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Abstract—Effective critical contingency selection in modern
power systems requires identifying the true causal drivers
underlying system responses to contingencies. However, most
existing data-driven approaches remain limited by their reliance
on correlation-based analysis, which can overlook critical
mechanisms underlying system instability. To address this gap,
this paper proposes a hybrid causal discovery approach that
leverages complementary causal algorithms for robust structure
learning, adaptation to nonstationarity, and orientation in
nonlinear settings, enabling effective identification and
prioritization of high-impact locations for transient stability risk.
The results of case studies demonstrate that causality-based
screening can reliably identify a small subset of critical buses and
network corridors that account for the majority of instability
risk. By focusing on causation rather than correlation, this
approach offers enhanced interpretability, robustness, and
operational value, and can pave the way for transitioning from
black-box machine learning (ML) models to causality-aware,
data-driven strategies in power system applications.

Index Terms—Causal discovery, causal inference, contingency
selection, feature selection, transient stability assessment.

1. INTRODUCTION

Contingency analysis is a fundamental element of dynamic
security assessment in modern power systems, protecting
against violations of thermal and voltage limits as well as
system-wide instability [1], [2]. To enhance the efficiency of
contingency analysis, system operators typically prioritize and
select a subset of critical contingencies for detailed simulation,
a process widely referred to as contingency screening [3]. In
operational  practice, screening of  stability-related
contingencies—referred to as stability contingency screening—
is particularly valuable to system planners, as these scenarios
typically require substantially more computational effort to
simulate compared to those involving only screening for
thermal or voltage violations. When performing stability-
oriented contingency analysis, the primary operational concern
is rotor angle stability, due to its central importance in
maintaining synchronous operation across the network [4].

Conventional contingency analysis methods, which rely on
time-domain simulations of detailed dynamic models, are often
computationally intensive and impractical for assessing a wide
range of contingencies under changing operating scenarios [5],
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[6]. This computational burden limits their applicability in
scenarios that require timely and informed decision-making. To
overcome these challenges, recent research has explored data-
driven and machine learning (ML) approaches for faster
stability assessment and improved identification of critical
contingencies. These methods typically leverage system
measurements from phasor measurement units (PMUSs) to train
predictive models that evaluate transient stability without
requiring full dynamic simulations. In the literature, various
ML-based frameworks have been proposed to enhance the
efficiency and accuracy of contingency selection and transient
stability assessment. In [7], an online static security assessment
approach based on artificial neural networks (ANNs) is
proposed to estimate security indices for contingency screening
and ranking. In [8], a deep neural network (DNN)-based
method maps system states and topologies to prioritized
contingency lists. However, both methods rely on conventional
power flow calculations for input features. In [9], a deep
convolutional neural network (CNN) is introduced to address
unseen operating conditions and topological variations under
N-1 contingencies. In [10], a CNN-based model with saliency
maps is proposed for efficient identification of critical transient
stability features, demonstrating robust performance even in
noisy measurement scenarios.

Recent studies have also explored graph-based and spatial—
temporal learning methods to capture the structural and
dynamic characteristics of power systems. In [11], a
comprehensive review highlights the effectiveness of graph
neural networks (GNNs) in encoding network topology and
modeling spatial and temporal correlations. Building on this,
spatial-temporal learning-based frameworks have been
introduced to improve transient stability assessment [12]-[15].
While these methods incorporate spatial-temporal information,
they often lack adaptation for the unique complexities and
nonlinear dynamics of transient stability analysis. In [16], a
GNN-based technique is also introduced for detecting transient
events using PMU data. However, this approach focuses
primarily on predicting event stability rather than
reconstructing the full system dynamic trajectories. In [17], a
graph recurrent attention network (GRAN) is proposed to
reconstruct bus trajectories using GNNSs, but it assumes fixed
and known network topology, which does not reflect actual
operating conditions.



While ML-based methods have improved the efficiency of
transient stability assessment, most existing frameworks rely
primarily on correlation for feature selection. Correlation
describes a statistical association between variables but does
not indicate whether one variable actually influences changes
in another. As a result, conventional ML approaches may
overlook or misinterpret the true mechanisms that drive system
instability. Causality, in contrast, addresses how changes in one
variable produce effects in another, thereby capturing the
underlying mechanisms that correlation alone cannot expose.
Thus, causality provides a deeper and more actionable
understanding of power system dynamics by enabling the
identification of true cause and effect relationships. By
introducing the concept of causality into power system
applications, the primary contributions of this paper are
summarized as follows:

e A causality-aware contingency selection framework is
introduced, employing a hybrid multi-stage causal
discovery approach that combines constraint-based,
nonstationary, and nonlinear learning algorithms to identify
directional influences among system variables.

e A causal bus criticality index (BCI) is proposed as an
interpretable metric for ranking bus locations according to
their causal contribution to instability risk, enabling targeted
and risk-informed contingency screening.

e By shifting the focus of data-driven frameworks from
correlation to causation, this work advances the transition
toward causality-aware contingency analysis, enabling
greater interpretability, reliability, and operational value in
power system security assessment.

II. CAUSAL DISCOVERY FRAMEWORK

Figure 1 presents an overview of the proposed hybrid causal
discovery framework. The framework begins with dataset
generation, where post-fault dynamic measurements are
collected and a comprehensive set of engineered features is
extracted to characterize the critical electromechanical response
of the system; it is worth noting that both historical data as well
as results of offline simulations could be used in this stage.
These features are organized into a scenario-feature matrix,
where each scenario is labeled according to the computed
stability margin. The engineered dataset is then analyzed using
a multi-stage causal discovery process. The framework first
applies the Peter-Clark (PC) algorithm [18] for robust structure
identification, subsequently refines causal directions using the
causal discovery from nonstationary or heterogeneous data
(CD-NOD) algorithm [19], and finally employs the information
geometric causal inference (IGCI) algorithm [20] to resolve
orientation in nonlinear settings. Further details on each stage
are provided in the following sub-sections.

A. Scenario Generation and Feature Engineering

Although historical measurement data—often collected
without knowledge of the underlying generation mechanisms—
can be utilized to construct samples for causal analysis, large
disturbances and transient instability events are rare in actual
power systems, resulting in a limited number of real-world
examples. Thus, generating a comprehensive dataset through
offline dynamic simulation is an effective way to address the
scarcity of measured data for transient stability studies.
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Fig. 1. Flowchart of the proposed hybrid causal discovery framework.

In this study, a dataset comprising 2,652 dynamic
simulation scenarios is generated using the IEEE 39-bus test
system, as illustrated in Fig. 2. System loads—both active and
reactive—are uniformly scaled from 70% to 130% of their
nominal values in 5% increments to represent a wide spectrum
of operating conditions. For each power flow level, a set of
three-phase short-circuit faults is assumed to occur at the end of
each transmission line, with fault durations randomly selected
from 0.08 s, 0.12 s, or 0.18 s. Faults are cleared by single line
tripping (N-1), resulting in network topology changes. For each
scenario, voltage phasors (magnitude and phase angle) are
recorded for all buses with measurement frequency of 100 Hz,
i.e., 10 ms, resulting in a time-series data array IV of size T X B:

Via Vig
V=|: : (D)

Vra Vrp
where B is the number of buses and T is the number of time
samples. All voltage phasor data are normalized using the mean
and standard deviation computed over a 200 ms pre-fault
steady-state window, ensuring that engineered features capture
deviations from steady state and are comparable across
scenarios. During the feature engineering process, a broad set
of candidate post-fault features was evaluated, and the final set
was selected for physical interpretability and relevance to
dominant transient stability mechanisms. The selected features
were also chosen to support consistent causal inference across
the considered operating points and fault conditions within the
modeled scenario space. The first feature, voltage dip (Vy;p),
captures the lowest value of normalized voltage recorded

during the disturbance and is calculated as:

)

mln Vnorm (t)
tfaults t<tend

where V,,r-m (t) is the normalized voltage magnitude, t¢,; is
the fault initiation time, and t.,q is the end of the post-fault
window. The second feature, voltage recovery (Viecovery)s
measures how quickly the voltage returns to its nominal value
following fault clearance and is calculated as:

[/TECO‘UET‘}/ = Slope(VYlOTm(t) 'tTeC S t S tend) (3)
where t... denotes the start time for evaluating voltage
recovery. The third feature, angular swing energy (A8gpergy),
reflects the total oscillatory energy and accumulated system
stress during the disturbance and is determined by:

Vdip =



tend

Agenergy = J; (gj(t))z dt (4)
fault

where éj(t) denotes the normalized voltage angle at bus j
(referenced to the network-average bus angle). The ground
truth in this study is obtained based on the stability margin,
denoted by 7, which reflects the post-fault rotor angle
dynamics. The stability margin is defined as follows:

180° — |46
= 180" + :M:max )
max
where |A6| e, denotes the largest rotor angle difference
observed throughout the simulation. If |48, > 180° (i.e.,
n < 0), this indicates that one or more generators have lost
synchronism, and the system is defined as unstable.
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Fig. 2. Single-line diagram of the 39-bus benchmark system used in this study.
B. Multi-Stage Causal Discovery Approach

The proposed methodology leverages a multi-stage causal
discovery framework to identify and quantify the most critical
buses contributing to system-wide instability risk. As
summarized in Algorithm 1, the PC algorithm is first applied to
identify the causal skeleton by performing a series of
conditional independence (CI) tests between variable pairs, as
follows [18]-[20]:

Pxy\k\{h} — Px,hlk\{h} PY h|k\(n}

,hek (6)

Pxylk =
(1- sz,hlk\{h})(l - sz,hIk\{h})

where py y|i, is the partial correlation between variables X and
Yconditioned on the set k, h denotes an arbitrary element in
k(h€k), and k \ {h} denotes the conditioning set with h
removed. This value is then transformed using a Fisher Z
transformation as follows [18]:
1 1+ Pxyik
Z(X B YIk)==1In — 7
K¥10) =5 in G5 ™
where Py v, denotes the sample estimate. A hypothesis test at
significance level @ € (0, 1) is conducted to determine whether
X and Y are conditionally independent given k as follows:

[Vr=Tk =31z vl s ot a-2 (8

where n is the sample size, and & is the standard normal
cumulative distribution function. In the context of power
systems, a CI test might evaluate whether the voltage dip
feature at bus X is conditionally independent of the angular
swing energy feature at bus Y, given a conditioning subset of
other features. In this study, edge orientation refers to assigning

979-8-3315-8138-1

a causal direction to an undirected adjacency (e.g., X =Y
versus Y — X). The inferred structure is then oriented using two
complementary approaches. First, the CD-NOD algorithm
orients edges by leveraging distributional shifts across multiple
environments. The underlying principle is that the conditional
distribution of an effect given its cause (the causal mechanism)
remains invariant across environments. Therefore, if the
conditional distribution P (Y | X) is observed to be stable across
environments while P(X | Y) varies, the algorithm infers the
causal direction X — Y. Second, the IGCI algorithm is applied
to orient the remaining undirected adjacencies by exploiting
asymmetries in nonlinear functional relationships under the
independence of cause and mechanism (ICM) assumption, as
described in [20]. In the final step, directed feature-level causal
influences are systematically mapped to their corresponding
bus locations, producing a raw importance score denoted as 7y,.
These scores are then normalized to obtain the BCI for each bus

as follows:
1
Cb == b ) Z Cb =1 (9)
ZjEB s >

where B is the set of all buses, and ¢}, is the normalized BCI
value for bus b. It is important to note that BCI is a causal
metric, fundamentally distinct from probability-based or
frequency-based indices. The BCI is calculated across all stable
and unstable scenarios, as the inclusion of stable cases provides
essential counterfactual contrast that enables the causal
discovery algorithms to isolate true causal effects. In addition,
BCI does not simply count unstable events. Instead, it quantifies
the causal influence of each bus on the emergence or prevention
of instability, regardless of fault location, thereby capturing the
true system-wide impact of each location.

Algorithm 1: Multi-Stage Causal Discovery Algorithm.

1. Require:
e Normalized engineered feature matrix y;
e PC parameters (conditional independence (CI) test, significance
level &, max conditioning set size L);
2. Step 1: Initial causal skeleton discovery (PC algorithm)
e Apply the PC algorithm to y to construct a causal skeleton G.
3. Step 2: Environment-based invariance testing (CD-NOD)
e Apply invariance tests for all unshielded triples and edges across
environments to orient edges in §.
4. Step 3: Nonlinear monotonicity enhancement (IGCI)
e Apply the IGCI algorithm to resolve edge directions for
remaining ambiguous feature pairs in G.
5. Step 4: Bus-level causal importance scoring
e Map directed feature-level edges in G to corresponding bus
locations;
e For each bus, aggregate the causal influence scores to obtain
bus-level causal importance values {r,} for each bus b.
6. Step 5: Normalization and ranking
e For each bus, normalize the raw scores to obtain cy;
e Rank buses by their ¢y, to obtain the final bus-level causal
importance.
Return: {c},} — normalized BCI.

III. EVALUATION AND INTERPRETATION

Figures 3 and 4 summarize the results of the proposed causal
discovery framework for the IEEE 39-bus system, revealing
that system-wide instability risk is non-uniformly distributed
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Fig. 3. Causal bus importance scores, indicating the contribution of each bus to system-wide instability risk.

and concentrated among a small subset of critical locations.
Figure 3 presents the detailed BCI rankings, along with their
statistical validation. The results confirm that BCI rankings are
consistent with the underlying system topology, with bus
locations grouped into four clusters based on their BCI values.
Clusters 1 and 2 (Critical and High) are dominated by generator
terminal buses, identifying their primary causal role in
instability. Cluster 3 (Moderate) includes key nodes along
major inter-area transfer corridors, such as buses 16, 24, and 29,
which serve as primary electrical boundaries where large angle
separations are likely to develop. In contrast, Cluster 4 (Low)
predominantly includes interior load buses, confirming their
limited causal contribution. These buses are characterized by
much smaller and more variable BCI scores, reflecting their
comparatively limited influence on system-wide instability
events. The statistical robustness of the causal importance
ranking is validated by bootstrap confidence intervals, also
shown in Fig. 3. This analysis, conducted with 200 resampled
scenarios, quantifies the variability in BCI values. The small,
non-overlapping error bars associated with the high-BCI buses
in Clusters 1 and 2 indicate that their rankings are statistically
robust and not an artifact of random data variations. Figure 4
quantitatively aggregates these results, illustrating the total
instability risk contributed by each cluster. Cluster 1, which
contains only 7 buses, accounts for nearly 60% of the total
system risk. In contrast, Clusters 3 and 4, which together
comprise 29 buses (the majority of the system), contribute only
about 33% of the total risk. These results validate the BCI as an
interpretable and reliable metric for identifying high-impact
locations. These insights support the transition from uniform
resource allocation to a highly targeted, risk-informed strategy,
allowing operators to focus screening and mitigation efforts on
the small subset of high-BCI locations, thereby enhancing the
overall effectiveness of system security management.

Figure 5 presents the cumulative coverage of system
instability risk as buses are incrementally screened based on
their BCI values, with the top x-axis indicating the ranking
order of buses according to their causal criticality. This dual-
axis format visualizes the efficiency of the causality-based
ranking and provides immediate insight into the physical
locations in the network prioritized by the proposed
methodology. The results demonstrate that the causality-based
ranking is highly effective, capturing a large portion of system
instability risk by screening only the most critical subset of
buses. The nonlinear shape of the cumulative risk curve
demonstrates that system-wide instability risk is non-uniformly
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distributed and concentrated within a small subset of high-
impact locations. This approach enables a more
computationally efficient and targeted contingency analysis by
prioritizing critical buses, thereby reducing the scope of
detailed assessment required for effective system stability
management. For instance, selecting the top 7 buses based on
the BCI captures approximately 60% of the total instability risk.
Expanding the screening set to the top 9 and 18 buses increases
the coverage to 67% and 81%, respectively. Overall, these
findings support causality-based screening as an effective tool
for critical contingency selection and support the adoption of
interpretable, causality-aware approaches alongside traditional
black-box correlation-based methods [21]. In particular,
incorporating causality provides a physically grounded and
interpretable basis for prioritization by identifying key factors
that are consistently linked to critical contingencies.
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To validate the effectiveness of the proposed causal
discovery framework against a classical ground truth, Fig. 6
shows generator rotor angle trajectories for two representative
contingencies. In the scenario illustrated in Fig. 6(a), a three-
phase fault applied at the end of the transmission line between
Buses 13 and 14 leads to only minor deviations in post-fault
rotor angles, with all generators rapidly resynchronizing, which
is indicative of a stable system response. This is consistent with
the causal discovery results, as this location is not identified as
critical. In contrast, Fig. 6(b) presents the system response to a
fault at the end of the line connecting Buses 28 and 29, which
is located on a network corridor identified by the causal analysis
as high risk. In this case, even with a shorter fault duration, one
generator rotor angle diverges continuously from the other
generators after fault clearing, indicating loss of synchronism
and transient instability. These results are consistent with the
time-domain instability criterion and further support the
validity of the causal discovery results. It should be emphasized
that for large-scale grids, the proposed framework can be
applied in parallel over regional or coherency-based subareas
by reducing the causal search space using network topology or
electrical distance, and then aggregating the resulting bus-level
criticality scores across areas.

an interpretable input to ML-based models, particularly for
grids with high renewable integration, to further advance
actionable tools for power system security.
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Fig. 6. Rotor angle trajectories for two representative scenarios: (a) stable and
(b) unstable.

IV. CONCLUSION

This paper presents a novel hybrid causal discovery
framework for critical contingency selection and transient
stability risk assessment. By integrating causal inference with
engineered post-fault features, the proposed method introduces
the BCI, a robust and interpretable metric for quantifying causal
contributions to system instability. The validity of the BCI is
supported by its statistical robustness under bootstrap
resampling, its alignment with the physical topology as
reflected in the prioritization of generator terminals and major
transfer corridors, and its agreement with time-domain
simulation results. Case studies on the IEEE 39-bus system
show that instability risk is concentrated in the small subset of
buses and corridors identified by the BCI. These findings
highlight the practical value of causality-aware screening for
more efficient and targeted stability analysis. Future work will
validate scalability on larger systems, extend the contingency
set to include N-1-1 and N-2 events, and explore using BCI as
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