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Abstract

Graph Neural Networks (GNNs) are powerful models that can manage complex
data sources and their interconnection links. Still, one of GNNs’ main drawbacks
is their lack of explainability, which limits their application in sensitive fields. In
this paper, we introduce a new approach involving graph communities to address
the explainability of graph classification problems, called Graph Neural Network
Explainer based on Communities (GECo). Taking into consideration that a com-
munity is a subset of graph nodes that are densely connected, GECo exploits the
idea that these subgraphs should play a key role in graph classification. This as-
sumption is reasonable, especially if we consider the message-passing mechanism,
which is the basic mechanism of GNNs. GECo analyzes the contribution to the
classification result of the communities in the graph, building a mask that highlights
graph-relevant structures. GECo is tested for Graph Convolutional Networks on six
artificial and four real-world graph datasets and is compared to the main explain-
ability methods, such as PGMExplainer, PGExplainer, GNNExplainer, TAGE, and
SubgraphX, using six different metrics. The obtained results outperform the other
methods for artificial graph datasets and most real-world datasets. Furthermore,
GECo is faster than most of the competitors since it does not need to make use of
any sampling process.

Keywords Graph neural networks - Explainability - XAl

1 Introduction

Deep Neural Networks (DNNs) have demonstrated the ability to learn from a wide
variety of data, including text, images, and temporal series, providing significant con-
tributions in broad application domains. Because of the impressive performance that
DNNs demonstrate in general supervised learning tasks, they have also been effec-
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tively utilized in various biomedical classification tasks [1-4]. However, in some
cases, the information is organised in more complex ways, and individual pieces
of data share relationships with each other. As a consequence, graphs become the
preferred data structure for their capability to represent both information elements
and their interconnections. Real examples are social network analysis, bioinformat-
ics, chemistry, and finance, where the relationships among data are just as important
as the data itself. The synergy between graph data structure and deep neural net-
works is expressed in Graph Neural Networks (GNNs). These networks combine
the flexibility of neural networks with the ability to manage graph-structured data,
making it possible to process graph-like data using machine learning methods. In
recent years, GNNs have found widespread applications across various real-world
biomedical and bioinformatics domains. In medical imaging, they have been used to
improve the accuracy of breast cancer tumor identification by capturing spatial and
relational patterns among tissue regions [5]. In neuro-oncology, they have been used
for the semantic segmentation of glioblastoma in brain MRI scans, effectively lever-
aging spatial dependencies between anatomical structures [6]. In biology, they have
facilitated the taxonomic classification of bacterial species [7] and the identification
of protein transcription factor sequences [8], exploiting the sequential and structural
dependencies inherent in biological molecules.

Furthermore, for many machine learning (ML) applications, such as medicine,
finance, or support decision systems on sensitive data, it is fundamental to provide a
clear and understandable insight into the reasons behind a prediction or a decision.
However, explainability is an open challenge for neural networks in general, and the
same is true for GNNS.

Many methods of explainability for GNNs have been proposed. Some methods
build a local explanation of the model, and others explain the output obtained from
a specific input. For example, the same gradient mechanism of the training can be
exploited to approximate the importance of some features of the input, or the input
perturbation can be used to study the output modifications.

Some explainability algorithms for GNNs extract from the input graph a subgraph
containing the most influential features of the output results. Many of these algo-
rithms obtain these subgraphs as the result of an optimization procedure designed to
maximize the mutual information between the whole input graph and the explanation
subgraph. These methods build the subgraph from scratch, ignoring the structure of
the input graph.

This paper proposes an explanation method that exploits the structure of the input
graph. One of the main characteristics of graphs is the presence of communities, i.e.,
parts of the graph densely interconnected that share few edges with the rest of the
graph nodes.

The presence of communities reveals parts of the graph that have a strong relation-
ship with each other and sometimes can be considered almost independent from the
rest of the graph [9]. These considerations, together with the construction mecha-
nism of the node embedding in the GNNSs, constitute the foundation of the proposed
method called GECo (Graph Neural Network Explainer based on Communities).

GECo detects the different communities of the graph, and, for each community,
selects the corresponding subgraph. Then, the model is tested on these subgraphs to
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see how they alone support the predicted class. Finally, a criterion is established to
discriminate the negligible portion from the relevant subset.

The collection of these key communities forms the final explanation, and, from
them, the most relevant parts of the graph leading to the classification can be high-
lighted. We tested the proposed approach’s effectiveness on synthetic and real-world
datasets, comparing the results with state-of-the-art methodologies and a random
baseline.

The remainder of the paper is organized in the following way: in Sect. 2, a review
of works in the same field is described; in Sect. 3, the GNNs are described, and the
proposed solution is presented in detail, and in the next Sections the used datasets,
along with the evaluation criteria, are described. The results are presented in Sect. 4,
and the conclusions are drawn in Sect. 5.

2 Related Work

Explaining the prediction made by the GNNs is challenging because graph data are
less intuitive compared to images and texts. The traditional explainability methods
used for text and images are unsuitable for obtaining convincing explanations for
neural graph computation, but some other principles, such as the one based on per-
turbation, still work.

The explainability methods for GNN can be divided into two groups based on the
type of information they provide [10]:

e [nstance-level explanations that explain deep models by identifying the most im-
portant input features for their prediction.

®  Model-level explanations that study the input graph patterns that lead to a spe-
cific prediction.

The instance-level explanations can be extracted by these method categories:

e Perturbation Based Methods: the output variation corresponding to an input
perturbation reflects the input region’s importance. These methods identify the
nodes/edges/features that must be kept consistent with the original GNN model.

® Gradient/Features Based Methods: use the gradient values or the hidden fea-
tures to approximate the input importance, explaining the predictions, often using
backpropagation.

e Surrogate Methods: supplementary, more explainable models are trained using
the neighboring areas of an input node.

® Decomposition Methods: decompose the prediction into several terms, each re-
garded as the importance score of the corresponding input features.

We describe here the explainability methods for GNNs, which have gained much

attention in the recent literature; we will go into deeper detail in instance-level, per-
turbation-based methods because GECo is part of this category.
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The Perturbation Based Methods study the output variations concerning the input
perturbation. Intuitively, the model’s prediction should be the same when vital infor-
mation is maintained in the perturbed graph. This perturbed graph is a subgraph of
the input one, and it is the result of a blind search procedure guided by some func-
tion to optimize. GNNExplainer [11] uses mask optimization to learn soft masks for
node and edge features to explain the predictions. The process starts with randomly
initializing the soft masks, treating them as trainable parameters. Then, the methods
combine this mask with the original graph using element-wise multiplication. Next,
the masks are optimized, maximizing the mutual information between the original
graph and the perturbed graphs’ predictions.

PGExplainer [12] learns edge masks to explain the predictions. For this purpose,
it trains a mask predictor to predict edge masks. Given the input graph for each edge,
the method calculates the edge embedding by concatenating the relative node embed-
dings. Then, the predictor uses these edge embeddings to predict the probability that
each edge is selected and uses these values as an importance score. After this step, the
method used the reparametrization trick to sample the masks. Finally, the mask pre-
dictor is trained by maximizing the mutual information between the original and new
predictions. Xie et al. propose TAGE in [13], a technique very similar to PGExplainer,
which can produce explanations for GNNs not tailored to a specific task. It is also
independent of the specific models and is trained with self-supervision approaches.
TAGE is composed of an embedding explainer and a downstream explainer. The first
is trained with conditioned contrastive learning; the latter is based on gradient-based
explainers.

Even TAGE, in principle, minimizes the mutual information between the masked
embedding of the original graph and the embedding of the explanation subgraph.
TAGE is interesting because the authors build the explanation considering connected
subgraphs, not simple nodes or links, and they center their attention on the embed-
dings (and downstream tasks).

GraphMask [14] is a method for explaining the edge importance in each GNN
layer. Similar to the previous one, it trains a classifier to predict if an edge can be
removed without affecting the original prediction. Learnable connection vectors of
the same dimension as the node embeddings replace the dropped edges. The classifier
is trained using the whole dataset by minimizing a divergence term, which measures
the difference between network predictions. SubgraphX [15] explores subgraph-level
explanations using the Monte Carlo Tree Search (MCTS) algorithm to explore dif-
ferent subgraphs via node pruning and select the essential subgraph from the search
tree’s leaves to explain the prediction. In addition, it uses the Shapley values as a
reward of MCTS to measure the importance of subgraphs.

In their paper on SubgraphX, the authors consider the function calculated by the
trained GNN useful to estimate an importance score of the subgraph obtained.

The Gradient/Features-Based Methods subtype measures the importance of input
samples using gradient or hidden feature values. Sensitivity Analysis (SA) [16] pro-
duces a local explanation for the prediction using the square norm of the output gradi-
ent with respect to the input. The output is a saliency map, which describes the extent
to which variations in the input would produce a change in the output.
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Another method that produces a saliency map is the Guided Backpropagation
(GBP) [16] and CAM method [17]; the first clips negative gradients during the back-
propagation phase, concentrating the explanation on the features that have an excita-
tion effect on the output. The method CAM, usable only for graph classification tasks,
takes the node embeddings of the last layer and combines different feature maps
using weighted summation to obtain an importance score for the input nodes. Grad-
CAM [17] extends the CAM method, removing the need for a GAP layer. The idea
behind the Surrogate Methods is to employ a simple surrogate model to approximate
the prediction of a more complex deep model for the neighboring areas of the input
example. The explanations obtained from the explainable surrogate model explain
the original prediction. GraphLIME [18] is an extension of the LIME algorithm to
GNN models that studies the relevance of node features in the context of node classi-
fication tasks. This method was developed to explain node classification predictions,
but it cannot be directly applied to graph classification models. Another method intro-
duced to study the explainability of node classification models is RelEx [19], which
combines the surrogate and perturbation-based methods. PGMExplainer [20] ran-
domly perturbs the node features of several random nodes within the computational
graph. This perturbation and its influence on GNN prediction are memorized and pro-
cessed to explain the same prediction. Conversely, from GraphLime and RelEx, the
PGMExplainer method allows an explanation of both node classification and graph
classification tasks.

The Decomposition Methods study the model parameters to find the relationship
between the feature in the input space and the output predictions. It is essential to
point out that the conservative property of these methods requires that the sum of the
decomposed terms is equal to the original prediction score.

Excitation Back Propagation (BP) [17] extends the method Layer-wise Relevant
Propagation (LRP) [16, 21], a method that calculates the contribution of each neuron
to the target neuron output. In this case, the probability of a neuron in the current
layer is the total probability it outputs to all connected neurons in the next layer.
GNN-LRP [22] studies the importance of different graph walks. This method treats
the trained GNN as a function and provides a view of high-order Taylor decomposi-
tion to develop the score decomposition rule. GNN-LRP follows a backpropagation
procedure to approximate the T-order terms. It distributes scores to different graph
walks and stores the paths of the distribution processes from layer to layer. Those
paths are considered different walks, and the scores are obtained from their corre-
sponding nodes.

The so-called model-level explanations are the second main category for explain-
ing a GNN. These methods study the graph patterns that can lead to a particular GNN
behavior, e.g., maximizing a target prediction. Among them, one can find the genera-
tion methods that learn to generate such graph patterns. XGNN [23] belongs to this
category. It trains a graph generator for creating graphs that maximize a target graph
prediction. Those graphs will represent the explanations for the target prediction.

Curiously, none of the methods described so far takes into account the community
structure of a graph, even if it is undeniable that it can be a relevant graph feature and
can play a fundamental role in the graph classification task. Community detection
algorithms differ in what they treat as a community and in trade-offs between speed,
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accuracy, and explainability. Together with the classical approaches for community
detection [24, 25], the flourishing of neural approaches has contributed with interest-
ing contributions for the representation, clustering, and detection of communities in
graphs [26-28].

3 Methods

In this Section, we begin by introducing the fundamental concepts of GNNs, with
a focus on the message-passing framework. Next, we present the proposed GECo
algorithm, followed by a description of the synthetic and real-world datasets used to
assess its effectiveness. Finally, we outline the evaluation criteria employed in our
analysis.

3.1 Graph neural networks

The following introduces the basic notions of GNN to clarify the basic ideas of the
proposed explanation method. Let G = (V, ) be a graph where V is the set of nodes
and & is the set of edges. Every graph can be associated with a square matrix called
an adjacency matrix, defined as A € RIVI*VI For weighted graphs A;; = w;, for
unweighted graphs, the ones we consider in this paper, A;; = 1if (i,j) € £, A;; =0
if (i,)) ¢ €

Each graph node is associated with a vector of features x € R™ where 7 is the
input dimension. The set of all node features can be represented using a matrix
X e RVIxn,

A GNN network, constituted by K layers, aims to learn for each layer k = 1,.., K
a new set of node features H* € RIYI*F" exploiting the graph topology information
and the node attributes, where F'* is the number of features per node predefined for
each layer. The idea behind the computation is to update the node representations
iteratively, combining them with node representations of their neighbors [29], and
this can be done by the “message-passing" paradigm [30].

Under this paradigm, at a generic GNN layer &, each node u aggregates the
messages m’f\,(u) received from its neighborhood N(u). These messages consist of

weighted representations of the features of adjacent nodes, which are combined
through an aggregation function (AGQG):

My = AGGH{H}, Vv € N(u)} (1)

The new values HXT! that take into account the “messages” which u received are
calculated by the update function (UPD) in the following way:

HEH = UPD* (HE,mb () ")
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The output of the last layer of the GNN is the matrix HX € RIVI*F* and can be
used as the final representation of the nodes for downstream tasks such as classifica-
tion or regression.

Notice that AGG and UPD functions have different definitions depending on the
kind of GNN, but the reference to N(u) is always present. For example, in the case
of Graph Convolutional Neural Networks (GCN), which is the one used to test the
GECo algorithm, the AGG and UPD functions determine the new set of features for
the whole graph in the following way:

H — (D—%AD—%Hka) 3)

where A is an adjacency matrix of an unweighted graph with added self-connections,
Dy =5 ; Aijs WP is a trainable weights matrix, and o(-) is a nonlinear activation.

Then, in the graph classification task, an embedding of the whole graph is obtained
using summation, average, maximum, or minimum over all nodes or edge features.
The average readout operation is defined as:

1
hg =y D @)

veY

Finally, the classification can be obtained using a multi-layer perceptron (MLP) or a
simple linear layer.

Figure 1 shows a representation of a GCN network with the set of convolutional
layers, implementing Eq. 3, a readout implementing Eq. 4, and the downstream sub-
system indicated as MLP.

3.2 The GECo methodology

Regarding the taxonomy described in Sect. 2, the method presented here belongs to
the instance-level methods, particularly the perturbation-based methods, because it

y

Fig. 1 A representation of a GCN
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identifies a perturbation of the input consistent with the prediction of the GNN on the
original graph.

GECo aims to find subgraphs responsible for the GNN’s output value. The algo-
rithm is based on the hypothesis that a GNN will learn to recognize some structures in
the input graph; subgraphs with these structures will produce a high output response.
Communities are structures easily recognized in a graph, and considering the AGG
step in the GNN algorithm already discussed, relevant communities should generate
a very high proportion of the output value in a trained neural network. The commu-
nity subgraphs are identified and proposed as stand-alone subgraphs to the GNN, and
the different output values are memorized. The subgraph corresponding to the highest
output values is considered the most important for the classification output.

Going into detail, given a trained GNN identified as f, GECo aims to find a mask
containing the most relevant nodes for the final classification. The inputs of GECo
are fand a graph G. In the first step, G is given as input to the GNN, obtaining the
prediction §j, where § is a component of the output vector M LP(G) (see Fig. 2a).

In the second step (Fig. 2b), it is necessary to find the communities of the graph;
we decided to use a greedy community detection algorithm based on modularity, a
measure that quantifies the density of connections within a community [31]. The
greedy solution adopted by GECo is the one proposed by Clauset et al. [32]. For
details about this methodology, see Section 1 of the Supplementary Manuscript. Nev-
ertheless, we have performed experiments showing that the community detection
algorithm has little influence on GECo, as shown in Figure 1 of the Supplementary

Manuscript.
ﬁw cLASS % %
detection
(a) Step 1: Classification of the whole graph G in (b) Step 2: Community detection of the input
the class CLASS. graph G.

BE=.  &opEs- S I
D=z D=z LIRS S S VA S

(c) Step 3: Classification of every single community (d) Step 4: Decision on 7 threshold value.
of the input graph G.

(e) Step 5: Identification of the most influential
community of the input graph G.

Fig. 2 The steps of the proposed GECo algorithm
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For each community, we build a subgraph that contains only the nodes that belong
to the considered community. These subgraphs are fed to the GNN, and the probabil-
ity value corresponding to the predicted class  is stored (see Fig. 2¢). After this step,
we have the associated value of the probability for each community. We use these
values to calculate a threshold 7 using, for example, the mean or the median of the
probability values. Fixed the value of 7, we consider the communities associated with
a probability value greater than 7, and we use the nodes that belong to these commu-
nities to form the final explanation (see Fig. 2¢). For completeness, the pseudo-code
describing the GECo algorithm, which summarizes the main steps of the proposed
approach and clarifies the overall workflow, is provided in Algorithm 1.

Require: Trained GNN model f, Test graph G
Ensure: Explanation mask E
: Step 1: Classify the whole graph G using f and store the predicted class §
. §  argmaz(f(Q))
: Step 2: Identify the communities {C'} of the graph G
{C} + CommunityDetection(G)
for each community C; in {C'} do
Step 3: Build the corresponding subgraph G; and feed it to f
G; <+ Subgraph(G, C;)
pi < f(G:)l9]
Save the probability value p;
10: end for
11: Step 4: Compute the threshold value 7 by averaging the probability values {p;}
120 T ¢ iy L Di
13: Step 5: Select communities with probability values greater than 7 and use their nodes
to compose the final explanation mask E
14: B Up,sr Ci
15: return E

oW N e

© »® N> @

Algorithm 1 GECo algorithm
3.3 Synthetic datasets

To evaluate an algorithm that tries to explain the result of GNN, it is necessary to
have the ground truth explanation masks that contain the relevant features (node/
edges/node features) associated with the graphs. The availability of this mask allows
us to compare the result of the explanation algorithm with the ground truth. Further-
more, with the ground truth explanation, we can verify whether the algorithm finds
the right features or if the GNN uses different features to make its final decision. For
this reason, we created six synthetic datasets containing ground-truth explanations.
To generate the synthetic datasets, we considered the following graphs: Erdés—Rényi
(ER) and Barabasi-Albert (BA).

ER graphs [33, 34] are random graphs introduced by Erdés—Rényi in 1959. There
are two variants of the ER random graph model. In the G(n, M) model, the graph is
chosen randomly from the graphs with n nodes and M edges. In the G(n, p) model,
the graphs are built by randomly connecting labeled nodes; the algorithm to generate
a graph using this model is the following:

1. Start with n isolated nodes.
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2. Select a pair of nodes and randomly extract a number in [0, 1]. If this num-
ber exceeds p, add an edge between the nodes selected; otherwise, leave them
disconnected.

n(n—1)

3. Repeat step 2) for each of the ——— pairs of nodes.

In Fig. 3a, we report an example of an ER graph with 30 nodes built with p = 0.1.

BA model [35] is an algorithm to generate a random scale-free network using the
technique of “preferential attachment”. A random scale-free network is characterized
by a degree distribution that follows a power law. In such a network, most nodes have
only a few connections (low degree), while a few nodes (called hubs) have many
connections (high degree). This contrasts with random networks, where the degree
distribution is more uniform, and most nodes have a similar number of connections.
The probability p; that a new node is connected to node i is:

Di ijj (5)

where k; is the degree of the node i, and the sum is made over all the pre-existing
nodes j. Heavily linked nodes tend to accumulate more edges, while nodes with few
edges are unlikely to be chosen as the destination for a new link. The new nodes have
a “preference” to attach themselves to the already heavily linked nodes. In Fig. 3b,
we report an example of a BA graph with 30 nodes

During the creation of the synthetic datasets, we added to the graphs a motif con-
sidered as a small recurring pattern that identifies the class of the graph. In particular,
we added the following motifs:

e house-motif is a graph with 5 nodes and 6 edges.

e cycle-motif with 5 or 6 nodes.

e wheel-motif is a single hub node connected to each node of the (n — 1)-node
cycle graph. We consider wheel-motifs with 8 nodes.

e grid-motif with a dimension of 3 x 3.

(b)

Fig. 3 Two examples of graphs used in synthetic datasets: (a) Erdos—Rényi (ER) graph, (b) Barabasi-
Albert (BA)
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Fig. 4 reports all the motifs used to build our synthetic datasets.
Using the ER and BA graphs and the mentioned motifs, we built the following
synthetic datasets:

® ba house cycle: containing 1000 BA graphs with 25 nodes; we attach to 500
graphs a house-motif and to the remaining part a cycle-motif with six nodes.

® ba cycle wheel: containing 1000 BA graphs with 25 nodes; we attach to 500
graphs a cycle-motif with 5 nodes and a wheel-motif with 8 nodes to the remain-
ing part.

® ba cycle wheel grid: containing 1500 BA graphs with 25 nodes; We attach to
500 graphs a cycling motif with 5 nodes, a wheel motif with 8 nodes to the other
500 graphs, and a grid motif of dimension 3 x 3 to the remaining part.

® ¢r house_cycle: containing 1000 ER graphs with 25 nodes; we attach a house
cycle to 500 graphs and a cycle motif with 6 nodes to the remaining part.

® ¢r cycle wheel: containing 1000 ER graphs with 25 nodes; we attach to 500
graphs a cycle-motif with 5 nodes and a wheel-motif with 8 nodes to the remain-
ing part.

® ¢r cycle wheel grid. containing 1500 ER graphs with 25 nodes; we attach to
500 graphs a cycle-motif with five nodes, a wheel-motif with eight nodes to the
other 500 graphs, and a grid motif of dimension 3 x 3 to the remaining part.

3.4 Real-world datasets

With the aim of showing the good performance of our method in a generic test case,
we performed experiments on real-world datasets. In particular, we choose the data-
sets described below (molecules) since they are given ground-truth explanations that
enable a comparison between the hand-drawn graphs and the ones obtained by our
proposal. The chosen datasets present various sub-graphs that act as an explanation
for the graph labels assignment, and their characteristics are the following:

® Benzene [36]: it consists of 12000 molecular graphs from the ZINC15 database
[37]. The molecules belong to two classes, and the goal is to predict whether a
given molecule contains a benzene ring. For this dataset, the ground-truth expla-
nations are the atoms (nodes) composing the benzene ring, and if the molecule
contains multiple benzene rings, each of these forms the explanation.

o Fluoride-Carbonyl [36]: it contains 8761 molecular graphs labeled according
to two classes. For this dataset, a positive sample indicates that the molecule
comprises both a fluoride (F~) and carbonyl (C' = O) functional group, so the
ground-true explanations consist of combinations of fluoride atoms and carbony]l

e o e 4%
(‘;_b o e ) E % % @
o—o0 o—o0 o’ \L/ oo

(a) (b) (c) (d) (e)

Fig.4 Motifs used in synthetic datasets: (a) House, (b) Cycle 5, (¢) Cycle 6, (d) Wheel, (¢) Grid (3 x 3)
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functional groups.

® Mutagenicity [38]: the dataset contains 1768 molecular graphs labeled into two
classes according to their mutagenicity properties, i.e., the effect on the Gram-
negative bacterium S. Typhimurium. The graph labels correspond to the presence
or absence of toxicophores: N Ho, N O, aliphatic halide, nitroso, and azo-type.

o Alkane-Carbonyl [36]: it contains 1125 molecular graphs labeled according to
two classes. A positive sample represents a molecule containing both an un-
branched alkane and a carbonyl (C' = O) functional group, so the ground-truth
explanations include combinations of alkane and carbonyl functional groups.

To get an overall view, in Table 1, we reported some details about the graphs in
the above-described datasets, including the properties used to form the ground-
truth explanations. Note that, in the real-world datasets, there are cases in which the
ground-truth explanation is composed of unconnected motifs, such as the case of
Alkane-Carbonyl (see the left part of Fig. 6).

3.5 Evaluation criteria

Several metrics have been introduced to evaluate the effectiveness of a method in
explaining the results from a GNN. In particular, the selected metrics compare the
predicted and ground-truth explanations and use user-controlled parameters such as
the probability distribution obtained by the GNN or the number of important features
that compose the explanation mask.

Fidelity [17] measures how the prediction of the model changes if we remove
nodes or edges or node features from the original graph. Let G; the i-th graph of the
test set, y; the true label of the graph, ; Y the label predicted by the GNN, m; the
mask produced by the explanation algorithm. G; \ m; is the graph without the nodes
that belong to the mask. G/ is the graph with only the important features detected

by the algorithm. ¢;%"\™ and y}-gzni are the labels obtained feeding the GNN with
the graphs G; \ m; and G"*. It is possible to define two measures F'id" and Fid~ as:

1 N
Fidt = N Z ‘g(ﬁmyi) -9 (?Jigi\mﬁ yz)‘ (6)
=1

Table 1 Statistics of real-world datasets
Dataset Benzene Fluoride-Carbonyl Mutagenicty Alkane-Carbonyl
#Graphs 12000 8671 1768 1125
#Nodes 20.58 4+ 0.004 21.26 + 0.004 29.15+0.35 21.13+0.05
#Edges 43.65 £ 0.008 45.37 £ 0.09 60.83 £0.75 44.95 + 0.12
#Features 14 14 14 14
Explanation Benzenering F— and C = O N Hg, NOg chemi- Alkane and C' = O

chemical group cal group chemical group

@ Springer



GECo: a community-based graph neural network explainer Page 130f26 55

N
L 1 N Agf"'i )
Fid™ = ; ‘g(yz,yz) —g (y ,yz) 7
where:
N_ ) ly=79 3
9(y,9) 0y#9 ®)

and N is the number of graphs in the test set. F'id™ studies how the prediction changes
if we remove the essential features (edges/features/nodes) identified by the explana-
tion algorithm from the original graph. High values indicate good explanations, so
the features detected by the algorithm are the most discriminative. The Fid~ mea-
sure studies how the predictions change if we consider only the features detected by
the explanation algorithm. Low values indicate that the algorithm identifies the most
discriminative features and does not consider the least discriminative ones.

Using the definition of Fid™ and Fid~ measures, it is possible to define two
properties that a reasonable explanation should have: necessity and sufficiency [39].
An explanation is necessary if the model prediction changes when we remove the
features belonging to the explanation from the graph. A necessary explanation has a
Fid* close to 1. Conversely, an explanation is sufficient if it leads independently to
the model’s original prediction. A sufficient explanation has a Fid~ close to 0.

Recent studies have highlighted some limitations regarding the traditional Fidelity
measures due to out-of-distribution (OOD) issues when removing or isolating sub-
graphs for explainability evaluation [40]. In [40], Zheng et al. address these limita-
tions, introducing a more robust surrogate class of fidelity measures named: Fid;g1
and Fid,, designed to mitigate distribution shift issues by introducing stochastic
edge removal. The method is based on the stochastic sampling function E,, that
removes edges with probability «, obtaining the modified fidelity metrics defined as:

RSl 5 Gi\Ea, (m:)
Fidg, :NZ MZ)Q(%,%)*Q(% T ‘,yz‘) )
j=1 i=1

) (10)

e «y € [0,1] controls the probability of retaining edges in the explanation sub-
graph; a higher a; ensures that more edges of the explanation are preserved,
making Fiid} less sensitive to random perturbations;

® a5 € [0,1] controls the probability of retaining edges outside the explanation
subgraph, ensuring a fair evaluation of F'id,, by considering how much the
model relies on the non-explanation subgraph;

N M
- 1 1 ~ ~ Eqo Gmb
Fde—sz:l(M;‘g(ymyi)g(% 2(G ),yz')

where:
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o 1 +ag = 1,

e M represents the number of stochastic perturbation samples applied to each graph,
averaging over multiple random realizations to reduce variance in the computed
fidelity score.

To summarize, F'id evaluates the necessity of the explanation subgraph by measur-
ing how much the model’s prediction changes when a stochastically sampled version
of the explanation is removed. High values indicate that the explanation is crucial
for the model’s decision. Fid,,, measures the sufficiency of the explanation, check-
ing whether the explanation subgraph alone is enough to retain the original model
prediction. Low values indicate that the explanation captures the most discriminative
features.

Characterization Score (charact) is a global evaluation metric that considers
Fid* and F'id~ [39]. This measure is helpful because it balances the sufficiency and
necessity requirements of explanations. charact is the harmonic mean of F'idt and
1 — Fid~, and it is defined as follows:

Wy +w-

Wt

charact = —
Fidt + T-Fid

(11)

where wy,w_ € [0, 1] are respectively the weights for Fid™ and 1 — Fid~ and sat-
isfy wy +w_ =1.

Graph Explanation Accuracy (GEA) [41] is an evaluation strategy that measures
the correctness of an explanation using the ground-truth explanation MY. Ground
truth and predicted explanations are binary vectors where 0 means an attribute is not
essential and 1 means it is important for the model prediction. To measure accuracy,
we used the Jaccard index between the ground truth M9 and predicted AP, and the
quantities T P(M9, MP) that indicates the number of attributes correctly identified
by the mask MP compared to the ground truth M9 (true positives), FP(M9, MP),
which indicates the attributes wrongly identified (false positives) and F N (M9, MP),
which indicates the number of attributes missed by the mask MP? (false negatives):

TP
g —
JAC (MT, M7) = TP+ FP+FN (12)

If we define ¢ as the set of all possible ground-truth explanations, where |¢| = 1 for
graphs having a unique explanation. GEA can be calculated as:

GEA((, MP) = max { JAC(MY, MP)} ¥ MY € . (13)
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4 Results

The proposed algorithm is tested using a GCN architecture, as described in Sect. 3.1.
For the experimental setup, we considered an architecture composed of a GCN that
collects the outputs of three layers, an average readout layer, and finally, a linear layer
whose number of units is equal to the classes of the considered dataset with softmax
activation. We performed a set of preliminary experiments to find a suitable configu-
ration for the best classification results. We train the GNN using the Adam optimiza-
tion algorithm [42] with a batch size of 64 and a learning rate of 0.05 in both cases.
To ensure reliable results, we used 100 different random splits in training and testing
with a ratio of 8:2 as a validation protocol. For the GNN computation, each graph
node must be associated with a feature vector. For the synthetic datasets, we used the
degree of each node as its feature vector. The node degree, which represents the num-
ber of edges connected to a node, provides a simple yet informative structural prop-
erty for distinguishing node roles within the graph. In the real-world datasets, each
node has a feature vector with 14 values that represent the chemical properties of the
corresponding atom. After the training, we applied the explanation algorithm on the
test set and computed the performance indices described above in Subsection 3.5.

For a thorough assessment of our method’s performance, we compared the results
against a random baseline and five state-of-the-art methodologies: PGMExplainer
[20], PGExplainer [12], GNNExplainer [11], SubgraphX [15], and TAGE [13]. The
random baseline mask on nodes was obtained using a Bernoulli distribution with a
probability value of 0.5.

In the following sections, we report the results on synthetic and real datasets.

4.1 Results on synthetic datasets

We reported the results and the relative comparison in Table 2, where up-arrows
indicate measures that ideally should be one, and down-arrows indicate measures
that ideally should be zero. From the table, we observe that the GECo algorithm
consistently excels in explainability across different datasets, as indicated by its
high Fiid* values and near-zero Fid~ values. For instance, in the ba house cycle
dataset, GECo achieves Fidt = 0.929 and Fid~ = 0, effectively identifying key
features while excluding irrelevant ones. This suggests that GECo focuses on the
most discriminative features used in decision-making. In contrast, methods like
GNNExplainer, despite detecting important features, tend to include irrelevant ones.
For example, GNNExplainer reports Fidt = 0.478 and F'id~ = 0.257, indicating
a less precise explanation compared to GECo. The charact metric further demon-
strates GECo’s ability to balance sufficiency and necessity, outperforming methods
like PGExplainer, which struggles with lower scores due to weaker performance in
either aspect. Regarding explanation correctness, as measured by the GEA metric,
GECo consistently provides reliable and accurate explanations. For instance, it aligns
well with ground-truth explanations in synthetic datasets like ba_cycle wheel, where
it correctly detects wheel motifs, as illustrated in Fig. 5. Note that since GEA is a
Jaccard-based measure, it allows us to measure the redundancy in the retrieved expla-
nation part. In particular, the larger and more redundant the explanation with respect
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to the ground truth, the lower is the corresponding GEA. This behaviour has never
been observed in our experiment; our GEA is always higher than that of our counter-
parts, also with respect to SubgraphX, whose criteria involve the search for the most
informative non-redundant motif (see the comparison of GEA values between GECo
and SubgraphX in the 4-th column of Table 3). Furthermore, to test the effectiveness
of GECo also in an OOD scenario, we used the robust Fidelity measures previously
described: F’ ida;r and F ida;. The obtained results are reported in the last two col-

umns of Table 2. We can notice that GECo consistently outperforms all the other
methods across all datasets, both in terms of Fid} and Fid_,. The bold results in
the table show GECo’s superiority, as it has the highest F'id values (ranging from
0.422 to 0.641) and the lowest F'id,, values (ranging from 0.004 to 0.066). These
results suggest that GECo is highly effective in generating high-fidelity explanations
with minimal false positives, critical for explainability in real-world applications.
TAGE, while not consistently the best, shows competitive results, especially in some
datasets like er_cycle_wheel and ba_cycle wheel grid. The method excels in certain
metrics, achieving some of the lowest F'id_,, values (such as 0.035 and 0.066), albeit
with slightly lower Fid} values compared to GECo. This suggests that TAGE might
be more conservative in its explanations, potentially at the cost of lower overall fidel-
ity. SubgraphX, while often in the lower range for F'id , particularly struggles with
Fid,, onmany datasets. This is highlighted by its high values in several datasets (e.g.,
0.395 in ba_house_cycle and 0.391 in er_cycle_wheel). Although it occasionally has
promising results (like 0.222 in ba_cycle wheel grid), its variability suggests that
SubgraphX may not provide stable, reliable explanations across all datasets. Finally,
PGMExplainer and PGExplainer, while offering decent results, generally perform
worse than GECo, with consistently lower Fiid} scores and higher Fid, scores.
The performance difference between GECo and these methods further emphasizes
GECo’s superior ability to provide high-quality explanations with fewer false posi-
tives. In summary, GECo emerges as the clear leader in terms of both the robust-
ness and accuracy of its explanations, as indicated by its high Fid} and low Fid,
across all datasets. While other methods like TAGE show competitive performance in
specific cases, none match GECo’s consistency. SubgraphX and PGExplainer, while
offering some interesting insights, appear to struggle with stability and reliability,
especially in the critical F'id,, metric. Furthermore, we measured explanation time
(in seconds) for each test set graph, averaging over 100 splits. GECo consistently
outperforms others, with under 3 s on average, while SubgraphX takes the longest,
over 100 s. GNNExplainer and PGExplainer are slower than PGMExplainer, each
taking around 100 s across datasets. TAGE results in the second fastest with about
7 s. These times refer to the ba_cycle_wheel dataset, but the same trend is observable
for the other datasets. Overall, GECo stands out as the most consistent and robust
explainability method across both binary and multiclass datasets. It maintains an
excellent balance between sufficiency and necessity requirements (high Fid™, low
Fid~, and high charact scores) while closely aligning with ground truth (high GEA).
This makes GECo the most reliable option for generating clear, concise, and accurate
explanations in GNN-based models.
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Fig.5 An example of an explanation for a graph
belonging to the wheel-motif class. The red
nodes are the ones composing the explanation
mask

4.2 Results on real datasets

For the real-world dataset, each layer’s dimensionality is 64. In our experimental
activity, we considered datasets containing molecules since we could obtain ground-
truth explanations for these graphs and compare them with those obtained by our
proposal. It is also essential to point out that the ground-truth explanation is only
available for the positive class in the molecular datasets. For instance, in the Benzene
dataset, a molecule belonging to the positive class contains a benzene ring, so the
ground-truth explanation comprises the nodes corresponding to the atoms compos-
ing the benzene ring. Conversely, molecules of the negative class do not include the
benzene ring, so the ground-truth explanation does not contain any node. However,
all the explanation algorithms always respond and supporting the net response, pro-
viding an explanation mask where the most relevant features of the decision-mak-
ing process were found. As a result, when calculating the GEA metric (see Eq. 13),
a graph belonging to the negative class always yields a GEA of 0 since TP = 0,
leading to overall low GEA values. Furthermore, to avoid division by zero, when
TP+ FP + FN = 0, we added a small constant e = 1 x 107 to the denominator.
Table 3 reports the results of the GECo algorithm and the relative comparison with
state-of-the-art approaches, where up-arrows indicate measures that ideally should be
one, and down-arrows indicate measures that ideally should be zero.

GECo demonstrates superior performance in identifying necessary features, as
indicated by its Fid* values, where it outperforms other approaches in all datasets
except for the Mutagenicity dataset. This indicates that the features selected by GECo
can nearly perfectly predict the model’s original output.

This means that the subgraph parts that GECo selects are all essential for the out-
put result. It is not perfect, but it is better than the other methods at selecting all the
important parts. In terms of F'id~ values, GECo also excels, suggesting it can effec-
tively identify sufficient features for accurate predictions independently. With all the
datasets, GECo produces the best F'id~ values, finding the subgraph that triggers a
given label. This trend is reinforced by the charact metric, where GECo achieves the
highest scores, reflecting its excellent balance of necessary and sufficient require-
ments across most datasets.

In real-world applications, it is essential to ensure that the features identified by
an explanation algorithm correspond to those recognized by domain experts, and
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True label: Contain alkane and a carbonyl functional group
Predicted label: Contain alkane and a carbonyl functional group

Ground Truth Explanation Predicted Mask
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Fig.6 Explanation example for a graph belonging to the Alkane-Carbonyl dataset. On the left, we have
the ground-truth explanation; on the right, we have the predicted mask. In either case, the red nodes
are the ones composing the mask

this is evaluated using the GEA metric. GECo outperforms other methods in this
regard, aligning its predicted explanations closely with ground-truth explanations.
For instance, in the Alkane-Carbonyl dataset, illustrated in Fig. 6, GECo correctly
identifies the unconnected motifs constituted by CO and F. Considering the two
other performances measure Fid and Fidg,, the GECo algorithm still presents
better performances than the other algorithms. Across all datasets, GECo consistently
achieves the highest Fiid/ and the lowest Fid,, indicating superior capability in
identifying faithful and discriminative substructures. Notably, on the Mutagenicity
dataset, GECo outperforms the closest competitor (TAGE) by a significant margin in
both metrics, showcasing its robustness and precision. While GNNExplainer achieves
the highest F'id/ on the Benzene dataset, GECo attains the lowest Fidg,, suggest-
ing a more conservative yet precise explanation. For more challenging datasets like
Fluoride-Carbonyl and Alkane-Carbonyl, GECo maintains a clear lead, especially in
reducing F'id,,,, which is crucial for avoiding misleading explanations. These results
confirm that GECo is not only competitive but often superior to existing methods in
generating reliable and explainable graph-level explanations, also tested in an OOD
scenario.

GECo proves to be the fastest algorithm, taking about 18 s to explain the Benzene
dataset, while PGMExplainer and TAGE take around 130 s. PGExplainer, GNNEx-
plainer, and SubgraphX exceed 700 s. We observed the same trend for the other data-
sets. Furthermore, an investigation about trade-off computation between explanation
time and fidelity shows that GECo achieves the best balance among the considered
methods (see Section 3 of the Supplementary manuscript for details). GECo excels
in identifying sufficient features for model predictions while filtering out irrelevant
ones, maintaining a balance between necessity and sufficiency. It aligns well with
ground truth, with minor discrepancies in localization. A good explanation should
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be sparse, meaning that it should focus only on the most relevant parts of the input
graph, discarding the irrelevant ones. To numerically quantify this property, it is pos-
sible to use the Sparsity metric, which measures the proportion of the original graph
that is retained in an explanation. Lower sparsity values correspond to more compact
explanations. Additional results included in Section 2 of the Supplementary manus-
cipt show that GECo achieves a good balance between sparsity and fidelity. Its expla-
nations remain both concise and highly faithful to the model’s predictions across
varying sparsity levels.

5 Conclusions

In this paper, we propose GECo, a novel method for explaining GNNs, aimed at pro-
viding explainable and coherent explanations for graph classification tasks. Differ-
ently from previously proposed approaches that focus their attention on single nodes
or small subgraphs extracted through a masking procedure or perturbation process, it
leverages communities as standalone components, evaluating their collective contri-
bution to the model’s prediction. The experiments were conducted on a wide range
of datasets, including both synthetic graphs (with known ground truth on the relevant
structures) and real graphs. The obtained results confirm the ability of GECo to iden-
tify relevant subgraphs, both in terms of necessary and sufficient substructures for the
model’s decision. Furthermore, a significant advantage of GECo is the cumpotational
efficency, obtaining competitive results in significantly shorter times than other state-
of-the-art methods. The communities selected by GECo often exhibit strong coher-
ence with the regions labeled as relevant in the ground truth, empirically validating
the hypothesis that the communities represent relevant structures for explainability
of the model. An additional advantage of our approach lies in the modularity of the
pipeline. GECo can be easily incorporate other GNN models, regardless of the spe-
cific architecture, and can benefit from incremental improvements in the community
detection modules. In summary, GECo represents a significant contribution to the
field of GNN explainability, offering a good compromise between explanation qual-
ity, model fidelity, structural consistency with the original graph, and computational
efficiency. The method is suitable for application in many real-world contexts where
explainability is crucial, such as bioinformatics, medicine, and complex network
analysis. Future work will explore several promising directions. In particular, we aim
to integrate more advanced or adaptive community detection algorithms to improve
the resolution and granularity of the extracted explanations.
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