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SNAP: Social Network Analysis Procedures

Abstract. SNAP provides a suite of procedures for social network analyss. Database
procedures facilitate the input and output of network data. Analyss procedures perform
symmetrization and other basic operations or return information about a network
including its dengty, connectivity category, geodescs, and point centraities. Other
procedures permit speciaized analyses on structura equivalence, blockmodels, balance
modds, and socid influence systems.

INTRODUCTION

Because datistica software programs do not include procedures for the andyss of networks,
network analysts must write their own programs or rey on one or more of the available
programs for network andysis — GRADAP, NEOGOPY, SONNET, STRUCTURE, and
UCINET. Thefidd of network analyss includes avariety of substantive aress, and the available
programs for network analysis more or less strongly reflect the particular theoreticd interests of
their developers. Even UCINET and GRADAP, the least theoreticaly specialized of the
network andyss programs, do not satisfy the theoreticd interests of al investigators. None of
the network programs aim to provide an integrated environment for statistical/network analyses,
therefore, these programs are often employed in tandem with other datistical software programs
such as BMDP, SAS, SPSS, or SYSTAT. For ingance, an investigator might employ
UCINET and STRUCTURE to obtain certain conventional network measures, FORTRAN to
congtruct other network measures, and SPSS to andyze the file that includes these measures.

The goa of SNAP is to provide an integrated environment in which to conduct genera
mathematica/datistica investigations and socid network andyses. It is annoying to have to
employ a variety of software programs in order to conduct research on networks. It is even
more annoying to have to employ a different combination of programs for each new research
project that is pursued. SNAP is a response to these annoyances. Clearly, it would be useful to
bundle a set of socid network procedures together with an established system for Satitica
andyss. Since no set of "canned" network procedures will serve the theoreticd interests of al
investigators, the gatistica system ought to provide for basic programming. Readers who are
familiar with the GAUSS System will readily understand why | chose GAUSS to host SNAP.



Overview of GAUSS

GAUSS is a highly acdamed mathematical and gatistica programming language in which the
basic unit of andydsis amatrix. Writing programs in GAUSS is efficient because GAUSS uses
a high leve programming language neverthdess, GAUSS programs execute rgpidly. This
unusua combination of easy programming and fast execution occurs because the numerica
dgorithmsin GAUSS were optimized to ded with matrices and matrix operations. Furthermore,
with the matrix as the basic unit of anadyss, the posshble datistica applications of GAUSS
encompass most of modern gpplied mathematics. Noteworthy among these gpplications are
regresson and linear datisticd modes, maximum likelihood and nontlinear edtimation, time
series, and stochastic smulations. State-of-the-art developments in gatistical andyss, if not
provided by GAUSS, usudly are avalable in the form of supplementa programs to GAUSS.
Moreover, access to a huge domain of gpplications is made possible by a foreign language
interface that dlows the use of compiled FORTRAN, C, or ASSEMBLY programs from within
GAUSS.

GAUSS dlows an easy interdigitation of programming and andysis. It is smple in GAUSS to
construct, debug, and modify a program that draws on GAUSS procedures, one's own or
imported procedures, and lines of ad hoc code. It dso is smple to format and direct program
outputs to ASCII files. Finaly, GAUSS contains excdlent publication quality graphics.
Overview of SNAP

The proceduresin SNAP may be caled up a any point in your GAUSS program. For example:

M=rndu(30,30); @ isa GAUSS procedure that creates a 30x30 matrix of uniform
random numbers. @

A=M .ge .50; @ isaGAUSS operation that creates a matrix of ones and zeros. @

C=ccat(A,1); @ isaSNAP procedure that determines the connectivity category of A;
A iséether strong unilateral, wesk, or disconnected. @

If you prefer to conduct most of your statistica analysisin SPSS, SAS, or some other language,
then you may use GAUSS to congtruct the data files for the analyss. For example:

load M[30,30] = a\net.asc; @ isa GAUSS procedure that importsa ASCI| file
containing asquare 30 x 30 matrix. @

{ TEC,|IEC,MEC} =pcennf(M,0); @ isa SNAP procedure that computes three
measures of point centraity. @

output file = a\cen.out reset;



TEC~IEC~-MEC,
end;, @ are GAUSS operations that create an ASCII file (i.e., a30 x 3 matrix ) of the
three measures of point centrdity for each of the 30 cases. @.



MACHINE REQUIREMENTS AND INSTALLATION

Although SNAP is likely to run on earlier versons of GAUSS, GAUSS-386 v3.0 or above is
recommended. GAUSS-386 requires a 386 or 486 compatible machine with an Intel 387 or
compatible math co-processor, aminimum of 4 MB of RAM and a hard disk with sufficient free
gpace. DOS 3.3 or above isrequired.

Toinstall SNAP, copy the procedures to a subdirectory C:A\GAUSS\SNAP25 and append
;$(GAUSSDIR)\SNAP25 to SRC_PATH in your GAUSS.CFG file

SRC_PATH = $(GAUSSDIR)\SRC;$(GAUSSDIR)\SNAP25
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FTOM
FTOM2

LTOM

MTOL
RESP1

CREATE

ADDP
ALLNET

DELP
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MISSET
NID3

NID4S

NIDSS

RANA
RANA2

RANW
TREE
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COMMAND REFERENCE

returns amatrix from adyad file (ASCII or GAUSS).

returns the matrix of a network from addimited ASCII filein node list
(geographic dgorithm) format.

returns the matrix of anetwork from adelimited ASCII fileor a
memory resdent matrix containing the first point, the second point, and
line vaue for dl nonzero linesin the network.

returns the lines and line vaues of a network.

sorts and expands a survey data matrix by inserting rows of missng
vaues in locations corresponding to the nonrespondents.

adds a point to a network

returns amatrix containing al possible subsets of a number of directed
lines, where each row in the matrix contains one such subset

deletes a point from a network

insertsrowsof X, an n” k matrix, into a matrix that has alarger
number of rows and the same number of columns as X

setspartsof an n” n méatrix to missng vaues.

retrieves a network from the population of nonisomorphic digraphs with
three points.

retrieves a network from the population of nonisomorphic symmetric
digraphs with four points.

retrieves a network from the population of nonisomorphic symmetric
digraphs with five points.

returns an adjacency matrix with N points and L randomly placed lines.
returns a symmetric adjacency matrix with N points and L randomly
placed lines.

returns arandom (Markov) chain.

returns atree with N points and random outdegrees with an optiona
congtraint on maximum outdegree,



TRANSFORM

ADJM
EXPW

NORM
STAND

STAND2
SYM

CLASSIFY

ANPAIR

CCAT

CHAIN
PCLASS

REMOVL

REMOVP

CONNECTIONS

BLOKMOD
BUNDLES
BUNDLES?2

DENSITY
DENSITY?2
GEOS

IFLOW
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returns an adjacency matrix with options for symmetry and the diagond.
returns ameatrix of weights from an exponentia function of a distance
metrix.

normealizes amatrix.

Sandardize a matrix.

dandardize amatrix by ranging.

Symmetrizean” n marix.

returns the associated number pair for each point in astrongly
connected network.

returns the connectedness category of a network or the connectedness
category of each pair of pointsin a network.

classfies a chain as ergodic (irreducible gperiodic) or nonergodic.
classfies the points of a network into the categories of isolate, ordinary,
transmitter, receiver, and carrier.

returns a classification, cicj, of the lines of a network where ¢j isthe

connectedness category of the network and Gj is the connectedness

category of the network with the line removed.
returns a classification, ¢icj, of the paints of anetwork where ¢j isthe

connectedness category of the network and G is the connectedness
category of the network with the point removed.

returns a blockmodd.

returns three measures of the point bundlesin a digraph.

returns four measures of the point bundles in a digraph, excluding those
points in abundle that have no direct lines to or from any other point in
the bundle.

returns the dendity and average degree of a network.

returns the density of a network adjusted for nonrespondents.

returns the length and number of the shortest paths (geodesics) from i to
j, fordl i andj in anetwork.

computes the probability that information has flowed from ; to i through
one or two step communication paths.
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MCT_ M computes the mean first passage matrix for aregular Markov chain.

MCT_N computes the mean number of times a Markov process, starting from
datei, passes through state | before reaching Sate k for the first time.

MCT_Z computes the fundamenta matrix for aregular Markov chain.

NETSTREE returnsdl paths from each point in a network.

NSEQ returns the number of sequences of length X in anetwork from i to j for
dliand;.

PAIRS returns one of two indices of pair dependency

PATHS3 returns the number of nonredundant paths of length three connecting dl
pairs of pointsin anetwork.

REACH returns the reachability matrix of a network.

REACH2 returns a limited reachability matrix.

RSET returns the points in a network that i can reach via paths of length dmax
or less.

SA1l computes an index of structura access.

TRIADS returns atriad census.

TWOS returns the frequency of one of five types of two-step sequences that
may join pairs of pointsin a network.

DISTANCE/PROXIMITY

CONCOR returnsamatrix of profile amilarities from a corrdation of the column
vectors of amatrix.

CONCOR2 returnsan hierarchicd cluster andysis of units based on their profile
gmilarities

DPOS returns the Euclidean distance between the positions of i andj for dl i
and; in anetwork.

DPOS2 returns a measure of profile dissmilarity (ructurd equivaence).

DPOS3 returns ameasure of profile dissmilarity (Structurd equivaence).

DPOS4 returns a measure of profile dissmilarity (ructurd equivaence).

HCLUS returns an hierarchicd cluster andysis of amemory resident matrix of
distances.

MINK returns a distance matrix of Minkowski metrics from an k-dimensond
space.

PSIM returns measures of association (profile smilarity) among the rows of a
binary (0,1) matrix.

QPLAC returns a one or two dimensiond quadratic placement.

VTOD returns a distance matrix from avector.

ASSOCIATION



MCORR
PVEC
QAP
QAPREG
QAPREG2
RTEST
TAU
TAUP

CENTRALITY
PCENLF
PCENNF

PCENPB
PCENPB2
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computes Pearson's correlation for the entries of two matrices.
returns relative frequency of adjacenciesin A for each subpopulation
with auniquevauegiveninB, i.e, P(A4|B,), whereAandB aren” n
meatrices.

computes and tests the sSgnificance of the association between two
square matrices based on the quadratic assgnment paradigm.

returns QAP Monte Carlo tests of significance on the partia
correlations between a dependent and set of independent variables.
tests the significance of regression coefficients and r-square by
repetitively permuting the n~ n matrix for the dependent variable
cdculating the regression coefficients and r-square each time.

returns the ssgnificance leve for an gpproximate randomization test.
returns Kendd|'s rank correlation coefficient and significance test.
returns Kenddl's partia rank correlation coefficient.

returns one of three measures of point centrality: degree, closeness, or
betweeness.

returns Friedkin's (1991) three measures of point centrdity: totd,
immediate, and mediative.

returns Bonacich's (1972) measure of point centrdity.

returns Bonacich's (1987) measure of point centrality.

SOCIAL INFLUENCE NETWORK THEORY

MRAR

PCENNF

SINA
SINSEQ

SINSEQ?2

SINV

returns maximum likdihood estimatesof a and b in the mixed
regressve-autoregressvemodd y =aWy + Xb +u.

returns Friedkin's (1991) three measures of point centrality: totd,
immediate, and meditive.

returns the solution for A in Y®) = AWY™) +(1- A)Y?

returns the result of the recursion Y = AWYY) +(1- A)Y? where
fort=1212,...,p.

returns the result of the recurson where

Y = AWOYY +(1- A)YY fore=12,..., p.

compites V = (I- AW) (I- A)



14

SINVT returns the totd effects matrix a time ¢-1 and predicted outcome scores
atimers for YO = AWY!'Y +(1- A)YY
SINY computes Y =(I- AW) *(I- A)Y"

SINYTOY1 computes Y =(I- A) (I- AW)Y

SOCIAL EXCHANGE THEORY

EVM returns predictions of the Expected Vaue Mode of Socid Power.
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PROCEDURES
ADDP
PURPOSE
Adds a point to a network.
FORMAT
Mk=ADDP(M,r,cKk);
INPUTS
M n’ n marix
r 1~ (n+1) vector of row vaues for point-k
C (n+1) ~ 1 vector of column vauesfor point-k
k scalar position of new point in network
OUTPUTS
MKk (n+1) * (n+1) network
REMARKS

The row diagond entry takes precedence over the column diagona entry.

EXAMPLE
m={1100,
1100,
0011,
0011},
r=zeros(1,5);
c=ones(5,1);
z=addp(m,r,c,3);z;

11100
11100
00000
00111
00111

ALSO SEE
DELP
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ADJM

PURPOSE

17

Returns an adjacency matrix with options for symmetry and the diagond.

FORMAT
A=ADIM(M flag);
INPUTS
M n’ n marix
flag scaar
1 smple converson (unsymmetrized)
if m,* O, thena, =1, otherwisea, =0
2 convert and symmetrize
ifm,* 0orm,* O, thena, =1, otherwisea, =0
10 unsymmetrized with zero diagond
a, =0; ifm;* O, thena, =1 otherwisea, =0
11 unsymmetrized with ones on diagond
a, =1 ifm;* O, thena, =1 otherwisea, =0
20 symmetrized with zero diagond
a;=0; ifm;* 0orm;,* O, thena, =1, otherwisea, =0
21 symmetrized with ones on diagona
a;, =1 ifm;* Oorm,* Othena, =1 otherwisea, =0
OUTPUTS
A n’” n adjacency matrix
ALSO SEE

SYM
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ALLNET

PURPOSE
Returns amatrix containing al possible subsets of a number (r) of directed lines, where each row
in the matrix contains one such subset.

FORMAT
M=ALLNET(r);

INPUTS
r is the number of directed lines

OUTPUTS
M isan 2" " r matrix, where each row indicates a possble subset of the r lines

REMARKS
This procedure will report 2" and request permission to generate M. To retrieve a subnet from
M usethe ALLNET?2 procedure.

EXAMPLE
m=dInet(4); m;

PR RPRPRPPRPRRPPPOOOOOOOO
PP RPPRPOOOORRPRLPRPRLROOOO
PR OORRFPROORROORPER OO
POFRPORORFRPRORPROROROPRO

ALSO SEE
ALLNET2
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ALLNET?2

PURPOSE
Retrieves a subnet from the matrix returned by the ALLNET procedure.

FORMAT
S=ALLNET2(M,P}i);

INPUTS

M 2" " r matrix from ALLNET

i scaar, ithrow in M

P r” 2 marix of assgnments of point identifiersto the » lines, where p, isthe
first point of thejthling, p,, isthe second point of thejth ling, and
j=12,...,r.

OUTPUTS

S n” n matrix containing the subset of linesindicated in the ith row of M and 7 is
the maximum vauein P

EXAMPLE

m=allnet(4); p={12,13,23,34};
s=dlnet2(m,p,1); s,
s=dlnet2(m,p,8); s,
s=dlnet2(m,p,10);s;

00O00O
00O0O
00O00O
00O0O
0010
0010
0001
00O00O
0100
00O0O
0001
00O0O

ALSO SEE



ALLNET
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ANPAIR

PURPOSE
Returns the associated number pair for each point in a strongly connected network.

FORMAT
R=ANPAIR(M);

INPUTS
M n’ n marix

OUTPUTS
R n~ 2 vector, where R[.,1] contains the outnumbers and R][.,2] containsthe
innumbers

REMARKS
A network is strongly connected if dl points are joined by paths in both directions (see CCAT).

The outnumber of a point isthe length of the longest path from the point to the other pointsin the
network. The innumber of apoint isthe length of the longest path from the other pointsin the
network to the point.

The diameter of the network is maxc(R[.,1])=maxc(R].,2]).

EXAMPLE
m; anpair(m);

0101
0010
1000
0010

22
33
22
33

REFERENCE
Pp. 160-169 in Harary, Frank, Robert Z. Norman, and Dorwin Cartwright (1965) Structural
models: an introduction to the theory of directed graphs. New Y ork: Wiley.
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BLOKMOD

PURPOSE
Returns a blockmode..

FORMAT
BM=BLOKMOD(M,nM,BLOCK Sflag,type);

INPUTS
M k™ n (stacked) matrix
nM scaar, number of matrices acked in M

BLOCKS n" 2 matrix, point indices (any order) in first column and block indices (0,1, 2,
...) In second column; set indice to zero for no block assignment.

flag scaar
0 exclude m,, for each matrix in M
1 indude al entries
type scalar, type of blockmodel
1 permute each matrix in M according to block assgments
2 mean vaues
3 dendty of nonzero vaues
4 zeroblock; O if al ties are absent, 1 otherwise
5 oneblock; 1if dl tiesare present, O otherwise
OUTPUTS
BM

for type=1, (Lj n” n permuted matrices
nM

v’ v matrices, otherwise, where v isthe number of blocks

REMARKS
Output is stored in an ASCII file, BLOKMOD.OUT.

ALSO SEE
CONCOR, CONCOR2
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BUNDLES
PURPOSE
Returns three measures of the point bundles in adigraph.

FORMAT
{od,id,dp} =BUNDLES(M);

INPUTS

M n" n matrix, where m, =0
OUTPUTS

od n” 1 vector, outdegree

id n” 1 vector, indegree

dp n” 1 vector, number of digtinct points
REMARKS

Outdegree (od) is the number of lines from a point. Indegree (id) is the number of linesto a point.

EXAMPLE

n
0101010
1010101
0101010
1010101
0101010
1010100
00000O0O

{ od,id,dp} =bundles(m);
od~id~dp;

333

434

333

434

333

333

022

ALSO SEE
BUNDLES2, PCLASS
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BUNDLES?2

PURPOSE
Returns four measures of the point bundles in a digraph, excluding those points in a bundle that
have no direct lines to or from any other point in the bundle.

FORMAT
{od,id,dp,den} =BUNDLES(M);

INPUTS

M n’” n matrix, where m, =0

OUTPUTS

od n” 1 vector, outdegree

id n” 1 vector, indegree

dp n” 1 vector, number of digtinct points

den scaar, dengity of lines among the pointsin the adjusted bundle
REMARKS

Outdegree (od) is the number of lines from a point. Indegree (id) is the number of linesto a point.
The bundle of apoint consgs of dl the linesto and from the point; however, here the bundle of a
point is restricted to those points that either send or receive at least one line from another point in
the bundle.

ALSO SEE
BUNDLES



26

CCAT

PURPOSE
Returns the connectedness category of a network or the connectedness category of each pair of
points in a network.

FORMAT
C=CCAT(M flag);

INPUTS
M n" nmatrix
flag scaar
1 for connectedness of network
2 for connectedness of pairs
OUTPUTS
C scdaror n” n marix
scalar, connectedness of networks (flag=1)
0 M isdisconnected
1 Misdrictly wesk
2 M isdrictly unilaterd
3 M isstrong
n” n matrix, connectedness of pairs (flag=2)
0 {and; are O-connected
1 i and; are 1-connected
2 i and; are 2-connected
3 iand; are 3-connected
REMARKS

Two points are disconnected (O-connected) if they are not joined by a semipath, weakly
connected (1-connected) if they are joined by a semipath but not a path, unilateraly connected
(2-connected) if they are joined by a path in one direction but not in the other, and strongly
connected (3-connected) if they are joined by pathsin both directions. The connectedness
category of a network is the minimum connectedness category among the pairs of points.
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EXAMPLE
n
0001
1000
1001
1000

ccat(m,l);
1

ccat(m,2);
3223
2312
2132
3223

ALSO SEE
REMOVL REMOVP

REFERENCE
Pp. 50-84 in Harary, Frank, Robert Z. Norman, and Dorwin Cartwright (1965) Structural
models: an introduction to the theory of directed graphs. New Y ork: Wiley.



CHAIN

PURPOSE

Classfiesachan asergodic (irreducible aperiodic) or nonergodic.

FORMAT
c=CHAIN(M);

INPUTS
M n’~ n row stochastic matrix

OUTPUTS
C scaar
0 M isnonergodic
1 M isergodic (regular)

EXAMPLE
z1,
0100
0010
0001
1000
chan(zd);

0
2
0
0
5

o O o
Ul
o O o

1100
chan(z2);
1

REFERENCE

28

Pp. 197-204 in Isaacson, Dean L. and Richard W. Madsen (1976) Markov Chains: Theory

and Applications. New Y ork: John Wiley.
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CONCOR
PURPOSE
Returns amatrix of profile smilarities from a corrdation of the column vectors of amatrix.

FORMAT
{CM,S,b1,b2,v} =CONCOR(M,nM b,flag,iter);

INPUTS

M k™ n (stacked) matrix

nM scdar, number of matrices stacked in M

b n" 1 vector of columnindicesin M

flag scaar
0 exclude m,, for each matrix in M
1 incdlude dl entries

iter scaar, number of iterations

OUTPUTS

CM n” n matrix of corrdaions among the columns of M

S n’~ n matrix of theiterated correaions

bl vector of Blockl indices

b2 vector of Block2 indices

v vector of indices with zero column variance

REMARKS

M may contain missing values. The andysisis performed on that subset of columnsin M
indicated by theindicesin b. Set b=0 for an andysis of dl the columns. Columnsin M with zero
variance are excluded automaticaly from the andyss.

Pearson product-moment correlations of the columns of M are computed and returned in CM. A
correlation matrix of this correlation matrix is returned for iter=2 (and so on for higher vaues of
iter).

REFERENCES

Brieger, Ronad L., Scott A. Boorman and Phipps Arabie (1975) "An agorithm for clustering
relationa data with gpplication to socid network andyss and comparison with multidimensiona
scding.” Journal of Mathematical Psychology 12: 328-83.

ALSO SEE
CONCOR2, BLOKMOD
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CONCOR2

PURPOSE
Returns an hierarchica duster andlysis of units based on their profile smilarities.

FORMAT
cal CONCOR2(M,nM [flag,iter);

INPUTS

M K" nmatrix, items by units

nM scalar, number of matrices stacked in M

flag scaar
0 exclude m,, for each matrix in M
1 include dl entries

iter scdar, number of iterations

OUTPUTS

Screen output describing the hierarchica partitioning of the units; this output is automatically
stored in an ASCII file, CONCOR.OUT.

REMARKS

M may contain missing vaues. Columnsin M with zero variance are excluded automaticaly from
the analyss. The units are partioned into two blocks; then each of these two blocks s partioned
if possble; and finaly, each of the four (second level) blocks is partioned if possible.

If M isan (item by units) hypergraph, then sat nM=1 and flag=1.

ALSO SEE
CONCOR, BLOKMOD
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DELP

PURPOSE
Deletes a point from a network

FORMAT
Mk=DELP(M kK);

INPUTS
M n’ n marix
k indice of point to delete

OUTPUTS
Mk (n1)" (n-1) matrix

EXAMPLE
n
11100
11100
11111
00111
00111

z=ddp(m,3);z;
1100
1100
0011
0011

ALSO SEE
ADDP



DENSITY

PURPOSE
Returns the density and average degree of a network.

FORMAT
{den,avdeg}=DENSITY (M);

INPUTS
M n’ n mdrix
OUTPUTS
den scalar
avdeg scaar
REMARKS
Jd 4 J o
aaaq; aaaq;
dm_ =1 j=1 a\/d - i=1l j=1
(n- 1) & n

wherea;, =0, a,_, if m;* 0, anda, = 0 otherwise.

ij=1

EXAMPLE

n

0.00 0.33 0.78 0.10 0.02
0.16 0.00 0.67 0.00 0.00
0.28 0.03 0.00 0.00 0.00
0.28 0.00 0.00 0.00 0.42
0.20 0.00 0.00 0.09 0.00

{ den,avdeg} =density(m);
den; avdeg;
0.60 2.40

ALSO SEE
BUNDLES

32
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DENSITY2
PURPOSE
Returns the density of anetwork adjusted for nonrespondents.

FORMAT
den=DENSITY2(M,r,flag);

INPUTS
M n’ n marix
r k™ 1 vector of respondent indices
flag scaar
0 no exclusons
1 exclude nonrespondent rows and cols
2 exclude nonrespondent rows
OUTPUTS
den scaar
REMARKS
& J
aaaq;
d en = i=1 j=1

where A =[q, ] isasubmatrix of M, a, =0, a, =1ifm, 1 0, a, =0ifm, =0, and n* isthe
number of nonexcluded entriesin A.

EXAMPLE

n,

02321

00000

40064

00000

90080

letr=135;

den=dengity2(m,r,0); den=dengity2(m,r,1); den=dengty2(m,r,2);
den; den; den;
0.450 0.833 0.750

ALSO SEE
DENSITY



DPOS

PURPOSE
Returns the Euclidean distance between the positions of i and j for dl i and j in a network.

FORMAT
D=DPOS(M flag);
INPUTS
M n’ n marix
flag scaar
0 exclude m, vaues
1 include m,, vaues
OUTPUTS
D n’ n matrix where
o 2 51
dl/ = a (mik - mjk)
k=1
EXAMPLE
n,
2.000 7.000 9.000 6.000
4.000 0.000 9.000 3.000
5.000 9.000 2.000 8.000
5.000 9.000 2.000 3.000
dpos(m,0);

0.000 7.874 8.124 8.426
7.874 0.000 12.490 11.446
8.124 12.490 0.000 5.000
8.426 11.446 5.000 0.000

ALSO SEE
DPOS2, DPOS3,DPO4

REFERENCE
Cronbach, Lee J. and Goldine C. Gleser (1953) "Assessing smilarity between profiles" The
Psychological Bulletin 50. 456-473.



DPOS2
PURPOSE
Returns a measure of profile dissmilarity (Structura  equivaence).

FORMAT
D=DPOS2(M flag);

INPUTS
M n’ n marix
flag scaar
0 exclude m, vaues
1 include m,, vaues
OUTPUTS
D n’ n matrix where
o 2 2
dz/ :|:a {(mzk - m/k) +(mki - mk/) }:|
k=1
ALSO SEE

DPOS,DPOS1, DPOS3,DPOSA

REFERENCE
Burt, Ronad S. (1976) "Postionsin networks." Social Forces 55:93-122.

35
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DPOS3

PURPOSE
Returns ameasure of profile dissmilarity (Structurd equivaence).

FORMAT
D=DPOS3(Mk);
INPUTS
M L™ n stacked matrix, where L isamultiple of n
K scadar, number of matricesinthe stack L=n" K
OUTPUTS
D n” n marix where
1
& 2 ¢ 2 21 |2 .

d; = ,ja_l[<m“") ) +a_l{(miz(k) S M)+ (Mg - M) }} zti,j

REMARKS

The main diagonals of each of the stacked matrices are set to zero. The transposes of the
matricesin M are added to the stack.

REFERENCE
Burt, Ronald S. (1987) "Socia Contagion and Innovation: Cohesion versus Structura
Equivdence"" American Journal of Sociology 92: 1287-1335.



DPOS4
PURPOSE
Returns ameasure of profile dissmilarity (Structurd equivaence).

FORMAT
D=DPOSA4(M);

INPUTS
M n’ n mdrix

OUTPUTS
D n’ n matrix where

ALSO SEE
DPOS, DPOS1,DPOS2,DPOS3

37
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EVM

PURPOSE
Returns predictions of the Expected Vaue Mode of Socia Power.

FORMAT
run evmz;

REMARKS

EVM predicts outcomes of socid exchange networks comprised of two-party transactionsin
which each transaction provides one party with afraction of an amount of resources and the
other party with the remaining fraction.

REFERENCES
Friedkin, N.E. "An Expected Vadue Modd of Socid Exchange Outcomes.” Advances in Group
Processes 10: 163-193.

Friedkin, N.E. "An Expected Vadue Modd of Socia Power: Predictions for Selected Exchange
Networks." Social Networks 14. 213-229.
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EXPW

PURPOSE
Returns amatrix of weights from an exponentid function of a distance matrix.

FORMAT
W=EXPW(A,D,v);
INPUTS
A n” n adjacency matrix
D n~ n digance matrix where d,®0
% scaar wherev >0
OUTPUTS
w n’ n matrix where
al.jvd
Wi/ = n
o} d
a aijv
=1
fordl iand
REMARKS

aw,=land 0£w, £1
j=1

If v =1, thereis no relationship between w,; and d.. If 0<v <1, thereisanegative relationship
between w,, and d,;. If v > 1, thereis a postive relationship between w,; and d,,.



EXAMPLE

d;

0.00 13.89 4.63 9.26
13.89 0.00 18.52 23.15
4.6318.52 0.00 4.63
9.26 23.15 4.63 0.00

a,

0.00 1.00 1.00 0.00
1.00 0.00 1.00 0.00
1.00 1.00 0.00 1.00
0.00 0.00 1.00 0.00

wneg=expw(a,d,.01);
Wneg;
0.00 0.00 1.00 0.00
1.00 0.00 0.00 0.00
0.50 0.00 0.00 0.50
0.00 0.00 1.00 0.00

whas=expw(a,d,1);
wheas,
0.00 0.50 0.50 0.00
0.50 0.00 0.50 0.00
0.33 0.33 0.00 0.33
0.00 0.00 1.00 0.00

wpos=expw(a,d,1.99);
WpOs,
0.00 1.00 0.00 0.00
0.04 0.00 0.96 0.00
0.00 1.00 0.00 0.00
0.00 0.00 1.00 0.00
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FTOM

PURPOSE
Returns amatrix from adyad file (ASCII or GAUSS)

FORMAT
M=FTOM (dataflag,V,n,2);

INPUTS
data sring, name of dataset
flag scaar
1 dataisaddimited ASCII (.asc) file
2 daaisaGAUSS (.dat) file
\ flag=1:
4" 1 vector containing the locations (in terms of rank order placement among
the items of information for each observation) of the first point identifier, second
point identifier, and line vaue. The lagt entry of the vector gives the number of
items per observation.
flag=2:
3" 1 vector containing the locations (indices) of the variables for the first point
identifier, the second point identifier, and the line vaue.
n Szeof M
z scdar, M isinitidized to z
OUTPUTS
M n’ n marix
REMARKS

M isinitidized to z (eg., z = 0); hence, the dataset need only contain information on thelinesin a
network.



EXAMPLE

Hag=1 Example:
rawdata.asc (5 observations and 5 variables):
121 1 O

130 1 1

240 1 O

351 1 O

231 0 O

data="c:\\gauss\dat\\rawdata.asc";

letv=1245;

n=5;

M= FTOM(data,1,v,n,0);

M;

01100

0 0010

0 00 01

0 00 OO

0 00 OO
Hag=2 Example:

rawdatal.dat

id jd rtypl rtyp2 rtyp3

12110

13011

24010

35110

23100

15001

date="c:\\gauss\\dat\\rawdat1";

letv=125;

n=5;

M= FTOM(data,2,v,n,0);

M;

0 01 01

0 00 OO

0 00 OO

0 00 OO

0 00 OO
ALSO SEE

FTOM2,LTOM, MTOL

42
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FTOM2

PURPOSE
Returns the matrix of a network from a deimited ASCII filein node list (geographic agorithm)
format.

FORMAT
M=FTOM2(data);

INPUTS

data dring, name of dataset
OUTPUTS

M n’ n marix
REMARKS

The node list (geographic adgorithm) format is number of points that send lines; then for each
point that sends lines, the point identifier, the number of lines from the point, and the identifiers of
the points receiving these lines. For example,

5 @ number of points that send lines @

13 @ point 1 sends 3 lines @

234 @ point 1 sends lines to points 2, 3, and 4@
21 @ point 2sends 1 line @

5 @ point 2 sends the line to point 5@

etc

The sze of the network is determined by the largest vaue among the numbersin thefile.

ALSO SEE
FTOM, LTOM, MTOL



GEOS

PURPOSE
Returns the length and number of shortest paths (geodesics) from ito j fordl i and j in a
network.

FORMAT
{D,G} =GEOS(M,maxd);

INPUTS

M n’ n mdrx

maxd scalar where 1£ maxd £ (n - 1) isthe longest path eval uated
OUTPUTS

D n” n marix where d,; isthe length of the shortest peth from i to;.
G n” n marix where g, isthe length of the shortest path from i to;.
REMARKS

d, = Qindicatesthat apath £ maxd does not exist in the network; &, = 0.
g, = 0 indicatesthat apath £ maxd does not exist in the network; g, =1.
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HCLUS

PURPOSE
Returns an hierarchicd cluster anadlysis of a memory resident matrix of distances.

FORMAT
run hdusprg;

INPUTS
D n~ n matrix of distances

OUTPUTS
Screen output; this output is automaticaly stored in an ASCII file, HCLUS.OUT.

REMARKS

The clugtering method is complete linkage, which defines the distance between two clusters as
the maximum distance between any two members of the clusters. The program is based on an
agorithm provided by Brian M. Stedle.

EXAMPLE

D=dpos3(x,1);

run hdusprg;

@enter the letter D when prompted @

ALSO SEE
CONCOR2
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IFLOW

PURPOSE
Computes the probability that information has flowed from ; to i through one- or two-step
communicetion paths

FORMAT
F=IFLOW(P);

INPUTS
P n” n marix, where O£ p,, £ 1 isthe probability that a communication link

tranamitsinformation from j to i; p,; = 0 where there is no communication link

OUTPUTS
F n’ n marix, where f;; isthe probability of aflow of information from; to i

REMARKS

F :[fij]:l' (1' pij)é (1' pikpkj) it ] Lk

EXAMPLE
p={0 0 0 O
50 0 0 0,
025 0.25,
50.50 0 O};

f=iflow(p);f;

1.000 0.000 0.000 0.000
0.500 1.000 0.000 0.000
0.234 0.344 1.000 0.250
0.625 0.500 0.000 1.000

REFERENCE
Friedkin, N.E. (1982) "Information flow through strong and wesk ties in intraorganizationd
socia networks" Social Networks 3. 273-85.

Friedkin, N.E. (1983) "Horizons of observahility and limits of informa control in organizations.”
Social Forces 62. 54-77.
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LTOM

PURPOSE
Returns the matrix of a network from a ddimited ASCII file or amemory resident matrix
containing the first point, the second point, and line value for dl nonzero linesin the network

FORMAT
M=LTOM(data,flag);

INPUTS
data k™ 1 vector, for flag=0
sring, name of ASCI| file, for flag=1
flag scaar
0 dataset is memory resident vector
1 dataset isaddimited ASCII file
OUTPUTS
M n’ n marix
REMARKS

The sze of M isthe largest vdue among the entries for the first and second points.



EXAMPLE

Hag=1 (ascii file):

rawdata.asc:
121
15
21
23
32
35
51
53

data="c:\\gauss\dat\\rawdata.asc";

Itom(data,1);

01001

10100

01001

00000

10100

PR RPRPRPRPR

Flag=0 (memory resident vector):
let x=

121131141
211311411,

[tom(x,0);

0111

1000

1000

1000

ALSO SEE
MTOL
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MCORR

PURPOSE
Computes the Pearson product-moment correlation for the entries of two matrices.

FORMAT
r=MCORR(A,B,Amv,Bmv flag);

INPUTS
A n" Kk matrix
B n" k matrix
Anmv scadar, dements of A equa to Amv are set to missing
Bmv scadar, dements of B equd to Bmv are set to missing
flag scaar
0 setsthe main diagonds of A and B to missng if botharen” n
1 otherwise
OUTPUTS
r correlation coefficient
REMARKS

Any missing vaues (.) that A and B contain will not be affected by the values for Amv and Bmv.

ALSO SEE
QAP



MCT M
PURPOSE
Computes the mean first passage matrix for aregular Markov chain.

FORMAT
M=MCT_M(P);

INPUTS
P n” n regular sochagtic matrix

OUTPUTS
M n’ n méarix

REMARKS
M=(1- Z+EZ,)D

where D isthe diagond matrix with dements d,, = 1/c, , ¢ isthefixed probability vector for P

Z=(1-P+P¥) ", Z,, resltsfrom Z by setting off-ciagondl entriesto 0, ad Eisan” n

matrix with dl entries 1 (Kemeny and Sndll 1960:79).

ALSO SEE
CHAIN, MCT_N, MCT _Z

REFERENCE

50

Kemeny, JG. and JL. Sndl (1960) Finite markov chains. Princeton, NJ. D. Van Nostrand.
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MCT_N

PURPOSE
Computes the mean number of times a Markov process, sarting from state i, passes through
date | before reaching Sate k for the firg time.

FORMAT
N=MCT_N(PK);

INPUTS
P n” n regular sochagtic matrix
k scalar

OUTPUTS
N n’ n méarix

REMARKS
N=(I- Q)"
where Q isthe submatrix of P conssting of dl states but k (Kemeny and Sndll, p. 112-3).

ALSO SEE
CHAIN, MCT_M, MCT_Z

REFERENCE
Kemeny, JG. and JL. Sndl (1960) Finite markov chains. Princeton, NJ. D. Van Nostrand.
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MCT Z

PURPOSE
Compuites the fundamenta matrix for aregular Markov chain

FORMAT
Z=MCT_Z(P);

INPUTS
P n” n regular sochagtic matrix

OUTPUTS
Z n’ n méarix

REMARKS
-1

Z=(I-P+PY)

ALSO SEE
CHAIN, MCT_M, MCT_N

REFERENCE
Kemeny, JG. and JL. Sndl (1960) Finite markov chains. Princeton, NJ: D. Van Nostrand.



MINK

PURPOSE
Returns adistance matrix of Minkowski metrics from an k-dimensiona space

FORMAT
D=MINK(M,1);

INPUTS
M n k matrix
r scalar

OUTPUTS
D n~ n digance matrix

REMARKS
M contains £ coordinates for each of » points:

1
D :[dl.j] = (é |mm -m,, ,»]V
a=1

For Manhattan or city-block metrics set » = 1; for Euclidean distances set » = 2.

EXAMPLE
v={15,26,37,48};
d=MINK(v,1);d;
d=MINK(v,2);d;

0.000 2.000 4.000 6.000
2.000 0.000 2.000 4.000
4.000 2.000 0.000 2.000
6.000 4.000 2.000 0.000

0.000 1.414 2.828 4.243
1.414 0.000 1.414 2.828
2.828 1.414 0.000 1.414
4.243 2.828 1.414 0.000

ALSO SEE
VTOD
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MINSERT

PURPOSE
Insertsrows of X, ann k matrix, into an initilized matrix that has alarger number of rows than X
and the same number of columns as X

FORMAT
R=MINSERT (X flag,locXid,nrows);

INPUTS

X n" k matrix

flag scdar; initidizes R to flag vaue
toinitidize R to missng values st flag to -1

locXid scaar, column pogtion of theindicesin X on the basis of which rowswill be
moved into R

nrows scdar, number of rowsin R

OUTPUTS

R (nrows)” k matrix

EXAMPLE

X

134

3 6.2

4 9.7

r=minsart(x,-1,1,5);
r
1.0 34

30 6.2
40 9.7



MISSET
PURPOSE
Setspartsof an n~ n matrix to missng vaues.

FORMAT
M2=MISSET(M1,r,flagl,flag2);

INPUTS
M1 n’ n matrix
r scaar 0, or £~ 1 vector of indices
flagl scaar

0 set main diagond entries to missing vaues

1 set upper triangular (plus main diagond) to missng vaues
flag2 scaar

0 default (does nothing)

1 st indice rows to missing values

2 et indice rows and columns to missng vaues
OUTPUTS

M2 n’ n marix
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MRAR

PURPOSE
Returns maximum likelihood estimatesof a and b in the mixed regressive-autoregressive model
y =aWy+Xb +u.

FORMAT
{ab,V}=MRAR(y,X,W):

INPUTS

y n 1 vector

X n" k matrix of variables which may include a vector of ones as the first column
w n’” n row stochastic matrix

OUTPUTS

a scdlar, estimate of a

b k™ 1 vector, estimate of b

% (k+2)" (k+2) matrix, asymptotic variance-covariance matrix V(s 2,b,a )
REMARKS

It is assumed that the errors are normally distributed with zero means and equd variances, i.e,
u~N (O,S 2I)

ALSO SEE

REFERENCES
Ansdin, Luc (1988) Spatial econometrics: methods and models. Dordrecht: Kluwer
Academic.

Cliff, Andrew and Keith Ord (1981) Spatial processes, models and applications. London:
Fion.



MTOL

PURPOSE
Returns the lines and line values of a network.

FORMAT

L=MTOL(M);

INPUTS

M n’ n marix

OUTPUTS

L k™ 3 matrix
L[.,1:2] contain respectively the indices of the first and second points of the
linesin M
L[.,3] containsthe vaues of the lines

REMARKS

Missing vauesin M will not be listed.

EXAMPLE

n

0.00 0.10 0.00 0.00 0.00
0.00 0.00 0.35 0.00 0.00
0.45 0.15 0.00 0.76 0.27
0.00 0.00 0.65 0.00 0.00
0.00 0.00 0.83 0.00 0.00

mtol(m);

12 0.10
2 30.35
31 045
32015
34 0.76
35 0.27
4 3 0.65
5 3 0.83

ALSO SEE
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LTOM, FTOM
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NETDATA

PURPOSE
Returns the binary file of anetwork that is used asinput to NETSTREE.

FORMAT
netdata [-[stt]] netfile

INPUTS
-S symmetrize the output network
-t transposes the network
neffile ASCII filewith an .NET extenson containing:
decriptive title (1<t line)
flagl flag2 (2nd line)
list form of network structure (3rd-nth line)
whereflaglisOif thevduesin M arebinary (eg 1,0) and 1 otherwise, flag2 is
0if thevduesin M are integers and 1 otherwise (n.b. no exponentid forms)
OUTPUTS
neffile binary filewith a.BIN extenson
REMARKS

NETDATA was written by Professor Norman P. Hummon.

The point identifiersin the list form of the network gtructure are treeted as strings by the
program.

The binary file, .BIN, isnot viewable.

NETDATA dso outputs two additiond files aligting of the network (netfileLST) and alisting of
thein-degree and out-degree of the network points (netfile DEG). Y ou may want to erase these
filesafter runnning NETDATA. All files, .NET, .BIN, .LST, .and .DEG share the samefile
name, eg., netfile*



EXAMPLE

Example#1 of anetfileasc
Network 1

00

135

2

357

etc.

Example #2 of anetfileasc
Network 2

10

nodel node3 7 node5 2
node2

node3 node5 1 node7 -3
node4 node8 3

etc.

Example #3 of anetfileasc
Network 3

11

nodel node3 7.7 node5 2.0
node2

node3 node5 -1.999 node7 3.02
node4 node8 3.55

node5

Example of running NETDATA
dos netdata c:\gauss\dat\netfile.net;

ALSO SEE
NETSTREE
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NETSTREE

PURPOSE
Returns dl paths from each point in a network.

REMARKS
NETSTREE was written by Professor Norman P. Hummon.

The program requires abinary file asinput (c:\gauss\dat\netfile.bin in the example). To cregte this
binary filerun NETDATA. The output of NETSTREE is directed to an ASCI| file
(c\gauss\dat\pathlist.asc in the example). Beware, this file may be large.
EXAMPLE
dos c:\gauss\snaps\netstree.exe
c\gauss\dat\netfile.bin

>c:\gauss\dat\pathlist.asc;

contents of pathlist.asc:

Search pathsfor a
abcedf

(other paths from @)
agebdf

Search pathsfor b
bafdec

(other paths from b)
bdegaf

Search pathsfor ¢
cbafdeg

(other paths from c)

etc.



ALSO SEE
NETDATA
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NID3

PURPOSE
Retrieves a network from the population of nonisomorphic digraphs with three points.

FORMAT
M=NID3(i);

INPUTS
i scalar 1£i £16

OUTPUTS
M n’ n méarix

REMARKS
NID3(i) will return a disconnected network for i={1,2,3}.

EXAMPLE
nid3(5);
nid3(16);

000
101
110

001
001
110

ALSO SEE
ALLNET, NID4S, NIDSS



NID4S
PURPOSE
Retrieves a network from the population of nonisomorphic symmetric digraphs with four points.

FORMAT
M=NID4S();

INPUTS
[ 1£i£11

OUTPUTS
M n’ n méarix

REMARKS
NID4S(i) will return a disconnected network for i={1-4 & 6}.

EXAMPLE
nid4s(5);

ALSO SEE
ALLNET, NID3, NID5S
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NIDSS

PURPOSE
Retrieves a network from the population of nonisomorphic symmetric digraphs with five points.

FORMAT
M=NID5S();

INPUTS
i 1£i£34

OUTPUTS
M n’ n méarix

REMARKS
NID5S(i) will return a disconnected network for i={1-8,12-14,19}.

EXAMPLE
nidss(5);
nid5s(10);

01000
10110
01000
01000
00000

01001
10110
01000
01000
10000

ALSO SEE
ALLNET, NID3, NID4S
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NORM

PURPOSE
Normdizes a matrix.

FORMAT
W=NORM(M);

INPUTS
M n’ n mdrix

OUTPUTS

W n~ n row stochagtic matrix with entries

m..
- ij
Wij -
o
a_ ml.,.
Jj=1

REMARKS
If& m,=0,thenw, =1

EXAMPLE

n

0.00 4.36 0.00 0.00 3.43
5.17 0.00 2.16 0.00 5.27
0.00 0.05 0.00 7.21 3.58
0.00 0.00 8.14 0.00 0.00
8.80 2.28 5.93 0.00 0.00

norm(m);

0.00 0.56 0.00 0.00 0.44
0.41 0.00 0.17 0.00 0.42
0.00 0.00 0.00 0.66 0.33
0.00 0.00 1.00 0.00 0.00
0.52 0.13 0.35 0.00 0.00
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NSEQ

PURPOSE
Returns the number of sequences of length x from i toj for dl i and j in a network.

FORMAT

S=NSEQ(M ,x);

INPUTS

M n’ n marix

X length of sequence

OUTPUTS

S n” n matrix where an entry isthe number of sequencesin M from i toj of
length x.

REMARKS

In a sequence, unlike a path, a particular line may appear more than once.

EXAMPLE

m; nseq(m,2); nseq(m,3);
01001 20110 03113
10100 02011 30311
01010 10201 13031
00101 11020 11303
10010 01102 31130
ALSO SEE

GEON, TWOS

REFERENCE

Pp. 39-43 in Harary, Frank, Robert Z. Norman, and Dorwin Cartwright (1965) Structural
models: An introduction to the theory of directed graphs. New York: Wiley.
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PAIRS
PURPOSE
Returns one of two indices of pair dependency

FORMAT
D=PAIRS(M maxdflag);

INPUTS
M n’ n marix
flag scaar

1 Freeman

2 Burt
maxd maximum length of path andyzed (sat maxd = n- 1 for al paths)
OUTPUTS
D n’ n méarix
REMARKS
Freeman's Index:

_9 &) ., .
ij(Freeman) - a : l ! ] ! k
=1 8i

where g, isthe number of geodesics (shortest paths) joining i to & and (i) is the number of
such geodesics that contain j as an intermediary between i and k.

Burt's Index:

=1- &
ij(Burt)
r
n-1

where 7, isthe number of pointsthat i can reach in k steps and g isthe length of the geodesic
fromitoj; d, =1, and d;, = 0if i cannot reach ;.

ALSO SEE
Al

REFERENCES
Burt, Ronald S. (1988) "Some properties of structural equivaence measures derived from
sociometric choicedata" Social Networks 10: 1-28.

Freeman, Linton C. (1980) "The gatekeeper, pair-dependency and structurd centrdity.” Quality
and Quantity 14: 585-592.



PATHS3

PURPOSE
Returns the number of nonredundant paths of length three connecting dl pairs of pointsin a
network

FORMAT
P3=PATHS3(M);

INPUTS
M n’ n méarix

OUTPUTS
P3 n’ n mdrix

REMARKS
M istransformed into an adjacency matrix by converting al nonzero entriesto unity. Ina
nonredundant path no point occurs more than once.

EXAMPLE
a

0110001
1010000
1101100
0010111
0011011
0001101
1001110
p3=path3(a); p3;
0024442
0003333
2003355
4330234
4332034
43533002
2354420
ALSO SEE

NETSTREE
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PCENLF

PURPOSE
Returns one of three measures of point centrality: degree, closeness, or betweeness.

FORMAT
{rc,sc} =PCENLF(M ,flag,dmax);

INPUTS
M n’ n marix
flag scaar

1 degree

2 closeness

3 betweeness
dmax scaar, where 1£ dmax £ (n - 1) isthelongest path evauated
OUTPUTS
rc n" 1 vector of unstandardized scores
sc n" 1 vector of standardized scores
REMARKS
(1) degree:

rc= 3 a., Ssc= e
ja:-1 y? n- 1
wherea, =1if m;* Oanda, =1 otherwise.
(2) closeness:.
_ 1 _n-1
V¥ ——— CcS —

4 d(i.x)

=1

where d(i, k) isthe length of the geodesic joining i and &, and d(i,k)® dmax is set to dmax..
(3) betweeness:

o) 2
g n - 3n+2

Q
1
o
Qo

where g, (k) isthe number of geodesics (length£ dmax) joining i and/ that contain &, and g,
isthe number of geodesicslinking 7 andj (g; = Lif length > dmax). .
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EXAMPLE
n

0001
1000
1001
1000

degree:
{rc,sc}=pcenif(nidss(11),1,4);
IC~SC;

2.000 0.500

2.000 0.500

2.000 0.500

1.000 0.250

1.000 0.250

closeness:
{rc,sc}=pcenif(nidss(11),2,4);
rC~Sc;

7.000 0.571

6.000 0.667

7.000 0.571

10.000 0.400

10.000 0.400

betwenness:
{rc,sc}=pcenif(nidss(11),3,4);
IC~SC;

3.000 0.500

4.000 0.667

3.000 0.500

0.000 0.000

0.000 0.000

ALSO SEE
Freeman, Linton C. (1978) "Centrality in socid networks. conceptud claification.” Social
Networks 1.215-239.

REFERENCE
PCENPB, PCENPB2, PCENNF
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PCENNF

PURPOSE
Returns Friedkin's (1991) measures of point centrdity.

FORMAT
{TEC,|EC,MEC} =PCENNF(W,pfoc);

INPUTS

W n” n regular sochagtic matrix

pfoc scaar O£ pfoc £ n; usualy set to zero.
OUTPUTS

TEC n 1 vector, total

IEC n" 1 vector, immediate

MEC n 1 vector, mediaive

REMARKS

TEC isthetotd interpersond effect of an actor on other actorsin the influence network. TEC
indicates the relative contribution of an actor to any consensus or collective decision that is
formed among the actors.

IEC isindicative of the rapidity with which thetotal effects of an actor tend to emerge from the
influence process. Actors with grester immediacy are less dependent on intervening actors for
ther total effects.

MEC indicates the extent to which an actor tranamits the tota effects of dl other actors. If pfoc is
st to theindice of a particular actor, then MEC indicates the extent to which an actor transmits
the total effects of actor-pfoc.
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EXAMPLE

w=norm(adjm(nid5s(10),21)); w;

{ TEC,|EC,MEC} =pcennf(w,0); TEC~IEC~MEC:;
0.333 0.333 0.000 0.000 0.333

0.250 0.250 0.250 0.250 0.000

0.000 0.500 0.500 0.000 0.000

0.000 0.500 0.000 0.500 0.000

0.500 0.000 0.000 0.000 0.500

0.231 0.133 0.667
0.308 0.250 0.875
0.154 0.069 0.347
0.154 0.069 0.347
0.154 0.056 0.264

ALSO SEE
PCENLF, PCENPB, PCENPB2

REFERENCE
Friedkin. N.E. (1991) "Theoreticd foundationsfor centrdity measures." American Journal of
Sociology 96. 1478-1504.



PCENPB

PURPOSE
Returns Bonacich's (1972) measure of point centraity

FORMAT
c=PCENPB(M);

INPUTS
M n’ n marix

OUTPUTS
C n" 1 vector of raw centraity scores

REMARKS
| ¢ =Mc
where ¢ isthe eigenvector of M associated with the largest eigenvduel|l .

ALSO SEE
PCENLF, PCENPB2, PCENNF

REFERENCE
Bonacich, Phillip. 1972. "Factoring and weighting agpproaches to status scores and clique
identification.” Journal of Mathematical Sociology 2:113-120.
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PCENPB2

PURPOSE
Returns Bonacich's (1987) measure of point centraity

FORMAT
c=PCENPB2(m,a,b,flag);
INPUTS
m n’ n mdrix
a scadar (set to any vaue, eg. 1, when normalized centrality scores are being
returned)
b scalar
flag scaar
0 for absolute vaue of reciprocal of the largest eigenvaue of m
1 for raw centrality scores
2 for normalized centrality scores
OUTPUTS
C flag=0, scdar
flag=1-2, n" 1 vector of centraity scores
REMARKS

Raw centrality scores (flag=1): c(a,b)=a(I- bM)'le,WherejWhereisen n 1 vector of

ones. Katz's (1953) measure of centrdity is t =be(1,b). Normalized centrdity scores (flag=2):

a =1/%,wherex=(l- bM) "Mj o that c® = 1.
X

ALSO SEE
PCENLF, PCENPB, PCENNF

REFERENCE
Bonecich, Phillip. 1987. "Power and centrdity: afamily of measures" American Journal of
Sociology 92:1170-82.

Katz, Leo. 1953. "A new satusindex derived from sociometric andyss” Psychometrika
18:39-43.
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PCLASS

PURPOSE
Classifies the points of a network into the categories of isolate, ordinary, transmitter, receiver,
and carrier.

FORMAT

C=PCLASS(M);

INPUTS

M n’ n méarix

OUTPUTS

C n 1 vector
0 isolate
1 ordinary
2 trangmitter
3 receiver
4 carrier

REMARKS

An isolate is a point with an indegree and outdegree of 0. A transmitter is a point with a positive
outdegree and an indegree of 0. A receiver isapoint with an outdegree of O and a positive
indegree. A carrier isapoint with an indegree and outdegree of 1. Other points are ordinary.

EXAMPLE
n
00000
10110
10000
00100
00000

sega(1, 1,rows(m))~pclass(m);
13
22
31
44
50

ALSO SEE



BUNDLES, REMOVP

78
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PSIM

PURPOSE
Returns measures of association (profile smilarity) among the rows of abinary (0,1) matrix.

FORMAT
S=PSIM(M flagl flag2);
INPUTS
M n" k binary (0,1) matrix
flagl scaar
0 exclude diagond for k=n
1 include diagond
flag2 scaar
1 Coefficient of Jaccard (Snesath)
S_Pd_a+b+c
MMHQS=1Wa+b+c=O
2 Smple Maiching Coefficient
1 a+d
S= % T
4 atb+c+d
3 Y ule Codfficient
1_ad- bc
s=[s.]=
- ad + be
4 Product Moment Correlation Coefficient
ad - bc
S= Sij = 1
7 [a+b)ato)e+d)p+a)f
OUTPUTS

S n” n matrix of asociations (profile Smilarities) among the rows of M



REMARKS
1 0
1 a b
0 c d
where

aisthe frequency of {m,.g =1lm, = 1},
bisthefrequency of {m, =1m, =0},
c isthe frequency of {ml.g =0,m,, :1}, and
disthefrequency of {ml.g =0m, = O}

for g=12,...,k.

Input M' for ak™ k matrix of associations among the columns of M.
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EXAMPLE

m
0000110100
0110101010
1100001010
0000111000
0100000110

spsm(m,1,1); s,

1.000 0.143 0.000 0.500 0.200
0.143 1.000 0.500 0.333 0.333
0.000 0.500 1.000 0.167 0.400
0.500 0.333 0.167 1.000 0.000
0.200 0.333 0.400 0.000 1.000

sspsm(m,1,2); s

1.000 0.400 0.300 0.800 0.600
0.400 1.000 0.700 0.600 0.600
0.300 0.700 1.000 0.500 0.700
0.800 0.600 0.500 1.000 0.400
0.600 0.600 0.700 0.400 1.000

spsm(m.13); s

1.000 -0.455 -1.000 0.846 0.111
-0.455 1.000 0.714 0.455 0.455
-1.000 0.714 1.000 -0.200 0.667
0.846 0.455 -0.200 1.000 -1.000
0.111 0.455 0.667 -1.000 1.000

s=psm(m,1,4); s,

1.000-0.218 -0.535 0.524 0.048
-0.218 1.000 0.408 0.218 0.218
-0.535 0.408 1.000 -0.089 0.356
0.524 0.218 -0.089 1.000 -0.429
0.048 0.218 0.356-0.429 1.000

ALSO SEE
DPOS, DPOS2

REFERENCE

P.H.A. Sneath and R.R. Sokal (1973) Numerical Taxonomy. San Francisco, CA: W.H.

Freeman
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PVEC

PURPOSE
Returns relative frequency of adjacenciesin A for each subpopulation with aunique vauein B,
i.e, P(A|B;),where A and B are n” n matrices.

FORMAT
C=PVEC(A,Brflaglflag2);
INPUTS
A n~ n adjacency (0,1) matrix
B n’ n vaue matrix
r scalar 0, or £~ 1 vector of indices for excluson
flagl scaar
0 exclude main diagond
1 exclude upper triangular (plus main diagond)
flag2 scalar
0 no excluson
1 excdudeindice row cdls
2 exclude indice row and column cdlls
OUTPUTS
C k=~ 3 matrix,

cl.1] packr(unique(vecr(B)))
cl.,2] frequencies

c[.,3] bases of relative frequencies
cl.4] relative frequencies
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QAP

PURPOSE
Computes and tests the significance of the association between two square matrices based on the
quadratic assgnment paradigm

FORMAT
r=QAP(A,B,perm);
INPUTS
A n’ n marix
B n’ n marix
perm number of permutations
OUTPUTS
r 3" 1vector
r[1,1] raw index of association
r[2,1] normalized index (Pearson'sr)
r[3,1] right tail probability level
EXAMPLE
a b;
01011 00110
00000 10100
11011 01000
11000 01100
11100 10000

r=gap(a,b,1000); r’;
4 -0.167 0.963

REFERENCE
Hubert, L.S. and J.V. Schultz (1976) "Quadratic assgnment as a genera data andyss Strategy.”
British Journal of Mathematical and Statistical Psychology 29: 190-241.

Hubert, L.J. and F.B. Baker (1978) "Evauating the conformity of sociometric measurements.”
Psychometrika 43. 31-41.

ALSO SEE



QAPREG, QAPREG2
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QAPREG

PURPOSE
Returns QAP Monte Carlo tests of significance on the partid correlations between a dependent
variable and set of independent variables.

FORMAT
call QAPREG(Y X, perm);

INPUTS
Y n” n matrix (dependent variable)
X (n” n) " kmatrix (independent variables)
perm number of permutations
OUTPUTS
screen output
REMARKS

A column of onesisadded to X if none exigts. The dyadsin X are assumed to be in vec (i.e.
column) order. Y and X may contain missing vaues, diagonds are set to missing in the program.

REFERENCES

Smouse, Peter E., Jeffrey C. Long and Robert R. Sokal. 1986 "Multiple Regression and
Corrdation Extensons of the Mantdl Test of Matrix Correspondence.” Systematic Zoology 35:
627-632.

Krackhardt, David. 1988. "Predicting with Networks. Nonparametric Multiple Regression
Andyssof Dyadic Data" Social Networks 10: 359-381.

ALSO SEE
QAP, QAPREG?
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QAPREG2

PURPOSE
Tedts the sgnificance of regression coefficients and r-square by repetitively permutingthe n” n
matrix for the dependent variable cal culating the regression coefficients and r-square each time.

FORMAT
call QAPREG2(Y ,X,perm);

INPUTS
Y n” n matrix (dependent variable)
X (n” n)" kmatrix (independent variables)
perm number of permutations
OUTPUTS
screen output
REMARKS

A column of onésis added to X if none exigs. The dyadsin X are assumed to be in column
order. Y and X may contain missng vaues, main diagonas are st to missing in the program.

REFERENCES

Smouse, Peter E., Jeffrey C. Long and Robert R. Sokal. 1986 "Multiple Regression and
Corrdation Extensons of the Mantdl Test of Matrix Correspondence.” Systematic Zoology 35:
627-632.

Krackhardt, David. 1988. "Predicting with Networks. Nonparametric Multiple Regression
Andyssof Dyadic Data" Social Networks 10: 359-381.

ALSO SEE
QAP, QAPREG
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QPLAC
PURPOSE
Returns a 1- or 2-dimensional quadratic placement.

FORMAT
D=QPLAC(Cflag);

INPUTS
C n’ n symmetric matrix where ¢, 2 O and ¢, =0
flag scaar
11 1-dimensiond solution and ¢; isameasureof smilarity (flow
intengty)
12 1-dimensiond solution and ¢; isameasure of distance
(dissmilarity)
21 2-dimendona solution and ¢; isamessure of similarity (flow
intengty)
22 2-dimengond solution and ¢, isameasure of distance
(dissmilarity)
OUTPUTS
D n" 1vector, if flagis1l or 12
n 2 vector, if flagis21 or 22
REMARKS

In the 1-dimensiond solutions D contains X coordinates where X'X=1. In the 2-dimensonad
solutions the columns of D contain, respectively, the X and Y coordinates where X'X=1 and
Y'Y=1.



EXAMPLE
n
01111
10100
11000
10001
10010

gplac(m,21)’;
-0.000 -0.500 -0.500 0.500 0.500
-0.000-0.628 0.628 0.326 -0.326

gplac(m,11)’;
-0.000 -0.500 -0.500 0.500 0.500

REFERENCE
Hall, Kenneth M. (1970) "An r-dimensiond quadratic placement dgorithm." Management
Science 17.219-229.

88



89

RANA

PURPOSE
Returns an adjacency matrix with » points and x randomly placed lines.

FORMAT

A=RANA(Nn,X);

INPUTS

n scdar, sze of adjacency matrix

X scdar, number of lines; if x=0avaue for x will be randomly sdected in the
range O£ x £ n(n - 1)

OUTPUTS

A n’” n adjacency marix inwhich @, =0, a, = 1if thereisalinefrom i to j, and
a; =0 otherwise.

REMARKS

-
X = a a aij

i=1 j=1
Lines are sampled without replacement.

EXAMPLE
RANA(4,0);
0011
1011
0000
1010

RANA(4,3);
0001
0001
0001
0000

ALSO SEE
RANAZ2, RANW
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RANA2

PURPOSE
Returns a symmetric adjacency matrix with » points and x randomly placed lines.

FORMAT

A=RANA2(nx);

INPUTS

n scdar, sze of adjacency matrix

X scdar, number of lines; if x=0avaue for x will be randomly sdected in the
range O£ x £n(n- 1)/2

OUTPUTS

A n~ n adjacency matrix

REMARKS

Lines are sampled without replacement.
EXAMPLE

RANA2(4,3);
0001
0001
0001
1110

ALSO SEE
RANA, RANW
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RANW

PURPOSE
Returns arandom (markov) chain.

FORMAT
W=RANW(M);

INPUTS
M n’ n mdrix

OUTPUTS
w n’ n méarix

REMARKS
ar,

W :[W’?i]:—g =
a aij}/z"j
Jj=1
wherea, =0 ifm, =0, a, =1if m; * O, and r;, isapodtive random number (sce RNDU). If

é'la” =0, then w, issetto 1. Hence, 0£ w, £ 1and § w, =1.
j=

=1

EXAMPLE

Or r O3
ocoor
ocoor
Orr o

ranw(m);

0.000 0.885 0.114 0.000
0.731 0.000 0.000 0.269
0.713 0.000 0.000 0.287
0.000 0.000 0.000 1.000

ALSO SEE
RANA
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REACH

PURPOSE
Returns the reachability matrix of a network.

FORMAT
R=REACH(M);

INPUTS
M n’ n mdrix

OUTPUTS
R n’ n marix wherer, =1, r, = 1,if M containsapath fromitoj,and 7, = 0
otherwise.

REMARKS
In anetwork, i reaches; if apah exigsfromito;.

EXAMPLE
n

01001
00100
00010
01001
01000;

reach(m);
11111
01111
01111
01111
01111

ALSO SEE
REACHZ2, RSET
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REACH2

PURPOSE
Returns the limited reachability matrix for paths £ dmax in length.

FORMAT
R=REACH2(M,dmax);

INPUTS

M n’ n marix

dmax scalar, 1£ dmax £ (n-1)

OUTPUTS

R n” n marix, where r;, = 1 if thereisa path less than dmax in length from i to
inthe network, 7, =1, and r; = O otherwise.

EXAMPLE

m; reach2(m,2); reach2(m,3);

01000 11100 11110

00100 01110 01111

00010 00111 10111

00001 10011 11011

10000 11001 11101

ALSO SEE

REACH, RSET
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REMOVL

PURPOSE
Returns a classification, ¢,c;, of the lines of anetwork where ¢, is the connectedness category of

the network and c; is the connectedness category of the network with the line removed.

FORMAT
C=REMOVL(M);

INPUTS
M n’ n marix
OUTPUTS
C k™ 3 matrix where k is the number of linesin the network:
C[.,1] containsthe row indices of thelines, C[.,2] contains the column indices
of thelines, and C[.,3] contains two-digit codes where thefirst digit isthe
connectedness category of the network and the second digit is the
connectedness category of the network with the point removed. The digits
rangefrom O to 3;
0 M is disconnected
1 M isgtrictly wesk
2 M isdrictly unilaterd
3 M issrong
REMARKS

Alineisabridgeif c,c, =10 and M isstrictly week, or if ¢,c; =20 and M is gtrictly unilaterdl
(see CCAT).
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EXAMPLE
n
000100
100000
100000
011010
000101
000110

removl(m);
1431
2132
3132
4 232
4 332
4 532
5433
5632
6 433
6 533

REFERENCE
Pp. 203-211 in Harary, Frank, Robert Z. Norman, and Dorwin Cartwright (1965) Structural
models: An introduction to the theory of directed graphs. New York: Wiley.
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REMOVP

PURPOSE
Returns a classification, ¢,c;, of the lines of anetwork where ¢, is the connectedness category of

the network and c; is the connectedness category of the network with the point removed.

FORMAT
C=REMOVP(M);
INPUTS
M n’ n marix
OUTPUTS
C n" 1 vector containing atwo-digit code for each point where the first digit isthe
connectedness category of the network and the second digit isthe
connectedness category of the network with the point removed. The digits
rangefrom O to 3:
0 M is disconnected
1 M is grictly wesk
2 M isdrictly unilaterd
3 M isstrong
REMARKS

A paintisacut pointif ¢,c, ={10,20,30}

EXAMPLE

n; sega(1,1,5)~removp(m);
01010 131

10100 233

10000 332

00101 430

00010 533

REFERENCE

Pp. 225-242 in Harary, Frank, Robert Z. Norman, and Dorwin Cartwright (1965) Structural
models: An introduction to the theory of directed graphs. New York: Wiley.
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RESP1

PURPOSE
Sorts and expands a survey data matrix by inserting rows of missng valuesin locations
corresponding to the nonrespondents.

FORMAT
M2=RESP1(M1,,n);

INPUTS

M1 m’~ k matrix

r m” 1 vector of respondent identification numbers

n largest identification number among respondents and nonrespondents
OUTPUTS

M2 n” k matrix

REMARKS

r[i,1] is the respondent identification number associated with the data M 1], .]
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RSET

PURPOSE
Returns the pointsin a network that i can reach via paths of length dmax or less.

FORMAT
R=RSET(M,dmax)

INPUTS

M n’ n marix

dmax scaar

OUTPUTS

R n” n matrix where RJi,.] contains the indices of the pointsthat i can reach;
r, =.if j isnotin the reachable set of i.

REMARKS

RSET returns the reachable set of a point. To return the antecedent set of a point replace M with
its transpose.

EXAMPLE

n; rset(m,2); rset(m,3);
010000 12 .. .. 12.
100000 12 .. .. 12 .. ..
000100 . 234 .6 123456
010001 12 .456 12 .456
000100 .2 .456 12 .456
000010 .. .456 .2 .456
ALSO SEE

REACH, REACH2

REFERENCE
Pp. 85-109 in Harary, Frank, Robert Z. Norman, and Dorwin Cartwright (1965) Structural
models: An introduction to the theory of directed graphs. New York: Wiley.
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RTEST
PURPOSE
Returns the significance level for an gpproximate randomization test.

FORMAT
P=RTEST (& tstat,& rperm,datajtrias);

INPUTS

&tstat user defined procedure to compute test statistic
&rperm user defined procedure to permute the data
data n” k marix

trids scdar, number of permutations

OUTPUTS

p scaar, probability vaue

REMARKS

This procedure includes an auixiliary random variable that servesto bresk ties among the
computed test Satistics while not atering their rank order.



EXAMPLE
data;

1.000 2.619
2.000 2.047
3.000 2.932
4.000 5.593
5.000 5.627

proc tstat(data);
locd x;
x=corrx(data);

retp(x[1,2]);endp;

proc rperm(data);
locdl x,y,ry,v,nrdata;
x=datq[.,1];
y=datg{.,2];
n=rows(y);
@random {1,2,...n} @
v=rankindx(rndu(n,1),1);
@permute y@
ry=submet(y,v,0);
rdata=x~ry;
retp(rdata);endp;

r=corrx(data);
prob=rtest(& tstat,& rperm,data,999);

=" {12,
"prob=" prob;

r= 0.881
prob=0.029

ALSO SEE
QAP

REFERENCE

Eugene S. Edgington. 1980. Randomization Tests. New York: Marcel Dekker.

101

Eric W. Noreen. 1989. Computer Intensive Methods for Testing Hypotheses. New Y ork:

John Wiley.
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SA1

PURPOSE
Computes an index of structura access.

FORMAT
A=SA1(M,p);

INPUTS
M n” n marix, wherem, =1if j® i and m, = 0 otherwise

p scdar, O£ p£1

OUTPUTS
A n’ n marix, where a;; isj's degree of accessto i

REMARKS

A :[alj] =1- (1_ p)Xl (1_ pz)xz
where x, isthe number of 1-step paths from pointj to point i in M and x, isthe number of 2-
step paths from point j to point z in M.

ALSO SEE
IFLOW



SINA

PURPOSE
Retumns the solution for A in Y®) = AWY™ +(1- A)YY

FORMAT
A=SINA(W,Y,Y1);

INPUTS
W n’ n marix
Y n 1 vector
Y1 n 1 vector
OUTPUTS
A n” n diagond matrix
REMARKS
¥) _ o ¥ L
yi( ) _afiajwi/y;‘ ! +(1- aii)yf( )
y,¥) - y,-(l) :azt(ajwify§ - yl'(l))
yi(¥) - yi(l) =a
o) ii
a_,»Wz-ij") -
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SINSEQ

PURPOSE
Returnsthe result of therecursion Y™ = AWY " +(1- A)Y™ for r=12,..., p.

FORMAT
Y=SINSEQ(Y 1,A,W,p);

INPUTS

Y1l n” k marix

a n’ n marix

W n’ n mdrix

p scaar, number of time periods over which the recurson isto run
OUTPUTS

Y n” k marix Y

EXAMPLE

W

0.000 0.386 0.319 0.028 0.268

0.417 0.000 0.583 0.000 0.000

0.463 0.537 0.000 0.000 0.000

0.681 0.000 0.000 0.000 0.319

0.506 0.000 0.000 0.494 0.000
A=eye(5) .* .999;
Yout=snseq(Yin,A,W,1);
Yin~Yout;

9.000 58.765

90.000 4.419

1.000 52.433

66.000 32.332

82.000 37.193
Yout=sinseq(Yin,A,W,10); Yin~Yout;

9.000 39.136

90.000 39.286

1.000 39.033

66.000 39.228

82.000 39.191

ALSO SEE
SINSEQ2, SINVT
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SINSEQ?2

PURPOSE
Returns the result of therecursion YU = AWYY +(1- A)Y® forr=12,..., p.

FORMAT
Y=SINSEQ2(Y 1,A,W.S);

INPUTS

Y1l n” k matrix

A n” n marix

w n’ n marix

S m”~ 3 matrix
g.,1] containsthetimes a which aparticular interpersond influence in W will
occur; more than one influence may occur a a particular time
§.,2:3] contains respectively the row and column indices of an interpersona
influencein W

OUTPUTS

Y n” k matrix Y'”*Y obtained from the recursion, where p isthe maximum vaue
ing.,1]

REMARKS

W, isaspanning subnet of W in containing dl of the points and a subset of thelinesof W. At
eacht, W,, isinitidized to 0, the valuesin W that occur &t ¢ are inserted into W,, and the
diagond of W, isincreased to maintain arow stochastic matrix.
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EXAMPLE

W,

0.000 0.000 0.000 0.637 0.363
0.822 0.000 0.178 0.000 0.000
0.000 0.000 0.000 0.000 1.000
0.000 0.839 0.000 0.000 0.161
0.000 0.091 0.000 0.909 0.000

Y1,
64 49 55 92 59

WO~N~N~NDWWR Y
DO RPRWANRN
NNDDOO WO R

A,

870 0 0 O
0 .87 0 0O
0 0 8700
0O 0 0 870
0 0 0 0 .87

Y=anseg2(Y1AW,S);
Y,
75 55 58 65 76

ALSO SEE
SINSEQ



107

SINV

PURPOSE
Computes V = (I- AW) (I- A)

FORMAT
V=SINV(A,W);

INPUTS
w n’ n marix

A n’ n méarix

OUTPUTS
V n’ n mdrix

REMARKS

EXAMPLE

W,

0.000 0.000 1.000 0.000
0.000 0.000 1.000 0.000
0.648 0.270 0.000 0.081
0.000 0.000 1.000 0.000

snv(A,W);

0.325 0.135 0.500 0.041
0.324 0.136 0.500 0.041
0.324 0.135 0.500 0.041
0.324 0.135 0.500 0.042

REFERENCE
Friedkin, Noah E. and Eugene C. Johnsen. (1990) "Socid influence and opinions.” Journal of
Mathematical Sociology 15: 193-205.
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SINVT

PURPOSE
Returnsthe totd effects matrix at time -1 and predicted outcome scores at time ¢ for
Y = AWY Y +(1- A)Y?

FORMAT
{YtVt}=SINVT(Y LA W,});

INPUTS

Y1 n’ k matrix

A n’ n marix

w n’ n marix

t scdar, time period
OUTPUTS

Yt n” k marix Y = y-9y®
Vit n’ n méarix

ALSO SEE

SINSEQ2



SINY
PURPOSE
Computes Y =(1- AW) *(I- A)Y"

FORMAT
Y=SINY(A,W,Y1);

INPUTS
A n’ n méarix
W n’ n mdrix
3
{OE W’fff'l.alw’ff :1}
J=
Y1 n” k matrix YV
OUTPUTS
Y n’ k mdrix
REMARKS
EXAMPLE
W.

0.196 0.140 0.194 0.171 0.124
0.080 0.100 0.286 0.237 0.011
0.053 0.298 0.229 0.063 0.251
0.213 0.190 0.306 0.016 0.198
0.353 0.086 0.134 0.167 0.253
0.132 0.044 0.202 0.240 0.290

A=eye(6) .* .456;
Y=sny(AW,Y1);

Y1~Y;
90 75
94 76
66 63
10 34
33 45
46 49

0.176
0.286
0.107
0.078
0.007
0.091
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ALSO SEE
SINV



SINYTOY1
PURPOSE
Computes Y =(1- A) (I- AW)Y

FORMAT
Y1=SINYTOY 1(A,W,Y);

INPUTS

A n’ n méarix

W n’ n mdrix
{0£WU£1§ W, :1}

j=1

Y n’ k mdrix

OUTPUTS

Y1 n’ k matrix

REMARKS

Y=(1- AW) '(1- A)Y" implies Y? = (1- A)*(I- AW)Y

EXAMPLE
W, Y =ones(5,1)*6 + rndu(5,1)/10;
0.290 0.550 0.034 0.094 0.032  A=eye(5) .* .99;
0.228 0.281 0.063 0.120 0.307 Y1=SINYTOY1(A,W,Y);
0.036 0.017 0.262 0.380 0.305 Y1-~Y;
0.369 0.418 0.120 0.013 0.079 3.877 6.060
0.178 0.212 0.149 0.231 0.229 9.292 6.099
0.948 6.003
8.746 6.095
3.988 6.043

ALSO SEE
SINV, SINY
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STAND
PURPOSE
Standardizes a matrix.
FORMAT
S=STAND(M flagl,flag2);
INPUTS
M n’ n marix
flagl scaar
1 deviations from mean
2 Z-scores
3 T-scores
flag2 scaar
1 gtandardize by row using row means and standard deviations
2 gtandardize matrix usng matrix mean and sandard deviation
OUTPUTS
S n~ n dandardized matrix
REMARKS
flagl=1: s, =m,;- m
- m
flagl=2: s, = m’«’s 5,=0ifs =0
. 10(’"::/ i m) -
flagl=3: s, :50+T s, =50ifs =0

where m istherow or matrix mean and s isthe row or matrix sandard deviation.

ALSO SEE
STAND2



113

STAND2

PURPOSE
Standarizes amatrix by ranging.

FORMAT
S=STAND2(M flag);

INPUTS
M n" k matrix
flag scaar
1 Sandardize by row using row minimum and maximum vaues
2 Sandardize matrix usng matrix minimum and maximum vaues
OUTPUTS
S n" k slandardized matrix
REMARKS
m.- m. .
8, =— - ’;(1”"”) , where m .. isthe maximum row (flag=1) or metrix (flag=2) value, and m ., is

7j(max) 7j(min)

the minimum row (flag=1) or matrix (flag=2) vdue.

75
6 7 3
161
10 6 10 6
sand2(m,1);

1.000 1.000 0.400 0.000

0.000 0.857 1.000 0.429

1.000 0.000 0.714 0.000

1.000 0.000 1.000 0.000
stand2(m,2);

1.000 1.000 0.700 0.500

0.000 0.600 0.700 0.300

0.800 0.100 0.600 0.100

1.000 0.600 1.000 0.600

ALSO SEE
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STAND
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STRGCOMP
PURPOSE
Returns the strong components of a network.

FORMAT
R=STRGCOMP(M eflag);

INPUTS
M n’ n marix
e scdar threshold vaue for the linesin M; linesbelow e are diminated
flag scaar
0 no output file
1 results are stored in ASCII file strgcomp.out
OUTPUTS
R n" 2 matrix containing the point indices in the first column and the component
identifiers in the second column
REMARKS

A strong component is amaximaly complete subnet in which al members are mutudly
reachable. Setting the threshold vaue of e to the highest entry in M will return the strong
components of M.

ALSO SEE
BLOKMOD



SYM

PURPOSE
Symmetrizesmarix an” n marix

FORMAT
S=SYM(M,flag);

INPUTS
M n’ n mdrix
flag scaar
1 m; = (mz:/ +m_/i)/ 2

2 m; = max(m,.j ’mji>

3 m; =M n(ml.j ,mﬁ)

OUTPUTS
S symmetrica matrix

EXAMPLE
m
620
101 4
917
sssym(m1);s,
6.0 6.0 45
6.0 1.0 2.5
4.0 25 7.0
sssym(m2);s;
610 9
10 14
947
sssym(m,3);s,
620
211
017

ALSO SEE
ADM
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TAU

PURPOSE
Returns Kendall's rank correlation coefficient and significance test.

FORMAT
{cpr=TAUXy);

INPUTS

X n 1 vector

y n" 1 vector
OUTPUTS

C scdar, tau coefficient

p scdar, probability vaue
REFERENCE

Siegd, Sidney (1956) Nonparametric Statistics for the Behavioral Sciences. New Y ork:
McGraw-Hill.
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TAUP

PURPOSE
Returns Kendall's partid rank correlaion coefficient.

FORMAT
c=TAUP(X,y,2);

INPUTS

X n 1 vector
y n" 1 vector
Z n 1 vector

OUTPUTS
C scdar, partid tau for x and 'y

REMARKS

REFERENCE
Siegd, Sidney (1956) Nonparametric Statistics for the Behavioral Sciences. New Y ork:
McGraw-Hill.
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TREE

PURPOSE
Returns atree with » points and random outdegrees with an optiona congtraint on maximum
outdegree.

FORMAT
M=TREE(n,maxod,flag);

INPUTS
n scaar
maxod scalar, maximum outdegree 1 £ maxod(r - 1)
0 no condraint
flag scaar
0 zeros on main diagond
1 ones on main diagond
2 my, =1, m, =0 otherwise
OUTPUTS
M n’ n marix
REMARKS

maxod=1 returns a path from point 1 to point ».

EXAMPLE

tree(7,0); tree(7,2);
0111000 0110000
0000100 0001100
0000011 0000011
00000O0O 00000O0O
00000O0O 00000O0O
00000O0O 00000O0O
00000O0O 00000O0O
ALSO SEE

RANA



TRIADS

PURPOSE
Returns atriad census.

FORMAT
TRIADS(M);
INPUTS
M n~ n vaue matrix in which
0 indicatesanull tie
1 indicates awesk tie
2 indicates agtrong tie
OUTPUTS

TRIADS.OUT file containing results.
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REMARKS
This program is an adapted and modified verson of a program written by Eugene C. Johnsen,
Department of Mathematics, University of Cdifornia, Santa Barbara, CA..

Intheinput matrix M = [m/] only the following combinations of ties are permitted:

mij myji

1 1 S-Type Dyad
2 2 M-Type Dyad
2 0 A-Type Dyad
0 0 N-Type Dyad

If S Type dyads are not present, the results are of the form of the standard triad census
described by Holland and Leinhardt (1970, 1975).

The "actud vaues' reported on the output are the frequencies of the various types of triads,
each triad typeis described by four numbers { SM,A,N} giving respectively the number of
S-Type, M-Type, A-Type, and N-Type dyads that comprise the triad. In some cases, triads
are further differentiated with letters { D,U,C,T}; see Holland and Leinhardt (1970, 1975) for
details.

The "expected vaues' reported on the output are the expected frequencies of the various types
of triads. The expectation assumes independence; for instance, in the example described below
(seetriads.doc file), the expected frequency of the 0210 triad is

309.55=(3*1330* 73* 99* 98)/(210* 209* 208) and the expected frequency of the 0120C triad
is 113.71=(3/2)* (1330* 99* 73* 72)/(210* 209* 208).

The "standardized differences’ reported on the output are computed as the (actua vaue -
expected vaue)/(expected value) for each triad type.
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EXAMPLE

m
020200020010000202001
200202220002000222002
220000000222000022000
220012020222000202002
222100010220020222222
222220022222222222222
222022012220222222222
200212100022000222022
222022000020222222220
002020022020222202220
122020222000222202220
220202020000022022022
222022002220022222220
222022222222202222221
222022002020220222222
220202020200000002020
222220222022222202222
222020222222222200222
222022002220222222020
222222022222222222200
120002220002010022000

cal triadg(m); @see triads.doc file for the output of this example@

REFERENCE

Hoalland, Paul W. and Samue Lenhardt. (1970) "A method for detecting structure in sociometric
data" American Journal of Sociology 70: 492--13.

Holland, Paul W. and Samuel Leinhardt. (1975) " Loca structurein socid networks™ In D.R.
Heise (Ed.), Sociological Methodology. San Francisco: Jossey-Bass.
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TWOS

PURPOSE
Returns the frequency of one of five types of two-step sequencesfrom i to .

FORMAT
F=TWOS(M flag);
INPUTS
M n’ n marix
flag scaar
1 digoint sequences
2 in k® j
3 i® k- j
4 i®k® §
5 in k= j
OUTPUTS
F n” n marix where f;, sequences of aparticular typefrom i to;.
REMARKS

The number of digoint two-step sequences is the number of digtinct "middle” points on the
two-step sequences that join i and ;.

EXAMPLE

twos(m,1); twosgm,2); twos(m,3); twos(m,4); twos(m,5);
m; digoints i k® j i®k-j i®k® j i- k- j
0111 0222 0000 0111 0111 0000
0001 2022 0011 1000 0010 1001
0100 2202 0101 1000 0001 1100
0010 2220 0110 1000 0100 1010

ALSO SEE
NSEQ, GEON
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VTOD

PURPOSE
Returns a distance matrix from a vector

FORMAT
D=VTOD(v,flag);

INPUTS

Y n 1 vector

flag scaar
1 D=[di/]=vivj
2 D :[dij] = (Vi - Vj)z
3 p=[d,]=p- v

OUTPUTS
D n~ n digance matrix

EXAMPLE
v={1,2,34};
d=vtod(v,1);d;
d=vtod(v,2);d;
d=vtod(v,3);d;

4
8
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ALSO SEE
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MINK
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BETA PROCS

SINMODA

PURPOSE
Returns A and Win Y®) = AWY™) +(1- A)Y?

FORMAT
{ A\W,V,notes} = SSNMODA(Y1,Y C):

INPUTS
Y1 YY n k matrix of initid opinions
Y Y™ n" k matrix of equilibrium opinions
C C= [c,:/.] n’ n matrix of relative interpersona weights
(O£ ¢, £l¢,=0,8 = 1) or scalar O for abasdine martix
OUTPUTS
A A =[a,] n" n matix (0£ a;,£la, =0, j)
W W =AC+I- A n" nmatrix of relative direct effects
Vv V  n” n matrix of totd effects
Y Y™ n" k matrix of predicted equilibrium opinions
eff scalar, number of time periods to reach equilibrium
notes informationa codes indicating why the system is outside the scope
conditions of the modd!:
noteq1,1] = 1 thereisan initia consensus
Y =YY and A=I
notes[2,1] = 1'Y is outside the convex hull of Y™
Y=A=W=V-=
noteg3,1] =1 other
Y=A=W=V-=
REMARKS

Set C=0 (i.e, scdar zero) for abasdine C =

= (11

n-
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