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1 Introduction

A power grid stays stable as long as no transmission line is overloaded. When a line trips
(lightning strike, equipment failure, tree contact), power reroutes through the remaining lines,
sometimes overloading them, causing them to trip too. That chain reaction is a cascading
failure, and causes large blackouts Gjorgiev and Sansavini (2022).

Cascading failures in transmission grids are rare but catastrophic. The 2003 Northeast
blackout left 50 million people without power and caused an estimated $4–10 bn in economic
losses (Electricity Consumers Resource Council, 2004; ICF Consulting, 2003). The cascade sig-
nal depends on topology: power redistributes along edges by Kirchhoff’s laws, so flattening the
network to a tabular vector discards the relational structure geometric deep learning (DL) can
use (Battaglia et al., 2018; Varbella et al., 2023). This project tests whether that architectural
argument holds in practice on the PowerGraph IEEE-24 binary classification subset Varbella
et al. (2024). GINe Hu et al. (2020), a Graph Isomorphism Network variant that ingests edge
features (line ratings, power flows) directly through edge-aware message passing, is bench-
marked against an XGBoost baseline Chen and Guestrin (2016) with multi-seed confidence
intervals and operational threshold optimisation.

XGBoost reaches 0.9947±0.0014 balanced accuracy (BalAcc) against GINe’s 0.9890±0.0052
across five seeds (Table 1), which is expected based on the tabular machine-learning (ML)
literature (Shwartz-Ziv and Armon, 2022; Grinsztajn et al., 2022) once node features are pooled
into a per-graph vector. GINe excels where no tree ensemble can compete: edge-level prediction
at PR-AUC 0.7629 ± 0.0372 (Table 2) and cross-grid transfer under contrastive pre-training
(§3.3). DL excels on architectural capabilities rather than headline accuracy, and these allow
regulated deployment (Battaglia et al., 2018; Bronstein et al., 2021).

2 Problem and Dataset

2.1 Problem framing

The decision problem is binary: given pre-outage node and edge features, predict whether one
or more line removals increases demand-not-served (DNS) above zero Varbella et al. (2024). A
secondary edge-level task asks, for each transmission line, whether it trips during the resulting
cascade given the same pre-outage state. The target user is a control-room Transmission System
Operator (TSO) running real-time contingency analysis every 30 minutes (North American
Electric Reliability Corporation, 2024; Nakiganda and Chatzivasileiadis, 2023). The system
must return a result in under a second per contingency, supporting operator screening rather
than autonomous control. Only ≈20.1% of cases are positive, and missing a cascade costs far
more than a false alarm. Aggregate accuracy hides this, which is why §5 focuses on threshold
tuning and PR-AUC instead. Interactive demo available at https://powergraph.gahmed.com

2.2 Dataset

This project uses the unmodified PowerGraph Varbella et al. (2024) IEEE-24 cascade subset for
its operational relevance: the highest binary positive rate (≈20.1% versus ≈8.96% for IEEE-39,
Figure 12) and the smallest network (24 buses, 38 lines, Figure 14), which together maximise
classification signal while keeping hyperparameter search feasible. Labels come from Varbella
et al. (2024), generated by running the Cascades AC simulator Gjorgiev and Sansavini (2022).
Each graph is a single pre-outage state. §5’s IEEE-24→IEEE-39 zero-shot transfer tests whether
training on one grid generalises to another.
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3 ML vs DL: Comparison and Justification

3.1 Candidate classical baseline

My classical baseline was XGBoost Chen and Guestrin (2016) with 200 trees, max-depth 6,
scale pos weight set to the negative-to-positive class ratio (n0/n1 ≈ 3.96) to handle the
20.16% imbalance. Each graph was reduced to a 42-dimensional vector of node and edge
moments, line-loading ratios, and NetworkX graph statistics (§A.4.1). Across five seeds on
IEEE-24, XGBoost reached 0.9947 ± 0.0014 BalAcc; Optuna-tuned GINe reached 0.9890 ±
0.0052. A GCN Kipf and Welling (2017) that ignores edge features collapsed to 0.6656±0.0279
(Table 1), establishing that edge features are necessary. Isolating message-passing’s contribution
beyond edge information would require an MLP-on-edge-feature baseline §A.4.2.

3.2 How tree ensembles and GNNs differ

Tree ensembles partition feature space along axes and recover interactions by repeated split-
ting. Message-passing GNNs Gilmer et al. (2017) aggregate neighbourhood information and
are permutation-invariant Bronstein et al. (2021), encoding graph structure into the archi-
tecture itself. Because Kirchhoff’s laws explain how power redistributes after a line trip, the
GNN’s relational bias is closer to the data-generating process (an inductive-bias framing) than
a flattened feature vector Bronstein et al. (2021).

XGBoost’s aggregate accuracy advantage is expected. Shwartz-Ziv and Armon (2022) show
that DL rarely beats gradient-boosted trees on tabular data. Grinsztajn et al. (2022) trace the
cause to high samples-per-feature ratios and low-order interactions which is the case for IEEE-
24 as thousands of graphs are summarised by 42 statistics. This is visible in the GNN+XGBoost
ensemble (Figure 1): SHAP Lundberg and Lee (2017) attributes 80–85% of the ensemble’s de-
cisions to GINe-embedding dimensions, yet adding those embeddings to XGBoost lifts accuracy
by only 0.035 pp. SHAP measures importance within a model; lift tests whether embeddings
add information beyond hand-crafted statistics and on this small topology they do not.

Figure 1: SHAP top-20 features for the GINe+XGBoost ensemble.
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3.3 DL justification and qualifying conditions

DL is chosen for three reasons. First, edge-level prediction. GINe estimates per-edge failure
probabilities at PR-AUC 0.7629± 0.0372 and AUROC 0.9976± 0.0007 once betweenness cen-
trality (how often a line lies on rerouted power paths) and load ratio (current flow as a fraction
of thermal capacity) are added (Table 2). A per-edge XGBoost head is possible in principle but
requires per-topology re-engineering and loses relational coherence across simultaneous trips.

Second, cross-grid transfer. SimGRACE contrastive pre-training on all four PowerGraph
topologies (IEEE-39 included without labels during SSL) followed by supervised fine-tuning
on IEEE-39 was statistically indistinguishable from native training (0.9892 vs 0.9882 Bal-
Acc, ±0.005 SD), with an isolated SSL benefit of +0.94 pp over random-init fine-tuning. A
frozen SimGRACE backbone reaches 0.7132 BalAcc against random-init’s 0.5000, confirming
a label-free objective recovers task-relevant structure without any target-grid labels Xia et al.
(2022). Figure 2 shows a single-source (IEEE-24-only) encoder applied to IEEE-39 reaches
AUROC 0.7220 zero-shot and AUROC 0.8677 after head-only fine-tuning. No tabular method
offers an equivalent mechanism (Shwartz-Ziv and Armon, 2022; Grinsztajn et al., 2022). The
t-SNE (Figure 3) shows embeddings coloured by grid and class; grid topology dominates both
pre-trained and random-init projections, which is evidence of class-relevant structure.

Figure 2: ROC curves for IEEE-
24 → IEEE-39 single-source transfer.
The IEEE-24 in-domain ceiling and
random-classifier baseline are shown
for reference. Temperature-scaled
variants overlap the un-scaled curves
(ROC is threshold-independent). Figure 3: SimGRACE t-SNE coloured by grid (top) and

class (bottom). Grid topology dominates both panels;
class separation is not strongly visible in 2-D projection

Third, directionality. Power flows along directed paths, so standard GINe discards relational
signal by treating edges as undirected. Wrapping GINe with a directed aggregation layer Rossi
et al. (2024) reaches 0.9919 ± 0.0011 BalAcc with ∼5× lower seed variance. The variance
reduction matters more than the accuracy gain, reflecting a stronger inductive bias that reduces
sensitivity to random initialisation. The mixing parameter converging to α ≈ 0.5 confirms that
line-trip influence propagates both upstream and downstream (§A.4.3).

On clean IEEE-24, XGBoost matches GINe on accuracy at far lower training cost Okoyomon
and Goebel (2026). The choice is a capability-set comparison instead of aggregate accuracy,
i.e. GNN when per-edge outputs, cross-grid transfer, or distributional robustness matter, and
XGBoost otherwise.
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4 Design Decisions and Implementation

4.1 Architecture choice and rationale

I chose GINe as the production model because it matches the problem structure. Whether a
line trips depends mostly on edge features, i.e. line ratings, power flows, reactance and GINe Hu
et al. (2020) reads these directly through edge-aware message passing (§A.4.4), whereas GCN
cannot. I validated this choice empirically against alternatives: GCN Kipf and Welling (2017),
GAT Veličković et al. (2018), GIN, GINe and the hybrid graph transformer GPS Rampášek
et al. (2022). GAT’s attention added variance without lifting accuracy on IEEE-24; vanilla GIN,
lacking edge-aware updates, is similar to GCN ablation. The IEEE-24 versus IEEE-39 results
are the most informative evidence. GPS narrowly beat GINe on IEEE-24 (0.9908± 0.0019 vs
0.9890±0.0052 BalAcc, one-third the seed variance) but underperformed by 0.75pp on IEEE-39
with substantially higher variance. Multi-head attention pays off on small dense topologies but
needs per-grid tuning at scale (Xu et al., 2019; Bronstein et al., 2021).

4.2 Training setup

Every training choice is based on a specific property of the data. I used focal loss Lin et al.
(2017) because of the 20% positive rate, with α capped from inverse class frequency (§A.4.5).
I rejected weighted cross-entropy after seeing unstable gradients at the >100× weight ratios
it produced at the tails. I used Adam Kingma and Ba (2015) with the PowerGraph paper’s
lr = 10−3 as a Bayesian search anchor. Optuna returned hidden dim = 64, num layers = 4
and mean max pooling instead of the paper’s defaults of 32/3/max. I early-stopped on validation
BalAcc (operational target) instead of loss. Determinism was enforced across NumPy, PyTorch,
and CUDA.

4.3 Evaluation strategy

The evaluation design reflects three principled choices. First, a stratified 85/5/10 train/valida-
tion/test split matching Varbella et al. (2024), with the test set held back until the final stage.
Second, every headline metric is reported as the mean ± standard deviation across five seeds
(23, 34, 456, 789, 999), so each comparison shows seed-level uncertainty rather than a single
point. I acknowledge Errica et al. (2020) that fixed splits across seeds capture initialisation
variance but not data-split variance, which nested cross-validation would. Third, the metrics
are strategically chosen, and not based on convention. PR-AUC takes priority over ROC-AUC
because ROC overstates performance under imbalance Saito and Rehmsmeier (2015). I opti-
mised the decision threshold for asymmetric error costs: Youden’s J Youden (1950) at τ = 0.68
raises precision by 3.4pp over the default 0.5 at the cost of just 0.55pp in miss rate which is the
key trade-off for an operator. I report calibrated uncertainty two ways: MC Dropout Gal and
Ghahramani (2016) entropy-gated selective prediction (model-centric: how uncertain is this
prediction?) and split conformal prediction sets (Vovk, 2013; Angelopoulos and Bates, 2023).
Both address Article 14’s human-in-the-loop requirement; see §5.1 for results.

4.4 Role of AI tools

AI tools (Claude Code, GitHub Copilot) generated boilerplate, e.g. MLflow logging, plot
helpers, dataset loaders and helped with formatting. Every cited paper was verified at the
primary source and every metric comes from the scripts/ pipeline. No AI tool generated
numerical results. I overrode AI suggestions twice: rejecting weighted cross-entropy after ob-
serving gradient instability (§4.2) and early-stopping on BalAcc rather than validation loss.
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5 Results and Interpretation

5.1 Results and baseline delta

Graph-level metrics on IEEE-24 are near-saturated (Table 1). GINe reached PR-AUC 0.9980±
0.0017 across five seeds. Edge-level prediction (Table 2) is more informative, with PR-AUC
0.7629 ± 0.0372. These per-line outputs can not be produced by any flat-feature model. XG-
Boost on 42 hand-engineered statistics slightly outperformed GINe at graph level (PR-AUC
0.9989 ± 0.0008), as Shwartz-Ziv and Armon (2022) and Grinsztajn et al. (2022) predict for
tabular settings of this size (§3.2). I retained GINe because per-edge outputs, calibrated un-
certainty, and cross-grid transfer matter for deployment and are not given by XGBoost, even
though graph-level numbers tie.

Threshold optimisation (Figure 4) shifted the dominant error from false alarms to missed
cascades: τ = 0.684 lifted precision from 0.94 to 0.97 at the cost of 0.55 pp recall. That trade-off
is ultimately a policy decision about what error costs the operator can accept.

Figure 4: Threshold optimisation.

GINe outputs are calibrated for selective prediction two ways. MC Dropout Gal and Ghahra-
mani (2016) entropy gating across stochastic forward passes reaches 0.9995 BalAcc at 50%
coverage (Figure 5) (§A.4.6).

Figure 5: MC-Dropout entropy gating.
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Split conformal prediction (Vovk, 2013; Angelopoulos and Bates, 2023) returns prediction
sets with operational structure: a singleton commits to one label, a pair flags uncertainty for
operator review, and an empty set escalates an out-of-distribution input (§A.4.6). Empirical
coverage tracks the target across α ∈ [0.01, 0.20] with a 99.0% singleton rate at α = 0.05
(Figures 6, 7). Both methods address the core requirements of Article 14(4)(d) by making the
auto-clear/escalate boundary a regulator-tunable parameter rather than an arbitrary confidence
cutoff.

Figure 6: Empirical coverage meets or exceeds
the 1−α target across α ∈ [0.01, 0.20]; 96.0%
at α = 0.05.

Figure 7: Prediction set composition by α:
singletons reach 99.0% at α = 0.05. Pairs
(visible at α = 0.01, ∼10%) and empty sets
(rising with α) both route to the operator.

5.2 Error analysis and interpretability

Errors cluster around specific failure modes. The multi-class head over-predicted cascades:
1,966 safe graphs (Category D, no DNS) were labelled as cascades (Category A, high DNS),
with B and C as intermediate DNS levels which caused the gap between weighted F1 (0.83)
and macro F1 (0.75). At edge level, binary-F1 was around 0.42 (network-centric mode) because
the typical cascade trips only one or two of ∼38 edges, so ranking was near-perfect (AUROC
0.998) but precision-at-k is capped by extreme imbalance, consistent with what Kazim et al.
(2025) report for network-centric features.

Figure 8: CF-GNNExplainer vs Integrated Gradients overlap with ground-truth exp.mat

7



Integrated Gradients Sundararajan et al. (2017) recovered the ground-truth cascading edges
with AUROC 0.878±0.146 against PowerGraph’s exp.matmasks (Figure 8). The same explana-
tions scored Fidelity+ = −0.729: removing the top-attributed edges did not change predictions,
so the attributions are decorative rather than causal. CF-GNNExplainer Lucic et al. (2022)
flipped the prediction (the definition of a ‘valid’ counterfactual) on only four of 200 confident
positives, a 2% validity rate. These support Rudin (2019) argument that post-hoc explanations
are unreliable for individual decisions. Post-hoc explainable AI (XAI) suits aggregate model
audit, where averaging across cases smooths attribution noise. Per-decision operator justi-
fication (Articles 13–14) requires interpretable-by-design architectures, e.g., prototype-based
GNNs. Conformal abstention (§5.1) provides per-decision routing meanwhile.

6 Implications

6.1 Individual and organisational impact

Missed cascades carry higher costs than false alarms: a false negative triggers emergency re-
sponse and load shedding, while a false positive costs only review time. This influences thresh-
old selection: even at the precision-favouring Youden’s J point (τ = 0.684, §5.1), the miss
rate stays below 1%. The TSO control-room operator remains accountable for missed cascades
as the system is only a facilitator. The classifier’s training scope covers line-overload cascade
events. April 2025 Iberian Peninsula cascade due to voltage instability, traced by ENTSO-E
to inadequate reactive-power control and market-design barriers (Albustami and Taha, 2025;
European Network of Transmission System Operators for Electricity, 2026; Morão, 2026), falls
outside that scope.

6.2 Ethical and societal considerations

Under EU AI Act Regulation (EU) 2024/1689 European Parliament and Council of the Eu-
ropean Union (2024) Annex III §2, this system is high-risk. Auditable artefacts addressing
Articles 9, 10, 13, 14 and 15 are listed in §A.4.7. The biggest Article 9 finding is what I call
a robustness inversion: at ε = 0.05 Gaussian feature noise (Figure 9), GINe loses only 1.3pp
BalAcc while XGBoost loses 19.6pp, reversing the clean-data accuracy results Ghamizi et al.
(2024). However, 20% targeted edge dropout (Figure 10) costs GINe 28.5pp of BalAcc (0.939
→ 0.654, a 30% relative drop), so the model tolerates noise but not structural change.

Figure 9: Feature-noise robustness across ε ∈ [0.01, 1.0], mean over 3 seeds with ±1 std bands.
The performance gap between the two models closes around ε ≈ 0.2, suggesting a threshold for
safe deployment.
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Figure 10: BalAcc under random and targeted (highest-loaded edges first, ranked by
|Pij|/ratingij) deletion, mean over 3 seeds with ±1 std bands. Targeted removal is more damag-
ing at low drop rates (5–10%), where a few heavily-loaded edges carry disproportionate signal;
by 20% the curves converge as overall connectivity loss dominates.

Article 73 governs this model’s failure mode: a missed cascade would likely qualify as a “se-
rious and irreversible disruption” of critical infrastructure, triggering a 2-day notification duty
European Parliament and Council of the European Union (2024) and post-incident regulatory
scrutiny. The MLflow run IDs and conformal calibration timestamps exist to be read back-
wards from a real failure, not forwards from a checklist. Compliance does not, however, resolve
the underlying problem. Rudin (2019) argues that post-hoc methods cannot reliably explain
individual decisions, and the Fidelity+ = −0.729 result (§5.2) confirms it on this dataset. Pro-
ducing auditable transparency artefacts is not the same as producing epistemically adequate
ones, and Article 13’s wording does not distinguish the two.

6.3 Environmental cost

Training emitted ∼6.3–7.6 kgCO2e (∼50–60 kWh at GB’s 2025 grid intensity of 126 gCO2/kWh
Evans and Nam (2026); derivation in §A.4.8), small relative to typical deep learning training
(Patterson et al., 2021; Strubell et al., 2019). codecarbon Courty et al. (2024) would better
estimate emissions. Inference cost dominates at deployment: a TSO screening contingencies on
a per-minute cycle accumulates forward passes that exceed one-off training energy within weeks
Patterson et al. (2021). The ONNX INT8 model’s 99.5% BalAcc parity (§6.2) therefore makes
quantised inference the main way to reduce deployment emissions, rather than training-side
optimisation.

7 Emerging Trends and Future Work

The transformative trend is graph SSL as the foundation for infrastructure-scale pre-trained
models. SimGRACE’s Gaussian-noise encoder-weight perturbation Xia et al. (2022) matters
because standard graph augmentations destroy electrical validity: dropping an edge in a power
graph forces Kirchhoff’s laws to redistribute current globally, producing a physically different
grid rather than a perturbation of the same one. Encoder-side noise leaves the input unchanged
(§A.4.9). The cross-grid transfer result is paradigmatic (Figures 2, 3): contrastive pre-training
on four PowerGraph topologies matched native fine-tuning within seed-level variance and the
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frozen backbone reached 0.71 BalAcc against random-init’s chance-level 0.50 (§3.3). A GridFM-
class model (Hamann et al., 2024; Liu et al., 2025) pre-trained on diverse topologies would
invert today’s per-grid cold-start methods, replacing the ∼3,600 MATPOWER simulations my
learning curve required (Figure 11) with hundreds of fine-tuning labels per new grid. Concurrent
physics-informed pre-training results Sevak et al. (2026) show the approach is already viable.

Figure 11: Learning curve: ∼3,600 MATPOWER simulations are required to saturate from
scratch on IEEE-24

Recent work on agentic AI moves in the opposite direction. Autonomous LLM-orchestrated
systems are prevalent in 2026, but their attractive properties are disqualifying for grid oper-
ations: open-ended autonomy collides with Article 14’s human-oversight mandate (European
Parliament and Council of the European Union, 2024; Gardhouse et al., 2026), and errors in an
agent loop compound across steps rather than staying contained to a single inference Rabanser
et al. (2026). This project’s conformal abstention is the counter-mechanism: rather than con-
strain agency post-hoc, it provides a formal coverage guarantee that defines when the system
must defer to the operator.

Distribution-free uncertainty is a deployment requirement that split conformal already meets
at the calibration step (§5.1; Vovk, 2013; Angelopoulos and Bates, 2023). The next step is
conformal-aware training Stutz et al. (2022): the loss directly penalises oversized prediction
sets subject to a coverage constraint, collapsing train-then-calibrate into a single objective in
which the model learns representations that produce tight coverage rather than only minimising
cross-entropy.

SSL and conformal prediction are mutually reinforcing: one supplies transferable representa-
tions across grids, the other provides the coverage guarantee required for regulated deployment.
The question for grid reliability is not what systems can do but what they should not do.

8 Conclusion

XGBoost wins on headline accuracy. The case for deep learning here is built on capabilities tree
ensembles cannot reach at all: per-edge failure probabilities, transfer to unseen grid topologies
after self-supervised pre-training, and prediction sets with finite-sample coverage. Whether
those capabilities matter depends on deployment.
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The contribution I want to emphasise is methodological. The rubric used here, i.e. inductive-
bias framing, robustness inversion, and capability-set comparison offers a way to defend deep
learning in safety-critical domains where aggregate accuracy is the wrong target. The specific
model is replaceable.

Three limitations qualify these claims. The binding one (the deployment-breaking limit)
is the gap between simulator-generated labels and PMU field measurements, which any real
deployment will have to bridge. The second is that a single synthetic IEEE-24 topology drives
both training and evaluation; although SimGRACE shows the gap closes once pre-training
spans multiple grids, that scaling has yet to be demonstrated at the size deployment would
require. The third is temporal: each graph encodes a single pre-outage state, so the dynamics
of the cascade itself fall outside the model’s scope until a framework such as PI-GN-JODE
Sevak et al. (2026) is integrated. The April 2025 Iberian Peninsula cascade Albustami and
Taha (2025) tested all three: a real grid, voltage instability rather than line overload, and
dynamics that unfolded over minutes.

Infrastructure foundation models trained against conformal-aware objectives would address
all three concerns. Each limit becomes an incremental extension of the same project instead of
a separate project restarted from scratch.
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Veličković, P., Cucurull, G., Casanova, A., Romero, A., Liò, P. and Bengio, Y. (2018), Graph
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A Appendix

A.1 Supplementary Tables

Table 1: Graph-level results on IEEE-24 (mean ± std across 5 seeds). GINe is the production
model; GCN is the edge-feature-blind ablation; XGBoost and Random Forest are classical
baselines on 42 hand-engineered statistics.

Model BalAcc PR-AUC AUROC Macro-F1

GINe (production) 0.9890± 0.0052 0.9980± 0.0017 0.9995± 0.0004 0.9771± 0.0101
XGBoost 0.9947± 0.0014 0.9989± 0.0008 0.9997± 0.0002 0.9937± 0.0017
Random Forest 0.9639± 0.0028 0.9863± 0.0021 0.9959± 0.0006 0.9373± 0.0058
Plain Transformer 0.8760± 0.0244 0.8934± 0.0504 0.9624± 0.0173 0.7791± 0.0361
GCN (no edge feat.) 0.6656± 0.0279 0.5065± 0.0171 0.8084± 0.0125 0.5085± 0.0579

Table 2: Edge-level prediction with GINe (mean ± std across 5 seeds). The network-centric
mode adds betweenness centrality and load ratio as edge features. Binary-F1 is bounded by
extreme positive-edge sparsity (∼1–2 of 38 edges trip per cascade).

Mode PR-AUC AUROC Macro-F1 Binary-F1

Standard 0.7574± 0.0286 0.9972± 0.0009 0.6923± 0.0231 0.3924± 0.0449
Network-centric 0.7629± 0.0372 0.9976± 0.0007 0.7061± 0.0198 0.4191± 0.0382

A.2 Supplementary Figures

Figure 12: IEEE-24 binary positive rate ≈20.1%; multi-class A/B/C/D distribution.

Figure 13: Cross-grid calibration: temperature scaling and Platt rescaling restore reliability
under topology shift; companion to Figure 2.
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A.3 Dashboard

Figure 14: IEEE-24 reliability test system
topology: 24 buses, 38 transmission lines.
Some buses have double transmission lines.

Figure 15: Topology with node and edge impor-
tance highlighted

Figure 16: Streamlit Dashboard. Live demo: https://powergraph.gahmed.com.

18

https://powergraph.gahmed.com


A.4 Methodological Details

A.4.1 XGBoost Feature Vector

Table 3: 42 features used by the XGBoost baseline. Node and edge attributes are collapsed to
graph-level scalars via four moments (mean, std, min, max). The line-loading ratio ηe = |Pe|/re,
where re is the line thermal rating in MVA, captures thermal stress and is reported both as
moments and as threshold-exceedance counts. There are four graph-structural scalars.

Group Attributes Moments Count

Node Pnet, Snet, V mean, std, min, max 12
Edge Pflow, Qflow, X, rating r, dir mean, std, min, max 20

Load ratio ηe=|Pe|/re: mean, std, max, p95,
∑

e 1[ηe>0.8],
∑

e 1[ηe>0.9] 6
Graph structure: degree mean/std/max, density 2|E|/(N(N−1)) (undirected) 4

Total 42

scale pos weight = n0/n1 ≈ 3.96 (n0=17,166, n1=4,334; positive rate 20.16%).

A.4.2 MLP-on-Edge-Features Baseline Analysis

An MLP-on-edge-features baseline would pool the 5-dimensional per-edge feature vectors (ac-
tive power flow P , reactive flow Q, reactance X, line rating r, direction d) to a graph-level
vector via mean and max aggregation, then train a 2–3 layer MLP classifier. This pooling step
discards the assignment of feature values to specific edges. Two graphs with identical edge-
feature distributions but different topologies (for instance, one where the overloaded line lies on
the main transfer path versus one where it lies on a peripheral branch) produce the same pooled
vector and thus receive the same prediction. GINe avoids this by propagating edge features
through the adjacency structure before pooling, preserving which edge is connected to which.
Because Kirchhoff’s laws make that relational information the primary signal (power reroutes
along specific paths, not uniformly), the MLP’s pooling step discards exactly what matters.
The GCN ablation (BalAcc 0.6656± 0.0279 against GINe’s 0.9890± 0.0052, Table 1) provides
indirect evidence: the GCN reads topology but ignores edge features; an MLP-on-edge-features
baseline reads edge features but ignores topology. Both ablations are predicted to underperform
GINe, and the GCN result confirms the direction of effect.

A.4.3 Directed GINe: Mixing Parameter

The directed aggregation layer Rossi et al. (2024) runs two independent GINe message-passing
channels, one over forward edges, one over backward edges, and combines their node embeddings
as

hv = αhfwd
v + (1− α)hbwd

v ,

where α ∈ [0, 1] is a single learned scalar shared across all nodes and layers. α = 1 recovers
a purely forward model; α = 0 a purely backward one; α = 0.5 weights both equally. Across
five seeds the learned value consistently converged to α ≈ 0.5, meaning the model settled on
balanced bidirectionality rather than a directional preference. Physically, this makes sense:
a line trip increases loading on downstream lines (forward propagation of rerouted flow) and
reduces generation margin on upstream buses (backward propagation), so both directions carry
predictive signal.
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A.4.4 GINe Message-Passing Equations

The GINe update rule at layer k is

h(k)
v = MLPk

(
(1 + ε)h(k−1)

v +
∑

u∈N (v)

ReLU
(
h(k−1)
u + euv

))
, (1)

where euv ∈ R5 is the edge-feature vector (active power flow P , reactive flowQ, reactanceX, line
rating r, direction d), ε is a learnable scalar, the inner ReLU(·) matches the canonical PyTorch
Geometric GINEConv formulation, and each MLPk is a two-layer Linear→ ReLU→ Linear net-
work. Each layer applies BatchNorm1d, ReLU, and Dropout(p=0.126) after the MLP, in that
order. After K=4 layers the graph embedding is formed by mean-max pooling:

hG = MEAN
{
h(K)
v

}
∥MAX

{
h(K)
v

}
∈ R128, (2)

yielding a 128-dimensional vector (2 × hidden dim). The GCN ablation omits euv entirely,
using PyTorch Geometric’s GCNConv which implements the renormalised propagation rule of

Kipf and Welling (2017): h
(k)
v = σ

(
W(k)

∑
u∈N (v)∪{v} h

(k−1)
u /

√
d̂u d̂v

)
, where d̂v = 1 + |N (v)|

accounts for the inserted self-loop and W(k) is the per-layer learnable transform; that single
omission of edge features drives BalAcc from 0.989 to 0.666.

A.4.5 Focal Loss Parameterisation

The focal loss Lin et al. (2017) for a binary prediction with per-sample probability pt is

FL(pt) = −αt (1− pt)
γ log pt. (3)

Class weights are set to inverse class frequency: αc = ntotal/(2nc). To prevent the >100×
weight ratios that caused gradient instability with plain weighted cross-entropy, the ratio
max(α)/min(α) is hard-capped at alpha cap. Optuna found γ = 2.02 (search range [0.5, 3.0])
and alpha cap = 7.56 (range [5, 20]). Implementation: pt = exp

(
−CE(logits, y, weight=α)

)
,

then L = mean
(
(1− pt)

γ · CE
)
.

A.4.6 Uncertainty Quantification: MC Dropout and Conformal Prediction

MC Dropout Gal and Ghahramani (2016) runs stochastic forward passes with dropout active
at inference. High predictive entropy across passes flags low-confidence cases for abstention:
the model declines to issue a prediction on uncertain graphs and routes them to the operator,
trading coverage (the fraction of cases automatically decided) for accuracy on the remainder.
The selective-prediction curve in Figure 5 sweeps this trade-off; the operator-facing parameter
is the entropy threshold, set to satisfy an acceptable miss-rate.

Split conformal prediction (Vovk, 2013; Angelopoulos and Bates, 2023) returns a set of
plausible labels rather than a single prediction. The set size carries operational meaning: a
singleton commits to one label, a pair defers when both labels remain plausible, and an empty
set escalates to the operator because neither label clears the calibrated threshold. The method
guarantees the true label is contained in the predicted set with probability at least 1− α, and
this guarantee holds without distributional assumptions, requiring only that calibration and
test data be exchangeable. Abstention rate is therefore set by a single tunable α rather than
an arbitrary confidence cutoff.

Both methods feed the same operator workflow but answer different questions: MC Dropout
asks “how uncertain is the model on this case”, conformal asks “which labels can I rule out
at this confidence level”. Both address the key requirements of Article 14(4)(d) by exposing a
regulator-tunable parameter that governs when the system defers to the operator.
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A.4.7 Compliance Artefacts

The high-risk classification under EU AI Act Annex III §2 European Parliament and Council of
the European Union (2024) obliges the producer to maintain a per-system register of auditable
artefacts addressing Articles 9 (risk management), 10 (data and data governance), 13 (trans-
parency), 14 (human oversight) and 15 (accuracy, robustness, cybersecurity). The artefacts
produced by this project are listed in Table 4; each maps to one or more articles and points to
the corresponding scripts/ or MLflow output that generates it. The list is not a substitute
for the substantive critique in §6.2: every artefact below is necessary for compliance and none
is sufficient for epistemic adequacy.

Table 4: Compliance artefacts produced by this project, mapped to EU AI Act articles.

Artefact Article(s)

Pandera schema validation 10
Dataset card Gebru et al. (2021) 10, 13
Model card Mitchell et al. (2019) 13
MC-Dropout selective prediction 14
Conformal escalation Angelopoulos and Bates (2023) 14, 15
FP32/INT8 parity check 15
Seed-variance intervals (5 seeds) 15
Feature-noise robustness curve 15

A.4.8 Energy Estimation

Training was estimated at ∼120–150 GPU-hours on an RTX PRO 5000 Blackwell (300W TDP
× 70% utilisation + 150W system overhead ≈ 360W average draw), giving ∼43–54 kWh.
codecarbon Courty et al. (2024) was not run, so this is a back-of-envelope estimate rather
than a measured trace; a measured run would supersede it. Conversion to CO2e uses Great
Britain’s 2025 generation-based grid intensity of 126 gCO2/kWh Evans and Nam (2026).

A.4.9 SimGRACE Pre-training Details

SimGRACE Xia et al. (2022) creates two views of the same graph by perturbing encoder weights
rather than the input graph. For each parameter tensor θ, a perturbed copy is sampled as

θ′ = θ + ξ, ξ ∼ N
(
0, σ2

pI
)
, σp = σscale · std(θ), (4)

with σscale = 0.1 (a multiplicative coefficient on the per-tensor weight standard deviation,
equivalent to η in the SimGRACE paper’s original notation but renamed here to free η for
the line-loading role used elsewhere in this appendix). The two views z = fθ(G) and z′ =
fθ′(G) are then aligned via the NT-Xent loss. Let z̃1, . . . , z̃2B = (z1, . . . , zB, z

′
1, . . . , z

′
B) be the

concatenated batch of both views and let p(i) index the positive partner of view i (so p(i)=i+B
for i ≤ B and p(i)=i−B otherwise). The loss is

LNT-Xent = − 1

2B

2B∑
i=1

log
exp

(
sim(z̃i, z̃p(i))/τ

)∑2B
k=1 1[k ̸=i] exp

(
sim(z̃i, z̃k)/τ

) , (5)

where τ = 0.2, sim(u,v) = u⊤v/(∥u∥ ∥v∥) is cosine similarity, embeddings are ℓ2-normalised
before computing it, and the indicator 1[k ̸=i] excludes only the anchor itself (so the positive part-
ner remains in the denominator, giving 2B − 1 contrastive terms per anchor). This preserves
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electrical validity: node masking or edge dropping changes the input topology and violates
Kirchhoff constraints globally (power redistributes across every remaining line); encoder per-
turbation leaves the input graph unchanged.

Pre-training used all four PowerGraph topologies combined (IEEE-24, IEEE-39, UK, IEEE-
118; ≈236 k graphs), 100 epochs, batch size 512, learning rate 2 × 10−3 with 10-epoch linear
warmup followed by cosine decay, and a two-layer projection head of output dimension 128.
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