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Abstract

Effective memory structures for relational data within R must be capable of represent-
ing a wide range of data while keeping overhead to a minimum. The network package
provides an class which may be used for encoding complex relational structures composed
a vertex set together with any combination of undirected/directed, valued/unvalued,
dyadic/hyper, and single/multiple edges; storage requirements are on the order of the
number of edges involved. Some simple constructor, interface, and visualization functions
are provided, as well as a set of operators to facilitate employment by end users. The
package also supports a C-language API, which allows developers to work directly with
network objects within backend code.
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PLEASE NOTE: This document has been modified from the original paper to form a package
vignette. It has been compiled with the version of the network package it is bundled with,
and has been partially updated to reflect some changes in the package. The original paper is:
network: A Package for Managing Relational Data in R. Journal of Statistical Software 24:2,
2008. http://www.jstatsoft.org/v24/i02/paper

1. Background and introduction

In early 2002, the author and several other members of what would ultimately become the
statnet project (Handcock, et al. 2003) came to the conclusion that the simple, matrix-based
approach to representation of relational data utilized by early versions of packages such as
sna were inadequate for the next generation of relational analysis tools in R. Rather, what
was required was a customized class structure to support relational data. This class structure
would be used for all statnet packages, thus insuring interoperability; ideally, it would also be
possible to port this structure to other languages, thereby further enhancing compatibility.

The requirements which were posed for a network data class were as follows, in descending
order of priority:

1. The class had to be sufficiently general to encode all major types of network data
collected presently or in the foreseeable future;

2. Class storage needed to be of sufficient efficiency to permit representation of large net-
works (in particular, storage which was sub-quadratic in graph order for sparse net-
works); and
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3. It had to be possible to develop interface methods to the class which were of reasonable
computational efficiency.

Clearly, there are multiple approaches which could be taken to construct such a class structure.
Here we describe the result of one particular effort, specifically the network package (Butts,
et al. 2007) for the R system for statistical computing (R Development Core Team 2007).

1.1. Historical note

The network package as described here evolved from a specification originally written as
an unpublished working paper, “Memory Structures for Relational Data in R: Classes and
Interfaces” (Butts 2002). At this time, the class in question was tentatively entitled “graph.”
It subsequently emerged that a similar package was being developed by Robert Gentleman
under the graph title (as part of the BioConductor project) (Gentleman, et al. 2007), and the
name of the present project was hence changed to “network” in early 2005. A somewhat later
version of the above relational data specification was also shared with Gabor Csardi in mid-
2004, portions of which were incorporated in the development by Gabor of the igraph package
(Csardi & Nepusz 2006). As a result, there are currently three commonly available class
systems for relational data in R, two of which (network and igraph) share some common syntax
and interface concepts. It should also be noted that (as mentioned above) both standard and
sparse matrix (e.g., sparseM Koenker & Ng 2007) classes have been and continue to be used
to represent relational data in R. This article does not attempt to address the relative benefits
and drawbacks of these different tools, but readers should be aware that multiple alternatives
are available.

1.2. A very quick note on notation

Throughout this paper we will use “graph” or “network” (G) generically to refer to any
relational structure on a given vertex set (V ), and “edge” to refer to a generalized edge (i.e.,
an ordered pair (T, H) where T is the “tail set” of the edge and H is the corresponding “head
set,” and where T, H ⊆ V (G)). The cardinality of the vertex set we denote |V (G)| = n, and
the cardinality of the corresponding edge set we likewise denote |E(G)| = m. When discussing
storage/computational complexity we will often use a loose order notation, where O

(

f (x)
)

is
intended to indicate that the quantity in question grows more slowly than f(x) as x → ∞. A
general familiarity with the R statistical computing system (and related syntax/terminology)
is assumed. Those unfamiliar with R may wish to peruse a text such as those of Venables &
Ripley (2000, 2002) or Chambers (1998).

2. The network class

The network class is a (reasonably) simple object structure designed to store a single relation
on a vertex set of arbitrary size. The relation stored by a network class object is based on a
generalized edge model; thus, edges may be directed, arbitrarily valued (with multiple values
per edge), multiplex (i.e., multiple edges per directed dyad), hyper (i.e., multiple head/tail
vertices per edge), etc. Storage requirements for the network class are on the order of the
number of nodes plus the total number of edges (which is substantially sub-n2 for sparse
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graphs), and retrieval of edge values has a time complexity which is no worse than O(n).1 For
example, a network with 100,000 vertices and 100,000 edges currently consumes approximately
74MB of RAM (R 2.6.1), versus approximately 40GB for a full sociomatrix (a savings of
approximately 99.8%). When dealing with extremely large, sparse graphs it therefore follows
that network objects are substantially more efficient than simpler representations such as
adjacency matrices. The class also provides for the storage of arbitrary metadata at the edge,
vertex, and network level. Thus, network objects may be preferred to matrix representations
for reasons of generality, performance, or integrative capability; while alternative means exist
of obtaining these goals separately, network provides a single toolkit which is designed to be
effective across a wide range of applications.

In this section, we provide a basic introduction to the network class, from a user’s point
of view. We describe the conditions which are necessary for network to be employed, and
the properties of network objects (and their components). This serves as background for a
discussion of the use of network methods in practical settings, which is given in the section
which follows.

2.1. Identification of vertices and edges

For purposes of storage, we presume that each vertex and each edge can be uniquely identified.
(For partially labeled or unlabeled graphs, observe that this internal labeling is essentially
arbitrary. See Butts & Carley 2005, for a discussion.) Vertices are labeled by positive integers
in the order of entry, with edges likewise; it is further assumed that this is maintained for
vertices (e.g., removing a vertex requires relabeling) but not for edges. (This last has to do
with how edges are handled internally, but has the desirable side effect of making edge changes
less expensive.) Vertices and edges are always stored by label. In the text that follows, any
reference to a vertex or edge “ID” refers to these labeling numbers, and not to any other
(external) identification that a vertex or edge may have.

2.2. Basic class structure

Functionally, a network object can be thought as a collection of vertices and edges, together
with metadata regarding those vertices and edges (as well as the network itself). As noted
above, each vertex is assumed to be identifiable, and the number of vertices is fixed. Here, we
discuss the way in which edges are defined within network, as well as the manner in which
associated metadata is stored.

Edge structure

Edges within a network object consist of three essential components. First, each edge contains
two vectors of vertex IDs, known respectively as the head and tail lists of the edge. In addition
to these lists, each edge also contains a list of attribute information. This is discussed in more
detail below. The content and interpretation of the head and tail lists are dependent on the
type of network in which they reside. In a directed network, an edge connects the elements
of its tail list with those of its head list, but not vice versa: i is adjacent to j iff there exists

1Edge retrieval actually scales with degree, and average retrieval time is hence approximately constant for
many data sources. For an argument regarding constraints on the growth of mean degree in interpersonal
networks, see e.g., Mayhew & Levinger (1976).
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some edge, e = (T, H), such that i ∈ T, j ∈ H. In an undirected network, by contrast, the
head and tail sets of an edge are regarded as exchangeable. Thus, i is adjacent to j in an
undirected network iff there exists an edge such that i ∈ T, j ∈ H or i ∈ H, j ∈ T . network

methods which deal with adjacency and incidence make this distinction transparently, based
on the network object’s directedness attribute (see below).

Note that in the familiar case of dyadic networks (the focus of packages such as sna (Butts
2007)), the head and tail lists of any given edge must have exactly one element. This need
not be true in general, however. An edge with a head or tail list containing more than one
element is said to be hypergraphic, reflecting a one-to-many, many-to-one, or many-to-many
relationship. Hyperedges are permitted natively within network, although some methods
may not support them – a corresponding network attribute is used by network methods to
determine whether these edges are present, as explained below. Finally, another fundamental
distinction is made between edges in which H and T are disjoint, versus those in which these
endpoint lists have one or more elements in common. Edges of the latter type are said to
be loop-like, generalizing the familiar notion of “loop” (self-tie) from the theory of dyadic
graphs. Loop-like edges allow vertices to relate to themselves, and are disallowed in many
applications. Applicable methods are expected to interpret such edges intelligently, where
present.

network attributes

As we have already seen, each network object contains a range of metadata in addition to
relational information. This metadata – in the form of attributes – is divided into information
stored at the network, vertex, and edge levels. In all three cases, attributes are stored in
lists, and are expected to be named. While there is no limit to the user-defined attributes
which may be stored in this manner, certain attributes are required of all network objects.
At the network level, such attributes describe general properties of the network as a whole;
specifically, they may be enumerated as follows:

bipartite This is a logical or numeric attribute, which is used to indicate the presence of
an intrinsic bipartition in the network object. Formally, a bipartition is a partition of a
network’s vertices into two classes, such that no vertex in either class is adjacent to any
vertex in the same class. While such partitions occur naturally, they may also be specif-
ically enforced by the nature of the data in question. (This is the case, for instance, with
two-mode networks (Wasserman & Faust 1994), in which edges represent connections
between two distinct classes of entities.) In order to allow for bipartite networks with a
partition size of zero, non-bipartite networks are marked as bipartite=FALSE. Where
the value of bipartite is numeric, network methods will automatically assume that
vertices with IDs less than or equal to bipartite belong to one such class, with those
with IDs greater than bipartite belonging to the other. This information may be
used in selecting default modes for data display, calculating numbers of possible edges,
etc. When bipartite == FALSE or NULL, by contrast, no such bipartition is assumed.
Because of the dual logical/numeric nature of the attribute, it is safest to check it
using the is.bipartite method. It should be emphasized that bipartite is intended
to reflect bipartitions which are required ex ante, rather than those which happen to
arise empirically. There is also no performance advantage to the use of bipartite,
since network only stores edges which are defined; it can make data processing more
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