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Abstract

Graph Neural Networks (GNNs) have become in-
creasingly central to several analysis tasks in var-
ious domains, ranging, e.g., from social networks
to molecular analysis. Understanding the decision-
making process of GNNs is a critical challenge in
machine learning, particularly when post-hoc ex-
planations, attempting to answer why specific in-
puts are classified in a certain way by a given
model, are required for specific input predictions.
Existing post-hoc explainability methods for GNNs
often rely on counterfactual reasoning, grounded in
the ‘if this had not occurred’ thinking, that typ-
ically identifies minimal subgraphs perturbations
that would change a prediction. Notably, less atten-
tion has been posed on the equally important semi-
factual reasoning, grounded in the ‘even if this has
not occurred’ thinking, that results in identifying
maximal subgraphs perturbations that would not
change a prediction. In this paper, we introduce a
novel technique for post-hoc explainability queries
in GNNs by focusing on the semifactual reasoning.
We first thoroughly investigate the computational
complexity of several reasoning and optimization
problems related to the computation of semifactu-
als, and then propose a novel learning architecture
for addressing their computation. Finally, we ex-
perimentally evaluate the proposed approach in a
variety of settings, showing its effectiveness in gen-
erating high-quality semifactual explanations.

1 Introduction

Graph-structured data, where entities (nodes) are related by
pairwise relationships (edges), play a central role in machine
learning applications, arising naturally in domains such as
molecular property prediction, social network analysis, and
recommendation systems [Cho et al., 2011; You et al., 2018;
Zitnik er al., 2018]. In these settings, Graph Neural Net-
works (GNNs) have emerged as the leading models for pre-
dictive tasks on graphs. Despite their predictive power, un-
derstanding and explaining GNNs decision-making remains a
fundamental challenge, especially in high-stakes applications
where trust, transparency, and robustness are essential.

Post-hoc GNN explanation methods aim to shed light on
why a model assigns a particular prediction at the graph,
node, or edge level [Yuan er al.;2022]. These methods typi-
cally provide either factual explanations, identifying the most
relevant subgraph or node features supporting the model’s de-
cision, or counterfactual explanations [Prado-Romero ef al.,
2024b], which ask how minimal graph changes—e.g., adding
or deleting a few edges—could alter the model’s decision.

However, less attention has been devoted to an equally
important and complementary paradigm, namely, semifac-
tual "even-if’ reasoning [Aryal and Keane, 2023; Kenny and
Huang, 2023; Alfano et al., 2024]. While semifactual expla-
nations have been explored in other settings—such as mod-
els-operating on tabular or binary data [Aryal and Keane,
2023; Alfano et al., 2025¢; Kenny and Huang, 2023]—this
paradigm has not yet been investigated for graph-structured
data or GNNs [Artelt et al., 2025]. In contrast to coun-
terfactual explanations, which focus on identifying minimal
changes that would alter a model’s prediction [Prado-Romero
et al., 2024a], semifactual explanations seek to identify the
largest perturbations to the graph structure that leave the pre-
diction unchanged. This kind of explanation is particularly
useful when predictions correspond to positive or desired out-
comes, as it reveals the robustness of the model’s decision and
uncovers degrees of freedom in the input that do not affect
the outcomes [Alfano et al., 2025¢]. Indeed, the greater the
number of perturbations captured by the semifactual expla-
nation, the more informative and convincing the explanation
becomes [Aryal and Keane, 2023]. Intuitively, this reflects a
user’s desire to understand the extent of variation and favor-
able conditions that can be tolerated while keeping a positive
status assigned by the model.

Consider the following example from molecular property
prediction, where semifactual reasoning can help identify
molecular perturbations that preserve desired properties.

Example 1. Consider a scenario where graphs model
molecules, that is where nodes correspond to atoms, edges
to links between them, and node features represent intrinsic
properties of atoms (e.g., atomic number, mass number, etc.).
Assume that a GNN @ has been trained to predict the water-
solubility of molecules.! Consider the graph € (shown in

' A molecule is water-insoluble if having a Henry’s Law constant
greater than 103 atm-cu m/mole; water-soluble otherwise.
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Figure 1: (From left to right). Graphs €, €', and €" represent-
ing Acetone, Propanal, and Metyl-vinyl-ether molecules considered
in Example 1, whose label £3(-) concerns to water-solubility. €’
is a semifactual of € (at distance 6), while €” is a counterfactual
(at distance 4). Blue and dotted red edges represent additions and

deletions, respectively.

Figure 1 (left)) representing Acetone, whose molecular for-
mula is C3HgO, and whose (first most probable class) label is
£5(€) = ‘soluble’ meaning that Acetone is water-soluble. To
explain ® under the semifactual reasoning, we would like to
know the ‘farthest’ molecule w.r.t. Acetone that has the same
atoms (thus the same molecular formula) and is still classi-
fied as water-soluble from GNN ®. Thus, a semifactual for
6 w.r.t. ® could be ¢’ that represents Propanal—a structural
isomer of Acetone > —obtained from € with 6 modifications
(3 deletions and 3 additions, respectively shown as red and
blue edges in Figure 1 (center)). Conversely, under counter-
factual reasoning, we would like to know the ‘closest’ struc-
tural isomer no longer classified as water-soluble from ®. A
counterfactual for € w.r.t. ® could be €”, that is, Methyl-
vinyl-ether, obtained from € with 4 modifications (see Fig-
ure 1 (right)). O

Semifactual explanations for graph-structured data have
potential relevance across multiple domains, e.g., identifying
stable user-item interactions in recommendation systems or
supporting the assessment of prediction resilience in traffic
and social networks. Nevertheless, to the best of our knowl-
edge, semifactual reasoning for GNNs or graph-structured
learning tasks has not been explored so far.

Contributions. Our main contributions are as follows.

e We formally introduce the concept of semifactual expla-
nations for graph (and node) classification tasks in GNN
models (Section 3), showing that semifactual explanations
generalize factual ones [Tan et al., 2022; Ying et al., 2019;
Lin et al., 2021; Luo et al., 2020; Yuan et al., 2021].

e We investigate the computational complexity of natu-
ral semifactual-based reasoning problems for graph (and
node) classification tasks in GNN models (Section 4). It
turns out that semifactual-based problems are as challeng-
ing as their counterfactual counterparts. In this regard, we
strengthen the characterization of the computational com-
plexity of some counterfactual-based problems from NP-
hardness to FPNPllog nl_completeness.

e Motivated by the fact that above mentioned problems are
computationally costly (particularly, FPNP[log nl_harq),
we introduce a learning architecture for the heuristic com-
putation of semifactuals. In our approach, semifactual ex-
planations are computed by finding the parameters of a

*Molecules sharing the formula and differing in the connectivity
of their carbon atoms are called structural isomers.

neural network model (see Figure 2 for an overview) that
minimizes a loss function and enforces the desired proper-
ties of semifactuals (Algorithm 1).

o We empirically evaluate the proposed learning architecture
in several widely used benchmark datasets for graph classi-
fication (Section 6). An ablation analysis confirms that all
modules included in our architecture positively contribute
to effectiveness in computing semifactuals. Our method
is competitive also in the factual setting, outperforming or
matching methods tailored to the factual setting.

Reproducibility. For the sake of reproducibility, all our
code and the datasets used in this paper are available at
https://github.com/Ralyhu/semifactual-gnn.

2 Preliminaries

We represent an attributed undirected graph (AUG) as § =
(V,E,X), where V. = {1,2,..:,n} is the set of nodes,
E C V x V is the set of edges such that (u,v) € E implies
(v,u) € E,and X € R = [x, € RY,cy is the matrix of
node features. Herein; each vector x,, € R? encodes intrinsic
properties of node w. € V. For each node u € V, we use
N (u) to denote the set of its neighbors, that is, N (u) = {v €
V| (u,v) €E}. We denote the graph’s adjacency matrix as
A € {0,1}7*™, where A,, = A,, = 1 if there is an edge
connecting v and v; otherwise, A, = A,, = 0. Hereafter,
given a graph € = (V, E,X) and a set E’ C E of edges, we
use €' = (V, E’, X) to denote the subgraph of € where only
the edges in E’ are considered. With a little abuse of notation,
we also use € = (A, X) to denote € = (V, E, X), where A
is the adjacency matrix of (V| E).

Given an AUG ¢ = (V, E,X), with node features x,, €
R4 for each v € V, a GNN & learns node representations
of each node u by iteratively aggregating information from
nodes’ neighbors N (u). A layer in a GNN defines a transfor-
mation step where node representations are updated based on
their own features and those of their neighbors. Starting with
hy’ = x,, the representation of node wu at the i-th GNN layer,
denoted by Y s updated as hy’ = update(hy V', h{.)),
where h{~" is the previous layer’s representation of u
and hY),, is an aggregated representation of its neighbors,
computed as h{), = aggregate(hy ™" | v € N(u)).
Here, aggregate(-) collects information from the neighbors,
and update(:) combines it with the current node’s repre-
sentation. The specific implementations of update(:) and
aggregate(-) functions vary across different GNN models.
In a GNN with « layers, the final representation of a node «
is given by hY”. Once the node representations have been
computed, an overall graph-level representation hc(g ) e RY
(for some k,d" € N) is typically obtained by pooling (e.g.,
averaging or summing) the node representations in the graph.
We assume d’ = d, though our results hold even if d' # d.
We also use the term graph (resp., node) embedding to refer
to hy’ (resp., h'”), and simply denote it with ®(%) (resp.,
®(6,u)). The computed graph embedding (resp., node em-
beddings) can subsequently be leveraged for various down-
stream prediction tasks such as graph (resp., node) classifi-
cation. Specifically, in the graph (resp., node) classification


https://github.com/Ralyhu/semifactual-gnn
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task, the embedding ® (%) (resp., (%, u)) is used to compute
a predicted graph label ¢ € C' (resp., node label g, € C),
where C' denotes the set of class labels. We assume the ex-
istence of a trained GNN @, which has been optimized in
a supervised fashion using a training set of labeled instances.
The training process involves minimizing a suitable loss func-
tion (e.g., cross-entropy) between predicted and true labels,
depending on the specific prediction task. In the graph clas-
sification setting, the GNN is trained over a collection of la-
beled graphs (each associated with a class label in C) while,
in the node classification setting, the GNN & is trained on
a graph where a subset of nodes has known labels. For any
graph €, GNN @ produces a (discrete) probability distribu-
tion P over the set of class labels; we use P(g, = ¢ | ®(€6))
to denote the probability that € belongs to ¢ € C w.r.t. ®.
Moreover, we use /5 (6) = argmax.cc P(§, = ¢ | ®(€))
and 03, (6) = argmax.e(c\e (g)) P(Js = ¢ | 2(¥)) to de-
note the first and second-most probable class labels for €
w.rt. ®, respectively. For the node classification task, we
use P(g, = ¢ | ©(€,u)) to denote the probability that node
u belongs to class ¢ w.r.t. GNN ®. The first and second-
most probable class labels for node v w.r.t. ® is denoted by
05(6,u) and £% (6, u), respectively.

3 Semifactual Explanations for GNNs

In this section, we introduce semifactual explanations for the
considered classification tasks. Intuitively, an explanation is
a graph obtained from the input one by performing as many
perturbations (i.e., edge additions and deletions) as possible,
while keeping the same class label.

Hereafter, given two AUGs € = (V,E,X) and ¢ =
(V, E',X), we adopt as distance between them the cardinal-
ity of the symmetric difference between their sets of edges £
and E’. That is, the distance between € and €’ is defined as
|[EAE'| = |(E\ E')U(E'\ E)|. The symmetric difference
distance provides a natural and intuitive metric for captur-
ing the number of modifications required to alter the system’s
output. It is commonly adopted in several works within ex-
plainable Al to compare vectors of (binary) features [Barcel6
et al., 2020; Guidotti, 2024]. Moreover, it ensures a balanced
behavior between edge additions and deletions.

Often, in real-world contexts, only some changes on the
original graph 6(V, E, X) are possible. To this end, we use a
perturbation set EP C V' x V to represent the set of allowed
perturbations. Although, our notion of perturbation set is not
able to capture all kinds of allowed perturbations in any real-
world system, e.g., those subjected to particular conditions
such as the existence of an edge conditioned to some struc-
tural property of the graph, it enables explanations with the
so-called actionability property by design [Guidotti, 2024].

We can now formally define semifactual explanations.

Definition 1 (Semifactual Explanations for Graph Classifi-
cation). Let € = (V,E,X) be an AUG, ® a GNN, and
EP C V x V a perturbation set. A Semifactual Explana-
tion for € w.rt. @ is a graph €' = (V, E’, X) such that 7)
05(€") = (5(%), ii) (FAE') C EP, and iii) there is no
€" = (V,E",X) with |EAE"| > |EAE’| such that condi-
tions 7) and 4¢) hold.

Clearly, whenever EP C F (resp., EPNE = ()) semifactual
explanations consist of only deletions (resp., additions).

Example 2. In our running example, where Acetone is repre-
sented by the graph € = (V| E, X) of Figure 1 (left), the per-
turbation set E? = {(u,v) € VXV | uworvis acarbon atom}
naturally encodes the fact that structural isomers differ only in
the relationships involving carbon atoms. As a result, we have
that Propanal, represented by the graph €’ = (V, E’, X) in
Figure 1 (center), is a semifactual for € (Acetone) w.r.t. the
considered GNN at distance | EAFE’| = 6. O

Relationships with factual explanations. Factual expla-
nations have been proposed to offer insights into the reason-
ing behind a specific prediction by identifying the smallest
subgraphs that can independently produce the same predic-
tion as the full input graph [Tan et al., 2022; Ying et al., 2019;
Lin et al., 2021; Luo et al., 2020; Yuan et al., 2021;
Xie et al., 2022; Azzolin et al., 2025]. Using our notation,
factual explanations can be formulated as follows.

Definition 2 (Factual Explanations for Graph Classification).
Let € = (V,E,X) be'an'AUG, and ® a GNN. A Factual
Explanation for 6 wr.t. ®is a graph €' = (V, E', X) such
that i) ¢5(%') = (5(%), ii) E' C E, and iii) there is no
€’ = (V,E",X)with |[E”| < |E’| such that conditions 7)
and ¢3) hold:

We use S¢(€) and Fg(€) to denote the set of semifactual
and factual explanations for € w.r.t. @, respectively.

It is worth noting that, as stated in the following propo-
sition, semifactual explanations generalize factual explana-
tions. Briefly put, factual explanations are semifactual expla-
nations where only edge deletions are allowed.

Proposition 1. For any AUG 6= (V, E,X) and GNN 9, it
holds that Fg (6)=S¢ (%) if EP=FE.

Node classification. Semifactual explanations for node
classification can be defined analogously to Definition 1,
where the focus is on graph classification. The only differ-
ences are i) a target node v we ask the explanation for is also
given in input, and ii) £} (+) is replaced with £} (-, v).

4 Computational Complexity

We first explore the computational complexity of problems
related to semifactual reasoning for graph classification. To
provide a thorough analysis, we extend our investigation
to related problems concerning counterfactual reasoning for
graph classification, as well as to semifactual and counterfac-
tual reasoning for node classification.

We start by investigating the complexity of two natural

problems concerning semifactual reasoning for graph classi-
fication. The first problem asks whether there is a perturbed
graph whose predicted label is that of the original one and
having distance greater than or equal to a given threshold
k. We call this problem decision-Semifactual reasoning for
Graph classification (d-SG for short).
Definition 3 (d-SG). Let € = (V, E,X) be an AUG, ® a
GNN, k£ € N an integer, and EP C V x V a perturbation
set. d-SG is the problem of checking whether there exists
€' = (V,E’,X) such that £5(€’) = (5(%), (EAE') C EP
and |[EAFE'| > k.
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[ SemiractuaL (X=S) [ COUNTERFACTUAL (X=C)]|

E. d-xG NP - [Thm. 1] NP - [Thm. 3]
) xG FPNPlognl¢ [Thm. 2] | FPNPlegnl¢ [Thm. 3]
§ d-xN NP -¢ [Thm. 4] NP -c [Thm. 4]
z. xN FPNPlognl ¢ [Thm. 4] | FPNPlegnl¢ [Thm. 4]

Table 1: Complexity of explainability problems in GNN. For any
complexity class C, C-c stands for C-complete.

Deciding d-SG helps understanding whether a semifactual
at a distance greater than or equal to & exists. Hence, it can be
used to iteratively explore the space of candidate semifactuals
in search of an optimal solution. Unfortunately, as stated next,
even deciding d-SG is hard.

Theorem 1. d-SG is NP-complete.

The second problem considered is the (functional) problem
of computing a semifactual. We call this problem Semifactual
reasoning for Graph classification (SG).

Definition 4 (SG). Let € = (V,E,X) be an AUG, ® a
GNN, and EP C V x V a perturbation set. SG is the problem
of finding a graph €* = (V, E*, X) such that:
E* = arg max |[EAE| (1)
E'CVXV
subject to (EAE’)CEP
and £% (€')=0% (%)

It is worth mentioning that, in computational complexity
theory [Arora and Barak, 2009], d-SG is the so-called deci-
sion version of SG.

The result of Theorem 1 entails that SG is NP-hard. The
following theorem provides a tight characterization of the
complexity of finding semifactual explanations.

Theorem 2. SG is FPNPIog nl_complete.

A natural question is whether semifactual explanations are
harder to compute than counterfactual ones. Counterfactuals
are defined as the minimal changes to-apply to a given in-
stance to let the prediction of the model be different [Barcelé
et al., 2020]. Problem d-CG (decision-Counterfactual rea-
soning for Graph classification) can be defined analogously
to d-SG but by requiring different predicted labels and an
upper-bound threshold.

Definition 5 (d-CG).-Let € = (V, F,X) be an AUG, ® a
GNN, k£ € N an integer, and E? C V x V a perturbation set.
d-CG is deciding whether there is a graph €' = (V| E’, X)
s.t. L1 (€") #15(6), (EAE") C EP and |[EAE'| < k.

The problem of computing counterfactual explanations has
been previously defined for node classification in [Verma et
al., 2024]. Next, we introduce the Counterfactual reasoning
for Graph classification (CG) problem.

Definition 6 (CG). Let € = (V,E,X) be an AUG, ® a
GNN, and EP C V x V aperturbation set. CG is the problem
of finding a graph 6* = (V, E*, X)) such that:
E* = arg min |[EAFE| )
E'CVxV
subject to EAE'CEP
and €3, (') #£05,(%6)

As stated next, the complexity of counterfactual reasoning
problems is the same as that of semifactual ones.

Theorem 3. d-CG is NP-complete. Moreover, CG is
FPNPlog n]_complete.

The problems concerning semifactual and counterfactual
reasoning for node classification (denoted as d-SN, SN, d-
CN, and CN) can be defined by mirroring those for graph
classification: an additional target node v € V is given as
input, and £} (-) is replaced with £ (-, v). Notably, the com-
plexity of CN has been studied in [Verma et al., 2024], where
it is shown that CN is NP-hard. Here, we provide a tighter
characterization of the complexity of CN. Moreover, we char-
acterize the complexity of the other problems related to semi-
factual and counterfactual reasoning for node classification.

Theorem 4. d-SN and d-CN are NP-complete. Moreover,
SN and CN are FPNPIog nl_complete.

The results of Theorems 2-4, summarized in Table 1, sug-
gest that effective heuristics should be devised for the efficient
computation of semifactual explanations.

5 Computation

We propose a neural approach to solve the SG problem (Def-
inition 4)..The adoption of a learning-based architecture is
motivated the computational intractability of exact semifac-
tual computation (cf. Section 4). This is in line with coun-
terfactual problems that share the same complexity of semi-
factuals (cf. Thm. 2-3) and are mostly solved by learning-
based approaches [Prado-Romero et al., 2024b]. Following
the bulk of the literature on perturbation-based counterfactual
explanations [Guo er al., 2025], we model an explanation as a
mask matrix M € [—1,1]"*"™, where |M,,| represents (dur-
ing computation) the probability that edge (u, v) is added or
removed. Consistently with this notation, we use (A, X) to
denote an AUG €. Moreover, we use P € {—1,0,1}"*" to
denote the perturbation matrix, that is the matrix representa-
tion of the perturbation set EP. In particular, P encodes the
perturbations that might be applied to the adjacency matrix A
in constructing semifactual explanations, as detailed next:

1 if (u,v) € EP\E
Poo={ —1 if(u,v) € EPNE
0 if (u,v) € E\E?

(could be added)
(could be deleted)
(must be left unchanged)

A semifactual explanations for (A, X) will be computed
as (A* = round(A + M), X), where round(A + M) is the
matrix obtained from A 4+ M by rounding each element from
[0, 1] to the closest value in {0,1}. Thatis, A¥, = 1 with
P., =1 (resp., A}, = 0 with P,,, = —1) means that edge
(u,v) has been added (resp., deleted) to build a semifactual
explanation. In all the other cases, it holds that A, = A7, .

We propose a learning-based approach to find the best
mask matrix M. We let a neural-network model fy (with
parameters ) produce the mask matrix, thereby producing
the semifactual explanations. The ultimate goal is to find the
model parameters 6 that minimizes a loss function that en-
forces the desired properties of the semifactuals, e.g., keeping
the same predicted class. Leveraging a neural network model
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Figure 2: Overview of the proposed neural model. Solid (resp., dashed) arrows represent forward (resp., backward) steps. As in Figure 1,
blue and dotted red edges (in the output graph) represent additions and deletions, respectively (w.r.t. the input graph).

to generate the semifactual explanations, rather than treating
them as trainable parameters, offers several advantages, e.g.,
it reduces the number of trainable parameters and allows us
to exploit the graph topology to guide the generation of the
mask. The proposed neural approach, termed SEMIX, is illus-
trated in its main components in Figure 2.

Neural model. Our fy model takes as input a graph ¢ =
(A,X) and employs two parallel branches, each comput-
ing a mask matrix for each kind of edge perturbation: one
for insertions, generating M™, and one for deletions, gen-
erating M~. We use M* (with £ € {+,—}) to denote
these mask matrices. In each of these branches, the first
block of f, consists of a (k-layer) GNN ®* having param-
eters Agp+ (see light-grey colored boxes in Figure 2). The
two GNNs separately process the topology of € and the ma-
trix of node features X, producing node-level hidden repre-
sentations. Specifically, each GNN outputs a matrix, that is,
H* ¢ R"*1 = [pf € R¥],cy, where each row ht cor-
responds to a dgr-dimensional hidden representation of node
u used for perturbation decisions concerning edges incident
to u. Note that the hidden dimension dz may differ from the
input features dimension d. Herein, H* = [®T (%, u)] v
consists of node embeddings, which are intended to capture
task-specific information necessary to determine whether an
edge should be inserted (H™) or deleted (H ™). Since these
tasks may rely on distinct signals, we employ separate GNN
modules for each. In each parallel branch, the node represen-
tations produced by ®* are processed separately according to
the perturbation matrix P. For + € {4, =}, the representa-
tions from ®+ are pairwise concatenated, and passed through
a fully connected neural network module ¥*, parameterized
by Ox.+ (see dark-grey colored boxes in Figure 2). Note that
¥ and ¥~ are separate modules, each with its own param-
eters. Finally, a sigmoid activation function ¢ is applied to
both branches to map the computed scores for each edge to
the desired [0, 1] range as follows:

e M} = ord(Py,=1) ‘o g
e M, =-ord(Py, =-1) (2 ([h;,h;])

where ord(true) = 1 and ord(false) = 0.

The generated mask matrices M™ and M~ are then com-
bined to produce the final mask matrix M = M™ + M,
which is in turn used to produce an adjacency matrix A =
A + M (with values in [0, 1]). Observe that, P, = 0 im-
plies M, = 0 and A,, = A,,. Then, after training, we

obtain the (semifactual) graph 6" = (A* = round(A), X),
that is a discretized version of (A, X) obtained by rounding

(©))

E*([hi,h+])g7

)

A through function round. As a result, the overall fy model
has parameters 6 = {0g+, 05—, 05+, 05 }.

Loss function. To optimize the model parameters 0, we
design a loss function capturing the two key requirements
for a semifactual explanation: ) ‘preserving the classifica-
tion outcome of the original graph and i) maximizing the
distance from the original graph (cf. Definition 1). Con-
sidering the graph (A, X), the first condition for semifac-
tual reasoning (i.e., condition ¢) of Definition 1) is to en-
sure that the most probable class label for the obtained graph,
ie., argmax.ec P(f, ., = ¢ | ®((A,X))), coincides
with £} ((A,X)). This can be encoded into the following
sigmoid-based hinge loss function:

gSF(q),A,A,X) = U(T . (’7 + D))

where + is a threshold (margin), 7 > 1 is a temperature pa-
rameter controlling smoothness, and D is the difference be-
tween the probability of the second and first-most probable
class label for the graph (A, X) w.r.t. GNN &:

P, = G((AX) | B((A,X))) -
(0 = 6((A,X)) | 2((A, X))

Intuitively, condition 7 - (v + D) holds whenever
25 ((A, X)) remains the predicted class even in the modified
graph (A, X). Indeed, the argument of the sigmoid o is neg-
ative, resulting in a small loss that depends on how well the
margin is satisfied and on the temperature parameter.

To maximize the number of edge perturbations within P
(second key requirement for semifactual reasoning), we min-
imize the following loss function encoding the similarity be-
tween the semifactual explanations and the original graph:

gSIM(NLP) =1- (”M”LI/HP”Ll)

where || - ||1,1 denotes the entrywise L1 norm of matrix -, that
is the sum of the L1-norms of its columns. *

Finally, the overall loss function, with A > 0 being a regu-
larization term, is as follows:

£ = gSF +A- gSIM (4)

L1 norm of vector (z1, . ..,2y) is computed as Y7, |z4].
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Algorithm 1 SEMIX

Input: AUG € = (A, X); pre-trained GNN model ®; perturba-
tion matrix P; number of epochs e; learning rate «; temperature
parameter 7 > 1; threshold y; regularization hyperparameter \.

Output: Semifactual explanation €* = (A*, X).

1: Initialize parameters §(*) = {9;042 , 9;02 ) Q;Ol , 0(202 b
2: fori € {1,2,...,e} do

Compute H* = [&% (%, u)]uev:

4:  Compute M and M~; {Equation 3}

5: LetM=M"+M";

6:  Compute A=A+M;

7.

8:

0=V _ 0. V(2O 0, A A X, MP,7,7,)):

return €* = (A" = round(A), X)

Algorithm. We address the semifactual reasoning problem
through Algorithm 1 which optimizes the parameters 6§ =
{0s+, Os—, O+, Oun-} Of the neural model fy end-to-end
via standard gradient descent over a number e of training
epochs. Specifically, the algorithm alternates between a for-
ward phase, where a mask matrix M is generated based on
the current parameters 6, and a backward phase, where 0 is
updated using gradient descent to minimize the loss func-
tion & (cf. Eq. 4), with a learning rate o. At each epoch
i € {1,2,...,e}, the mask M is used to build a graph
(A = A+M, X)) that intuitively represents a candidate semi-
factual. After the last training epoch, Algorithm 1 returns a
graph €* = (A*, X) obtained from (A, X) by rounding con-
tinuous values in A to closest ones in {0, 1}.

6 Experimental Analysis

In this section, we evaluate our semifactual explainability
framework on benchmark graph datasets to assess:its effec-
tiveness in generating high-quality explanations in both the
factual and the more general semifactual settings.

Datasets. We conducted our experiments on widely used
benchmark datasets for graph classification, each consisting
of labeled graphs. These datasets are also standard testbeds
in the XAl literature on graphs [Kosan ef al., 2024]. Table 2
summarizes their main characteristics.

Evaluation metrics. To evaluate the quality of semifac-
tual explanations, we adopt irrelevance (irr) and distance
(dis) metrics, respectively capturing conditions 4) and %)
of Definition 1. Similar to the metrics defined in [Tan et
al., 2022] for factual and counterfactual explanations, we
define irrelevance (irr) as the percentage of graphs € in
the dataset & for which the explanation graph €* shares
the same class label. Formally, irr = 5 - Ygcq a(6),
where ¢(6) = 1if (5(6) = (5(€*); 0 otherwise. No-
tice that, whenever only edge removals are allowed, irr coin-
cides with the well-known sufficiency metric, commonly used
to evaluate factual explanation methods [Kosan et al., 2024;
Tan et al., 2022]. Moreover, distance encodes how far €*
and € are in terms of hamming distance. That is, dis =
Bl Lea 22 ‘AE’? "L, Both metrics are such that higher values
indicate better performance. We use the harmonic mean to

Dataset & || d Nodes Edges
Mutagenicity [Riesen and Bunke, 2008] || 4337 14  30.32(20.12) 30.77 (16.82)
Mutag [Debnath ef al., 19911 188 7 17.93(4.58)  19.79 (5.68)
NCI1 [Wale et al., 2008] 4110 37 29.87 (13.56) 32.30 (14.93)
Proteins [Borgwardt et al., 2005] 1113 32 39.06 (45.76) 72.82 (84.60)
AIDS [Ivanov et al., 2019] 2000 42 15.69 (13.69) 16.20 (15.01)
Graph-SST2 [Yuan et al., 2022] 70042 768  10.20 (8.62) 9.20 (8.62)
ogbg_molhiv [Allamanis et al., 2018] 41127 9 25.51(12.11)  27.47(13.21)

Table 2: Statistics of the datasets. For each dataset &, we report the
number of graphs, node feature dimension (d), average number of
nodes and edges per graph (with the standard deviation in brackets).

summarize both metrics’ aspects, that is, SCORE = ?rr'iglf as-

sesses the overall performance of a GNN explanation method.

Baselines and ablation variants. It is worth noting that no
methods for computing semifactual explanations for GNNs
currently exist. Moreover, comparing against existing ap-
proaches for counterfactual explanations would not be mean-
ingful, as they address a fundamentally different problem.
Therefore, we design three baselines derived from simpli-
fications of our proposed method, SEMIX, which includes
two main modules, the GNNs ®*/®~ and the NNs X t/Z—,
depicted in light-gray and dark-gray boxes, respectively, in
Figure 2. We introduce the following simplified versions of
SEMIX, which also serve as ablations (discussed later in this
section) to assess the contribution of its key components: (%)
SEMIX[NN-ONLY |, which discards the GNNs ®*/®~, hence
it is composed only of the NNs modules ¥* /Y~ which are
fed with the node features, and (i) SEMIX[DIRECT], which
discards both the GNNs and NNs modules, and directly op-
timize the entries of the mask matrix M—treated as learn-
able parameters—by minimizing the loss function & (Eq. 4)
via projected gradient descent, i.e., at every step, gradient de-
scent and projection of the mask values into the range [0, 1]
are performed, and (i¢2) SEMIX[1-GNN], which employs a
single shared GNN module followed by the two independent
NNs modules, ¥ and ¥, and is introduced to experimen-
tally assess the necessity of the dual GNN architecture.
Compared to these variants, SEMIX leverages graph topol-
ogy and node features through two dedicated GNNs, poten-
tially capturing richer information than its simplified variants.
To assess how SEMIX performs when restricted to the fac-
tual setting, we compare it with six factual explanation meth-
ods, namely CF? [Tan er al., 2022], GNNEXP [Ying et al.,
2019], GEM [Lin er al., 20211, PGEXP [Luo er al., 20201,
SUBGX [Yuan et al., 2021], and TAGEXP [Xie et al., 2022].

Methodology. The experiments consist of two phases: 1)
training the base GNN & for graph classification, and 2) gen-
erating explanations. As for ®, we use a 3-layer GCN [Kipf
and Welling, 2016] with 20 hidden units for all datasets and
methods. Notice that our approach is orthogonal w.r.t. the
GNN architecture used for .

We consider two experimental settings. In the semifactual
setting, for SEMIX and its simplified variants we perform a
grid search over 7 € {1,2,4,8}, A € {0.1,0.5,1,10} and
~ € {0.25,0.5,0.75}, selecting the configuration that max-
imizes SCORE. In the factual setting, we compare against
factual explainers: for these methods we use their original
implementations and follow the GNNXBench [Kosan et al.,
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Semifactual setting Factual setting
Dataset _SEMIXIDIRECT] _ | SEMIXINN-ONLY] | SEMIXLI-GNN] | __ SEMIX SEMIX PGExp TAGEXp CF? GNNExp GEM SUBGX | |diff|
irr dis  SCORE | irr dis  SCORE | irr dis  SCORE | irr dis  SCORE
Mutagenicity || .748 .657 .700 690 .752 720 751 770 .760 753 .898 821 756 585 775 7260 725 736 779 .023
Mutag .bb2 713 623 648  .846 734 675 832 745 699 938 798 783 723 723697 .690 .610 740 .000
NCI1 812 .646 720 729 787 757 828 738 780 845 833 842 .823 .663 666  .628 662 617 720 .000
Proteins 991 874 928 973 .822 .892 975  .889 930 981 .992 985 912 931 948 971 975 913 945 .063
AIDS 961 .957 960 959 988 973 972 977 975 976 992 986 971 957 960 981 983 943 990 .019
Graph-SST2 937 905 922 938 971 954 939 969 954 939 969 954 965 944 974 981 982 OOM 988 .023
ogbg_molhiv 985 797 .882 981  .963 971 982 .963 973 979 992 984 981 983 982 974 975 OOM OOM .002

Table 3: Results in the semifactual (left) and factual (right) settings. In the semifactual setting, we report average irr, dis, and SCORE for each
dataset and method; in the factual setting, we report average sufficiency. All values are obtained by averaging over graphs and then over 10
runs. Boldface highlights the best scores within the semifactual block. OOM denotes cases that resulted in an out-of-memory error. The last
column, namely |diff|, reports the per-dataset absolute gap between SEMIX and the best method in the factual setting.

2024] setup, while for SEMIX we fix the hyperparameters to
the best configuration in terms of SCORE from the semifac-
tual setting and do not tune SEMIX on the factual test split. All
methods are trained for 100 epochs using the Adam optimizer
with a learning rate of 0.001. For SEMIX (resp. SEMIX[1-
GNNY), the architectures of &+ and ®~ (resp. ®*) match
the base ®. The NN modules in SEMIX, SEMIX[1-GNN], and
SEMIX[NN-ONLY] consist of multilayer perceptrons (MLPs)
with one hidden layer with 32 hidden units.

Semifactual setting. Since SG problem requires a prede-
fined set of edge perturbations EP, which is not available
in standard real-world datasets, as it would require domain-
expert annotation, we perform a preprocessing step where
each input graph is modified by randomly removing some
edges and adding an equal number of new ones. To balance
both feasible additions and deletions in computing semifac-
tual explanations, for each graph € = (V, FE,X) in each
dataset 9, we build a new graph €’ (V,E',X) where
E' = (E\ E")U E“ is obtained from E by i) removing (at
random) |E|/4 edges in E (represented through set E"), and
11) consequently adding (at random) a set E® of |E|/4 edges
of (V x V) \ E. Then, we set EY = E" UE*UET UE~
as the union of four disjoint, equally sized sets, where E+
(resp., E7) is a set of |E|/4 (randomly_selected) edges of
(V x V) \ E (resp., E). Then, for each preprocessed graph
%’ in each dataset &, we apply the four methods—SEMIX,
SEMIX[1-GNN], SEMIX[NN-ONLY], and SEMIX[DIRECT]
—using the perturbation set E? defined above, and compute
SCORE on the explanations they return. This procedure was
repeated ten times with independent random seeds, and we re-
port average values across these runs. While this construction
does not encode domain-specific actionability constraints, it
provides a neutral and unbiased instantiation of EP for fair
evaluation.

Table 3 reports the average irr, dis, and SCORE com-
puted over all graphs in our benchmark datasets and over
10 runs. Our full architecture SEMIX consistently achieves
the best SCORE, with average improvement of 4.5% over
SEMIX[1-GNN], 6.7% over SEMIX[NN-ONLY], and 12.9%
over SEMIX[DIRECT]. Notably, SEMIX yields the best perfor-
mance in terms of irr, dis, and SCORE, with only 3 exceptions
over 21 cases, i.e., irr for Proteins, dis for Graph-SST2, and
irr for ogbg_molhiv, where, however, the difference w.r.t. the
best-performing method is less than 1%.

On average, SEMIX is 2.72 times slower* than SEMIX[NN-
ONLY], 2.53 times slower than SEMIX[DIRECT], and 1.18
times slower than SEMIX[1-GNN] in computing semifactu-
als. However, all runtimes remain within a few seconds per
explanation. Moreover, SEMIX converges faster and more sta-
bly than its simplified variants, reflecting the benefit of lever-
aging both graph structure and node features via a two-branch
GNN architecture.

Factual setting. As for factual explanations, where EP =
E, Table 3 reports the results in terms of sufficiency (that,
as said earlier, coincides with irr in the factual setting). On
average, SEMIX achieves the highest sufficiency across all
datasets (0.884), outperforming or matching state-of-the-art
factual explainers such as TAGEXP (0.861), SUBGX (0.86),
and CF? (0.851); the absolute gap between SEMIX and the
best factual method is less that 0.07. This highlights the
flexibility of our approach, confirming its effectiveness as a
valuable explanation method even in the factual setting where
specific purpose solutions exist. Moreover, SEMIX achieves
competitive per-explanation runtimes across all datasets, with
running times comparable to most methods and within less
than an order of magnitude of SUBGX.

7 Related Work

Factual GNN explainers aim to identify the subgraph driv-
ing the model’s prediction, typically combining a subgraph
extraction module with a scoring function to assess its im-
portance. GNNEXP [Ying ef al., 2019] identifies the sub-
graph that most influences the model’s prediction via mu-
tual information (MI) as scoring function. PGEXP [Luo et
al., 2020] models graphs as Gilbert random graphs and also
employs MI. TAGEXP [Xie et al., 2022] adopts a two-step
approach where an embedding explainer is first trained in
a self-supervised manner, independently of the downstream
task, and uses MI for evaluation. In contrast, GEM [Lin
et al., 2021] combines Granger causality with an autoen-
coder for subgraph extraction and uses causal contribution
as the scoring mechanism. SUBGX [Yuan et al, 2021]
employs a Monte Carlo Tree Search to extract informative

“All the experiments were conducted using a double 56-core In-
tel(R) Xeon(R) Gold 6258R CPU, equipped with 256GB RAM and
two NVIDIA GeForce RTX3090s with 24GB memory each, OS
Ubuntu Linux 22.04 LTS.
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subgraphs and evaluates their importance using the Shapley
value. GSTARX [Zhang er al., 2022] is a game-theoretic
GNN explainer that models nodes as players in a coopera-
tive game and derives their contribution scores accordingly.
CF? [Tan et al., 2022] is a factual explanation method that
seeks subgraphs satisfying both necessity—its removal flips
model’s prediction—and sufficiency—by ensuring the sub-
graph alone suffices to reproduce the original prediction.
Counterfactual explanations for graphs have been investi-
gated in [Prado-Romero et al., 2024b]. Most existing works
on explainability for graphs—both factual and counterfac-
tual—focus primarily on proposing novel algorithms, with
few addressing the computational complexity of related prob-
lems [Huang ef al., 2023; Verma et al., 2024]. In contrast,
complexity aspects have been systematically studied in other
areas of formal XAI [Arenas et al., 2022; Arenas et al., 2021;
Eiben et al., 2023; El Harzli et al., 2023; Alfano et al., 2025a;
Calautti et al., 2025; Marzari et al., 2023; Ordyniak et al.,
2023; Marques-Silva and Ignatiev, 2022; Ignatiev et al., 2022;
Malfa et al., 2021; Ignatiev et al., 2019; Bassan ef al., 2025].
Semifactual explanations have been investigated in simpler
settings, such as tabular or binary data [Dandl et al., 2023;
Aryal and Keane, 2023; Kenny and Keane, 2021], with for-
mal frameworks and complexity analyses provided in [Alfano
etal.,2025¢c]. However, no prior work has addressed semifac-
tual reasoning for GNNs or for models designed to learn di-
rectly from graph-structured data [Artelt et al., 2025]. We fill
this gap by providing both theoretical foundations and empir-
ical evaluation of novel semifactual explanations for GNNs.

8 Conclusions

We have introduced semifactual explanations for GNNS,
based on the even-if reasoning paradigm, a complementary
and less explored alternative to counterfactual and factual ap-
proaches. We formally defined semifactuals for graph (and
node) classification, showing that they generalize factual ex-
planations. After establishing the computational intractabil-
ity of related reasoning tasks, we proposed a learning-based
architecture for their heuristic computation. Experiments
on benchmark datasets demonstrate the effectiveness of our
method in both semifactual and factual settings, with perfor-
mance comparable to existing factual explainers when focus-
ing on that more specific problem. In future work, we plan
to explore alternative distance measures between graphs and
extend our approach to account for node/edge feature pertur-
bations, if they are allowed, in addition to edge perturbations,
as well as to study semifactual explanations in decentralized
learning settings [Alfano et al., 2025b].
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