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Summary. We consider joint probability distributions generated recursively in terms of univari-
ate conditional distributions satisfying conditional independence restrictions. The independen-
ces are captured by missing edges in a directed graph. A matrix form of such a graph, called the
generating edge matrix, is triangular so the distributions that are generated over such graphs
are called triangular systems. We study consequences of triangular systems after grouping or
reordering of the variables for analyses as chain graph models, i.e. for alternative recursive
factorizations of the given density using joint conditional distributions. For this we introduce
families of linear triangular equations which do not require assumptions of distributional form.
The strength of the associations that are implied by such linear families for chain graph models
is derived. The edge matrices of chain graphs that are implied by any triangular system are
obtained by appropriately transforming the generating edge matrix. It is shown how induced
independences and dependences can be studied by graphs, by edge matrix calculations and
via the properties of densities. Some ways of using the results are illustrated.

Keywords: Chain graphs; Concentration graphs; Covariance graphs; Directed acyclic graphs;
Graphical Markov models; Univariate recursive regressions

1. Introduction

1.1. Triangular systems and induced chain graph models

Analysis and interpretation of multivariate data can often be simplified when knowledge about
independences is available or can be derived. A summary of such independences can be given in
graphs in which variables are represented by nodes. Conditional associations between pairs of
variables can then be represented by edges between nodes and independences by missing edges.
For different perspectives on the statistical models that are associated with such independence
graphs, see Cox and Wermuth (1996), Edwards (2000), Green et al. (2003), Lauritzen (1996)
and Whittaker (1990).

One important type of independence graph is directed and without cycles. It has at most one
directed edge for each node pair, which we call an arrow, and it is acyclic because we cannot
start from any one node, follow arrows pointing in the same direction, and return to the starting
node. In our context each arrow points from the node of a directly explanatory variable to the
node of a response variable. A variable which is a response to one variable and explanatory to
another is called intermediate.
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Often substantive knowledge is sufficiently strong to relate a response of primary interest via
a sequence of intermediate single variables to a purely explanatory variable. Then the corres-
ponding independence graph is directed and acyclic. However, sometimes more complex types
of independence graphs are of interest which may have several types of edge and possibly more
than one edge for a node pair.

We consider a set N of nodes, completely ordered as N =(1,...,dy) and having node i corre-
spond to random variable Y;. Their joint distribution is said to be generated over a directed and
acyclic graph by starting with the marginal distribution at node dy, continuing with the distri-
bution for the variable at node dy — 1 given dy, and with conditional univariate distributions
at nodes i given i+ 1,...,dy up to the distribution of ¥; depending possibly on all previous
variables. A direct proper dependence of Y; is thereby defined to be on only those Y; of the
potentially explanatory variables Y;;1,..., Yx for which an arrow points from node j to node
i. Such nodes j are called parents of i and form the set par;. In a condensed notation the joint
density fy is

dn dn
fN:Hfi\i+l,.‘.,dN:Hfi\parl-a (1)
i i

and we concentrate here on non-degenerate families of distributions of this type. For such a
factorization each missing ij-arrow with i < j means conditional independence of Y; and Y;
given the variables at the parent nodes of node i. This is written compactly as i 1L j|par;.

The collection of all missing edges is equivalent to a set of independence statements. It defines
the independence structure of the graph, i.e. the set of all independences satisfied by all distri-
butions generated over the graph. A directed and acyclic graph with a complete ordering of
the nodes is called the parent graph. It prescribes a stepwise process for generating the distri-
bution. We are concerned in this paper with implications of such generating processes when
conditioning sets of variable pairs are changed to those specified by different types of chain

graph models.
For chain graphs the nodes are arranged in a sequence of dcc chain components g, each
containing one or more nodes, so that N=(1,...,g,...,dcc) and the joint density is reconsid-

ered in the form

dcc

fNZHfg\g+l,...,dCC~ 2

g=1

Within this broad formulation of chain graphs there are two main different possibilities which
we call multivariate regression chains and blocked concentration chains.

In graphs of multivariate regression chains all edges are shown in a broken fashion; we call
them dashed edges. For a given chain component g, variables at nodes i and j are considered
conditionally given all variables in chain components g+ 1,...,dcc. Thus, the univariate and
bivariate densities

fi|g+1,...,dcc’ (3)

fij\.fl+1,---,dcc

determine the presence or absence of a dashed i j-arrow, which points to node i in chain com-
ponent g from a node jin g+1,...,dcc, and of a dashed i j-line within g when j itself is in g.
Accordingly, the meaning of a missing dashed i j-arrow and of a missing dashed i j-line is
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iLjlg+1,...,dcc.

In graphs of blocked concentration chains all edges are shown in a solid fashion; we call them
full edges. For a given chain component g, variables at nodes i and j are considered condition-
ally given all other variables in g and the variables in g+ 1,...,dcc. Thus, the univariate and
bivariate densities

fi|9\{i},g+l,...,dcca (5)
Jijlo\{i.j}og+1,ndcc

are relevant for a full i j-arrow pointing to node i in g and for a full i j-line within g. Accordingly,
the meaning of both a missing full i j-arrow and a missing full i j-line is

Chain graphs which we draw with full edges, dashed edges and with mixtures of full lines and
dashed arrows have been studied by many researchers; see for example Lauritzen and Wermuth
(1989), Frydenberg (1990), Wermuth (1992) and Studeny and Bouckaert (1998) for the first
type, Cox and Wermuth (1993, 1996) and Richardson (2003) for the second type, Levitz et al.
(2001) for a mixture and Wermuth and Cox (2001) for these three types.

One central theme of this paper is the examination of the set of independences that results
when, starting with a triangular system, the comparison with an analysis is contemplated in
which roles of some explanatory and some response variables may be interchanged and joint
responses are permitted. Put differently, we derive chain graphs which are induced, i.e. implied,
by the parent graph of a given triangular system, whenever some subsets of variables are recon-
sidered, possibly jointly and with different, fixed conditioning sets. In the induced chain graph
an edge is missing if and only if the corresponding independence statement is implied by the
generating process (1). Such reconsiderations arise typically when there is some uncertainty
about the actual ordering of the variables or when there are alternative substantive hypotheses
(Wermuth and Lauritzen, 1990) for the variables under study.

This is illustrated here with the following small example from interdisciplinary research on
diabetes. Physicians and psychologists searched for important determinants of whether patients
succeed well in controlling their chronic disease. The data are reproduced in the appendix of Cox
and Wermuth (1996). For each of two patient groups with different levels of formal schooling
the parent graph that is shown in Fig. 1 fits the data well. It postulates a stepwise process by
which the data could have been generated, corresponding to the ordering N = (Y, X, Z, W) and
to the factorization of the joint density (1) read directly off the graph as

In=frixw fxizfziw fw.

It might now be argued that acquiring knowledge about diabetes and controlling the blood
sugar are both consequences of the illness or that having high blood sugar levels leads a patient
to learning more about the illness. This questions the above ordering of the variables and we
might ask: supposing that the generating process of Fig. 1 is correct, what are the consequences

glucose control, Y W, duration of iliness

knowledge
about diabetes, X O€+——0O" Z, fatalistic externality

Fig. 1. Postulated generating graph for data on glucose control
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for analysing the variables Y and X as responses on an equal footing or for regarding X as a
response to Y?

Such questions concerning relationships that are induced by a given parent graph for a pre-
specified chain graph may be answered in several ways. One is to use the factorization of the
joint density as implied by the generating graph and to find directly whether it induces a fac-
torization in the relevant densities (3) or (5). Another is by tracing special paths, i.e. by finding
sequences of adjacent edges in the generating graph identified by a separation criterion. Such
criteria specify conditions under which a directed and acyclic graph induces any given condi-
tional independence statement. Different but equivalent criteria have been formulated so far
exclusively in terms of paths in graphs (Pearl, 1988; Lauritzen et al., 1990; Wermuth and Cox,
1998a). A further possibility is pursued in the present paper. It is to obtain the information on
the presence and absence of the edges induced in a prespecified chain graph by transformations
of a matrix form of the generating graph. The approach and formulation that are adopted here
are different from other generalizations of directed acyclic graphs analysed by Koster (2002),
by Richardson and Spirtes (2002) or by Cox and Wermuth (1996), chapter 8.

For a chain order specified by N=({Y, X},{Z},{W}) two chain graphs that are induced by
the parent graph of Fig. 1 are shown in Fig. 2. For the multivariate regression chain that is
induced by Fig. 1 an additional dashed YZ-edge results from marginalizing implicitly over X,
an intermediate variable between Y and Z in Fig. 1. For the blocked concentration chain an
additional full X W-edge results from conditioning implicitly on the common response ¥ of both
X and W in Fig. 1.

For the remainder of this paper we use for illustration the parent graph of moderate size that
is shown in Fig. 3. All arrows in it point from nodes with larger numbers to nodes with smaller
numbers. The matrix form of such a parent graph is upper triangular. Node i corresponds to
row i in the matrix that is obtained from an identity matrix of dimension dy by inserting an
ij-1,1.e.a 1 in position (i, j) for i < j, if and only if there is an i j-arrow in the parent graph. We
call this matrix the edge matrix of the parent graph or the generating edge matrix.

As one application we show with Fig. 8 in Section 9 the graph of a selected blocked concen-
tration chain as it is induced by the generating graph of Fig. 3. In this case four chain com-
ponents have been chosen: N = (a,b,c,C) with a={7,12,14}, b={1,4,11,13}, c={2,8,9},
C=1{3,5,6,10} and C playing the role of a general conditioning variable. This choice of chain

o i Y /”vov
\\x \\\ z)/ X A Z/
O - A
(a) (b)

Fig.2. Chain graphsinduced by the graph of Fig. 1 for N = ({Y, X}, {Z}, {W?}) in (a) a multivariate regression
chain and in (b) a blocked concentration chain
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Fig. 3. Generating graph in 14 nodes
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components requires from expression (2) the joint density to be reconsidered in the form

IN= fa,e.c foie,c foic fc-

Then the choice of a family of chain graphs fixes the conditioning set for each variable pair.

The new factorization shows that in induced chain graphs it is simple to condition on all
variables at nodes in the last chain component C, or to marginalize over all variables in the
first component. This is especially important whenever two investigations and analyses are to
be compared which agree on a core set of variables but differ somewhat, for example because
in one study there are no observations on a subset of variables or only a subpopulation corre-
sponding to fixed level combination of another subset of variables is investigated.

1.2. Outline of the paper

The paper starts in Section 2 by distinguishing a number of types of graph that are central to
our discussion of graphs that are induced by triangular systems (1). An edge in such a graph
has for Gaussian random variables a direct interpretation as a particular linear association.

Linear triangular systems, for which a full distributional specification is not needed, are
introduced in Section 3 and results are developed in Sections 4-6 which lead to induced linear
associations in covariance, concentration and regression coefficient matrices. One key idea is
that of orthogonalizing relationships between vector variables so that, when one component is
held fixed, the relationships of the other component remain unaffected.

To link the results for linear triangular systems to those for arbitrary distributions generated
over the same parent graph, we introduce edge matrix forms of graphs, i.e. matrices of Os and 1s,
with Os specifying missing edges in induced graphs and, at the same time, so-called structural
0Os in induced linear associations.

In Section 7 the connection to arguments based directly on the factorization of densities is
shown. The interplay between these and edge inducing paths in graphs derived from edge matri-
ces is the basis for extending the results for linear systems to arbitrary distributions. In Section
8 the general results for induced chain graph models are given. Some ways of using the results
are illustrated in Section 9.

2. Graph terminology and special induced chain graphs

2.1. Types of nodes and paths in parent graphs

A subgraph that is induced by a subset of nodes in a given graph consists of the nodes in the
subset and of the edges among them in the graph. In a directed and acyclic graph there are three
different types of subgraphs in three nodes having two edges and called V-configurations:

i<« <k, j<—l—k, i—h<j.

We use throughout the convention that 2 <i < j<k<I. A node that is connected to another
by an edge is called a neighbour. In the above V-configurations a common neighbour of two
nodes is either a transition node, having an incoming and an outgoing arrow (left), a common
source node, having two outgoing arrows (middle) or a common sink or collision node, having
two incoming arrows (right). Accordingly, the three types of V-configuration are said to be
transition oriented, source oriented and sink oriented. It has also become a convention to say,
interchangeably, for the left-hand case that node i is a descendant of j and &, but a child only of
j and that k and j are ancestors of i, but only j is a parent of i. A path is a sequence of adjacent
edges, irrespective of their orientation. A path of arrows leaving from / and leading to i, with
only transition nodes along it, is a direction preserving path with / being an ancestor of i. Node
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[ is a common ancestor of nodes i and j if a direction preserving path leads from / to both i and
j. Any given node may play different roles with respect to different neighbours.

The statistical meaning of variables corresponding to the different types of node is as follows.
The variable at a parent node is directly explanatory for the variable at a child node. The variable
at an ancestor but not parent node is indirectly explanatory for the variable at the descendant
node. The variable at a common ancestor node is a common explanatory variable. Further the
variable at a transition node is an intermediate variable, at a common sink node it is a common
response and at a common source node it is a common directly explanatory variable.

Given this interpretation it is almost immediate that for V-configurations marginalizing over
a transition node or over a common source node and conditioning on a common sink node are
all edge inducing. An induced edge in an independence graph means in general that a specific
independence statement in the parent graph no longer holds in all distributions that are gen-
erated over the new graph. In particular, an association may become induced for some such
distributions after ignoring an important intermediate variable or a common directly explana-
tory variable and after selecting a subpopulation defined by the levels of a common response.
Induced edges may correspond to strong induced associations. For examples see Wermuth and
Cox (1998b) and Wermuth (2003).

We now summarize the types of induced chain graph, i.e. graphs implied by the generating
graph. From expression (2), in particular, a chain graph with a single chain component is an
undirected graph and an ordering in which each chain component contains a single node gives
again a graph which is directed and acyclic.

To describe different types of induced systems we proceed in a few steps. First we define
undirected graphs for the node set N. We then suppose that the nodes of N are divided into
two sets a and b such that the variables in set a are regarded as being on an equal footing and
as responses to the variables in b. This leads to considering conditional densities f,, as joint
response regressions and to calling their independence graphs joint response regression graphs.
Finally we view chain graphs as an ordered sequence of joint response regression graphs.

2.2. Overall concentration and covariance graphs

We consider two types of undirected graph. Both have at most one edge for each node pair but
differ in the meaning of their edges. If defined for the overall node set N the undirected graph
with full, i.e. solid, lines is called the overall concentration graph. It concerns the conditional
relations of each pair given all remaining variables of N. We use throughout relations as the
generic term for both independences and associations.

In contrast, an undirected graph that is defined for node set N with dashed, i.e. broken, lines is
called a covariance graph. It concerns the marginal pairwise relations. The dashed lines remind
us that the conditioning set for each edge, be it present or missing, is smaller in a covariance
graph than in the full line graph. The conditional independence statements attached to a missing
i j-edge differ accordingly. We write them again in terms of nodes, as respectively

i IN\{E, j}, i)

2.3. Joint response regression graphs

Suppose next that the nodes of N are divided into just two sets, N = (a, b), associated with vector
random variables Y, and Y. Then the joint response regression graph is an independence graph
for the conditional distribution of Y, given Yj. We represent the conditioning on Y, in a diagram
by enclosing b with a doubly lined box and by not showing any edges within . Any remaining
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Fig. 4. Simple examples of three types of joint regression graphs for Y; with a ={1,2, 3,4} given Y}, with
b ={5,6} graphs of (a) blocked concentrations (block regression), (b) multivariate regressions and (c) con-
centration regressions, e.g. 2.1.6|N\{2,6} in (a) but 21.6[5 in (b)

pair of nodes in N is connected by at most one edge. An edge is undirected if both nodes are
in a and directed from b to a if one node is in b, and the other in a. Three types of such joint
response graphs are illustrated in simple form in Fig. 4. A blocked concentration graph, which
in the literature has also been named a block regression graph (Fig. 1(a)), has full lines within a
and full arrows pointing from b to a. Each i j-edge concerns a conditional relation of ¥; and Y;
given all remaining variables in N. Thus, the independence statement that is attached to each
missing i j-edge is
i JIN{i. 7).

A multivariate regression graph (Fig. 4(b)) has dashed lines within @ and dashed arrows point-

ing from nodes in b to nodes in a. An i j-edge concerns the conditional relation between Y; and

Y; given all remaining variables in b. Thus, the independence statement that is attached to a
missing i j-edge is

i jlb  or idjlb\j,

depending on whether i and j are both in a, ori isin a and j is in b.

A concentration regression graph (Fig. 4(c)) is a mixture of the other two types of regression
graph, having full lines within a and dashed arrows pointing from nodes in » to nodes in a.
Thus, in particular, a missing i j-edge means

iLJIN\{i, j}  or il jlb\j,

depending on whether i and j are both in a, ori is in a and j is in b.
The graphs that are formed from full arrows and dashed lines, which are not considered here,
may correspond to models with variation-dependent parameter sets even in the linear case.

2.4. Chain graphs as sequences of regression graphs

Chain graphs can now be viewed as recursive sequences of joint response regression graphs to
which a marginal covariance or concentration graph has been added for component dcc. For
just two chain components the meaning of missing lines within a and missing arrows between
a and b is as described above in Section 2.3. A missing edge in the marginal concentration and
covariance graph of b C N means respectively

i j|b\{i, j}, QL.
More generally, for a chain thatisdefined by N=(1, ..., dcc), the variables in each chain com-

ponent g are considered on an equal footing and as potential responses to the explanatory vari-
ablesinr={g+1, ...,dcc}, the relevant joint conditional density being fyg+1,...dcc = foir-
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3. Matrix terminology and linear triangular systems

3.1. Partitioning and transforming matrices
We write an invertible square matrix M and its inverse M~! partitioned into two components a

and b as
M= (Maa Mab>

My,  Mpp
B Maa Mah
M= ( Jyba Mbb>

and summarize three standard matrix results as follows.

Lemma I (block triangularization of a square matrix). A square matrix M is block triangular-
ized by premultiplying it by a matrix 7', where

(s 2)
—MpaMy' Ipp )’

M, M
TM — aa a. ,
( 0 Mbb.a)

I denotes an identity matrix, M. means throughout (M) ™! and My o = My — Mpa M, M.

Lemma 2 (block diagonalization of a triangular matrix). An upper triangular matrix N is
block diagonalized by premultiplying it by a matrix D, where

-1
p=(faa —NypNy,
0 Ipp ’

_(Naa O
Lemma 3 (block diagonalization of a symmetric matrix). A symmetric matrix ¥ is block

diagonalized by premultiplying it by a matrix P and post-multiplying it by the transpose P! of
P, where

0 Inp

b 0
T_ aa.b
PYXP' = ( 0 Ebb).

P= (Iaa _EabEb_bl )

There are two rather different interpretations of the last result. Let ¥ be a mean-centred
random vector variable having covariance matrix ¥ and concentration matrix Y1 and let ILyp
be the matrix of regression coefficients of Y}, in linear least squares regression of ¥, on Y}, hav-
ing (3;;»\; as elements. For an account of linear least squares regression for random variables
emphasizing the absence of detailed distributional assumptions, see Cramér (1946), page 302.
Then the following expressions of regression coefficients in terms of covariances and in terms
of concentrations

Ha|b — Eabngl — _(Eaa)flzab

result from an equality that is derived for the symmetric partitioned matrices 3 and ! for
which a statistical interpretation has been given by Dempster (1969), pages 113 and 177, namely



Joint Response Graphs 695

(Eaa-b ZabE;zf) _ ( (o) —(2““)‘2“”) %)

—1 bb.a
Ebb b

where 0@ = y20b _ (5;ab)T(sa¢)=153ab Here and throughout we use a dot to denote the lower
off-diagonal section of a symmetric matrix. Therefore, the matrix product PY transforms Y,
into Y =Y, — Uy Y, which corresponds for mean-centred joint Gaussian distributions to
subtracting from Y, its conditional mean

E(YalYp=yp) =1ajpys-

Alternatively, we can say that the matrix P orthogonalizes the random vector Y into uncorrelated
components Y, and Y}, with

_ Laa _Halb Y, _ Yalb
= ) Gi)-00)

For an ordered partitioning into three components N = (a, b, ¢) the partitioned forms may be
written with H = (a,b) and K = (b, ¢) as

D) _ Eaac Eab.c
HH.c = . Ebbc B

1 ywbb.a ybea
ZKK = < . yce.a >
By using %] =74 (see for example Dempster (1969)), it follows that

(a) the covariance matrix of Yp. is the (b, b) submatrix of X gp . = (2HHY=1 je. corresponds
to components within b,

(b) the concentration matrix of Yy is the (b, b) submatrix of ¥ ¢k =2XK4 and

(c) the regression coefficient matrix for linear regression of Y, on Y, is the (b, c) submatrix
of I1yc, i.e. rows correspond to components b and columns to components c,

Xpb.e =[XHH.clb, b
S =155 5, @®)
pje =[HHiclp, -
Matrix versions of recursion relations for covariances and concentrations are
Sabe =Lab — Sac S Tebs ©)
Zbc.a — Zbc _ Zba(zaa)fl yac. (10)

The matrix version of Cochran’s (1938) recursion relation among regression coefficients gives
the matrix of least squares partial regression coefficients, I, 5, in the form

Halc.bZHa\c _Halb.cHh|c~ (11)
We obtain this from
Iaa _Halb.c _Halc.b - Iua Halb.c Ha\c
0 Ipp —Ip)c = 0 Iy I |
0 0 Iec 0 0 Iec

The strength of the linear relation between random variables Y; and Y; given Y is measured
by the partial correlation coefficient p; ; ¢, which may be found from any one of Xss.c, Y™ and
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Bij.c, where N =(S,C) and S={(i, )}, as

pijc=0ijc/©icojic)?=—0" /("IN > =B c(0)ic/oic) . 12)
For a joint Gaussian distribution the statements p;;.c =0 and i L j|C are equivalent. Therefore,
a missing edge in an induced chain graph for Gaussian triangular systems indicates both an
independence statement and a structural O correlation in a concentration, covariance or regres-
sion coefficient matrix. Structural Os in this context are defined to be zero entries which are
determined by a given parent graph, i.e. which hold for all linear equations generated over the

same graph, and which do not occur only because of special combinations of parameters and
their particular values.

3.2. Linear triangular systems
For a linear triangular system which has uncorrelated residuals ; we start with a mean-centred
column vector variable ¥ of dimension dy. A family of models is defined by the equations

AY =¢, (13)

where A is a family of upper triangular matrices with 1s along the diagonal, with certain off-diag-
onal elements specified to be 0, and the remainder to be non-zero. The non-singular covariance
matrix of the residuals, A =diag(é;;), is a diagonal matrix. In effect, therefore the ith row specifies
Y; via a linear least squares regression on Y;1,..., Yy, with a residual uncorrelated with these
latter variables. No special form of distribution is assumed for the residuals. In econometrics
equation (13) is known as a system of linear recursive regression equations with uncorrelated
errors. The covariance matrix of ¥ and its inverse, the concentration matrix, are respectively

coviN)=X=A"1AA"T,

con()=32"1=ATA-1A.
An element in position (i, j) of A is —G;ji41,...,j—1, j+1,....dy~ 1-€. is minus the regression coeffi-
cient of ¥; in linear regression of ¥; on Y;y1,...,Yq,. The diagonal elements §;; of A are the
residual variances, 6;; = 0ji.it1....4y- An element in position (i, j) of B= A lis Bijj+1,..dy- the
regression coefficient of ¥; in linear regression of ¥; on Y}, .., Yy, . This follows by inverting
the triangular matrix A defining the family (Wermuth and Cox (1998a), appendix 1), and sim-
plifying the results by the recursion relations for regression coefficients.

For an arrangement of Y into an arbitrarily chosen component a and the remaining part

b= N\a, the corresponding two sets of equations are written in matrix form as

e Ya _ éaa A~ab Ya [ €a
A(n) =G 2) ()=(5) s

The matrix A can be expressed as A premultiplied and post-multiplied by a permutation matrix
and it is in general not of upper triangular form. The two matrices A, and A, have jointly at
most d,dp non-zero elements, since they arise from the upper triangular matrix A after having
changed the ordering of the variables. The identities Aga = Agq and App = App, indicate that the
original ordering of indices in A is preserved within subsets a and b. For N = (a, b) the condi-
tional concentration matrix of Y, s, E;al. »» and the marginal covariance matrix of Y}, 35, which
are submatrices of the overall concentration and covariance matrix, can now be written in terms
of parameters of the linear triangular system as

wap =2 =[ATAT AL,

15
Spp = (P01 =[ATTAATT], . ()
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3.3. Edge matrices of overall graphs induced by a parent graph
The parent graph of a linear triangular system is defined for node set N by attaching no arrow
pointing from node j to node i if and only if @;; =0 in the family of matrices A. Repeated
application of the recursion relation (11) gives the non-zero parameters as
aij=—Pijpar\j> 16)
bii = Jii.par; -

We now consider three types of graph that are induced by a given parent graph for all nodes:
the overall concentration graph, the overall ancestor graph and the overall covariance graph.
For a linear triangular system a missing i j-edge in each of these induced graphs indicates a
structural 0 in the corresponding induced parameter matrix, i.e. a 0 in position (i, j) of =1, of
B=A"1and of ¥ for every member in the family generated over the given parent graph.

To illustrate the following ideas in simplest form, consider A, for r=1,2,3:

2 -1« 3, 1«2 « 3, 1«32,

1 ap ap 1 ap O 1 0 aps
A1=<0 1 0 ), A2=<0 1 a23>, A3=<0 1 a23>.
0 0 1 0 0 1 0 0 1

Then a multiple of aj»ay3 is introduced in position (2,3) of =1 = AITA_lAl ,amultiple of ajpas;
in position (1,3) of B= A2_1 and a multiple of aj3as3 in position (1,2) of ¥ = A;lAAgT. In all
three cases the conditioning set of the non-adjacent variable pair in the parent graph is modified
by a common neighbour node. For instance, the zero element a3 in A; corresponds to a zero
marginal correlation and it leads to a non-zero partial correlation corresponding to position
(2,3) of ¥~1. For instance, in the first example, node 1 is a common sink node and the sink-
oriented V-configuration induces an edge for the non-adjacent pair (2,3); it is also association
inducing.

We derive induced graphs exclusively via transformations of a matrix form of the generating
graph. The definition of a corresponding parameter matrix of a linear system in terms of the
parameters A and A provides guidance for the type of transformations that are needed and for
the type of paths that induce additional edges.

Let M be any matrix. Then the indicator matrix of M, denoted by In[M], is a matrix of Os and 1s
which has a zero element if and only if the corresponding element of M is 0. The generating edge
matrix A is defined to be the indicator matrix that is associated with the family of matrices A,

A=1In[A],
i.e. A has a 0 if and only if every member of the family has a 0, the corresponding edge in the
parent graph being missing. Then edge matrices of induced graphs arise, as shown below, as
matrices of Os and 1s by appropriately transforming .4. A family of densities may be generated
over a parent graph with a given edge matrix .A; then this graph defines a corresponding family
of matrices A and we use also the notation A= Ed[A].

Let L be a parameter matrix, such as a covariance matrix, defined in terms of components of
the matrices A and A of a linear triangular system, and let £ = Ed[L] denote the edge matrix of
the corresponding induced graph. Then the following statements are equivalent by definition:

(a) there is a missing i j-edge in the induced graph,
(b) there is an i j-0 in the edge matrix £ and
(c) there is a structural i j-0 in the parameter matrix L.

For a generating graph in node set N with edge matrix A, the edge matrix of the induced
overall concentration graph is denoted by SN and is defined to be SM =Ed[ATA!A], of
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the induced overall ancestor graph it is B=Ed[A~!] and of the overall covariance graph it is
Syv=Ed[A~TAA™T].

Lemma 4 (edge matrices of overall graphs induced by parent graph). The edge matrices just
defined are indicator matrices of the following non-negative matrices:

(a) SMN =In[AT A];
(b) B=In[2I - A)~'];
(¢) Syny=In[BBT].

Proof. The results are a direct consequence of the structural Os that were obtained in the
underlying matrix products defined for families of triangular systems and generated over the
parent graph with edge matrix .A.

For case (a) in the matrix product HTH for any upper triangular matrix H, an element in
position (j, k) is of the form hj; + X< ; h; jh;c. Applied to the non-negative matrix product ATA
this implies that an entry in position (j, k) of the product is 0 if and only if the jk-arrow is missing
in the parent graph and the non-adjacent node pair (j, k) has no common sink node in the parent
graph. The product AT A is edge inducing since for a jk-0 in A a non-zero entry results for the
product in position (j, k) whenever the node pair has a common sink node in the parent graph.
In the underlying matrix product ATA=!A multiplication of AT by the diagonal matrix A~!
amounts to rescaling the elements in AT and does not affect the position of structural 0s and
non-zeros. Accordingly, diagonal matrices can be ignored when deriving induced edge matrices.

For case (b), the definitions that are given in Section 3.1 for an element in position (i, j) of A
and of B= A~! imply that there is a structural non-zero i j-entry in B if and only if j is connected
to i by a direction preserving path. Now the non-negative matrix (A — I)" counts the number of
distinct direction preserving paths of length r between each node pair in the parent graph. Since
the longest direction preserving path among dy nodes has dy — 1 edges nothing is added to the
sum for r > dy — 1. Thus there is a non-zero entry in position (i, j) of ¥, (A —I)" if and only if
node j is an ancestor of node i in the parent graph. The equality 21 — A) ' =1+%, (A— D" is
based on the matrix analogue of the sum of an infinite geometric series; see for example Searle
(1966), page 94. Thus case (b) is a matrix formulation for shortening every ancestor—descendant
path in the parent graph by an arrow pointing in the same direction.

For case (c), in the matrix product HHT for any upper triangular matrix H an element in
position (i, j) is h;j + 3k~ j hirh ji. Applied to the non-negative matrix product BBT this implies
that an entry in position (i, j) of the product is 0 if and only if the i j-arrow is missing in the
overall ancestor graph and the non-adjacent node pair (i, j) has no common source node in the
overall ancestor graph. An additional i j-1 is introduced whenever non-adjacent node pair (i, j)
has a common source node in the overall ancestor graph. O

Fig. 5(a) shows a parent graph in node set N'={1,2,3,4,5,6,10}, with the three types of
overall induced graphs of lemma 4 in Figs 5(b), 5(c) and 5(d). This parent graph is the subgraph
that is induced by nodes N’ in Fig. 3.

A path condition on the parent graph for an additional i j-edge induced in the overall covari-
ance graph results from the path interpretation of the matrices involved in cases (b) and (c) of
lemma 4: node j is either an ancestor of i or nodes i and j are connected by a common source
path, i.e. there is a node k£ which is an ancestor both of i and of j.

For the three induced graphs of lemma 4 the sum of products of the edge matrices is edge
inducing, i.e. edge inducing paths are specified by the form of the sum of products of the edge
matrices. These sums of products are also edge preserving, i.e. an i j-1 present in one of its matrix
components is also present in the sum of products.
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Fig. 5. (a) Parent graph for node set N’ ={1,2,3,4,5,6, 10}, (b) the overall induced concentration graph,
(c) the overall induced ancestor graph and (d) the overall induced covariance graph

For the derivation of edges in an induced graph it is essential that the defining sum of prod-
ucts of edge matrices can be edge inducing and is edge preserving. Thus, the adjacency matrix
(A — D), customarily defined in the graph theory literature as the matrix representation of a
directed acyclic graph, is not suitable: it is edge inducing but not edge preserving when premul-
tiplied by its transpose. Similarly, the inverse of a proper edge matrix (A I) is not used since
it contains negative elements and it may also be edge cancelling, such as in

1 1 1
A:(O 1 1),
0 0 1
1 -1 0
A—1=<o 1-1),
0 0 1

where the non-zero (1,3) element in .4 has become 0 on inversion. Note also that In[(2/ — B) ']
is never edge inducing since every direction preserving path in the parent graph is already closed
for B. Thus, matrices of these types are never used when edge matrices for induced graphs are
derived; see Sections 3.4 and 6.

3.4. Components of induced graphs and stepwise derivations

In this section we derive the matrix formulations of two types of subgraph of the induced overall
graphs with edge matrices SVV and Sy that were obtained in lemma 4. We also give the matrix
formulations of different components of what we call the a-line ancestor graph.

We denote by Selb = Ed[E;al.b] the edge matrix of the subgraph that is induced by nodes a
in the overall concentration graph, and by Sp, = Ed[3,5] the edge matrix of the subgraph that
is induced by nodes b= N\a in the overall covariance graph. We use A ordered as the under-
lying matrix A in equation (14) and B from lemma 4, part (b), being accordingly ordered and
partitioned, and we obtain

S“IP =Tn[ A}, Asa + Ay Abal, (17)
Spp =In[BypBY, + B, BL 1. (18)

These equations are proved by starting from equations (15). It then follows that S®Ib =
Ed[ATA-! A, .- After replacing the parameter matrices by corresponding edge matrices and
writing the submatrices explicitly, equation (17) is obtained. The product AaTa.Aaa is of the same
form as the product in lemma 4, part (a), and is thus edge preserving. Also, for every non-
adjacent node pair within a in the parent graph an additional edge is induced by AL A, if the
pair has a common sink node in a and by AbTaﬂba if it has a common sink node in b. Hence all
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relevant edge inducing V-configurations are covered from equation (17). There is a similar type
of argument for equation (18) completing the proof.

Next for stepwise evaluation of B we introduce first the notation inv,(A) for a generalization
of equation (7) to the invertible non-symmetric matrix A, which we call its partial inversion on
components a, and identify components as follows:

e (AL 9 Ayl —A Aa
nv.,(A) = aa alb — _‘raa _aa “rav. . 19
a(4) < Ol Abba ) <AbaA;a1 Apy — Apa AL Ay (19

Direct matrix computation shows that inv, (A) turns into B, the inverse of A, after it has been
partially inverted on components b. The components of the edge matrix counterpart of equa-
tion (19), denoted by Ed[inv,(A)], are

A Fy, >= <In[(2laa—Aaa)‘l] In[A“ A ] )

%a -Abb.a i

L 20
[ A A]  Tn[Asp+ ThoAus] 20

Ed[inv,(A)]= (

To prove these results, we use equation (19) to choose the edge matrix components accord-
ingly for equation (20). Then lemma 4, part (b), is applied to A_.! and negative signs are ignored
as irrelevant for positions of structural Os. The result then follows from the matrix forms of the
sums of products of edge matrices for each component: an edge in A is preserved in Ed[inv,(A)]
and an additional i j-1 arises for a non-adjacent pair (i, j) if and only if j is an a-line ancestor
of i, 1.e. an ancestor with all nodes along the ancestor—descendant path ina C N, thus completing
the proof.

With equation (20) every a-line ancestor becomes a parent. By turning next every b-line ances-
tor in this graph into a parent, all direction preserving paths are closed, and hence the induced
overall ancestor graph results.

To illustrate the construction of the edge matrix of an induced partial ancestor graph we
take the subgraph that is induced by N'={1,2,3,4,5,6,8,10} in Fig. 3 as the parent graph in
Fig. 6(a). Fig. 6(b) shows the a'-line ancestor graph with a’ ={2,6,8} and Fig. 6(c) shows
the overall ancestor graph with »' = N\a' that is obtained as the »'-line ancestor graph of
Fig. 6(b).

We now use a numerical example to illustrate several issues. Zero off-diagonal elements in A
correspond to Os in the generating family. We take Ay, =0, so that

Halh _ _A;al Agp = _(Eaa)—lzab — Eabzb—bl — BabB;bl ,
Eaa.h - Aa_al AaaA_T

aa >

-1 T A1
Xpp = AbbAbh App

5 10 5 10
o
(a) (b) (c)

Fig. 6. (a) Parent graph with node set N’ = {1,2,3, 4,5,6,8,10}, (b) its a’-line ancestor graph, where
a’ ={2,6,8}, and (c) its overall ancestor graph
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holds, a=(1,2,3) and b= (4, 5, 6), and as numerical values of the parameters we take A =1 and

11 =2
Aaa=<01 o),
00 1
110
Aab=<l 1 0),
00 1
1
1

1 0
Ab,,:(o 1>.
0 0 1

Here A=A, and Ap, = App. From equations (19) and (20) we obtain A% = Ed[-A_}]=
In[A4,] and

1 1 1
Ed[nab]=1n[A““Aab]=<1 1 0):
0 0 1

0 0 1
In[Hablzln[—A;;Aab]=<1 1 0)
0 0 1

illustrates that with the induced edge matrix it is possible to distinguish between structural Os
and additional Os which occur only because of special combinations of parameter values.

The example illustrates also that some of the equivalent forms of induced parameter matrices
may be unsuitable for deriving structural 0s, since some of their components are never edge
1nducmg Here, some of the matrix products contain explicitly B;,! and implicitly AT AL o
Bbb There is no transition-oriented V-configuration in the graph with edge matrix Bbb since 1t
is a subgraph of the overall ancestor graph. Hence no additional edge can ever be introduced
from it by closing direction preserving paths, i.e. with In[(21},, — Bpy)~']. Similarly, the product
AgaAzd = I, or its transpose, can never lead to an edge inducing path.

In general it may not be possible to deduce from one induced graph which edges are miss-
ing in another graph that is induced by the same parent graph. For instance there may be
more structural 0s in Y, = (2%)~! than in X%. This is the case also in the above numer-
ical example where the conditioning set for pair (2,3) excludes its common sink node 1 in
Yaap but includes it in X%, Then the missing edge for pair (2,3) in the induced covariance
graph of (£9)~! cannot be recovered from the induced concentration graph of X%, There
may also be more structural Os in the induced E;bl than in the induced ;. This is the case
in the above numerical example where the conditioning set for pair (4,6) includes its com-
mon transition node 5 in Ebb but excludes it in Xp,. Then the missing edge in the induced
concentration graph of be cannot be recovered from the induced covariance graph of Y.
By contrast, as shown in this and the previous section, definitions of the induced param-
eter matrices directly in terms of components of the generating family of matrices A and A
can lead to edge inducing paths and hence to the proper sets of structural Os and missing edges.

To summarize, let L and M denote two of the induced parameter matrices derived in this paper,
such as —A;al and A p, for which the edge matrices £ and M are known, and for which the matrix
product L M defines another parameter matrix with a corresponding induced graph of interest.
Then the edge matrix of the induced graph is Ed[L M]=In[£M] provided that this product can
be edge inducing and is edge preserving. Similarly, if the sum of two such matrices L and M
of the same size defines another such parameter matrix, then Ed[L + M]=In[L 4+ M] provided
that this sum can be edge inducing and is edge preserving, one example being L = BbbAbbBZb



702 N. Wermuth and D. R. Cox

and M = BpaAua ébTa for equation (18). This extends to sums of products containing compo-
nents in which more than two matrices are relevant for the positions of structural Os, such as to
App.a=App — AbaA;al Aah for equation (20).

Whenever Ay, #0, the derivation of the induced graph of a regression coefficient matrix, as
well as of induced marginal concentration graphs and of induced conditional covariance graphs,
becomes more complex. The form of corresponding induced parameter matrices is derived with
corollary 1 in equations (23) and (26) in Section 5.1 and extended in applicability with theorem 2
in Section 6, and Section 4 contains the preliminary results that are needed.

4. Orthogonalizing general weighted sums of variables

We now consider a vector random variable Z which is specified by the linear system MZ =1,
where 7 is a vector of random terms of zero mean and given covariance matrix; M is a non-
singular matrix of constants. Suppose that Z is partitioned into two parts Z, and Z, and that it
is required to study the marginal distribution of Z; and of the random variable Z,;, having the
conditional distribution of Z, for a given value of Z,. For this the key idea is the following. We
solve in MZ =n for Z; having a residual denoted by 7,_,. We express Z, in terms of Z, and a
residual denoted by 7,5—, and formed to be orthogonal to 7,4, 1.e. to be uncorrelated with it.
On conditioning on Z,, this residual is unchanged so we have two separate systems, one for Z,
and one for Z, given Z,,.
Here we wish to express this procedure in a matrix form which

(a) decomposes into three different interpretable steps of transforming MZ,

(b) leads to explicit expressions when applied repeatedly to linear triangular systems and

(c) permits us to connect the matrix results for linear triangular systems to transformations
of edge matrices of triangular systems of densities.

To achieve this we derive the following key matrix result by using the three basic results in
lemmas 1-3.

Theorem 1 (orthogonalization of weighted sums of variables). Let Z be a column vector of
mean-centred random variables having covariance matrix w and partitioned into two com-
ponents Z, and Z;. Then the weighted sums of Z, and Z, specified by MZ =n), i.e.

(Maaza+Mabe — Na
MpaZo+ MppZp m )
are modified into two new uncorrelated systems written as
Maa 0 Zalb — Nalb—a
0 Mppa Zp Mo—a )’
where cov(1ajp—a, Mp—a) =0, by taking (DTM P~ (PZ)= DTn, with

M 0
DTMP~1=( "4 ,
< 0 Mppa >
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Here P is the matrix which orthogonalizes Z into components Z,, and Z, i.e. block diago-
nalizes their covariance matrix, 7 is the matrix which block triangularizes M as well as M P!
and D is the matrix which block diagonalizes the matrix TMP~! as well as the covariance
matrix 7 of Trn. The matrix wabwb_bl of least squares regression coefficients in the linear regres-
sion of Z, on Z,, is related to the weights, i.e. to components of M, and to the covariance
matrix 7 by

Wabwyy =M (TapTy YMpy, 4 — Mg Map. @1

Proof. The result follows from lemmas 1-3 with
—1
po(laa —wWupp
0 Ipp ’
I 0
T— aa >’
( _Mba Maul Ipp

_ Laa _¢a|b
D_<0 Iy )

Palp = (Maawabwb_bl + Mab)Mb_lia’

where

and by realizing that the covariance matrix of the residuals DT is block diagonal for non-zero
Tap if and only if vy, = T4y, since

prpT — ( Taa = YalpTha = Tab Wy, + LalbTobUgayp  Tab — ValbThb
: Thb
If 7, =0 then

0= tajp = (Maqwapwpy! + Map) My}

and hence wabwb_bl =—M Jal M,y satisfies equation (21) as required.

5. Orthogonalizing two components of a linear triangular system

5.1. Uncorrelated linear triangular systems rearranged into two parts
We now apply theorem 1 of Section 4 to two uncorrelated weighted vector variables which arise
from a given linear triangular system (13) by reordering the variables as for equation (14).

Corollary I (induced orthogonal linear systems in Yup and Yj). Let the uncorrelated weighted
sums Ay Y, + AapYp and Ap Y, + AppYp be derived from equation (14) by taking the ordering
N = (a, b) in the linear triangular system (13) and by using AY =¢ of equation (14). Let A be
block triangularized by T. Then the two induced uncorrelated systems in Y, and Y}, are

Aaa 0 Yalb _ [ €alb—a \ _ ga_wa\bgb—a
( 0 Abbu) ( Y >_< Eb—a >_( er—Opjata )’ @2)

where cov(eq|p—a, €b—a) =0, but residuals within the two components may be correlated. The new
residuals and I, in Y, =Y, — 114, Y, are given in terms of the appropriate M and 7 =cov(7Te),
where

~ _ T
r=cov(Te)=TATT = (A““ Baalpiq )
. App—a
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eb\a = AbaA7l

aa

Galb = —Azg Aubs (23)
walb = _Aaaegm 1;1,1,“7

My =—A,, Aaa9;;r|aA;bl_aAbb.a + Palb-
Proof. This results from theorem 1 with the appropriate form of (DTAP~Y)(PY)=DTe. O

The associations within the two sets of uncorrelated residuals in D7Te are most compactly
given by the covariance matrix of e,_, and by the concentration matrix of g,p—, as

cov(ep—a) = Dpp—a=Lpp+ eblaAaaeg\a = Thb, 24
con(&q|p—a) = Ath = A;al + e;r\aAl;bl 9b|a = Tu_a.lb’ 25)

where T,4.p = Taa — TabTb_blTba denotes the residual covariance of ¢, after linear least squares
regression on &,_,. The notation Ayy,_, is chosen to remind us that it is the covariance matrix
of residuals for the variable in the margin, Y, and the notation A%“*? to remind us that it is the
concentration matrix of residuals for the variable Y, considered conditionally given Y, = yj.
By using corollary 1 and results (24) and (25) the induced parameter matrices >4 and >, in
equations (15) can now be expressed as
Saa _ Zz;lh —AT Aaa+hAaa,

a. aa

“ - (26)
Spp= (ST = AL App_aAy)s

so that they and their inverses can be readily interpreted in terms of parameters that are derived
from the linear triangular system and can be used to compute the strength of induced linear
associations as prescribed in equation (12) at the end of Section 3.1.

5.2. Correlated linear triangular systems rearranged into two parts

We now apply theorem 1 to two correlated weighted vector variables which arise after having
marginalized in the linear triangular system (13) over a. This amounts to splitting the node set
of a triangular system repeatedly, first as N = (a, K) and then with K = (b, ¢). We take the linear
system that is given by the second of equations (22) in a mean-centred column vector variable
Yk and let the original ordering be preserved within K. Then we can write

AkkaYKk=€K—a> 27

where A gk 4 1s an upper triangular matrix with 1s along the diagonal and the covariance matrix
of the residuals ex_,, denoted by Agg_g, is in partitioned form

Abb—a Gb\a Aaaa;r‘a )

cc—a

cov(eg—a) =AkKk—a= (

For an arrangement of Yg into component » and the remaining part ¢ = K\ b, the correspond-
ing two sets of equations are written in matrix form as

= Yp Apba  Apea Yy &b — Oplata ) (Sh—a )
i _(A _ _ , 28
KK.a ( Y. ) ( Acba Acca > ( Ye ) (80 - gc\aga Ec—a (28)



Joint Response Graphs 705

Here the two matrices Ap. 4 and A, have jointly at most dpd, non-zero elements, since they
arise from the upper triangular matrix Agg . after having changed the ordering of the variables.
The two weighted sums are orthogonalized as follows.

Corollary 2 (induced orthogonal linear systems in ¥, and Y.). Let the correlated weighted

sums Appoa¥p + ApeaYe and Ay oYy + ApeaYe result from taking N = (a,b,c), H= (a,b) and

= (b, ¢) in a linear triangular system (13), after having marginalized over a. Let Axg. be
block triangularized by 7. Then the two induced uncorrelated systems in Y. and Y, are

Abb.a 0 Yblc [ €b—alc—H \ _ gb—a_'(/}blcgc—H
( 0 Acc.H> ( Y. )_< gen )\ €—Ocnen ) 29)

where cov(ep—gjc—H, Ec—n) =0, but residuals within the two components may be correlated.
The new residuals and Il in Y =Y, — 1l Y, are given in terms of the appropriate M and
T=cov(Tek—_,), where

eb\aAaaada Aph—q c|ba>
Acc H ’

=T cov(eg_o)TT = ( Abh—a
Acc.H=Acc — ACHAE;IAHC =Acca— Aﬂcb.aA;bl_aA“baa,
eclH = A~CHA[_-[}-] = (Gcla.ba eclb.a) = (Gc\a - eclb.aablaa Acb.aAb_bl.a);
Uble = Obialaal iy — Dob-alp ) Duc = Toe e
Hh\czA;;blla(TbcT YAce.H — Abb aAbca

Proof. This results from theorem 1 with
_(Ip Iy
P ‘( 0 fe )

T— Ipp 0
Acb aA;bla Iee )7
D— Iy —(App.allpe + Abc.a)AC_JH

0 Iec
and with (DT Agk o P~ ) (PYg)= DTek_,. The covariance matrices of the residuals in the two
uncorrelated systems of App Vs and Agc Y. are

COV(Ep—ale—H) = Thb.c»
COV(Ec—H) =Tecs

where 735 ¢ 18 the residual covariance of ¢, after linear least squares regression on e._g.
To prove that the recursion relation among s holds which permits us to write

Ec—a— Hclb.agbfa =&c— Hclb.asb - (ecla - ac\b.aab\a)sa
=&c— eclb.agb - ecla.bga
=¢e.—0nen,

the special form of the inverse of the following triangular matrix may be used:

Lua 0 oN' /L, 0 0
< —0pla Ipp 0 > = <9ba Iy, 0 )
_€c|a.b _gclb.a Iec acla aclb.a Iec
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which relates 045 to Ocjp.q as

acla.h = 6c|a - aclb.aeb\a,

an expression that is analogous to the recursion relation for regression coefficient matrices (11)
that was derived in Section 3.1. O

Thus, the parameters in equation (29) have all been expressed in terms of those in the starting
system Axx.aYk =ék—q. The induced covariance and concentration matrices of Yj|. are
-1 -T
Lbb.c = App g Tob.c App.q»

-1 _ 4T -1
Xhp.c =AppaTph.cAbba-

6. Orthogonalizing three components of a linear triangular system

6.1. Parameters in induced orthogonal systems

We now extend the results for induced systems to any three disjoint components a, b and ¢ of N
in such a way that all induced parameter matrices are expressed in terms of repeated splits into
just two components as given with corollary 1.

Theorem 2 (induced orthogonal linear systems in three components). For N = (a, b, ¢) three
orthogonal systems are induced by the linear triangular system (13) as

Agq 0 0 Ya\hc €a|K—a
0 App.a 0 Yblc =\ &b—ajc-H |- (30)
0 0 Accba Ye Ec—H

To obtain the induced parameter matrices with H = (a,b) and K = (b,c), we define for
example A;},, Oc\H, ¢H|c and A.c.g by taking H =a and ¢ =b, as in the discussion before
corollary 1: thus,

(a) for Ypl|Ye,

Sppe =[Agy (AHHTO =1 AZT Y, ),

_ 3D
Ebbl.c = Ebh.a = [A};K.a(AKKfa)_lAKK.a]b,ba

pe = [_AE}-]AHHQB]H(ACC—H)_I Ace.H+dHclb,c (32)
and,
(b) for Y,|Yk,
Saak = Agg (A“H)TTAT,
Sl =nm = AT Naatb g —[ATA A,
Myx =—Ay, Aaa@m(AKK—a)_IAKK.a + buk;
and, finally,
(c) forY,,
See =An y(Beem) Ay =[BABT ...,
s t=xeet = AT L (Ace—m)  Acen
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Proof. The results follow by combining corollaries 1 and 2 and equations (8). All parameter
matrices are either submatrices of the overall covariance or concentration matrix or they are of
the form derived from corollary 1 in equations (23) and (26).

6.2. Edge matrices for induced orthogonal linear systems

For orthogonal linear systems in two and in three components the edge matrices that are needed
additionally to those of lemma 4 are the following three, obtained from equations (23) and (26),
and denoted by S =Ed[%},], Suaip = Ed[Sua.s] and Py = Ed[TLp:

Sbszd[A;b.a hb aAbb.al;
Saa\b:Ed[ —I(Aaa+b)—lA— ]5
Pa|h—Ed[ A lAaaagmAbb aAhha+¢a|b]

To derive them in terms of indicator matrices we need some preliminary results for Dpp_, =
Ed[Apy—q] and D0 = Ed[A%*+?]. From equations (24) and (25) they are defined and from
equation (20) they are obtained in terms of the indicator matrix 7p,, which is one of the parts
of Ed[inv,(A)], as

Dip—a = Ed[App + b0 Daatpa) = In[I + T T01, (33)
DUt =Ed[AL + 04,2 Opial = In[] + T, Tpa). (34)

To find whether there is an ij-edge in the graph with edge matrix Dp,_, We interpret again
the appropriate matrix products. An edge is required for families of models if and only if nodes
ip and jp, two nodes within b, have a common source node in a in the a-line ancestor graph.
Since App—q is the covariance matrix of residuals g,_, it is the edge matrix of an induced
dashed line graph. Similarly, there is an ij-edge in the graph with edge matrix D%*? if and
only if nodes i, and j, have a common sink node in b in the a-line ancestor graph. Since
A%+ is the concentration matrix of residuals €a|b—a 1t 1s the edge matrix of an induced full line
graph.

As a further preliminary result we need Ed[Ab_bl_a] and Ed[(A%*?)~1]. On inverting the
covariance matrix Ap,—, the conditioning set for the covariance of pair (i, j) is increased by
all remaining nodes in b. On inverting the concentration matrix A%*? the conditioning set for
the concentration of pair (i, j) is decreased by all remaining nodes in a. By these changes none
of the configurations that generated edges in these graphs is removed; instead every connected
subgraph is turned into a complete graph.

Let S denote the edge matrix of an undirected graph for which every V-configuration becomes
edge inducing whenever the underlying symmetric matrix S is inverted. Then the edge matrix of

I denoted by clos(S) = EA[S~!], is obtained by closing every V-configuration in S. This leads
to Ed[(A%*?)~11=clos(D%*?), arising from the closing of sink-generated, full line paths, and
to Ed[Ab_bl_a] =clos(Dpp—a), arising from the closing of source-generated, dashed line paths.

For a matrix formulation to obtain clos(S) of an undirected graph we use S; = In[triu(S)],
where triu(S) is the upper triangular part of S including the diagonal, and we interpret S; as an
edge matrix of a directed graph. Then all three types of V-configurations are closed by computing
S, =In[S[S1], S3=In[{2] — triu(S,)} '] and clos(S) = In[S3S]]. This follows from lemma 4.

Theorem 3 (induced edge matrices of orthogonal linear systems). Let a C N be an arbitrarily
chosen set a and b= N\a. Let the parameter matrices of the orthogonalized linear system
derived from equation (13) either be split into two components (corollary 1) or be split into
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three components (theorem 2). Then the following edge matrices specify, together with those
of lemma 4, their structural Os:

(a) SP* =In[ A}, , clos(Dep—a) Apb.a)]s
(b) Saalp = In[A clos(D*+P) (AT,
(©) Pap =In[A“T,L clos(Dpp—a) App.a + Fab),

where definitions of the edge matrix given above in equations (20), (33), (34) and of clos(S)
are used.

Proof. The result follows from the calculations and properties of induced edge matrices that
were given in Sections 3.3 and 3.4, from the additional matrix and edge matrix results that were
summarized above in this section and because the sums of products are edge preserving and
edge inducing. O

Note that for a matrix product of the type ¥; ; ajibinank, which defines SP in case (a), there
is an additional jpkj-1 if and only if the non-adjacent nodes j, and kj, are connected by the
following edge inducing path or by one of the V-configurations derived from it:

Jb—> ip—hp < kp.

This path shows up in the a-line partial ancestor graph having edge matrix Ed[inv,(A)]
which is given in equation (20) to which is appended the full line graph with edge matrix
clos(Dpp—a).

Similarly it follows for case (b) from the matrix product which defines S,); that an additional
ighg-11s induced if and only if the non-adjacent nodes i, and 4, are connected by the following
edge inducing path or by one of the V-configurations derived from it:

iqg < ja---kq— hg.

This path shows up in the a-line partial ancestor graph, with edge matrix Ed[inv,(A)] which is
given in equation (20) appended by the dashed line graph with edge matrix clos(D%*?).

For the induced edge matrix P, in case (c) the graphs having edge matrices inv,(A) and
clos(Dpp—q) are combined first. It then follows from the form of P, that compared with the
edge matrices F,, and 7p, there is an additional i /-1 in Py if and only if the non-adjacent
nodes i, and [, are connected by the following edge inducing path or by one of the three- or
two-edge paths derived from it that lead from a node in 4 to a node in a:

iqg<ky— jy—hp <1p.

The construction of the edge matrix for the conditional covariance graph of Y, is illus-
trated in Fig. 7. With a split of the node set N’ = {1 2,3,4,5,6,8,10} of the parent graph of
Fig. 6(a) into two components N’ = (a’,b"), with @’ ={2,6,8} and ' ={1,3,4, 5,10}, the edge
matrix S”?" of the induced concentration graph of Y, is obtained with a matrix product as
SHY _In[Ab,b, , clos(Dyp— o) Appy o], Wwhere

3 3
SN
3 > ~_10 3 S5\

(a) (b)

Fig. 7. (a) Subgraph induced by b’ ={1,3,4,5,10} in the a’-line ancestor graph of Fig. 6(b) combined
with the source-generated concentration grapp Wwith edge matrix clos(Dyy,s _,) and (b) induced marginal
concentration graph of Y, with edge matrix S?
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13 4 5 10 1 3 4 5 10

11110 0 1 1000 0

| 310100 o0 30111 0
Awp = , clos(Dyp_g) =

bba 4 001 0 0 Pryy—a) 4 0 1 1 1 0

51000 1 1 5501 11 0

1000000 1 100 0000 1

A stepwise path derivation of the graph with edge matrix 8P is as follows. The two source-
generated edges of the covariance graph with edge matrix Dy, arise from the induced sub-
graphs 3 < 8 — 4 and 4 < 6 — 5 in Fig. 6(b). After the path from node 3 to 5 via node 4 in this
graph is closed by a (3,5)-edge the edges of the concentration graph result, which has edge matrix
clos(Dyy ). This concentration graph is combined with the subgraph that is induced by 4" in
Fig. 6(b), which has edge matrix A, o, to give the graph of Fig. 7(a). Then, for the marginal
concentration graph with edge matrix SPYwhich is shown in Fig. 7(b), two additional edges
are induced. This follows from theorem 3, case (a). The corresponding edge inducing paths
3—5 <« 10 and 4—5 < 10 connect the non-adjacent node pairs (3,10) and (4,10) in Fig. 7(a).

Thus for the edge matrices that are discussed in this section the equivalence has been estab-
lished between an additional 1 in the induced edge matrix and an additional edge generated
in the corresponding induced graph, as well as between an edge inducing path in particular
graphs or combinations of graphs and the calculation of special sums of edge matrix products
which define an additional edge in an induced graph. Next we discuss when an induced edge in
a system of triangular densities corresponds to a lack of factorization of the densities.

7. Factorizations of densities and dependences induced by triangular systems

We now can prove that a structural 0 correlation, p;x.c =0, that is induced in a linear triangular
system by a given parent graph implies that the corresponding independence statement, i ILk|C,
holds for all possible distributions generated over the same parent graph. This happens because
every structural 0 correlation is equivalent to the absence of particular types of edge inducing
paths. This absence implies that if a triangular system of densities were to be generated over the
same graph then the corresponding factorization of densities is preserved.

The connection of these results with earlier work is in outline as follows. That work focused on
properties deriving from the notion of conditional independence and the resulting factorization
of densities. For Gaussian distributions the results can be expressed in terms of correlations
and partial correlations. Smith (1989) (especially example 3.1) noted that in the proofs of impli-
cations of independences only three special properties of conditional independence are usually
involved and these properties hold for vanishing correlations and partial correlations and thus
apply to linear least squares regression systems. The approach and proof that are used in the
present paper are different.

We proceed to show how a non-zero correlation p; ¢ # 0 generated via an edge inducing path
in a linear triangular system will also lead to a dependence in triangular systems of densities
in which some families of distributions are characterized by the technical condition of com-
pleteness. Completeness of a family of distributions for a random variable W means that any
function of W with zero mean for all distributions in the family is identically 0 (see, for example,
Kotz et al. (1982)). For instance a regular exponential family is complete.

The essence of the argument is that marginal densities fj; of such families of distributions do
not factorize if obtained as ffi‘jfﬂk fidFjor fﬁ”fk” dFy, i.e. by integrating over a common
transition or over a common source node respectively. Further the conditional densities fjx, of
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such families do not factorize if obtained as
fhlikfifk/ fniik dF; dFy.

The argument derives from a convex combination of separable functions being not itself sepa-
rable except in degenerate cases. A simple combination of this type is a (x) b1 (y) +a>(x) b (y),
where each of the two components is a separable function of variables x and y. It is itself of the
form a(x) b(y) only exceptionally. The following discussion focuses on a set of conditions which
excludes such exceptions for densities and which therefore justifies the conclusion that a new
dependence is indeed induced.

To derive the results we use the term integration and density for both continuous and discrete
variables. We also assume that all random variables have densities such that the calculation of
conditional and marginal densities leads to proper distributions. We recall from equations (12)
and (16) that in a triangular system of linear equations (13), written as AY =e¢, a zero element
in position (i, k) of A means pixpar, =0, for par; C{i+1,...,dy}, and that this is equivalent
to a missing ik-edge in its parent graph. By contrast a missing ik-edge in the parent graph of
a triangular system of densities (1), written as fy =1II; fijpar,» means that i 1L k|par; holds for all
distributions that are generated over this parent graph.

For some simple motivating cases we note from the recursion relation for regression coeffi-
cients that for three variables U, V and W of a linear triangular system and an arbitrary condi-
tioning set C the conditions under which the regression coefficient (3, ¢ is collapsible over W
are that

Buvawc = Buv.c if and only if pyw.vc =0 or pyy.c=0. (35)

As one consequence, the correlation coefficient that is induced for the end points of an edge
inducing path is proportional to the product of the correlation coefficients that are associated
with each edge along the path.

We note next that the collapsibility conditions for regression coefficients in condition (35) are
ULW|V,C or Wi V|C for a Gaussian distribution and that these coincide with the sufficient
conditions for discrete distributions under which constant relative risks for a binary response
U with respect to V given W are collapsible over W (Wermuth (1987), proposition 4). Then we
note that one of these two types of independence is satisfied at each of the successive V-configu-
rations defining an edge inducing path. In the subsequent arguments concerning distributions
we assume a fixed conditioning set C which will not be shown explicitly.

As two examples of joint distributions generated over a four-node path given C we now take

U—>W<—V<X,

U—>W<«V->X.
Both paths are defined by two successive V-configurations, by those for (U, W, V) and for
(W,V,X). In both cases the subgraph that is induced by nodes U, W and V is a sink-
oriented V-configuration. The V-configuration that is attached to nodes W, V and X is transition

oriented in the path on the top and source oriented in the path on the bottom. The two joint
densities which factorize from equation (1) are then

Swiov fvix fu fx,
Swwv fxiv fu fv.

The paths imply the independence U 1L X as a logical consequence of both generating processes.
This may in such simple cases be derived directly from the given density factorizations or from
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one of the separation criteria formulated in terms of paths. Equivalently, it follows from lemma
4 that in both cases the parent graph induces no edge for pair (U, X) in the overall covariance
graph. From theorem 3, case (b), it follows that there is, however, an edge induced for pair
(U, X) in the covariance graph of U, V and X given W. Thus, U 1L X|W is not implied by the
parent graphs. For a joint Gaussian distribution the induced partial correlation coefficient p;
is a positive multiple of —p,,,, pyvpux- But, there are special types of distribution generated over
each of the above two paths which nevertheless satisfy U 1L X|W. We now study why this will or
will not happen.

Lemma 5 (conditional and marginal independence). Let three random variables U, V and W
have density fyyw and let both U and V be marginally dependent on W. Then U 1L V|W and
U 1LV imply that both W|U and W|V belong to an incomplete family of distributions.

Proof. Lemma 5 is proved by using and extending a result (Darroch, 1962) for discrete distri-
butions to general types of distribution and relating it to completeness. In the discrete case,
with p,.,, denoting the joint probability Pr(U=u,V=v,W=w) foru=1,...,I,v=1,...,J
and w=1,..., K and with p ,,, =X, pyww, and p_,, =3y p . denoting marginal probabilities,
Darroch showed that U1 V|W and U 1LV both hold if and only if the probabilities are from
what he called a perfect contingency table. This implies in particular that the bivariate marginal
distributions of U and W, and V and W are restricted by

Z PuwP.ow/DP.w=Pu..D..-
w

Birch (1963) gave an example for a 2 x 2 x 3 table and Studeny (personal communication) an
example of a family. This condition generalizes as follows. Under the assumptions of lemma 5,
the independences U 1L V|W and U 1LV imply

Sfovw = fuw fvw/ fw,

(36)
/fUVW dw=fufv,
where for instance fyw = j fuvw dy and fy = f fvw dy denote marginal densities that are
derived from fyyw. Now condition (36) implies that the distributions of both W|U and of W|V
are members of an incomplete family of distributions. For it follows from condition (36) after
dividing by fy that

Juw fvw
Sw fv

But, if U and W are dependent, then fy;w # fu so the left-hand side specifies a non-zero func-
tion of W with zero expectation under the conditional distribution of W given V =v for all v.
Therefore W|V belongs to an incomplete family of distributions. The same type of argument
applies to W|U after dividing expression (36) by fy. |

/(fU|W_fU)fW\VdW= dw — fU/fW\VdW 0. 37

Darroch’s restrictions are never satisfied for a distribution of three binary variables and never
for a Gaussian distribution, i.e. simultaneous marginal and conditional independence for any
pair, say for U and V, can only hold for these distributions if a stronger independence statement
is satisfied, i.e. if ULV, Wor VLU, W.

Corollary 3 (dependence induced after changing the conditioning set). Let three random
variables U, V and W have density fyyw, let both U and V be marginally dependent on W and
let W|U or W|V be a member of a complete family of distributions. Then
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(a) U1 V|W implies that U is marginally dependent on V and
(b) ULV implies that U is conditionally dependent on V given W.

Proof. Re-expression of lemma 5 with either W|U or W|V being a member of a complete
family of distributions gives the implications of cases (a) and (b). O

Lemma 6 (trivariate association inducing families of distributions). Let a family of trivariate
distributions for U, V and W be such that both families of the conditional distribution of W|V
and of W|U are complete and such that one independence statement is given to hold for pair
(U, V). Then this family of distributions is association inducing for pair (U, V), i.e.

(a) UL V|W implies that U is marginally dependent on V and
(b) U1V implies that U is conditionally dependent on V given W.

Proof. The assumption of lemma 6 excludes families of distributions for which a single
independence statement for (U, V) cannot hold. It excludes further families in which the two
bivariate margins of U and W, and V and W are constrained by Darroch’s restriction.
Finally it excludes bivariate margins, of U and W or of V and W, that are constrained by
an additional independence. If for instance V were marginally independent of W, so that
fwiv = fw, then equation (37) would be trivially satisfied for fyw # fu, i.e. the distribu-
tion of W|V would be a member of an incomplete family. Thus, by the assumed com-
pleteness both U and V are marginally dependent on W and the result follows from
corollary 3. O

More specifically lemma 6 excludes the family of partially dichotomized Gaussian distri-
butions, i.e. those which are obtained from a joint Gaussian distribution for U, V and W’
by dichotomizing W’ to give W, as not sufficiently rich to be association inducing in the case
U 1L V|W. The reason is that this independence can hold in such a partially dichotomized Gauss-
ian distribution only if either U L W or V 1L W, in addition to U 1L V|W (see Cox and Wermuth
(1992, 1999)). Some trivariate families included as being association inducing are those in which
the complete families of W|U and W|V are conditional Gaussian distributions or conditional
Gaussian regressions (Lauritzen and Wermuth, 1989). And, these include arbitrary discrete
distributions and Gaussian distributions as special cases.

Lemma 6 applied to families of distributions generated over the three types of V-configura-
tions in a parent graph gives a general condition under which a dependence is induced by
marginalizing over a transition or a common source node and under which a dependence is
induced by conditioning on a common sink node. Put differently, it gives a sufficient condition
under which an edge inducing V-configuration is also association inducing, irrespective of the
type of V-configuration.

Theorem 4 (relations induced by triangular systems). For a given parent graph with edge
matrix A= Ed[A] let C be an arbitrary conditioning set for a pair of nodes (i, k).

(a) Suppose that with this parent graph p;;.c =0 is implied for every linear triangular system.
Then i 1L.k|C is implied for every triangular system of densities that are generated over the
same parent graph.

(b) Suppose that with this parent graph a non-zero p;;.c can be generated for some linear
triangular systems. Then with this parent graph a dependence of i and k given C can
also be generated for some members of distributions of abitrary form, provided that all
successive trivariate families along at least one edge inducing path for (i, k) given C are
association inducing.
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Proof. For case (a) let C denote the nodes outside C. No ik-edge is induced in the conditional
covariance graph of nodes C given C because, if such an edge were induced, a non-zero corre-
lation p;;.c could be generated. In more detail it follows from theorem 3, case (b), that either

(i) k& would be a C-line ancestor of i, or

(ii) i and k would have a common C-line ancestor, or

(iii) a C-line ancestor of one of the nodes i or k would have become connected by a sink-
generated edge from clos(D¢C*C) to the other node or

(iv) a C-line ancestor of i and a C-line ancestor of k would have become connected by such
an edge.

It then follows from the lack of such paths and from the definition of a missing edge in the
conditional covariance graph given C for triangular systems of densities that i iLk|C is implied
for any system of densities that are generated over the given parent graph. Put differently, a
factorization given in the density (i) for pair (i, k) is retained if there is no edge inducing path
for (i, k) given C.

For case (b) and a single edge-inducing path for (i, k) given C the claim follows with repeated
application of lemma 6, where for each node along the path the marginal family of distributions
is also complete. When there are several edge inducing paths the same argument applies to at
least one of these paths. O

In the case of several edge inducing paths an independence instead of a dependence may occur
for a particular member of the generated family owing to the cancellation of the contributions
to the dependence by different paths. Such situations have been called parametric cancella-
tion (Wermuth and Cox, 1998a) or lack of faithfulness of the graph (Spirtes et al., 1993). For
a detailed discussion for Gaussian distributions, see Wermuth and Cox (1998a). For related
results on the existence of distributions in which an edge inducing path implies dependence, see
Geiger and Pearl (1990) and Meek (1995).

In the present paper we provide matrix tools to decide for any chain graph model that is
derived from a given triangular system whether an independence statement or a zero correla-
tion is due to parametric cancellation or whether it is a logical consequence of the generating
process.

In summary, there are three approaches to the study of both independences and dependences
arising from a triangular system: using edge matrices, using paths in graphs or using factoriza-
tion properties of densities. We have now established the type of intimate relations between the
three approaches and can turn to induced chain graph models.

8. Induced chain graph models

8.1. Parameter matrices induced by linear triangular systems

The results (30)—(32) for three orthogonalized systems can be directly applied to induced linear
chain graph models after noting from equation (2) that each chain component g of a chain
graph defines an ordered partioning of the node set into three components with N =(l, g, r),
where [={1,...,g— 1} is the set of nodes in the future of g which we draw to the left of g and
where r={g+1,...,dcc} is the set of nodes in the past of g which we draw to the right of
g. The following matrix expressions use different splits into two components with N = (/, R),
R={g,r},and N=(L,r), L={l,g}.

Theorem 5 (induced parameters of linear regression chains). The induced parameters for
component g are of the general form that is given with theorem 2. In detail:
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(a) for a linear multivariate regresssion chain they are

Ygg.r= [AZi (ALY =L AT 1005

(38)
Hg\r = [_AZ£ALL9;F|L (Arr—L)i1 Arr.L + ¢L\r]g,ra
where (ALLF7) is diagonal and equal to the inverse of Ay if r is the empty set;
(b) for a linear blocked concentration chain they are
991 =5 =[ARg (Arr-1) "' ARRAlg.g-
gg.r RR.I 9.9 (39)

2l =AY o (ARr=) " ARR g1
(c) for a linear concentration regression chain they are 299/ and L.

Proof. The results follow from theorem 3 and the parameter matrices in linear regression
chains (see for example Wermuth and Cox (2001)).

8.2. Edge matrices of chain graphs induced by triangular systems of densities

With the same notation for two different splits of N as used in Section 8.1 and Sy, =Ed[X4./],
Py =Ed[1Lg ], S99 = Ed[%99] and Colr = Ed[X¢"/] we can now turn to chain graphs that are
induced by triangular systems of densities (1).

Theorem 6 (edge matrices of induced chain graphs). Edge matrices for component g are of
the general form given by theorem 3. In detail:

(a) for a multivariate regresssion chain graph, defined with expressions (2)—(4), they are
Syglr =In[ALL clos(DEL+T) (ALEYTY, o)

Pglr = In[ALLIZ;{ Clos(Drr—L)Arr.L + ]:Lr]g,r;

(b) for a blocked concentration chain graph, defined with expressions (2), (5) and (6), they
are

(40)

S99 =Tn[ A%, clos(Drr—1)Arr.lg.g5

(41)

Cyr =In[ AL, clos(Drr—1) Agr.ilg.r;

(c) for a concentration regression chain they are S and Poir-
Proof. The results are a direct consequence of theorems 4 and 5. O

In summary, Os in induced edge matrices in equations (40) and (41) identify structural Os in
induced parameter matrices (38) and (39) of linear systems and missing edges in chain graphs,
as well as independences in chain graph models implied by triangular systems of densities (1).

9. Using the results

9.1. Joint response graphs induced after explicitly marginalizing and conditioning

We now illustrate induced chain graphs that are obtained after conditioning on a subset C of the
variables and after marginalizing over another subset M so that only the remaining variables are
of interest. The factorization (2) of the density in a chain graph model implies that marginalizing
over the first component and conditioning on the last will leave the densities of the remaining
variables unchanged.
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Fig. 8. Chain graph of blocked concentrations induced by the parent graph of Fig. 3 for N =(a, b, ¢, C) with
a={7,12,14}, b={1,4,11,13}, ¢ ={2,8,9} and C = {3, 5, 6, 10}, shown after having conditioned on C

O« 08 40« 8
5 // / \ ﬁ>< /7/0 12
/ / 12 7
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N - *\\ N /p | 14 wd \ ls| 14
\ . ~ N, /
i ™ 1

(a) (b)

Fig. 9. Two chain graphs induced by the parent graph of Fig. 3 for N =(M, a, b, c,C) with M ={1,2,3,6},
a={4,5,10,13}, b={8,9}, c={11,12} and C = {7, 14}, shown after having marginalized over M and con-
ditioned on C: (a) for multivariate regressions and (b) for blocked concentrations

For the blocked concentration graph that is shown in Fig. 8 and induced by the parent graph
in Fig. 3 the overall node set N containing 14 nodes is ordered with the selected chain compo-
nents as N = (a, b, ¢, C). The nodes within each of the four components are as shown in Fig. 8.
The set C denotes an overall conditioning set. The factorization of the density due to the chosen
chain is given by equation (2), the meaning of the edges of the chain graph type is defined by
expressions (5) and (6), and the edge matrix and hence the edges that are present and absent in
Fig. 8 are given by case (b) of theorem 6.

The stacked boxes in Fig. 8 indicate mutual independence of components of the joint responses
within a given chain component conditionally given C and the variables in chain components
g+1,...,dcc. For instance, for chain component b of Fig. 8 we have the independence (4.1 1L
11,13)1{2,8,9, C}. By theorem 6 three further arrows are added to both the induced multivari-
ate regression and the concentration regression chain: for (13,9), (12,13) and (14,11). Thus, in
this example the three types of induced chain graph are similar.

By contrast the two induced chain graphs in Fig. 9, both for the same partitioning N =
(M,a,b,c,C), differ much in the edges that are present. For instance, node 10 has three neigh-
bours in the multivariate regression chain in Fig. 9(a), but six in the blocked concentration
chain in Fig. 9(b). In this example the concentration chain is considerably more complex than
the multivariate regression chain.

9.2. A matrix criterion for separation in triangular systems of densities
The equivalence of the following matrix criterion for separation to the path criteria that have
been given previously in the literature has been proved elsewhere.

Corollary 4 (separation in triangular systems). For triangular systems of densities (1) the
following statements for three disjoint node subsets «, 3 and C of N are equivalent:
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(a) the independence « 1L 3|C is implied by the parent graph;

(b) no edge connects the subgraph of nodes « and the subgraph of nodes ( in the induced
covariance graph for o and 3 given C;

(c) the edge matrix of the induced covariance graph for («, 5) given C is block diagonal.

Proof. The results follow from theorem 6. O

Note that the edge matrix for the induced conditional covariance graph can be computed
with § ={a,b} and C = N\C from theorem 3 as Sgs|c = In[AC clos(DECHEY (ACE)YTg 5. After
rearranging the nodes of a to correspond to rows 1-d,, of this edge matrix and those of 3
to the remaining rows, block diagonality in « and 3 is seen to be equivalent to the required
factorization of the joint conditional density as fs;c = fa|c fc. Note that from equation (28)
the corresponding covariance matrix that is induced for a given linear triangular system (13)
is gsc= [AEé(ACCJFC)*lAa’;] s.s, from which the direction and strength of induced linear
associations can be judged in terms of corresponding induced partial correlations.

The edge matrix of the chain graph that is induced by a triangular system, be it a covari-
ance graph as in corollary 4 or a more general graph as in theorem 6, indicates which of the
independences in the chain graph model are logical consequences of the generating process.
All remaining independences are then due only to special constellations in a given generating
system. Indicator matrices of particular sums of products of edge matrices define the induced
chain graphs that were discussed here. With each such sum of products the number of edge
inducing paths of a particular kind is computed for the variable pairs contained in the induced
graph. This knowledge is relevant for judging the absence or possible presence of confounding
effects: with only one edge inducing path no confounding of an induced association is possible.

In addition, for linear triangular systems the direction and strength of the relevant induced
correlations are given in theorem 5 and are presented in the same matrix form as the edge matrix.
This may be relevant also for linear approximations to triangular systems of densities, which
are of interest when interactive effects are absent and non-linearities are weak.
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