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1 Introduction

Extensive theory has been established in recent years for causal inference based on
directed acyclic graph (DAG) models. A popular method for estimating a DAG model
from observational data employs partial correlation testing to infer the conditional
independence relations in the model. In this paper, we apply algebraic geometry and
singularity theory to analyze partial correlations in the Gaussian case. The objects of
our study are algebraic hypersurfaces in the parameter space of a given graph that
encode conditional independence statements.

We begin with definitions for graphical models in statistics. A DAG is a pair
G = (V, E) consisting of a set V of nodes and a set E of directed edges with no
directed cycle. We usually take V = {1,2, ..., p} and associate random variables
X1, X2, ..., X, with the nodes. Directed edges are denoted by (i, j) ori — j. The
skeleton of a DAG G is the underlying undirected graph obtained by removing the
arrowheads. A node i is an ancestor of j if there is a directed pathi — --- — j, and
a configuration i — k, j — k is a collider at k. Finally, we assume that the vertices
are topologically ordered, that is, (i, j) € E implies i < j.

Every DAG G specifies a Gaussian graphical model as follows. The adjacency
matrix Ag is a strictly upper triangular matrix whose entry in row i and column j is a
parameter a;; if (i, j) € E and is zero if (i, j) ¢ E. The Gaussian graphical model is
defined by the structural equation model X = AgX +¢€,where X = (X,..., X p)T.
We assume that € ~ N(0, I), where [ is the p x p-identity matrix. Then the concen-
tration matrix of this model equals

K =(Ag — D(Ag — DT.

Since det(K) = 1, the covariance matrix ¥ = K ~! is equal to the adjoint of K. The
entries of the symmetric matrices K and X are polynomials in the parameters a; ;. Our
parameter space for this DAG model will always be a full-dimensional subset €2 of
RIEL

For any subset S C V and distinctelements i, j in V'\ S, we represent the conditional
independence statement i L j | S by an almost-principal minor of either K or ¥. By
this we mean a square submatrix whose sets of row and column indices differ in exactly
one element. To be precise, i L j|S holds for the multivariate normal distribution
with concentration matrix K if and only if the submatrix K;g ;g is singular, where
R =V\(SU{i, j}) and iR = {i} U R. The determinant det(K;g jgr) is a polynomial
in (a;j) (i, j)ee- We are interested in the hypersurface in RIEl defined by the vanishing
of this polynomial. Indeed, the partial correlation corr(i, j|S) is up to sign equal to
the algebraic expression

det(K;g,jRr)

. 1
Vdet(Kig ir) - det(K g, jr) W

Since the principal minors under the square root sign are strictly positive,
corr(i, j|S) = 0 if and only if det(K;g, jg) = 0. If this holds for all a € RII,
then i 1l j | S for G and we say that i is d-separated from j given S. This translates
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into a combinatorial condition on the graph G as follows [16, §2.3.4]. An undirected
path P from i to j d-connects i and j given S if

(a) Every noncollider on P is notin S;
(b) Every collider on P is in S or an ancestor of a node in S.

If G has no path that d-connects i and j given S, then i and j are d-separated given
S, and det(K;g, jr) = 0 as a function of a. The weight of a path P is the product of
all edge weights a,¢ along this path. It was shown in [17, Eq. (11)] that the numerator
det(K;R,jr) in (1) is a linear combination, as in (5), of the weights of all paths that
d-connect i to j given S.

The primary objects of this study are the following subsets of the parameter space:

Tube; jis(A) = {w € Q: |corr(i, j|S)| < A}. 2)

Here corr(i, j|S) is a function of the parameter w [denoted (a;; ), j)ek) earlier] in the
space 2 C RIEI X is a parameter in [0, 1], and (7, j, S) is a triple, where i and j
are d-connected given S. These “tubes” can be seen as hypersurfaces that have been
fattened up by a factor that depends on A and the position on the hypersurface (Fig. 3).
The volume of Tube; j|s(A) with respect to a given measure, or prior, ¢(w)dw on
Q c RIEl is represented by the integral

Vi jis() = / ¢(w) do. 3)

Tube;, js(%)

In this paper we study the asymptotics of this integral when the parameter A is close
to 0.

Two applications in statistics are our motivation. The first concerns the strong-
faithfulness assumption for algorithms that learn Markov equivalence classes of DAG
models by inferring conditional independence relations. The PC algorithm [16] is a
prominent instance. Our setup is exactly as in [17]. The Gaussian distribution with
concentration matrix K is A-strong-faithful to aDAG G if, forany S C V andi, j ¢ S,
we have |corr(Z, j|S) | < A if and only if i is d-separated from j given S. We write
Vi (1) for the volume of the region in €2 representing distributions that are not A-
strong-faithful. In other words, V(1) is the volume of the union of all tubes in €2 that
correspond to non-d-separated triples (i, j, S).

Zhang and Spirtes [19] proved uniform consistency of the PC algorithm under the
strong-faithfulness assumption with A < 1/./n, provided the number of nodes p is
fixed and the sample size n — o0. In a high-dimensional, sparse setting, Kalisch
and Biihlmann [11] require strong faithfulness with A < ,/deg(G) log(p)/n, where
deg(G) denotes the maximal degree (i.e., sum of indegree and outdegree) of nodes in
G.

To understand the properties of the PC algorithm for a large sample size =, it is
essential to determine the asymptotic behavior of the unfaithfulness volume V()
when A tends to 0. Given a prior ¢ over the parameter space, V(L) is the prior
probability that the true parameter values violate A-strong faithfulness. Thus 1 — Vg (1)
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for A < 1/4/n describes the prior probability that the PC algorithm is able to recover
the true graph. We shall see in Example 4.8 that V5 (A) depends on the choice of the
parameter space €2 and the prior ¢.

We shall address the issue of computing Vg (1) as A — 0. This will be done
using the concept of real log canonical thresholds (RLCTs) [1,14,18]. Our Sect. 3
establishes the existence of positive constants £, m, C (which depend on G and ¢)
such that, asymptotically for A — 0,

Vo)~ C -1t (=Inn)™ 1,
Vijis() & €28 (=il “

[See (9) for an exact definition of ~.] This refines the results in [17] on the growth of
Vi (1) via the geometry of the correlation hypersurfaces {det(K;g, jr) = 0}. Whereas
[17] focused on developing bounds on Vg (A) for the low-dimensional and the high-
dimensional case and showed the importance of the number and degrees of these
hypersurfaces, here we analyze the exact asymptotic behavior of Vg (A) for A — 0
and G fixed and demonstrate the importance of the singularities of these hypersurfaces.
Singularities get fattened up much more than the smooth parts of the hypersurface,
and this increases the volumes (4) substantially.

Our second application concerns stratification bias in causal inference (e.g., [7,8]).
Here, the volume V; j;5(A) being large is not a problematic feature but is in fact
desired. Suppose we want to study the effect of an exposure E on a disease outcome
D. If there is an additional variable C such that D — C < E, then stratifying (i.e.,
conditioning) on C tends to change the association between E and D. This can lead
to biases in effect estimation. This is known as collider bias. On the other hand, if
D < C — E holds, then C is a confounder, and stratifying on C corresponds to bias
removal. In certain larger graphs, such as Greenland’s bow-tie example [7], stratifying
on C removes confounder bias but at the same time introduces collider bias. To decide
whether one should stratify on such a variable C, it is important to understand the
partial correlations involved. In this application, the volume V; ;s(1) can be viewed
as the cumulative distribution function of the prior distribution of the partial correlation
corr(i, j|S) implied by the prior distribution on the parameter space, and we compare
the two cumulative distribution functions Vg p|c (1) and Vg p(}).

In this paper we examine V; j|s(A) from a geometric perspective, and we demon-
strate how this volume can be calculated using tools from singular learning theory. To
derive the asymptotics (4), the main player is the correlation hypersurface, which is the
locus in 2 where corr (i, j|S) vanishes. The first question is whether this hypersurface
is smooth and, if not, whether one needs to analyze the nature of its singularities. We
study these questions for various classes of interesting causal models using methods
from computational algebraic geometry.

The remainder of this paper is organized as follows. In Sect. 2 we introduce the
families of DAGs that we will be working with throughout. Example 2.1 illustrates
the algebraic computations that are involved in our analysis. We also discuss some
simulation results, which indicate the importance of singularities when studying the
volume Vg (A) of strong-unfaithful distributions. Sect. 3 presents the connection to
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singular learning theory [14, 18] and explains how this theory can be used to compute
the volumes of the tubes Tube; j|s(A). Example 3.1 illustrates our theoretical results
for some very simple polynomials in two variables.

In Sect. 4 we develop algebraic algorithms for analyzing the singularities of the
correlation hypersurfaces. We show that, for the polynomials det(K; g, jg) of interest,
the real singular locus is often much simpler than the complex singular locus. For
instance, Theorem 4.1 states that these hypersurfaces are always smooth for complete
DAGs with up to six nodes. In Sect. 5 we study the singularities and volumes (3) for
trees without colliders.

Section 6 focuses on our second application, namely, bias reduction in causal infer-
ence. Problems 6.2 and 6.7 offer precise versions of conjectures by Greenland [7],
in terms of comparing different volumes V; js(A) for fixed G. We establish some
instances of these conjectures.

In Sect. 7 we introduce more advanced methods, based on the resolution of singu-
larities [9, 10], for finding the exponents £ and m in (4). Finally, in Sect. 8§ we present
some new results on computing the constants C and C’ in our asymptotics (4) for tube
volumes.

2 Four Classes of Graphs

In this article we will be primarily working with four classes of DAGs:

(i) Complete graphs: we denote the complete DAG on p nodes by K. The corre-
sponding matrix Ak, is strictly upper triangular, and all ('2’) parameters q;; are
present.

(ii) Trees: we call a DAG G a tree graph if the skeleton of G is a rooted tree and
all edges point away from the root (i.e., G has no colliders). We are particularly
interested in the most extreme trees, namely, star and chainlike graphs. We denote
the star graph shown in Fig. 1a by Star, and the chainlike graph shown in Fig. 1b
by Chain,,.

(iii) Complete tripartite graphs: let A, B C V, with A N B = . Then we denote by
A = B the complete bipartite graph where (a, b) € E foralla € A and b € B.
A complete tripartite graph is denoted by Tripart,, ,, with 1 < p<p-3T
corresponds to the DAG {1,2} = {3,...,p—p't = {p—-p'+1,..., p}and
is shown in Fig. lc.

1 2 1 2
3 ®
1 3 -p'
2 P ® PY PY p-p
1 2 p
P p-p+l p p-1 P
(a) Star, (b) Chain,, (c) Tripart, ., (d) Bow,
Fig. 1 Various classes of graphs
EOE';W
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(iv) Bow ties: we define a bow tie as a complete tripartite graph Tripart,, , with two
additional edges, namely (1, p — 1) and (2, p). A bow tie is denoted by Bow,,
and is shown in Fig. 1d. Bow ties with p = 5 feature prominently in Greenland’s
study [7].

The following example serves as a preview to the topics covered in this paper.
Example 2.1 We illustrate our objects of study for the tripartite graph G = Tripart ;.

Since the error variances are assumed to be fixed at 1, this DAG model has eight free
parameters, namely, the unknowns in the matrix

0 0 a3 a4 0 0
0 0 a3 ax 0 O
A — 000 O a3 az
=10 00 0 a5 as
000 O 0 O
000 O 0 O

The covariance matrix X equals the inverse (or adjoint) of the concentration matrix

0%3 + af4 +1  ajzaz+ajsaz —az —ai4 0 0
a13a23+a14a4 a§3 + a§4 +1 —ax —ax 0 0

K — —ap3 —an3 a§5 + a§6 + 1 assass+asease —azs —ase
—ai4 —an4 assass+azedse afs + a%ﬁ +1 —ass —age
0 0 —ass —ays 1 0
0 0 —ase —a46 0 1

One conditional independence statement of interest is 1 L 2 | {5, 6}. Its correlation
hypersurface in R® is defined by the almost-principal minor in ¥ with rows 1, 5, and
6 and columns 2, 5, and 6, or the almost-principal minor in K with rows 1, 3, and 4
and columns 2, 3, and 4. That determinant equals

f = (1 +aig)aizanais + (1 + ajs)aizaxais + (1 + a3s)aisarais
+ (1+a§6)al4az4afs + aizazsazsass + ai3areazeaqs
+ajqarzazsass + a14a23a36a46 — 2a13023a35036045046
— 2a14a24a35a36045046. ©)

This is a weighted sum of all paths that d-connect nodes 1 and 2 given {5, 6}.
The first term in formula (5) for f = det(K34,234) corresponds to the path 1 —
3 > 5 <« 3 < 2 in G = Tripartg 5, and the last term corresponds to the path
l >4—>5«3—>06<«4<«2.

Let ¢ denote a prior on the parameter space. For this example we take ¢ to be the
Lebesgue probability measure on the cube Q@ = [—1, +1]3. The expression V1,2156 (1)

Elol:;ﬂ
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defined in (3) is the volume of the region of parameters a € 2 that satisfy

|corr(1,2]5.6)] = f@ <2

Vdet(Ki34,134)y/det(K23s,034) |

As a function in A, the volume Vi 256(A) is a cumulative distribution function on
[0, 00). Our aim in this article is to determine the asymptotics of such a function for
A — 0.

In Sect. 3 we shall explain the form of the asymptotics that is promised in (4). To
find the exponents ¢ and m, the first step is to run the algebraic algorithm in Sect. 4.
This answers the question of whether the hypersurface in 2 defined by f = 0 has any
singular points. The set of such points, known as the singular locus, is the zero set in
Q2 of the ideal

af af af af af of of of )

" a3’ daws’ daxz’ dazs’ dazs’ daze dass Oase

J = (f

The tools of Sect. 4 reveal that its real radical [15] is the intersection of three prime

ideals:
R . aiz a aszs a
\/_z entries of 13 414 35 436
az az4 ass ase

= (a13, a14, a3, ax4) N {(ass, ase, a4s, ase)

. apz as a a
N {2x2 minors of 13 €23 d45 46 .
a4 dz4 —aszs —asze

Thus the hypersurface { f = 0} is singular. Its singular locus decomposes into three
irreducible varieties, namely, two linear spaces of dimension 4 and one determinantal
variety of dimension 5. In Sect. 6 we will return to this example, with a focus on a
statistical application of the cumulative distribution function Vj »/56(1). We will then
show that (¢, m) equals (1, 1). O

This paper extends the work of Uhler et al. in [17] on the geometry of the strong-
faithfulness assumption in the PC algorithm. Upper and lower bounds on the volume
Vi (1) of the unfaithful region Tubeg (1) for the low- and high-dimensional settings
were derived in [17, §5]. These bounds involved only the number | E| of parameters
and the degrees of the correlation hypersurfaces {det(K;g jr) = 0}. The new insight
in the current paper is that singularities are essential for the asymptotic behavior of
Vg (A) for A — 0.

What led us to this insight was taking a closer look at the simulation results for trees.
In [17, §6.1.1] trees were still treated as one single class. We subsequently examined
the difference between stars and chains, as depicted in Fig. 1a, b. Our simulation results
for Star, and Chain, are shown in Fig. 2. We shall now explain the curves in these
diagrams.

The left diagram in Fig. 2 is for p = 6 nodes and the right diagram is for p = 10.
Each curve is the graph of the cumulative distribution function Vg (1), but with the
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@ 1.0 @ 1.0

g g 0 —e— chain

= 094 = 0.9-|—0 star

> 3

2 081 2 08

1] ®

5 074 5 0.7

2 06+ 2 06

= =

T 054 T 0.5

c c

S 044 S 0.4+

© ks)

S 0.3 S 0.3+

£ 0.2+ £ 0.2+

8 011 2 014

< <IN

o 0.0 0 0.0 -5 e oo 7

-80 7.0 60 -50 -40 -30 -20 -1.0 0.0 80 -7.0 -6.0 -50 -40 -30 -20 -1.0 0.0

log(lambda) log(lambda)
(a) p=6 (b) p=10

Fig. 2 Proportion of A-strong-unfaithful distributions for chains compared to stars

x-axis transformed into a logarithmic scale (with base 10). Thus we depict the graph
of the function

(—00,0] = [0, 1], x — Vg(10%). (6)

The red curve is for G = Chain,, and the blue curve for G = Star,. These curves
were computed by simulation: we sampled the parameter a from the uniform distrib-
ution on [—1, 117! and recorded the proportion of trials that landed in Tubeg (1) for
various values of A. The diagrams show clearly that V(1) is smaller for star graphs
than for chainlike graphs.

A theoretical explanation for these experimental results will be given in Sect. 5.
Our asymptotic theory predicts the behavior of these curves as x = log(A) tends to
—o0. The point is that the correlation hypersurfaces for chainlike graphs have deeper
singularities than those for star graphs. The equation of any such hypersurface for a
tree is the product of a monomial and a strictly positive polynomial. This enables us
to apply Proposition 3.5. In Theorem 5.1 and Corollary 5.3 we shall determine the
constants ¢, m, and C of (4) exactly when the graph G is a tree. We shall also address
the question of how to obtain £, m, and C from simulations.

Before we get to graphical models, however, we first need to develop the mathe-
matics needed to analyze Vi (1). This will be done, in a self-contained manner, in the
next section.

3 Computing the Volume of a Tube

We now introduce the basics regarding the computation of integrals like the one in (3),
and we explain why asymptotic formulas like (4) can be expected. While this section
is foundational for what is to follow, no reference to any statistical application is made
until Theorem 3.8. It can be read from first principles and might be of independent
interest to a wider audience.

Elol:;ﬂ
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© flz,y) =2"y" @ f(z,y) =2y —zy®

Fig. 3 Tubes for various polynomials in two variables

Let 2 c R be a compact, full-dimensional, semianalytic subset, and consider a
probability measure ¢ (w)dw on 2, where dw is the standard Lebesgue measure and
¢ : 2 — R areal-analytic function. Also, fix an analytic function f : 2 — R whose
hypersurface { w : f(w) = 0} has a nonempty intersection with the interior of 2. We
are interested in the volume V (1) with respect to the measure ¢ of the region

Tube(r) = {w € Q: | f(w)| < 1}.

Here A > 0 is a parameter that is assumed to be small. In later sections, we often take
Q to be the cube [—1, +1]%, with ¢ its Lebesgue probability measure, and f is usually
a polynomial.

The asymptotics of the volume function V (1) depends on the singularities of the
hypersurface { f = 0}. This phenomenon is illustrated in Fig. 3. Our measure for the
complexity of the singularities of f is a pair (£, m) of nonnegative real numbers. That
pair is the real log-canonical threshold (RLCT) of f. It is related to the volume V (1)
for small values of A by the formula

Viy &~ Cal(=mam (7
Here C is a positive real constant whose study we shall defer until Sect. 8.
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Example 3.1 Let d = 2 and ¢ be the Lebesgue probability measure on the square
Q = [—1,+1]% Our problem is to compute the area of the tube {(x,y) € Q :
|f(x,y)] < A}. Here f(x,y) is one of the four simple polynomials below whose
tubes are shown in Fig. 3.

(a) f(x,y) = x:the corresponding tube is a rectangle, and its area equals
V(y) =A.

Thus, in this example, we have (¢, m) = (1, 1) and C = 1. For other lines, the
value of C will change. Proposition 3.6 below shows that (¢, m) = (1, 1) for
smooth hypersurfaces.

(b) f(x,y) = xy: the tube in Fig. 3b consists of four copies of a region that is the
union of a small rectangle and a certain area under a hyperbola. Using calculus,
we find

1
A 1
VL) =4 wﬁ/—m 7 = M=)+
X
A

The logarithm function appears in this case. We have (¢, m) = (1,2) and C = 1.
(¢) f(x,y) = x2y3: the corresponding tube is shown in Fig. 3c. Its area equals

1
wm=4xm+/xmfmm %zum—mm.

ALz

Thus, the RLCT equals (¢, m) = (%, 1), and we have C = 3. See Proposition 3.5
for a formula for (¢, m) when f is a monomial in any number of variables.

(d) f(x,y) = xy(x 4+ y)(x — y): the corresponding tube is shown in Fig. 3d. This
example is a slight generalization of Fig. 3b. As in Fig. 3b there is just one
singularity at the origin, given by the intersection of lines. Computing the area
V(&) is mc1>re challenging. In Example 7.3 we shall see that the RLCT equals
(€.m) =4, 1).

For general bivariate polynomials f(x, y) we are facing a hard calculus problem,
namely, integrating the function y = y(x) that is defined implicitly by f(x,y) = A.
We can approach this by expanding y as a Puiseux series in A whose coefficients
depend on x. Integrating these coefficients leads to asymptotic formulas in A. These
are consistent with what follows. O

We now return to the general setting defined at the beginning of this section. Let W
be a random variable taking values in 2 with distribution ¢. The volume V (1) with
respect to the measure ¢ can then be viewed as the cumulative distribution function
of the random variable f(W). The corresponding probability distribution function
v(A) = dV/dA is called the state density function. Its Mellin transform is known as

Elol:;ﬂ
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the zeta function of f. It is denoted by

o0

{(2) = /)»_Zv(k)d)» = / | f(w)| *p(w)dw  forz € C.
Q

0

According to asymptotic theory [1,14,18], our volume has the complete asymptotic
series expansion

d
Vo) & D> Comrt (=i ®)

{ m=1

Here the index ¢ runs over some arithmetic progression of positive rational numbers
and d is the dimension of the parameter space 2. Equation (8) is valid for sufficiently
small A > 0. To be precise, writing V (1) = Zf’il gi(A), where g1 (1) > go(A) > ---
for small A, means that

k
QDY EY (O
r—=0 gk()»)

0  for each positive integer k. )

Using the little-o notation, this is equivalent to V(1) = Zf:l gi(A) + o(gr (X)) as
X — 0 for each positive integer k. It is a common misconception to think that the
infinite series converges to V (A) for each fixed A when A is small. Rather, it means
that for each fixed k, the k-term approximation for V (1) gets better as . — 0. We will
primarily be interested in the first term approximation (7).

Definition 3.2 ([14, §4.1], [18, §7.1]) Here we define the RLCT (£, m) of f over Q
with respect to ¢. This is a pair in Q4 x Z,, which we denote by RLCTq(f; ¢). It
measures the complexity of the singularities of the hypersurface defined by f(w) = 0.
The following four definitions of RLCTq(f; ¢) = (¢, m) are known to be equivalent:

(i) Forlarge N > 0, the Laplace integral

Z(N) = /e_le(“’)l ¢(w)dw
Q

is asymptotically CN~¢(In N)"~! for some constant C.
(ii) The zeta function

() = / 1f (@)% p(@) do
Q

has its smallest pole at z = £, and that pole has multiplicity m.
EOE';W
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(iii) For small A > 0, the volume function

V) = / ¢(w) do
If @)|<h

is asymptotically C A*(—In 1) ~! for some constant C.
(iv) For small A > 0, the state density function

d
v = o / ¢(w) do

If (@)=

is asymptotically CA*~!(—In1)"~! for some constant C.

If the real analytic hypersurface {w € Q : f(w) = 0} is empty, then we set £ = oo
and leave m undefined. We say that (£1,m|) < (o, mp) if €1 < €y orif &1 = {5
and m; > m,. Hence, the pairs are ordered reversely by the size of A¢(— In 2)”~! for
sufficiently small A > 0.

Let us provide some intuition for the ordering of the pairs (¢, m). The RLCT is a
measure of complexity for singularities. Analytic varieties can be stratified into subsets
where this measure is constant. The highest stratum contains the smooth points of the
variety. As we go deeper, to strata with lower RLCTs, we encounter singularities
of increasing complexity. The volumes of A-fattenings of deeper singularities will,
asymptotically as A goes to zero, also be larger than those of their less complex
counterparts. For instance, in both panels a and b of Fig. 3 the singular locus consists
of the origin, but the A-fattening of the origin in Fig. 3c is larger than in Fig. 3b. See
also Example 3.7.

Example 3.3 Let f(w) = w% + w% + 4 w;‘;, and let ¢ be the Lebesgue probability
measure on = [—1, +1]¢. Then Tube(}) is the standard ball of radius 1'/? whose
@-volume is

dn

4l )
Vo)) = —— - A%/~
“ 20.T(§+1)
By Definition 3.2 (iii), the RLCT equals RLCTq(f; ¢) = (d/2, 1). m]

We now list some formulas for computing the RLCT. A first useful fact is that
RLCTq(f; ¢) is independent of the underlying measure ¢ as long as it is positive
everywhere. We can thus assume that ¢ is the uniform distribution on 2.

Proposition 3.4 If ¢ : Q@ — R is strictly positive and 1 denotes the constant unit
function on 2, then
RLCTq(f;¢) = RLCTq(f; D).
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Proof See [14, Lemma 3.8]. O
Proposition 3.5 Suppose that Q2 is a neighborhood of the origin. If f(w) =

a)'f1 e wfldg(a)), where the k; are nonnegative integers and the function g : 2 — R
has no zeros, then RLCTq(f; 1) = (£, m), where

1
[argmini —] ’ .
ki

Proof This is a special case of Theorem 7.1 that will be proved later. O

o1
£ = min— and m =
i K

Recall that an analytic hypersurface { f (w) = 0} is singular at a point w € Q if @
satisfies

a
f(w) =0 and —f(a))=0 fori =1,...,d.
8a>,~

If the hypersurface is not singular at any point @ € €2, then it is said to be smooth.

Proposition 3.6 If the hypersurface {f (w) = 0} is smooth, then RLCTq(f; 1) =
(1, 1).

Proof This is also a special case of Theorem 7.1. O

Example 3.7 Following up on Example 3.1, we now consider an arbitrary monomial
function f(x, y) = x*y’ on the square = [—1, 1]%. The tube appears as in Fig. 3c.
Its area satisfies

CAl/s if s <1,
vy~ {eal/t if s> 1,
CA/s(=Inn) if s =1.

This formula for the asymptotics (7) follows from Definition 3.2 (iii) and Proposi-
tion 3.5. O

For the statistical applications in this paper, the relevant functions f are polynomi-
als. They are determinants f = det(K;g jr), where R = V\(SU{i, j}) as in Sect. 1.
Let RLCT(i, j|S) denote the corresponding RLCT over Q = [—1, 1]¥ with respect to
a positive density ¢. The theory developed so far says that the RLCT of the correlation
hypersurface gives an asymptotic volume formula for V; js(2).

Theorem 3.8 If ¢ satisfies the assumptions in Proposition 3.4, then as A tends to zero,
the volume of the region Tube; j|s(A) [see (2)] is asymptotically

Vijis) ~ Cal (=)t

for some constant C > 0 (which only depends on G) and (£, m) = RLCT(, j|S).
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Proof By part (iii) in Definition 3.2, the desired pair (£, m) is the RLCT of the partial
correlation f = corr(i, j|S). This is the algebraic (and, hence, analytic) function in
(1). This function differs from the polynomial det(K; g, ;r) by a denominator that does
not vanish over 2. That denominator is a unit in the ring of real analytic functions
over 2, and multiplying by a unit does not change the RLCT of an analytic function
[14, §4.1]. O

We close this section by relating our results to the study of unfaithfulness in [17].

Corollary 3.9 Under the assumptions in Theorem 3.8, as A tends to zero, the volume
of \-strong-unfaithful distributions satisfies

Vo) ~ CAH(—Inxa)""!

for some constant C > 0. Here (£, m) is the minimum of the pairs RLCT(i, j|S),
where (i, j, S) runs over all triples in the DAG G such that i is not d-separated from
j given S.

Proof The function V(1) is the volume of the union of the regions Tube; js(1).
Thus,

max Vi jis() = V() = 37 Vijis(h).
) i,j,S

Asymptotically, for small positive values of A, both the lower and upper bounds vary
like a constant multiple of A*(—In 1) ~!, where (¢, m) is the minimum over all pairs
RLCT(, j|S). In this minimum, (i, j, S) runs over all triples such that i and j are
d-connected given S. O

4 Singular Locus

The asymptotic integration theory in Sect. 3 requires us to analyze the singular locus
Sing(f) of the real algebraic hypersurface determined by a given polynomial f. If
Sing( f) is empty, then the hypersurface is smooth and Proposition 3.6 characterizes
the asymptotics of the integral. In this section we return to Gaussian graphical models,
develop tools for computing the relevant singular loci, and show that they are empty
in many cases. In many of the remaining cases, the singularities are of the monomial
type featured in Proposition 3.5.

Consider any almost-principal minor f = det(K;z jgr) of the concentration matrix
K of a DAG G. This is a polynomial function on the parameter space RE. This
polynomial and its partial derivatives are elements in the polynomial ring Q[a;; :
(i, j) € E]. The Jacobian ideal of f is the ideal in this polynomial ring generated by
f and its partials. We denote it by

Jacob; jp = (f) + <i (3, ) eE>.
361,']'
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Fig.4 V(4) for complete graph K, compared to Chainp, Starp, Tripart, 5, Bow,

The singular locus Sing(f) is the subvariety of real affine space R” defined by the
Jacobian ideal Jacob; ; g. The structure of the real variety Sing( f) governs the volume
Vi, j1s(A) of the set Tube; j|s(A) of unfaithful parameters. If Sing( f) = @, then Propo-
sition 3.6 tells us that V; js(1) asymptotically equals CA for some constant C > 0. If
the singular locus is not empty, then understanding Sing( f) is essential for computing
its RLCT (¢, m).

We conducted a comprehensive study of all DAGs with few nodes by computing
the singular locus for every almost-principal minor in their concentration matrix K.
Our first result concerns the special case of complete graphs. Noncomplete graphs will
be studied later.

Theorem 4.1 Suppose that ¢ satisfies the assumptions in Proposition 3.4. For any
conditional independence statement on the complete directed graph K, with p < 6
nodes, we have Sing(f) = @, and hence V; j;s(A) ~ CA for all triples (i, j, S).

It is tempting to conjecture that the hypothesis p < 6 can be removed in this
theorem. Presently we do not know how to approach this problem other than by direct
calculation.

Applying Corollary 3.9, this means that the volume of A-strong-unfaithful distrib-
utions for the complete graph satisfies Vg (1) ~ C A for A — 0, which is the best
possible behavior regarding strong faithfulness. This may be counterintuitive, but it
has been confirmed in simulations. In Fig. 4 we plot, via (6), the proportion of strong-
unfaithful distributions Vg (L) for the five graphs in Sect. 2 for varying values of A.
Especially in the plot for p = 10 it becomes apparent that the behavior for A — 0 is
very different than, say, for A = 0.001. For A — 0 we have Veomplete (A) < Vehain (1),
although the chainlike graph is much sparser than the complete graph. Note also that
the complete graph K¢ has Zi(iz (lko ) (S) = 11520 relevant triples (i, j, S), whereas
for Chainjq there are only Zi:l k2k=1 = 4097 such triples.

In what follows we explain the algebraic computations that led to Theorem 4.1. We
used ideal-theoretic methods from [3] in their implementation in the Grobner-based
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software packages Macaulay 2 [5]and Singular [4]. Animportant point to note
at the outset is that the ideal Jacob; ; g is almost never the unit ideal. By Hilbert’s
Nullstellensatz, this means that the hypersurfaces f = det(K;g jr) have plenty of
singular points over the field C of complex numbers. What Theorem 4.1 asserts is that,
in many of the cases of interest to us here, none of those singular points have their
coordinates in the field R of real numbers.

To study the real variety of an ideal, techniques from real algebraic geometry are
needed. A key technique is to identify a sum of squares (SOS). Indeed, the real Null-
stellensatz [15] states that the real variety is empty if and only if the given ideal contains
a certain type of SOS. To apply this to directed Gaussian graphical models, we shall
use the fact that every principal minor of the covariance matrix or the concentration
matrix furnishes such a SOS.

Lemma 4.2 Every principal minor det(Kgr.r) of the concentration matrix K of a
DAG is equal to 1 plus a sum of squares in Qla;; : (i, j) € E). In particular, its real
variety is empty.

Proof We can write the principal submatrix Kz g as the product (A — I)g - ((A —
1) R,*)T, where ( )g  refers to the submatrix with row indices R. Thus Kg g is
the product of an |R| x p matrix and its transpose. By the Cauchy-Binet formula,
det(Kg,r) equals the sum of squares of all maximal minors of the |R| x p matrix
(A —1I)R,«. One of these maximal minors is the identity matrix. Hence the polynomial
det(Kg,gr) has the form 1 + SOS. In particular, the matrix K g is invertible for all
parameter values in RE . O

We note that Lemma 4.2 holds more generally also in the case of unequal noise
variances. In the context of commutative algebra, it now makes sense to introduce the
saturations

o0

Slngui’ij = Slngui’j’R : H ajj
(i,))EE

These are also ideals in Q[a;; : (i, j) € E]. By definition, Slngu i R consists
of all polynomials that get multiplied into the Jacobian ideal by some power of the
determinant of Kz g, and Singu; LR consists of polynomials that get multiplied into
Singu; ; g by some monomial. By (3, §4.4], the variety of Singu; ; g is the Zariski
closure of the set-theoretic difference of the variety of Jacob; ; r and the hypersurface
{det(K g r) = 0}. We saw in Lemma 4.2 that the latter hypersurface has no real points.
The ideal Singu;.i j,k Tepresents singularities in (R\{0})Z.

Corollary 4.3 The singular locus of the real algebraic hypersurface {det(K iR,jR) =
O} in RE coincides with the set of real zeros of the ideal Singu; ; g. The set of real
zeros of Slngu iR is the Zariski closure of the subset of all singular points whose
coordinates are nonzero
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Proof of Theorem 4.1 We computed the ideals Jacob;, j g and Singu; ; p for every
almost-principal minor K;g jg in the concentration matrices of the graphs G =
K3, K4, K5, K¢. In all cases the ideal Singu; j,R Was found to equal the unit ideal
(1). These exhaustive computations were carried out using the software Singular
[4]. This establishes Theorem 4.1. O

We briefly discuss our computations for the complete directed graph on six nodes.

Example 4.4 Fix the complete directed graph G = K¢. We tested all 240 conditional
independence statements and computed the corresponding ideal Singu; ; . We discuss
one interesting instance, namely, i = 1, j = 3, R = {2, 4}. The almost-principal
minor Ko41,243 =

2 2 2 2

ays +ay, +ays +ase + 1 a5a45 + az6a46 — A4 (24A34+0A25035+A26036—023
2 2

apsays + azedae — a4 ags +age+1 azsass + azeaae — 34

a13a23+0a14a24+0a]15025+016a26—0A12 A15045 + A16046 — d14 A14434 + a15035 + A16436

contains all 15 parameters except ase. Its determinant is a polynomial of degree 6.
Of its 14 partial derivatives, 13 have degree 5. The derivative with respect to a;» has
degree 4. Thus Jacoby 3 (2 4} is generated by 15 polynomials of degrees 4,5, ..., 5, 6.
The matrix K24 24 is the upper left 2 x2-block in the preceding matrix. The square of
its determinant is a polynomial of degree 8 that happens to lie in the ideal Jacob 3 (2 4;.
This proves Singu; 3 (5 4y = (1). O

For graphs G that are not complete, Singu; ; r may not be the unitideal. We already
saw one nonobvious instance of this for the tripartite graph in Example 2.1. Here is an
even smaller example where the Jacobian ideal and its saturations are equal and not
the unit ideal.

Example 4.5 Let p = 4, and take G to be the almost-complete graph with adjacency
matrix

0 a3 aus
0 ax a4
00 axu
00 O

A =

(el e e )

The conditional independence statement 1 1L 2|4 is represented by the almost-
principal minor

2
_fayut1 ax4azq — a3
K313 =
a14a34 — a13  a13a23 + a4a4

of the concentration matrix. The determinant of this minor factors into two binomials:

det(K31,32) = (a13a34 + a14)(a23aszs + az4). (10)
EOE';W
@ Springer ,_ﬁjo'}



1096 Found Comput Math (2014) 14:1079-1116

Table 1 RLCT for all DAGs

with three nodes 1, n 1,2 Subtotal
Monomial 21 3 24
Smooth 3 3
Subtotal 24 3 27

Table 2 RLCT for all DAGs

with four modes (I, (1,2) (1,3) (1/2,1) Subtotal

Monomial 568 145 14 1 728
Smooth 198 198
Normal crossing 22 2 24
Blowup 12 12
Special 2 1 3
Subtotal 780 168 16 1 965

The Jacobian ideal is the prime ideal generated by these factors:
Jacoby p3 = Singu1’2,3 = Singu’f’zj = (a13a34 + aia, axzazq + asq ).

The left equality holds because det(K33) = a§4 + 1 is a non-zero-divisor modulo
Jacoby 3 3. The singular locus of (10) is the three-dimensional real variety defined
by this binomial ideal in the parameter space R>. Its RLCT is found to be (£, m)
=(1,2). O

This example inspired us to analyze the partial correlations of all small DAGs with
p < 4 nodes. In our experiments, we found that det(K; g ;g) is frequently the product
of a monomial with a strictly positive sum of squares. This is the case when there is
a unique path which d-connects nodes i and j given S. For instance, this holds for
trees. Such cases are denoted as Monomial in Tables 1 and 2. For these, the RLCT is
read off directly from Proposition 3.5. The rows labeled Smooth cover cases that are
not monomial but where Singu; ; p is the unit ideal, so Proposition 3.6 gives us the
RLCT. The next theorem summarizes the complete results. The trivial case p = 2 is
excluded because there is only one graph 1 — 2, with RLCT(1, 2|@) = (1, 1). Here
and in Tables 1 and 2 we enumerate unlabeled DAGs.

Theorem 4.6 Under the assumptions in Theorem 3.8, for all DAGs with p < 4 nodes
and all triples (i, j, S), the value RLCT(i, j|S) is given in Tables 1 and 2. In all cases
but one, we have RLCT(, j|S) = (1, m), where m < p.

To establish Theorem 4.6, we listed every DAG G and every triple (i, j, S) thatis not
d-separated in G. The rows Monomial and Smooth were discussed earlier. On three
nodes there are only three partial correlations that correspond to the weighted sum
of more than one d-connecting path, namely, the partial correlations corr(1,2 | 3),
corr(1, 3), corr(2, 3) in the complete DAG 1 — 2,2 — 3, 1 — 3. These are the
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Fig. 5 Four-node DAG

three cases of smooth RLCTs in Table 1. The row Normal crossing refers to cases
covered by Theorem 7.1. The Special cases are treated in Examples 4.5 and 4.8.
Lastly, the row Blowup represents instances where the real singular locus is a linear
space. Our computation of RLCT (i, j|S) = (£, m) for such instances uses the method
in Example 7.4. We now examine the unique exceptional case where £ # 1.

Example 4.7 Let p = 4 and G = Tripart, ;. Then the corresponding concentration
matrix may be obtained from Example 4.5 by setting aja = az4 = 0. The partial
correlation for 1 1.2 |4 is now given by

2
det(K13,23) = aizaxzasy,.

For this monomial, Proposition 3.5 tells us that (¢, m) = RLCT(1,2[4) = (1/2,1).0
Here is an case where the RLCT depends in a subtle way on the choice of 2.

Example 4.8 Consider the conditional independence statement 1 _Ll 3 |4 for the DAG
in Fig. 5. The partial correlation is represented by the almost-principal minor

det(K1223) = a3 - &, where g = ar3ansazs +azy + 1.

The component {g = 0} is smooth in R*. However, it is disjoint from the cube
Q=[-1, 1]4. To see this, note that —1 < az3zaz4az4 in 2. With this, g = 0 would
imply a»4 = 0 and, hence, g = 1, a contradiction. Consequently, if €2 is the cube
[—1, 1%, then the correlation hypersurface is simply {a;3 = 0}, and the RLCT equals
(1, 1) by Proposition 3.5. The other special case with RLCT = (1, 1) in Table 2 comes
from swapping the labels of nodes 1 and 2.

Now, if we enlarge the parameter space €2, then the situation changes. For instance,
suppose (a13, az3, ax, az4) = (0, =2, 1, 1) is in the interior of 2. This is a singular
point of det(K12,23) = a3 - g. The RLCT can be computed by applying Theorem 7.1.
Itis now (1, 2) instead of (1, 1). This example shows that the asymptotics of V; js(A)
depends on 2. However, it is possible to choose €2 in such a way that further enlarge-
ment will not cause the asymptotics of Vg (A) to change. Such a choice could be used
as a worst-case analysis for Vg (1), but to avoid complicating the paper, we will not
explore this any further. O

Remark 4.9 We briefly return to the issue of faithfulness in the PC algorithm. Zhang
and Spirtes [20] introduced a variant known as the conservative PC algorithm. As
the name suggests, this algorithm is more conservative and may decide not to orient
EOE';W
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certain edges. The conservative PC algorithm only requires adjacency faithfulness for
correct inference, which is simply strong faithfulness restricted to the edges of G:

|corr(i, j|S)| > A  forall (i, j) € EandS C V\{i, j}.

If {i, j} is not adjacent to R, then the relevant minor equals det(K;g jr) =
ajjdet(Kg gr) + f(a), where f is a polynomial in a = {ay | (s,t) # (i, j)}, the
correlation hypersurface is smooth, and (¢, m) = (1, 1). If {i, j} is adjacent to R, then
the behavior can be more complicated, as seen in Example 4.8.

5 Asymptotics for Trees

In [17] trees were treated as one class. However, as noted in the discussion of Fig. 2,
there is a striking difference between the volume V(1) for chainlike graphs compared
to stars. In this section we give an explanation for this difference based on RLCTs.

We use the notation SO S(a) for any polynomial that is a sum of squares of
polynomials in the model parameters (a;j)(, j)ee. Suppose that G is a tree on
V ={1,2,..., p}, and let m be the longest length of an undirected path in G. It
was shown in [17, Corollary 4.3(a)] that any nonzero almost-principal minor of the
concentration matrix K has the form

det(Kig,jr) = (1+850S8(a)) - ai-j, Y

where a;_, ; is the monomial of degree < m formed by multiplying the parameters
ars along the unique path between i and j. Specifically, for the two trees in Fig. 1 we
have

1 j=1 f G — Chai
det(K,-R,jR) = (1+505() Hk:z Ak k+1 1 G=C am, N
(1+S0S(a)) - ayiar,j if G =Star,, andi, j > 1.

In both cases, the term SO S(a) disappears when i and j are leaves of the tree G; cf.
(13) and (14).

Since the correlation hypersurfaces for trees are essentially given by monomials,
we can apply Proposition 3.5. The minimal RLCT is (1, m), where m is the largest
degree of any of the monomials in (11). Corollary 3.9 implies the following result.

Theorem 5.1 Under the assumptions in Theorem 3.8, if G is a tree, then the volume
of \-strong-unfaithful distributions satisfies

Vo(A) ~ CA(—=Inn)" !,
where m is the length of the longest path in the tree G, and C is a suitable constant.

In the case of stars we have m = 2, whereas for chainlike graphs we havem = p—1.
FolCT
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Corollary 5.2 Under the assumptions in Theorem 5.1, the volume Vg () of strong-
unfaithful distributions satisfies

Cehain - AM(—1In )‘)p_z if G= Chainp,

. (12)
Cstar - AM(—1In )) if G = Star),

Vo) ~ [

where Cchain and Cgar are suitable positive constants.

As a consequence, the volume Vi (1) is asymptotically larger for chains compared
to stars, and the difference increases with an increasing number of nodes p. This
furnishes an explanation for Fig. 2, at least for small values of A. In that figure we saw
the curve for the chain lying clearly above the curve for the star tree. However, one
subtle issue is the size of the constants Cchain and Cgiar. These need to be understood
in order to make accurate comparisons.

In Sect. 8, we develop new theoretical results regarding the computation of the
constant C in (7). Theorem 8.5 gives an integral representation for C when the partial
correlation hypersurface is essentially defined by a monomial. In Example 8.7 we shall
then derive the following corollary.

Corollary 5.3 The two constants in (12) are

1
Cehain = m and Cypr = (i)

This result surprised us at first. It establishes the counterintuitive fact that as p
grows, the constant for the lower curve in Fig. 2 is exponentially larger than that for
the upper curve. Therefore, to fully explain the relative position of the two curves for
a wider range of values of A > 0, it does not suffice to just consider the first order
asymptotics (7). Instead, we need to consider some of the higher-order terms in the
series expansion (8).

As we shall see in Sect. 8, it is difficult to determine the constants Cy ,, in (8) ana-
lytically. In the remainder of this section, we propose a procedure based on simulation
and linear regression for estimating the constants Cy_,, in the asymptotic explanations
of the volumes Vi (4) and V; js(A). For simplicity we focus on the latter case and we
take f = det(K,-R,jR).

Suppose that G is a DAG for which the RLCTs (¢, m) in Theorem 3.8 and Corol-
lary 3.9 are known. This is the case for all trees by Theorem 5.1. Our procedure goes
as follows. We first sample n points uniformly from €2 and compute the proportion of
points  that lie in Tube; j|s(A) for different values of A. We then fit a linear model to

Vi jls(L)

A€ ~ Cp-1(=In )L)m71 4+ Cp—2(—In )\)m72 + .-+ Cy,

where (¢, m) is the known RLCT.
In what follows, we illustrate this procedure for chains and stars. We analyze two
specific examples of partial correlation volumes, namely, those corresponding to the
EOE';W
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Fig. 6 Regression-based asymptotics for chains and stars

longest paths in each graph, that is, V7 ,4(2) for Chain,, and V> 3)4(2) for Star . For
chainlike graphs

P I1P  a
COIT(], p) = ( ) Hz:l i,i+1 ’

i, (1 Gy 0 )

13)

whereas for star graphs

aj2 a3

Ja+aya ta)

corr(2,3) = — (14)

We first approximate V; (1) for chainlike graphs and V5 3)5(2) for star graphs
by simulation for various values of A. This means that we sample n points uniformly
in the (p — 1)-dimensional parameter space €2, and we count how many of them are
< A. The results for p = 6 and p = 10 are shown in Fig. 6. These are based on a
sample size of n =1,000,000. We then fit a linear model

Vi, pig(A)

) Cpa(=In2)P2 + Cps(—=In )P+ + Co

for chainlike graphs. The curve resulting from the regression estimates is shown in
black in Fig. 6. The curve resulting from the first-order approximation with the con-
stants computed using Corollary 5.3 is shown in gray in Fig. 6. We note that, especially
for chainlike graphs, where the true constant in Corollary 5.3 is small, the first-order
approximation is very bad.

The approximation by regression, on the other hand, is a fast way to get pretty
accurate estimates of all constants. The same was done with star graphs, but with the
linear model
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V. A
%() ~ Ci(=In) + Co.
Figure 6 shows that the first-order approximation is more accurate for stars than for
chains.

6 Volume Inequalities for Bias Reduction in Causal Inference

We now discuss the problem of quantifying bias in causal models. Our point of depar-
ture is Greenland’s paper [7], where the problem of quantifying bias is discussed for
binary variables. In contrast to the previous sections, in the situation discussed here, a
large tube volume is in fact desired since it corresponds to small bias. In this section
we use the notation K; ;s for the almost-principal minor K; g ;g of the concentration
matrix.

We are interested in estimating the direct effect of an exposure E on a disease
outcome D (i.e., the coefficient on the edge E — D) from the partial correlation
corr(E, D | S), where S is a subset of the measurable variables. This partial correlation
is a weighted sum over all open paths (i.e., paths that d-connect E to D) given S
(the direct path agp being just one of them). For estimating the direct effect agp
from corr(E, D |S), all open paths other than the direct path are thus considered
as bias. We shall analyze two forms of bias that are of particular interest in practice,
namely, confounding bias and collider-stratification bias. We start by defining collider-
stratification bias.

Suppose we are given a DAG G with D, E € V and there is another node C such
that

E—-Vi—>.--.>Vi>C<—W «--- <« W < D.

This says that C is a collider on a path from D to E. Stratifying (i.e., conditioning) on
C opens a path between E and D leading to bias when estimating agp. The partial
correlation corresponding to the opened path between E and D is known as collider-
stratification bias. It arises, for example, in the context of discrete variables, where
instead of obtaining a random sample from the full population, a random sample is
obtained from the subpopulation of individuals with a particular level of C.

Example 6.1 We illustrate collider-stratification bias for the tripartite graph G =
Triparts | shown in Fig. 7a. Let node 1 represent the exposure E and node 2 the
disease outcome D. In this example, node 5 is a collider C for multiple paths between
E and D. When stratifying on C = 5, node E = 1 is d-connected to node D = 2 via
the following paths:

1>3->5<«4<«2 1545532 1>3>5«3<«2,
1>4—>5«4<«2.
EOE';W
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(a) Triparty , (b) Tripart , (¢) Tripart,, , s (d) Almost-
chain graph

Fig. 7 Various tripartite and almost tripartite graphs

The bias introduced for estimating the direct effect of E on D when conditioning
on C is

2 2
a13a35045024 + A14045035023 + A13035023 + 14045024

corr(1,2]5) =
(.21 Vdet(K34,134) det(K234,234)

15)

The numerator det(K34,234) is the weighted sum of all open paths between E and D.
Similarly, nodes 3 and 4 are colliders for multiple paths. The bias when conditioning
on these is

corr(1,2 | 34) = corr(1, 2| 345) = 213023 + 14424 . (16)

(a}y +aly + (a3 + a3, + 1)

Problem 6.2 is about comparing the tube volume for (15) with the tube volume for
(16). O

A question of practical interest in causal inference is to understand the situations in
which stratifying on a collider leads to a particularly large bias. It is widely believed that
collider-stratification bias tends to attenuate when it arises from more extended paths
[2,7]. What follows is our interpretation of this statement as a precise mathematical
conjecture.

Problem 6.2 Let D,E € V and C = {C € V | 3path P from E to D with C as a
collider}. We introduce a partial order on the collider set C by setting C < C' if all
paths on which C is a collider also go through C’. Given subsets S, S’ C C, we set
S < S’ if for all C e S there exists C’ € S’ such that C < C’. If this holds, then the
bias introduced when conditioning on S should be smaller than when conditioning on
S’. To make this precise, we conjecture:

Vp.eis(h) = Vpgpisg(h)  forall S < S andall & € [0, 1]. (17)

We now study this conjecture for the tripartite graphs Tripart, . For tripartite
graphs the conjecture says that says that the collider-stratification bias introduced
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Fig. 8 Effect of collider bias on complete tripartite graphs and bow ties

when conditioning on the third level {p — p’ + 1, ..., p} is in general smaller than
when conditioning on the second level of nodes {3, ..., p — p'}, i.e,,
Vigip=p+1,..pA) = Vi2a, . p—p Q). (18)

This inequality is confirmed by the simulations shown in Fig. 8a. Here p = 5, p’ = 2
is shown in red and p = 10, p’ = 2 is shown in blue. The solid lines correspond to
the volume Vi 3,—pr41,... p(X), whereas the dashed lines correspond to the volume
Vias,...p—p ).

Going beyond simulations, we now present an algebraic proof of our conjecture
when A is small for the tripartite graphs in Fig. 7c, where the second level has only
one node.

Example 6.3 For G = Tripart,, ,, 5 the left-hand side of (18) is given by

P
det(K12j4,5,....p) = a13a23 (Z a%k).

k=4

Depending on the values of p, the corresponding RLCT is given by

(3.1 if p=4,
RLCT(1,24,...,p) =1 (1,3) if p=35, (19)
(1,2) if p>6.

For p = 4 this was Example 4.7. To prove (19) for p > 5, we need two ingredients.
Firstly, if the polynomial is a product of factors with disjoint variables, then the RLCT
is the minimum of the RLCT of the factors, taken with multiplicity [e.g., if the RLCTs
are (¢, mp) and (¢, mj), then the combined RLCT is (¢, m| +m>), just like in the case

Eo oy
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of a monomial]. Secondly, the RLCT of a sum of squares of d unknowns is equal to
(d/2,1). We saw this in Example 3.3.
For the right-hand side of (18), we condition on node 3. Now, the defining polyno-
mial is
det(K1,23) = aizazs.
By Proposition 3.5, this has RLCT (1, 2), which is larger than or equal to all values
of (¢, m) in (19). To compare the behavior of V; 23(A) and Vi 24, p(A) for small

X, we will need to derive the constant C in (7). In Example 8.8, we will show that if
p > 6 and the parameter space is

Q={aeR\ " ap| <1 |ax| < laz + - +a3, <1}, (20)

then the asymptotic constants are givenby C; 23 = L and C1 2j4,... p =2+2/(p—3).
We conclude that Vi 23(1) < Vi 2j4,...p(A) for small values of A, as conjectured in
Problem 6.2. O

Example 6.4 A slight twist to Example 6.3 is the almost-chain graph shown in Fig. 7d,
with edges £ = {(1, 3), (2, 3), (3,4), ..., (p — 1, p)}. For such graphs, Problem 6.2
asks whether

Vips) < Vig(d)  ifs <t

This holds for small A because det(K 25) = a13a23 ]_[,i;l3 a,f’ Kl By Proposition 3.5,

(1,2) if 5 =3,

RLCT(1, 2]s) = ] )
(3,5 =3) if s > 4,

so RLCT(1, 2|s) > RLCT(1, 2|¢) fors <t. O

In Example 6.3 we resolved Problem 6.2 for tripartite graphs whose middle level
consists of one node. We next consider the case Tripart,, ;, where the third level has
one node.

1>

Example 6.5 The graph Triparts ; shown in Fig. 7a was discussed in Example 6.1. We
focus on the numerators in (15) and in (16). The polynomial (15) will be studied in
Example 7.5, where we prove that RLCT(1,2|5) = (1, 3). Using the same method
for Tripart), ; gives

(3.1 if p=4,
RLCT(1,2|p) = 41(1,3) if p=5, RLCT(1,23,...,p—1)
(1,2) if p>6,
|a if p=4,
“la,n if p>5.
FoCT
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Thus, we conclude that V1 2,(A) > Vi253,... p—1(A) for small values of A > 0. O

Example 6.6 For the graph Triparts , in Fig. 7b we check whether Vi 3s6(1) >
Vi234(1) for small L. As before, RLCT(1,2]3,4) = (1, 1), but a hard computa-
tion using the tools of Sect. 7 reveals that now RLCT(1,2]5,6) = (1, 1). Thus,
knowledge of the RLCT is not sufficient to establish (17). What is needed is a finer
analysis along the lines of Sect. 8. O

The second form of bias studied by Greenland [7] is confounder bias. In the context
of a directed graphical model G, a confounder for the effect of E on D is a node C
such that

E<~Vi— - .« Vi«-C—->W —---— W, — D.

The partial correlation introduced by the path from E to D passing through C is
referred to as confounder bias. In such situations, stratifying on C blocks the path
between E and D (i.e., C d-separates E from D) and therefore corresponds to bias
removal.

In certain graphs, such as the bow-tie example in [7], there are variables where strat-
ifying removes confounder bias but at the same time introduces collider-stratification
bias. For instance, consider the graph G = Bows, where node 4 corresponds to expo-
sure E and node 5 corresponds to disease outcome D. Then conditioning on node 3
blocks the paths

4«3—>5 4«1—-3—>5 4«3<«2-—>5, 21
and therefore reduces confounder bias, but opens the path
4« 1—->3«2-—5, (22)

and therefore introduces collider-stratification bias. This tradeoff is of particular inter-
est in situations where one cannot condition on 1 and 2, for example because these
variables were unmeasured. It is believed that in such examples the bias removed by
conditioning on the confounders is larger than the collider-stratification bias intro-
duced, and one should therefore stratify. We translate this statement into the following
mathematical problem.

Problem 6.7 Let D, E € V, and we denote by D the confounder-collider subset, i.e.,
D=C N {C eV |3Ipathx from E to D having C as a confounder}.
We conjecture the following inequality for the relevant tube volumes:
Vp,eis(A) = Vp (A, forall S C D and all A € [0, 1].

This conjectural inequality is interesting for the bow-tie graphs Bow ,. It means that
conditioning on the nodes in the second level reduces bias since the bias removed by
FolCT
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conditioning on the confounders is larger than the collider-stratification bias introduced
by conditioning:

Vo—1,p13,..p—20) = V1 pip(V). (23)

This is confirmed by our simulations in Fig. 8b for p = 5inred and p = 10 in
blue. The solid line corresponds to the volume V,_1 p3,... p—2(X) and the dashed line
corresponds to V), ,—15(A). In the following example we prove inequality (23) for
p =5and small A > 0.

Example 6.8 Let G = Bows as in Fig. 1d. The left-hand side of (23) is represented
by

det(K4,5)3) = a13ai4az3as.

This monomial is the path in (22). The corresponding RLCT is (1, 4). The polynomial
representing the right-hand side of(23) is a weighted sum of the paths in (21):

2 2
det(Ky,510) = azaass(1 + a3 + ay3) + axzassazs + ajzajaass.

We derive its RLCT using the blowups described in Sect. 7. We find that it is (1, 1).
Since (1,4) < (1, 1), we conclude V4 5;3(1) > Vi 54(X). O

7 Normal Crossing and Blowing Up

In this section we develop more refined techniques for computing RLCTs. The fol-
lowing theorem combines the monomial case of Proposition 3.5 with the smooth case
of Proposition 3.6. As promised in Sect. 3, this furnishes the proofs for these two
propositions.

Theorem 7.1 Suppose p(w) = wf', ..., a);d and f(w) = o', ..., 0y g(w) where
11, ..., T4 are nonnegative integers, K1, . .., kK, are positive integers, and the hyper-
surface g(w) = 0 is either empty or smooth and normal crossing (see definition in
what follows) with wy, . .., wy.. We write wy = g, ko = 1, and 19 = 0, and we define

£ = min , J=
i€l K

i+ 1 i+ 1
it ’argmintl+ ], m=\7J]|,

ieZ Ki
where 1 is the set of all indices O < i < r such that w; has a zero in Q2. Then we have
RLCTq(f; ¢) = (£, m),

provided the equations w; = 0 for i € J have a solution in the interior of 2.

The normal crossing hypothesis in Theorem 7.1 means that the system

of o2l M

dwy o ’aw, o 0wy +1 a - dwy

0
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has no solutions in €2. See [12] to learn more about normal crossing singularities.
We begin with a technical lemma establishing that the RLCT can be computed
locally.

Lemma 7.2 For every x € Q2 there exists a neighborhood Q2 C Q2 of x such that
RLCTq, (f; ¢) = RLCTy (f; @)
for all neighborhoods U C Q2 of x. Moreover,

RLCTq(f; ¢) = minRLCTgq (f; ¢),
X

where we take the minimum over all x in the real analytic hypersurface {w € Q :

Sf(w) =0}.
Proof This comes from [14, Lemma 3.8, Proposition 3.9]. O

Proof of Theorem 7.1 Lemma 7.2 states that RLCTq(f; ¢) is the minimum of
RLCTgq, (f; ¢) as x varies over 2. Writing each subset 2, as R, N 2, where Ry
is a sufficiently small neighborbood of x in R, we claim that RLCTq(f; ¢) =
min,cq RLCTg, (f; ¢) if this minimum is attained in the interior of €. Indeed, for x
in the interior of 2, we get RLCTg (f; ¢) = RLCTgq, (f; ¢). Otherwise, the volume
of {w € Qy : f(w) < A} is less than that of {w € R, : f(w) < A} for all A. Hence,
RLCTg, (f; ¢) <RLCTgq, (f; ¢), and the claim follows.
Now, to prove Theorem 7.1, it suffices to show that for each x € Q2 we have

[ Cn+1 ]
argmin
i€, Ki

where 7, is the set of all indices 0 < i < r that satisfy w;(x) = 0. Without loss of
generality, suppose x = (x1, ..., Xg), where x; = --- = x; = 0 and x541, ..., x, are
nonzero. If g(x) # 0, we may divide f(w) by g(w) without changing the RLCT in
a sufficiently small neighborhood R, of x. The RLCT of the remaining monomial is
determined by [14, Proposition 3.7]. Now, let us suppose g(x) = 0. Because g(w) is
normal crossing with w1, ..., w,, one of the derivatives dg/dw; must be nonzero at
x for some s + 1 < j < d. We assume R, is sufficiently small, so that this derivative
and ws41, . .., @, do not vanish. Consider the map o : R, — R4 given by

i€y Ki

.41
RLCTRg, (f; ) = min ,

oj(@) =g(w), oi(®) =w; fori#j.

The Jacobian matrix of o is nonsingular, so this map is an isomorphism onto its image.
SetU = u(Ry)and p =o' : U — R,. Then forall u € U we have

(fop)(w) =pi's ..., wfuj-a(w) and (pop)(w) =pui', ..., 1y b,
where the factors a(w) and b(u) do not vanish in U. Using the chain rule [14, Propo-
sition 4.6], we get RLCTg (f; ¢) = RLCTy(f o p; ¢ o p). The latter RLCT can

EOE';W
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be computed once again by dividing out the nonvanishing factors and applying [14,
Proposition 3.7]. O

The hypersurface { f (w) = 0} may not satisfy the hypothesis in Theorem 7.1. In that
case, we can try to simplify its singularities via a change of variables p : U — Q. With
some luck, the transformed hypersurface {(f o p)(u) = 0} will be described locally
by monomials and the RLCT can be computed using Theorem 7.1. More precisely,
let U be a d-dimensional real analytic manifold and p : U — €2 a real analytic map
that is proper, i.e., the preimage of any compact set is compact. Then p desingularizes
f(w) if it satisfies the following conditions:

1. The map p is an isomorphism outside the variety {w € Q : f(w) = 0}.
2. Givenany y € U, there exists a local chart with coordinates p1, ..., ;g such that

(fop)(w) =uy', ... ;g ~a(u), detdp(u) =pui', ... wy - b(w),

where det dp is the Jacobian determinant, the exponents «;, T; are nonnegative
integers, and the real analytic functions a(u), b(t) do not vanish at y.

If such a desingularization exists, then we may apply p to the volume function (7)
to calculate the RLCT. Care must be taken to multiply the measure ¢ by the Jacobian
determinant |det dp| in accordance with the change-of-variables formula for integrals.

Hironaka’s celebrated theorem on the resolution of singularities [9, 10] guarantees
that such a desingularization exists for all real analytic functions f(w). The proof
employs transformations known as blowups to simplify the singularities. We now
describe the blowup p : U — R? of the origin in R¢. The manifold U can be covered
by local charts Uy, . . ., Uy such that each chart is isomorphic to RY and each restriction
pi : Uj = R? is the monomial map

(Ml? "‘1/"Ll‘—19é1 Ml+19 "'7l’l/d) H (gl/Ll? "'!s“i_l7g7€l/l/i+l7 "‘75/"’(1)'

Here, the coordinate hypersurface £ = 0, also called the exceptional divisor, runs
through all the charts. If the origin is locally the intersection of many smooth hyper-
surfaces with distinct tangent hyperplanes, then these hypersurfaces can be separated
by blowing up the origin [9].

Example 7.3 Consider the curve {f(x,y) = xy(x + y)(x — y) = 0} in Fig. 3d.
To resolve this singularity, we blow up the origin. In the first chart, the map is p; :

(&, y1) — (&,&Ey1), 50
fopr=&* A +yN1—y) and detdp =&

The lines {y = 0}, {x + y = 0} and {x — y = 0} are transformed into {y; = 0},
{y1 = —1} and {y; = 1} respectively in this chart, thereby separating them. The line
{x = 0} does not show up here, but it appears as {x; = 0} in the second chart, where
p2 1 (x1,8) > (§x1,§) and

fom=E%0a+ D@ —1, detdpr =§.
FoCT
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Since the curve {(1 + y;)(1 — y;) = 0} is normal crossing with £y; in the first
chart, we can now apply Theorem 7.1. The chain rule [14, Proposition 4.6] shows that
RLCTq(f; 1) is the minimum of RLCTy, (f o p;; det dp;) fori = 1, 2. In both charts,
this RLCT equals (3, 1). O

Example 7.4 Let p = 4 and G be an almost complete DAG with aj3 = 0. We consider
the conditional independence statement 1 L 3 |4. The correlation hypersurface is
defined by

2
[ =det(K12,23) = a14a53a34 + a14a23a24 + a12024034 — A12023 + A14a34.

The real singular locus is a line in the parameter space R> since Singu; 3, =
(a12, a14, az3, aza). Blowing up this line in RS creates four charts: Uy, U, Us, Us.
For instance, the first chart has

p1 2 Uy — R, (&, wia, o3, aza, w3a) > (£, Epu1a, E003, ana, E134),
det dp; = &£°.

Then f transforms into f o p; = &2 - g, where g = u14u§3u34$2 + pn1apza +
1423024 + (3aa24 — (23. The hypersurface {g = 0} has no real singularities, so it
is smooth in U;. We can thus apply Theorem 7.1 with Z = {0, 1} to find RLCTy, (€2
g, 53) = (1, 1). The behavior is the same on U;, U3, and Uy, and we conclude that
RLCT(1, 3|4) = (¢, m) = (1, 1). This example is one of the 12 cases that were labeled
Blowup in Table 2. The other 11 cases are similar. O

Example 7.5 In Example 6.5 we claimed that RCLT(1,2|5) = (1,3) for G =
Triparts . We now prove this claim by using the blowup method. The polynomial
in question is

f = det(Ky25) = (a13a35 + a1aass)(ax3azs + ar4ass).

The singular locus of the hypersurface { f = 0} is given by

. . a3 a3 ass
Singu = (ass, ags) N {2 x 2 minors of .
guy 34 = ( ) d1a dos —ass
We blow up the linear subspace {azs = as5 = 0} in R®. This creates two charts.
The map for the first chart is p1 : (a13, a4, a23, a24, &, pas) — (a3, ais, a3, ax,
&, & uas). This map gives

fop1 =& + aiapas)(as + azapss), detdp) = &.

Now, by setting aj3 = x — ajapas and a3z = y — apajias, the transformed func-
tion f o pj is the monomial £2xy. Then Theorem 7.1 can be employed to evaluate
RLCTy, (¢ 2xy, &) = (1, 3). The calculation in the second chart is completely analo-
gous. O
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The same approach as in Example 7.5 can be applied to the polynomial f =
det(K256¢) in Example 2.1. A lengthy calculation, involving many charts and multi-
ple blowups, eventually reveals that G = Tripartg , satisfies RCLT(1, 2|56) = (1, 1).
This was stated in Example 6.6.

8 Computing the Constants

We now describe a method for finding the constant C in the formula V(1) =~
Cr~t(—=In2)™ 1 in (7). The two theorems in this section are new, and they extend
the results of Greenblatt [6] and Lasserre [13] on the volumes of sublevel sets. Unless
stated otherwise, all measures used in this section are the standard Lebesgue measures.
We begin by showing that the constant C is a function of the highest-order term in the
Laurent expansion of the zeta function of f.

Lemma 8.1 Given real analytic functions f, ¢ : Q2 — R, consider the Laurent expan-

sion of

ag.m agm—1
—-zm  (L—zgmt

)

£(2) = / | f (@)~ p(@)do =
Q

where £ is the smallest pole and m its multiplicity. Then, asymptotically as ) tends to
zero,

ae.m =y

[f (@)=

Proof According to the proof of [18, Theorem 7.1], the volume function V (1) equals
fo)‘ v(s)ds, where v(s) = [, 8(s — f(®)) ¢(w)dw is the state density function and &

the delta function. Now, using the proof of [14, Theorem 3.16], we obtain

v(s) = —L_ gyl 4 (sf—l(—lns)m—l) ass — 0.

a
(m — 1)!

Here we used the little-o notation. Finally, using integration by parts, we find that

Vo) = =2 by 4 o (#(— In x)m—l) as A — 0. O
Lim — 1)!

Example 8.2 In Example 3.3, we saw that the volume of the d-dimensional ball defined

by Iw% 4+ 4 a)L21| < A wasequalto V(1) = CA=4/2 for some positive constant C.

Here we show how to compute that constant using asymptotic methods. By Lemma 8.1,

C = 2a/(d 2%), where « is the coefficient of (d/2 — z)™ in the Laurent expansion of

the zeta function

;(Z)=/|a)]2+...+w§|‘zdw.
Rd
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Computing this Laurent coefficient from first principles is not easy. Instead, we derive
o using the asymptotic theory of Laplace integrals. The connection between such
integrals and volume functions was alluded to in Definition 3.2. By [14, Proposition
5.2], the Laplace integral

Z(N) = /efN(w%ererﬁ)dw
Rd

is asymptotically o F(%’)N ~d/2 for large N. But this Laplace integral also decomposes
as

Z(N) = /e_Nw%dwl -"/e_N‘”ﬁdwd = (VAN
R R

where each factor is the classical Gaussian integral. Solving for « leads to the formula

dj2 dj2

C= /4 _ T
20.7(9)-§ 2. TG+

O

In Sect. 3, we saw how the RLCTs of smooth hypersurfaces and of hypersurfaces
defined by monomial functions can be computed. The following two theorems and
their accompanying examples demonstrate how the asymptotic constant C can also be
evaluated in those instances. Here, we say that two hypersurfaces intersect transver-
sally in RY if the points of intersection are smooth on the hypersurfaces and if the
corresponding tangent spaces at each intersection point generate the tangent space of
R at that point.

Theorem 8.3 Let { f = 0} be a smooth hypersurface, and let ¢ : 2 — R be positive.
Suppose df /0w, is nonvanishing in Q2. Let W be the projection of the hypersurface
{f = 0} C Q onto the subspace {(w>, . .., wq) € RI™Y}, and let p : @ — R? be the
map w +— (f(w), w2, ..., wq). If the boundary of Q2 intersects transversally with the
hypersurface { f = 0}, then

V() = / ¢p(w)dw ~ Ci
{we:| f(w)| <2}

asymptotically (as A — 0), where

C=2/ 14 opil(O,a)z,...,a)d)da)z,...,da)d.
J 100, f1
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Proof The asymptotics of the volume V(1) depends only on the region {w € Q :
| f(@)] < A}. So we may assume that €2 is a small neighborhood of the hypersurface
{f(w) = 0}. As we saw in the proof of Theorem 7.1, the map p is an isomorphism
onto its image. Thus, after changing variables, the zeta function associated to V (1)
becomes

() = / |f|7z|8¢;f| opfl(f,a)2, e, wg) dfdwy, ..., dog
w1
()

e2(wa,...,0q)
-/ [

W ei(wa,....0q)

¢
|9y S|

Opil(f,wz,-..,a)d) dfdw;,...,dw,.

Here, the lower and upper limits €1, &, straddle zero because the boundary of 2 is
transversal to the hypersurface. By substituting the Taylor series

4 op N fwa ..., wg) = 4 o p 10, w2, ..., wq) + O(f)

|00y £ 00 S

Z

and the exponential series e%f =14 O(1 — z), we get the Laurent expansion

&
/|f|*z Y op  (fowan.. . wq) df
0

[0, f1
e }
— c——o0p (0,w2,...,wq) +---
|: 1=z 0w fl 0
1 7

-1
= . 0,0 (0,(1)2,--.,a)d)+"'~
1—z |8w1f|

The same is true for the integral from ¢ to 0. The result now follows from Lemma 8.1.
(]

Example 8.4 By Theorem 4.1, all conditional independence statements in small com-
plete graphs lead to smooth hypersurfaces. Here we analyze the statement 11l 2|3
in the complete three-node DAG. This example was studied in [17, §2]. The corre-
sponding partial correlation is

ajzaxs — an
\/1 +a§3\/1 +aj, +aj;

This partial correlation hypersurface lives in R? and is depicted in [17, Fig. 2b].

We apply Theorem 8.3 by setting Q := [—1, 1], f := corr(1,2]3), and ¢ :=
1/23, the uniform distribution on £2. We choose w; to be a>. Then ,o_l 0, a3, ax3) =
(a13a23, a13, a23). The projection W of the surface {aj2 = ajzaz3} onto {(ai3, ax3) €

corr(1,2]3) =

FolCT
s
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[—1, 17%} is the whole square [—1, 1]?. The formula for the constant C now simplifies
to

11
1

c=; / / J1+a 1 +ak +akady daisdary ~ 54829790759,

—-1-1

This two-dimensional integral was evaluated numerically using Mathematica.
]

We now come to the monomial case that was discussed in Theorem 7.1.

Theorem 8.5 Let g : @ — Rand ¢ : Q — R be positive, and let f(w) =

a)'fl e a)f," g(w), where the k; are nonnegative integers. Suppose that 1/0 = k1 =

© = Ky > Kmyl = -+ = kq and that the boundary of 2 is transversal to the
subspace L defined by w1 = --- = w, = 0. Let ® and k denote the vectors
(Wm+1s - -+, wq) and (Kp+1, - - -, Kq), respectively. Then

V(L) = / p(w)do ~ CAY(—Ina)"!
(e f ()| <A}

asymptotically as ) tends to zero, where

@o™

_ - i - ~\a-
_E(m—l)! /a) g0,...,0,0) "¢, ...,0, ®)dw. 24)

QNL

Proof Let us suppose for now that € is the hypercube [0, £]?. Our goal is to apply
Lemma 8.1 by computing the Laurent coefficient ay_,, of the zeta function ¢(z). We
first study the Taylor series expansion of the integrand about w; = -+ = w,, = 0.
This gives

(a)’(g(a)))_Z p(@) =0 ™ (g(0,...,0,0) %p(0,...,0,d)
+0(w1) + -+ O(wn)) .

The higher-order terms in this expansion contribute larger poles to (z), so we only
need to compute the coefficient of (¢ — z) ™™ in the Laurent expansion of

/a)l_zKl e @ *g(0,...,0,0) 2 ¢0,...,0,®) doi, ..., dw, do
Q

el=z/t \"™ )
~ =K ~\—Z ~ =~
_( ) /a) g0,...,0,0) " ¢,...,0,0) do.

1—2z/¢
QnNL

FoC'T
H_h
@Springer TeLE|



1114 Found Comput Math (2014) 14:1079-1116

Because g is positive, the last integral in the preceding expression has no poles near
z = ¢, so the constant term in its Laurent expansion comes from substituting z = £.
Hence,

ag =" / @ % g0,...,0,0) t9,...,0, ) do.
QNL

Now suppose €2 is not the hypercub [0, £]¢. Since the boundary of € is transversal
to the subspace L, we decompose €2 into small neighborhoods that are isomorphic to
orthants. Summing up the contributions from these orthants gives the desired result.

O

Remark 8.6 We revisit the planar tubes shown in Fig. 3a—c. Using the formula (24) in
Theorem 8.5, one can easily check the constants C we saw in Example 3.1, namely,

1 for f(x,y) =x,
C=171 for f(x,y) = xy,
3 for f(x,y) = x2y3.

Example 8.7 We apply Theorem 8.5 to find the constants in Corollary 5.3 for chains
and stars. In both cases we set Q = [—1, 117! and ¢ = 21=P_ For chains we have
(¢,m) = (1, p—1),and L is the subspace ajp = - - - = ap_1,, = 0. Then the integral
in (24) is the evaluation of the denominator of (13) at the origin multiplied by ¢, so
Cchain = 1/(p — 2)!, as claimed.

Forstars, (¢, m) = (1, 2)isachievedby 1 <i < jand S C S:=1{2,...,pI\{i. j},
with

aiiaij

2
. SO0S() =D aj,.

corr(i, j|S) = —
J1+505(8) +a? J1+505) +a}, =

Since | corr(i, j|S)| > |corr(i, j|S)|, the quantity Vs () is the volume of the union
of the tubes {| corr(i, j|S)| < A} overall 1<i<j. By application of formula (24), the
asymptotic volume of each tube computes to pA(— In 1)/3. Meanwhile, the volumes
of the intersections of these tubes become negligible as A — 0. After summing over
all 1<i<j, we get Cyrqr = (p;l)%z (%) m|

Example 8.8 We compute the constant C of the volume Vi34, ,(A) for G =
Tripart, , 3 as in Example 6.3. Let p > 6 and €2 be given by (20). We are inter-
ested in the tube

- p
g(a) _ 2
azans m < A, where g(a) = ga%

and h(@) = /1+g@@k+1) /1 + g@(ad+1).
FoCT
Bt
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The measure on 2 is ¢(a) dayz dayz da, where p(a) = 1/4 and da is the Lebesgue
probability measure on the ball {g(a) < 1}. According to Theorem 8.5,

_ 1
C= v/ (—597) da.
14+ g(a)

{g@)=1}

By substituting spherical coordinates for the integration, this expression simplifies to

1 2
1+ / —da=2+——,
g(a) p—>5
{g@=<1)

yielding the constant Cj 24,..., » needed for the bias reduction analysis in Example 6.3.
O

9 Discussion

In this paper we examined the volume of regions in the parameter space of a directed
Gaussian graphical model that are given by bounding partial correlations. We estab-
lished a connection to singular learning theory, and we showed that these volumes can
be computed by evaluating the RLCT of the partial correlation hypersurfaces. Through-
out the paper we made the simplifying assumption of equal noise, i.e., € ~ N(0, I).
Ideally, one would like to allow for different noise variances. This would increase
the dimension of the parameter space 2. It would be very interesting to study this
more difficult situation and understand how the asymptotic volumes change or, more
generally, how the asymptotics depends on our choice of the parameter space 2. This
issue was discussed briefly in Example 4.8.

This paper can be seen as a first step toward developing a theory that would make
it possible to compute the complete asymptotic expansion of particular volumes. We
have concentrated on computing only the leading coefficients of these expansions,
and even this question is still open in many cases (e.g., Example 6.6). An interesting
extension would be to better understand how to use properties of the graph to compute
the coefficients C; ,, in the asymptotic expansion. Finally, another interesting problem
for future research would be to ascertain all values of (/, m) for which C; ;, is nonzero
in terms of the intrinsic properties of the underlying graph.
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