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ABSTRACT

Graph neural networks (GNNs) find applications in various domains
such as computational biology, natural language processing, and
computer security. Owing to their popularity, there is an increasing
need to explain GNN predictions since GNNs are black-boxmachine
learning models. One way to address this is counterfactual reason-
ing where the objective is to change the GNN prediction by minimal
changes in the input graph. Existing methods for counterfactual
explanation of GNNs are limited to instance-specific local reason-
ing. This approach has two major limitations of not being able
to offer global recourse policies and overloading human cognitive
ability with too much information. In this work, we study the global
explainability of GNNs through global counterfactual reasoning.
Specifically, we want to find a small set of representative counter-
factual graphs that explains all input graphs. Towards this goal,
we propose GCFExplainer, a novel algorithm powered by vertex-
reinforced random walks on an edit map of graphs with a greedy
summary. Extensive experiments on real graph datasets show that
the global explanation from GCFExplainer provides important
high-level insights of the model behavior and achieves a 46.9%

gain in recourse coverage and a 9.5% reduction in recourse cost
compared to the state-of-the-art local counterfactual explainers.
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1 INTRODUCTION

Graph Neural Networks (GNNs) [7, 13, 14, 31, 35, 36] are being used
in many domains such as drug discovery [10], chip design [21],
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(b) Formic acid

Figure 1: Formaldehyde (a) is classified by a GNN to be an

undesired mutagenic molecule with its important subgraph

found by factual reasoning highlighted in red. Formic acid

(b) is its non-mutagenic counterfactual example obtained

by removing one edge and adding one node and two edges.

recommendation engines [40], and rare event prediction [15]. Tak-
ing the graph(s) as input, GNNs are trained to perform various
downstream tasks that form the core of various real-world applica-
tions. For example, graph classification has been applied to predict
whether a drug would exhibit the desired chemical activity [10].
Similarly, node prediction is used to predict the functionality of
proteins in protein-protein interaction networks [4] and categorize
users into roles on social networks [38].

Despite the impressive success of GNNs on predictive tasks,
GNNs are black-box machine learning models. It is non-trivial to
explain or reason why a particular prediction is made by a GNN.
Explainability of a prediction model is important to understand its
shortcomings and identify areas for improvement. In addition, the
ability to explain a model is critical towards making it trustworthy.
Owing to this limitation of GNNs, there has been significant efforts
in recent times towards explanation approaches.

Existing work on explaining GNN predictions can be categorized
mainly in two directions: 1) factual reasoning [18, 33, 39, 41], and
2) counterfactual reasoning [1, 2, 17, 30]. Generally speaking, the
methods in the first category aim to find an important subgraph that
correlates most with the underlying GNN prediction. In contrast,
the methods with counterfactual reasoning attempt to identify the
smallest amount of perturbation on the input graph that changes the
GNN’s prediction, for example, removal/addition of edges or nodes.

Compared to factual reasoning, counterfactual explainers have
the additional advantage of providing the means for recourse [32].
For example, in the applications of drug discovery [10, 37], muta-
genicity is an adverse property of a molecule that hampers its poten-
tial to become a marketable drug [11]. In Figure 1, formaldehyde is
classified by aGNN to bemutagenic. Factual explainers can attribute
the subgraph containing the carbon-hydrogen bond to the cause of
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mutagenicity, while counterfactual explainers provide an effective
way (i.e., a recourse) to turn formaldehyde into formic acid, which
is non-mutagenic, by replacing a hydrogen atom with a hydroxyl.

In this work, we focus on counterfactual explanations. Our work
is based on the observation that existing counterfactual explain-
ers [18, 33, 39, 41] for graphs take a local perspective, generating
counterfactual examples for individual input graphs. However, this
approach has two key limitations:
• Lack of global insights: It is desirable to offer insights that
generalize across a multitude of data graphs. For example, in-
stead of providing formic acid as a counterfactual example to
formaldehyde, we can summarize global recourse rules such as
“Given any molecule with a carbonyl group (carbon-oxygen double
bond), it needs a hydroxy to be non-mutagenic”. This focus on
global counterfactual explanation promises to provide higher-
level insights that are complementary to those obtained from
local counterfactual explanations.
• Information overload: The primary motivation behind coun-
terfactual analysis is to provide human-intelligible explanations.
With this objective, consider real-world graph datasets that rou-
tinely contain thousands to millions of graphs. Owing to instance-
specific counterfactual explanations, the number of counterfac-
tual graphs grows linearly with the graph dataset size. Conse-
quently, the sheer volume of counterfactual graphs overloads
human cognitive ability to process this information. Hence, the
initial motivation of providing human-intelligible insights is lost
if one does not obtain a holistic view of the counterfactual graphs.

Contributions: In this paper, we study the problem of model-
agnostic, global counterfactual explanations of GNNs for graph
classification. More specifically, given a graph dataset, our goal is
to counterfactually explain the largest number of input graphs with
a small number of counterfactuals. As we will demonstrate later
in our experiments, this formulation naturally forces us to remove
redundancy from instance-specific counterfactual explanations and
hence has higher information density. Algorithmically, the pro-
posed problem introduces new challenges. We theoretically estab-
lish that the proposed problem is NP-hard. Furthermore, the space
of all possible counterfactual graphs itself is exponential. Our work
overcomes these challenges and makes the following contributions:
• Novel formulation: We formulate the novel problem of global
counterfactual reasoning/explanation of GNNs for graph classifi-
cation. In contrast to existing works on counterfactual reasoning
that only generate instance-specific examples, we provide an
explanation on the global behavior of the model.
• Algorithm design: While the problem is NP-hard, we propose
GCFExplainer, which organizes the exponential search space as
an edit map. We then perform vertex-reinforced random walks on
it to generate diverse, representative counterfactual candidates,
which are greedily summarized as the global explanation.
• Experiments:We conduct extensive experiments on real-world
datasets to validate the effectiveness of the proposed method.
Results show that GCFExplainer not only provides important
high-level insights on the model behavior but also outperforms
state-of-the-art baselines related to counterfactual reasoning in
various recourse quality metrics.

Node/edge addition

Node/edge 
removal Node label change

Figure 2: Edits between graphs.

2 GLOBAL COUNTERFACTUAL

EXPLANATIONS

This section introduces the global counterfactual explanation (GCE)
problem for graph classification.We start with the background on lo-
cal counterfactual reasoning. Then, we propose a representation of
the global recourse rule that provides a high-level counterfactual un-
derstanding of the classifier behavior. Finally, we introduce quality
measures for recourse rules and formally define the GCE problem.

2.1 Local Counterfactual

Consider a graph𝐺 = (𝑉 , 𝐸), where𝑉 and 𝐸 are the sets of (labelled)
nodes and edges respectively. A (binary) graph classifier (e.g., a
GNN) 𝜙 classifies𝐺 into either the undesired class (𝜙 (𝐺) = 0) or the
desired one (𝜙 (𝐺) = 1). An explanation of 𝜙 seeks to answer how
these predictions are made. Those based on factual reasoning ana-
lyze what properties𝐺 possesses to be classified in the current class
while those based on counterfactual reasoning find what properties
𝐺 needs to be assigned to the opposite class.

Existing counterfactual explanation methods take a local per-
spective. Specifically, for each input graph 𝐺 , they find a counter-
factual (graph) 𝐶 that is somewhat similar to 𝐺 but is assigned
to a different class. Without loss of generality, let 𝐺 belong to the
undesired class, i.e., 𝜙 (𝐺) = 0, then the counterfactual 𝐶 satisfies
𝜙 (𝐶) = 1. The similarity between 𝐶 and 𝐺 is quantified by a prede-
fined distance metric 𝑑 , for example, the number of added/removed
edges [2, 17].

In our work, we consider the graph edit distance (GED) [27], a
more general distance measure, as the distance function to account
for other types of changes. Specifically, GED(𝐺1,𝐺2) counts the
minimum number of “edits” to convert 𝐺1 to 𝐺2. An “edit” can be
the addition or removal of edges and nodes, or change of node
labels (see Figure 2). Moreover, to account for graphs of different
sizes, we normalize the GED by the sizes of graphs: �GED(𝐺1,𝐺2) =
GED(𝐺1,𝐺2)/(|𝑉1 | + |𝑉2 | + |𝐸1 | + |𝐸2 |). Nonetheless, our method
can be applied with other graph distance metrics, such as those
based on graph kernels (e.g., RW [3], NSPDG [5], WL [29]).

The distance function measures the quality of the counterfactual
found by the explanationmodel. Ideally, the counterfactual𝐶 should
be very close to the input graph 𝐺 while belonging to a different
class. Formally, we define the counterfactuals that are within a
certain distance 𝜃 from the input graph as close counterfactuals.

Definition 1 (Close Counterfactual). Given the GNN clas-
sifier 𝜙 , distance parameter 𝜃 , and an input graph 𝐺 with undesired
outcome, i.e., 𝜙 (𝐺) = 0; a counterfactual graph, 𝐶 , is a close counter-
factual of 𝐺 when 𝜙 (𝐶) = 1 and 𝑑 (𝐺,𝐶) ≤ 𝜃 .
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While the (close) counterfactual 𝐶 found by existing methods
explains the classifier behavior for the corresponding input graph
𝐺 , it is hard to generalize to understand the global pattern. Next,
we introduce the global recourse rule that provides a high-level
summary of the classifier behavior across different input graphs.

2.2 Global Recourse Representation

The global counterfactual explanation requires a global recourse
rule 𝑟 . Specifically, for any (undesired) input graph𝐺 with𝜙 (𝐺) = 0,
𝑟 provides a (close) counterfactual (i.e., a recourse) for𝐺 : 𝜙 (𝑟 (𝐺)) =
1. While both a recourse rule and a local counterfactual explainer
find a counterfactual given an input graph, their goals are different.
The goal of the local counterfactual explainer is to find the best
(closest) counterfactual possible for each input graph, and therefore,
𝑟 can be very complicated, e.g., in the form of an optimization
algorithm [2, 30]. On the other hand, a recourse rule aims to provide
an explanation of the classifier’s global behavior, which requires
a simpler form that is understandable for domain experts without
prior knowledge of deep learning on graphs.

Existing global recourse rules for classifiers with feature vectors
as input take the form of short decision trees [25]. However, this is
hard to be generalized to graph data with rich structure information.
Instead, we propose the representation of a global recourse rule for
a graph classifier to be a collection of counterfactual graphsC in the
desired class that are diverse and representative enough to capture its
global behavior. This representation does not require any additional
knowledge for domain experts to understand and draw insights
from, similar to the local counterfactual examples. It is also easy to
find the local counterfactual for a given input graph 𝐺 based on C
by nominating the closest graph in C: 𝑟 (𝐺) = argmin𝐶∈C 𝑑 (𝐺,𝐶).

2.3 Quantifying Recourse Quality

Given a graph classifier 𝜙 and a set of 𝑛 input graphs G in the un-
desired class, we want to compare the quality of different recourse
representations C. Similar to the quality metrics introduced for
vector data [25], we aim to account for the following factors:
(1) Coverage: Like local counterfactual explainers, we want to en-

sure that counterfactuals found for individual input graphs are
of high quality. Specifically, we introduce recourse coverage—
the proportion of input graphs that have close counterfactuals
from C under a given distance threshold 𝜃 :

coverage(C) = |{𝐺 ∈ G | min
𝐶∈C
{𝑑 (𝐺,𝐶)} ≤ 𝜃 }|/|G|

(2) Cost: Another quality metric based on local counterfactual
quality is the recourse cost (i.e., the distance between the input
graph and its counterfactual) across the input graphs:

cost(C) = agg
𝐺 ∈G
{min
𝐶∈C
{𝑑 (𝐺,𝐶)}}

where agg is an aggregation function, e.g., mean or median.
(3) Interpretability: Finally, the recourse rule should be easy (small)

enough for human cognition. We quantify the interpretability
as the size of recourse representation:

size(C) = |C|

2.4 Problem Formulation and Characterization

An ideal recourse representation should maximize the coverage
while minimizing the cost and the size. Formally, we define the
global counterfactual explanation problem as follows:

Problem 1 (Global Counterfactual Explanation forGraph
Classification (GCE)). Given a GNN graph classifier 𝜙 that clas-
sifies 𝑛 input graphs G to the undesired class 0 and a budget 𝑘 ≪ 𝑛,
our goal is to find the best recourse representation C that maximizes
the recourse coverage with size 𝑘 :

max
C

coverage(C) s.t. size(C) = 𝑘

We note that in our problem formulation only coverage and size
are explicitly accounted for, whereas cost is absent. We make this
design choice since cost and coverage are intrinsically opposing
forces. Specifically, if we are willing to allow a high cost, coverage
increases since we allow for higher individual distances between an
input graph and its counterfactual. Therefore, we take the approach
of binding the cost to the distance threshold 𝜃 in the coverage defini-
tion. Nonetheless, an explicit analysis of all these metrics including
cost is performed to quantify recourse quality during our empirical
evaluation in Section 4. Below we discuss the hardness of GCE.

Theorem 1 (NP-hardness). The GCE problem is NP-hard.

Proof. To establish NP-hardness of the proposed problem we
reduce it from the classical Maximum Coverage problem.

Definition 2 (Maximum Coverage). Given a budget 𝑘 and
a collection of subsets S = {𝑆1, · · · , 𝑆𝑚} from a universe of items
𝑈 = {𝑢1, · · · , 𝑢𝑛}, find a subset 𝑆 ′ ⊆ S of sets such that |𝑆 ′ | ≤ 𝑘

and the number of covered elements is maximized, i.e., maximize
|⋃∀𝑆𝑖 ∈𝑆′ 𝑆𝑖 |.

We show that given any instance of a maximum coverage prob-
lem ⟨S,𝑈 ⟩, it can be mapped to the GCE problem. Specifically, we
assume that each element𝑢𝑖 in𝑈 corresponds to an input undesired
graph 𝐺𝑖 . For 𝑢𝑖 , assume a (star) graph with a center node with
empty label and 𝑛 nodes with empty labels except the node at 𝑖-th
position that has label𝑢𝑖 . For 𝑆𝑖 , assume similar graph with a center
node with blank label and nodes with labels with the elements in
𝑆𝑖 in their corresponding positions. The edit operations that are
allowed are either making a node label blank or add a new label in
their position and but not both. So, each 𝑆𝑖 corresponds to a𝐶𝑖 ∈ C
and 𝑑 (𝐺 𝑗 ,𝐶𝑖 ) ≤ 𝜃 }| iff 𝑢 𝑗 ∈ 𝑆𝑖 where 𝜃 is assumed large enough.
Note that with this construction, it is easy to see that an optimal solu-
tion for this instance of the GCE problem is the optimal solution for
the corresponding instance of the maximum coverage problem. □

Owing to NP-hardness, it is not feasible to identify the optimal
solution for the GCE problem in polynomial time. In the next sec-
tion, we will introduce GCFExplainer, an effective and efficient
heuristic that solves the GCE problem.

3 PROPOSED METHOD: GCFEXPLAINER

In this section, we propose GCFExplainer, the first global counter-
factual explainer for graph classification. The GCE problem requires
us to find a collection of 𝑘 counterfactual graphs that maximize the
coverage of the input graphs. Intuitively, we want each individual
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counterfactual graph to be a close counterfactual to (i.e., “cover”) as
many input graphs as possible. Additionally, different counterfac-
tual graphs should cover different sets of input graphs to maximize
the overall coverage. These intuitions motivate the design of our
algorithm GCFExplainer, which has three major components:
(1) Structuring the search space: The search space of counter-

factual graphs consists of all graphs that are in the same domain
as the input graphs and within a distance of 𝜃 . In other words,
any graph within a distance of 𝜃 from an input graph may be
a potential counterfactual candidate and therefore needs to be
analyzed. The number of potential graphs within 𝜃 increases
exponentially with 𝜃 since the space of graph edits is combina-
torial [16]. GCFExplainer uses an edit map to organize these
graphs as a meta-graph G, where individual nodes are graphs
that are created via a different number of edits from the input
graphs and each edge represents a single edit.

(2) Vertex-reinforced randomwalk: To search for good counter-
factual candidates, GCFExplainer leverages vertex-reinforced
random walks (VRRW) [23] on the edit map G. VRRW has the
nice property of converging to a set of nodes that are both
important (i.e., cover many input graphs) and diverse (i.e., non-
overlapping coverage), which will form a small set of counter-
factual candidates for further processing.

(3) Iterative computation of the summary:After obtaining good
counterfactual candidates from VRRW, GCFExplainer creates
the final set of the counterfactual graphs (i.e., the summary)
as the recourse representation by iteratively adding the best
candidate based on the maximal gain of the coverage given the
already added candidates.

3.1 Structuring the Search Space

The search space for counterfactual graphs in GCFExplainer is
organized via an edit map G. The edit map is a meta-graph whose
nodes are graphs in the same domain as the input graphs and edges
connect graphs that differ by a single graph edit. As an example,
each graph in Figure 2 represents a node in the edit map, and the
arrows denote edges between graphs (nodes) that are one edit away.
In the edit map, we only include connected graphs since real graphs
of interest are often connected (e.g., molecules, proteins, etc.).

While all potential counterfactual candidates are included as
its nodes, the edit map has an exponential size and it is computa-
tionally prohibitive to fully explore it. However, a key observation
is that a counterfactual candidate can only be a few hops away
from some input graph. Otherwise, the graph distance between the
counterfactual and the input graph would be too large for the coun-
terfactual to cover it. This observation motivates our exploration of
the edit map to be focused on the union of close neighborhoods of
the input graphs (see Section 3.2.3). Additionally, while we cannot
compute the entire edit map, it is easy to chart the close neighbor-
hoods by iteratively performing all possible edits from the input
graphs. Next, we introduce the vertex-reinforced random walk to
efficiently explore the edit map to find counterfactual candidates.

3.2 Vertex-Reinforced RandomWalk

Vertex-reinforced random walk (VRRW) [23] is a time-variant
random walk. Different from other more widely applied random

walk processes such as the simple random walk and the PageRank
[8, 9, 14, 24], the transition probability 𝑝 (𝑢, 𝑣) of VRRW from node
𝑢 to node 𝑣 depends not only on the edge weight𝑤 (𝑢, 𝑣) but also
the number of previous visits in the walk to the target node 𝑣 , which
we denote using 𝑁 (𝑣). Specifically,

𝑝 (𝑢, 𝑣) ∝ 𝑤 (𝑢, 𝑣)𝑁 (𝑣) (1)

GCFExplainer applies VRRW on the edit map and produces 𝑛
most frequently visited nodes in thewalk as the set of counterfactual
candidates S. Next, we formalize VRRW in our setting and explain
how it surfaces good counterfactual candidates for GCE.

3.2.1 Vertex-reinforcement. Our main motivation for using VRRW
to explore the edit map instead of other random walk processes
is that VRRW converges to a diverse and representative set of
nodes [19, 22] in different regions of the edit map. In this way, the
frequently visited nodes in instances of VRRW have the potential
to be good counterfactual candidates as they would cover a diverse
set of input graphs in the edit map. The reason behind the diversity
of the highly visited nodes is the previous visit count 𝑁 (𝑣) in the
transition probability. Specifically, nodes with larger visit counts
tend to be visited more often later (“richer gets richer”), and thereby
dominating all other nodes in their neighborhood. This leads to a
bunch of highly visited nodes to “represent” each region of the edit
map. We refer the readers to [19] for details on the mathematical
basis and the theoretical correctness of this property. Moreover, as
our goal is to find counterfactual candidates, we only reinforce (i.e.,
increase the visit counts of) graphs in the counterfactual class.

3.2.2 Importance function. While the vertex-reinforcement mech-
anism ensures diversity of the highly visited nodes, we still need
to guide the walker to visit graphs that are good counterfactual
candidates. We achieve this by assigning large edge weight𝑤 (𝑢, 𝑣)
to good counterfactual candidates via an importance function 𝐼 (𝑣):

𝑤 (𝑢, 𝑣) = 𝐼 (𝑣) (2)

The importance function 𝐼 (𝑣) should capture the quality of a graph
𝑣 as a counterfactual candidate. It has the following components:
(1) Counterfactual probability 𝑝𝜙 (𝑣). The graph classifier𝜙 predicts

a probability for 𝑣 to be in the counterfactual class (𝜙 (𝑣) = 1).
By using it as part of the importance function, the walker is
encouraged to visit regions with rich counterfactual graphs.

(2) Individual coverage coverage({𝑣}). The individual coverage
of a graph 𝑣 computes the proportion of input graphs that are
close to 𝑣 . This encourages the walker to visit graphs that cover
a large number of input graphs.

(3) Gain of coverage gain(𝑣 ;S). Given a graph 𝑣 and the current
set of counterfactual candidates S (i.e., the 𝑛 most frequently
visited nodes), we can compute the gain between the current
coverage and the coverage after adding 𝑣 to S:

gain(𝑣 ;S) = coverage(S ∪ {𝑣}) − coverage(S)
This guides the walker to find graphs that complement the cur-
rent counterfactual candidates to cover additional input graphs.

The importance function is a combination of these components:

𝐼 (𝑣) = 𝑝𝜙 (𝑣) (𝛼 coverage({𝑣}) + (1 − 𝛼) gain(𝑣 ;S)) (3)

where 𝛼 is a hyperparameter between 0 and 1. With the above
importance function, the VRRW in GCFExplainer converges to a

4
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set of diverse nodes that have high counterfactual probability and
collectively cover a large number of input graphs.

3.2.3 Dynamic teleportation. The last component of VRRW, tele-
portation, is to help us manage the exponential search space of the
edit map. Since our goal is to find close counterfactuals to the input
graphs, the walker only needs to explore the nearby regions of the
input graphs. Therefore, we start the walk from the input graphs,
and also at each step, let the walker teleport back (i.e. transit) to a
random input graph with probability 𝜏 .

To decide which input graph to teleport to, we adopt a dynamic
probability distribution based on the current counterfactual candi-
date set S. Specifically, let 𝑔(𝐺) = |{𝑣 ∈ S | 𝑑 (𝑣,𝐺) ≤ 𝜃 and 𝜙 (𝑣) =
1}| be the number of close counterfactuals in S covering an input
graph 𝐺 . Then the probability to teleport to 𝐺 is

𝑝𝜏 (𝐺) =
exp(−𝑔(𝐺))∑

𝐺′∈G exp(−𝑔(𝐺 ′))
(4)

This dynamic teleportation favors input graphs that are not well
covered by the current solution set and encourages the walker to
explore nearby counterfactuals to cover them after teleportation.

3.3 Iterative Computation of the Summary

We have applied VRRW to generate a good set of 𝑛 counterfac-
tual candidates S. In the last step of GCFExplainer, we aim to
further refine the candidate set and create the final recourse rep-
resentation (i.e., the summary) with 𝑘 counterfactual graphs. This
summarization problem is also NP-hard and we propose to build C
in an iterative and greedy manner from S.

Specifically, we start with an empty solution set C0. Then, for
each iteration 𝑡 , we add the graph 𝑣 to C𝑡 with the maximal gain
of coverage gain(𝑣 ;C𝑡 ). This is repeated 𝑘 times to get the final
recourse representation C with 𝑘 graphs. It is easy to show that the
summarization problem is submodular and therefore, our greedy
algorithm provides (1 − 1/𝑒)-approximation.

Notice that the greedy algorithm can also be applied to the
local counterfactuals found by existing methods to generate a GCE
solution. Here, we highlight three advantages of GCFExplainer:
(1) Existing local counterfactual explainers [1, 2, 17, 30] are only

able to generate counterfactuals based on one type of graph
edits—edge removal, whileGCFExplainer incorporates all types
of edits to include a richer set of counterfactual candidates.

(2) The set of counterfactual candidates from GCFExplainer is
generated with the GCE objective in mind, while the local coun-
terfactuals from existing methods are optimized for individual
input graphs. Therefore, they may not be good candidates to
capture the global behavior of the classifier.

(3) It is easy to incorporate domain constraints (e.g., the valence
of chemical bonds) into GCFExplainer by pruning the neigh-
borhood of the edit map, while existing methods based on opti-
mization require non-trivial efforts to customize.

We will empirically demonstrate the superiority of GCFExplainer
to this two-stage approach with state-of-the-art local counterfactual
explanation methods in our experiments in Section 4.2.

Algorithm 1 GCFExplainer(𝜙 , G)
1: 𝐺 ← random input graph from G, 𝑁 (𝐺) ← 1, S = {𝐺 }
2: for 𝑖 ∈ 1 : 𝑀 do

3: Let 𝜖 ∼ 𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖 (𝜏)
4: if 𝜖 = 0 then
5: for 𝑣 ∈ 𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠 (𝐺) do
6: Compute 𝐼 (𝑣) based on Equation 3
7: Compute 𝑝 (𝐺, 𝑣) based on Equation 1
8: 𝑣 ← random neighbor of𝐺 based on 𝑝 (𝐺, 𝑣)
9: else

10: 𝑣 ← random input graph from G based on Equation 4
11: if 𝜙 (𝑣) = 1 then
12: if 𝑣 ∈ S then
13: 𝑁 (𝑣) ← 𝑁 (𝑣) + 1
14: else

15: S← S + {𝑣 }, 𝑁 (𝑣) ← 1
16: 𝐺 ← 𝑣

17: S← top 𝑛 frequently visited counterfactuals in S
18: C← ∅
19: for 𝑡 ∈ 1 : 𝑘 do

20: 𝑣 ← argmax𝑣∈S gain(𝑣;C)
21: C← C + {𝑣 }
22: return C

Pseudocode and complexity: The pseudocode of GCFExplainer
is presented in Algorithm 1. Line 1-16 summarizes the VRRW com-
ponent of GCFExplainer. Specifically, Line 3-10 determines the
next graph to visit based on VRRW transition probabilities and
dynamic teleportation, and Line 11-16 update the visit counts and
the set of counterfactual candidates. The iterative computation of
the counterfactual summary is described in Line 17-21. The overall
complexity of GCFExplainer is𝑂 (𝑀ℎ𝑛+𝑘𝑛), where𝑀 is the num-
ber of iterations for the VRRW, ℎ is the average node degree in the
meta-graph, 𝑛 is the number of input graphs, and 𝑘 is the size of
the global counterfactual representation. In practice, we store the
computed transition probabilities with a space-saving algorithm
[20] to improve the running time of GCFExplainer.

4 EXPERIMENTS

We provide empirical results for the proposed GCFExplanier along
with baselines on commonly used graph classification datasets. Our
code is available at https://github.com/mertkosan/GCFExplainer.

Table 1: The statistics of the datasets.

NCI1 Mutagenicity AIDS Proteins

#Graphs 3978 4308 1837 1113
#Nodes 118714 130719 28905 43471
#Edges 128663 132707 29985 81044

#Node Labels 10 10 9 3

4.1 Experimental Settings

4.1.1 Datasets. We use four different real-world datasets for graph
classification benchmark with their statistics in Table 1. Specifically,
NCI1 [34], Mutagenicity [11, 26], and AIDS [26] are collections
of molecules with nodes representing different atoms and edges
representing chemical bonds between them. The molecules are
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Table 2: Recourse coverage (𝜃 = 0.1) andmedian recourse cost comparison betweenGCFExplainer and baselines for a 10-graph

global explanation. GCFExplainer consistently and significantly outperforms all baselines across different datasets.

NCI1 Mutagenicity AIDS Proteins

Coverage Cost Coverage Cost Coverage Cost Coverage Cost

Ground-Truth 16.54% 0.1326 28.96% 0.1275 0.41% 0.2012 8.47% 0.2155
RCExplainer 15.22% 0.1370 31.99% 0.1290 8.96% 0.1531 8.74% 0.2283

CFF 17.61% 0.1331 30.43% 0.1327 3.39% 0.1669 3.83% 0.2557
GCFExplainer 27.85% 0.1281 37.08% 0.1135 14.66% 0.1516 10.93% 0.1856
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Figure 3: Coverage and cost performance comparison betweenGCFExplainer and baselines based on different counterfactual

summary sizes. GCFExplainer consistently outperforms the baselines across different sizes.

classified by whether they are anticancer, mutagenic, and active
against HIV, respectively. Proteins [4, 6] is a collection of proteins
classified into enzymes and non-enzymes, with nodes representing
secondary structure elements and edges representing structural
proximity. For all datasets, we filter out graphs containing rare
nodes with label frequencies smaller than 50.

4.1.2 Graph classifier. We follow [33] and train a GNN with 3 con-
volution layers [13] of embedding dimension 20, a max pooling
layer, and a fully connected layer for classification. The model is
trained with the Adam optimizer [12] and a learning rate of 0.001
for 1000 epochs. The datasets are split into 80%/10%/10% for train-
ing/validation/testing with the model accuracy shown in Table 3.

Table 3: Accuracy of the GNN graph classifier.

NCI1 Mutagenicity AIDS Proteins

Training 0.8439 0.8825 0.9980 0.7800
Validation 0.8161 0.8302 0.9727 0.8198
Testing 0.7809 0.8000 0.9781 0.7297

4.1.3 Baselines. To the best of our knowledge, GCFExplainer is
the first global counterfactual explainer. To validate its effective-
ness, we compare it against state-of-the-art local counterfactual
explainers combined with the greedy summarization algorithm de-
scribed in Section 3.3. The following local counterfactual generation
methods are included in our experiments.
• Ground-Truth: Using graphs belonging to the desired class
from the original dataset as local counterfactuals.

• RCExplainer [2]: Local counterfactual explainer based on the
modeling of implicit decision regions of GNNs.
• CFF [30]: Local counterfactual explainer based on joint modeling
of factual and counterfactual reasoning.

4.1.4 Explainer settings. We use a distance threshold 𝜃 of 0.05 for
training all explainers. For GCFExplainer, we set the teleportation
probability 𝜏 = 0.1 and tune 𝛼 , the weight between individual
coverage and gain of coverage, from {0, 0.5, 1}. A sensitivity analysis
is presented in Section 4.6. The number of VRRW iterations𝑀 is set
to 50000, which is enough for convergence as shown in Section 4.5
For baselines, we tune their hyperparameters to achieve the best
local counterfactual rates while maintaining an average distance to
input graphs that is smaller than the distance threshold 𝜃 .

4.2 Recourse Quality

We start by comparing the recourse quality betweenGCFExplainer
and baselines. Table 2 shows the recourse coverage with 𝜃 = 0.1 and
median recourse cost of the top 10 counterfactual graphs (i.e., 𝑘 =

10). We first notice that the two state-of-the-art local counterfactual
explainers have similar performance as Ground-Truth, consistent
with our claim that local counterfactual examples from existing
methods are not good candidates for a global explanation. The
proposed GCFExplainer, on the other hand, achieves significantly
better performance for global recourse quality. Compared to the
best baseline, RCExplainer, GCFExplainer realizes a 46.9% gain
in recourse coverage and a 9.5% reduction in recourse cost.

Next, we show the recourse coverage and cost for different sizes
of counterfactual summary in Figure 3. As expected, adding more
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Figure 4: Recourse coverage comparison between GCFExplainer and baselines based on different distance threshold values

(𝜃 ). GCFExplainer consistently outperforms the baselines across different 𝜃 .

graphs to the recourse representation increases recourse coverage
while decreasing recourse cost, at the cost of interpretability. And
GCFExplainer maintains a constant edge over the baselines.

We also compare the recourse coverage based on different dis-
tance thresholds 𝜃 , with results shown in Figure 4. While coverage
increases for all methods as the threshold increases, GCFExplainer
consistently outperforms the baselines across different sizes.

4.3 Global Counterfactual Insight

We have demonstrated the superiority of GCFExplainer based on
various quality metrics for global recourse. Here, we show how
GCFExplainer provides global insights compared to local counter-
factual examples. Figure 6 illustrates (a) four input undesired graphs
with a similar structure from the AIDS dataset, (b) corresponding
local counterfactual examples (based on RCExplainer and CFF),
and (c) the representative global counterfactual graph from GCFEx-
plainer covering the input graphs. Our goal is to understand why
the input graphs are inactive against AIDS (undesired) and how to
obtain the desired property with minimal changes.

The local counterfactuals in (b) attribute the classification re-
sults to different edges in individual graphs (shown as red dotted
lines) and recommend their removal to make input graphs active
against HIV. Note that while only two edits are proposed for each
individual graph, they appear at different locations, which are hard
to generalize for a global view of the model behavior. In contrast,
the global counterfactual graph from GCFExplainer presents a
high-level recourse rule. Specifically, the carbon atom with the
carbon-oxygen bond is connected to two other carbon atoms in the
input graphs, making them ketones (with a C=O bond) or ethers
(with a C-O bond). On the other hand, the global counterfactual
graph highlights a different functional group, aldehyde (shown in
blue), to be the key for combating AIDS. In aldehydes, the carbon
atom with a carbon-oxygen bond is only connected to one other
carbon atom, leading to different chemical properties compared
to ketones and ethers. Indeed, aldehydes have been shown to be
effective HIV protease inhibitors [28].

Finally, this case study also demonstrates that counterfactual
candidates found by GCFExplainer are better for global expla-
nation than local counterfactuals. We note that while the graph
edit distance between the local counterfactuals and their corre-
sponding input graphs is only 2, they do not cover other similarly
structured input graphs (with distance > 5). Meanwhile, our global
counterfactual graph covers all input graphs (with distance ≤ 4).

4.4 Ablation Study

We then conduct an ablation study to investigate the effectiveness
of GCFExplainer components. We consider three alternatives:
• GCFExplainer-NVR: no vertex-reinforcement (𝑁 (𝑣) = 1)
• GCFExplainer-NIF: no importance function (𝐼 (𝑣) = 1)
• GCFExplainer-NDT: no dynamic teleportation (𝑝𝜏 (𝐺) = 1/|G|)
The coverage results are shown in Table 4. We observe decreased
performance when any of GCFExplainer components is absent.

Table 4: Ablation study results based on recourse coverage.

NCI1 Mutagenicity AIDS Proteins

GCFExplainer-NVR 24.56% 35.44% 11.33% 8.56%
GCFExplainer-NIF 13.29% 29.16% 4.54% 6.83%
GCFExplainer-NDT 27.34% 36.35% 14.05% 9.28%

GCFExplainer 27.85% 37.08% 14.66% 10.93%

4.5 Convergence Analysis

In this subsection, we show the empirical convergence of VRRW
based on the mutagenicity dataset in Figure 5. We observe that
the coverage performance for different summary sizes starts to
converge after 15000 iterations and fully converges after 50000
iterations, which is the number we applied in our experiments.
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Figure 5: Convergence of VRRW for the mutagenicity

dataset based on recourse coverage with different summary

sizes. VRRW fully converges after𝑀 = 50000 iterations.

4.6 Sensitivity Analysis

The only hyperparameter of GCFExplainer we tune is 𝛼 in Equa-
tion 3 that weights the individual coverage and gain of coverage
for the importance function. Table 6 shows the results based on
different𝛼 . WhileGCFExplainer outperforms baselines with all dif-
ferent 𝛼 , we observe that individual coverage works better for NCI1
and gain of cumulative coverage works better for other datasets.
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Figure 6: Illustration of global and local counterfactual ex-

planations for the AIDS dataset. The global counterfactual

graph (c) presents a high-level recourse rule—changing ke-

tones and ethers into aldehydes (shown in blue)—to combat

HIV, while the edge removals (shown in red) recommended

by local counterfactual examples (b) are hard to generalize.

4.7 Running Time

Table 5 summarizes the running times of generating counterfactual
candidates based on different methods. GCFExplainer has a com-
petitive running time albeit exploring more counterfactual graphs
in the process. We also include results for GCFExplainer-S which
samples a maximum of 10000 neighbors for computing the impor-
tance at each step. It achieves better running time at a negligible
cost of 3.3% performance loss on average. Finally, summarizing the
counterfactual candidates takes less than a second for all methods.

Table 5: Counterfactual candidates generation time compari-

son.GCFExplainer (-S) has competitive running time albeit

exploring more counterfactual graphs.

NCI1 Mutagenicity AIDS Proteins

RCExplainer 30454 52549 29047 8444
CFF 22794 31749 21296 6412

GCFExplainer 19817 24006 2615 19246
GCFExplainer-S 19365 18798 2539 7429

5 RELATEDWORK

Explanations for Graph Neural Networks. There is much re-
search [18, 33, 39, 41] on explaining graph neural networks (GNNs).
The first proposed method, GNNExplainer [39], finds the explana-
tory subgraph and sub-features by maximizing the mutual infor-
mation between the original prediction and the prediction based
on the subgraph and sub-features. Later, PGExplainer [18] provides
an inductive framework that extracts GNN node embeddings and

Table 6: Sensitivity analysis on 𝛼 , the weight between indi-

vidual coverage and gain of coverage in the importance func-

tion.

NCI1 Mutagenicity AIDS Proteins

𝛼 = 0.0 27.85% 36.87% 12.83% 10.11%
𝛼 = 0.5 27.50% 36.59% 14.66% 10.38%
𝛼 = 1.0 22.27% 37.08% 13.99% 10.93%

learns to map embedding pairs to the probability of edge existence
in the explanatory weighted subgraph. PGMExplainer [33] builds
a probabilistic explanation model that learns new predictions from
perturbed node features, performs variable selection using Markov
blanket of variables, and then produces a Bayesian network via
structure learning. In XGNN [41], the authors find model-level ex-
planations by a graph generation module that outputs a sequence
of edges using reinforcement learning. These explanation methods
focus on factual reasoning while the goal of our work is to provide
a global counterfactual explanation for GNNs.
Counterfactual Explanations.Recently, there are several attempts
to have explanations of graph neural networks (GNNs) via coun-
terfactual reasoning [1, 2, 17, 30]. One of the earlier methods, CF-
GNNExplainer [17], provides counterfactual explanations in terms
of a learnable perturbed adjacency matrix that leads to the flipping
of classifier prediction for a node. On the other hand, RCExplainer
[2] aims to find a robust subset of edges whose removal changes
the prediction of the remaining graph by modeling the implicit de-
cision regions based on GNN graph embeddings. In [1], the authors
investigate counterfactual explanations for a more specific class of
graphs—the brain networks—that share the same set of nodes by
greedily adding or removing edges using a heuristic. More recently,
the authors of CFF [30] argue that a good explanation for GNNs
should consider both factual and counterfactual reasoning and they
explicitly incorporate those objective functions when searching for
the best explanatory subgraphs and sub-features. Counterfactual
reasoning has also been applied for link prediction [42]. All the
above methods produce local counterfactual examples while our
work aims to provide a global explanation in terms of a summary
of representative counterfactual graphs.

6 CONCLUSION

We have proposed GCFExplainer, the first global counterfactual
explainer for graph classification. Compared to local explainers,
GCFExplainer provides a high-level picture of the model behavior
and effective global recourse rules. We hope that our work will
not only deepen our understanding of graph neural networks but
also build a bridge for experts from other domains to leverage deep
learning models for high-stakes decision-making.
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