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Figure 1: Graphical overview: We assess explainability of GNN-based dynamic stability predictions. (A) A graph neural network
is trained on dynamic simulations (the FRT-Stability dataset). (B) Post-hoc explanation methods attribute feature importance
to individual node features. (C) Counterfactual edge perturbations identify topology changes that improve predicted stability.

Abstract
As Graph Neural Networks (GNNs) are increasingly deployed for
power grid stability predictions, understandingwhether their learned
behavior aligns with physical grid dynamics becomes essential for
safe deployment. We present a systematic analysis addressing two
questions: do post-hoc explanations accurately reflect GNN model
behavior, and does that behavior align with the physics of grid dy-
namics? We apply gradient-based methods (five variants including
Saliency, InputXGradient, and Integrated Gradients) and a game-
theory-basedmethod (Shapley Value Sampling) to a Dirac–Bianconi
Graph Neural Network (DBGNN) achieving a skill score of 0.903 on
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a fault-ride-through (FRT) probability prediction task. Our analysis
reveals that the model primarily relies on node type-level informa-
tion, learning to distinguish inverters (and subtypes via the Normal
Form (NF) parameter) from loads, rather than continuous power
flow and network features within node types. Nevertheless, it incor-
porates meaningful topological context: neighborhood composition
modulates predictions in physically intuitive ways, with influence
decaying with graph distance. We validate the explanation meth-
ods on the IEEE39-AC dataset with known ground truth. Beyond
explanation, we present a proof-of-concept counterfactual analysis:
edge removals improve predicted stability by 45% on average at the
most critical nodes while preserving global grid stability, reducing
the search space for physics-based validation.

183

https://orcid.org/0009-0000-5678-0390
https://orcid.org/0009-0009-8468-4166
https://orcid.org/0000-0003-1972-9654
https://orcid.org/0000-0002-3572-9083
https://orcid.org/0000-0001-5635-4949
https://orcid.org/0000-0003-1607-9748
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3765611.3815508


ACM Sustainability Week Companion ’26, June 22–25, 2026, Banff, AB, Canada Sadric et al.

CCS Concepts
• Computing methodologies → Artificial intelligence; Ma-
chine learning; • Applied computing→ Physical sciences and
engineering.

Keywords
Explainable AI, Graph Neural Networks, Power Grid Stability, Dy-
namic Stability Assessment, Feature Attribution, Counterfactual
Analysis

ACM Reference Format:
Martin Sadric, Sebastian Pütz, Christian Nauck, Veit Hagenmeyer, Frank
Hellmann, and Benjamin Schäfer. 2026. Assessing Explanations of Graph
Neural Networks for Dynamic Stability Assessment of Power Grids. In
ACM Sustainability Week 2026 (ACM Sustainability Week Companion ’26),
June 22–25, 2026, Banff, AB, Canada. ACM, New York, NY, USA, 17 pages.
https://doi.org/10.1145/3765611.3815508

1 Introduction
Climate change is driving the transition to sustainable and carbon-
neutral energy systems [40]. While many studies focus on steady-
state analysis, the growing penetration of distributed energy re-
sources such as wind and solar introduces significant operational
challenges. Lower system inertia and volatile feed-in accelerate
grid dynamics, requiring active monitoring and interventions to
maintain stability [31]. Ensuring stable operation requires compre-
hensive dynamic stability assessments through non-linear simula-
tions [51]. Probabilistic stability analyses using Monte Carlo simu-
lations [14] are increasingly employed to evaluate large ensembles
of disturbances. However, these simulations are too expensive to
cover all potential grid configurations, leaving some instabilities
undetected. This poses particular challenges for transmission sys-
tem operators (TSOs) who require efficient, scalable methods to
identify critical lines and anticipate control needs.

To address these challenges, Graph Neural Networks (GNNs)
have emerged as a powerful tool capable of efficiently modeling
the high-dimensional, interconnected, and non-Euclidean nature of
power systems [24]. GNNs encode local and global grid properties
in learned embeddings, providing a computationally efficient alter-
native to traditional simulations for rapid stability assessment [36].
Their speed enables earlier instability detection and preventive
action.

However, despite their computational advantages and high pre-
dictive accuracy, GNNs remain black boxes. Their adoption in criti-
cal infrastructure requires not just performance but understanding:
Do these models learn how continuous power flow features affect
stability, or do they rely on node type patterns? Explainable Artifi-
cial Intelligence (XAI) addresses this by revealing what information
models use and whether those patterns align with domain knowl-
edge or fail under distribution shift [1]. As we demonstrate, this
assumption can fail: our model relies primarily on node type, an
abstract feature summarizing component dynamics, rather than
continuous features like conductance and susceptance. Explainabil-
ity is therefore not just a final validation step, but a diagnostic tool
that may prompt model refinement or rejection.

While recent work [32] demonstrates that GNNs can predict
stability metrics with strong performance, how models use graph

structure and whether their learned representations reflect physical
causality remain unexplored.

This paper presents a systematic study of GNN explainability
for power grid dynamic stability prediction, focusing on two dis-
tinct questions: do post-hoc explanations accurately reflect model
behavior, and does that behavior align with physical principles?
We first validate our explanation methods on a synthetic dataset,
IEEE39-AC [38], with known ground-truth physics, then apply them
to a Fault-Ride-Through Stability (FRT-Stability) dataset, which
captures the probability that grid components maintain operation
within acceptable bounds following transient disturbances. Using
a DBGNN [33] (skill score 0.903), we investigate which features
the model relies on and whether they reflect physical principles.
Finally, we show how the trained GNN can be repurposed for coun-
terfactual explainability analysis, identifying edge removals that
may improve stability at vulnerable nodes.

Contributions
(1) GNNs outperform non-graph methods (skill score 0.903 vs. ≤

0.03) on FRT-Stability; architectural analysis shows accurate
prediction requires enlarged spatial context and explicit edge
features.

(2) Three explanation methods validated on IEEE39-AC with
known ground truth reveal that on FRT-Stability node type
(load vs. inverter) emerges as the primary predictive signal,
with continuous power flow features playing a secondary
role. Ablation confirms this: type-only achieves 𝑅2 = 0.90;
continuous features alone yield 𝑅2 ≈ 0.02.

(3) GNNs nevertheless capture meaningful topological context:
neighborhood composition modulates predictions in phys-
ically intuitive ways, with influence decaying with graph
distance.

(4) As a proof-of-concept, a counterfactual edge-removal frame-
work identifies candidate interventions that boost predicted
stability by 45% on average at critical nodes while preserving
global grid integrity, without requiring full re-simulation.

2 Related Work
GNNs have been applied to various power system tasks, including
stability assessment, fault diagnosis, and reliability analysis. We
review three relevant areas: GNNs for dynamic stability prediction,
explainability methods for such models, and the broader landscape
of explainable GNNs in power systems.

GNNs for Dynamic Stability Assessment. Recent work demon-
strates that GNNs effectively predict dynamic stability in power
systems by learning from network topology and operational states.
This work includes predicting single-node basin stability (SNBS)
with generalization across network sizes [35] and identifying vul-
nerable nodes across synthetic and real-world topologies [34]. Other
architectures address specific stability challenges: Khamis et al. [20]
model inverter dynamics with graph convolutional networks, while
Liu et al. [26, 28] incorporate temporal dependencies and physics-
informed constraints for transient stability assessment. Despite
this predictive success, understanding how GNNs make stability
predictions remains largely unexplored.
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Explainability for Dynamic Stability Prediction. Raum et al. [39]
provide the first explainability analysis of GNN-based stability
prediction, applying Layer-wise Relevance Propagation (LRP) to
basin stability on Kuramoto-modeled grids. However, the Kuramoto
model assumes homogeneous coupling and omits voltage dynam-
ics, reactive power, and control systems, limiting applicability to
operational power systems. Their key finding is that neighborhoods
beyond direct connections strongly influence predictions, though
their analysis lacks validation against ground-truth failure mecha-
nisms. We extend this by validating multiple explanation methods
on more realistic grid models.

GNN Explainability in Power Systems. Existing work on GNN ex-
plainability in power systems follows three main approaches. First,
physics-informed methods embed domain knowledge directly into
the model, for instance, through Kirchhoff’s law constraints [55] or
by reconstructing physical parameters [37], achieving interpretabil-
ity by design rather than post-hoc analysis. Second, attention-based
architectures use learned edge weights as explanations [30, 56],
though these reflect model attention rather than feature impor-
tance. Third, post-hoc explanation methods such as GNNExplainer
[9], SHAP [19], and LRP [27] have been applied to tasks includ-
ing fault diagnosis and cascading failure analysis, though often
without systematic validation against ground truth. Varbella et
al. [50] address this gap with PowerGraph, a benchmark provid-
ing ground-truth explanations for cascading failures, finding that
gradient-based methods achieve highest faithfulness. Our work
follows a similar validation-first approach: we compare multiple ex-
planation methods on a synthetic benchmark with known physics
(IEEE39-AC dataset) before applying them to a stability prediction
task.

3 Methods
3.1 Datasets
We evaluate our explainability methods on two datasets: a synthetic
dataset based on the IEEE39-AC benchmark system for validation,
and the FRT-Stability dataset for dynamic stability prediction.

3.1.1 IEEE39-AC Synthetic Dataset. The dataset comprises 1,000
samples from the IEEE39-AC benchmark [38], generated with pan-
dapower [49] by uniformly perturbing active/reactive loads and
generator outputs by ±30% before solving AC power flow equations.

Physical Foundation. The target variable is active power 𝑃𝑖 , gov-
erned by the steady-state AC power flow equations:

𝑃𝑖 =
∑︁
𝑗∈N𝑖

𝑉𝑖𝑉𝑗
(
𝐺𝑖 𝑗 cos(𝜃𝑖 − 𝜃 𝑗 ) + 𝐵𝑖 𝑗 sin(𝜃𝑖 − 𝜃 𝑗 )

)
, (1)

where 𝑉𝑖 and 𝜃𝑖 are voltage magnitude and phase angle at bus 𝑖 ,
and 𝐺𝑖 𝑗 , 𝐵𝑖 𝑗 are conductance and susceptance from the admittance
matrix. Node features (𝑄 , 𝑉 , 𝜃 ) are corrupted with Gaussian noise
N(0, 𝜎2) to simulate measurement uncertainty, where 𝜎 = 0.01 for
voltage and angle, and 𝜎 = 0.05 for reactive power.

Ground Truth Validation. This dataset provides ground truth
explanations defined by power flow physics. According to Eq. (1),
𝑃𝑖 depends causally only on its own voltage magnitude, voltage
angle, and the same properties of direct neighbors (1-hop). Reactive

power 𝑄 does not appear in Eq. (1), though it may correlate with
other variables. To test causal recovery, we include a dummy feature:
reactive power values shuffled randomly across samples. A faithful
explanation method should assign zero importance to this dummy
feature while correctly identifying voltage angle differences as
dominant for predicting active power.

3.1.2 FRT-Stability Dataset. The Fault-Ride-Through Stability (FRT-
Stability) dataset [32] captures dynamic grid behavior following
transient disturbances in inverter-dominated power grids. The
dataset comprises 1,000 synthetic grid topologies with 70–80 buses
each, generated using the framework described in [7]. Each grid
contains 100% renewables, split equally between grid-forming and
grid-following inverters. Grid-forming inverters are modeled using
the normal-form model [22], validated through power-hardware-
in-the-loop measurements [8].

Target Variable. The fault-ride-through (FRT) probability 𝑝frt
measures the likelihood that all grid components remain within op-
erational bounds after a fault is cleared. The probability is computed
as:

𝑝frt =
𝑉 ∗

𝑉𝑡
, (2)

where𝑉 ∗ is the number of post-clearance states for which all buses
remain within ride-through curves, and 𝑉𝑡 = 1,000 is the total
number of states. The target ranges from 0 (certain failure) to 1
(certain survival). Sampling details are provided in Appendix A.1.

The distribution of 𝑝frt across node types is shown in Figure 10
(see Appendix E.3).

Inverter Parameterization. Three grid-forming inverter parame-
terizations (NF1–NF3) differ only in the active-power low-pass filter
time constant 𝜏𝑃 ; buses with larger 𝜏𝑃 exhibit higher stability. Full
parameterization and line model details are given in Appendix A.1.

Node and Edge Features. Each node is described by nine features
(power flow variables, NF parameter, aggregated line properties,
and node-type indicators) and each edge by five transmission line
properties; see Table 3 (see Appendix A.1).

3.2 Graph Neural Network Architectures
Graph Neural Networks operate on graph-structured data G =

(V, E) through message-passing, where node embeddings are iter-
atively updated by aggregating information from neighbors [17].
Building on the training code of [32], we retrain DBGNN on the
FRT-Stability dataset and extend the comparison to three additional
architectures (GCN, TAG, GATv2) representing distinct design prin-
ciples. GCN [21] uses fixed aggregation weights from the normal-
ized graph Laplacian with a receptive field limited by layer depth.
TAG [12] extends the receptive field via learnable polynomial filters
aggregating 𝐾-hop neighborhoods (𝐾 = 3) without stacking layers,
but operates exclusively on node features. GATv2 [4] introduces
attention-based neighbor weighting and incorporates edge features.

DBGNN [33] differs from these diffusive architectures. Based on
the topological Dirac operator, it couples nodes and edges as joint
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dynamical entities, enabling wave-like propagation:

x𝑖 (𝑡 + 1) = x𝑖 (𝑡) +W𝑛𝑒
∑︁
𝑗∈N𝑖

e𝑖 𝑗 (𝑡) +W𝑛
𝛽
x𝑖 (𝑡),

e𝑖 𝑗 (𝑡 + 1) = e𝑖 𝑗 (𝑡) +W𝑒𝑛 (x𝑖 (𝑡) − x𝑗 (𝑡)) −W𝑒
𝛽
e𝑖 𝑗 (𝑡),

(3)

where x𝑖 are node embeddings, e𝑖 𝑗 are edge embeddings, W𝑛𝑒

and W𝑒𝑛 couple nodes and edges, and W𝑛
𝛽
, W𝑒

𝛽
are mass matrices.

This wave-like propagation preserves signal structure over longer
distances, suited to transient grid dynamics where disturbances
propagate as electromagnetic waves.

Non-graphModels. For comparison, we evaluate non-graphmeth-
ods using only local node features: a Multi-Layer Perceptron (MLP)
and Gradient Boosted Trees (GBT) using XGBoost [10]. We also
train a linear regression baseline on the same node features and
splits; this baseline defines the skill score used in our primary per-
formance tables.

3.3 Evaluation Metrics and Baselines
We report model performance using the skill score, which measures
improvement relative to a linear regression baseline:

𝑆𝑆 =
𝑅2
model − 𝑅

2
baseline

1 − 𝑅2
baseline

. (4)

Here 𝑅2
baseline is the coefficient of determination of the linear regres-

sion baseline trained on identical features, and 𝑅2
model is the model’s

𝑅2. A skill score of 1 indicates perfect prediction, 0 indicates no im-
provement over baseline, and negative values indicate degradation.
𝑅2, MAE, and MSE are reported in Appendix D.1. Hyperparameters,
data preprocessing steps, and additional dataset details are provided
in Appendix B.2.

3.4 Explainability Methods
Post-hoc explainability methods identify which input features most
influenceGNNpredictions.We employmethods from two paradigms:
gradient-based and game-theory-based; detailed formulations are
given in Appendix C.

Gradient-Based Attribution. Gradient-based methods assess fea-
ture importance via backpropagation. We evaluated five variants
from the Captum library [23]: Saliency [45], InputXGradient, Guid-
edBackpropagation [47], Deconvolution [54], and Integrated Gradi-
ents [48]. All five produce near-identical feature rankings on our
data (see Figure 8 in the Appendix). We select Integrated Gradients
as our primary gradient-based method because it satisfies the com-
pleteness and sensitivity axioms: attributions sum to the prediction
difference and relevant features receive non-zero attribution. We
use zeros as the baseline. As shown in Section 4.2, its results are
consistent with Shapley Value Sampling while being substantially
faster.

Shapley Value Sampling. Shapley values [44] distribute predic-
tions among features based on marginal contributions across all
possible feature coalitions.

Explanation Scope. We focus on model explanations (what fea-
tures the model uses) rather than phenomenon explanations (true
physical causality). Ground truth explanations are only available
for IEEE39-AC; FRT-Stability lacks analytical ground truth due to
complex transient dynamics. All methods use default parameters
from PyTorch Geometric [15, 16] and Captum [23] unless otherwise
specified.

3.5 Counterfactual Intervention Framework
Counterfactual reasoning complements attribution methods: in-
stead of explaining why a prediction was made, it identifies what
minimal change would alter it. In power grid applications, this al-
lows operators to use the GNN directly for evaluating intervention
strategies.

Given a baseline grid G with GNN-predicted stability scores
𝑓𝜃 (G)𝑣 for each node 𝑣 , we identify the critical node

𝑣∗ = arg min
𝑣

𝑓𝜃 (G)𝑣

with lowest predicted stability. We then generate counterfactual
topologies {G′

𝑒 }𝑒∈E by removing each transmission line 𝑒 and re-
evaluating the GNN. A counterfactual topology G′

𝑒 is valid only if
it satisfies three conditions:

(1) Connectivity: The graph remains fully connected after edge
removal.

(2) Global Floor: The new system-wide minimum stability is
not worse than baseline: min 𝑓𝜃 (G′

𝑒 ) ≥ min 𝑓𝜃 (G).
(3) Local Stability: No individual node experiences a stability

drop exceeding tolerance 𝛿 = 0.05:∀𝑣, 𝑓𝜃 (G′
𝑒 )𝑣 ≥ 𝑓𝜃 (G)𝑣−𝛿 .

From the set of valid interventions, we select

𝑒∗ = arg max
𝑒

𝑓𝜃 (G′
𝑒 )𝑣∗

that maximizes the stability gain at the critical node. This approach
exploits Braess’s Paradox [43], where removing network capacity
can counterintuitively improve stability by mitigating congestion
or preventing instability propagation.

Unlike traditional dynamic simulation (potentially hours per sce-
nario), GNN re-evaluation requires only milliseconds per forward
pass. For a grid with |E | edges, exhaustive counterfactual search
requires |E | GNN evaluations, completing in seconds on modern
hardware. This enables rapid screening of candidate interventions
before physics-based validation.

All models are trained across five random seeds to assess robust-
ness, with results reported as mean ± standard deviation.

4 Results and Discussion
4.1 Graph and Non-Graph ML Performance
Transient phenomena in power grids propagate along network
connections, creating dependencies between distant nodes. We
compare models with increasing access to topology information to
identify which inputs are essential for stability prediction.

In Table 1 we compare model skill scores (Eq. 4) between non-
graph machine learning models and different GNN architectures
(corresponding 𝑅2 scores are reported in Table 7). On the IEEE39-
AC dataset, non-graph methods already achieve moderate skill
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scores of 0.62–0.63, reflecting the simpler nature of static power
flow prediction where dependencies are more local.

Table 1: Model skill scores (mean ± std over 5 seeds) on
IEEE39-AC (static power flow) and FRT-Stability (dynamic
stability), measuring improvement over a linear regression
baseline.

Architecture IEEE39-AC (Skill) FRT-Stability (Skill)

Non-Graph

MLP 0.621 ± 0.007 0.016 ± 0.002
GBT 0.633 ± 0.003 0.022 ± 0.001

Graph-Based

GCN 0.920 ± 0.007 0.606 ± 0.022
TAG 0.957 ± 0.003 0.700 ± 0.004
GATv2 0.863 ± 0.022 0.766 ± 0.012
DBGNN 0.952 ± 0.017 0.903 ± 0.002

For FRT-Stability prediction, there is a substantial performance
gap between architectures. Non-graph models (MLP, GBT) receive
only node features as input and predict stability for each node inde-
pendently. These models achieve skill scores below 0.03. Local node
features alone provide no improvement beyond linear regression.

Incorporating topology information via GCN raises the skill
score to 0.606, but GCN’s limited receptive field and uniform treat-
ment of neighbors constrain further gains. Increasing network
depth is not a solution: deeper GNNs suffer from oversmooth-
ing [41], so we limit all models to a maximum of three layers.

TAG overcomes this limitation without adding layers by aggre-
gating across a 𝑘-hop neighborhood (𝑘 = 3), improving the skill
score to 0.700. This confirms that longer-range spatial context ben-
efits stability prediction. However, TAG operates exclusively on
node features and does not incorporate edge attributes.

GATv2 adds edge features and achieves a skill score of 0.766,
indicating that transmission line properties (conductance, suscep-
tance) carry predictive value beyond node characteristics alone.
Like GCN, it is limited to three layers to prevent oversmoothing.

DBGNN achieves the highest skill score (0.903) by combining
expanded receptive fields, edge features, and wave-like propagation
that better matches power flow physics than diffusive schemes.

In the following sections, we focus explanation analysis on node
features and topology, leaving edge feature importance for future
work.

4.2 Global Level Explanations
Validating Explanations on Static Power Flow. We use the syn-

thetic IEEE39-AC dataset (Section 3.1.1) to validate against known
AC power flow physics (Eq. 1). Reactive power 𝑄𝑖 does not appear
in the equation for active power 𝑃𝑖 , though it may correlate with
other variables. IEEE39-AC serves as a controlled validation envi-
ronment with analytical ground truth from Eq. 1. The full explana-
tion pipeline is applied only to FRT-Stability, where no closed-form
ground truth exists.

Figure 2 validates Integrated Gradients on IEEE39-AC at multiple
scales. Locally (node 16), voltage angle is correctly identified as

the dominant feature while the dummy shuffled-𝑄 feature receives
zero importance, confirming the method distinguishes causal from
spurious features. Spatially, attributions are confined to the 1-hop
neighborhood, matching the locality of the power flow equations.

Aggregated across all nodes (Figure 2c), reactive power domi-
nates due to its strong correlation (𝑟 = 0.722) with active power,
illustrating how local and aggregated explanations can differ.

(a) Spatial explanation for node 16 showing 1-hop lo-
cality.

(b) Local feature importance for node 16.

(c) Aggregated feature importance across all nodes.

Figure 2: Validation of Integrated Gradients on IEEE39-AC.
Local explanations (a, b) correctly identify voltage angle as
dominant and assign zero importance to the dummy feature,
matching power flow physics with 1-hop spatial locality. Ag-
gregated explanations (c) reveal the model exploits the corre-
lation between reactive power and active power, illustrating
that local and aggregated explanations provide complemen-
tary perspectives.
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As illustrated in Figure 2, this distinction between local and
aggregated explanations is critical for interpreting the FRT-Stability
results below.

Node Feature Importance on FRT-Stability. Despite different ar-
chitectures and explanation methods, GBT and DBGNN reveal the
same pattern (Figures 4 and 3): node type dominates predictions.
GBT-SHAP ranks “Is Inverter Node” highest; Integrated Gradients
and Shapley Value Sampling on DBGNN both assign strong positive
attribution to “Is Load Node” and strong negative to “Is Inverter
Node”, confirming that load nodes correlate with stability while
inverter nodes correlate with instability. The NF Parameter receives
moderate importance in both methods, consistent with its causal
role: larger 𝜏𝑃 corresponds to higher stability (Section 3.1.2).

Continuous power flow features (Aggregated Conductance, Sus-
ceptance, Shunt Susceptance, Active and Reactive Power) all receive
minimal importance across all explanation methods. For DBGNN,
the low importance of aggregated line properties is expected: the
model receives unaggregated edge features directly and can learn its
own aggregation. Even Active and Reactive Power contribute neg-
ligibly: within-type variation is less predictive than between-type
differences.

The explanations reveal that both GBT and DBGNN rely pri-
marily on type-level information: the model learns to distinguish
inverters from loads and further differentiates inverter subtypes via
the NF Parameter. While DBGNN incorporates graph structure, its
explanations show the same type-level distinction as the non-graph
GBT, paralleling the IEEE39-AC finding where correlation drives
aggregated attributions. The agreement between GBT-SHAP and
DBGNN explanations is telling: GBT uses no graph structure and
shares no architectural assumptions with DBGNN, so the consistent
dominance of node type confirms it reflects the dataset and physics,
not a GNN artifact. Ablation results are provided in Appendix Ta-
ble 5. The explanations show that node type is the primary signal;
continuous power flow and network features play a secondary role
because within-type variation is less predictive than between-type
differences. This demonstrates that the explainers correctly distin-
guish between predictively useful features and features the model
effectively ignores.

Node-type dominance reflects genuine physical differences: in-
verters and loads obey fundamentally different dynamic equations,
with inverters acting as active control elements and loads as pas-
sive components. The NF Parameter importance within inverter
subtypes provides causal confirmation: 𝜏𝑃 directly governs stabil-
ity (Section 3.1.2), and recovering this within-type relationship
confirms the result is not an artifact. Section 4.3 provides fur-
ther evidence: when type is a poor predictor, the model shifts to
neighborhood-based features, showing that topological context
emerges where type alone is insufficient. These results highlight a
fundamental distinction in XAI: post-hoc explanations are faithful
to what the model has learned, not necessarily to what domain
experts would prioritize. Varbella et al. [50] reach the same conclu-
sion: even when explanation ground truth is available, explanations
reflect model decision-making rather than human causal intuition.
This is not a failure of the explainer; it is a diagnostic about what
the model has learned.

Table 2: Comparison of skill scores (mean ± std over 5 seeds)
across different GNN models on FRT-Stability, broken down
by node type (corresponding 𝑅2 scores in Table 8).

Model Overall Skill Inverter Skill Load Skill

GCN 0.606 ± 0.022 0.710 ± 0.032 0.523 ± 0.014
TAG 0.700 ± 0.004 0.791 ± 0.006 0.626 ± 0.009
GATv2 0.766 ± 0.012 0.823 ± 0.005 0.721 ± 0.023
DBGNN 0.903 ± 0.002 0.919 ± 0.005 0.890 ± 0.003

The agreement between Integrated Gradients and Shapley Value
Sampling, two methods with different theoretical foundations, vali-
dates both sets of attributions. We focus on Integrated Gradients
in subsequent analyses: it is substantially faster, and its results are
consistent with all other gradient-based variants (Saliency, InputX-
Gradient, GuidedBackpropagation, Deconvolution; see Figure 8 in
the Appendix).

4.3 Local Level Explanations
Detailed Node Feature Importance on FRT-Stability. Table 2 shows

inverter dynamics are learned with higher skill than load dynamics
across all models. For instance, DBGNN achieves 0.919 for inverters
vs. 0.890 for loads, while GCN shows a larger gap (0.710 vs. 0.523).
This is attributable to the feature space: inverters possess an addi-
tional categorical feature, the NF parameter, distinguishing three
operational types, which is absent for loads.

To understand node-level decision-making, we analyze extreme
outliers: the most stable inverter and least stable load from each
test graph. Predicting these outliers is substantially harder than
predicting typical nodes, with MSE ratios ranging from 7× to 33×
depending on model and node type (detailed breakdown in Table 4).

Figure 5 shows a 𝑘-hop Integrated Gradients analysis that re-
veals themechanism behind outlier predictions.While typical nodes
show self-dominance (approximately 45% at 0-hop), extreme out-
liers shift toward neighbor-dominance. In these cases, the 1-hop
neighborhood influence exceeds the node’s own features: when
a node deviates from its class norm, the model compensates by
relying more on local topology. Impact decays rapidly beyond 1-
hop, confirming that the DBGNN captures the localized nature of
transient grid disturbances. The topological composition of each
neighborhood (Table 6; see Appendix E) explains this behavior:
least stable loads are surrounded by 84% inverter neighbors, while
most stable inverters are embedded among 77% load neighbors. The
model thus uses 1-hop topology to detect local stability while apply-
ing a penalty based on the inverter class’s generally high instability
probability.

4.4 Counterfactual Reasoning with Post-hoc
Evaluation

In the previous section, we observed that GNN models capture
distinct explanation patterns for extreme stability states. However,
attribution methods are passive. They reveal which features in-
fluence a prediction but not how to modify the system toward a
desired outcome.
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(a) Integrated Gradients (b) Shapley Value Sampling

Figure 3: Aggregated node feature importance for the DBGNN on FRT-Stability. Both methods consistently identify node type
as the dominant feature; continuous power flow features receive minimal importance.

Figure 4: SHAP explanation for the GBT model on FRT-
Stability, showing “Is Inverter Node” as the dominant feature.

To our knowledge, this is the first GNN-guided counterfactual
topology screening for stability prediction. We frame it explicitly
as a candidate generation tool: its purpose is to reduce thousands
of potential interventions to a small set of locally consistent candi-
dates in seconds, providing a tractable starting point for subsequent
physics-based validation rather than replacing it. The 1-hop local-
ity of spatial attributions (Section 4.2) motivates this local search
strategy.

The model’s generalization to unseen topologies justifies apply-
ing the framework described in Section 3.5. We evaluated edge
removal strategies across 150 FRT-Stability test grids. The frame-
work identifies the critical node 𝑣∗ (minimum predicted stability)
and searches for valid edge removals that improve its stability while
satisfying connectivity, global floor, and local stability constraints
(𝛿 ≤ 0.05) as introduced in 3.5.

Effects of Edge Removal on the FRT-Stability Prediction. The re-
sults of this counterfactual search are visualized in Figure 6. Across
the test cases, the framework consistently identifies edge removal
interventions that increase the predicted stability of themost vulner-
able node, occasionally exceeding ground-truth stability. The mean
stability score increases by approximately 45% over the baseline
prediction. Large error bars reflect topology-dependent variance.

Figure 7 demonstrates that our GNN-guided interventions are
highly local. The impact of removing an edge decays exponentially
with graph distance: over 80% of the total prediction change is con-
centrated within the 0-hop (incident nodes) and 1-hop radius. Nodes
at 2+ hops show negligible deviation. This aligns with the locality
bias observed in our post-hoc explanation analysis (Section 4.2),
providing further evidence of localized model representations.

The reported stability gains are model-predicted improvements.
Confirming whether these translate to true FRT outcomes requires
full dynamic re-simulation, which takes several hours per grid
versus seconds for GNN re-evaluation. Simulation-in-the-loop val-
idation is therefore outside the scope of this work by design: the
framework is not intended as a replacement for physics-based anal-
ysis, but as a filter that makes such analysis tractable by identifying
the most promising candidates first. The current strategy targets
the least stable node, which in FRT-Stability datasets is typically
an inverter; future work should explore alternative target selection
criteria and intervention types (e.g., node-level actions or feature
modifications), and quantify the translation rate between predicted
and simulated stability gains on a held-out subset.

5 Conclusion
This paper investigates GNN explainability for dynamic stability
prediction, a setting where node type is the dominant predictive
signal. This reflects a physically meaningful distinction, as inverters
and loads obey fundamentally different dynamics, while continuous
features such as power flow parameters play a secondary role.
Systematic explainability analysis addresses two questions: do post-
hoc explanations reflect model behavior, and does that behavior
align with physics? This determines when AI predictions can guide
operations and when physics-based validation is necessary.

The DBGNN achieves a skill score of 0.903, far outperforming
non-graph methods (skill ≤ 0.03). Post-hoc explanation analy-
sis, validated on IEEE39-AC and applied to FRT-Stability, reveals
that performance stems primarily from type-level information: the
model learns to distinguish inverters from loads, while continu-
ous features play a secondary role. Yet this does not invalidate
operational utility. GNNs exploit topological context unavailable to
non-graph models: the same node type yields different predictions
depending on neighborhood composition. For extreme cases, the
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Figure 5: Integrated Gradients 𝑘-hop influence analysis for the DBGNN on FRT-Stability. Extreme outliers (most stable inverters,
least stable loads) shift from self-dominance toward neighbor-dominance at 1-hop, while influence decays to negligible beyond
2 hops.

Figure 6: Edge removal impact on FRT-Stability prediction
across 150 test grids. The Improved bar shows predicted sta-
bility of the critical node after the optimal intervention; high
variance reflects grid-specific effectiveness.

Figure 7: Mean absolute change in predicted 𝑝frt by hop dis-
tance from the removed edge (DBGNN, FRT-Stability). Over
80% of the effect is concentrated within hops 0–1.

1-hop neighborhood contributes more than the node’s own features,
reflecting how local topology affects disturbance propagation. In-
fluence decays rapidly beyond 1-hop, consistent with the localized
nature of transient disturbances. This reframes deployment from
“Does the model work?” to “When can we trust it?”

Our architectural comparison reveals that topology information
is essential: GNNs require expanded spatial context, explicit edge
features, and wave-like message propagation to capture transient
dynamics. The counterfactual framework shows that explainabil-
ity can guide optimization: edge removal interventions improve
predicted stability at vulnerable nodes by 45% on average while
maintaining safety constraints. The highly localized effects (82%
within 0–1 hops) align with the attribution analysis, confirming
localized model representations.

Limitations and Future Work. Our analysis relies on synthetic
datasets where ground truth derives from simulation rather than
operational measurements. While FRT-Stability provides realistic
topologies, the scarcity of real-world fault data limits validation un-
der actual conditions. To our knowledge, FRT-Stability is the most
realistic publicly available benchmark for GNN-based dynamic sta-
bility prediction in inverter-dominated grids. The deeper challenge
is that labels alone cannot distinguish whether the model exploits
type patterns or physical causality.

Future work should pursue three directions: first, benchmark
datasets with verified explanation ground truth and fidelity metrics
for cases where it is unavailable, as adapting frameworks such as
GraphFramEx [3] to node-level regression remains an open prob-
lem; second, complete explanations covering node, edge, and graph-
level attributions with physics-informed architectures; and third,
counterfactual interventions extended to node-level actions and
feature modifications.

Data and Code Availability. Full code is available at https://github.
com/KIT-IAI-DRACOS/explanations-of-gnns-for-dynamic-stability-
assessment. Dataset and trained models are available at https://doi.
org/10.5281/zenodo.20128791 and https://doi.org/10.5281/zenodo.
20128840.
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A Dataset Details
A.1 FRT-Stability Dataset

Data Splitting and Batching. The 1,000 synthetic grids were di-
vided into training (grids 1–700, 70%), validation (grids 701–850,
15%), and test sets (grids 851–1,000, 15%). This graph-level split
ensures that test performance reflects generalization to unseen
network topologies rather than merely unseen operating points.
Training samples were shuffled between epochs (batch size 128),
while validation and test sets maintained fixed ordering (batch size
500) to ensure reproducible evaluation.

Dynamic Simulations. Dynamic simulations use higher-order
implicit differential-algebraic equation solvers with error tolerances
ensuring standard errors of ±0.02. The complete dataset required
approximately 50,000 CPU hours to generate.

Ride-Through Curves. Voltage ride-through curves follow [25] for
under-voltages and German transmission system requirements [13]
for over-voltages. Frequency thresholds are symmetric at [−2,+2]Hz.

While post-clearance states are evaluated per bus, ride-through cri-
teria apply to all buses simultaneously, making 𝑝frt a system-wide
stability measure.

Post-Clearance State Sampling. For each bus, 1,000 post-clearance
states are generated using Sobol sequences [46] and the ambient
forcing algorithm [6]. Voltage magnitudes are sampled uniformly
in [0, 1] p.u., phase angles in [0, 2𝜋], and frequency deviations in
[−1, +1]Hz for grid-forming components.

Inverter Parameterization. Three parameter sets for grid-forming
inverters vary only in the time constant 𝜏𝑃 of the active power
low-pass filter in droop control: NF1 (𝜏𝑃 = 0.5 s), NF2 (𝜏𝑃 = 1.0 s),
and NF3 (𝜏𝑃 = 5.0 s) [6, 22, 42]. Buses with larger time constants
are expected to have higher stability due to their faster response
during the critical first milliseconds following fault clearance. Grid-
following inverters and loads are modeled as PQ-buses, while trans-
mission lines use the Pi-model with parameters for 380 kV systems
from the German energy agency [11].

Table 3: Node and edge features for the FRT-Stability dataset.

Type Feature Description

Node 𝑃 Active power
Node 𝑄 Reactive power
Node 𝜏𝑃 NF parameter (inverter time constant; 0

for loads/slack)
Node 𝐺𝑘 Aggregated line conductance

∑
𝑚 𝐺𝑘𝑚

Node 𝐵𝑘 Aggregated line susceptance
∑
𝑚 𝐵𝑘𝑚

Node 𝐵𝑘,sh Aggregated shunt susceptance∑
𝑚 𝐵𝑘𝑚,sh

Node Is Inverter Categorical node-type indicator
Node Is Slack Categorical node-type indicator
Node Is Load Categorical node-type indicator

Edge 𝐺𝑖 𝑗 Line conductance
Edge 𝐵𝑖 𝑗 Line susceptance
Edge 𝐵𝑖 𝑗,sh Line shunt susceptance
Edge 𝑃𝑖 𝑗 Line active power
Edge 𝑄𝑖 𝑗 Line reactive power

Node and Edge Features.

A.2 IEEE39-AC Dataset Generation
A.2.1 Physical Foundation: Steady-State AC Power Flow. The target
variable, active power 𝑃𝑖 , is governed by the non-linear AC power
flow equations (Eq. 1), where 𝑉𝑖 and 𝜃𝑖 denote voltage magnitude
and phase angle at bus 𝑖 , and 𝐺𝑖 𝑗 and 𝐵𝑖 𝑗 are conductance and
susceptance from the admittance matrix Y.

A.2.2 Stochastic Parameterization. To sample diverse operating
conditions, base active power was randomized:

𝑃
(0)
𝑖

∼ U
(
𝑃base𝑖 − Δ𝑃, 𝑃base𝑖 + Δ𝑃

)
, (5)

where 𝑃base
𝑖

is the nominal active power and Δ𝑃 controls perturba-
tion magnitude.
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A.2.3 Newton–Raphson Power Flow. For each randomized config-
uration, AC power flow was solved using Newton–Raphson:

x(𝑘+1) = x(𝑘 ) − J−1 (x(𝑘 ) ) F(x(𝑘 ) ), (6)

where x = [𝜽 ,V]⊤ is the state vector, F(·) denotes power flow
mismatch equations, and J is the Jacobian matrix.

A.2.4 Feature Mapping and Normalization. Converged state vari-
ables were mapped to nodal feature vectors h𝑖 with additive Gauss-
ian noise:

h̃𝑖 = h𝑖 + 𝝐, 𝝐 ∼ N(0, 𝜎2I) . (7)

Features were standardized following the procedure described in
Appendix B.1.

B Model and Training Details
B.1 Training Procedure

Feature Preprocessing. All features were standardized using Z-
score normalization (zero mean, unit variance) computed on the
training set and applied to validation and test sets. For GBT, raw fea-
tures were used without scaling as tree-based methods are invariant
to monotonic transformations.

Optimization. All models were trained using the AdamW opti-
mizer [29] with momentum 0.9 and model-specific weight decay
(∼ 10−7). Gradient clipping with maximum norm and value of 100
prevented gradient explosion. The loss function is mean squared
error (MSE), evaluated on all nodes except slack buses, as slack
buses serve as voltage references and have trivially stable behavior
(𝑝frt ≈ 1).

Training proceeded for a maximum of 100 epochs with early
stopping based on validation performance. Early stopping used
patience of 50 epochs (no improvement threshold: 0.001) and a grace
period of 50 epochs to prevent premature termination. Training
was conducted on NVIDIA GPUs with mixed precision (float32).
Each model was trained across five random seeds (seeds 1–5) to
quantify variance.

B.2 Hyperparameter Optimization
Model-specific hyperparameterswere optimized on the FRT-Stability
dataset using Optuna [2] with 100 trials per architecture. The same
configurations were applied to IEEE39-AC, where they achieved
strong performance without further tuning (Table 7). The search
space included learning rates (log-uniform 10−5 to 10−2), hidden
dimensions ({32, 64, 128, 256}), dropout rates (uniform 0 to 0.5),
number of layers ({2, 3, 4} for GCN/GATv2, fixed at 2 for DBGNN),
and architecture-specific parameters (attention heads for GATv2,
polynomial order 𝐾 for TAG, time steps for DBGNN). The opti-
mization objective was validation 𝑅2 score (equivalently, skill score
since the baseline is fixed).

The final optimized configurations are:
• DBGNN: 2 layers, 120 hidden dimensions (nodes and edges),
30 time steps per layer, learning rate 10−5, OneCycleLR
scheduler (cosine annealing, max LR 0.01, division factor
25, final division factor 10,000), dropout 0.015 (nodes) and
0.002 (edges), LeakyReLU activation, skip connections en-
abled. Total parameters: 147,961.

• GATv2: 3 layers, 64 hidden dimensions, 6 attention heads,
learning rate 7.8 × 10−4, StepLR scheduler (step size 20,
𝛾 = 0.5945), dropout 0.2499 (nodes) and 0.1349 (edges), ELU
activation (nodes), GELU activation (edges).

• GCN: 3 layers, 64 hidden dimensions, learning rate 1.96 ×
10−3, ReduceLROnPlateau scheduler (patience 20, factor
0.5066, step size 40), dropout 0.1276 (nodes) and 0.1 (edges),
LeakyReLU activation (nodes), ReLU activation (edges).

• TAG: 3 layers, 64 hidden dimensions, 𝑘 = 3 hop neighbor-
hoods, learning rate 1.96 × 10−3, ReduceLROnPlateau sched-
uler (patience 20, factor 0.5066), dropout 0.1276 (nodes) and
0.1 (edges), LeakyReLU activation.

B.3 GNN Architecture Details
B.3.1 Message Passing Framework. The message-passing frame-
work [17] provides the foundation for GNN architectures. A graph
G = (V, E) consists of nodes V and edges E. Node features
x𝑣 ∈ R𝑛𝑓 and topology (adjacency matrix A) form the input. LetN𝑣

denote the neighborhood of node 𝑣 . Node embeddings are updated
via:

h(𝑙+1)
𝑣 = 𝜎

©­«W(𝑙 ) · 1
|N𝑣 |

∑︁
𝑢∈N𝑣

h(𝑙 )𝑢 + B(𝑙 ) · h(𝑙 )𝑣
ª®¬ , (8)

where h(𝑙 )𝑣 is the embedding at layer 𝑙 , W(𝑙 ) ,B(𝑙 ) are learnable
weights, and 𝜎 is a non-linear activation.

B.3.2 DBGNN Dynamics. The Dirac-Bianconi Graph Neural Net-
work (DBGNN) [33] differs from conventional message-passing
neural networks in its approach to information propagation. Instead
of relying on diffusive mechanisms similar to the heat equation,
DBGNNs emphasize long-range interactions through the topologi-
cal Dirac equation.

The update equations for node and edge features are given in
Eq. (3), where:

• x𝑖 (𝑡) ∈ R𝑑𝑛 : Node feature vector of node 𝑖 at time step 𝑡
• e𝑖 𝑗 (𝑡) ∈ R𝑑𝑒 : Edge feature vector for edge (𝑖, 𝑗) at time step
𝑡

• N𝑖 : The set of neighbors of node 𝑖
• W𝑛𝑒 ∈ R𝑑𝑛×𝑑𝑒 : Coupling matrix mapping edge features to
node features

• W𝑒𝑛 ∈ R𝑑𝑒×𝑑𝑛 : Coupling matrix mapping node features to
edge features

• W𝑛
𝛽
,W𝑒

𝛽
: Mass matrices regulating updates

For comparison, a simple MPNN with edge features follows:

x𝑖 (𝑡 + 1) = x𝑖 (𝑡) +WMPNN
𝑛

∑︁
𝑗∈N𝑖

e𝑖 𝑗 (𝑡) + 𝛽𝑛x𝑖 (𝑡),

e𝑖 𝑗 (𝑡) = WMPNN
𝑒

(
x𝑖 (𝑡) − x𝑗 (𝑡)

)
.

(9)

Unlike DBGNNs, this formulation lacks temporal dynamics in edge
features and does not incorporate a feedback mechanism between
node and edge states.

C Explainability Method Details
Graph explanation methods can be categorized based on their un-
derlying approach [5, 53]: Perturbation-Based Methods evaluate
feature importance by modifying the input graph and observing
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changes in model predictions; Gradient-Based Methods lever-
age backpropagation to assess how infinitesimal changes to input
features affect model predictions; andGame Theory-Based Meth-
ods treat each input feature as a player contributing to the final
prediction, distributing the prediction fairly among features based
on marginal contributions across all possible feature coalitions.

C.1 Gradient-Based Methods
We evaluated five gradient-based attribution methods from the
Captum library: Integrated Gradients [48], Saliency [45], InputXGra-
dient, GuidedBackpropagation [47], and Deconvolution [54]. Figure 8
shows aggregated feature attributions for all five methods alongside
Shapley Value Sampling.

Integrated Gradients. First introduced by [48], Integrated Gradi-
ents compute the integral of gradients with respect to inputs along
a path from a given baseline to the actual input. Formally, given
a function 𝐹 : R𝑛 → [0, 1] representing a deep network, where
𝑥 ∈ R𝑛 is the input and 𝑥 ′ ∈ R𝑛 is the baseline, attributions are
computed relative to this baseline. Attribution methods rely on
sensitivity analysis by perturbing inputs or network parameters
and observing changes in predictions. The integrated gradient for
the 𝑖th feature of an input 𝑥 and baseline 𝑥 ′ is:

IG𝑖 (𝑥) =
(
𝑥𝑖 − 𝑥 ′𝑖

)
·
∫ 1

𝛼=0

𝜕𝐹 (𝑥 ′ + 𝛼 (𝑥 − 𝑥 ′))
𝜕𝑥𝑖

𝑑𝛼, (10)

where 𝜕𝐹 (𝑥 )
𝜕𝑥𝑖

is the gradient of 𝐹 along the 𝑖th dimension at 𝑥 , and
𝛼 is the scaling coefficient. This integral is approximated using
Riemann summation or Gauss-Legendre quadrature (50 steps in
our implementation).

Saliency. Saliency maps, first introduced in [45], are a simple ex-
plainability technique originally developed for deep convolutional
networks. This method computes input attributions by taking the
gradient of the output with respect to the input. Based on a first-
order Taylor expansion of the model at the input, the gradient
coefficients represent the linearized model’s feature importance.
The absolute values of these coefficients can be interpreted as fea-
ture importance scores.

InputXGradient. InputXGradient extends the saliency approach
by multiplying the gradient of the output with respect to the input
by the input feature values. The intuition is derived from linear
models, where gradients correspond to feature coefficients. The
product of an input feature and its gradient represents the total
contribution of that feature to the model’s output.

Guided Backpropagation. Guided Backpropagation [47] computes
the gradient of the target output with respect to the input while
modifying the backpropagation of ReLU activations. Specifically,
only non-negative gradients are propagated, ensuring that only
positive influences are considered. Originally developed for convo-
lutional networks, this method can be applied generically, similar
to Deconvolution.

Deconvolution. Deconvolution [54] is similar to Guided Back-
propagation but differs in how ReLU functions are handled. Instead
of applying the ReLU operation to input gradients, it is applied

to output gradients before backpropagation. This alternative ap-
proach allows for a different perspective on feature importance and
visualization.

All methods agree on the top features: Is Load Node dominates
across every method, with NF Parameter and Is Inverter Node
consistently ranking second and third. Power flow and network
features (Reactive Power, Conductance, Susceptance) remain near
zero throughout. The strongest consensus is between Integrated
Gradients, InputXGradient, and Shapley Value Sampling, which
produce nearly identical rankings and magnitudes.

Minor disagreements do not change the overall story. Guided-
Backpropagation is the clearest outlier: it inverts the sign of Is Load
Node and Is Inverter Node, a known artifact of that method caused
by its modified backpropagation rule rather than a genuine feature
attribution. Saliency shows a more pronounced negative score on
Is Inverter Node, and Deconvolution assigns NF Parameter a posi-
tive rather than negative attribution; both still rank the same top
three features. Shapley Value Sampling shows mixed positive and
negative bars for NF Parameter, reflecting its different theoretical
treatment of feature interactions, but its overall ranking matches
the gradient consensus.

The same consistency holds on the IEEE39-AC dataset. Across
all five gradient-based methods and Shapley Value Sampling, Re-
active Power is unanimously the top feature (with some methods
showing mixed positive and negative bars reflecting different node
roles), Voltage Angle ranks second and is consistently negative, and
Voltage Magnitude is negligible throughout. Critically, the dummy
feature (shuffled Reactive Power) receives near-zero attribution in
every method, confirming that the sanity check passes regardless
of which attribution method is used.

Given the agreement across methods on both datasets, and given
that Integrated Gradients satisfies the completeness and sensitivity
axioms (attributions sum to the prediction difference and relevant
features receive non-zero attribution), we use it as the primary
explanation method throughout.

C.2 Game Theory-Based Methods
Shapley Value Sampling. Shapley values distribute model predic-

tions among features based on marginal contributions:

𝜙𝑖 =
∑︁

𝑆⊆𝑁 \{𝑖 }

|𝑆 |!(𝑛 − |𝑆 | − 1)!
𝑛!

[𝐹 (𝑆 ∪ {𝑖}) − 𝐹 (𝑆)] , (11)

where 𝑁 is the set of all features, 𝑆 is a coalition (subset) of features,
and 𝑛 = |𝑁 |. Exact computation is intractable (𝑂 (2𝑛) complexity).
We use KernelSHAP, which approximates Shapley values by fitting
a weighted linear model on feature coalitions.

C.3 GNNExplainer
GNNExplainer [52] identifies informative subgraphs and features
by maximizing mutual information:

max
𝐺𝑆 ,𝑋𝑆

MI(𝑌, (𝐺𝑆 , 𝑋𝑆 )) = 𝐻 (𝑌 ) − 𝐻 (𝑌 | 𝐺 = 𝐺𝑆 , 𝑋 = 𝑋𝑆 ), (12)

where 𝐺𝑆 ⊆ 𝐺 is a subgraph, 𝑋𝑆 are masked features, 𝑌 is the pre-
diction, and 𝐻 (·) denotes entropy. We use edge mask temperature
1.0, feature mask temperature 1.0, and 𝐿1 regularization coefficient
0.001. Results are consistent with other methods only when using
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Deconvolution Guided Backprop

Input × Gradient Integrated Gradients

Saliency

frt_stability_DBGNN / all_nodes — Gradient-based Explainers

Figure 8: Aggregated node feature attributions on FRT-Stability (DBGNN, all nodes) for all five gradient-based methods and
Shapley Value Sampling. The top three features (Is Load Node, NF Parameter, Is Inverter Node) are consistent across all methods.
GuidedBackpropagation inverts signs due to a known artifact of its backpropagation rule. The remaining four gradient methods
and Shapley Value Sampling tell the same story.
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learning rate 0.01 and 200 epochs; varying these hyperparameters
produces unstable attributions.

Figure 9: GNNExplainer aggregated node feature importance
for DBGNN on FRT-Stability (learning rate 0.01, 200 epochs).
Results are consistent with Integrated Gradients and Shapley
Value Sampling under these specific hyperparameter set-
tings.

GNNExplainer is the most widely used GNN explanation method
and the only method evaluated here that theoretically provides edge
feature attributions. However, it was originally designed for classi-
fication tasks, and its output in regression settings is sensitive to
hyperparameter choices: results consistent with Integrated Gradi-
ents and Shapley Value Sampling are only obtained at learning rate
0.01 with 200 epochs; varying these settings produces unstable attri-
butions. Computation time also scales with hyperparameter choices,
unlike gradient-based methods. For these reasons, GNNExplainer
is excluded from the main analyses; adapting it for node-level re-
gression tasks is a promising direction for future work.

D Evaluation Details
D.1 Evaluation Metrics

Skill Score (Primary Metric). We report model performance using
the skill score relative to the linear regression baseline (Eq. 4), which
measures the fraction of remaining variance captured beyond a
linear model trained on the same features and splits. A skill score
of 1 indicates perfect prediction, 0 indicates no improvement over
the baseline, and negative values indicate degradation.

𝑅2 (Reference). 𝑅2 values are reported in Appendix E.2. The co-
efficient of determination measures the proportion of variance in
the target variable (stability 𝑝frt for FRT-Stability and active power
for IEEE39-AC) explained by the model:

𝑅2 = 1 −
∑
𝑖 (𝑦𝑖 − 𝑦𝑖 )2∑
𝑖 (𝑦𝑖 − 𝑦)2 , (13)

where 𝑦𝑖 are true values, 𝑦𝑖 are predictions, and 𝑦 is the mean.
Additionally, we report Mean Absolute Error (MAE) and Mean

Squared Error (MSE) for detailed error characterization.

Out-of-Distribution Evaluation. To assess generalization of FRT-
Stability models beyond the synthetic training distribution, we eval-
uate all models on the IEEE-96 Reliability Test System [18], modified
to include grid-forming inverters with the same normal-form pa-
rameterization used in the synthetic grids. The IEEE-96 system (72

buses) features different topology, geographical constraints, and
load distributions, representing a challenging out-of-distribution
test. All four GNN architectures were trained and evaluated on this
system following the same procedure as for the synthetic grids.
Importantly, post-hoc explanations generated on the IEEE-96 graph
using Integrated Gradients, Shapley Value Sampling, and GNNEx-
plainer are consistent with those on the in-distribution test set:
node type and NF Parameter remain the dominant features across
all methods, suggesting that the model’s learned representations
generalize to unseen topologies. Note that this single test case pro-
vides qualitative evidence of generalization capability but lacks
sufficient sample size for statistically robust conclusions.

D.2 Feature Selection Analysis
With a total of five edge features and nine node features, it would
be computationally prohibitive to vary all combinations (214 combi-
nations). Instead, we present a selected subset of 24 cases in Table 5.

196



Assessing Explanations of GNNs for Dynamic Stability Assessment of Power Grids ACM Sustainability Week Companion ’26, June 22–25, 2026, Banff, AB, Canada

Table 4: GNN trained on FRT-Stability: MSE metrics across different models (mean ± std over 5 seeds), including performance
on extreme outlier nodes.

Model Overall Loss Inverter Loss Most Stable Inv. Loss Load Loss Least Stable Load Loss

GCN 1.93e-02 ± 1.13e-03 1.24e-02 ± 1.05e-03 4.12e-01 ± 5.31e-02 2.64e-02 ± 1.23e-03 1.28e-01 ± 2.61e-02
TAG 1.46e-02 ± 1.95e-04 8.95e-03 ± 1.46e-04 6.41e-02 ± 1.76e-02 2.03e-02 ± 3.52e-04 7.34e-02 ± 4.07e-02
GATv2 1.10e-02 ± 3.27e-04 7.64e-03 ± 3.39e-04 2.30e-01 ± 2.76e-02 1.43e-02 ± 4.77e-04 1.74e-02 ± 8.52e-03
DBGNN 4.63e-03 ± 1.04e-04 3.50e-03 ± 1.61e-04 3.16e-02 ± 1.07e-02 5.77e-03 ± 9.07e-05 2.34e-03 ± 1.91e-03

Model Type Feature
R
eduction

TestC
ase

Is
Inverter

N
ode

Is
Load

N
ode

Is
Slack

N
ode

A
ctive

Pow
er

R
eactive

Pow
er

N
F
Param

eter

A
ggregated

C
onductance

A
ggregated

Susceptance

A
ggregated

ShuntSusceptance

B
est

𝑅
2

Edge
C
onductance

Edge
Susceptance

Edge
ShuntSusceptance

Edge
A
ctive

Pow
er

Edge
R
eactive

Pow
er

14.3% 1 1 1 1 1 1 1 1 1 1 0.9688 1 1 1
7.1% 2 1 1 1 1 1 1 1 1 0.9682 1 1 1 1 1
7.1% 3 1 1 1 1 1 1 1 1 0.9679 1 1 1 1 1
28.6% 4 1 1 1 1 1 0.9677 1 1 1 1 1
7.1% 5 1 1 1 1 1 1 1 1 0.9675 1 1 1 1 1

Full model 0.0% 6 1 1 1 1 1 1 1 1 1 0.9673 1 1 1 1 1
7.1% 7 1 1 1 1 1 1 1 1 0.9670 1 1 1 1 1
7.1% 8 1 1 1 1 1 1 1 1 0.9663 1 1 1 1 1
28.6% 9 1 1 1 1 1 1 1 1 1 0.9658 1

Reduced model 35.7% 10 1 1 1 1 0.9654 1 1 1 1 1
21.4% 11 1 1 1 1 1 1 1 1 1 0.9645 1 1
35.7% 12 1 1 1 1 0.9643 1 1 1 1 1

Only NFP 57.1% 13 1 0.9520 1 1 1 1 1
28.6% 14 1 1 1 1 1 1 1 1 1 0.9269 1

Full model (no EF) 35.7% 15 1 1 1 1 1 1 1 1 1 0.9250
Reduced model (no EF) 71.4% 16 1 1 1 1 0.9173
Only node type 42.9% 17 1 1 1 0.9009 1 1 1 1 1
Removed NFP 7.1% 18 1 1 1 1 1 1 1 1 0.8981 1 1 1 1 1
Only NFP 57.1% 19 1 0.8967 1 1 1 1 1
No neighbor info. 57.1% 20 1 1 1 1 1 1 0.8837
Only NFP (no EF) 92.9% 21 1 0.8387
Only Is-Inverter (no EF) 92.9% 22 1 0.8061
No categ. NF (no EF) 78.6% 23 1 1 1 0.0238
No categ. NF 42.9% 24 1 1 1 0.0229 1 1 1 1 1

Table 5: Training DBGNN with different input information for the FRT-Stability dataset, sorting cases based on the best 𝑅2

score. "1" means the feature is used for training. NFP = NF Parameter (inverter time constant 𝜏𝑃 ), EF = Edge Features, categ. =
categorical node type indicators.
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Table 8: Comparison of 𝑅2 scores (mean ± std over 5 seeds)
across different GNN models on the FRT-Stability dataset,
broken down by node type.

Model Overall 𝑅2 Inverter 𝑅2 Load 𝑅2

GCN 0.852 ± 0.009 0.730 ± 0.024 0.539 ± 0.022
TAG 0.889 ± 0.001 0.806 ± 0.004 0.646 ± 0.006
GATv2 0.916 ± 0.002 0.837 ± 0.005 0.747 ± 0.010
DBGNN 0.965 ± 0.001 0.925 ± 0.004 0.900 ± 0.002

Figure 10: Distribution of FRTprobability 𝑝frt across all nodes
in the 1,000 grid topologies, stratified by node type. Load and
slack nodes are predominantly stable (𝑝frt ≈ 1), while inverter
nodes exhibit lower stability. The bottom row shows inverter
subtypes: stability increases with the time constant 𝜏𝑃 (low
to high inertia).

E Supplementary Results
E.1 Neighbor Composition

Table 6: Proportion of inverter and load neighbors for differ-
ent node categories in the FRT-Stability test set.

Node Category
Inv.

Neigh. (%)
Load

Neigh. (%)

All Load Nodes 50 50
All Inverter Nodes 49 51
Least Stable Load Nodes 84 16
Most Stable Inverter Nodes 23 77

E.2 Performance Tables
E.3 Additional Figures

Table 7: Model performance (𝑅2 scores, mean ± std over 5
seeds) on IEEE39-AC (static power flow) and FRT-Stability
(dynamic stability).

Model Architecture IEEE39-AC (𝑅2) FRT-Stability (𝑅2)

Non-Graph Methods

MLP 0.857 ± 0.003 0.627 ± 0.001
GBT 0.861 ± 0.001 0.630 ± 0.000

Graph-Based Models

GCN 0.971 ± 0.003 0.852 ± 0.009
TAG 0.985 ± 0.001 0.889 ± 0.001
GATv2 0.950 ± 0.008 0.916 ± 0.002
DBGNN 0.984 ± 0.005 0.965 ± 0.001
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(a) Aggregated (All Nodes) (b) Load Nodes

(c) Inverter Nodes

Figure 11: Integrated Gradients feature importance for the DBGNN on FRT-Stability. (a) Global importance aggregated across
all nodes. (b) and (c) separate the analysis by node type (load vs. inverter).

Figure 12: Integrated Gradients local feature importance for Node 0 (load type) in FRT-Stability Sample 0 (DBGNN). Node
features: Active Power (𝑃 ), Reactive Power (𝑄), NF Parameter (𝜏𝑃 ), Aggregated Conductance (𝐺𝑘 ), Aggregated Susceptance (𝐵𝑘 ),
Aggregated Shunt Susceptance (𝐵𝑘,sh), Is Inverter, Is Slack, Is Load.

199


	Abstract
	1 Introduction
	2 Related Work
	3 Methods
	3.1 Datasets
	3.2 Graph Neural Network Architectures
	3.3 Evaluation Metrics and Baselines
	3.4 Explainability Methods
	3.5 Counterfactual Intervention Framework

	4 Results and Discussion
	4.1 Graph and Non-Graph ML Performance
	4.2 Global Level Explanations
	4.3 Local Level Explanations
	4.4 Counterfactual Reasoning with Post-hoc Evaluation

	5 Conclusion
	Acknowledgments
	References
	A Dataset Details
	A.1 FRT-Stability Dataset
	A.2 IEEE39-AC Dataset Generation

	B Model and Training Details
	B.1 Training Procedure
	B.2 Hyperparameter Optimization
	B.3 GNN Architecture Details

	C Explainability Method Details
	C.1 Gradient-Based Methods
	C.2 Game Theory-Based Methods
	C.3 GNNExplainer

	D Evaluation Details
	D.1 Evaluation Metrics
	D.2 Feature Selection Analysis

	E Supplementary Results
	E.1 Neighbor Composition
	E.2 Performance Tables
	E.3 Additional Figures


