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Abstract

Relationship timing can have dramatic effects on diffusion through a network, as
relationship order determines transmission routes. Though past research hasmodeled
diffusion through static networks ordeveloped methods for modeling change in network
patterns, none hascombinedthese factors to showhow relationship change channels
diffusion. This article formalizes the diffusion problem in networks with changing
relations, identifies minimal bounds needed to measure diffusion potential in such
networks, and provides a methodfor identifying who isat risk for diffusion. The effect
of timing for diffusion potential is demonstrated with potential flow of sexually
transmitted diseases (STDs) in an adolescent romantic network.
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Networks matter, at least in part, because resources and risks flow through relations.
People pass rumors, information, drugs, diseases, support, good cheer,or bad moods
when they interact with others, who later pass these resources (or risks) to others.
Past research on diffusion through social relations shows that a network's global
structure guides diffusion. Topological features, such as centrality and clustering,
largely shape the diffusion of goods! through a network (Burt 1987;Coleman, Katz
& Menzel 1966; Kerckhoff & Back 1968; Morris 1993; Myers 2000; Valente 1995).
We know, for example, that people whose contacts are not connected to each other
are more likely to be exposed to a wider variety of goods than are those with highly
clustered networks and that having a few sparse ties in an otherwise clustered
network will facilitate diffusion (Watts 1999a). These findings are as applicable to
information seekers on Wall Street as they are to nurses who bridge patients with
different diseases or small-town gossips seeking tidbits for the next bridge game.
In almost every case, however, the networks considered in this line of research are
static.

Recent work, however, has shown that social networks, across a wide range of
substantive settings, are not static (Carley 1991; Doreian et al. 1996; Doreian &
Stockman 1996; Hallinan & Williams 1987; Leenders 1996; Morris & Kretzschmar
1995;Sanil, Banks & Carley 1995;Smith & White 1992;Suitor, Wellman & Morgan
1997;Weesie & Flap 1990;Zeggelink 1995). People interact with contacts at discrete
times or maintain some relations while simultaneously cycling through others.
The networks we inhabit, while perhaps maintaining islands of stability, are
continuously changing. Even within relatively stable networks, our relational
activity usually occurs at discrete points in time, as we visit relatives during the
holidays or meet colleagues at lunch. At each interaction, we may (or may not)
pass goods to our contacts, making it possible for them to later pass these goods to
others." How does this dynamic quality of social relations channel the flow of goods
through a network? Can we identify systematic features based on relationship
timing that limits diffusion potential within a particular network?

Past research on dynamic networks has focused either on the statistical problem
of identifying change in the network or on substantive questions about what drives
changes in network evolution. Statistically, if we assume that an observed network
is a random realization of a true underlying network, we need to know whether
the amount of change observed over time has been sufficient to conclude that the
network has really changed. Under realistic data conditions, this work provides a
metric that allows us to distinguish real change from sampling error and methods
for modeling such change as a function of substantive features in the population
(Leenders 1995; Snijders 1996, 1998,2001; Snijders & Van Duijn 1997).
Substantively, work often focuses on what creates change in a social network,
ranging from relational stability at the dyad level to general tendencies in the global
topology of the network (Doreian et al. 1996; Hallinan 1978; Hallinan & Tuma
1978; Hallinan & Williams 1987; Moody 1999; Suitor, Wellman & Morgan 1997).
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This work has shown repeatedly that social networks are fluid, changing in response
to internal pressures (such as social balance) and external opportunity (such as
classroom changes or tracking).

Though social diffusion is a decidedly dynamic process, most diffusion mod
els rest on static networks, modeling the dynamic progression of a good through a
fixed structure (Hedstrom, Sandell & Stern 2000; Kim & Bearman 1997; Myers
2000;Watts 1999b). That is, while there are elegent dynamic models of the flow of
a good through a population that rest on an underlying network, the network itself
is assumed to remain stable. Actors' states change over time, but the relations
through which goods flow remain fixed." In some cases, this simplification is in
consequential. If the network of interest is composed of durable, unchanging, and
relativelyconstant relations (such as the geographic proximity of counties [Tolnay,
Deane & Beck 1996]) or the opportunity to transmit a good through the network
is continuous, then current approaches for identifying who can be reached through
a network (and thus who is at risk from diffusion) are adequate. If, however, rela
tions change quickly (relative to the transmission timing of the good) or network
contact occurs at discrete moments, then any network measure based on the abil
ity of one actor to reach another needs to account for this dynamism.

In this article, I explore diffusion limits based on time-ordered relations. I show
that relationship timing acts like a railroad switch: Goods are channeled along
different relational tracks depending on their sequential order. This article focuses
on the logical limits imposed by timing, setting aside questions about network
sampling and difficulties of collecting time-ordered network data. While these are
very real concerns, since the constraints identified here must be active in the
underlying network, I hope that this work will form a foundation for future
statistical diffusion models. The insights presented below raise difficult theoretical
problems for understanding reachability and thus many of the interesting
properties of social networks. While the constraints that relational order place on
diffusion are general, the examples I use are based on disease flow through intimate
networks, such as needle exchanges or sexual activity. This is an ideal setting for
identifying the implications of relational timing for diffusion, since sexually
transmitted diseases (STDs) must travel through a connected network, providing a
case of network diffusion that is not contaminated by nonnetwork sources." Sexual
networks are also dynamic relative to the lifeof pathogens traveling through them.
Relationships start and end at different times, and one can be infected with a disease
that was introduced to the network through a relation that has long since ended.

As with diffusion in general, most work on STD diffusion shows that network
structure shapes the spread of disease. Centrality, for example, increases the likeli
hood of being infected (Bell, Atkinson & Carlson 1999; Morris 1993, 1997;
Rothenberg et al. 1995). Disease epidemics tend to progress faster, but reach fewer
people, when people have partners with similar numbers of partners (Anderson,
Gupta & Ng 1990; Dietz & Hadeler 1988; Gradyet al. 1997; Morris 1993, 1997
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FIGURE 1: A Hypothetical Time-Ordered Network
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but see Kault 1995 for a different view). Disease persistence in the population at
large is credited to the existence of infected cores, which have been shown to be
composed of a small number of highly connected actors who push infection into
the wider population (Friedman et al. 1997). In much of this work, however, rela
tionship timing is either ignored or implicit - for example, an accidental result
of rules guiding relationship duration in a simulation.t The most influential ex
plicit treatments of relational dynamics for diffusion rests on concurrency, which
shows that when people have relationships that overlap in time (a wife and a mis
tress, for example), diffusion increases substantially (Morris & Kretzschmar 1995,
1997). Below, I show that concurrency marks one end of a diffusion-potential
continuum defined by relationship order.

Building Intuition: Reachability in Dynamic Networks

Figure 1 presents a connected six-node, time-ordered network. Points represent
actors and lines between points represent relationships. The numbers along the
lines indicate the starting and ending dates of each relationship. For example, person
A had a relationship with person B that started at time 2 and ended at time 5.6

Person B is involved in three relationships, the first one with person D (started at
t = 0, ended at t = 1) the second with A (started at t = 2, ended at t = 5), and the
third with C, which overlaps the relation with A (started at t = 3, ended at t = 7).
The graph in Figure 1 (ignoring time) is the kind of image one would get from
standard network questionnaires asking respondents to list their interaction
partners and accurately reflects the adjacency structure of the network. While we
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Relationship Timing and Diffusion / 29

have a well-developed set of tools for analyzing this adjacency structure, ignoring
time leads to substantive errors in our understanding of the diffusion potential
represented by the network.

Most social network analysispackageswould treat Figure 1 as a singleconnected
network." An analyst approaching this structure with standard tools would be
interested in identifying central actors (node B), structurally equivalent positions
(such as nodes D and C), or indirect path lengths (4 steps from actor F to actor E).
From this perspective, the graph in Figure 1 is connected and all pairs are mutually
reachable. Diffusion models usually assume that goods are free to flow throughout
such a connected network. If there is an adjacency chain (a path) connecting two
nodes, then a good should be able to flow between them.

From a diffusion perspective, however, many of the apparent paths evident in
this adjacency structure cannot transmit goods. Consider, for example, nodes A,
B, and D. Because the B-D relation occurs prior to the A-B relation, D can send a
good to A. A, however, cannot send a good to D, since the A-Blink needed to connect
them occurs after the B-D relation ended. Consider now the set of relations
occurring among actors A, B, and C. Because B is concurrently related to both A
and C, time-ordered paths from A to C and from C to A exist.

To capture the diffusion potential in a time-ordered network, we must identify
all paths between pairs that could carry flow.Since a good cannot flow through a
relation that has ended, we can identify potential diffusion paths as sequences of
edges in which each new edge follows past edges in time. Walking through Figure
1, and tracing only those paths that follow each other in time, we get the path graph
presented in Figure 2. Here, a curved arrow connects two nodes if there is a
sequence of edges connecting the two nodes ordered such that a good could flow
from the node at the base of the arrow to the node at the end.

In this path graph, all direct edges are transformed into two directed arcs (since
any two actors who are directly connected could pass a good to each other) and
every possible indirect relation is drawn as a directed arc if the good could flow
through the path. For example, the indirect relation from D to A (through B) is
shown by the curved directed arc from D to A. Because the B-D relation occurred
before the B-A relation, A cannot infect D, and no arc is present. B's concurrent
relationships generate the two directed arcs betweenA and c. The arrows in Figure 2
exhaust all possible diffusion flows in this network. So, for example, the absence
of an arc from E to F indicates that it is impossible for E to infect F (because E's
relation with C occurred after C's relation with B).

All network models that pool relations over time implicitly assume a
completely concurrent network. This assumption implies the greatest possible
diffusion potential. Since actual diffusion paths are a subset of all possible paths
in the collapsed network, any measure calculated on the collapsed graph that rests
on indirect paths will be incorrect and likely misleading. For example, if time is
ignored, each person in Figure 1 could reach every other person and reachability
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FIGURE 2: Path Graph Derived from Figure 1

(the density of paths) would be 1.0. However, the actual reachability of Figure 1 is
0.6, or 40% lower than is implied by the collapsed graph.

The effect of timing on reachability is clearest when one compares graphs that
differ only in the time order of relations. In such cases, reachability is affected only
by the order of relations. Consider, for example, the five networks in Figure 3.

The networks in Figure 3 are aIl8-node cycles, with direct relations indicated
by heavy dark lines. The timing of each relation is labeled on the contact edges.
Possible indirect paths implied by the contact network are presented with thin lines
internal to the circle. Mutual paths have no arrows, asymmetric paths have arrows
indicating the direction. While ail five graphs in Figure 3 have the same adjacency
structure, the relations occur at different times. In the top graph, all relations occur
at the same time, and the path graph is the same as the collapsed graph. Since the
underlying graph is a cycle, each person can reach every other person through 2
independent pathways (moving clockwiseor counterclockwise through the graph).
The reachability matrix in the second column shows this by indicating 2 paths
between actors in every pair in the network, and the average number of paths
between members of all pairs in the network is 2.

In the remainder of the graphs, there is some temporal variation on the edges,
which leads to a significant change in the level of reachability. In the first case,
relations are ordered in a long sequence. This results in an asymmetric contact
structure, with one person able to reach (and be reached by) every other actor,while
others can reach people who cannot reach them. It is instructive to compare
network 2 with network 4, which differ only in the timing of a single relation (the
time 5 relation changed to time 1). This one change lowers reachability by 36%,
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FIGURE 3: Implications of Relation Order on Five Identical Contact Graphs
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showing that very minor changes in the network can have dramatic changes on
reachability (a finding that mirrors Watts 1999a [po 522] on the effect of minor
topological changes). Graph 3 shows a network ordered somewhere between fully
serial and completely concurrent, with four of the eight observed relations being
concurrent (those happening at time 2). This results in two regions of the network,
surrounding the concurrent relations, where flow can circulate through mutual
infection paths. The final graph, 5, presents a network with no concurrent relations
timed to weave between each other, which minimizes the diffusion potential. The
set of five networks thus spans the range of maximum (1) to minimum (5)
diffusion potential. Substantively,these small-network examples demonstrate how
simply knowing the contact structure is insufficient to identify reachability, and
thus potential diffusion, in networks composed of relations that occur at discrete
times.

Formalizing Reachability in Time-Ordered Networks

The properties of time-ordered paths limit reachability in the network. Unlike
untimed symmetric networks, indirect paths in a time-ordered symmetric net
work are neither necessarily mutual nor transitive. To develop tools for under
standing diffusion potential in such networks, we need to formalize our represen
tation of the network beyond simple images such as those presented in Figures 1
and 2. Following standard graph theory (Harary 1969), I represent the underlying
adjacency structure as a graph, G(V,E),where actors are represented by V; the set of
lvl vertices, and relations by E, the set of edges. I treat all edges in the graph as
symmetric (e = e ), and we say that an actor v is adjacent to actor w ifvw wv

(vv ' v) E E.8 A path in the network is defined as an alternating sequence of dis-
tinct nodes and edges, beginning and ending with nodes, in which each edge is
incident with its preceding and following nodes. Actor v can reach actor w if there
is a path in the graph starting with v and ending with w. Two paths from v to ware
node-independentif they have only nodes v and w in common. If there is a path
linking every pair of actors in the network, then the graph is connected. In general,
a set is maximalwith respect to a given property if it has that property but no proper
superset does. A component of a graph G is a maximal connected subgraph of G. A
clique is a maximal subgraph of G in which every pair of actors in the subgraph is
adjacent.

We can build time into the network by defining starting and ending functions
for the edges. Define s(e

vw
) as the start time for the edge connecting v to w if evw = 1

and f(e
vw

) as the finish time for the same edge.?These functions result in a valued
graph, G(V, E, 5, j), where 5 and fare functions from E to the time scale.Two inci
dent relations are concurrent if they exist at the same time, that is, if s(ewm) ~ s(emv
) and f(ewm) ? 5 (em). A vertex, v, is temporally reachable from w if a properly time-
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ordered path starting with wand ending with v exists. Intuitively, a sequence of
relations is properly time-ordered if each relation in the sequence precedes (or
overlaps with) the other in time. Formally, one can define a one-step time-ordered

path from w to v as p~v; and use s( P:vv) and f( p~v) to denote the corresponding

start and finish times, which indicate the earliest and latest times for a possible
event of transmission from w to v. Define longer paths recursively using

p~:h =lif s(p~m)~f(P~v),forsomenodem

=0 otherwise

The length of the path is k + h, and we can define starting times based on our
understanding of the goods flowing through the network. For goods that remain
transmittable so long as an actor has them (such as HIV and many types of
information), we would define the starting and ending dates of a particular path as

s; (p:~h) = max (s(P:m ),s(p~v»)

1m (p:~h) = I (p~v)

(2)

That is, person v is at risk from a disease introduced by w along the path through
m for a period starting at the latest value along the path and ending at the end of
the m,v relation. 10 A path graph, P(p, V, k, 1), can be defined as a directed graph
derived from G(E, V, s,fJ in which the new set, p, of edges consists of all (ordered)
temporally reachable pairs in G, with Pvw= 1 if there is a time-ordered path from v
to win G. Again, two functions further define P, with k(Pvw) indicating the number
of paths from v to wand 1(Pvw) indicating the length of a path from v to w. In
substantive terms, P represents a possible path for diffusion between nodes, while k
and 1, in conjunction with the characteristics of the risk or resource flowing through
the network, determine the probability of transmission.

Network Measurement Implications

Many structural network properties rest, explicitly or implicitly, on reachability in
the network. To the extent that any of these properties is relevant for network
diffusion, such measures will be inaccurate when used on a time-ordered network.
This is clear with reachability, but is also true for any other network property that
rest's on indirect connection. Many centrality measures that have been shown
important for diffusion, such as betweenness centrality, information centrality, and
closeness centrality, rest on the path structure of a network (Bell, Atkinson &
Carlson 1999; Freeman 1978-79; Friedkin 1991; Rothenberg et al. 1995;
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FIGURE 4: Reachability Component Structure Implied by Relationship
Timing

Carlson 1999; Freeman 1978-79; Friedkin 1991; Rothenberg et al. 1995;
Wasserman & Faust 1994). Betweenness and closeness centrality, for example,
require identifying the shortest paths between pairs of actors in a network. When
paths are limited by relationship timing, the set of shortest paths changes. II

Information centrality,which has been shown to be correlated with diseasediffusion
in the STD context, rests on powers of the adjacency matrix and thus implicitly on
the underlying path structure of the network (Rothenberg et al. 1995). In most
cases, since actors in the collapsedgraph bridge pairs that are, in reality, unreachable,
any flow-based centrality measure calculated on the collapsed network will
overestimate centrality. Given the nonlinear effects on path structure for small
changes in relationship timing, this overestimation is likely highly sensitive to the
particular timing in the network, and not simple random measurement error.

Topological measures that rest on connectivity in the network, such as the
connectivity structure of the graph (White & Harary 2001), must trace the number
ofpaths that link any two actors in a network. When time order makes traversing
some paths impossible, the component structure changes. In an undirected graph,
reachability is mutual: if i can reach j, then j can reach i. The asymmetry induced
by relationship timing, however, means that undirected relations give rise to a type
of weak component (i can reach j, but j cannot reach i), and the potential flow
within these weak components overlap in complex ways. Consider, for example,
Figure 4.

Figure 4 represents part of a path graph in which el ,2 precedes all other relations
in the network. Under this circumstance, person 2 can reach the people following
person 1 indirectly, who may be able to reach each other, but they cannot reach
node 2 (or any node following 2). Potential diffusion components will always
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contact network. Similarly, the flow of a good around an early relation has the
separating structure (goods from node 2 flow to the left, while goods from node 1
flow right) evident in Figure 4. Empirically, the first step for identifying the
importance of time-ordered paths in any given network is being able to identify
all such paths, which requires tracing paths through a network. A new algorithm
for doing so is presented in the Appendix.

Identifying Diffusion Limits

The basic requirement for diffusion is that nodes with a good be connected to those
who do not have the good. Given that a connecting path exists, other properties,
such as distance or location in a set of multiple paths may also be important, but
the simple volume of ties in the network is a necessary minimum requirement
for diffusion. For any such volume measure, it is useful to have an anchor that
allows us to know whether the observed value is large or small. Below, I identify
the minimum number of possible diffusion paths in a graph based on actor degree.
This both provides a baseline for evaluating observed diffusion potential and
demonstrates some of the basic reachability limits of time-ordered networks.
Substantively, relative reachability, the ratio of observed paths to the minimum
possible number ofpaths, ought to have a direct relation with diffusion level in the
network. Networks with greater relative reachability ought to have higher levelsof
observed diffusion, since there are a greater number of potential pathways through
the network.

Define relative reachability, R, as

R = ----'--'----
min(P+J

(3)

where P++ is the number of indirect paths observed in the network and min(P++)
is the minimum possible number of paths in a graph of the same contact structure.
An analogous measure for individuals is simply the number of paths to (from) the
node divided by the minimum possible number of ties to (from) ego. That is,

(4)

(5)

where Rio is the number of people whom ego can reach and Roi is the number of
people who can reach ego. The key to any such measure, however, is to identify
min(P), the minimum possible reachability in a network.
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FIGURE 5: Minimum Path Graph for a 2-Regular Contact Graph

....1..... P,"- -----

Minimum Reachability Graphs

Given a connected component, how might relations be ordered in time to minimize
the number of indirect paths, and thus diffusion, in the network? Concurrent
partnerships create implied relations that are symmetric among members of the
concurrent set, adding two arcs to the path graph for every pair of actors
concurrently linked. Thus, any minimum path graph must contain no concurrent
relations. This simplifies our presentation, as strictly nonoverlapping relations can
be thought of as existing in discrete time periods.F I start by focusing on graphs
that have no cliques.P I identify minimum reachability by identifying the reach
implications for specific substructures and then expand these substructures to an
arbitrarily large graph. While exact formulas can be identified for the regular graphs
presented below, the graphs themselves are unrealistic. As will become clear,
however, the minimum number of paths in a given network depends more on
degree than on the global topology. Contact structure limits who is reached through
a path, while degree determines the number of possible paths, and thus the
unrealistic structures presented below are not as limiting as they might seem.I"

The number of contacts any given node eventually reaches is equal to the
number of future partners his or her partners have. If ego's partner has only one
other (future) partner, then ego's maximum indirect reach is one additional person.
Consider the graph presented in Figure 5. This graph is 2-regular - each person
has two (and only two) contacts. 15 If we weave time periods between pairs ofactors,
such that every path oflength three has the pattern: "early, later, earlier" then each
person will be able to reach only one other person indirectly." This graph has the
lowest possible reachability for a connected 2-regular graph ofg nodes.

The minimum number of lines of this graph can be calculated as follows: for
the single line graph (2-regular except for the ends), each nonending person has
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FIGURE 6: Minimum Path Graph for a 3-Regular Tree
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12 t , @ t J
t2 t J

t,
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t3

t l

t2

t 1 22

two direct contacts, generating 2(g- 2) arcs. Each nonending person contributes
1 additional indirect arc, creating another g - 2 arcs to the total. The two people at
the ends of the chain (assuming a t

2
end) will have one real relation, and no implied

relations, generating two arcs total. Thus, the total number of lines in the graph
will be

1 = 2(g - 2) + g - 2 + 2
= 3g-4

The problem is simplified if instead of a single line, we had one large cycle (by,
for example, putting a t1 relation between the ends of the graph in Figure 5). In the
cycle case, each person would have two direct ties and one indirect tie, resulting in
a minimum of 3g lines.

We can extend this idea to graphs with higher degree by extending the notion
of an interwoven sequence of relations across all relations in the graph. For a 3
regular graph, the number of possible adjacency structures is large, and I focus on
two classes of 3-regular graphs below: those that allow complete triads and those
that do notY In both, I require that every person have three relations at three
interwoven, nonoverlapping times. To weave time periods in a 3-regular graph,
every node must be involved in a relation at every time, and only one relation in
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FIGURE 7: 3-Regular Graph with Four and Eight Step Cycles
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have a relation in each of the three time periods. Such a graph is presented in
Figure 6.

This graph is an ever-expanding spanning tree. The person at the center has
three partners, each of whom has three partners. IS If we enumerate the set of
possible time-ordered paths in this network, we fmd four possible path types (labeled
by the time periods of the relations):

(t
l
: t2 ) (e.g.: 1~2~6)

(tl: t3 ) (e.g.: 1~2~ 7)

(t2: t3) (e.g.: 1~3~8)

(t
j

: t
2

: t
3

) (e.g.: 1~2~6~16)

As it turns out, there is only one position in this network, as the graph looks
the same from every point in the graph (assuming the ends continued indefinitely).
Thus, every ego will start each of these four paths once, meaning that each person
has 4 indirect paths in addition to their 3 direct arcs, for a total of 7g arcs.

Interestingly, the weaving of three time periods results in four indirect arcs,
regardless of the contactpattern. The pattern of ties will affect whom the indirect
arcs reach, but not the number of paths. In some cases, indirect paths will reach
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FIGURE 8: 3-Regular Path Graph with Small Cycles

t3 t3

new nodes, representing a casewhere infection could move through a wider popu
lation. In other cases, indirect arcs will provide alternative pathways to the same
nodes. To see this clearly, compare the graph presented in Figure 7 to that in Figure
8. In Figure 7, we have a 3-regular graph arranged in a grid with many small cycles.
Sm allgroupsoffourare linked through t] and t2 relations, and each of these four
person groups is linked to others through t

3
relations. All actors are equivalent

with respect to their potential to infect others: each person can reach four other
people. These indirect relations are indicated with curved arrows for one node in
the graph.

In contrast, Figure 8 allows complete triads. Like the graph in Figure 7, the
basic structure in Figure 8 revolvesaround small groups of four nodes. In Figure 7,
all t

3
ties link new clusters. In Figure 8, one t

3
relation links a pair within the

foursome (e.g., the link between actors 2 and 3). Because of the interwoven time
periods, each actor still sends four indirect arcs. However, because of the small
cycles,many of these indirect links relink already connected actors. Two types of
positions emerge from this graph. Those nodes that bridge the four-member clusters
(nodes 1 and 4, for example) are connected with two new people through indirect
paths (e.g., 1~ 2~ 4 and 1~ 2~ 4~ 5) and reconnected to two others (e.g.,
1~ 3~ 2 and 1~ 2~ 3). Nodes with all direct ties internal to the group also
reach two new people (e.g., 6~ 8~ 9 and 6~ 5~ 4), and relink to one other
node and themselves (6~ 5~ 7 and 6~ 5~ 7~ 6 respectively). These two
positions are drawn in Figure 8 for nodes 1 and 6 respectively.

The total number of indirect relations is still 4g for a graph of the type in
Figure 8, but the number of new people contacted would only be 2g. On the one
hand, we would expect diffusion to progress slowly from such clustered settings,
as there are few new people contacted. On the other hand, once introduced to one
of these clusters, there are many opportunities for circulation.
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Other 3-regular patterns that mix closed triads and trees could be proposed,
and the method for identifying a minimum path density would still be the same.
The previous examples show, however, that there is a complex interaction between
relationship timing and relational pattern. In all these examples, the networks are
identical from ego's standpoint: Every person is involved in three nonconcurrent
relations with someone else who was also involved in three relations. In each case,
the number of indirect relations was constant and can be identified by exhausting
thenum beroftim esequences:in the netw ork (tl~t2-H3etc). The relationship
order governs the number of indirect ties,while the contact structure governswhether
paths are new links or reconnections. This finding implies that reachability rests
on the adjacency structure of the edges, a finding foreshadowed by Kretzschmar
and Morris's (1996) finding that concurrency can be measured through the con
nectivity structure of edges.

In general, the minimum number of time-ordered paths through a network
with regular degree will be achieved by ensuring only asymmetric paths and
minimizing the length of all such paths. We can prevent symmetric paths by
forbidding concurrent relations, which in turn requires that we set the number of
time periods equal to the degree and then arrange them such that every person is
involved in one relation at each time. We minimize the length of all such ties by
arranging them such that sequences of relations are interwoven. Assuming such
an ordering exists for the structure in question, then the number of paths each
person is involved in could be expressed as follows:

p =: f T(T -1)(T - 2) ...(T -I-I)

I 1=2 I!
(6)

where T is the number of time periods and equals the degree of the graph, and 1is
the length of the given path, which can range from 2 to I. For T =3, there will be
3(2)/2 = 3 indirect paths oflength 2, and 3(2)(1)/(3)(2)(1) = 1 path oflength 3 for
4 total per person, and thus 4g indirect paths per graph.

These minimum values provide a guidepost for observed graphs, in that we
can compare the observed number of indirect relations to the minimum graph
with similar direct degree. Of course, the usefulness of this minimum value in an
index of indirect relational volume rests on how well the assumptions of a regular
graph fit with empirical settings.More work is needed to determine if the minimum
indirect graph for a network in which the average degree is close to the minimum
distance for a k-regular graph, or how various patterns of mixed degree nodes affect
the number of indirect links.

If one is uncomfortable with the regularity assumption, an algorithmic
approach can be used to simulate the minimum reach for any network structure.
One would simply use TIME_BFS, as presented in the Appendix, to identify long
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indirect paths and change the timing of a relation in the middle of that path to an
early date (say tm in - 1) to break the indirect path. Repeat this process for all paths
longer than some specified length (say 3), and one would achieve a minimum
ordering of relations for the graph. Some caution is needed, however, because the
same edge functions differentlyin different paths. Changing the time of one relation
to shorten a given path may inadvertently lengthen another, and thus one cannot
prove that such an algorithm would converge on a true minimum for the given
structure.

An Empirical Example

Though it is tautological that temporal ordering constrains reachability within
networks, to what degree are real networks temporally bounded? Below I present
data from the National Longitudinal Survey of Adolescent Health (Add Health)
that demonstrates how timing partitions an observed network component into
smaller risk pools.

THE ADD HEALTH ROMANTIC NETWORK

Add Health collected romantic relationship data from more than 20,000American
adolescents. In two large settings, Add Health collected romantic relationship data
from all students in the school. The example I use below comes from "Jefferson"
high school. Each student surveyed was asked to report on romantic and
nonromantic sexual relations that were ongoing within the last eighteen months,
which allowed us to construct an image of the school's romantic network (see
Bearman, Moody & Stovel 2002 for details about the romantic network structure
in Jefferson).

Figure 9 presents the largest component of the direct contact network, with
males plotted in dark gray and females in light gray.Of the 832 students in Jefferson
who completed the survey, 535 were involved in a romantic relation with at least
one other person from the school. Of these 535 students, 288 were involved in the
largest connected component. The longest path in this component (ignoring time)
is 37 steps and 40 students are members of the largest bicomponent (the large
cycle evident in the graph plus the 3 nodes in a small cycleat the top of the figure).19

Our vision of this network changes dramatically if we identify where disease
could move based on the timing of relations. Figure 10 plots the same network
with all direct relations removed and all indirect relations included. In this plot,
each line marks a potential infection path. Grey arrows represent asymmetric paths,
while dark lines represent symmetric paths. Pockets of mutually reachable students
are evident as regions of high density in the path graph.

The graph in Figure 10 contains clear subsections of mutually reachable pairs,
and the longest time-ordered path is 12 steps long. Thus, while the collapsed graph
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FIGURE 9: Direct Romantic Relations in Jefferson High School

component has a diameter of 37 steps, the longest possible diffusion path is only
12 steps. The observed graph has 3,221 indirect relations, while the minimum
possible graph-" has 1,035 relations, for a reachability ratio (R) of2.82, indicating
that the number of potential infection paths in Jefferson school is nearly 2.8 times
that of the minimum possible for a graph of the exact same contact structure." In
the observed graph, the person who could infect the greatest number of people could
infect up to 40 others, while in the minimum graph the same person could infect
only 14, indicating that his potential to infect in the observed network is just over
three times the minimum possible.
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FIGURE 10: Indirect Relations in Jefferson High School

Conclusion

Whether we are speaking of disease diffusion through sexual contact or information
diffusion through conversation, transmission occurs at specific points in time and
thus limits diffusion within a network. Timing bounds diffusion by limiting the
paths through which risks and resources flow. Like switches on a railroad track,
relationship timing routes network flow to particular subsets of the network. This
occurs because nonconcurrent relations give rise to asymmetric diffusion paths,
sending flow down the network equivalent of a one-way street. This time-ordered
view of networks possess new measurement and theoretical challenges for diffusion
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research and opens a set of new analytic questions linking graph topography and
timing to reachability in a social network.

First, network measures of centrality and subgroup structure that explicitly
account for relationship timing are needed. Substantively, centrality within the
diffusion context should measure the extent to which a particular actor is impor
tant for potential diffusion. The substantive meaning of importance will depend
on the context but will likely relate to how many paths pass through a given actor,
how many paths a given actor starts, or how close an actor is to any other actor in
the network. Therefore, time-dependent centrality measures that make use of the
number and length of time-ordered paths are obvious choices. The number ofpaths
in the network, k(Pwv)' and the length of each path, l(Pwv)' provide the basic infor
mation needed to construct time-ordered measures analogous to betweenness, flow,
or closeness centrality.

Identifying meaningful subgroups within time-ordered networks will require
an explicit understanding of the content of network flow, but the distinction
between strong and weak components will likely be of primary interest. A strongly
connected component implies a maximal subgraph where every member of the
sub graph can reach every other member. This is equivalent to a clique in P, and
applying standard clique detection algorithms directly to P will induce strong
components of the time-ordered graphs. These strong components are the places
in the network where network flow can recirculate, creating pools of risks or
resources. As with networks more generally, we can extend strong connectivity by
identifying the number and length of paths through which pairs of actors are
reachable (Moody & White 2001; White & Harary 2001). A strong component
need only imply a single path between actors of every pair, while bicomponents
(k-components) imply 2(k) paths between actors of every pair. Increased
connectivity is an important factor in diffusion, as multiple paths increase the
probability that diffusion occurs whenever dyadic transmission is uncertain.

A more difficult, though potentially theoretically interesting, case can be made
for substantively interpreting and organizing weak connectivity within time-ordered
networks. We can define each node in a network as a potential diffusion source
with different potential sinks. That is, the set of all people downstream from actor
w defines a region of the graph similar to a component, which are at risk from w.
An important question becomes how these risk components connect as a function
of relationship structure and timing. For example, a classic disease core suggests
that a strongly connected component radiates disease to many potential sinks. But
one can imagine scenarios where a diffuse set of sources converge on a single sink
that has the result of exposing individuals to a broad selection of past network flow.
Closely related, understanding how different mixing patterns generate risk
components is a key question and will involve extending work on assortative
mixing to work on relationship timing (see Morris & Kretzschmar 1995 for related
work on concurrency and mixing pattern).
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Both connectivity and centrality will be important for understanding how the
possibility for diffusion defined by P relates to the probabilityofdiffusion. The dif
fusion probability is bounded by the possible paths (i.e., = 0 if there is no path)
and is a function of the pairwise transmission probability at each dyad (p[twv ] ) ' As
long as the transmission probability is less than 1, the probability of diffusion be
tween two nonadjacent nodes depends on the number and length of paths
connecting the pair. In general, longer paths lower transmission probability, since
the probability of traveling through any given path oflength I is equal to t 1 • Con
versely,the number of independent paths provides alternative diffusion routes and
thus increases the diffusion probability.

Because diffusion depends as much on one's partner's future partner's behavior
as one's own, this article shows clearly that diffusion is an emergent property of the
network. The distribution of paths reflect global connectivity properties, insofar as
there is no a priori way of computing path distributions from lower-order
summaries of the networks. The challenge of explaining the emergent property
reduces to understanding how local interaction combines to produce the global
pattern, which, in this context, implies identifying how different temporal orders
emerge in a network. What behavioral factors, for example, lead to long relationship
chains rather than short relationship chains or multiple sinks versus diffusion cores?
Given the known importance of assortative mixing patterns for diffusion, it is likely
that explorations into the path structure under different mixing regimes has
implications for reachability in closed populations.

This article also shows that there is a range of risk associated with relationship
timing that has a minimum with interwoven, discrete relationships and a maximum
with completely concurrent networks. From a practical standpoint, most analysts
use a collapsed network that assumes a completely concurrent network and thus
dramatically overestimate reachability in the network. Concurrency matters because
indirect relations flow symmetrically through concurrent relations, allowing the
maximum possible reach for any given actor. Neither of these poles is likely to be
observed in large networks. While we currently have measures for concurrency at
any point in time (Kretzschmar & Morris 1996), further work on the developmental
history of networks ought to quantify risk below this maximum threshold.

Finally, though this article has used romantic networks to identify the effect of
timing on diffusion, the implications hold for any network where resources or risks
travel through the network at discrete times. A scientific coauthorship network, for
example, has implicit timing on the edges defined by publication dates. Our ability
to predict the rise of scientific innovation might be enhanced if we were to identify
where paths within this network lead to information sinks. Similarly, networks of
business elites constructed through overlapping directorates can be time-ordered
by membership dates that might be useful in predicting company mergers or splits.
Other applications abound, reaching across political, social, and disease networks.
While social network researchers have started to focus increasing attention on the
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temporal aspects of networks (Doreian & Stockman 1996; Snijders 2001; Snijders
& Van Duijn 1997; Suitor, Wellman & Morgan 1997; Weesie & Flap 1990), little
work has looked at the implications of network change for the things that travel
through networks. Practically, this work suggests that by collecting data on
interaction timing, we can sharpen our understanding of diffusion in multiple
contexts and increase the predictive power of our models.

Notes

1. I use goods here generically, as many of the items most often of interest to diffusion
researchers, such as sexually transmitted diseases, are decidedly not good. The generic
term saves us the awkwardness of risks and resources which is otherwise more accurate.

2. This fact distinguishes social networks from other networks, such as electric power
grids, highway systems, or computer networks, where goods may flow through the
network continuously. It is reasonable to assume that electricity or traffic can flow through
their respective networks in conformity with only the adjacency structure. Socialnetworks,
in contrast, are not continuously connected. Instead, actors use relations to carry goods
through the network at particular points in time. For these reasons, the observed pattern
of durable relations represent all possible interactions, many of which are never activated
to transmit a particular good through the network.

3. When simulation models include "removed" in the states of actors in the network, the
underlying graph can change through the removal of arcs (Watts 1999). Note that this
occurs as a consequence of diffusion, however, and is not analyzed explicitly as an ele
ment that shapes diffusion.

4. The potential for disease flow is shaped jointly by the structure of the contact network
and the probability of transmission along any observed edge in the network. This
probability is highest for unprotected intercourse, dropping significantly for other types
of fluid exchange. As such, the observed contact structure can be thought of as a worst
case field for disease transmission.

5. One of the troubling aspects of many such simulations is the large within-simulation
diffusion variation (Morris & Kretzschmar 1995), which often dwarfs mean differences
between simulation settings. At least part of this within-simulation variance is likely due
to factors associated with relationship timing.

6. I treat time periods as discrete. If v has a relation with w that starts at time 1 and ends
at time 2, and v has a relationship with q that starts at time 2 and ends at time 3, I
consider the two time-2 relations as overlapping. I also assume the relationship is
ongoing between the start and end date. For a model with different discrete time
assumptions, see Helander and Batta 1994.

7. PAJEK (Batagelj & Mrvar 2001) is the only program I am aware of that allows one to
work with networks having timed edges. All procedures described in this article are
available from the author as SAS programs. Of course, one would not need a package
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to "analyze" a network as small as that presented in Figure 1; it is simply an example of
the types of networks people collect.

8. I assume that actors do not relate to themselves and thus (Vi' V) ~ E.

9. If e = 0, then s(e ) and f(e ) are undefined. In the rare case that V and w have
v,w v,w v, w

multiple start times, under most circumstances it would likely be acceptable to collapse
s(e ) to the earliest start time and f(e ) to the latest time. The notation presented

~w ~w

above differs from that used in statistical models for dynamic networks. Such models
rest on Markov graph models and treat the network as an adjacency matrix, X, that is
subscripted over time (X). While this is convenient for linking changes in the graph to

t
Markov chain models, the notation is less than ideal when dealing with goods flowing
through the network. Because paths in time-ordered graphs are neither necessarily
transitive nor symmetric, standard matrix multiplication methods for identifying paths
(Wasserman & Faust 1994) are not possible. Instead, one must search all paths recursively.
The notation I use here facilitates developing algorithms that are based on such searches
through the network. Moreover, by treating time as a function on the edges, we can
easily build in good-specific properties, such as windows of infectability for particular
diseases, which would be particularly cumbersome with some other notation.

10. While I do not pursue it in this article, it is obvious that we can sharpen the path
definition in equation 2 with respect to various flow properties. For example, if a disease
is infectious for a known window of time, then equation 1 can be defined such that only
new links that fall within the window lead to paths, and equation 2 is correspondingly
bounded by the infectious window of the particular disease.

11. Note that the substantive importance of shortest path in a time-ordered network is
somewhat problematic. Do we focus on the number of steps or the difference in time
between the start of the path and the end of the path? The choice likely depends on the
specific good flowing through the network. Information, for example, may be more
valuable if received quickly, while diseases with a transmission probability less than 1 are
more likely to travel through paths of few intermediaries.

12. If every person has only one partner, then indirect connections are impossible and
the problem of identifying minimum diffusion potential is trivial. Substantively, we are
interested in identifying the structures that potentially link an unlimited number of people,
and I thus require every actor to have at least two relations. The indirect connection
problem is also trivial if every node is adjacent to every other node (a complete clique),
and thus I focus on graphs that are neither trivial nor complete.

13. The prohibition of connected cliques is an important distinction in the sexual network
context, differentiating heterosexual from homosexual networks. Because heterosexual
networks are bipartite graphs, it is impossible to create complete triads, which are the
foundation of connected cliques.

14.Additionally, if one can identify a set of equivalence positions on an observed network,
this expansion procedure could fit bounds for more complex graphs by fitting bounds
to each part of the network. Just as one can calculate the area of complex polygons by
identifying simple subparts, one can identify the minimum reachability in an observed
graph by identifying simple subsections of the network.
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15. The graph is strictly 2-regular if it eventually curves in on itself and forms a loop.
Else, the graph forms a single line, which is 2-regular for every node except the end
nodes of the line, which have one partner each.

16. It is important to note that times such as "early" and "late" are not assumed constant
across paths in the network. All that matters is the order of the relations in that particular
sequence.

17. The maximum number of such patterns would be difficult to calculate, as one could
mix elements of each of the substructures described below in potentially endless ways.
The topographical variety of structure depends, however, on the number of substructures
allowed in the network. By forbidding complete triads, we constrain the set of possible
graph patterns considerably. See Johnsen (1985, 1986) for a discussion of similar
constraints in friendship networks.

18. Again, the assumption is that this pattern continues indefinitely, or eventually loops
in on itself - as would be the case if nodes 11 and 22 shared a t, relation.

19. It is important to note that there may be connections among students through people
outside the school that these data do not capture. The analysis presented here identifies
the extent of diffusion within this set of romantic relations. This kind of boundary
problem is not unique to the processes identified here, however, and is evident in all
network studies that must, for practical reasons, bound the network.

20. Based on the algorithmic procedure outlined above.

21. Students in the largest component have about two partners each. If this were a regular
graph with degree 2, the implied number of arcs would be 3g, which would yield an R
of (3,221/[3*288]) =3.73. A regular graph of degree 3 would result in an R of 1.11. The
regular graph count thus bounds the iterated in this case.
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APPENDIX A: Identifying Indirect Paths in Time-Ordered Graphs

Many features complicate identifying reachable pairs in a time-ordered network.
First, because symmetric direct relations can lead to asymmetric indirect paths
and reachability is not necessarily transitive, matrix power approaches for
reachability (Harary 1969) will not work. Geodesic search algorithms, such as
Moore's (1957) BFS algorithm, would seem an efficient alternative, since every
node is reached at least once. However, in many cases a pair will be reachable, but
not through the geodesic. Third, there may be multiple paths from node v to node
w of different lengths, only some of which may lead to another node q.a Finally,
relations function differently in different paths (the same edge will be early in one
path, but late in another) and thus no simple transformation of the observed graph
into a directed graph usually exists.

Below, I present an efficient search procedure that involves traversing the
network based on relationship timing," The search algorithm enumerates all paths
from a start node s to all nodes reachable from sas a tree, which can then be repeated
for every node in G. From this information, one can identify all reachable pairs,
the number ofpaths between nodes s and t and the length ofeach path. It would be
trivial to modify the algorithm to record the starting and ending dates of the paths
as well. The algorithm is implemented as modified breadth first search and tests
the admissibility of each new arc in the time-ordered tree. To ensure that the
program converges, one must forbid cycles in the paths (ego cannot infect himself
or herself), and thus the longest possible path in a network is G - 1 (a path through
all alters in the network)."

The graph is stored as an adjacency list, with a corresponding list of start times
and another of finishing times. As it progresses, the algorithm constructs P,
represented as a two-column matrix that captures the path structure from s. An
example graph is given in Figure AI.

FIGURE Al

G T P

3 1
1 1
4 1
5 1
2 3
6 3
6 4
1 5
5 6
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APPENDIX A: Identifying Indirect Paths in Time-Ordered Graphs (Cont'd)

Paths from 5 to all others are identified through a moving two-step window. For
simplicity, I will refer to the first node in the two-step window as v, the second as wand
the third as q (v ---7 W ---7 q). The algorithm used to search time-ordered paths in a
graph is given in pseudo code in code AI.

Code AI: The T_BFS Algorithm to Identify Reachability in a Time-Ordered Network
LBFS (G, ST, FN, 5);
STF = ST;1* Copy of the Start Dates. Will be changed to account for intersections *1
L = 5 and nodes adjacent to 5; 1*A first-in-first-out list of nodes visited by the

algorithm *1
P = {s 1}II(alt .); 1* The path search record*1
A=G[s,]; 1*A list of active relation. Initialize as all nodes in G adjacent to s *I
cnt=O; 1* counter for v *1
pc=l; 1* counter for P *1
Do while L is not empty;
cnt=ent+ 1;1* updates for every node in L *1
v = L(l); 1*v is the 1st element ofL *1
W = A(l); 1*W is the first row in A *1

Do for each node w in W;
Add an empty row to A.
pc=pc+ 1; 1* only updates when vw exists *1
P(pc,2 )=ent; 1* update P *1

Q=set of nodes adjacent to w that are not v.
Do for each node q in Q;

Ancestor(ent, q, P);
If (STF(vw) <= finish (wq) & q is not an ancestor of w) then do;

add q to L;
add q to the last list on A. 1* q is in the active list of w *1
add {q.} to the end ofP.
IfST(wq)<STF(vw) then do; 1* an intersection *1

If STF(wq) o:;r:. ST(wq); Ibeen updated previously/;
STF=min(STF(wq),ST(vw));
End;
Else do;

STF(wq)=STF(vw);
End;

End;
End;

End;
End;

Remove the first element ofL;
Remove the first row of A;

End;
Return(P);
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APPENDIX A: Identifying Indirect Paths in Time-Ordered Graphs (Cont'd)

To start, we initialize new data structures. L is a list of nodes to visit starting with
s and the nodes adjacent to s in G. L controls the progress of the algorithm. The
first node in L is the start node for all two-step searches in the algorithm. New
nodes, q, are added to the end of L every time a usable two-step path from v is
identified. Nodes are removed from the front ofL when all two-step paths from
v have been identified. A second list A is constructed to mirror 1. Each row ofA
contains those nodes adjacent to Lj that are active in the current path." Like L,
rows ofA are deleted from the top when v is visited and added to the bottom as
q is identified. P is constructed in the same order as Land A. Every time a new
node, q, is found admissible it is added to the first column of P. The row in P
where w was added is recorded in the second column.

The key to the two-step search is that inadmissible paths are those with an
"early-late-earlier" pattern. Infection can only flow forward in time, and thus
every two-step path through the graph must be along edges marked 'early-later.'
The two-step search ensures that no 'late-earlier' steps are added to the path graph.
To proceed, we initializeL, P,A, and two counters, lc and pc, that track our progress
in the graph. Counter lcis updated every time a new node is pulled from L, while
pc is updated only when an arc from v to w is found. Let v be the first element
in L, and update lc. Next, identify all nodes adjacent to von the active list; call
the set W. For each node win W, we update pc and P. Bythe construction process,
v is the parent of wand lc tracks v. Thus the parent of w - p(w) - must equallc.
Because pcis updated only when W is not empty, pctracks the children of v.We
update P by placing lc in the second column of the pc row of P. We next add an
empty row to the end of the active adjacency list, A. This will be accessed later
when w becomes v. Now, select all nodes Q adjacent to won G that are not v.

For each node q in Q, we evaluate if the wqarc is usable in the path from vw.
An arc is usable if q is not an ancestor of v and wq follows vw in time. If q is not
an ancestor ofv and if the starting date ofvw is less than or equal to the finishing
date of wq, then the arc is usable and we add q to L, q to the active list for wat
the end ofA, and q to the last row, first column of P. In order not to pass through
an intersecting relationship, we must push the original starting date through the
network. If wq started before vw (vw intersects wq), then we change the starting
date for wq to that of vw. This ensures that later in the algorithm, when wq is the
first edge in the two-step series, we do not inadvertently go backward in time.
Because wq can be reached from many alternate vw paths, arcs can multiply
intersect. To ensure that all potential paths are found, we need to push the earliest
intersection date through the network. If we have previously updated the starting
date of wq, we use the earlier of the two dates (min(stf[wq), st]vw})). Once all
elements ofW have been searched, remove v from L and the first row ofA. When
L is empty, all possible paths have been found.
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APPENDIX A: Identifying Indirect Paths in Time-Ordered Graphs (Coned)

P, the output of the algorithm, is a linked list. The first column of P is the node
name and the second column gives the place on P where the parent of the node
(P) can be found. Consider an example from Figure AI. A time-ordered walk
through G from node 3 would proceed as represented in the directed tree T. For
example, there is a path 3 -+ 4 -+ 6 -+ 5. This path is represented in P by walking
up P from node 5 at the bottom. The last row ofP says node 5's parent is in row 6
of P. Moving up to row 6, we see that the parent of 5 is node 6, and that the parent
of 6 is in row 3 of P. P(3,l) is 4, and the parent of 4 is in row 1. P(l,l) is 3, and thus
we are at the end of the path. Allnodes reachable from s are listed in the first column
of P. The number of times a node is listed in the first column of P equals the
number of paths from 5 to the node, and the distance(s) from 5 to any given node
can be traced as in the path from 3 to 5 above.

DETECTING CYCLES IN THE PATH SEARCH

Time_BFS is a two-step search: v -+ w -+ q. If the time order is correct and w -+q
would not create a cycle, w -+q is added to the path graph. To ensure that a new
edge added to the path graph does not create a cycle, one must keep track of each
ancestor of wq, which is contained in the structure of P. A simple algorithm that
walks through P can thus identify whether q precedes v on the current path. If,
while walking up P from v, we encounter q, then q must be an ancestor of w. An
example of such an algorithm is given below in code A2. The function determines
if q is an ancestor of v. This algorithm takes three arguments: the row in P where
v is found, q, and P, and returns a 1 if q is an ancestor of v, 0 otherwise.

Code A2: Ancestor Loop for Identifying Cycles
Ancestor(rp, q, P);
sCnode=rp;
stp=O;
do while(stp=O);

ancest=P [stnode,2];
if (stnode= 1) then do;

stp=1;
ancestor=O;

end;
elseiflist [ancest,1]=alt then do;

stp=1;
ancestor=1;

end;
elsedo;

stnode=ancest;
end;
end;
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a That is, there may be a path w ~ x ~ z~ v~ q, and a path w ~ v~ q.Thus the short
path from w to v does not continue to q, while a longer path from w to v can pass through vto
q.

b Efficient here is a relative term, and it has been shown that identifying all paths through which
infection can flow is an NP-Hard problem (see Helander & Batta 1994). I have used this
program for simulation work on networks with thousands of nodes, and it performs quite
quickly.

C While the program must forbid cyclesto converge, the places where a cyclewould form can be
recorded, allowing one to identify all connectivity sets in the graph.

d Nodes ql' qz'and q3 might all be adjacent to w. However, there may only be a usable path from
v to w to %and q3' thus for w,%and %are active in the current path.
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