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Abstract

Causal contributions measure the strengths of dif-
ferent causes to a target quantity. Understanding
causal contributions is important in empirical sci-
ences and data-driven disciplines since it allows to
answer practical questions such as “what are the
contributions of each cause to the effect?” In this
paper, we develop a principled method for quan-
tifying causal contributions. First, we provide
desiderata in terms of axioms that causal contri-
bution measures should satisfy and propose the
do-Shapley values (inspired by do-interventions
(Pearl, 2000)) as a method satisfying these proper-
ties. Next, we develop a criterion under which the
do-Shapley values can be efficiently inferred from
non-experimental data. Finally, we introduce do-
Shapley estimators exhibiting consistency and sta-
tistical robustness. Simulation results corroborate
with the proposed theory.

1. Introduction

Inferring causal effects is a fundamental problem through-
out the data sciences since it can answer queries like “what
would be the expected outcome if inputs had been fixed to
certain values?”. There is a growing literature that investi-
gates the conditions under which causal conclusions can be
drawn from observational and experimental data (causal ef-
fect identification) (Pearl, 1995; Tian & Pearl, 2003; Huang
& Valtorta, 2006; Shpitser & Pearl, 2006; Bareinboim &
Pearl, 2012; 2016; Jaber et al., 2018; Lee et al., 2019; 2020;
Lee & Bareinboim, 2020), and in estimating the identified
causal functions from data (causal effect estimation) (Jung
et al., 2020; Bhattacharya et al., 2020; Jung et al., 2021a;b;
Bhattacharyya et al., 2020; 2021; Xia et al., 2021). Beyond
these tasks, interpreting the results of causal inference, in-
cluding answering “what is the most important cause of the
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effects?”, or more generally, “what are the contributions of
each cause to the effect?” are also of practical importance.
Answering these queries falls under the task of measuring
causal contributions, which aims to quantify the degree of
contribution of different causes to a target effect. As a moti-
vational example, consider the following scenario described
in (Lundberg, 2021):

Example 1. A video streaming service company has col-
lected data that contains various features including sales
call (S), product needs (P), interaction with customers (I),
monthly usage (M), discounts provided (D), last upgrade
(L), economic factors (E), ad spend (A), and bugs reported
(B). These features are causally related and affect the out-
come: customers retention (Y') (also, for further details, see
Fig. 1). The company aims to measure the causal contri-
butions of these features to the target effect — the expected
customer retention if each feature had been fixed to a certain
value (e.g., set to lower sales calls, higher product needs,
etc.).

Example 1 captures practical cases where the target quantity
is related to the query ‘what would be the output if inputs had
been fixed to certain values?’ This includes cases where the
target quantity is a machine learning (ML) model’s output,
which is derived by fixing inputs to specific values (see
Remark 1).

In the area of explainable Al (XAI), there is a series of works
concerned with measuring the contributions of features to
an ML model output (Lundberg & Lee, 2017; Schwab &
Karlen, 2019; Janzing et al., 2020b; Heskes et al., 2020;
Covert et al., 2021). Most of these methods have focused on
queries where the target quantity is induced from an acces-
sible model — a model for target Y is said to be accessible
if the model can be evaluated to obtain Y value for arbi-
trary input features — with less attention has been paid to
settings where the target is induced by nature (i.e., the data-
generating process is inaccessible, such as the customer
retention in Example 1). Also, many existing techniques are
based on the correlation between the features and the ML
model output, including, (Lundberg & Lee, 2017; Frye et al.,
2020) to cite a few. Another thread of this approach focused
on measuring contributions based on causation (Schwab &
Karlen, 2019; Janzing et al., 2020b; Heskes et al., 2020),
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but often assumes that the data generating process for the
target is known and accessible, allowing that an outcome
corresponding to any arbitrary features can be generated.
This rules out scenarios where the target quantity is induced
from an inaccessible model (such as Example 1). A more
detailed comparison with the existing literature is presented
in Sec. 3.1.

In this paper, we generalize previous approaches to measure
the causal contributions of each feature to a target effect
induced by an inaccessible model and described by a joint
interventional distribution. Our proposed method is applica-
ble to the task of quantifying causal contributions of input
features of an ML model prediction as well. More specifi-
cally, our contributions are as follows:

1. [Sec. 3] We axiomatize causal contribution measures.
Specifically, we propose desiderata for causal contribution
measures (a set of axioms), and introduce the do-Shapley,
a Shapley value-based method (Shapley, 1953) specialized
for quantifying the causal contributions described by do-
interventions (Pearl, 2000).! Our axiomatic characterization
provides a theoretical justification for using the do-Shapley
for quantifying causal contributions.

2. [Sec. 4] We provide conditions under which the do-
Shapley values can be inferred from observational data
(identifiability) in polynomial time. Even if verifying the
identifiability can be done through existing causal-effect
identification results, determining the identifiability of do-
Shapley values is, in practice, not computationally feasi-
ble. In particular, we introduce sufficient conditions under
which the identifiability of do-Shapley values is determined
in polynomial time.

3. [Sec. 5] We develop estimators for the do-Shapley
values, exhibiting consistency, identifiability, and statistical
robustness. We developed three estimators based on the
inverse probability weighting (IPW) (Rosenbaum & Rubin,
1983), outcome regression (REG) (Rubin, 1979), and dou-
ble/debiased machine learning (DML) (Chernozhukov et al.,
2018), respectively. We also show that the DML estimator
displays statistical robustness to model misspecification and
bias.

4. [Sec. 6]. Finally, we present simulation results on
these estimators that corroborate with the theory.

Due to space constraints, the proofs and other omitted details
are provided in the appendix.

"The do-Shapley is a generalization of the causal Shapley
(Heskes et al., 2020), which also uses the do-interventions to the
case where the target quantity is induced by an inaccessible model.

Y
(a)

Figure 1: Causal graph for Example 1 (Lundberg, 2021).

2. Preliminaries

Notation. Each variable is represented with a capital letter
(V) and its realized value with a small letter (v). We use bold
letters V and v to denote a set of variables and their realized
value, respectively. For any set S, we use |\S| to denote its
cardinality. Given a topological order < over the vertices
V = {V1,...,V,} of a graph G, we will use pre(V;) to
denote the predecessors of V; and use pre(v;) to denote a
realization of pre(V;); i.e., pre(v;) = w; for pre(V;) = W,.
We use Ch(V;) to represent the children of a variable V; in
G. For an index set [n] := {1,--- ,n} and a subset S C [n],
weuse Vg = {Vi}res and Vg = {Vi }rgs. We use D
to denote N samples from a distribution P over V; i.e.,
D = {V(y}L, ~ P, where V ;) denotes the ith sample.
For a function f, we use E [f(V)] as an expectation of f (V')
over P, and Ep [f(V)] :== (1/N) Zf\;l F(V(i)). We use
lF (V)] = E[(f(V))?] to denote the Lo(P) norm of
f(V). Op(-) and op(-) denotes the big O and little O in
probability, respectively.

Structural Causal Models. We use the language of struc-
tural causal models (SCMs) as our basic semantical frame-
work (Pearl, 2000). A structural causal model (SCM) is
a tuple M = (V,U,F, P(u)), where V, U are sets of
endogenous (observables) and exogenous variables (latents)
respectively, F is a set of functions fy;, one foreach V; € V
where V; < fy,(PAy,,Uy,) for some PAy, C V and
Uy, C U, and P(u) is a strictly positive probability mea-
sure for U. Each SCM M is associated to a causal dia-
gram G over the node set V where V; — V; if V; is an
argument of fy., and V; <> Vj if the corresponding Uy,
and Uy, are not independent. Performing an intervention
X = x is represented through the do-operator, do(X = x)
(shortly, do(x)), which encodes the operation of replacing
the original equations of X by the constant x in the SCM
M, inducing a submodel M and an interventional distribu-
tion P(V = v|do(x)) (shortly, P(v|do(x))) (Bareinboim
et al., 2020).

Causal Effect Identification. Given a causal graph G
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over V, an effect P(y|do(x)) where X, Y C V is iden-
tifiable if P(y|do(x)) is computable from the distribu-
tion P(v) in any SCM M that induces G (Pearl, 2000,
p. 77). One key notion for identification is confounded
components (in short, C-components): a set of nodes con-
nected with a path composed solely of bi-directed edges
Vi «+ Vj (Tian & Pearl, 2003). For any C C 'V, the quan-
tity Q [C] := P(c|do(v\c)), called a C-factor (Tian &
Pearl, 2003), is defined as an interventional distribution of
C under an intervention on V\C. We use C'(V;)¢ (shortly,
C(V;)) to denote the C-component of V; in G, the set of
variables belonging to the same C'-component as V;. We
use C(W) == Uy, cw C (Vi) to denote the C-component
ofaset W C V.

Shapley Value. The Shapley value (Shapley, 1953) seeks
to allocate the contribution of each player ¢ € [n] on some
function value f([n]) given a value function (.S that mea-
sures the value of coalition of players ¢ € S C [n]. The
Shapley value is given by

¢i(v)= > wS){Su{i)-vS)}, M

SC[n]\{i}
where w(S) = %(’Ell) ~'_ The Shapley value is uniquely
satisfying a set of some desiderata for fair allocation (Young,
1985) (See Appendix A for more details).

2.1. Problem Definition

We are given samples D drawn from a distribution P := Py,
and a compatible causal diagram G := G, induced by
the SCM M, on topologically ordered variables (V,Y),
with Y the final variable in the order. We assume that Y is
bounded, and V is a set of discrete variables.

Given (G, D, v) where v is a realization of V, the task is
to measure the contribution of each v; € v to the target
causal effect’ E[Y |do(v)] based on their impact on Y if
the SCM M has fixed the value of the variable as V; = v,.
We set E [Y] = 0 without loss of generality. We make no
assumptions regarding the data generating process of Y for
generality. With the following additional assumption on f,
our problem is reduced to the problem of attributing the
importance of features in an ML prediction model:

Remark 1 (Reduction to ML models). IfY is generated
by a deterministic function, e.g., Y is an output of an ML
prediction model f s.t. Y := f(V), then our task reduces to
measuring the causal contribution of each features v; € v

We focus on the average causal effect E[Y |do(v)], one of the
most commonly used quantities in practice. Our method is appli-
cable for any function of the causal distribution P(y|do(v)). A
condition whether the target quantity E[Y |do(v)] (or P(y|do(v)))
can be determined using non-experimental data is discussed in
Sec. 4.

on the ML prediction f(v), since E[Y |do(v)] = f(v), the
deterministic function.

3. Axioms for Causal Contribution

We start by asking the question: “What would be a good
measure for causal contribution?” To answer this question,
we propose the following desiderata inspired by previous
works (Young, 1985; Friedman & Moulin, 1999; Sundarara-
jan et al., 2017; Sundararajan & Najmi, 2020):

Axiom 1 (Desiderata for Causal Contribution). Causal
contributions {¢,, }_, is considered desirable if the follow-
ing properties are satisfied:

1. Perfect assignment: The contributions are perfectly
assigned; formally, E[Y'|do(v)] = >_, <, ¢,

2. Causal irrelevance: If V; is causally irrelevant to Y for
all witness w C v\{v; }; formally, Yy, P(y|do(v;, w)) =
P(y|do(w)))?, then ¢,,, = 0.

3. Causal symmetry: If (v;,v;) € v have the same
causal explanatory power to Y, Vw C v\{v;,v;} (Vy,
P(y|d0(via W)) :P(y|d0(vj7 W)))’ then (Z)Ui :¢1)j~

4. Causal approximation: For any S C [n]
and ve = {vilics, D ;cq®v, Well approximates
E[Y|do(vs)]. Formally, {¢,,}", is a solution to
the following weighted least square; ie., {¢y, }7; =
argmingy yr 3 gc (B |do(vs)] = Fies 8,)*w(S)
for some positive and bounded function w(S5).

The rationale behind Axioms 1 is the following: (1) Per-
fect assignment is a natural requirement since we aim to
attribute the degree of contributions of each feature v; € v
to the target causal effect. (2) Causal irrelevance reflects
a desire to understand the cause of the outcome by forcing
zero contributions for variables not causing the outcome. (3)
Causal symmetry enforces the equal contribution for a pair
of features if they have the same causal explanatory power.
(4) Causal approximation allows ¢,,, to be interpreted as
a proxy for the causal effect s.t. Y. ¢ ¢, = E[Y|do(vg)]
for any S C [n].

Perhaps surprisingly, there is a unique causal contribution
measure {¢,, } satisfying the above four properties.

Definition 1 (do-Shapley). The do-Shapley’ is a causal
contribution measure {¢,,, }7; of von E[Y|do(v)] w.r.t. G

3V; is causally irrelevant to Y given Vg if P(y|do(vi, vs))=
P(y|do(vs)) (Galles & Pearl, 1997, Def. 7).

A causal explanatory power of X = x to Y = y is a measure
of making Y = y ‘more likely’ if X had been fixed to x; i.e.,
P(y|do(x)) — P(y) (Eva & Stern, 2019).

SHeskes et al. (2020) proposed the same equation for measuring
contributions in the accessible model setting and referred to as the
causal Shapley. In this paper, we use the term do-Shapley to make
it clearer that the definition is based on the do-intervention.
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defined as:

$oi= Y WSHEY|do(vs,)] — E[Y|do(vs)]}, (2)
SCn]\{d}

where w(S) = (1/n) (’T;ll)fl.

Theorem 1 (Uniqueness of the do-Shapley). The do-
Shapley is a unique causal contribution measure satisfying
all the properties in Axiom 1.

Remark 2. Thm. 1 is significant because Axiom 1 do not
restrict the value function to any fixed form. Thm. 1 instead
characterizes the do-Shapley as the unique causal contribu-
tion measure satisfying Axiom I among any arbitrary value
functions and corresponding contribution measures, as in
(Sundararajan & Najmi, 2020).

The do-Shapley, as the name suggests, is a specialization
of the Shapley value in Eq. (1) for v(S) = E[Y|do(vs)].
The do-Shapley can be alternatively viewed as a marginal
causal effect of v; € v (i.e., E[Y|do(vs;)] — E[Y|do(vs)])
weighted-averaging over a set S. The significance of Thm. 1
stems from that it codifies the guarantees of the do-Shapley,
and provides a tool to compare and contrast with alternative
contribution metrics.

Remark 3 (Attribution of contributions for a subset of
variables). It is worth noting that the do-Shapley allocates
contributions to all v; € v from a joint interventional distri-
bution. In practice, assigning contributions exclusively to
a subset x C v may lead to more interpretable results. For
example, when X = Pa(Y') C 'V, assigning contributions
only to the features in x C v might be more interpretable
if it is needed that features indirectly affecting the outcome
should be assigned zero contributions. Enforcing the do-
Shapley to assign contributions only for the subset x can
be simply done (without loss of generality) by the follow-
ing procedure: (1) Derive a causal graph G[X] compatible
with P(x) by applying the projection of a graph®; and (2)
Compute the do-Shapley w.rt. G[X]. See Appendix B for
more details.

3.1. Relation with Other Work

In this section, we compare the do-Shapley in Def. 1 with
other known methods aiming to measure contributions of
features on the outcome. Table 1 summarizes the compari-
son.

Conditional Shapley. The conditional Shapley (qbﬁf"d) isa
specialization of the Shapley value with v(S) = E[Y|vg]

8G[X] is constructed as follow: For any V;, V; € X, (1) add a
directed edge V; — Vj in G[X] if there exists a directed path from
Vi to Vj in G such that every vertex on the path is not in X; (2)
add a bidirected edge V; < V; in G[X] if there exists a divergent
path between V; and V; in G such that every vertex on the path is
not in X (Tian & Pearl, 2003).

Causality | Inaccessibility | Axioms
Conditional X v X
Marginal v X v
Causal v X v
ICC v v X
do-Shapley | v \ v | v

Table 1: Summary of comparisons of the conditional,
marginal, causal Shapley values, and the ICC with our
method (do-Shapley) w.r.t. consideration of causality, ca-
pability in handling outcomes induced by an inaccessible
model (e.g., Example 1), and having justification from ax-
onis.

(Lundberg & Lee, 2017; Frye et al., 2020). The conditional
Shapley measures contributions based on associations rather
than causation. In general, the conditional Shapley doesn’t
match with the do-Shapley; The causal irrelevance property
doesn’t hold in the conditional Shapley (see Example C.1).

Marginal Shapley. The marginal Shapley is another widely
used contribution measure in the XAl in which the target
variable is a model prediction Y = f(V), where f is a deter-
ministic (refer Remark 1) and accessible prediction model.
The marginal Shapley is a specialization of the Shapley
value with v(S) = E[f(vg, Vg)] (Janzing et al., 2020b).
The marginal Shapley is known to satisfy certain desiderata
in attributing the feature importance (Sundararajan & Najmi,
2020). With access to the model f, and a particular graphi-
cal assumption that features are not causally affecting each
other, the marginal Shapley matches with the do-Shapley
(Janzing et al., 2019, Eq. (14)). In general settings where
features are causally related as in Example 1, the marginal
Shapley doesn’t match with the do-Shapley.

Causal Shapley. The causal Shapley (Heskes et al., 2020) is
most closely related to the do-Shapley. Specifically, (Heskes
et al., 2020) proposed the same equation as the do-Shapley
proposed here for measuring the contributions when the
outputs are generated by the accessible models, and the
graph is unknown (only a partial topological ordering of
the graph is known). While the do-Shapley doesn’t have
a restriction that the output is induced by the accessible
models and is defined specifically on causal with bidirected
edges induced by SCM M (See Sec. 2) for which rich
theories on causal effect identification and estimation are
available.

Intrinsic Causal Contribution (ICC). Janzing et al.
(2020b) proposed a new method called Intrinsic Causal
Contribution (ICC) (¢fff) to measure the causal contribu-
tion under the setting where the causal graph is Markovian,
and the structural functions are invertible in the sense that
the noise values can be reconstructed from the observations.
The ICC relies on so-called a structure-based intervention,
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which intervenes to features while keeping a causal structure
and a joint distribution unaffected, to measure the contri-
bution of V; on Y. By doing so, the ICC can measure the
contribution of V; on Y that is not via upstream variables.
Howeyver, there is no axiomatic characterization of the ICC
to the best of our knowledge. It is easy to show that ICC
does not satisfy the causal symmetry property (see Exam-
ple C.2).

Other Contribution Measures. Wang et al. (2021a) fo-
cused on measuring the relevance of paths in a causal graph
to a target node, whereas Singal et al. (2021) provided a re-
cursive approach to capture the flow of importance through
the graph. The causal influence defined in Janzing et al.
(2013) is based on an operation called ‘deletion of edges’
and measures the relevance of edges with respect to the
joint distribution, but not the relevance of edges for a certain
target node. Schamberg et al. (2020) describes a generaliza-
tion of the information-theoretic approach of Janzing et al.
(2013) which quantifies relevance of paths or edges for a
target node, based on operations on edges. Under some par-
ticular graphical assumptions, e.g., flat graphs, (Singal et al.,
2021, Def. 8), the path/edge-based Shapley values (Wang
et al., 2021a; Singal et al., 2021) match with the do-Shapley.
In general, however, the link between these lines of work is
yet to be fully established.

4. Identification of the do-Shapley

In this section, we investigate the question of evaluating
the do-Shapley values. To evaluate the do-Shapley, express-
ing E[Y'|do(vg)] as a functional of an observational distri-
bution P using G is essential because we are only given
non-experimental dataset D drawn from the observational
distribution P. For each S C [n], complete causal effect
identification algorithms E[Y |do(vg)] are already available
(Tian & Pearl, 2003; Huang & Valtorta, 2006; Shpitser &
Pearl, 2006). A major practical challenge still remains, how-
ever, in using them because determining the identifiability
for all subsets S C [n] takes exponential computation time.
In this section, we address this challenge in determining the
identifiability by presenting a graphical criterion where the
identifiability can be determined in polynomial time, which
makes this procedure feasible in practice. Formally,

Definition 2 (Identifiability & Feasibility). The do-
Shapley values {¢,, }7; w.r.t. G are said to be identifiable
if all elements in {E[Y"|do(vs)]} scyn) are identifiable in the
causal graph G. The identification of the do-Shapley values
are said to be (computationally-) feasible if the identification
can be done in O(poly(n)).

Since nédively applying the existing causal effect identifica-
tion algorithms to determine the identifiability of the do-
Shapley values is not computationally feasible (requires
O(2™) computations), we provide a simple sufficient graph-

ical criterion under which determining the do-Shapley iden-
tifiability is feasible. We start with a definition (refer Sec. 2
for C-component, C'-factor):

Definition 3 (C-partition). For a set of variables X C 'V,
{Xk}_, is said to be the C-partition if X = U7_, X
(where X, N X, = () for a # b) where Vk € [c], X is
a set s.t. any two pairs X;, X; € Xy, are in the same C-
component. in G.

Theorem 2 (Identifiability & Feasibility of do-Shapley).
The do-Shapley is identifiable if no variable in V; € {V'}
is connected to its child Ch(V;) by bidirected paths in G.
Suppose Y is not connected by bidirected paths. In this case,
forany S C [n],

E[Y |do(vs)] = 30, E[YIVQ[V\Vs],

where Q [V\Vg] = Q [V\Vs] (v) is given as

Q[V\Vs] = Q[’;((‘QS)] 1> Qles.0),

k=1 s

where Q[C(Vg)] = v, ccove) Pvalpre(va))
is a C-factor of a C-component Vg (C(Vg));
{Sk}i_y is a C-partition of Vg; and Q[C(Sy)] =
[Ty, cc(sy) P(valpre(va)) is a C-factor of a C-component
C(Sk)for Sk.

Fig. 2a is an example graph where a graph satisfies the
conditions in Thm. 2. Specifically, for all computations
Vg CV :={V, Vs, V3}, the causal effects are identified
through Thm. 2 as

E[Yldo(vs)]
Zv§]E [Y|v] P(va|vy,v3)P(vs), if S € {1,3},
> EYIV] P(vg), if S € {0,2,{1,2},{2,3}},
S\ E[VIv] P(vslvs).if S € ({13}
E[Y|v] if S ={1,2,3}.
3)

Thm. 2 suggests the feasibility of the do-Shapley values
since the proposed graphical criteria (checking whether V;
and Ch(V;) are connected by bidirected paths) can be done
in O(n?) by applying the breadth-first-search for each vari-
able V; € V.

To demonstrate the applicability of Theorem 2, we provide
two special cases which are commonly considered in the
literature:

1. Markovian case: All latent variables in the SCM is
independent; i.e., GG is given as a DAG (Janzing et al., 2013;
2019; Heskes et al., 2020; Basu, 2020; Wang et al., 2021b;
Singal et al., 2021).
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2. Direct-cause case: No pair of variables (V;,V;) € V
(i # j) is connected by a directed path, no V; are connected
to Y via bidirected edges, and no directed edge from Y
to V; exists (i.e, only V; — Y is allowed) (Janzing et al.,
2020a;b).

For each of these cases, the identification result in Theo-
rem 2 can be simplified as follows.

Corollary 1 (Identification — Markovian). In the Marko-
vian case, E[Y'|do(vg)] is given as

E[Y|do(vs)] =Y E[Y|vs,vg] [ [ P(vilpre(v:)).

vy igS

Corollary 2 (Identification — Direct-cause). In the Direct-
cause case, E[Y'|do(vg)] is given as

E[Y|do(vs)] ZE Yvs,vg| P(vg).

Vs

Figs. (2b,2c) provide example graphs for Markovian and
Direct-cause cases. For Fig. 2b, Coro. 1 gives

E[Y]do(vs)
S, E[Y[V] Pvglvs). if § € {1,3,{1.3}},
ngE[Y|v] P(vg), if S € {0,2,{2,3},{1,2}},

E[Y|v] if $ = {1,2,3}.
“)

For Fig. 2c, Coro. 2 gives

E[Y|do(vs)] Z]E [Y|v] P )

forall vg C {vy,va,v3}.

5. Estimation of the do-Shapley

Estimating the do-Shapley values in Eq. (2) is computation-
ally and statistically challenging because (1) Iterating over
all S C [n] takes time exponential in n, and (2) Estimating
E[Y|do(vs)] might be vulnerable to bias due to finiteness
of the sample dataset. In this section, we design computa-
tionally efficient and statistically robust estimators for the
do-Shapley values to overcome these challenges, using three
different techniques. For ease of presentation, we focus only
on the Markovian & Direct-cause cases discussed in Sec. 4.

We first introduce estimators leveraging the idea of the in-
verse probability weighting (IPW) (Rosenbaum & Rubin,
1983). Our construction of the IPW estimator is based on
the following result.

Vi -2 Vi Vs i ,~—\\AV3
Y Y
(a) Thm. 2 (b) Markovian (c) Direct-cause

Figure 2: Example graphs for Thm. 2 and two special cases:
Markovian and Direct-cause.

Lemma 1 (Representation using IPW). Let S =
{my,--+ ,ms} C [n] denote an index set for Vg. Let

: H 1o, (Vin, VRS, fork =s,---,1;

r=1

]1Vs (VS)/h y

where he = P(Vy,, |pre(Vin,)) and h® = P(Vg|Vzg).
Then, E[Y |do(vs)] = E[Yw] where w = w{] for the Marko-
vian case, and w = w* for the Direct-cause case.

Using Lemma 1, we construct the IPW estimators.

Definition 4 (IPW for E[Y |do(vs)]). The IPW estimator
TP (S) for E[Y |do(vg)] is constructed as:

1. Split D randomly into two halves: Dy and Dy

2. Let &9 ' w{f denote estimators for w?,w® from D, €

{Dy, D1}, respectively.
3. Foreach p € {0,1}, set

]Epl—p [Y‘I)f,p}
Ep,_, [Yéy]

(Markovian)
(Direct-cause)

T, () = {

4. TPV(S) == {T"V(S) + TPV (S)}/2.

The data-splitting (also known as sample-splitting) tech-
nique (Klaassen, 1987; Robins & Ritov, 1997; Robins et al.,
2008; Zheng & van der Laan, 2011; Chernozhukov et al.,
2018) will be employed in constructing all do-Shapley es-
timators discussed in this section. Without data-splitting,
some restriction on the complexity of the estimator function
class must be imposed to guarantee statistical consistency.

We introduce estimators leveraging the idea of outcome
regression (REG) (Rubin, 1979). Our REG estimator is
based on the following result.

Lemma 2 (Representation using REG). Ler 5 =
{mq,--- ,ms} C [n] denote an index set for Vg. Let
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9:31 Z:Y.FO}’]C:57571’...71’

05 o = E [05 1] Viny. pre(Vin,.)]

[
[

95 1,1 = E ok 1|Vmy pre( mG)] )
[Y|VS'7 E]v
9b =E[Y|Vg,Vg].

Then, E[Y|do(vs)] = E [0] where 6 = 63, for the Marko-
vian case, and 0 = 95 for the Direct-cause case.

‘We construct the REG estimator based on Lemma 2.

Definition 5 (REG for E[Y|do(vg)]). The REG estimator
T*8(S) for E[Y |do(vs)] is constructed as:

1. Split D randomly into two halves: Dy and D;.

2. Let Hk 9 p,ek 11,0 Gfp denote an estimator for
07,,08 1,05 from D, € {Dy, D1}, respectively.

3. Foreach p € {0, 1},

Ep,_ 05 (Markovian)
T;eg(s) = D1 AO’l’p}
Ep,_, 95’4 (Direct-cause).
4. T*8(S) = {T,°8(S) + T;°%(S)}/2.

For IPW and REG estimators to be consistent, one needs
to estimate each individual functional (called nuisances)
including E [Y'|vg, vg] or P(v;|pre(v;)) consistently. A de-
sirable robust estimator is one that converges to the ground-
truth at a fast rate even when estimates for nuisances are mis-
specified (i.e., wrongly specified) or converging relatively
slowly. Double/Debiased Machine Learning (DML) (Cher-
nozhukov et al., 2017) is a recently introduced technique to
construct such estimators.

Lemma 3 (Representation using DML). Let

n¥ = {069,1} U {6731’ 952}2:1 U {h7}s_1 (Markovian)
{03, 92,97 hS} (Direct-cause),

defined in Defs. (4, 5) above, and

051 + Z wi (07 1 — 0 5) (Markovian)

Vs(V';n) =
Gerw (Y 95) (Direct-cause),
where wy = HI::1 Ly, (Vin,)/hY and w® =

1y, (Vs)/Rh®. Then, E[Y|do(vs)] = E [Vs(V';n%)].

We construct the DML estimators based on Lemma 3:

Definition 6 (DML for E[Y |do(vs)]). The DML estimator
TmI(S) is constructed as:

1. Split D randomly into two halves: Dy and D ;

Algorithm 1 do-Shapley (M, T(.))

Input: M, Estimators 7°5¢(-) in Defs. (4,5,6).
Output: Estimates {¢, }"_,.
Initialize avi =0forallV; € V.
for j = 1to M do
Generate the random permutation 7 over [n].
fori=1tondo
Do, 4 o, + T ({i,pre, (1))
end for
end for
return {3, /M}]_,

— T (pre(i))

R A R o

_
=4

2. Construct 55, estimates of ° from Dy, p € {0,1}.

3. T9m(S) .= Ep,_, [Vs(V;75)] for p € {0,1}.

4. TS = {Tg™(S) + T{™\(9)) /2.
Based on estimators in Defs. (4,5,6), we now propose a com-
putationally efficient estimator for the do-Shapley values

based on random permutations:

Definition 7 (do-Shapley estimators — Two cases). Let
Test(S) € {TP¥(S), T™&(S), T9™!(S)} denote an estima-
tor for E[Y |do(vg)] defined in Defs. (4,5,6), respectively.
The do-Shapley estimator is given as

M

D (T ({i, pre (i)}) — T (pre,. (i))),

=1

1
(% M

where M is the number of randomly generated permutation
of [n], 7; denotes the jth permutation, and pre__(i) is the
set of elements that precedes 7 in 7;.

A systematic procedure for constructing do-Shapley esti-
mators is provided in Algorithm 1. The following theorem
summarizes the error analyses of all the three do-Shapley
estimators.

Theorem 3 (Bias Analysis). Let {m;}}., denote M ran-
domly generated permutations of [n]. For the fixed in-
dex i, let Sjo = pre, (i) and Sj1 = {i} U Sjq. Let
{70, g%}t L denote Lo-consistent estimates for all nui-
sances {10 n%. 1}5.{1 defined in Def. 6. Let Ry N =
Op(M~1/? —|— N_1/2). Let e(G) == ||g — g|| denote an er-
ror for a nuisance estimates for any § € 7 and g € 1. For
the do-Shapley estimators defined in Def. 7, suppose the
estimators T**(S) are bounded. Let €* = ¢$°* — ¢,
(where est € {ipw,reg, dml}).
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Figure 3: The L1-error plots. Plots are rendered in high resolution and can be zoomed in.

Under the Markovian case,

1pw RMN+OP{ Z Z w“’
pe{0,1} j=1
M
eingRM,N-l-Op{ Z Ze 95”
pe{01}j:1
dml J,p

— Run+0p{ 3 ZZ e(0%")}

pef{0,1} j=1 k=1

Under the Direct-cause case,

1pw = Ry.n + Op{ Z Z
p€{0,1} j=1
€t = Ry N+ Op{ Z Z
pe{0,1} j=1
S AS
Egiml = RM,N + Op{ Z Ze(hsm)e(eb“’)}.
pe{0,1} j=1

Remark 4 (Properties of the Proposed Estimators). Er-
ror analyses in Thm. 3 exhibit consistency of IPW, REG,

DML estimators. Specifically, if nuisances are consistently
estimated, P = €8 = 0™ = Op(1), indicating that
the estimators converge to the true quantity. Furthermore,
the result presents the statistical robustness property of the
DML. In particular, the DML estimates éd:nl converges to

5S;
the true value if either e(h “”) or e(0),%") under Marko-
vian, and either e(h») or 6(0b 97 under Direct-cause are
accurate (doubly robustness). Also, qﬁg:’“l converges at the

. . 2S5 A4S .
root-N rate if all nuisances h,”* ,0,°" under Markovian,

. 25, AS; .
and all nuisances h%» 0,"" under Direct-cause converge
at least at N~/ rate (debiasedness).

6. Experiments

In this section, we empirically compare the performance of
the proposed do-Shapley estimators from the previous sec-
tion. Details of the experiments and a different simulation
example are provided in Appendices E and F.

Experimental Setup. We use synthetic datasets based on
Figs. (2a, 2b, 2c) where each figures matches with Thm. 2,
Markovian, and Direct-cause cases. We note that causal
effects are identified as in Eqgs. (3, 4, 5), respectively. Even
if no known estimators for Thm. 2 exist generally, we note
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that Eq. (3) is in an amenable form for which results in
Sec. 5 are applicable. Throughout the simulation, we denote
{¢v, }1_; as the ground-truth do-Shapley values.

Comparison Between Estimators. We compare
the three estimators (IPW, REG, DML), denoted by
{pir™, gice, ¢dmI} respectively, for scenarios depicted in

graphs in Figs. (2a, 2b, 2¢). Nuisances are estimated using
gradient boosting model (Friedman, 2001).

est dml _ipw reg : :
Let ¢ € {50, &, #4c%, } denote an estimated impor-

tance of the ith feature of jth samples (i.e., Vi € V(i) €
D). We assess the quality of the estimator by computing
the Ly error as Ly (est, k) = (1/n)>.1 ‘dﬁ‘,k _ ¢Ui7k‘
(where n is the number of features). We ran the sim-
ulation for 50 randomly generated sets of samples; i.e.,
k € {1,2,---,50}, and with sample size N := |D| €
{100, 250, 500, 750, 1000} to observe convergence behav-
iors of estimators. We fix M = 20. We refer the box-plot
for Ly (est, k) as the ‘L1-error plot’.

For all {Thm. 2, Markovian, Direct-cause} cases, we com-
pare the performances of the three do-Shapley estimators
for (1) ‘Non-noisy’ where no noises are introduced in the
model; (2) ’Noisy’ where a ‘converging noise’ ¢, decaying at
a N~ rate (i.e., ¢ ~ Normal(N ~% N ~2%)) for o« = 1/4,
is added to the estimated nuisance to control the conver-
gence rate, following the technique in (Kennedy, 2020); (3)
‘Incorrect REG” where the model for the REG estimator in
Def. 5 is wrongly specified; and (4) ‘Incorrect IPW’ the
model for the IPW estimator in Def. 4 is wrongly specified.

Experimental Results. The L1-error plots for all cases are
presented in Fig. 3. For the non-noisy setting, performances
of all three models { DML, REG, IPW} are similar. In the
noisy setting where the estimated nuisances are controlled
to converge at [NV —1/4 rate, the DML estimators outperform
the other two estimators by achieving a fast convergence
with the smallest variance. This result corroborates the
robustness property of the DML (Remark 4). Also, the
DML estimator exhibits the doubly robustness property;
the estimator converges in both the ‘Incorrect IPW’ and
‘Incorrect REG’ settings where each corresponding nuisance
is wrongly specified.

Contrasting with Conditional Shapley. We contrast the
do-Shapley and conditional Shapley in the non-noisy set-
ting. We compare the importance ranking measured by the
true do-Shapley with the ranks from the do-DML and con-
ditional Shapley through the Spearman’s rank correlation.
The correlation is close to 1 if two ranks are similar and -1
if the ranks are opposite. The true data generating function
is Y = 3V; 4+ 0.4V5 4+ V3 + Uy and the true-do-Shapley
identifies V; having the largest coefficient as the most im-
portant. As shown in Table 2, the do-DML-Shapley ranks
the feature importance closer to the true rank. As noted,

do-DML-Shapley identifies V; as the most important.

Thm. 2 | Markovian | Direct
DML 1.0 0.8 0.93
Conditional -0.28 -0.74 0.52

Table 2: Comparison of the rank correlation.

7. Conclusion

We proposed the do-Shapley for measuring causal contri-
bution and provided a theoretical justification through the
axiomatic characterization (Thm. 1). Next, we developed
conditions under which do-Shapley values can be inferred
from non-experimental data in polynomial time (Thm. 2).
We then proposed three do-Shapley estimators (IPW, REG,
DML) that are consistent. We showed that the DML es-
timator has additional robustness property called doubly
robustness and debiasedness (Thm. 3). We expect the pro-
posed contribution measure will help empirical scientists
to answer “what are the contributions of each cause to the
effect?”
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Appendix — On Measuring Causal Contributions via do-interventions

A. Fundamentals of the Shapley Value

The Shapley value (Shapley, 1953) in Eq. (1) seeks to allocate the contribution of each ¢ € [n] on some function value f([n])
given a coalition function v(.5) that measures the value of coalition of values of players i € S (where v([n]) = f([n])). The
Shapley value uniquely satisfying the following desiderata:

Theorem A.1 (Axiomatization of the Shapley Value (Shapley, 1953; Shapley & Shubik, 1954; Young, 1985)). For any
subset S of the players indexed [n] = {1,2,--- ,n} and the value function of S, denoted v(S), the Shapley value of the
player i, denoted ¢; = ¢;(v), equals

1 n—1\""
Gi(v) == Y {v(SU{i}) —v(9)}, (A1)
" scinn iy ( 151 )

is the unique attribution methods satisfying the following axioms (properties):

1. Efficiency: Zie[n] o = v([n]);
2. Dummy: For some i € [n], if v(S U {i}) = v(S) forall S C [n]\{i}, then ¢; = 0;
3. Symmetry: For some distinct (i, j) € [n], if v(SU{i}) = v(SU{j}) forall S C [n]\{i, j}, then ¢; = ¢;;

4. Linearity: For all i € [n], for any two coalition functions vy and va, ¢;(v1 + v2) = ¢;(v1) + ¢ (v2).

B. Details on Remark 3

Given a semi-Markovian causal graph G, a realized vector (v, y) corresponding to a set of variables (V,Y") and its subset

x C v corresponding to a set of variables X C V, a procedure for assigning contributions only to x; € x is the following:
1. Construct a graph G[X] composed of nodes in X and edges added as follows (Tian & Pearl, 2003).

(a) add a directed edge V; — V; in G[C] if there exists a directed path from V; to V; in G such that every vertex on
the path is not in C;

(b) add a bidirected edge V; <> V; in G[C] if there exists a divergent path between V; and V; in G such that every
vertex on the path is not in C.

2. Construct the do-Shapley w.r.t. {y,x} on G[X]. Specifically, for all z; € x

o= Y W (S){E[Y|do(xs,)] — E[Y|do(xs)]}, (B.D)

xsCx\z;

where w*(S) == (1/ |x|)(m71)_1.

[xs]

Then, {}:, }.,ex is @ unique causal contribution measure:

Proposition S.1. {¢,, }.,cx is a unique causal contribution measure w.r.t. {y,x} on G.

Proof. Tt suffices to show that G[X] is a graph corresponding to P(X), because of ¢, is the do-Shapley value defined on a
graph corresponding to P(X). By (Koster et al., 2002), G[X] is a graph corresponding to P(X). O
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C. Relation with Other Work - Examples

In this section, we provide examples to demonstrate that other types of Shapley values doesn’t satisfy the Axiom 1. We first
note that the conditional Shapley doesn’t satisfy the causal irrelevance property in Axiom 1.

Example C.1 (Causal Irrelevance Property doesn’t hold for the conditional Shapley (Janzing et al., 2020b)). Consider
G={Vi & Vo = Y} where V1, Vo € {0, 1}, and the bidirected edge means the existence of hidden confounders. Suppose
P(v1,v9) = 1/2 whenever vi = vo. Note Vi and Y is causally irrelevant. Causal irrelevance property doesn’t hold in the
conditional Shapley. Specifically, for any vi,ve, E[Y|v1] —E[Y] = v1 — 1/2 # 0, which leads that d)ffl’”d = 0. In contrast,
E[Y|do(v1)] — E[Y] = E[Y|do(v1,v2)] — E[Y|do(ve)] = 0. Therefore, ¢, = 0, implying that do-Shapley satisfies the
causal irrelevance property, unlike to the conditional Shapley.

The ICC doesn’t satisfy the causal symmetry property in Axiom 1.

Example C.2 (Causal Symmetry Property doesn’t hold for the ICC Approach). Consider a following SCM M: For
all binary variables Uy, ,Uy,, Uy, V1,Vo,Y € {0,1}, P(U; = 1) = 0.5, P(Uy = 1) = 0.2, and P(Uy = 1) = 0.8.
Also, Vi fv,(Uy,) = Uy,; Va < fir,(V1,Us) = Vi V Uy, and Y « fy(Va,Uy) = Vo @ Uy. A corresponding
causal diagram is G = {V; = Vo — Y, {Uy — VjorallV € {V},Vo,Y}}}. Lety = vy = vg = 1. Then,
P(y|do(v1)) = P(y|v1) = 0.8, P(y|do(v2)) = P(ylvz) = 0.8, P(y|do(vi,v2)) = P(ylvz) = 0.8, and P(y) = 0.65. We
first note that vi and vy have the same causal explanatory power to'Y since P(y|do(vy)) = P(y|do(vs)) = 0.8. Also, the
do-Shapley values for vi,ve are the same as ¢, = ¢,, = 0.075, which exhibits the causal symmetry. To compute the
ICC of the features v1 = vo = 1, we fix uy = 1 and us = 0, which makes v1 = vo = 1. Let qﬁi‘f denote the ICC of v;.
Then, ¢i¢ = 0.225 and (;Sfj;c = 0.075 even if v1, v2 have the same causal explanatory power. This implies that the causal
symmetry doesn’t hold.

D. Proofs

We provide complete proofs and additional missing details here.

D.1. Proofs from Section 3

We use
Vao(S) = E[Y |do(vs)]
in the proof.

Theorem D.1 (Restated Theorem 1). The do-Shapley is a unique causal contribution measure satisfying all the properties
in Axiom 1.

Proof. We first prove that do-Shapley satisfies all the properties in Axiom 1.

Lemma S.1 (Soundness of do-Shapley). The do-Shapley satisfies all properties in Axiom 1.

Proof. First, consider the perfect assignment property. By the result of (Strumbelj & Kononenko, 2014), we can represent
the do-Shapley as

o) = — D {vao ({i} Upre, (i) — vao (pre, (1))},

! mell([n])

where II([n]) is a set of all possible permutations of [n], 7 is an individual permutation in II([n]), and pre_(i) == {k €
[n] such that k < ¢ in w([n])}. Then,

Y bulva) =~ D Z {rao ({i} U pre, (i) — vao (pre (i)}
i=1

: () =1

:E > {vao([n) = vao(0)}

" wel([n])
= vao([n]) = vao(0) = E[Y|do(v)] — E[Y] = E[Y |do(v)].
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Now we consider the causal irrelevance property. Suppose V; is causally irrelevant to Y in expectation for all witness
w C v\{v;}. Then, the equality v4,(S U %) — 1/4,(S) = 0 holds immediately for all S C [n]\{:}.

Next we consider the causal symmetry property. Suppose v;, v; has the same causal explanatory power w.r.t. any witnesses
w C v\{v;,v;}. This leads vqo({i} U S) = vao({j} US) forany S C [n]\{4, j}. Then,

Oulva) =+ (”;f) {vao(S U ) = vao(S)}
SCn]\{i}
1 1 -1\
= — {Vdo SU’L) —I/do(S)}-F* Z ( ) {Vdo(SU{i7j})_Vdo(SU{j})}
" SC[n]\{w} ( 151 ) " sciniiay W1 H1
- > ( s ) (ao(SUJ) ~vao(S)}+ 5 S <|g+11> {vaol(S U 1) = vaolS U (i)}
SC["]\{l i} SCn]\{é,5}
:% Z ( ‘_| ) {VdO(SU])_VdO( )}:¢Uj(yd0)v
SCn\{s}

where the third equality holds since (v;, v;) has the same causal explanatory power.

Now, we prove that the do-Shapley satisfies the causal approximation property by showing that there exists w(.S) that
makes the do-Shapley as the solution of the weighted least square problem defined in Axiom 1. For a coalition function v(.S)
(see the “Shapley value” paragraph in Sec. 2), it’s known that there exists a specific weight function w(S) that makes the
Shapley value in Eq. (1) as the solution of the following WLS problem: arg mingg; yn | 2oscm(V(S) = Xies O, )2w(S)
( by (Charnes et al., 1988, Thm. 4) and (Lundberg & Lee, 2017, Theorem 2)). This implies that such an w(S) is the weight
function that makes the do-Shapley as the solution of the weighted least square problem defined in Axiom 1.

O

We now show the other direction that a measure satisfying all properties in Axiom 1 is the do-Shapley.

Lemma S.2 (Completeness of do-Shapley). A vector {¢,, }v,cv satisfying Axiom 1 is the do-Shapley value.

Proof. Throughout the proof, we will define a canonical SCM as follow: Let T' C [n] denote any fixed index set. A SCM is
called canonical for T if E[Y |[do(Vs = 1)] = 1iff T C S, and 0 otherwise. We use v/, (S) denote the causal coalition

function induced by the canonical SCM. Note VdTO(S ) = 1iff T C S, and 0 otherwise, by the definition of the canonical
SCM.

We first note that a vector ¢,,, that satisfies the causal approximation property can be represented as a linear function of
Vao(S), because ¢, is a solution of the weighted least square linear regression problem. Therefore,

= Z aiSVdO(S). (D.1)

5C[n]
for some constants {a’}.

Now we focus on the causal irrelevance property. Suppose T' C [n]\{i}. Forany S C [n], (T C S) = (T C SU{i}).
Withi ¢ T, (T ¢ S) = (T ¢ SU{i}). Therefore, v (S) = v1 (SUi) forall S C [n]. Then, by the causal irrelevance

property, ¢y, (V1) = 0if T C [n]\i. Then, ¢y, (W) = af, +af; =0

Suppose it has been shown that a% ; + a’» = 0 for T C [n]\i such that |T'| > k for some k. Then, for any S C [n]\i such

that |S| =k — 1,
Su (Vi) = Y apvg,(T)= Y ap= Y (dpy; +ay)

TCln) TCn] TCm\{i}
- T2S TDS
= E (afpui + afr) o + (aly; + ak) = aly; + as,
TCn]\i

TS but T#S
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where the first equality by Eq. (D.1), the second by the property of the canonical SCM, the third and fourth by the standard
algebra, and the fifth by the inductive hypothesis. Since S C [n]\{i}, by causal irrelevance property, ¢,, (v3)) = 0. This
implies that a’, ; + a’; = 0. Therefore, for any T' C [n]\i, ak ; + a’f» = 0.

Fix p% .= a¥ ; = —a’.. Then,
v, (Vdo) Z abvgo(T) = Z (aiTuino(T Ui) + a%udo(T)) = Z P (Vao(T U 1) — vgo(T)) .
TC) TCIn\s TCIn\s

Now we focus on the causal symmetry property. Suppose v; and v; have the same causal explanatory power with any given
witness w C v\{vi7 v;} in the canonical SCM for [n]; i.e., Vs ui) = I/C[;](S U j) for S C [n]\{7,5}. We note that
¢, (W) = Pl = bu; (Wl = p[ ;- This implies that there exists p,—1 = pf,)\; = p{n]\j.

Again, suppose v;, v; have the same causal explanatory power with any given witness w C v\{v;, v;} in the canonical
SCM for [n]\k for any fixed k & {4, j}. Then,

k n)\k j
Do, Vg ) = Bla iy + Pt = b, (0 ) = Pl gy + 2o

This implies that there exists a constant p,,_o = pfn]\{i’k} = p{n]\{j7k}. By repeating this, we can have a p1,--- , pn—1

where p|7| is a constant applying to all pgw for any T' C [n]\i. Therefore, there are constants {p|7| } rc(n)\; such that

bo, =Y 1| Wao(TUd) — vgo(T)).
TCn)\i

Finally, we focus on the perfect assignment property. An attribution ¢,,, satisfies the perfect assignment property if and
only if ) 3, x Pn—1 = 1, and for any nonempty 7" C [n], > ;. P|7j—1 = ngTpm (Winter, 2002, Chap. 7, Theorem 11).
This gives p,—1 = 1/n, and for any nonempty 7' C [n], = (n—|T'|)pjr|. Then, a closed form for p| 7| is given as

(n—|T| - DIFATI (an1)'

pir| =

Taking a conjunction of Lemmas (S.1,S.2) completes the proof of the Theorem D.1. O

D.2. Proofs from Section 4

Theorem D.2 (Restated Theorem 2). The do-Shapley is identifiable if no variable in V; € {V'} is connected to its child
Ch(V;) by bidirected paths in G. Suppose Y is not connected by bidirected paths. In this case, for any S C [n),

E[Y |do(vs)] Z IEY|V [V\Vs],

where Q [V\Vg] = Q[V\Vs] (v) is given as

Q[V\Vs] = H > Qlc
=1 sg
where Q [C(Vs)] = [Iv, corvs) P(valpre(va)) is a C-factor of a C-component Vs (C(Vs)); {Sk}j_; is a C-partition
of Vis; and Q [C(Sk)] = [Iy, ccs,) P(valpre(va)) is a C-factor of a C-component C(Sy) for Sy.

Proof. We prove the following, which would imply the above theorem.
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Proposition S.1 (Generalized Tian’s Adjustment — Complete identification criteria for P(V|do(X))). P(V|do(X)) is
identifiable if VX, € X and Ch(X,) is not connected by bidirected paths. If identifiable, it’s given as

P(V)
Vi|d D.2
P(V]do(X)) = QHX,}IZ,;Q ®2)
where {X }j,_; is a C-partition of X in G, and Q [C(X)] =[]y, ccx) P(Vilpre(Vi)) is a C-factor of a C-component of
X (C(X)), and Q [C(Xy)] = [Iv,ccx,) PVilpre(V;)) is a C-factor of a C-component of Xy, (C(Xg)).

Proof. In the proof, for a vector W, we will use De(W) to denote a set of descendants of W; € W in G.
Suppose VX, € X is not connected with Ch(X,) by bidirected paths. We first show that P(V|do(X;)) (forany X; € X a

C-component in G(X)) is identifiable and given as

P(VIdo(X1)) = gy S QUK. (D3)

By the result of (Jaber et al., 2018, Lemma 1), it suffices to show that X; = De(X; )G(C(Xl )~ We show this by contradiction.
Suppose V,, € De(X1)g(c(x,)) such that V, € X;. Since V, € G(C(X1)), V, is connected with X by bidirected paths.
Since V, is a descendent of some X, € X; in G(C(X;)), this means that V;, € Ch(X7) is also in the G(C(X1)). This
means that V, and X, is connected by a bidirected path, which is a contradiction of the given condition. Therefore,
X1 = De(Xl)G(C(Xl))’ and Eq. (D3) holds.

Now, consider a following inductive hypothesis for: =1,2,--- , ¢
)] QXY
QIV\X®W| = 2 __J QC(X,)]. (D.4)
VO] == L Qe

As shown in the above, it holds for ¢ = 1. Suppose it holds for some ¢ — 1 > 1 for ¢ > 2. Then, we first

note that X; = De(Xi)G(C(Xi))G(V\X(i—l))' To witness, consider the contradiction — for some X, € X; there ex-
ists V, € De(Xi)G(C(Xi))G(V\x(i—l)) st. V, € X;. First, V, is connected with X, by bidirected paths since

Vo € G(C(Xi))grv\xt-1). Also, V; is a descendent of X, this means that a child of X, is also in G(C(X;)),
connected by bidirected paths. This is a contradiction. Therefore, X; = De(Xi)G(C(Xi))c(v\x (-1,

Now, we show that C'(X;)(v\x-1) = C(X;)q. We start from an obvious observation — C(X;) v\ x¢-1) C C(Xi)g-
We now prove C(X;)¢ C C(Xi)gv\xi-n)- For some V, € C(X;)g, suppose V, & C(X;)g(v\xt-1). This means
that bidirected paths connecting V,, to some nodes in X; € X; must be via other nodes in X5 € X(=1) This means that
Va, X2, X7 are connected by bidirected paths. However, given that X, € X=1 and X; € X;, this is a contradiction,
because they are in distinct C-partitions. Therefore, C'(X;) v\ xi-1) = C(Xi)a-

Then, Eq. (D.4) holds. By unfolding it,

Q[vix] = —) U Z

[Tier QIOX0)] i
We note Q [C(X™)] = [T}_, @ [C(X)], since
Qlex™] = I Pwipew) =] TI Pilprew) =] QX
V,€C(X () k=1V,eC(Xy) k=1
This completes the proof. O

Now back to witness Thm. D.2. Under the given condition that Y is not connected via bidirected paths to any nodes, the
following holds: for any S C [n],

(Y L Vsl Vg)g,
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Therefore,
P(Y,V|do(Vs)) = P(Y|do(Vs), V5)Q[Vs] = P(Y|V)Q[Vs],
which implies that
E[Y|do(Vs)] ZE Y|V HZQ
Vs Xy,
This completes the proof. O

Corollary D.2 (Restated Corollary 1). In the Markovian case, E[Y |do(vg)] is given as

E[Y|do(vs)] Z]E [Yvs,vg] HP v |pre(v;)).
\s3 iZS

Proof. In the Markovian case, C(W) = W for all W C V. Then,

i P(V © _ P(V,)Y) o
P(Y. V5ldo(Vs)) = 5ramve kHé;Q = oW —TOW) VELP Vilpre(Vi)).

This completes the proof. O

Corollary D.2 (Restated Corollary 2). In the Direct-cause case, E[Y |do(vg)] is given as

E[Y|do(vs)] = > E[Y|vs,vg] P(vg).

Vs

Proof. In the Direct-cause case, Q [W] = P(W) for all W C 'V since there are no causal paths between a pair of variables
in V. Therefore, Q [V\Vs] = P(V\Vg) = P(Vg), which completes the proof. O

D.3. Proofs from Section 5

Lemma D.1 (Restated Lemma 1). Let S = {m1,--- ,ms} C [n] denote an index set for Vs. Let

k
: H 1y, (V; ) /B, fork =s,---,1;

r=1

W= vS(Vg)/h ,

where he = P(Vy, |pre(Vi,,)) and h® .= P(Vs|Vg). Then, E[Y |do(vs)] = E [Yw] where w = wy for the Markovian
case, and w = w° for the Direct-cause case.

Proof. For the Markovian case,

P(v) o [ Lo, (Vin,)
ElYldo(vs)) Z T Plow, re(om)) [hs} '

T

For the Direct-cause case,

E[Y|do(vs)] = i L V) }

P(vslvg) " [P(VS|V5)
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Lemma D.2 (Restated Lemma 2). Let S := {mq,--- ,ms} C [n] denote an index set for Vg. Let 051 =Y. For
k=s,s—1,---,1,

973,2 =E [973,1|mepre(vmk)]
97?—1,1 =E I:o]g,lh)’fnk?pre(‘/nlk)] )

0, =E [Yvs, Vsl

65 == E[Y|Vs, Vg)

Then, E[Y |do(vs)] = E [0] where 6 = 0F | for the Markovian case, and § = 05 for the Direct-cause case.

Proof. For the Markovian case, we will prove the following, which implies the result.

Lemma S.3. Suppose V' = {Y'} UV where V' is an ordered set. Assume thatY is the last variable in the given order.
Let Vg = {Vp,, -+, Vi, } € V (where {my,--- ,ms} C [n]) denote a set of discrete variables. Let Vg := V\Vg.
Foreach k = 2,--- s, let Vy, = {V; € Vg: Vi, | < V; < Vi, }. Let Vg, = {V; € Vg : V; < V., } and
Vi, ={V;€Vg: V., <Vj}.

Let gs(P) denote a following functional (a.k.a. g-formula (Robins, 1986)).

s+1

mm:/EWMHmmmmwm.

Vg i¢s
Lets =Y. Fork=s,---,1, and
Ok.2 = E [0k 1|Vin,, pre(Vin,.)]
Ok—11 =E[0k1|vm,,pre(Vin,)] -
Then, the following holds:

g9s(P) =E[fo,1].
Proof. Let
Ay, = {pre(Vin, )}
B = {Vek+1 ’ V£k+27 e 7V25+1}
Ck = {mGJrla mG+23 T 7Vms}-
ForW CV,

Then, it suffices to show that
Brn = / E Y |Ving Ak, b, cx] g(br) Loy (Cx) dlby, il
Bi,Cr
O 11 = / E[Y|Ax, br, ek 1] a(bi)le, , (Cr_1) dbg, cii],
Br,Cr—1

because witnessing [E [0 1] = gs(P) becomes trivial. Let 8, 1 := Y. Then, it’s easy to check that the above holds for 6, 5
and 08_ 1,1-

Suppose the above equation holds for k, k + 1, - - , s. Then, consider k£ — 1. By the given definition,

Or—1,2 =E [Or—1,1|Vine_, Pre(Vin, _, )]
9k72,1 =K [9k71,1|vmk_17pre(mG—1)} .
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Then,
Op—12=E l/ E[Y|Ak, by, cr—1] g(br)le, , (Cr_1) dbk, cr_1] mG_17Ak11
Br,Cr—1
- / E Y|V Akt byo1s €] a(bk1)Ler_, (Chor) dlbr_1, cx],
Br_1,Ck—1
and
Op—21=E l/ E[Y|Ag, by, cr_1]q(bg)lc, ,(Cr_1) db,cr_1] Umk17Ak—1]
Br,Cr_1
=/ E[Y|Ag_1,br_1,cr2] q(br_1)lc,_,(Cr_2) d[br_1,cr_2].
Br—1,Cr_2
Therefore,
001 = / E[Y]A1,bi,co]q(b1)le,(Co) d[b1,col,
B1,Co
which gives the equality E [0y 1] = gs(P). O

For the Direct-cause case,

E[05] =Y E[Y|v] P(vs) = E[Y|do(vs)],

which completes the proof. O

Lemma D.3 (Restated Lemma 3). Let

nS — {ef)g,l} U {9731’ 97?-,2}2:1 U {hf}}gzl (Markovian)
{65,075} (Direct-cause),

defined in Defs. (4, 5) above, and

Vs(V'; 775) = 05‘71 T kz—:1 ws(elf,l - 01?,2) (Markovian)

05 + wsi(Y — 05) (Direct-cause),
where wy = 15, Lo, (Vi )/hS and w® = 1,,(Vs)/hS. Then, E]Y |do(vs)] = E [Vs(V'in%)].

r=1"Vm,
Proof. For the Markovian case, it suffices to show that [E [9;31 — 9,‘22} forany k = 1,2, --- ,s. This holds since
E [9129,1 - 91?,2] =E []E [973,1 - 91?,2|Vmwpre(vmkm =E [91}9,2 - 973,2] =0.

Therefore, E [V(V';1%)] = E [65,] = E[Y|do(vs)], where the 2nd equality holds by Lemma 2.

For the Direct-cause case, E [Y — 65] = 0 by the definition of 65. Therefore, E [V(V';n%)] = E [6{] = E[Y|do(vs)].
O

Theorem D.3 (Restated Theorem 3). Let {m;}}L, denote M randomly generated permutations of [n]. For the fixed index
i, let Sjo = pre, (i) and Sj1 = {i} U Sjq. Let {70, 7%1}}L, denote Ly-consistent estimates for all nuisances
{7751'»0,7)31'@}]-]‘11 defined in Def. 6. Let Ry n = Op(M~Y/2 + N=1/2). Let e(§) = ||g — g|| denote an error for a
nuisance estimates for any § € 1) and g € 1. For the do-Shapley estimators defined in Def. 7, suppose the estimators T (S)
are bounded. Let €* := ¢3°° — ¢, (where est € {ipw,reg, dml}).

Vi
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Under the Markovian case,

B = R+ 0pl X S eld)

pe{0, I}J 1

&8 = Ry +0p{ > Z h

pe{0,1} j=1

M sj
el = Ry + 0pl Y S0 elhme(d5)).

pef{0,1} j=1 k=1

Under the Direct-cause case,

eP = Ryn + Op{ Z Z

p€{0, 1}J 1

€8 = Rynv +Op{ > Z
pe{0, 1}1 1

dml RMN+OP{ Z Z hSJp )}
pe{0,1} j=1

Proof. In the proof, we will use a notation Ep_p [f(V)] for f(V) =Ep [f(V)] —E[f(V)]. Weuse N := |D|. Also, for
any quantity A, B, A < B if there is a constant ¢ s.t. A < ¢B. We first introduce a useful tool for analyzing errors of the
proposed estimator.

Lemma S.4. Let 1y denote some nuisance and 1) denote its Lo consistent estimate. Let f(V;n) denote an arbitrary function
having a bounded second moment for any fixed n. Suppose samples used for constructing 7 and for evaluating f(V;17) are
independent.

Ep [f(V;9)] —E[f(Vino)] = Op(N"Y2) + E[f (Vi) — f(Vino)].

Proof. We first note that

p [f(ViD)] —E[f(Vimo)]l = Ep—p [f(Vino)] = Ep—p [f(Vin) — f(Vino)] + E[f(Vin) — f(Vino)].
First, Ep_p [f(V;n0)] = Op(N~1/2) by the classical central limit theorem. Second, Ep_p [f(V;7) — f(V;n0)] =
Op(N~1/2) under given conditions by (Kennedy et al., 2020, Lemma 2). O
Now, we introduce an equivalent representation of the do-Shapley:

Proposition S.2 ((Strumbelj & Kononenko, 2014, Eq. (10))). An equivalent representation of the do-Shapley in Eq. (2) is
given as

Z {E[Y[do(Vpre_ (3)1)] —E[Y |do(Vpre_(i))]} »
e

where TI([n]) is a set of all possible permutations of [n|, w is an individual permutation in I1([n]), pre. (i) = {k €
[n] such that k < i in w([n])}.

This representation motivates a following Monte-Carlo-based approximation:
P =3f Z { [Yldo(vpre, (i),0)] =E[Y|do(Vpre m)}} : (D.5)

where M is the number of randomly generated permutation of [n] and 7; denotes kth permutation. Convergence of qNSUi is
guaranteed by the following result:
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Lemma S.5.
5~ 0, = O (M), ®6)

Proof. Let Z(o) = E[Y|d0(vi}preﬂ(k>(i))] — E[Y|d0(vpreg(k)
the permutation o, where P(c) = ;. Then, Ep [Z(0)] = ¢,,. By the given assumption, Z(c) and

_ 1 M
by, = MZZ(U(k))

k=1

(iy)] denote a random variable where the randomness is over

are bounded random variables. Let B denote such bound. Then, by (Lattimore & Szepesvari, 2020, Corollary 5.5),

Fo. > o — 2B2 1;);(1/5) and Gy, < bo. + 2B2 1(]35(1/5)
in probability (1 — ), which implies that J)Ui converges in v/M rate. This completes the proof. O
Let Sjq == pre, (i) and Sj, == {i} Upre_ (i). By Def. 7, Egs. (D.5,D.6),
b= b, = B0+ o~ Gu, D, (D.7)
z]: ({T°4(S;5) — E[Y|do(vs, )]} + {T%"(S}.) — E[Y|do(vs, )] }) + Op(M~Y?).  (D.8)

Now, we analyze each of IPW, REG, DML estimators in Defs. (4,5,6).

Lemma S.6 (Error analysis for IPW). For any nonempty S C [n],

Op(N )—l—Op(
Op(N~V2)+ Op (||&

| NS Markovi
T1pw(s) _ E[Y‘dO(VS)] = { SS wSH; ;DZ'ZC(;-‘ZZZ:(?L 2

Proof. We will prove only for the Markovian case, since the exactly same proof is applied for the Direct-cause case. First,
E[Y|do(vs)] =E [Yw?].

From Lemma S.4, it suffices to show that E [Y&S — YwS] = Op (||@F — w?||). It can be shown by

E[Yod -vwi] <

0f =Wl S ll@f - wdl,
where the first inequality by Cauchy-Schwarz inequality and the second by the boundness of Y. O

Lemma S.7 (Error analysis for REG). For any nonempty S C [n],

Op(N=1/2)+ Op é&—@&lH) (Markovian)

T8 (S) — E[Y |do(vg)] = .
(5) [¥ldo(vs) Op(N~Y2) + 0p 9§—95H> (Direct-cause) .

Proof. We will prove only for the Markovian case, since the exactly same proof is applied for the Direct-cause case. We
note that E [05 ;] = E[Y|do(vs)] by Lemma 2. From Lemma S 4, it suffices to show that E [ég,l — 95971] = Op(Hé - HH)
It holds by Cauchy-Schwarz inequality. O

Lemma S.8 (Error analysis for DML). For any nonempty S C [n),

Op(N~Y2)+ 3%, Op (HG H Hhs hSH) (Markovian)

TI(S) — E[Y]|do(vs)] = Op(N~1/2) + Op ( e ‘hs _ hSH) (Direct-cause).
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Proof. We note that E [V(V’,7%)] = E[Y|do(vs)] by Lemma 3. From Lemma S.4, it suffices to show that

Z_lOp<H912 GJSQHHhS hSH) (Markovian)

E [V(Vly 7%) —V(V/, ns)} = Op (‘ A ‘hs _ hSH) (Direct-cause).

First, consider the Markovian case. We omit the superscript S. Consider a following quantity: For j = 1,2,--- | s

Q;=0;_11+ ij;k(Gk,1 — 9k,2)7
k=j

where wj.;, = H]::j 1”";17(5‘/“) Let Qo1 = Y and wj;q.. = 0. We note that Q; = V(V';n%), and E[Qq] =

E[Y|do(vs)]. Also, the following holds, by the definition of 6 _1 1, 0y 2:

E [ek—l,l] =E |:]]-1;mk (mG)ek,Q} )
E [ék—l,l} =E []lvmk (mG)ékﬂ} :
First, we note that (); can be written in a recursion as follow: For j =1,2,--- s
Qj =011 +wj; (Qj41 —0j2).
To witness, consider the followings:
Qj = 0j—1,1 +wjij (05,1 — 052) +wjjr1(0541,10 — Oj41,2) + wjijr2(0j21 — Ojo2) + -+
Qjt1 =01 +wjt14+1(05411 —0j412) Fwjt142(0j421 — Ojr22) + -
Wi Qi1 = wji0i1 + w1411 — Oj41,2) + wjijr2(0j421 — Oj422) + - .
Then,

Q) = wjj Qi1 — w1 + 0511 +wjij (051 — 052)
=011 +wjij (Qj+1 —bj2)

Finally, we will witness the following holds:
B[Q) =@ =E[Q = 0-1a] = 32 0p ([Jona = s [ - ]).
k=j

We will prove this by using an inductive hypothesis. First, at j = s,

E[Q— Q] =E[Qs— 0, 11| =B [fy 11+ GusY —002) = 6,14
- vyna<yms><y_@s,2>_9“,4
& (L, ()0~ 02) + 2220 0,0,
= 0p (||6s - 2H s = mill) -
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Forany j =s—1,---,1,

E [Qy - Qg} =E [Qg - ‘9;'—1,1} =E _9j—1,1 — 011+ W5y (Qj+1 - éj,2)}
=E {9}_1,1 — 011+ Q5 (Qj+1 - 9j,1) + Wy (9j,1 - ém”

= 255 (@1 = 030) ] + B [T, Vi) (032 = 052) + @55 (051 — 2]
=E :@’j:j (Qj+1 - 9]',1): +E P(le|Wm) {91‘,2 - éj,2} {fzj —h; }]

<& [(Gyn )] £ ({000} 11
<B[(Qra i) + [ =]
If we assume E [QT - 9,,,1’1] = ZZ:T Op (H@k,g - ékgH Hﬁk - th) forr =j+1,--- s, then it’s easy to witness

that it holds for r = j, too. Therefore, by an induction, the equality holds for all » = 1,2, - - - | 1. This completes the proof
for Markovian case.

’ b2 — 9j,2’

For Direct-cause case,

SE G (9b

<o~ Hhs _th.

By combining Lemmas (S.4,S.5,S.6,S.7,S.8), we complete the proof of Theorem D.3. O

E. Additional Experimental Details From Section 6
E.1. Data Generating Processes

Here, we present the structural causal model for the data generating processes used for the data generating process used in
Section 6.

We first note that U ~ Bernoulli(0.4), Uy, ~ Bernoulli(0.8), Uy, ~ Bernoulli(0.4), Uy, ~ Bernoulli(0.3), and Uy ~
Normal(0, 1). The SCM that induced the graph in Fig. 2a is

i=UyeU

Vs = Uy, VU

Vo= (Wi AV3)V Uy,

Y =3V; + 0.4V, + V3 + Uy
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Y
(a)

Figure F.4: (a) Causal graph for Example 1, taken from Lundberg (2021) (b) Variables {S, P, M, L} are hidden. These
graphs are used for Appendix F.

The SCM that induced the graph in Fig. 2b is
Vi =Uy,
Vs = Uy,
Va=ViAVs) VU,
Y =3V1 + 04V, + V3 + Uy.

The SCM that induced the graph in Fig. 2c is

‘/i:UV1@U
Vs =Uy, VU
Vo = Uy,

Y =3V1+04Ve + V3 + Uy.

F. Additional Experiments

In this section, we consider a different data generation process based on Example 1.

Experimental Setup. We use synthetic datasets based on: (a) Example 1 for which the corresponding causal graph Fig. F.4a
is Markovian, and (b) the graph in Fig. F.4b which matches with Direct-cause case. These two graphs share the same
data generating process since the graph in Fig. F.4b is generated from the graph in Fig. F.4a by omitting a set of variables.
Details of the data generating process are provided in Appendix E. Throughout the simulation, we denote {¢,, }"_; as the
ground-truth do-Shapley values.

Comparison Between Estimators. We compare the three estimators (IPW, REG, DML), denoted by W‘ffw (o qzﬁdml

respectively, for scenarios depicted in graphs in Figs. (F.4a,F.4b). For all estimators, nuisances are estimated using gradlent
boosting model called XGBoost (Chen & Guestrin, 2016).

Let ¢7), € {(bdml W ¢ie8 } denote an estimated importance of the ith feature of jth samples (i.e., Vi, € V(1) € D).

Vik? TV K
As in Sectlon 6, we assess the quality of the estimator by computing the L; error as

Ly (est, k) :== (1/n) Z| o — ok

(where n is the number of features). We ran the simulation for 100 randomly samples; i.e., k € {1,2,---,100}, and with
sample size N = |D| € {100, 1000, 5000, 10000} to observe convergence behaviors of estimators. We fix M = 100.

Data Generating Processes. Here, we present the structural causal model for the data generating processes used for
the data generating process, where the qualitative graphical description is provided as causal graphs in Fig. F.4a. We
will denote V|, : sales calls, V; : interaction, Vo : economic factors, Vs : lastupgrade, V; : product needs, Vs :
discounts provided , Vi : monthly usage , V7 : Adspend, V5 : bugs reported, Y : customer retention (target variable).
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0.5
Model Model

. = DML = DML
0.4 . — IPW . PW

= REG = REG

03

—
_l

‘ ' - % % @
‘”%E ﬁ%%a %é %% %ﬁ %%i%% & F b &

(a) Markovian, Non-noisy (b) Markovian, Noisy (c) Direct-cause, Non-noisy (d) Dlrect-cause, Noisy

Figure F.5: The L1-error plots for the scenario in Section F.

Vo ~ P(Uy,), Vo~ P(Uy,) Vz~ P(Uy,) where P(Uy,) is a Uniform distribution ranging over 0 to 4; P(Uy,) is
a Uniform distribution ranging over 0 to 1; and P(Uy,) is a Uniform distribution ranging over 0 to 20. For the rest of
variables,

Vi=Vo+ Uy,

Vi=0.1-Vy+ Uy,

Vs = 0.5(1 — logit(V4)) + 0.5 - Uy,

Ve = logit (0.3 - V4 + Uyy)

Vi =Ve - Uvs + Lyy<1 (V) + Ly <2(V3)

Vs = Uy, (Ve),
where Uy, is a Poisson random variable with the parameter 0.2, Uy ~ Normal(0, 1), Uy, is a Uniform variable ranging
(0,1), Uy, ~ normal(0, 1), Uy, is an Uniform variable ranging (0.9, 0.99), and Uy, (Vs) is a Poisson random variable such

that its parameter follows 2V, and 1y, (V) is an indicator function for the variable V, for the event V, < ¢ for some
constant c. Finally,

Y = 0.9V} 4+ 0.8V¢ — 0.2V4 + 0.05V7 — 0.015(1 — V&) + 0.2V 4 0.3V4 + 0.5(V5 + 0.25) + 0.6V — Uy — 0.45,

where {V, V{, V3, Vi, V4, Vi} are random variables from the normal distribution where the variance is 1 and their means
are {Vy, Vs, V2, Vs, Vs, Vo }. Finally, Y = logit(7Y").

For the Case 2, we drop the variable V), V,, Vg, and we used
Y’ = —0.2Vy + 0.05Vy — 0.015(1 — Vg) + 0.3V4 + 0.5/(V3/4 + 0.25) + 0.6V — Uy — 0.45.

We also recommend checking the code data_generator_1.py,data_generator_2.py for the detailed configu-
rations of the data generating processes.

Experimental Results. For the non-noisy setting, the L1-error plots for {Markovian, Direct-cause} cases are presented
in Figs. (F.5a, F.5¢c) respectively. The DML-based estimator {(bdml} *_, outperforms ({¢>‘pW Oty forall N €
{100, 1000, 5000, 10000}, and it achieves the smallest variance compared to other estimators. This result corroborates
with the robustness property of the DML-based estimator (see Remark 4). The L1-error plots for the noisy setting for
{Markovian, Direct-cause} cases are presented in Figs. (F.5b, F.5d) respectively. In this case, the DML-based estimator
{(bgf“l}?:l exhibits the debiasedness property against the converging noise, while other estimators converge much slower.

Contrasting with the ICC Approach (Janzing et al., 2020a). We contrast the do-Shapley with the ICC approach (Janzing
et al., 2020a). The do-Shapley measures the feature importance based on the total effect of variables, while the ICC measures
based on their intrinsic effects. It is not possible to quantitatively compare these two contrasting definitions.

We compute the feature importance as proposed in (Molnar, 2020, Chap. 9.6.5), where the importance of the jth feature is
defined as:

1
Ij = |D/| Z |¢1(V(J))|’

V) eD’
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Figure F.6: Feature importance plots for the do-DML-Shapley and the ICC approaches.

S P I M D L E A B
do-DML | 0.07 | 0.12 | 0.05 | 0.05 | 0.03 | 0.06 | 0.03 | 0.12 | 0.13
ICC 0.12 | 0.13 | 0.12 | 0.13 | 0.13 | 0.12 | 0.12 | 0.12 | 0.12

Table 3: Average of feature importances produced by the do-DML-Shapley and ICC approaches.

where ¢; is the Shapley value, and D’ C D is a subset of samples.

In our experiments, we randomly selected 100 samples and compare the feature importance using the do-DML-Shapley
(qbgf“l) and the ICC approach, denoted qbff The average of the estimated importance of each features described in Example 1
is presented in Table 3. In Fig. F.6, we present the bar-plot for both the do-DML-Shapley and the ICC approaches using the
observations {|¢™ (V) [}v ,,ep and {[¢i“(V ;) |}v ;e

In our experiments, the do-Shapley approach gives that the production needs (P) has the largest total effect where P is in
fact the variable with largest coefficient (0.9). in our data generating process, whereas ICC approach gives that all variables
have similar intrinsic effects.



