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ABSTRACT
In machine learning, exploring data correlations to predict outcomes is a fundamental task. Recognizing causal relationships embed-
ded within data is pivotal for a comprehensive understanding of system dynamics, the significance of which is paramount in data-
driven decision-making processes. Beyond traditional methods, there has been a shift toward using graph neural networks (GNNs) 
for causal learning, given their capabilities as universal data approximators. Thus, a thorough review of the advancements in causal 
learning using GNNs is both relevant and timely. To structure this review, we introduce a novel taxonomy that encompasses various 
state-of-the-art GNN methods used in studying causality. GNNs are further categorized based on their applications in the causality 
domain. We further provide an exhaustive compilation of datasets integral to causal learning with GNNs to serve as a resource for 
practical study. This review also touches upon the application of causal learning across diverse sectors. We conclude the review with 
insights into potential challenges and promising avenues for future exploration in this rapidly evolving field of machine learning.

1   |   Introduction

Exploration of causality forms the foundation of machine learn-
ing, aiming to uncover the intricate relationships embedded 
within data features. Predominantly, the focus has been on iden-
tifying correlations and associations, such as the links between 
lifestyle choices and health outcomes. Though traditional ma-
chine learning techniques, such as classification, are well-suited 
for predicting outcomes, they are inadequate for understanding 
causality. Moreover, there has been a growing recognition of 
the need to delve deeper into the actual causal elements behind 
these associations, especially when the objective extends beyond 
mere prediction to actual improvement or intervention. In build-
ing on this approach, it is essential to determine an alternative 

course of action that can lead to a more optimal outcome, inclu-
sive of cause–effect relationships, which is where the concept of 
causality is significant. The process of causal analysis can be ad-
opted to explore such causal effects, whereby the elements that 
contribute to a specific outcome can be determined.

Causal analysis is crucial in machine learning to ensure gen-
eralizability, explainability, and fairness of ML models (Zhao 
et  al.  2022b). At its core, causality bifurcates into causal dis-
covery and causal inference. The former unravels the struc-
tural relationships within data, while the latter investigates the 
consequences of various interventions. A significant challenge 
in causal inference is discerning the distinct effects of concur-
rent actions. A key deterrent to determining causation is the 
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assumption that causal effects cannot be reliably evaluated sta-
tistically (Pearl 2000), on account of the impracticality of know-
ing possible outcomes in the event of an alternative course of 
action.

Causal learning has gained significance in several areas, includ-
ing in the development of recommender systems (Si et al. 2023), 
language modeling (Vig et  al.  2020), the medical field 
(Chai  2020), including medical imaging (Castro et  al.  2020), 
and pharmacology (Zhao et  al.  2022b), urban intelligence 
(Mannering et  al.  2020), economics (Alam and Sumon  2020), 
and so on. In causal analysis, it is essential to address counter-
factuals that allow replication of different approaches simul-
taneously. Causal machine learning provides a framework for 
including this aspect of causality and discovers the influence 
of confounders on an outcome. Incorporating causality into 
machine learning establishes causal relationships between 
features, which consequently lead to improved model accu-
racy (Carbo-Valverde et al. 2020). Causal forests, a variation of 
random forests (RF) (Carbo-Valverde et al. 2020) and ensemble 
methods that use logistic regression, RF, gradient boosting, and 
SVM (Decruyenaere et al. 2020) are examples of methods em-
ployed in causal machine learning. Propensity score (estimates 
treatment likelihood given covariates), covariate balancing (ad-
justs for characteristic differences between treatment groups), 
instrumental variable (IV-isolates causal effects by accounting 
for confounding), and Frontdoor criterion (uses a mediator for 
causal effects) are conventional methods for learning causal ef-
fects. Traditional causal discovery methods include constraint-
based (PC (Spirtes et  al.  2001), FCI (Spirtes et  al.  2001)) and 
score-based (GES (Chickering 2002)) methods. Fundamentally, 
causal interactions can be represented in the form of graphs in 
most cases, rendering such traditional approaches ineffective for 
handling the dynamics of causal relationships.

Deep learning techniques such as MLPs (Multilayer Perceptron) 
have been used to learn causality (Si et  al.  2023), with graph-
based deep learning methods adopted in recent research studies 
(Chai 2020). Modeling causal relationships by means of graphs 

serves to establish causality dynamics. Causality learning using 
graph methods is gaining attention in recent times since GNNs 
have proven to be effective for causal analysis due to their po-
tential as universal approximators of data (Zečević et al. 2021). 
Moreover, GNNs are adept at multi-modal deep learning and can 
also address the problem of feature sparsity through graph rep-
resentations using feature interactions represented in the form 
of nodes (Zhai et al. 2023). GNN, with its neural network archi-
tecture, can handle complex graphs consisting of a multitude of 
nodes. Moreover, GNNs are capable of extracting information 
from unstructured data as well as modeling dynamic and evolv-
ing data structures. On these grounds, GNNs have an inherent 
potential to capture causality in data, especially when compared 
to traditional approaches as discussed by Feng et al. (2021) and 
Zhao et al. (2022a).

Existing surveys on graphical causal learning are predomi-
nantly centered on generalized graphical models. While Cheng 
et al. (2022) delved into graphical causal modeling techniques, 
they overlooked the role of GNNs. Other survey papers like Wu 
et al. (2020) and Zhou et al. (2020) have explored GNNs but dis-
regarded their applications in causal learning. Yuan et al. (2022) 
focused on the explainability aspect of GNNs, with a brief refer-
ence to the causal screening method. Notably, causality-focused 
surveys such as (Nogueira et  al.  2022) and (Yao et  al.  2021) 
omitted GNNs for causality, while Kuang et al. (2020) provided 
only a cursory mention of GNNs in their discourse on causal 
inference. This survey comprehensively reviews GNNs for 
causal learning, addressing this identified gap in the literature. 
A visual summary of the survey is presented in Figure 1. To the 
best of our knowledge, this is the only study focusing on causal 
learning with GNNs. The key contributions of the article are the 
following:

•	 Systematic taxonomy and in-depth review: We introduce a 
meticulously designed taxonomy tailored for this survey, 
showcased in Figure  2. Every category undergoes a thor-
ough review, summarization, and comparison against key 
works in the domain. Furthermore, we compile a detailed 

FIGURE 1    |    Graphical abstract of the survey with a taxonomical approach to causal learning with graph neural networks.
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list of state-of-the-art methods employed in causal learn-
ing with GNNs, along with datasets pertinent to causality-
focused GNN research (Section 3).

•	 Rich resources and noteworthy references: We present a cu-
rated collection of open resources, encompassing bench-
mark datasets, technical details, and practical applications. 
Our cited references are drawn from premier peer-reviewed 
journals covering areas such as data mining, AI, GNNs, and 
knowledge discovery (Section 3).

•	 Future horizons: We recognize the evolving nature of GNNs 
and its application in causality. Using this knowledge, we 
delve into its present constraints, challenges, and untapped 
opportunities, charting out potential avenues for future 
exploration in the field, and offer insights about future re-
search in the domain (Section 5).

The remainder of the paper is organized as follows: Section  2: 
The background introduces causal learning concepts and GNNs, 
including their common variants, Section 3 presents the GNN ap-
proaches for causal learning, Section 4: Applications present the 
practical applications, and then Section  5 discusses challenges 
and future directions, and the final section concludes this survey.

2   |   Background

Before deep learning methods, causal learning was studied 
using traditional methods. Figure 3 provides an outline of tra-
ditional methods used in graph learning and causal learning. 
GNNs, owing to their ability to act as functional approximators, 
have been researched in recent times due to the potential to ex-
tract causal relations and causal effects (Yu et  al.  2019). This 
section provides a background on causal learning and GNNs.

2.1   |   Definitions

2.1.1   |   Definition 1 (Structural Causal Model)

Structural Causal Model (SCM; Pearl 2009) is a set of endoge-
nous variables V and a set of exogenous variables U, mapped in 
terms of a set of functions F. The values of V = V 0,V 1, … ,V

{
i

}
 

and U = U0,U1, … ,U
{
u

}
 are determined by F. A SCM is asso-

ciated with a directed acyclic graph (DAG), with a node in U or 
V, and each edge in F.

2.1.2   |   Definition 2 (Causal Modeling)

Causal modeling represents causal relationships mathemati-
cally through SCMs. Potential outcome framework (Rubin 2005), 
similar to the SCM model, is defined in terms of the treatment 
applied to a unit under study. Potential outcome is the outcome 
of a treatment. Counterfactual outcome forms the outcome if a 
different treatment were applied to the unit. Causal learning 
evaluates the change in outcome when an alternative treatment 
is applied, where control c is altered to treatment t, expressed 
as E

[
y| t

]
− E

[
y| c

]
.

2.1.3   |   Definition 3 (Graphs)

A graph G is a set of nodes with edges and is represented as 
G = (V ,E), where V is the set of vertices (nodes) and E is the set 
of edges connecting the nodes. Graphs may be directed or un-
directed. Two nodes connecting an edge e, namely, u ∈ V  and 
v ∈ V  are neighbors and hence have an adjacent relationship. 
Adjacency matrix represents a graph as Boolean values for indi-
cating the node connections.

A causal graph (Pearl 2009) is a directed acyclic graph (DAG) 
that represents causal relationships between variables. The 
nodes in a causal graph represent variables, which can be either 
observed (measured) or unobserved (latent), and the directed 
edges between the nodes indicate causal effects.

2.1.4   |   Definition 4 (Back-Door Path)

A backdoor path between treatment and outcome variables 
(t,y) in a causal graph is a path that connects these two vari-
ables with an arrow pointing into t and does not follow a direct 
causal path from t to y (Pearl  2009). The treatment variable 
t corresponds to the intervention being studied, and the out-
come variable y represents the result. A backdoor path can 

FIGURE 2    |    Survey overview.
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cause confounding bias unless blocked by controlling for the 
appropriate variables.

2.1.5   |   Definition 5 (Confounder)

For a pair of variables (t,y), a variable z ∉ {t, y} is a confounder 
(Pearl 2009) of the causal effect t → y, if z is the central node of a 
fork on a back-door path between t and y. z is a common cause of 
both t and y, possibly introducing confounding bias in the esti-
mation of the causal effect of t on y. Conditioning on z blocks the 
back-door path and mitigates the confounding bias.

Causal learning involves causal discovery and causal inference. 
In causal discovery, the causal structure is derived from data to 
form a causal graph. Causal inference involves inferring causal 
effects from this causal graph. These concepts are briefly dis-
cussed in the following subsections.

2.2   |   Causal Discovery

Causal discovery involves analyzing observational data to de-
rive causal relations and is based on four assumptions (Spirtes 
et al. 2001):

•	 Acyclicity: A causal graph has no directed cycles, ensuring 
no variable is both a cause and an effect of itself.

•	 Markov property: A node in a causal graph is independent of 
nondescendant nodes, conditioned on its direct causes (par-
ents), such that once the direct influences are accounted for, 
nondescendant nodes provide no additional information.

•	 Faithfulness: Causally connected variables in a graph are 
probabilistically dependent, and all observed dependencies 
are explained by the causal graph.

•	 Sufficiency: All confounders in the graph must be observed 
variables, ensuring that the causal discovery process is not 
biased by unobserved confounding factors.

2.3   |   Causal Inference

Causal inference estimates the causal effect of a variable 
(treatment) over a variable of interest (outcome) as depicted in 
Figure  4. Here, a confounder is a variable that is causally as-
sociated with treatment and outcome. Causal inference derives 
the effect of an intervention on the outcome and requires the 
following conditions (Arboleda-Florez et al. 1998) to be satisfied:

•	 Covariation: A change in the causal variable should result 
in a change in the variable that is expected to be affected.

•	 Temporal precedence: If a causal variable causes an effect 
on the affected variable, then the occurrence of the causal 
variable must precede the effect on the affected variable.

•	 Control extraneous variables: Elimination of possible alter-
native causes.

FIGURE 3    |    Traditional graph learning and causal learning methods.
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Causal inference is based on the following assumptions:

•	 SUTVA (Stable Unit Treatment Value Assumption) (Fé 
et al. 2020): SUTVA assumes that there is no variation in the 
treatment within units and no interference between units' 
treatment statuses.

•	 Ignorability (Pearl  2010): Ignorability assumes that treat-
ment assignment is independent of potential outcomes, 
with no unmeasured confounders.

•	 Consistency (Pearl 2010): Consistency assumes that the ob-
served outcome for a unit is the same as the potential out-
come under the treatment received.

•	 Positivity (Cole and Frangakis  2009): Positivity assumes 
that every unit has a positive chance of receiving each treat-
ment level, ensuring that all treatment groups are repre-
sented in the data.

In causal learning, two approaches for computing causal ef-
fects from observational data are the Backdoor (Pearl  1995) 
and Frontdoor Adjustment criteria (Pearl 1995), given a causal 
graph. These concepts are briefly described in the following 
subsections.

2.3.1   |   The Backdoor Adjustment

In a causal graph, a set of variables V satisfies the Backdoor cri-
terion for a pair of variables (X,Y) if the following two conditions 
are met:

•	 Blocking all backdoor paths: V blocks all backdoor paths 
from X to Y, preventing bias in estimating the causal effect 
of X on Y.

•	 No descendants of X are in V: No node in V is a descendant 
of X, as this would reintroduce bias through confounding 
paths.

2.3.2   |   The Frontdoor Adjustment

In a causal graph, a set of variables V satisfies the Frontdoor cri-
terion for a pair of variables (X,Y) if:

•	 Blocking all directed paths from X to Y: V blocks all directed 
paths from X to Y.

•	 Blocking backdoor paths from V to Y by X: All backdoor 
paths from V to Y are blocked by X, preventing confounding 
through these paths.

•	 No backdoor paths from X to Y: There exist no backdoor 
paths from X to V, as this would introduce bias if V were 
included in the adjustment set.

2.4   |   Graph Neural Networks

GNNs are deep learning techniques that are used for processing 
and analyzing graph-based data. With their neural architecture, 

they can learn node representation. The representation matrix is 
defined as H ∈ RN×F where F is the node representation dimen-
sion. GNNs aggregate representations of node neighbors and up-
date node representations in an iterative manner and are capable 
of learning causality with their functional approximation prop-
erties. A mathematical representation of the GNN framework 
is defined in (Equation  (1); Wu et al. 2022), with Aggregate and 
Combine functions in each layer, where the node representation is 
initialized as H0 = X. Here, N(v) is the set of neighbors for node v. K 
is the total number of GNN layers, where k = 1,2,…,K and HK is the 
finalized node representation. ak

v
 is the aggregated node feature of 

the neighborhood Hk−1
u

.

Graph learning includes the node-level, graph-level, or edge-
level tasks briefly described here.

Node-level: In node-level tasks, the property of each node in a 
graph is predicted. Node-level features may be importance-based 
or structure-based.

Graph-level: In graph-level tasks, the features of the entire graph 
structure are captured for computing graph similarities. Graphlet 
Kernel and Weisfeiler-Lehman Kernel are the two main ap-
proaches for feature learning at the graph level.

Link or edge-level: In link-level tasks, existing links are used to 
make predictions on new or missing links. Distance-based, local 
neighborhood overlap, and global neighborhood overlap are link-
level features.

There are four major graph learning tasks using machine learn-
ing, as outlined as follows:

•	 Node Classification is the task of determining the class of a 
node based on the classes of neighboring nodes.

•	 Graph Classification is the task of classifying an entire 
graph into various groups.

•	 Node Regression is the task of predicting a continuous value 
for a node.

•	 Link Prediction predicts potential relationships between 
two nodes in a graph.

For link prediction, either node-based or subgraph-based GNN 
methods may be used. A GNN layer builds node-level represen-
tations; hence, graph-level representations require graph pool-
ing techniques (Wu et al. 2022) to reduce dimensionality while 
retaining maximum graph information. A general representa-
tion of the GNN classification pipeline is illustrated in Figure 5. 
Here, a GNN layer computes the input features from the input 
graph and aggregates these features to generate node embed-
dings. Node features are updated with an update function, and 
the transformed graph is passed through a classification layer to 
predict labels. The most important GNN architectures used in 

ak
v
= Aggregatek

{
Hk−1
u

:u ∈ N(v)
}

(1)Hk
v
= Combinek

{
Hk−1

v
,ak

v

}
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causal learning are GCN, GAT, GGNN, GAE, and GIN, which 
are briefly described as follows.

2.4.1   |   Graph Convolutional Networks

Graph Convolutional Networks (GCNs; Kipf and Welling 2017) 
are GNNs that use convolutional aggregations and aggregate 
features, including neighbor features. A classic GCN framework 
consists of graph convolutional layer(s), a linear layer, and a 
nonlinear activation layer. The input graph undergoes a convo-
lution operation that is applied to each node, following which 
feature information is aggregated and the node representations 
updated. An activation function such as ReLU is applied to the 
convolutional layer output.

GraphSAGE (Graph SAmple and aggreGatE; Hamilton 
et al. 2017) is an extension of GCN with an inductive learning 
framework, where sampling and aggregation of features from 
a node's neighborhood are used to build node representations. 
GraphSAGE samples a subset of neighbors for each node at var-
ious layers. The aggregator then aggregates the neighbors of 
preceding layers with an aggregating operation using mean ag-
gregator, pooling aggregator, or LSTM aggregator.

2.4.2   |   Graph Attention Networks

Graph Attention Networks (GATs; Velickovic et al. 2017) incor-
porate an attention layer into the GNNs for compiling neigh-
borhood properties of nodes to form embeddings. Using the 
attention mechanism, the neighbors are assigned weights rela-
tive to their importance to a specific node. GATs attend to un-
seen nodes with their inductive learning, supporting both direct 
and indirect graphs. The graph attention layer applies a linear 
transformation to the node feature vectors with a weighted 
matrix. The activation function used is LeakyReLU, and the at-
tention coefficients are computed based on the relative impor-
tance of neighbor features. To have a common scaling across the 
neighborhood, the coefficients are normalized. The process can 
be improvised with multi-head attention, wherein multiple at-
tention maps are aggregated.

2.4.3   |   Gated Graph Neural Networks

In gated graph neural networks (GGNNs; Li et al. 2016), gated re-
current units (GRU) are incorporated with GNNs as a recurrent 

function for the propagation step. Recurrence is performed for a 
fixed number of steps, and gradients are computed with backprop-
agation. With GGNN, node labels termed as node annotations may 
be added as inputs. Previous hidden states and neighboring hidden 
states are used for updating the hidden state of a node. GGNNs 
need to perform the recurrent function over all nodes multiple 
times, which is a drawback when processing large graphs.

2.4.4   |   Graph Auto Encoder Networks

Graph Auto Encoder Networks (GAEs; Kipf and Welling 2016) 
utilize an encoder–decoder technique to encode nodes or graphs 
as a latent representation to construct network embeddings. The 
encoder generates embeddings for nodes using graph convo-
lutional layers. The topological information of the nodes is in-
corporated in the representation. The decoder reconstructs the 
graph adjacency matrix after evaluating pairwise similarity of 
the network embeddings. The GAE aims to minimize the recon-
struction loss of the decoded adjacency matrix as compared to 
the original matrix.

2.4.5   |   Graph Isomorphism Networks

Graph Isomorphism Networks (GINs; Xu et al. 2019) are GNNs 
with high representational power as defined by the Weisfeiler–
Lehman (WL) graph isomorphism test. The WL tests if two 
graphs are nonisomorphic by creating subtrees for the graph 
nodes, followed by color mapping each node based on the num-
ber of neighbors. The aggregate and combine functions are rep-
resented as the sum of the node features.

3   |   Graph Neural Networks for Causal Learning

Causal learning focuses on uncovering cause-and-effect rela-
tionships in data, requiring specialized methods compared to 
traditional representation learning. GNNs generally model cor-
relations between nodes, but their architecture must be adapted 
to explicitly capture causal structures (Job et  al.  2025a; Sui 
et al. 2022a), which requires consideration of the following key 
factors:

•	 Edge interpretation: In causal graphs, edges represent direct 
causal relationships, with directionality indicating causal-
ity. GNNs, however, use edges to represent correlations. To 
adapt GNNs for causal learning, the causal structure must 

FIGURE 5    |    Prediction with graph neural networks.
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be determined, enabling the model to better capture causal 
relationships from data (Gao et al. 2024).

•	 Establishing causal relationships using GNNs: Adapting 
GNN architectures to infer causality involves incorporating 
causal constraints such as causal priors (Gao et  al.  2024) 
or domain knowledge (Horiwaki  2023) into the learning 
process. These adjustments enable GNNs to propagate in-
formation based on both correlations and causal structures 
in the data. Techniques like feature emphasis and ignoring 
mechanisms also help to guide the model toward causal 
learning (Gao et al. 2024). Other methods, including causal 
weight masking, graph decomposition, and contrastive 
learning, have been applied to enhance causal learning in 
GNNs (Li et al. 2024b).

•	 Linking correlation and causation in GNNs: A key chal-
lenge in using GNNs for causal learning is distinguishing 
between correlation and causation. Correlation alone is in-
sufficient to establish causality; it requires both correlation 
and the assumption of a directed cause–effect relationship. 
To address this, methods such as structural equation mod-
eling (SEM), causal graph learning, and do-calculus-based 
interventions can be integrated into GNNs (Jiao et al. 2024), 
enabling them to move from correlation to causation and 
improve causal modeling.

•	 Leveraging GNNs for causal learning: The advantage of 
adapting GNNs for causal learning lies in their ability to 
combine the strengths of GNNs in learning causal represen-
tations with the capacity to infer cause and effect relation-
ships. By modifying GNN architectures, such as adjusting 
edge weights (Fan et al. 2022) or incorporating causal con-
straints (Hu et al. 2025), GNNs can be trained to identify 
causal relationships from data.

A GCN framework integrated with mutual information was 
designed to analyze accident characteristics and learn causal-
ity in maritime vessel traffic accidents, aiming to improve de-
cision making in accident investigations (Gan et  al.  2025). A 
GNN enhanced with a causal attention-based sampling method 
was designed to learn geographic network representations 
(Wang et  al.  2025b). This approach assigns weights to neigh-
boring nodes based on similarity and causality, minimizing 
dependence on background representations. The model em-
ploys HSIC for sample reweighting to ensure independence 
between invariant and background representations, enhanc-
ing the GNN's ability to mitigate spurious correlations during 
predictions. An attention-based GNN was adapted for causal 
learning by incorporating the Hebbian principle and dynamic 
impact valuing, leading to the development of HebCGNN 
(Job et al. 2025b). This approach overcomes the limitations of 

attention mechanisms, which alone cannot capture causality, 
and improves graph classification performance by capturing 
complex feature interactions. In InsGNN (Fang et  al.  2025), 
the GNN integrated with a mask generator enables causal in-
terpretability by using learnable structural masking to iden-
tify invariant causal subgraphs, ensuring that predictions are 
causally relevant. CDA-GNN (Chang et  al.  2025) is a causal 
discovery attention-based GNN that identifies key causal fea-
tures from high-resolution breast cancer images. An attention 
mechanism incorporated into the GNN architecture is used to 
obtain causal features, and a backdoor adjustment strategy is 
employed to separate causal from noncausal features.

GNNs are also used in counterfactual causal learning to gen-
erate counterfactuals that consider causal relationships and 
confounders in the graph. The Authentic Graph Counterfactual 
Generator (AGCG) (Wang et  al.  2025c) is a framework that 
addresses graph structure bias and enhances the fairness of 
GNN models. It improves counterfactual sample generation 
by identifying hidden confounders and ensures counterfactual 
fairness through concurrent learning from the original and 
corresponding true counterfactual sample. MMGCF (Zhang 
et  al.  2025b), a GNN-based counterfactual explanation frame-
work, generates counterfactuals through motif perturbations, 
identifying causally significant motifs and their impact on 
predictions. Counterfactual interventions are used to enhance 
graph contrastive learning through Counterfactual Intervention 
Enhancing Graph Contrastive Learning (CIEGCL), applying in-
terventions during positive sampling and generating augmented 
information for contrast penalty to improve model generaliza-
tion (Huang et al. 2025).

In this survey, the GNNs specifically employed for causality learn-
ing are given the term Causal Learning GNNs, abbreviated as 
CLGNNs, and the general architecture of a CLGNN is depicted 
in Figure 6. The causal discovery module infers causal structure 
from observational data. The causal graph is built to represent 
causal relationships between variables, from which causal effects 
are inferred using GNN. Neighborhood information in a graph 
is propagated through GNN layers, which is aggregated through 
an aggregation function. The final layer is then used to make 
the predictions. We group CLGNNs into three broad classes: (1) 
Resolution-based (pertaining to the nature of data under study), 
which are further categorized as Spectral, Spatial, Temporal, and 
Mixed methods; (2) Learning Methods (determined from the learn-
ing methodologies employed for causal learning), grouped into 
Representation, Transfer, Meta, Adversarial, and Reinforcement-
based methods; and (3) Explainability (determined from the 
model explanation technique), comprised of Decomposition, 
Perturbation, and Generative methods. A summary of the datasets 

FIGURE 6    |    Causal learning graph neural networks (CLGNN) architecture.
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discussed in the survey is tabulated in Table  1. The taxonomic 
structure is represented in Figure 7 and is discussed in this section.

3.1   |   Resolution-Based Causal Learning GNNs

In this section, we present the CLGNNs in terms of the for-
mat of the modeled data. This aids in determining the specific 
GNN approaches that are capable of learning causality in the 
various data spaces. To this end, the resolution-based CLGNNs 
are further grouped into Spectral, Spatial, Temporal, and Mixed 
classes, each of which is described in this section.

3.1.1   |   Spectral

Spectral data consists of information related to frequencies 
obtained from signals in machinery, brain monitoring, and so 
forth. For making effective use of signal data, it is pertinent to 
compile the interactive information between these signals. This 
process is simplified by a graphical approach that facilitates 
the capture of the topological structure of the system (Wang 
et al.  2023d). The signals are converted to adjacency matrices 
for representing graph connections and then transformed into 
causal graphs. The inference from the causal graph estimator 
is used for graph learning tasks. GNNs are adept at amassing 

FIGURE 7    |    Taxonomy for causal learning graph neural networks (CLGNN).

CLGNN

Resolution
-based

Learning 
Technique

Explainab-
ility

Representation

Transfer

Meta

Adversarial

Reinforcement
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Perturbation

Generative

Mixed

Temporal

Spatial

Spectral CGCNN [1], FGCN [2], GC-GCNN [3], GC-F-GCN [4], CTA-GNN [5]

GNN-HSIC [6], VGAE [7], CGNN [8], AR-GCN-LSTM [9], Causal-GAT [10]

RLF-MGNN [11], TEGNN [12], Hier-GNN [13], CI-LightGCN [14], ResGraphNet 15], CGCNImp [16], 
TC-GATN [17], TC-GAT [18], DBGNN [19], CauTailReS [20]

ADGNN [21], S-GC-LSTM [22], DCRNN [23], DIDA [24], V-CDN [25], STAGCN [26], TrGNN [27], 
STCGAT [28], STNSCM [29], DCGCN [30], DIC-ST [31], ST-CGI [32], TraffNet [33], CSTGNN [34], 
CI-GNN [35], CiGNN [36]

GAT,CAL [37],  GraphFwFM [38], C-GraphSAGE [39], GGNN [40], CGSR [41], GAT-ECP-CD [42], 
CGI [43], DECI [44], RPA-GCN [45], CPRL [46], INE-TARNet [47], RCGRL [48]

DCRNN [49], CogTrans [50]

V-CDN [51], MTA-GNN [52]

IDEA [53], AdvCA [54], NetEst [55], CAGCN [56]

GNN,Q [57], GARL [58], STREAMS [59], GRAIN [74], SAC-CAI-EGCN [75]

GCN-LRP [60]

CF-GNN-Explainer [61], CI-GNN [62], Causal Screening [63]

OrphicX [64], Gem [65], CF2 [66], CLEAR [67], CP-GCN [68], GNNExplainer [69], PGExplainer 
[70], RC-Explainer [71], TempME [72], CLARUS [73]

[1] Kong et al. (2022)
[2] Li et al. (2023)
[3] Zhang et al. (2022)
[4] Zhang et al. (2022)
[5] Wang et al. (2023)
[6] Ma and Tresp (2021)
[7] Zeˇcevi´c et al. (2021)
[8] Li et al. (2023)
[9] Ntemi et al. (2022)
[10] Liu et al. (2023)
[11] Wang et al. (2023)
[12] Xu et al. (2020)
[13] Wang et al. (2023)
[14] Ding et al. (2022)
[15] Chen et al. (2022)
[16] Liu et al. (2022)
[17] Li et al. (2022)
[18] Yuan et al. (2023)
[19] Qarkaxhija et al. (2022)
[20] Zeyu et al. (2023)
[21] Wang et al. (2022)
[22] Monken et al. (2021)
[23] Wein et al. (2021)
[24] Zhang et al. (2022)
[25] Li et al. (2020)

[26] Gu and Deng (2022)
[27] Li et al. (2021)
[28] Zhao et al. (2022)
[29] Deng et al. (2023)
[30] Lin et al. (2023)
[31] Zhang et al. (2022)
[32] Zhang et al. (2022)
[33] Xu et al. (2023)
[34] Jiang et al. (2024)
[35] Zheng et al. (2024)
[36] Liu et al. (2024b)
[37] Sui et al. (2022a)
[38] Zhai et al. (2023)
[39] Zhang et al. (2022)
[40] Trust et al. (2022)
[41] Wu et al. (2022)
[42] Cao et al. (2022)
[43] Feng et al. (2021)
[44] Phu and Nguyen (2021)
[45] Chen et al. (2022)
[46] Yang et al. (2022)
[47] Adhikari, Zheleva(2023)
[48] Gao et al. (2023)
[49] Wein et al. (2021)
[50] Wu and Zhou (2023)

[51] Li et al. (2020)
[52] Meng et al. (2023)
[53] Tao et al. (2023)
[54] Sui et al. (2022b)
[55] Jiang and Sun (2022)
[56] Lee and Han (2023)
[57] Amirinezhad et al. (2022)
[58] Yang et al. (2023)
[59] Sheth et al. (2023)
[60] Holzinger et al. (2021)
[61] Lucic et al. (2022)
[62] Zheng et al. (2023)
[63] Wang et al. (2021)
[64] Lin et al. (2022)
[65] Lin et al. (2021)
[66] Tan et al. (2022)
[67] Ma et al. (2022)
[68] Jin et al. (2022)
[69] Ying et al. (2019)
[70] Luo et al. (2020)
[71] Wang et al. (2022)
[72] Chen and Ying (2024)
[73] Metsch et al. (2024)
[74] Xiao et al. (2025)
[75] He et al. (2024)
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TABLE 1    |    Datasets for causal learning graph neural networks (CLGNNs).

Category Dataset CLGNN studies

Social networks IMDB-B, IMDB-M (Yanardag and Vishwanathan 2015) (Sui et al. 2022a; Ma et al. 2022)

Yelp (Yelp 2022) (Zhang et al. 2022d; Ding et al. 2022)

COLLAB (Yanardag and Vishwanathan 2015) (Sui et al. 2022a; Zhang et al. 2022d)

Gowalla (Cho et al. 2011) (Ding et al. 2022; Wu et al. 2023)

Adressa (Gulla et al. 2017) (Ding et al. 2022)

Pokec (Takac and Zabovsky 2012) (Ma and Tresp 2021)

REDDIT-MULTI-5 K (Yanardag and Vishwanathan 2015) (Wang et al. 2022c; Xiang et al. 2021)

Reddit (Hamilton et al. 2017) (Tao et al. 2024)

Flickr (Flickr 2020) (Guo et al. 2020; Jiang and Sun 2022)

Citation networks Cora (McCallum et al. 2000) (Huang et al. 2022; Tao et al. 2024; Zhang 
et al. 2022f; Feng et al. 2021; Lee and Han 2023)

Citeseer (Giles et al. 1998) (Tan et al. 2022b; Tao et al. 2024; Zhang et al. 2022f; 
Feng et al. 2021; Lee and Han 2023)

PubMed (Sen et al. 2008) (Huang et al. 2022; Zhang et al. 2022f; 
Feng et al. 2021; Lee and Han 2023)

MAG (Sinha et al. 2015) (Cummings and Nassar 2020)

ogbn-arxiv (Hu et al. 2020) (Tao et al. 2024; Feng et al. 2021)

Purchase networks Transaction (Zhang et al. 2022d) (Zhang et al. 2022d)

Amazon (Leskovec et al. 2007; Rakesh et al. 2018) (Ma and Tresp 2021; Wu et al. 2023)

ogbn-products (Hu et al. 2020) (Tao et al. 2024)

Diginetica (CIKM 2016) (Wu et al. 2023)

Road networks PeMS03/04/07/08 (Guo et al. 2021) (Zhao et al. 2023b; Gu and Deng 2022)

SG-TAXI (Land Transport Authority, SG-TAXI 2016) (Li et al. 2021)

NYC-Bike (Kaggle 2017) (Deng et al. 2023)

METR-LA (Jagadish et al. 2014) (Lin et al. 2023; Wang et al. 2022c; Zhang et al. 2022c)

PEMS-BAY (Li et al. 2018) (Wang et al. 2022c; Zhang et al. 2022c)

Bioinformatics MUTAG (Debnath et al. 1991) (Zheng et al. 2024; Lin et al. 2022; Lin et al. 2021; Tan 
et al. 2022b; Sui et al. 2022a; Zhao et al. 2023a)

Mutagenicity (Kazius et al. 2005) (Wang et al. 2025a; Xiang et al. 2021)

NCI1 (Wale et al. 2008) (Zheng et al. 2024; Lin et al. 2022; Lin et al. 2021; 
Tan et al. 2022b; Sui et al. 2022a)

PROTEINS (Borgwardt et al. 2005) (Zheng et al. 2024; Sui et al. 2022a)

Tox21 (Huang et al. 2016) (Meng et al. 2023)

ToxCast (EPA 2022) (Meng et al. 2023)

SIDER (Kuhn et al. 2016) (Meng et al. 2023)

MUV (Rohrer and Baumann 2009) (Meng et al. 2023)

Sachs (Sachs et al. 2005) (Yang et al. 2023)

Dream3 (Marbach et al. 2009) (Amirinezhad et al. 2022)

Energy UMass Smart (UMassTraceRepository 2017) (Wang et al. 2025c)

Energy (Candanedo 2017) (Xu et al. 2020)

(Continues)
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Category Dataset CLGNN studies

Image/video MNIST (LeCun et al. 1998) (Sui et al. 2022a)

CIFAR-10 (Alex 2009) (Sui et al. 2022a)

CMNIST (Monti et al. 2017) (Sui et al. 2022b)

DAVIS (Pont-Tuset et al. 2017) (Varga and Lrincz 2021)

ADNI (ADNI 2017) (Tang et al. 2023)

Medicine, Health ABIDE (di Martino et al. 2014) (Zheng et al. 2024)

SRPBS (Tanaka et al. 2021) (Zheng et al. 2024)

REST-meta-MDD (Yan et al. 2019) (Zheng et al. 2024)

Infection (Faber et al. 2021) (Zhao et al. 2023a)

HCP (van Essen et al. 2013; Hodge et al. 2016) (Wein et al. 2021)

UR data (Wein et al. 2021) (Wein et al. 2021)

ASIA (Lauritzen and Spiegelhalter 1988) (Zečević et al. 2021)

Cancer (Korb 2003) (Zečević et al. 2021)

COVID-19 (Ritchie et al. 2020) (Wang et al. 2022a; Ntemi et al. 2022)

Wave1 (Chantala and Tabor 1999) (Ma and Tresp 2021)

Psychology SEED (Duan et al. 2013) (Kong et al. 2022; Li et al. 2023a)

SEED-IV (Zheng et al. 2018) (Kong et al. 2022; Li et al. 2023a)

DEAP (Koelstra et al. 2011) (Zhang et al. 2022a)

Advertising/
sentiment

Criteo (Criteo 2014) (Zhai et al. 2023)

Avazu (Avazu 2015) (Zhai et al. 2023)

MovieLens-1 M (Grouplens 2003) (Zhai et al. 2023)

SST (Socher et al. 2013) (Schnake et al. 2021)

Climate/geology HadCRUT5 (Morice et al. 2021) (Chen et al. 2022b)

HadSST3 (Kennedy et al. 2011) (Chen et al. 2022b)

ERSSTv4/v3b (Smith et al. 2008) (Chen et al. 2022b)

ERA5 (Hersbach et al. 2020) (Chen et al. 2022b)

Berkeley-Earth (Chen et al. 2022b)

WADI (Ahmed et al. 2017) (Wang et al. 2023c)

Swat (Mathur and Tippenhauer 2016) (Wang et al. 2023c)

Trade, finance Nasdaq (Qin et al. 2017) (Xu et al. 2020)

UN Comtrade (2021) (Monken et al. 2021)

Exchangerate (Lai 2016) (Xu et al. 2020)

Systems/Industrial AIOps (Wang et al. 2023c) (Wang et al. 2023c)

TFF (Ruiz-Crcel et al. 2015) (Wang et al. 2023d)

Causal datasets Causal News Corpus (Tan et al. 2022a) (Trust et al. 2022)

ECPE (Xia and Ding 2019) (Cao et al. 2022)

EventStoryLine (Caselli and Vossen 2017) (Phu and Nguyen 2021)

Causal-TimeBank (Mirza 2014) (Phu and Nguyen 2021)

SemEval-2010 task 8 (Hendrickx et al. 2010) (Gao et al. 2022; Yuan et al. 2023; Chen et al. 2022a)

Altlex (Hidey and McKeown 2016) (Chen et al. 2022a; Yuan et al. 2023)

MEDCAUS (Moghimifar et al. 2020) (Moghimifar et al. 2020)

(Continues)

TABLE 1    |    (Continued)
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global information with the graph Fourier transform, wherein 
the graph signals are projected in the eigenvector space.

Recent studies have shown that while emotion recognition 
traditionally relies on methods like CNNs (Huang et al. 2023), 
there is a growing interest in utilizing GNNs, particularly GCN 
and GAT, for causal learning in the spectral domain (Wang 
et al. 2023d; Kong et al. 2022; Li et al. 2023a). Kong et al. (2022) 
employed GCNs for causal emotion recognition from multi-
channel EEG signals. Each node was assigned as a channel, and 
Granger causality (GC) was calculated between each node for 
computing the adjacency matrix. The matrix and EEG informa-
tion moved through convolution layers with Chebyshev polyno-
mials (Hammond et al. 2011), and subsequently to a depth-wise 
separable convolution layer for extracting discriminative fea-
tures for the final classification step.

Li et al. (2023a) employed a graph fusion strategy with GCN for 
emotion recognition. The approach encapsulated topological, 
functional, and causal features. A study on EEG and peripheral 
physiological signals by Zhang et al. (2022a) used GCN with GC 
analysis for emotion recognition. The differential entropy (DE) 
feature of the EEG signals formed the nodes of the graph, from 
which a matrix was computed to determine the edges with high 
causal values. GC-F-GCN (Zhang et al. 2022e), a GCN-based ap-
proach for emotion recognition, employed multi-frequency band 
EEG feature extraction. GC was used for computing GC ma-
trices between EEG signals at each frequency band, with each 
converted to asymmetric binary GC matrices. These and DE 
features served as adjacency matrices and node values, respec-
tively. The graph information from the EEG signals at different 
frequency bands for corresponding nodes was integrated based 
on GC-GCN features.

Industrial systems constitute large amounts of spectral infor-
mation, making them another sector where causal learning 
is beneficial. Wang et  al.  (2023d) proposed a Causal Trivial 
Attention GNN (CTA-GNN) that used an attention mechanism 
and disentanglement-based causal learning with a backdoor 

criterion for fault diagnosis. The model estimated soft masks 
for obtaining node and edge representations. This strategy suc-
ceeded in weakening confounding effects by avoiding shortcut 
features. A summary of works in Spectral CLGNN is given in 
Table 2.

3.1.2   |   Spatial

In spatial data, observations are spatially associated with each 
other. GCN is the most used type of GNN employed in the spa-
tial domain, where the convolution operation is carried out 
on each node and the weights are shared across all locations. 
The node features are aggregated in layers by a permutation-
invariant function, and the information is amassed within a 
localized boundary (Bo et al. 2023). Ma and Tresp (2021) stud-
ied causal effects under network interference and employed the 
Hilbert-Schmidt Independence Criterion (HSIC) for a feature 
space dependence test. HSIC is a statistical tool for measuring 
the dependency between two random variables by comparing 
the distance between their joint and marginal distributions in 
a Hilbert space, which is a vector space with an inner product. 
Zečević et al. (2021) also adopted an interventional approach for 
causal density and causal effect estimation with autoencoding. 
The GNN and VGAE models detected interventional change, 
including successive changes. Li et al. (2023c) employed multi-
ple instance learning with GNNs for capturing spatial proxim-
ity and the similarity of features for cancer detection using the 
Contrastive Mechanism to segregate noncausal features.

GNN is effective in capturing spatially adjacent nodes in a graph 
and was efficiently implemented by Varga and Lrincz  (2021) 
with label propagation for interactive video object segmentation 
using a Watershed algorithm. The graph was created from super 
pixel segments with dimensionality reduction and causality es-
timated based on optical flows. Causal-GAT with disentangled 
causal attention (DC-Attention) was proposed by Liu et al. (2023) 
for fault detection by incorporating disentangled representations 
with GAT. The causal graph was structured using monitoring 

Category Dataset CLGNN studies

General datasets FB15K, WN18, WN18RR (Bordes et al. 2013) (Wu and Zhou 2023)

FB15K-237 (Toutanova et al. 2015) (Wu and Zhou 2023)

Motif (Ying et al. 2019) (Sui et al. 2022b)

Tree-Cycles (Ying et al. 2019) (Lucic et al. 2022)

Tree-Grids, BA-Shapes (Ying et al. 2019) (Zhao et al. 2023a; Lucic et al. 2022)

Graph-SST2/SST5 (Yuan et al. 2022) (Zhao et al. 2023a; Gao et al. 2023)

Graph-Twitter (Yuan et al. 2022) (Gao et al. 2023)

Earthquake (Korb 2003) (Zečević et al. 2021)

Visual genome (Krishna et al. 2017) (Wang et al. 2022b; Xiang et al. 2021)

MOL-BACE (Wu et al. 2018) (Gao et al. 2023)

MOL-BBBP (Wu et al. 2018) (Sui et al. 2022b; Gao et al. 2023)

MOL-HIV (Wu et al. 2018) (Sui et al. 2022b; Ma et al. 2022)

TABLE 1    |    (Continued)
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variables, and DC-Attention was used to generate node repre-
sentations from causal relations. Tang et  al.  (2023) proposed 
a causality-aware GCN framework for rigidity assessment in 
neuro-diseases. The GCN was built on node, structure, and rep-
resentation levels and incorporated causal feature selection. A 
noncausal perturbation strategy with an invariance constraint 
ascertained the validity of the model under varying distribu-
tions. An autoregressive (AR) GCN framework with LSTM 
called AR–GCN–LSTM was developed by Ntemi et  al.  (2022) 
for epidemic case prediction. A GC adjacency matrix formed the 
input to GCN to extract causal information of locations that in-
fluenced each other's case numbers. AR modeling in AR-GCN-
LSTM assisted in capturing the linear dependencies from time 
series, and feature representation was extracted with two LSTM 
layers. A summary of works related to CLGNNs in the spatial 
domain is given in Table 3.

3.1.3   |   Temporal

Temporal data consists of observations related to time or date 
instances. Wang et al.  (2023b) proposed an LSTM-based GNN 
model referred to as RLF-MGNN for load forecasting. Multiple 
temporal correlations of energy usage across households were 
captured along with transfer entropy to build a causality graph. 
The collective influence of household energy usage was em-
ployed for forecasting, with only positive correlations considered 
in building graphs. A transfer entropy-based causal analysis 
(TEGNN) was used in an experiment by Xu et al. (2020) for mul-
tivariate time series (MTS) forecasting, where causal prior in-
formation was captured using the transfer entropy matrix. Time 
series forecasting using GraphSAGE with residual neural net-
works (ResGraphNet) was studied by Chen et al. (2022b) for the 
causal prediction of global monthly mean temperature. Using 
the embedded ResNet, the connection weights of each node 
were used to build a learning framework. The training time 
for ResGraphNet was much higher than that of a GraphSAGE 
base model. Wang et al. (2023c) studied hierarchical GNNs for 
temporal root cause analysis in systems monitoring. The model 
integrated topological and individual causal discoveries by in-
corporating intra-level and inter-level system relationships while 
disregarding system logs. Ding et  al.  (2022) proposed a GCN-
based model called CI-LightGCN for retraining recommender 
systems. Causal incremental graph convolution (IGC) and col-
liding effect distillation were employed, with IGC performing 
aggregation of only new neighbors. GCN was also employed for 
MTS imputation by Liu et al. (2022b), who proposed CGCNImp 

that incorporated GC alongside correlation and temporal depen-
dencies. Attention mechanism and total variation reconstruc-
tion were used for retrieving latent temporal information.

A GAT framework called TC-GAT was proposed by Yuan 
et al. (2023) for temporal causality discovery from text. TC-GAT 
integrated temporal aspects with causality using graph atten-
tion by computing joint weights of temporal and causal features. 
A causal knowledge graph was used to obtain an adjacency 
matrix for causality extraction. GAT was also proposed by Li 
et al. (2022a) for industrial MTS forecasting, incorporating GC. 
Nonlinear interaction of node features was performed with par-
allel GRU encoders in the graph neighborhood space, and then 
the encoder hidden states were aggregated with an attention 
mechanism. In this approach, large-scale graphs introduce non-
linear interactive patterns that increase complexity. GGNNs are 
another causal learning approach proposed by Zeyu et al. (2023), 
who employed a framework called CauTailReS session recom-
mendation with counterfactual reasoning. Popularity bias was 
eliminated using deconfounded training with causal interven-
tion and do-calculus. GGNN was used to generate node embed-
dings, and both user interest and consistency embeddings were 
captured for learning causality. GNNs were also employed with 
De Bruijn graphs (Fredricksen 1992) using the DBGNN frame-
work to learn causal topological patterns in dynamic graphs by 
Qarkaxhija et al.  (2022). De Bruijn graphs were used to incor-
porate non-Markovian characteristics of causal walks, leading 
to a causality-aware node classification process. A summary of 
works related to CLGNNs in the temporal domain is given in 
Table 4.

3.1.4   |   Mixed

In this section, we discuss causal graphs that handle mixed reso-
lutions such as spatial–temporal data. In spatiotemporal graphs, 
node connections are formed as a function of time and space, 
and are applicable in instances where both time and location/
space are of value in causal learning. Spatiotemporal CLGNNs 
have been beneficial for epidemic studies (Wang et al. 2022a), 
economic (Monken et al. 2021) and traffic (Gu and Deng 2022; Li 
et al. 2021; Zhao et al. 2023b; Deng et al. 2023) forecasting, and 
so forth. Wang et  al.  (2022a) proposed ADGNN, an attention-
based dynamic GNN with causal learning for forecasting epi-
demic cases. The study included causal features and constraints 
with a minimal use of parameters. Causality also finds appli-
cation in environmental forecasting, as demonstrated by Jiang 

TABLE 2    |    Spectral causal learning graph neural networks.

Model Domain Problem Key functionality

CGCNN (Kong et al. 2022) Psychology Emotion classification Emotion recognition from EEG signals with GC

FGCN (Li et al. 2023a) Psychology Emotion classification EEG-based emotion recognition 
with GCN, graph fusion

GC-GCNN (Zhang et al. 2022a) Psychology Emotion classification EEG-based emotion recognition using GCN and GC

GC-F-GCN (Zhang et al. 2022e) Psychology Emotion recognition Emotion recognition & GCN-based 
EEG emotion recognition with GC

CTA-GNN (Wang et al. 2023d) Industrial Fault diagnosis GAT with causal learning using disentanglement
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et al.  (2024), who developed CSTGNN to predict storm surges 
at various locations. In CSTGNN, temporal dependencies were 
modeled using GRU based on storm surge time series, while 
GNN was employed to capture spatial dependencies among ob-
servation centers. The Liang–Kleeman information flow theory 
facilitated causal inference for establishing causal connections 
between these centers.

Many traffic flow prediction studies incorporated attention 
mechanisms with GNN for causal learning, with both Gu and 
Deng  (2022) and Zhao et  al.  (2023b) developing frameworks 
for capturing causal traffic dynamics using attention-based 
GNNs. The former proposed STAGCN, which considered both 
global and local traffic dynamics, assuming no interaction 
between the static and dynamic graph units. The latter work 
proposed the STCGAT framework, which captured overall spa-
tiotemporal dependencies using local and global causal convo-
lutions. Li et al.  (2021) developed TrGNN, a trajectory-based 
model for predicting traffic flows using graphs that encapsu-
lated temporal dependencies using attention mechanisms. In 
a similar domain, Deng et  al.  (2023) proposed STNSCM for 
building a causal model with the Frontdoor criterion for han-
dling confounding bias in bike flow prediction. The frame-
work integrated counterfactual reasoning and demonstrated 
effective long-term predictions. Lin et  al.  (2023) proposed 
Dynamic Causal GCN (DCGCN) for modeling spatiotemporal 
dependencies in the traffic prediction domain. Time-varying 
dynamic causal graphs were incorporated for constructing su-
perior spatiotemporal topology representations. A similar ap-
proach was proposed by Wang et al. (2022c) for spatiotemporal 
forecasting with dynamic causality analysis. The causality ad-
jacency matrix was fed to GCN for extracting dynamic correla-
tions in road networks. GCN was also used for spatiotemporal 
cellular traffic forecasting by Zhang et al. (2022b) to develop 
a framework integrating GCN, referred to as DIC-ST. This 
framework was based on decomposition and integration with 
causal structure learning. An empirical mode decomposition 
(EMD) method was adopted for multi-scale decomposition, 
with the integration of various time series analyses of three 
different components. Following EMD, integration was per-
formed based on KNN to subsequently employ the integration 

of prediction results. ST-CGI (Zhang et  al.  2022c) employed 
GC with an autoregressive process to develop an interpretable 
traffic prediction model. A dilated causal convolution network 
was employed for encoding temporal information, with causal 
relationships extracted from the embeddings using GNNs. Xu 
et  al.  (2023) proposed TraffNet for causal learning of traffic 
volumes through path embedding, route learning, and road 
segment embedding. Bi-GRU was employed for path embed-
ding, following which a meta-path-based GAT was used for 
route learning to determine the origin–destination demands 
for each route. Road segment embedding was obtained by 
aggregating all path embeddings using a position-aware mes-
sage passing technique for capturing the road segment posi-
tion. Finally, these embeddings were fed to a temporal GRU 
module for forecasting.

GAT is also useful in causal analysis of social and purchase 
networks that demand exploring both spatial and temporal ele-
ments. Disentangled Intervention-based Dynamic (DIDA) GAT, 
proposed by Zhang et al. (2022d), handles distribution shifts in 
dynamic graphs, using a disentangled attention-enabled causal 
inference framework to capture invariant patterns in graphs. 
For economic forecasting, Monken et  al.  (2021) proposed S-
GC-LSTM for trade flow causal analysis of outlier events using 
Stateless Graph Convolutional LSTM to capture events that 
affect trading. A counterfactual study was performed, mainly 
focusing on highly disruptive events across geographical areas.

In the medical field, causality has been utilized for blood pres-
sure (BP) estimation, with Liu et al. (2024b) employing a spatio-
temporal GNN (STGNN) for cuffless continuous BP estimation 
with their model CiGNN. They first established a causal graph 
between BP and wearable features, followed by STGNN to learn 
from this causal graph. Spatiotemporal networks are also rele-
vant in neuroscience, where brain functions need to be analyzed 
anatomically over time. The DCRNN model proposed by Wein 
et al.  (2021) used GNNs with convolutional and recurrent net-
works for inference of causal relations in brain networks. Causal 
structural–functional interactions in brain regions were identi-
fied with the diffusion-convolution approach. Zheng et al. (2024) 
proposed CI-GNN, a brain network model for psychiatric 

TABLE 3    |    Spatial causal learning graph neural networks.

Model Domain Problem Key functionality

GNN, HSIC (Ma and Tresp 2021) Multiple Network interference Causal estimation with intervention 
policy optimization

GNN, VGAE (Zečević et al. 2021) Multiple Causal Inference Estimate causal density and 
effect with AE intervention

CGNN (Li et al. 2023c) Medicine Cancer detection Tumor proximity, similarity with 
multiple-instance learning

GCN (Tang et al. 2023) Medicine Neurology assessment Causality-aware GCN for rigidity 
assessment in neuro-patients

AR-GCN-LSTM (Ntemi et al. 2022) Medicine Case prediction Autoregressive GCN with LSTM 
for epidemic case prediction

GNN (Varga and Lrincz 2021) Video Segmentation GNN for interactive video object segmentation

Causal-GAT (Liu et al. 2023) Industry Fault detection Causal disentangled GAT for fault detection
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diagnosis, leveraging Granger causality. The model identified 
the most influential subgraph that demonstrated causal connec-
tions to either depressive or healthy patients through disentan-
gled subgraph-level representation learning.

Spatial and time factors also play a role in predicting fu-
ture movements in visual intelligence, as researched by Li 
et al. (2020). The authors proposed a V-CDN model with GNN 
as a spatial encoder, supplemented with counterfactual predic-
tions. Among other domains, a GCN-based model employed by 
Cummings and Nassar  (2020) for predicting papers with high 
future citation counts used percentile thresholds for ranking. A 
summary of works related to CLGNNs in the mixed domain is 
given in Table 5.

3.2   |   Causal Learning GNNs Based on Learning 
Methods

In this section, we explore the utilization of CLGNNs across five 
learning domains: Representation, Transfer, Meta, Adversarial, 
and Reinforcement learning, summarizing related works in 
these different learning paradigms in Table 6.

3.2.1   |   Representation Learning

Graph representation learning involves learning a model from 
graph-structured data by building features or embeddings that 
represent the structure. GraphSAGE is the most commonly used 
GNN approach for inductive representation learning and was in-
tegrated with causal inference to develop a framework called C-
GraphSAGE (Zhang et al. 2022f) for classification. C-GraphSAGE 
incorporated causal sampling to control the influence of 

perturbations. C-GraphSAGE performed well under perturbation 
conditions, although GAT was superior with no perturbation. In 
the work by Trust et al. (2022), causal relationships between events 
in social-political news were extracted with GGNNs. The authors 
modeled event causality identification with contextualized lan-
guage representations by building a graph representation of all 
documents in the Causal News Corpus dataset, along with their 
dependencies. GGNN layers were stacked to form an encoder, with 
information aggregated based on the edge type and direction, and 
GRU applied for node embedding updates.

Sui et  al.  (2022a) proposed Causal Attention Learning (CAL) 
with mitigation of confounding effects using softmask esti-
mation from attention scores. The graph was decomposed 
into causal and trivial attended graphs with two GNN layers. 
The authors proposed the disentanglement of causal and triv-
ial features, with GNNs filtering shortcut patterns for cap-
turing causal features. An attention-based framework called 
Causality and Correlation Graph Modeling for Effective and 
Explainable Session-based Recommendation (CGSR) was pro-
posed by Wu et  al.  (2023) for session-based recommendation 
with causality and correlation graph modeling. CGSR has four 
components, namely graph construction, item representation 
learner, session representation learner, and recommendation 
score generator. Effect graph, cause graph, and correlation 
graph were constructed, following which a weighted GAT was 
used for item representation learning on each of these graphs. 
The session representation learner forms a session representa-
tion by aggregating learned item representations in the session 
sequence using an attention layer. Cao et  al.  (2022) also pro-
posed a GAT-based method for causality detection referred to 
as GAT-ECP-CD for textual emotion-cause pair causality. The 
study used BiLSTM to obtain a semantic representation. The 
sentence vector was fed to GAT for capturing dependencies 

TABLE 4    |    Temporal causal learning graph neural networks.

Model Domain Problem Key functionality

RLF-MGNN (Wang et al. 2023b) Energy Load forecast Forecasting with LSTM and transfer entropy

TEGNN (Xu et al. 2020) Multiple MTS forecasting MTS forecasting with transfer 
entropy-based causality

Hierarchical GNN (Wang et al. 2023c) Systems Root cause analysis Systems causal analysis for identifying 
root cause of system issues

CI-LightGCN (Ding et al. 2022) Social System retraining Re-train recommender with 
causal graph convolution

ResGraphNet (Chen et al. 2022b) Climate TS forecasting Global mean temperature prediction 
using GraphSAGE

CGCNImp (Liu et al. 2022b) Multiple TS imputation Inputting with GCN, correlation, 
and temporal dependency

TC-GATN (Li et al. 2022a) Industry MTS forecasting MTS forecasting with GAT, GC, and GRU

TC-GAT (Yuan et al. 2023) Text Causality Causality with GAT using temporal, causal relations

DBGNN (Qarkaxhija et al. 2022) Multiple Causality De Bruijn graphs for causal 
learning in dynamic graphs

CauTailReS (Zeyu et al. 2023) Multiple Recommendation GGNN-based session recommendation 
with counterfactuals
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between clauses, followed by a joint prediction layer with three 
stages of predictions.

Zhai et al. (2023) developed a structured causality-based repre-
sentation learning approach called GraphFwFM, incorporating 
a Field-weighted Factorization Machines (FWFM) mechanism 
for CTR prediction, with the GNN-based graph representa-
tion learning consolidating feature graphs, user graphs, and 
ad graphs. Gao et al.  (2023) developed a Robust Causal Graph 
Representation Learning (RCGRL) framework to learn repre-
sentations against confounding effects for improving causality 

prediction and generalization performance. A variant of the IV 
approach was used in the framework, where conditional mo-
ment restrictions for confounding elimination were transferred 
to unconditional restrictions. Causal GCN Inference (CGI) was 
proposed by Feng et  al.  (2021) for studying the causal effects 
of the local structure of a node when the labels of neighboring 
nodes vary in GCN. As a first step, intervention was done on 
predictions by blocking the graph structure, followed by a com-
parison with original predictions for determining the causal ef-
fects of the local structure. A GCN-based network deconfounder 
was proposed by Guo et al. (2020) for learning representations 

TABLE 5    |    Mixed resolution causal learning graph neural networks.

Model Domain Problem Key functionality

ADGNN (Wang et al. 2022a) Health Epidemic forecast Attention-based dynamic GNN 
to predict COVID-19 cases

S-GC-LSTM (Monken et al. 2021) Trade Economic forecast Trade flow causal analysis of outlier 
events with Graph Convolutional LSTM

DCRNN (Wein et al. 2021) Medicine Neuroscience Causality of the brain with 
convolutional and recurrent networks

DIDA (Zhang et al. 2022d) Multiple Link prediction Disentangled attention for invariant 
graph pattern extraction

V-CDN (Li et al. 2020) Visual Intelligence Prediction Predict future movements with 
GNN as a spatial encoder

STAGCN (Gu and Deng 2022) Urban Intelligence Traffic forecasting Traffic trends are captured with 
an attention-based GCN

TrGNN (Li et al. 2021) Urban Intelligence Traffic prediction Trajectory-based model for 
predicting traffic flows with GAT

STCGAT (Zhao et al. 2023b) Urban Intelligence Traffic prediction Causality-based GAT with causal 
convolutions for prediction

STNSCM (Deng et al. 2023) Urban Intelligence Bike prediction Causality with the Frontdoor 
criterion to handle confounding

DCGCN (Lin et al. 2023) Urban intelligence Traffic prediction Dynamic causal GCN to model 
spatiotemporal dependencies

GCN (Wang et al. 2022c) Urban intelligence Traffic prediction Dynamic causal GCN for 
spatiotemporal forecasting

DIC-ST (Zhang et al. 2022b) Urban intelligence Traffic prediction Spatiotemporal forecasting with 
decomposition, integration

ST-CGI (Zhang et al. 2022c) Urban intelligence Traffic prediction Causal inference, autoregression 
for interpretable prediction

TraffNet (Xu et al. 2023) Urban intelligence Traffic prediction Causality with route learning, 
path, and segment embeddings

GCN (Cummings and Nassar 2020) Citation Classification Predict academic papers with high 
citation counts in the future

CSTGNN (Jiang et al. 2024) Environment Storm forecast Predict storm surges at multiple 
locations with GRU and GNN

CI-GNN (Zheng et al. 2024) Medicine Psychiatric diagnosis Psychiatric diagnosis from 
brain networks using GC

CiGNN (Liu et al. 2024b) Medicine BP estimation Cuffless continuous BP 
estimation with STGNN
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TABLE 6    |    Causal learning graph neural networks learning methods.

Type Model Domain Key functionality

Representation GAT, CAL (Sui, Wang, 
Wu, Lin et al. 2022)

Multiple GAT with mitigation of confounding 
effects for graph classification

GraphFwFM (Zhai et al. 2023) Advertising Causality-based CTR prediction using GraphSAGE 
with integrated representation learning

C-GraphSAGE (Zhang et al. 2022f) Citation GraphSAGE with causal sampling for 
reducing perturbation influence

GGNN (Trust et al. 2022) ECI Causal event detection to capture semantic 
and syntactic information

CGSR (Wu et al. 2023) Recommend Session-based recommendation with 
causality, correlation graph modeling

GAT-ECP-CD (Cao et al. 2022) Text Textual emotion-cause pair causal 
relationship detection with GAT

CGI (Feng et al. 2021) Citation Causal GCN Inference model studying the 
causal effects of node local structure

GCN (Guo et al. 2020) Social Network Network deconfounder for learning representations 
to uncover hidden confounders

DECI (Phu and Nguyen 2021) ECI Document-level event causality identification with GCN

GCN (Gao et al. 2022) ECI Extract event causality with GCN using 
textual, knowledge channels

RPA-GCN (Chen et al. 2022a) Text Head-to-tail entity annotation approach 
for text with GAT and GCN

CPRL (Yang et al. 2022) Text Causal representation learning using BERT, 
GCN, and attention mechanism

INE-TARNet (Adhikari 
and Zheleva 2023)

General Causality in the presence of heterogeneous 
peer influence with GNN estimator

RCGRL (Gao et al. 2023) General Learn representations against confounding effects with IV

Transfer learning DCRNN (Wein et al. 2021) Medicine Transfer learning enabled inference of 
causal relations in brain networks

CogTrans (Wu and Zhou 2023) KGR Attention-based cognitive TL for knowledge graph reasoning

Meta learning V-CDN (Li et al. 2020) Visual Long-term predictions from video sequences 
based on causal relationships

MTA, GNN (Meng et al. 2023) Drug discovery Meta learning with motif-based task 
augmentation (MTA) technique

Adversarial 
learning

IDEA (Tao et al. 2024) Multiple Defense against graph attacks using invariance 
objectives from causal features

AdvCA (Sui et al. 2022b) Multiple Graph augmentation to address covariate 
shift in OOD generalization

NetEst (Jiang and Sun 2022) Social Network Causal inference using GNN for learning 
representations of confounders

GCN (Moghimifar et al. 2020) Text Adaptive causality identification and localisation with GCN

CAGCN (Lee and Han 2023) Citation Causal attention GCN with node and neighbor attention

Reinforcement 
learning

GNN (Amirinezhad et al. 2022) General GNN with Q-iteration to extract causality 
with minimal intervention

GARL (Yang et al. 2023) General RL for causal discovery with graph attention

STREAMS (Sheth et al. 2023) Hydrology RL, LSTM, and GCN for spatiotemporal causal discovery

GRAIN (Xiao et al. 2025) Network traffic RL, GNN for causality discovery for multi-
step attack scenario reconstruction

SAC-CAI-EGCN (He et al. 2024) Network topology Actor-Critic, GCN with causality for efficient SDN routing
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to uncover hidden confounders from network information. The 
representation learning function was parameterized using GCN 
towards learning causal effects. These authors customized the 
BlogCatalog dataset studied by Li et al. (2019) through a synthe-
sis of outcomes and treatments.

A GCN-based framework called DECI was proposed by Phu 
and Nguyen  (2021) for document-level event causality identi-
fication (ECI) using interaction graphs. The interaction graph 
nodes were formed from all the words, event mentions, and 
entity mentions in a document. Node connections were formed 
from discourse-based, syntax-based, and semantic-based in-
formation. The interaction graphs and representation vectors 
were regularized for improved representation learning. Gao 
et al.  (2022) also proposed an approach for event causality ex-
traction using GCN. The model was enhanced using a dual-
channel approach with textual (TEC) and knowledge (KEC) 
enhancement channels. TEC learns significant intra-event 
features, and KEC uses GCN for assimilating external cau-
sality transition knowledge. GCN and GAT were employed by 
Chen et  al.  (2022a) developed relation position and attention-
GCN (RPA-GCM) for establishing complex causal relations in 
text by marking entity boundaries. Relation features were ex-
tracted by integrating an attention network with a dependency 
tree. The interaction information between entities and relations 
was captured using a bi-directional GCN. GCN was employed 
for developing Causal Pattern Representation Learning (CPRL) 
(Yang et al. 2022) for extracting causality from text using an en-
tity set of risk factors for various diseases. Input encoding was 
performed by BERT, followed by GCN for encoding dependen-
cies, and causal features were extracted with an attention mech-
anism for constructing causal pattern representation. Adhikari 
and Zheleva (2023) devised INE-TARNet for estimating causal 
effects in the presence of heterogeneous peer influence using 
a GNN-based estimator. Arbitrary assumptions regarding net-
work structure, interference conditions, and causal dependence 
were captured by the model. These assumptions were encoded 
by the Network Structural Causal Model (NSCM), which gener-
ated the Network Abstract Ground Graph (NAGG) for reasoning 
about treatment effects under arbitrary network interventions. 
Further, NSCM and NAGG were employed for extracting indi-
vidual network effects (INE) using GNN.

3.2.2   |   Transfer Learning

Transfer learning (TL) is a technique in which a machine learn-
ing model trained on a specific task is re-purposed to a related 
problem in a similar domain. Research on transfer learning with 
GNN is limited, and experiments so far demonstrate the transfer 
process to be plausible when source and target graphs are alike. 
This drawback, referred to as negative transfer, impacts target 
performance (Kooverjee et al. 2022).

A diffusion convolution recurrent neural network (DCRNN) 
based on GNN was employed by Wein et  al.  (2021) to infer 
causal relations in brain networks. Their model was pretrained 
on large volumes of fMRI sessions, ensuring better results for 
small datasets on account of diffusion-convolution used on 
massive graphs, leading to memory errors. Moreover, the au-
thors experimented on the model using TL, with the results 

indicating a considerable reduction in error rates. Wu and Zhou 
et al. (2023) proposed CogTrans for cognitive transfer learning-
based Knowledge Graph Reasoning (KGR) using GCN, where 
transferring was based on hierarchical structure similarity. The 
approach retained causal structure, with a hierarchical random 
walk being employed to acquire entity and relation character-
istics for pretraining in the knowledge graph. A multi-head 
self-attention mechanism was used for the reasoning phase, in 
which an attention score is aggregated from entity and relation 
layers for encoding.

3.2.3   |   Meta Learning

In machine learning, meta learning (ML) serves as a solution 
for data scarcity by exploiting previously learned experiences 
towards learning an algorithm that generalizes across var-
ious tasks. Model-Agnostic Meta-Learning (MAML) (Finn 
et al. 2017) is the most commonly adopted approach for train-
ing GNNs (Mandal et  al.  2022) and trains model parameters 
for accelerated learning with minimal gradient updates. Meng 
et  al.  (2023) proposed ML with a motif-based task augmenta-
tion (MTA) technique for molecule property prediction, targeted 
at addressing the few-shot learning challenge associated with 
this task. Causal substructure was studied, with experiments 
conducted on molecule datasets. The model recovers the most 
relevant motifs from a previously defined motif vocabulary for 
label generation, for the purpose of task augmentation. Once 
augmented, classification was performed based on Euclidean 
distances. Li et al. (2020) experimented on custom video data-
sets to develop an ML framework called V-CDN for predicting 
future visuals. In V-CDN, Perception and Inference modules 
draw a graph inference, and the dynamics module is used to 
predict future visuals from the inferred graph. Inference was 
extracted from causal relationships, and the graph distribution 
was inferred based on the image representation for prediction.

3.2.4   |   Adversarial Learning

Adversarial Learning (AL) is a machine learning technique that 
examines and devises defenses against adversarial attacks on 
models. Based on adversarial capability, attacks may be of the 
poisoning or evasion kind. Poisoning attacks involve training-
time attacks that affect networks such as GNN through data poi-
soning. Evasion attacks are test-time attacks that add poisoned 
data at test time. Defense models for graph data serve to stabilize 
the model in the course of adversarial events.

Tao et al. (2024) proposed a framework called Invariant Causal 
Defense Method Against Adversarial Attacks (IDEA) to develop 
defense methods against adversarial attacks on GNNs. The 
defense was devised by developing invariant objectives from 
causal features and utilized a domain partitioner to manage 
mixed domains. IDEA handled evasion and poisoning attacks, 
with invariant defending plausible only with linear causality. A 
graph augmentation strategy called AdvCA (Adversarial Causal 
Augmentation) proposed by Sui et al. (2022b) addresses the prob-
lem of covariate shift in out-of-distribution (OOD) generalization. 
AdvCA performed adversarial data augmentation while preserv-
ing causal features across various environments. The covariate 
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shift was devised based on the domain using graph size and 
type, or color. Jiang and Sun (2022) proposed Networked Causal 
Effects Estimation (NetEst) for inferring causality in network 
settings. The model used GNN for learning representations for 
confounders. Additionally, two AL modules were introduced to 
allow mismatched distributions to follow uniform distributions 
based on embeddings from confounders. NetEst presented a 
framework for addressing the issue of distribution gaps through 
representations. Moghimifar et al. (2020) proposed a GCN-based 
domain adaptive causality identification and localization with 
AL for extracting causal relationships in text. Distribution shifts 
were minimized using a gradient reversal approach. AL was ap-
plied to the training domain discriminator for differentiating the 
source and target domains. Moreover, feature representation was 
trained to overcome the domain discriminator. CAGCN (Lee and 
Han 2023) employed causal attention GCN with node and neigh-
bor attention for enhanced robustness. AL was performed based 
on nettack (graph structure and attributes are attacked), metat-
tack (global attack using meta learning), and random attack (ran-
dom addition of edge to graph).

3.2.5   |   Reinforcement Learning

Causal reinforcement learning explores causal mechanisms for 
the agent learning process towards improved decision making. 
The agent acts in the environment, and the effects of actions are 
observed, followed by counterfactual analysis. A general struc-
ture of the causal reinforcement learning process is illustrated in 
Figure 8. The environment and the agent are connected through 
the causal model and causal graph. Here, the action may be ob-
servational, interventional, or counterfactual.

Amirinezhad et  al.  (2022) researched learning causal struc-
tures from interventional data using GNN and RL. An active 
learning approach was employed, where the intervention results 
were used to derive causal relationships for formulating causal 
structures with minimal interventions. Training was performed 
using a Q-iteration algorithm, and the completed partially DAG 
(CPDAG) for each sub-network was derived from the causal net-
work to serve as an input to another network, whose output in 
turn was used for intervention. A graph attention RL (GARL) 
framework was proposed by Yang et  al.  (2023) for causal dis-
covery, which employed a GAT for embedding structural infor-
mation and prior knowledge along with RL to generate variable 
orderings. RL was also employed by Sheth et  al.  (2023) to de-
velop Spatio Temporal REinforcement learning and cAusal dis-
covery for Streamflow prediction (STREAMS) to infer causality 
in hydrological models. The framework employed a spatiotem-
poral autoencoder consisting of LSTM and GCN, alongside RL 
to infer the causal structure of the process. Reinforcement learn-
ing, combined with causality discovery and GNN, was employed 
to develop GRAIN (Xiao et al. 2025), which reconstructs multi-
step attack scenarios without relying on external expertise, 
significantly enhancing accuracy and efficiency in identifying 
complex attacks. In the field of QoS-aware routing for Software-
Defined Networking (SDN), He et al. (2024) proposed SAC-CAI-
EGCN, a reinforcement learning method that includes an actor 
network, two critic networks, and two target critic networks, 
which quantifies the causal impact of agent actions on the en-
vironment and leverages GNN to embed node and link features, 

significantly improving performance in metrics like packet loss, 
latency, and throughput compared to baseline methods.

3.3   |   Causal Learning GNNs Based on 
Explainability

Explainability of a machine learning model refers to the extent 
to which a model's output is meaningful. The terms explainabil-
ity and interpretability are commonly interchanged, though in-
terpretability focuses on the cause and effect of a model. With 
reference to GNN, interpretability is inherently designed in the 
GNN architecture, and explanations are post hoc. This review 
details explainability with reference to methods adopted for 
causal GNNs. The explainability techniques applied to CLGNNs 
are summarized in Table 7.

The standard methods used for GNN explanations are surro-
gate, decomposition, perturbation, generative, and gradient 
methods (Yuan et  al.  2022). Surrogate models for graphs are 
more challenging to implement, owing to their topological de-
sign. Though surrogate approaches such as GraphLime and 
PGM-Explainer are used as graph explainers, ambiguity exists 
in defining the neighbors in the input graph. Similarly, gradi-
ent methods have been proven to be less advanced in GNN ex-
planation compared to other explainers (Lin et al. 2021; Xiang 
et al. 2021). Hence, with a view to causal application, only de-
composition, perturbation, and generative approaches are dis-
cussed in this study.

3.3.1   |   Decomposition Methods

Decomposition methods decompose the original network into 
various elements to determine the most significant features, con-
stituting the importance scores. Using score distribution rules, 
prediction scores are distributed from the output layer with a 
backpropagation approach towards the input layer. The impor-
tance scores for node features account for edge importance, as 
well as walk importance. Layer-wise relevance propagation 
(LRP) is a decomposition method that follows the law of total 
probability. Schnake et al. (2021) extended LRP to develop a tech-
nique adapted to GNNs referred to as GNN-LRP, which forms the 
score decomposition rule with high-order Taylor decomposition. 
A key difference from LRP is that GNN-LRP distributes scores to 
graph walks and not nodes or edges (Yuan et al. 2022). Holzinger 
et  al.  (2021) presented GNN-LRP with GCN for developing an 
explainable multi-modal causability framework for informa-
tion fusion across various feature spaces. A joint multi-modal 
representation was proposed to be computed in a decentralized 
manner towards model scalability and security. This approach 
was proposed as an exploration-based, explainable method with 
counterfactual graphs for building an automated decision model.

3.3.2   |   Perturbation Methods

Perturbation methods investigate variations in output on changing 
inputs to a model, whereby the changes in output specify the input 
elements relevant for inference. GNNExplainer, PGExplainer, 
SubgraphX, Causal Screening, and CF-GNNExplainer are a few 
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of the perturbation-based explainer methods used for explaining 
graph models, with the latter two specifically designed for cau-
sality. CF-GNNExplainer, a counterfactual explainer for GNNs, 
proposed by Lucic et al. (2022), used minimal perturbation to the 
input graph for varying predictions. The framework incorporated 
edge deletions for generating counterfactual explanations. Xiang 
et al. (2021) developed causal screening for explainable GNN for 
classification by selecting a graph feature with large causal attri-
bution. The approach involved identifying predominant edges for 
explainable classification. CI-GNN, another explainable GNN 
with a focus on causality, was developed by Zheng et al. (2024) 
to extract functionality connections in brain networks using 
GraphVAE to learn disentangled latent representations.

3.3.3   |   Generative Methods

In the generative approach, graph generation methods are em-
ployed to provide explanations by devising a search strategy 
to obtain the most explanatory subgraph. GNN generative ex-
plainable models include approaches such as mask generation, 
VGAE, GAN, Diffusion, and RL (Cheng et al. 2023a). CLEAR 
(Ma et  al.  2022) is a VGAE approach for optimizing graph 
data for generalization on unseen graphs with counterfac-
tual explanation generation. A GCN was used as the encoder, 
and the decoder was an MLP, which also learned the mean 
and covariance of the latent variables' prior distribution. The 
input graph and counterfactuals were matched using graph 
matching. OrphicX (Lin et al. 2022) is also a VGAE approach 
that provides explanations from latent causal factors using 
an information flow mechanism and backdoor adjustment. 
In the model, linear independence of explained features was 
not assumed. Gem, another VGAE approach proposed by Lin 
et  al.  (2021), provided explanations with GC. A rapid expla-
nation process with no requirement for prior knowledge of 
GNN structure was employed. The framework received the 
input graph into the explainer to output a compact explana-
tion graph without prior structural knowledge of the GNN. 
Tan et al.  (2022b) developed a framework called CF2 for ex-
plaining node classification with counterfactual and factual 
reasoning, with evaluation done based on the probability of 
necessity and sufficiency. RL-based GNN explanation called 
RC-Explainer was proposed by Wang et  al.  (2022b), where 
the explainable model was defined in a sequential decision-
making process that uncovered edge attributions for causal 
screening. In the framework, edge dependencies were consid-
ered for deriving causal effects.

Similar to Gem, PGExplainer also provided local and global 
views for explanations with parameterized networks. A dis-
tinction from the Gem framework is that PGExplainer, a mask 
generation method, learns MLP from the target GNN's node 
embeddings (Lin et al. 2021). PGExplainer learned discrete edge 
masks by training a parameterized mask predictor. Edge em-
beddings were obtained from an input graph by combining node 
embeddings. These edge embeddings are used for predictions, 
following which the discrete masks were sampled with repa-
rameterization. The mask predictor training was performed by 
assimilating the original and model predictions. GNNExplainer, 
which is also a mask generation method, learned both edge 
and node soft masks for explaining predictions. Similar to 
PGExplainer, the masks are combined with the original graph, 
and the original and new predictions are assimilated. Zhao 
et  al.  (2023a) extended PGExplainer and GNNEXplainer with 
a three-layer GCN by aligning internal embeddings of the raw 
graph and the explainable subgraph. A three-layer GCN was em-
ployed in these two approaches for evaluating their faithfulness 
and consistency in comparison to other explanatory approaches 
such as GRAD, Gem, and RG-Explainer. The proposed approach, 
mainly PGExplainer, demonstrated commendable performance 
compared to other explainers, along with the base PGExplainer 
and GNNEXplainer. Metsch et al. (2024) developed CLARUS, an 
explainable platform for visualizing patient-specific networks 
and gene interactions. The platform aimed to develop an interac-
tive, explainable GNN model by manually posing counterfactual 
questions and analyzing their effects on GNN predictions.

Explainability is also important in text and temporal data anal-
ysis to improve the transparency of the factors influencing pre-
dictions. Jin et al. (2022) proposed a Causality-Pruned semantic 
dependency forest Graph Convolutional Network (CP-GCN) for 
relation extraction from text using causality-pruned dependency 
forests. Semantic and syntactic information was introduced to 
the dependency tree for constructing forests. A task-specific 
causal explainer was then trained for pruning dependency for-
ests, which was subsequently fed to GCN for learning represen-
tations. The interpretability of predictive models constructed 
from temporal data is enhanced by explainable temporal graphs. 
Chen and Ying (2024) proposed a framework called TempME to 
improve the interpretability of temporal GNNs. This model un-
covers essential temporal motifs guiding the prediction process. 
The approach involves capturing temporal causality, which in-
cludes sequencing events based on their temporal order to main-
tain causality between interactions.

3.4   |   Summary

While various GNN architectures have been employed for causal 
learning across different domains, it is important to recognize 
that only a few are specifically designed for this purpose, partic-
ularly attention-based models, as emphasized in several studies 
(Sui et al. 2022a; Liu et al. 2024c; Sui et al. 2024). Models like 
GATs leverage attention mechanisms to prioritize the signifi-
cance of neighboring nodes during aggregation, allowing them 
to focus on the most relevant connections, which enhances the 
detection of causal relationships. GATs are especially effective 
for heterogeneous graphs, where the importance of relationships 
varies, thus improving their capacity to capture diverse causal 

FIGURE 8    |    Causal reinforcement learning.

 19424795, 2025, 2, D
ow

nloaded from
 https://w

ires.onlinelibrary.w
iley.com

/doi/10.1002/w
idm

.70024 by N
ational H

ealth A
nd M

edical R
esearch C

ouncil, W
iley O

nline L
ibrary on [09/02/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



20 of 34 Wiley Interdisciplinary Reviews: Data Mining and Knowledge Discovery, 2025

structures. However, a drawback is their computational com-
plexity, which may affect performance in large-scale graphs.

In contrast, the simpler GCN model, while computationally 
efficient, relies on localized convolution operations that aggre-
gate information from a node's neighbors, effectively capturing 
local graph structures. Nevertheless, GCNs use fixed weights for 
neighbor aggregation, which can restrict their ability to adapt 
to the varying importance of different neighbors, potentially 
missing significant causal relationships. Additionally, the issue 
of over-smoothing can impede the model's ability to differen-
tiate between distinct causal effects in complex graphs. In the 
case of GINs, they are highly expressive, which can make them 
more effective at capturing complex causal relationships where 
subtle structural differences are important. However, the in-
creased expressiveness and complexity of GINs can also lead to 
higher computational costs and longer training times compared 
to GCNs.

4   |   Applications

Causality finds extensive applications in various domains such 
as medicine, social sciences, trade and commerce, and so forth, 

which we discuss in detail in the following sections. A list of 
code repositories for these application domains is provided in 
Table 8.

4.1   |   Medicine and Healthcare

Identifying the causal factors influencing patient health facili-
tates personalized care and assists in determining the contrib-
utors to specific diseases. This approach enables healthcare 
professionals to make informed decisions regarding disease 
diagnosis and patient care, thereby improving treatment effec-
tiveness. Hızlı et al. (2024) proposed a nonparametric temporal 
causal mediation framework aimed at estimating the direct and 
indirect effects of healthcare interventions. In this methodology, 
the effects are modeled as stochastic processes, with the medi-
ator interacting with the outcome processes to capture future 
trajectories. Causality also plays a significant role in medical 
imaging, aiding in disease diagnosis, monitoring, and treatment 
planning. Image segmentation, viewed as a form of causal pre-
diction by Castro et al.  (2020) in medical image analysis, was 
addressed using causal reasoning by the authors. This approach 
was suggested as a potential strategy to address the scarcity 
of labeled data in medical imaging. Within the same domain, 

TABLE 7    |    Explainable causal graph neural networks.

Method Model Domain Key functionality

Decomposition GCN, LRP (Holzinger et al. 2021) Medicine Explainable multi-modal causality 
framework for medical decision modeling

Perturbation CF-GNN-Explainer (Lucic et al. 2022) General Counterfactual explainer for GNN 
with minimal perturbation

CI-GNN (Zheng et al. 2024) Medicine Explainable causality to extract brain connections

Causal Screening (Xiang et al. 2021) General Explainable GNN by selecting a graph 
feature with large causal attribution

Generative OrphicX (Lin et al. 2022) Bioinformatics Explanations from latent causal 
factors with VGAE

Gem (Lin et al. 2021) Bioinformatics Auto-encoder-based explanations 
with Granger Causality

CF2 (Tan et al. 2022b) Multiple Explain classification with 
counterfactuals, factuals

CLEAR (Ma et al. 2022) Multiple VGAE classification with 
counterfactual explanation

CP-GCN (Jin et al. 2022) Text Relation extraction with causality-
pruned dependency forests

GNNExplainer (Ying et al. 2019) Multiple Explainable graph classification 
with masks (Zhao et al. 2023a)

PGExplainer (Luo et al. 2020) Multiple Explainable graph classification 
with masks (Zhao et al. 2023b)

RC-Explainer (Wang et al. 2022b) Multiple Explainability in a sequential decision 
process uncovering edge attributions

TempME (Chen and Ying 2024) Multiple Explainability of temporal graphs 
with motif discovery

CLARUS (Metsch et al. 2024) Medicine Explainability through manual counterfactuals

 19424795, 2025, 2, D
ow

nloaded from
 https://w

ires.onlinelibrary.w
iley.com

/doi/10.1002/w
idm

.70024 by N
ational H

ealth A
nd M

edical R
esearch C

ouncil, W
iley O

nline L
ibrary on [09/02/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



21 of 34

Miao et  al.  (2023) employed a causality-based convolutional 
network framework for segmentation, relying on statistical 
quantification.

Hızlı et al.  (2024) analyzed the impact of healthcare interven-
tions over time using a nonparametric, stochastic approach to 
capture the temporal dynamics. In contrast, Castro et al. (2020) 
focused on addressing the scarcity of labeled data by apply-
ing causal reasoning to medical image segmentation tasks. 
Similarly, Miao et  al.  (2023) worked on image segmentation 
tasks, but their approach aimed to address the complexity of 
these tasks. The integration of causality into these different sub-
domains highlights the versatility of causal GNNs in improving 
medical outcomes.

4.2   |   Social and Environmental Sciences

Causality is crucial in policy making, behavioral studies, cli-
mate science, economics, and other fields, aiding in the devel-
opment of evidence-based interventions to address social and 
environmental issues. Causal modeling was utilized to exam-
ine how adolescent brain processes criticism (Chen et al. 2024). 
The analysis combined causality with parametric empirical 
Bayesian analysis to map interactions among brain regions. 
Lindsay  (2024) also explored changes in behavioral patterns 
using causality to identify the degree to which neural changes 
contribute to changes in behaviors.

Iglesias-Suarez et  al.  (2024) used a causal discovery approach 
in climate modeling to construct a causally informed model 
that uncovers causal drivers across various climate regimes. 
Through the exclusion of spurious links, this model identifies 
essential causal drivers, thus facilitating the enhancement of 
climate modeling systems. Causality was also employed for an-
alyzing the impact of geopolitical risks on energy prices using 
variational mode decomposition and multiresolution causality 
with autoregressive models (Sadaoui and Jabeur 2023).

In these domains, Causal modeling with parametric empir-
ical Bayesian analysis was used to map brain interactions 
(Chen et  al.  2024), with causal analysis also employed by 
Lindsay (2024) in the same task to assess the neural-behavioral 
link. Causal techniques were also applied in climate modeling, 
where Iglesias-Suarez et  al.  (2024) focused on genuine causal 
drivers, as well as in geopolitics with a multi-method causal 
approach (Sadaoui and Jabeur 2023). In all these applications, 
causality is incorporated using varying approaches, including 
Bayesian analysis, multiresolution methods, and others.

4.3   |   Trade and Commerce

Building brand loyalty is a key objective for businesses aiming 
to gain a competitive edge in the market. Understanding the 
causal connections among factors such as marketing efforts and 
customer experiences aids in comprehending the drivers of cus-
tomer loyalty. This understanding facilitates predictive model-
ing and the implementation of targeted interventions to improve 
loyalty outcomes. Singh (2021) conducted a causal study to pre-
dict airline loyalty, identifying the most critical loyalty predictor 

as well as the least influential predictors. Similarly, causality 
also plays a significant role in recommendation systems, where 
recommendations are customized by understanding causal con-
nections between user preferences and attributes. Additionally, 
causal analysis aids in dynamically updating recommendations 
by identifying changes in preferences and behaviors over time. 
Yu et al. (2023) and Wu et al. (2023) utilized causality in session-
based recommendation systems. The former blocked shortcut 
paths on the session graph to capture causal relations, while the 
latter developed an attention-based framework capturing both 
causal and correlation relationships.

Price forecasting holds a significant place in business planning 
and risk management. Causality plays an important role in un-
derstanding the underlying factors that drive price movements 
in markets by uncovering causal relationships among factors 
such as economic indicators and geopolitical events. Identifying 
causal links among market variables enhances predictive accu-
racy by disregarding spurious correlations. Cheng et al. (2023b) 
integrated causality with stochastic frontier analysis for crude 
oil price forecasting, conducting causality assessments across 
eight categories, including demand, supply, economic policy, 
geopolitical risk, and others. Wind power forecasting is vital for 
energy trading, and understanding causal relationships among 
factors such as wind speed, atmospheric conditions, and geo-
graphic features is essential in this domain. Li et  al.  (2023b) 
created a framework for wind power forecasting by employing 
causal convolutions combined with transformers to improve fea-
ture extraction.

Singh (2021) identifies key predictors of customer loyalty using a 
causal study, focusing on their relative influence. In contrast, Yu 
et al. (2023) used the blocking of shortcut paths in session graphs 
to capture causal relationships in recommendation systems, 
while Wu et  al.  (2023) employed attention methods to model 
user preferences in the same task. Similarly, Cheng et al. (2023b) 
used stochastic frontier analysis, and Li et  al.  (2023b) applied 
transformer models to incorporate causality in the economic do-
main and wind power forecasting, respectively.

4.4   |   Urban Intelligence

Causality in the field of urban intelligence aids in infrastructure 
planning and management, particularly when considering fac-
tors such as transportation patterns and population growth. A 
study of traffic flow focused on how contextual conditions caus-
ally influence spatial dependencies, with a specific emphasis on 
triggering effects to enhance important features resulting from 
these conditions (Xiong and Wang 2024). Liu et al. (2024a) ap-
proached the modeling of traffic trajectories as a causal task, 
intending to explore dependencies within these trajectories. 
By employing the front-door criterion based on causal inter-
ventions, they conducted feature engineering. Additionally, 
through counterfactual reasoning representation, future con-
textual information was inferred.

The CaST framework (Xia et al. 2023) enhances spatiotemporal 
graph forecasting by addressing temporal OOD issues and dy-
namic spatial causation through causal treatments. It employs 
backdoor and frontdoor adjustments to separate environment 
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and entity features, using edge-level convolution with the 
Hodge–Laplacian operator to capture spatial causality. OOD 
challenges in spatiotemporal learning for urban digitization 
using CauSTG (Zhou et al. 2023) leveraged causal spatiotempo-
ral relations and invariant learning techniques. This approach 
included temporal environmental partitioning, spatiotemporal 
consistency learning, and hierarchical invariance exploration, 
focusing on disentangling seasonal trend patterns and local–
global invariance filtering to improve generalization in dy-
namic environments. Similarly, Deng et  al.  (2023) proposed a 
spatiotemporal neural structure causal model (STNSCM) with 
counterfactual reasoning to address contextual conditions and 
inter-regional time-varying causality in bike-sharing flow pre-
diction. Self-supervised learning is leveraged in the Spatial–
Temporal sElf-superVised confoundEr learning (STEVE) model 
to enhance confounder representation using a basis vector ap-
proach (Ji et al. 2025). This approach enables better decoupling 
of confounder effects from direct traffic relations and adapts 
well to unseen confounders. Each of these approaches addresses 

causal-based learning in urban intelligence using methods 
ranging from contextual condition analysis to spatiotemporal 
forecasting, aiming towards improving urban systems through 
a causal approach.

4.5   |   Engineering

Causality in engineering encompasses various activities, includ-
ing root cause analysis, process improvement, risk mitigation, 
design optimization, predictive modeling, and more. Speech en-
hancement systems are essential for maintaining speech quality 
in various settings such as videoconferencing, broadcasting, and 
public address systems. Nicolson and Paliwal (2020) developed 
a causal speech enhancement system named MHANet, utilizing 
DNN and an attention mechanism. In MHANet, positional en-
coding was omitted, and the multi-heads from the attention unit 
attended to specific speech regions, including both target and 
noisy signals. MHANet depended on the current and preceding 

TABLE 8    |    Code repositories for causality applications across various tasks.

Application Task Model Code Link

Medicine and 
healthcare

Psychiatric diagnosis CI-GNN (Zheng et al. 2024) https://​github.​com/​ZKZ-​Brain/​​CI-​GNN

Healthcare intervention Nonparametric mediator-
outcome (Hızlı et al. 2024)

https://​github.​com/​cagla​r-​hizli/​​
dynam​ic-​causa​l-​media​tion

Medical imaging CauSSL (Miao et al. 2023) https://​github.​com/​Juzhe​
ngMiao/​CauSSL

Social and 
environmental 
sciences

Atmospheric processes Benchmarking Causality 
(Huang et al. 2021)

https://​github.​com/​big-​data-​
lab-​umbc/​cyber​train​ing/​tree/​
master/​year-​3-​proje​cts/​team-​6

Weather forecasting DGFormer (Xu et al. 2024) https://​github.​com/​xzwbsz/​DGFormer

Social influence CDRSB (Wang et al. 2025a) https://​github.​com/​Lili1​013/​CDRSB​

Trade and 
commerce

Trading AINET (Monken et al. 2021) https://​github.​com/​Ander​sonMo​
nken/​AINET​-​GNN-​Trade21

Prediction uncertainty GraphDK (Wen et al. 2023) https://​github.​com/​uqhwe​n2/​GraphDKL

Urban 
intelligence

Traffic forecasting CaST (Xia et al. 2023) https://​github.​com/​yuton​g-​xia/​CaST

Spatiotemporal learning CauSTG (Zhou et al. 2023) https://​github.​com/​zzyy0​
929/​KDD23​-​CauSTG

Bike flow prediction STNSCM (Deng et al. 2023) https://​github.​com/​Etern​
ityZY/​​STNSCM

Engineering Speech enhancement MHANet (Nicolson 
and Paliwal 2020)

https://​github.​com/​anico​lson/​DeepXi

Bioprocess forecasting CEGLo-GNN (Sun et al. 2024) https://​github.​com/​YueYu​
eXia/​CEGLo​-​GNN

fMRI contrastive 
learning

CIIGCL (Wei et al. 2025) https://​github.​com/​wby92​0920/​CIIGCL

Natural 
language 
processing

Text classification DAS (Wu et al. 2024b) https://​github.​com/​6666ev/​DAS

Hate speech detection CATCH (Sheth et al. 2024) https://​github.​com/​paras​2612/​CATCH​

Causal sentence 
extraction

Text mining (Norouzi et al. 2024) https://​github.​com/​rasou​lnoro​uzi/​cessc​

Causal LLMs CLADDER (Jin et al. 2023) https://​github.​com/​causa​lNLP/​cladder
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time frames, whereas equivalent noncausal models utilize mul-
tiple past frames, leading to a performance delay.

Fault diagnosis is a critical requirement in industrial processes 
for uncovering the underlying reasons behind process faults, 
and causal discovery is emerging as a key tool in this task. 
Wang et al. (2023a) introduced a multisensor time series causal-
ity discovery method utilizing convolutional neural networks 
for diagnosing root causes of process faults, validated through 
permutation importance causality assessment. Likewise, 
attention-based causal methodologies were employed by Wang 
et al. (2023d) and Liu et al. (2023) for fault detection through 
disentangled representations. MHANet focuses on real-time 
processing with limited context. On the other hand, the multi-
sensory approach by Wang et al. (2023a) is a more comprehen-
sive, though computationally intensive, method.

4.6   |   Natural Language Processing

The use of Natural Language Processing in social media is 
important for understanding user behavior, conducting senti-
ment analysis, social network analysis, and other related tasks. 
Li et al. (2024c) employed a causal public opinion framework 
to construct a price prediction model by leveraging Granger 
causal testing and linear regression. This was achieved 
through the mining of public opinion text using sentiment 
analysis. Sheth et al. (2024) employed causality to understand 
invariant representations in hate speech by disentangling 
platform-invariant and platform-dependent components from 
texts. Causal text mining is also relevant in academic papers 
and medical texts for effective and targeted information re-
trieval, as well as for identifying causal pathways, risk factors, 
and other important factors. Norouzi et al. (2024) designed a 
text mining framework for extracting causal sentences from 
social science papers. This framework facilitates the analysis 
of causal claims, enabling the discovery of mechanisms un-
derlying social phenomena. Wu et  al.  (2024b) implemented 
causality-based text mining using a debiased attention super-
vision method to mitigate label-based and word-based biases 
through causal techniques. The model was employed on med-
ical and legal texts for text classification, achieving high per-
formance through coherent attention distributions. The first 
two works focus on sentiment and representation analysis; 
the latter two specialize in causal sentence extraction and bias 
mitigation in academic texts. The main difference lies in their 
application domain and complexity, with the latter using more 
refined approaches for specialized tasks.

4.6.1   |   Large Language Models

Large language models (LLMs) have promoted natural lan-
guage understanding by enabling the generation, processing, 
and interpretation of text with a high level of contextual ac-
curacy across a wide range of applications, contributing to 
content creation and problem solving. In recent research, cau-
sality has become an important factor in advancing the ca-
pabilities of LLMs. The integration of causal reasoning helps 
LLMs to model cause and effect relationships in text, contrib-
uting to better contextual understanding. This enables LLMs 

to produce more accurate outputs based on complex reasoning 
and deeper insights.

Ban et al.  (2025) proposed a causal LLM framework that fo-
cuses on individual causal aspects to create a harmonized 
prior using a set of structural constraints. The integration of 
this prior enhances model performance in structure learn-
ing. Similarly, a causality-based LLM model that integrates 
commonsense knowledge and causal reasoning for emotion 
analysis was used to develop an LLM-driven sentiment anal-
ysis framework with example retrieval (Zhang et  al.  2025a). 
Causal reasoning in LLMs is also explored using a chain-
of-thought prompting strategy called CAUSALCOT, with 
the goal of analyzing their causal reasoning abilities (Jin 
et  al.  2023). LLMs are also used in pharmacovigilance to 
identify causal relationships between drugs and adverse ef-
fects using a causal temporal GNN with motif embedding and 
similarity search to address issues related to NER approaches 
(Kalla et  al.  2023). LLM Reasoning Graphs (LLMRG) create 
tailored reasoning graphs that link user profiles and behaviors 
through causal analysis, with GNNs encoding the graphs to 
improve recommender systems without requiring further user 
or item information (Wang et al. 2024). Thus, recent advance-
ments in causal reasoning with LLMs, including frameworks 
for sentiment analysis, pharmacovigilance, and recommender 
systems, demonstrate their potential to improve model perfor-
mance through causal analysis.

5   |   Challenges and Directions

There are several challenges associated with causal learning 
and GNNs, which we discuss in this section.

5.1   |   Data Quality

Observational data, often marred by incompleteness and bi-
ases such as selection bias and confounding (Bareinboim and 
Pearl 2012; Hammerton and Munafò 2021), presents a unique 
set of challenges in the context of causal learning. Traditional 
modeling assumptions that address these challenges might 
not always encapsulate the system's intricate dynamics. For 
instance, deriving causality from observational data can be 
hindered by issues such as deficient anomaly detection ap-
proaches (Qiu et al. 2020; Wu and Liu 2021) and the complex-
ity of certain treatments, such as those related to images (Liu 
et al. 2022).

Opportunities: Constructed data, derived from scenarios similar 
to observational studies, emerges as a promising solution (Keith 
et  al.  2020), especially when ground truth is elusive. This ap-
proach aids in evaluating causality and can be complemented 
by weak supervision for causal feature selection in cases with 
sparse labeled data. Furthermore, the integration of interven-
tional and observational data can enhance causal learning. 
However, there remain challenges such as dataset imbalances 
and discrepancies in training and test set distributions (Castro 
et al. 2020). Future endeavors should prioritize exploring meth-
ods to address these challenges, such as techniques to handle 
dataset shifts caused by factors like irregular data collection. 
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Delving into distributional disparities, aspects like population, 
annotation, and manifestation shifts, along with considerations 
for anticausal tasks, need thorough investigation. Additionally, 
the development of models that can seamlessly adapt to these 
shifts and biases will be pivotal in advancing the field of causal 
learning.

5.2   |   Causal Assumptions

Causal discovery makes strong assumptions such as the Markov 
property (Spirtes et  al.  2001), and causal inference makes as-
sumptions such as SUTVA and consistency, among others (Fé 
et  al.  2020; Pearl  2010). Both require ongoing investigation in 
scenarios that deviate from these premises. Similarly, assump-
tions such as positivity (Cole and Frangakis  2009) are not 
adhered to when certain elements in a system remain idle or un-
touched. Furthermore, causal studies generally represent treat-
ments as discrete events (Peters et al. 2022), which is inadequate 
for exploring causality in continuous data.

Opportunities: Sensitivity of causal study outcomes to violations 
of these assumptions (Igelstrm et al. 2022) must be investigated 
to design a flexible framework for validating causal models. A 
concrete validation approach needs to be designed for validat-
ing causal estimates in the presence of potential confounding, 
leading to unbiased estimators. Estimating causal effects in a 
continuous environment requires further research to model 
treatments as continuous events.

5.3   |   Research Scalability

Many causal datasets are small-scale datasets, which are typ-
ically scaled-down graph datasets that do not align with real-
world dynamics. Synthetic or semi-synthetic datasets are 
the core of many causal experiments (Zhao et  al.  2024; Rao 
et al. 2024).

Opportunities: Translating new approaches in the context of 
high-dimensional data needs to be further investigated using 
larger causal data. This is particularly significant, since the 
primary step in preparing high-dimensional data for cau-
sality learning is encoding. This is adequate for nonseman-
tic data; however, the viability of encoding semantic data to a 
low-dimensional representation is largely domain-dependent 
(Farahani et al. 2021). Low-dimensional features must encom-
pass treatment, outcomes, and confounding information to lead 
towards representation learning. Few areas requiring investi-
gation in representation learning are adequate management of 
confounding information and noisy outcomes.

5.4   |   Dynamic Causality

Causality research is largely based on static observational data 
studies. Causal inference for modeling dynamic data would 
pave the way for capturing causality in dynamic environments. 
Moreover, causal inference in the spatial domain requires the 
inclusion of spatial heterogeneity, spatial interactions, and spa-
tial lag effects for accurate causal estimation. This will open a 

path for designing dedicated spatial causal learning methods 
(Akbari et al. 2023).

Opportunities: If the mechanisms associated with causal struc-
ture vary to the extent of affecting causal links, distribution 
shift must be incorporated in modeling causality (Glymour 
et al. 2019). Causality-based feature selection can handle distri-
bution shift data, but this requires interventional information for 
extracting causal variables. Moreover, it is challenging to capture 
causal dynamics in a continuous environment, on account of the 
difficulty in gathering time series data rapidly enough to account 
for the swift changes occurring in the system. Additionally, for 
spatial causal analysis, the development of appropriate tools com-
petent enough to capture spatial complexities would pave the way 
for more significant research in the domain.

5.5   |   Multiple Tasks and Multi-Modal Causality

There is a dearth of studies exploring causal learning with multi-
modal data. Publicly available multi-modal causal datasets can 
motivate research in this area and enhance causal applicability 
in multiple fields. Causal representations for multiple tasks can 
be extracted by clustering trajectories from the various domains 
(Kurutach et  al.  2018), though determining the granularity of 
causal variables is largely dependent on the individual task.

Opportunities: Diligent curation of multi-modal datasets would 
uplift multi-modal research to some degree. Additionally, taking 
into consideration the impracticality of validating causal mod-
els with several tasks and interventions, meta learning needs to 
be further researched alongside reinforcement learning in the 
field of causality. GNNs can improve causal inference in multi-
agent systems by modeling complex interactions and handling 
multi-modal data (Zhang et al. 2022g; Sui et al. 2022a; Ektefaie 
et al. 2023). They also enhance causal understanding and sup-
port meta-learning and reinforcement learning for more adap-
tive and accurate modeling.

5.6   |   Training Data

While GNNs are adept at learning complex patterns in data, 
their effectiveness is largely dependent on the volume of train-
ing data. GNNs reach high performance and generalizability 
with large datasets, which presently have limited availability. 
Furthermore, such studies with limited data tend to result in 
biased outcomes. Conversely, when large-scale data is avail-
able, experiments are often restricted to data subsets (Long 
et  al.  2021) on account of the computational requirements 
of GNNs.

Opportunities: Transfer learning can be utilized in circum-
stances where data is limited. This approach is also beneficial 
for learning networks with constant changes. Both instances 
are made possible by model transferability through the process 
of training a model with data-rich historical or topical subsets 
(Jiang and Luo 2022). In scenarios with large-scale data, graph 
partitioning is one possible approach, in which networks are 
split into smaller units (Jiang and Luo  2022). Generative ad-
versarial networks (GAN) can also enhance training data for 
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GNN models with a generator–discriminator approach, with 
Wasserstein GAN (WGAN; Arjovsky et al. 2017) able to generate 
data for graph modeling purposes.

5.7   |   Temporal Data

A major challenge in temporal graphs is managing nonstation-
ary data, which involves adapting to evolving relationships and 
patterns over time (Li et al. 2024a). As nodes and edges evolve, 
traditional models often struggle to capture these shifts accu-
rately, leading to outdated or incorrect predictions.

Opportunities: To address nonstationary data in temporal 
graphs, GNNs can employ dynamic architectures and causal in-
ference methods to adapt to changing relationships. Given that 
temporal nonstationarity can introduce causal calculation bias, 
directly applying existing causal effects to predict delays may 
reduce their accuracy (Zhu et al. 2024). Since discovering causal 
relations helps in handling the nonstationarity of temporal data 
(Faruque et al. 2024), incorporating causal models improves the 
GNN's capacity to interpret and predict the impacts of tempo-
ral shifts. Meanwhile, adaptive learning strategies ensure the 
model remains accurate and relevant over time. This approach 
provides more precise and timely insights into the evolving dy-
namics of the graph.

5.8   |   Graph Structures and Scalability

Graph modeling in a multi-tasking framework remains a chal-
lenge, with problems such as forecasting in various task areas 
demanding multiple graph structures. Most studies address 
this problem by employing GNN on the same graph using feed-
forward layers, leading to multiple results (Jiang and Luo 2022). 
Furthermore, scalability is an open problem in processing mas-
sive graphs. Development of GNN architectures that are scal-
able for continually evolving graphs is critical for speeding up 
the graph training process.

Opportunities: Neighbor sampling and mini-batch processing 
are a few approaches currently used by researchers (Hamilton 
et  al.  2017), but require further study toward overcoming the 
overfitting and oversmoothing problems of GNNs. Meta learn-
ing is another approach that can equip GNNs with the ability to 
learn on a task for generalizing to multiple tasks. When a model 
learned on a graph is applied to other graph structures, interac-
tions between multiple graphs are not captured. This includes 
the incorporation of cross-network node similarities, anchor 
links, and so forth. Similarly, graph correlations are also not ac-
counted for; hence, information from multiple graphs must be 
consolidated in representation learning for effective modeling.

5.9   |   Complexity of Graph Structure 
and Graph Layers

GNN models are mostly studied on homogeneous graphs on 
account of the complexity of implementing GNNs as heteroge-
neous structures. This is particularly important for capturing 
dynamic spatial information. Moreover, this aspect also limits 

GNN's capability in handling multi-modal data. Multi-modal 
GNN research primarily uses balanced data, and thus requires 
further exploration in the case of imbalanced datasets. Besides, 
adding unlimited layers in GNN models can contribute to a per-
formance decline (Zhang et  al.  2019), making this a possible 
research direction for developing deep, robust GNNs that are 
computationally efficient.

Opportunities: Modeling in complex environments requires re-
search into higher-order structures such as graphlets. Laplacian 
matrix estimator and data adaptive graph generation are some 
existing approaches proposed to capture dependencies in a dy-
namic environment (Jiang and Luo 2022). Incorporating embed-
ding propagation operations is a strategy adopted in this area. 
Further research into dynamic and heterogeneous graph struc-
tures would contribute to the stability and adaptability of GNNs 
in varying structures. Furthermore, the challenge associated 
with increasing GNN depth can be alleviated to some degree by 
adopting skip connection-based structures (Zhang et al. 2019); 
however, more flexible architectures are required for building 
deeper models. In complex networks, nodes and edge attributes 
may be dynamic with a multilayered structure. Each layer must 
be defined as a separate dimension, necessitating encoding at 
these various network layers. Studies must be expanded on en-
coding dynamic networks, incorporating node attributes for 
predicting topology dynamics.

5.10   |   Adversarial Attacks on Graphs

A major drawback of the GNN architecture is that it is suscep-
tible to adversarial attacks (Zhang and Zitnik 2020), leading to 
performance decline. A benchmark approach for building de-
fenses against adversarial attacks on GNNs is required to de-
velop a suitable framework for defense against graph attacks. 
The framework must incorporate structure as well as attribute 
perturbations for building robust GNNs. In addition to formulat-
ing defense approaches, more research should be conducted on 
identifying and cleaning contaminated graphs.

Opportunities: Measuring perturbations on graphs is undetect-
able at the human level and hence requires robust perturba-
tion evaluation measures to address this problem. Adversarial 
attacks on graphs are mostly researched on static graphs with 
node attributes (Jin et al. 2021). An important research direction 
in adversarial studies is a focus on complex graphs with edge at-
tributes, as well as dynamic graphs. Transferability of graph ad-
versarial examples is another area that requires further research 
for building efficient and robust graph models.

5.11   |   Explainability of Graph Data

The complex nature of graph data leads to abstract explana-
tions, which can be further compounded by a lack of domain 
knowledge (Agarwal et  al.  2023). This problem can be allevi-
ated to some extent by developing standardized datasets for 
explanation tasks. Moreover, heterogeneous data contributes 
to complex structures, which can complicate the explainability 
process (Wu et  al.  2024a). Most explainable GNN models are 
instance-level and not at the model level. Explainable GNNs are 

 19424795, 2025, 2, D
ow

nloaded from
 https://w

ires.onlinelibrary.w
iley.com

/doi/10.1002/w
idm

.70024 by N
ational H

ealth A
nd M

edical R
esearch C

ouncil, W
iley O

nline L
ibrary on [09/02/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



26 of 34 Wiley Interdisciplinary Reviews: Data Mining and Knowledge Discovery, 2025

critical for identifying the subgraphs (Agarwal et al. 2023) that 
can significantly contribute to model outcomes. Lack of local-
ity information and varying node neighbors (Yuan et al. 2022) 
make explaining graph structures a challenging task. Extending 
existing explainable methods to GNNs is not very dependable on 
account of the topology information in adjacency matrices being 
presented as discrete values (Yuan et  al.  2022). For the same 
reason, input optimization approaches commonly utilized in 
explaining models cannot be extended to GNNs. Learning soft 
masks is another approach used as an explainability technique, 
but if translated to an adjacency matrix, this will interfere with 
its discrete nature (Yuan et al. 2022).

Opportunities: Explaining GNNs involves understanding the 
structural information of graphs, which is not directly explain-
able by current methods. Evaluation of explainable methods in 
the graph domain is not straightforward, since graph visualiza-
tions are not easy to render for direct human understanding (Li 
et  al.  2022b). Both task-specific and task-agnostic evaluation 
metrics must be researched and developed with a view towards 
quantitative explanation of GNN models.

6   |   Conclusion

In recent years, GNNs have gained recognition as trustworthy 
and effective tools for a variety of tasks related to graphs. This 
survey provides a comprehensive review of the latest advance-
ments in GNNs in the domain of causal learning. There has been 
a notable increase in the application of GNN-based methods for 
causal learning, significantly transforming the field. Based on our 
extensive analysis of peer-reviewed publications, it is clear that 
these GNN-based approaches have enhanced the efficiency, ro-
bustness, and versatility of causal learning. Contemporary meth-
ods can adapt more readily to various situations or datasets than 
their traditional counterparts, and they also leverage a broader 
range of data types and sources during the initial analysis, lead-
ing to more comprehensive and effective results. This adapt-
ability underscores the need for a clear framework to categorize 
and understand the diverse approaches in causal GNN methods, 
prompting us to develop a new taxonomic system. Consequently, 
we have organized these methods into three distinct categories: 
resolution-based, learning-based, and explainability-based. This 
classification allows us to better address their unique character-
istics, functionalities, and applications in various contexts. We 
explored the advancements in each category, highlighting the 
unique contributions and development paths for each of these 
approaches. Furthermore, we compiled a concise guide to the 
resources commonly cited in the literature, including both data-
sets and the overall framework of resources used in researching 
CGNNs. Additionally, we provided an overview of the real-world 
applications of causality across various domains, illustrating its 
practical significance. To conclude, we have identified several 
challenges and open research avenues that warrant attention in 
this rapidly evolving field.
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