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Abstract
Graph neural networks (GNNs) are deep learning models designed
for graph-structured data that have achieved strong results across
domains–social networks, knowledge graphs, bioinformatics, trans-
portation, World Wide Web, and finance–on tasks such as node
and graph classification, link prediction, entity resolution, ques-
tion answering, recommendation, and fraud detection. Explaining
the decisions of high-performing, yet “black-box” GNNs remains
both challenging and essential. The initial five years have produced
tremendous progress with many GNN explainers (e.g., GNNEx-
plainer, PGExplainer, SubgraphX, PGMExplainer, GraphLime, GCF-
Explainer, CF2, GNN-LRP) that identify the influential nodes, edges,
subgraphs, and features aiming to explain the output of GNNs.

We refer to those works as GNN Explainers 1.0, since they pro-
vide one-time, final-output explanations and are focused on narrow
tasks like node or graph classification, which limits their useful-
ness for broader, user-centered needs. Practical debugging and
accountability require robust, multi-faceted, and GNN’s layer-wise
provenance so that data scientists can trace how inputs transform
through layers and locate where errors occur. Non-technical stake-
holders need explanations that are accessible, configurable, and
queryable through familiar interfaces–structured queries, ad-hoc
instructions, counterfactual evidence, or natural language–so both
experts and non-experts can interactively explore model behavior.

This tutorial surveys latest advances in user-centered GNN ex-
planations that shift focus from merely explaining model outputs
to producing actionable, end-user-facing explanations. We show
how data mining principles can improve comprehension, usability,
and trust, and outline practical strategies for creating configurable,
interpretable explanations tailored to diverse stakeholders. We refer
to this paradigm as GNN Explainers 2.0. We demonstrate key works
under this paradigm, summarize open challenges, and highlight
opportunities for the web and data mining community.

CCS Concepts
• Computing methodologies→ Neural networks; • Informa-
tion systems→ Graph-based database models.
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1 Motivation
Deep learning’s rapid proliferation across domains has driven equal
growth in explainable AI to address the field’s black-box nature. Al-
though deep models often deliver state-of-the-art results, their com-
plexity raises concerns about fairness, transparency, accountability,
privacy, security, and ethics. Safe, trustworthy deployment there-
fore requires not only SOTA performance but also clear, human-
intelligible explanations for data scientists and non-machine-learning
stakeholders such as biologists, chemists, social scientists, journal-
ists, and policymakers [3, 48]. Explainable AI has surged with the
rise of powerful AI/MLmodels and growing reliance on AI across in-
dustries and data science, driving interest in fairness, accountability,
and transparency (FAT) in algorithmic decision-making systems1.
Major data mining and web venues now feature XAI events such
as Responsible AI Day (KDD 2025), Responsible AI Engineering
(WWW 2025), Time Series XAI tutorial & Trust and Responsibility
in Recommendation Systems workshop (WSDM 2025), Human-
centric AI & Trustworthy Knowledge Discovery workshops (CIKM
2025), and a Responsible AI panel (ECML-PKDD 2025). Numer-
ous recent contributions from the data and web communities have
further advanced the field [13, 14, 17, 20, 39, 50].

Graph neural networks are a prominent class of deep learning
models for graph-structured data [46]. While many surveys and
benchmarks have examined GNN explainability methods [4, 23, 27,
28, 30, 32, 37, 41, 43, 51], relatively few tutorials explored the topic
[21, 22]. This tutorial offers a distinct, data- and algorithm-centered
perspective on state-of-the-art XAI techniques that incorporates
user-centric requirements without limiting the scope to HCI ap-
proaches [16, 19]. We situate related work within the data and web
community, highlight data-driven opportunities for more usable
XAI, and aim to stimulate interdisciplinary research that advances
explainability for real-world data challenges.

2 Planned Format
The proposed lecture-style tutorial includes some foundational
elements (e.g., a categorization of the types of explanations and
algorithmic approaches) and some (but not exhaustive) survey ele-
ments, focusing on recent work about usable XAI systems for graph
neural networks. Additionally, we cover selected demo papers (e.g.,
[12, 44]) based on data-driven approaches, leading to hands-on

1FAccT’25. https://dl.acm.org/doi/proceedings/10.1145/3715275
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components, where the audience will explore real-world XAI use
cases through live system demonstrations.

3 Target Audience
This tutorial is designed for students, researchers, practitioners,
and policymakers wishing to understand the state-of-the-art in
explainable and responsible AI from a data-driven and user-centric
perspective. Prerequisites include data mining, machine learning,
and ideally some familiarity with graph neural networks.

4 Previous Offering and Related Tutorials
We have not yet presented the proposed tutorial in any conference.
There are plethora of tutorials on XAI for general AI/ML and deep
learning models at data mining and management venues [31, 34,
36, 45, 48] as well as in AI conferences [10, 25]. However, XAI for
GNNs has been comparatively underrepresented in recent tutorials
[21, 22]. We propose an XAI tutorial for GNNs with a unique twist:
we take a user-friendly and data-driven approach, moving beyond
“explanation of models” intended mainly for AI practitioners to
data-driven “explanations for users”, broadening the explanation
scope to serve non-technical stakeholders (e.g., policymakers, end-
users, or domain experts such as doctors and financial analysts)
who need intuitive, actionable, and trustworthy AI insights. This
point of view motivates us to present XAI methods that focus on
bridging the gap between AI outputs and human expertise using
data- and algorithm-centered approaches.

5 Tutorial Scope and Structure
The intended length of our tutorial is half-day (3 hours + breaks).

5.1 Outline
1 Introduction (30 minutes)

1.1 GNNs and Applications
1.2 XAI for GNNs

2 GNN Explainers Categorization (15 minutes)
3 User-centric XAI (15 minutes)
4 User-centric and Data-driven XAI Methods for GNNs (90 minutes)

4.1 Pattern Mining and Concept Hierarchies
4.2 Counterfactual Explanations
4.3 Explanation by Examples and Rules
4.4 Natural Language Explanations
4.5 Declarative Explanatory Queries
4.6 Robust Explanations
4.7 Multi-criteria Explanations
4.8 Efficiency and Interactiveness
4.9 XAI beyond Classification

5 Future Directions (30 minutes)

5.2 Introduction
GNNs [46] are a mature class of deep learning models that extend
traditional neural networks to transform graphs into embedding
representations for various downstream tasks in an end-to-end
manner. Most GNNs implement a multi-layer message-passing par-
adigm in which each layer updates a node’s representation from its
neighbors’ representations. Representative variants include graph
convolutional networks (GCNs), graph attention networks (GATs),
graph isomorphism networks (GINs), APPNP, and GraphSAGE.
They have been employed for graph and node classification, link

prediction, entity resolution, question answering, graph alignment,
and combinatorial optimization problems.

With GNNs deployed across diverse applications, explainability
techniques–initiated by GNNExplainer in 2019–have rapidly prolif-
erated to address their black-box nature. Here, we briefly introduce
the most prominent methods developed in the past five years, in-
cluding GNNExplainer, PGExplainer, GraphMask, SubgraphX, PG-
MExplainer, RelEx, GraphLime, RCExplainer, GCFExplainer, CF2,
GNN-LRP, XGNN, ProtGNN, and others [21, 49–51]. We will dis-
cuss their usefulness in deriving insights about the model and data,
as well as recurring challenges such as complex data, bias, redun-
dant evidence, weak or misaligned GNN models, and the frequent
absence of ground truth for explanations [17].

5.3 GNN Explainers Categorization
GNN explainability methods are categorized by their design and
the type of explanations they produce [51]. Intrinsic methods in-
corporate interpretability into the GNN architecture (e.g., graph
attention networks), while post-hocmethods fit a separate explainer
to an already trained model. Explainability can be global–revealing
model-wide structures, parameters, or prototypical graph patterns,
or local–explaining individual predictions. Forward, model-agnostic
approaches recover evidence via perturbation or surrogate models,
whereas backward, model-specific approaches attribute importance
through gradients or decomposition. Factual explanations identify
subgraphs that preserve the model’s output, and counterfactual
explanations find subgraphs whose removal flips the prediction.
A surrogate model is a simple, interpretable model trained to ap-
proximate the input-output behavior of a complex GNN. Finally,
mechanistic interpretability probes internal model components
such as neurons, while observational explanations are data-driven
and typically model-agnostic, inferring model logic by observing
outputs to varied inputs.

5.4 User-centric Paradigm in XAI
While SOTA GNN explainability methods offer valuable insights,
they exhibit several key limitations on usability aspects: (1) They
are not user-centric, emphasizing numerical logits or feature scores
over intuitive, domain-specific structures that align with end-user
needs, making explanations hard to interpret, access, and adapt
for downstream use. (2) They lack robustness, with explanations
that change drastically under slight graph perturbations, under-
mining reliability. (3) They typically optimize a single pre-selected
metric such as fidelity or conciseness, producing biased and in-
complete views of model behavior. (4) They provide static, one-off
explanations of final outputs rather than progressive, layer-by-layer
accounts, limiting understanding of internal reasoning and oppor-
tunities for targeted debugging and improvement. (5) They focus
primarily on node and graph classification, leaving a gap in ex-
plainability techniques for the broader range of GNN tasks. (6)
They do not support interactive, user-driven exploration via natu-
ral language or high-level structural queries, nor do they routinely
deliver explanations as natural-language descriptions or illustrative
examples preferred by users.

What makes an explanation acceptable to users and how expla-
nations affect user perceptions and actions remain open questions.
However, HCI, cognitive science, and social psychology suggest
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important criteria for high-quality explanations: (i) Right context,
meaning explanations should be tailored to different stakehold-
ers [15]; (ii) right quantity, i.e., concise and informative without
overload; (iii) comprehension, favoring higher-level patterns, rules,
contrastive examples, and concepts to reduce cognitive load and
increase trust; (iv) usefulness, by offering actionable algorithmic
recourse; (v) interactivity, enabling queryable rather than static
explanations; and (vi) stability, providing consistent explanations
for similar inputs. We will use such principles to discuss usable
explanations leveraging data mining and algorithmic approaches.

5.5 User-centric and Data-driven XAI Methods
This tutorial reviews recent advances in user-centric, data-driven
GNN explainability methods–termed GNN Explainers 2.0.

Pattern Mining and Concept Hierarchies. GVEX [13] intro-
duces a two-tier explanation framework for GNN classification:
lower-tier subgraphs provide factual and counterfactual evidence
for predictions, while higher-tier patterns abstract these subgraphs
into common motifs to support efficient search, exploration, and
domain alignment. GNN-Dissect [47] maps GNN neurons to in-
terpretable concepts–logical compositions of node and neighbor-
hood properties–yielding model-level explanations that expose
functional groups driving outcomes such as mutagenicity, thereby
enhancing transparency. GRAPHSHAP [35], a Shapley-based ap-
proach, generates motif-level explanations for identity-aware graph
classifiers by assigning importance scores to motifs defined by do-
main experts or extracted from data.

Counterfactual Explanations. Counterfactual (CF) explanations
[20] offer actionable recourse for fairness and interpretability by
describing how alternative outcomes could arise if some premises
were different, with node- and graph-level CF studied in [1, 2] and
[39], respectively. Lanciano et al. [24] design contrast subgraphs–
node sets whose induced subgraph is dense in one class and sparse
in another–to produce transparent and self-explanatory classifiers.

Explanation by Examples and Rules. GLGEXPLAINER [7] gen-
erates global explanations for GNNs by expressing subgraph-level
concepts as Boolean formulas. GraphTrail [5] leverages Shapley val-
ues to identify discriminative subgraph concepts and employs sym-
bolic regression to translate predictions into human-interpretable
Boolean rules. GnnXemplar [6] selects representative nodes in the
embedding space and derives natural-language rules from their
neighborhoods to clarify model predictions.

Natural Language Explanations. Large language model (LLM)-
powered methods are increasingly being used to generate natural
language explanations enhancing GNN interpretability [8, 18, 33].

Declarative ExplanatoryQueries. Exploring GNN inference with
explanations often involves ad-hoc queries–for example, request-
ing a factual explanation at an intermediate layer with constraints
on subgraph size–which are cumbersome to implement manually.
This motivates a declarative framework that enables users to ex-
press and customize explanatory queries through a rich logic and
query language. SliceGXQ [44] realizes this vision as an end-to-end,
SPARQL-like system supporting interactive, layer-wise explanatory
queries for GNNs.

Robust Explanations. Recent advances in robust explainable
GNNs integrate interpretability with adversarial defense to pre-
serve explanation quality under worst-case perturbations. XGN-
NCert [26] delivers the first certifiable robustness guarantee for
graph-level tasks, ensuring stable explanations without compro-
mising predictive performance at the node and edge level. 𝑘-RCW
[40] introduces resilient counterfactual witnesses that remain valid
under structural disturbances, while additional methods for robust
counterfactual explanations have been investigated in [9].
Multi-criteria Explanations.Multiple metrics evaluate explana-
tion quality–fidelity, sparsity, stability, and so on–each measuring
a different aspect, so optimizing a single metric can produce biased,
less diverse explanations; besides metrics also often conflict (e.g.,
higher fidelity usually requires lower sparsity). Pareto-optimality or
skyline queries address such multi-criteria trade-offs. Recent work
defines and computes explanation skylines to produce high-quality,
diversified explanations across multiple metrics [29, 38].
Efficiency and Interactiveness. Parallel and streaming algorithms
and indexing techniques have been developed to scale and speed
up GNN explanation methods [13, 39, 40]. XAI systems should
combine scalable back-end methods with intuitive interfaces that
support interaction, exploration, declarative querying, and per-
sonalization to make explanations both efficient and usable. For
example, GVEX [13] offers a tunable component that lets users
select a desired number of important nodes from different classes
to produce class-targeted explanations.
XAI beyond Classification. XAI methods are increasingly ap-
plied to explain complex AI/ML outcomes beyond classification.
Examples include EAGER [11] which uses feature scoring to surface
knowledge-graph facts important to neural question-answering sys-
tems. SliceGX identifies explanatory subgraphs at each GNN layer
to aid model diagnosis and architecture optimization [52]. NAEx is
a framework for explaining GNN-based network alignment [42].

5.6 Conclusion and Open Problems
We conclude the tutorial by encouraging the data mining and web
community to pursue the following open problems.
Actionable Recourse. While current methods can generate ex-
planations that capture GNN behavior on graph data, they often
face out-of-distribution challenges that yield impractical results. In
drug discovery, for instance, a highlighted molecular fragment may
be nonexistent or unstable in laboratory conditions. This under-
scores the need for explanations that are not only accurate but also
contextually relevant, practical, and interpretable.
Explanation with Privacy Concern. Although stakeholders in-
creasingly demand greater explainability, they often restrict access
to datasets or GNN models due to business and privacy concerns.
Explanations therefore require privacy-preserving methods that
balance interpretive quality with data protection.
Multi-modal Explanation. In many domains, e.g., healthcare
and spatio-temporal, data are multi-modal, spanning text, images,
tables, and multimedia. Graph-based models, including knowledge
graphs, provide integrated solutions for such complexity, and recent
GNN-LLM collaborations can generate outputs across modalities.
Yet, multi-modal explainable AI remains largely underexplored.



WSDM ’26, February 22–26, 2026, Boise, ID, USA Arijit Khan, Xiangyu Ke, Yinghui Wu, and Francesco Bonchi

Explanation for Advanced GNNs. The growing complexity of
advanced GNN architectures–such as graph transformers, agent-
based models, and graph foundation models–demands explainabil-
ity approaches that extend beyond traditional message passing.
While these models offer greater expressiveness and generalization,
their intricacy challenges current XAI techniques. Advancing the
field will require scalable, faithful, and generalizable explanation
frameworks tailored to next-generation GNNs.
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