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Abstract—Graph neural networks (GNNs) have emerged as
powerful deep learning models for graph-structured data, achiev-
ing state-of-the-art performance across diverse domains including
social networks, knowledge graphs, bioinformatics, transporta-
tion, the World Wide Web, and finance [9]. They have been
successfully applied to tasks such as node and graph -classi-
fication, link prediction, entity resolution, question answering,
recommendation, and fraud detection. Despite these advances,
explaining the decisions of high-performing yet opaque GNNs
remains a critical challenge. Over the past five years, significant
progress has been made with the development of GNN explana-
tion methods [18]-[20] (e.g., GNNExplainer [10], PGExplainer
[11], SubgraphX [12], PGMExplainer [13], GraphLime [14],
GCFExplainer [15], CF2 [16], GNN-LRP [17]). We collectively
refer to these approaches as “GNN Explainers 1.0,” which focus
on identifying influential nodes, edges, subgraphs, and features to
provide post hoc explanations of model outputs. While effective
for narrow tasks such as node or graph classification, their
one-time, output-centric nature limits broader applicability. For
practical debugging, accountability, and trustworthy deployment,
explanations must extend beyond final predictions to capture
layer-wise provenance, enabling data scientists to trace how
inputs evolve through the network and pinpoint sources of
error. Moreover, non-technical stakeholders require explanations
that are accessible, configurable, and queryable through fa-
miliar interfaces—structured queries, counterfactuals, or natural
language—supporting interactive exploration of model behavior
by both experts and non-experts.

To address these challenges, we propose a user-centered
paradigm—-GNN Explainers 2.0-that moves beyond static, output-
only explanations toward actionable, end-user-facing insights
[1]. Grounded in data management principles, this approach
leverages data-centric operations—views, slicing, skyline selection,
fairness analysis, robustness checks, and adversarial constraints—
to enhance comprehension, usability, and trust while enabling
interactive exploration tailored to diverse stakeholders. Recent
advances exemplify this paradigm. GVEX introduces a two-tier
structure in which lower-tier subgraphs provide factual and
counterfactual reasons for predictions, while higher-tier patterns
summarize these subgraphs to support efficient search and align-
ment with domain knowledge [2]. Counterfactual evidence (CE)
methods detect fairness violations by identifying similar nodes
treated differently by pre-trained GNNs [3]. Model slicing frame-
work SliceGX generates finer-grained, layer-wise explanations in
a progressive manner—capabilities that are crucial for model di-
agnosis and architecture optimization [4]. Robust counterfactual
witnesses (k-RCW) ensure resilience to structural disturbances,
strengthening trust in post-hoc explanations [S]. Skyline-based
methods, e.g., SXQ, generate diversified explanations across
multiple evaluation metrics, balancing fidelity+, fidelity-, and
sparsity [6]. ATEX-CF unifies adversarial attack methods with
counterfactual explanation generation by leveraging their shared

'? Explanation Criteria
o
N1l e o g |z || ¢
N Iy c ® =4 ] E
\ R g ® 32|59
| o < Ao S oll® @ [}
Input 2 o) - Nooll3 o =
Graphpata| £ |5 || & E 22 ]
rai ata X © ) g 2 g
P B.
§ L
-~ A 2z
N ! z
Pretrained N =
GNN Model | &
R
oy S / / \ \
Prediction 2.0 |Views ” Robustness " Fairness || Skyline || Slicing ” Adversarial |

[

Data Management Principles

Fig. 1: The GNN Explainers 2.0 paradigm applies data-centric
operations—views, slicing, skyline selection, fairness analysis,
robustness checks, and adversarial constraints—to improve in-
terpretability, usability, and trust while supporting interactive
exploration based on diverse stakeholders’ explanation criteria.

objective of inducing prediction flips through targeted perturba-
tions [7]. It efficiently handles both edge additions and deletions,
using adversarial insights to identify structurally minimal and
impactful counterfactuals. Advances in parallel, streaming, and
indexing techniques further improve scalability and efficiency
[2], [3], [5]. Finally, explainability is expanding beyond classi-
fication, with frameworks such as NAEX supporting complex
tasks like GNN-based network alignment [8]. Collectively, these
contributions establish a foundation for interactive, trustworthy,
and domain-adaptable GNN explanations as shown in Figure 1.
Where GNN Explainers 1.0 primarily deliver static, instance-
level or model-level rationales for predictions, GNN Explainers
2.0 emphasize interactive, multi-level, and stakeholder-aware
explanations that integrate model behavior, data provenance, and
user intent.

Future work may enable interactive dialogue with GNNs
through ad hoc, declarative, and natural language explanatory
queries; produce more accessible explanations via natural lan-
guage descriptions, exemplars, and pattern- or rule-based con-
cepts; incorporate human-in-the-loop feedback and explanatory
query recommendation during model interrogation; and extend
explanation methods to advanced architectures, including graph
Transformers and emerging graph foundation models.
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