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Abstract

Often we are confronted with heterogeneous multivariate data, i.e., data
coming from several categories, and the interest may center on the differ-
ential structure of stochastic dependence among the variables between the
groups. We concentrate on the comparison between two Directed Acyclic
Graph (DAG) models. For instance, one DAG relates to healthy people, and
the other to patients affected by a disease. The objective is to find differences,
if any, between the two DAGs, both in terms of conditional independencies
and in terms of the strengths of common dependencies. This is achieved
through a Bayesian model selection strategy. We assume that the two graph
models are jointly distributed according to a multivariate Gaussian family.
The advantage of a joint modelling approach is to exploit, whenever they
exist, similarities between the graphs. We approach model selection using
an objective Bayes framework, so that minimal prior elicitation is needed.
We elaborated a modelling framework incorporating a sparsity assumption,
which is likely to be satisfied when the number of variables is high or very
high. To this end, we make use of non-local priors on the regression coeffi-
cients to further enhance simple models having a good fit. We develop an
efficient search strategy over the space of pairs of DAGs, and test our pro-
cedure by means of simulations. Results are presented in terms of operating
characteristic curves and related indexes.



Chapter 1

Conditional Independence

Independence of random variables is a very strong statement on the relation-
ship it exists between variables. In the case of two random variables X and
Y, independence is defined as!

pxy(z,y) = px(x)py(y) for every z,y

and is denoted by X 1L Y. This yields, conditioning on events with positive
probability, to

e pxjy(zly) = p(z)
o pyix(ylx) = p(y)

which makes clear that independence means that Y doesn’t contain any
useful information about X and vice versa.

When it comes to complex models, independence may not be sufficient to
understand the relationships governing the variables, and a “looser” concept
of independence, i.e. conditional independence, gives us a lot of information
about them. Two random variables X and Y are conditionally independent
given the random variable Z if, for all z such that pz(z) >0

PX,Y|Z($7?/ | 2) :PX\Z(f | Z)pY\Z(y | z)  for every z,y

and we write X 1l Y| Z. Easily it can be shown that the following properties
are equivalent (we omit subscripts to improve readability)

'Here like in all this work we let p(-) be the Radon-Nikodym derivative of the probability
distribution P with respect to a dominating o-finite measure (e.g. px(-) is the density
(pdf) or the probability mass function (pmf) of the random variable X).



e p(z,y,2) =p(z,2)p(y, 2)/p(2);
e p(z,y,2) =p(z | 2)p(y | 2)p(2);
e p(z|y,2)=pz|2).

From the last equation we can interpret conditional independence in the same
way we did for marginal independence, namely we can say Y doesn’t contain
any useful information about X provided that Z is given.

An useful result to easily find conditional independence relationships from
probability mass functions or probability density functions is given by the
following theorem.

Theorem 1 (factorization criterion) Let V' be a set of random variables
and S,U, T a partition of V then:

UL T|S < pw)=h(u,s)k(t,s) .

Conditional independence is a very helpful tool, since it helps the re-
searcher to understand complex problems trough simple statements. The
problem is that in complex probability systems there can be a huge number of
conditional independence statements, making the interpretation of the prob-
lem extremely laborious. As always, when properly designed, a graphical
representation is a very powerful tool for making problems understandable.

A natural way to represent relationships between variables is through
simple graphs

Definition 1 (simple graph) A simple’ graph is an ordered pair G =
(V, E) of sets, with V' = {1,2,3,...,¢} a finite set of nodes or vertices and
E CV xV the set of the edges, such that it does not allows for self-loops,
(i,7) ¢ E Vi € V, and multiple edges. 0

We see from this definition that elements of F are couples of elements of V,
and thus we may think nodes as random variables and represent dependence
between variables through the edges. But in reality we are interested in
the lack of dependence, or better conditional independence. The easiest
statement we can think about is X 1 Y |Z, where X,Y,Z are random
variables. A natural way to represent this ternary relationship graphically
might be

2Note that in this work we will always talk about graphs that are simple, and every
time we will talk about a graph we will mean a simple graph.



X Y

we can see the lack of dependence being represented by the lack of an edge
between X and Y, but that they are still connected through Z, so that we
can distinguish conditional independence from marginal independence, where
nodes would not be connected at all. Graphically this can be viewed as a
ternary relationship and we can say that Z separates X from Y. This is just
a very simple example and systems can become much more complex than
that, therefore we need a solid theory that helps us to connect this algebraic
objects with probabilistic models. Before we continue we may introduce some
basic concepts of graph theory.



Chapter 2

Graphical Models

To simplify our notation we will indicate nodes with integers and small
Latin letters in general and set of nodes with capital Latin letters, e.g.
V ={1,2,3,...,v,....,q}. Finally random variables associated to a node v
as X, and random vectors associated with a set A as X 4.

2.1 Undirected Graphs

Definition 2 (undirected graph (UG)) A graph G = (V, E) is called

undirected when edges are seen as unordered pairs

(i,j)eE & (ji)elE .

Definition 3 (adjacent) If (v;,v;) € E then v; and v; are said to be adja-
cent. o

Definition 4 (adjacency matrix) A matrix A of size |V |x|V| with entries
a;; = 1 when v; is adjacent to v; and 0 otherwise is called adjacency matriz.o

Definition 5 (path) We define a path from node a to node b of length n
a sequence a = vy, ...,v, = b of vertices where subsequent elements in the
sequence are adjacent:

(Uj,l,vj)EE,j:L...,n O

Definition 6 (cycle) Let (vq,...,v,) be a path, if v; = v, then the path
(v1,...,vy,) is called cycle. o



Definition 7 (boundary) We define boundary of S, bd(S), the set of the
vertices not in S adjacent with at least one vertex in S

bd(S) ={acV\S:(3beS: (ab) € E)} .

Definition 8 (vertex induced subgraph) Consider an undirected graph
G=(V,E),let SCV and Es = EN (S x S) then the couple Gg = (5, Es)
is called subgraph induced by S C V. o

From this definition we note that Eg contains only edges in F that connect
couples of vertices of S.

Definition 9 (complete graphs and complete subsets) S C V is said
to be a complete subset if and only if Gg = (S, Fg), the graph induced by S,
is complete, namely if every pair of distinct vertices in S are adjacent, i.e.

ES:SXS o

Definition 10 (cliques) A clique is a maximal complete set, i.e. a set that
is complete and is not subset of any other complete set. 0

The family of the cliques is sometimes called also the graph generator, since
an undirected graph is uniquely itentified by the set C of its cliques.

We present two simple examples to visualize some of the concepts viewed
until now

Example 1

—_—

U1 Vg

Uy

/ \U5




d <U17U37U47U5) s a path? ('Ul,'Ug,'U4,’U2,'U1) is a CyCIG;

o Let A= {vy,v9}, then bd(A) = {vs, v4}

Example 2

U1 (%)

V3 V4

e the graph induced by {v,, v3} is not complete;
e the graph induced by {v;,ve} is complete but {vy, v} is not a clique;
e the graph induced by {vy, ve,v4} is complete and {vy, va, v4} is a clique;
O
Now that we have some terminology we can formalize the concept of
separation.

Definition 11 (separation in an undirected graph) A subset S C V is
said to separate a,b € V in G if every path form a to b intersects S. Let A, B
and S be three subsets of V. S separates A and B in G if S separates every
vertex in A from every vertex in B. We write A 1g B|S. 0

The connection between separation and conditional independence has
been formalized from PEARL and Paz (1987) through the concept of graphoid.

Definition 12 (semi-graphoid and graphoid) A ternary realationship 1,
is a semi-graphoid if and only if for any disjoint subsets A, B,C and D of V

it holds that:

(S1) AL, B|C= B 1, A|C (simmetry)

(S2) A1, B|Cand DC B = A1, D|C (decomposition)
(S3) AL, B|Cand DC B = A1, B|CUD (weak-union)



(S4) AL, B|Cand A1, D|BUC = A1, BUD|C (contraction)
If it is also true that:
(S5) Al,B|CUDand Al,C|BUD = A1, BUC|D (intersection)

then the ternary relationship is called graphoid. o

It is not difficult to see that the ternary relationship g of separation is a
graphoid. Exploiting rules of conditional independence we can also show that
the ternary relationship 1L of conditional indipendence is a semi-graphoid
and that a sufficient (but not necessary) condition for 1L to be a graphoid is
that the joint distribution is strictly positive.

PROOF To prove that L is a semi-graphoid we have to prove that condition
(S1) to (S4) are satisfied by L. With abuse of notation, we are indicating
with A the random vector X 4:

(C1) AL B|C= Bl A|C

PROOF by definition

(C2) ALLB|CandDCB=AL1l,D|C
PROOF
FC
p(Xa, Xp, X) = p(Xa, X, Xp 0 Xo) =) (X4, Xo)k(Xp, X))
= (X4, Xc)k(Xp, Xp\p, X¢)
integrating Xp\p we get:

p(Xa, Xp, Xc) = h(Xa, Xo)k*(Xp, Xo) -

(C3) ALB|CandDCB=A1l B|CUD
PROOF

P(A[B, C) = p(A|C) Ap(A|D, C) = p(A|C)

& p(A|B,C) = p(A|D,C)

& p(A|(B\ D), D,C) = p(A|D,C)

s Al (B\D)|DuC

& p(A, B,C,D)=h(A,D,C)k(B\D,D,C)=h(A,D,C)k(B,D,C)
< Al B|DuC



Al B|C (2.1)
and
Al D|IBUC (2.2)
implies
Al BuD|C
PRroor

p(A, D, B,C)
“2 (A, B,C)p(D, B,C)/p(B,C)

= (A, C)K(B,C)p(D, B, C)/p(B,C)
= h(A,C)k*(B,C, D)
<Al BUD|C

The first part is now proved. We still need to verify (S5).

(C5) ALC|BUD AN Al B|CUuD = Al BUC|D
Proor If A Il B|CUD holds, then p(A, B,C, D) = hy1(A,C,D)k(B,C, D)
and if A 1 C'| BUD holds, then p(A, B, C, D) = hy(A, B, D)ks(C, B, D).
And this implies that:
hi(A,C, D)k (B,C, D) = ha(A, B, D)ko(C, B, D) (2.3)
But this is equal, assuming k1(B,C, D) > 0, to:
hi(A, C, D) = ko(A, B, D)ho(C, B, D)k (B, C, D) = h*(A, D)w(C, D)

since hy(A, C, D) must not depend on B, and this implies, substituing
in (2.3), that:

p(A, B, C, D) = h*(A, D)w(C, D)k (B, C, D) = h*(A, D)k*(B, C, D)

with
k*(B,C,D) =w(C,D)ki(B,C, D) -

The results now follows from the factorization criterion. =



2.1.1 Undirected Markov Properties

Given the concept of separation we can define three different ways of connect-
ing conditional independencies with a graph G = (V| E). We say a probability
distribution on Xy satisfies

(P) the pairwise Markov property with respect to G if:
(i,J) ¢ B = X 1L X; [ Xv\(i)
(L) the local Markov property with respect to G if for every i € V:
X L X waautin | Xvag)

(G) the global Markov property with respect to G if:

ALgBlS#XALXB‘XS

It’s easy to see that (G) = (L), to see that (L) = (P) we have to note
that since i and j are not adjacent 7 € V \ (bd(i¢) U {i}) and therefore
bd(2) U ((V\ (bd(7) U {i})) \ ) = V' \{é, 7} So applying (C3) to (L) gives
Xi AL X\ wagyugy) | Xvigij1, and applying (C2) we get (P). Note that since
we used just (C2) and (C3) to prove these implications they hold for any
semi-graphoid relationship.

Theorem 1 (Pearl and Paz) If the probability distribution of Xy satisfies
(C5) then it also holds that (P) = (G) 0

To prove this theorem it is possible to use just the graphoid axioms (C1) to
(C5) and therefore also here conditional independence could be replaced by
any graphoid defined on V.

2.1.2 Factorization

Beside for visual representation graphs are also really useful for computation,
since they are objects computers easily understand and through their prop-
erties and relationship with probability distributions we can achieve local
computation easily. In this context factorization and his relationships with
Markov properties become essential.



Definition 13 (factorization w.r.t. a graph) Let G = (V, E)) be an undi-
rected graph and let p(xy ) be the probability density function (or probability
mass function) of Xy. If p(zy) admits a factorization of the form

paev)= I eer) (F)

TCV:T complete

for some function g;(-) ... gx(-) where g;(x7) depends on zy only through x,
then we say that the distribution of Xy, factorizes with respect to G.

It’s really important to note that the functions g;(x7) are not uniquely
determined and can be multiplied or splitted up in different ways, so without
loss of generality we can rewrite (F) with respect to the cliques of G:

plav) = H gi(@r)

TCC

where C is the set of cliques of G. o

Given the definition of factorization w.r.t. a graph we immediately note
that the factorization criterion in conjunction with (C2) gives us the con-
nection between factorization and Markov properties, i.e. (F) = (G), so
that:

(F) = (G) = (L) = (P)

If (P) would imply (F) we could show that all the Markov properties are
equivalent, and that the factorization (w.r.t. a graph) would be a necessary
and sufficient condition for a distribution to be Markov w.r.t. a graph. This
has been shown to be true by HAMMERSLEY and CLIFFORD (1971) in the
case the pdf (or pmf) of Xy is strictly positive.

Theorem 2 (Hammersley Clifford theorem) If the pdf (or pmf) of Xy
is strictly positive then the pairwise Markov property implies the factorization
property. 0

Thanks to the Hammersley Clifford theorem we know that a strictly positive
probability distribution factorizes with respect to a graph G if and only if
it is Markovian w.r.t. G (in any sense). But even if we knew that a dis-
tribution is Markov with respect to G and strictly positive we don’t have a
tool to determine which are the local components g;(x7) in (F), in that sense
decomposable graphs have an important role.

10



2.1.3 Decomposable graphs

Definition 14 (decomposition) The pair (A, B) of subsets of V', with V' =
AU B forms a (weak) decomposition of G if it holds that

e AN B separates A from B in G

e AN B is a complete subset of V. o

Definition 15 (proper decomposition) We say a decomposition is proper
if A\ B and B\ A are both non-empty. =

Definition 16 (components and prime components) A decomposition
(A, B) decomposes G into the components G4 and Gg. Since a component
takes the form of a subgraph clearly it may or may not admit further de-
compositions. If a component does not admit further decompositions it is
called prime and the components we get by recursively decomposing G until
no more components can be further decomposed are called mazimal prime
components of G. o

Definition 17 (recursive definition of decomposable graph) An undi-
rected graph G is said to be decomposable if one of the following statements
holds:

1. G is complete

2. G admits a proper decomposition (A, B) into decomposable compo-
nents Ga,Gp o

Looking at the recursive definition into more detail we see that a graph is
decomposable if and only if all its maximal prime components are complete
and since we continue decomposing until we find a complete component this
has to be induced by a clique of G.

Proposition 1 Assume that (A,B) decomposes G = (V| E), then a probabil-
ity distribution Py is globally Markov with respect to G if and only if both
its marginal distributions Py and Pg are globally Markov with respect to G
and Gg respectively and the the densities satisfy

pv(xv)p(xans) = palxa)ps(zp) 0

11



Let G be a decomposable graph with & cliques, C1,...,Cy, and k — 1 sepa-
rators, Si,...,Sk_1, resulting from the recursive decomposition process, ap-
plying Proposition 1 recursively we obtain the following factorization

[1, pe. (@)
1_[;'€=_11 Ps; (‘rSi )

Definition 18 (Chordal/Triangulated graphs) Another characterization
of a decomposable graph is given through the concept of chordality, i.e. an
undirected graph is decomposable if and only if it is chordal, where a graph is
chordal if every cycle of length > 4 has a chord, that is, two non-consecutive
vertices that are adjacent. o

pv(xv) =

Strictly connected with chordality is the concept of perfect numbering of the
vertices of an undericted graph

Definition 19 (Perfect numbering) A numbering V' = {1,2,...,¢} is
perfect if for every ¢ = 2, ..., ¢ it holds that:

bd(i) N {1,...,i—1} is complete in G 5

Both these definitions become important since it can be proved that an
undirected graph is decomposable if and only if its vertices admit a per-
fect numbering, and algorithms, like the maximum cardinality search, can
be developed efficiently to perform this check.

2.1.4 Gaussian graphical models

Given a graph G = (V, E), when we talk about a graphical model M(G)
we're essentially talking about the family of distributions on Xy that satisfy
the conditional independence statements encoded in G. Then, a Gaussian
(undirected) graphical model, is a subset of M(G), which contains just multi-
variate normal distributions. Furthermore we don’t even have to care about
specifying which undirected Markov properties they have to satisfy, since in
this context they’re all equivalent, because py(z) > 0 V.

A nice feature of Gaussian graphical models is that we can exploit the
precision matrix of the Gaussian distribution to read conditional indepen-
dence relationships easily. Without loss of generality, suppose to have a zero

12



mean multivariate Gaussian distribution with density

1
pv(x) o< exp {—5;1:TE_1$}

~exp {—%tr (mTE_lx)} (2.4

14
= exp {—5220”%%}

i=1 j=1

where 0¥ are the entries of the concentration matrix X~!. We see that setting
0% to zero x; and z; will never compare in the same factor again, and thus
from the factorization criterion

O'ij =0 = Xz A Xj | XV\{i,j}

Therefore a multivariate normal distribution will be pairwise Markov, and
thus Markov, with respect to a graph which has a missing edge between ¢
and j for each o = 0, this graph is often called the concentration graph.

2.2 Directed acyclic graphical models

In the previous chapter we put a lot of attention on the concept of factor-
ization w.r.t. an undirected graph G. But if we ask about factorization
in probability, probably the most of us would immediately think about the
chain rule of probability

p(xla cee 7$n) = p(xl)p(lé | $1) o 'p(In | Tiyeo- 7$n—1)

From this relationship we see that if we knew which conditional independence
statements were true, we could highly simply the model, and already work
on an efficient framework for computation.

To express our chain rule we impose an ordering to the variables and
implicitly we are not allowing to condition on variables with higher index.
That reflects in our graph theory, respectively, in adding arrows to the edges,
in order to direct the relationships, and not allowing directed cycles, to be
coherent with the allowed conditioning sets. Under this framework we call
the graph representation a directed acyclic graph. Among other things DAGs
are useful to represent structural equation models (SEMs), which are nothing

13



else than sets of multivariate regression models where the dependent variable
in one regression may appear as independent variable in another equation.
This brief note will become very important when considering Gaussian dis-
tributions, since we remember that conditioning in a Gaussian framework is
essentially a regression.

We may note that adding arrows and disallowing directed cycles is not
enough since we want our graph to be coherent with the other conditional in-
dependence statements implied by the model, and applying the rules derived
for undirected graphs in this framework would not satisfy our needs.

2.2.1 Basic concepts

Before we can go into more detail we may introduce some new definition
relative to directed graphs.

Definition 20 (directed graph) A directed graph is a graph D = (V, E)
where edges are seen as ordered pairs. In general an edge (a,b) € FE will be
represented by an arrow a — b. o

Definition 21 (directed path, directed cycle) a directed path from v,
to vi is path where all subsequent nodes are directed in a way such that

Vi—1 — U; \V/’L:].,,l{?

A directed path which begins and ends with the same vertex is a directed
cycle. o

Definition 22 (directed acyclic graph) A directed acyclic graph (DAG)
is a directed graph D = (V, FE) with no directed cycles. o

Definition 23 (trail) a trail from vy to v; is a path where edges may be
directed in any sense. o

Definition 24 (parents, children) If there is an arrow that connects node
a with b (a — b) we say a is a parent of b and b is a child of a. The set
of parents of node b is indicated as pa(b) and the set of the children of a as
ch(a). =

Definition 25 (ancestors, descendants, non-descendants) If from a
there is a direct path that leads to b (a — b) we say that a is an ancestor of b,
and b is a descendant of a. The set of the ancestors of b is indicated as an(b)
and the set of descendants of a as de(a). The set of the non-descendants of

ais nd(a) =V \ (de(a) U {a}) O

14



Definition 26 (ancestral set) If an(a) C A for all a € A we say that A is
an ancestral set, and the smallest ancestral set containing A is indicated as

An(A). O

2.2.2 Recursive Factorization and the directed Markov
properties

We say a random vector Xy admits a recursive factorization (DF) with
respect to a DAG D = (V, E) if the pdf (pmf) of Xy can be represented as

pv(z,) = [[ o2 | 2pacw))

veV

There is an important connection between DAGs and UGs, namely, given
a DAG D, if we join all unmarried, i.e. not connected, parents with a common
child and make all the edges of the graph undirected, we get an undirected
graph D™ called the the moral version of D. Since the sets {a} U pa(a)
are complete in D™, it is not difficult to see that if a distribution admits
a recursive factorization w.r.t. D then it has the property to factorize (in
the undirected sense) with respect to D™ and it is therefore globally Markov
with respect to D™. Even though we note that if a probability distribution
P factorizes according to to D™, P does not necessary recursively factorizes
according to D. We also note that if A is an ancestral set then the marginal
distribution of A admits a recursive factorization with respect to Dy, thus
we can restrict our attention on this subgraph only, and applying the same
reasoning again we can conclude that if a distribution P recursively factorizes
with respect to a DAG D then

X4l Xp| Xs

whenever A and B are separated by S in the moral graph of the smallest
ancestral set containing AUBU.S, and this is called the directed global Markov

property.

Definition 27 (well-ordering) We say that the vertices vy, ..., v, of DAG
D are well ordered when the arrows always point from vertices with lower
index to vertices with higher index. Note that that a well-ordering is not
unique. o

Definition 28 (predecessors) Given a well-ordering the predecessors of a
node v, pr(v), are all nodes that come before v in the well-ordering. o

15



Another Markov property in the DAG framework is the ordered Markov
Property (0): we say that a probability distribution on Xy satisfies the or-
dered Markov property with respect to a DAG D if Vv € V

Xv iR Xpr(v)\pa(v) | Xpa(v)

As we have in the undirected graph framework also for directed acyclic graphs
we have a local Markov property, namely a probability distribution on Xy is
said to satisfy the local Markov property (DL) w.r.t. a DAG D if Vv € V' it
holds that

Xy AL Xua@)\pa) | Xpaw)

And finally also a directed pairwise Markov property exists namely a prob-
ability distribution on Xy satisfies the directed pairwise Markov property
(DP) w.r.t. a DAG D = (V, E) if for any i < j

(4,7) € £ = Xi 1L Xj | Xan()uan(i)\ firj}

An important result is that here (O),(DL) and (DG) are equivalent, even
without assuming positive pdf (pmf), while (DG) = (DP), and are equiva-
lent just in case of positive probability distribution.

2.2.3 d-separation

Another way to express the directed global Markov property is through d-
separation: a trail m from a to ¢ in D is said to be blocked by S € V if it
contains a vertex b such that either

e b€ S and at b the arrows of 7 do not meet head to head, or

e b¢ SAde(b)NS =0, and at b the arrows of 7 do meet head to head

A trail that is not blocked is said to be active. Two subsets A and B are
said to be d-separated by S if all trails from A to B are blocked by S.

It can be proved that S d-separates A from B if and only if S separates A
from B in the moral Graph induced by the smallest ancestral set containing
AU B US and therefore that the directed global Markov property can be
equivalently expressed in terms of d-separation.
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2.2.4 Directed Gaussian Graphical Models

Directed Gaussian Graphical Models were first formalized by SHACHTER and
KeNLEY (1989), noting that the influence diagram graphical structure, this
is how they used to call a DAG, represents a particular representation of the
joint distribution into conditional distributions. In fact a ¢-variate normal
distribution Xy = N, (i, X), given an ordering of the nodes, always admits
a factorization of the type:

q
pv () = [ [ Piwac (@ | Zoaii) (2.5)

j=1
where X; | pa(X;) are univariate normal distributions with mean

15+ 2 pa) Snats) pais) (XpaG) — Hpa(i))

and variance
-1
0jj = 2jpa(i) Zpa(s) pa(j) pali).

We note that in this formulation some conditional independence state-
ments determine the conditioning sets for each variable. Furthermore an
interesting fact is that the conditional models are independent and there-
fore we can think our model as a set of separate multivariate regressions.
This highly simplifies our problem and puts us in an efficient conditional
independence framework for computation.

Let D be the DAG that connects the children to the parents according
to (2.5), then clearly Xy factorizes w.r.t. to D = (V, E) and it is therefore
Markov with respect to D. Anyway it is still interesting to note that how
this factorization follows the ordered Markov property (O). Let indicate with
Y 4, the submatrix of ¥ relative to the vectors X4 and Xp. Then the vector

b = Zjpa(i) Zpa(s) pai
is the vector of the regression coefficients for the jth regression. If we think
each variable regressed against all its predecessors in a well-ordering, then we
can think the vector b; as a vector which states a conditional independence
between ¢ and j (given the parents of j) when the ith entry of b; is zero,
which follows by decomposition (C2) from (O). Therefore if we summarize
all our regression coefficients in a matrix B, where per column we put our
b; relative to all the predecessors, and fill the rest of the vector with zeros,
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we get an upper triangular matrix B which will have the same zero-entries
as the adjacency matriz induced by D.

Since B is upper triangular I — B can be inverted, so let U = (I — B)™!
then the covariance matrix can be found as

Y =U'DU (2.6)

with D a diagonal matrix with entries the conditional variances.

2.3 Markov equivalence

We say that two graphs are Markov equivalent if they encode the same set
of conditional independecies. In the directed case we can have graphs with
different structure which are Markov equivalent:

Example 3 Given 3 vertices this two graph are Markov equivalent

SN\

The first graph admits a recursive factorization of the form:

p(a,b,c) = p(a)p(bla)p(c|b) = p(a,b)p(c|b)

and the second

pl(a,b,c) = p(b)p(alb)p(c|b) = p(a,b)p(c|b)

Therefore both include only the conditional independence statement ¢ 1L a | b
which can be red also from the moral graph

18



If we think about the directed global Markov property then we notice
that if two DAGs have the same immoralities, i.e. unmarried parents with a
common child, and and the same undirected version then their moral graph is
exactly the same, and thus they will encode the same set of conditional inde-
pendencies, in effect it can be proved that two DAGs are Markov equivalent
if and only if they have the same undirected version, often called skeleton,
and the same immoralities.

In contrast, in the undirected case two graphs are Markov equivalent if
and only if they are identical, but there still exists undirected graphs which
are Markov equivalent to direct graphs. Infact a DAG D and an UG G are
Markov equivalent if and only if the DAG is perfect, i.e. has no immoralities,
and the skeleton of the DAG is equal to G. Moreover we can see that the
skeleton of a perfect DAG is decomposable and that from every decomposable
UG directing the edges from lower to higher positions in a perfect numbering
we get a perfect DAG, therefore the family of perfect DAG models coincides
with the family of decomposable undirected models.
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Chapter 3

Bayes Factor

Bayes factors can be seen as the Bayesian analog of the classical tests of
hypotheses. In fact Bayes factors summarizes the evidence provided by the
data in favor of a statistical model opposed to another. While their formal
definition refers to just two models, thanks to their properties they are often
used for model selection problems. In this chapter we will review the basic
properties of Bayes factors with particular attention to the case of objective
Bayesian analysis.

3.1 Bayes factor and posterior model proba-
bilities
Definition 29 (Posterior probability of a Model M) Let M be a model

and D be a set of data then the posterior probability of the model M given
the data D is as follow:

P(D|M)P(M)

P(M|D) = P(D)

O

Definition 30 (Marginal Likelihood) The integral of the likelihood over
all possible values of 6:

m(D) =P(D|M) = /]P’(D|0,M)IP(9|M)d9
is defined as the marginal likelihood. o
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Let M; and M, be two different generating models for the same set of
data D. If we want to evaluate which model is more probable a posterior:
we might consider the ratio:

P(Mi|D) _ P(My)P(D|M;) _ P(My)my (D)

P(Mz|D) — P(M3)P(D|Ms)  P(M)ma(D)

If two models are equally probable a priori (which is a common assump-
tion) the ratio simplifies to the Bayes Factor

Definition 31 (Bayes Factor (BF)) We define Bayes Factor the quan-

tity:
" ]P)(_D‘MQ) m2<D> f ]P)(D‘HQ, MQ)P(GQ‘MQ) d(92
which is a ratio of marginal likelihoods o

Let H; denote a hypothesis and E evidence. To compare hypotheses
post-experimentally, we often calculate the posterior odds:

Pr(H; | E) _ Pr(E | H;)Pr(H;)/Pr(E)
Pr(H; | E) Pr(E|H;)Pr(H;)/Pr(E
_ Pr(E | H))Pr(H;)
~ Pr(E| Hy)Pr(H;)
Pr(E | H;) Pr(H;)

T PHE | H) " Pr(H))
= Bayes factor x prior odds

Note that the Bayes factor is the same as
P(H; | E) P(H;)
B, | B) B
and that it does not depend on the priors on the hypothesis on H;’s. Note that

in the Bayes factor definition given above hypothesis were prior probabilities
on the models.

An useful result that joins the Bayes factor with the model posterior prob-
abilities is the following: suppose that we are comparing ¢ models (M, ..., M,)
if the prior probabilities P(M/;) are available for each model, then one can
compute the model posterior probabilities from the Bayes factors

P(D|M;)P(M,; P(M;
DLPOL) (52 EOL),

POID) = S5 i) pay) — |2~ Bn)

]1 (3.1)
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Definition 32 (Renormalized marginal probabilities) We define renor-
malized marginal probabilities as:

mi = qum = (Z sz’) 7 (3:2)

O

We note from (3.1) that if P(M;) = 1/q for alli =1, ..., q then the posterior
probabilities are the same as the renormalized marginal probabilities. Fur-
ther note that there is a one to one relationship between Bayes factors and
renormalized marginal probabilities since beside (3.2) it also holds that

_ m; (D)

mj_ XamD) m;(D) _ 5.

mi qmi(D) mZ(D) Ji
Zj:l m;(D)

In effect reporting the renormalized marginal probabilities (or equivalently
Bayes factors) beside/rather then the posterior probabilities is good practice
since anyone, through (3.1), can use the renormalized marginal probabilities
to determine their personal posterior probabilities choosing their favorite
prior probabilities.

Proposition 2 (Bayes factor composition)

Bi; = BBy (3.3)

PRrROOF

mg; my m;
BBy = —— = — = B;;
m .

Definition 33 (Bayes factor chain rule) Applying the previous proposi-
tion iteratively we can see that given ¢ 4+ 1 models index by s =0, ...,

%
Bz'O = H Bs,s—l
s=1

and this is called the Bayes factor chain rule o

22



3.1.1 Encompassing

In some situations it may occur that the prior elicitation requires the BF
to be calculated between nested models, in those cases we can exploit the
encompassing approach (Cox, 1961) to get any other Bayes factor. Suppose
we have a model M, that includes all other models, i.e. the encompassing
model, we can then compute the Bayes factors for the encompassing model
against any other and thanks to the Bayes factor composition (3.3) we can
obtain Bayes factors also for non-nested models, e.g. let model M; and model
M; be two non nested models then

B;;j = By,;/Bo;

The encompassing approach can also be used to get any desired model pos-
terior probability, let M, be the reference model, we can reformulate (3.1)
as

| _ mi(@)P(My)
P(M; | D) S0 my(2)B(M;)
m(z) P(M;) (3.4)

mo(as)
¢, mBp(M;)

_ BuP(M)
> i1 BjoP(M;)

Clearly this approach can be also pursued when the reference model is a
model that is included in every other model, in this case we call the approach
encompassing from below.

3.2 Objective Bayes in model selection

The motivation for using objective Bayesian methods for variable selection is
that, in a subjective framework, the specification of all prior distributions for
all models is a huge work, and the usually limited expert time available one
would typically use it for model formulation and, possibly, prior elicitation
for the model that is ultimately selected. That said, following the objective
Bayes approach involves also some problems. For a complete review of such
problems refer to BERGER ef al. (2001), the major ones are

1. we have seen that to compute the BFs we need to integrate out the
parameters and the computation of the integrals can be hard, moreover
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doing it for all models (too many) may be not feasible in a reasonable
time span.

2. improper priors yields indeterminate BFs (when the parameter space
has different dimension)

3. vague priors give bad answers, i.e. the Bayes factor will always strongly
depend on the vague prior even when n is large.

4. in different models the same parameters may have different interpreta-
tion and the prior has to change in a corresponding fashion.

To address at least some of these issues we can use methodologies derived
from the partial Bayes factor presented in the next section.

3.2.1 Partial Bayes factor

To introduce the partial Bayes factor we need the concept of proper minimal
training sample. Let M;,..., M, be ¢ models and x data. Under model
M; let the data be related to parameters 6; by a distribution f(z]f;) and
let pN(6;), for i = 1,...,q, be noninformative priors for 6; and ml (x) the
corresponding marginal likelihoods. Finally Let x be partitioned in to sets
x = (z(l),z(—1)) with z(I) a training sample.

Definition 34 (proper minimal training sample) A training sample x(1),
is called proper if 0 < m¥ (x(l)) < oo for all M;, and minimal if it is proper
and no subset is proper. o

Definition 35 (partial Bayes factor) Given a proper minimal training
sample z(l) we can define a proper (conditional) prior

P 6y = LR (35)

Then the partial Bayes factor is the Bayes factor on the remaining dataset,
x(—1), conditioned on having observed z(l)

) = o D)

i ((=0]z(0))
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Focusing on the numerator the partial marginal likelihood results:

(a0 2(0) = [ £a(-D)] 2(0. )0} 6 | (1) 6,
/f =), 2(1) 16;) [ix (1) 1995 (0))
£ 6) We0) 7 (36)
:/f:c|93>pjv op
mF ()
_ (@)
¥ (D)

and therefore partial Bayes factor can be also expressed as

m¥ (@) m («(1)
m? (@(D) m ()

Bji(l) = = Bj; (x) B (x(1)) (3.7)
Note that if the noninformative prior has an improper form then the inde-
terminate constant cancels out.

3.2.2 Intrinsic Bayes factor

We have just seen that the partial Bayes factor for comparing model M; with
M; no longer depends on the scales of the noninformative priors pj-v and p,
but it still depends on the arbitrary choice of the minimal training sample
x(l). To eliminate this dependence and to increase stability, BERGER and
PrriccHr (1996) proposed the Intrinsic Bayes factor.

Definition 36 (Intrinsic Bayes factor (IBF)) Let Bj;(l) be the partial
Bayes factor in favor of Model M; versus model M; relative to a training
sample z(l). If we “average” the Bj;(l) over all possible training sample
z(l),l =1,..., L, we obtain the arithmetic IBF (AIBF) or the median IBF
(MIBF):

BA = BY @:)% SOBYa(l)  BMT = BY(x)Med[BY (2 (1))

Note that IBFs are resampling summaries of the evidence of the data for the
comparison of models.
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3.2.3 Fractional Bayes factor

The fractional Bayes factor follows the same “philosophy” of the partial Bayes
factor. So, suppose that the observed dataset x is partitioned in two datasets,
let say (1) of size m and x(—I) of size n — m." Let b = m/n be the fraction
of the data of x contained in z(l), if both m and n are large, the likelihood
f(x(1)|0;) based only on the training sample z(l) will approximate to the full
likelihood f(x|6;) raised to the power b.?

Definition 37 (Fractional prior) As we did in (3.5) we use the trick of
creating a proper (conditional) prior, and exploiting the approximation read-
ily introduced we can define p” (6; | )

f(z(l) | 0:)p; (6:)
J fx@) | 0:)pf (6:) d0;
f(z ] 6:)°pT (6:)
ff$|9 pz()dei

p"(0; | )

p(6i | z(1)) =

the so called fractional prior. o

Definition 38 (Fractional Bayes factor) Remembering that the partial
Bayes factor is the Bayes factor on the remaining dataset, namely x(—1),
conditioned on having observed z(l), we can simply exploit the previously
introduced approximation and redo the same steps done for the partial Bayes
factor to obtain the fractional Bayes factor

p_mi@ Ly, ()
P r @) = B ) 35

it will become clearer in a minute that we don’t even need to choose z(1).

%since already with m simple random samples we are considering a lot of information
from the generating distribution, considering the likelihood on z(l) the remaining contri-
bution (to reach x) will be similar to the average contribution already considered with

z(1)

Fil@(=0)[0:) & fi(x(1)[0:) "

then

Fil@|6:) = fi(@(1)]6:) filw(=D)16:) ~ fi(x(D)]6:) fi(x(1)]6:) =" = filx(1)]6:)¥

which is equal to

fi(20:)" = fi(=(1)]6;)
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PROOF In detail the fractional marginal likelthood results:

- / F(x | 6,07 (0 | ) do,

Ly S ]0,)'pN(0;)
= [1@10) T7G 10,75 6;) s, %

with

N () = / Fx 16,0 (6,)d0

and finally, as usual, the ratio of the marginal likelihoods gives us the Bayes
factor, here the so called fractional Bayes factor. n

Note that (3.8) does not depend anymore from the dataset x(l), and so
there is no arbitrariness on the choice of the sampling dataset as we had with
the partial Bayes factor but that it inherits the fact that if the noninformative
prior has an improper form then the indeterminate constant cancels out.

The fractional prior pf(6;|z) oc f(x|0;)°pN(;) clearly depends on the
observed dataset x, intuitively to make the dependence weak b should be
small, in fact consistency of the FBF is achieved as long as b — 0 for n — oo.
One common choice of b, suggested by O'HAGAN (1995), is b = m/n where
m is the “minimal training sample size” as defined above.

Example 4 (FBF for the Normal Linear Model) Let M; be defined by

M f(yl X5 85,7) = (;—;)W exp (—%Ily - X6j||2>

O

A default noninformative prior for (5, v;) is proportional to = (1 e. reference
prior), so that the marginal fractional likelihood for model j 1s given by:

y | X;8,7)pN(B,v)dBdy
(yIX,B,v) pN(B,v)dBdy

\%“'
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lets concentrate on mﬁb(y), suppressing the model subscript to simplify the
notation it can be rewritten as:

mi' ) = [ [ 1 X8 (5,0) dBdy
[ ()" e (-G - x51°) Lagas
Z//<%)lm/27b"/“exp (—bglly—XﬁW)dﬂdfy (39)
= / (%)bm 72 Vexp (—bglly—

~ b A
X517 [e (<X - 31 ) apas
since

ly = XBI* = ly — X5+ X5 — Xp|*
= ly — XBI° + |1X5 — XBI” +2(y — XB) (X5 ~ XP)
= ly — XBI° + |IX5 = XBI” +2(y — Hy) " (X5 — Hy)
= lly = XB|I* + | X5 — X8|I
+2(y' Xp—y Hy—y H' X3 +y H Hy
= lly — XB|* + | X5 — X8|I
We recognize in the integral in § the kernel of a multivariate normal distri-
bution N, (B, [b’y(XTX)]_l) so that (3.9) becomes:

1 bn/2 o b’}/
= [ () e (<2
R 27T p/2 B
—X/an?) (H) XTX) [V e

bn—p b A~
ZK/7 7 exp <—v§lly—Xﬁllz) dy

b"*P_l b
=K [ v 2 exp —VER dvy
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with K = (£)"?(2)"? | (X7X) [7V? and R = [ly — XB|>. Thus

recognize a Gamma distribution and m; (y) becomes when b > £

—P

mi(y) = KT (‘m z—p) (gR)
()Y e () ()

= XX T (b”;p) R

and this the fractional marginal likelihood is

TEb AT (R R
a5 5T (b" p) R

n—-p
n(l—b n(1-—b) F n(1—b)
_%l_(T ( 2 ) -2

r (%)
n—p nio%) e
11:( ) (br) " R

BF _ m (y)
ji F
m; (y)
o n(1=b) _n(=b)
( 2 ) (b))~ 1TRj 2
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Chapter 4

Non-local Priors

4.1 Non-local priors for hypothesis testing and
model selection

In a parametric setting, classical hypothesis tests about a parameter of in-
terests 0 are usually posted as

H0:0€@0
H1:9691

where ©( and ©; are disjoint parameter sets. In the Bayesian paradigm it is
required to specify prior distribution on 6 under each hypothesis, and in most
Bayesian hypothesis tests local alternative prior densities are used, i.e. prior
densities that are positive on ©y. On a philosophical level this seems to be
a contradiction and moreover it can be proved that Bayes factors with local
alternative priors have a strong unbalanced learning rate behavior, e.g. for a
scalar valued parameter and a point null hypothesis, if H; is true, the Bayes
factor in favor of the null hypothesis decreases exponentially fast, while if H,
is true, the Bayes factor in favor of the alternative hypothesis decreases only
at rate O,(n~1/2).

Jonnson and RosseLL (2010) highlighted that priors that separate be-
tween the null and alternative hypotheses can improve this convergence rates
and mitigate the unbalance.

Definition 39 (non-local prior) We say p(f) is a non-local (alternative)
prior density, if for every € > 0 there is a ¢ > 0 such that

p(d) <e VO e€O: inf |0 —6y< (4.1)
[SSH

O
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An early proposal of non-local priors can be found in VERDINELLI and
WASSERMAN (1996) and Rousseau (2007). They propose priors which are
defined to be 0 for all # in a neighborhood of ©y. For example, focusing
on point null hypothesis, with respect to a scalar parameter 6, these type of
priors are defined to be zero in an interval (6y — ¢,0y + ¢) for some € > 0.
Jonnson and RosseLL (2010) state that the problem about these type of
priors is that they do not provide “flexibility in the specification of the rate
at which 0 is approached at parameter values that are consistent with the
null hypothesis” and lack of a “mechnism for rejecting Hy for values of 6
outside but near ©y”. Therefore they propose moment priors.

Definition 40 (moment priors) Let focus on a point null hypothesis and
a scalar parameter, given a base prior p,(6), with 2k finite integer moments,
k > 0, two bounded derivatives in a neighborhood containing 6, and such
that py(0) > 0, then the kth moment prior (MOM) is defined as

(0 — )%

Tk

pu(0) = po(0)

with 7, normalizing constant

= [0~ 00" p(6) 40 = By, (6 — 00
ensuring p,s to be a proper density. o

The moment prior is non-local satisfying (4.1), but assigns mass to all s in
©1, and through the choice of the base prior and & it can be controlled the
rate at which it approaches zero. It also interesting to note that for £ = 0
the moment prior reduces to the base prior.

Proposition 3 The convergence rate of the Bayes factor in favor of the
false alternative hypothesis when the alternative model is specified by the kth
moment prior is

BlO _ Op<n—k—1/2)

The extra power k, this class of priors gives to the Bayes factor with respect
to local priors, means that, for instance, if & = 1 the rate changes from
sublinear to superlinear.

Moment priors can be naturally generalized to the multivariate case as

Q)"
Ep, [Q(6)"]
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where

9) — (0 — Qo)Tzil(Q — 00)
Q) = nro?

with ¥ a positive definite matrix and 7 and o2 scalars. For the choice of 7 the
authors suggest to choose 7 so that the prior probability that a standardized
effect size is less then 0.2 is less than 0.05, see section A.2 to learn more

about 7.

Following this work in JOHNSON and RoOsseLL (2012) they propose the
product moment prior (pMOM), suited for model selection in high dimen-
sional normal linear models. This prior arises as the independent products
of the univariate MOM prior densities, and is proper. The main difference is
that while the multivariate MOM density is 0 only when all components of
the parameter vector are 0, pMOM instead is 0 if any of the components is
zero. This is important since it introduces a greater penalty for models that
have any of the components close to 0, and makes this prior appropriate for
variable selection where sparse models are usually preferred.

Finally, for identifying high probability models, they propose a MCMC
algorithm to explore the model space based on a Laplace approximation to
approximate the marginal likelihood of the data under each model.

4.2 Non-local priors for graphical model choice

Following the work of JOHNSON and RosseLL (2010) CoONSONNI and LA Rocca
(2011) derived a FBF for pairwise comparison of nested Gaussian DAGs in
an objective framework. Let (V, D) be a DAG, the joint density of Uy, ..., U,
can be written like in (2.5) as

q
p<u17 sy Ug | 5a7) = HP(U]' ‘ upa(j);ﬁjﬁﬁ)/j)

J=1

Because of the recursive structure of the likelihood it is natural to assume
global parameter independence, see GEIGER and HECKERMAN (2002)

p(B8,7) =[] (8. %)
J
and therefore a natural default prior is

po(B5,75) o< ;! (4.2)

32



Since they focus on the pairwise comparison of two nested models, say Dy C
D, they define L;, for each vertex j, as the set of the edges pointing to j
which are present in D; but not in Dy. Clearly setting 3; to zero for each
j and each | € L; brings D; to Dy, and exploiting the default prior (4.2) as
base prior they derive the (product) moment prior of order h for vertex j.

p(Bi. i) <t ] Bt (4.3)

lGLj

Multiplying together these priors one obtains a (product) moment prior for
comparing Gaussian DAGs

p(B;7) 0<H ol || 54 (4.4)

leLl;

To derive the FBF in closed form the main difficulty arises in the frac-
tional marginal likelihood under the alternative hypothesis, that because an
expectation of the product of even powers of the parameters in L; under a
multivariate Gaussian distribution. But it can be proved that

Lemma 1 Let U = (Uy,...,U,) ~ Ny(i, %) where = (p1,...,pg)" and
Y ={oy}. Fizd < q and a positive integer h, then

d hd
I
E[]u :Zny (1, 2) (4.5)
I=1 i=0
where
(h) ﬁ d sz ﬁ ]l
H7 (p, 2h)!
‘ l

JjEJR(7) I=1 m=1 jlm =1 ]

having defined
d d
m=1 m=1
and

d d
:{j:zz.ﬁm—z/\w Jr >0}

=1 m=1
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Then focusing on vertex j, we omit index j for notational convenience, let
X be a n x p matrix whose columns contain the observations on the parent
variables, then the fractional marginal likelihood based on (4.3) is

s S 4T H (B, (XTX) O ("52) (52)
zi-i%' 4= HM (B, (XTX)"1)D (22 ($2)0

4.6)

b >

wy,(y| X, b) = (7bS?)~

(
where 0 < b < 1 is the sample size dependent fraction satisfying n
p+2h|L], = (XTX)"'XTyand S* = (y - XB)"(y — XB).

For h =0 (4.6) clearly gives the fractional marginal likelihood under the
null hypothesis, which is nothing else than the ordinary marginal fractional
likelihood under the default prior, see FBF for the Normal Linear Model 4.
Therefore the Moment FBF (MFBF)

H?;l wo (Y] X1j,b)
15— wi(y;]Xo;, )

FBFy(y,b) = (4.7)

In a following work ALTOMARE el al. (2013), assuming an ordering of
the variables, developed an algorithm for model search in the space of DAGs
based on the MFBF (4.7). The algorithm exploits the encompassing ap-
proach (see subsection 3.1.1) to calculate the model posterior probabilities.
Using as reference model the complete independence DAG Dy, which is
clearly included in every DAG, and approximating the normalizing constant
with an indexed collection H of high scoring DAGs

Byo(y)p(Dy,)
> jen Bio(y)p(D;)

These estimated posterior probabilities allow, among other things, also to
estimate the posterior edge inclusion probabilities as

plely) = > p(D;ly)

jGH:eGDj

p(Dx | y) =

To complete the model they propose as model prior, adapting the approach
of ScoTT and BERGER (2010), a prior that they call split prior. The name
is due to the fact that also the model prior is thought vertex-wise. Let Dj. be
a DAG and denote with My, ..., M, the corresponding regression models,

then q q -
@0 =TLo) =15 gy )



This prior, in conjunction with the factorization of the MFBF, allows the
computation the be done locally, i.e. the algorithm can be run separately
for each vertex, opening the doors to parallelization to further improve the
computation speed.

Although from (4.7) we can see that the MFBF for a model that is far
apart from the base DAG involves a lot of computation, therefore to speed
up the algorithm the authors propose to use the Bayes factor chain rule con-
sidering pairwise comparison between adjacent models, i.e. DAGs differing
by exactly one edge. In the context of MFBF this is just an approximation
but this highly simplifies the computation.

The search algorithm is similar to the algorithms proposed from BERCGER
and Morina (2005) and ScoTT and CarvaLno (2008). The rationale be-
hind is easy: edge moves which already improved some models are likely to
improve other models too. Given a base DAG Dy = (Mﬁ‘”, o 7./\/lgo)), and
the number of models we want to explore for each regression (n_mod), we can
summarize the algorithm like

Algorithm 1 Local stochastic search

for j=2;j<=q;j++ do
based on the collection of the models adjacent to M§O) compute

(i)  the estimated posterior probability of each model and
(ii)  the relative edge inclusion probabilities

and set t equal to the number of adjacent models + 1.

while t<n_mod do

(i) a resampling move, i.e. randomly return to a previously visited
model according to the estimated posterior probabilities and

(ii) and a local move, i.e. randomly choose an edge move (add or
remove an edge) accordingly to the edge move probabilities
once a new model is chosen recalculate model and edge posterior prob-
abilities and set t=t+1
end while
end for

Finally, extending the concept of median probability (MP) model, intro-
duced by BARBIERI and BERGER (2004) in the context of regression models,
the authors suggest to evaluate the graph structure through the MP-DAG,
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i.e. the graph containing those edges whose inclusion probability is at least
0.5.
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Chapter 5

Objective Bayesian Analysis for
Differential (Gaussian Directed
Acyclic Graphs

5.1 Introduction

Often we are confronted with heterogeneous multivariate data, i.e., data
coming from several categories, and the interest may center on the differential
structure of stochastic dependence among the variables between the groups,
as an example consider two groups, refractory and relapsed patients affected
by a specific cancer with the underlying ¢ variables in each group being
expressions from selectively targeted genes.

Suppose we model the dependence among variables through a graph (ei-
ther undirected or directed). We could do this separately for each category,
however it is reasonable to assume that there will be some shared edges across
categories, and a joint estimation would be desirable to borrow strength and
thus achieve a better inference.

A Bayesian approach to address this issue, in the undirected graph frame-
work, under an informative setting, is presented in PETERSON et al. (2014),
they address the problem of inferring multiple undirected networks in sit-
uations where some of the networks may be unrelated. Let have k ny-
dimensional samples Y ¥ from AN, (0, (Q®)~1) where Q%) is the inverse of
the covariance matrix. Given a graph structure they use a G-Wishart prior
(ROVERATO, 2002) for each precision matrix Q*) and link the graph struc-
tures via Markov random field priors which encourage common edges through
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edge-specific parameters and a supergraph which describes the relatedness
between the graphs. On the parameters of the supergraph they put spike
and slab priors (GEORCGE and McCuLLocH, 1993) with a non-local alter-
native component and to the edge-specific parameters they assign a prior
that encourages higher edge selection probabilities for edges included in a
reference graph Gy. Samples from the posterior distribution are obtained
with a MCMC algorithm, and graph structures are selected thresholding the
posterior marginal probabilities of edge inclusion.

Another Bayesian approach, but for Gaussian DAG models, is presented

in YAJMA el al. (2012) with regard to the two- category case. For category
k k

k = 0,1, let the data be Y¥) = (y( ) ,y;,(, ) with yj = (y§j), e ,yflk)j).

They assume the model:

k k ind
yzgj)|yz(ll))ak(ﬂ) a;, 3, 0, j’Dk ~ N(a; + Z yll Bﬂl+5ll{sl_1})’ 9)

lepay(7)

fori = 1,...,n,, j = 1,...,p. The scalar «; is a nuisance parameter,
o5 the error variance, I{A} the indicator function of the event A, s; is a
subgroup indicator such that s; = I{differential group} and 3; the collection
of regression coefficients {fs;, s # j, s = 1,...,p}, with a similar definition
for §; representing the vector of differential effects. Model determination is
performed based on local priors, essentially standard variable selection priors
(GEORGE and McCurLrocH, 1993), and using a Reversible Jump Markov
Chain Monte Carlo (RJMCMC) algorithm (GrreeN, 1995), along the lines
described in FrONK and Grupict (2004).

We concentrate on the two groups problem and we face it modeling the
system through a Gaussian DAG couple linked in a fashion similar to YA ivA
et al. (2012), assuming that an ordering of the variable is given. Our aim is
thus model selection and we choose to work in a objective Bayesian framework
so that no complex prior elicitation is needed. The philosophy we followed
when designing this algorithm was the one of exploratory analysis, we tried
to provide an output which could be helpful to a researcher who is facing a
multidimensional problem, and often this results in having a sparse graph,
and in our case a sparse graph couple. Our proposal consists thus in assigning
a non-local prior to the regression coefficients with the objective of enforcing
stronger sparsity constraints on model selection.
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5.2 A new model parametrization

Given ¢ variables of interest and two groups, the baseline group, indexed by
0, and the differential group indexed by 1, let D = {Dy, D1} be the set of
DAGs describing the dependence structure between the ¢ variables in the two
groups. It is important to note that, since we are interested in differential
effects, D = {Dy,D;} alone is not sufficient to describe our model, in fact,
giwen an ordering of the edges, there are two different types of differential
effect:

(i) we have an edge in Dy but not in D; or viceversa

(ii) both graphs have the edge but the effect is not the same

While the first type of differential effects are caught by D the second type
of differential effects suggests to introduce a third component: A, the set
of common edges with differential effect. Now the triple M = (Do, D1, A)
defines our model.

As usual in the Gaussian Multivariate framework let see the DAGs, given
an ordering of the variables, as sets of regression models, formally Dy, for
k = 0,1, can be split into ¢ independent models My, ..., M;, and thus our
triple could conveniently be expressed by the triples M; = (My;, My;, Aj)
j =1,...,q. Note that for j = 1 there is no regression and A; = . To
simplify our formulation we will further assume that the variable of interest
have zero mean, so that no intercept is needed in our regressions, this is a
standard assumption in graphical modeling and is achieved in practice by
centering or standardizing the data matrix.

In this new formulation of the model A; does not looses his meaning, since
it will be the set of the parents of j which are common in the both regressions
but with a differential effect. Let further A; = pay(j) N pa,(j) \ 4, be the
set of common parents of j with common effect.

To fix the ideas we represent in a Venn diagram, in Figure 5.1, the parental
sets, under the baseline and differential model, relative to vertex j.

5.3 Likelihood

Let us have a sample of n independent observations, ng for the baseline group,
and n; for the differential group, and let Y be the centered or standardized
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Figure 5.1: Venn diagram representing the sets induced by the triple M; =
(Moj, Mg, Aj).

data matrix, ordered for representational convenience:

(0)
v — [ y Ly ] _ ’nf;ﬂq _ ng) géo) _ (ym )nqu
nxgq =1 —q Yl ggl) ey 1) (y(l))
nixq q ] -y

with in mind our model formulation, we can assume, conditionally on know-
ing the group of each observation, the following likelihood:

p(Y | D07D17A71376717Q)

no 4 ny g
0
=1111»5 v, J),Do,ﬁj,%)HHp i 1y ) Do, D1, A, B93> ¢4)

i=1j=1 i=1j=1

P 1) =N ()

P 1) =N (u)

5t )

1D (em)” 1)

with
0
w = Buuy (5.1)
lepag (5)
V=3B Y Byt auy Y g (52)
leA; leh; lepal(j)\pao(j)
We further indicate with v = (v1,...,7,) " a vector of conditional precisions
and ¢ = (c1,...,¢,) " a multiplicative parameter. In order to make the com-

putation faster, ¢ will be treated as constant vector given the model and will
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be chosen according to the data'. Since ¢; times the precision v; of the jth
regression under the baseline model is nothing else than the precision of the
jth regression under the differential model it seems reasonable to set c; equal
to the ratio of the estimated conditional variances.

The parameters we are most interested in are instead 3 = {3 L éq}
and § = {d,,...,0,}

/Ba ] a+ (7

B def B — Bpag(i)\par (3) — ’ O%Dp 1)
Pag(J Boan(i ) A;
pag (§)Npay (5) B
J

det = 0a,
& = doma,s = { Opay (1)\pol) }
As we can see from these formulas their structure, i.e. which and how many
parameters we have in each regression, will depend on our model triple M,
and setting a coefficient to 0 will bring us to a smaller model nested in the
first one, which we could also express without including this parameter.

We can further see from (5.1) and (5.2) that the differential model depends
on the regression coefficients of the baseline model for the edges which are
common in both graphs. This happens in two situations, first when an edge
is present in both graphs but the effect is different (4;), and second when we
suppose that the edge has the same effect in both baseline and differential
model (A;). Note that in the latter situation the parameter will need to fit
both models to make the likelihood reasonably high, but keep in mind that
our aim is model selection rather then parameter estimation.

5.4 Priors

5.4.1 Parameter priors

Because of the recursive structure of the likelihood is natural to assume the
assumption of global parameter independence, see GEIGER and HECKERMAN
(2002):

p(B | Do) = HP | Do)

IThis choice will become clearer when deriving the Fractional Bayes Factor because it
will allow us to get it in closed form
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(8] 8. Do, D1, A) = ][ w6, | B, Do, D1, A)
J

p(y) = Hp(%')

Since our aim is to investigate differential effects is natural to prefer pos-
sibly sparse models where only strong differential effects are considered,
this intuition suggests to work with product moment priors (CONSONNI and
LA Rocca, 2011; ALTOMARE et al., 2013). We remember from section 4.2
that product moment priors arise from a Bayesian testing procedure based
on combining the advantages of the FBF with those of the moment prior,
in order to obtain an objective method with enhanced learning behavior.
Therefore when assigning parameter priors we have to concentrate on pair-
wise comparison of two nested models.

Definition 41 (model inclusion) In our framework a model
MW = (DY DI AW)

is said to be included in a model
ME) = (D{P D AB)

if and only if for each j € {1,...,¢} and each [ < j:

—(B) . )
1. led; =lepafV(j) ol epa®())

2. 1€ A =1 ¢ pag” () \ pay” ()
or equivalently if and only if

A . A . B . B .
o pai” () \ pat(j) € pal? (j) \ pal® (j)
A) /. A) /. B) /. B)/ . B
e pai’(j) \ pai” (j) € pa{” (j) \ paf” (j) U AT
(A) (B)
° Aj C Aj

o« A

~(B) (B)

This assures that, when the inclusion is respected, the likelihood under M4
can be obtained from the likelihood under M) simply by setting some
51(;-8 ),@(JB) to zero. Note that, in contrast with the single graph case where
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setting a parameter to zero corresponds to removing an edge, here when
removing a parameter different scenarios can arise. Since we always remove
edges or set parameters to zero from the bigger model MP), to enumerate
the various scenarios let drop the superscript (B)

1. Blj :0

e | € pa, \ pa;: we remove edge [ — j in Dy, this is the same as the
single graph case.

e [ € A: we remove edge | — j from both Dy and D,
e [ € A: we remove edge | — j from Dy and A

2. 6lj :0

e [ € pa, \ pa,: we remove edge [ — j from D, this is the same as
the single graph case.

e [ € A: weremove edge [ — j from A and let D; and Dy untouched
3. Blj =0 and 5lj =0

e we remove edge [ — j from Dy, D; and A;.

This highlights the importance of introducing the third component A in our
model formulation, without it we could not have an identified model when
removing/adding a parameter.

Following the method introduced in section 4.2 we choose as base priors
the default priors

pD(ﬁj | Dy) ox 1
pD(éj | D1, A) 1
PP () 7}1
and given two models M® ¢ M®B) we define,

B . A .
L =pal? (j) \ pas” ()

and

L5 = [(pal” () \pal () \ (bl () \ pa ()] L (2171 A7)
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so that the hypothesis that M) holds is equivalent to set ﬁl(f) =0,1¢ Lf
and 51(;3) =0,1 € L?, j=1,...,¢ in M®B_ The corresponding default
product moment priors of order h are then

p(ﬁjmo) X H 512jh

B
lELj

(8,18, Do, D1, A) o [T 6

leL?
so that
p(éjwéj?’yju)(hph O(r)/] H 5 H(S (53)
lerf  leL]

where h is a positive integer, as usual h = 0 returns the initial default prior.
Note that when we are comparing against the null model, i.e. a complete
independence model in both group, our prior will then be:

p(éjvéj77j|D07D17 O<7] H B H 612]h

lepag (§) lepay (j)\zj

5.4.2 Model prior

For the model prior after several proposal we choose to go for an uniform
prior

p(D(]?Dl?A) X 1

since from the simulations we have seen that this prior is more stable. By
stable we mean that the uniform prior against sparsity inducing priors or
common structure inducing priors, performs slightly worse for pairs of DAGs
with high common structure, e.g. when more then 80% of the edges are the
same in both graphs, but outperforms these priors when the two graph are
not that similar.

5.5 Moment Fractional Bayes Factor

When we are interested in comparing
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against
MPB) = (Di? DY) AD))

with M@ c M) we can note that given the recursive structure of the
likelihood and of the priors, then also the fractional marginal likelihood,
under each hypothesis, factorizes

q
( : (Y, 90, 91) Hw y ‘ypao(J)’yl(Da)ﬂ) 90: G1)
7j=1

with H = A, B and gy and ¢; the sample size dependent fractions, see sub-
section 3.2.3. The subscript A is, as usual, the order of the product moment
prior, and we remember that under the null hypothesis our parameter prior is
the default local prior used to define the product moment prior. Furthermore
this prior can be obtained simply by setting h = 0 in the product moment
prior of order h, therefore we will simply drop this subscript when talking
about the null hypothesis. So let wéB) be the fractional marginal likelihood
for model M) and w) the fractional marginal likelihood for model M),
then the moment fractional Bayes factor for comparing M) against M5

with MW c MB)

(B) q (B)
h w h
MFBF{ = — = []- w(A) =] | MFBF),
j=1 7=1

This factorization allows us to work at node j level. So let focus on the
fractional marginal likelihood under the alternative model M) and drop
the superscript (B) and the subscript 7 for notational convenience. Let

ypao \ pa;

Xo= | 4 e ¥ 4 0 0|

and SO N O C DR CY
1 1 1 1
X1 = [ 0 yx" Ya" Ya" Ypa,\ pag ]

be the observations of the parents of node 7 under DAG D, and D,, aug-

mented with 0’s to be coherent in size with é = { ﬁ } The fractional

J

marginal likelihood is then

](h7g(0)7g(1)7X0a le 1a 1)
[(h,g(o),g(”, X0, X1,90,91)

wy, = (5.4)
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with

I() = /p(g(o) | 8.7, Do; Xo)*p(y™ | B,8,7v, Do, D1, A; X1, )" (5.5)
p(é7é77 | DOJDIJA)dédéd’Y

The main issue with /(-) is that we have a product of parameters, coming
from the product moment prior, that we have to integrate out. In (5.5) we
can see the product of two multivariate normal densities one raised to the
power of gy and the other to the power of g;. With a single multivariate
normal density we could proceed like in CONSONNI and La Rocca (2011),
thus it would be useful to group these two densities in a single object, so
focusing on the exponentials of the likelihoods we can note that

~ I ~
exp {2521y = X" exp { G Iy -7 -

v (T y© Xo 15\ [9fn 9, © Xo | 3
_exp{2<[z(1)}{xf]ﬂ) [ 0 cg1ln, ([z(l)]{X?]ﬁ)

ni1 Xno

where we have indicated

N
|
o
()
| I
Il
1
=
(=)
o
(@)
| IS

0) 0)
g: | 4L | = | VIY X -G
Yy [ y® ] { NG ‘

with

G gOInO n09n1
N 0 Ca1 In1

ni1Xng
if we further define R
B, = (X;XQ)AX;QQ
and A R
S2=(y,~ X,0)7(, - X,3)

we can use the well know relation

exp{~2ly, - X,B0°} = exp {2 (g, - X,5, 1>+ 1X,5, - X,5I°) }
= o { -2 e {-21x,(3 - 511}
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from which we can see the kernel of a
N (Ba ixTx )
@ é’ ég’ ; ( g 9)
With in in mind (5.3) let d = |L?|+|L?| then

|18

3
Y o2 YT\ 2 T -1 2h 2n| -
exP{*ES»q}(Z) | Xy Xg | 2E{H s 11 51.7}7 dy

eLB 1eLd

nogo+nigy
2

0] ()

nig; _nogotni91—1B8|
2

1 npgo+ni191—|8l
T -5 21 2h —_s 1 7 o2
| Xg Xg 12 /E{H s I1 51.7}” 2 EXp{igsg}dw

1eLB 1eLd

applying Lemma 1 and integrating out v we get

nogo+ni91—I8l
2

nigr nogotnigr=1Bl=2i
I(\)=c 2 (27) 2 exp

hd .
T -1 Lo Ty —1
|X9X9‘ 2 Z;Hz( )(ég’XyXy )/7

i=0
v o2
—gsg}dw
- nogotni91—|B1—2i
n191 _mogotnri91—I5] T L S R . F(—2
=c 2 (27) 2 | Xy Xg 172 Z;Hi (B, Xy Xg")

nggo+ni91—1B8l—2i
2

1=0
2
Sy
2

_nogo+ni91—1B] hd

ARV iS A S A i nogo +nig1i— | B | —2i - _
(ns2) 2 Zz(sg) F( 2* )H}h)(gg,xzxgl)

mni191 _
=c 2 | X)X4|

=

Focusing on the gamma function we note that the fractions 0 < go < 1 and
0 < g1 < 1 have to be chosen so that

nogo + ni1gr > |B|+2hd

One thing one has to be careful about, is that because of the particular
construction we adopted to solve this integral, X, ég and Sg they will all
depend on the fractions gy and gy, and therefore nothing will cancel out when
computing the marginal fractional likelihood w}(lB) (5.4).

Under the null hypothesis M®) our parameter prior is the default local
prior used to define the product moment prior, thus the fractional marginal

likelihood w™ can be obtained from the same formulas above just setting
h = 0.

5.6 Stochastic search

The recursive structure of the MFBF gives us the opportunity to work locally.
Therefore to search in the space of models, following ALTOMARE et al. (2013),
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we exploit the encompassing from below approach and the approximation of
the MFBF with the BF chain rule, and we adapt the local search algorithm
described previously to this framework.

The main difference between the two algorithms is that in the single graph
framework a local move proposes an adjacent model, i.e. a model that differs
exactly by one parameter from the starting model. In our framework this
could be a limit and to improve the way our algorithm moves through the
space of triples we prefer to define a local move in slightly different way.

Definition 42 (local move) we define a local move the change of status of
an edge couple, where by status of an edge couple we mean

1. the edge is missing in both graphs

2. the edge is present in Dy but not in D,

3. the edge is present in D; but not in D,

4. the edge is present in both Dy and D; but not in A

5. the edge is present in both Dy and D; and in A o

We see from our definition of inclusion, that making a move from status 4 to
2, from status 4 to 3 and from status 5 to 2 it doesn’t involves nested models,
i.e. we don’t have a MFBF with which can compare these 2 models. This can
be solved noting that two models, M@ and MU differing just by a single
edge status e, with e = 1 in M® and e # 1 in MY, then M® is always
nested in MY . Therefore we can calculate the MFBF in two steps, i.e.
passing through status 1 and taking the ratio between the two intermediate
Bayes Factors.

We have implemented all this logic in MATLAB and at the end of the
day, given a starting triple M® = (D((]b), ng), AD) = (./\/lgb), . ,./\/l((lb)), with
./\/lg-b) = (M(()l;), M@, Ag»b)) j=1,...,q and the number of models we want to
explore for each vertex (n_mod) our algorithm can be summarized as
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Algorithm 2 Local stochastic search for differential Gaussian DAGs
for j=2;j<=q; j++ do
based on the collection of the models adjacent to Méb) compute

(i) the estimated posterior probability of each model and
(ii)  the relative edge inclusion probabilities

and set t equal to the number of adjacent models + 1.

while t<n_mod do

(i) a resampling move, i.e. randomly return to a previously visited
model according to the estimated posterior probabilities and

(ii) and a local move, i.e. randomly choose an edge move (change
the status of an edge couple) accordingly to the edge move prob-
abilities

once a new model is chosen recalculate model and edge posterior prob-
abilities and set t=t+1

end while

end for

5.7 Simulations

5.7.1 Comparison with the disjoint model

First of all we want to evaluate if our joint proposal improves the results
obtained by applying on each graph separately the standard method proposed
by ALTOMARE ef al. (2013). In this section we will call this method the
disjoint method. In order to complete this task we simulate from three
different scenarios. In the first one we suppose that the graphs share 90%
of their edges, in the second that 50% of the edges are shared and in the
last one just 10%. We apply these scenarios to the 20, 50 and 100 variables
problem, see Table 5.1

Simulation strategy
To present how we simulate the data let s be the desired percentage of shared

edges between the graphs. We start by simulating a DAG randomly recurring
to the R package pcalg (KaLisCH ef al., 2012), with sparsity parameter
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q ng = N1 S z
20 20 0.9]0.1
20 20 0.50.1
20 20 0.11]0.1
50 50 0910.1
50 50 0.510.1
50 50 0.1]0.1
100 50 09 0.1
100 50 0.510.1
100 50 0.10.1

© 00 O Ul Wi

Table 5.1: Descriptive schema of the simulations considered for the comparison of the
joint vs the disjoint method, s is the percentage of shared structure, and z the sparsity
level.

z = 0.1 and setting edge weights randomly to 0.4 or 0.8. In our simulations
edge weights are the weights of the parameters of the conditional regressions
with conditional variance equal to 1, this approach gives standardized effects
around 0.3 and 0.6 respectively. The DAG obtained this way will be our
baseline DAG Dy. To determine D; let D; = Dy and randomly remove
from D; the desired percentage of edges we want to be different (1 — s), at
the same time we add in the same amount new edges to Dy, i.e. edges not
present in Dy, with edge weights 0.4 or 0.8 randomly. Finally, we choose
randomly (1 — s) x 100% of of the edges we have not touched yet and in
order to introduce some common edges with differential effect we change
their weights to 0.4 or 0.8 respectively.

When we have Dy and D; we generate the data with the function rmvDAG
of the package pcalg. This is equal to simulate from a normal distribution
with zero mean and covariance matrix X;, k = 0, 1 given by (2.6) with D = 1.

Results

In Table 5.1 we summarize with a schema the simulations considered, and
in the appendix (subsection B.1.2) we represent the corresponding graphs.
We can see that we have chosen situations where the number of observations
are relatively small, since we know that the disjoint algorithm, under these
conditions, with a moderate sample size reconstructs the graph almost per-
fectly, thus, with such sample sizes, we would not have had any space to see
if there is some improvement in searching the graphs jointly.
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Since the sample sizes are small we simulate 3 datasets for each configu-
ration and we asses the performances of the methods with the mean of the
AUCs obtained from the graphs selected by thresholding the edge posterior
probabilities at various points. In particular we will look at the overall AUC
(Table 5.2), i.e. the AUC we get considering false positive edge discovery
rates and true positive edge discovery rates in both graphs as they would
be a single model (Table 5.3), and at the shared structure AUC (Table 5.4),
i.,e. the AUC we get considering as a true positive an edge present in both
true graphs (Table 5.5). The corresponding ROC curves can be found in the
appendix (subsection B.1.1).

We test the datasets, in both algorithms, with h =1 and h = 2.

From Table 5.2 we see that the joint method outperforms the disjoint
one when the graphs have many common edges (s = 0.9). Instead, when
the graphs don’t share much structure, with a moderate number of nodes it
has performances similar to the disjoint method while it seems to deterio-
rate when ¢ = 100. This problem may be connected to the fact that when
the sample size is too small (in relation to the graph size) and there is no
significant common structure between the graphs, the algorithm still tries to
borrow strength from the two graphs, and since the small sample can not
adequately separate between the two models the performances deteriorate.
Anyway even in these situations if we look at the AUCs relative to the com-
mon structure (Table 5.4) we see that our algorithm at least reconstructs
common edges better.

A strategy to exploit the best of the two approaches may be the one of
trying to launch the disjoint algorithm first, and if from its output we see that
the two graphs are similar (e.g. more then 50% of the edges are the same)
then probably we can improve the performances with the joint method.

5.7.2 Common edges with differential effect

To compare the disjoint with the joint method we have not looked at the
shared edges with differential effect, since the disjoint method is not able to
catch these differences. To understand how our algorithm works in relation
to these effects we consider a graph couple with common structure of 0.8,
50 nodes and sparsity 0.1 for various values of the sample size: 50, 100, 250.
Since the method we use to generate the random DAGs doesn’t let us control
the standardized effects precisely we introduce a threshold on how much these
effects have to be different in order to be considered differential. We set these
thresholds to 0,0.05,0.1,0.2 and we test our algorithm with h = 1. Results
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Model h=1 h=2

q mnop=mny s | Joint Disjoint Joint Disjoint
20 20 0.9 | 0.83 0.77 0.87 0.74
20 20 0.5 | 0.82 0.81 0.84 0.81
20 20 0.1 | 0.81 0.81 0.82 0.78
50 50 0.9 | 0.98 0.94 0.98 0.89
50 50 0.5 | 0.95 0.95 0.95 0.91
50 50 0.1 ] 0.93 0.93 0.91 0.90
100 50 0.9 | 091 0.89 0.92 0.84
100 50 0.5 | 0.86 0.88 0.85 0.84
100 50 0.1 | 0.85 0.90 0.84 0.86

Table 5.2: overall AUCs for the joint and disjoint method for h =1 and h = 2

h=1 h=2
Model Joint Disjoint Joint Disjoint
g n0=nl s | TPR FPR TPR FPR | TPR FPR TPR FPR
20 20 09| 065 015 019 0.02 | 0.58 0.06 0.13 0.01
20 20 05| 059 013 031 0.02| 051 006 022 0.01
20 20 01| 055 014 029 0.03 | 045 0.07 019 0.01
50 50 09| 088 003 060 0.01 | 082 001 051 0.00
50 50 05| 082 004 067 0.01 | 077 002 0.61 0.01
50 50 01| 076 005 064 0.01 | 068 0.03 0.56 0.01
100 50 09| 08 006 056 0.01 | 078 003 046 0.01
100 50 05| 071 007 056 0.01 | 065 005 049 0.01
100 50 0.1 | 068 0.07 0.60 0.01 | 0.60 0.04 051 0.01

Table 5.3: mean of the overall TPRs and overall FPRs for the joint and disjoint method
forh=1and h =2

92



Model h=1 h=2

q mnog=mny s | Joint Disjoint Joint Disjoint
20 20 0.9 | 0.83 0.74 0.88 0.70
20 20 0.5 | 0.76 0.70 0.79 0.74
20 20 0.1 ] 0.77 0.74 0.89 0.69
50 50 0.9 | 0.98 0.91 0.98 0.84
50 50 0.5 | 0.95 0.92 0.97 0.86
50 50 0.1 | 0.97 0.94 0.98 0.88
100 50 0.9 | 0.90 0.84 0.92 0.77
100 50 0.5 | 0.86 0.82 0.86 0.78
100 50 0.1 | 0.88 0.82 0.86 0.74

Table 5.4: AUCs relative to the shared structure recognition for the joint and disjoint
method with h =1 and h = 2

h=1 h=2
Model Joint Disjoint Joint Disjoint
g n0=nl s | TPR FPR TPR FPR | TPR FPR TPR FPR
20 20 09 059 010 0.06 0.00 | 0.54 0.04 0.02 0.00

20 20 05| 044 0.09 0.11 0.01 | 041 0.04 0.06 0.00
20 20 011 041 0.11 0.08 0.01 | 040 0.06 0.03 0.00
50 50 091 08 0.02 048 0.00 | 0.81 0.01 0.40 0.00
50 50 051 078 0.03 048 0.00 | 0.76 0.02 0.40 0.00
50 50 011] 078 0.04 042 0.00 | 0.70 0.03 0.29 0.00
100 50 091 074 0.03 040 0.00 | 0.74 0.02 0.31 0.00
100 50 05| 0.67 004 037 0.00 | 062 0.03 030 0.00
100 50 0.11] 0.66 0.06 033 0.00 | 061 0.03 024 0.00

Table 5.5: mean of the TPRs and FPRs relative to the shared structure recognition for
the joint and disjoint method for h =1 and h = 2
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0 0.05

g mno=mn; | AUC TPR FPR | AUC TPR FPR
50 50 0.51 0.04 0.00 | 0.53 0.06 0.00
50 100 0.60 0.20 0.00 | 0.63 0.26 0.00
50 250 0.68 037 0.00 | 0.78 0.56 0.00
0.1 0.2

g mno=mny | AUC TPR FPR | AUC TPR FPR
50 50 0.54 0.08 0.00 | 0.51 0.01 0.01
50 100 0.66 031 0.00 | 0.76 0.50 0.01
50 250 0.83 067 0.00 | 093 087 0.02

Table 5.6: AUCs for the differential edges recognition for various thresholds:
0,0.05,0.1,0.2.

are reported in Table 5.6. For these examples the corresponding overall AUCs
are 0.97, 0.99 and 1 respectively. We see instead, that catching the common
edges with differential effect is an harder task and that even with a threshold
of 0.2, which seems a reasonable threshold for us, we need a moderate sample
size to get good results. This behavior is to impute to the fact we chose a
product moment prior for the § parameters, and thus just differential effects
which are considerably high are highlighted by this method.

5.7.3 Comparison with Peterson et al. (2014)

The most advanced Bayesian method we found in literature for making in-
ference on multiple graphs is the one of PETERSON et al. (2014), we will call
it the benchmark method. This algorithm works in the undirected graphs
framework, so if we want to compare our method with theirs we have to
assume a known ordering and focus on decomposable graphs, see section 2.3.

Simulation strategy
To simulate the data, we proceed in a way similar to the one described

earlier, with the only expedient of transforming our randomly chosen DAGs
to perfect DAGs and obtaining therefore the UGs just removing the arrows.
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Note that sparsity and shared structure will not be fully controllable when
generating DAGs and UGs randomly in this way.

Results

Before presenting the results we may note that we put ourselves in a fa-
vorite situation, since we're are assuming a known ordering of the variables.
The benchmark algorithm cannot exploit the given ordering since it works
in an undirected framework, so to rebalance the comparison we decided to
check the performances of our algorithm also in the case the ordering is
mis-specified.

In order to set a desired mis-specification level note that if we have an or-
dered sequence 1, . . ., ¢, and a permutation of that sequence 7 = 7(1),...,7(q),
the number of inversions, i.e. the number of pairs (7(i),7(j)) such that
(i) < w(j) and ¢ > j, is a well-established way to asses how far 7 is from
the naturally ordered sequence. Moreover we know that the number of in-
versions takes values between 0 and ¢(q — 1)/2, so dividing the number of
inversions by its maximum we get a relative distance d.

We decided to test our algorithm under three different degrees of mis-
specification, namely d = 0,0.25,1. We investigate the performances of the
algorithms under 6 situations, in particular we sampled data from 4 different
randomly chosen DAG couples with 20 nodes each, and different values of
sample size, graph sparsity and common structure. In order to reduce the
variability due to the sampling, we decided to run the algorithms on three
different samples under each configuration.

model | q |ng=n1 |~z |~s
1 20 20 0.1 | 0.8
1 20 50 0.1 0.8
1 20 100 0.1 | 0.8
2 20 100 0.2 0.8
3

4

20 100 02105
20 100 02103

S Ot = W N

Table 5.7: Descriptive schema of the simulations considered for the comparison with
the benchmark method.
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In Table 5.7 we summarize with a schema the situations considered, and in
the appendix we represent the corresponding graphs (subsection B.2.2). We
set up our algorithm with A = 1 and with regard to the benchmark algorithm,
following PETERSON ef al. (2014), we set the hyper-parameters of the G-
Wishart prior in the “noninformative setting” b = 3 and D = I,. For the edge
specific prior we follow the suggestions given to encourage overall sparsity,
i.e. we choose as reference graph a ¢ x ¢ matrix of all ones and set a = 1 and
b = 4 for the parameters of the Beta governing the edge inclusion probability,
which leads, for every edge, to a prior probability of edge inclusion of 20%
and finally we set the hyperparameter w of the Bernoulli prior on the latent
indicator of network relatedness equal to 0.8 for the first 4 examples and
to 0.5 in last 2, to set a prior belief that the networks are related in a way
similar to the true one. Finally we run a MCMC chain of 30000 samples of
which 10000 for burn-in.

We present in Table 5.8 the overall AUCs, in Table 5.10 the common
structure AUCs and the corresponding ROC curves in the appendix (subsec-
tion B.2.1).

From the overall AUCs we see that our method outperforms the bench-
mark when the order is not mis-specified. When d = 0.25 our algorithm
still works better then the benchmark when the sample size is small, while
we get similar results when the sample size grows. Finally with d = 1,
we perform similarly to the benchmark when there is an high sparsity level
(2 = 0.1), which clearly makes the mis-specification less dramatic, otherwise
the benchmark outperforms our method. Similar results hold also for the
shared structure AUCs in Table 5.10.

We may further note that in ALTOMARE ef al. (2013) it is stated that
the performance of the MFBF search with respect to the mis-specification
deteriorates with the number of v-structures, i.e. unmarried parents that
meet head to head, present in the true graph. In our examples we have no v-
structures since we needed to restrict our attention to decomposable graphs.
Anyway these results seem to suggest that when the ordering is known or if
we have at least a general idea on how to order the variables, we can get an
advantage using our method, while when the ordering is completely unknown
we may rather go with the benchmark method, remembering that this implies
to carefully set the hyper-parameters in order to get good results.
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5.8 Conclusion and Discussion

In this work we concentrated on the comparison between two Directed Acyclic
Graph (DAG) models with the objective of finding differences; if any, between
the two DAGs, both in terms of conditional independencies and in terms of
the strengths of common dependencies.

We approached model selection using an objective Bayes framework, so
that minimal prior elicitation is needed and we made use of non-local priors
on the regression coefficients to incorporate in our model a sparsity assump-
tion. Finally we tested our method against the approach of PETERSON et al.
(2014) showing that our algorithm is competitive in several settings.

We conclude this work by considering some issues worth of further inves-
tigation. Our model selection procedure was based on the Fractional Bayes
Factor (FBF), essentially because in this way the expression of the marginal
likelihood is available in closed form, and this greatly speeds up computa-
tions. Other approaches of model choice, such as the intrinsic priors BERGER
and PrericcHr (1996), may be also theoretically sound, but computationally
less efficient, especially in an high dimensional settings, where numerical in-
tegrations can slow down the algorithm massively.

A critical point of our procedure is the assumption that there exists a
known ordering of the variables. Notice that this requirement is in some way
natural for DAGs which are mathematical objects relying on some ordering
which provides the orientation of the edges. They help researchers better
understand the problem. Moreover we have shown that our algorithm still
gives good results when the mis-specification of the ordering is moderate.
We would like to point out that our tests on the mis-specification where con-
ducted in a situation where there were no immoralities, and with the growth
of the immoralities the performances in relation to the mis-classification
should deteriorate.

If we look at DAGs purely as models for conditional independence, a
drawback is that our algorithm does not assign equal scores to DAGs con-
tained in the same equivalence classes, since non-local priors do not fall in the
(restrictive) class of priors characterized by this feature GEIGER and HECK-
ERMAN (2002). A potential way out of this difficulty, would be to consider
only equivalence classes of DAGs, whose representative is an essential graph
ANDERSSON et al. (1997).

An additional problem that we have noted is that, when the sample size
is small in relation to the number of variables, and the graphs do not share
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enough structure, our method does not perform as well as the disjoint one
(analyzing the two graphs separately). Therefore in such situations a recom-
mendation is to run the disjoint method first, asses how much structure the
two graphs share, and if the common edges are prevalent, running the joint
algorithm should bring improvements on model selection.
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Peterson et. Al | d=0 | d=0.25 d=1
0.75 090 | 0.87 0.80
0.88 098 | 093 0.87
0.90 1.00 | 0.89  0.89
0.93 099 | 092 0.82
0.93 098 | 093 0.83
0.93 098 | 091 0.83

Table 5.8: overall AUCs of the joint MFBF method (for d = 0,0.25,1) and of the
benchmark method.

Joint

Peterson et al. d=0 d=10.25 d=1
TPR FPR | TPR FPR TPR FPR TPR FPR
0.86 0.64 0.68 0.13 0.66 0.12 0.56 0.13
0.68 0.13 0.85 0.04 0.75 0.05 0.62 0.08
0.72 0.08 095 0.01 0.66 0.05 0.66 0.05
0.75 0.10 094 0.03 0.76 0.04 061 0.14
0.75 0.09 0.90 0.06 0.78 0.08 0.61 0.15
0.73 0.08 0.89 0.06 0.74 0.07 059 0.11

Table 5.9: mean of the TPRs and FPRs for the joint MFBF method (for d = 0,0.25,1)
and the benchmark method.
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Peterson et. Al | d=0 d=0.25 d=1
0.77 092 088 0.82
0.90 099 093 0.89
0.91 1.00  0.87  0.87
0.94 099 090 0.82
0.93 098 0.88 0.78
0.91 098 0.86 0.79

Table 5.10: Shared Structure AUCs for the joint MFBF method (for d = 0,0.25,1) and
the benchmark method.

Joint

Peterson et al. d=0 d=10.25 d=1
TPR FPR | TPR FPR TPR FPR TPR FPR
0.84 0.61 0.62 0.09 0.60 0.08 051 0.09
0.60 0.07 0.83 0.03 0.73 0.04 0.60 0.06
0.62 0.04 094 0.01 059 0.04 059 0.04
0.66 0.06 091 0.02 0.71 0.03 054 0.10
0.48 0.06 0.85 0.06 0.62 0.07 0.36 0.09
0.42 0.05 0.87 0.05 0.56 0.07 0.34 0.07

Table 5.11: mean of the TPRs and FPRs for the joint MEBF method vs the benchmark
method.
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Appendix A

Notes about non-local priors

A.1 Scale Invariance

Given the linear model:

n;l

with:
HO : ﬁz =0 Vi

To evaluate the properties of the prior proposed by CoNsONNI and LA Rocca
(2011), since the model selection exploits the FBF, we have to consider the
induced fractional prior:

7_(_FBF(Q | 0_2) o WCL(B | o

ply | X6, o°1)° (A.2)
< [[ 87N (B B, ?(XTX) 2

It is desirable that a prior on the regression parameter will be coherent
when defined on a scaled model, in the sense that the prior on the scaled
model can be constructed either directly by applying the “construction rule”
or by transforming the prior accordingly to the new model. The scaled model
can be obtained either scaling y or X or even both. In general, letting ¢, k > 0
the scaled model will be: -

cg:l{:X£§+cg(:>g':X’é'+g’ (A.3)
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Prior (A.2) has this property since for model (A.3) automatically we
would define the prior on ' like:

12

7B | o) o [T BN (B 1 8 T (XX

while defining the prior on (A.1) and then obtaining the prior through
transforming the variables would give:

= Hﬁf exp —WH(CQ - Xkﬁ/)Hg}

/ [ b / sl
~TT6 e |-l - X015

< [I8°N @18 5 (x X))

The prior proposed by (JOHNSON and ROSSELL, 2010, 2012) instead ex-
ploits 7 for achieving this result.

A.2 Comparison

If we consider the model:
Y :,U—I—Ei Ei%l./\/’(o,02) HOZ,U:O
then the first order pMOM proposed by JOHNSON and RosserL (2010,
2012)) reduces to:
() oc 2N (1 0,70%)
the fractional prior (A.2) becomes:
2

7 (1) oc 1PN (| 7. )

and interestingly the non-local prior obtained by considering the Zellner g-
prior as local component is:
2
go
7)o p2N (1,0, 2)
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prior(x, 0.348, 1)
00 01 02 03 04 05

!
[~

Figure A.1l: prior with 7 = 0.348 in red and with 7 = 1 in blue

If we center the data and consider the default choices suggested for the FBF
(b= 1)) and g-prior (¢ = max(n,p?)) we sce that in several settings these
two priors match, and they differ from Jonnson and RosseLL (2010, 2012)
just for the scaling factor 7. It is important to note that even though these
priors have the same distribution, when computing the FBF not the whole
likelihood is considered but just a fraction, namely (1 —b) = ”T_l, but this
difference becomes negligible when n is sufficiently large.

In Jonnson and RosseLL (2010, 2012) it is recommended to choose T
so that: P(|Z| > 0.2) = 0.99, giving 7 = .348, instead setting 7 = 1 we get
P(]£| > 0.2) = 0.998, indicating an even stronger selection effect, which can
be seen also graphically in fig. A.1.
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Appendix B

Supplementary materials

B.1 Comparison with the disjoint model

B.1.1 ROC Curves

ROC Curves for the comparison when h =1
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0.2 2
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Disjoint

O | | | |
0 02 04 06 038 1

False Positive Rate

Figure B.1: Joint vs Disjoint with h = 1: Overall structure recognition for simulation 1
(g =20, np =ny; =20, s=0.9)
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Shared Structure - h=1
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Figure B.2: Joint vs Disjoint with h = 1: Shared structure recognition for simulation 1
(g =20, n9 =n1 =20,5=0.9)
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Figure B.3: Joint vs Disjoint with h = 1: Overall structure recognition for simulation 2
(g =20, ngp =ny =20, s=0.5)
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Figure B.4: Joint vs Disjoint with h = 1: Shared structure recognition for simulation 2
(g =20, ngp =ny =20, s=0.5)
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Figure B.5: Joint vs Disjoint with h = 1: Overall structure recognition for simulation 3
(g =20, n9=n1 =20,s=0.1)
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Figure B.6: Joint vs Disjoint with h = 1: Shared structure recognition for simulation 3
(g =20, n9 =n1 =20,s=0.1)
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Figure B.7: Joint vs Disjoint with h = 1: Overall structure recognition for simulation 4
(¢ =50, np =ny =50, s=0.9)
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Figure B.8: Joint vs Disjoint with h = 1: Shared structure recognition for simulation 4
(g =50, np =ny1 =50, s=0.9)
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Figure B.9: Joint vs Disjoint with h = 1: Overall structure recognition for simulation 5
(¢ =50, np =ny =50, s =0.5)
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Figure B.10: Joint vs Disjoint with h = 1: Shared structure recognition for simulation
5 (¢ =50, ng =mny =50, s = 0.5)
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Figure B.11: Joint vs Disjoint with A = 1: Overall structure recognition for simulation
6 (¢ =50, np =n1 =50, s =0.1)
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Figure B.12: Joint vs Disjoint with h = 1: Shared structure recognition for simulation
6 (¢ =50, np =ny1 =50, s=0.1)
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Figure B.13: Joint vs Disjoint with A = 1: Overall structure recognition for simulation
7 (¢ = 100, ng = ny =50, s = 0.9)
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Figure B.14: Joint vs Disjoint with h = 1: Shared structure recognition for simulation
7 (¢ = 100, ng = ny = 50, s = 0.9)
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Figure B.15: Joint vs Disjoint with A = 1: Overall structure recognition for simulation
8 (¢ =100, np =ny =50, s =0.5)
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Figure B.16: Joint vs Disjoint with h = 1: Shared structure recognition for simulation
8 (¢ =100, np =ny = 50, s = 0.5)
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Figure B.17: Joint vs Disjoint with A = 1: Overall structure recognition for simulation
9 (¢ =100, np =ny =50, s =0.1)
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Figure B.18: Joint vs Disjoint with h = 1: Shared structure recognition for simulation
9 (¢ =100, np =ny =50, s =0.1)

ROC Curves for the comparison when h = 2
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Figure B.19: Joint vs Disjoint with A = 2: Overall structure recognition for simulation
1 (¢ =20, n9g =n1 =20, s=0.9)
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Figure B.20: Joint vs Disjoint with h = 2: Shared structure recognition for simulation
1 (¢ =20, ng =ny =20, s=0.9)
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Figure B.21: Joint vs Disjoint with A = 2: Overall structure recognition for simulation
2 (g =20, ng =ny =20, s =0.5)
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Figure B.22: Joint vs Disjoint with h = 2: Shared structure recognition for simulation
2 (g =20, ng =ny =20, s =0.5)
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Figure B.23: Joint vs Disjoint with A = 2: Overall structure recognition for simulation
3 (¢ =20,n9=n1 =20,s=0.1)
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Figure B.24: Joint vs Disjoint with h = 2: Shared structure recognition for simulation
3 (¢ =20,n9=n1 =20,s=0.1)
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Figure B.25: Joint vs Disjoint with A = 2: Overall structure recognition for simulation
4 (¢ =50, np =ny1 =50, s =0.9)
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Figure B.26: Joint vs Disjoint with h = 2: Shared structure recognition for simulation
4 (¢ =50, ngp =ny =50, s =0.9)
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Figure B.27: Joint vs Disjoint with A = 2: Overall structure recognition for simulation
5 (¢ =50, ng =ny =50, s = 0.5)
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Figure B.28: Joint vs Disjoint with h = 2: Shared structure recognition for simulation
5 (¢ =50, ng =mny =50, s = 0.5)
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Figure B.29: Joint vs Disjoint with A = 2: Overall structure recognition for simulation
6 (¢ =50, np =n1 =50, s =0.1)
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Figure B.30: Joint vs Disjoint with h = 2: Shared structure recognition for simulation
6 (¢ =50, np =ny1 =50, s=0.1)
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Figure B.31: Joint vs Disjoint with A = 2: Overall structure recognition for simulation
7 (¢ = 100, ng = ny =50, s = 0.9)
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Figure B.32: Joint vs Disjoint with h = 2: Shared structure recognition for simulation
7 (¢ = 100, ng = ny = 50, s = 0.9)
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Figure B.33: Joint vs Disjoint with A = 2: Overall structure recognition for simulation
8 (¢ =100, np =ny =50, s =0.5)
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Figure B.34: Joint vs Disjoint with h = 2: Shared structure recognition for simulation
8 (¢ =100, np =ny = 50, s = 0.5)
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Figure B.35: Joint vs Disjoint with A = 2: Overall structure recognition for simulation
9 (¢ =100, np =ny =50, s =0.1)
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Figure B.36: Joint vs Disjoint with h = 2: Shared structure recognition for simulation
9 (¢ =100, np =ny =50, s =0.1)
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B.1.2 Generating Graphs
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Figure B.37: True graphs for simulation 1
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Figure B.38: True graphs for simulation 2
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Figure B.39: True graphs for simulation 3

85



DAGO DAG1

86



DAGO DAG1

87




88



DAGO DAG1

Y Wi§\5::\: 1\(/,/‘“ ‘».”41"“ N
fin ;‘i\ e W/\»‘ T
‘ \\{ Qd '\ms J“' ﬂw
' / il «N\*\Vg"\
aav i |

‘ ‘l“
Ui '\"I';“‘ '
m\"‘ ’ A
l‘\ NN )
',m!»,,/;;{,ﬁ L
i W A
i s “e«:@u ‘
: i | Il
D | I |
/ /‘ w' l‘, I‘; MI\\ ‘,! |
I ’ | ,ggz;o"q‘?.\
~ ’ ,‘ul[”’ "“i"l‘im“ \\\
rlh" ‘W’“\‘y‘ ‘ ‘\.1 N [\
»'l m'ﬂ A“I" i
M ““I “‘:I‘Alkvi ‘.’.‘) J““ i ‘ |
h\t W!W‘ ‘ Q’%‘% |
\ u "\*
l‘,«'.‘ef,\\\lf ks

ey

Figure B.43: True graphs for simulation 7
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Figure B.44: True graphs for simulation 8
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Figure B.45: True graphs for simulation 9
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B.2 Comparison with Peterson et al. (2014)

B.2.1 ROC curves
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Figure B.46: Joint vs Benchmark: Overall structure recognition for simulation 1 (¢ = 20,
no =ny =20, z=0.1, s =0.8)
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Figure B.47: Joint vs Benchmark: Shared structure recognition for simulation 1 (¢ = 20,
no =ny =20, z=0.1, s =0.8)
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Figure B.48: Joint vs Benchmark: Overall structure recognition for simulation 2 (¢ = 20,
ng =ny =50, 2 =0.1, s = 0.8)
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Figure B.49: Joint vs Benchmark: Shared structure recognition for simulation 2 (¢ = 20,
nog =ny =50, 2 =0.1, s = 0.8)
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Figure B.50: Joint vs Benchmark: Overall structure recognition for simulation 3 (¢ = 20,
ng =ny = 100, z = 0.1, s = 0.8)
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Figure B.51: Joint vs Benchmark: Shared structure recognition for simulation 3 (¢ = 20,
ng =ny = 100, z = 0.1, s = 0.8)
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Figure B.52: Joint vs Benchmark: Overall structure recognition for simulation 4 (¢ = 20,
ng =ny = 100, 2 = 0.2, s = 0.8)
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Figure B.53: Joint vs Benchmark: Shared structure recognition for simulation 4 (¢ = 20,
ng =ny = 100, 2 = 0.2, s = 0.8)
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Figure B.54: Joint vs Benchmark: Overall structure recognition for simulation 5 (¢ = 20,
ng =ny = 100, 2 = 0.2, s = 0.5)
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Figure B.55: Joint vs Benchmark: Shared structure recognition for simulation 5 (¢ = 20,
ng =ny = 100, 2 = 0.2, s = 0.5)
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Figure B.56: Joint vs Benchmark: Overall structure recognition for simulation 6 (¢ = 20,
ng =ny = 100, 2 = 0.2, s = 0.3)
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Figure B.57: Joint vs Benchmark: Shared structure recognition for simulation 6 (¢ = 20,
ng =ny = 100, 2 = 0.2, s = 0.3)
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