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add.isolates Add Isolates to a Graph
Description
Adds n isolates to the graph (or graphs) in dat.
Usage

add.isolates (dat, n)
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Arguments

dat one or more input graphs.

n the number of isolates to add.
Details

If dat contains more than one graph, the n isolates are added to each member of dat.

Value

The updated graph(s).

Note

Isolate addition is particularly useful when computing structural distances between graphs of dif-
ferent orders; see the above reference for details.

Author(s)

Carter T. Butts (buttsc@uci.edu)

References

Butts, C.T., and Carley, K.M. (2001). “Multivariate Methods for Inter-Structural Analysis.” CASOS
Working Paper, Carnegie Mellon University.

See Also
isolates

Examples
g<-rgraph (10, 5) #Produce some random graphs
dim(g) #Get the dimensions of g
g<-add.isolates (g, 2) #Add 2 isolates to each graph in g
dim (g) #Now examine g

g
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addisolates—-deprecated
Add Isolates to a Graph (Deprecated)

Description

Adds n isolates to the adjacency matrix (or matrices) in dat. This function has been replaced by
add.isolates, and should no longer be used.

Usage

addisolates (dat, n)

Arguments
dat One or more adjacency matrices
n The number of isolates to add
Details

If dat contains more than one adjacency matrix, the n isolates are added to each member of dat.

Value

The updated graph stack.

Note
Isolate addition is particularly useful when computing structural distances between graphs of dif-

ferent orders; see the above reference for details.

Author(s)

Carter T. Butts (buttsc@uci.edu)

References

Butts, C.T., and Carley, K.M. (2001). “Multivariate Methods for Inter-Structural Analysis.” CASOS
Working Paper, Carnegie Mellon University.

See Also

isolates
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Examples

g<-rgraph (10, 5) #Produce some random graphs

dim (g) #Get the dimensions of g

## Not run: g<-addisolates(g,2) #Add 2 isolates to each graph in g

dim(g) #Now examine g

g

bbnam Butts’ (Hierarchical) Bayesian Network Accuracy Model

Description

Takes posterior draws from Butts’ bayesian network accuracy/estimation model for multiple partic-
ipant/observers (conditional on observed data and priors), using a Gibbs sampler.

Usage

bbnam (dat, model="actor", ...)

bbnam. fixed (dat, nprior=matrix(rep(0.5,dim(dat) [2]"2),
nrow=dim(dat) [2],ncol=dim(dat) [2]), em=0.25, ep=0.25, diag=FALSE,
mode="digraph", draws=1500, outmode="draws", anames=paste("a",
l:dim(dat) [2],sep=""), onames=paste("o",l:dim(dat) [1], sep=""))

bbnam.pooled(dat, nprior=matrix(rep(0.5,dim(dat) [2]+*dim(dat) [3]),
nrow=dim(dat) [2],ncol=dim(dat) [3]), emprior=c(l,1),
epprior=c(1l,1), diag=FALSE, mode="digraph", reps=5, draws=1500,
burntime=500, gquiet=TRUE, anames=paste("a",l:dim(dat) [2],sep=""),
onames=paste ("o",l:dim(dat) [1], sep=""), compute.sgrtrhat=TRUE)

bbnam.actor (dat, nprior=matrix(rep(0.5,dim(dat) [2]+dim(dat) [3]),
nrow=dim(dat) [2],ncol=dim(dat) [3]),
emprior=cbind(rep(l,dim(dat) [1]),rep(l,dim(dat) [1])),
epprior=cbind(rep(l,dim(dat) [1]),rep(l,dim(dat) [1])), diag=FALSE,
mode="digraph", reps=5, draws=1500, burntime=500, quiet=TRUE,

anames=paste ("a",l:dim(dat) [2], sep=""),
onames=paste ("o",1l:dim(dat) [1],sep=""), compute.sqgrtrhat=TRUE)
Arguments
dat Data array to be analyzed. This array must be of dimension n x n X n, where n is

IV(G)I, the first dimension indexes the observer, the second indexes the sender of
the relation, and the third dimension indexes the recipient of the relation. (E.g.,
dat [i, j, k]1==1 implies that i observed j sending the relation in question to
k.) Note that only dichotomous data is supported at present, and missing values
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nprior

em

ep

emprior

epprior

diag
mode

reps

draws

burntime

quiet

outmode

bbnam

are permitted; the data collection pattern, however, is assumed to be ignorable,
and hence the posterior draws are implicitly conditional on the observation pat-
tern.

ELINT3

String containing the error model to use; options are “actor,
A4ﬁ ka
xed

Arguments to be passed by bbnam to the particular model method

pooled,” and

Network prior matrix. This must be a matrix of dimension n x n, containing
the arc/edge priors for the criterion network. (E.g., nprior[i, j] gives the
prior probability of i sending the relation to j in the criterion graph.) If no net-
work prior is provided, an uninformative prior on the space of networks will be
assumed (i.e., p(i->j)=0.5). Missing values are not allowed.

Probability of a false negative; this may be in the form of a single number, one
number per observation slice, one number per (directed) dyad, or one number
per dyadic observation (fixed model only)

Probability of a false positive; this may be in the form of a single number, one
number per observation slice, one number per (directed) dyad, or one number
per dyadic observation (fixed model only)

Parameters for the (beta) false negative prior; these should be in the form of an
(alpha,beta) pair for the pooled model, and of an n x 2 matrix of (alpha,beta)
pairs for the actor model. If no emprior is given, an uninformative prior (1,1)
will be assumed; note that this is usually inappropriate, as described below.
Missing values are not allowed.

Parameters for the (beta) false positive prior; these should be in the form of
an (alpha,beta) pair for the pooled model, and of an n x 2 matrix of (alpha,beta)
pairs for the actor model. If no epprior is given, an uninformative prior (1,1) will
be assumed; note that this is usually inappropriate, as described below. Missing
values are not allowed.

Boolean indicating whether loops (matrix diagonals) should be counted as data
A string indicating whether the data in question forms a “graph” or a “digraph”

Number of replicate chains for the Gibbs sampler (pooled and actor models
only)

Integer indicating the total number of draws to take from the posterior distribu-
tion. Draws are taken evenly from each replication (thus, the number of draws
from a given chain is draws/reps), and are randomly reordered to minimize de-
pendence associated with position in the chain.

Integer indicating the burn-in time for the Markov Chain. Each replication is
iterated burntime times before taking draws (with these initial iterations being
discarded); hence, one should realize that each increment to burntime increases
execution time by a quantity proportional to reps. (pooled and actor models
only)

Boolean indicating whether MCMC diagnostics should be displayed (pooled
and actor models only)

“posterior” indicates that the exact posterior probability matrix for the criterion
graph should be returned, otherwise draws from the joint posterior are returned
instead (fixed model only)
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anames A vector of names for the actors (vertices) in the graph

onames A vector of names for the observers (possibly the actors themselves) whose
reports are contained in the CSS

compute.sqgrtrhat
A boolean indicating whether or not Gelman et al.’s potential scale reduction
measure (an MCMC convergence diagnostic) should be computed (pooled and
actor models only)

Details

The bbnam models a set of network data as reflecting a series of (noisy) observations by a set of
participant/observers regarding an uncertain criterion structure. Each observer is assumed to send
false positives (i.e., reporting a tie when none exists in the criterion structure) with probability e™,
and false negatives (i.e., reporting that no tie exists when one does in fact exist in the criterion
structure) with probability e~. The criterion network itself is taken to be a Bernoulli (di)graph.
Note that the present model includes three variants:

1. Fixed error probabilities: Each edge is associated with a known pair of false negative/false
positive error probabilities (provided by the researcher). In this case, the posterior for the
criterion graph takes the form of a matrix of Bernoulli parameters, with each edge being
independent conditional on the parameter matrix.

2. Pooled error probabilities: One pair of (uncertain) false negative/false positive error proba-
bilities is assumed to hold for all observations. Here, we assume that the researcher’s prior
information regarding these parameters can be expressed as a pair of Beta distributions, with
the additional assumption of independence in the prior distribution. Note that error rates and
edge probabilities are not independent in the joint posterior, but the posterior marginals take
the form of Beta mixtures and Bernoulli parameters, respectively.

3. Per observer (“actor”) error probabilities: One pair of (uncertain) false negative/false posi-
tive error probabilities is assumed to hold for each observation slice. Again, we assume that
prior knowledge can be expressed in terms of independent Beta distributions (along with the
Bernoulli prior for the criterion graph) and the resulting posterior marginals are Beta mixtures
and a Bernoulli graph. (Again, it should be noted that independence in the priors does not
imply independence in the joint posterior!)

By default, the bbnam routine returns (approximately) independent draws from the joint posterior
distribution, each draw yielding one realization of the criterion network and one collection of accu-
racy parameters (i.e., probabilities of false positives/negatives). This is accomplished via a Gibbs
sampler in the case of the pooled/actor model, and by direct sampling for the fixed probability
model. In the special case of the fixed probability model, it is also possible to obtain directly the
posterior for the criterion graph (expressed as a matrix of Bernoulli parameters); this can be con-
trolled by the outmode parameter.

As noted, the taking of posterior draws in the nontrivial case is accomplished via a Markov Chain
Monte Carlo method, in particular the Gibbs sampler; the high dimensionality of the problem
(O(n? 4 2n)) tends to preclude more direct approaches. At present, chain burn-in is determined
ex ante on a more or less arbitrary basis by specification of the burntime parameter. Eventually, a
more systematic approach will be utilized. Note that insufficient burn-in will result in inaccurate
posterior sampling, so it’s not wise to skimp on burn time where otherwise possible. Similarly, it
is wise to employ more than one Markov Chain (set by reps), since it is possible for trajectories to
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become “trapped” in metastable regions of the state space. Number of draws per chain being equal,
more replications are usually better than few; consult Gelman et al. for details. A useful measure of

chain convergence, Gelman and Rubin’s potential scale reduction (\/E), can be computed using the
compute.sqgrtrhat parameter. The potential scale reduction measure is an ANOVA-like com-
parison of within-chain versus between-chain variance; it approaches 1 (from above) as the chain
converges, and longer burn-in times are strongly recommended for chains with scale reductions in
excess of 1.1 or thereabouts.

Finally, a cautionary concerning prior distributions: it is important that the specified priors actually
reflect the prior knowledge of the researcher; otherwise, the posterior will be inadequately informed.
In particular, note that an uninformative prior on the accuracy probabilities implies that it is a priori
equally probable that any given actor’s observations will be informative or negatively informative
(i.e., that i observing j sending a tie to k reduces p(j->k)). This is a highly unrealistic assumption,
and it will tend to produce posteriors which are bimodal (one mode being related to the “informa-
tive” solution, the other to the “negatively informative” solution). A more plausible but still fairly
diffuse prior would be Beta(3,5), which reduces the prior probability of an actor’s being negatively
informative to 0.16, and the prior probability of any given actor’s being more than 50% likely to
make a particular error (on average) to around 0.22. (This prior also puts substantial mass near the
0.5 point, which would seem consonant with the BKS studies.) Butts (2003) discusses a number of
issues related to choice of priors for the bbnam, and users should consult this reference if matters
are unclear before defaulting to the uninformative solution.

Value

An object of class bbnam, containing the posterior draws. The components of the output are as

follows:

anames A vector of actor names.

draws An integer containing the number of draws.

em A matrix containing the posterior draws for probability of producing false neg-
atives, by actor.

ep A matrix containing the posterior draws for probability of producing false posi-
tives, by actor.

nactors An integer containing the number of actors.

net An array containing the posterior draws for the criterion network.

reps An integer indicating the number of replicate chains used by the Gibbs sampler.

Note

As indicated, the posterior draws are conditional on the observed data, and hence on the data collec-
tion mechanism if the collection design is non-ignorable. Complete data (e.g., a CSS) and random
tie samples are examples of ignorable designs; see Gelman et al. for more information concerning
ignorability.

Author(s)

Carter T. Butts (buttsc@uci.edu)
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References

Butts, C. T. (2003). “Network Inference, Error, and Informant (In)Accuracy: A Bayesian Ap-
proach.” Social Networks, 25(2), 103-140.

Gelman, A.; Carlin, J.B.; Stern, H.S.; and Rubin, D.B. (1995). Bayesian Data Analysis. London:
Chapman and Hall.

Gelman, A., and Rubin, D.B. (1992). “Inference from Iterative Simulation Using Multiple Se-
quences.” Statistical Science, 7, 457-511.

Krackhardt, D. (1987). “Cognitive Social Structures.” Social Networks, 9, 109-134.

See Also

npostpred, event2dichot, bbnam.bf

Examples

#Create some random data
g<-rgraph (5)
g.p<-0.8xg+0.2% (1-g)
dat<-rgraph (5, 5, tprob=g.p)

#Define a network prior
pnet<-matrix (ncol=5,nrow=5)
pnet[,]1<-0.5

#Define em and ep priors
pem<-matrix (nrow=5,ncol=2)
pem[,1]1<-3

pem[,2]<=5

pep<-matrix (nrow=5,ncol=2)
pepl,1]1<-3

pep(,2]<=5

#Draw from the posterior

b<-bbnam (dat, model="actor", nprior=pnet, emprior=pem, epprior=pep,
burntime=100, draws=100)

#Print a summary of the posterior draws

summary (b)

bbnam.bf Estimate Bayes Factors for the bbnam

Description

This function uses monte carlo integration to estimate the BFs, and tests the fixed probability,
pooled, and pooled by actor models. (See bbnam for details.)
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Usage

bbnam.bf

bbnam.bf (dat, nprior=matrix(rep (0.5, dim(dat) [1]"2),
nrow = dim(dat) [1], ncol = dim(dat) [1]), em.fp=0.5, ep.fp=0.5,
emprior.pooled=c(l, 1), epprior.pooled=c(l, 1),
emprior.actor=cbind(rep(l, dim(dat) [1]), rep(l, dim(dat) [1])),
epprior.actor=cbind(rep(l, dim(dat) [1l]), rep(l, dim(dat) [1])),
diag=FALSE, mode="digraph", reps=1000)

Arguments

dat

nprior

em. fp

ep.fp

emprior.

epprior.

emprior.

epprior.

diag

mode

reps

Data array to be analyzed. This array must be of dimension m X n X n, where n is
IV(G)I, the first dimension indexes the observer, the second indexes the sender of
the relation, and the third dimension indexes the recipient of the relation. (E.g.,
dat [1, j, k]1==1 implies that i observed j sending the relation in question to
k.) Note that only dichotomous data is supported at present, and missing values
are permitted; the data collection pattern, however, is assumed to be ignorable,
and hence the posterior inferences are implicitly conditional on the observation
pattern.

Network prior matrix. This must be a matrix of dimension n x n, containing
the arc/edge priors for the criterion network. (E.g., nprior[i, j] gives the
prior probability of i sending the relation to j in the criterion graph.) If no net-
work prior is provided, an uninformative prior on the space of networks will be
assumed (i.e., p(i->j)=0.5). Missing values are not allowed.

Probability of false negatives for the fixed probability model

Probability of false positives for the fixed probability model

pooled
(alpha,beta) pairs for the (beta) false negative prior under the pooled model

pooled
(alpha,beta) pairs for the (beta) false positive prior under the pooled model

actor

Matrix of per observer (alpha,beta) pairs for the (beta) false negative prior under
the per observer/actor model

actor

Matrix of per observer (alpha,beta) pairs for the (beta) false negative prior under
the per observer/actor model

Boolean indicating whether or not the diagonal should be treated as valid data.
Set this true if and only if the criterion graph can contain loops. Diag is false by
default.

String indicating the type of graph being evaluated. "Digraph" indicates that
edges should be interpreted as directed; "graph" indicates that edges are undi-
rected. Mode is set to "digraph" by default.

Number of monte carlo draws to take
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Details

The bbnam model (detailed in the bbnam function help) is a fairly simple model for integrating
informant reports regarding social network data. bbnam.bf computes Bayes Factors (integrated
likelihood ratios) for the three error submodels of the bbnam: fixed error probabilities, pooled error
probabilities, and per observer/actor error probabilities.

Value

An object of class bayes. factor.

Note

It is important to be aware that the model parameter priors are essential components of the models
to be compared; inappropriate parameter priors will result in misleading Bayes Factors.

Author(s)

Carter T. Butts (buttsc@uci.edu)

References

Butts, C. T. (2003). “Network Inference, Error, and Informant (In)Accuracy: A Bayesian Ap-
proach.” Social Networks, 25(2), 103-140.

Robert, C. (1994). The Bayesian Choice: A Decision-Theoretic Motivation. Springer.

See Also

bbnam

Examples

betweenness Compute the Betweenness Centrality Scores of Network Positions

Description

betweenness takes one or more graphs (dat) and returns the betweenness centralities of po-
sitions (selected by nodes) within the graphs indicated by g. Depending on the specified mode,
betweenness on directed or undirected geodesics will be returned; this function is compatible with
centralization, and will return the theoretical maximum absolute deviation (from maximum)
conditional on size (which is used by centralization to normalize the observed centralization
score).
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Usage

betweenness (dat, g=1, nodes=NULL, gmode="digraph", diag=FALSE,
tmaxdev=FALSE, cmode="directed", geodist.precomp=NULL,
rescale=FALSE)

Arguments

dat one or more input graphs.

g integer indicating the index of the graph for which centralities are to be calcu-
lated (or a vector thereof). By default, g=1.

nodes vector indicating which nodes are to be included in the calculation. By default,
all nodes are included.

gmode string indicating the type of graph being evaluated. "digraph" indicates that
edges should be interpreted as directed; "graph" indicates that edges are undi-
rected. dmode is set to "digraph" by default.

diag boolean indicating whether or not the diagonal should be treated as valid data.
Set this true if and only if the data can contain loops. diag is FALSE by default.

tmaxdev boolean indicating whether or not the theoretical maximum absolute deviation
from the maximum nodal centrality should be returned. By default, tmaxdev==FALSE.

cmode string indicating the type of betweenness centrality being computed (directed or

undirected geodesics).

geodist.precomp
A geodist object precomputed for the graph to be analyzed (optional)

rescale if true, centrality scores are rescaled such that they sum to 1.

Details
The betweenness of a vertex, v, is given by
Givj
Oa(v)= > =%
igitiiv.gto I

where g;;; is the number of geodesics from i to k through j. Conceptually, high-betweenness
vertices lie on a large number of non-redundant shortest paths between other vertices; they can thus
be thought of as “bridges” or “boundary spanners.”

Value
A vector, matrix, or list containing the betweenness scores (depending on the number and size of
the input graphs).

Warning

Rescale may cause unexpected results if all actors have zero betweenness.
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Note
Judicious use of geodist.precomp can save a great deal of time when computing multiple
path-based indices on the same network.

Author(s)

Carter T. Butts (buttsc@uci.edu)

References

Freeman, L.C. (1979). “Centrality in Social Networks I: Conceptual Clarification.” Social Net-
works, 1, 215-239.
See Also

centralization

Examples

g<-rgraph (10) #Draw a random graph with 10 members
betweenness (qg) #Compute betweenness scores

blockmodel Generate Blockmodels Based on Partitions of Network Positions

Description

Given a set of equivalence classes (in the form of an equiv.clust object, hclust object, or
membership vector) and one or more graphs, blockmodel will form a blockmodel of the input
graph(s) based on the classes in question, using the specified block content type.

Usage

blockmodel (dat, ec, k=NULL, h=NULL, block.content="density",
plabels=NULL, glabels=NULL, rlabels=NULL, mode="digraph",
diag=FALSE)

Arguments
dat one or more input graphs.
ec equivalence classes, in the form of an object of class equiv.clust orhclust,
or a membership vector.
k the number of classes to form (using cut ree).
h the height at which to split classes (using cut ree).

block.content
string indicating block content type (see below).
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plabels a vector of labels to be applied to the individual nodes.
glabels a vector of labels to be applied to the graphs being modeled.
rlabels a vector of labels to be applied to the (reduced) roles.
mode a string indicating whether we are dealing with graphs or digraphs.
diag a boolean indicating whether loops are permitted.

Details

Unless a vector of classes is specified, bl ockmodel forms its eponymous models by using cut ree
to cut an equivalence clustering in the fashion specified by k and h. After forming clusters (roles),
the input graphs are reordered and blockmodel reduction is applied. Currently supported reductions
are:

density: block density, computed as the mean value of the block
meanrowsum: mean row sums for the block

meancolsum: mean column sums for the block

sum: total block sum

median: median block value

min: minimum block value

max: maximum block value

® Nk wN =

types: semi-intelligent coding of blocks by “type.” Currently recognized types are (in order
of precedence) “NA” (i.e., blocks with no valid data), “null” (i.e., all values equal to zero),
“complete” (i.e., all values equal to 1), “l covered” (i.e., all rows/cols contain a 1), “1 row-
covered” (i.e., all rows contain a 1), “1 col-covered” (i.e., all cols contain a 1), and “other”
(i.e., none of the above).

Density or median-based reductions are probably the most interpretable for most conventional anal-
yses, though type-based reduction can be useful in examining certain equivalence class hypotheses
(e.g., 1 covered and null blocks can be used to infer regular equivalence classes). Once a given
reduction is performed, the model can be analyzed and/or expansion can be used to generate new
graphs based on the inferred role structure.

Value

An object of class blockmodel.

Author(s)

Carter T. Butts (buttsc@uci.edu)

References
Doreian, P.; Batagelj, V.; and Ferligoj, A. (2005). Generalized Blockmodeling. Cambridge: Cam-
bridge University Press.

White, H.C.; Boorman, S.A.; and Breiger, R.L. (1976). “Social Structure from Multiple Networks
I: Blockmodels of Roles and Positions.” American Journal of Sociology, 81, 730-779.
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See Also

equiv.clust,blockmodel.expand

Examples

#Create a random graph with _some_ edge structure

g.p<-sapply (runif (20,0,1), rep,20) #Create a matrix of edge
#probabilities

g<-rgraph (20, tprob=g.p) #Draw from a Bernoulli graph
#distribution

#Cluster based on structural equivalence
eg<-equiv.clust (g)

#Form a blockmodel with distance relaxation of 10
b<-blockmodel (g, eq, h=10)
plot (b) #Plot it

blockmodel .expand Generate a Graph (or Stack) from a Given Blockmodel Using Partic-
ular Expansion Rules

Description
blockmodel .expand takes a blockmodel and an expansion vector, and expands the former by
making copies of the vertices.

Usage

blockmodel.expand (b, ev, mode="digraph", diag=FALSE)

Arguments
b blockmodel object.
ev a vector indicating the number of copies to make of each class (respectively).
mode a string indicating whether the result should be a “graph” or “digraph”.
diag a boolean indicating whether or not loops should be permitted.

Details

The primary use of blockmodel expansion is in generating test data from a blockmodeling hypoth-
esis. Expansion is performed depending on the content type of the blockmodel; at present, only
density is supported. For the density content type, expansion is performed by interpreting the inter-
class density as an edge probability, and by drawing random graphs from the Bernoulli parameter
matrix formed by expanding the density model. Thus, repeated calls to blockmodel .expand
can be used to generate a sample for monte carlo null hypothesis tests under a Bernoulli graph
model.
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Value

An adjacency matrix, or stack thereof.

Note

bn

Eventually, other content types will be supported.

Author(s)

Carter T. Butts (buttsc@uci.edu)

References

Doreian, P.; Batagelj, V.; and Ferligoj, A. (2005). Generalized Blockmodeling. Cambridge: Cam-

bridge University Press.

White, H.C.; Boorman, S.A.; and Breiger, R.L. (1976). “Social Structure from Multiple Networks
I: Blockmodels of Roles and Positions.” American Journal of Sociology, 81, 730-779.

See Also

blockmodel

Examples

#Create a random graph with _some_

g.p<-sapply(runif (20,0,1),rep,20)

g<-rgraph (20, tprob=g.p)

edge structure

#Create a matrix of edge
#probabilities

#Draw from a Bernoulli graph
#distribution

#Cluster based on structural equivalence

eg<-equiv.clust (g)

#Form a blockmodel with distance relaxation of 15

b<-blockmodel (g, eq, h=15)

#Draw from an expanded density blockmodel

g.e<-blockmodel.expand (b, rep (2, length (bSrlabels))) #Two of each class
g.e
bn Fit a Biased Net Model
Description

Fits a biased net model to an input graph, using moment-based or maximum pseudolikelihood

techniques.
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Usage

bn (dat, method = c("mple.triad", "mple.dyad", "mple.edge",
"mtle"), param.seed = NULL, param.fixed = NULL,
optim.method = "BFGS", optim.control = list(),
epsilon = 1le-05)

Arguments
dat a single input graph.
method the fit method to use (see below).

param.seed  seed values for the parameter estimates.
param.fixed parameter values to fix, if any.

optim.method method to be used by opt im.
optim.control
control parameter for optim.

epsilon tolerance for convergence to extreme parameter values (i.e., 0 or 1).

Details

The biased net model stems from early work by Rapoport, who attempted to model networks via a
hypothetical "tracing" process. This process may be described loosely as follows. One begins with
a small "seed" set of vertices, each member of which is assumed to nominate (generate ties to) other
members of the population with some fixed probability. These members, in turn, may nominate new
members of the population, as well as members who have already been reached. Such nominations
may be "biased" in one fashion or another, leading to a non-uniform growth process. Specifically,
let e;; be the random event that vertex ¢ nominates vertex j when reached. Then the conditional
probability of e;; is given by

Pr(e; |T) = 1 — (1= Pr(B.)) [ [ (1 — Pr(By|T))
k

where T is the current state of the trace, B, is the a Bernoulli event corresponding to the baseline
probability of e;;, and the B, are "bias events." Bias events are taken to be independent Bernoulli
trials, given 7', such that e;; is observed with certainty if any bias event occurs. The specification
of a biased net model, then, involves defining the various bias events (which, in turn, influence the
structure of the network).

Although other events have been proposed, the primary bias events employed in current biased net
models are the "parent bias" (a tendency to return nominations); the "sibling bias" (a tendency to
nominate alters who were nominated by the same third party); and the "double role bias" (a tendency
to nominate alters who are both siblings and parents). These bias events, together with the baseline
edge events, are used to form the standard biased net model. It is standard to assume homogeneity
within bias class, leading to the four parameters 7 (probability of a parent bias event), o (probability
of a sibling bias event), p (probability of a double role bias event), and d (probability of a baseline
event).

Unfortunately, there is no simple expression for the likelihood of a graph given these parameters
(and hence, no basis for likelihood based inference). However, Skvoretz et al. have derived a class of
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maximum pseudo-likelihood estimators for the the biased net model, based on local approximations
to the likelihood at the edge, dyad, or triad level. These estimators may be employed within bn by
selecting the appropriate MPLE for the method argument. Alternately, it is also possible to derive
expected triad census rates for the biased net model, allowing an estimator which maximizes the
likelihood of the observed triad census (essentially, a method of moments procedure). This last
may be selected via the argument mode="mt 1e". In addition to estimating model parameters, bn
generates predicted edge, dyad, and triad census statistics, as well as structure statistics (using the
Fararo-Sunshine recurrence). These can be used to evaluate goodness-of-fit.

print, summary, and plot methods are available for bn objects. See rgbn for simulation from
biased net models.
Value

An object of class bn.

Note

Asymptotic properties of the MPLE are not known for this model. Caution is strongly advised.

Author(s)

Carter T. Butts (buttsc@uci.edu)

References

Fararo, T.J. and Sunshine, M.H. (1964). “A study of a biased friendship net.” Syracuse, NY: Youth
Development Center.

Rapoport, A. (1957). “A contribution to the theory of random and biased nets.” Bulletin of Mathe-
matical Biophysics, 15, 523-533.

Skvoretz, J.; Fararo, T.J.; and Agneessens, F. (2004). “Advances in biased net theory: definitions,
derivations, and estimations.” Social Networks, 26, 113-139.
See Also

rgbn, structure.statistics

Examples

#Generate a random graph
g<-rgraph (25)

#Fit a biased net model, using the triadic MPLE
gbn<-bn (g)

#Examine the results
summary (gbn)
plot (gbn)

#Now, fit a model containing only a density parameter
gbn<-bn (g, paramn.fixed=1ist (pi=0, sigma=0, rho=0))
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summary (gbn)
plot (gbn)

bonpow Find Bonacich Power Centrality Scores of Network Positions

Description

bonpow takes one or more graphs (dat) and returns the Boncich power centralities of positions
(selected by nodes) within the graphs indicated by g. The decay rate for power contributions is
specified by exponent (1 by default). This function is compatible with centralization, and
will return the theoretical maximum absolute deviation (from maximum) conditional on size (which
isused by centralization to normalize the observed centralization score).

Usage

bonpow (dat, g=1, nodes=NULL, gmode="digraph", diag=FALSE,
tmaxdev=FALSE, exponent=1l, rescale=FALSE, tol=1le-07)

Arguments
dat one or more input graphs.
g integer indicating the index of the graph for which centralities are to be calcu-
lated (or a vector thereof). By default, g=1.
nodes vector indicating which nodes are to be included in the calculation. By default,
all nodes are included.
gmode string indicating the type of graph being evaluated. "digraph" indicates that
edges should be interpreted as directed; "graph" indicates that edges are undi-
rected. This is currently ignored.
diag boolean indicating whether or not the diagonal should be treated as valid data.
Set this true if and only if the data can contain loops. Diag is FALSE by default.
tmaxdev boolean indicating whether or not the theoretical maximum absolute deviation
from the maximum nodal centrality should be returned. By default, tmaxdev=FALSE.
exponent exponent (decay rate) for the Bonacich power centrality score; can be negative
rescale if true, centrality scores are rescaled such that they sum to 1.
tol tolerance for near-singularities during matrix inversion (see solve)
Details

Bonacich’s power centrality measure is defined by Czp (o, ) = o (I — BA) " A1, where J is
an attenuation parameter (set here by exponent) and A is the graph adjacency matrix. (The
coefficient «v acts as a scaling parameter, and is set here (following Bonacich (1987)) such that the
sum of squared scores is equal to the number of vertices. This allows 1 to be used as a reference
value for the “middle” of the centrality range.) When § — 1/Aa1 (the reciprocal of the largest
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eigenvalue of A), this is to within a constant multiple of the familiar eigenvector centrality score;
for other values of (3, the behavior of the measure is quite different. In particular, 3 gives positive
and negative weight to even and odd walks, respectively, as can be seen from the series expansion
Cep (o, B) = a Y 7, BYAFT11 which converges so long as || < 1/Aa1. The magnitude of 3
controls the influence of distant actors on ego’s centrality score, with larger magnitudes indicating
slower rates of decay. (High rates, hence, imply a greater sensitivity to edge effects.)

Interpretively, the Bonacich power measure corresponds to the notion that the power of a vertex is
recursively defined by the sum of the power of its alters. The nature of the recursion involved is
then controlled by the power exponent: positive values imply that vertices become more powerful as
their alters become more powerful (as occurs in cooperative relations), while negative values imply
that vertices become more powerful only as their alters become weaker (as occurs in competitive or
antagonistic relations). The magnitude of the exponent indicates the tendency of the effect to decay
across long walks; higher magnitudes imply slower decay. One interesting feature of this measure
is its relative instability to changes in exponent magnitude (particularly in the negative case). If
your theory motivates use of this measure, you should be very careful to choose a decay parameter
on a non-ad hoc basis.

Value

A vector, matrix, or list containing the centrality scores (depending on the number and size of the
input graphs).

Warning

Singular adjacency matrices cause no end of headaches for this algorithm; thus, the routine may fail
in certain cases. This will be fixed when I get a better algorithm. bonpow will not symmetrize your
data before extracting eigenvectors; don’t send this routine asymmetric matrices unless you really
mean to do so.

Note

The theoretical maximum deviation used here is not obtained with the star network, in general. For
positive exponents, at least, the symmetric maximum occurs for an empty graph with one complete
dyad (the asymmetric maximum is generated by the outstar). UCINET V seems not to adjust for
this fact, which can cause some oddities in their centralization scores (thus, don’t expect to get the
same numbers with both packages).

Author(s)

Carter T. Butts (buttsc@uci.edu)

References

Bonacich, P. (1972). “Factoring and Weighting Approaches to Status Scores and Clique Identifica-
tion.” Journal of Mathematical Sociology, 2, 113-120.

Bonacich, P. (1987). “Power and Centrality: A Family of Measures.” American Journal of Sociol-
0gy, 92, 1170-1182.
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See Also

centralization, evcent

Examples

#Generate some test data
dat<-rgraph (10, mode="graph")
#Compute Bonpow scores

bonpow (dat, exponent=1,tol=1e-20)
bonpow (dat, exponent=-1,tol=1e-20)

brokerage Perform a Gould-Fernandez Brokerage Analysis

Description

Performs the brokerage analysis of Gould and Fernandez on one or more input graphs, given a class
membership vector.

Usage

brokerage (g, cl)

Arguments
one or more input graphs.
cl a vector of class memberships.
Details

Gould and Fernandez (following Marsden and others) describe brokerage as the role played by a
social actor who mediates contact between two alters. More formally, vertex v is a broker for distinct
vertices a and b iff a — v — b and a 4 b. Where actors belong to a priori distinct groups, group
membership may be used to segment brokerage roles into particular types. Let A — B — C' denote
the two-path associated with a brokerage structure, such that some vertex from group B brokers the
connection from some vertex from group A to a vertex in group C. The types of brokerage roles
defined by Gould and Fernandez (and their accompanying two-path structures) are then defined in
terms of group membership as follows:

wr Coordinator role; the broker mediates contact between two individuals from his or her own
group. Two-path structure: A — A — A

weo Itinerant broker role; the broker mediates contact between two individuals from a single group
to which he or she does not belong. Two-path structure: A — B — A

bro Gatekeeper role; the broker mediates an incoming contact from an out-group member to an
in-group member. Two-path structure: A — B — B

bor Representative role; the broker mediates an outgoing contact from an in-group member to an
out-group member. Two-path structure: A — A — B
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bo Liaison role; the broker mediates contact between two individuals from different groups, neither
of which is the group to which he or she belongs. Two-path structure: A — B — C

t Total (cumulative) brokerage role occupancy. (Any of the above two-paths.)

The brokerage score for a given vertex with respect to a given role is the number of ordered pairs
having the appropriate group membership(s) brokered by said vertex. brokerage computes the
brokerage scores for each vertex, given an input graph and vector of class memberships. Aggregate
scores are also computed at the graph level, which correspond to the total frequency of each role
type within the network structure. Expectations and variances of the brokerage scores conditional
on size and density are computed, along with approximate z-tests for incidence of brokerage. (Note
that the accuracy of the normality assumption is not known in the general case; see Gould and
Fernandez (1989) for details. Simulation-based tests may be desirable as an alternative.)

Value

An object of class brokerage, containing the following elements:

raw.nli The matrix of observed brokerage scores, by vertex

exp.nli The matrix of expected brokerage scores, by vertex

sd.nli The matrix of predicted brokerage score standard deviations, by vertex
z.nli The matrix of standardized brokerage scores, by vertex

raw.gli The vector of observed aggregate brokerage scores

exp.gli The vector of expected aggregate brokerage scores

sd.gli The vector of predicted aggregate brokerage score standard deviations
z.gli The vector of standardized aggregate brokerage scores

exp.grp The matrix of expected brokerage scores, by group

sd.grp The matrix of predicted brokerage score standard deviations, by group
cl The vector of class memberships

clid The original class names

The input class sizes

The order of the input network

Author(s)

Carter T. Butts (buttsc@uci.edu)

References
Gould, R.V. and Fernandez, R.M. 1989. "Structures of Mediation: A Formal Approach to Brokerage
in Transaction Networks." Sociological Methodology, 19: 89-126.

See Also

triad.census, gtrans
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Examples

#Draw a random network with 3 groups
g<-rgraph (15)
cl<-rep(1l:3,5)

#Compute a brokerage object
b<-brokerage (g, cl)
summary (b)

centralgraph Find the Central Graph of a Labeled Graph Stack

Description

Returns the central graph of a set of labeled graphs, i.e. that graph in which i->j iff i->j in >=50%
of the graphs within the set. If normalize==TRUE, then the value of the i,jth edge is given as the
proportion of graphs in which i->j.

Usage

centralgraph (dat, normalize=FALSE)

Arguments
dat one or more input graphs.
normalize boolean indicating whether the results should be normalized. The result of this
is the "mean matrix". By default, normalize==FALSE.
Details

The central graph of a set of graphs S is that graph C which minimizes the sum of Hamming
distances between C and G in S. As such, it turns out (for the dichotomous case, at least), to be
analogous to both the mean and median for sets of graphs. The central graph is useful in a variety
of contexts; see the references below for more details.

Value

A matrix containing the central graph (or mean matrix)

Note

0.5 is used as the cutoff value regardless of whether or not the data is dichotomous (as is tacitly
assumed). The routine is unaffected by data type when normalize==TRUE.

Author(s)

Carter T. Butts (buttsc@uci.edu)
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References

Banks, D.L., and Carley, K.M. (1994). “Metric Inference for Social Networks.” Journal of Classi-
fication, 11(1), 121-49.

See Also

hdist

Examples

#Generate some random graphs
dat<-rgraph (10, 5)

#Find the central graph
cg<-centralgraph (dat)

#Plot the central graph

gplot (cq)

#Now, look at the mean matrix
cg<-centralgraph (dat, normalize=TRUE)

print (cg)
centralization Find the Centralization of a Given Network, for Some Measure of Cen-
trality
Description

Centralization returns the centralization GLI (graph-level index) for a given graph in dat,
given a (node) centrality measure FUN. Centralization follows Freeman’s (1979) generalized
definition of network centralization, and can be used with any properly defined centrality measure.
This measure must be implemented separately; see the references below for examples.

Usage
centralization(dat, FUN, g=1, mode="digraph", diag=FALSE,
normalize=TRUE, ...)
Arguments
dat one or more input graphs.
FUN Function to return nodal centrality scores.
g Integer indicating the index of the graph for which centralization should be com-

puted. By default, g=1.

mode String indicating the type of graph being evaluated. "digraph" indicates that
edges should be interpreted as directed; "graph" indicates that edges are undi-
rected. mode is set to "digraph” by default.

diag Boolean indicating whether or not the diagonal should be treated as valid data.
Set this true if and only if the data can contain loops. diag is FALSE by default.
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normalize Boolean indicating whether or not the centralization score should be normalized
to the theoretical maximum. (Note that this function relies on FUN to return this
value when called with tmaxdev==TRUE.) By default, tmaxdev==TRUE.

Additional arguments to FUN.
Details

The centralization of a graph G for centrality measure C'(v) is defined (as per Freeman (1979)) to
be:

C*(G) =

i€V (GQ)

max (C(v)) — C(7)

veV(G)

Or, equivalently, the absolute deviation from the maximum of C on G. Generally, this value is
normalized by the theoretical maximum centralization score, conditional on |V (G)|. (Here, this
functionality is activated by normalize.) Centralization depends on the function specified
by FUN to return the vector of nodal centralities when called with dat and g, and to return the
theoretical maximum value when called with the above and tmaxdev==TRUE. For an example of
such a centrality routine, see degree.

Value

The centralization of the specified graph.

Note

See cugtest for null hypothesis tests involving centralization scores.

Author(s)

Carter T. Butts (buttsc@uci.edu)

References

Freeman, L.C. (1979). “Centrality in Social Networks I: Conceptual Clarification.” Social Net-
works, 1, 215-239.

Wasserman, S., and Faust, K. (1994). Social Network Analysis: Methods and Applications. Cam-
bridge: Cambridge University Press.

See Also

cugtest

Examples

#Generate some random graphs

dat<-rgraph (5, 10)

#How centralized is the third one on indegree?
centralization (dat,g=3,degree, cmode="indegree")
#How about on total (Freeman) degree?
centralization (dat,g=3, degree)
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closeness Compute the Closeness Centrality Scores of Network Positions

Description

closeness takes one or more graphs (dat) and returns the closeness centralities of positions (se-
lected by nodes) within the graphs indicated by g. Depending on the specified mode, closeness on
directed or undirected geodesics will be returned; this function is compatible with centralization,
and will return the theoretical maximum absolute deviation (from maximum) conditional on size
(which is used by centralization to normalize the observed centralization score).

Usage

closeness (dat, g=1, nodes=NULL, gmode="digraph", diag=FALSE,
tmaxdev=FALSE, cmode="directed", geodist.precomp=NULL,
rescale=FALSE)

Arguments

dat one or more input graphs.

g integer indicating the index of the graph for which centralities are to be calcu-
lated (or a vector thereof). By default, g=1.

nodes list indicating which nodes are to be included in the calculation. By default, all
nodes are included.

gmode string indicating the type of graph being evaluated. "digraph" indicates that
edges should be interpreted as directed; "graph" indicates that edges are undi-
rected. gmode is set to "digraph" by default.

diag boolean indicating whether or not the diagonal should be treated as valid data.
Set this true if and only if the data can contain loops. diag is FALSE by default.

tmaxdev boolean indicating whether or not the theoretical maximum absolute deviation
from the maximum nodal centrality should be returned. By default, tmaxdev==FALSE.

cmode string indicating the type of closeness centrality being computed (distances on

directed or undirected geodesics).

geodist.precomp
a geodist object precomputed for the graph to be analyzed (optional)

rescale if true, centrality scores are rescaled such that they sum to 1.

Details

The closeness of a vertex v is defined as

V(G)|-1

Celv) =& i)
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where d(i, j) is the geodesic distance between i and j (where defined). Closeness is ill-defined
on disconnected graphs; in such cases, this routine substitutes Inf. It should be understood that
this modification is not canonical (though it is common), but can be avoided by not attempting to
measure closeness on disconnected graphs in the first place! Intuitively, closeness provides an index
of the extent to which a given vertex has short paths to all other vertices in the graph; this is one
reasonable measure of the extent to which a vertex is in the “middle” of a given structure.

Value
A vector, matrix, or list containing the closeness scores (depending on the number and size of the
input graphs).

Note
Judicious use of geodist.precomp can save a great deal of time when computing multiple
path-based indices on the same network.

Author(s)

Carter T. Butts, (buttsc@uci.edu)

References

Freeman, L.C. (1979). “Centrality in Social Networks I: Conceptual Clarification.” Social Net-
works, 1, 215-239.

See Also
centralization
Examples
g<-rgraph (10) #Draw a random graph with 10 members
closeness (g) #Compute closeness scores
component .dist Calculate the Component Size Distribution of a Graph
Description

component . dist returns a list containing a vector of length n such that the ith element contains
the number of components of graph G having size i, and a vector of length n giving component
membership (where n is the graph order). Component strength is determined by the connected
parameter; see below for details.

component . largest identifies the component(s) of maximum order within graph G. It returns
either a 1ogical vector indicating membership in a maximum component or the adjacency matrix
of the subgraph of GG induced by the maximum component(s), as determined by result. Compo-
nent strength is determined as per component .dist.
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Usage

component .dist (dat, connected=c ("strong", "weak","unilateral",
"recursive"))

component.largest (dat, connected=c("strong", "weak","unilateral",

"recursive"), result = c("membership", "graph"))
Arguments
dat one or more input graphs.
connected a string selecting strong, weak, unilateral or recursively connected components;
by default, "strong" components are used.
result a string indicating whether a vector of membership indicators or the induced
subgraph of the component should be returned.
Details

Components are maximal sets of mutually connected vertices; depending on the definition of “con-
nected” one employs, one can arrive at several types of components. Those supported here are as
follows (in increasing order of restrictiveness):

1. weak: vy is connected to vy iff there exists a semi-path from v; to vs (i.e., a path in the weakly
symmetrized graph)

2. unilateral: vy is connected to vy iff there exists a directed path from v; to v or a directed
path from v to v;

3. strong: v; is connected to vy iff there exists a directed path from v; to vo and a directed
path from vs to v;

4. recursive: v is connected to vy iff there exists a vertex sequence v, ..., v, such that

V1, Vg, ..., Vs, U2 and v, v,, ..., V4, vy are directed paths

Note that the above definitions are distinct for directed graphs only; if dat is symmetric, then the
connected parameter has no effect.

Value

For component .dist, a list containing:

membership A vector of component memberships, by vertex
csize A vector of component sizes, by component

cdist A vector of length IV(G)| with the (unnormalized) empirical distribution func-
tion of component sizes

If multiple input graphs are given, the return value is a list of lists.

For component . largest, either a 1logical vector of component membership indicators or
the adjacency matrix of the subgraph induced by the largest component(s) is returned. If multiple
graphs were given as input, a list of results is returned.
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Note

Unilaterally connected component partitions may not be well-defined, since it is possible for a
given vertex to be unilaterally connected to two vertices which are not unilaterally connected
with one another. Consider, for instance, the graph a — b < ¢ — d. In this case, the maxi-
mal unilateral components are ab and bcd, with vertex b properly belonging to both components.
For such graphs, a unique partition of vertices by component does not exist, and we “solve” the
problem by allocating each “problem vertex” to one of its components on an essentially arbitrary
basis. (component.dist generates a warning when this occurs.) It is recommended that the
unilateral option be avoided where possible.

Do not make the mistake of assuming that the subgraphs returned by component . largest are
necessarily connected. This is usually the case, but depends upon the uniqueness of the largest
component.

Author(s)

Carter T. Butts (buttsc@uci.edu)

References

West, D.B. (1996). Introduction to Graph Theory. Upper Saddle River, N.J.: Prentice Hall.

See Also

components, symmetrize, reachability geodist

Examples

g<-rgraph (20, tprob=0.06) #Generate a sparse random graph

#Find weak components
cd<-component .dist (g, connected="weak")
cd$membership #Who's in what component?
cd$csize #What are the component sizes?
#Plot the size distribution
plot (1:1length(cd$cdist),cd$cdist/sum(cd$cdist),ylim=c(0,1),type="h")
lgc<—-component.largest (g, connected="weak") #Get largest component
gplot (g, vertex.col=2+1gc) #Plot g, with component membership
#Plot largest component itself
gplot (component.largest (g, connected="weak", result="graph"))

#Find strong components
cd<-component .dist (g, connected="strong")
cd$membership #Who's in what component?
cd$csize #What are the component sizes?
#Plot the size distribution
plot (1:1length (cd$cdist),cdScdist/sum(cdScdist),ylim=c(0,1),type="h")
lgc<—component.largest (g, connected="strong") #Get largest component
gplot (g, vertex.col=2+1gc) #Plot g, with component membership
#Plot largest component itself
gplot (component.largest (g, connected="strong", result="graph"))
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components Find the Number of (Maximal) Components Within a Given Graph

Description

Returns the number of components within dat, using the connectedness rule given in connected.

Usage

components (dat, connected="strong", comp.dist.precomp=NULL)

Arguments
dat one or more input graphs.
connected the the component definition to be used by component . dist during compo-

nent extraction.
comp.dist.precomp
a component size distribution object from component . dist (optional).

Details

The connected parameter corresponds to the rule parameter of component .dist. By de-
fault, component s returns the number of strong components, but other component types can be
returned if so desired. (See component .dist for details.) For symmetric matrices, this is obvi-
ously a moot point.

Value

A vector containing the number of components for each graph in dat

Author(s)

Carter T. Butts (buttsc@uci.edu)

References

West, D.B. (1996). Introduction to Graph Theory. Upper Saddle River, NJ: Prentice Hall.

See Also

component .dist, symmetrize
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Examples

g<-rgraph (20, tprob=0.05) #Generate a sparse random graph

#Find weak components
components (g, connected="weak")

#Find strong components
components (g, connected="strong")

connectedness Compute Graph Connectedness Scores

Description

connectedness takes one or more graphs (dat) and returns the Krackhardt connectedness
scores for the graphs selected by g.

Usage

connectedness (dat, g=NULL)

Arguments

dat one or more graphs.

g index values for the graphs to be utilized; by default, all graphs are selected.
Details

Krackhardt’s connectedness for a digraph G is equal to the fraction of all dyads, {¢,j}, such that
there exists an undirected path from ¢ to j in G. (This, in turn, is just the density of the weak
reachability graph of G.) Obviously, the connectedness score ranges from O (for the null
graph) to 1 (for weakly connected graphs).

Connectedness is one of four measures (connectedness, efficiency, hierarchy, and
lubness) suggested by Krackhardt for summarizing hierarchical structures. Each corresponds to
one of four axioms which are necessary and sufficient for the structure in question to be an outtree;
thus, the measures will be equal to 1 for a given graph iff that graph is an outtree. Deviations
from unity can be interpreted in terms of failure to satisfy one or more of the outtree conditions,
information which may be useful in classifying its structural properties.

Value

A vector containing the connectedness scores
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Note

The four Krackhardt indices are, in general, nondegenerate for a relatively narrow band of size/density
combinations (efficiency being the sole exception). This is primarily due to their dependence on the
reachability graph, which tends to become complete rapidly as size/density increase. See Krack-
hardt (1994) for a useful simulation study.

Author(s)

Carter T. Butts (buttsc@uci.edu)

References

Krackhardt, David. (1994). “Graph Theoretical Dimensions of Informal Organizations.” In K.
M. Carley and M. J. Prietula (Eds.), Computational Organization Theory, 89-111. Hillsdale, NJ:
Lawrence Erlbaum and Associates.

See Also

connectedness,efficiency, hierarchy, lubness, reachability

Examples

#Get connectedness scores for graphs of varying densities
connectedness (rgraph (10, 5, tprob=c(0.1,0.25,0.5,0.75,0.9)))

consensus Estimate a Consensus Structure from Multiple Observations

Description
consensus estimates a central or consensus structure given multiple observations, using one of
several algorithms.

Usage

consensus (dat, mode="digraph", diag=FALSE, method="central.graph",
tol=1e-06, maxiter=le3, verbose=TRUE, no.bias=FALSE)

Arguments
dat a set of input graphs (must have same order).
mode "digraph™" for directed data, else "graph".
diag logical; should diagonals (loops) be treated as data?
method oneof "central.graph","single.reweight","iterative.reweight",

"romney.batchelder", "PCA.reweight", "LAS.intersection",
"LAS.union", "OR.row",or "OR.col".
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tol convergence tolerance for the iterative reweighting and B-R algorithms.
maxiter maximum number of iterations to take (regardless of convergence) for the itera-
tive reweighting and B-R algorithms.
verbose logical; should bias and competency parameters be reported (where computed)?
no.bias logical; should responses be assumed to be unbiased?
Details

The term “consensus structure” is used by a number of authors to reflect a notion of shared or
common perceptions of social structure among a set of observers. As there are many interpretations
of what is meant by “consensus” (and as to how best to estimate it), several algorithms are employed

here:

. central.graph: Estimate the consensus structure using the central graph. This corre-

sponds to a “median response” notion of consensus.

. single.reweight: Estimate the consensus structure using subject responses, reweighted

by mean graph correlation. This corresponds to an “expertise-weighted vote” notion of con-
sensus.

. iterative.reweight: Similarto single.reweight, but the consensus structure and

accuracy parameters are estimated via an iterated proportional fitting scheme. The implemen-
tation employed here uses both bias and competency parameters.

. romney .batchelder: Fits a Romney-Batchelder informant accuracy model using IPF.

This is very similar to iterative.reweight, but can be interpreted as the result of a
process in which each informant report is correct with a probability equal to the informant’s
competency score, and otherwise equal to a Bernoulli trial with parameter equal to the infor-
mant’s bias score.

. PCA.reweight: Estimate the consensus using the (scores on the) first component of a net-

work PCA. This corresponds to a “shared theme” or “common element” notion of consensus.

. LAS.intersection: Estimate the consensus structure using the locally aggregated struc-

ture (intersection rule). In this model, an i->j edge exists iff i and j agree that it exists.

. LAS.union: Estimate the consensus structure using the locally aggregated structure (union

rule). In this model, an i->j edge exists iff i or j agree that it exists.

. OR.row: Estimate the consensus structure using own report. Here, we take each informant’s

outgoing tie reports to be correct.

. OR.col: Estimate the consensus structure using own report. Here, we take each informant’s

incoming tie reports to be correct.

Note that the results returned by the single weighting algorithms are not dichotomized by default;
since some algorithms thus return valued graphs, dichotomization may be desirable prior to use.

It should be noted that a model for estimating an underlying criterion structure from multiple in-
formant reports is provided in bbnam; if your goal is to reconstruct an “objective” network from
informant reports, this (or the R-B model) may prove more useful than the ad-hoc solutions.

Value

An adjacency matrix representing the consensus structure
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Author(s)

Carter T. Butts (buttsc@uci.edu)

References

Banks, D.L., and Carley, K.M. (1994). “Metric Inference for Social Networks.” Journal of Classi-
fication, 11(1), 121-49.

Butts, C.T., and Carley, K.M. (2001). “Multivariate Methods for Inter-Structural Analysis.” CASOS
Working Paper, Carnegie Mellon University.

Krackhardt, D. (1987). “Cognitive Social Structures.” Social Networks, 9, 109-134.

Romney, A.K.; Weller, S.C.; and Batchelder, W.H. (1986). “Culture as Consensus: A Theory of
Culture and Informant Accuracy.” American Anthropologist, 88(2), 313-38.

See Also

bbnam, centralgraph

Examples

#Generate some test data
g<-rgraph (5)
g.pobs<-gx0.9+(1-g)x0.5
g.obs<-rgraph (5, 5, tprob=g.pobs)

#Find some consensus structures

consensus (g.obs) #Central graph

consensus (g.obs,method="single.reweight") #Single reweighting

consensus (g.obs,method="PCA.reweight") #1st component in network PCA
cugtest Perform Conditional Uniform Graph (CUG) Hypothesis Tests for

Graph-Level Indices

Description

cugtest tests an arbitrary GLI (computed on dat by FUN) against a conditional uniform graph
null hypothesis, via Monte Carlo simulation of likelihood quantiles. Some variation in the nature
of the conditioning is available; currently, conditioning only on size, conditioning jointly on size
and estimated tie probability (via density), and conditioning jointly on size and (bootstrapped) edge
value distributions are implemented. Note that fair amount of flexibility is possible regarding CUG
tests on functions of GLIs (Anderson et al., 1999). See below for more details.

Usage

cugtest (dat, FUN, reps=1000, gmode="digraph", cmode="density",
diag=FALSE, gl=1, g2=2, ...)
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Arguments

dat graph(s) to be analyzed.

FUN function to compute GLIs, or functions thereof. FUN must accept dat and the
specified g arguments, and should return a real number.

reps integer indicating the number of draws to use for quantile estimation. Note
that, as for all Monte Carlo procedures, convergence is slower for more extreme
quantiles. By default, reps==1000.

gmode string indicating the type of graph being evaluated. "digraph" indicates that
edges should be interpreted as directed; "graph" indicates that edges are undi-
rected. gmode is set to "digraph" by default.

cmode string indicating the type of conditioning assumed by the null hypothesis. If
cmode is set to "density", then the density of the graph in question is used
to determine the tie probabilities of the Bernoulli graph draws (which are also
conditioned on IV(G)I). Ifcmode=="ties", then draws are bootstrapped from
the distribution of edge values within the data matrices. If cmode="order",
then draws are uniform over all graphs of the same order (size) as the graphs
within the input stack. By default, cmode is set to "density".

diag boolean indicating whether or not the diagonal should be treated as valid data.
Set this true if and only if the data can contain loops. diag is FALSE by default.

gl integer indicating the index of the first graph input to the GLI. By default,
gl==1.

g2 integer indicating the index of the second graph input to the GLI. (FUN can
ignore this, if one wishes to test the GLI value of a single graph, but it should
recognize the argument.) By default, g2==2.

additional arguments to FUN.

Details

The null hypothesis of the CUG test is that the observed GLI (or function thereof) was drawn
from a distribution isomorphic to that of said GLI evaluated (uniformly) on the space of all graphs
conditional on one or more features. The most common "features" used for conditioning purposes
are order (size) and density, both of which are known to have strong and nontrivial effects on
other GLIs (Anderson et al., 1999) and which are, in many cases, exogenously determined. Since
theoretical results regarding functions of arbitrary GLIs on the space of graphs are not available,
the standard approach to CUG testing is to approximate the quantiles of the likelihood associated
with the null hypothesis using Monte Carlo methods. This is the technique utilized by cugtest,
which takes appropriately conditioned draws from the set of graphs and computes on them the GLI
specified in FUN, thereby accumulating an approximation to the true likelihood.

The cugtest procedure returns a cugtest object containing the estimated likelihood (distri-
bution of the test GLI under the null hypothesis), the observed GLI value of the data, and the
one-tailed p-values (estimated quantiles) associated with said observation. As usual, the (upper
tail) null hypothesis is rejected for significance level alpha if p>=observation is less than alpha (or
p<=observation, for the lower tail). Standard caveats regarding the use of null hypothesis testing
procedures are relevant here: in particular, bear in mind that a significant result does not necessarily
imply that the likelihood ratio of the null model and the alternative hypothesis favors the latter.
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Informative and aesthetically pleasing portrayals of cugtest objects are available viathe print . cugtest
and summary.cugtest methods. The plot.cugtest method displays the estimated distri-
bution, with a reference line signifying the observed value.

Value

An object of class cugtest, containing

testval The observed GLI value.
dist A vector containing the Monte Carlo draws.
pgreq The proportion of draws which were greater than or equal to the observed GLI
value.
pleeq The proportion of draws which were less than or equal to the observed GLI
value.
Author(s)

Carter T. Butts (buttsc@uci.edu)

References

Anderson, B.S.; Butts, C.T.; and Carley, K.M. (1999). “The Interaction of Size and Density with
Graph-Level Indices.” Social Networks, 21(3), 239-267.

See Also

gaptest,gliop

Examples

#Draw two random graphs, with different tie probabilities
dat<-rgraph (20,2, tprob=c(0.2,0.8))

#Is their correlation higher than would be expected, conditioning
#only on size-?

cug<-cugtest (dat, gcor, cmode="order")

summary (cug)

#Now, let's try conditioning on density as well.
cug<-cugtest (dat, gcor)

summary (cug)
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degree Compute the Degree Centrality Scores of Network Positions

Description

Degree takes one or more graphs (dat) and returns the degree centralities of positions (selected by
nodes) within the graphs indicated by g. Depending on the specified mode, indegree, outdegree,
or total (Freeman) degree will be returned; this function is compatible with centralization,
and will return the theoretical maximum absolute deviation (from maximum) conditional on size
(which is used by centralization to normalize the observed centralization score).

Usage

degree (dat, g=1, nodes=NULL, gmode="digraph", diag=FALSE,
tmaxdev=FALSE, cmode="freeman", rescale=FALSE)

Arguments
dat one or more input graphs.
g integer indicating the index of the graph for which centralities are to be calcu-
lated (or a vector thereof). By default, g=1.
nodes vector indicating which nodes are to be included in the calculation. By default,
all nodes are included.
gmode string indicating the type of graph being evaluated. "digraph" indicates that
edges should be interpreted as directed; "graph" indicates that edges are undi-
rected. gmode is set to "digraph" by default.
diag boolean indicating whether or not the diagonal should be treated as valid data.
Set this true if and only if the data can contain loops. diag is FALSE by default.
tmaxdev boolean indicating whether or not the theoretical maximum absolute deviation
from the maximum nodal centrality should be returned. By default, tmaxdev==FALSE.
cmode string indicating the type of degree centrality being computed. "indegree", "out-
degree", and "freeman" refer to the indegree, outdegree, and total (Freeman)
degree measures, respectively. The default for cmode is "freeman".
rescale if true, centrality scores are rescaled such that they sum to 1.
Details

Degree centrality is the social networker’s term for various permutations of the graph theoretic
notion of vertex degree: indegree of a vertex, v, corresponds to the cardinality of the vertex set
Nt(w) = {i € V(GQ) : (i,v) € E(G)}; outdegree corresponds to the cardinality of the vertex
set N~ (v) = {i € V(G) : (v,i) € E(G)}; and total (or "Freeman") degree corresponds to
INT(v)|+|N~(v)]. (Note that, for simple graphs, indegree=outdegree=total degree/2.) Obviously,
degree centrality can be interpreted in terms of the sizes of actors’ neighborhoods within the larger
structure. See the references below for more details.
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Value

A vector, matrix, or list containing the degree scores (depending on the number and size of the input
graphs).

Author(s)

Carter T. Butts (buttsc@uci.edu)

References

Freeman, L.C. (1979). “Centrality in Social Networks I: Conceptual Clarification.” Social Net-
works, 1, 215-239.

See Also

centralization

Examples

#Create a random directed graph

dat<-rgraph (10)

#Find the indegrees, outdegrees, and total degrees
degree (dat, cmode="indegree")

degree (dat, cmode="outdegree")

degree (dat)

diag.remove Remove the Diagonals of Adjacency Matrices in a Graph Stack

Description

Returns the input graphs, with the diagonal entries removed/replaced as indicated.

Usage

diag.remove (dat, remove.val=NA)

Arguments

dat one or more graphs.

remove.val the value with which to replace the existing diagonals

Details

diag.remove is simply a convenient way to apply diag to an entire collection of adjacency
matrices/network objects at once.
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Value

The updated graphs.

Author(s)

Carter T. Butts (buttsc@uci.edu)

See Also

diag, upper.tri.remove, lower.tri.remove

Examples

#Generate a random graph stack
g<-rgraph (3, 5)

#Remove the diagonals
g<-diag.remove (g)

dyad.census Compute a Holland and Leinhardt MAN Dyad Census

Description
dyad.census computes a Holland and Leinhardt dyad census on the graphs of dat selected by
g.

Usage

dyad.census (dat, g=NULL)

Arguments

dat one or more graphs.

g the elements of dat to be included; by default, all graphs are processed.
Details

Each dyad in a directed graph may be in one of four states: the null state (a ~ b), the complete or
mutual state (a < b), and either of two asymmetric states (a «<— b or a — b). Holland and Lein-
hardt’s dyad census classifies each dyad into the mutual, asymmetric, or null categories, counting
the number of each within the digraph. These counts can be used as the basis for null hypothesis
tests (since their distributions are known under assumptions such as constant edge probability), or
for the generation of random graphs (e.g., via the UIMAN distribution, which conditions on the
numbers of mutual, asymmetric, and null dyads in each graph).
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Value

A matrix whose three columns contain the counts of mutual, asymmetric, and null dyads (respec-
tively) for each graph

Author(s)

Carter T. Butts (buttsc@uci.edu)

References

Holland, P.W. and Leinhardt, S. (1970). “A Method for Detecting Structure in Sociometric Data.”
American Journal of Sociology, 76, 492-513.

Wasserman, S., and Faust, K. (1994). “Social Network Analysis: Methods and Applications.”
Cambridge: Cambridge University Press.

See Also

mutuality, grecip, rguman triad.census, kcycle.census, kpath.census

Examples

#Generate a dyad census of random data with varying densities
dyad.census (rgraph (15,5, tprob=c(0.1,0.25,0.5,0.75,0.9)))

efficiency Compute Graph Efficiency Scores

Description

efficiency takes one or more graphs (dat) and returns the Krackhardt efficiency scores for the
graphs selected by g.

Usage

efficiency(dat, g=NULL, diag=FALSE)

Arguments
dat one or more graphs.
g index values for the graphs to be utilized; by default, all graphs are selected.

diag TRUE if the diagonal contains valid data; by default, diag==FALSE.
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Details

Let G = U}_,G; be a digraph with weak components G1,Ga,...,G,. For convenience, we
denote the cardinalities of these components’ vertex sets by |V (G)| = N and |V(G;)| = N,
Vi € 1,...,n. Then the Krackhardt efficiency of G is given by

[E(G) = >y (Ni = 1)

ST NN D) - (N 1)

which can be interpreted as 1 minus the proportion of possible “extra” edges (above those needed to
weakly connect the existing components) actually present in the graph. A graph which an efficiency
of 1 has precisely as many edges as are needed to connect its components; as additional edges are
added, efficiency gradually falls towards O.

Efficiency is one of four measures (connectedness,efficiency,hierarchy, and lubness)
suggested by Krackhardt for summarizing hierarchical structures. Each corresponds to one of four
axioms which are necessary and sufficient for the structure in question to be an outtree; thus, the
measures will be equal to 1 for a given graph iff that graph is an outtree. Deviations from unity can
be interpreted in terms of failure to satisfy one or more of the outtree conditions, information which
may be useful in classifying its structural properties.

Value

A vector of efficiency scores

Note

The four Krackhardt indices are, in general, nondegenerate for a relatively narrow band of size/density
combinations (efficiency being the sole exception). This is primarily due to their dependence on the
reachability graph, which tends to become complete rapidly as size/density increase. See Krack-
hardt (1994) for a useful simulation study.

The violation normalization used before version 0.51 was N (N —1)>"" | (N; — 1), based on a
somewhat different interpretation of the definition in Krackhardt (1994). The former version gave
results which more closely matched those of the cited simulation study, but was less consistent with
the textual definition.

Author(s)

Carter T. Butts (buttsc@uci.edu)

References

Krackhardt, David. (1994). “Graph Theoretical Dimensions of Informal Organizations.” In K.
M. Carley and M. J. Prietula (Eds.), Computational Organization Theory, 89-111. Hillsdale, NJ:
Lawrence Erlbaum and Associates.

See Also

connectedness,efficiency, hierarchy, lubness, gden



44 ego.extract

Examples

#Get efficiency scores for graphs of varying densities
efficiency (rgraph (10,5, tprob=c(0.1,0.25,0.5,0.75,0.9)))

ego.extract Extract Egocentric Networks from Complete Network Data

Description

ego.extract takes one or more input graphs (dat) and returns a list containing the egocentric
networks centered on vertices named in ego, using adjacency rule neighborhood to define inclu-

sion.
Usage
ego.extract (dat, ego = NULL, neighborhood = c("combined", "in",
"out" ) )
Arguments
dat one or more graphs.
ego a vector of vertex IDs, or NULL if all are to be selected.

neighborhood the neighborhood to use.

Details

The egocentric network (or “ego net”) of vertex v in graph G is defined as G[vUN (v)] (i.e., the sub-
graph of GG induced by v and its neighborhood). The neighborhood employed by ego.extract
is selected by the eponymous argument: "in" selects in-neighbors, "out" selects out-neighbors,
and "combined" selects all neighbors. In the event that one of the vertices selected by ego
has no qualifying neighbors, ego.extract will return a degenerate (1 by 1) adjacency matrix
containing that individual’s diagonal entry.

Vertices within the returned matrices are maintained in their original order, save for ego (who is
always listed first). The ego nets themselves are returned in the order specified in the ego parameter
(or their vertex order, if no value was specified).

ego.extract is useful for finding local properties associated with particular vertices. To com-
pute functions of neighbors’ covariates, see gapply.

Value

A list containing the adjacency matrices for the ego nets of each vertex in ego.

Author(s)

Carter T. Butts (buttsc@uci.edu)
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References

Wasserman, S. and Faust, K. (1994). Social Network Analysis: Methods and Applications. Cam-
bridge: Cambridge University Press.
See Also

gapply

Examples

#Generate a sample network
g<-rgraph (10, tp=1.5/9)

#Extract some ego nets
g.in<-ego.extract (g, neighborhood="in")
g.out<-ego.extract (g, neighborhood="out")
g.comb<-ego.extract (g, neighborhood="in")

#View some networks
g.comb

#Compare ego net size with degree

all (sapply (g.in, NROW) ==degree (g, cmode="indegree") +1) #TRUE
all (sapply (g.out, NROW)==degree (g, cmode="outdegree") +1) #TRUE
all (sapply (g.comb, NROW) ==degree (g) /2+1) #Usually FALSE!

#Calculate egocentric network density
ego.size<-sapply (g.comb, NROW)
if (any (ego.size>2))
sapply (g.comb[ego.size>2], function (x) {gden(x[-1,-1]1)1})

equiv.clust Find Clusters of Positions Based on an Equivalence Relation

Description

equiv.clust uses adefinition of approximate equivalence (equiv . fun) to form a hierarchical
clustering of network positions. Where dat consists of multiple relations, all specified relations
are considered jointly in forming the equivalence clustering.

Usage

equiv.clust (dat, g=NULL, equiv.dist=NULL, equiv.fun="sedist",
method="hamming", mode="digraph", diag=FALSE,
cluster.method="complete", glabels=NULL, plabels=NULL, ...)
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Arguments
dat one or more graphs.
g the elements of dat to use in clustering the vertices; by default, all structures

are used.

equiv.dist amatrix of distances, by which vertices should be clustered. (Overrides equiv. fun.)

equiv.fun the distance function to use in clustering vertices (defaults to sedist).
method method parameter to be passed to equiv. fun.

mode “graph” or “digraph,” as appropriate.

diag a boolean indicating whether or not matrix diagonals (loops) should be inter-

preted as useful data.
cluster.method
the hierarchical clustering method to use (see hclust).

glabels labels for the various graphs in dat.
plabels labels for the vertices of dat.

additional arguments to equiv.dist.

Details

This routine is essentially a joint front-end to hclust and various positional distance functions,
though it defaults to structural equivalence in particular. Taking the specified graphs as input,
equiv.clust computes the distances between all pairs of positions using equiv. fun (unless
distances are supplied in equiv.dist), and then performs a cluster analysis of the result. The
return value is an object of class equiv.clust, for which various secondary analysis methods
exist.

Value

An object of class equiv.clust

Note

See sedist for an example of a distance function compatible with equiv.clust.

Author(s)

Carter T. Butts (buttsc@uci.edu)

References

Breiger, R.L.; Boorman, S.A.; and Arabie, P. (1975). “An Algorithm for Clustering Relational Data
with Applications to Social Network Analysis and Comparison with Multidimensional Scaling.”
Journal of Mathematical Psychology, 12, 328-383.

Burt, R.S. (1976). “Positions in Networks.” Social Forces, 55, 93-122.

Wasserman, S., and Faust, K. Social Network Analysis: Methods and Applications. Cambridge:
Cambridge University Press.
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See Also

sedist, blockmodel

Examples

#Create a random graph with _some_ edge structure

g.p<-sapply(runif (20,0,1),rep,20) #Create a matrix of edge
#probabilities

g<-rgraph (20, tprob=g.p) #Draw from a Bernoulli graph
#distribution

#Cluster based on structural equivalence
eg<-equiv.clust (g)
plot (eq)

eval.edgeperturbation

Compute the Effects of Single-Edge Perturbations on Structural In-
dices

Description

Evaluates a given function on an input graph with and without a specified edge, returning the dif-
ference between the results in each case.

Usage

eval.edgeperturbation(dat, i, j, FUN, ...)
Arguments

dat A single adjacency matrix

i The row(s) of the edge(s) to be perturbed

3 The column(s) of the edge(s) to be perturbed

FUN The function to be computed

Additional arguments to FUN

Details

Although primarily a back-end utility for pstar, eval .edgeperturbation may be useful in
any circumstance in which one wishes to assess the stability of a given structural index with respect
to single edge perturbations. The function to be evaluated is calculated first on the input graph with
all marked edges set to present, and then on the same graph with said edges absent. (Obviously, this
is sensible only for dichotomous data.) The difference is then returned.

Inpstar,callstoeval.edgeperturbation are used to construct a perturbation effect matrix
for the GLM.
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Value

The difference in the values of FUN as computed on the perturbed graphs.

Note

length (i) and length (j) must be equal; where multiple edges are specified, the row and
column listings are interpreted as pairs.

Author(s)

Carter T. Butts (buttsc@uci.edu)

References

Anderson, C.; Wasserman, S.; and Crouch, B. (1999). “A p* Primer: Logit Models for Social
Networks. Social Networks, 21,37-66.

See Also

pstar
Examples

#Create a random graph
g<-rgraph (5)

#How much does a one-edge change affect reciprocity?
eval.edgeperturbation(g,1,2,grecip)

evcent Find Eigenvector Centrality Scores of Network Positions

Description

evcent takes one or more graphs (dat) and returns the eigenvector centralities of positions (se-
lected by node s) within the graphs indicated by g. This function is compatible with centralization,
and will return the theoretical maximum absolute deviation (from maximum) conditional on size
(which is used by centralization to normalize the observed centralization score).

Usage

evcent (dat, g=1, nodes=NULL, gmode="digraph", diag=FALSE,
tmaxdev=FALSE, rescale=FALSE)
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Arguments
dat one or more input graphs.
g integer indicating the index of the graph for which centralities are to be calcu-
lated (or a vector thereof). By default, g=1.
nodes vector indicating which nodes are to be included in the calculation. By default,
all nodes are included.
gmode string indicating the type of graph being evaluated. "digraph" indicates that
edges should be interpreted as directed; "graph" indicates that edges are undi-
rected. This is currently ignored.
diag boolean indicating whether or not the diagonal should be treated as valid data.
Set this true if and only if the data can contain loops. diag is FALSE by default.
tmaxdev boolean indicating whether or not the theoretical maximum absolute deviation
from the maximum nodal centrality should be returned. By default, tmaxdev==FALSE.
rescale if true, centrality scores are rescaled such that they sum to 1.
Details

Eigenvector centrality scores correspond to the values of the first eigenvector of the graph adjacency
matrix; these scores may, in turn, be interpreted as arising from a reciprocal process in which the
centrality of each actor is proportional to the sum of the centralities of those actors to whom he or she
is connected. In general, vertices with high eigenvector centralities are those which are connected
to many other vertices which are, in turn, connected to many others (and so on). (The perceptive
may realize that this implies that the largest values will be obtained by individuals in large cliques
(or high-density substructures). This is also intelligible from an algebraic point of view, with the
first eigenvector being closely related to the best rank-1 approximation of the adjacency matrix (a
relationship which is easy to see in the special case of a diagonalizable symmetric real matrix via
the SAS~! decomposition).)

The simple eigenvector centrality is generalized by the Bonacich power centrality measure; see
bonpow for more details.

Value
A vector, matrix, or list containing the centrality scores (depending on the number and size of the
input graphs).

WARNING
evcent will not symmetrize your data before extracting eigenvectors; don’t send this routine
asymmetric matrices unless you really mean to do so.

Note

The theoretical maximum deviation used here is not obtained with the star network, in general. For
symmetric data, the maximum occurs for an empty graph with one complete dyad; the maximum
deviation for asymmetric data is generated by the outstar. UCINET V seems not to adjust for this
fact, which can cause some oddities in their centralization scores (and results in a discrepancy in
centralizations between the two packages).
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Author(s)

event2dichot

Carter T. Butts (buttsc@uci.edu)

References

Bonacich, P. (1987). “Power and Centrality: A Family of Measures.” American Journal of Sociol-
0gy, 92, 1170-1182.

Katz, L. (1953). “A New Status Index Derived from Sociometric Analysis.” Psychometrika, 18,

39-43.

See Also

centralization, bonpow

Examples

#Generate some test data
dat<-rgraph (10, mode="graph")
#Compute eigenvector centrality scores

evcent (dat)

event2dichot

Convert an Observed Event Matrix to a Dichotomous matrix

Description

Given one or more valued adjacency matrices (possibly derived from observed interaction “events”),
event2dichot returns dichotomized equivalents.

Usage

event2dichot (m, method="quantile", thresh=0.5, leg=FALSE)

Arguments

m

method

thresh

leq

one or more (valued) input graphs.

9 EEINT3 9 < 9 < EERNT3 9 ¢

one of “quantile,” “rquantile,” “cquantile,” “mean,” “rmean,” “cmean,” “abso-
lute,” “rank,” “rrank,” or “crank”.

dichotomization thresholds for ranks or quantiles.

boolean indicating whether values less than or equal to the threshold should be
taken as existing edges; the alternative is to use values strictly greater than the
threshold.
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Details

The methods used for choosing dichotomization thresholds are as follows:

[u—y

quantile: specified quantile over the distribution of all edge values
rquantile: specified quantile by row

cquantile: specified quantile by column

mean: grand mean

rmean: Tow mean

cmean: column mean

absolute: the value of thresh itself

rank: specified rank over the distribution of all edge values

D AT o R

rrank: specified rank by row

,_
e

crank: specified rank by column

Note that when a quantile, rank, or value is said to be “specified,” this refers to the value of thresh.

Value

The dichotomized data matrix (or matrices)

Author(s)

Carter T. Butts (buttsc@uci.edu)

References

Wasserman, S. and Faust, K. (1994). Social Network Analysis: Methods and Applications. Cam-
bridge: Cambridge University Press.

Examples

#Draw a matrix of normal values
n<-matrix (rnorm(25),nrow=5,ncol=5)

#Dichotomize by the mean value
event2dichot (n, "mean")

#Dichotomize by the 0.95 quantile
event2dichot (n, "quantile", 0.95)
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gapply

gapply

Apply Functions Over Vertex Neighborhoods

Description

Returns a vector or array or list of values obtained by applying a function to vertex neighborhoods

of a given order.

Usage
gapply (X, MARGIN, STATS, FUN, ..., mode = "digraph", diag = FALSE,
distance = 1, thresh = 0, simplify = TRUE)
Arguments

X one or more input graphs.

MARGIN a vector giving the “margin” of X to be used in calculating neighborhoods. 1
indicates rows (out-neighbors), 2 indicates columns (in-neighbors), and c(1,2)
indicates rows and columns (total neighborhood).

STATS the vector or matrix of vertex statistics to be used.

FUN the function to be applied. In the case of operators, the function name must be
quoted.
additional arguments to FUN.

mode "graph" if X is a simple graph, else "digraph".

diag boolean; are the diagonals of X meaningful?

distance the maximum geodesic distance at which neighborhoods are to be taken. 1 sig-
nifies first-order neighborhoods, 2 signifies second-order neighborhoods, etc.

thresh the threshold to be used in dichotomizing X.

simplify boolean; should we attempt to coerce output to a vector if possible?

Details

For each vertex in X, gapply first identifies all members of the relevant neighborhood (as deter-
mined by MARGIN and distance) and pulls the rows of STATS associated with each. FUN is then
applied to this collection of values. This provides a very quick and easy way to answer questions

like:

* How many persons are in each ego’s 3rd-order neighborhood?

* What fraction of each ego’s alters are female?

* What is the mean income for each ego’s trading partners?

* etc.

With clever use of FUN and STATS, a wide range of functionality can be obtained.
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Value

The result of the iterated application of FUN to each vertex neighborhood’s STATS.

Author(s)

Carter T. Butts (buttsc@uci.edu)

See Also

apply, sapply

Examples

#Generate a random graph
g<—-rgraph (6)

#Calculate the degree of g using gapply

all (gapply(g,1,rep(l, 6), sum)==degree (g, cmode="outdegree"))

all (gapply (g, 2,rep(l, 6), sum)==degree (g, cmode="degree"))

all (gapply(g,c(1l,2),rep(l,6),sum)==degree (symmetrize (g), cmode="freeman") /2)

#Find first and second order neighborhood means on some variable
gapply(g,c(1,2),1:6,mean)
gapply(g,c(1,2),1:6,mean,distance=2)

gclust.boxstats Plot Statistics Associated with Graph Clusters

Description

gclust.boxstats creates side-by-side boxplots of graph statistics based on a hierarchical clus-
tering of networks (cut into k sets).

Usage
gclust.boxstats (h, k, meas, ...)
Arguments
h an hclust object, presumably formed by clustering a set of structural dis-
tances.
k the number of groups to evaluate.
meas a vector of length equal to the number of graphs in h, containing a GLI to be
evaluated.

additional parameters to boxplot.
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Details

gclust.boxstats simply takes the hclust object in h, applies cutree to form k groups,
and then uses boxplot on the distribution of meas by group. This can be quite handy for assessing
graph clusters.

Value

None

Note

Actually, this function will work with any hclust object and measure matrix; the data need not
originate with social networks. For this reason, the clever may also employ this function in con-
junction with sedist or equiv.clust to plot NLIs against clusters of positions within a graph.

Author(s)

Carter T. Butts (buttsc@uci.edu)

References

Butts, C.T., and Carley, K.M. (2001). “Multivariate Methods for Interstructural Analysis.” CASOS
working paper, Carnegie Mellon University.

See Also

gclust.centralgraph,gdist.plotdiff,gdist.plotstats

Examples

#Create some random graphs
g<-rgraph (10,20, tprob=c(rbeta(10,15,2),rbeta(10,2,15)))

#Find the Hamming distances between them
g.h<-hdist (g)

#Cluster the graphs via their Hamming distances
g.c<-hclust (as.dist (g.h))

#Now display boxplots of density by cluster for a two cluster solution
gclust.boxstats (g.c,2,gden (g))
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gclust.centralgraph
Get Central Graphs Associated with Graph Clusters

Description

Calculates central graphs associated with particular graph clusters (as indicated by the k partition
of h).

Usage
gclust.centralgraph(h, k, dat, ...)
Arguments
h an hclust object, based on a graph stack in dat.
k the number of groups to evaluate.
dat one or more graphs (on which the clustering was performed).
additional arguments to centralgraph.
Details

gclust.centralgraph uses cutree to cut the hierarchical clustering in h into k groups.
centralgraph is then called on each cluster, and the results are returned as a graph stack. This
is a useful tool for interpreting clusters of (labeled) graphs, with the resulting central graphs being
subsequently analyzed using standard SNA methods.

Value

An array containing the stack of central graph adjacency matrices

Note

Author(s)

Carter T. Butts (buttsc@uci.edu)

References

Butts, C.T., and Carley, K.M. (2001). “Multivariate Methods for Interstructural Analysis.” CASOS
working paper, Carnegie Mellon University.

See Also

hclust, centralgraph, gclust.boxstats,gdist.plotdiff,gdist.plotstats
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Examples

#Create some random graphs
g<-rgraph (10,20, tprob=c(rbeta(10,15,2),rbeta(10,2,15)))

#Find the Hamming distances between them
g.h<-hdist (qg)

#Cluster the graphs via their Hamming distances
g.c<-hclust (as.dist (g.h))

#Now find central graphs by cluster for a two cluster solution
g.cg<-gclust.centralgraph(g.c,2,q9)

#Plot the central graphs
gplot (g.cgll,,1)
gplot(g.cgl2,,1])

gcor Find the (Product-Moment) Correlation Between Two or More La-
beled Graphs

Description

gcor finds the product-moment correlation between the adjacency matrices of graphs indicated by
gl and g2 in stack dat (or possibly dat2). Missing values are permitted.

Usage

gcor (dat, dat2=NULL, gl=NULL, g2=NULL, diag=FALSE, mode="digraph")

Arguments

dat one or more input graphs.

dat2 optionally, a second stack of graphs.

gl the indices of dat reflecting the first set of graphs to be compared; by default,
all members of dat are included.

g2 the indices or dat (or dat2, if applicable) reflecting the second set of graphs
to be compared; by default, all members of dat are included.

diag boolean indicating whether or not the diagonal should be treated as valid data.
Set this true if and only if the data can contain loops. diag is FALSE by default.

mode string indicating the type of graph being evaluated. "Digraph" indicates that

edges should be interpreted as directed; "graph" indicates that edges are undi-
rected. mode is set to "digraph” by default.
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Details

The (product moment) graph correlation between labeled graphs G and H is given by

cov(G, H)
cor(G,H) =
( ) \/cov(G, G)cov(H, H)

where the graph covariance is defined as

1

cov(G,H) =

Y (AG — na) (Af = nn)

|
{i.5}

N <

( \

(with AY being the adjacency matrix of G). The graph correlation/covariance is at the center of
a number of graph comparison methods, including network variants of regression analysis, PCA,
CCA, and the like.

Note that gcor computes only the correlation between uniquely labeled graphs. For the more
general case, gscor is recommended.

Value

A graph correlation matrix

Note

The gcor routine is really just a front-end to the standard cor method; the primary value-added
is the transparent vectorization of the input graphs (with intelligent handling of simple versus di-
rected graphs, diagonals, etc.). As noted, the correlation coefficient returned is a standard Pearson’s
product-moment coefficient, and output should be interpreted accordingly. Classical null hypothe-
sis testing procedures are not recommended for use with graph correlations; for nonparametric null
hypothesis testing regarding graph correlations, see cugtest and gaptest. For multivariate
correlations among graph sets, try netcancor.

Author(s)

Carter T. Butts (buttsc@uci.edu)

References

Butts, C.T., and Carley, K.M. (2001). “Multivariate Methods for Interstructural Analysis.” CASOS
Working Paper, Carnegie Mellon University.

Krackhardt, D. (1987). “QAP Partialling as a Test of Spuriousness.” Social Networks, 9, 171-86

See Also

gscor, gcov, gscov
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Examples

#Generate two random graphs each of low, medium, and high density
g<-rgraph (10, 6, tprob=c(0.2,0.2,0.5,0.5,0.8,0.8))

#Examine the correlation matrix
gcor (g)

gcov Find the Covariance(s) Between Two or More Labeled Graphs

Description

gcov finds the covariances between the adjacency matrices of graphs indicated by g1 and g2 in
stack dat (or possibly dat2). Missing values are permitted.

Usage

gcov (dat, dat2=NULL, gl=NULL, g2=NULL, diag=FALSE, mode="digraph")

Arguments
dat one or more input graphs.
dat2 optionally, a second graph stack.
gl the indices of dat reflecting the first set of graphs to be compared; by default,
all members of dat are included.
g2 the indices or dat (or dat2, if applicable) reflecting the second set of graphs
to be compared; by default, all members of dat are included.
diag boolean indicating whether or not the diagonal should be treated as valid data.
Set this true if and only if the data can contain loops. diag is FALSE by default.
mode string indicating the type of graph being evaluated. "digraph" indicates that
edges should be interpreted as directed; "graph" indicates that edges are undi-
rected. mode is set to "digraph" by default.
Details

The graph covariance between two labeled graphs is defined as

—_

cov(G,H) = (\TI Z (A1C_7; - NG) (Ag - 'uH)
2/ {ij}

(with A® being the adjacency matrix of G). The graph correlation/covariance is at the center of
a number of graph comparison methods, including network variants of regression analysis, PCA,
CCA, and the like.

Note that gcov computes only the covariance between uniquely labeled graphs. For the more
general case, gscov is recommended.
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Value

A graph covariance matrix

Note

The gcov routine is really just a front-end to the standard cov method; the primary value-added is
the transparent vectorization of the input graphs (with intelligent handling of simple versus directed
graphs, diagonals, etc.). Classical null hypothesis testing procedures are not recommended for use
with graph covariance; for nonparametric null hypothesis testing regarding graph covariance, see
cugtest and gaptest.

Author(s)

Carter T. Butts (buttsc@uci.edu)

References

Butts, C.T., and Carley, K.M. (2001). “Multivariate Methods for Interstructural Analysis.” CASOS
Working Paper, Carnegie Mellon University.
See Also

gscov, gcor, gscor

Examples

#Generate two random graphs each of low, medium, and high density
g<-rgraph (10, 6, tprob=c(0.2,0.2,0.5,0.5,0.8,0.8))

#Examine the covariance matrix
gcov (g)

gden Find the Density of a Graph

Description
gden computes the density of the graphs indicated by g in collection dat, adjusting for the type
of graph in question.

Usage

gden (dat, g=NULL, diag=FALSE, mode="digraph")
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Arguments
dat one or more input graphs.
g integer indicating the index of the graphs for which the density is to be calculated
(or a vector thereof). If g==NULL (the default), density is calculated for all
graphs in dat.
diag boolean indicating whether or not the diagonal should be treated as valid data.
Set this true if and only if the data can contain loops. diag is FALSE by default.
mode string indicating the type of graph being evaluated. "digraph" indicates that
edges should be interpreted as directed; "graph" indicates that edges are undi-
rected. mode is set to "digraph" by default.
Details

The density of a graph is here taken to be the sum of tie values divided by the number of possible
ties (i.e., an unbiased estimator of the graph mean); hence, the result is interpretable for valued
graphs as the mean tie value. The number of possible ties is determined by the graph type (and by
diag) in the usual fashion.

Value

The graph density

Author(s)

Carter T. Butts (buttsc@uci.edu)

References

Wasserman, S., and Faust, K. (1994). Social Network Analysis: Methods and Applications. Cam-
bridge: Cambridge University Press.

Examples

#Draw three random graphs
dat<-rgraph (10, 3)
#Find their densities

gden (dat)
gdist.plotdiff Plot Differences in Graph-level Statistics Against Inter-graph Dis-
tances
Description

For a given graph set, gdist .plotdiff plots the distances between graphs against their dis-
tances (or differences) on a set of graph-level measures.
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Usage

gdist.plotdiff (d, meas, method="manhattan", jitter=TRUE,
xlab="Inter-Graph Distance", ylab="Measure Distance",

Im.line=FALSE, ...)
Arguments

d A matrix containing the inter-graph distances

meas An n x m matrix containing the graph-level indices; rows of this matrix must
correspond to graphs, and columns to indices

method The distance method used by dist to establish differences/distances between
graph GLI values. By default, absolute ("manhattan") differences are used.

jitter Should values be jittered prior to display?

xlab A label for the X axis

ylab A label for the Y axis

Im.line Include a least-squares line?

Additional arguments to plot

Details

gdist.plotdiff works by taking the distances between all graphs on meas and then plot-
ting these distances against d for all pairs of graphs (with, optionally, an added least-squares line
for reference value). This can be a useful exploratory tool for relating inter-graph distances (e.g.,
Hamming distances) to differences on other attributes.

Value

None

Note

This function is actually quite generic, and can be used with node-level — or even non-network —
data as well.

Author(s)

Carter T. Butts (buttsc@uci.edu)

References
Butts, C.T., and Carley, K.M. (2001). “Multivariate Methods for Interstructural Analysis.” CASOS
working paper, Carnegie Mellon University.

See Also

gdist.plotstats,gclust.boxstats, gclust.centralgraph
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Examples

#Generate some random graphs with varying densities
g<-rgraph (10,20, tprob=runif (20,0,1))

#Find the Hamming distances between graphs
g.h<-hdist (qg)

#Plot the relationship between distance and differences in density
gdist.plotdiff(g.h,gden(g),1lm.line=TRUE)

gdist.plotstats Plot Various Graph Statistics Over a Network MDS

Description
Plots a two-dimensional metric MDS of d, with the corresponding values of meas indicated at each
point. Various options are available for controlling how meas is to be displayed.

Usage

gdist.plotstats(d, meas, siz.lim=c(0, 0.15), rescale="quantile",
display.scale="radius", display.type="circleray", cex=0.5, pch=1,
labels=NULL, pos=1, labels.cex=1, legend=NULL, legend.xy=NULL,

legend.cex=1, ...)
Arguments
d A matrix containing the inter-graph distances
meas An nxm matrix containing the graph-level measures; each row must correspond

to a graph, and each column must correspond to an index

siz.lim The minimum and maximum sizes (respectively) of the plotted symbols, given
as fractions of the total plotting range

rescale One of “quantile” for ordinal scaling, “affine” for max-min scaling, and “nor-
malize” for rescaling by maximum value; these determine the scaling rule to be
used in sizing the plotting symbols

display.scale
One of “area” or “radius”; this controls the attribute of the plotting symbol which
is rescaled by the value of meas

display.type One of “circle”, “ray”, “circleray”, “poly”, or “polyray”; this determines the
type of plotting symbol used (circles, rays, polygons, or come combination of

these)
cex Character expansion coefficient
pch Point types for the base plotting symbol (not the expanded symbols which are

used to indicate meas values)

labels Point labels, if desired
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pos Relative position of labels (see par)
labels.cex  Character expansion factor for labels
legend Add alegend?

legend.xy X,y coordinates for legend
legend.cex  Character expansion factor for legend

Additional arguments to plot

Details

gdist.plotstats works by performing an MDS (using cmdscale) on d, and then using the
values in meas to determine the shape of the points at each MDS coordinate. Typically, these shapes
involve rays of varying color and length indicating meas magnitude, with circles and polygons of
the appropriate radius and/or error being options as well. Various options are available (described
above) to govern the details of the data display; some tinkering may be needed in order to produce
an aesthetically pleasing visualization.

The primary use of gdist.plotstats is to explore broad relationships between graph proper-
ties and inter-graph distances. This routine complements others in the gdist and gclust family
of interstructural visualization tools.

Value

None

Note
This routine does not actually depend on the data’s being graphic in origin, and can be used with
any distance matrix/measure matrix combination.

Author(s)

Carter T. Butts (buttsc@uci.edu)

References
Butts, C.T., and Carley, K.M. (2001). “Multivariate Methods for Interstructural Analysis.” CASOS
working paper, Carnegie Mellon University.

See Also

gdist.plotdiff, gclust.boxstats,gclust.centralgraph

Examples

#Generate random graphs with varying density
g<-rgraph (10,20, tprob=runif (20,0,1))

#Get Hamming distances between graphs
g.h<-hdist (qg)
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#Plot the association of distance, density, and reciprocity
gdist.plotstats(g.h,cbind(gden(g),grecip(qg)))

geodist Fund the Numbers and Lengths of Geodesics Among Nodes in a Graph

Description

geodist uses a BFS to find the number and lengths of geodesics between all nodes of dat. Where
geodesics do not exist, the value in inf. replace is substituted for the distance in question.

Usage

geodist (dat, inf.replace=Inf)

Arguments

dat one or more input graphs.

inf.replace the value to use for geodesic distances between disconnected nodes; by default,
this is equal Inf.

Details

This routine is used by a variety of other functions; many of these will allow the user to provide
manually precomputed geodist output so as to prevent expensive recomputation. Note that the
choice of one greater than the maximum path length for disconnected vertex pairs is non-canonical
(albeit common), and some may prefer to simply treat these as missing values. geodist (without
loss of generality) treats all paths as directed, a fact which should be kept in mind when interpreting
geodist output.

Value

A list containing:

counts A matrix containing the number of geodesics between each pair of vertices
sigma A matrix containing the geodesic distances between each pair of vertices
Note

geodist implicitly treats graphs as unvalued; as such, reported distances may not be correct if all
edge weights are non-identical.

Author(s)

Carter T. Butts (buttsc@uci.edu)
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References

Brandes, U. (2000). “Faster Evaluation of Shortest-Path Based Centrality Indices.” Konstanzer
Schriften in Mathematik und Informatik, 120.

West, D.B. (1996). Introduction to Graph Theory. Upper Saddle River, N.J.: Prentice Hall.

See Also

component .dist, components

Examples

#Find geodesics on a random graph
gd<-geodist (rgraph (15))

#Examine the number of geodesics
gdS$counts

#Examine the geodesic distances
gd$gdist

gliop Return a Binary Operation on GLI Values Computed on Two Graphs

Description

gliop is a wrapper which allows for an arbitrary binary operation on GLISs to be treated as a single
call. This is particularly useful for test routines such as cugtest and gaptest.

Usage
gliop(dat, GFUN, OP="-", gl=1, g2=2, ...)
Arguments
dat a collection of graphs.
GFUN a function taking single graphs as input.
OP the operator to use on the output of GFUN.
gl the index of the first input graph.
g2 the index of the second input graph.
Additional arguments to GFUN
Details

gliop operates by evaluating GEUN on the graphs indexed by g1 and g2 and returning the result
of OP as applied to the GFUN output.
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Value

OP (GFUN (dat [gl, , 1,...),GFUN(dat[g2, , 1,...))

Note

If the output of GFUN is not sufficiently well-behaved, undefined behavior may occur. Common
sense is advised.

Author(s)

Carter T. Butts (buttsc@uci.edu)

References

Anderson, B.S.; Butts, C.T.; and Carley, K.M. (1999). “The Interaction of Size and Density with
Graph-Level Indices.” Social Networks, 21(3), 239-267.

See Also

cugtest, gaptest

Examples

#Draw two random graphs
g<-rgraph (10,2, tprob=c(0.2,0.5))

#What is their difference in density?

gliop(g,gden,"-",1,2)
gplot Two-Dimensional Visualization of Graphs
Description

gplot produces a two-dimensional plot of graph g in collection dat. A variety of options are
available to control vertex placement, display details, color, etc.

Usage

gplot (dat, g = 1, gmode = "digraph", diag = FALSE,
label = c(l:dim(dat) [2]), coord = NULL, jitter = TRUE, thresh =
usearrows = TRUE, mode = "fruchtermanreingold",
displayisolates = TRUE, interactive = FALSE, xlab = NULL,
ylab = NULL, xlim = NULL, ylim = NULL, pad = 0.2, label.pad = O.
displaylabels = !missing(label), boxed.labels = TRUE,
label.pos = 0, label.bg = "white", vertex.sides = 8, vertex.rot
arrowhead.cex = 1, label.cex =1, loop.cex = 1, vertex.cex = 1,

edge.col = 1, label.col = 1, vertex.col = 2, label.border = 1,
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vertex.border = 1, edge.lty = 1, label.lty = NULL, vertex.lty = 1,
edge.lwd = 0, label.lwd = par("lwd"), edge.len = 0.5,

edge.curve = 0.1, edge.steps = 50, loop.steps = 20,

object.scale = 0.01, uselen = FALSE, usecurve = FALSE,
suppress.axes = TRUE, vertices.last = TRUE, new = TRUE,

layout.par = NULL, ...)
Arguments
dat a graph or set thereof. This data may be valued.
g integer indicating the index of the graph which is to be plotted. By default,
g==1.
gmode String indicating the type of graph being evaluated. "digraph™" indicates that

edges should be interpreted as directed; "graph" indicates that edges are undi-
rected; "twomode™" indicates that data should be interpreted as bimodal (i.e.,
rows and columns are distinct vertex sets). gmode is set to "digraph" by

default.

diag boolean indicating whether or not the diagonal should be treated as valid data.
Set this true if and only if the data can contain loops. diag is FALSE by default.

label a vector of vertex labels, if desired; defaults to the vertex index number.

coord user-specified vertex coordinates, in an NCOL(dat)x2 matrix. Where this is
specified, it will override the mode setting.

jitter boolean; should the output be jittered?

thresh real number indicating the lower threshold for tie values. Only ties of value
>thresh are displayed. By default, thresh=0.

usearrows boolean; should arrows (rather than line segments) be used to indicate edges?

mode the vertex placement algorithm; this must correspond to a gplot.layout
function.

displayisolates

boolean; should isolates be displayed?

interactive boolean; should interactive adjustment of vertex placement be attempted?

x1lab x axis label.

ylab y axis label.

x1im the x limits (min, max) of the plot.

ylim the y limits of the plot.

pad amount to pad the plotting range; useful if labels are being clipped.
label.pad amount to pad label boxes (if boxed . labels==TRUE), in character size units.
displaylabels

boolean; should vertex labels be displayed?
boxed.labels boolean; place vertex labels within boxes?

label.pos position at which labels should be placed, relative to vertices. 0 results in labels
which are placed away from the center of the plotting region; 1, 2, 3, and 4
result in labels being placed below, to the left of, above, and to the right of
vertices (respectively); and 1abel . pos>=5 results in labels which are plotted
with no offset (i.e., at the vertex positions).
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label.bg

vertex.sides

vertex.rot

gplot

background color for label boxes (if boxed . labels==TRUE); may be a vec-
tor, if boxes are to be of different colors.

number of polygon sides for vertices; may be given as a vector, if vertices are to
be of different types.

angle of rotation for vertices (in degrees); may be given as a vector, if vertices
are to be rotated differently.

arrowhead.cex

label.cex

loop.cex

vertex.cex

edge.col

label.col

vertex.col

label.border

expansion factor for edge arrowheads.
character expansion factor for label text.

expansion factor for loops; may be given as a vector, if loops are to be of differ-
ent sizes.

expansion factor for vertices; may be given as a vector, if vertices are to be of
different sizes.

color for edges; may be given as a vector or adjacency matrix, if edges are to be
of different colors.

color for vertex labels; may be given as a vector, if labels are to be of different
colors.

color for vertices; may be given as a vector, if vertices are to be of different
colors.

label border colors (if boxed.labels==TRUE); may be given as a vector, if
label boxes are to have different colors.

vertex.border

edge.lty

label.lty

vertex.lty

edge. lwd

label.lwd

edge.len

edge.curve

edge.steps

loop.steps

border color for vertices; may be given as a vector, if vertex borders are to be of
different colors.

line type for edge borders; may be given as a vector or adjacency matrix, if edge
borders are to have different line types.

line type for label boxes (if boxed. labels==TRUE); may be given as a vec-
tor, if label boxes are to have different line types.

line type for vertex borders; may be given as a vector or adjacency matrix, if
vertex borders are to have different line types.

line width scale for edges; if set greater than 0, edge widths are scaled by
edge.lwdxdat. May be given as a vector or adjacency matrix, if edges are to
have different line widths.

line width for label boxes (if boxed.labels==TRUE); may be given as a
vector, if label boxes are to have different line widths.

if uselen==TRUE, curved edge lengths are scaled by edge . len.

if usecurve==TRUE, the extent of edge curvature is controlled by edge . curv.
May be given as a fixed value, vector, or adjacency matrix, if edges are to have
different levels of curvature.

for curved edges (excluding loops), the number of line segments to use for the
curve approximation.

for loops, the number of line segments to use for the curve approximation.
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object.scale base length for plotting objects, as a fraction of the linear scale of the plotting
region. Defaults to 0.01.

uselen boolean; should we use edge . 1en to rescale edge lengths?

usecurve boolean; should we use edge . curve?
suppress.axes
boolean; suppress plotting of axes?

vertices.last
boolean; plot vertices after plotting edges?

new boolean; create a new plot? If new==FALSE, vertices and edges will be added
to the existing plot.

layout.par  parameters to the gplot . layout function specified in mode.

additional arguments to plot.

Details

gplot is the standard network visualization tool within the sna library. By means of clever
selection of display parameters, a fair amount of display flexibility can be obtained. Graph layout
— if not specified directly using coord — is determined via one of the various available algorithms.
These should be specified via the mode argument; see gplot.layout for a full list. User-
supplied layout functions are also possible — see the aforementioned man page for details.

Note that where gmode=="twomode", the supplied two-mode matrix is converted to bipartite
adjacency form prior to computing coordinates. If interactive==TRUE, then the user may
modify the initial graph layout by selecting an individual vertex and then clicking on the location to
which this vertex is to be moved; this process may be repeated until the layout is satisfactory.

Value

A two-column matrix containing the vertex positions as X,y coordinates.

Author(s)

Carter T. Butts (buttsc@uci.edu)

Alex Montgomery (ahm @stanford.edu)

References
Wasserman, S. and Faust, K. (1994) Social Network Analysis: Methods and Applications. Cam-
bridge: Cambridge University Press.

See Also

plot,gplot.layout
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Examples
gplot (rgraph (5)) #Plot a random graph
gplot (rgraph(5) ,usecurv=TRUE) #This time, use curved edges
gplot (rgraph (5) , mode="mds") #Try an alternative layout scheme

#A colorful demonstration...

gplot (rgraph (5,diag=TRUE) ,diag=TRUE, vertex.cex=1:5,vertex.sides=3:8,
vertex.col=1:5,vertex.border=2:6,vertex.rot=(0:4)*72,
displaylabels=TRUE, label.bg="gray90")

gplot.arrow Add Arrows or Segments to a Plot

Description
gplot .arrowdraws a segment or arrow between two pairs of points; unlike arrows or segments,
the new plot element is drawn as a polygon.

Usage

gplot.arrow(x0, y0, x1, vyl, length = 0.1, angle = 20, width = 0.01,
col = 1, border =1, 1lty = 1, offset.head = 0, offset.tail = 0,
arrowhead = TRUE, curve = 0, edge.steps = 50, ...)

Arguments
%0 A vector of x coordinates for points of origin
yO0 A vector of y coordinates for points of origin
x1 A vector of x coordinates for destination points
vl A vector of y coordinates for destination points
length Arrowhead length, in current plotting units
angle Arrowhead angle (in degrees)
width Width for arrow body, in current plotting units (can be a vector)
col Arrow body color (can be a vector)
border Arrow border color (can be a vector)
lty Arrow border line type (can be a vector)

offset.head Offset for destination point (can be a vector)

offset.tail Offset for origin point (can be a vector)

arrowhead Boolean; should arrowheads be used? (Can be a vector))

curve Degree of edge curvature (if any), in current plotting units (can be a vector)

edge.steps  For curved edges, the number of steps to use in approximating the curve (can be
a vector)

Additional arguments to polygon
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Details

gplot.arrow provides a useful extension of segments and arrows when fine control is
needed over the resulting display. (The results also look better.) Note that edge curvature is
quadratic, with curve providing the maximum horizontal deviation of the edge (left-handed).
Head/tail offsets are used to adjust the end/start points of an edge, relative to the baseline coor-
dinates; these are useful for functions like gplot, which need to draw edges incident to vertices of
varying radii.

Value

None.

Author(s)

Carter T. Butts (buttsc@uci.edu)

See Also

gplot,gplot.loop, polygon

Examples

#Plot two points
plot(1l:2,1:2)

#Add an edge
gplot.arrow(l,1,2,2,width=0.01,col="red",border="black")

gplot.layout Vertex Layout Functions for gplot

Description

Various functions which generate vertex layouts for the gplot visualization routine.

Usage

gplot.layout.adj(d, layout.par)
gplot.layout.circle(d, layout.par)
gplot.layout.circrand(d, layout.par)
gplot.layout.eigen(d, layout.par)
gplot.layout.fruchtermanreingold(d, layout.par)
gplot.layout.geodist (d, layout.par)
gplot.layout.hall (d, layout.par)
gplot.layout.kamadakawai (d, layout.par)
gplot.layout.mds (d, layout.par)
gplot.layout.princoord(d, layout.par)
gplot.layout.random(d, layout.par)
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gplot.layout.rmds (d, layout.par)
gplot.layout.segeo (d, layout.par)
gplot.layout.seham(d, layout.par)
gplot.layout.spring(d, layout.par)
gplot.layout.springrepulse (d, layout.par)
gplot.layout.target (d, layout.par)

Arguments
d an adjacency matrix, as passed by gplot.
layout.par a list of parameters.

Details

Vertex layouts for network visualization pose a difficult problem — there is no single, “good” layout
algorithm, and many different approaches may be valuable under different circumstances. With this
in mind, gplot allows for the use of arbitrary vertex layout algorithms via the gplot . layout.
family of routines. When called, gplot searches for a gplot.layout function whose third
name matches its mode argument (see gplot help for more information); this function is then
used to generate the layout for the resulting plot. In addition to the routines documented here, users
may add their own layout functions as needed. The requirements for a gplot .layout function
are as follows:

1. the first argument, d, must be the (dichotomous) graph adjacency matrix;

2. the second argument, layout . par, must be a list of parameters (or NULL, if no parameters
are specified); and

3. the return value must be a real matrix of dimension c (2, NROW (d) ), whose rows contain
the vertex coordinates.
Other than this, anything goes. (In particular, note that 1ayout .par could be used to pass addi-
tional matrices, if needed.)

The graph. layout functions currently supplied by default are as follows:

circle This function places vertices uniformly in a circle; it takes no arguments.

eigen This function places vertices based on the eigenstructure of the adjacency matrix. It takes
the following arguments:

layout.par$var This argument controls the matrix to be used for the eigenanalysis. "symupper",

"symlower", "symstrong", "symweak" invoke symmetrize on d with the re-
spective symmetrizing rule. "user" indicates a user-supplied matrix (see below), while
"raw" indicates that d should be used as-is. (Defaults to "raw".)

layout.par$evsel If "first™", the first two eigenvectors are used; if "size", the two eigen-
vectors whose eigenvalues have the largest magnitude are used instead. Note that only
the real portion of the associated eigenvectors is used. (Defaults to "first™".)

layout.par$mat If layout .parSvar=="user", this matrix is used for the eigenanalysis.
(No default.)

fruchtermanreingold This function generates a layout using a variant of Fruchterman and Rein-
gold’s force-directed placement algorithm. It takes the following arguments:
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layout.par$niter This argument controls the number of iterations to be employed. (Defaults
to 500.)

layout.par$max.delta Sets the maximum change in position for any given iteration. (De-
faults to NROW (d) .)

layout.par$area Sets the "area" parameter for the F-R algorithm. (Defaults to NROW (d) ~2.)

layout.par$cool.exp Sets the cooling exponent for the annealer. (Defaults to 3.)

layout.par$repulse.rad Determines the radius at which vertex-vertex repulsion cancels out
attraction of adjacent vertices. (Defaults to area«NROW (d) .)

layout.par$seed.coord A two-column matrix of initial vertex coordinates. (Defaults to a
random circular layout.)

hall This function places vertices based on the last two eigenvectors of the Laplacian of the input
matrix (Hall’s algorithm). It takes no arguments.

kamadakawai This function generates a vertex layout using a version of the Kamada-Kawai force-
directed placement algorithm. It takes the following arguments:

layout.par$niter This argument controls the number of iterations to be employed. (Defaults
to 1000.)

layout.par$sigma Sets the base standard deviation of position change proposals. (Defaults
to NROW (d) /4.)

layout.par$initemp Sets the initial "temperature" for the annealing algorithm. (Defaults to
10.)

layout.par$cool.exp Sets the cooling exponent for the annealer. (Defaults to 0.99.)
layout.par$kkconst Sets the Kamada-Kawai vertex attraction constant. (Defaults to NROW (d) ~2.)
layout.par$elen Provides the matrix of interpoint distances to be approximated. (Defaults to
the geodesic distances of d after symmetrizing, capped at sqrt (NROW (d) ) .)
layout.par$seed.coord A two-column matrix of initial vertex coordinates. (Defaults to a
gaussian layout.)

mds This function places vertices based on a metric multidimensional scaling of a specified dis-
tance matrix. It takes the following arguments:

layout.par$var This argument controls the raw variable matrix to be used for the subse-
quent distance calculation and scaling. "rowcol", "row", and "col" indicate that the
rows and columns (concatenated), rows, or columns (respectively) of d should be used.
"rcsum" and "rcdiff" result in the sum or difference of d and its transpose being
employed. "invadj" indicates that max{d}~-d should be used, while "geodist"
uses geodist to generate a matrix of geodesic distances from d. Alternately, an arbi-
trary matrix can be provided using "user". (Defaults to "rowcol".)

layout.par$dist The distance function to be calculated on the rows of the variable matrix.
This must be one of the method parametersto \1ist {dist} ("euclidean", "maximum",
"manhattan",or "canberra"), orelse "none". In the latter case, no distance func-
tion is calculated, and the matrix in question must be square (with dimension dim (d) )
for the routine to work properly. (Defaults to "euclidean".)

layout.par$exp The power to which distances should be raised prior to scaling. (Defaults to
2.)

layout.par$vm If layout.par$var=="user", this matrix is used for the distance cal-
culation. (No default.)

Note: the following layout functions are based on mds:
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adj scaling of the raw adjacency matrix, treated as similarities (using "invadj").
geodist scaling of the matrix of geodesic distances.
rmds euclidean scaling of the rows of d.

segeo scaling of the squared euclidean distances between row-wise geodesic distances (i.e.,
approximate structural equivalence).

seham scaling of the Hamming distance between rows/columns of d (i.e., another approxi-
mate structural equivalence scaling).

princoord This function places vertices based on the eigenstructure of a given correlation/covariance
matrix. It takes the following arguments:

layout.par$var The matrix of variables to be used for the correlation/covariance calculation.
"rowcol", "col", and "row" indicate that the rows/cols, columns, or rows (respec-
tively) of d should be employed. "rcsum" "rcdif£f" result in the sum or difference of
dand t (d) being used. "user™" allows for an arbitrary variable matrix to be supplied.
(Defaults to "rowcol".)

layout.par$cor Should the correlation matrix (rather than the covariance matrix) be used?
(Defaults to TRUE.)

layout.par$vm If layout .par$var=="user", this matrix is used for the correlation/covariance
calculation. (No default.)

random This function places vertices randomly. It takes the following argument:

layout.par$dist The distribution to be used for vertex placement. Currently, the options are
"unif" (for uniform distribution on the square), "uniang" (for a “gaussian donut”
configuration), and "normal" (for a straight Gaussian distribution). (Defaults to "unif".)

Note: circrand, which is a frontend to the "uniang" option, is based on this function.
spring This function places vertices using a spring embedder. It takes the following arguments:

layout.par$mass The vertex mass (in “quasi-kilograms”). (Defaults to 0. 1.)
layout.par$equil The equilibrium spring extension (in “quasi-meters”). (Defaults to 1.)
layout.par$k The spring coefficient (in “quasi-Newtons per quasi-meter”). (Defaultsto 0. 001.)

layout.par$repeqdis The point at which repulsion (if employed) balances out the spring ex-
tension force (in “quasi-meters”). (Defaults to 0. 1.)

layout.par$kfr The base coefficient of kinetic friction (in “quasi-Newton quasi-kilograms™).
(Defaults to 0.01.)

layout.par$repulse Should repulsion be used? (Defaults to FALSE.)
Note: springrepulse is a frontend to spring, with repulsion turned on.

target This function produces a "target diagram" or "bullseye" layout, using a Brandes et al.’s force-
directed placement algorithm. (See also gplot .target.) It takes the following arguments:

layout.par$niter This argument controls the number of iterations to be employed. (Defaults
to 1000.)

layout.par$radii This argument should be a vector of length NROW (d) containing vertex
radii. Ideally, these should lie in the [0,1] interval (and odd behavior may otherwise
result). (Defaults to the affine-transformed Freeman degree centrality scores of d.)

layout.par$minlen Sets the minimum edge length, below which edge lengths are to be ad-
justed upwards. (Defaults to 0.05.)

layout.par$area Sets the initial "temperature" for the annealing algorithm. (Defaults to 10.)
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layout.par$cool.exp Sets the cooling exponent for the annealer. (Defaults to 0.99.)

layout.par$maxdelta Sets the maximum angular distance for vertex moves. (Defaults to
pi)

layout.par$periph.outside Boolean; should "peripheral" vertices (in the Brandes et al. sense)
be placed together outside the main target area? (Defaults to FALSE.)

layout.par$periph.outside.offset Radius at which to place "peripheral" vertices if periph.out side==TRUE.
(Defaults to 1.2.)

layout.par$disconst Multiplier for the Kamada-Kawai-style distance potential. (Defaults to
1.)

layout.par$crossconst Multiplier for the edge crossing potential. (Defaults to 1.)

layout.par$repconst Multiplier for the vertex-edge repulsion potential. (Defaults to 1.)

layout.par$minpdis Sets the "minimum distance" parameter for vertex repulsion. (Defaults

to 0.05.)
Value

A matrix whose rows contain the x,y coordinates of the vertices of d.

Author(s)

Carter T. Butts (buttsc@uci.edu)

References
Brandes, U.; Kenis, P.; and Wagner, D. (2003). “Communicating Centrality in Policy Network
Drawings.” IEEE Transactions on Visualization and Computer Graphics, 9(2):241-253.

Fruchterman, T.M.J. and Reingold, E.M. (1991). “Graph Drawing by Force-directed Placement.”
Software - Practice and Experience, 21(11):1129-1164.

Kamada, T. and Kawai, S. (1989). “An Algorithm for Drawing General Undirected Graphs.” Infor-
mation Processing Letters, 31(1):7-15.

See Also

gplot,gplot.target, gplot3d.layout, cmdscale, eigen

gplot.loop Add Loops to a Plot

Description

gplot.loop draws a "loop" at a specified location; this is used to designate self-ties in gplot.

Usage

gplot.loop(x0, y0, length = 0.1, angle = 10, width = 0.01, col =
border = 1, 1ty = 1, offset = 0, edge.steps = 10, radius = 1,
arrowhead = TRUE, xctr=0, yctr=0, ...)

1,
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Arguments

x0

yO0

length
angle
width

col
border
1ty
offset
edge.steps
radius
arrowhead
xctr

yctr

Details

a vector of x coordinates for points of origin.
a vector of y coordinates for points of origin.
arrowhead length, in current plotting units.

arrowhead angle (in degrees).

width for loop body, in current plotting units (can be a vector).

loop body color (can be a vector).

loop border color (can be a vector).

loop border line type (can be a vector).

offset for origin point (can be a vector).

number of steps to use in approximating curves.
loop radius (can be a vector).

boolean; should arrowheads be used? (Can be a vector.)

gplot.loop

x coordinate for the central location away from which loops should be oriented.

y coordinate for the central location away from which loops should be oriented.

additional arguments to polygon.

gplot.loop is the companion to gplot.arrow; like the latter, plot elements produced by
gplot.loop are drawn using polygon, and as such are scaled based on the current plotting
device. By default, loops are drawn so as to encompass a circular region of radius radius, whose
center is of fset units from x0, y0 and at maximum distance from xctr, yctr. This is useful

for functions like gplot, which need to draw loops incident to vertices of varying radii.

Value

None.

Author(s)

Carter T. Butts (buttsc@uci.edu)

See Also

gplot.arrow, gplot, polygon

Examples

#Plot a few polygons with loops

plot (0,0, type="n",xlim=c(-2,2),ylim=c(-2,2),asp=1)

gplot.loop(c(0,0),c(l,-1),col=c(3,2),width=0.05, length=0.4,
offset=sqrt (2) /4,angle=20, radius=0.5,edge.steps=50, arrowhead=TRUE)

polygon(c(0.25,-0.25,-0.25,0.25,NA,0.25,-0.25,-0.25,0.25),

c(l1.25,1.25,0.75,0.75,NA,-1.25,-1.25,-0.75,-0.75) ,col=c(2,3))
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gplot.target Display a Graph in Target Diagram Form

Description

Displays an input graph (and associated vector) as a "target diagram," with vertices restricted to lie
at fixed radii from the origin. Such displays are useful ways of representing vertex characteristics
and/or local structural properties for graphs of small to medium size.

Usage
gplot.target (dat, x, circ.rad = (1:10)/10, circ.col = "blue",
circ.lwd = 1, circ.lty = 3, circ.lab = TRUE, circ.lab.cex = 0.75,
circ.lab.theta = pi, circ.lab.col =1, circ.lab.digits = 1,
circ.lab.offset = 0.025, periph.outside = FALSE,
periph.outside.offset = 1.2, ...)
Arguments
dat an input graph.
X a vector of vertex properties to be plotted (must match the dimensions of dat).
circ.rad radii at which to draw reference circles.
circ.col reference circle color.
circ.lwd reference circle line width.
circ.lty reference circle line type.
circ.lab boolean; should circle labels be displayed?

circ.lab.cex expansion factor for circle labels.

circ.lab.theta
angle at which to draw circle labels.

circ.lab.col color for circle labels.
circ.lab.digits
digits to display for circle labels.
circ.lab.offset
offset for circle labels.
periph.outside
boolean; should "peripheral" vertices be drawn together beyond the normal ver-
tex radius?
periph.outside.offset
radius at which "peripheral” vertices should be drawn if periph.out side==TRUE.

additional arguments to gplot.
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Details

gplot.target is a front-end to gplot which implements the target diagram layout of Brandes
et al. (2003). This layout seeks to optimize various aesthetic criteria, given the constraint that all
vertices lie at fixed radii from the origin (set by x). One important feature of this algorithm is that
vertices which belong to mutual dyads (described by Brandes et al. as “core” vertices) are treated
differently from vertices which do not (“peripheral” vertices). Layout is optimized for core vertices
prior to placing peripheral vertices; thus, the result may be misleading if mutuality is not a salient
characteristic of the data.

The layout for gplot .target is handled by gplot . layout.target; additional parameters
are specied on the associated manual page. Standard arguments may be passed to gplot, as well.

Value

A two-column matrix of vertex positions (generated by gplot . layout.target)

Author(s)

Carter T. Butts (buttsc@uci.edu)

References

Brandes, U.; Kenis, P.; and Wagner, D. (2003). “Communicating Centrality in Policy Network
Drawings.” IEEE Transactions on Visualization and Computer Graphics, 9(2):241-253.

See Also

gplot.layout.target, gplot

Examples

#Generate a random graph
g<-rgraph (15)

#Produce a target diagram, centering by betweenness
gplot.target (g, betweenness (g))

gplot.vertex Add Vertices to a Plot

Description

gplot.vertex adds one or more vertices (drawn using polygon) to a plot.

Usage

gplot.vertex(x, y, radius = 1, sides = 4, border = 1, col = 2,
lty = NULL, rot = O, )
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Arguments
X a vector of x coordinates.
v a vector of y coordinates.
radius a vector of vertex radii.
sides a vector containing the number of sides to draw for each vertex.
border a vector of vertex border colors.
col a vector of vertex interior colors.
lty a vector of vertex border line types.
rot a vector of vertex rotation angles (in degrees).
Additional arguments to polygon
Details

gplot.vertex draws regular polygons of specified radius and number of sides, at the given
coordinates. This is useful for routines such as gplot, which use such shapes to depict vertices.

Value

None

Author(s)

Carter T. Butts (buttsc@uci.edu)

See Also

gplot, polygon

Examples

#Open a plot window, and place some vertices

plot (0,0, type="n",xlim=c(-1.5,1.5),ylim=c(-1.5,1.5),asp=1)

gplot.vertex (cos ((1:10)/10%2xpi),sin((1:10)/10%2%pi),col=1:10,
sides=3:12, radius=0.1)
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gplot3d Three-Dimensional Visualization of Graphs

Description

gplot3d produces a three-dimensional plot of graph g in set dat. A variety of options are avail-
able to control vertex placement, display details, color, etc.

Usage
gplot3d(dat, g = 1, gmode = "digraph", diag = FALSE,
label = c(l:dim(dat) [2]), coord = NULL, jitter = TRUE, thresh = 0,
mode = "fruchtermanreingold", displayisolates = TRUE,
displaylabels = !missing(label), xlab = NULL, ylab = NULL,
zlab = NULL, vertex.radius = NULL, absolute.radius = FALSE,
label.col = "gray50", edge.col = "black", vertex.col = "red",
edge.alpha = 1, vertex.alpha = 1, edge.lwd = NULL, suppress.axes = TRUE,
new = TRUE, bg.col = "white", layout.par = NULL)
Arguments
dat a graph or set thereof. This data may be valued.
g integer indicating the index of the graph (from dat) which is to be displayed.
gmode string indicating the type of graph being evaluated. "digraph" indicates that
edges should be interpreted as directed; "graph" indicates that edges are undi-
rected;" twomode" indicates that data should be interpreted as two-mode (i.e.,
rows and columns are distinct vertex sets).
diag boolean indicating whether or not the diagonal should be treated as valid data.
Set this true if and only if the data can contain loops.
label a vector of vertex labels; setting this to a zero-length string (e.g., " ") omits
coord user-specified vertex coordinates, in an NCOL (dat) x3 matrix. Where this is
specified, it will override the mode setting.
jitter boolean; should vertex positions be jittered?
thresh real number indicating the lower threshold for tie values. Only ties of value
>thresh are displayed.
mode the vertex placement algorithm; this must correspond to a gplot3d. layout
function.
displayisolates
boolean; should isolates be displayed?
displaylabels
boolean; should vertex labels be displayed?
xlab X axis label.

ylab Y axis label.
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zlab

vertex.radius

81

7. axis label.

vertex radius, relative to the baseline (which is set based on layout features);
may be given as a vector, if radii vary across vertices.

absolute.radius

label.col

edge.col

vertex.col

edge.alpha

vertex.alpha

edge.lwd

vertex radius, specified in absolute terms; this may be given as a vector.

color for vertex labels; may be given as a vector, if labels are to be of different
colors.

color for edges; may be given as a vector or adjacency matrix, if edges are to be
of different colors.

color for vertices; may be given as a vector, if vertices are to be of different
colors.

alpha (transparency) values for edges; may be given as a vector or adjacency
matrix, if edge transparency is to vary.

alpha (transparency) values for vertices; may be given as a vector, if vertex
transparency is to vary.

line width scale for edges; if set greater than 0, edge widths are rescaled by
edge . lwdrdat. May be given as a vector or adjacency matrix, if edges are to
have different line widths.

suppress.axes

new

bg.col
layout.par

Details

boolean; suppress plotting of axes?

boolean; create a new plot? If new==FALSE, the RGL device will not be
cleared prior to adding vertices and edges.

background color for display.

list of parameters to the gplot . layout function specified in mode.

gplot3d is the three-dimensional companion to gplot. As with the latter, clever manipulation
of parameters can allow for a great deal of flexibility in the resulting display. (Displays produced by
gplot3d are also interactive, to the extent supported by rgl.) If vertex positions are not specified
directly using coord, vertex layout is determined via one of the various available algorithms. These
should be specified via the mode argument; see gplot3d. layout for a full list. User-supplied
layout functions are also possible - see the aforementioned man page for details.

Note that where gmode=="twomode", the supplied two-mode matrix is converted to bipartite
adjacency form prior to computing coordinates. It may be desirable to use parameters such as
vertex.col to differentiate row and column vertices.

Value

A three-column matrix containing vertex coordinates

Requires

rgl
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Author(s)

Carter T. Butts (buttsc@uci.edu)

References
Wasserman, S. and Faust, K. (1994) Social Network Analysis: Methods and Applications. Cam-
bridge: Cambridge University Press.

See Also

gplot,gplot3d.layout, rgl
Examples

## Not run:
#A three-dimensional grid...
gplot3d(rgws(1,5,3,1,0))

#...rewired...
gplot3d(rgws(1,5,3,1,0.05))

#...some more!
gplot3d(rgws(1,5,3,1,0.2))
## End (Not run)

gplot3d.arrow Add Arrows a Three-Dimensional Plot

Description

gplot3d.arrow draws an arrow between two pairs of points..

Usage
gplot3d.arrow(a, b, radius, color = "white", alpha = 1)
Arguments
a a vector or three-column matrix containing origin X,Y,Z coordinates.
b a vector or three-column matrix containing origin X,Y,Z coordinates.
radius the arrow radius, in current plotting units. May be a vector, if multiple arrows
are to be drawn.
color the arrow color. May be a vector, if multiple arrows are being drawn.

alpha alpha (transparency) value(s) for arrows. (May be a vector.)
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Details

gplot3d.arrow draws one or more three-dimensional "arrows" from the points given in a to
those given in b. Note that the "arrows" are really cones, narrowing in the direction of the destina-
tion point.

Value

None.

Author(s)

Carter T. Butts (buttsc@uci.edu)

See Also

gplot3d,gplot3d.loop, rgl.primitive

gplot3d.layout Vertex Layout Functions for gplot3d

Description

Various functions which generate vertex layouts for the gplot 3d visualization routine.

Usage

gplot3d.layout.adj(d, layout.par)
gplot3d.layout.eigen(d, layout.par)
gplot3d.layout.fruchtermanreingold(d, layout.par)
gplot3d.layout.geodist (d, layout.par)
gplot3d.layout.hall (d, layout.par)
gplot3d.layout.kamadakawai (d, layout.par)
gplot3d.layout.mds (d, layout.par)
gplot3d.layout.princoord(d, layout.par)
gplot3d.layout.random(d, layout.par)
gplot3d.layout.rmds (d, layout.par)
gplot3d.layout.segeo(d, layout.par)
gplot3d.layout.seham(d, layout.par)

Arguments

d an adjacency matrix, as passed by gplot3d.

layout.par a list of parameters.
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Details

Like gplot, gplot3d allows for the use of arbitrary vertex layout algorithms via the gplot3d. layout . *
family of routines. When called, gplot3d searches for a gplot3d.layout function whose

third name matches its mode argument (see gplot 3d help for more information); this function is

then used to generate the layout for the resulting plot. In addition to the routines documented here,

users may add their own layout functions as needed. The requirements for a gplot3d. layout

function are as follows:

1. the first argument, d, must be the (dichotomous) graph adjacency matrix;

2. the second argument, layout . par, must be a list of parameters (or NULL, if no parameters
are specified); and

3. the return value must be a real matrix of dimension c (3, NROW (d) ), whose rows contain
the vertex coordinates.

Other than this, anything goes. (In particular, note that 1ayout .par could be used to pass addi-
tional matrices, if needed.)

The gplot3d.layout functions currently supplied by default are as follows:

eigen This function places vertices based on the eigenstructure of the adjacency matrix. It takes
the following arguments:

layout.par$var This argument controls the matrix to be used for the eigenanalysis. "symupper",
"symlower", "symstrong", "symweak" invoke symmetrize on d with the re-
spective symmetrizing rule. "user" indicates a user-supplied matrix (see below), while
"raw" indicates that d should be used as-is. (Defaults to "raw".)

layout.par$evsel If "first", the first three eigenvectors are used; if "size", the three
eigenvectors whose eigenvalues have the largest magnitude are used instead. Note that
only the real portion of the associated eigenvectors is used. (Defaults to "first™".)

layout.par$mat If layout .parSvar=="user", this matrix is used for the eigenanalysis.
(No default.)

fruchtermanreingold This function generates a layout using a variant of Fruchterman and Rein-
gold’s force-directed placement algorithm. It takes the following arguments:

layout.par$niter This argument controls the number of iterations to be employe