorn she knows works for an organization

that is hiring, or an old teacher, oI someone else with whorn she has a weak

connection. Empirically, network studies have shown connections to outside

comnunities tend to be the most fruitful'
The strength of weak ties has been hypothesized as a driving force

behind the flourishing of science in 17th century Europe.18 Political exile,

religious diaspora, and the habit of young scholars to travei extensively'

combined with a relatively inexpensive and fast postal system, created an

environment where every local community had weak ties extending widely

across political, religious, and intellectual boundaries. This put each corn-

munity, ancl every individual, at higher risk for encountering just the right

serendipitous idea or bit of data they needed to set thern on their wav.

weak ties are what make the small comnlunity part of the global network.

The strrdy of weak ties is the stud,y of the connections between separated

cornmunities, but the benefi.cial effects of sparrning communities also accrue

in nodes. Someone or something sitting at the intersection of two or mole

otherwise disconnected communities is said to occupy a structural holele

in the network, and that position accrues certaiu advantages on both the

rlode and the network. As weak ties correspond to bridges, structrrral holes

are the negative space that become filled by hubs (in sociology' sometimes

known as Lrokers). people who fill structural holes in corporations have

ernpirically been shown to fincl more career success. In the first section

of lni, chapter, the Medici farnily was saicl to have strategically created

stmctural holes in the network of Florentine families. FYom this position, the

Medici were the onlv family who could reap the benefits of every community

in the network; they were able to play the communities against one another'

andtheycouidactasnetworkgatekeeperswhenevertheysawfit.Inearly
mod,ern Europe, individuals like Henry Oldenburg, the Secretary of the

Royal society, sat at the center of rnany networks and were abie to funnel

l8Davis Lux and Harold Cook (1998), "Closed

at a distance during the scientific revolution,"
leRonald S. Bult (2004), "stmctural Holes

Soc'tologg, 1LO, 349-399, doi:10'1086/421787'

circles or opel networks? Communicatiug
History of Sctert'ce, 36, 779-27L'

and Good ldeas," American Jout-nal of

Network Analysis
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the right information to those who needed it and keep it from those ry[e
should not have had access.

Networks and Time

Netwolk science is a young sciencel the study of ternporal networks, though
extensive, is still in its infancy. As irnportant a subject as the evolution
of networks over time is for historiography, its undeveloped state irr the
literature will make this section necessarily brief.

There is rio consellslls on how tenpolal networks should be represented.
It is clear, for example, that the networl< of trade between cities in a,nd
around the Roman Empire changed drastically over time, however we can-
not say with certainty when particular routes were in use ol when they were
not. Even if we could peer directly into the past, it is not easv to define the
point at which a route's use changed from sporaclic to regular.

Even irr rnodern networks with full data availability ancl clear-cut events,
it is not clear how to model network change. The network of plione calls in
the Unitecl States creates an ever-changing network, where each phone call
is an additional edge. You carrnot take a snapshot of a single moment, how-
ever, arrd say it represents the call network of the United States, because
what about all tlie people who call each other at different poirrts through-
out the day?

One solution is to agglegate phone data into time slices, or chunks of
tinie at a particular resolution (hour, day, month, year) for which all phone
data are combined. In this approach, each time slice is a snapshot of the net-
work, and the study of how that snapshot changes at each slice is the study
of the evolving network. This approach is the most common, but because
snall perturbations can lead to drastic reconfigurations of networks, it is
sometimes difficult to compare time slices against one another.

The other: obvious solution, modeling every bit of network data at every
moment, may make for a rnore pleasantly continuous network but is rioto-
riously difficult to represent in a meaningful way. It is also difficult to
write algorithms that map to our current conceptual framework of network
analysis under these dynamic approaches.

We hope that a lenewed interest among historians in network analy-
sis, and a willingrress to collaborate with network scientists, will pave the
way for more nuanced and rneaningful approaches to understanding the
evolution of networks over time.

F\rrther Reading and Conclusion

There are nlary resources avtr,ilable to those interested irr delving fur-

ther into networ-k alalysis. Netutorks, Croutds, and Markets by Easley an.
Kleinberg20 is an approa,chaltle introductiort a,tld most simila.r to what this

scction woulcl Iook like if it had been expancled into its own book. It is

particularly uotewortfiy for its ability to corrnect abstract network con-

cepts with real, noclern social phenomena. wassernan and Faust's sociol

N)twork Analys,isz\ is a canonical textbook that foc.ses on smallerr scale

network analysis, an<i tlie associatecl issues of clata collection ancl prepala-

tion. It is more mathematical than the former, and recornmended fclr the

}ristorianwhowantstogofrornulrd.erstarrdingnetwolkanalysistoapply-
ingit,especiallyonsmall-to-neclirrnlscaleclatasets.Newrnan,sNe'tuorks:
Ai tntr-od,u"tiorf2 is tlie networ-k textbook for moder', large-scale netrvork

analysis of any sort, frommetabolic networks to social' It is highlv formal

anclmatlrematical,andisrecomnen(ledforthosewhowanttoserior.tsly
engage witlr their network scierrce colleagrres, arrd who walit to help develop

neiv algorithms, tools, and methocls for historical network anaiysis'

Textbooks also exist for the valious network analysis software packages

availabie, which encompass both concepts ancl tool use. For those ah-eadv

familiar with UCINET, or who are palticularly interested in rnatrix manip-

ulations, Analyz'ing Sor:t'al NetworA;s by Borgatti' Everett' and Johnsou23

is tire book to reacl. Those wishing to clo networhanalysis in Excel using

NodeXL should flnd, Analyzing Soci'al Mec]'i,a Networks ul'itlt' NodeXL bv

Hansen, Shneiclerman, ur,J Smith'2a Pajek, one of the most feature-rich

network analysis ploglanls' can be iearnecl ftom Erploratory Soc,ial Net-

work Analysis wi'th Paiekby De Nooy, Mtvar' and Batagelj'25 Th" Network

Network AnalYsis

2oDavid Easley and Jon M. Kleinberg (2010)' Netuorks, Crowds, and' Markets: Reason-

i,ng About a Hi'ghlg C on nected WorLl, Cambridge, UK: Cambridge UniversitY Press'

2lStanley WasseLman and Katherine Faust (2010)' Soci,al N etwork An'alysis: M etltotls

and Applicrt'ti'ons, 1st edn, Cambridge' UK: Camblidge University Press'

2zMar-k E. J. Newman (201 0), Networks An Introrlttnti'on, 1st edn, New York, NY
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Oxford UniversitY Press.
23Stephen Borgatti, Marti' G. Everett zr..d Jeffrey C. Johnson (2073), Analyzi'ng Social

Networks,lst Jn, Thousand Oaks, CA; London: SAGE Publications Ltd'
24Der.ek Hansen, Ben Shneidermanand Marc A Smith (2010), Analgzing Soc'ial Med'ta

Networks with Nod'eXL: Insights from a Connected' World" Lst ecln' Burlington' MA:

Morgan Kaufmann.
2sWouter de Nooy, Andrej Mrvar and Vladimir Batagelj (2005), Erploratory Social Net-

work Analgsis with Pajek, Cambridge, UK: Cambridge University Press'



2olnformation for NWB
Manual pdf; Sci2 http:/ /sci2.wiki.cns.iu.edu/27That said, Clement
clementlevallois.net /gephi.html.

tutorials at http:/ /
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workbench (NwB) and the sci2 Toor both have extensive 
'ser manuars

linked frorn their homepages.26 Unfortunatery, the software we recommend
for historians beginning in network analysis, Gephi, does not yet have anextensive centralized learning guide.27

can be found at http://nwb.cns.iu edu/Docs/NWBTool-

Levallois has a suite of excellent

Chapter 7

Networks in Practice

Th,i$ section shows how to take the conceptual framework of network analg-

s,is and, appla i,t ,in practi,ce. A hi,stori,cal network analys'is wi,ll often require

a sim'ilar series of stePs:

L Deci,di,ng on a dataset,

2. Encod'ing, collect'ing, or clean'ing the data,

3. Importi,ng the data'into a network analysis package,

4. Analyzi,ng the data,

5. Vi.sualtzing the data,

6. Interpreti,ng the results,

7. Drawi,ng conclus'ions.

Tlte framework ,is not uniuersal, and, the process usuallE requ'ires a lot of

repetiti,on and, some steps may be om'itted or added dependi,ng on circum-

stance. steps four and, fiue, whi,le couered,in a small sect'ion i,n thi's book, are

ertremely open-end,ed, and" h'istorians who wish to leant' more are encour-

aged, to d,elue ,into the tool of thei,r cho'ice us'ing the Further Readi'ng sect'ion

of thi,s chapter. The steps we take the most t'ime enqtla'in'ing usually take

tlte least ti,me 'in pract'ice; Iess than 5% of the t'ime spent on a project wi'll

be time spent analyz,ing and, u,isual,iz,ing data. Most ti.me wi,ll be spent on

collecti,ng, clean'ing, and'interpret'ing.

Picking a Dataset

How can you know whether the data you have will be amenable for network

analysis? The answer depends on the project, of course, but unfortunately

it is often difficult to tell at the outset of a project which data will be

most useful, if anv, for a network analysis. Many network analyses lead to

dead ends, and the more experience you have, the earlier you will begin to


