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Abstract

With the intensification of climate change, deepening energy transition, and increasing
social vulnerability, extreme power outage events pose escalating challenges to the gov-
ernance capacity of modern power systems. Existing evaluation frameworks primarily
focus on engineering reliability and economic loss estimation, lacking systematic quantifi-
cation of the governance complexity arising from multidimensional interacting pressures
behind outage events. This creates a blind spot in both theoretical research and governance
practice, hindering differentiated resilience decision-making. To address this gap, this
study develops a four-dimensional evaluation framework of power outage governance
complexity encompassing event attributes, external environment, internal system, and
social impacts. Based on county-level outage data and multi-source auxiliary data in the
United States from 2015 to 2024 and employing the XGBoost–SHAP interpretable machine
learning approach, we construct the Power Outage Complexity Index (POCI) for all U.S.
counties and systematically analyze its spatiotemporal evolution and core driving factors.
The results show that outage governance complexity in the U.S. power grid exhibits a
significant upward trend during 2015–2024, with an average annual growth rate of 1.84%.
Spatially, significant positive autocorrelation is observed, and 146 high-complexity hotspot
counties are identified, mainly clustered along the East and West Coasts, the Gulf Coast, and
the Southwest. Driver analysis reveals that social impact and event attribute dimensions
together account for nearly 90% of the variance in complexity, with cumulative outage
exposure burden, outage frequency, and large-scale event ratio being the most critical
drivers. Theoretically, this study extends power resilience research from an engineering-
physical paradigm to a socio-technical governance paradigm and provides a reproducible
methodological framework for assessing governance complexity in critical infrastructure
systems. Practically, the POCI can serve as a governance diagnostic tool for the power
industry and regulators, supporting resilience investment prioritization, emergency re-
source optimization, and differentiated governance strategy formulation. It also provides
empirical evidence for safeguarding energy security in highly vulnerable communities and
promoting energy resilience equity.

Keywords: Power Outage Complexity Index (POCI); reliability characterization; monitoring
and metrics; institutional adaptation; spatiotemporal evolution; explainable machine learning
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1. Introduction
The power system is a critical infrastructure of modern society, underpinning nearly

all aspects of social functioning [1,2]. In recent years, driven by the intensification of climate
change, the increasing frequency of extreme weather events, rapid transformation of the
energy structure, and rising complexity of power grid systems, the operating environ-
ment of power grids has become more complex and uncertain [3]. This has led to more
frequent power outage events and increased severity of their impacts, resulting not only
in substantial economic losses but also in serious social security risks and public health
crises [4].

Against this background, power outage research should no longer focus solely on
the occurrence of events and their impacts magnitudes, but rather on outage complexity
and how to address this emerging challenge [5,6]. For power grid operators, outages are
not merely the direct consequences of equipment failures or natural disasters; they also
entail complex management tasks—such as rapid fault localization, repair dispatch, and
cross-departmental coordination—under constrained resources [7]. The unpredictability of
extreme weather, spillover effects across regions, and the differentiated exposure of socially
vulnerable populations further exacerbate the complexity of outage processes and their
consequences [8,9]. Even when outage scales are similar, substantial differences exist across
regions in terms of emergency response capacity, recovery pressure, and decision-making
complexity. Therefore, there is an urgent need to develop a power outage complexity metric
that integrates multidimensional influencing factors to support resource allocation, risk
prioritization, and resilience investment.

Most existing power outage studies have primarily focused on individual outage
events or localized regions. For example, in [10,11], the power outages triggered by the
2021 Texas winter storm were analyzed, with emphasis on the spatial extent and duration
of outages, emergency preparedness, and social equity. In [12], a hazard-resistance-based
spatiotemporal risk analysis framework was proposed and applied to simulate power
outages caused by Hurricane Fiona in Puerto Rico in 2022. Similarly, in [13], the compound
disaster risks induced by Hurricanes Ida and Laura were evaluated, with a particular
focus on the multiple impacts of power outages in Louisiana. In [14], the relationship
between frequent power outages and renewable energy supply was examined in Aus-
tralia’s Northern Territory. The study in [15] investigated the impacts of storms on power
outages in New York State between 2017 and 2020 and assessed the spatial distribution
of extreme weather events. In [16], power outages across 2447 U.S. counties from 2018
to 2020 were analyzed, revealing their widespread distribution and increasing frequency.
Furthermore, in [17], grid vulnerability was quantitatively assessed for 3022 U.S. counties
over the period 2014–2023, showing an overall upward trend in national grid vulnerability,
particularly in high-vulnerability regions such as the East and West Coasts. Although these
studies provide valuable data and analytical frameworks, they do not sufficiently address
the complexity of power outages across regions and over extended time scales. Given the
pronounced economic and social heterogeneity across different regions of the United States,
the impacts and complexity of power outages also exhibit significant spatial variation.
Therefore, large-scale, multi-temporal assessments of power outage complexity are neces-
sary to examine the multidimensional factors involved and their interaction mechanisms.

In addition, many studies have focused on power grid vulnerability and outage-
related inequality, examining the impacts of outages on different social groups and regions.
In [18], mobile phone location data and nighttime light imagery were employed to assess
power outage vulnerability in Harris County, Texas during Winter Storm Uri. In [17],
a quantitative framework for grid vulnerability assessment was proposed, identifying
urban form and structural distribution as key determinants of power grid vulnerability

https://doi.org/10.3390/en19051252

https://doi.org/10.3390/en19051252


Energies 2026, 19, 1252 3 of 28

in the United States. Household-level social vulnerability to long-duration outages was
quantitatively evaluated in [19] using data from Colorado and Minnesota. In [20], a data-
driven approach based on multi-source datasets was developed to quantify county-level
social vulnerability indices in California and reveal their dynamic characteristics. The
study in [16] analyzed the severity of power outages at the national county level in the
United States, finding that states such as Arkansas, Louisiana, and Michigan face the
dual burden of high outage exposure and medical vulnerability, thereby providing a
basis for the geographic prioritization of resource allocation and intervention measures.
In [21], a high-resolution spatial statistical method was proposed to examine socioeconomic
inequalities associated with disaster-induced power outages and to reveal significant
spatial heterogeneity in structural inequality. Moreover, based on New York City 311 power
outage complaint data, the study in [22] investigated the effects of high temperatures
and community characteristics on localized outages, highlighting the disproportionate
outage burdens borne by low-income and minority communities. While these studies
provide an important foundation for quantifying outage vulnerability, they primarily focus
on differential impacts across social groups and regions and emphasize outage-related
inequality. However, few studies have examined, from the perspective of power grid
operation, the multidimensional pressures and governance challenges faced by different
regions during power outage events, limiting their ability to support precise decision-
making for resilience enhancement and emergency management.

In recent years, data-driven approaches have been increasingly introduced into power
outage analysis, offering new opportunities for processing large-scale outage data. In [23],
a Monte Carlo simulation was combined with outage modeling to predict outage duration
and economic costs, thereby improving assessment accuracy. In [24], a clustering algorithm
incorporating multiple influencing factors was proposed to predict outage-prone areas
and outage probabilities. Deep learning ensemble methods were applied in [25] to predict
extreme fault events in large-scale distribution networks, with weather conditions serving
as key predictive variables. In [26], adversarial networks and Informer models were
employed to balance power system data and improve the prediction accuracy of extreme
outage events. In [27], the uncertainty quantification capabilities of generalized linear
models and random forests were validated using hurricane-induced outage data. However,
most existing studies focus on predicting outage occurrence or extreme losses, with limited
attention to the explainable relationships between outage governance difficulty and its
influencing factors, and a systematic framework for power outage complexity assessment
remains lacking.

The limitations of existing studies underscore the need to develop a quantitative
approach to power outage complexity that integrates multidimensional factors. Distinct
from physical vulnerability assessments rooted in an infrastructure engineering perspec-
tive, this approach focuses on the systemic and structural pressures underlying regional
outage governance, aiming to answer the core question of why outage events are diffi-
cult to manage and in which dimensions institutional arrangements must adapt, thereby
identifying long-term mismatches between governance institutions and their task envi-
ronments. To this end, this paper constructs a comprehensive evaluation indicator system
from four dimensions—event attributes, external environment, internal system, and social
impacts—and proposes the Power Outage Complexity Index (POCI). Using multi-source
data from the United States, the spatiotemporal evolution and spatial clustering patterns
of outage complexity are systematically analyzed. The results provide empirical support
for enhancing power grid resilience, optimizing emergency response mechanisms, and
improving cross-regional governance.

The main contributions of this paper are summarized as follows.

https://doi.org/10.3390/en19051252

https://doi.org/10.3390/en19051252


Energies 2026, 19, 1252 4 of 28

(1) A multidimensional evaluation framework and indicator system for power out-
age complexity are developed, and the Power Outage Complexity Index (POCI)
is proposed.

(2) Based on multi-source U.S. data, an explainable machine learning approach is em-
ployed to determine indicator weights and identify key driving factors.

(3) The spatiotemporal patterns of county-level power outage complexity from 2015 to
2024 are systematically examined, with hotspot regions and long-term trends identified
to support differentiated management strategies.

The remainder of this paper is organized as follows. Section 2 introduces the indicator
system, the POCI construction methodology, and data sources. Section 3 presents the
empirical results. Section 4 concludes the paper and discusses limitations.

2. Research Methods and Data
2.1. Research Ideas and Technical Route

This study adopts a large-scale, multi-source data-driven empirical approach to sys-
tematically quantify and analyze power outage complexity across the U.S. power grid over
the past decade. The overall technical framework is illustrated in Figure 1 and consists of
four main steps:

(1) Constructing a four-dimensional indicator system for power outage complex-
ity encompassing event attributes, external environment, internal system, and
social impacts.

(2) Determining the relative importance of each indicator and assigning objective
weights using an explainable machine learning framework based on the XGBoost–
SHAP model.

(3) Developing the Power Outage Complexity Index (POCI) to quantify county-level
outage complexity.

(4) Applying spatial statistical methods to examine spatial clustering patterns and long-
term trends in outage complexity, thereby providing analytical support for the formu-
lation of differentiated governance strategies.

Figure 1. Technical framework for the quantification and evaluation of power outage complexity.
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2.2. Construction of Power Outage Complexity Indicator System

To comprehensively quantify power outage complexity, this study proposes the Power
Outage Complexity Index (POCI). The index is designed to characterize the overall pres-
sure borne by the power governance system in responding to outage events, and its core
positioning is as a systematic diagnostic tool for outage governance difficulty. Distinct from
physical vulnerability assessments grounded in an infrastructure engineering perspective,
POCI is intended to function as a complementary instrument that focuses on governance
capacity rather than physical failure probability. Power outage complexity is reflected
not only in the technical characteristics of outage events—such as scale, frequency, and
duration—but also in governance-related burdens, including emergency response, resource
allocation, cross-departmental coordination, and decision-making uncertainty. Accordingly,
POCI captures the overall difficulty of managing power outage events under different
contextual conditions. By explicitly identifying the mismatch between governance institu-
tions and their task environments, the index provides a quantitative basis for designing
differentiated governance strategies and institutional adaptation pathways.

The construction of POCI is grounded in contingency theory, which emphasizes that
the effectiveness of a governance system depends on the degree of alignment between
its internal structure and operational mechanisms and the complexity of the external
environment [28–30]. When external conditions evolve rapidly while governance sys-
tems adjust with delay, system efficiency deteriorates substantially. In power systems,
climate change, energy transition, and rising social vulnerability jointly intensify the
uncertainty associated with outage governance. From this theoretical perspective, this
study develops a comprehensive indicator system consisting of 22 quantitative indicators
across four dimensions—event attributes, external environment, internal system, and so-
cial impacts—to systematically evaluate regional differences in power outage complexity
and to provide a unified quantitative basis for cross-regional comparison and integrated
resilience assessment.

Unlike vulnerability assessment frameworks constructed solely on the basis of the
physical characteristics of outage events, the indicator system in this study achieves ex-
pansion along three dimensions. First, it introduces an external environment dimension
to quantify the coupled stress effects between extreme weather and power outage events.
Second, it adds an internal system dimension, incorporating technical characteristics such
as infrastructure conditions and renewable energy penetration into the assessment. Third,
it introduces a social impact dimension, endogenizing social consequences—such as so-
cial vulnerability and the intensity of economic disruption—into the index construction.
Together, these extensions establish a full-chain governance complexity assessment frame-
work structured around “pressure sources–system state–social consequences.”

2.2.1. Event Attribute Complexity (EAC)

Event Attribute Complexity characterizes the fundamental properties of power outage
events, including their scale, frequency, and duration. As the most direct manifestation
of outage complexity, this dimension strongly influences emergency resource allocation
and recovery strategy formulation. It comprises the following six indicators: (1) Event
Frequency (Events): Total number of valid power outage events in a county within a
year; (2) Average Outage Rate (AOR): Average proportion of customers affected by power
outage events, reflecting the mean impact scale; (3) Recovery Rate (RR): Proportion of
customers restored per unit time, measuring fault repair efficiency; (4) Recovery Stability
(RS): Coefficient of variation of outage duration, indicating volatility in the recovery process;
(5) Large-scale Event Ratio (LER): Proportion of outage affecting more than 5% of customers;
(6) Long-duration Event Ratio (LDER): Proportion of events lasting longer than 8 h.
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2.2.2. External Environment Complexity (EEC)

External Environment Complexity reflects the uncertainty imposed on power sys-
tem operation by external disturbances such as extreme weather events. The intensity,
frequency, and combined characteristics of these disturbances jointly determine the sever-
ity of the operating environment during outage occurrences. This dimension includes
five indicators: (1) Weather-Outage Concurrence (WOC): Proportion of outage events
occurring during extreme weather conditions; (2) Meteorological Stress Intensity (MSI):
Cumulative weighted impact considering weather type, intensity, and temporal overlap;
(3) Multi-hazard Exposure (MHE): Number of extreme weather types experienced by a
county within a year; (4) Seasonal Concentration (SC): Degree of seasonal unevenness in
outage occurrence, measured using the Gini coefficient; (5) Weather Warning Coverage
(WWC): Proportion of outage events for which meteorological warnings had been issued
in advance.

2.2.3. Internal System Complexity (ISC)

Internal System Complexity describes intrinsic operational characteristics of the power
system, including energy structure, infrastructure condition, and system regulation capac-
ity, which collectively determine system resilience and recovery efficiency when exposed
to external disturbances. This dimension consists of seven indicators: (1) Renewable Pen-
etration Rate (RPR): Proportion of installed wind and photovoltaic generation capacity;
(2) Generation Volatility (GV): Coefficient of variation of monthly renewable energy gener-
ation; (3) Infrastructure Aging Index (IAI): Average operational age of power generation
facilities; (4) Peak-hour Outage Ratio (PHOR): Proportion of outage events occurring dur-
ing peak electricity demand periods; (5) Distribution Automation Rate (DAR): Proportion
of customers equipped with smart meters; (6) Demand Response Capability (DCI): Ratio
of load curtailment capability to its potential under emergency conditions; (7) Number
of Power Supply Units (NPSU): Number of power supply entities providing distribution
services within a county.

2.2.4. Social Impact Complexity (SIC)

Social Impact Complexity characterizes the comprehensive effects of power outages
on social and user systems, reflecting the extent to which governance pressure spills over
into societal impacts. This dimension includes four indicators: (1) Cumulative Outage
Exposure Burden (COEB): Per capita power outage exposure duration at the county-year
scale; (2) Population Density Weighted Exposure (PDWE): Outage impact weighted by
spatial and diurnal population distribution; (3) Social Vulnerability Exposure Intensity
(SVEI): Combined exposure level of social vulnerability and outage impact; (4) Economic
Activity Disruption Intensity (EADI): Potential per capita economic loss intensity caused
by power outages.

2.3. Construction of the Power Outage Complexity Index

To quantify power outage complexity at the U.S. county level, this study develops an
explainable machine learning framework based on XGBoost and SHAP, through which
the Power Outage Complexity Index (POCI), corresponding scores, and risk levels are
generated [17]. XGBoost effectively captures complex nonlinear relationships via gradient-
boosted decision trees, while SHAP decomposes model outputs based on Shapley values
to provide feature importance and directional interpretations [31]. Compared with subjec-
tive weighting approaches, this data-driven framework ensures greater consistency and
reproducibility in determining indicator weights and explicitly reveals the contributions of
different factors to regional complexity differences [32].
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2.3.1. Data Preprocessing

This study uses annual data for 22 indicators covering 3144 U.S. counties from 2015
to 2024. All indicators are normalized to the range [0, 1] using Min–Max scaling. For
negatively oriented indicators (e.g., Recovery Rate (RR) and Distribution Automation Rate
(DAR)), reverse normalization is applied to ensure consistency, such that higher values
uniformly indicate higher outage complexity.

To reduce the influence of interannual variability on long-term complexity assessment
and to obtain more stable county-level representations, the arithmetic mean of each indica-
tor over the ten-year period is computed for each county and used as the training dataset.

It should be noted that the use of ten-year averages enhances statistical robustness
while filtering out annual anomalies caused by single extreme events, thereby enabling
POCI to focus on the structural pressures of regional outage governance; however, this
treatment also smooths the instantaneous impacts of extreme events. Accordingly, POCI is
positioned as a long-term structural assessment tool whose core function is to diagnose
inherent pressure sources and institutional adaptation gaps in regional outage governance,
rather than to evaluate emergency responses to individual events.

2.3.2. Label System Construction

A binary supervised learning strategy is adopted to learn the relative weights of the
indicators. As a latent construct encompassing four dimensions—event attributes, external
environment, internal system, and social impacts—power outage governance complexity
cannot be directly observed or measured. Following common practices in socio-technical
systems research for handling latent variables, this study employs SAIDI (System Average
Interruption Duration Index) and SAIFI (System Average Interruption Frequency Index)
as outcome-oriented proxy variables for governance complexity [33]. These two metrics
do not directly measure outage complexity itself; rather, they reflect whether the gover-
nance system has exceeded its carrying capacity under multidimensional pressures—only
when such pressures surpass the system’s tolerance threshold do substantial increases in
SAIDI/SAIFI become observable.

Specifically, normalized SAIDI and SAIFI values are combined into a composite
reliability pressure score. Counties are then classified into low-pressure (label = 0) and
high-pressure (label = 1) groups using the sample median as the threshold. Using the
median as the cutoff provides a data-driven and neutral benchmark in the absence of
predefined intervention standards, while also ensuring an approximately 1:1 class balance,
thereby reducing the potential impact of class imbalance on model training and feature
importance estimation. In addition, the 40th and 60th percentiles are employed to test
the robustness of the threshold selection, with detailed results reported in Appendix C. It
should be emphasized that the core objective of model training is to learn each feature’s
explanatory power with respect to whether the governance system exceeds its carrying
threshold, rather than to directly predict SAIDI/SAIFI themselves.

2.3.3. Multicollinearity Diagnosis and Treatment

To prevent model instability and distorted SHAP interpretations caused by multi-
collinearity, Variance Inflation Factor (VIF) analysis is conducted prior to model training,
with a threshold set at VIF = 5 [34]. An iterative elimination procedure is applied, whereby
the feature with the highest VIF is removed at each step until all remaining features satisfy
the threshold criterion. This process reduces collinearity risk while preserving as much
information as possible.
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2.3.4. XGBoost Model Training and Optimization

XGBoost is selected as the core classification model based on a comprehensive consid-
eration of the research objectives, data characteristics, and model suitability. First, the study
aims not only to achieve high predictive performance but also to objectively identify key
driving factors; as a gradient boosting tree ensemble model, XGBoost effectively satisfies the
dual requirements of “driver identification + index construction.” Second, significant non-
linear relationships and higher-order interaction effects exist among the 22 indicators, and
XGBoost can automatically capture such complex patterns without requiring pre-specified
functional forms. Third, XGBoost incorporates built-in regularization mechanisms that
effectively control model complexity and mitigate overfitting risk, while maintaining strong
compatibility with the SHAP framework [35], thereby providing rigorous mathematical
support for feature attribution and weight construction.

To address potential mild class imbalance in the training dataset, a hybrid resampling
strategy combining SMOTE and Tomek Links is employed. By synthesizing minority-
class samples and removing overlapping samples near class boundaries, this approach
refines the decision boundary structure and enhances the model’s ability to identify high
governance-complexity samples as well as its overall training stability.

Model hyperparameters—including tree depth, learning rate, number of trees, and
regularization coefficients—are optimized using random search combined with 10-fold
cross-validation, with the F1 score as the optimization objective. The dataset is split into
training and testing sets at an 8:2 ratio, and model performance is evaluated using accuracy,
precision, recall, F1 score, and AUC–ROC.

2.3.5. SHAP Weight Extraction and Directional Adjustment

After model training, SHAP is used to interpret feature contributions. Based on de-
viations of individual predictions from the baseline, SHAP fairly allocates the marginal
contribution of each input feature, with SHAP values representing feature-level contribu-
tions to model output [36].

The global influence strength of each indicator is measured by the mean absolute
SHAP value across test samples and normalized to obtain final weights:

ωk =
Sk

∑n
k=1 Sk

(1)

where Sk denotes the mean absolute SHAP value of the k-th indicator, and ωk represents its
weight. To ensure consistency between weight direction and physical interpretation, the
correlation between original feature values and their SHAP values is examined. A positive
correlation indicates a positive indicator, while a negative correlation indicates a negative
indicator, thereby enhancing the stability and interpretability of the weighting scheme.

2.3.6. Power Outage Complexity Index Calculation and Risk Classification

Using the SHAP-derived weights and directional information, the Power Outage
Complexity Index (POCI) is constructed as a weighted sum of normalized indicators:

POCI = ∑n
k=1 ωk fk (2)

where fk is the normalized value of the k-th indicator.
Annual POCI values and their ten-year averages are calculated for each county. For

cross-regional comparability, POCI values are transformed into a 0–100 score using per-
centile mapping. Subsequently, K-means clustering is applied to the ten-year average
POCI for classification, and its suitability is grounded in two considerations: first, the

https://doi.org/10.3390/en19051252

https://doi.org/10.3390/en19051252


Energies 2026, 19, 1252 9 of 28

clustering input is a standardized and weighted one-dimensional continuous POCI, under
which the spherical cluster assumption in high-dimensional space degenerates into the
identification of natural break intervals in a one-dimensional setting, making it well suited
for single-variable grading; second, it produces clearly defined category boundaries that
facilitate policy communication and differentiated governance decision-making. Counties
are ultimately classified into five outage governance complexity levels—minor, moder-
ate, major, severe, and extreme—thereby establishing a standardized county-level risk
grading framework.

2.4. Spatiotemporal Analysis Methods
2.4.1. Theil-Sen Trend Estimation

The Theil–Sen nonparametric regression method is employed to estimate the temporal
trend slope of POCI. By calculating the median slope across all data point pairs, this method
is robust to outliers and well suited for long-term time series containing extreme values [37].
The slope is computed as:

β = median
( POCI j−POCIi

j−i

)
, ∀i < j (3)

where β denotes the trend slope; positive values indicate increasing outage complexity,
while negative values indicate decreasing complexity.

2.4.2. Spatial Analysis

Global and local spatial autocorrelation statistics—Global Moran’s I and Local Moran’s
I (LISA)—are applied to examine whether the spatial distribution of outage complexity
deviates from randomness, identify spatial clustering patterns of high- and low-complexity
regions, and provide spatial evidence for differentiated governance strategies.

Global Moran’s I assesses nationwide spatial dependence of outage complexity [38]
and is defined as:

I =
n
S0

·
∑n

i=1 ∑n
j=1 ωij(xi − x)

(
xj − x

)
∑n

i=1(xi − x)2 (4)

where ωij is the spatial weight between counties i and j; xi and xj denote county-level POCI
values; x is the national mean; n is the number of counties; and S0 = ∑n

i=1 ∑n
j=1 ωij.

Moran’s I ranges from −1 to 1, with positive values indicating positive spatial auto-
correlation, negative values indicating negative spatial autocorrelation, and values near
zero indicating random spatial patterns.

Local Moran’s I (LISA) reveals local-scale spatial heterogeneity and identifies cluster-
ing patterns of high- and low-complexity regions [38]:

Ii =
xi − x

σ2 ∑n
j=1 ωij

(
xj − x

)
(5)

where σ2 denotes the variance of POCI.
Based on LISA results, counties are classified into four spatial types: high–high (HH)

and low–low (LL) clusters, representing aggregations of high- and low-complexity counties,
respectively, as well as high–low (HL) and low–high (LH) patterns, indicating spatial
outliers. HH regions typically represent outage complexity hotspots, whereas LL regions
correspond to relatively low-pressure areas.
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2.5. Data Sources
2.5.1. Power Outage Data

Power outage data were obtained from the EAGLE-I™ platform developed by Oak
Ridge National Laboratory (ORNL) [39]. The dataset has a temporal resolution of 15 min
and covers the 48 contiguous U.S. states, the District of Columbia, Alaska, and Hawaii,
representing approximately 92% of electricity customers nationwide.

To ensure annual consistency, outage records from January 2015 to December 2024 were
selected as the study period. To exclude transient disturbances and localized fluctuations,
outage events with an outage rate of no less than 0.1%—corresponding to the 60th percentile
of county-level outage rates nationwide—and with relatively long durations were defined
as effective outage events [16]. This threshold helps focus on outages with substantive
impacts while reducing noise in the analysis.

2.5.2. Auxiliary Data

(1) County-level administrative boundary data were obtained from the TIGER/Line
Shapefiles released by the U.S. Census Bureau and were used to construct spatial
weight matrices for spatial analysis [40,41].

(2) Power system regional classification data were sourced from the U.S. Energy Infor-
mation Administration (EIA). These data capture differences in power dispatch and
market structures. The U.S. power system is divided into six major reliability regions,
which are further subdivided into 25 subregions [42].

(3) Extreme weather data were collected from the National Centers for Environmen-
tal Information (NCEI) [43] and the Iowa Environmental Mesonet (IEM) [44]. This
study considers 24 categories of meteorological events—including hurricanes and ice
storms—that have been shown to exert significant impacts on power outages.

(4) Social vulnerability data were obtained from the Centers for Disease Control and Pre-
vention (CDC) and the Agency for Toxic Substances and Disease Registry (ATSDR) [45].
These data are used to assess regional social capacity and resilience under disaster
scenarios and public service disruptions.

(5) Energy system data were derived from EIA annual reports, including Form EIA-860 [46],
Form EIA-861 [47], and Form EIA-923 [48], providing information on renewable energy
installed capacity, electricity generation, and smart meter deployment.

3. Empirical Findings
3.1. Power Outage Complexity Analysis Based on Explainable Machine Learning
3.1.1. Computation of the Power Outage Complexity Index

Using the period 2015–2024 as the study window, a total of 3,536,833 power outage
events were identified across the United States, with an aggregate outage duration of
approximately 9.45 million hours and a cumulative impact on 1.865 billion customer inter-
ruptions. The average duration of a single outage event was 2.67 h, affecting approximately
527 customers on average.

From a temporal perspective, the number of outage events increased by 61.4% over
the study period, while total outage duration rose by 132.6%, and the number of affected
customers increased by 48.1%. Spatially, outage events exhibit pronounced geographic
imbalance, with both frequency and impact severity significantly higher in eastern re-
gions than in the Midwest. These patterns indicate that power outages in the U.S. grid
over the past decade have become more frequent, more severe, and increasingly heteroge-
neous across regions, posing substantial challenges for outage management. Consequently,
systematic quantitative analysis is urgently required to clarify spatial disparities and spa-
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tiotemporal evolution patterns of outage events and to provide a scientific basis for targeted
prevention and mitigation strategies.

Based on the 22 power outage complexity indicators, an XGBoost classification model
was constructed to learn the relative importance of individual features. Following multi-
collinearity diagnostics, all indicators were found to have Variance Inflation Factor (VIF)
values below 5, indicating no significant redundancy among features; therefore, all vari-
ables were retained. The model was trained using county-level ten-year average indicators
as inputs, together with auxiliary supervisory labels, and hyperparameters were optimized
through random search combined with 10-fold cross-validation (the optimal hyperparame-
ter configuration is provided in Appendix E). The classification performance was robust,
achieving an F1 score of 0.9539, accuracy of 0.9539, precision of 0.9524, recall of 0.9554, and
an AUC–ROC of 0.9933 (Figure 2g), outperforming three benchmark models—Random
Forest, Support Vector Machine, and AdaBoost (the complete performance comparison
table for all models is provided in Appendix B). In addition, comparative experiments with
and without the SMOTE + Tomek Links resampling strategy (full performance metrics are
reported in Appendix D) show that the ranking of core features and the four-dimensional
weight structure remain highly consistent, indicating that the resampling strategy does not
introduce systematic bias into the SHAP interpretation results and that the weight structure
of POCI is both robust and unbiased.

 

Figure 2. Statistical summary of power outage complexity in the U.S. power grid (2015–2024):
(a) Spatial distribution of county-level power outage complexity scores; (b) Spatial distribution of
county-level power outage complexity levels; (c) Probability density function (PDF) of the Power
Outage Complexity Index (POCI); (d) Cumulative distribution function (CDF) of the Power Outage
Complexity Index (POCI); (e) Number of counties across five power outage complexity levels;
(f) Importance distribution of the 22 feature indicators and the four complexity dimensions; (g) AUC–
ROC curve and performance metrics of the XGBoost model.
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Feature importance was quantified using SHAP values (Figure 2f). The results show
that Cumulative Outage Exposure Burden (COEB), Event Frequency (Events), and Large-
scale Event Ratio (LER) rank as the top three contributors, with a combined importance
of 62.23%. Table 1 summarizes the directional contributions of the major indicators. From
a dimensional perspective, the social impact dimension (44.85%) and the event attribute
dimension (40.96%) jointly account for 89.21% of total importance, whereas the external
environment and internal system dimensions together contribute only 10.80% (Figure 2f).

Table 1. Directional contributions of major indicators to power outage complexity (SHAP).

Indicator Category Indicators (Abbreviations)

Positive contribution (higher value
indicates higher complexity)

COEB, Events, WWC, SC, GV, RS, PDWE,
RR, NPSU, RPR

Negative contribution (higher value
indicates lower complexity)

LER, SVEI, AOR, LDER, EADI, DCI,
PHOR, MSI, MHE, WOC, DAR, IAI

These findings indicate that power outage complexity is primarily driven by exposure
burden and event intensity. Specifically, COEB, Events, LER, SVEI, AOR, EADI, and LDER
emerge as the core drivers of complexity variation. This pattern suggests that in mature
power systems such as the United States, where baseline physical reliability has largely been
established and routine faults are addressed through standardized engineering procedures,
the marginal contribution of conventional infrastructure factors to governance complexity
is relatively limited; instead, governance pressure is predominantly shaped by the coupling
between event shock intensity and social impact amplification.

The relatively low contribution of the internal system dimension can be attributed
to generally small SHAP importance values for most indicators within this dimension,
with several exhibiting negative contributions. This does not negate the importance of
infrastructure; rather, it indicates that internal system conditions function more as foun-
dational constraints of governance capacity than as primary differentiating factors—once
event intensity and social impact are accounted for, inter-county variations in internal
system characteristics exhibit limited marginal discriminative power in explaining gov-
ernance complexity. It should also be noted that this statistical pattern may reflect both
the structural characteristics of mature power grids and the specific institutional context
of the United States; in developing regions where infrastructure disparities remain pro-
nounced, internal system variables may play a substantially more prominent role in shaping
governance complexity.

Accordingly, inter-county differences in outage complexity are not primarily explained
by variations in grid infrastructure alone but are more strongly driven by the exposure and
uneven impacts of outage consequences, as well as the governance burden associated with
large-scale events. Governance assessment should therefore shift from a narrow focus on
grid reliability toward a more integrated consideration of social consequences, emergency
response capacity, and resource coordination.

3.1.2. Spatiotemporal Distribution of Power Outage Complexity

Using SHAP-derived weights, county-level Power Outage Complexity Index (POCI)
values were calculated. The complexity scores were mapped to a [0, 100] range using
percentile transformation, and K-means clustering was applied to classify counties into five
complexity levels.

From a statistical distribution perspective, the probability density curve of POCI
values (Figure 2c) exhibits a pronounced peak at low values and a clear long right tail.
The cumulative distribution function (Figure 2d) rises rapidly in the low-value range and
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gradually flattens at medium-to-high values, forming a typical “sharp peak–heavy tail”
and strongly right-skewed distribution. This pattern indicates that while most counties
experience relatively low outage complexity, a small number of high-complexity counties
substantially widen the overall distribution, producing a “many low–few high” structural
imbalance. Statistically, this phenomenon is consistent with the heavy-tailed characteristics
of outage impacts reported in previous studies [49,50], suggesting that outage governance
pressure is highly uneven and concentrated, and that priority should be given to key
regions in resource allocation.

Spatially, the distribution of POCI values (Figure 2a) reveals pronounced spatial
heterogeneity and regional clustering across the United States. High-complexity regions
are primarily concentrated in:

(1) the eastern coastal areas, including the Northeast metropolitan corridor, the Ap-
palachian region, and Florida;

(2) the Gulf Coast, including Louisiana, Texas, Mississippi, and Arkansas;
(3) the Great Lakes region, particularly Michigan;
(4) the western coastal region, such as California and Idaho.

These regions are typically subject to multiple overlapping pressures, including fre-
quent extreme weather events, dense populations and economic activity, aging infrastruc-
ture, and elevated social vulnerability, resulting in higher outage complexity. In contrast,
Alaska and Hawaii exhibit relatively low complexity levels, potentially due to differences
in outage scale, population density, and statistical reporting practices.

In terms of complexity class distribution, among the 3144 counties analyzed, the
“minor” and “moderate” categories account for the largest shares, at 38.04% and 38.35%,
respectively. The “major,” “severe,” and “extreme” categories together comprise approxi-
mately 23.60% of counties, of which 160 counties fall into the “severe + extreme” categories,
representing 5.09% of the total and constituting priority areas for governance intervention
(Figure 2e). High-complexity counties are mainly clustered in eastern coastal metropolitan
areas, the Gulf Coast, and the West Coast (Figure 2b), consistent with the spatial patterns
described above.

Specifically, the eight counties classified as “extreme” complexity are Tensas Parish,
Louisiana [51,52]; Alamance County, Durham County [53], Henderson County [54], Meck-
lenburg County, New Hanover County [55], and Vance County in North Carolina; and
Waynesboro City, Virginia. These counties and cities are predominantly located in de-
veloped metropolitan regions with dense populations and are subject to compounded
challenges including infrastructure aging, extreme weather exposure, social vulnerability,
and natural hazards, leading to the highest levels of power outage complexity.

3.1.3. Operator-Level (ISO/RTO) Analysis

To further identify structural differences in power outage complexity across the elec-
tricity operation system, county-level outage complexity scores and classifications were
aggregated to the ISO/RTO level under the North American Electric Reliability Corporation
(NERC). The analysis covers 25 operating regions in the contiguous United States, as well
as Alaska and Hawaii, resulting in 27 analytical units.

The results (Figure 3a) indicate pronounced disparities in outage complexity across
operating regions. CASO (81.06) and MISS (72.19) exhibit average complexity scores exceed-
ing 70. In addition, FRCC (67.16), NYUP (66.74), SRCA (64.76), TRE (64.62), PJMD (64.47),
CANO (62.43), PJME (60.84), and SPPS (60.62) all report average scores above 60. These
high-complexity regions are predominantly located along the eastern coastline, the south-
ern United States, and California, indicating that these areas face particularly elevated and
multidimensional pressures in power outage governance.
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Figure 3. Spatial distribution of power outage complexity in the U.S. power grid at the ISO/RTO
level: (a) Spatial distribution of power outage complexity scores across power system operators;
(b) Spatial distribution of Theil–Sen slope trends of power outage complexity indices across operators;
(c) Spatial distribution of power outage complexity levels across power system operators.

Based on time series of the Power Outage Complexity Index (POCI) for each oper-
ating region from 2015 to 2024, the Theil–Sen robust regression method was applied to
estimate long-term trends (Figure 3b). The results show that outage complexity increased in
25 regions (Theil–Sen slope > 0.0001). Among them, CANO exhibits the fastest growth rate
(slope = 0.0130), followed by TRE (0.0080), Hawaii (0.0060), SRCE (0.0056), CASO (0.0053),
and SRSE (0.0052). Only NYCW (−0.0015) and SRCA (−0.0001) display slight declining
trends. Overall, U.S. power system operators have generally experienced sustained growth
in outage complexity over the past decade. The situation is particularly severe in California
(CANO and CASO); Texas (TRE) has consistently maintained high complexity levels due
to its independently operated grid; outage complexity in the southeastern regions has
increased rapidly, likely associated with frequent hurricane impacts; and although PJM
subregions exhibit slower growth rates, their absolute complexity levels remain relatively
high, indicating a plateauing but persistently elevated governance burden.

Further analysis of the complexity class composition across operating regions
(Figure 3c) shows that nearly all regions contain counties classified as “moderate” com-
plexity or higher. Specifically, 23 regions include counties in the “major/severe/extreme”
categories, and 17 regions contain “severe/extreme” counties. Only three operating regions
include counties classified as “extreme” complexity: RCA (6 counties), MISS (1 county),
and PJMD (1 county). Notably, NYUP and CASO contain no counties classified as “minor”
complexity, with all counties falling into the “moderate” or higher categories.

In terms of the proportion of counties by complexity level, the three regions with the
highest shares of “major/severe/extreme” counties are CASO (92.85%), MISS (69.13%), and
FRCC (68.42%). Similarly, the regions with the highest proportions of “severe/extreme”
counties are CASO (35.71%), MISS (24.83%), and SRCA (17.74%).
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These findings demonstrate that power outage complexity in the United States is
widely distributed at the operator level, with the vast majority of operating regions already
experiencing moderate or higher complexity. In several regions, governance pressure is
particularly pronounced, highlighting the urgent need for targeted response strategies and
differentiated resource allocation.

3.2. Spatial Autocorrelation and Pattern Clustering of Power Outage Complexity
3.2.1. Global Spatial Autocorrelation Analysis

Based on the Power Outage Complexity Index (POCI) for 3144 U.S. counties over
the period 2015–2024, Global Moran’s I was employed to quantify the spatial clustering
characteristics of outage complexity. The results indicate a Moran’s I value of 0.5116
(Z-score = 48.48, p < 0.000001) (Figure 4c), which is substantially higher than the values
commonly reported in related studies (typically 0.2–0.45) [56,57]. This result provides
strong evidence of significant positive spatial autocorrelation in county-level power outage
complexity across the United States.

Figure 4. Spatial autocorrelation statistics, tests, and pattern distribution of county-level power
outage complexity in the United States: (a) Distribution of five types of spatial association patterns
at the significance level α = 0.05; (b) Distribution of five types of spatial association patterns at the
significance level α = 0.10; (c) Global spatial autocorrelation Moran scatter plot; (d) Distribution of
local spatial autocorrelation statistics (Ii); (e) Local spatial autocorrelation significance map (α = 0.05);
(f) Proportion of LISA cluster categories (α = 0.05).

Specifically, counties with high outage complexity tend to be spatially clustered,
forming contiguous high-value regions, while counties with low complexity exhibit corre-
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sponding low-value clustering. The overall spatial distribution deviates markedly from
randomness. These findings suggest that outage complexity is not an isolated local phe-
nomenon but is closely associated with the operational pressures and external disturbances
experienced by neighboring regions, reflecting a pronounced spatial spillover and cross-
regional linkage of risk.

3.2.2. Local Spatial Autocorrelation Analysis

To further identify local-scale spatial heterogeneity in power outage complexity, Local
Moran’s I (LISA) was applied, and counties with statistically significant spatial associations
were identified using Monte Carlo permutation tests (Figure 4d,e).

At a significance level of α = 0.05 (Figure 4a), a total of 68 significant high–high (HH)
hotspot counties (2.2%), 72 significant low–low (LL) coldspot counties (2.3%), 10 low–high
(LH) outliers, and 8 high–low (HL) outliers were identified (Figure 4f). The mean complexity
index of hotspot counties is 0.3194 ± 0.0570, approximately 2.10 times that of coldspot
counties (0.1521 ± 0.0053). Coldspot counties exhibit relatively low internal variability,
indicating a consistent level of low outage complexity. In contrast, hotspot counties show
greater dispersion in complexity values, reflecting substantial intra-regional heterogeneity
in governance pressure and suggesting that high-complexity areas may offer greater scope
for targeted intervention. Table 2 summarizes the LISA classification results under different
significance levels.

Table 2. LISA classification statistics under different significance levels.

Classification α = 0.001 α = 0.010 α = 0.050 α = 0.100

No Significant 3139 (99.8410%) 3117 (99.1412%) 2986 (94.9745%) 2832 (90.0763%)
High-High 1 (0.0003%) 10 (0.3181%) 68 (2.1628%) 146 (4.6437%)
Low-Low 2 (0.0636%) 11 (0.3498%) 72 (2.2901%) 134 (4.2621%)
Low-High 1 (0.0318%) 4 (0.1272%) 10 (0.3181%) 20 (0.6361%)
High-Low 1 (0.0318%) 2 (0.0636%) 8 (0.2544%) 12 (0.3816%)

Spatially, significant hotspot counties are primarily concentrated in the eastern coastal
region, the Gulf Coast, and the southwestern United States. Approximately 83.8% of
hotspot counties are located within the MISS (27.9%), PJMW (17.6%), SRCA (19.1%), and
TRE (19.1%) operating regions. These areas are commonly exposed to multiple overlapping
stressors, including frequent extreme weather events (e.g., hurricanes in the MISS region,
cold waves and hurricanes in TRE), aging infrastructure, and high load density.

In contrast, coldspot counties are mainly distributed across the Midwestern and north-
central United States, with 87.5% of coldspots concentrated in seven operating regions.
Among them, SRCE accounts for the largest share (18.1%). Coldspot regions generally
face lower natural hazard risks, exhibit more stable grid operations, and benefit from
higher management efficiency. Consequently, governance strategies in these regions may
emphasize routine maintenance and preventive risk management.

When the significance level is relaxed to α = 0.10 (Figure 4b), the number of
hotspot counties increases to 146, and some regions that were previously not statistically
significant—such as parts of PJMW and SPPS—begin to exhibit hotspot characteristics.
This shift further indicates that power outage complexity in the United States demonstrates
a robust spatial clustering tendency, with high-complexity patterns in certain regions be-
coming increasingly apparent under less restrictive statistical conditions, highlighting
pronounced geographic inequality in outage complexity.

Overall, the spatial analysis reveals strong regional differentiation in power outage
complexity across the United States. High-complexity areas are typically located in regions
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characterized by frequent extreme climate events, dense population and economic activity,
and elevated infrastructure stress, whereas low-complexity areas are more commonly found
in regions with lower disaster risk and relatively stable system operation. This spatial
pattern provides clear policy implications: hotspot regions should prioritize investments
in disaster early warning systems, infrastructure upgrading, and grid recovery capacity,
while coldspot regions may focus on routine infrastructure maintenance and preventive
risk management.

3.3. Trend Analysis of Power Outage Complexity

Based on the Theil–Sen robust regression method, power outage complexity across
the U.S. power grid exhibits a significant upward trend over the period 2015–2024, with
an average slope of 0.00288 (t = 35.41, p < 0.001). The distribution of slope values is
characterized by a right-skewed and sharply peaked heavy-tailed pattern (skewness = 1.58;
kurtosis = 8.23) (Figure 5c), indicating that while a small number of counties experienced
rapid increases in outage complexity (maximum slope = 0.044), the majority exhibited
relatively moderate growth (Figure 5f). This pattern reflects pronounced heterogeneity in
the evolution of outage complexity and suggests that “one-size-fits-all” approaches to grid
resilience enhancement should be avoided. Instead, differentiated governance strategies
are required, with priority regions focusing on disaster resilience enhancement, while other
regions emphasize routine maintenance and management.

Figure 5. Trend analysis of the county-level Power Outage Complexity Index (POCI) in the
United States: (a) Spatial distribution of Theil–Sen slopes of county-level power outage complexity
(2015–2024); (b) Spatial distribution of Theil–Sen slope significance strength of county-level power
outage complexity (2015–2024); (c) Histogram of Theil–Sen slope distribution; (d) Combined distribu-
tion of trend direction and intensity; (e) Bar chart of slope percentiles; (f) Fan chart of power outage
complexity time series for 500 counties; (g) Histogram of annual change rate distribution; (h) Scatter
plot comparing Theil–Sen and OLS regression slopes.
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Further analysis shows that 31.6% (993 counties) experienced a significant increase in
outage complexity, 65.8% (2069 counties) exhibited no significant change, and only 2.6%
(82 counties) showed a decline. Counties with rapid growth are mainly concentrated along
the western coast (California), the Gulf Coast (Texas, Louisiana, Mississippi, and Alabama),
and parts of the eastern United States (Tennessee and Kentucky), where Theil–Sen slopes
exceed 0.020 (Figure 5a). These results indicate that outage complexity in these regions has
intensified markedly over the past decade, requiring grid operators to adopt more flexible
resource allocation and emergency response mechanisms, particularly through targeted
interventions in high-complexity areas.

To further assess the stability and reliability of trends, this study introduces the Trend
Significance Strength (TSS) index, which quantifies trend robustness as the ratio of the
absolute slope to the width of its confidence interval. Among 3135 valid counties, only
7.6% (237 counties) exhibit strong trends (TSS > 100), whereas 67.1% (2102 counties) have
TSS values below 50, indicating that trend estimates for most counties are accompanied
by substantial uncertainty (Figure 5b). Nevertheless, regions such as the western coast,
Texas, and the southern Appalachian area display relatively high TSS values, suggesting
that outage complexity trends in these areas are more systematic and persistent. Notably,
only 0.4% (11 counties) have TSS values exceeding 200, corresponding to extremely strong
trends, while 90% of counties have TSS values below 90.08. These findings highlight that
reliance on slope magnitude alone may be misleading, and that combined evaluation using
TSS provides a more accurate assessment of outage complexity trends, thereby offering
stronger support for differentiated governance strategies.

Percentile-based analysis further confirms the widespread upward trend in out-
age complexity (Figure 5e), with at least 75% of counties exhibiting positive trends
(Cohen’s d = 0.63). High-complexity counties show particularly pronounced trend dy-
namics, especially those characterized by an “increasing–very strong intensity” pattern
(Figure 5d). This indicates that these regions require more precise and proactive governance
measures to cope with escalating outage complexity. Despite considerable fluctuations
in some counties, the overall results demonstrate a systematic increase in power outage
complexity across the United States over the past decade (Figure 5f), reflecting insufficient
adaptability of existing grid governance systems and underscoring the urgent need for
policy adjustments and strengthened emergency response mechanisms.

This study also examines the distribution of year-to-year change rates in outage
complexity over the ten-year period. The mean annual change rate is 2.91%, with a median
of 0.76% and a standard deviation of 16.14% (Figure 5g). The distribution is right-skewed,
indicating generally moderate year-to-year changes punctuated by occasional extreme
fluctuations. This pattern is consistent with the “sharp peak–heavy tail” characteristics
observed in the slope distribution, suggesting that outage complexity evolution reflects
both gradual accumulation and event-driven shocks. Consequently, institutional design
must strike a balance between routine governance and emergency response capacity.

A comparison between Theil–Sen slopes and ordinary least squares (OLS) slopes
reveals a high correlation (r = 0.945, Figure 5h), but with statistically significant dif-
ferences (paired t-test: t = 8.10, p < 0.001) and a mean absolute difference of 0.00097.
Given the pronounced non-normality of the data (Shapiro–Wilk W = 0.891, p < 0.001;
Kolmogorov–Smirnov test p < 0.001), the Theil–Sen method demonstrates superior robust-
ness to extreme values. In particular, it effectively suppresses outlier influence within the
slope range −0.029 to 0.044, making it more suitable for time-series analyses involving
multiple extreme events.

In summary, this study provides robust statistical evidence of a systematic deteri-
oration in power outage complexity across the United States over the past decade, re-
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vealing substantial spatial heterogeneity and strong statistical robustness of the observed
trends. These findings offer a clear empirical basis for developing more adaptive and
responsive power grid governance strategies, highlighting the urgency of institutional and
policy reform.

4. Conclusions and Outlook
This study constructed a Power Outage Complexity Index (POCI) based on four

dimensions—event attributes, external environment, internal system conditions, and social
impacts—to quantify and analyze the multidimensional pressures faced by U.S. counties in
responding to power outage events during 2015–2024. Through a data-driven approach, the
spatiotemporal evolution patterns of outage governance complexity across the U.S. power
grid were systematically revealed. The results indicate that outage complexity in the U.S.
power system has exhibited a significant and systematic upward trend over the past decade,
with pronounced spatial and temporal heterogeneity across regions. Spatial analysis
identified 146 high-complexity hotspot counties, primarily concentrated along the East
and West Coasts, the Gulf Coast, and the Southwestern region, suggesting clear limitations
in the current state-led governance mechanisms when addressing cross-regional risks.
Driver analysis further demonstrates that the social impact and event attribute dimensions
together account for 89.21% of the variation in complexity, with cumulative outage exposure
load, outage event frequency, and the proportion of large-scale events emerging as the
most critical driving factors. These findings highlight the need to shift the governance
focus from solely enhancing technical reliability toward comprehensively managing outage
consequences and their associated social impacts. Overall, the results underscore the
value of POCI as a diagnostic tool for evaluating outage governance difficulty in the U.S.
power grid, providing a new theoretical framework and quantitative instrument to support
resilience enhancement, emergency response optimization, and cross-regional collaborative
governance. The index offers practical guidance for policymakers, grid operators, and
emergency managers to optimize outage governance strategies under resource constraints
and to strengthen overall grid resilience.

This study has certain limitations that warrant further improvement in future research.
First, the supervisory training labels could be replaced with engineering-oriented labels that
are more directly aligned with governance complexity, and counties located near the binary
threshold could be examined through more fine-grained boundary analyses. Second, the
calculation of the POCI is based on ten-year average values of the feature indicators, which
may not fully capture short-term fluctuations induced by extreme events; future studies
could adopt more granular temporal data slices to better reflect transient shocks. Third,
alternative clustering approaches, such as Gaussian Mixture Models, may be employed to
refine the classification of complexity levels.
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Appendix A
Definitions of Power Outage Complexity Indicators:

1. Event attribute complexity (EAC)

(1) Event Frequency (Events)

The total number of valid power outage events identified within a county-year unit,
reflecting the frequency of outage occurrences [33].

Events = Ntotal

where Ntotal is the total number of events meeting the threshold condition (OCR ≥ 0.1%).

(2) Average Outage Rate (AOR)

The average proportion of customers affected across all outage events in a county-year,
reflecting the average impact scale of outages [58].

AOR =
∑
(

Ci,max
Ci,total

)
N

× 100%

where Ci,max is the maximum number of affected customers during event i; Ci,total is the
total number of customers served in the county.

(3) Recovery Rate (RR)

The proportion of customers restored per unit time, reflecting the fault repair efficiency
of the power system [59].

RR =
∑
(

Ci,max
Di

)
N

where Di is the duration (in hours) of event i. The unit of this indicator is customers/hour.

(4) Recovery Stability (RS)

The coefficient of variation (CV) of event durations, reflecting the predictability and
volatility of outage recovery times [60].

RS =
σD
µD

where σD is the standard deviation of outage durations; µD is the mean of outage durations;
CV is the coefficient of variation (dimensionless).

(5) Large-scale Event Ratio (LER)

The proportion of events affecting more than 5% of customers relative to the total
number of events, reflecting the frequency of large-scale outage events [61].

LER =
Nlarge

Ntotal
× 100%

where Nlarge is the total number of events meeting the threshold condition (OCR ≥ 5%).

(6) Long-duration Event Ratio (LDER)
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The proportion of events lasting longer than 8 h relative to the total number of events,
reflecting the frequency of prolonged outages [16].

LDER =
Nlong

Ntotal
× 100%

where Nlong is the number of events with a duration greater than 8 h.

2. External environment complexity (EEC)

(1) Weather-Outage Concurrence (WOC)

The proportion of outage events occurring during extreme weather conditions relative
to the total number of events, reflecting the direct driving effect of meteorological hazards
on power outages [62].

WOC =
Nweather

Ntotal
× 100%

where Nweather is the number of outage events spatiotemporally overlapping with recorded
extreme weather. Overlap condition: an NWS-recorded extreme weather event occurred in
the county during the outage event period.

(2) Meteorological Stress Intensity (MSI)

The cumulative weighted impact of extreme weather on outage events, considering
weather type, intensity, and degree of temporal overlap [63].

MSI =
∑[∑(Ik × Severityi,k × Overlapi,k)]

N

where i is the event index; k is the weather type index (belonging to the 24 types of extreme
weather defined in this study); Ik indicates whether the k-th type of weather occurred
(1 = True, 0 = False); Severityi,k is the intensity level of the weather (grades 1–5); Overlapi,k
is the proportion of temporal overlap (0–1).

(3) Multi-hazard Exposure (MHE)

The number of distinct extreme weather types experienced in a county-year, reflecting
the diversity of compound hazard exposure [64].

MHE = |{Typek|k ∈ extreme weather events}|

where |·| denotes the cardinality of the set, i.e., the count of unique elements; Typek denotes
the type of the k-th weather event.

(4) Seasonal Concentration (SC)

The degree of unevenness in the seasonal distribution of outage events measured
using the Gini coefficient, reflecting the seasonal clustering characteristics of outages [65].

SC =
∑i ∑j

∣∣xi − xj
∣∣

2n2 × µ

where xi, xj are the numbers of outage events in the i-th and j-th quarters, respectively;
n = 4 (number of quarters); µ is the average number of events per quarter. This indicator
ranges from [0, 1].

(5) Weather Warning Coverage (WWC)

https://doi.org/10.3390/en19051252

https://doi.org/10.3390/en19051252


Energies 2026, 19, 1252 22 of 28

The proportion of outage events for which meteorological warnings were issued in
advance, reflecting the effectiveness and foresight of the warning system [66].

WWC =
Nwarned
Ntotal

× 100%

where Nwarned is the number of events for which an NWS warning was issued within 24 h
prior to the event occurrence.

3. Internal system complexity (ISC)

(1) Renewable Penetration Rate (RPR)

The proportion of installed wind and solar renewable energy capacity to the total
installed capacity, reflecting the degree of renewable integration in the energy mix [8].

RPR =
Capwind + Capsolar

Captotal
× 100%

where Capwind is the installed wind power capacity (MW); Capsolar is the installed photo-
voltaic capacity (MW); Captotal is the total installed capacity (MW).

(2) Generation Volatility (GV)

The coefficient of variation of monthly renewable energy generation, reflecting the
stability and seasonal fluctuation of power supply [8].

GV =
σgen

µgen

where σgen is the standard deviation of monthly generation over 12 months (MWh); µgen is
the mean of monthly generation over 12 months (MWh).

(3) Infrastructure Aging Index (IAI)

The weighted average operational age of power generation facilities, reflecting the
aging degree of grid infrastructure [67].

IAI =
∑n

i=0(Agei × Capi)

∑n
i=0(Capi)

where Agei is the operational age (in years) of the i-th generating unit; Capi is the installed
capacity (MW) of the i-th generating unit. The operational age is calculated as the current
year minus the commissioning year.

(4) Peak-hour Outage Ratio (PHOR)

The proportion of outage events occurring during peak electricity demand periods,
reflecting system vulnerability under high-load conditions [68].

POR =

( Npeak

Ntotal

)
× 100%

where Npeak is the number of outage events whose start time falls within peak hours
(7:00–9:00 and 17:00–21:00 on weekdays).

(5) Distribution Automation Rate (DAR)

The proportion of customers equipped with smart meters, reflecting the modernization
and intelligence level of the distribution network [47].

DAR =
Nsmart

Ntotal
× 100%
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where Nsmart is the number of customers with smart meters installed.

(6) Demand Response Capability (DCI)

The ratio of the actual peak load reduction capacity achieved through demand-side
management to its potential under emergency conditions [69].

DRC =
Actualpeak

Potentialpeak

where Actualpeak is the actual peak shaving capacity achieved in the county (MW);
Potentialpeak is the potential peak shaving capacity in the county (MW). This indicator
ranges from [0, 1]. A DRC = 1 indicates fully realized demand response capability (actual
reduction meets potential), while DRC = 0 indicates no realization (no actual reduction or
no potential).

(7) Number of Power Supply Units (NPSU)

The number of distribution entities providing electricity service within a county, reflect-
ing the diversity of service providers and the complexity of the management structure [47].

NPSU = Count(Power Supply Units)

where “Power Supply Units” refer to the distribution service providers supplying electricity
to the county. The indicator value is obtained by counting their number.

4. Social impact complexity (SIC)

(1) Cumulative Outage Exposure Burden (COEB)

The cumulative customer-outage time burden within a county-year unit, standardized
as per capita annual outage exposure hours [16].

COBE =
∑event Cout,event × ∆tevent

Ctotal × 8760
× 1000

where Cout,event is the number of customers affected by the outage event; Ctotal is the total
number of customers in the county for that year; ∆tevent is the duration of the event (hours);
8760 is the total number of hours in a year.

(2) Population Density Weighted Exposure (PDWE) [70]

PDWE = max
(

PDWEday, PDWEnight

)

PDWEday =
Eday,pop

AREASQMI
× AORday,time × (1 + RPL_THEMES)

PDWEnight =
Etot,pop

AREASQMI
× AORnight,time × (1 + RPL_THEMES)

where Eday,pop is the daytime population; Etot,pop is the total resident population;
AREASQMI is the county area (square miles); AORday,time and AORnight,time are the av-
erage outage rates for events occurring during daytime and nighttime, respectively;
RPL_THEMES is the overall social vulnerability ranking from the CDC SVI (reflecting
“under the same density, higher SVI areas pose higher risk”).

(3) Social Vulnerability Exposure Intensity (SVEI)
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Integrates the nonlinear relationship between the Social Vulnerability Index and outage
impact, reflecting the comprehensive exposure risk of vulnerable populations to power
outages [71].

SVEI = RPL_THEMES × Γ(AOR)

where Γ(x) = 1 − e−kx representing the exposure impact factor for outage effects, with the
nonlinear function capturing threshold effects. In this study, k = 2.

(4) Economic Activity Disruption Intensity (EADI)

Estimates the potential economic output loss intensity per capita based on income and
outage parameters [72].

EADI = E_PCI × AOR × AD × (1 + EP_POV)

where E_PCI (Per Capita Income Estimate) is the estimated per capita income ($/person);
AD is the average outage duration (hours) for the county; EP_POV (Percentage of Persons
Below Poverty Estimate) is the estimated poverty rate for the county.

Appendix B

Table A1. Comparison of Core Performance Metrics Across Machine Learning Models.

Model F1 Score Accuracy Precision Recall AUC-ROC

XGBoost (this study) 0.9539 0.9539 0.9524 0.9554 0.9933
AdaBoost 0.9502 0.9507 0.9579 0.9427 0.9919

Random Forest (RF) 0.9459 0.9459 0.9459 0.9459 0.9919
Support Vector Machine (SVM) 0.9148 0.9141 0.9062 0.9236 0.9753

Logistic Regression (LR, baseline) 0.8234 0.8317 0.8276 0.8192 0.8912

Appendix C
Supplementary Tables of Core Indicators under Multi-Threshold Schemes.
Note: This appendix provides additional details of the label-threshold robustness

analysis that are not fully presented in the main text. All analyses maintain the same model
structure, hyperparameters, training logic, and data specifications as the baseline (median)
scheme to ensure the unbiased nature of the validation results.

Table A2. Complete Model Classification Performance under Different Threshold Schemes.

Performance Metric 50/50 Baseline Scheme 40/60 Scheme 60/40 Scheme

Accuracy 0.9539 0.9523 0.9316
Precision 0.9524 0.9554 0.9231

Recall 0.9554 0.9655 0.9048
F1 Score 0.9539 0.9604 0.9138

AUC-ROC 0.9933 0.9910 0.9813

Table A3. Complete Comparison of Top 10 Feature Rankings under Different Threshold Schemes.

Rank 50/50 Scheme 40/60 Scheme 60/40 Scheme

1 COEB COEB COEB

2 Events Events Events

3 LER LER LER

4 SVEI AOR AOR

5 AOR SVEI EADI
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Table A3. Cont.

Rank 50/50 Scheme 40/60 Scheme 60/40 Scheme

6 EADI EADI LDER

7 LDER DCI RR

8 WWC LDER WOC

9 SC RR MSI

10 DCI MSI NPSU
The same color indicates the metrics that appear identically across the three threshold schemes.

Appendix D

Table A4. Comparison of Core Model Performance with and Without Resampling.

Performance Metric With SMOTE + Tomek Links Without Resampling Change

F1 Score 0.9539 0.9487 +0.52%
Accuracy 0.9539 0.9493 +0.46%
Precision 0.9524 0.9448 +0.76%

Recall 0.9554 0.9526 +0.28%
AUC-ROC 0.9933 0.9918 +0.15%

Appendix E

Table A5. Optimized Hyperparameters of the XGBoost Model.

Hyperparameter Search Range Final Value Description

n_estimators [100, 200, 300, 400, 500] 500 Number of weak
learners (trees)

max_depth [3, 5, 7, 9, 11] 7
Maximum tree depth
(controls
model complexity)

learning_rate [0.01, 0.05, 0.1, 0.2] 0.05 Learning rate (step
size shrinkage)

subsample [0.6, 0.7, 0.8, 0.9, 1.0] 0.9 Sample ratio per tree

colsample_bytree [0.6, 0.7, 0.8, 0.9, 1.0] 0.7 Feature sampling ratio
per tree

min_child_weight [1, 3, 5, 7] 1
Minimum sum of
instance weight in a
child node

gamma [0, 0.1, 0.2, 0.3] 0.1 Minimum loss reduction
required for a split

reg_alpha [0, 0.1, 1, 10] 0.1 L1
regularization coefficient

reg_lambda [1, 1.5, 2, 3] 1.5 L2
regularization coefficient
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