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The Navigability of Strong Ties:
Small Worlds, Tie Strength and Networ k Topology

Douglas R. White and Michael Houseman
for Complexity 8 (1): 72-81 Special Issue on Networks and Complexity
(draft 1.4). Sept. 6/2002

We examine data on and models of small world ptaggeand parameters of social networks.
Our focus, on tie-strength, multilevel networks awhrchability in strong-tie social networks,
allows us to extend some of the questions andrfgeliof recent research and the fit of small
world models to sociological and anthropologicatadan human communities. We offer a
‘navigability of strong ties’ hypothesis about netW topologies tested with data from kinship
systems, but potentially applicable to corporateucess and business networks.

Small Worlds

A small world (SW) is a (large) graph with both &clustering and, on average, short distances
between nodes [44,45]. Short distances promote ssitiity, while local clustering and
redundancy of edges, as some research suggest8]|3&omotes robustness to disconnection
and, through multiple independent pathways, redigucessibility as well. For paths to transmit
materials and information via network traversaknaall world also requires navigability. This
was the property investigated in the first smalkldi@xperiment by Travers and Milgram [42]:
Could people randomly selected in Omaha, Nebraslaessfully send letters to a predetermined
target in Boston, when asked to direct their lsttersingle acquaintances who are asked in turn
to forward the letters through what becomes a chéipersonal acquaintances? In many cases
this task was accomplished in fewer than six stdpg, success required letters sent to
acquaintances who were successively closer, gelnigedly or occupationally, to the target. The
problem of navigability is whether the next stepsirch chains will be any closer to the target
than the last. This cannot occur in a network ajesdgenerated with uniform probabilities, as
Kleinberg showed [33]. SW networks with random mavg, like random networks generally,
lack the ability to find the target person quickiya successive links in the network. Kleinberg
also showed a far stronger result: the ability e€ehtralized algorithms to find short paths by
sending messages along their incident edges usigdazal information about them depends, in
regular lattices in which edge probability is andrse powen of lattice distance, on a unique
value ofa that exactly matches the dimensionality of thédat The short paths that are relevant
in this context are those whose lengths are boubgea polynomial in logN, where N is the
number of nodes, since this is what defines allgaiiit efficiency for a random graph [19]. The
right power-law decay of link frequency—in relatitm geometric distance—creates fewer long
jumps in the right direction that act as shortdotallow messages to pass quickly toward the
target, while lower probability reduces the chaonfever-jumping further away. Once in the
right vicinity, honing in on a target is facilitateoy more frequent short jumps in the spatial
geometry. Successful search in the fewest stepsdsible when the probabilities of edges vary
with spatial distance so that successive edgegrsavthe spatial geometry at higher rates for
short than for long distances. Only if the dimensaigparameter of the lattice is matched exactly
does a decentralized algorithm find short pathsolgnomial time.

Central hubs also provide a network with searchtgbill,3]. Hubs can also provide
navigability from a global perspective, a commomraple being the phone book. However, as
nodes or individuals with unusually large nhumbefsannections, hubs are lacking in social
networks with strong constraints on how many liaksindividual may possess. Typically, social



webs with such constraints have the redundanciéscaf clustering, and have some ties that are
much stronger than the others, but can retain e pBoperty even with a relatively small
fraction of ties that span the larger clustersh®atf stronger ties in these networks, however,
may provide access to some kinds of resourcesatieahot accessed by weaker ties, and thus
present a distinct set of problems of navigability.

Strong and Weak Tiesin Small Worlds

Networks of strong ties impose constraints on hoanynlinks an individual node may possess:
loosely defined, they occupy a significant portafrthe limited time and energy budget. In “The
Strength of Weak Ties,” Granovetter showed thatpkrson’s strong ties are those in which there
is strong investment of time and affect (e.g., eléends and kin), then it is paradoxically the
weaker ties that connect a person to others anelstmurces that are located or available through
other clusters in the network [24]. In his Bostandy of male professional, technical, or
managerial workers who made job changes, he fduatdnost workers found their jobs through
personal contacts, but ones that were surprisinglgk: not close friends or relatives but often
work-related persons, and generally those with nmopersonal ties with low contact frequency.
Reflecting on Rapoport’s information diffusion mgdand Travers and Milgram’s small world
(SW) studies [42], he formulated his strength ofalkvgie hypothesis: strong ties tend to be
clustered and more transitive, as are ties amoosgthvithin the same clique, who are likely to
have the same information about jobs and lessylifkeehave new information passed along from
distant parts of the network. Conversely, bridgetsveen clusters in the network tend to be weak
ties, and weak ties tend to have less transitignce acquaintances are more likely to pass job
information than close friends, and the acquairgaraf strategic importance are those whose ties
serve as bridges in the network. In a generalipech fof Granovetter's hypothesis, ties that are
reciprocated might also tend to be more transttia®m non-reciprocated ties.

Little investigation has been done on strong-tigvoeks in relation to small world properties.
It is not surprising that with many weak ties, powsv degree distributions [15,16] or hubs,
networks form small worlds in which nearly everyrpaf nodes is connected at relatively short
distances. A feature of small worlds, like randoetworks [19], is that the average distance
between nodes is a polynomial in logN where N i ttumber of nodes. This is also what
Barabasi and Albert found for sites in the WWW whét is their network sample size [4:33].
What is more surprising are the results of Doddsihdnad and Watts’ SW experiment on
67,000 E-mail users and 18 targets in 13 countvidéch estimated a true median distance to
targets of six steps. People avoided asking help thers with whom they had weak ties, such
as casual acquaintanceships [17]. They mostly used of intermediate strength, such as
friendships formed through work or schooling affions. Reasons of geography were given for
50% of ties in the first three steps, and under #3%those of work or occupation; with a reversal
of these percentages was observed for steps 4-7.

Realistic Social Network Models for Small Worlds with Searchability (SNWS)

Transmission in the small world of personal networin the Milgram experiment, showed
signs of funneling through hubs [42]. However, hedds et al. web replication of the SW
experiments [17] shows very little reliance on hbhsrather on shared social identities; a finding
corroborated by reverse small world experiment82B, Watts, Dodds and Newman sought to
identify a family of realistic social network modeflor complex small worlds with strong upper
limits on how many links an individual may possgks]. They imbue the actors in their network
models with social identities. Social distance letw pairs of individuals is then defined by
differences in the taxonomically organized categmiof identity. Like Kleinberg [33], they find



that the ability to search and find specific tasgdépends on the network having not only short
network distances, but also links constructed wvpitbbabilities that decay exponentially with
social distance. By tuning the exponential paramfetesocial-distance decay of link probability,
their family of models generate networks that hesarchability as well as short average network
distances, and they match up to describe the sesulNlilgram’s original SW experiment.

The SW"° networks of Watts, Dodds and Newman demonstrateesfurther properties.
Searchability increases when the hierarchies dfitideare multiple rather than singular, and
when these multiple identities cross-cut one anmpthdhe sense of statistical independence [46].
This allows one step in a search to be taken orbésés of one aspect of the target’s identity,
while a next step might be taken on the basis ofter aspect. Such cross-cuts move much more
quickly towards the target since they move thedeaut of a cluster of ties in the network that
reflects similarities on only one attribute (for iath there may be many independent clusters)
towards clusters that have many of the targetitbates, and in which local ties in the cluster are
more likely to lead directly to or close to the gat. The introduction of multiple social
dimensions leads to a much more robust result—Aetworks are searchable for a broad range of
parameters— which is very different from Kleinbergingular condition. For navigability they
require, however, not just social identities, butedwork that is constructed with distance decay
across the proximities defined by similaritiesdenmtities.

Multilevel Networks

Strong-tie networks, constrained to relatively fedges per node and tending to form clusters or
short cycles, seem unlikely candidates for the kmalld property of short average distances.
Here, however, we consider networks that emdtileve| and we define aystemas sets of
relations among elements at different levels wigargh level is a graph in which each node may
contain another graph structure [26]. A multilesetall world model that is of interest to us is
where strong ties tend to form islands, with brglgetween them, and small worlds may apply at
two levels: between islands, taken as the nodebswéthin islands [10Db]. It is of interest at both

levels whether strong-tie networks have small wergperties plus searchabilitﬁwws). These
properties are an important part of the story oftigland clusters operate at multiple levels in
many different types of networks.

Several groups of researchers have applied thislevel approach to networks. Eckmann and
Moses investigate the role of reciprocated (‘stiptigs between subgraphs residing at different
addresses in a network and in generating the tggaad constituent units or neighborhoods of
large social networks [18]. Their hypothesis applie networks of many different sorts—neural
connections in the brain (nematode), WWW links, egargulation networks, and protein
interactions—and suggests that islands of cohesivgent and operational integration reside
within structures that combine reciprocal links vilegén distinct entities capable of mutual
recognition and locally dense neighborhoods conttlout of these meaningful reciprocal links.
They do not take networks in raw form, but take iatcount hierarchical links (like those in a
person’s web pages) to find the reciprocal linkisveen units that reside, so to speak, at different
addresses. Thus, their means of calculating redgigrmvolves indicators of mutual recognition
between distinct entities. The multilevel approachans that one part of a unit subgraph may
reciprocate with a different part of another unibgraph, a crucial step in finding links of
reciprocity. They test their hypothesis using afficient of curvature similar to the clustering
coefficients of Watts and Strogatz [45,23]—measufedexample, by 3 x (number of triangles
on the graph) over the number of connected ordeigds—, except that the network must be a
digraph in which sending and receiving are distisiged, and the two spokes from the referent
node in the connected triples must be bidirectertciprocal edgesThey found that connected



triples defined by reciprocal links, consistenthwthe Granovetter hypothesis for strong ties,
accounted for much of the local clustering in tlesicial networks [24].

For Eckmann and Moses [18], it is crucial that theiit subgraphs are local units, such as a
hierarchy of linked pages residing at the same address, and that the curvature of a node is
defined purely locally as the density of ties ie immediate strong-tie neighborhood of a node.
Whether or not nodes with high curvature also témdcluster in larger neighborhoods, is
information gained on the topology of the network.

| lands within | dands and Measures of Cohesion

Finding the boundaries of cohesive islands or conities in a large network on a more
global basis is one of the approaches we have takstudy multilevel networks [48,38], as have
other researchers. Girvan and Newman, for exaropleulate the betweenness centrality of each
edge in a network, throw out the edge with highesttveenness, recalculate betweenness, and
repeat this process for some number of edge rem¢23a]. The effect is to remove the bridges
between clusters and to make the cohesive clusters apparent. Since this algorithm results in
a matrix of node-by-node edge betweenness, higcatatiustering of nodes is used to identify
cohesive communities and hierarchies of subclustérgreater cohesion within the larger
communities. The results of this algorithm give @maging results when edge removals are
stopped when each node has more within-clusterlibbmeen-cluster edges.

This procedure is consistent with the graph théoredncept of multi-connectivity (node
connectivity as distinct from the degree connetgtiif a node) in which the following two
definitions are equivalent (Menger's Theorem): Agaph S of a graph G ksconnectedl) if
and only if it has at least k+| nodes and is npiasable by removal of fewer than k nodes, and (2)
if and only if it has at least k+| nodes and thexést at least k paths between every ordered pair
of nodes with no intermediate nodes in common, hede-independent paths. A maximal k-
connected subgraph S of a graph G is callddcamponentor for successive values of k, a
component, bi-component, tri-component, 4-comporaewk so forth [25,48]. These components
are, by definition, hierarchically stacked, butythmay also overlap. To avoid confusion with
these terms it is important to specify k-componevita N > k nodes since algorithmic computer
science definitions of the same terms drop theireopent that a k-component has at least k+1
nodes, in which case Menger’s Theorem no longeliespp

Powell et al. model the industry network of contoat biotechnology collaborations from
1988-99 in relation to firm-level organizational dafinancial changes [39]. The industry is
knowledge-based, with extensive reliance on orgdiozal learning that occurs through
networks of dense collaborative ties among orgdioiza. Firms show a power-law distribution
of degree connectivity. There are several kindstathastic processes (contagion, heterogeneous
mixing of Poisson processes) that can generate powhr-law distributions [6]: This one is not
preferential attachment or a simple popularity ssince conditional logit estimates of factors
that might influence the distribution show thataaltment to those firms with shared multi-
connectivity has a very strong effect (p£)0followed by partner’s diversity of ties; and,
controlling for these, partners with fewer ties deds experience have a smaller effect on
attachment.

In testing the hypothesis that k-connected cohesamsignificant effects, Moody and White
[38] found common k-connectivity in director inteck business networks [37] to be a strong
predictor of similarity in political contributiongontrolling for a host of other network variables
and firm attributes. For adolescent friendship goin a replication study across 12 large high
school networks, they found k-connectivity to be thest predictor, with a common slope, of an
independent multi-item attitudinal measure of s¢laitachment even when controlling for other
network and school variables as well as indiviciaibutes.



The concept of cohesion—cohesive subsets—playadafuental role in the study of kinship
networks, where the primary relations of parentdchind husband/wife are strong ties, and large
islands of subgroup cohesion are formed by endog&tnyctural endogamy [47] is defined as a
bi-component on a kinship graph with married cos@ed unmarried individuals as nodes and
parent-child links as edges. The algorithm for ifigdbi-components in a network is a depth-first
search through a spanning tree that identifies malxisets of cycles that share edges, with
processing time of order O(e), proportional to tlkenber of edges. Brudner and White exploited
this ability to find islands of endogamy in netwsrlf any size to test the hypothesis that among
Carinthian farming populations, the class straifien distinction of principal farmstead heirs and
their spouses from siblings who receive minor iithace was strongly predicted from bi-
component membership [11]. Similarly, in Johansow &Vhite’s study of Turkish pastoral
nomads that exports its population surplus to gél|B bi-component membership is an almost
perfect predictor of stayers versus leavers [31HA8lseman, after showing the well defined bi-
component memberships for Indigenous Australiamgspargued that they could solve many of
the problems in determining land entitlements sithexy identify those who have consistently
intermarried within each group [27].

Kinship Networ ks and Complexity

Kinship networks provide a means of studying lasgale networks composed of strong ties.
Hubs are not relevant aspects of a network moddlifship because few societies have ‘fat tail’
outliers in terms of power laws for number of chéld, the exception being historical societies
with harems or concubines [10]. Derrida et al. shbat with random marriage and reasonable
Poisson-distributed numbers of children in a stestdie population of tens of thousands of
people, in fifteen generations about 80% of thenftas appear in the genealogical tree of every
individual, and the 25% that do not appear aredhwiso have left no descendants, so that most
pairs of adults have nearly all their root ancestiaorcommon [14]. Common single ancestors
appear much earlier for pairs of descendants. Up denerations, the distribution of number of
common ancestors for pairs of people follows amoagptial distribution skewed—as expected
from expected child-edges that are equiprobabl differences in degree connectivity cumulate
exponentially—towards decreasingly fewer commoreatars for increasingly many people.

Our first experiments testing the connections amdnghip, small world properties in strong-
tie networks, and indicators of network complexitymodeling networks of an Arabized society
of pastoral nomads in South Turkey [31,49]. Ethapber Ulla Johanson provided excellent
genealogical ancestries for five generations, amahesliving members remembered deeper
ancestries of founders, for a total network of aldl00 people who were members of the same
clan, plus another 200 or so outsiders (villagemnhembers of other nomad clans or tribes) with
whom they had married. For a society with 5-9 kn@egnerations such as the nomads, it was no
surprise, given Derrida’s simulations [14], to fiath exponential distribution of ancestors by
number of descendants. This was a society, likeyniarthe Middle East with Semitic and
especially Arab roots—or heavily influenced by Aration and Islam—with strong endogamy,
segmented deep patrilineages, both lineage-endagamod lineage-exogamous marriages, a
preference for men to marry with a father’'s brotheaughter (FBD), a close lineage mate, and
also a staggeringly diverse array of marriages wttier consanguines (blood relatives of 234
distinct types for two spouses having a common stocédack seven generations or less). The
first test, with results shown in Figure 1, was thiee the distribution of marriage frequencies by
type of kin married was exponential, as expecteunfrequiprobable marriages within ego’s
generation, Poisson—as might be expected from glesinorm for preferred type of partner

type—or power law, possibly consistent withsvsvwS model. The x axis here are the empirical
frequencies into which the 234 marriage types #assified, and the y axis the number M of



marriage types with that frequency. The distributis a power law that follows an inverse
square. The high-frequency outlier in this disttibo is FBD marriage, nearly twice the raw
frequency (36, binned in its location on the graphthe next rival.
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Our ‘navigability of strong ties’ hypothesis abagtwork topologies comes out of wondering
whether power laws of this sort are suggestiveetifarganizing properties in segmented-lineage
systems of the Middle East. Before our study beydmte and Johansen [49] had used Eckmann
and Moses’ approach to curvature in consideringprecal marriage links between different parts
of the hierarchically embedded sublineages witha ten maximal patrilineages. Each of these
have a meaningful social identity and marriagesoften arranged between them. Strong ties of
reciprocal marriage alliances between sublineagess-that open the door to potential brides as
part of the extended relationships of trust andualuvisiting—had the structural properties of
small worlds: a high average node-specific clustgicoefficient, a triad census [7] that fit a
larger-scale clustering model, but also much hightes of intransitive chains of reciprocal ties
that bridged different clusters, which gave thersgrtie network a very low average distance
between sublineages. Here, in a sociological a$ agektatistical sense, the significant bridges
were strong ties. An overall scaling of nodes a$ fkevel in the multilevel network (from
individuals, to couples, to minimum and maximunebliges) showed a nearly one-dimensional
alignment of maximal lineages along a remotenass-villages continuum, but with significant
second-dimension variability for specified subligesswho departed from the alliance patterns of
their maximal lineage [49:Ch5].

These two suggestive results led us to investigete fully a small world model for strong-
tie networks, this time focusing on Kleinberg's rebability parameter [33]. The hypothesis was
that the full range of types of consanguineal ragei(as in Figure 1) would fit Kleinberg's
model for a small world with searchability where tharametera) describes a power-law decay
of the probability of a marriage link as a functiohkinship distance. The result of this test is
presented in Figure 2 for the distribution of tleegqentages of marriages with cousins at different
genealogical distances and shows a preferenceegtaftir closer cousins. Here the kinship
distances through a parent (P), child (C) or siplin), at the same-generation of cousins, fall
along a gradient from three for first cousins (P~ for second cousins (PP~CC), seven for



third cousins (PPP~CCC), and nine for fourth caas{fRPPP~CCCC). The probability of
marrying a cousin as indexed by the percentagesvaifable cousins married at each distance
declines inversely to kinship distance to the pode. This supported the idea, given that
marriage links at the sublineage level are highigtered, that the nomad clan multilevel network
is a searchable small world, since the averageasfiage distances are low. Further, the scaling
dimensionality of the marriage network was knowonirthe curvature modeling to be between 1
and 2, so the power-law slope of 1.6 is consisteith Kleinberg’'s optimal criteria for
searchability [33]. The fit to a power-law distrttmn, shown by the solid line in Figure 2, is
closer than the fit to an exponential distribut{dotted line).
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These findings led White and Johansen to investitfa¢ historical and comparative data on
segmented lineages with FBD marriage [49]. A sthgyKorotayev [34] proved consistent with
other evidence in convincing them that the featwfe$urkish nomad segmented lineages are
very widely distributed among Semitic and Arab-ighced societies structured along similar
lines, in spite of differences in group and netwside. We conceive of the elements of this social
organizational complex as a self-organizing segargngystem with a dynamic of small world
cohesion through gradients of endogamous marriage.

It is also clear from the combined sources thaiesies with this segmentary system emerged
in a broad-scale network in the Middle East linkeugh international exchange, maritime and
camel trade, ones that formed part of a largeizatibnal complex. In these interconnected
societies the corporate organization was that tdrededpatrilineageswith distributedmembers
capableof engagingin trade. A basic social unit was the patrilocal fanthat formed part of
larger patrilineages in which some members werpedsed along trade routes and many were
engaged in a local subsistence component of pdistoraVhile not exclusively Arab, this system
diffused and extended itself very widely with thenquests of the Arab Caliphates of tffeand
8" centuries [34].

The other elementthat suggestsself-organizatiorstemsfrom the fact that the co-residential
lineageunitin manyof thecontextan which segmented-lineaggystemoperatevastherelatively
small extendedpatrilinealfamily. If eachfamily in eachgeneratiorhastwo or threeincoming
womenaswives and a comparablenumberof daughtersexiting aswives for other groups,this
numberof links in atotal networkof N familiesis barelyenoughto maintainthe bi-connectivity
neededo integratehelineagesnto anexchangeystemFor sucha systemo work, with wivesas
theintermediarylink in marriagealliancesit is necessary for women to retain their membershi
and rights (e.g., inheritance) in their natal growmich would help explain the emphasis
patrilineal corporationsand henceon a multilevel network of individuals and corporationsBut
with scarcdinks aspreciousassetsanda networkon the vergeof falling apartinto components



thatlack cohesivantegrationthroughmarriageshowlinks aredistributedoecomes crucialissue,
in Bak'sphraseologyfor self-organizedriticality of multi-connectivity{2].
The study of network topology using the Eckmann slades curvature methods showed how

an optimal small world with searchabilitﬁwws) would follow from self-organizing locally
based or distributed mechanisms. If consolidatiballance and trust is established or signaled
through reciprocal exchanges of brides betweerrmdges, which is a common feature of these
systems, creating strong ties as channels foringsénd familiarity, and these strong ties are
organized as small worlds, they provide the mecmnior marriage contacts dependent on
visiting and intimate knowledge of other families & distance-day distribution which, when
transformed into actual marriages, recreates ts@mtie-decay power slope (thef Figure 2).
The bridges here are strong ties, not weak. Loeabbior generates the network topology in
which further local behaviors, like the search dtites or particular types of exchange partners,
can operate through channels of trust. This netagdystem was developed on a regional scale
only once in the history of civilizations, but oniceplace, searchability is a feature of the global
network topology generated by the local behavidrisTkind of model of self-organization in
kinship behavior would help to explain how the segted-lineage form of organization is able to
mobilize in response to conflict at a segmentavglleNetworks of strong ties of trust between
smaller units, highly clustered, but connected isearchable small world topology, given the
smallest conflict, or a conflict that escalatesatty level, facilitates mobilization into opposing
factions that are quite predictable and self gditgrayiven the fault lines among the segmented
units, which are hierarchical. As witnessed in Adgistan, these fault lines are also highly
malleable, given that at the local level the sternglliances change as a function of the slower
tempo of marriages, but at the more global level Beemies may present themselves from the
outside and may mobilize whole populations andamrg)i

The rough outlines of this understanding of seffamizing multiple-level networks in the
Middle East has long been known to anthropologhéform of a segmentary lineage theory that
only needs to be generalized to include a rangeanénts, such as variations in lineage depth,
whether segments are also spatially organized, dfitimeages, type of subsistence, variants in
rules of exchange, etc. The new element added lelmof networks and complexity, however,
is to consider the dynamic element of new marrigfas continually re-sculpt the contours of
cohesion through bi-connectivity, and that act igeals, tentatives and potentially reciprocal
enactments of consolidated trust between allieshlje segments. The system is not simply one
organized by hereditary links among men. Womerdgnamic agents, and their memberships in
their natal-kinship corporations, with full righte vital to the dynamics that sustain the interna
moral and material economies of segmented-lineggferms. Such is the conclusion, at any rate,
of White and Johansen [49].

To clinch the Middle Eastern example, the crossirggitidentities of nodes in segmented

lineages match in type with those of the sociahiitig sW"*° models [46], where searches based
on multiple and cross-cutting identities such asupations and locations help to find shortcuts
that bring a search closer to a target. Lineagmeats and affines play this role in Middle Eastern
segmented-lineage systems.

Extending the I nvestigation of Strong-tie Kinship Networks

As collaborative researchers on strong-tie kinshégworks [28,29,30], our joint interest in
kinship networks and issues of complexity (selfamigation, criticality, multilevel networks, and
exponential versus power-law signatures of poteptiganizing processes, etc.) was piqued by
White and Johansen’s recent findings [49]. We duickobilized to analyze as many of our
existing kinship databases as we could to exploeesignatures of frequency distributions for
types of consanguineal marriages and affinal redge which is the anthropological term for a



marriage that is not between blood kin but thabneects blood-kin groups (“families”) already
connected through marriage.

In a restudy of ten societies, we looked at distidns similar to that of Figure 1, but now for
consanguineal marriages and for two- and threelamlinkings, using the GENOS program [5].
Results quickly formed a pattern. In those socgetigth a high proportion of consanguineal
marriages, these tended to form power-law distidiogt whereas the relinkings fit a distribution
expected from marriage types that are equiprobatdiere differences cumulate exponentially,
except for a handful of preferred relinkings witlytrer than expected frequencies, such as sister
exchanges. This was true for the White-JohansekiSfunomads [49], for the two Amazonian
societies, the Arawete and the Parakana [43,28]intlian Chenchu hunter-gatherers [21], and a
“remote” Australian Aboriginal group, the Alyawarfa2,13]. In the other set of five societies
having little or no consanguineal marriages, this two-family relinkings—but not those of three
families—that tended to form power-law distribuonThese cases included two European
societies, the Tory Islanders of Ireland [22] ane Eeistritz villagers of Carinthia, Austria [11],
and three “settled” Australian aboriginal populatio the Yaraldi, Nyungar and Wilcania
villagers [9,41,35].

The first set of societies have kinship networkat thre explicitly multileveled. Among the
Turkish nomads, consanguines are organized intoredes segmented lineages that allocate
wealth assets to members. In the Amazonian andanndiases, kinship ties are classified
terminologically according to a strict bipartiteinmiple in which consanguines and affines are
opposed as non-overlapping sets of relations.dritdmote” Australian case, there are two such
over-arching categorical divisions which are croging. This of course does not exhaust the
various ways in which kinship networks may be eipili organized in a multileveled fashion.
The five societies considered here allow close aogsineal marriage. Others societies (often
termed “semi-complex”), while possessing kinshigdth corporations, prohibit close kin
marriage; in such cases, the kinship network seerbs structured through the regular reiteration
of alliances betweedistantrather than close blood-kin [26a,b].

Our tentative hypothesis is that societies withhsagplicit, multilevel kinship networks—
incorporating kinship corporations and/or clasaificy associations that allocate statuses—tend

to pursue strategic alliances in the COﬂStI’UCtibﬁVUWS network topologies through arrangement
of marriages between consanguines, hence the thdstic power-law distributions. In the

second set of societies, in which kinship corporetior wide-ranging classificatory schemes are
lacking, the kinship network is egocentric. Howewbe presence of power-law distributions for
relinkings of two families—but not three—suggedtatf in such cases, it is these relinkings,
rather than consaguineal marriages, that provide lhsis for strategic alliances in the

construction oBW"® network topologies. From this point of view, thdater kinship networks
may be held to be multileveled in an implicit ratklean explicit fashion. Preliminary analysis of
the average coefficient of the power-law distribosi of relinking in this second set of societies

shows a relationship that is perfectly consisteitih \t(leinberg’sSWWS network topologies [33]
for spatially distributed families whose likelihoarf 2-family relinkings is an inverse square
function.

Our ‘navigability of strong ties' hypothesis regangl network topologies is that strong ties, in
addition to being clustered, often give unique asc® valued resources; moreover, there are
some conditions and tipping points at which issosincertainty in survival make broader

strong-tie accessibility to particular resources-evolve with strong-tie SW"S network
topologies. These typologies solve, independeritlyeaker ties, both the small distance and the

searchability problems. In general, strongS.’-\'NWS network dynamics and architectures need to
be investigated as part of the self-organizing mogenetics of how cultures reproduce
themselves, and at multiple levels: kinship as-mdfoducing networks [49], and corporate



cultures and business networks in self-sustaintmpemies [50] are prime examples, among
others [10a]. Lévi-Strauss’s exchange theory prewid powerful framework for the analysis of
consanguineal marriages but the structural priesipjoverning relinking have yet to be
understood, and his conception of marriage rulbts &ort in dealing with the organization of
empirical diversity. The power-law distributions refinkings in our group 2 societies (that Lévi-
Strauss could call ‘complex’) suggest a place tgirbeOn a more general level, the fractal
structure of the internal diversity of consangulnaad relinking marriages even in “classical”
cases of Australian kinship [12,13], usually anatyhby means of a simple mechanical model,
requires a reworking of exchange and alliance thdwinging segmented-lineage organization as
well into this reworked framework [49,26c¢]. Thisvi®rk in progress, and in the next stage of our
research the kinship distance for every marriage, the shortest cycles in our graphs, will be
computed so as to have the analogues to both Bigurend 2 for each case and for marital
relinkings of two and three families as well as samguineal marriages. For that we need one of
Mark Newman'’s famously fast algorithms to applyto database of large-scale networks.

Discussion

Questions about structural bias in networks, sushrexiprocity (a type of strong tie), or
transitivity (a common side effect of strong tie network researchers like Rapoport [40],
Milgram [42], Granovetter [24] and Watts [44] tovastigate how even very large communities
are still small worlds in which networks may beostyly clustered, yet no two people—or very
few—are much further away in the network, for exéanghan six degrees of separation.
Rapoport, for example, showed that rumors followeldbgistic or lazyS-shaped curve in their
spread through a high school typical of a diffusipmocess [40]: In the first few steps of
transmission they spread to very few people ovewdith a few more steps they spread like
wildfire through the school; but oddly, it seeméuky never reached a sizeable residual set of
people who seemed to be insulated (a comparabtiomametwork, in contrast, usually reaches
everyone). As did Rapoport, Granovetter showedfitee stage to correspond to spread within
cliques, the second to spread between cliquesthanttird stage, of a barrier to further spread, to
correspond to cliques or isolates that do nottinthe larger network.

Research on small worlds advanced quickly aftert§\etd Strogatz showed the robustness
and ubiquity of small world networks in their twamameter model of clustering and distance
[45]. The modeling of scale-free power laws andgrantial attachment begun by de Sola Price
[15,16] and Rapoport [40] and continued in the Iststic processes literature [6], missing both in
the Erdds-Renyi random graph model [19] and thet$A@trogatz rewiring models [45], was
reintroduced with great success by Barabasi andrA[B]. Kleinberg [33] discovered the effect
of network topology and appropriate parameters dearchability, and more realistic social
identity small world modeling [46] identified netwostructures that are searchable for a broader
range of parameters. We have not reviewed hetbeallvork done on the effects of timing in the
entry and exit of nodes on degree connectivity aativork topology, but we have focused
instead on the relationship between strength sfdie small worlds.

Within our own areas of research, concepts of nétvemhesion, parametric properties of
clusterability, average distance and topologicardeability gradients in networks have proven
important in understanding multilevel networks witidividuals and higher order nodes such as
corporate groups, both in business [37,39] andhifinsrganization. Cohesiveness measured by
multi-connectivity proves to be a component of -sefanizing systems, complete with network
criticalities, potential signatures of fractality ipower-law distributions, measures such as
curvatures that lend themselves to topologicalyaimland distance-decay parameters that define
the searchability of small worlds. One of the calignsights both from kinship studies and from
business networks such as the biotechnology industthat multi-level network phenomena,
including the hierarchies of cohesive subgroupseitworks, are critically related to issues of self-
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organization. Another is that the investigation sshall worlds composed of strong ties and

topologically structured by searchability criteaige among the multilevel network phenomena that
need investigation. They provide important cluegh® functional autonomy of many types of

community-like and cooperative or collaborative anigational structures, as well as the types of
segmented-lineage systems capable of rapid madiilizén the escalation of conflicts, as in the

Middle East.

Open research problems, in assessing distinctindsfiadings in this area, include further
study of the small world and community network tmgges and their social effects, how the
strength or weakness of ties in Granovetter’'s sanseelated to them, and how to integrate new
findings in relation to broader social theory. Amgathe interesting open questions are those that
derive from graph theory distinctions between heidigs as edge-cuts and individuals as node-
cuts whose removal disconnects a network [48], leowd these play out in networks constructed
either by dyadic links, intersections of membershipp groups [46], or intersections of
memberships plus dyadic links between membersffardnt [36]. Is it the bundles of bridging
ties or the sets of individuals with multiple memgeps that do the contracting in a small world
or community network? Are individuals or ties thieding elements in social cohesion and the
bridging elements in social worlds?—or does thisgjjion require some of the ways in which
network theories have excelled in understanding itiberdependencies or dualities that exist
between the different aspects of the question?iiRperspectives such as these in the context of
network research was one of the original contrdngi of Granovetter’'s strength of weak ties
argument. Hopefully the new work on navigability Byeinberg [33] and Watts, Dodds and
Newman. [46], and tests of hypothesis such asrheigability of strong ties,” will continue to
stimulate new research.
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