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1 Introduction

The standard statistical analysis aims to estimate parameters of a distribution from samples. Associations
among variables can be inferred by estimating such parameters. However, a general association among
variables does not imply a causal relationship among the variables. Causal analysis needs to go one step
further. The aim of causal analysis is to infer probabilities under conditions that change. We induce
external interventions in order to change probabilities.

Causality is not only interesting but also an essential research topic to understand scientific phenomena
and even what happens in our everyday life. Thus causal inference is studied widely in all parts of
science. Approaches to causal inference are universally able to be applied across all types of scientific
disciplines. The structural causal model describes functional dependency relations among a set of
variables. The causal structure of the such model can be represented by a directed graph. The edges
in the graph depict the causal dependency between two variables in the set of variables. This intuitive
approach to describe the asymmetric relationship among variables was introduced by [1]. In the paper,
the directed graph is used to visualize causal structures. A straightforward approach to estimating a
causal relation in a set of variables consists of two steps. The graphical structure of data is firstly learned,
and the causal effects of each data pair are estimated by statistical methods. This approach enables us to
take the uncertainty of the causal effects of each data pair into account, however, not the uncertainty
which exists with respect to causal structure. Consequently, this approach leads to an overly optimistic
conclusion about the existence and strength of causal effects. Determination of cause and effect from a
set of interesting variables is tackled by using asymmetry in a graphical structure of the variables.
This thesis follows the main idea of the paper [2]. As conducted in the paper [2], the confidence
intervals for the total causal effect are constructed by using the simplest linear structural equation
models in order to infer a causal effect. We consider a simple model called the linear structural equation
model with normal errors. In the paper [3], the linear structural equation model with errors that are
homoscedastic is used to infer causal effects. Whereas observational data is employed in the paper [2],
in this thesis, we additionally access interventional data in the data set and construct a confidence set of
a valid hypothetical test for a total causal effect. Interventional data is described as data equipped with
intervened observation. Equipped with interventional data in the data set, one can access the conditional
probabilities of the set of variables. The following example is a well-known example of interventional
data. Suppose that we experiment to investigate the relationship between smoking and teeth color. An
interventional data set is obtained by forcing the experiment participants to smoke and checking the
yellowness of the participants’ teeth. In other words, we intervene the circumstance of the object we
observe so that we can restrict the influence of the cause or effect and figure out dependency and causal
relationship in data. Our primary interest is to assess the results of a method introduced in [4] by adding
interventional data in the data set in the two-variable case and three-variable case as well. By using
the method, we can construct a confidence interval of a valid split likelihood ratio test, applying linear
models with Gaussian errors, which have non-equal variance. We only focus on the split likelihood ratio
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test among the other methods introduced in [2] due to the simplicity of constructing the test without
inferring a asymptotic distribution.

In Chapter 2, we will introduce the basic framework of the theory of the graphical model and causal effect
inference. The framework is provided by the ideas of [4, 3, 5]. We proceed with the thesis in Chapter 3
by presenting the main idea of linear regression. Accessing interventional data provides us conditional
distributions of a variable given other variables. It reduces the problems we have to simple linear
regression models since we assume that models follow linear structural equation models. Therefore,
we use the linear regression method from Chapter 3 to estimate parameters that arise in the LSEMs.
In Chapter 4, we will provide the main idea and methodology from [6] about the universal inference
approach. Chapter 4 introduces the concept of the split likelihood ratio test and the mathematical
background of this concept. In order to construct a confidence interval, we need to solve a inequality
at a fixed confidence level, calculating the so-called profile likelihood function. The definition of the
profile likelihood function is also given in this chapter. We continue in Chapter 4 by presenting the
calculation of the confidence set and related functions in two- and three-dimensional cases, such as the
profile likelihood function. In Chapter 5, we show the experimental result of simulation experiments to
compare the result from [2] and evaluate the calculation in Chapter 4.




2 Graphical Model

In this chapter , we will introduce definitions and theorems about the graphical model, which help us
understand this thesis. Since we work with interventional data sets to improve outcomes designed in the
paper [2], the main methodology of modeling interventions in a system will also be introduced. The
definitions and properties in this chapter are initially introduced and provided by [7].

2.1 Graphical Structure

Definition 2.1.1. A directed graph is a pair G = (V, E) consisting of a finite set Vandaset E CV xV
The set V is the vertex set of G, and E is the edge set. we will only consider directed graphs that do not
contain any self-loops, so EN{(v,v):veV}=¢

The following terminology and notation are necessary to grasp the mathematical background in this
section. Let G = (V,E) be a directed graph.

- Vertices v,w € V are adjacent if there is an edge between v and w, i.e., if (v,w) € E or (w,v) € E
- We will also write v — w € E to express that (v,w) € E

- The edge v — w € E points from v to w, vertex v is the tail of the edge, and w is the head of the edge.
We also say that v and w are the endpoints of the edge.

- G 1s complete if every pair of distinct vertices is adjacent.
Definition 2.1.2 (Subset, walks and paths).
- A subgraph of G = (V,E) is a graph G’ = (V/,E’) such that V' CV and E' CEN (V' x V')

- The subgraph induced by A C V is
Ga=(A,EN(AxA)).

- Awalkin G = (V,E) is a sequence

H: (vl)elvv2)627'"7vl’l—17en1)vn)
with v,...v, € Vand ey,...,e, € E such that
ei = (vi,viz1) or e; = (viy1,v;) foralli=1,...,n—1

- We say that v; and v,, are the endpoints of IT and that IT is a walk from v; to v,
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- Its length is the number of edges, here n — 1

- Ifvy,...,v, are all distinct, then IT is a path.

- If e; = (vi,viz1) Vi=1,...,n— 1, then IT is a directed walk or path
In the following, we define relations among vertices. Let v,w € V.

- Ifv—w € E then v is a parent of w and w is a child of v. And,
pa(v)={w eV :w—v € E} is the set of parents of v,
ch(v)={weV:v—we E}is the set of children of v.

- If there is a directed path from v to W in G, then v is an ancestor of w and w is a descendant of v. And,
an(v) ={w eV :3w — ... - v € G} is the set of ancestors of v,
de(v)={weV:3v—...—we G} is the set of descendants of v.

We allow paths of length 0, so v € an(v) and v € de(v)

- For A CV, define
an(A) = Uyeqaan(v)
de(A) = Uyeade(v)

Definition 2.1.3 (Directed Acyclic Graphs). Let G = (V,E) be a directed graph. A directed cycle in G
is a directed walk from a vertex v to itself.
A directed acyclic graph (DAG) is a directed graph that dose not contain any directed cycles. In a DAG :

an(v) Nde(v) = {v}.
Otherwise, we have directed cycle in the graph.

We investigate causal effects in a directed graphic under a setup of graphical modeling. We introduce
the setup of graphical modeling. Given that X = (X, : v € V) is random vector, PX is joint distribution
of X and G = (V,E) is a DAG. For a subset A C V,

Xp=(X,:veA).
For A,B,C C V, we have the following shorthand
Al B ‘ C:<= Xy J_LXB |Xc.

The main idea of the mathematical concept of causality is to describe the causal relationship between
certain random variables by means of a directed acyclic graph (DAG). The edge between vertices
represents the dependency. The directions of the edges correspond to the directions of cause to effect
in this framework. The direction between two vertices and the random structure of DAG is the main
interest of the work. Determining both is a statistical challenge that we focus on. In this chapter, we
introduced the definition of the DAG. We will assume that the structure of the graph, which describes
both the presence and the directions of dependencies, is acyclic type. In order to understand this idea,
one needs to understand the concept.of topological orderings and its relation to DAG [4].
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Definition 2.1.4. Let G = (V,E) be a DAG. A topological ordering of G is a mapping ¢ : V —
{1,2,...,d} such that for all j,k € V we have that k € de(j) implies o(j) < o(k).

In the book [8], a theorem is provided which shows that the existence of a topological ordering exactly
chracterizes the class of DAGs.

Theorem 2.1.1. Let G = (V,E) be a directed graph. Then G is acyclic if and only if there exists a
topological ordering o of G.

Proof. <= Suppose that G has a cycle C and the vertex j € C satisfies the property of topological
ordering, that is, o(j) < o(k) for all k € C. Now we choose i € C such that (i, j) € E. Then
J € de(i), therefore o (i) < o(j). However this contradicts the choice of i.

= Due to acyclic property of a DAG, DAG has a node without parents. To check this, we choose any
i € G and follow a path of edges backward from i. Let j be the first vertex which the path passes
through. This path is traversed between two visits of j. This is a cycle, and this contradicts that G

is a DAG.
O

The Markov property is a widely used assumption for graphical models. Once a distribution satisfies the
Markov property with respect to a graph, the graph encodes independence in the distribution. In the
following, we provide the definitions and examples of the Markov properties.

Definition 2.1.5 (Local Markov Property). The joint distribution pX satisfies the local Markov property
relative to the DAG G if
VweV:v I V\(pa(v)Ude(v))|pa(v)

Definition 2.1.6 (Pairwise Markov Property). The joint distribution PX satisfies the pairwise Markov
property relative to the DAG G if

Vv, w not adjacent with w ¢ de(v) : v L w|(V \ de(v)) \ {w}

. \@

Figure 2.1: The joint distribution with respect to the graph satisfies local M.P. if the condition (2.1) is
fulfilled in Example 2.1.1. If the condition (2.2) is fulfilled, the joint distribution satisfies
pairwise Markov property.
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Example 2.1.1. Consider the graph in Fig.2.1. The local M.P. for the graph is satisfied if

X AL X4|Xy
Xy U X1 |{X2, X3} 2.1)
Xs L {X1,X2,X3}|Xq.
The graph satisfies pairwise Markov property if
X, 1L X31X,
Xy 1L X1 |{X2, X3}
Xs 1L Xi|{X2,X3,X4} (2.2)
Xs 1L Xo[{X1,X3,X4}
Xs 1L X3[{X1,X2, X4}

There is one more Markov property, which is called the global Markov property. In fact, both local and
global Markov properties are equivalent. We will not prove it in this thesis. We will introduce, howeyver,
the further definition and theorem.

Definition 2.1.7 (Global Markov Property). The joint distribution PX satisfies the global Markov
property relative to the DAG G if

A 1l B|C, VA,B,C CV disjoint, A,B ¢ 0,
such that C d-separates A and B. In other word, A and B are d-separate given C.

To understand this definition, we need to know the definition of d-separation and collider and non-collider
on paths.

Definition 2.1.8 (Collider and Non-collider on Paths). Let IT = (v;,e;,va,...,Vy—1,€,—1,Vn) be a path
ina DAG G = (V,E). A non-end point vertex v;, 2 <i < n— 1, is a collider on the path if v; is the head
of both ¢;_; and e;. The graphical structure of the collider is drawn as

Vil =7 Vi < Vil

Otherwise, if v; is the tail of e;_; or of e;, then v; is a non-collider on the path. The graphical structure of
the non-collider is drawn as

Vi—1 —> Vi = Vi41, OI

Vi—l < Vi = Vitd,

Vie] £ Vi < Vigl.

Definition 2.1.9 (d-Separation). Let v,w € V, and C C V \ {v,w}. Then v and w are d-connected given
C if there exists a path IT from v to w such that

i) every collider on IT s in an(C), and
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ii) every non-collider on IT is not in C.

Example 2.1.2. Consider the directed graphs in Fig.2.2. In the graph a) X, d-separates X;, and X3, that
is, X; is a collider and therefore the joint distribution satisfies the global Markov property. However, in
graphs b),c), and d), X; is non-collider. Thus, the joint distributions do not satisfy the global Markov
property relative to the DAGs. In this case, we can conclude that these three DAGs are Markov

» WO—O—E
0 ()—()—()
? (W)—O—E
d) @4—@—»@

Figure 2.2: The example of the directed graphs which are Markov equivalent to each other.

Remark. As mentioned previously, the local Markov property and global Markov property are equivalent.
In other words, The joint distribution PX satisfies the local Markov property relative to a graph if and
only if PX satisfies the global Markov property relative to the graph. We do not provide proof of this
equivalence in the thesis. The detailed proof can be found in chapter 6 [3].

2.2 Density Factorization

We assume that G = (V, E) is a directed acyclic graph (DAG) where V is the vertices and E is the edges
of the graph G and PX is the joint distribution for X = (X,,v € V) with density f with respect to a
product measure i = Qyey WUy.

Definition 2.2.1. The distribution PX factorizes according to the DAG G if there exist non-negative
kernel functions (ky(xy, Xpa(a)) )vev With

/kv(xvvxpa(v))d.uv(xv) =1 Wwevy, vxpa(v)

such that

f(x> = Hkl’(xwxpa(v)) [,LL fCl.S.]

vev

The following proposition provides that conditional functions given the parents are the kernel functions.
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Proposition 1. For all v € V, the kernel function k, in the factorization are the conditional densities, i.e.,

ky (xwxpa(v)) = f(xv|xpa(v)) [;u - a.s.].

Proof. We prove it by the mathematical induction on m = |V|.
m =1 clearly, the claim is true.

m — m+1 Choose a terminal vertex 7. Then for all v # ¢t we know ¢ ¢ pa(v). Therefore,

/f( )dl.l[ x; H k xV7xpa /kl xlaxpa(l‘))d”t[(xt)

veV\{t}

where the first term is obtained by the factorization according to Gy ;) and k; (x;, Xpa(;)) = 1 since
t is a terminal vertex. By induction assumption,

ky (v, Xpa(v)) = f(%0[Xpay)) @.s. forallv#t
Furthermore,
i) = Ty = ibv)
This yields that
Falovgiy) = F (x| xpa(ry)

d

Theorem 2.2.1. Let PX have a density with respect to a product measure y. Then PX factorizes
according to the DAG G if and only if PX satisfies the local Markov property for G.

Proof. First, we prove the claim that local M.P. implies factorization of the density. This is proven again
by the mathematical induction on m = |V/|.

m =1 Trivially, the claim is true.

m — m+ 1 We choose a terminal vertex ¢ and consider the density

F(x) = f Ol gy) f e g1y)-

The marginal distribution of Xy, satisfies the local M.P. for Gy ;, since V' \ {t} is ancestral.
By the induction assumption, we have

F&n) = T] foelxa, o)
veV\{r} nin

= H (XV|xpaG (v))
veV\{r}
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Additionally, the local M.P. for G yields

t LV \[pag(t) U{t}]|pag(t) = f(x|xy\ () = f(xl‘xpa(;(t))

Hence, we conclude

f(x) = Hf(xv‘xpac(v))

veV

Now, we prove the opposite direction of the implication. This proof is also done by the mathematical
induction on m = |V/|

m =1 This is trivial.

m — m+1 We choose a terminal vertex ¢ again. As in the Prop. 1,

Feng) = 1 fGlxpan) (2.3)
veV\{r}

factors according to Gy ;). Therefore,

f(x)
J (e |x ———— = f(x|x5a
(x| V\{t})f(xV\{t}) (%t Pepa(r))
and we obtain that
t ALV \ [pa(t) U{r}]|pa(r). 2.4)
This is the statement about #, which is made by the local Markov property for G. We still have to
show that
v LV \ [pa(v)Ude(v)]|pa(v), forallveV\{t}. (2.5)

By Eq.(2.3) and the induction hypothesis, Xy (;) satisfies local Markov property for Gy (;}. In
other words, forv € V' \ {t},

v L (V\ {1})\Ipag, , (v) Udeg,., )]pag, (v 2.6)
Since ¢ is terminal vertex,
Pag, ., (v) =pag(v) =pa(v) forall v #1.
Hence, (2.5) is equal to (2.6) if
de(v) = deg,,,, (v) U{t}.

The case that 7 ¢ de(v) is still considered. We have to add ¢ to (2.6). Let ¢ ¢ de(v). In other words,
v ¢ pa(t). We know from (2.6) that

v AL (VA [pa(v) Ude(v)]) \ {r}[pa(v).

If we can argue that
v AL tfpa(v) U (V'\ [pa(v) Ude(v)]) \ {r} 2.7)
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and
pa(v)U(V\ [pa(v)Ude(v)]) \{r} =V \ [de(v) U{r}]

the property of conditional independence gives Eq. (2.5), and the proof is done. However we
know from Eq. (2.4) that

t ALV \ [pa(v) U{}]|pa(r)

that implies (2.7) by properties of conditional independence.

2.3 Causal Model

In many research fields, such as biology, sociology, and economics, the problem of learning the
dependency structure using certain measurements from observational data is a major challenge. In order
to start causal modeling, we need to understand a causal structure. This structure entails a probability
model.[9]. In this chapter, we will introduce a fundamental framework of causal effect inference.[5].
The definitions adopted from [4] which are originally provided by [9, 5]. This chapter begins with
an interesting experiment. Consider an example of an experiment to investigate vitamin supplements’
effect on health. To implement an observational study, we randomly select n experiment participants
and observe each participants:

X = "Vitamin supplement”

Y = "Health outcome"

Then, we have two mathematical models for the joint distribution of (X,Y). Firstly, X causes Y.
Secondly, Y causes X. Since both cases yield that X and Y may be arbitrarily dependent, these are
Markov equivalents. However, those models say intuitively something very different. Now, we carry out
a similar but different experiment. In this case, we randomly divide the participants into a treatment and
a control group. Therefore, the treatment group takes the prescribed amount of supplements, and the
control group takes no vitamin supplements. From both experiments, it is expected that this intervention
changes the distribution of the system compared to the behavior only with the observational outcome. In
detail, we will introduce the intervention’s main framework.

One interesting starting point for investigating causal relations is that the correlation does not directly
imply a causal relation. For example, consider variables X and Y again, and assume that there are
correlations between X and Y. Then, the correlation in an observational study may arise from the three
cases shown in Figure 2.3. Consider a observed random vector X = (X, ...,X,,), and a directed acyclic
graph (DAG) G = (V,E) with V = {1,...,m}. The function f denotes the joint density of X with respect
to a product measure. The Factorization according to G is as follows :

f(x) = Hf(xv‘xpa(v))‘

veV

In order to formalize the intuitive understanding of how G captures causal relations, we have to figure
out a model for the joint distribution of X when we intervene on a subvector X4 of the vector X.

10
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a)

b)

O O

Figure 2.3: a) X has a causal effect on Y. b) Y has an effect on X. c) X and Y are both affected by an
unobserved/latent variable U

Definition 2.3.1 (Interventional Distribution). A full family of interventional distribution is a family

(P/i(,x;; )Agv,x;;e]Rd

where each Py X is a joint distribution for the considered random vector X such that {X4 = x} } with

probability 1 when X ~ Plf L

The distribution Pf x, can be interpreted as the distribution P¥ x:; is the distribution of X under a inter-
vention do(Xy = x3). If A =0, PY = PX = P¥ is usual joint distribution PX which is the observational
distribution. The following notation can be used alternatively.

P(X € ;do(Xy =) = PYy: ()

Remark. Interventions that fix values are also called perfect interventions.

Causal analysis in graphical models starts with the understanding that all causal effects are identifiable
whenever the model satisfies the causal Markov property. That is, the graph is DAG, and all the error
terms are independent. Models which do not satisfy the property, for example, a model with correlated
errors, allow identification only under certain conditions. These conditions can only be determined
from the structure of the graph. [5] In the following, we will introduce the definition of causal Markov
property and its relation to causal analysis.

Definition 2.3.2 (Causal Markov Property). A full family of interventional distributions for random
vector X satisfies the causal Markov property for the DAG G = (V,E) if forall A C V,x} € RY:

11
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i) P(x € ;do(Xs =x})) factorizes according to G, and thus satisfies the local/ global M.P for G

) Plxy € [Xpapw) = Xpa(v);d0(Xa = x3)) = P(x € - [Xpa(s) = Xpa(v)) foOr all v ¢ A and x,, = x;; for all
u € pa(v ) ﬁA

Remark. 1) Taking fixed values by intervention does not induce new dependencies

ii) A stochastic transition transforms X, into X, . Interventions don’t change the stochastic transition
mechanism for variables not intervened upon.

Proposition 2 (Truncated Factorization). A full family of intervention distribution satisfies the causal
Markov property if and only if the joint density of P(X € - ;do(X4 = x})) factors as

f(x;do(X4 =x3)) Hf (X [Xpa(n) H I (2.8)

VA vEA

We give here a example of the truncated factorization. Consider a graph in Figure 2.4. The observational
distribution of the graph factors as

FO) = ) f Oealxa) £ (e er,x2).

However, interventional distribution under do(X, = x3) factors as

[ do(Xy =x3)) = f(x1)f (x3]x1, 02 = 23) if Xa = x5

000

b)

® ©O—O

Figure 2.4: a) Observational distribution. b) Interventional distribution under do(X, = x;%)

The graph intervened upon is called mutilated DAG. We define the mutilated DAG.

Definition 2.3.3. Let G = (V,E) be a DAG, and let A C V. The subgraph Gy, (4) = (V, Eqo(a)) With edge
set Eqoa) = E\{w —v:w € V,v € A} is called the mutilated DAG (representing an intervention on A)

Figure 2.4 shows an example of a mutilated graph. The upper graph is a DAG, and the lower graph
is the DAG under do(X, = x3). Now, we give a practical example of applying the intervention. The
experiment is called a sanity check experiment.

12
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Example 2.3.1 (Sanity check). In the experiment, the participants will be asked if they are smoking or
not. Furthermore, it is also observed how yellow the teeth of the participants are. S denotes observation
of smoking, and Y denotes observation of yellow teeth. Intuitively, we know that smoking causes yellow
teeth. That is, the smoking behavior of a participant affects their yellow teeth. There is a dependency
between S and Y. The observational distribution of this dependency factors as

f(¥,8) = f(Y|S)f(S).
Moreover, the distributions of mutilated DAGs under do(S = s) and do(Y = y) are

f(¥Y;do(S =s)) = f(Y]s)
f(S:do(Y =y)) = f(5).

Suppose we intervene on the variable S smoking status and set it to O or 1. In that case, this intervention
changes the distribution of the system compared to the behavior only with the observational outcome. We
construct intervention distributions from a structure causal model (SCM). We obtain the distributions by
modifying the SCM and considering the new entailed distribution. Generally, intervention distributions
and observation distributions are different. [9]

2.4 Linear Structural Equation Model

Definition 2.4.1. Let X be a random vector. Structure equation models assume X solves a system of the
equation given by a DAG G:
X, = gv(Xpa(r): &) v=1,...,m. 2.9)

Since G is a DAG, the equation system admits a unique solution: the system is triangular when
considering a topological order.

Satisfying the local M.P. for a graph G yields many properties. The following proposition shows that an
assumption for error terms &, ..., &, implies the local M.P. for a graph G.

Proposition 3. If &, .., &, are independent then the joint distribution of X, the solution to the Eq.(2.9),
satisfies the local M.P. for G

Proof. In order to prove this proposition, we use mathematical induction on m.
Base m =1 Xis trivially the solution for the Eq. (2.9)

Step m—m+1 Let 7 be a terminal vertex. Then Xy (;) solves the Eq.(2.9) with the equation for
v =t dropped. By induction assumption, Xy (;} satisfies local M.P. for Gy ;). Since Xy\ ;) =
h(€,,v#t)& I &, the conditional distribution of X; given Xy ;) = xy\ () is the distribution of
81 (Xpa(r), & ). Hence,

¢ L V\ [pa(t) U{r}]lpals).

To conclude that Xy () satisfies local M.P. for G (not only Gy, (;}) we may argue as in proof of
Lemma 2.2.1

13
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O]

Remark. There exist functions g, and independent random variables €1, ..., &, such that the distribution
of the random vector X equals PX where X solves the Eq.(2.9) for every distribution which satisfies the
local M.P. for G.

These structural equations can be differently viewed for a causal interpretation as making an assignment:
Xy = g(Xpap), &) v=1,...,m. (2.10)

The interventional model for X under the intervention do(X4 = x}; ) is obtained by replacing the equations
forw € A by
X,:=x, ,weA.

w

X(do(X4 = x})) denotes the new solution for the Eq.(2.10) under the intervention do(X4 = x}). The
new solution has the new distribution which consists of distribution of (&,),¢4, (&v)vga,Xj-

Example 2.4.1. Consider the DAG again in Figure 2.4. Given parametrizing functions g = (g1, 82,83)
and distributions Q = (Q1, 02, Q3), where & ~ Q; for i = 1,2, 3, the structural equations with observa-
tional data are

X1 =gi(&1)
Xo =g (X1,&)
X3 = g3(X1,X2,8)

where €1,...,& are independent. Intervening on the variable X, we have the graph G as in Figure 2.4
b). The equations for the interventional data are

X1 =gi(&1)
X =x,
X3 =g3(X1,X2,83)

Definition 2.4.2. Let X = (Xj,...,Xy) be arandom vector. A structural causal model (SCM) or structural
equation model (SEM) € = (S, Q) for X consists of a collection of d structural assignments

X;:= fi(pa(j),&), j=1,....d, 2.11)

where pa(j) C {Xi,...,X4} \ {X;} are called parents of X;, and a distribution Q over the noise variables
e=(¢gy,...,&) ~ Q. Hereby, we require Q to be a product distribution, that is, €, ..., & are independent.

Definition 2.4.3. A linear structural equation model (LSEM) for X is an SEM of the form

Xj= Y BiXi+Poj+e, ij=12,....d (2.12)
icpa(j)

where Bz € Rforall j € {1,...,d} and all k € pa(j) and &1,...,¢&; are independent random variables
with mean zero.

14
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We define the matrix B = ( ﬁc)j,kzl such that 8, = 0 for all pairs (j,k) € {1,...,d}> where k ¢ pa(j),
and the random vector € = (€1, .., €), we obtain equivalent model in the compact form

X =BX+e.

The dependence structure in this model is entirely encoded by the matrix B. Since & = {(k, j) €
{1,...,d}*: Bjx # 0}, the edge set & of the corresponding DAG ¥ relies on the model (2.12) through
the matrix B. The value B, = 0 implies the nonexistence of a causal relationship of X; and X;, while the
value fBj; # 0 reflects the existence of the relationship. In the following, we will prove that the matrix
(Id —B) is invertible so that we can express X in a simple formulation

X =(Id—B) 'e. (2.13)

Suppose © is a topological ordering for ¢ and S denotes the permutation matrix (1 {¢(j)— j})ﬁ =1 This
yields that the (i, j)-th entry of the matrix ST BS is

d
[S"BSlij = X Lii=ou)Buv{j=o(v)) = Bo-1(o-1())
u,v=l1
We know that for i < j 6~ !(i) ¢ de(c!(j)) and therefore Bs-1(i)s-1(j) = 0. This yields that the
acyclicity of the graph depicting the model (2.12) concludes that the matrix B is a permutation similar to
a strictly lower triangular matrix. This fact reflects that S7 (Id —B)S = (Id —S” BS) is invertible and thus

(Id—B) is also invertible. Hence, we have the alternative representation of X (2.13). This formulation
shows that E[X] = 0 and

Var[X] = E[XXT] = (Id—B) 'E[ee|(1d—B) . (2.14)

By the assumption in Definition 2.4.2 the matrix IE[e€] is determined by variance of

Var[g;] 0
Eleie] --- [E[eg,]
Elee’] = : 5 - X
IE[SdS]] E[gdgd] 0 O‘ Wa?[&‘d]

Theorem 2.4.1. Suppose that an LSEM (2.12) for a random vector X is given. Let o be a topological
ordering for X and let i, j € {1,...,d}. Then

C(j—1i) :[(Id_B)_l)L'j

d d
=0+ Bij + Y Bik Br,.j + ) Bi ke, Bry i Brr.j
k=1 ki Jo=1
6(1)>61(k1)>0(j) 0(1)>0(k1)>20(k2)>0(j) (2.15)
d
oot Z BisaBei ke Brogyy o1

ki k... ko (j)-o(n =1
6(1)>G(k1 )>0'(k2)>'~>O'(ko-(j),o-(,'),] )>G(])

15



2 Graphical Model

Proof. The proof is provided in [4]. In this proof, we will be concerned many times with sums of the
form

Z Bi,/q Bk|,k2ﬁk27k3 o 'ﬁkl—l-,kl O

where the @, denote numbers or random variables and B is a specific index set contained is {1,...,d }l.
Due to the acyclic structure of the LSEM, B «,,, = 0 if o(k;) < o(k;11) and hence

Jj+1

Z Bi7kl B k2 ﬁk27k3 o ‘ﬁkl—l ki Oy

(kl7“~7kl)EB

= Z .Bi,lq Bk] ko Bkz,k3 T Bkl—l K Olky (210
(k[ ..... kl)GB
o(i)y>o(k))>->0(k)

Especially, if d <[, then we have for all i, j € {1,...,d}

d

Z ﬁi,kl Bk] ,szkz.,/Q e ﬁkl—l ki akl =0
1

and we conclude that B! = 0 for all d < [. Thus,
(Id+B+B>+---+B ") (Id—B) =1d—B* = Id.
This yields
d—1
(d-B)~'=Y B
k=0

and

d d
[(Id—B)fl],-j =6+ Bij + Z Bik Br.j + Z Bi e, Brr o B, j

Ki=1 Ky ha=1
4 2.17)
+oeet Z ﬁivklﬁklykz'”ﬁkd—h]"
kika s kg—1=1

The right hand side in Eq.(2.17) is equal to the last expression in Eq.(2.15) due to Eq.(2.16).

Now we fix i, j € {1,...,d}. If i = j, then due to (2.16) every term except J;; on the right hand side of
(2.17) vanishes. Since € (i — i) = 1 for all i, we have equality of the diagonal entries. Furthermore,
suppose that i # j and consider linear SEM obtained from the original linear SEM in Eq.(2.12) after we

16



2 Graphical Model

intervene on the variable X; := x. In the following, we show that

d d d
X; =Ei+ﬁijx+ Z Bi,/q &, + Z ﬁi,k] ,qu JX+ Z .Bqu Bk] k2 €y
K=l k=1 k=1
ki #j ki ko j
d
+ Y Bk BB jx
ki do=1
d (2.18)
+eeet Z Bi ki B ko ! ﬁkl—bkl—l &y T
ky kg, ki—1=1
kyko.ki—1 7]
d d
+ Z ﬁl}klﬁkhkz ’ ﬁkl—%kl—lx—"_ Z Bi,klﬁkth ) Bkl,hlek,
kyky,... ki1 =1 ky k... k=1
kysko s ki #j

We continue the proof by mathematical induction.

[ =1 Trivially, since we set X; = x,

d d
Xi=¢&+ Z BixXi = & + Bijx + Z BirXk-
k=1

k=1
k#j
I — [+ 1 Suppose (2.18) holds for some [ < d. Then
d
Y, BikBuk Bk Xk,
ki ,ka,. k=1
ki k... ki
d d
= Z Bijei Bk~ Bro ko | €+ Z Xk
ky sk, k=1 ki1=1
kika,e ki
d d
- Z ﬁi,klﬁkl,kz ”'Bkl,lk]gk[ + Z Bi,klﬁkhkz '”ﬁkl—lklﬁklaj'x
kika,... k=1 ki k... k=1
kysko .. ki #J
d
+ Z Bi,kl Bkl,kz Tt ﬁkl—lklﬁkhklﬂ €y
kska,.. ki1 =1
kika,..okip1#]j

Plugging this into (2.18) gives exactly (2.18) with / + 1 in place of /.
Now, we consider the Eq.(2.18) for the case / = d. Then the last term

d
Y, BikBuk B kXi, = 0.

kysk,....kq=1
ki ka,....ka#J

17



2 Graphical Model

Now, we take a expectation with respect to the interventional distribution, then

d d
E[Xi;do(X; =x)] = Bijx+ Y B Bejx++ Y, BikiBrrk Brojx (2.19)

k=1 ki ks kg=1

By differentiating with respect to the value x we can conclude that % (i — j) is equal to the expression
in Eq.(2.17) fori # j O

2.5 Causal Effects

Many statistical studies are mainly aimed at predicting the effects of interventions. In the previous
chapter, we learned that interventions change the joint distribution of a causal model. In this section, we
introduce the concept of the total causal effect between two variables in a graph and the identifiability of
a graphical structure from a joint distribution.

Definition 2.5.1. Let G = (V,E) be a DAG with V = {1,...,m} and X = (X,...,X,,) be a random
vector with factorizing density
= Hf(xv|xpa(v))

veV

Assume that all conditional distributions are uniquely determined as

f(xa,xp)
f(xp)

and are positive. Assuming for the DAG G the full family of the interventional distributions P(X €
- ;do(Xa = x})) satisfies the causal Markov property with A C V, x} € R4, we have densities such that

flado(Xa =x3)) = [T/ Covlxpar) [ Limre)

vEA vEA

f(xalxg) =

f(x)
_ ([
HveA f(x1 |xpa H tm=x}

vEA

Let T,R C V. The causal effect of X7 on Xg is the map
X7+ P(Xg € - ;do(Xr =x7)), xr € RT

Alternatively, we write the definition of the (total) causal effect of a variable on another variable
o d .
Ci— j):= aIE[X,-;dO(X,- =x7)],

where i, jeV.

Note that the notations P(-), and [E[-] denote calculating probabilities and taking expectation with respect
to the distribution of an original SEM €. The notations P(-;do(Xy = x7), and E[-;do(X; = x})] will be
used to express calculating probabilities and taking expectation, modifying a SEM € obtained from the
original SEM € by intervening on the variable X} and setting this to x;.

18



2 Graphical Model

Example 2.5.1. Here, we give two examples with specific derived quantities.

a) Xr is binary, then
E([Xg; do(Xr = 1)] - E[Xg; do(Xr =0)]

b) The structural equation is linear. Consider E[Xg; do(Xr = x7)] = Bo + Bxr, then

;IE[XR, dO(XT —)CT)] ﬁ
XT

If a variable holds no parents, there exists a straightforward way to find the causal effect of the variable
on other variables in a DAG g with intervention. Let v € V be a variable of the DAG G such that v has
no parents, i.e., pa(v) = 0. Then, the causal effect in this case is

f(xV\{w} dO w = x Hf xv|xpa

VFEW Hw =Xy
_ SO xvn)
fx)

This result conclude that the causal effect for do(x,, = x},) is determined by usual probabilistic con-
ditioning f(xy\ g} |x;,). Now, we consider the case of a variable equipped with parents in a DAG g.
The following theorem shows how one computes the causal effect of a variable with parents on other
variables in g.

= f(xw\wyx0)

Theorem 2.5.1. Letsr € V,and let R C V' \ [{r} Upa(t)]. Then,

Floxmido(Xs =x7)) = [ b X)) oty bt (i)

Proof. Let X be a random vector such that #; = x;'. Then, we have

. f(X) f(X)
X;do(X; = x;) = = a(t
TG0 =5) = F L) — Tt tpu) 2
= f (o [fryupa(n)] e Xpage) ) f (pa(r)) (2.20)

Now, we compute the marginal density f(xg;do(X; =x;)). Let S =V \ [{t} Upa(¢) UR]. Then

flxgido(X; = x/)) = /f(-xRaxerpa(t);dO(Xt = x;))d UsUpa(e) (X5, Xpa(r))
= //f(xRaxS|x;Kaxpa(t))f(xpa(t))d.uS(xS)d.upa(t)(xpa(t))
:/f(xR‘x;:xpa(t)) (xpd )dl'lpd (xpa )

where the second equation follows from the above Eq.(2.20). O

Remark. The result of this theorem shows that the causal effect of X; on Xg is uniquely calculated by the
marginal distribution of (Xg, X;, Xpa(r))-
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2 Graphical Model

In the previous chapter, we introduced the definition of SCM in which the effect X is determined by the
cause pa(X) using functions g,. In a bivariate case, X is computed from a cause Y by using a function g.
However, the joint distribution Py y of two variables does not exactly tell us if an SCM induces it from
X causes Y, or Y causes X. That is, one may want to figure out that the structure is identifiable from
the joint distribution. The following proposition shows a model which is not identifiable from the joint
distribution.[5]

Proposition 4. For every joint distribution Py y of two real-valued variables, there is an SCM
Y =gy(X,Ny), X 1 Ny,

where fy is a measurable function and Ny is a real-valued noise variable.

Proof. Define the conditional cumulative distribution function
Fy(y) :=P(Y <y|X =x).

Then define
fr(x,ny) == Fy_\; (ny),

where Fy, 1(ny) =inf{x € R: Fy), > ny}. Then, let Ny be uniformly distributed on [0, 1] and independent
of X. O

The result of this proposition can be used for both cases, X to Y and Y to X. In other words, every
joint distribution Py y admits SCMs for both directions. Now, we consider a more general case.
Suppose we observe the variables X7, Xg, and X¢ for a set C C V '\ [T UR]. In this case, we wonder
whether the causal effect of X7 on Xy is identifiable. In other words, one may wonder if the distribution
P(Xg € -;do(X7 = x}) uniquely determined by the marginal distribution of X7, Xg, and Xc. We introduce
two criteria and theorems showing that the causal effects are identifiable under these criteria.

Definition 2.5.2. Letr,v €V and r #¢. A set C CV \ {r,1} satisfies the back-door criterion with respect
to the ordered pair (¢,r) if

i) CNdeg(r) =0

ii) C blocks all back-door paths from ¢ to r, that is, there is no path from ¢ to r that starts with an edge
of the form ¢ <— w and that d-connects ¢ and r given C.

Theorem 2.5.2. If C satisfies the back-door criterion with respect to (¢, r)then

Flxrdo(X, =) = [ (g fxe)diclic). @21
If C =0, then f(x,;do(x, = x)) = f(x|x)).
Example 2.5.2.

Remark. The back-door criterion is sufficient but not necessary for the covariate adjustment formula in
Eq.(2.21). The necessary condition is provided in the following theorem [10].
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Figure 2.5: a) Observational distribution. b) Interventional distribution under do(X> = x;%)

Theorem 2.5.3 (Adjustment criterion). the covariate adjustment formula in Eq.(2.21) holds for all
factorizing distribution f if and only if

i) forallvede(t)Nan(r), v#¢t: Cnde(v)=0.

ii) every path from ¢ to r that is d-connecting given C is a directed path from 7 to r.

We will prove this theorem later since we need to introduce a new definition before proving it. Here, we
introduce the second criterion to identify causal effects.

Definition 2.5.3. Letr,t €V, r#t.Aset C CV \ {rt} satisfies the front-door criterion with respect to
the (ordered) pair (z,r) if

i) every directed path from ¢ to r contains a node in C.

ii) there is no unblocked back-door path from ¢ to C, that is, no back door path from ¢ to C is d-connecting
given 0.

iii) there does not exist a back-door path from C to r that is d-connecting given {r}.

Theorem 2.5.4. If C satisfies the front-door criterion with respect to (¢, r) then

ot =47)) = [ 75| [ 05 b 7)) ).

Remark. Front-door criterion shows that the identification of causal effects is achieved through another
formula from covariate adjustment in the Eq.(2.21).

Now, we prove the Theorem 2.5.3. We need a new definition which is intervention graphs and variables.
The necessity of the definitions arises from expressing intervention distribution in a different way to use
in the proof of the Theorem 2.5.3. In Fig.2.6, there is an example of an intervention graph in which the
blue node indicates an intervention variable. Generally, an intervention graph and variable are defined as
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Figure 2.6: A example of intervention graph

follows. Suppose that we take an intervention on the variables (X;);c4. Let # € V be a variable in a graph
G in Fig.2.6. A intervention variable F; intervenes on the variable ¢. The variable F; can take values in
RU{0}, where F; = 0 states that there is no intervention.

Definition 2.5.4 (Intervention graph). The intervention graph is an augmented DAG with vertex set V
U{F, : v €A} and edge set EU{F, — v:v € A}. Furthermore, the new conditional densities for v € A:

) if f,=0

/ F,=f)= f(xv,xpa(t)) i jy
flwlpa(v).F = 1) { Iy if fr =2 €R.
Marginal distributions of Fy, are arbitrary and positive.

In the above set up, f denotes the joint density of X = (Xj,...,X,,). Moreover, f’ denotes the joint
density of the random vector X and intervention variables (F, : v € A), which is determined by conditional
distributions:

X fA Hf xv’xpa Hf xv‘xpa (v) )

v¢A vEA

Interventional densities can also be expressed by the function f’

fx)=f(x|F, =0,v€A)
) = f'(x|Fy = x3)
)= f'(x|Fg = xj,F, =0,v € A\ B) for BC A.

Recall the theorem and prove it,

Theorem 2.5.5. If C satisfies the back-door criterion with respect to (¢, r)then

flxrdo(X; = x7)) = / [l s xe) f (xe)d e (xc)-

If C =0, then f(x,;do(x, =x7)) = f(x|x)).
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Proof. Letr € V in the graph G. We use the intervention graph for A = {r}, then we have
fxrsdo(X, = x7)) = f'(x,|F = x7)
= [ (el = )b )
= [ ke, =) (el =) )dpic(xc)
= [ £tulexi B = 1)1 (el = x)dpc ()
The proof is completed by showing that

I (rlxe,xf = x7) = f (e, x7) (2.22)
f (xc|lF =x5) = f(xc). (2.23)

Firstly, we show the Eq.(2.22). The sufficient condition for the Eq.(2.22) is r L F;|{t} UC. That is, F;
is d-separated from r given CU{t}. C satisfies the back-door criterion. In other words, C blocks all
back-door paths from ¢ to r. Hence, there is no path on the form F; — ¢ <— ... < r d-connects given
CU{t}. Moreover, every path of the form F; — ¢ — ... is blocked by ¢. The condition r 1L F|{t} UC
yields that

f/(xr|xCax;kaF; — X;F) = f,(xr|xC7x;k7E = 0)
= f(xl’|xC7-x;ﬁ)'
The second equation in Eq.(2.23) holds if C L F; in intervention graph, since
f'(xclF =x7) = f'(xc|F, = 0) = f(xc).

It remains to argue that in the intervention graph C 1L F; holds. However, F; 1L C follows from the local
M_.P. for the intervention graph. Indeed, F; has no parents and C does not contain any descendants of F;
as the assumption CUdeg(t) =0 O

Example 2.5.3. Let X = (X|,...,X;) be a random vector, and follows the LSEM
X=BX+esX=(1-B)'e

where B = (Bjj);, j=1,...d- Suppose that we contemplate an intervention on the variable X_t = x_t"*. Then,

X=BX+¢
where
B — ﬁvw ifv#tz
e 0 ifv=t,
and
E &y vt
Ml x ifv=t
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Hence,
X(do(X;, =x}))=(I—-B) '&.

The total effects in the linear SCM can be computed by using the above expression. Let r € V and r # ¢.
Then the total effect of X; on X, is equal to

El¥do(X, =x7) = ELY. (0~ B) ')

—EB[(I—B) ) + é((l—éwrwew]

=E[((I - B)")nxi]
=E[((1-B)")x/]

We can compute the total causal effect of this case by differentiating the above result

[(Id—B) Y, = Y prodect of B,,, for v — w on the path.

paths from ¢ to r

The exact result of the right-hand side is explained and displayed in Theorem 2.4.1. Let C C V and
satisfies the back-door criterion. Then the adjustment formula in Eq.(2.21) holds. This formula in the
case of a linear SCM is

E[X,;do(X; = x})] =Ex.[E[X:|X: = x/, Xc]]
=Ex [0y #x; + Y 04,X,] = const. + oyx;
weC
In other words, if (2.21) holds, then total effect of X; on X, is the coefficient for X; in the conditional
expectation E[X,|X;, X¢|. Estimating the coefficients is achieved by linear regression of X, on (X;,Xc)

Example 2.5.4 (Harmfulness of mother’s smoking during pregnancy to babies [7]). Now we consider a
specific example in the real world. A study is carried out to investigate the harmfulness of a mother’s
smoking during pregnancy to her baby. The study records the baby’s birth weight and the number of
cigarettes per day the mom smoked in the first trimester. The scientists argued that there is a causal effect
of smoking on the birth weight of babies, and both factors are negatively correlated, while cigarette
companies say that smoking does not harm babies. The companies viewed that unobserved factors can
lead to heavier smoking. To clarify this hidden relation, the scientists designed a clever idea to show that
smoking has a direct effect by using the tax rate on cigarettes. The graphical model which is considered
is displayed in Fig.2.7. Assume that the structural causal model is linear

X1 = Bo1 + &
X2 = Bo2 + Bo1X1 + PruXs + &
X3 = Bos + B32Xz + B3aXs + €3
X4 =Pos+&

where the errors €1, &, €3, & are independent and f3; is the total effect of smoking on baby’s weight.
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2 Graphical Model

The result of the above example will be very similar to our work to figure out the causal effect of
2-dimensional and 3-dimensional cases of the LSEM equipped with normally distributed independent
error terms. Therefore, we will use this idea again and formulate it formally in the later chapter.

X, : Unobserved
Factor
X : Tax Rate ) = (X, : Mom’s Smoking ) = X, : Baby’s Weight

Figure 2.7: The graph designed by scientists who argue that smoking during pregnancy harms the baby
and leads to low birth weight.
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3 Linear Regression

As mentioned in Example 2.5.4, the strength of causal coefficients of a linear SEM can be easily
estimated by the linear regression method. We will estimate the parameters for both 2,3-dimensional
cases by using linear regression. Therefore, this chapter introduces the main framework of linear
regression to help understand the thesis more comprehensively. The definitions and explanations about
linear regression methods in this chapter are initially provided by [11].

3.1 introduce

The main assumption of a linear regression model is that the regression function [E[Y |X] is linear in the
inputs X1, ...,Xy. Consider a linear SEM € for a graph G, then a variable X, in graph G has the form of

Xv: Z ﬁvwa+8v-

wepa(v)

This model also satisfies exactly the assumption of a linear regression model, that is, the variable X,
and the parents of this variable have a linear relation. Hence, we can apply the linear methods for
regression. Moreover, we assume that the error terms are normally distributed as done in the paper [2].
In the following parts of this chapter, we will introduce how one can estimate the parameter of the linear
regression model with normally distributed error terms.

3.2 Linear Regression Models and Least Squares

Assume that we have an input vector X7 = (X1,X>,...,X,), and want to predict a real-valued output Y.
The linear regression model has the following form

P
fX)=PBo+ ) BiX;. (3.1
j=1
The linear model assumes that the regression function [E[Y |X] is linear. The coefficients 3; for j €
{1,...,d} are unknown parameters, and the variables X; are in the form
i) quantitative inputs
ii) transformation of input such as log, square-root, etc.

iii) polynomial representation for example X, = X12

iv) numeric or "dummy" coding of the levels of inputs.
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3 Linear Regression

v) interaction between variables, for example X; = X, - X3.

Even though the source of the X is the log transformation of a variable or square of variables, the model
is linear in parameters. Typically, a set of training data (xj,y;) ... (xy,yn) is gathered, and the parameters
B are estimated by the training set. x; = (x;1, X, . .. ,xid)T is a vector of feature measurements for i-th
element of the set.

Definition 3.2.1. Let (x;,y;)...(xy,yn) be a set of data. Consider the model in Eq.(3.1), then the
quantity RSS(P) is called residual sum of squares and defined as

N
RSS(B) =}, (vi— f(xi))?
=1
N ) (3.2)
2
= Z (i —Bo— injﬁj) :
i=1 j=1
Remark. Alternatively, the residual sum of squares can be written in the matrix form
RSS(B) = (y—XB)" (y - XB). (33)

where X denote the N x (d + 1) matrix with each row an input vector, and y is N vector of outputs.

The most simplest and widely used estimation method is least method, where we choose the coefficients
B = (Bo,Bi,---,Bas) to minimize RSS(B) in Eq.(3.2). The Figure 3.1 shows the geometry of least-squares
fitting in the R¢*!-dimensional space occupied by the pairs (X,Y). Now, we pose the question. How
do we minimize the RSS(f) with respect to f? The Equation (3.3) is a quadratic function in the d + 1
parameters. Taking the derivative with respect to 3, we obtain

aggs = —2X"(y—XB)
4
9’RSS xTX G4
dBIpT

We assume that the matrix X has full column rank. This yield that X7 X is positive definite. Now, we
equate the lower equation in (3.4) to 0 :

X' (y-X)B =0.
This equation can be solved uniquely by
B =X"x)"XTy. (3.5)
Hence, the fitted value at the training inputs X are
§=Xp =X(X"X)" X"y (3.6)
Now, suppose that the error term € is normally distributed as

g~ N (0,0%)
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3 Linear Regression

where o is a positive value. Then, the likelihood function of y is equal to

A |
L=

1 d 2)
ex yi—Bo— Y xiiB;
IR CE R W)

Alternatively, one can write it down as
2\—N/2 1 & < 2
L= (2n0%) exp (513 Y00 o 3
i=1 j=1

One can see from the last term that the parameter fy, ..., By, which maximize the likelihood L are the
same as the ones that minimize the residual sum of square RSS. Thus, the maximum likelihood estimator
of the parameter f3 is the same as (3.5). Now, we estimate the variance o of the error term €. Substituting
the maximum likelihood estimates B into L, we obtain

B 1 N R d R
L= (27’[62) N/2 exp <262 E(y,' — B() — leijﬁj)2> .
= j=
Taking the logarithm, we obtain the log-likelihood function / = log L, which makes differentiation easier:

(yi —1)*

M=

N,

I
—

where §; = ﬁo — Z‘le Xij ﬁ ;. Taking the derivative with respect to o2, we obtain

d N o1
= — o —

A\2
402 = 207 Tt &)
l

M=

=1

Setting to zero and solving for 62 yields:
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N

Figure 3.1: Linear least squares fitting with X € IR?. The main focus is to find the linear function f(X),

which minimizes the residual sum of squares. [11]
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4 Universial Inference

We will use the split ratio test (SRT) to understand confidence intervals of causal effects. In this section,
we introduce the main framework of universal inference, which is firstly introduced by [6] in order to help
to understand the following sections in the thesis. First of all, the mathematical background which we
work on is introduced, closely following the thesis [4]. The sample space X # 0 equipped with a certain
o-field . and the parameter space ® as well as the parametric statistical model &2 = {Pg : ® € O}
composed of probability measures Py : .% — [0, 1]. Suppose that an i.i.d. sample Y;,...,Y, ~ Pg, is
given where ®, € ® denotes the true value of the unknown parameter. In addition, it is assumed that
the model & is dominated by some o-finite measure y : % — [0,0], i.e., for every event A € F we
know that p(A) = 0 implies Po(A) = 0 for all 6 € ®. The measure p will be either a counting measure
or the d-dimenstional Lebesgue measure, depending on the sample space X. If X is a counting set,
the measure u is also a counting measure. If X is equal to R¢ or a subset of IR?, the measure is the
d-dimensional Lebesgue measure. In the case of the d-dimensional Lebesgue measure, there exists for

every O € O a u-density pg := j—ﬁ for Py, that is, a function pg : X — [0, c0) such that for every A € .7

Po(A) = /A pedu
by the following well-known theorem.

Theorem 4.0.1 (Radon-Nikodym theorem). Let (X,X ) be a measurable space on which two o-finite
measures are defined, tt and v. If v < u (that is, if v is absolutely continuous with respect to L), then
there exists a X-measurable function f : X — [0,0), such that for any measurable set A C X,

Vo(A) = /Apedﬂ

In order to avoid having measurability issues, we will consider the parameter space as a measurable
space (0, /) and the function
O x X — [0,00),(0,x) — po(x)

is &7 @ F | 9B(|0,0))-measurable, where the product o-field on the product space ® x X is denoted
by &7 ® # and the Borel o-field on [0,) is by %([0,)). As mentioned above, we will use the SRT
method. Therefore we will not work with the whole data sample Y1, ...,Y,, but split the data set into
two groups and estimate each parameter by using both groups separately. Each index set of both groups
is denoted by Dy, D, which are subsets of the index set 1,...,n. In addition we have the properties
such that DoN Dy =0 and Dy UD; = {1,...,n}. In the following, we will evaluate the likelihood based
on Dy and compute the maximum likelihood estimator under Hy or Hy calculated from Dy. To avoid
mathematical ambiguity, we introduce here exactly both objects. The likelihood function evaluated
based on Dy is denoted by
£9(0) := [T po(%))

i€eDy
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4 Universial Inference

Furthermore, we denote the maximal likelihood estimator under Hy, which is computed on Dy by

0o := argmax £ (6)
6€0,

Considering the above setup, we define the following objects.

Definition 4.0.1. Suppose that we have the above setup

() The split likelihood ratio statistic is defined as

(if) Let o € (0,1). The universal confidence set of level 1 - o is defined as
1
Ch:=Cy(a) = {6 €0:T,(0) < a}

It is proven that the universal confidence set is valid finite sample confidence set for an unknown
parameter at level 1 - a [6]. In the following, we introduce the simple proof, which is also given by [4].
The proof is quite simple and only requires a simple tool from probability theory. First of all, we give
the simple tool from probability theory which is known as Markov’s inequality.

Theorem 4.0.2 (Markov’s Inequality). Let X be a real-valued random variable. Them for every > 0
1
P(IX|=B) < BIE(IX!)

Proof. This immediately follows from the inequality

E[1X]] > E[|IX[1¢x|=py] = BP(IX]> B)

This theorem will be used to prove the following theorem.

Theorem 4.0.3. Let « € (0, 1) and consider the set-up from above. Then C,() is a finite sample valid
(1 — a)-confidence set for 6, that is,

Py (6. €Ch(a))>1—a

Proof. Let y € O be fixed, let [ ...dyp, denote integration with respect to all variables contained in D—
and let A := {pg+~o}*. Then,

2(0)(11/) [Ticp, Pyw ()

Eg: | =2 | = Ego | o202V

o 20007 [n@o po- (%)
HzeDO Py )’l

po-(i)dyp
4 Iicp, o+ (i) ,QO ’

:/ [T pyGodyn, < T [ xpw ¥i) dyl] =1 4.1

IGDO i€Dy
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4 Universial Inference

Since él is a function only of the samples contained in D, and since Yp_ and Yp, are independent,

Eq-[7,(6°)] = Ep- [Ee*[Tn(e*NYDJ]

£<0)(T(yD1) ®(n—k)
g Xn,kIEe* W d(Pe* (yDl) S 1
<Iby(??)

Finally, Markov’s inequality gives us that

Py+(0" ¢ C,) = Py (T,,(67) > é) < aEg+[T,(07)] < .

O
In many cases, a certain part of the information encoded by the true parameter is taken into account
to construct confidence sets. For example, suppose that we have a parameter 6 = (0y,...,6,), and we
only want to construct confidence set of 6; whereas the other components 0y,...,6;_1,60;1,...,0, are

so-called nuisance parameter. More formally, we construct confidence sets of some function y = g(0)
where g : @ — . In this case, we can consider set

B, :={ye¥|C,Nng ' (g(0)) # 0}
where g 7! = {0 € ©|g(0) = y}, and it has the following property
Po(g(0) € By) = Py(Cang ' (2(6)) #0) > Po(6 €C) > 1~ 0

Thus, this yield that B, is a (1 — o)-confidence set for y = g(6). We can write down this set B, in a
different way by using the so-called profile likelihood. We define the profile likelihood as follows

Definition 4.0.2. Consider the situation from above. If it is well-defined, the function

(0) . (0)
£ Y =R, — LYo 4.2
t V'™ ocomis)—y (6) *2

is called the profile likelihood function.

Proposition 5. Consider the situation from above and suppose the profile likelihood function is well-
defined. Then
2O 1
B, = ceV¥: < —
' {w £O(y) ~ «

Proof. Let y € W. Then C,Ng~'(y) # 0 is equivalent to the fact that there exists some 8 € @ such
that g(6) = y and £(0(8,)/£((0) < 1/a. The latter is equivalent to £ (8,)/£O(y) <1/a O

Now, suppose that we carry out a hypothesis testing with a testing problem of the following form
Hy:0 €0y versus H;: 0 € 0

where ®,0) C ®
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4 Universial Inference

Definition 4.0.3. Let a € (0, 1). The split likelihood ratio test at level « is defined by the rule

. . 1 £
Reject Hp if U, > 2’ where U,, = °

where 6 is a estimator estimated by using D; and 6 is a estimator calculated by using Dy. The following
theorem is the fundamental result that will be applied in the thesis.

Theorem 4.0.4. The split likelihood ratio test controls the type I error at lever «, that is,

1
sup Pg, | Un > — | <.
60 04
Proof. We reject Hy if and only if C,(a) N ®y = 0. The type I error of this test is simply

sup Pg,(Cn(0t) N®9=0) < sup (6 ¢ Cp(xx)) <

60€0y 60€®p
O
To simplify the calculation, we use a logarithmic version of U,
Eni=10(8;) —1(8y) 4.3)

where () :=10g £(9)(0). Equivalently to the previous test, one rejects Hy if log(U,) < —log(c).
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5 A confidence set for the causal effect in Linear
Structural Equation Models (LSEM) by using
interventional data set via split likelihood ratio
test

In this chapter, we focus on constructing a confidence set of valid hypothesis tests. We will repeat
explaining the concept of the linear structural equation model briefly and show how one can apply
this model to investigate the causal effect and construct confidence set for this in two- and three-
dimensional cases. Additionally, the boundaries and maximal width of the confidence set will be
calculated analytically in a two-dimensional case. In [2] and [4], a observational data set in the form of a
sample of independent copies of a random vector Y = (Y1, ...,Yy) is considered, where each component
has zero mean, without loss of generality. A further assumption is that the distribution of X underlies a
dependence structure given by the following linear structural equation model

kepa(j)
Furthermore, it is assumed that the errors are homoscedastic, i.e., for an unknown variance parameter
0?2 € (0,), the variance of each error is

Varle)]| = --- = Var[gy] = o>

However, in this thesis, we work with a non-homoscedastic setup. Hence, we consider the following
model

Xj: Z ﬁjiXi“‘gj, ]:1,,d
kepa(j)

Varle;) = Gj2 €(0,00), j=1,....d

Once we take a intervention on a variable X; under do(X; = x;"), we obtain a modified LSEM € from
the original LSEM % in the form of

X;= Z EjiXi+éj, j=1,....d.
kepa(j)

where

B — Bow ifv#t
e 0 ifv=rt,
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5 A confidence set for the causal effect in Linear Structural Equation Models (LSEM) by using interventional data set via

and

~ &y ifv#£t
Epy =

xf ifv=t
Example 5.0.1. Consider the LSEMs
X1 =¢

Xo=PBiXi+&
X3 = B31Xi + &

where €1, & are standard normally distributed. Then we have the model in the matrix form as

0 0 0 &1
X:(Id—B)ile, B = le 0 0 , €= &
Bsi 0 O &

Intervening on the variable do(X, = x}), we obtain modified LSEMs

where
0 0 O £
B= 0 00 |, E=| x5
Bsi 0 O &

Figure 5.1 illustrates the graphical structure of this example.

Figure 5.1: The graphical structure of Example 5.0.1

5.1 Dataset

The thesis focuses mainly on investigating causal effects by using interventional data. Hence, data sets
that are used in the thesis contain observations of random vectors (X (j)) je{1....ny Where there are causal
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5 A confidence set for the causal effect in Linear Structural Equation Models (LSEM) by using interventional data set via

effects among variables which are elements of the vectors. The i-th element of the j-th random vector
is denoted by Xi("),i €{1,...,d},j € {l,...,n} where n is the sample size of the data set. Moreover,
there is one additional element in a vector for the interventional setup. This additional variable is called
the intervention indicator and is denoted by F;. If F; takes a value i € {1,...,d}, then the j-th vector is
intervened on the variable Xi(j ), that is, Xl.(j ) take a fix value x;k(j ). If F; takes the value O, then the j-th
vector X /) is not intervened. That is, it is observational. In other words, the data set can be divided into
disjoint subsets according to the level of F. The first subset Ny is an observational subset of the data set,
in which all vectors have the property F = 0. The subsets N;, i € {1,...,d} are interventional subsets,
where all vectors have the property F = i. N denotes the entire data set. Thus, the data set factors as

N - U?:ONI'

Furthermore, we define index sets D to indicate indices of vectors in the subsets. The index sets are
defined as

DF=i: Index set for the vectors in N;.
DF#i: Index set for the vectors in Uk£iVk-
n;: Sample size of the subset N;.

Equivalently,

where

xW = 3 , for je{1,2,...,n}

is a random vector in the data set. In the following, we introduce notations for the split data set. In order
to conduct the split likelihood ratio test introduced in Chapter 4, the data set needs to be split. The first
split data set is denoted by N(©), and N(") denotes the second one. Again, the N(© N1 factors as

n 0
NO =y (N

n 1
N =y N,

depending on the intervention indicator F value in a random vector. Moreover, we introduce notations
of index sets and sample sizes of the index set

Dg =i: Index set for the vectors in N'”

hl
Dg 71: Index set for the vectors in UiV, ,EO).

DF=i: Index set for the vectors in N'").
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Df#i: Index set for the vectors in U#,-N,El).
no,;: Sample size of the subset Ni(o).

ny;: Sample size of the subset Nl-(l).

5.2 Estimating Parameters in Linear Structural Equation Models

In the following, we will show how one can estimate parameters explicitly in a two-dimensional
case without using directly the method introduced in Chapter 3. The linear structural equation model
(LSEM) is considered for 2 dimension. There are two different directions of dependency

(M2.1) (M2.2)
X1 :=Po1+¢& X1 :=Bo1 + P12 Xo + €
Xp := P2+ B X1 +& X5 := P2 + &.

There is additionally the case where there is no dependency between two variables. This case is
equivalent to either B> = 0 or B2 = 0 from (M2.1) or (M2.2). We assume that X; causes X,. That is,
without loss of generality, we only consider (M2.1) where the data follows the LSEMs

X1 = Bo1 + &1,

(5.1)
Xo = Bor+ PuXi +&

where €1, & are normally distributed independent error terms which have zero mean and variance of o}
and 0y, respectively. The parameter f3,; is an unknown parameter that represents a direct causal effect
between two variables. We assume in the thesis that the errors are not necessary to be homoscedastic,i.e.,
each variance of g;,i € {1,2} is not required to be the same. From Proposition 1, we know that the joint
distribution of the observational data factors as

f(X1,X) = f(X2|X1) f(X1) (5.2)

Since X» is the sum of X; and independent normally distributed error term &, X» given that X; has taken
on the value x is clearly normally distributed such that

Xo| X1 =x1 ~ A (Boz+ Ba1x1,02) (5.3)

Now, we consider the two systems of LSEMs in which the interventions on a variable are taken. The
model intervening on X; has the form of

X) =x7,
. 5.4)
Xy = Bo2 + o1 - x] + &.
The interventional distribution under do(X; = x}) factors according to Eq. (2.8) as
f(Xsdo(Xi =x7)) = [ [ F (0 Xpa) [ T Lixo=rry = F(XalX1 = x7) (5.5)

v#1 v=1
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The model under intervention do(X, = x3) is in the form of

X1 =Po1+¢€
1= Hoté (5.6)
X2 =Xy
The interventional distribution under do(X; = x}) factors as
f(X;do(Xa = x3)) = f(X1[X2 = x3) = f(X1) (.7

Typically, we work with independent identical distributed set of observations (xgl) ,xgl) JF) . (xin) ,xg") ).
Note that the joint densities in (5.2) (5.5) (5.7) consist of two following density functions of observations

i D)y (i i 1 1 ;
f(XZ():xé)’Xl():xg)): exp(2 2(x§)—(ﬁ01+ﬁ21x(1)))2> (5.8)
\/277:7622 03
() _ 0 1 L) >
fX7 =x") = exp | 5 (" —Bo2)” |- (5.9)
\/277:7612 i

Now, we figure out the likelihood function of the data set that contains both observational and interven-
tional data. Assuming that the data set contains n samples which are i.i.d, then the likelihood function
is

L.(B,0) = r\", <, F|B, o) (5.10)
i=1

where the function f is the joint distribution of Xl(i) and Xz(i) and B = (Bo1,Bo1,B21) , 0 = (01,02)
are the parameter vectors of X; and X,. As mentioned before, our data set consists of three subsets.
Therefore one can split the likelihood function separately, depending on the value of F;, which is the
interventional indicator. The likelihood function in (5.10) factors as

Li(B.0) =[] /(" 5518,0) =0 £ () 1B, 0) =0 £ (o) 1) |B, o) HFi=2) (5.11)
i=1

The density function of observational model can factors as in Eq.(5.2) and the density functions of both
interventional model are equal to the Eq.(5.5) and Eq.(5.7). Thus, the first term in the Eq.(5.11) is equal
to

£ 218, ) =0 = (£ B, o) £ (1B, &)
Furthermore, the second and third terms are
Fa 2 1B o) ) = £ x(, B o) LA
165 1B,0) 0 = f(x)"1B, 0) )

Substituting the above results in Eq.(5.11), we obtain the likelihood function of our data set
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N

Lo(B,0) =[T(F(3" ¥, B,0) £(x"1B,0)) 0 (o [+, B, o) =) £ (x| B, 0) =)

—_

n

xgi) |x§i) ) BOZ? ﬁ217 62)1(Fi:07l) : f(xgl) ’ﬁOI ’ Gl)]l(Fi:O.'z) .

S, Boa, Bar, 02) D - £ (x| Bor, o) M EAD, (5.12)

[1r¢
i=1

n
[1x¢
i=1
Now we determine exactly the likelihood function of the LSEM with the interventional and observational
data where the variables are normally distributed. We substitute those terms in Eq.(3) and obtain the

likelihood function of the model

n

1
Ly(B,0) =g <(\/27012

! Lyl ()7

-(( exp—5 5 (X" —Bor— B -, )) :
\/27mo? %2

In order to estimate parameters 3 and ¢, the maximum likelihood method is used due to the simplicity

of our likelihood function. The maximum likelihood method estimates the parameters which maximize
the likelihood function. In order to simplify the calculation, the log-likelihood function is used.

) 1(F#1)
l 2
=508~ o)) )

=

h(B.0) = L 1(F#1)- (~ ylog2mo) — 5 (s~ o))
! (5.13)

1 1 i i
FL(F#2)- (— 5 10g(2703) — -5 () — o — B - )?).
2

The following lemma shows how the parameters 3, ¢ are estimated.

Lemma 5.2.1. Consider the LSEMs in (5.1), (5.4), (5.6). Let x = (x{", x{") ... (! x{!)) be a set of
observations which follow one of the LSEMs above. Then, the log-likelihood function is

N

h(B.0) = L 1A A1) (~ glox(2m0) 5 <)~ o))

1 1 i i
FL(F#2)- (— 5 10g(2703) — 5 () — o — Bar - )?).

2
The maximal likelihood estimators for 3 are

argmax/,(f,0) = )Ef"#l

Bo1
argmaxl,(B,0) = Xg#z — 321 <n()+nz>if7é2

Bz 1o 1

F£2 (i) (i)

argmax/,(f,0) = Liepi2 (5 x22 2 :

B _F#2 j

: Lo (272) = 60P)
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where ng is the number of samples with observational data, and n; is the number of samples with
interventional data under do(X; = x;) and

7 = L Y A ij=12

n—n; keDF#J

Proof. Taking the derivative with respect to fy;, we obtain the equation
(Po1,0) ¢ (Xgi) —1301>
W(F#1) | ——
Topn &P T

Substituting the maximizer [%1 in the above equation, we equate this to 0. This equation is solved by

The derivative of the log-likelihood function with respect to By, is

M = i]l(F,- £2) <x§i) — Boz2 — B2 -xgi)>.

9B = o5

Equating this derivative to zero gives the maximizer ﬁoz

n @ _p _po (D)
ZIL(E-#Z)‘()62 PP 2 >=0
i=1

%)
Y Be= Y & -pu)
ieDFi#? ieDfi#2
A 1 i A * (1
o2 = Yy —521x1( )

no + 1y ieDFfi#2

5 1 (i)
Poz = — B x
no+n iel;# no +n e;%z 1
A F£2  a (Mot N2\ _Fuo
=%""— — |X
Boz =%, Boi <no+n1> |

The number of entire samples is equal to n = ng + n; +ny. Now, we differentiate the log-likelihood
function with respect to 3,1 and equate to 0

oly(Poz. Bo1.0) & (Xg) — Bo> — B -xﬁ”) W
— e 7 x0 =0

T l;]lF;zéZ
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which is solved by

y (xgi)xii) — oo’ — B (Xgi)f) =0
ieDFi#2

o3
_ () () (F#2 p [(Motm _F7é2> W a0 2>
0= — — - e _
ie;ﬁ <x2 x| (x2 Bai <n0+n1>x1 x1” = Bar (x)”)
_ (i) () F#2 (i) "lo+n2> A A2 () A ()2
0= X' x =X, xy + < o7 — X
,-e;#z 2ot no+n P17 xy = Bar(xy)

0= ¥ &0 B Y —<x§”>2+((”°+’”>2)<xfﬁ>2>

ieDfi?2 ieDfi?2 o 111
2
) F£2\ (D), B no+ny g j
0= ¥ (-l T (BERE2) )
ieDfi#? ieptiz2 \"0 T

oy = Liepi© ()Elzwé2 — xéi) )XY)

2
z,-EDF,-m(zgizfxfﬁ) )

Proposition 6. Consider the log-likelihood function (5.13). Then,
(i) 2
Y icpri# (X7 — Por
argmax (o, o 01, 02) = 2 1~ Por)
01>0 no+ny

(i) #(i)\2
Yicpr (X" — Po2 — Parx
argmax I, (Boz, Bo1,01,07) = €L (" = Boz — Barx; ) '
(72>0 n0+n1

Proof. We take the derivative of the log-likelihood function /, with respect to &)

al J (_]
n(Bo2, B21,01,02) - 7<——log(27'£612)—
doy ieDFi#! Joi 2

1 1 i
=) +— ()~ Bor)?

iepivt Ol Oi

[N0) 2
320 = Por)?)

L
_ Mot y 73()65)_[301)2'
(oJ] i

ieDFi#! °

Equating this to zero, we obtain the maximizer &;

. Yicph#l (XY) —Bor)?
O] = .
no+no
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Analogously, we can compute 6,

. Yicph~ (xé” — Bo2 — ﬁ21XT(i))2
O = .

ng+np

d

Remark. Estimating the parameters Py, .21, and 0, is equivalent to estimating the parameter of a linear
regression model Y = By + B2 X + € where € ~ 47(0,07). In our case, Y and X are corresponding to
Xé” and X l(l) for i € D72, Estimating the parameter o, 0] is equivalent to estimating parameters of

the model X fi) = ¢ for i € DF#! where € ~ .4 (By1,0,). Thus we can rewrite the previous results of the
estimators in the matrix form as follows:

Boi = (Xg 21 X0,7 1) X0 F21X1 F£1

where X({F# =(1,1,...,1,1) which has the length of ny +n, and and

X{Dm _ ( xsn) xginowfl) xgi,,oﬂz) ) for iy € DF#!.

5 02
) 1= < gzl ) = (Xg]7F¢2X01,F#Z)XOI,F;EZX(Z,F#Z)
where

.. 1 1
T = , . - F#2
Xo1 prr2 = ( xgi‘) xil"“*”"l) xgl"(’”‘) > for iy € D

and ‘ _
X2T7Dr¢z = ( xgi‘) x;l"()”‘*l) xg”(’*"‘) ) for iy € DF7?
5.3 Construction of a Confidence Set in Two-dimensional Case

In the following, we assume, without loss of generality, that By; = Bo> = 0. Solving a non-zero case is
achieved by centralizing or standardizing the variables. Consider the linear structural equation model
(2.12) and a data set that consists of both observational and interventional data. Then we have three
models.

1) Model with observational data

X1 =&

Xp = BuXi+&
ii) Model with interventional data under do(X; = x7)

*
Xl =X

Xo = Boix] + &.
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iii) Model with interventional data under do(X, = x3)

X1 =¢
X =x,
where & ~ 4(0,0;),i = 1,2. Consider the following observations of random vectors x(l), . ,x("),
where 0
X
X0 — xg) ’
F;

and i is a element of the index set D = {1,2,...n— 1,n} which consists of three groups, that is,
D =DF=0uDF=1uDF=2 and DF='NDF='NDF=2 = 0. The samples xgi) ,xg) ,i € DF=0 follow the first
model (i). Analogously, the samples x(li),xg),i € DF=! follow the second model (ii) and the samples for
i € D=2 follow the model (iii). The empirical covariance matrix is defined as ¥ =% = i Y X O x®"
fork=0,1,2 and ZF#% = ﬁ ZE:kX(i)X(i)T for k =0,1,2. The joint distribution and log-likelihood
function of each model are

1) Model with observational data

FO 3 Bor, 01,00) = £ 18 Bar, ) - £ (6 )
1 7%()7&:')7321%(]0)2 1 7%()651'))2

N - 1 1 i i
Iny(B21,01,05)x i e DF0) =} (_ 5 log(2moz) — Taz(xg) ~Bax})?

—~

i) (i))

ii) Model with interventional data under do(X,”’ = x;

f(xii),xéi)lﬁzl,cl,oz) = f(xé” ’xgi),ﬁzl,dz)

@) _po ()2
_ 1 e 2022(x2 B2 xl)

\/2mo}

- _ 1 L i i
b, (Bar, 01,005 i€ D) = ¥ —log(2m6y) — —— () —Bax)?
jepr-t 2 20,

iii) Model with interventional data under do (Xz(i) = x(zi))

f(xii),xéi) |B21,01,02) = f(xﬁi)\cl)

i) - 1 1 .
In, (ﬁ21761762|x(1)al € DF_Z) = Z ——log(2moy) — 7(36&[))2
ieDF=2 2 201
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To calculate the profile likelihood function evaluated by the data set with Dy, we assume that the
parameter of the causal effect 3, takes a fixed value W. The log-likelihood function of this case is

0+ 1o, 1 i i .
z<0>(l}',cl,oz)zwlog(zn@)—z— Y (el 4 10(a) (5.14)

2 (o)) !
ieDfi”*

where [(*)(6}) denotes a part of likelihood function which does not depend on ¥:

log2701) — 5 ¥ ()’

il no,0 +710.2
l O>(61) =2 ,
: #1

-l
€D,

In order to determine the profile likelihood function, we first assumed that € (1 — 2) takes a fixed value
Y and under this constraint maximize with respect to the parameters o] and o;.

Lemma 5.3.1. Consider the profile likelihood in (5.14). Then, the maximal likelihood estimators
calculated by the data set Dy are

argmax ,(¥or, oo [xV, ... xW) = ig.n
62>0

argmax[,(¥, o, 62|x(1), ... ,x(")) = igfﬁz‘lﬂ — ZigTZZ‘P + 257;22
02>0

where the matrix ig 7 is the empirical covariance matrix based on the data with Dy such that

. iF;ﬁi ZA:F;éi 1 ,
Sofi= Ol 92 ) = Y AW =12 and 1 #i
Loo1 Lo n00 N1 o
0

Proof. From the Proposition (6), we know that

Y. (x) = on)?

)
61 := argmaxl,(Po2, P21,01,02) =
§2>0 n(ﬁ ﬁ ) n0+l’l2
i ()y2
. Yr () — Bog — Bl
0222=argmaXln(ﬁozﬁzbﬁl,Gz): 722 L

03>0 no+n

Since we assumed that the By; and By, are zero and we set 3,1 to P, we obtain

(Dy2
ZieDg#' (x17)

argmax[,(¥,01,00) = ————
67>0 np,0 +no,2

 oF#£1
=Xy
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and

ZieDFﬁ (Xgi) - ‘PXTU) )2
argmax[l,(¥,01,07) = 0
63>0 nop,0 +no,1

ZieDOF*‘ (xgi))z 42 ( xgi))z . 21I/x§i) xgi)

np,0 +no,1
L QFA2g2  ASFA2y | SFA2
=Xy V2%, V205

Case : ¥ #0
We determined logarithmic version of the profile likelihood function LEO) (¥) based on the data set
Do = D52 uDE=! UDE=2 from above result. Substituting the maximal likelihood estimators of
remaining parameters o7, 0; in Eq.(5.14), we obtain

1) :=max1©(y,01,05) = 1) (y,61,65)
01,02

1 ; i o
=_ wlog(zn(b) - Z (xgz) _ \ngz))Z + 1(0)(61)
2 26, 7
i€D,
10,0 + 10,1 & F#2 & F#2 &F#2
=5 log(ZE(Zofl W - 220,71é2 ¥+ 20772&2 )
10,0 +1o,1 (0 (V2 70) (&
2 T L (o ) 06
Licpr# (" =¥x")" et
no,o + no,1 & & N no0+"n0,1 = #0), &
== log(2m(E0 17 W2 — 28015 W +5047)) — =+ 106 (5.15)
where ZOF 72 and ZOF 71 are the empirical covariance matrices calculated based on the data set with

the index set Dy.

Case2: ¥ =0
Suppose that ¢’ (1 — 2) =¥ = 0. In (M2.2), the direct causal effect (1 — 2) is always zero.
Therefore, (M2.1) with W = 0 is a special case of (M2.2). Since all parameter involved in
(M2.2) are independent on the constraint 4 (1 — 2), we obtain the profile likelihood function by
maximizing the likelihood function of (M2.2). The log-likelihood of (M2.2) is

1 1 i
15(21(61%61762) =Y 1F#2)- (- Elog@”%z) - ﬁ(é%
i€Dy 63 (5.16)

1 1 ,~
FL(F#1)-(~ 5 log2m0]) — o () B2 )?).
1

The maximum likelihood estimators of this model are

. o gFA
B =argmax Y ()~ Bio-ay))? = ol
P jepp” 57
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) 1 |G 2
7 =argmax Z (— Elog(Zﬂczz) - P(xgl))z) = ZOFE;?

o3 ieDg#2 2
and
F#1\2
A 1 1 i i F#£1 (20.12)
6f =argmax Y, (= slog(2n07) ~ o (x —Bu-xy)’) =57~
ol epf#! Oi X0
o ;

where Eg s empirical covariance matrix based on the data with the index set DOF 7 for i = 1,2.
Therefore, the profile likelihood in this case is

10W) = max 1% (Bia,01,0%)

B21,01,02 no,2—1
_ hpptno F#£2\ 10,0 T 70,1
= 3 10g(27r20,22 )— ) (5.17)
ZF;&])2
10,0 -i-no,z1 2 (sF# ( 0,12 no,0 +no2

Now, we determine the boundaries of the confidence interval of the split likelihood function by using the
profile likelihood function in Equation (5.15). The logarithmic version of the split likelihood ratio &,
from the Equation (4.3) is therefore

& =10(6)) — 1" ()

A no,0 + no,1

:1(0)(91)+ . noo+no1 -

&F#2 &F#2 &F#2 N
log(2m(£11¥? — 2501 +£037)) + =25 —1(61)

where the likelihood function /(%)(8;) is the likelihood function evaluated by the data with the index
setDy, given the maximum likelihood estimator calculated by the data with the index set D;

Bi.12
611
61

9)
I

According to Theorem 4.0.4, the set

G ::{w ER:§ < log<;>}

is 1 — a confidence interval set for €’ (1 — 2). Rearranging the inequality &, < log(é) in the case ¥ # 0,
we get

ST 250+ 507 —B<0 (5.18)
where . 5 . 1
7 A no.o no.1
B— — (716—109_% | 7>‘
21 P no,0+no,1(( D=6 7 Tlog(y))
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The left-hand side is a function of ¥ and a parabola opening to the top. The solution of this inequality is
all ¥ in between the two zeros of this parabola if they exist. Using a well-known formula for the roots
of a general quadratic polynomial gives that the inequality (5.18) is equivalent to

\pe{ LEF.UEE)] if G20

0 if G<O
where
AF#£2 &FA2 (&F#2
G= (Zo,?léz )2 - Z0,?1é1 (207;2 - B)
and

SF#£2
L EF#Z o (ZO,?léZ )2_\/6
( 0 )_ iF#z )
0,11

pesrry - Bl VG

0 &F#2
Z“0,11

Rearranging the inequality &, > log(1/a) in the case ¥ = 0 delivers

H =10)(8y) 4 0T 101 10 (o ylz2y y MO0 0L er ol
F#1\2
no,o0 +no2 F#£1 ( 0.12) np,o+no2
=022 log(2m (347, — g )= 20
0,22

Totally, we rewrite the description of a 1 — o confidence set for €’ (1 — 2) in detail as follows

([LEG™),UE)]N(R\{0}))U{0}, if G>0andH <0,

5 - 10, if G<OandH <0,
") LEF UEFHIN (R {0}), if G>0andH >0,
0, if G<Oand H > 0.

Now, we write down the test problem we consider in detail.

Hj : The data follows a LSEM and the causal effect (1 — 2) = ¥ versus
H,: Hy does not hold.
In order to construct a test with a valid finite-sample bound on the type I error for this problem, we

calculate the split likelihood ratio test statistic. Again, it is necessary to distinguish two cases. In the
case W # 0, the logarithmic version of this test statistic is determined by

A noo+no,1 F£2 F#£2 F#£2 noo+no,1 3 4
& =10(61) + =25 log(2m(£, 797 — 25, ¥ + £03)) + =5 ~1(61)
whereas in the case ¥ = 0,
A no,0 + 1o, 1 no,0 +no,1
& =10(61) + =05 log(2mEg ) + =0
F#1\2
no,0 +no2 F£1 (20,12) no,0 +1no,2
ey lee2m(E ] - )+ Ty

0,22
The split likelihood ratio test rejects Hp if and only if &, > log(1/a).
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5.4 Construction of a Confidence Set in Three-dimensional Case

Here, the three-dimensional case is considered. This case consists of a more complex structure than the

two-dimensional case. There exist six directions of dependency

(M3.1) (M3.2)

X :=¢g X =g
Xo:=PuXi+& Xy := B X1 + BX3 + &
Xz = B3 Xi + BnXo + & X3 := B3 X1+&

(M3.4) (M3.5)

X) := Bi3Xz + & Xi = BrXo + Pi3Xs + &
Xo := Bo1 X1 + BosXz + & X =g

Xz =& X3 := B3 X0+ &

(M3.3)

Xi = PrXs+&

X =&

X3 1= 31X + P32 X2 + &3
(M3.6)

Xi = BXo + Pi3Xs + &
X2 1= BnX; + &

X3 :=&3.

In all models, it is also allowed that the dependency takes the value 0. Without loss of generality, we
observe the first model (M3.1). Fig.(5.2). displays the graph of this model. Calculations of the other
models are derived by reindexing variables and errors appropriately according to the LSEMs of each

model.

1) LSEM of Observational data
X|=¢§&

X=piXi+&

Xz = B31 X1 + BXa + €.

ii) LSEM of interventional data under do(X; = x7})

*
Xl :xl

X2 = [321)6315 + &

X3 = B3iXi + BXo + €.

iii) LSEM of interventional data under do(X; = x3)

X|=¢§&

X2 :XS

X3 = B31X1 + Baox; + &3.

iv) LSEM of interventional data under do(X3 = x3)

Xi=¢&
X=piXi+&
X3 :x}‘.

(5.19)

(5.20)

(5.21)

(5.22)
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M3.1

Figure 5.2: M3.1

As implemented in the two-dimensional case, we determine the density factorization. By Proposition 1,
The density of the observational data which follow the LSEM in (5.20) factors as

3

FX0,X2,X3) = Y F(XilXpa) = £(X0) £ (X2l X0) £ (X3X1, X2)
i=1

The interventional densities under do(X; = x;) for i € {1,2,3} factor as

f(X2|X1 :xl)f(X3 |X1 :xl,Xz) for i=1

f(Xl,Xz,X3;dO<Xi :xi)) = f(Xl)f(X3 |X1,X2 = xz) for i=2

f(X] )f(X2|X1) for i=3
Again, we consider the observations of random vector x = ((xgl) ,xgl),xgl),Fl) e (xgn),xgn),xg"),F,,)),
where F; take one of the values 0,1,2,3. Let D be a index set {1,2,...,n}. Depending on the value
of F; = j, the index i of x(!) = (xgi),xg),xgi),ﬁ}) is contained in the subset D;. Hence, the index set D
consists of 4 groups such that D = Dy D1 N D, N D3. In the following, we show how the likelihood
function of our model factors. It follows exactly the same factorization rules as the two-dimensional
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case.
o) = [/, Y.+18,0)
i=1

=17t 22" 1B,0) =0 (23 1B, 0) Y

i=1
028 1B.0) ) () 1) ) B 0)

L a0\ HE=0) - L\ ME=D)
(66 sl ) ) (e )
. o\ HE=2) , N\ 1(FE=3)
: <f(XY))f(x§Nx§’,x§>)) <f(x§>)f(xgnx§>)>

H (1 00) =02 () o, Bar, ) =01
=1

: (X3 \X1 7Xg),l331,[332703

H (x100) A £ (6 |2 By 02) 1)

)11(15:0,172)

) (x3 |x1 axg)aﬁ317/332763)1(ﬂ¢3) (5.23)

Since we assume that all error are normally distributed, we have the terms that arise in (5.23) as

£a0or) = — exp( 12<x§”>2)

iy (i 1 1
£ 1 Bar, 02) = GXP<262( —Baxl) )
/2102 ;
Dy () (i 1
f(xg)|x5)>xg)7ﬁ3l>ﬁ32761):

Substituting the terms in (5.23), we obtain the likelihood function of the entire data

. 1 1 (i)y2
L.(B,0) = exp (302012
tHl(\/ch;l2 207!
1 [P0 (2
- exp (308 i)
<\/27L'622 203
: L exp () () By — Bapxl))2
p 262 X3 31X 32X
\/27m03 3

1(F£1)

1(F2)

1(F#3)
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Taking logarithm to the likelihood function, we obtain the log-likelihood function
— - F 1 1 1 2 2 1 ()y2
30*; # _EOg( 7701)—?()61)

) _11 Z_L (i)_ (02 5.24
1(F: #2) og(2moy) 2(x2 Baix;”) (5.24)

2 205
1 1 j j j
117 #3)( - 3108(2m08) — 5 (o)~ Buat) — Burl) ).

3
Taking the derivative with respect to o; for i = 1,2, 3 similarly to the two-dimensional case, the maximal

likelihood estimators for the parameters are determined. The maximal likelihood estimators are in the

following
X 1 (i)
o) =—— X
! n0+n2+n31;1( ! )

NP M) _ 0

O ot %é"z (2" =xh) (5-25)
. 1 i i i

Gyi= ——— ¥ () 2" By — 2 Bro)

no+n;+ny Fi23

where ng is the number of samples of the observational data, and 7; is the number of samples of the

interventional data under do(X ]( )= x( )) Using this result, we calculate the profile likelihood functions
for the total causal effects €' (1 — 2) % (1 —3),%(2 — 3). The total causal effect of X; on X, and X;
on Xj is directly the parameters 35, and B3, since

d
€1 —=2) :d—XIIE[Xz,(Xl =x1)]
d
:Tmﬁ21xl = P
and
d
65(2 — 3) :7 IE[X3; (X2 = XQ)]
X2

:di(ﬁMIE[Xl] + B2x2) = Bao.
X2

For the total causal effect (1 — 3), estimating the parameters is more complicated since the fixed
value W is a function of the parameter. The total causal effect of X; on X3 is

d
= E[Xs: (X, =
i, [X3; (X1 = x1)]

= ddx](Bg,]X] +[3321E[X2;(X1 :XI)D

- di(Bmxl + B32B21x1) = B31 + B32for

¢(1—3)=
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Assuming that the causal effect (1 — 2) or ¢'(2 — 3) takes a fixed value ¥ such that 3 = ¥ or
B3> =, the profile likelihood function is determined by maximizing the likelihood function l,(,o) based
on the split data set with the index set Dy with respect to the remaining parameters such as o7, 6,, and
B31. The maximal likelihood estimator of o7, 0,, and o3 are listed in (5.25). In order to apply this
calculation for every model, we define three cases. Each case represents the calculation of the profile
likelihood function for each causal effect arising in the model (M3.1). Table 5.1 shows which causal
effect of the given models from (M3.1) to (M3.6) belongs to one of the three cases. For the other models,
the calculations can analogously be applied according to Table 5.1 by setting the corresponding values
to the indices i, j, k in the following LSEMs. All our three-dimensional models have the form of

X =¢&
Xj = ﬁj,’X,'—l-Sj
X := BiXi + BejX; + &

fori, j,k €{1,2,3} and i # j # k. For this model, the three total causal effects €' (i — j), € (j — k), and
% (i — k) can be considered to proceed a valid hypothetical test. For example, if i =1, j =2,k = 3, we
have the mode (M3.1). If i =2, j = 1,k = 3, we have the model (M3.3). Thus, the following calculations
of the cases are valid for all possible three-dimensional models from (M3.1) to (M3.6) as listed in Tabel
5.1. In the following, the calculation of profile likelihood functions of the three cases is given.

’Model H Case | ‘ Case II ‘ Case III ‘

M31 [[6(1—2) [€(2—3) | €(1—3)
M32 | €(1—=3) | €B3—2) | €(1—2)
M33 (| €(2—1) | €(1—=3) | €2—3)
M34 || €3 1) | €(1—2) | €3 —2)
M35 || €2—3) | €B3—=1) | €2—1)
M36 || ¥3—2) | €2—1) | €3B—1)

Table 5.1: Sorting which causal effect of the models belongs to one of the three cases.

Case I : First, we consider the case f;; = P, then the maximal likelihood estimators of B3, B3, are
calculated by differentiating the last term of the log-likelihood function in (5.24) with respect to
P31, and B3>. Applying the maximal likelihood method introduced in Chapter 3, we estimate 331,
B3> as follows

A Bs1 T T
where
x(}' 1) x(.""o.oﬂo, o =1 ) x(.ino.()*"o? 0. ) Fo
X.  rim J ], ], forire Dy’ ™ and j,I.me {1,2,3}, j#1#m
JLDy” x;"l) xl(t"0=o+"0‘j+"o.1*') xEI”O,oMO.j*"o.z) k 0 It (1,23}, j#1#

52



5 A confidence set for the causal effect in Linear Structural Equation Models (LSEM) by using interventional data set via

and

Xj’Dg;cm = ( x.s'il) xls_i”o,()*"&./*"o,l’l) x.(l_i""ﬂ()*”‘)vf'*"o,l) ) for iy, EDg?ém and j,l,me{1,2,3}, j#I#m.

Substituting all above ML estimators and the fixed value W for f3,; in (5.24), we obtain the profile
likelihood function

. 1 . |G
1) =1(p.0.9) = ¥ (- josned) 5o 60))
1

. Fi#l
ieDy

1 . L i) 4 G
£ % (= Jtonemod) - ) )
ienfi”? 2

1 A
+ Z <—210g(271'632)—

IGDF i73

1 hooa ) A G
m%(xg) —ﬁ31xg) - l33zxg))2>

_ noot+no2+no03 log (Znigﬁ) _ nootno2tno3

~ noo+ ng,l +np3 log (27:(\}12 gﬁz B 2\}’252?22 N Zg?;)) _noot n02,1 +no3
10002 o (o 5153+ 255 B + 857187
+ Zigjéz3 Bs1Bs2 — 225?33 B> — 225?3 Bsi )) - W
where 332 and ﬁgl are explicitly given in (5.26) and
S 5oh Lol
- | S8 S |- T O ke s
Z0,31 o5 Xoss 1eDy

is the empirical covariance matrix.

Case II : Now, we consider the second case where the total causal effect ¢’(2 — 3) takes a fixed value
Y. The variances of the error terms can be estimated as in (5.25). ;; and 3; are estimated by
using the maximal likelihood method in Chapter 3 for both following linear models

X =BuXi+&
—¥X; = B31X) +&.

The estimated parameters 321 and [3’31 are given by
[321 = (Xllng#2X17Dg¢2)71X F¢2X F#Z,

and
) . ) T -1
ﬁ31(lp) = ﬁ31 frg (Xng#';Xl/Dg¢3> Xl DF?QX _oy. DF;&S
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where
Xj—‘{’l pFm = ( xg_il) . 1le(i1) X.E_""ow"o‘j*”orl) _ Txiino,o+"o,,/+"o.1*1) x‘(/i"o‘O*”O,j*"O.l) _y xl(i'lo,o+'10._i+"o.z) )
for i € D57 and j,I,m € {1,2,3}, ) #1 # m.

Substituting [%1 , ﬁ31 ,61, 62,63 and W into Eq.(5.24), the profile likelihood function is obtained as

follows
L (W) = — n00+n02+n03 < g;]éll) noo+n022+n03
S o srgy) ot g
L (6 S 0

no,0 + no,1 +1o,2

3 3
Jr2):()12lpﬁ31( ) 2):0F72é3q! 22}00?1&3[331( )))* )

Case III : The last case is the total causal effect of X; on X3. Assuming that the total causal effect
€ (1 — 3) takes a fixed value W, that is, €' (1 — 3) = B3; + B32821 = P, we have to solve the
following optimization problem in order to estimate the parameters

max (B, 0)
B.o (5.27)

st. B3+ B3P =Y

where
B2
B=1 B
B3z
and

and the function /(© ( B, 0) is the log-likelihood function based on the data set with Dy given in
(5.24). To solve the optimization problem, we take a derivative with respect to each parameter.
Solving the constraint function for 831, we have B3; = ¥ — 3,1 832. Thus, we have the objective
function /(¥ (B, 5) as

. Fi#l
ieDy

1 1 i i
+ Y (— 5 log(2703) — ﬁxy — Baix >)2>

ienli”? :
1 [P i i
+ Y (- 5log(2n03) — =5 () — (¥ — B Pao)xt) — Brard)? ).
iepli?? 2 203
)
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By maximizing this function, the optimization problem is solved. Taking the derivative with
respect to 0y, 02, and 03 and equating the results to zero, then we have

1 N2
D G
0,0 0, 0,3 ieDgﬁH
1 . .
2 (0 _ () 2
o) =—""— X, —X 2
> noo+noytnos Z;ﬁ( 2 1 Par) (5.28)
i€eDy
1 ; - .
2 @ _ () (g \2
Oy = —— —— xy —x (W — 1P32) — X 30
0

Now we take derivative of ,(f, o) with respect to $; and fBs;:

0 d 1 1 ; ; ;
2 10(B,6) =—2— <—10 2162) — — () — (W - A B 2)
el
1 i i i i i
-—= Y (xg)—(‘l’—ﬁzlﬁgz)xg)—ﬁ32x§)> <B21x§>—x§)>.
O3 T3
1€D0’
(5.29)
and
p) p) . .
——19B,0) =—r <—lo 27162) — — () — Byl 2>
aﬁll (ﬁ ) aﬁ32 _€[§¢2 2 g( 2) 9 22( 2 BZl 1 )
el
1 1 i i i
+ ) <— Elog(277:632) - 27_2(%) — (W= BaiBao)xt) — B32xg))2)
. F#3 3
’EID" | o (5.30)
=== L (& =B
2 jepi”?
1 i i i i
-—= ) <xg)_(lp_ﬁ21ﬁ32)xi) —ﬁ32x§)>ﬁ32x5)'
3 iephi™?

We equate the results in (5.29) and (5.30) to O as

) (xgi) — (W B )l —ﬁszxg)) (lexgi) —xg)) =0 (5.31)

. FA3
ieDy
i ¥ (=B )40 ¥ () (¥ BuBu)! - ol ) Brrt’ = 0. (5.32)
ien}i”? iephi”?

oy is directly determined by the equation in (5.28). The remaining parameters 0», 03, 332 and )
are calculated by solving the system of equations (5.28),(5.31),(5.32). Substituting ¢ and o,
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from (5.28) in Eq.(5.32), we obtain

1 i i i i N\ (i
P Z (xg)_xg)(lp_ﬁﬂﬁﬂ)—xg)ﬁnf 2 (xg) —ﬁ21x§)>x(l)
no,0 +no1 +n02 =,

ieDy! ieDy
1

) (xg)—ﬁﬂxgi))z Y <gi)—(‘P—ﬁ21ﬁ32) 1332962 )[332)61 =0

no,0 +no,1 + 10,3 A
~ ienfi?? ienhi™

(5.33)
Rearrange (5.31) for f3,,we obtain
0=") ( D — (W~ BorBr)x — Baot ) (ﬁzlxgi) —xéi))
tEDF i73
0= ﬁZIZF#B F;ﬁ3 (ﬁz F7é3 F#3)+B32(B21 2ﬁ212F#3+2F7§3)
§FA3 _ ZFyB ZF7é3 L $EA
Bip(Bor) 1= P — P2 ) =P (5.34)

2212F7é3 2By £ +ZF7é3

Substituting B3, from (5.34) in Eq.(5.33), we obtain a higher degree polynomial equation

P = T () B Bia(Br) (b)) L () )l

no,o +no,1 +no2 !
’ ! “iepii”? ienfi”?

1 Y @) Y () - (2 - BBl — Bia(Bu )t ) Bia(Bar)x|

no,0 +no,1 +no,3 ,
' ' ' ieDOF”JC2 eDF#

B5; denotes the solution of the polynomial equation P(f,;) = 0. Solving this equation, that is,
finding the roots of the polynomial, is achieved by using a numerical method(e.g. POLYROOT
in R). Once B is obtained by solving the polynomial equation P(f3,;) = 0, the other parameters
such as 37,0, and 03 can be easily found by substituting the solution f3}; in (5.34),(5.28).

Previously, we assumed W # 0 and calculated the profile likelihood function. Now, we assume ¥ = 0
and compute the profile likelihood functions of each case. For the possible causal effects in the model
(M3.1), it is straightforward to see

' P in (M3.1)
B23Bs1+ B2 in (M3.2)
_ 0 in (M3.3)
o= Bai in (M3.4) (5.35)
0 in (M3.5)
0 in (M3.6)
and
' B2 in (M3.1)
0 in (M3.2)
C2—3)= B31ﬁ12+l33(2) iE E%gi; (5.36)
Bz in (M3.5)
0 in (M3.6)
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and
ﬁ32ﬁ21+ﬁ31 in (M31)
ﬁ31 in (M3.2)
€13 "o i oo 53
0 in (M3.5)
0 in (M3.6)

Case I: Suppose that €'(1 — 2) = 0. According to (5.35) and Table 5.1, the data came from one of the
models (M3.1), (M3.3). However, (M3.1) is a special case of (M3.3). Thus, the profile likelihood
function for (1 — 2) = ¥ = 0 is the maximum of the likelihood function of the model (M3.3),
since all parameter involved in (M3.3) are independent of the constraint (1 — 2). Hence, the
profile likelihood function is

1(0) (¥) = — 10,0 + 10,1 + 103 log (27[2572&22) _ nootno1+no3

i 2 2
_ Dot oz F o5 n(;z "oz log (275(312225,22 ZﬁlzioFle + 2571&11 )) _ Boot Mozt o3 n;z LR
noo-+no1+n N
— 0,0 (2)',1 0,2 log (27[(2{;?;3 + 2572&23 32 +Zg71é13 31
¢F#3p A SF#3 4 SF#3 R 10,0 + 10,1 + 70,2
+28075 BarBs2 — 28053 B — 25075 B )) - —
where
Bsi
A (X]TZ DF#3X12 DF;és) X12 DF#X F£3
B3z
and

( BIZ ) :< 2DF#1X F¢1>71X2DF#1X1 DF7“

Case I : Now, we assume %'(2 — 3) = 0. According to (5.36) and Table 5.1, the data came from one of
the models (M3.1), (M3.2). Analogously in Case I, (M3.1) is a special case of (M3.2). Therefore
the profile likelihood function is given as

Q) (W) = — no,0+no2+no3 log (2n20F71é11) _ noot+no2+no3

2 2
no,0 +no,1 +no,2 3 F#3 | &F#3 no,0 +no,1 +no.2
—flog (275([33120?1 2[33120753 +Zof3)) T,

noo-+no1+n ~
— 0TI T3 (;,1 0.3 log (275():5,72% 573&32 B3 +20F71é12 21
- A A o A & A no,0 +no,1 +70,3
+ 28073 Ba1 B — 2802 s — 28 B ) — TS

where

= —1
( B23 > (X13 DF#2X13 Dgﬁ) X13 Dg%zX £#2
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and
( 331 ) =(X 1DF¢3X1 DF#) ]Xl DF#X e

Case III : Assuming € (1 — 3) = 0, according to (5.36) and Table 5.1 the data came from the model
(M3.1), (M3.4), (M3.5) or (M3.6). Since the likelihood functions of the models do not depend
on f32, 21, and B3, the profile likelihood function for (1 — 3) = W is the maximum of the
likelihood functions of the models (M3.4), (M3.5) or (M3.6). The maximum of likelihood
functions of the models are

(0) _ noo+noitnog &F£3 no.0 +no,1 +no,2
Iyza=— > log (27720,?;3 ) - 2
no.o +no2+no3 F£1 | aF#1 no.o +no2+no3
— fl g (Zﬂ(B13Zo T3 — 2B ?163 +X fl )) T,
_ Moo +no1+no03 $FA2 | $FA23 F#2 4

lo g(zﬂ( 022t 033ﬁ23+2011B21

2
oF£25 A aF#£2 5 aF£2 p 10,0 + 10,1 + 703
+28073 B Bos — 28053 Bos — 28075 B )) s
where
Bai B
< B |~ (X13 pr#Xis 0f7) 1Xla pr#2%p pr
and
< 313 > = (X’3 Dg¢|X F#l)71X3DF#1X1 DF#I
(0) _ Noo+ho1-+no3 aF#£2\ 10.0-+n01+n03
hizs=— > log (27%5; | — >
no.0 +no,1 +no,2 F#£3 F#3 no.0 +no,1 +no,2
- f log (2”([3%220 2 2133220 72é3 + Zo 7;3 )) I T
no.o+no2+no3 SFAL | pFA1B &F£L B
- > log (2”(20,751 2 7;3 B +54 7;2 B
& 5 B & 5 & 5 no.0 +no2 +no3
+ 225,7;31[512313 — 2Z€T31ﬁ13 - 225,71&21[512)) B —
where
ﬁlz -1
and

( ﬁ32 ) = (XzTDg#XZ DF#) X2 DF#3X F#%
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l/(l/%b __ Moo + ng,1 +nop2 log (2%)3573?) oot n;,l +np2
~noo+ l’l(z),l +no3 log (271([52320 b= 2;32325?32 + ng»f)) Mmoot n(2),1 +no3
00203 o (55714 571+ S
+28073 Biopis — 28073 Bis — 2507, 312)) - Mﬂ
where
( 5:12 > = (X1 Xy, ) XD X
Bi3 23,p5%1423.0} 230Dl
and

( B23 ):< 3DF#2X F#Z) X3 DF¢2X F;ﬁz.

Thus, the profile likelihood functions for (1 — 3) =0 is

0 0 0
l§ )(‘P) = max{l%.mlz(w;.s’ M3.6J°

Now suppose $F#7 is the maximal likelihood estimator of the covariance matrix computed based on
X;i,l € Df#], that is,
SF#] $FE]  $F#)

L1l 112 +113
Zf#l = Zféj Effzj ng DT —— xix! for j,k,me{1,2,3}.
SFE]  $FE] ¢FZj ’ , M epl#i
L Xk ) 33 ieh,

Moreover, the maximal likelihood estimator of 3,1, 832, B31 based x;,i € D 7 are

A 1)
] .
( '\Z(i) = (Xsz DF#BXIZ Df#?») 1X12 DF#SX {:#3

and
A (1 . T —1yT
( ﬁé3) ) = (Xl ,Df#le 7Df¢2) Xl Dp#zxz DF#2.

The maximal likelihood estimator of o7, 0>, and o3 are

M) aFA£]

o2 = 1,71£1

~D) aF£2,5( ) $F#2

0% = 1,?1é1( 21)> -2 71£1 (ﬁ21 )+ 1?2é2

() &F£3 | &F£3,5(1)\2 | &F#£3 F£3 5 F#3 p(1) aF£3 p(1)
ol = 1,7;3 +2172£2( )+ 171£1 (ﬁ31) +2217f2 32 le 221722 3 221,753 31 -
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As in the 2-dimensional case, {(¥) (X) denote log likelihood function of the samples x; € Dy, given that
the covariance matrix of each sample is X. The log likelihood function given £ is

A ~q(1 A
1(0) (£) = 10,0 +102+ 103 log <2n02(1 )) _ nopotno2+tno3 $F#]

2 2o
(1
Moot no1 ¥ ho3 log <27r0'2(2 )) —n00+n0 L+ o3 ((le )2201%1&12 _2B21 0F71£22 "'ngzz)
2 262(
(1 .
A2 g ) SR 0 B G
20
F+43 4 F£35(1)  AaF£3 (1)
+2):0?52 30 ﬁ31 2207;3 32 2207‘163 31)

Now consider hypothesis testing for Case I in the model (M3.1). the problem we focus on is

Hj : The data follows a linear structural equation model and € (1 — 2) vs.
H; : Hj does not hold.

For all values of W which satisfy the inequality [(0)(£;) — ( ) <log(1), Hy is accepted. However,

it is not simple to solve the inequality /() (£;) —l (©) ( ) < log( ) in order to compute analytically a
confidence set for each case. Thus, we use the strategy for computing the confidence set, which is to
guess a reasonable interval [/, u] such that for a reasonable step size €, all values in the range

‘i‘zl,l—i—&‘,...u—e,u

are included in the confidence set, that is, if the inequality /(9 (%) — l](LO) (¥) < log(
Moreover, we add the value zero if zero is accepted.

) hold true.

1
a
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M3.1 M3.2

O, )
F—o F—o

a) M3.1 b) M3.2
M3.3 M3.4

() O,
F—o o

c)M3.3 d)yM3.4
M3.5 M3.6

® ®
F o o

e) M3.5 f) M3.6

Figure 5.3: Graphs of the models from (M3.1) to (M3.6)

61



6 Simulations

In this chapter, we investigate the results of the simulation study. We focus on the model’s performance
in a non-homoscedastic environment and compare the result with the results from [2]. The simulation is
carried out both in two- and three-dimensional versions. In order to implement all simulations in this
chapter, the programming language R is used.

6.1 Two-Dimensional Case

We analyze the performance of the bivariate case first. Our first interest is whether the algorithm
introduced in the thesis performs well in the non-homoscedastic environment. If one can access only
the observational data, the non-homoscedastic model is not identifiable [3]. Thus, we will show that
the method using interventional data also works with the different variances of both error terms £; and
&. Our second interest is analyzing the confidence set and its maximal width, changing the ratio of
the observational data in the whole data set, that is, np/n. From this analysis, we want to determine if
the ratio of either the observational or interventional data impacts the maximal width of the confidence
interval of a valid split likelihood ratio test and its empirical coverage.

We generated pseudo-random numbers following the model (1 — 2) with standard normal errors to
compare the result from [2]. The errors with different values of the variances are also considered later. We
select values of B, € {0,0.2,0.5,0.8,1.0,1.2} and sample sizes n € {100,200, 300,400, 500,600 }and
ratios of observational data set no/n € {0,0.2,0.4,0.6,0.8} for the simulation. We generate both
interventional data set under do(X; = x;) for i = 1,2 with same size, that is, n; = n. Ten thousand
independent data sets are simulated, and the confidence set is constructed for & = 0.05. The empirical
coverage probabilities for all sample sizes and values of f,; and all ratios of the observational data
set are reported in Table 6.1. All cases achieve the desired coverage frequency of 0.95. As we know,
the split likelihood ratio test is a very conservative method. From the result of the experiment in this
thesis, it can also be demonstrated that the split likelihood ratio test is a conservative method since
we obtained the values of 1.00 overall for the empirical coverage probabilities. We also checked the
coverage probabilities of the calculated confidence set for other settings in terms of other parameters,
such as different values of standard error of error terms or 3. In every case, we achieved an overall
coverage probability of 1. For example, the constructed confidence set has a very narrow average width
if the variance of the error term & is relatively high than &. Even in this case, the coverage probability
is at least 0.9993.

Fig.6.1 shows the average width of the smallest interval containing the constructed confidence set against
the sample size. Note that the confidence set is usually an interval. However, a confidence set can also
contain a disconnected element zero. The split likelihood ratio test is a conservative method that yields
a vast confidence interval [2]. For the values f;; € {0,0.2}, the data containing observational data in
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| 6(1—>2) [n\Ratio | 0 | 02 ] 04 ] 06| 08 |

100 1.00 | 1.00 | 1.00 | 1.00 | 1.00
200 1.00 | 1.00 | 1.00 | 1.00 | 1.00
300 1.00 | 1.00 | 1.00 | 1.00 | 1.00
P =0 400 1.00 | 1.00 | 1.00 | 1.00 | 1.00
500 1.00 | 1.00 | 1.00 | 1.00 | 1.00
600 1.00 | 1.00 | 1.00 | 1.00 | 1.00
100 1.00 | 1.00 | 1.00 | 1.00 | 1.00
200 1.00 | 1.00 | 1.00 | 1.00 | 1.00
300 1.00 | 1.00 | 1.00 | 1.00 | 1.00
P =02 400 1.00 | 1.00 | 1.00 | 1.00 | 1.00
500 1.00 | 1.00 | 1.00 | 1.00 | 1.00
600 1.00 | 1.00 | 1.00 | 1.00 | 1.00
100 1.00 | 1.00 | 1.00 | 1.00 | 1.00
200 1.00 | 1.00 | 1.00 | 1.00 | 1.00
300 1.00 | 1.00 | 1.00 | 1.00 | 1.00
Pr=041" 400 1.00 | 1.00 | 1.00 | 1.00 | 1.00
500 1.00 | 1.00 | 1.00 | 1.00 | 1.00
600 1.00 | 1.00 | 1.00 | 1.00 | 1.00
100 1.00 | 1.00 | 1.00 | 1.00 | 1.00
200 1.00 | 1.00 | 1.00 | 1.00 | 1.00
300 1.00 | 1.00 | 1.00 | 1.00 | 1.00
B =05 400 1.00 | 1.00 | 1.00 | 1.00 | 1.00
500 1.00 | 1.00 | 1.00 | 1.00 | 1.00
600 1.00 | 1.00 | 1.00 | 1.00 | 1.00
100 1.00 | 1.00 | 1.00 | 1.00 | 1.00
200 1.00 | 1.00 | 1.00 | 1.00 | 1.00
300 1.00 | 1.00 | 1.00 | 1.00 | 1.00
Pr=08 1 400 1.00 | 1.00 | 1.00 | 1.00 | 1.00
500 1.00 | 1.00 | 1.00 | 1.00 | 1.00
600 1.00 | 1.00 | 1.00 | 1.00 | 1.00
100 1.00 | 1.00 | 1.00 | 1.00 | 1.00
200 1.00 | 1.00 | 1.00 | 1.00 | 1.00
300 1.00 | 1.00 | 1.00 | 1.00 | 1.00
Pr=101 400 1.00 | 1.00 | 1.00 | 1.00 | 1.00
500 1.00 | 1.00 | 1.00 | 1.00 | 1.00
600 1.00 | 1.00 | 1.00 | 1.00 | 1.00

Table 6.1: Empirical coverage of 95%-confidence intervals for the total causal effect of X; and
X;,selecting standard normal errors (10000 independent data sets).
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Figure 6.1: Average maximum width of 95%-confidence intervals for the causal effect of X; on X;.
o1 =1, o1 = 1 (10000 replications).

the ratio of 0.8 yields the best result. In other words, the confidence set constructed by the data has the
smallest average width. For the values f3;; € {0.5,0.8}, the average width calculated by the data with
the ratio of 0.8 becomes wider than the width computed based on the data with the ratio 0.6, increasing
the sample size of the data set. For the values f3,; € {1,1.2}, the average width of the data with the
ratio of 0.6 returns least conservative result. Moreover, for some sample sizes, the average width of
the confidence set of the data containing observational data in a ratio of 0.6 is even wider than the data
containing observational data in a ratio of 0.2. This result changes dramatically if the variances of each
error term are not equal. We will discuss it later in this chapter. In compare to the method implemented
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by [2], for the value 8,1 = 0.5 the method in this paper provides more conservative result for all ratios
of observational data.
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Figure 6.2: Percentage of times zero contained in the 95%-confidence intervals for the causal effect of
X on X; for different sample sizes. o7 = 1, 0o = 1 (10000 replications).

Fig. 6.2 shows the percentage of times zero contained against total causal effects from O to 1.2 for ratios
of the observational data set ng/n and sample sizes n. All cases with different ratios of observational
data exclude the possibility of no causal effect with increasing sample size. The data set containing
observational data in the ratio of 0.4 indicates the lowest percentage of times zero contained. Compared
to the result from [2], the percentage for the total causal effect of 0.5 is higher. Almost 50 percent
of replications contain zero in the calculated confidence set. This yield wider average width of the
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calculated confidence set, which is observed in Fig.6.1. For all sample sizes, the confidence set of the
data without observational data contains mostly the case of W = 0 for the total causal effects around zero.
In contrast, for total causal effects Bo; > 0.6, the confidence set of the data with the ratio of 0.8 contains
most often zero in itself. For sample sizes n > 300, the percentages of the data with ratios of 0,0.8 have
a similar downward trend, and the percentages of the data with ratios of 0.2,0.4 and 0.6 decrease also in

a similar trend. The confidence set of the data containing observational data in the ratio of 0.4 contains
the value zero least often.
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Figure 6.3: Average maximum width of 95%-confidence intervals for the causal effect of X; on Xj.
o1 =0.5, o, = 1 (10000 replications).

Now, we analyze the performance of the method in a non-homoscedastic environment. We generate
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samples of two random vectors X; and X, again. The random variables follow the model (M2.1), that
is, X| causes X,. The error term &, has again the value of o, = 1 for the standard error. However, we
now select the error terms € such that its standard error equals 0.5. We fix again confidence level
1—a =0.95. As expected that the coverage probability exceeds the level, we skip to add the table of
the coverage probabilities for this case of o7 = 0.5 and 0, = 1 since here we also have the exact same
result as the simulation with standard normal errors. As mentioned above, the coverage probabilities are
1 for all ratios, sample sizes, and strengths of causal effects. However, we observed in this experiment
remarkable differences in average widths and percentages of times zero contained from the previous
experiment.

As seen in Fig.6.1, the data with a higher ratio of observational data yields a narrower width tendentially.
However, if we set the variance of € to a lower value, as selected in this experiment, decreasing the
ratio of observational data yields a more conservative result. Comparing Fig.6.1 and Fig.6.3 the average
widths without observational data in both experiments are almost identical. Meanwhile, the average
width of confidence set for o7 = 1 decreases and the average width of confidence set for o7 = 0.5
increases, if data contain more observational data. Thus we can demonstrate from the figures in Fig.
6.3 that consisting of increased ratio of observational data results in large confidence set for the value
o1 =0.5,0, = 1. Fig.6.4 shows percentage of times zero contained of the simulation for the variances
of 61 = 0.5,0, = 1. The result of this experiment is very different from the result of the experiment
with standard normal errors. The percentage of times zero contained increases if the data set contains
interventional data in a bigger ratio of observational data. Every cases of data sets has a percentage of 1
for the value f3,; = 0. Moreover, the confidence sets constructed based on the data without observational
data have the lowest percentage among the rest.

The next part of this chapter analyzes the simulation result for error terms of random variables with
standard errors of o1 = 1.5, 6, = 1. Again, Fig.6.5 depicts the average width of calculated confidence
sets against sample sizes. The result of this simulation shows a similar downward trend of average widths
as the experiment with standard normal errors. For the low values ;1 = 0 and 3; = 0.2, the average
widths become narrow, when the ratio of observational data go up to. Moreover, we see in Fig.6.5 that
for the value f3,; = 0.5 the data set containing observational data in the ratio of 0.8 results wider average
widths than the data with the ratio of 0.6 for bigger sample sizes such as n > 200. However, for the
values By € {0.8,1.0,1.2} the relative small sample sizes such as n = 100,200 provide conservative
confidence sets for the data with the ratio of 0.8. Except data containing observational data in the ratio
of 0.8, the average widths for all total causal effects ;) € {0,0.2,0.5,0.8,1,1.2} move in a similar
declining trends. In addition, the data containing observational data return a better result in terms of the
average width of computed confidence sets compared to the data without observational data. Fig.6.6
shows the percentage of times zero contained against total causal effects, selecting 61 = 1.5,0, =1 for
the variances of the error terms. As we have seen from Fig. 6.2, the confidence set computed based
on the data set containing observational data in the ratio of 0.4 contains least often zero case in itself.
The percentages in this experiment have a similar downward trend as the previous experiment with the
standard normal errors. However, as we can see in the figures, the differences between the percentages
from each ratio are larger than in the previous experiment with the standard normal errors. From the
results of the experiments in this section, we see that contribution of interventional data in the average
width of a confidence interval and the percentage of times zero contained is highly dependent on the
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Figure 6.4: Percentage of times zero contained in the 95%-confidence intervals for the causal effect of

X1 on X; for different sample sizes. 61 = 0.5, o1 = 1 (10000 replications).
strength of direct causal effects among variables and variances of the errors.

6.2 Three-Dimensional Case

The analysis proceeds in this section similarly. We will generate samples of three random variables
which follow the mode (M3.1). As the 2-dimensional case, our main interest is to learn the effect of
interventional data and how it influences the confidence set of a valid hypothetical test. Thus we will
compare the average maximal width of the confidence set of data sets containing interventional data
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Figure 6.5: Average maximum width of 95%-confidence intervals for the causal effect of X; on X;.01 =

1.5, o1 = 1(10000 replications).

in different ratios. Again, we fix confidence level 1 —a = 0.95. Possible values ¥ of all total causal
effects, that is, ¥ (1 — 2),%(2 — 3) and € (1 — 3) are tested in the interval [0, 1] with step size 0.1.
Due to the high computational expanse, we simulated 1000 independent data sets with longer step sizes
than 2-dimensional cases. We used the R-package Rsolnp to solve the optimization problem in Case III.
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Figure 6.6: Percentage of times zero contained in the 95%-confidence intervals for the causal effect of
X1 on X; for different sample sizes. 61 = 1.5, o1 = 1 (10000 replications)

We consider the model (M3.1) and compute the confidence set of Cases I, 11, and III

X1 :=¢&
Xo:=BuXi+&
Xz :=BnXo+BuXi +&

where €1, &, and &3 are standard normal errors. We choose 3,1 = 0.5, 320 = 0.5, 831 = 0.25 in order
to assum (1 — 2) =% (2 — 3) = %€(1 — 3) =0.5. We calculated the average widths from n €
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{100,200,300,400,500,600} independently simulated data sets containing interventional data in the
ratios of 0.1, 0.2, 0.3. Figure 6.7 shows the average width of confidence sets calculated by simulated
data sets against sample size for the three ratios of interventional data in the data set.

The coverage probabilities in all cases are 1. In three dimensional case, we can therefore demonstrate
that the method yields a very conservative result. In Case II and Case 111, the confidence sets based on
the data set containing interventional data in a ratio of 0.1 have the smallest width among the three ratios.
In Case I, the average width of the confidence set based on the data set containing interventional data in
the ratio of 0.1 is distinctly wider than other data sets in a different ratio.
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Figure 6.7: Average maximum width of 95%-confidence intervals for the causal effects. 1 =1, 0y =
1,03 = 1(1000 replications).

Secondly, We consider the model (M3.1) and compute confidence set of Case I, II, and III

X =g
Xo =X +&
Xz = BnXo+ X1+ &

where the errors are £ ~ .4(0,0.5%),& ~ .4(0,0.7%), &3 ~ .#(0,1?). For non-homoscedastic errors,
our method yields a very conservative result, as the coverage probabilities have the value 1. In Figure 6.8,
the average maximal width of each Case from I to III against sample size is depicted for the three ratios
of interventional data in the data set. In contrast with the previous experiment with standard normal
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6 Simulations

errors, the average width of the confidence interval based on the data set containing interventional data
in the ratio of 0.1 is the widest in both Case I and Case II. In Case III, the average width of the data
set with the ratio of 0.1 is narrowest for a small sample size such as n = 100 or 200. However, for the
sample sizes n > 300, this average width is the widest among the three ratios.
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Figure 6.8: Average maximum width of 95%-confidence intervals for the causal effects. 1 =1, 02 =
1,03 = 1.5(1000 replications).
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7 Summary and conclusion

The main focus of this thesis is to calculate a confidence set of a valid hypothesis for total causal effects
among two variables in linear structural equation models and evaluate the result of the method.

In Chapter 2, the basic mathematical backgrounds of the graphical model are introduced. A directed
graph represents the causal structure underlying a model. Moreover, we consider models represented by
a directed acyclic graph (DAG). At the beginning of the chapter, the graphical structure is introduced.
We continue by discussing the causal model and linear structure equation. At the end of the chapter, the
definition of total causal effect and identifiability of the structure of a causal model is provided.

In Chapter 3, we discuss the main idea of the linear regression model. In order to estimate the
parameters which arise in distributions of the interesting variables, we apply the linear regression
method. Maximizing a likelihood function in related parameters allows us to estimate the parameters.
The maximal likelihood method is introduced. In the linear regression model, it is assumed that the
variables are associated with each other by linear relations, and error terms are normally distributed. In
our causal analysis, we also assumed that the variables in our data set follow linear equation structure
models. Under conditions in some of our cases, the problems we have are equivalent to the problem of a
linear regression model. Hence, the method from this chapter is applied in Chapter 5 to estimate the
parameter in LSEMs. This led to calculating and determining a confidence interval for the causal effect
between two variables.

Chapter 4 begins by discussing the universal inference concepts, especially the split likelihood ratio
test. The solutions for a confidence interval are based on the theory of universal inference[6] and
likelihood ratio tests of order constraints[12]. To determine the confidence set, we fix a significant level
of a € (0, 1) and suppose that a total causal effect between two variables takes a fixed value. Then, we
derive confidence set from a hypothetical test’s acceptance region for the total causal effect.

Chapter 5 begins by applying models and methods introduced in the previous chapter. Firstly, we provide
the LSEMs in d-dimensional cases by equipping them with the interventional data in the data set. The
interventions to observations change the structure of LSEMs. After that, we move to specific cases.
To estimate a valid interval of causal effects, we need to calculate maximal likelihood estimators of
parameters in LSEMs. Maximizing the log-likelihood functions of the random vectors with respect to the
parameter, we obtain the maximal likelihood estimators. The calculation is simplified by accessing the
interventional data since it provides access to conditional density functions. This yields that parameter
estimation is simply achieved by solving a linear regression problem. In the three-dimensional case,
we classify the parameter and profile likelihood function calculation into 3 cases. In the first two cases,
confidence intervals are computed similarly to the two-dimensional case. However, in Case III, we use
the numerical method to solve the problem we have due to the complexity of the problem.

Our main interest is to evaluate how the interventional data in generated sample impact the result of
maximal average width and how often zero cases are obtained in the confidence interval. In Chapter
6, we carry out simulation experiments and show the result of simulation experiments in two- and
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7 Summary and conclusion

three-dimensional cases. Our approach yields overly conservative results with a coverage probability of
the true parameter. The probabilities for all cases are equal to 1. In our experiment, we select that the
error term & is standard normally distributed and fix this value for &,. After that, we change the value
of standard error o] of € and check the change of results. From the results, we demonstrate that for a
low variance of the error term €] such as o7 = 0.5, the results become more conservative, increasing
the ratio of observational data. However, for increased variance such as o7 = 1.5, the average maximal
width of the confidence interval is wider if we increase the ratio of the interventional data set. For the
three-dimensional case, we carried out two simulation experiments for the values 0y = o0, =03 =1
and o1 = 0.5,0, = 0.7,03 = 1. The analysis of the coverage probability reports that the method in
the three-dimensional case also yields a very conservative result. From the result of both two- and
three-dimensional cases, we demonstrate that the influences of the amount of interventional data in a
data set highly depend on the parameter of linear structural equation models and the variances of the
error terms. Depending on the parameters in the models, more interventional data in the data set yields a
more conservative result in some cases. In contrast, containing more interventional data results in a less
conservative confidence set in other cases, as shown in Chapter 6.

Furthermore, the study in this thesis can be extended to higher dimensional cases. In other words, the
calculation and modeling could be generalized to models of any finite dimension. Due to the simplicity
of the calculation of confidence set for a split likelihood ratio test, we focused on determining confidence
intervals in terms of the split likelihood ratio test. One could also study how the other methods introduced
in [2] are applied to interventional data. One could select error distributions that are not normal and
noise functions that are not linear.
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