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Abstract

Many important applications problems can be formu-
lated in terms of network or graph models. There
are several well known approaches to storing and ma-
nipulating graph data using conventional data struc-
tures such as adjacency matrices and edge list ar-
rays. Some new powerful possibilities are available
using associative and other sophisticated data struc-
tures that are built-in to some modern programming
languages. This article reviews these ideas and their
use in a library and an associated tool-set for measur-
ing graph and network properties on small and large
scale networks from sources including: computer net-
works; biological networks; socio-nets; physical mod-
els; and other simulated systems. Directed graph net-
works pose particular problems of their own for effi-
cient storage and traversal algorithms. Some tech-
niques of interest such as graph colouring; reacha-
bility analysis; enumerating circuits and loops; and
eigen-spectral analysis are computationally expensive
but have different tradeoffs for optimal efficiency. A
primary “neighbours” data structure of “to-arcs” is
used, coupled with various support data structures
and routines for conversion between different sparse
and dense network data storage mechanisms. A col-
lection of algorithms and prototype implementations
in the programming language D are given alongwith
a discussion of design and implementation issues for
these libraries and program tools that use them.

Keywords: graph; graph algorithms; D language;
adjacency list; data structure.

1 Introduction

Graphs form an important data structure for imple-
menting many network based applications problems.
There are still rather few software packages available
for manipulating graphs and for efficiency reasons it is
often useful to embed custom graph algorithms into a
simulation program. This note provides a brief review
of graph ideas, software and implementation issues in
support of complex graph and network simulations
and other calculations. Particular focus is on a proto-
type graph calculation library and set of programs for
implementing single directional arcs as a neighbours
list. This system was prototyped in the relatively re-
cent “D” Programming language.

Definitions of graphs and the mathematical termi-
nology for describing them and their properties is
given in Gould’s book on Graph Theory [1] which pro-
vides many good links and references into the histor-
ical graph research literature - including classic work
by: Harary [2] on graphical enumeration; Erdos and
Renyi [3] on random graphs; Dijkstra [4] on all-pairs
algorithms; and Floyd [5] on shortest path algorithms.
Other useful general works include: Sedgewick’s book
on graph algorithms implemented in Java [6]; Harts-
field and Ringel [7]on pearls in graph theory; Newman
et at. on random graphs [8]; and the book by New-
man, Barabasi et al. on the structure and dynamics
of networks [9].

A great deal of early work was done on random graphs
[10-12] with more recent work looking at percolation
and associated issues [13]. There are a number of im-
portant graph problems that have attracted recent re-
newed interest in the literature [14]. Not least of these
are the problems understanding complex and scal-



ing properties [15] of the World Wide Web [16] and
the underpinning Internet networks. Understanding
the properties of clustering and graph topology [17]
through techniques such as graph colouring [18] and
distance measurements [19] are also important. A lot
of recent work has been triggered by interest in the
small-world network phenomenon [20] whereby the
distance properties of a whole network can be dra-
matically changed by just a few changed links [21].

Another important trigger for recent work has been
the fast simulation and enumeration capabilities of-
fered by parallel computing techniques and in par-
ticular by commodity data parallelism that can be
used to investigate graph and network structures on
Graphical Processing Units (GPUs) [22,23]. Over and
above specialist parallel processing and parallel algo-
rithms however, it is necessary to establish some suit-
able data structures, file formats and data exchange
mechanisms for graph and network data. Discussion
of this issue around some prototype implementations
of a neighbour list oriented data structure is the focus
of this present article.

Some discussion on the necessary data structures for
implementing graphs and networks is given in sec-
tion 2 as background material. Ideas on suitable pro-
gramming languages are offered in 3 with a list of the
prototype D programs developed given in section 4.
A brief discussion of ideas on graph model generation
algorithms is given in section 5; some graph metrics
and measurement algorithmic ideas are presented in
section 6; a discussion of graph file formats is laid out
in section 7. A summary and ideas for future work
are given section 8 with some conclusions.

2 Data Structures

Graph data can be stored in computer memory in
a number of ways - including as lists or adjacency
matrices. Memory layout is primarily chosen for al-
gorithmic efficiency but is not unrelated to how data
needs to be traversed in file input and output. This
section introduces the neighbour data structure which
is a compact memory efficient way of storing the main
graph structural information.

Graph data comes in many forms and formats. It is
a non-trivial issue to design a completely general and
extensible graph data file format as so many different
applications need to decorate the nodes and arcs with
different data types as payloads. Formats such as
GML [24] and GraphML [25] are good attempts at a
mark-up oriented file format that supports different
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Figure 1: Left) Test Graph (k-rune) with 12 vertices
and 11 di-arcs and Right) the neighbours data array
to store the graph structure.

data type payloads. For the purposes of simulating
network properties however a lightweight, minimalist
format that encodes the graph structure is useful. It is
also valuable if such a format can be read and written
quickly from and to files in a way that maps closely to
a memory structure and which does not require large
parsing processing overheads.

The “neighbours” file format (with file ending
“.nbr”is designed to map closely to the neighbours
data structure in memory and to encode that abso-
lute minimal information to specify the structure of a
graph or network. The notion is that many algorithms
involve a traversal of the form “for each neighbour of
each vertex...” and that furthermore the out-list of
each vertex is often the most used.

The neighbours data structure is shown in fig-
ure 1 and is essentially a list of “to-arcs” or destina-
tion nodes for all the output arcs of each node in the
graph. This can be implemented efficiently as an in-
teger array-of-arrays in languages like C or D. In the
case of C it is necessary to store the size of each neigh-
bour list as a separate integer for each node, whereas
D arrays carry their size built-in as a .length field.
In D therefor e it is easy to number the entries in each
list 0"N0ut—degree — 1, but in C they can be indexed
1"N0ut—degree with the convention that the 0’th en-
try is used for the list length. In both cases this struc-
ture maps closely to the information in the neighbours
file (shown in figure 2) which can be stepped through
to allocate space for the lists dynamically on input.
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Figure 2: Left) “k-rune.nbr” neighbours file for the
k-rune test graph; and Right) the reverse-neighbours
giving the arc source nodes for each node.

For some purposes it is useful to be able to convert
the to-arc neighbour list to a reverse list giving the
arc-source nodes for each node. Figure 2 also shows
(on the right) the arc-source list for each node for the
k-rune test graph example.

It is also useful for some algorithms to construct the
full adjacency matrix of all nodes. We can adopt a
convention for the row index ¢ as source and the col-
umn index j as destination nodes, thus constructing
(4, 7) pairs to represent an arc connecting nodes i, j, or
as shown in figure 3 we can make the matrix symmet-
ric under the assumption of non-directed arcs. For
some algorithms it is convenient to fill in the diago-
nals with unity - denoting that any node is accessible
from itself. This is useful for eigenvalue calculations
where the adjacency matrix should ideally be diago-
nally dominant, but otherwise we can set the diagonal
entries to zero except in the case of explicit self-arcs.

Adjacency list are dense storage formats and there-
fore are potentially expensive in memory usage, but
can be reconstructed, when needed, from the sparse
compressed neighbour list structures.

There are other formats such as “GML” graph mark-
up language format [24] that allow for embedding
graph nodes in a 2- or 3-dimensional space. This
is convenient for drawing and visualising graphs and
is discussed further in [26]. Mark-up languages also
support decorating nodes or arcs with weights or
“colours” or other marks and attributes that can be
used both for certain graph algorithms as well as for
visual rendering.
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Figure 3: Adjacency matrix representation of the
k-rune test graph, assuming non-directed arcs, and
unit diagonal entries. The rightmost column gives
summed degrees including a self-degree.

3 Language Issues

As discussed in section 2 there are programming lan-
guage issues such as where to store neighbour list sizes
for languages like C/C++ compared with languages
like D and Java which associate a built-in length or
size attribute with arrays. Another important issue
is what type to use for the node indices. For many
cases the size of the graphs being manipulated will
not exceed the positive range of a 32 bit integer -
0..231 — 1(2, 147,483, 648) and the use of int or int32
is sufficient for portability between C/C++/D/Java.
This range is sufficient for the examples and imple-
mentations and experiments reported in this present
article. However to make use of the machine-word size
on 64-bit architectures and allow very large graphs it
would be necessary to use either an unsigned 32-bit
integer which would typically support up to 232 nodes,
or even a signed or unsigned 64-bit integer. A good
mechanism in C/C++ is to use the built-in size_t
type which will be an unsigned integer with the bit
precision of the native machine word. Another pos-
sibility is to use the long long int, which by pre-
set convention is a signed 64 bit integer on C/C++
compilers. Java supports a long which is a signed
64 bit integer. Other languages such as Python and
some of the modern interpreted scripting languages
also support arbitrary precision integers which are im-
plemented as some sort of digit string in software and
do not rely on the native hardware integer process-
ing capabilities. They are obviously much slower to
manipulate and are not used in this present work.



Other important aspects on a practical library and
set of implemented graph calculation tools relate to
the software engineering capabilities of different lan-
guages. The D language, like C/C++ is a compiled
language and it is possible to pre-compile a library of
appropriate functions and procedures that can sup-
port an imperative of Object-Oriented program. The
neighbours library and tools reported here were im-
plemented as a set of imperative functions without
an explicit OO class structure. This was for efficiency
reasons, since in most cases the calculations require
traversing large neighbour lists. Even the overhead
of indirectly referencing nodes or arcs via an object
structure is perceptible in slowing down algorithms
such as circuit enumeration which have a high com-
putational complexity.

The programs were implemented in two parts:

1. A library of useful auxiliary functions and data
type definitions;

2. Explicit (and generally quite short) command
line programs that operate with neighbours .nbr
files.

The neighbour utilities were incorporated into a com-
piled D library that could be linked against the pro-
grams described in section 4. Some notable D pro-
gramming issues for this library are discussed below.

3.1 Neighbour Arrays and Memory

All the utilities work with input/output data in the
form of int [][] neighbours data arrays. In the
case of functions that read data from file or which
produce a new neighbours set from an old one, they
dynamically allocate the necessary memory and re-
turn a new neighbours structure. The algorithms in-
volved in the programs described in this suite were
mostly compute bound and not memory bound. This
meant there was not a huge advantage in working
with pre-declared “neighbour buffers” but that it was
more elegant to program dynamically allocated neigh-
bours arrays as needed and to rely on the D garbage
collector to clean up after any old unused structures.
This would not necessarily be the best strategy for
memory-bound problems nor for ports of these algo-
rithms to parallel programming languages and sys-
tems.
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3.2 Strings and File I/O Routines

Filenames in C/C++ are often manipulated in terms
of arrays of characters terminated by a null or’

0’ char whereas in D, strings are manipulated as dy-
namic arrays of characters with an associated and
explicit length attribute. It was convenient to use
many of the file handling utilities of C/C++ that are
also available from D, some conversion between the
two string representations was necessary. Generally
D support overloaded function names well, so it was
possible to make a “master version” of the requisite
file routine and supply various overloaded functions
on top of it to support the use of file pointers, file-
names and so forth in different ways. In hindsight it
would have been simpler to use the D file I/O system
and the D string representation throughout.

A useful feature is to employ constructs like:

char[][] words = f.readLine().split();

whereby a line read from a file can be very easily to-
kenised and each word processed appropriately using
toInt () for example.

The standard idiomatic form of traversing a neigh-
bours file or data structure is therefore embodied by
the code in figure 4 which shows some D source code
demonstrating how to load a “neighbours file” dy-
namically allocating memory as a single loop. The
D feature of assigning values to the .length field of
the array is used to trigger appropriate memory real-
location methods inside the D array class apparatus.
This works surprisingly well for even large graphs that
might fit into the memory of a contemporary desktop
computer. Even in cases where the structure might
occupy around 10° — 107 nodes this is feasible. An al-
ternative model would be to make two passes through
the file, the first just to tally how many neighbours
each vertex node has prior to allocating appropriate
memory for each neighbour index list.

The D mechanism for dynamically reallocating an ar-
ray size is also convenient for making a single pass of
a neighbours structure to generate the reverse neigh-
bours or node sources. Figure 5 shows how this can
be coded. This likely has some memory allocation
overhead but is compact in terms of source code. In a
non-garbage collected language a two pass algorithm
is likely more efficient, with the first pass to compute
the sizes of the reverse lists and the second to popu-
late them. A third pass is needed in principle if the
original forward arc neighbour list must subsequently
be deallocated.



The D language offers some useful built-in capabilities
such as associative arrays. This capability can be used
to good effect to make a compact routine to identify
and eliminate duplicate arcs by building frequency
tables using an associative array of integers and the
int[ int ]myarray; syntax. Figure 6 illustrates
how the associative arrays might be coded for this.

One useful algorithm for efficiently obtaining the pair-
wise hop distances between nodes is that of Floyd [5],
and which is given as Java source code in Sedgewick’s
book [6]. Figure 7 gives our D version of this algo-
rithm encoded to return an adjacency-like array with
the pair-wise distances given in the i — j’th positions.

This code follows our philosophy of returning a simple
but uncompressed memory-allocated structure that
can then be reduced by summing rows or columns
or can be directly looked up or saved easily to file.
The D language makes it very easy to write memory
allocation code this way without needing copious as-
serts to ensure there are no null-pointers returned by
malloc or realloc.

Component labelling is another important algorithm.
There are a number of variations possible, depend-
ing upon the different sort of connectivity patterns in
the graph there are different tradeoffs available from
different algorithms. A simple algorithm that is ade-
quate for smallish graphs of arbitrary pattern is given
in 8. Multiple sweeps pass through the integer la-
bels ensuring a unique label results for each connected
component of cluster of nodes. This makes use of
the built-in min function of D. More sophisticated
component-labelling algorithms lend themselves to
parallel implementation as well [27].

D lends itself well to implementation of simple house
keeping routines such as that for counting the number
of components present using the unique component
labels. Figure 9 shows a D code using the associative
array feature for this — which conveniently turns a
“hole-ridden” integer space into a compact sequence
if we go back and relabel the components by their
original label sequence number. This of course makes
other subsequent sorting or selection operations on
the components a lot easier to manage. Some exam-
ples might be pulling out the n’th largest component
or computing some property such as centre of gravity
for clusters of vertices embedded in a physical space.

The D code in figure 10 shows that is relatively
straight-forward to use the unique cluster labels to
split the neighbours list for the whole graph apart
into separate neighbours lists — one for each connected
component. This is particularly useful for analysing
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individual components or their properties.

Sometimes it is useful to be able to iterate over each
component and have a handy list of all vertices in it.
The code in figure 11 constructs this. D lets us sort
this list of whole arrays according to the number of
vertices (size) of each cluster.

When loading components or graphs from separate
files or sources it is also useful to be able to recon-
struct a coherently numbered whole graph in the form
of a unified neighbours list. The code in figure 12
does this. It makes use of the .dup operation which
duplicate-copies subarrays to build up a new clean
data structure.

The code shown in figure 13 removes a list of speci-
fied vertex nodes from the structure coherently while
healing the gaps in the consecutive node numbering
space. This is useful in applications such as interac-
tive graph drawing where the graph can shrink when
nodes are deleted. Generally this seems a better ap-
proach than trying to maintain adjacency arrays and
the like where some rows and columns are no longer
valid.

4 D Implementation Programs

A suite of programs was developed to make use of
this library of routines. In some cases the program
was nothing more than a very thin wrapper for a
single routine. The philosophy was to support easy
exchange of graph and network information between
application programs - and especially simulations -
that were likely written, developed and maintained
at different times and which might not necessarily be
written in D.

Much of the work reporting in the articles: [28-38]
made use of these programs.

e neighbours_analysis.d does cluster and histogram
analysis of a neighbours network file

e neighbours_edit.d extracts the one (largest) clus-
ter from a neighbours file

e neighbours_split.d makes 1... named files from
the (separate) descending order sized component
clusters

e neighbours_unique.d makes all the arcs unique in
a .nbr file, removing duplicates

e neighbours_merge.d combines several .nbr files
into one with a single numbering scheme



e neighbours_prune.d removes dangling leaves and
branches with no circuits

e neighbours_circuits.d report on the circuits
present in the graph found in a single .nbr file

5 Graph Generator Models

There are many possible graph generation algorithms
and indeed being able to investigate the properties
of such modesl was a motivating factor for develop-
ment of the neighbours library and related programs.
There is not space to discuss them all but some key
models are: random graph models, scale free models
and small-world systems [30], boolean networks [35]
and spatially embedded systems [28].

The following graph generator “test programs” are
part of the D suite accompanying the neighbours li-
brary:

e generate NK.d generates variations of a Kaufl-
man NK network including pair-wise mixed <
K > nets

e generate_arb_config.d  generates r-connected

points from radial proximities

e generate_preferential.d generates a scale-free
preferential attachment network

e generate_lattice.d generates hypercubic lattice
using usual Lengths specifier

e generate_.SW is an initial working prototype for
generating a small-world model based on a lattice

Devising new and interesting graphs with “different”
or unique properties is an ongoing area for further
research.

6 Graph Measurement Metrics

There are a number of useful things to characterise
or measure about a network: Figure 14 gives the D
source code names for some of these obvious simple
properties. The variable names are used consistently
in the D programs and library routines.

Some static graph properties can be investigated us-
ing simple book-keeping techniques. A set of D pro-
grams was developed to include:
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e neighbours_indegree.d computes and histograms
the vertex in-degrees

e neighbours_outdegree.d computes and his-
tograms the vertex out-degrees

e neighbours_extract_inputs.d assuming a .nbr file
to be “to-arcs” or outputs, this constructs the
“from-arcs” or inputs

e neighbours_components.d labels and computes
cluster statistics from a .nbr file and makes .comp
compound nbr file

e neighbours_allpairs.d computes Dijkstra all pairs
distance for a .nbr file

More sophisticated programs were developed to cal-
culate expensive properties such as the number of cir-
cuits [30, 31, 39-42] or the path-lengths present [43].
The clustering coefficient [44] is also an interesting
property that characterises network structure and for
which parallel computations are possible [45].

Graph analysis is a useful approach to many applica-
tions problems and not least complex systems [46,47].
An interesting set of open issues concerns the identifi-
cation of communities — or areas of strong connectiv-
ity in an otherwise weakly connected graph. Spectral
methods may give insights into these [48,49].

Some experimental D codes to handle complex eigen-
values [50] were also constructed as part of the neigh-
bours suite:

e neighbours_eigenspec.d compute eigenvalues of a
network and their spectral density

e neighbours_complex_eigenspec.d computes (com-
plex) eigenvalues of a network and (2d) spectral
density across the complex plane

In this area and others, there is still outstanding work
to do a systematic investigation of how bulk proper-
ties of various networks vary statistically with N, M
and the generation algorithm control parameters such
as K,p,r.

7 Graph File Formats

Various attempts have been made to establish a file
format for graph information. This is not trivial as ul-
timately many applications use a core graph concept
but decorate the nodes and arcs with diverse informa-
tion. The graph markup language (GML) [24] is one



format still in use, despite it having been invented be-
fore the wide promulgation of extensible markup lan-
guage (XML). GraphML [25] is another markup lan-
guage for graph information and with some promise,
although a simple and minimalist XML-based format
appears to be eluding the community just because of
the temptation to incorporate too much information
over and above the core structural data.

This present article has described the very simple tex-
tual file format for neighbours lists. Some variations
of this might be to provide composite neighbours lists
to give forward and reverse arc information or to in-
clude some grouping to indicate separate components.

Some other format ideas I have found useful are in-
clusion of spatial information such as x-y coordinates
in a 2-D space or x-y-z information in a 3-D space. It
is not obvious what the best way to incorporate these
into a format. The .graph file format invented for use
in the GraViz graph drawing and visualisation pro-
gram [26] used integer x-y-z information associated
with each vertex node. This unfortunately introduces
assumptions about the scale of the embedding space,
and probably normalised floating point values would
be more generally useful. Nevertheless for some simu-
lations where the graph results from a simulation that
itself is defined on an integer coordinate space — such
as from an array index mapping — this was useful.

Simulations programs such as those for generating dif-
fusion limited aggregation (DLA) or cluster-cluster
aggregation (DCLA) models [51] made use of these
techniques. The following D programs were devel-
oped to convert between formats:

e graph_to_neighbours.d extracts the structural in-
formation from a GraViz .graph file to make a
.nbr file

e icoord_to_neighbours.d makes a nbr file from an
x-y or x-y-z integer coordinates file (eg from DLA
or DCLA)

e coordinates_to_neighbours.d makes .nbr file from
a DLA style int xyz coordinates file

Generally however, the design of a forward scalable
graph file format and a comprehensive discussion
of the associated issues is beyond the scope of this
present article.
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8 Discussion and Conclusions

We have presented a selection of D source code frag-
ments for manipulating graph data in the form or a
neighbours list or array of destination “to-arcs” for
each vertex in the graph. This has proved a com-
pact and convenient form to load from file and store
to file and allows more memory-intensive structures
such as adjacency tables to be easily constructed but
only when needed. Many of the algorithms of common
interest are structured to have a “for each vertex...for
each connected vertex...” as their outermost loops,
and so the neighbours list works well in many cases.

The D language as found to quite well suited to this
sort of application and for development of library rou-
tines. The GNU gdc compiler was used mostly and
generally D offers a combination of elegance and per-
formance efficiency that is not met by C, C++ or
Java. Unfortunately during the course of this work
D has waned in general popularity as a programming
language internationally. This is partially due to im-
provements in other languages but mostly I believe
because the D programming support libraries have
not had the effort expended in them rapidly enough
to allow D to really take off. I rather regrettably find
myself reimplementing many of the elegant constructs
I prototyped in D in C++ again. The type checking
offered by writef in D is now also offered at some
level by C and C++ compilers for printf. The vari-
ous built-ins such as: arrays sorts; dynamic memory
re-allocation; and associative arrays, can of course be
implemented in C++ user classes anyway. The more
elegant pointer and reference handling apparatus in
D is still attractive and i believe is better done than
in C# or Java but does not appear to have been a
strong enough selling feature for the majority of pro-
grammers. At the end of the day developing code
is expensive and one wants to believe the platform
will widely available for at least a decade to be worth
maintaining effort in it. I still hope D may experience
a recovery in popularity however.

There remain many interesting graph related simula-
tion problems to work on, and it seemed worthwhile
writing up experiences with this software project,
so that some aspects can serve for future work on
graph and network simulation calculations. There
is some hope for the data-parallel languages such as
NVIDIA’s proprietary Compute Unified Device Ar-
chitecture (CUDA) [52] for the Graphical Processing
Unit accelerator devices, and for the emerging Open
Compute Language(OpenCL) [53] also targeted at ac-
celerator devices. Both these languages are strongly
C/C++/D syntax and concept based and some of the



ideas discussed in this present note will hopefully find
reuse [27,45] there.
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int [][] loadNeighboursFromFile( File f ){
int [][] neighbours;
int N;
char [] line = f.readLine ();

N = tolnt( line );
neighbours.length = N;

int num;
for ( int k=0;k<N;k++){
char [][] words = f.readLine (). split ();

)

neighbours [k].length = tolnt( words[0] )
for (int n=0;n<neighbours[k].length ;n4++){

neighbours [k][n] = tolnt( words[ n + 1 ] );
}

}

return neighbours;

Figure 4: D Code for loading a neighbours file and dynamically allocating the neighbours data structure.

// reverse the sense of the arcs, returning ’neighbours—from”

int [][] reverseNeighbours( int [][] neighbours ){
int N = neighbours.length;
int [][] inp; inp.length = N;

for (int i=0;i<N;i++){
for (int j=0;j<neighbours|[i]
int k = neighbours[i][j];
inp [k].length = inp[k].length + 1;
inp [k][length —1] = i;

.length; j++){

}
}

return inp;

}

Figure 5: D Code for generating the reverse-neighbours structure using D’s dynamic memory reallocation syntax

int [][] uniqueNeighbours( int [][] neighbours ){
int N = neighbours.length;
int [][] inp; inp.length = N;

for (int 1i=0;i<N;i++){

int[ int ]| freq;

for (int j=0;j<neighbours|i
int n = neighbours|[i][j]
++freq [n];

]. length; j++){

inp[i] = freq.keys.sort;

}

return inp;

}

Figure 6: D Code for eliminating duplicated arcs from the neighbours structure.
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/* compute the Floyd pair distances in an adjacency structure %/

int [][] computeFloydDistances(int [][] neighbours){
int n = neighbours.length;
int [][] adjacency; adjacency.length = n;

for (int i=0;i<n;i++){// initialise adjacency matriz
adjacency[i].length = n;
for (int j=0;j<n;j++){
adjacency [1][]j] = 0;
}

}

for (int i=0;i<n;i++){ // we end up with self arcs of length 1 if they are present
for (int j=0;j<neighbours[i].length;j++){
adjacency [1][ neighbours[i][j] ] = 1;
}

}

// Sedgewick’s Floyd Algorithm , PP 477
for (int y=0;y<n;y++){
for (int x=0;x<n;x++){
if( adjacency[x][y] !'= 0 ){
for (int j=0;j<n;j++){

if( adjacency[y][j] > 0 )
if( ( adjacency[x][j] = 0 ) ||
( adjacency [x][y] + adjacency[y][j] < adjacency[x][j] ) ){
, adjacency [x][j] = adjacency[x][y] + adjacency[y][]j];
}
}
}
} }
for (int i=0ji<n;i++){ // fiz—up self—distances
adjacency [i][1] = 0;

return adjacency ;

Figure 7: D Code for computing all-pairs distances in an adjacency distance matrix using Floyd’s algorithm.
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// generate colour labels for each component:
int [] labelComponents( int [][] neighbours ){
int nVertices = neighbours.length;
int [] labels; labels.length = nVertices;

for (int i=0;i<nVertices;i++)
labels[i] = i;
bool changed;
do{
changed = false;
for ( int i=0;i<nVertices;i++){
for (int n=0;n<neighbours[i].length ;nt++){

if( labels[i] != labels[ neighbours[i][n] ] ){
labels[i] = labels|[ neighbours[i][n] ] =
min( labels[i], labels[ neighbours[i][n] ] );
changed = true;
}

}
}
twhile( changed );

return labels;

}

Figure 8: D Code for Component Labelling the connected-component clusters of a graph.

// count the components:

uint countComponents( int [][] neighbours ){
if ( neighbours = null || neighbours.length = 0 ) return O0;
int [] labels = labelComponents( neighbours );
int[ int ] count; // associative array giving a vertex tally for each label present

for (int 1=0;l<labels.length;l4++)
count [ labels[1] |++;
return count.keys.length; // number of labels used = number of components

}

Figure 9: D Code for counting the vertices in each identified cluster component.
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// split the structure into separate components:

int [][][] splitComponents( int[][] neighbours ){
int nVertices = neighbours.length;
int [][][] components;
int [] labels = labelComponents( neighbours );

// either do it this way using associative arrays:
int|[ int ]sizes; // sizes of each component
for( int i=0;i<nVertices;i++)

sizes [ labels[i] |++;

int nComponents = sizes.keys.length; components.length = nComponents;
int [] clabels; clabels.length = nComponents;
int c=0;

foreach( label; sizes.keys ){
clabels[c] = label;
components [c++].length = sizes|[ label ];

}

// we end up with:
// clabels [0..nComponents—1] gives the vertex—label for each component
// components [0..nComponents—1] is int array of size nVertices for that component

int [] translation; translation.length = nVertices;

for (¢=0;c<nComponents; c++){

int v = 0;
for (int i=0;i<nVertices;i++){
if ( labels[i] = clabels[c] && v < sizes[ labels[i] ] ){
components[c][v] = neighbours[i].dup;
translation[i] = v++4; // build translation for relevant wvertices in component

}
}

for (v=0;v<components|c].length;v++){ // translate dst list into correct indices:
for (int j=0;j<components|[c][v].length;j++)
components|[c][v][j] = translation|[ components[c][v][j] ];
}

}

return components;

}

Figure 10: D Code for splitting a neighbours structure for a whole graph into a list of neighbours structures —
one for each connected component.
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// return a structure [j][m] for the j’th cluster,
// lets us iterate easily over the properties of each cluster

int [][] clusteredVertexIndices( int[][] neighbours ){
int nVertices = neighbours.length;
int [][] clusters;
int [] labels = labelComponents( neighbours );

// set up sizes[i] to hold size of each separate component (including zero entries):
int [] sizes; sizes.length = nVertices;
sizes [] = 0;
for ( int i=0j;i<nVertices;i++){
sizes [ labels[i] |++;
}

int nClusters = 0;
for (int i=0;i<nVertices;i++)
if( sizes[i] != 0 )nClusters++;
clusters.length = nClusters;
int j=0;
for (int i=0;i<nVertices;i++){
if( sizes[i] != ){
clusters[j].length = sizes[i];

int m = 0;
for (int v=0;v<nVertices;v++){
if ( labels[v] = 1 )
clusters [j][mt++] = v;
}
j++
}
}

return clusters;

Figure 11: D Code for constructing vertex lists for each component.
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// merge set of individual separate components into single
int [][] mergeComponents( int [][][] components ){

int nVertices = 0;
for (int c=0;c<components.length ;c++)
nVertices += components|c].length;

int [][] neighbours; neighbours.length=nVertices;

int v=0;
int vc=0;
for (int c=0;c<components.length ;c++){
for (int i=0;i<components|c].length;i++){
neighbours|[v] = components|[c][i].dup;
for (int j=0;j<components|[c][i].length;j++)
neighbours [v][j] += vc;
v+
}
vc += components[c].length;

}

return neighbours;

unified number scheme:

15

Figure 12: D Code for merging together disparate neighbour lists from independently numbered component
subgraphs.
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// return index if test is in the list of ints:
int iPosition( int test, int list[] ){
for (int i=0;i<list.length;i++){
if( test = list[i] ){
return i;
}
}
return —1;

}

// remove the nodes listed from the structure:
int [][] disconnectNeighbours( int [][] neighbours, int list [] ){
if( list = null || list.length = 0 ) return neighbours;
// assume no duplicate entries in the node removal list

int [][] retval; retval.length = neighbours.length — list.length;
int translate []; translate.length = neighbours.length;
int backtranslate []; backtranslate.length = retval.length;

int count = 0;
// check the number of nodes in the new structure:
for( int i=0;i<neighbours.length;i++){

if( iPosition( i, list ) >= 0 ) continue;

backtranslate [count] = 1i;
translate [i] = count++;

}

assert ( count = retval.length );

// go through new structure fizing up its translated neighbours:
for ( int i=0;i<retval.length;i++){

int row = backtranslate[i];

int nlist [] = neighbours|[ row ].dup; // make a working copy

// count number of neighbours that are still wvalid for node i:
int ncount = 0;
for (int 1=0;l<nlist.length;l++){
if( iPosition( nlist[1], list ) >= 0 ){
nlist [1] = —1;
continue;

}

ncount+-;
retval[i].length = ncount;

// copy them iff they are wvalid:
int k = 0;
for (int 1=0;l<nlist.length;l++4){
if( nlist[1] >= 0 ) retval[i][k++] = nlist[1];
}

// translate from their old index values in the old structure:
for ( int j=0;j<retval[i].length;j++){
retval [i][j] = translate[ retval[i][]j] |;
}
}

return retval;

}

Figure 13: D Code for removing a list of vertices from a neighbours structure, while maintaining consecutive node
numbering without gaps. 16
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// computed by mneighbours\_analysis
writefln ("nVertices.oo.\t %d”,

writefln ("nArcs.ooocoeoo \t -%d”
writefln ("nDiArcs.ooooo \t 7d”
writefln ("nSelf oo \ 't Jod”
writefln ("nMultiple_...\t . %d”

writefln ("minOutputs...\t. %d”
writefln ("maxOutputs...\t . %d”
writefln (" meanOutputs_.\t _%f”

writefln ("minInputs....\t.%d”
writefln (" maxInputs....\t.-%d”
writefln (" meanInputs...\t . %f”

writefln ("nClusters....\t. %d”
writefln ("nMonomers....\t . %d”
writefln ("nDimers...... \t -%d”
writefln ("nTrimers.... \t 7d”
writefln ("nIncMax. ... \t %d”
writefln (" fracGiant. ...\t %f”
writefln (" clusterCoeff. \t %f”

nVertices );

nArcs );
nDiArcs );
nSelf );
nMultiple );

minOutputs );
maxOutputs );
meanOutputs );

minlnputs );
maxInputs );
meanInputs );

nClusters );
nMonomers );
nDimers );
nTrimers );
nIncMax );
fracGiant );

meanClusteringCoefficient );

Figure 14: D Code for reporting graph properties using the type-checked writef routine.
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