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Abstract. Graph neural network (GNN) explainers identify the impor-
tant subgraph that ensures the prediction for a given graph. Until now,
almost all GNN explainers are based on association, which is prone to
spurious correlations. We propose CXGNN, a GNN causal explainer via
causal inference. Our explainer is based on the observation that a graph
often consists of a causal underlying subgraph. CXGNN includes three
main steps: 1) It builds causal structure and the corresponding structural
causal model (SCM) for a graph, which enables the cause-effect calcula-
tion among nodes. 2) Directly calculating the cause-effect in real-world
graphs is computationally challenging. It is then enlightened by the re-
cent neural causal model (NCM), a special type of SCM that is trainable,
and design customized NCMs for GNNs. By training these GNN NCMs,
the cause-effect can be easily calculated. 3) It uncovers the subgraph that
causally explains the GNN predictions via the optimized GNN-NCMs.
Evaluation results on multiple synthetic and real-world graphs validate
that CXGNN significantly outperforms existing GNN explainers in exact
groundtruth explanation identification1.
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1 Introduction

Graph is a pervasive data type that represents complex relationships among
entities. Graph Neural Networks (GNNs) [6, 13, 15, 44], a mainstream learning
paradigm for processing graph data, take a graph as input and learn to model
the relation between nodes in the graph. GNNs have demonstrated state-of-the-
art performance across various graph-related tasks such as node classification,
link prediction, and graph classification, to name a few [42].

Explainable GNN provides a human-understandable way of the prediction
outputted by a GNN. Given a graph and a label (correctly predicted by a GNN
model), a GNN explainer aims to determine the important subgraph (called
explanatory subgraph) that is able to predict the label. Various GNN explanation
methods [3,5,8,9,14,18,21,26–28,30,33,39,40,46–50] have been proposed, wherein
almost all of them are based on associating the prediction with a subgraph that

1 Code is available at https://github.com/ArmanBehnam/CXGNN
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has the maximum predictability (more details see Section 2). However, recent
studies [7, 32, 41] show that association-based explanation methods are prone
to biased subgraphs as the valid explanation due to spurious correlations in
the training data. For instance, when the groundtruth explanatory subgraph is
the House-motif, it often occurs with the Tree bases. Then a GNN may not
learn the true relation between the label and the House-motif, but the Tree
base, due to it being easier to learn. We argue a truly explainable GNN should
uncover the intrinsic causal relation between the explanatory subgraph and the
label, which we call the causal explanation [4, 10, 29]. Note that a few GNN
explanation methods [19, 20, 32] are motivated by the causality concepts, e.g.,
Granger causality [11]2, but they are not causal explanations in essence.

Our GNN causal explainer: In this paper, we take the first step to propose
a GNN explainer via causal inference [24], which focuses on understanding and
quantifying cause-and-effect relations between variables in the task of interest. In
the context of GNN causal explanation, we base on a common observation that
a graph often consists of a causal subgraph and a non-causal counterpart [7,19,
20,32,38,41]. Then given a graph and its (predicted) label, we aim to identify the
causal explanatory subgraph that causally yields such prediction. Our key idea
is that the causal explainer should be able to identify the causal interactions
among nodes/edges and interpret the label based on these interactions.

Specifically, we propose a GNN causal explainer, called CXGNN, that consists
of three steps. 1) We first define causal structure (w.r.t. a reference node) for the
graph, which admits structure causal models (we call GNN-SCM). Such GNN-
SCM enables interventions to calculate cause and effects among nodes via do-
calculus [24]. 2) In real-world graphs, however, it is computationally challenging
to perform do-calculus computation due to a large number of nodes and edges. To
address it, we are inspired by the recent neural causal model (NCM) [43], which
is a special type of SCM that can be trainable. We prove that, for each GNN-
SCM, we can build a family of the respective GNN-NCMs. We then construct
a parameterized GNN-NCM such that when it is optimized, the cause-effects
defined on the GNN-NCM are easily calculated. 3) We finally determine the
causal explanatory subgraph. To do so, we first introduce the node expressivity
that reflects how well the reference node is in the causal explanatory subgraph.
Then we iterate all nodes in the input graph and identify the trained GNN-NCM
leading to the highest node expressivity. The underlying causal structure of this
GNN-NCM is then the causal explanatory subgraph.

We evaluate CXGNN on multiple synthetic and real-world graph datasets
with groundtruth explanations, and compare them with state-of-the-art association-
based and causality-inspired GNN explainers. Our results show CXGNN signifi-
cantly outperforms the baselines in exactly finding the groundtruth explanations.
Our contributions are summarized below:

– We propose the first GNN causal explainer CXGNN.

2 Granger causality can only identify that one variable helps predict another, but it
does not tell you which variable is the cause and which is the effect.
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– We leverage the neural-causal connection, design the GNN neural causal
models and train them to identify the causal explanatory subgraph.

– CXGNN shows superiority over the state-of-the-art GNN explainers.

2 Related Work

Association-based explainable GNN: Almost all existing GNN explainers
are based on association. These methods can be roughly classified into five types.
(i) Decomposition-based methods [8,27] consider the prediction of a GNN model
as a score and decompose it backward layer-by-layer until it reaches the input.
The score of different parts of the input can be used to explain its importance
to the prediction. (ii) Gradient-based methods [3, 27] take the gradient of the
prediction with respect to the input to show the sensitivity of a prediction to
the input. The sensitivity can be used to explain the input for that prediction.
(iii) Surrogate-based methods [5, 14, 26, 33, 50] replace the GNN model with a
simple and interpretable surrogate one. (iv) Generation-based methods [18, 30,
40, 47] use generative models or graph generators to generate explanations. (v)
Perturbation-based methods [9, 21, 28, 39, 46, 48, 49] aim to find the important
subgraphs as explanations by perturbing the input. State-of-the-art explainers
from (iii)-(iv) show better performance than those from (i) and (ii).
Causality-inspired explainable GNN: Recent GNN explainers [7,19,20,32,
38,41] are motivated by causality. These methods are based on a common obser-
vation that a graph consists of the causal subgraph and its non-causal counter-
part. For instance, OrphicX [20] uses information-theoretic measures of causal
influence [2], and proposes to identify the (non)causal factors in the embedding
space via information flow maximization. CAL [32] introduces edge and node
attention modules to estimate the causal and non-causal graph features.
CXGNN vs. causality-inspired explainers. The key difference lies in CXGNN
focuses on identifying the causal explanatory subgraph by directly quantifying the
cause-and-effect relations among nodes/edges in the graph. Instead, causality-
inspired explainers are inspired by causality concepts to infer the explanatory
subgraph, but they inherently do not provide causal explanations.

3 Preliminaries

In this section, we provide the necessary background on GNNs and causality to
understand this work. For brevity, we will consider GNNs for graph classification.
Notations: We denote a graph as G = (V, E), where V and E are the node set
and edge set, respectively. v ∈ V(G) represents a node and eu,v ∈ E(G) is an
edge between u and v. Each graph G is associated with a label yG ∈ Y, with Y
the label domain. An uppercase letter X and the corresponding lowercase one x
indicate a random variable and its value, respectively; bold X and x denote a set
of random variables and its corresponding values, respectively. We use Dom(X)
to denote the domain of X, and P (X) as a probability distribution over X.
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Graph neural network (GNN): A GNN is a multi-layer neural network that
operates on the graph and iteratively learns node/graph representations via mes-
sage passing. A GNN mainly uses two operations to compute node representa-
tions in each layer. Assume a node v’s representations in the (l − 1)-th layer is
learnt and denoted as h

(l−1)
v . In the l-th layer, the message between two con-

nected nodes u and v is defined as ml
u,v = MSG(hl−1

u , hl−1
v , eu,v). The aggregated

message for node u is then defined as u’s representation in the current layer l:
hl
u = AGG(ml

u,v : v ∈ N1(u)). Assume L layers of computation, the final repre-
sentation for v is zv = h

(L)
v and Z = {zv}v∈V . GNN can add a predictor on top

of Z to perform graph-relevant tasks. For instance, when graph classification is
the task of interest, GNNs use Z to predict the label for a whole graph.
Structural Causal Model (SCM): SCMs [23] provide a rigorous definition of
cause-effect relations between random variables. An SCMM is a four-tupleM≡
(U,V,F , P (U)), where U is a set of exogenous (or latent) variables determined
by factors outside the model and they are the only source of randomness in an
SCM; V is a set {V1, V2, . . . , Vn} of n endogenous (or observable) variables of
interest determined by other variables within the model, i.e., in U∪V; F is set
of functions (define causal mechanisms) {fV1

, fV2
, . . . , fVn

} such that each fVi
is

a mapping function from UVi

⋃
PaVi to Vi, where UVi ⊆ U and PaVi ⊆ V \ Vi

is the parent of Vi. That is, vi ← fVi(paVi
,uVi) and F forms a mapping from U

to V. P (U) is the probability function over the domain of U. With SCM, one
can perform interventions to find causes and effects and design a model that has
the capability of predicting the effect of interventions.

Definition 1 (Intervention and Causal Effects). Interventions are changes
made to a system to study the causal effect of a particular variable or treatment
on an outcome of interest. An SCM M induces a set of interventional distri-
butions over V, one for each intervention do(X = x) (short for do(x)), which
forces the value of variable X ⊆ V to be x. Then for each Y ⊆ V:

pM(y|do(x)) =
∑

{u|Yx(u)=y}

P (u). (1)

In words, an intervention forcing a set of variables X to take values x is
modeled by replacing the original mechanism fX for each X ∈ X with its cor-
responding value in x. The impact of the intervention x on an outcome variable
Y is called potential response Yx(u), which expresses causal effects and is the
solution for Y after evaluating: Fx := {fVi : Vi ∈ V \X} ∪ {fX ← x : X ∈ X}.

One possible strategy to estimate the underlying SCM of a task is using
its observational inputs and outputs. However, a critical issue is that causal
properties are provably impossible to recover solely from the joint distribution
over the input graphs and labels [24]. In this paper, we are inspired by the
emerging Neural Causal Model (NCM) [43], which is a special type of SCM that
is amenable to gradient descent-based optimization.
Neural Causal Model (NCM): A NCM [43] M̂(θ) over variables V with pa-
rameters θ = {θVi

;Vi ∈ V } is an SCM estimation as: M̂(θ) ≡ (Û,V, F̂ , P (Û)),
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where 1) Û ⊆ {ÛC;C ⊆ V}, with each Û associated with some subset of vari-
ables C ⊆ V, and Dom(Û) = [0, 1]; 2) F̂ = {f̂Vi

: Vi ∈ V}, with each
f̂Vi a neural network parameterized by θVi that maps ÛVi ∪ PaVi to Vi, and
ÛVi = {ÛC : Vi ∈ C}; 3) P (Û) : Û ∼ Unif(0, 1),∀Û ∈ Û.

[43] shows that NCM is proved to be as expressive as SCM, and hence
all NCMs are SCMs. However, expressiveness does not mean the learned NCM
model has the same empirical observations as the SCM model. To ensure equiva-
lence, there should be a necessary structural assumption on NCMs, called causal
structure consistency. More details are referred to [43] and Appendix B.

4 GNN Causal Explanation via NCMs

In this section, we propose our GNN causal explainer, CXGNN, for explaining
graph classification. Our explainer also utilizes the common observation that a
graph consists of a causal subgraph and a non-causal counterpart [7,19,20,32,38,
41]. The overview of CXGNN is shown in Figure 10 in Appendix and all proofs
are deferred to Appendix C.

4.1 Overview

Given a graph G = (V, E) and a ground truth or predicted label by a GNN
model, our causal explainer bases on causal learning and identifies the causal
explanatory subgraph (denoted as Γ ) that intrinsically yields the label.

Our CXGNN consists of three key steps: 1) define the causal structure G
for the graph G and the respective SCM M̂(G) (we call GNN-SCM) to enable
causal effect calculation via interventions; 2) However, directly calculating the
causal effect in real graphs is computationally challenging. We then construct
and train a family of parameterized GNN neural causal model M̂(G, θ)) (we call
GNN-NCM), a special type of GNN-SCM that is trainable. 3) We uncover the
causal explanatory subgraph (denoted as Γ ) based on the trained GNN-NCM
that best yields the graph label. Next, we will illustrate step-by-step in detail.

4.2 Causal Structure and Induced SCM on a Graph

In the context of causality, the problem of GNN explanation can be solved by
cause and effect identification among nodes and their connections in a graph. In-
terventions enable us to interpret the causal relation between nodes. To perform
interventions on a graph, one often needs to first define the causal structure for
this graph, which involves the observable and latent variables.
Observable and latent variables in a graph: Given a G = (V, E). For
each node v ∈ V, there are both known and unknown effects from other nodes
and edges on v, which we call observable variables (denoted as Vv) and latent
variables (denoted as Uv), respectively. With it, we define a congruent causal
structure for enabling the graphs to admit SCMs.
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Definition 2 (Causal structure of a graph). Consider a graph G = (V, E),
we define the causal structure G of G as a subgraph that centers on a reference
node v and accepts the SCM structure:

G(G) =
{
Vv = {yv} ∪ {yvi : vi ∈ N≤k(v)},Uv = {Uvi : vi ∈ N≤k(v)} ∪ {Uv,vi : ev,vi ∈ E}

}
,

(2)

where v is to be learnt (see Section 4.4), yvi is the node vi’s label, N≤k(v) means
nodes within the k-hop neighbors of v, Uvi is vi’s latent variable, called node
effect; and Uv,vi the edge ev,vi latent variable, called edge effect. In practice, we
can specify Uvi and Uv,vi as random variable, e.g., from a Gaussian distribution.

With a causal structure for a graph, we can build the corresponding SCM in
the following theorem:

Theorem 1 (GNN-SCM). For a GNN operating on a graph G, there exists
an SCM M(G) w.r.t. the causal structure G of the graph G.

Appendix A shows an example on how to compute the causal effects on a
toy graph via a SCM truth table.

4.3 GNN Neural Causal Model

In reality, it is computationally challenging to build a truth table for variables
in GNN-SCM and perform do-calculus computation due to the large number of
nodes/edges in real-world graphs. Such a challenge impedes the calculation of
causal effects. To address it, we are motivated by estimating the causal effect via
NCM (see Section 3). Specifically, Definition 6 in Appendix shows: to ensure the
equivalence between NCM and SCM, NCM is required to be G-constrained. How-
ever, the general G-constrained NCM cannot be directly applied in our setting.
To this end, we first define a customized G-constrained GNN-NCM as below:
Definition 3 (G-Constrained GNN-NCM (constructive)). Let GNN-SCM
M(G, θ) be induced from the causal structure G(G) on a graph G. Then GNN-
NCM M̂(G, θ) will be constructed based on the causal structure G(G).

This construction ensures that any inferences made by M̂NCM (G, θ) respect
the causal dependencies as captured by G(G). Note that M̂(G, θ) represents
a family of GNN-NCMs since the parameters θ of the neural networks are not
specified by the construction. Next, we propose a construction of a G-constrained
GNN-NCM, following Definition 3.
GNN Neural Causal Model Construction One should consider the sound
and complete structure of GNN-NCMs that are consistent with Definition 2.
Here, we define the general GNN-NCM structure as shown in below Equation 3,
which is an instantiation of Theorem 2.

M̂(G, θ) =


V := V(G)
Û := {Ûvi

, vi ∈ V(G}, P (Û) := {Ûvi
∼ Unif(0, 1)} ∪ {Tk,vi

∼ N (0, 1) : k ∈ {0, 1}}

f̂vi (ûvi
, ûvi,vj

) := arg max
k∈{0,1}

Tk,vi
+

{
log σ(ffvi (ûvi

, ûvi,vj
; θvi )) if k = 1

log(1 − σ(ffvi (ûvi
, ûvi,vj

; θvi ))) if k = 0,

F̂ := {f̂vi (ûvi
, ûvi,vj

)}

(3)
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Algorithm 1 GNN Neural Causal Model Training
Input: The causal structure G (including a reference node v, its within k-hop neighbors
N≤k(v), and set of latent variables Uv), node label yv
Output: An optimized GNN-NCM M̂(G, θ∗) for the causal structure G centered at v

1: Build the GNN-NCM M̂(G, θ) based on G and Eqn. 3
2: for each node vi ∈ N≤k(v) do
3: Calculate pM̂(G,θ)(yv | do(vi)) via Eqn. 4
4: end for
5: Calculate pM̂(G,θ)(yv) via Eqn. 5
6: Calculate the loss L(M̂(G, θ); v) via Eqn. 6
7: Minimize the loss to reach the GNN-NCM M̂(G, θ∗)

Theorem 2 (GNN-NCM). Given causal structure G of a graph G and the
underlying GNN-SCM M(G), there exists a G-constrained GNN-NCM M̂(G, θ)
that enables any inferences consistent with M(G).

In Equation 3, V are the nodes in the causal structure G(G); each Tvi is a
standard Gaussian random variable; each ffvi is a feed-forward neural network
on vi parameterized by θvi (note one requirement of ffvi is it could approximate
any continuous function), and σ is sigmoid activation function. The parameters
{θvi} are not yet specified and must be learned through training the NCM.
Training Neural Networks for GNN-NCMs We now compute the causal
effects on a target node v. Based on Definition 1 and the constructed GNN-
NCM M̂(G, θ) in Equation 3, the causal effect on v of an intervention do(vi)

(vi ∈ N1(v)) is pM̂(G,θ)(yv|do(vi)). This do-calculus then can be calculated as
the expected value of nodes and edges affects values for v shown below:

pM̂(G,θ)(yv | do(vi)) = Ep(ûv)

[ ∏
(v,vj)∈E(G)

f̂vi(ûvj , ûv,vj )
]

≈ 1

|N≤k(v)|
∑

vi∈N≤k(v)

∏
(v,vj)∈E(G)

f̂vi(ûvj , ûv,vj ). (4)

Then one can calculate the probability of the target node label yv as the expected
value of all the effects from the neighbor nodes on v:

pM̂(G,θ)(yv) = Ep(ûv)

[
f̂v
]
≈ 1

|N1(v)|
1

|Y|
∑
y∈Y

∑
vi∈N1(v)

pM̂(G,θ)(yv = y | do(vi)) (5)

The true GNN-SCM induces a causal structure that encodes constraints over
the interventional distributions. We now first investigate the feasibility of causal
inferences in the class of G-constrained GNN-NCMs. These models approximate
the likelihood of the observed data based on the graph’s latent variables. The
cross-entropy loss measures the discrepancy between the target node’s label pre-
diction and its true label. Inspired by [43], we define the GNN-NCM loss as:

L(M̂(G, θ); v) = −
∑
yv∈Y

yv log(p
M̂(G,θ)(yv)) (6)
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Algorithm 2 CXGNN: GNN Causal Explainer
Input: Graph G with label, and expressivity threshold δ
Output: Explanatory subgraph Γ

1: for each node v ∈ V(G) do
2: Build Gv based on the reference node v
3: Train the GNN-NCM M̂(Gv, θ

∗
v) via Alg. 1 and calculate the node expressivity

expv(M̂(Gv, θ
∗
v))

4: end for
5: Find v∗ = argmaxv∈V(G)expv(M̂(Gv, θ

∗
v));

6: Return the explanatory subgraph Γ induced by Gv∗

To train neural networks for GNN-NCMs, one should generate samples from
the GNN-SCM. If provided, it is the specific realization of the interventions.
Specifically, GNN-NCMs are trained on node effects ûvi and edge effects ûvi,vj

on the target node, as shown in Equation 3, and should specify f̂vi(ûvi , ûvi,vj ).
Then a model, denoted as θ∗, is achieved by minimizing the GNN-NCM loss:

θ∗ ∈ argmin
θ

L(M̂(G, θ); v) (7)

Details of training GNN-NCMs are shown in Algorithm 1. Basically, this algo-
rithm takes the causal structure G with respect to a reference node v as input
and returns an optimized GNN-NCM model M̂(G, θ∗).

4.4 Realizing GNN Causal Explanation

The remaining question is: how to find the causal explanatory subgraph Γ from
a graph G to causally explain GNN predictions? The answer is using the trained
GNN-NCMs M̂(G, θ∗). Before that, the first step is to clarify a node’s role in
GNN-NCMs for explanation.

Theorem 3 (Node explainability). Let a prediction for a graph G be ex-
plained. A node v ∈ G is causally explainable, if pM̂(G(G),θ)(yv) can be computed.

The G-constrained GNN-NCM is trained on interventions and can interpret
the GNN predictions. Moreover, the information extracted from interventions
can be used for interpreting nodes. Specifically, we define expressivity to measure
the information for an explainable node.

Theorem 4 (Explainable node expressivity). An explainable node v has
expressivity defined as expv(M̂(G, θ)) =

∑
yv

yvp
M̂(G,θ)(yv).

In other words, the node expressivity reflects how well the node is in the
causal explanatory subgraph. Now we are ready to realize GNN causal explana-
tion based on learned GNN-NCMs. Given a graph G, we start from a random
node v, and build the causal structure G centered on v. By Algorithm 1, we can
reach an optimized GNN-NCM M̂(G, θ∗) and obtain the v’s expressivity.

We repeat this process for all nodes in the graph G and find the node v∗ with
the associated M̂(G, θ∗) yielding the highest expressivity expv∗(M̂(G, θ∗)). The
underlying subgraph of the causal structure centered by v∗ is then treated as
the causal explanatory subgraph Γ . Algorithm 2 describes the learning process.
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Table 1: Dataset statistics.

Avg. #nodes Avg. #edges #test graphs

BA+House 11.97 18.17 500
BA+Grid 15.96 24.20 500
BA+Cycle 10.0 10.5 500
Tree+House 12 13 500
Tree+Cycle 13 13.50 500
Tree+Grid 24 27 500
Benzene 20.48 21.73 100
Fluoride carbonyl 20.66 22.03 100

5 Experiments

5.1 Experimental Setup

Datasets: Following prior works [19, 46], we use six synthetic datasets, and
two real-world datasets with groundtruth explanation for evaluation. Dataset
statistics are shown in Table 1.

– Synthetic graphs: 1) BA+House: This graph stems from a base random
Barabási-Albert (BA) graph attached with a 5-node “house"-structured mo-
tif as the groundtruth explanation; 2) BA+Grid: This graph contains a
base random BA graph and is attached with a 9-node “grid" motif as the
groundtruth explanation; 3) BA+Cycle: A 6-node “cycle" motif is ap-
pended to randomly chosen nodes from the base BA graph. The “cycle" motif
is the groundtruth explanation; 4) Tree+House: The core of this graph is
a balanced binary tree. The 5-node “house" motif, as the groundtruth ex-
planation, is attached to random nodes from the base tree. 5) Tree+Grid:
Similarly, binary tree a the core graph and a 9-node “grid" motif as the
groundtruth explanation is attached; 6) Tree+Cycle: A 6-node “cycle"
motif, the groundtruth explanation, is appended to nodes from the binary
tree. The label of the synthetic graph is decided by the label of nodes in
the groundtruth explanation. Following existing works [19, 46], a node v’s
label yv is set to be 1 if v is in the groundtruth, and 0 otherwise. Hence, in
these graphs, the base graph acts as the non-causal subgraph that can cause
the spurious correlation, while the attached motif can be seen as the causal
subgraph, as it does not change across graphs and decides the graph label.

– Real-world graphs: We use two representative real-world graph datasets with
groundtruth [1]. 1) Benzene: it includes 12,000 molecular graphs extracted
from the ZINC15 [31] database and the task is to identify whether a given
molecule graph has a benzene ring or not. The groundtruth explanations
are the nodes (atoms) forming the benzene ring. 2) Fluoride carbonyl:
This dataset contains 8,671 molecular graphs with two classes: a positive
class means a molecule graph contains a fluoride (F-) and a carbonyl (C=O)
functional group. The groundtruth explanation consists of combinations of
fluoride atoms and carbonyl functional groups within a given molecule.
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Models and parameter setting: In CXGNN, we use a feedforward neural
network to parameterize GNN-NCM. The neural network consists of an input
layer, two fully connected hidden layers, and an output layer. ReLU activation
functions is used in all hidden layers, while a softmax activation function is ap-
plied to the output layer. The input to the network is the target node v’s node
effects and edge effects (see Equation 2), whose values are sampled from a stan-
dard Gaussian distribution, and the output is the predicted causal effect on v.
The detailed hyperparameters are shown in Appendix D.1. The hyperparameters
in the compared GNN explainers are optimized based on their source code.
Baseline GNN explainers: We compare CXGNN with both association-based
and causality-inspired GNN explainers. We choose 4 representative ones: gradient-
based Guidedbp [12], perturbation-based GNNExplainer [46], surrogate-based
PGMExplainer [33], and causality-inspired GEM [19], RCExplainer [38], and
OrphicX [20]. We use the public source code of these explainers for comparison.
The causality-inspired explainers are inspired by causality concepts to infer the
explanatory subgraph, but they inherently do not provide causal explanations.
Evaluation metrics: Given a set of testing graphs G. For each test graph
G ∈ G, we let its groundtruth explanatory subgraph be ΓG and the estimated
explanatory subgraph by a GNN explainer be Γ . We use two common metrics,
i.e., graph explanation accuracy and explanation recall from the literature [1]. In
addition, to justify the superiority of our causal explainer, we introduce a third
metric groundtruth match accuracy, which is the most challenging one.

– Graph explanation accuracy: For a graph G, the graph explanation accu-
racy is defined as the fraction of nodes in the estimated explanatory subgraph
Γ that are contained in the groundtruth ΓG, i.e., |V (Γ ) ∩ V (ΓG)|/|V (ΓG)|.
We then report the average accuracy across all testing graphs.

– Graph explanation recall: Different GNN explainers output the estimated
explanatory subgraph with different node sizes. When two explainers output
the same number of nodes in ΓG, the one with a smaller node size should be
treated as having a better quality. To account for this, we use the explanation
recall metric that is defined as |V (Γ ) ∩ V (ΓG)|/|V (Γ )| for a given graph G.
We then report the average recall across all testing graphs.

– Groundtruth match accuracy: For a testing graph G, we count a 1 if the
estimated Γ and groundtruth ΓG exactly match, i.e., ΓG = Γ , and 0 other-
wise. In other words, the groundtruth match accuracy of all testing graphs
G is defined as

∑
G∈G 1[ΓG = Γ ]/|G|, where 1[·] is an indicator function.

5.2 Results on Synthetic Datasets

Comparison results: Table 2 shows the results of all the compared GNN ex-
plainers on the 6 synthetic datasets with 500 testing graphs and 3 metrics. We
have several observations. In terms of explanation accuracy, CXGNN performs
comparable or slightly worse than causality-inspired methods. This is because,
to ensure high accuracy, the estimated explanatory subgraph of these methods
should have a large size. This can be reflected by the explanation recall, where
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Table 2: Comparison results on the synthetic datasets. B.H.: BA+House; B.G.:
BA+Grid; B.C.: BA+Cycle; T.H.: Tree+House; T.G.: Tree+Grid; T.C.: Tree+Cycle.

Graph explanation accuracy (%)

B.H. B.G. B.C. T.H. T.C. T.G.
GNNExp. [46] 75.60 76.16 75.13 77.24 71.60 72.18
PGMExp. [33] 61.60 44.98 63.07 58.28 49.90 37.42
Guidedbp [12] 60.00 0.00 66.67 0.00 0.00 0.00
GEM [19] 98.2 88.19 97.91 96.23 95.51 86.96
RCExp. [38] 100.00 88.89 100.00 100.00 100.00 100.00
OrphicX [20] 88.00 89.00 55.65 96.20 100.00 99.93
CXGNN 100.0 100.00 83.33 100.0 82.67 100.00

Graph explanation recall (%)

B.H. B.G. B.C. T.H. T.C. T.G.
GNNExp. [46] 37.62 52.72 45.08 32.18 33.05 40.60
PGMExp. [33] 30.80 31.14 37.84 24.28 23.93 21.05
Guidedbp [12] 12.40 17.94 16.18 5.99 12.98 15.38
GEM [19] 39.18 50.86 45.40 38.75 34.65 41.20
RCExp. [38] 100.00 60.00 89.52 45.45 46.60 39.13
OrphicX [20] 98.08 97.71 60.00 41.38 59.22 40.61
CXGNN 100.0 60.55 90.00 61.67 68.15 49.05

Groundtruth match accuracy (%)

B.H. B.G. B.C. T.H. T.C. T.G.
GNNExp. [46] 0.20 2.20 2.20 0.80 0.40 0.20
PGMExp. [33] 1.00 0.00 0.00 3.80 0.00 0.00
Guidedbp [12] 1.00 0.6 0.6 0.6 0.2 0.6
GEM [19] 0.80 6.00 6.00 2.50 1.20 1.00
RCExp. [38] 100.00 0.00 49.60 0.00 0.00 0.00
OrphicX [20] 39.00 43.00 5.00 1.40 21.00 33.00
CXGNN 100.0 44.00 67.60 99.40 61.20 46.00

explanation recall is significantly reduced. Overall, the causality-inspired meth-
ods obtain higher accuracies than purely association-based methods.

More importantly, CXGNN drastically outperforms all the compared GNN
explainers in terms of groundtruth match. Such a big difference demonstrates all
the association-based and causality-inspired GNN explainers are insufficient to
uncover the exact groundtruth. The is due to existing GNN explainers inherently
learning from correlations among nodes/edges in the graph, and capturing spu-
rious correlations. Instead, our causal explainer CXGNN can do so much more
accurately. This verifies the causal explainer indeed can intrinsically uncover the
causal relation between the explanatory subgraph and the graph label.
Visualization results: Figure 1 visualizes the explanations results of some
testing graphs in the four synthetic datasets. We note that there are different
ways for the groundtruth subgraph to attach to the base synthetic graph. We
can see CXGNN’s output exactly matches the groundtruth in these cases, while
the existing GNN explainers cannot. One reason could be that existing GNN
explainers are sensitive to the spurious relation.
Loss curve: Figure 2 shows the loss curves to train our GNN-NCM on a set
of nodes, where some nodes are in the groundtruth and some are not from
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(a) BA+House (b) BA+Grid (c) BA+Cycle (d) Tree+House (e) Tree+Grid (f) Tree+Cycle

Fig. 1: Visualizing explanation results (subgraph containing the red nodes) by our
CXGNN on synthetic graphs.

Fig. 2: Loss curves of training the GNN-NCMs on the groundtruth nodes (green curves)
and non-groundtruth ones (red curves) on two random chosen graphs from BA+House.
More examples in other datasets are shown in Appendix D.

Fig. 3: Node expressivity distributions on two unsuccessful graphs from BA+Cycle.
Green bars correspond to nodes that are in the groundtruth, while red bars correspond
to nodes that are not. More examples in other datasets are shown in Appendix D.

BA+House. We can see the loss decreases stably for groundtruth nodes, while
the loss for nodes not from the groundtruth are relatively high. This reflects
our designed GNN-NCM makes it easier to learn groundtruth nodes. That being
said, CXGNN indeed tends to find the causal subgraph.
Node expressivity distribution: We notice CXGNN still misses finding the
groundtruth explanatory subgraph for some graphs. One possible reason could
be that, theoretically, our GNN-SCM can always uncover the causal subgraph,
but practically, it is challenging to train the optimal one. Here, we randomly
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Table 3: Comprehensive comparison results on the real-world datasets.

Exp. Acc. (%) Exp. Recall (%) GT Match Acc. (%)
Method Benzene F.C. Benzene F.C. Benzene F.C.

GNNExp. [46] 66.05 44.44 18.88 14.42 0.00 0.00
PGMExp. [33] 33.33 17.78 7.51 4.98 0.00 0.00
Guidedbp [12] 0.00 0.00 9.06 8.00 0.00 0.00
GEM [19] 71.98 46.22 19.80 14.57 0.00 0.00
RCExp. [38] 0.20 0.05 10.85 2.01 0.00 0.00
OrphicX [20] 47.63 11.14 30.31 10.01 3.40 5.50
CXGNN 73.46 66.67 21.35 16.43 66.67 75.00

Fig. 4: Explanation results (subgraph containing the yellow nodes) by our CXGNN on
real-world graphs. The left and right two graphs are in Benzene and F.C., respectively.

Fig. 5: Loss curves of training the GNN-NCMs on the groundtruth nodes (green curves)
and non-groundtruth ones (red curves) on two graphs from the two real-world datasets,
respectively. More examples are shown in Appendix D.

select 2 such unsuccessful graphs in BA+Cycle and plot their distributions on
the node expressivity in Figure 3. We observe that, though the groundtruth
nodes are not always having the best expressivity, they are still at the top.

5.3 Results on Real-World Datasets

Comparison results: Table 3 shows the results of all the compared explainers
on the real-world datasets and three metrics. We have similar observations as
those in Table 2. Especially, no existing explainers can even find one exactly
matched groundtruth. Particularly, the explanation subgraphs produced by the
two causality-inspired baselines can cover the majority or almost all groundtruth
in synthetic datasets (hence high accuracy), and the sizes of the explanation sub-
graphs are slightly larger than those of the groundtruth (hence relatively large
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Fig. 6: Node expressivity distributions on two unsuccessful graphs from the real-world
datasets, respectively. Green bars correspond to nodes that are in the groundtruth,
while red bars correspond to nodes that are not. More examples are in Appendix D.

recall). However, the causality-inspired baselines are not good at exactly match-
ing the groundtruth, i.e., groundtruth match accuracy is low overall. Note also
that the exact match of CXGNN is also largely reduced (about 30%). One possi-
ble reason is that the groundtruth explanation in real-world graphs is not easy to
define or even inaccurate. For instance, in MUTAG, both NO2 and NH2 motifs
are considered as the "mutagenic" groundtruth in the literature. However, [19]
found 32% of non-mutagenic graphs contain NO2 or NH2, implying inaccurate
groundtruth. Here, we propose to also use an approximate groundtruth match
accuracy, where we require the estimated subgraph to be a subset and its size is
no less than 60% of the groundtruth. With this new alternative metric, its value
is much larger (i.e., 67% and 75%) on the two datasets.
Visualization results: Figure 4 visualizes the explanation results of some
graphs in the real-world datasets. We observe the explanatory subgraphs found
by CXGNN approximately/exactly match the groundtruth.
Loss curve: Figure 5 shows the loss curves to train our GNN-NCM on a set of
groundtruth and non-groundtruth ones. Similarly, the loss decreases stably for
groundtruth nodes, while not for non-groundtruth ones. Again, this implies our
GNN-NCM tends to find the causal subgraph.
Node expressivity distribution: We randomly select some unsuccessful graphs
in real-world datasets and plot their distributions on the node expressivity in
Figure 6. Still, though the groundtruth nodes do not always achieve the best
expressivity, they are at the top.

6 Conclusion

GNN explanation, i.e., identifying the informative subgraph that ensures a GNN
makes a particular prediction for a graph, is an important research problem.
Though various GNN explainers have been proposed, they are shown to be prone
to spurious correlations. We propose a causal GNN explainer based on the fact
that a graph often consists of a causal subgraph and fulfills the goal via causal
inference. We then propose to train GNN neural causal models to uncover the
causal explanatory subgraph. In future work, we will study the robustness of our
CXGNN under the adversarial graph perturbation attacks [17,22,34–37,45].
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