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1. Introduction

1.1. The Problem

In many disciplines, it is normally difficult or impossible (either for practical or ethical reasons) 1o
carry out experiments, but it is possible to gather statistical data. Drawing causal conclusions from
statistical data without experimentation is very difficult in part because of the enormous number of
ditferent possible causal models that can be constructed among a set of variables. Consider a set
of n variables. Among each pair of variables A and B there are four possible causal relations: A
causes B, B causes A, A causes B and B causes A, and neither causes the other. Hence there

are 4(3} possible causal models among n variables. For six variables, there are 1,073,741,824

ditferent possible causal models. For twelve variables there are approximately 5.4 x 10 different
possible causal models.

Of course, often many of the possible causal models for a set of variables can be eliminated on
substantive grounds. But in the social sciences, unlike the natural sciences, there often is no well
established general theory that severely limits the number of causal models compatible with what
we know about a domain. The sort of fragmentary knowledge about a domain available in the
social sciences can drastically limit the number of plausible alternative causal explanations, but still
leave an enormous number of possible causal models compatible with all prior substantive
knowledge. Suppose (as is usually not the case), that the variables are totally ordered by time, so
that for each pair of variables the only possibilities were that the earlier one caused the later one,
orit didnt. Inthat case, for six variables there are still 32,768 causal models compatible with the
time order. For twelve variables, there are approximately 7.4 x 10'® causal models compatible
with the time order. Even in those cases where an initial model is already known or hypothesized,
and the researcher is simply searching for additional causal relations among the variables, the
number of possibilities can easily run into the tens of thousands.

Until recently, there have been few tools that would aid a researcher in systematically searching
these enormous spaces of possibilities. Factor analysis provides a search procedure with well-
known limitations. Several modules (in LISREL VI and EQS) have recently been offered for
searching portions of the space of possibilities, but there are sound theoretical reasons for
believing that they do not implement reliable search procedures, and recent Monte Carlo
simulation tests confirm this (See [5)).

TETRAD Il is a computer program that uses graph-theoretic methods to aid in systematically and
reliably searching large spaces of a particular kind of causal model (Statistical Linear Causal
Theoriesor LCTs). The TETRAD Il procedures exploit a directed graph representation of
conditional independence relations in linear probability distributions. In Discovering Causal
Structure and subsequent papers, Glymour, Scheines, Spirtes and Kelly proved that various
constraints on the covariance matrix implied by a given linear probability distribution corresponded
to easily calculated features of their directed graph representation.




Recent work by Pearl and his colleagues has examined the relation between directed acyclic
graphs (DAGs) and conditional independence relations in a broader class of probability
distributions. This work has show how to characterize the conditional independence relations
entailed by a certain class of probabilistic models in graph-theoretic terms. | will show that Pearl's
graph-theoretic characterization of conditional independence applies to LCTs. This has the
following useful consequences:

" 1. It shows how to easily calculate from the directed graph representation all and only the
partial correlations of all order (among non-error variables) that are implied to vanish by the
graph structure.

. 2. There are efficient algorithms for constructing DAGs that represent the causal

" structureof a process that generated a probability distribution P (as long as all common
cause of the measured variables are themselves measured) that take as input the
conditional independence relations true of P. These algorithms are directly applicable to
LCTs using vanishing partial correlations as input.

3. In LCTs, vanishing tetrad differences (useful for the construction of causal models
when latent variables are present) are equivalent to a certain set of vanishing partial
correlations.

4. A sufficient condition for a set of vanishing tetrad differences to require the
introduction of latent variables in order to be representable by the graph of a LCT can be
given in terms of sets of vanishing partial correlations.

I will not pursue the second point in this technical report. The algorithm is described in [6].

1.2. LCTS and Graphs

The domain of application of TETRAD Il is a class of statistical models that we call LCTs (Statistical
Linear Causal Theories). Special cases of LCTs include regression models, path analytic models,
and factor analytic models. - Such models are used in psychology, sociology, epidemiology,
political science, biology, engineering and educational research.

Basically, a LCT consists of a set of random variables over a probability space, a graph such that
there is an edge from random variable A to random variable B iff A is a direct cause of B, a joint
probability distribution for the exogenous random variables such that the exogenous variables are
pairwise independent, and for each endogenous random variable a linear equation relating it to its
direct causal parents.

The linear equations are expressed in a canonical form called "structural equations" in which one
variable is set equal to a linear combination of all of its direct causes. One example of a set of
structural equations relating T, v, w, X, y, and z, is:

vmaT +e,




w=bT +ivagy + ey
X« CT + ey
y*dT + ey
R z«eT+e,
In this example, the variables v - z are measured variables, but T is a "latent construct” that is not
directly measured. Each structural equation includes a unique unmeasured random variable ej,
called the "errorterm". Itis usually assumed that no variance is zero. -

The model can be parameterized by a vector 6 that includes the non-zero linear coefficients and
the variance/covariance matrix for the exogenous variables. A variable is exogenous just in case
it is a cause and not an effect. All disturbance terms are exogenous.

The directed graph G in a LCT is just a set of random variables V and a binary relation E on V. The
E relation may be represented by a set of ordered pairs. In the pictures used to represent
directed graphs, an arrow (a directed edge) from A to B represents the ordered pair <A,B>. For
example, suppose the following set of ordered pairs represents our directed graph.

{<T,v>,<T,W><T,Xx><T,y>.<T,z><V,W><yw><e,, V> <ew,Ww>,<ex,x><ey,y><e,,z>}

The picture that corresponds to this set is shown in Fig. 1. (By convention, a random variables
whose name begins with a capital letter represents an unmeasured or "latent" random variable,
and a random variable which is not an error variable whose name begins with a tower case letter
represents a measured random variable.)

FtMAft

Fig. 1.2.1

In the linear equations representing a LCT, each dependent variable is a linear function of its
immediate causes. Since there is an edge from Ato B iff A is an immediate cause of B we can label
the edge from A to B by the coefficient of A in the linear equation for B. The label of a path is
simply the product of the labels of edges in the path or trek. The labels of an edge from an error
variable by convention are set to 1.

Using these conventions, we can simply read the structural equations in a quantitative causal




model from a labeled directed graph. Fig. 1.2.1 illustrates this point.

One fact that is crucial to the operation of TETRAD |l is that the graph that is not labelled by the
linear coefficients by itself, quite apart from the actual linear coefficients or the distribution of the
independent variables, can imply constraints on the population covariance matrix.

| will consider constraints in the form of vanishing tetrad differences. For ;ny four distinct
variables, there are three possible vanishing tetrad differences, any two of which are
independent. Forx,y, z, and w they are:

YwxYyz - Ywy¥xz = 0
YwyYxz - YwzYyx = 0
- wzYyx - twxYyz =0

-

o

where ywx represents the covariance between w and x. (02« represents the variance of x, and
pwx represents the correlation of w and x).

The model in Fig. 1.2.1 implies the following four equations.

Tvw = (ab + adg)o?T + 1(a202T + 02y)
Yxy = CdO’zT
Ywy = (bd + ald)o?T + 9(d%62T + a%ey) + fada?T
Wx = aCo2T

Thus, the tetrad difference Yvw¥xy - Ywytvx = 1cdo2eyo2T - acgo2To2ey.

This tetrad difference might or might not be equal to zero depending upon the values of the
moder's free parameters. For example, it f = g = 02y = 6%y = a = d = 1, then the difference will be
equal to zero. Onthe other hand, if f = g = 6%y = 02y = a = 1, and d = 1/2, then the difference will

not be equal to zero. (We assume that all variances are not equal to zero.)
Now consider the tetrad ditference YxYyz - Yvy¥xz.

Yox = aco2T
Yz = deo?tT

Wy = ado?y
Yz = Cea?T

In this case Yz - Ty¥e = (ac)(de)a*T - (ad)(ce)aT = 0, regardiess of the values of a, ¢, d, €, or
o%T. When a tetrad ditference is constrained to vanish for all values of the linear coefficients and
for all variances of the independent variables in model M, we say that the vanishing tetrad
difference is linearly implied by M. A graph G completely determines for every LCT M
containing G whether or not M strongly implies a vanishing tetrad difference T. if every LCT M
containing G strongly implies T then we say that the tetrad difference is linearly implied by G.

In this paper, we will assume that all LCT's are acycié. unless explicitly stated otherwise.




1.3. The Methodological Principles and LCTs

A LCT in which the form of the equations has been specified, but not the actual values of the
linear coefficients or the variances of the independent variables is called a causal model, and
the Enear coefficients and variances of the independent variables are called free parameters.

In the context of LCTS, the methodological principles that TETRAD Il is based upon are:

Explanatory Principle: Other things being equal, prefer a causal model that implies for all values of
its free parameters a vanishing tetrad difference T judged to hold in the population over a causal
model that implies T only for particular values of its free parameters.

Falsification Principle: Other things being equal, prefer a causal model that doesnt imply for all
possible values of its free parameters a vanishing tetrad difference T judged not to hold in the
population over a causal model that does imply T for all possible values of its free parameters.

Simplicity Principle: Other things being equal, prefer a causal model with more degrees of
freedom.

TETRAD Il uses these principles to evaluate causal models; in effect it search for the causal model
that provides the best explanation of the vanishing tetrad differences (and other constraints on
the correlation matrix that are judged to hold in the population. Then the causal model is given to
an estimation package in order to estimate the values of the free parameters. In order to use
these principles to help researchers search a large space of causal models three things are
needed:

1. A fast algorithm for determining the vanishing tetrad constraints linearly implied by a
graph.

2. A statistical test for judging when a given tetrad difference vanishes in the population.
3. An efficient searclr strategy.
Each of these components is described in [4].

The algorithm for determining the vanishing tetrad constraints linearly implied by a LCT is based
upon the fact that the unlabeled graph of a LCT by itself determines when a vanishing tetrad
difference is linearly implied. In order to state the graphical condition that determines whether or
not a LCT strongly implies that a tetrad difference vanishes, several definitions are needed.

A digraph <R,E> is an ordered pair where R is a set, and E (the set of edges) is a set of ordered
pairs of distinct members of R. A directed path of length n in a digraph <R,E> is an ordered
n+1-tuple of vertices <vi¢...,vy+i>where for 1 <i<n, <v-,,vJ+I> is an edge in E. An empty
path is a path with exactly one vertex in the sequence. An acyclic path is a directed path that
contains each vertex in R at most once. A trek t(ij) between two distinct vertices v, and VJ is a pair




of acyclic paths from some vertex u 1o vj and v respectively that intersect only at u. Given a trek
t(i,j) between i and j, i(t(1,j)) will denote the path in 1(i,j) from the source of t(i,jto i and j(t(,j)) will
denote the path in t(i.j) from the source of 1(i,j) to j.

The following simple test for the existence of vanishing tetrad ditfferences was suggested by Clark
Glymour. In order to state the theorem on which the test is based, the following definition is
needed.

If all Ii(t(k,l)) and all j(i(i,j)) intersect at a veriex P, then P is an lj(t(l,j),t(k,l)) choke point.
Similarly, if all I{t(k,I)) and all j((i,j)) intersect at a veriex P, and all I{t(i,l)) and all j{t(j,k)) also intersect at
P, then P is a lj(t(l,j),t(k,1),t(i,1),t(j,k)) choke point.

Theorem A: In a LCT G, there exists an lj((i.j).t(k,0).1(i,),1(j,k)) choke point or an
ik(t(i.).t(k,0.A(,1).1(.K)) choke point iff G strongly implies pjjpki - pilpjk = 0. (Theorem 2.7.2 in text.)

1.4. Directed Acyclic Graphs

The primary goal of Pearl's research was to find a graphical representation of probabilistic models
that would allow for a fast algorithm for updating probabilities conditional on new evidence that
could be implemented on a parallel processor computer. He uses directed acyclic graphs (called
DAGs) to encode independence constraints among random variables with a joint distribution.
(The details of this encoding are described in the following section.) He defines a graph-theoretic
relation - d-separability - such that given three disjoint sets of random variables X, Y, and Z, if X is
independent of Y conditional on Z in P just when X is d-separated fromY by Zin G, then G is a
perfect map of P, or P is perfectly represented by G.

Unfortunately, it is ditficult to characterize the set of probability distributions that can be perfectly
represented by a DAG. There are no known complete first order axiomatizations of conditional
independence in probability distributions, nor of the independence relations encodable in DAGs.
There are several known restrictions on the class of probability distributions perfectly
representable by DAGs. For example, a distribution P is perfectly representable by some DAG
only if for each triple of sets of variables X,Y, and Z, X is conditionally independent of Y given Z iff
every x in X and every y in Y is conditionally independent given Z; there are distributions in which
this is not the case. (However we will prove in the next section that every LCT that does not imply
a conditional independence relation by virtue of the values of its linear coefficients and variances
of independent variables is perfectly represented by some DAG.) Unlike LCT's, DAGs can
perfectly represent probability distributions in which the variables are not linearly related.

Theorem B: InalLCT S = <G, (Q,,P), X, Ls, if x and z are distinct non-error variables, and Y is a
set of non-error variables not including x and z, then Y d-separates x and z if and only if pxz.Y is
linearly implied to vanish. (Theorem 2.2.4 in text.)

1.5. Introduction of Latent Variables

One of the most difficult questions facing someone constructing a statistical model is when to
introduce latent (unmeasured) variables. Other things being equal, latent variables should not be




introduced into a model unless there is no model containing just the observed variables that
provides a good explanation of the observed constraints on the covariance matrix. Using the fact
that Pearl's characterization of conditional independence can be applid to LCT's,We will state
conditions under which a LCT containing only a given set of variables cannot both perfectly
represent the a gwen set of conditional independence constraints and strongly imply a given set
of vanishing tetrad differences. If S is the set of measured variables, and no LCT containing just
the variables in S can perfectly represent the observed conditional independence constraints and
strongly imply the tetrad differences judged to vanish in the population, but some model with
latent variables can, then that is one justification for introducing latent variables. =

Theorem C: A n acyclic LCT G strongly implies pjjpki - piipjk = 0 only if there is a (possibly empty)
set q of random variables in G such that for each probability distribution perfectly represented by
G, either pjj or pki= 0, and pjj or pjk= 0, or there exists a (possible empty) set q such that pjj.q = pki.q
= pil.q = Pjk.q = 0. (Theorem 2.7.3 intext.)




2. Appendix
In this sectionWe state a number of definitions that are needed in the following proofs.

2.1. LCTS

Definition 2.1.1: Given an ordered n-tuple N = <c1, ... ,tn>, an object o Is in N iff 0 = ¢; for
some i between 1 and ninclusive. | shall also write that 0 € N.

This notation is somewhat ambiguous since ¢ is also used to mean set membership, but the
context will aways make it clear which use of ¢ is intended.

Definition 2.1.2: A digraph is an ordered pair <R,E>, where R is a set of vertices and Eis a
set of edges. Each edge is an ordered pair of distinct elements of R. The first element in an
edge is called the talil, and the second element is called the head. An edge with a tail vj and a
head vjis an edge from v; 1o vj; it is also said that the edge is out of v; and into v;. vjis adjacent
to vjiff there is an edge from v;to vj. (Note that | am treating adjacency as an asymmetric relation.)
Adj(i) is the set of all variables adjacent to i. The indegree of a vertex v is equal fo the number of
distinct edges into v; the outdegree of a vertex v is equal to the number of distinct edges out of
V.

Definition 2.1.3: A directed path of length n in a digraph <R,E> is an ordered n+1-tuple
of vertices <vi, ... ,va+1> Where for 1 <i<n, <vj,vj,1> is an edge in E. The path is said to
contain edge <vj,vj,1>. The first veriex in the path is called the source of the path; the last
vertex in the path is called the sink of the path. The path is said 10 connect the source to the
sink. Two paths Intersect iff they have a a verlex in common; any such common veriex is a
point of intersection. A cycle is a path of at least length 1 in which the source equals the
sink. A path contains a cycle iff it has a subpath which is a cycle. An open path is a path with
no cyclic subpaths. A digraph is acyclic if and only if every path in the graph is open. A path with
one vertex is an empty path. If path p is equal to <v4, ... ,vp> and path qis equalto <vy, ..

,Vn+m>, then the concatenation of p and q is equal t0 <vq, ... ,Vn, ... Voam> and is

denoted by p&aq.

Note that empty paths are the only paths that contains no edges. Also the concatenation of p with
an empty path is p, and the concatenation of an empty path with p is p. The single vertex in an
empty path is both its source and its sink.

Definition 2.1.4: A trek 1(i,j) between two distinct vertices v; and vj is a pair of open paths from
some veriex u 1o v; and vj respectively that intersect only at u. The source of the paths in the trek
is called the source of the trek. v; and v; are called the termini of the trek. Given a trek (i,)
between i and j, i(t(1,j)) will denote the path in t(i,j) from the source of t(i,j) to i and j(t(l,j)) will
denote the path in t(i,j) from the source of {(i,j) to j.

One of the paths in a trek may be an empty path. However, since the termini of a trek are distinct,
only one path in a trek can be empty.




Definition 2.1.5: Let a stochastic Bnear causal theory (LCT)) be «R,E>, (Q,f,P), X, L> where
(Q,f,P) is a probabifity space.

<R,E>is a labelled digraph. R is a set of random variables over (Q.f.P). The variables in R have a
joint distribution. Every variable in R has a non-zero variance, and partial correlations of all orders
between all variables exist. E is a set of directed edges between variables in R.

X is a consistent set of independent homogeneous linear equations in random variables in R. For
each iin R of positive indegree there is an equation in X of the form

JeAd)

where each ay is a non-zero real number and each j is in R. This implies that each vertex i in R of
positive indegree can be expressed as a linear function of all and only the vertices adjacent to i.
There are no other equations in X. A non-zero value of ay is the equation coefficient of j in
the equation for i.

If vertices (random variables) u and v are exogenous, then u and v are pairwise statistically
independent.

L is a function with domain E such that L(e) = ay iff head(e) = i and tail(e) =j. L(e) will be called the
label of e. By extension, the product of labels of edges in any path or trek p will be denoted by
L(p), and L(p) will be called the label of p. The label of an empty path is fixed at 1. There is a
subset of R called the error variables. Each error variable is of indegree 0 and outdegree 1.
For every i in R of indegree * 0 there is exactly one error variable with an edge into i. Each error
variable is independent of the set of all of the other error variables. | assume that the partial
correlations of all orders involving only non-error variables exist.

The pairwise independence of exogenous variables (which | will call marginal independence)
does not imply that for any disjoint triple of sets of exogenous variables X, Y, and Z, that X and Y
are independent conditional on Z. This latter property | will call joint independence of the
exogenous variables. Note that the variance of any endogenous variable y conditional on any set
of variables that does not contain the error variable of y is not equal to zero.

Intuitively, a LCF is a LCT in which the linear coefficients C and the variances of the exogenous
variables V are real variables instead of constants.

Let a stochastic linear causal form (LCF) be «R,E>, C, V, L> where

<R,E> is a labelled digraph. There is a subset of R called the error variables. Each error
variable is of indegree 0 and outdegree 1. For every i in R of indegree * 0 there is exactly one
error variable with an edge into i.




C is the set of Cjj, where there is an edge fromito j in <R,E>, and eg is a variable that ranges over
the real numbers. e :

V is the set of variables a’*,, where i is an exogenous variable in <R,E> and a?; is a variable that
ranges over the real numbers.

L is a function with domain E such that L(e) * gj iff head(e) = i and tail(e)«j. L(e) will be called the
label of e. By extension, the product of labels of edges in any path or trek p will be denoted by
L(p), and L(p) will be called the label of p. The label of an empty path is fixed at 1.

A LCT S is an instance of a LCF F if and only if the graph of S is isomorphic to the graph of
F.

A'f)olynomial in real variables <xi,...,x,> is a finite sum of terms each of which consists of
the product of a real number with a product of variables in <x-,...,x,>, each of which is raised to
some positive integral power. A polynomial equation In real variables <xi,...,x,> is a
polynomial in <x<i,...,x,> equated to zero.

A tuple of possible values <ai,...,a,> for the real variables <x<t,...,X,> can be considered to be a
point in the Euclidean space &" with the usual Euclidean metric.

A statistic X is equivalent to a polynomial in the coefficents and variances of the
exogenous variables if and only if for each LCF F « «R,E>, C, V, L>, and in every LCT S that
is an instance of F, there is a polynomial in the variables in C and V such that X is equal to the result

of substituting the linear coefficients of S in as values for the corresponding variables in C, and the
variances of the exogenous variables in S as values for the corresponding variables in V.

Definition 2.1.6: In a LCT S, a variable i is independent iff i has zero indegree (i.e. there are
no edges directed into it). Otherwise i is dependent.

Note that the property of independence is completely distinct from the relation of statistical
independence. The context will make clear in which of these senses the term is used.

In what follows, each reference to paths, treks, covariances, etc. will be assumed to refer to
objects in some acyclic LCT S (i.e. the graph in the LCT is acyclic).

Definition 2.1.7: Given a joint distribution P over random variables x, y, z, and w, a vanishing
tetrad difference among four distinct variables x, y ,z, w is any of

YxyYzw - YxwYyz - O
YxwYyz-YxzYyw-O
YxzYyw YxyYzw = O

or an equivalent equation, where ?yy is the covariance of x and y. In what follows, | will consider
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only vanishing tetrad differences between non-error variables.

Definition 2.1.8: Given a graph G, P(l,j) is the set of all paths from i to ]. T(l.j) is the set of all
treks between i and j.

| will adopt the following conventions, "wig." abbreviates "without loss of generality", "r.h.s.
abbreviates "right hand side", and "l.h.s." abbreviates "left hand side". The set of independent
variables in the theory is represented by "I". The sum over an empty set is equal to 0 and the
product over an empty set is 1. Any lower case letter except t indexed by two variables | and j
(such as p(ij)) will represent a path in P(ij). t(ij) will represent a trek in T(ij). s(t(i,j)) represents the
source of the trek t(ij).

Definition 2.1.9: The distributed form of an expression or equation E is the result of
carrying out every multiplication, but no additions, subtractions, or divisions in E. '

If there are no divisions in an equation then its distributed form is a sum of monomials. For
example, the distributed form of the equation u = (a + b)(c + d)vis u = acv + adv + bcv + bdv.

Definition 2.1.10: In a LCF T, if an expression is equal to ce, where c is a non-zero constant,
and e is a product of equation coefficients raised to positive integral powers, then e is the
equation coefficient factor(e.c.f.) of ce, and c is the constant factor of (c.f.) ce.

Definition 2.1.11: In a graph G, a path p of length n is an initial segment of path g of length
m iff m £ n, and for 1 < i< n+1, the i"" vertex of q equals the i'" vertex of p.

A path p of length nis a final segment of path q of length m, iff mzn, andton <i<n+1, the it
vertex of p equals the (m-n+i)" vertex of p.

A path p of length n is a proper initial segment of path q of length m iff p is an initial segment
ofgand p *q.

A path p of length n is a proper final segment of path g of length m iff p is a final segment of g
and p * q. : '

I will now state a number of lemmas that will be used in subsequent proofs, but whose proofs are
obvious.

Lemma 2.1.12: In agraph G, if p(u,i) is an acyclic path, and x is a vertex on p(u,i), then there is a
unique initial segment of p(u,i) from u to x.

Henceforth, when there is a path p(u,i) in a proof, and a vertex x on p(u,i), p(u,x) will refer to the
unique initial segment of p(u,i) from u to i, and p(x,i) will refer to the unique final segment of p(u,i)
fromxtoi.

Definition 2.1.13: In a graph G, the last point of intersection of p(u,i) with p(v,j) is
the last vertex on p(u,i) that is also on p(vj).

11




Lemma 2.1.1: If S is an acyclic LCT, the last point of intersection of p(u,i} with p(v,j) equals the
last point of intersection of p(v,j) with p(u,i}.

(Note that lemma 2.1.1 is not true in cyclic LCTs.)
2.2. LCTS and DAGS
The following definitions are based on those in [3].

Definition 2.2.1: An undirected path from v4 to vp in an acyclic graph G = <V,E> is an
ordered n-tuple of vertices <v1,v2,...vn.1,Vp> Such that each vertex occurs only once, and for
each pair of vertices vk and vk, 1, either the edge <vk,vk4+1> is in E, or the edge <vk41,vk> isin E.
If, in an undirected path U = <v4,v2,...vu.1,Vpn> there is a vertex v where the edges <vi.1,vk> is in
E, and <vk+1,vk> is in E is then vk contains a direction-reversal in U.

Note that directed paths are a special case of undirected paths. i the order of the endpoints of an
undirected path doesn't matter, | will also sometimes say that an undirected path is between v
and vp.

Definition 2.2.2: A set of vertices X is d-separated from a set of vertices Y by a
set of vertices Z in a graph G = <V,E> iff there is no undirecied path U between a variable in X
and a variable in Y such that

a. for every veriex vk that contains a direction-reversal in U, there is a directed path from vk to
some variable in Z, and

b. for every vertex vk that does not contain a direction-reversal in U, vk is not in Z.

Definition 2.2.3: In a probability distribution P over a given set of random variables R, if X, Y,
and Z are disjoint sets of random variables in R, I(X,Y,2)p iff X is independent of Z given Y in P. |f
the context makes it clear what P is, | will just write I(X,Y,Z). An acyclic graph G Is an |-map of
probabllity distribution P itf for every X, Y, and Z that are disjoint sets of random variables in
R, if X is d-separated from Y by Z in G then I(X,Z,Y)p. An acyclic graph G Is a minimal l-map of
probabllity distribution P iff G is an I-map of P, and no subgraph of G is an I-map of P. An
acyclic graph G Is a D-map of probability distribution P iff for every X, Y, and Z that are
disjoint sets of random variables in R, if X is not d-separated from Y by Z in G then ~I(X, Z,Y)p. An
acyclic graph G is a perfect map of probability distribution P iff for every X, Y, and Z that
are disjoint sets of random variables in R, X is d-separated fromY by Zin G iff I(X, Z,Y)p. However,
when I-map, D-map, and perfect map are applied 1o the graph in a LCT, the quantifiers in the
definitions apply only to sets of non-error variables.

Lemma 2.2.1: In an acyclic graph G, every undirected path p = <v{,v2,...vn.1,vp> without
direction-reversals contains a vertex vk such that <v,...,v1> and <vy,...,vp> are directed subpaths
of p that intersect only at vi.




Hence, corresponding to each undirected path p = <v1,v2,...vp.1,Vn> Without direction reversals is
a ;r'ekt = <<VK,eeeV12,<VKy - VDS, :

Lemma 2.2.2: In an acyclic directed graph G, for every trek <<vi,...,Vp>,<V1,...,Vm>>, the
concatenation of <vp,...,v1> with <v1,....vm> is an undirected path from vy, 10 vy, without direction-

reversals.

Definition 2.2.4: Let P be a probability distribution defined over a set of random variables U =
{X1,X2,...,xn} of elements, and let O be an ordering (x1,X2,....X;...) of the elements of U. a Markov
boundary B; of xj with respect to the set U(j = {x1,x2,...,X;1} is @ minimal set satisfying Bjc U(j
and I(x;B;Uj - Bj).The boundary strata of P relative to O is an ordered set of subsets of U,
(B1,B2,...,B{) such that each B; is a Markov boundary of x;with respect 1o U(j. The DAG created
by designating each Bjas parents of vertex x;is called a boundary DAG of P relative to d.

The following theorem is taken from [3].

Theorem 2.2.1: If P is a probability distribution, and D is a boundary DAG of M relative to any
ordering d, then D is a minimal |-map of P.

1 will say that an acyclic graph has error variables if every vertex of indegree not equal to 0 has an
edge into it from a vertex of indegree 0 and outdegree 1. If each independent random variable in
a LCT S is normally distributed, then the joint distribution of the set of all random variables in the
LCT is a multi-variate normal distribution. | will say the random variables in such a LCT have a linear
multi-variate normal distribution. The next series of lemmas demonstrate that every acyclic graph
with error variables is a perfect map of some LCT S in which the joint distribution Q of the random
variables in S is a linear multi-variate normal distribution.

Lemma 2.2.3: If S = <G, (Q.1,P), X, L> is an acyclic LCT in which the exogenous variables are
jointly independent, then G is a minimal I-map of P.

Proof. | will show that G is a boundary DAG of P relative to some ordering d. It will then follow from
Theorem2.2.1 that <R,E> is @ minimal I-map of Q.

Order the variables in R in any order such that for all x and y, if x is the tail of an arrow to y, then x
precedes y in the ordering.

lin order to show that G is a boundary DAG of P, it sutfices to show that if the set of parents of x =
Xj is a set B, then B is a Markov boundary of x.

Let Py be the set of parents of x in G. The values of variables in Py completely determine the
value of x. Hence, the distribution of x given Py is the same as the distribution of x given any

superset of its parents. Hence x is conditionally independent of all other variables given its
parents.

- Now | will show that there does not exist a proper subset A of x's parents such that x is
independent of Py - A given A. Suppose that such a subset exists. If x is independent of Py - A
given A, it follows that with probability 1, a linear combination of the values of Py - A cancel (since
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they do not contribute to the value of x). This implies that with probability 1, some variable y in Py -
Ais a linear combination of (Py - A) - {y}. Hence the variance of y conditional on (Px - A) - {y} is
‘equal to zero, even though (Px - A) - {y} does not contain the error variable of y. This is a
contradiction, because it follows from the definition of a LCT that the variance of an endogenous
variable conditional on any set of variables that does not contain its error variable is non-zero. ..

Lemma 2.2.4: If a polynomial equation Q in real variables <x41,...,Xxp> is not an identity, then for
every solution a of Q, and for every £ > 0 there is a non-solution bof E such that |b- gl < &.
Proof. The proof is by induction on the number n of variables in Q.

Base case: If n = 1, then there are only a finite number of solutions of Q. It follows that for every
solution a of Q, and for every € > 0 there is a non-solution bof Q such that |b- af < &.

Inébclion case: Suppose that Q is a polynomial equation in <x1,...,.xp>, Q is not an identity, and
the lemma is true for n-1. Take an arbitrary solution <as,...,.ap> of Q. Transform Q into a polynomial
equation Q' in xp, by fixing the values of the variables <x1,...,Xp.1> at <@1,...,an-1>. There are two
cases.

In the first case, Q'is not an identity. Inthat case, there are only a finite number of solutions to P'.
Hence, there is a non-solution of Q' whose distance from a,, is <. Let a'n be this non-solution of
Q. a'=<aq,...an-1,a8n> is anon-solutionof Q, and ja- a'| < ¢.

In the second case, Q' is an identity. Rewrite Q so that it is of the form
Y Qmx?
m

where each Qn, is a polynomial in at most x1,...,Xn-1.

For each m, the equation Qm = 0 is a polynomial equation in less than n variables. i Q'is an
identity, then when terms of the same power of xn are added together, the coefficient of each
power of xp, is zero. This implies that <ai,...,an.1> is a solution 1o Qm = 0for each m. i, for each m,
Qm = 0 is an identity, then so is Q; hence for some m, Qm = 0 is not an identity. For this value of m,
by the induction hypothesis, there is a non-solution <a'y,...,a'n-1> 10 Qm = 0 that is less than
distance ¢ from <aq,....an.1>. f <a',....a'n-1> is substituted for <x1,....xp-1>iN Q, the resulting
polynomial equation in xp, is not an identity. This reduces to the first case. ..

Lemma 2.2.5: ; is equivalent to a polynomial in the linear coefficients and variances of the
independent variables.

Proof. Let a 0-generation random variable be an independent variable, and an n-generation
random variable be such that the highest generation random variable that it contains in its
structural equation is an n-1 generation variable. Let the generation of y;; equal the maximum of
the generations of i and j. The proof is by induction on the generation of ;.

Base Case. If the generation of ; is zero, then y; = o?;ifi =], and 0 otherwise. In either case, the
equation is trivially a polynomial in the linear coefficients and variances of the independent

41191
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variables.

Induction Case. Suppose that the lemma is true for n-1 generation covariances, and jjis ann
. generation covariance. If

i=zanxn and ]than

then

Yij = 3, @bnOx,2 + 3, Y, arbstei
n

IS rc<s

By the induction hypothesis, Yxs and oxs2 are equivalent to polynomials in the linear coefficients
and variances of the independent variables, (since ox2 is just the covariance of xn and xp.)
Hence, v;j is equivalent to a polynomial in the linear coefficients and variances of the independent
variables. ..

Lemma 2.2.6: pjj.x = 0 is equivalent 1o a polynomial equation in the linear coefficients and
variances of the independent variables.

Proof. | will prove more generally that a polynomial equation in partial covariances is equivalent to
a polynomial equation in the linear coefficients and variances of the independent variables. lf X
contains n distinct variables, then say pjj.x is a partial correlation of order n. Let the pc-
order (partial correlation order) of a polynomial in partial covariances be the highest order
of any partial covariance appearing in the polynomial. The proof is by induction on the pc-order of
the polynomials.

Base Case. If polynomial P is of pc-order 0, then by lemma 2.2.5, P is equivalent to a polynomial
equation in the linear coefficients and variances of the independent variables.

Induction Case. Suppose that the lemma is true for polynomials of pc-order n-1, and P be a
polynomial of pc-order n. The recursion formula for partial covariances is

_ _YieY ey
.Ylj.Y vr - 7u.Y _Yn.Y
Form P* by using this recursion formula to replace each covariance of pc-order n appearing in P by
an algebraic combination of covariances of pc-order n-1. Form P" by multiplying P* by the lowest
common denominator of all of the terms in P', producing a polynomial of pc-order n-1. By the
induction hypothesis, P" is equivalent to a polynomial equation in the linear coefficients and
variances of the independent variables. Hence, a polynomial equation in partial covariances is

equivalent to a polynomial equation in the linear coefficients and variances of the independent
variables.

By definition,




so pij.x * 0 iff Yjj.x = 0. Since the latter is a polynomial equation in partial covariances, it is
équ1va|ent to a polynomial equation in the linear coefficients and variances of the independent
variables. It follows that the former is also equivalent to a polynomial equation in the linear
coefficients and variances of the independent variables. .\

Lemma 2.2.7: If G'is a subgraph of G, and there is some LCT S' containing G* such that pjj.z* 0
in S\ then there is some LCT S containing G such thatp\\z*0 in S.

Proof. By lemma 2.2.6 in G' pjj.z = 0 is equivalent to a polynomial equation P' in the linear
coefficients and variances of independent variables in G\ Slnce there is some LCT S' containing
G such that pjj.z * 0 in S\ P is not an identity.

Similarly, in G pjj.z * 0 is equivalent to a polynomial equation P in the linear coefficients and
variances of independent variables in G. The difference between P and P (if any) is that P
contains every term in P, as well as some additional terms. Let us say that two terms in a
polynomial equation are like terms if they contain the same variables raised to the same powers.
Each of the terms that are in P but not P contain some linear coefficient that does not appear in
any term in P; hence each of the additional terms in P is not like any term in P.

If P were an identity, then the sum of the coefficients of like terms in P would be equal to zero.
Since P is not an identity, there are like terms in P such that the sum of their coefficients is not
zero. These same like terms appear in P. Furthermore, since the only additional terms in P that
are not in P are not like any term in P, it follows that if the sum of the coefficients of Hke terms in P
is not zero, then the sum of the coefficients of the same like terms in P is not identically zero.
Hence P is not identically zero, and there is some LCT S containing G such thatp\z*0in S. *

The next lemma states that given a set Z of partial correlations and a graph G, if it is possible to
construct a set S of LCTs containing G such that each z in Z fails to vanish for some one of the
LCTS in S, then it is possible to construct a single LCT containing G such that all of the z in Z fail to
vanish.

Lemma 2.2.8: Given a set of partial correlations Z and a graph G, if for all z in Z there exists a
LCT S'containing G such that z * 0 in S\ then there exists a single LCT S such thatforall zin Z, z *
OinsS.

Proof. The proof is by induction on the cardinality of Z.

Base Case: If the only member of Z is z«i, then by assumption there is a LCT S containing G such
thatzi«O0.

Induction Case: Suppose that the lemma is true for each set of cardinality n-1, Z is of cardinality n,
and for each z\in Z, there is a LCT S' such that z\ * 0 in S\ By the induction hypothesis, there is a
- LCT Ssuchthatz\*0,i<1 <n-1. LetV be a set values for the linear coefficients and variances of
independent variables such that z, * 0, i< 1 < n-1. The valuation V either makes z, equal to zero
or it doesn't. If it doesnl, then the proof is done. If it does, I will show how to perturb V by a small
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amount to make z, * 0, while keeping each Zj* 0, i <1 <n-1.

By lemma 2.2.6, each of the partial correlations in ZJ in Z is equivalent to a polynomial pi in the linear
coefficients and the variances of independent variables in G. Suppose that the smallest non-zero
value for any of the R under the valuation V is 8. By lemma 2.2.4, for arbitrarily small e there is a
non-solution V to z, * 0 within distance e of V. Choose an t small enough so that the largest
possible change in any of the pi is less than 8. For the valuation VthenZJ*0,i£1 £n. -

Lemma 2.2.9: For every acyclic graph <R,E> with error variables, there is a LCT S, such that Q,
the joint distribution of the random variables is linear multi-variate normal and the exogenous
variables are jointly independent, and <R,E> is a D-map of Q.

Proof. In order to show that <R,E> is a D-map of Q, | must show that for all disjoint sets of
variables X, Y, and Z, if X and Y are not d-separated in <R,E>, then H(X,z,Y)Q. In a linear multi-
variate normal distribution, if X, Y, and Z are disjoint sets of variables, then 1(X,z,Y)Q iff I(x,Z,y)Q for
each xin Xandy inY; similarly if X, Y, and Z are disjoint sets of variables then Z d-separates X and Y
iff Z d-separates x in X and y in Y. Hence, | need consider only dependency statements of the
form H(x,Z,y)Q, where x and y are individual variables. Also in a linear multi-variate normal
distribution, pyy.z « 0iff I(x,Z,y)Q. So it suffices to prove that there is a LCT S such that for each x,
y, and Z in <R,E> such that x and y are not d-separated by Z in <R,E>, pxy2 * 0 in S. The proof is
by induction. | assume that in all of the LCTs constructed, the independent random variables are
normally distributed.

Base Case. If Z is empty, then by lemma 2.2.1 and definition 2.2.2, x and y are not d-separated iff
there is a trek connecting them. Form a subgraph G' and a sub-LCT S' containing G\ such that
there is exactly one trek between x and y. It was proved in [2] that in this case, the covariance
between x and y is equal to the product of the labels of the edges in the trek (the linear

coefficients) times the variance of the source of the trek. If each of these quantities is non-zero,

so is the covariance, and also the correlation in S\ By lemma 2.2.7 if pxy is not identically zero in S'
it is also not identically zero in some LCT S containing <R,E>.

Induction Case. Suppose that for each x, y, and A of cardinality less than n such that x and y are
not d-separated by A in <R,E>, there is a LCT S such that pxy.A*0 in S, and that Z is of cardinaBty
n. Suppose that x and y are not d-separated by Z in <R,E>. It follows that there is an undirected
path U between x and y such that every vertex without a direction reversal is not in Z, and every
vertex VJ on U with a direction reversal is the source of a directed path Ujfrom vjto a variable in Z.
Form a subgraph G\ and sub-LCT S' that contains G\ such that G' contains only the undirected
path U, one directed path Uj from each vertex \r, on U with a direction reversal, the vertices in those
paths, and the vertices in Z. Shorten each Uj so that it contains only one variable in Z. Finally, if
two variables v, and vy, that have direction-reversals in U are the sources of directed paths D, and
Dy, to the same variable vq, replace the segment <v,,...,vq,> in U by the the undirected segment
<Vm...Vo,...,Vn>, the concatenation of D, and D,,. Now for each distinct vertex in U that has a
direction reversal, G' contains a directed path to a distinct variable in Z. There are two cases.

* In the first case, U contains no vertices with a direction reversal, and hence no vertices in Z. By
lemma 2.2.1 there is a trek between x and y that contains no vertices in Z. Let r be an arbitrary
vertexinZ, and W - Z - {r}. There is a trek between x and y that contains no vertices in W. It follows
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that W does not d-separate x and y, so by the induction hypothesis, there is a LCT containing G*
such that pxy.w * 0- Since by construction there are no undirected paths from xto rorytor, it
follows that in G that px-w =0 and py,.w = 0. By the recursion formula for partial correlation, pxy”
* 0 Iff pxy.w « PxrW x PyrW- But pxy.w is non-zero in S\ and pxr.w X Pyr.W is zero in S\ Hence
PxyZ*0in S* By lemma 2.2.7, there is some LCT S containing <R,E> such that pxy.z*0in S.

In the second case, U contains vertices with direction reversals, but every vertex without a
direction-reversal is not in Z. See Fig. 2.2.1.

llo

X% >4

A\

>y

o
D

Z = {d.e}
Fig. 221

Let e be the vertex that is the sink of the directed path from the direction-reversal closest to y, and
W = Z - {e}. Since by construction there is a trek between y and e that does not contain any
variables in W, y and e are not d-separated by W. There is also an undirected path from x to e such
that every vertex that does not contain a direction-reversal is not in W, and every vertex that does
contain a direction-reversal has a descendant in W. Hence x and e are not d-separated by W. By
the induction hypothesis, there is a LCT S* containing G' such that pxe.W * 0, and pye.w * O.

On the other hand, since path U was constructed so that each vertex that contained a direction-
reversal had only one descendant in Z, and W does not contain e, x and y are d-separated by W.
Hence pxy.w*® 0 in S\

Pxy.Z - 0 iff pxy.w * PxeW x PyeW- Since pxy.w ¢ 0, while p,e.W x PyeW * 0, pxy.Z# 0 in S\ By

lemma 2.2.7, there is a LCT S containing <R,E> such that pxy.z * 0.

Since for each triple x, y, Z not d-separated in <R,E> there is a LCT S* containing <R,E> such that
PxyZ* °. by temma 2.2.8 there isa LCT S containing <R,E> such that for each triple x, y, Z not d-
separated in <R,E>, pxy.z* 0. Since the LCTs constructed in lemmas 2.2.7 and 2.2.8 doni
change the normality of the independent variables, the joint distribution of the random variables in
S is a linear multi-variate normal distribution. Hence there isa LCT S such that Q is a linear multi-
variate normal distribution and <R,E> is a D-map of the Q. -

Theorem 2.2.2: For every acyclic graph <R,E> with error variables, there is a LCT S containing
<R,E> with a joint distribution Q of random variables that is linear multi-variate normal such that
<R,E> is a perfect map of Q.
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Proof. This follows immediately from lemmas 2.2.9 and 2.2.3. ..

The next theorem states that the d-separabilty relations between sets of non-error variables can
be determined from a subgraph that does not include error terms.

Theorem 2.2.3: In an acyclic LCT S with graph G, let G' be the subgraph of G consisting of all of
the non-error variables. Given three disjoint sets X, Y, and Z of non-error variables, X is d-
separated from Y by Z in G iff X is d-separated fromY by Zin G".

Proof. If an error variable occurs on an undirected path, then that error variable is either the
source or the sink of the undirected path. Hence, error variables do not occur on any undirected
path between non-error variables. It follows that the undirected paths in G and G' between non-
error variables are exactly the same. The theorem then follows from the definition of d-
separability. ..

Lemma 2.2.10: Ina LCT S = <G, (Q.1,P), X, L> if Y d-separates x and z, then pxz.Y is linearly
implied to vanish.

Proof. Suppose Y d-separates x and z. The values of the partial correlations in P are completely
determined by the values of the linear coefficients and the variances of the independent
variables. Consider a multi-variate normal distribution P* in the LCT with the same linear
coefficients and the same variances of independent variables as S, but in which the independent
variables are normally distributed and jointly independent. By lemma 2.2.3 G is a minimal I-map of
P, and because Y d-separates x and z, I(x,Y,z) in P'. Because P’ is a multi-variate normal
distribution, I(x,Y,z) if and only pxz.y = 0. It follows that pxz Yy = 0in P', and hence pxzy=0inP. ..

Theorem 2.2.4: In aLCT S = <G, (Q.1,P), X, L>, if x and z are distinct non-error variables, and Y
is a set of non-error variables not including x and z, then Y d-separates x and z if and only if pyz vy is
linearly implied to vanish.

Proof. The only if clause follows from Lemma 2.2.10.

The if clause follows from lemma 2.2.9. By lemma 2.2.9 there is a LCT S such that Q, the joint
distribution of the random variables is linear multi-variate normal, and Gis a D-mapof Q. In S, if x
and z are not d-separated by Y, then x and z are not independent given Y, and pxz y # 0. Hence if
x and z are not d-separated by Y, pxz.y is not linearly implied to vanish. ..

Corollary 2.2.1: InaLCT S = <G, (Q.1,P), X, L> in which the exogenous variables are jointly
independent, if x and z are distinct non-error variables, and Y is a set of non-error variables not
including x and z, if pxz v is linearly implied 1o vanish then I(x,Y,z).

Proof. By Theorem 2.2.4, if px; Y is linearly implied to vanish then Y d-separates x and z in G. By
lemma 2.2.3, G is a minimal I-map of P. Hence if Y d-separates x and zin G, I(x,Y,2). ..

Corollary 2.2.2: InaLCT S = <G, (Q1,P), X, L>, if G is a perfect map of P, x and z are distinct
non-error variables, and Y is a set of non-error variables not including x and z, pxz.y is linearly
implied to vanish if and only if I(x,Y,z).

Proof. By Theorem 2.2.4, py, v is linearly implied to vanish if and only if Y d-separates x and z in
G. Since G is a perfect map of P, Y d-separates x and z if and only if I(x,Y,2). Hence pxz.y is linearly
implied to vanish if and only if I(x,Y,z). ..
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2.3. The Path Form of a Covariance

In this section, | will prove a number of theorems that show how io express the covariance
between i and j in terms of the labels of paths from i to j. , -

Definition 2.3.1: An independent equation for a dependent variable J in a LCF is
an equation implied by X in which the random variables which appear on the r.h.s. are
independent and have a non-zero coefficient, and each random variable occurs at most once on
the r.h.s.

ayj is the coetficient of j in the independent equation for i.

Lemma 2.3.1: InaLCF S, if jis an independent variable, then

lgi= ¥ UP
peRi))
Proof. This is a special case of Mason's rule for caiculating the “total effect® of a variable jon a

variable i. See [2]). ..

The following two lemmas show how to calculate the variance of random variables and
covariances between random variables in terms of the covariances between other random
variables. The proofs of these lemmas can be found in [1].

Lemma 2.3.2: If Qis a set of random variables with a joint probability distribution and

y=2 &ii
ie@Q
and
2= 2 aZIj
jeQ@
then

wz=2, 3, &by
. ice0Qjeq
Lemma 2.3.2: If Qs a set of random variables with a joint probability distribution and

y=X a;i

ieQ
then

Py=Y Y ayiayy
ieQjeQ .
Definition 2.3.2: In a LCF S, Uy is the set of all independent variables that are the source of an
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open path to x. (Note that if x is independent then x & Ux since there is an empty path from every
vertex fo itself.) Uxyis UxnUy. | is the set of all independent variables in S.

Lemma 2.3.4: InalLCF S, if

y=Y la,i
iel
and

z=Y la,i
iel
then

wa= 3, la,la,; 0%
ieUp
Proof. |is a set of independent variables. It follows that vj is equal to 0 if i # j, and +j is equal to
o?j if i = j. Substituting these values for vij into the r.h.s. of the equation for yyz in lemma 2.3.2

shows that

(1 ’}'yz=z ’ay,- laz, o

iel

ifiisin |, butiis notin Uyz then there is no pair of open paths fromitoy and z. By lemma 2.3.1, if
there is no pair of open paths from i to y and z, then the coefficient of i in the independent
equation for either y or z is zero. So, the only non-zero terms in equation 1 are for i € Uyz.

Lemma 2.3.5: InalLCF S, i
y=X la,i
iel
then

Ozy = Z Iaf,'ozi

I'EU’

Proof. |is a set of independent random variables. It follows that ¥jis equalto 0if i # j, and vj is
equalto 0% if i = | Substituting these values for +;j into the r.h.s. of the equation for o2y in lemma
2.3.3 proves that

(2 %y =Y lao
iel

Ifiisin |, butiis notin Uy, then there is no open path, and hence no path, fromitoy. It follows
from lemma 2.3.1 that ayj is zero. Hence the only non-zero terms in equation 2 come from i Uy.
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Lemma 2.3.6: InalLCF S

=2 | Y ¥ uUPUpe

keUj\pePui P € Py
Proof. This follows immediately from lemmas 2.3.1 and 2.3.4.

Lemma 2.3.7: InalLCF S

=3 ( ) ua)’of)

keUi\\pe Py
Proof. This follows immediately from lemmas 2.3.1 and 2.3.5.

Lemma 2.3.8: In an acyclic graph, for all variables y and z, if y = z and p and p' are two
intersecting paths with sinks y and z respectively then there is a trek between y and z that consists
of subpaths of p and p'.

Proof. Since p and p' intersect, they have a last point of intersection x. Let the source of the
trek to be constructed be x. p(x,y) and p(x,z) do not intersect anywhere except at x. Sincey #z,
one of p(x,y) and p(x,z) is not empty. Hence <p(x,y),p(x,z)> is atrek. ..

Definition 2.3.3: In an acyclic graph, p(u,i) and p(u,j) contain trek t iff i(1(i,j)) is a final segment of
p(u,i) and j(t(i,j)) is a final segment of p(u.j).

Lemma 2.3.9: In an acyclic graph, if p(u,i) and p(u,j) contain both (i,j) and t'(i,j), then {(i,j) = t'i,j).

Proof. In an acyclic graph, there is a unique last point of intersection of p(u,i) and p(u,j), and
unique final segments of p and p' whose source is the last point of intersection of p(u,i) and p(u,j).

Definition 2.3.4: In a LCF'S, the path form of a product of covariances yjjyk| is the
distributed form of

M DD L(numozu))(z > Y L(ﬂ')’-(ﬁ')o'zv» |

velU\pe Py p Py velu\P' € P P~ Py
Mj¥ki = Mivjk Is in path form iff both terms are in path form.

Henceforth, | will assume that all variances, covariances, products of covariances, and tetrad
differences are in path form unless otherwise stated.

2.4. Vanishing Tetrad Differences: Necessary Conditions

Definition 2.4.1: In a LCF S, two expressions are identically equal itf they are equal for all




values of the equation coefficients. A vanishing tetrad difference is linearly implied by a LCF
S iff it is implied for all values of its linear coefficients and all non-zero variances of the independent
variables. A vanishing tetrad difference is linearly Implied by a DAG G iff it is implied by every
pr'bbability distribution of which G is a perfect map. A vanishing tetrad difference is linearly
implied by a LCT S if and only if it is linearly implied by the graph G of S.

| will adopt the following terminology. Suppose that m is a monomial in the path form of a product
of covariances y,pk|. By definition, m is of the form L(p(usi))L(p(u.j))L(p(vik))L(p(V,1))a%,02,. Let
the paths associated with m be the ordered quadruple <p(u,i),p(uj),p(v,k),p(v,)>. There is a one-
to-one correspondence between monomials in the path form of a product of covariances, and
such ordered quadruples. | will consider monomials m and m' that have equal values (or are even
identically equal values) to be distinct monomials if their associated paths are different (i.e. the
monomials may contain the same number of occurrences of the same edge labels, but in different
orders.) Note that under this criterion of identity of monomials, no monomial appears twice in the
path form of a product of covariances or tetrad difference. Henceforth when | consider sets of
monomials appearing in some expression, | will do so under the assumption that each monomial
occurs at most once in the expression (although distinct monomials that have identically equal
values may occur in the expression). | will say that a monomial m contains a path or trek x if its
associated quadruple contains x. For the sake of brevity | will use "implied" to mean "linearly
implied" unless explicitly stated otherwise.

Lemma 2.4.1: Atetrad difference yjjTkl * YilYjk is not linearly implied to vanish by a LCF S if
there is a monomial m in the path form of YjjTkl such that every monomial m' in the path form of
Yfiyk contains an edge not in m.

Proof. Suppose that there is a monomial m in the path form of Yjyki such that every monomial m'
in the path form of TjiYjk contains an edge not in m. Set every variable not in mto be zero. Then
TilYjk is zero since every monomial in r,n]k contains a variable not in m. Set every variable in mto
be positive. Then every non-zero monomial in the path form of -yifYk is positive, since the e.c.f of
each non-zero monomial is positive, and the c.f. of each non-zero monomial is positive. TiTkl is
not zero since every monomial in it is either O or positive, and some are positive. Hence the tetrad
difference is not linearly implied to vanish. .-

Lemma 2.4.2: In a LCF S, if the paths in a monomial m in the path form of a tetrad difference
have different sources than the paths in a monomial m\ then m contains some variable not in m*

Proof. Each of the sources of the paths in m and m* are independent variables, and it is not the
case that all of the paths in m or m' are empty. Let {ij} be the sources of the paths in m, and {k,z}
be the sources of the paths in m' and suppose that {i,)) * {k,z}. Suppose w.l.g. thati * k. Since i, k,
and z are independent i does not occur on any paths with source k or z. m contains at least one
edge x out of i. Since i does not occur on any path with source k or z, x does not occur on any
path with source k or z. Hence m contains a variable (the label of x) that does not occurin m\ .%

Definition 2.4.2: In a LCF S, e(s) is equal to s if s is an independent variable, and it is equal to
the error variable into s if s is not an independent variable.

Lemma 2.4.3: In a LCF S, if there exist t(i,j) t T(i,j) and t(k,l) e T(k,I) such that i(t(i,j)) n k(t(k,)) =
0. j(t(ij» n I(t(k,1))« 0, and i(t(i,j)) n I(t(k,)) = 0, then there exists a monomial m in -yipw such that
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every monomial m'in Tiyp” contains an edge not in m.
Proof. Let s be the source of t(ij) and s' be the source of t(k,l). (Note that since i(t(ij)) does not
intersect I(t(k,1)), the source of t(i,j) does not equal the source of t(k,l), and hence e(s) does not

equal e(s). See Fig. 2.4.1. Let m « L(p(e(s),))L(p(e(s)I))L(p(e(s)k)L(p(e(8)0). m is the

coefficient of a monomial in -yjjTk (the full monomial also contains a factor equal to the product of
the variances of the sources of the treks in m.)

e(s)

\s " s'

i k '
Flg. 2.4.1

Suppose there is a monomial m* in Yifyk whose associated paths contain only edges in m. m*
contains the product of the labels of edges in a trek t(i,l). Let the source of t(i,l) be s". If s"* s and
s¥ * s\ then e(s") * e(s) and e(s") * e(s). Since e(s") is an independent variable, and the only
independent variables in m are e(s) and e(s"), if e(s") * e(s) and e(s") * e(s"), then t(i,l) contains an
edge notin m. Suppose thenw.l.g. that s* «* s. There is a path p(s,|) containing edges only in m.
Since j(t(ij)) n I(t(k,I» = 0, and i(t(i,j)) n I(t(R,])), the only path in m that contains | is I(t(k,l)). Hence
p(s,)) intersects I(t(k,l)) at some vertex. The only two paths in m with source s are i(t(i,j)) and j(t(i,j)),
and neither of them intersects I(t(k,1). Hence one of them intersects some other paths that in turn
intersects I(t(k,)). The only other path in m that intersects I(t(k,l)) is k(t(k,l)). So p(s,|) intersects
k(t(k,1)). Since the last point of intersection of I(t(k,!» and k(t(k,I» is s\ p(s,l) intersects k(t(k,l)) at or
before s\ But the only paths with source s in m are j(t(i,j)) and i(t(i,j)), and neither of them intersects
k(t(k,1)) at or before s\ Hence, there is no path from s to | containing only edges in m. Similarly it
can be shown that there is no path from s'to i containing only edges in m. Hence m* contains an
edge notinm. n

Theorem 2.4.1: Ina LCF S, if there exists a tfij) e T(ij) and t(k,l e T(k,l) such that
i(tfij)nk(t(k,l))«0.and
Kt(k,)nj(t(i,D)«O0,

orthere exists at(i,l) e T(i,I) and t(j,k) t TQXK) such that

i(tfid))nk(tO,k)) =@, and
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G KGR = 2,

then S does not strongly imply that Tijykl - Tinjk vanishes. :
Proof. Suppose w.Lg. that i(t(ij)) n k(t(k,I» - 0, and I(t(k,)) n J(t(iJ» - O- There are four cases:
either i(t(,D) n I(t(k,D)) - 0 and j(tfij)) n k(t(k,)) - 0. «(p,)) n I(tkk,D)) - 0 and j(t(ij)) n k(tk,)) * O,
i(t(i))) n Kt(k,0) * 0 and j(t(i,j)) n k(t(k,0) - 0, ori(t(i,D) n I(t(k,))) * 0 and j(t(ij)) n k(t(k,)) * O-

In the first three cases, by lemma 2.4.3 there exists a monomial m in TUTw such that every m' in
¥k contains an edge not in m.

In the fourth case, let x be the last point of intersection of i(t(i,j)) and Kt(k,l)), and y be the last point
of intersection of j(t(i,j)) and k(t(k,)). X is not the source of either trek, since otherwise i(t(i,j)) n
k(t(k,l)) orj(t(i.j» nI(t(k,l)). Similarly, y is not the source of either trek. <p(x,i),p(x,l)> is a trek t(i,!)
betweeniand I, by lemma 2.3.8. Similarly, <p(y,j),p(y,K)> form atrek tQ.k). (See Fig. 2.4.2.)

i | k j
t__(i,j)—» t(k,|) —P»

Fig. 2.4.2

Now | will show that t(i,l) n tO,k)« 0. i(t(i,l)) njtQ\k» * 0 since i(t(i,l)) is a proper subpath of i(t(i,j))
and j(tQ,K)) is a proper subpath of j(t(i,j)), and the last point of intersection of i(t(i,D) and j(t(i,j}) is the
source of tpj). i(t(i,)) n k{tQK)) * 0, since i(t(i,)) is a subpath of i(t(ij)) and k(tO,K)) is a subpath of
k(t(k,0), and i(t(i,j)) n k(t(k,I))« O by hypothesis. For similar reasons, 1000) » WO*))« 0. and I(tfi,l))
n ktQ*K)) = 0. It follows from lemma 2.4.3 there exists a monomial m in Tiryk such that every m* in
TijYK contains an edge not in m. '

Since there exists a monomial m in -yink such that every m* in Tpd contains an edge not in m, by
lemma 2.4.1 ~yiyki - TiHk is not linearly implied. .\

2.5. Vanishing Tetrads Differences Imply The Existence of a Choke Point




A vanishing tetrad difference is a constraint upon the covariances of four pairs of variables: «i,j>,
<k,b, <i,l> and <j,k>. Roughly speaking, a choke point for such a foursome of variable pairs is a
point where all of the treks between i and j intersect all of the treks between k and |, and all of the
treks between i and | intersect all of the treks between j and k. (A more precise definition is given
later.) In this section, | will prove that in a LCF G, the existence of such a choke point is a
necessary condition for the corresponding tetrad difference to vanish in distributions perfectly
represented by G. | will prove this by showing that the existence of a choke point in G is
equivalent to a condition that has already been proved to be a necessary condition for S to
strongly imply a vanishing tetrad difierence; namely, the trek intersection condition described in
Theorem 2.4.1. Unfortunately, this proof is long and tedious because there are many different
ways in which a choke point can fail o exist, depending upon which treks are assumed to
intersect and which treks are assumed not o intersect. In each case | show that the non-
existence of a choke point implies the violation of the necessary condition described in Theorem
2.4.1.

Two strategies are employed in the proofs. The first is to show that the assumptions about which
treks intersect and don't intersect lead to contradictions. The second is to show that it is possible
to construct a pair of treks t'(i,j) and t'(k,l) such that i(t'(i,j)) and k(t'(k,l)) don't intersect, and j(1'(i.j))
and I{t'(k,})) don't intersect, or to construct a pair of treks t'(i,l) and t'(j.,k) such that i(t'(i,)) and k(t'(j,k))
dont intersect, and j{I'(j.k)) and I{t'(i,l)) dont intersect. In either case, by theorem 2.4.1, it follows
that pijpki - pilp is not linearly implied by G.

In general, when constructing a trek 1(i,j) | will speak as if it suffices to show how 1o construct a pair
of (acyclic) paths p and p' from a common source s to sinks i and j respectively, without showing
that the pair of paths constructed do not intersect. This is because even if p and p' do not form a
trek because they intersect each other at some vertex other than s, | have shown in lemma 2.3.8
that subpaths of p and p' do form a trek, and the existence of the subpaths of p and p' is enough
for our purposes. | am generally interested in showing that particular pairs of trek branches fail 1o
intersect. if pq and p2 fail to intersect, then subpaths of p1 and p2 also fail to intersect. Hence, if
the goal is to show that trek branches t and t' fail to intersect, it sutfices to show that p1 and p2 fail
fo intersect, even if t and t' are actually equal 10 subpaths of py and p> respectively.

Let S be a set of vertices, and Pk(S) be the set of all paths with sink k and a source in S. Let p(s.i)
be a path from s 1o i. Let x, be the nth vertex on p(s,i) such that some path in Px(S) intersects it.
Let the set of sources of paths in Px(S) whose first point of intersection with p(s,i) is x, be Sp. Let
the last vertex in p(s,i) that is the first intersection of some path in Pk(S) with p(s,i) be xmax. Note
that xmax is not necessarily the last point of intersection of some path in Pk(S) with p(s,i); it is
merely the last of the first points of intersection. See Fig. 2.5.1.
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p(s.i) — p(s1.,k) = p(s2,k) —P  p(s3,k) mfl-

Fig. 2.5.1

Lemma 2.5.2: In an acyclic graph G, if p(s,i) is a path, and Pk(S) is the set of all paths to k from a
given set of sources S, and there does not exist a vertex Z such that all of the paths in Pk(S)

intersect p(s,i) at Z, then there is a pair of paths, p and p', with the following properties:

s is the source of p, and, :

p' has a source in S, and

either p has sink i and p' has sink k or p has sink k and p' has sink i, and

p does not intersect p'.
Proof. If there is a path p' in Pk(S) that does not intersect p(s,i) the proof is done. Assume then
that every path in Pk(S) intersects p(s,i). Let s” be the source of a path in Smax (the set of all
sources of paths in P(S) whose first intersection with p(s,i) is xmax.) The proof is by induction on

the number of distinct vertices in which the paths in Pk(S) intersect p(s.i).

Base Case: Suppose the antecedent is true. The paths in P(S) intersect p(s,i) in two distinct
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vertices. - There is a path. p(s'k) that does not intersect p(s.i) at x2 (= Xmax), since otherwise all
paths in Pk(S) would intersect x2, contrary to our hypothesis. In addition, p(s',k) does not
intersect p(s,i) at any vertex prior to x1, since otherwise the paths in Pk(S) would intersect p(s,i) at
more than two distinct vertices, contrary to our hypothesxs Similarly, there is a path p(s",k) that
intersects p(s,i} only at x2. .

Let p(x1.k) be a final segment of p(s',k) and p(s",x2) an initial ‘segmem of p(s",k). There are two
cases.

1. p(x1,k) does not intersect p(s",x2). See Fig. 2.5.2. Let p(s,x1) be an initial segment of
p(s.i), p(x2,i) be a final segment of p(s.i), p = p(s,x1) &p(x1,k) and p' = p(s" x2)&p(x2,i}. p and p'
do not intersect for the following reasons:

i i
p(s.i)— p(s'.K)—>p(s", k)P P PP

Fig. 2.5.2
a. p(s,x1) does not intersect p(s",x2). p(s".x2) is a subpath of p(s".,k), which, by
hypothesis intersects p(s.i) only at x2. Since x2 occurs after x{ on p(s,i), x2 does not occur
on p(s.x1).

b. p(s.x1) does not intersect p(x2,)). p(s.x1) and p(x2,i) are both subpaths of p(s,i), G is
acyclic, and by hypothesis x1 occurs before x2.

€. p(x1,K) does not intersect p(s”,x2) by hypothesis.
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d. p(x1,k) does not intersect p(x2,). P(x1.k) is a subpath of p(s',k) and p(x2,i) is a subpath
“ ol p(s.i); by hypothesis p{(s' k) intersects p(s.i) only at X1, Wthh does not occur on p(xg |)
2 p(x1,k) does intersect p(s”,x2) at y. See Fig. 2.5.3. Let p(s .y) be an lnmal segment of
p(s",k) ply.k) be a final segment of p(s'k), p = p(s.i) and p' = p(s ,y)&p(y k) p and p do not
intersect for the following reasons:

s' s'
s sll
y@ P(s".y)
x1
X2
k p(y.k)

p(s.i) —® p(s'.k)— p(s".k) = P~ p' =P

Fig. 2.5.3

a. p(s,i) does not intersect p(s",y). y # x2 since p(x1,k) intersect p(s,i) only at x4. Also, Gis
acyclic, y is prior to x2 on p(s" k), and x2 is the first point of intersection of p(s",k) with p(s,i).

b. p(s.i) does not intersect p(y,k). y is on p(s" k) which does not contain x1; hence y is not
equal to x4.1t follows that p(y,k) does not contain x4, since y occurs after x4 on p(s',k), and
p(s'.k) by hypothesis intersects p(s,i) only at x1. It follows that p(y,k) does not intersect
p(s,i) at all.

Induction Case: Assume that the antecedent is true, and that the theorem is true forall m < n. If




there is a path in Pk(S) that does not intersect p(s,i>, the p‘roof is done. Suppose then that every
path in Pk(S) intersects p(s,i) and that the set of paths in Pk(S) intersects p(s,i) at ékaétly n distinct
vertices: Let p(xmax»i) be afinal segment of p(s,i). Since not every path in PR(S) intersects p(s,i) at
Xmax, there is a point of intersection prior to Xmax 0N p(s,i). Hence the number of'distinct points of
intersection of the paths in Pk(S) with p(Xmayx,i) is less than n. By the induction hypothesis, there
is a path pi with source Xax and a path pV with a source s* in the sources of Pk(S), such that one
of pl and pV has a sink i, the other has sink k, and p1 and p1* do not intersect. Suppose w.l.g.
that Pi has sink i and pV has sink k. Since pi' does not contain xpmax, its first point of intersection
with p(s,i) is some vertex X, which occurs on p(s,i) before xnax (by definition of xmax.) Let p(x;,k)
be afinal segment of p1\ p(s",k) be a path in Pk(S) whose first point of intersection with p(s,i) is
YXmaX. and p(s", Xmax) an initial segment of p(s" k). There are two cases.

1. p(x;,k) does not intersect p(s", Xmax). Let p * p(s,x)&p(x.,k) and p'« p(s", Xmax)&Pi. p and
p* do not intersect for reasons analogous to those in case 1 of the base case (with x;
substituted for xi, and Xmax Substituted for X2; see Fig. 2.5.2.)

2. p(x.,k) does intersect p(s™ xmax), and the last point of intersection is y. y * Xmax because it
lies on p(x;,k) and p(x;,k) does not contain xmax. Let p(y,k) be a final segment of p(x,k).
There are two cases.

a. p(y,k) intersects p(s,XxmaX) and the first point of intersection is z. Let p(s",y) be an initial
segment of p(s",XxmaX). P(y.z) an initial segment of p(y,k), and p(s,z) an initial segment of
p(s,i). Z*Xmax because p(y,k) does not intersect Xnax- (See Fig. 2.5.4.)
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p(s,i)—* p(s\k) =P p(s" k) =i p—P p =P

Fig. 2.5.4

| will now prove z is not after xmax. Consider the path p(s™y)&p(y,z). p(s"y) does not
intersect p(s,i) because y occurs before xmayx, p(s".y) is an initial segment of p(s" k) and
the first point of interséction of p(s,i) and p(s" k) is Xmax. The first point of intersection of
p(y,z) and p(s,i) is z, since p(y,z) is an initial segment of p(y,k) and z is the first point of
intersection of p(y,k) and p(s,i). Hence the first point of intersection of p(s",y)&p(y,z) with
p(s,i) is z. p(s".y)&p(y,z) is an initial segment of a path from s" to k that is in Pk(S). It follows
that there is a path in Pk(S) whose first point of intersection with p(s,i) is z. If zis after X ax,
then there is a path in PR(S) whose first point of intersection with p(s,i) is after X max,
contrary to the definition of X ax.

Let p « p(s™)&p(z,k) and p* = p(s™ Xmax)&pi. p(s,z) does not intersect p(s" ,Xmax) Since
P(s™ xmax) is an initial segment of p(s™k) and p(s,z) is an initial segment of p(s,i) and the
first point of intersection of p(s,i) and p(s™k) is Xmax. P(s,z) does not intersect pi (which
has source Xmax) Since z occurs before xmax and the graph is acyclic. p(z,k) does not
intersect pq since p(zk) is a subpath of p-* that does not intersect pi by construction.
p(z,k) does not intersect p(s™ xmax) since p(z,k) is a final segment of p(x,,k), z is after y,
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andy is the last point of intersection of p(x,,k) and p(s" Xmax).

b. p(y,k) does not intersect p(s,Xmax). (This is similar to part 2 of the Base case, with Xy ax
substituted for x2. See Fig. 2.5.3.) Let p*« p(sH,y)&p(y,k) and p * p(s,x'max)&Pv | have
already shown that p(s™y) does not intersect p(s,i) and p(s,Xmax) is an initial segment of
p(sj). p(s"y) does not intersect pi because y is before x,.x. and the graph is- acyclic.
p(y,k) does not intersect p(s,xmax) by hypothesis, and p(y,k) does not intersect pi
because it is a subpath of p” that does not intersect pi by construction.

Definition 2.5.1: In an acyclic directed graph G, if all I(t(kd)) and all j(t(i,j)) intersect at a vertex P,
then P is an lj(t(i,j).t(k,)) choke point. Similarly, if all I(t(k,l)) and all j(t(i,j)) intersect at a vertex
P, and all I(t(i,l)) and all j(tGk)) also intersect at P, then P is a Ij(t(l,i),t(M,t(U),t(j,k)) choke
point.

Lemma 2.5.3: In an acyclic graph G, if there is no lj(t(i,j),t(k,l)) choke point, then either there is a
trek f(k,1) such that there is no vertex p* that occurs in the intersection of all j(t(i,j)) with I(t'(k,])), or
there is atrek t'(ij) such that there is no vertex p* that occurs in the intersection of all I(t(kl)) with

KM

Proof. Suppose that the lemma is false. Then, for each trek f(k,I) there is a non-empty set of
points P(tf(k,l)) such that every point in P(r(k,l)) is in the intersection of all j(t(i,j)) with I(t'(k,I».
Similarly, for each trek f(ij) there is a non-empty set of points P(t'(i,j)) such that every point in
P(t'0.0) is in the intersection of all I(t(k,l)) with j(f(i,j)). Every j(t(ij)) contains every vertex in

U P(t(k,) (since every j(t(ij)) intersects each I(f(k,l)) at some vertex in P(f(k,l))), and every
I(kJ)eT(kJ)

vertex in  u  P(t(ij)) occurs on some trek I(t'(k,l)). Similarly, every I(t(k,)) contains every
HUE11)]

vertex in u  P(t(ij)). Furthermore, for every vertex in KJ P(t(k,l)) there is some
t(g)tT(t]) . i(KIT(KI)

I(f(k,)) that does not contain it (else all j(t(i,j)} and all I(t(k,i)) intersect at a single vertex), and some

I(t"(k,l)) that does contain it. Similarly, for every vertex in N gy P(t(i))) there is some j(r(i,j)) that

t(i
does not contain it and some j(t"(i,D) that does contain it.

Since every vertex in u P(t (k,I)) occurs on every j(t(i,j)), they can be ordered by the order
t(kJ)cT(kJ)

of their occurrence on j(t(i,))); similarly every vertex in  u  P(t(i,j)) can be ordered. By the
i) eTij)




antecedent of the lemma, there are at least two vertices in each of U  P(t(k)})) and
p i R R L L S

U P(()).
1(ij) e M)

I(t'(k, 1)) — j(t'(i,j)) —> j(t(i.j) —»

Fig. 2.5.5

See Fig. 2.5.5. Let a be the first vertex in U P(t(ij)) and b be the first vertex in
1(i§) € T(ij)

U P(t(kD). Suppose‘w.l.g. that a is before b. There exists an I(t'(k,)) that contains a
t(kJ)) e T(kJ)
(since every I(t(k,l)) contains a), that does not contain b, but that does contain some vertex ¢ (# b)

in U P((k]D).

1(kJ) € T(kJ)
There is also a j{t'(i,j)) that contains a. Let s be the source of t'(i,j), p(s,a) an initial segment of j(t'(i,j)),
p(a,c) a segment of I(t'(k.])), and p(c,j) a final segment of j(t'(i,j)). Let j(t"(i.)) = p(s.a)&p(a,c)&p(c.]),
and i(t"(@.D) = i(t'(i.j)). j(t"(i.j)) does not contain b for the following reasons:

a. p(s,a) does not contain b because a occurs before b.

b. p(a,c) does not contain b because itis a segment of I(t'(k,l)) which does not contain b.




S

U P(t(k.}) it occurs before ¢ on j(t'(i.j)).
1(kJ) eMkJ)

But this contradicts the fact that for every i(i.j), j(1(i.)) contains b. ...

Lemma 2.5.4. In an acyclic graph G, if there is no ik(t(i,j).t(k,})} choke point, then either there is a
trek t'(k,I) such that there is no veriex p' that occurs in the intersection of all i(t(i,j)) with k(t'(k,})), or
there is a trek t'(i,j) such that there is no vertex p’ that occurs in the intersection of all k(t(kl)) with
iwa.n)

Proof. The proof of lemma 2.5.4 is the same as that of lemma 2.5.3 with i, j, k, | permuted.

Lemma 2.5.5: In an acyclic LCF G, if there is a trek t'(k,!) such that there is no vertex p' that
occurs in the intersection of all j(t(i,j)) with I(t'(k,1)}, then either there are treks t*(i,)) and t"(k,I) such
that j(t"(i,)) does not intersect I(t"(k,1)) or pijpki - pilpj is not linearly implied by G.

Proof. Let s be the source of t'(k,l), and S be the set of sources of treks between i and j. By
lemma 2.5.2 it is possible to construct a pair of paths p and p', with sources s and s' (in S), and
sinks j and |, such that p and p’' do not intersect. There are two cases.

1. if pis a pathfrom sto |, and p' is a path from s’ 10 j, then the following treks can be formed.
(See Fig. 2.5.6.) j{t"(i.)) = p", i(t"(L)) = i(r'(i.j), k(t"(k.,)) = k(t'(k.})), and it"(k,])) = p. By
construction p does not intersect p'; hence j(t"(i,j)) does not intersect I(1"(k,1}).

‘€. Pp(c.j) does not contain b because it is a segment of j(t(i,]}}, and since b is the first vertei m V
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t(L) —P  t(k,]) =— 1 (1L]) — P (K1) -l

Fig. 2.5.6.

2. Ifpis apath from stoj, and p'is a path from s" to 1, there are two cases.

a. k(t'(k,D) intersects i(t'(i,j))> and the first vertex of intersection is y. Let p(s,y) be an initial
segment of k(t'(k,l)), p(y,k) a final segment of k(t'(k,l)), p(s',y) an initial segment of i(t'(i.j}),
p(y,i) a final segment of i(f0,j)), j(f(i,j))» P. it"0J)) * P(s,y)&p(y,i). k{t"(k,)) - P(s\y)&p(y.k),
and I(f(k,l)) = p\ (See Fig. 2.5.7.) By construction, j(f*(i.j)) and I(t"(k,)) do not intersect




i k | ] i k I

j
i(t'(i,j)) = K(t'(k,])) =i (i) =P (k1) — P>
P P =P
Fig. 2.5.7

b. K k(t'(k,)) does not intersect i(1'(i,j)), the following treks can be formed. (See Fig. 2.5.8.) i(t'(i1))
= i), KtG.n) = p', i(tG.k) = p, and k(t'(j.k)) = k(t'(k,l)). By hypothesis, k(t'(j,k)) does not intersect
i(r'(,1)). By construction, I(t'(i,})) does not intersect j(t'(j,k)). Hence by theorem 2.4.1, pjipki - pilpjk is
not inearly implied by G. ...
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t'U) —P (k1) = t(U) = (k) =i

Fig. 2.5.8

Lemma 2.5.6: In an acyclic LCF G, if there is a trek t'(ij) such that there is no vertex p* that
occurs in the intersection of all I(t(k,l)) with j(f(ij)). then either there are treks t"(ij) and r(k,l) such
that j(t"(i,j)) does not intersect I(t" (k) or pypw - piipjk « 0 is not Dnearly implied by G.

Lemma 2.5.7: In an acyclic LCF G, if there is a trek t'(ij) such that there is no vertex p' that
occurs in the intersection of all k(t(k,l)) with i(t'(i.j)). then either there are treks f(ij) and t“(k,I) such
thati(r(ij)) does not intersect k(r(k,l)) or pjjpw - piipjk « 0 is not Inearly impied by G.

Lemma 2.5.8: In an acyclic LCF G, if there is a trek t'(k,l) such that there is no vertex p* that
occurs in the intersection of all i(t(i,j)) with k(r(k,1)), then either there are treks t'(ij) and r(k,l) such
that i(f(ij)) does not intersect k{r(k,l)) or pjjpw - pupjk = O is not linearly impied by G.

The proofs of lemmas 2.5.6, 2.5.7, and 2.5.8 can all be obtained from the proof of lemma 2.5.5 by
permuting i, j, k, and 1.

Lemma 2.5.9: In an acyclic LCF G, if there is no lj(t(i,j).t(k,})) choke point, and there is no
ik(t(ij),t(k,))) choke vertex, then there exist treks f(i,j) .f(k,1). t"(i,j), and t"(k,) such that i(f(ij)) does
not intersect k(f(k,l)) and j(f(ij)) does not intersect I(f(k:l)): or pjjpw - pj|p”™ « O is not linearly implied
byG.

Proof. This follows directly from lemmas 2.5.3 through 2.5.8. .\

Lemma 2.5.10: In an acyclic LCF G, if there is no lj(t(i,j),t(k,I)) choke point, and there is no
ik(t(ij),t(k,)) choke point, then pjjpw - pjipjk « 0 is not linearly implied by G.
Proof. Assume that there is no lj(t(ij),t(k,l)) choke point, and there is no ik(t(ij),t(k,l)) choke point.
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By lemma 2.5.9 either pjjpki - pitpj = 0 is not linearly implied by G or there exist treks t'(i,j), t'(k,),
t"(i.)), and t"(k,}) such that i(t'(i,j)) does not intersect k(t'(k,l)) and j{t*(i.j)) does not intersect I{t"(k,)). If
PijPkl - Pitpjk = 0 is not inearly implied by G, the proof is done. Assume then that there exist treks
t'(i.j), t'(k,0), t"(i.j), and t"(k,l) such that i(t'(i,j)) does not intersect k(t'(k,l)) and j(t"(i.j)) does not
intersect I(t"(k,). There are three cases.

. 1. Suppose for all 1(i.j), t(k,}), jt(i.)) intersects I(t'(k,})) at each vertex in a non-empty set of

° vertices P, and all l(i(k,})) intersects j(t'(i,)) at each veriex in a non-empty set of vertices P.
Hence, all l{i(k,})) contain every vertex in P and all j(1(i,j}) contain every vertex in P'. Since there
is no lj((i.j),1(k,1)) choke point, there is no vertex Z such that for all t(i,j) and all t(k,}), Z occurs in
the intersection of I(t(i,)) and j(t(i,j)). Hence P and P’ do not intersect.

Let a be the first vertex in P, and b be the first vertex in P'. Suppose w.l.g. that a occurs
before b. Let s'(i,j) be the source of 1'(i,j), s'(k,l) the source of t'(k,l) and s"(i,j) the source of
1"(i.j), and s"(k,l) the source of t"(k,I}. I{t"(k,l)) contains a (since all i(i(k,l)) contain a), and j(t"(i.j))
contains b, (since all j(i(i,j)) contain b.) There are two cases.

a. Suppose k(t"(k,})) does not intersect i(t"(i,j)). Then, since k(t"(k,l)) does not intersect
i(t"(i.j)) and j(t"(k,I)) does not intersect I(1"(k,l)), by theorem 2.4.1, pjjpki - pilpjk = O is not

linearly implied by G.

b. Suppose k(i"(k,l)) does intersect i(t"(i,j)) at a vertex x. (See Fig. 2.5.9.) Let p(s"(i,j),x) be an
initial segment of i(1"(i.j)), p(x,k) a final segment of I(t"(k,l)). Let p(s"(i,j),b) be an initial segment of
j(t"(k,})) and p(b,!) be a final segment of I(t'(k,l)). Form the trek k(t'(k,l)) = p(s"(i.j).x)&p(x,k), and
(k) = p(s”(i.j).b)&p(b.l). p(s"(i.j),.b) does not contain a, since it is a subpath of j(t*(i,j)} which
does not intersect I(1"(k,})), which does contain a. p(b,l) does not contain a, since a occurs after b.
Hence I(t™(k,)) does not contain a; but this is a contradiction.
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s'(k,1) s'(hL])

p{s”(i.j),x

s''(i.,])
p(s"'{i.j}.b))

p{b.l)

| |
UL —p 11 (k1) —Pp
ln(i'i)* 1"(’(.') +

Fig. 2.5.9

2. All I(t(k,)) intersect j(t*(i,j)), but not at a single vertex, or all j(t(i,j)) intersect I(f(k,)) but not at a
single vertex. Assume w.|.g. that the latter is the case. Let s' be the source of (i,j) and s be
the source of t(k,I). Let S be the set of sources of treks between i and j. By lemma 2.5.2, itis
possible to form two paths p(s",l) and p(s,j) or p(s",j) and p(s,|) that donl intersect, where s" is
in S. Assume that it is possible to form the paths p(s",l) and p(s,j) that donl intersect. (If the
paths that donl intersect are p(s",j) and p(s,l) the proof is the same except that the indices are
permuted.) Let t"(i,j) be a trek with source s™ (See Fig. 2.5.10.) Let the first point of
intersection of i(t"(i,j)) with i(f(i,j)) be r. There are two cases.

a. i(t"(i,j)) does not intersect k(f(k,l)) before it intersects i(t'(i,))) at r. (See Fig. 2.5.10.) Let
p(r,i) be afinal segment of i(f(i,j)) and p(s",r) be an initial segment of i(t"(i,j)). Let i(f(i,1))»
p(s".N&p(r.i). I(f(i,1) - p(sM). j(fG.k)) = p(sj) and ktF'G.k)) - k(f(k.l)). p(s",r) and p(r,0 do not
intersect k(t'(k,)) by hypothesis. By theorem 2.4.1 pjjpki - piipjk « 0 is not Dnearly implied
byG.
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U@L (k) — (L) t'i.l) > f(.k)
Fig. 2.5.10

b. i(t"(i,))) does intersect k(f(k,l)) beiore it intersects i(f(ij)). and the first point of
intersection is . Let p(qg,k) be afinal segment of k(t'(k,l)) and p(s",q) be an initial segment
of i(t"(iJ))- Lety be the first point of intersection of p(s,j) and j(t'(i.j)), and p(s'y) be an initial
segment of j(t'(i,j)). There are two cases.

1. p(s")]) intersects p(s'y) and the first point of intersection is z. Let p(s*z) be an
initial segment of j(t'(i,j)), p(z,l) be a final segment of p(s",I). I(f (i,l)> « p(s\z)&p(z,!),
i('0.0) - i(f(i.))). JEGK)) - P(s,j), and k(rp)) - k(f(k,)). (See Fig. 2.5.11.)
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Fig. 2.5.11

k(f(j,k)) does not intersect i(f(i,l)) by hypothesis. j(f(j,k)) does not intersect I(t'(U)) for
the following reasons. p(s',z) does not intersect p(s,j) because p(s\z) is a subpath of
j(t'(ij)). 2 ¢ before y, and the first point of intersection of j(t*(ij)) and p(s,j) is y. p(z.)
does not intersect p(s,j) because it is a subpath of p(s",l) which does not intersect
P(s,)) by construction. By theorem 2.4.1. pypki - pnpjk * O is not Dnearly impied by G.

2. p(sM) does not intersect p(s\y). Let I(t"(k,])) « p(sM), k(r(k,l)) « p(s",q)&p(qgk),
i(f-(i))) = i(t'(d)). and j(f"(i.D) - P(s\y)&p(yj). (See Fig. 2.5.12.) Kk(r(k,l)) does not
intersect i(t"(i,j)) for the following reasons. p(s™,q) does not intersect i(f(i,j)) since
p(s",q) is an initial segment of i(t"(i,j)), and g occurs before the first point of
intersection of i(t“(ij)) and i(t'(ij)). p(q,k) does not intersect i(f(ij)) because it is a final
segment of k(f(k,1)); which does not intersect i(f(ij)) by hypothesis. I(t"(k,)) does not
intersect j(r(ij)) for the following reasons. p(s\y) does not intersect p(s",l) by
hypothesis, and p(y,j) is a subpath of p(sj) which does not intersect p(s",I) by
construction. By theorem 2.4.1 pypw - piipjk * O is not linearly implied by G.
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p(s.})
q

X p(y.j)
i | J K
’ p(s".}
s
N
ti.j) = pls.j) —» (1)) =B UKD = L)
k(t'(k,)) = pinv)

Fig. 2.5.12

3. Btherthere is an I(t"(k,])) that does not intersect j(f(i,j)) or there is aj(t"(i.j)) that does not
intersect I(f(k,1)). Assume w.l.g. that j(t" («.j» with source s" (ij) does not intersect I(t'(k,i)). There
aretwo cases.

a. Suppose that i(T(lj)) does not intersect k(f(k,l)) before it intersects i(f(ij)) at vertex x.
e See Fig. 2.5.13.
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— s'(i,j) s'(k,1) s'(i.]) s'(k.l)

p(s"(i.j),x) P(s"(i.j),x)

(L) -

{1(i,]) m— (k1) —— (i) — £ (i.j) —>
Fig. 2.5.13

Let p(x,i) be a final segment of i(t'(i.j)) and p(s"(i.j).x) be an initial segment of i(1"(i,j)). The
trek t™(i,j) can be formed as follows. j(t™(i.j)) = j(t"(i.j)) and i(t™(i.j)) = p(s"(i.j).x)&p(x,i).
p(s"(i,j),x) does not intersect k(t'(k,l)) because by hypothesis x occurs on i(t"(i,j)) before it
intersects k(t'(k,})). p(x,i) does not intersect k(t'(k,l)) because it is a subpath of i(t'(i,)) which
does not intersect k(t'(k,l)) by hypothesis. Hence i(t™(i,j)) does not intersect k(t'(k,I)).
jm(i.j) = jt"(i.j)) does not intersect I(t'(k,1)) by hypothesis. By theorem 2.4.1, pjjpki - pilPjk
= 0 is not linearly implied by G.

b. Suppose i(t"(i.j)) intersects k(t'(i,j)) at y before it intersects i(t'(i,j)) at x. Let z be the first
point of intersection of j(1'(i,j)) and I{t'(k,!)). (i no such vertex exists, then j(t'(i,j)) and I(t'(k,!))
do not intersect, i(t'(i,j)) and k(t'(k,l)) do not not intersect by hypothesis, and by theorem
2.4.1 pjipki - pilpjk = 0 is not linearly implied by G.). Let p(s'(i,j),z) be an initial segment of
i(t'(i.j)), and p(z,]) be a final segment of I(t'(k,l)). There are two cases.

1. Suppose that j(t"(i,j)) does not intersect p(s'(i,j),z). See Fig. 2.5.14.




1 (i,)) vt (k1) ——P 1'(i,]) ——>
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Fig. 2.5.14

Let p(y.k) be a final segment of k(t'(k,I)) and p(s"(i,j).y) be an initial segment of i(t"(i,j)).
Let j(t'(.k)) = j(t"(.0), k(t'(G.K) = p(s'(0.i).y)&P(y.K), i(t'(i.h) = i(t' (L)), Kt"(L.)) = p(s'(i)).2) &
p(z.)). i(t'(i,})) and k(t'(j,k)) do not intersect for the following reasons. i(t'(i,})) does not
intersect p(s"(i,j).y) because by hypothesis, i(t"(i.j)) intersects k(t'(k,l)) at y before it
intersects i(1'(i,j)). i(t'(,])) does not intersect p(y,k) because i('(i,))) = i{t'(i.j)) and p(y.k) is
a subpath of k(t'(k,l)), which does not intersect i(t'(i,j)) by hypothesis. j(t'(j,k)) does
not intersect I(t'(i,l)) for the following reasons. j(t'(j,k)) does not intersect p(s'(i.j).z)
because j(t'(,k)) = j(1"(i.j)), which does not intersect p(s'(i,j).z) by hypothesis. j(t'(j.k))
does not intersect p(z,l) because j(t'(j,k)) = j(t"(i,j)) which does not intersect I(t'(k,l))
(which contains p(z,l)) by hypothesis.

2. Suppose that j(t"(i,j)) does intersect p{s'(i.j),z) and the first point of intersection is r.
(See Fig. 2.5.15.) Let p(s'(i,j),r) be an initial segment of j('(i,j)) and p{r,j) be a final
segment of j(1"(i,j). Leti(t™(.j)) = i(t'(.j) and j™(.D) = p(s'(i.j),&p(r.). i(t™(i])) does not
intersect k(t'(k,!)) by hypothesis. j(t™(i,j)) does not intersect I{t'(k,l)) for the following
reasons. p(s'(i,j).r) does not intersect I(t'(k,)) since ris before z on j(t'(i,j)), and the first
point of intersection of j(t'(i,j)) with I(t'(k,])) is z. p(r,j) does not intersect I(1'(k,l)) because
it is a subpath of j(t"(i,j)) which does not intersect I(t'(k,l)) by hypothesis.

t(j k) m—p t'(i,]) ——




s'(i,j) s'(i.})
p(s'(i,j).r) p(s'(i,j).r)
r r

s"(i,j) - s"(i,))
(1)) — t'(K,|) w—dip t'(i,]) —P> t"'(i,j) =

Fig. 2.5.15
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Lemma 2.5.11: In an acyclic LCF G, if there is no lj(t(i,l),1(j.k)) choke point, and there is no
ik(t(i.) (G.k)) choke point, then pijpki - pilpjk = 0 is not linearly implied by G.
Proof. The proof is the same as that of lemma 2.5.10, with the indices permuted.

Lemma 2.5.12: In an acyclic LCF G, if G strongly implies pjjpki - pilpjk = 0, then either there is an
Ij(t(i.j).A(k,})) choke point and an Ij(t(i,!),1(j.k)) choke point, or there is an ik(1(i,j),{(k.l)) choke point and
an ik(t(i,!),1(j,k)) choke point.

Proof. Assume that G strongly implies pijjpki - pilpjk = 0, By lemmas 2.5.10 and 2.5.11, it G
strongly implies pijpki - pilpjk = 0 then either there is an lj(t(i,j).t(k.I)) choke point or an ik(t(i.j).t(k.I))
choke point, and there is either an Ij(t(i,l) ,t(j,k)) choke point or an ik(i(i,l),1(j,k)) choke point. If there
is an lj(t(i.j).t(k,I)) choke point and an lj(t(i,),1(j.,k)) choke point, or there is an ik(1(i,j),1(k,I)) choke point
and an ik(t(i,I),1(j,k)) choke point, the proof is done. Suppose then that there is an lj(t(i,j),t(k.l))
choke point and an ik(t(i,) t(j.,k)) choke point, but no ik(t(i,j).t(k,l)) choke point and no lj(t(i,!).t(j,k))
choke point. (The case where there is an lj(t(i,!),1(j,k)) choke point and an ik(l(i,j),t(k,I)) choke point,
but no lj(t(i.j).t(k,l)) choke point and no ik(i(i,l),t(j,k)) choke point is essentially the same, with the
indices permuted.)

By lemmas 2.5.3 through 2.5.8, if there is no lj(t(i,!),t(j,k)) choke point, then either there is a pair of
treks t'(i,I) and 1'(j,k) such that I(1'(i,l)) does not intersect j(1'(j,k)) or PijPki - PilPjk = O is not linearly
implied by G. Since the latier possibility contradicts our hypothesis, assume that there there is a
pair of treks t'(i,l) and t'(j,k) such that I(t'(i,)) does not intersect j(t'(j,k)). There are two cases.

s'(k,1)
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Ifi(t'(i,1)) does not intersect k(t'(j,k}) then by theorem 2.4.1., G does not strongly imply piPKi - Piipjk
- 0, contrary to our hypothesis. Suppose then that i(t'(i,l)) does intersect k(t'(j,k)) at a vertex y.
(See Fig. 2.5.16.) :

s g s

sl

I k i

46

J.

t'(.1) = t'{,k) —>» 1)) —»  t'(k,i) —P

Fig. 2.5.16

Let s be the source of t'(i.l), s' the source of t'Q.k), p(s,y) an initial segment of i(f(i,1)), p(y,k) a final
segment of k(t'G,k)), p(s',y) an initial segment of k(r(j,k)). p(y,i) a final segment of i(t'(i,)), i(f(i,j)) =
P(s*y)&P(y.i), j(f(i))) - j(fa.k)), k(f(k,)) - p(s,y)&p(y,k), and I(f(k,)) - I(f(i,)>. But since j(f(i.j)) =
j(f(j,k)) does not intersect I(f(k,I)) = I(f(i,l)), there is no lj(t(i,j),t(k,I» choke point, contrary to our
hypothesis. *

Lemma 2.5.13: Inan acyclic LCF G, if G strongly impPes pjjpw ¢ piipjk = 0, then either there is an
Ij(t(i)),t(k,0,Hi.0.t0.k)) choke point, or there is an ik(t(i,j),t(k,1),t(i,)tG,k)) choke point.

Proof. Assume that G strongly implies pjjPki - pupjk « 0. By lemma 2.5.12, either there is an
lj(t(ij).t(k,1)) choke point and an lj(tfi,l),tG,k)) choke point, or there is an ik(t(i,j),t(k.l)) choke point and
an ik(t(i,1),t(j,k)) choke point. Suppose w.l.g. that the former is the case. If some lj(t(i,j),t(k,l)) choke
point is also an lj(t(i,0,t(j,k)) choke point, the proof is done. Suppose then that no lj(t(i,j),t(k,[})
choke point is also an lj(t(i,1),tG.k)) choke point. Let C be an lj(t(i,j)),t(k,l)) choke point. By
hypothesis C is not an lj(t(i,l),tG,k)} choke point, so there exist a pair of treks t'(i.I) and t'(j,k) with
sources s and s'respectively, such that I(f(i,))) and j(t'0,k)) do not intersect at C. (See Fig. 2.5.17.)
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Fig.2.5.17

Hence there is at most one occurrence of C in the pair of paths I(t'(U)) and j(r(j,k)). Since there is
an lj(t(i,1),tQ,k)) choke point, I(f(U)) and j(t'(j,k)) intersect at a pointy. Let p(s,y) be an initial segment
of I(t'(U)). p(yj) be a final segment of j(t'(j,k)), p(s\y) an initial segment of ]{\%Kk)), p(y.l) a final
segment of I(t'(i,1), I(r(13)) = i(f(i,1), j(f(i))) - P(s.y)&p(yd). k(r(k,)) = k(ra.k)) and I(f(k,])) =
P(s"y)&p(y»))- Since I(f(k!)) and j(t(ij)) are rearrangements of the vertices in j(f(j,k)) and I(f(U)). the
number of occurrences of any vertex in I(t'(k,)} and j(t'(i,j)) is less than or equal to the number of
occurrences of that vertex in j(rQ,k)) and I(t'(U)). Since C occurs at most once in j(fQK)) and I(f(i,0).
it occurs at most once in I(r(k,)) and j(f(ij)). Hence I(f(k,")) and j(t'(i.D) do not intersect at C, contrary
to the hypothesis that C is an lj(t(i,j),t(k,l)) choke point. .\

2.6. Vanishing Partial Correlations Imply Vanishing Tetrad Differences

Theorem 2.6.1: For any probability distribution over a set of random variables V, if there exists
a subset p of V such that pij.ppkl.p - Pil.pPjk.p = 0, and for all variables u in p and all subsets v of p
not containing u, either pjusy « 0 and pku.v® 0, or pju., * 0 and piu.v® 0, then pjjpki - piipjk * O.
Proof. The proof is by induction on the cardinality of p.

Base Case: Suppose the cardinality of p is zero. Then pypki - piipjk « 0 follows trivially from
Pij.ppkl.p * Pil.pPjk.p ® 0.

Induction Case: Suppose that the lemma is true for all sets of cardinality n or less. Let p have
cardinafity n+1. Assume that pij.ppkl.p ¢ Pil.pPjk.p ° 0.

Lety be a variable in p, and p'« p - {y}. Since Pij.ppkl.p * Pil.pPjk.p. by the recursion formula for
partial correlation, '

v —  rkl) —»
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( Pig PypPyp X Purp PuypPry.p )=( Pig PypPyp X Pixp PypPy.p )
(“/1 'Pln'zxﬁ 'Pmp'z) ("/1 - szxﬁ ’Piyp'z) ("/1 ’ﬁyﬁzx41 'ﬁw'z, (“/1 ‘Piyp‘ZX"h ’Pky-p‘2)

The denominator of the L.h.s. equals the denominator of the r.h.s., so the numerator of the Lh.s.
equals the numerator of the r.h.s. Expanding the numerators of each side,

PipPup - PipPrypPyp ~ PupPypPys = PypPypPrypPys =

PupPky = PilpPypPryp ~ PkpPypPyp - PypPy.pPrysPys

The fourth terms on both sides are equal. By hypothesis, either piy.p* = pky.p' = 0, O pjy.p' = ply.p*
= 0. In either case, the second and third terms on each side are equal to zero. It follows that
Pij.pPklp' - PilpPjk.p' = 0. Since p' has one less member than p, by the induction hypothesis, pjjpki

- pilpjk = 0. N
2.7. The Existence of a Choke Point Implies Vanishing Tetrad Ditferences

Theorem 2.7.1: In an acyclic LCF G, if there exists an Ij{1(i,j),t(k.1).t(i,}).1(j.k)) choke point or an
ikt(i.)).A(k.0.AG,1).1G.k)) choke point, then G strongly implies pijpki - PPk = 0-
Proof. Suppose w.l.g. that x is an lj(1(i,j),t(k.1),1(i.),1(j,k)) choke point. There are two cases.

First consider the case where there is no trek between at least one of the pairsiand j, and k and I,
and there is no trek between at least one of the pairsi and |, and j and k. It follows that at least one
of pjj and pki equals 0, and at least one of pj and pj is equal to zero. Hence pijpi - pilpk = 0.

Next suppose w.l.g. that there are treks 1'(i,j) and t'(k,l). I will prove that pjjpii - pilpjk = 0 by proving
that there exists a set q' of variables such that pjj.qkl.q' - Pil.qPjk.q' = 0, and for all variables u in @'
and all subsets v of ' not containing u, either pj,.y = 0 and pky.v = 0, or pjy.y = 0 and pyy vy = 0, and

applying theorem 2.6.1.

Let q = {sources of treks between x and j or x and I}. Since x is on j(t'(i,j)) and I(t'(k,l}), and by
definition the sink of j(t'(i,j)) is j, and the sink of I(t'(k,l})) is |, there are directed paths p(x.j) and p(x,l);
hence x is in q. | will now demonstrate that I(i,q,j) by showing that i and j are d-separated by q. | will
show that i and j are d-separated by q by showing that every undirected path between i and j either
contains a vertex v with a direction-reversal that is not the source of a directed path from v to any
veriex in g, or it contains some vertex in q that does not have a direction-reversal.

Consider first the undirected paths between i and j without direction-reversals. If there is an
undirected path between i and j that does not contain x, by lemma 2.2.1 there is a trek between i
and j that does not contain x. But, every 1(i,j) contains x, since x is a choke point. Hence, there
does not exist an undirected path between i and j without direction-reversals that does not
contain x. Since x is in q, every undirected path that does not contain a direction-reversal contains
averiexin q.

Consider now undirected paths between i and j that contain direction-reversals. If some vertex w




with a direction-reversal is not the source of a directed path from w to some vertex in ¢, the proof
is done. Suppose then that every vertex w with a direction-reversal is the source of a directed
path from w to some vertex in q. Consider w.l.g. an arbitrary undirected path pQi) fromjtoi. Letz
be the first vertex on p(j,i) that has a direction-reversal. By hypothesis, there is a directed path
p(z,u) where u is a vertex in q. Since the undirected path from j to z does not contain any
direction-reversals, by lemma 1.2.1 there is a vertex s that is the source of a pair of directed paths
p(s,j) and p(s,z). Since z has an edge directed into it, s *z. There are two cases.

a. s«j. See Fig. 2.7.1. There is adirected path pQ,z). There is a directed paths p(z,u).
Since u is the source of atrek between x and j, there is a directed path p(u,x). | have already
shown that there is a directed path p(x,). Hence there is a cyclic path
PG,2)&p(z,u)&p (UX)&P(X.)).

Fig. 271

b. s*j. See Fig. 2.7.2. There are directed path p(s,j), and a directed path
p(s,2)&p(z,u)&p(u,x). By lemma 2.3.8 there is a trek th\x) with source r, where r is the last
point of intersection of p(s,j) and p(s,z)&p(z,u)&p(u,x)> and j(f(j.x)) is a subpath of p(s,j). Since
ris on p(s,j), and s occurs before z on p(j,i), r occurs before z on p(j,i). Hence there is no
direction-reversal at rin p(j,i). Also, risin q, since it is the source of atrek between x andj. The
undirected path p(j,i) contains a vertex in q that does not have a direction-reversal.
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In either case g d-separates x and y, so I(i,q,j). Similarly, it can be shown that I(k,q,l), 1(i,g,!), 1Q,q.k).
It follows that pij.q « 0, pki.g = 0, pa.q« 0, and pjk.q « 0. Let q'«q-{x}. By the recursion formulafor
partial correlation, pjj.q = pbcgpjxq’. PkLg' ° PkxgplxgS pil.g' * PixgPbtg-2"? PM " Pjx.qPkx.q'.
Hence pjj.g* pkl.q' * Pix.q'Pix.qPkx.q'PIx.q" * PixqPix.qPix.qPkx.q" « Pilg* Pik.q" «

| will next demonstrate that for each variable u in g\ and each subset v of q' not containing u,
I(i,v,u), by showing that i and u are d-separated by v. | will show that i and u are d-separated by v by
showing that every undirected path between i and u either contains a vertex w with a direction-
reversal that is not the source of a directed path from w to any vertex in v, or it contains some
vertex in v that does not have a direction-reversal.

For u in g\ consider an arbitrary undirected path p(i,u) that contains direction-reversals. Let z be
the first point of p(i,u) after i that has a direction-reversal, and p(i,z) be an initial segment of p(i,u). If
z is not the source of a path to some vertex rin g\then i and u are d-separated by g\ and the
proof is done. Suppose then that there is a directed path p(z,r) to some r in g\ Since p(i,z)
contains no direction-reversals, by lemma 1.2.1 there is a vertex s on p(i,z) that is the source of
directed paths p(s,i) and p(s,z). Hence s is the source of directed paths to i and r, p(s,i) and p(s,r) =
p(s,2)&p(z,r) respectively. (If p(i,u) is an undirected path that contains no direction-reversals, then
it still follows that by lemma 1.2.1 there is a vertex s on p(i,u) that is the source of directed paths
p(s,i) and p(s,u).) ris either the source of atrek between x and j or x and I. Suppose w.l.g. that ris
the source of atrek between x and j. Then r is the source of a directed path p(r,j) and a directed
path p(r,x). r does not equal x by hypothesis. Hence p(rj) does not contain x, since p(r,j) is a
branch of a trek between j and x, and the two branches of the trek intersect only at r. p(s,r) does
not contain x, else there is a cycle. Either p(s,i) contains x or it doesni.
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a. If p(s,i) does not contain x, then there are a pair of paths, p(sd) and p(s,z)&p(z,r)&p(rj) that
do not contain x. See Fig. 2.7.3. Hence there is atrek between i and j that does not contain
X. This contradicts the assumption that x is an lj(t(ijXt(k,l),tfi,l),tG,k)) choke point

Fig. 2.7.3

" b. Suppose p(s,i) does contain x. See Fig. 2.7.4. Then there is a directed path p(s,x) that is
a subpath of p(s,i). There is also a directed path p(s,r) « p(s,2)&p(z,r). Hence there is atrek
between x and r whose source s' lies on p(s,x), which is a subpath of p(s,i). s*isin g’ since it is
the source of atrek between x and r. s* lies on p(s,x) which is a subpath of p(s,i). p(s,i) does
not have a direction-reversal at s\ since s* occurs before z, which is the first direction-reversal.
Hence p(s,i) contains a vertex in g* that does not have a direction-reversal.
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Fig. 2.7.4

By theorem 2.6.1, pjjpki - pilpjk = 0. -~

Theorem 2.7.2: In an acyclic LCF G, there exists an lj(t(i,j).t(k,I),t(i,1).t(j,k)) choke point or an
ik(t(i.j).t(k.D.2(i.1).1(.K)) choke point itf G strongly implies pijpki - pilPjk = 0
Proof. This follows directly from lemma 2.5.13 and theorem 2.7.1. ..

Corollary 2.7.1: If an acyclic LCF G'is a subgraph of an acyclic LCF G, and G strongly implies
PijPKi - Pitlpk = 0, then G strongly implies pjjpki - piipjk = 0-

Proof. If G strongly implies pijpki - pilpjk = 0, then by theorem 2.7.1 G has either an
lj(t(i.i).t(k,1).1(i,1).1¢.k)) choke point or an ik(i(i,j).t(k,I),t(i,!).1(.k)) choke point. f G has either an
it (,0).2(k.1).2(i,0).4(.k)) choke point or an ik(1(i.j).t(k.1),t(i.l).1(i.k)) choke point, then G' has either an
ljt(i,j) (k0 20,1, k)) choke point or an ik(1(i.j).t(k,!).t(i.).t(.k)) choke point. By theorem 2.7.1, G'
strongly implies pjipkl - pilPjk = 0. .

Theorem 2.7.3: A n acyclic LCF G strongly implies pijpki - pilPjk = O only if there is a (possibly
empty) set q of random variables in G, either pij O PkI= 0, and pjj or Pjk= 0, or there exists a
(possible empty) set q such that pjj q = pki.q = pil.q = Pjk.q = 0-
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Proof. By theorem 2.7.2, if G strongly implies pijpki - PilPjk = 0, then there is either an
(t(1.0).(k,1).4(,1),2(G.k)) choke point or an ik(t(i,j),t(k,}).t(i.).1(j,k)) choke pointin G. In the proof of
theorem 2.7.1 1 demonstrated that the existence of an j(t(i.j)t(k,}),t(i, 1(j,k)) choke point or an
ik(t(i.D).t(k.1).1(i.D 2(G.K)) choke point Enearly implied by G then either either pij O pkl = 0, and pj or pjk=
0 there exists a set v of random variables such that Pijv=0, pm v=0, p1v= 0, and ij.v =0.
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