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Abstract. Regional seismic risk assessments are typically performed through bottom-up approaches.
This approach provides high-resolution responses but often overlooks macroscopic patterns underly-
ing the regional behavior. Moreover, modeling uncertainties and their compounded effects, as well
as the interdependencies between hazard and structural performance, further complicate the identi-
fication of emergent collective behaviors. We propose a complementary top-down perspective that
characterizes regional-scale seismic behavior using concepts from statistical physics. Within a prob-
abilistic simulation framework, we augment conventional models by introducing an additional epis-
temic uncertainty term to represent model incompleteness. Applying the framework to the residential
building portfolio in Milpitas, California, comprising 13,049 buildings, we construct a phase diagram
that summarizes regional seismic behavior in a hazard–uncertainty space, with earthquake magnitude
and epistemic uncertainty as coordinate axes. Two main findings emerge: (1) a discontinuous phase
transition, representing an abrupt shift from a collective safe state to a collective failure state, oc-
curs as the magnitude exceeds a critical threshold; and (2) a continuous phase transition, where the
statistical distribution of system-level losses evolves smoothly from a bimodal to a unimodal distri-
bution as epistemic uncertainty grows. Mapping these findings onto a classical statistical physics
model clarifies how correlation, heterogeneity, and uncertainty govern systemic fragility: correlations
buffer minor hazards but trigger a ‘brittle systemic collapse’ under larger events; structural diversity
enhances ‘global ductility’; and excessive epistemic uncertainty blurs the phase boundary, potentially
leading to a misrepresentation of regional seismic risk. This study advances a high-level understand-
ing of regional seismic risk by revealing collective behaviors and phase transitions, complementing
detailed bottom-up simulations and informing system-level resilience strategies.
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1 INTRODUCTION

Understanding and mitigating the impact of earthquakes on civil infrastructure systems is an urgent
challenge that demands systematic and scalable approaches. Current regional-scale seismic risk as-
sessment methods primarily rely on bottom-up simulation models, such as scenario- and component-
based approaches, which predict the responses of individual components under specific hazard sce-
narios and aggregate these results to estimate system-level performance [1, 2]. While these methods
offer high-resolution predictions, they are computationally intensive, limiting their scalability, par-
ticularly given that regional analyses often involve millions of components. Moreover, bottom-up
approaches make it difficult to extract macroscopic patterns across numerous simulations, rendering
them insufficient for intelligible regional risk analysis and for developing comprehensive seismic risk
mitigation strategies.

As a complementary paradigm, a top-down approach seeks to understand regional seismic re-
sponses through governing principles and universal macroscopic patterns. For example, if structural
damage states are independent across a region, the Central Limit Theorem (CLT) applies, indicating
that a global risk metric based on the sum of individual damage states would converge to a Gaussian
distribution without the need for numerous simulations. However, when correlations between dam-
age states are considered, the CLT no longer holds, and collective behaviors deviating from Gaussian
distributions can emerge. With the growing emphasis on regional-scale risk assessment for earth-
quakes, systematically characterizing these collective responses across different earthquake scenarios
becomes essential, offering a high-level perspective that complements traditional component- and
scenario-based simulations.

The emergence of collective behavior is a traditional province of statistical physics [3]. In that dis-
cipline, universal patterns that emerge regardless of the microscopic details of a system are of primary
interest, including phase transitions of matter. The complex nature of regional seismic responses, aris-
ing from both geological complexity and structural randomness, suggests the potential applicability
of a statistical physics perspective to regional seismic risk analysis. In fact, Oh et al. (2024) recently
showed that the Ising model, a seminal model in statistical physics, can be adapted to describe re-
gional seismic responses by treating the damage state of each structure as a spin and the seismic
hazard as an external magnetic field [4].

To capture such collective behavior, regional-scale correlations have been proposed between seis-
mic intensities [5] and among structures of expected similar performance [1]. Beyond correlations
of the physical phenomena, effects from modeling uncertainties have been shown to also induce cor-
related modifications in performance estimates. For example, Rincon and Padgett (2025) showed
that varying levels of knowledge about the structural fragility of exposed systems (due to modeling
uncertainty or incompleteness) induce a compounded effect over the regional-scale outcomes [6].

Building on these insights, this study investigates collective behavior and phase transitions in re-
gional seismic responses through the lens of statistical physics. Using a probabilistic simulation
framework applied to a residential building portfolio in Milpitas, California, we systematically vary
earthquake magnitude and model uncertainty to uncover emergent macroscopic patterns. The result-
ing diagram, which summarizes regional seismic responses across these two variables, reveals both
discontinuous and continuous phase transitions, closely resembling the behavior of classical statistical
physics models, such as the Ising model. These findings offer a new perspective on regional seismic
risk and underscore the potential of statistical physics methods for understanding and managing sys-
temic vulnerabilities in civil infrastructure systems.
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2 REGIONAL-SCALE SEISMIC SIMULATION

This study adopts the concept of a safety margin X to describe seismic responses, defined as
X = C − D, where C and D are the capacity and demand vectors, respectively. Each element of
X quantifies how far an individual structure is from failure, with negative values denoting failure and
positive values denoting survival. In practice, the safety margin is often expressed in logarithmic form,
X = lnC − lnD, where C and D are functions of either intensity measures (IMs) or engineering
demand parameters (EDPs). This section first presents the modeling approaches for seismic demand
and structural capacity, and then introduces the overall framework built upon these models.

2.1 Demand modeling

Seismic demand modeling can be performed using various methods, including ground motion pre-
diction equations (GMPEs), which estimate IMs at different sites for a given earthquake scenario [7].
Structural EDPs can also serve as demand measures by combining GMPEs with IM–EDP regression
models that predict EDPs from given IMs [8, 9]. Nonlinear time history analysis of structural models
subjected to ground motions provides another approach for estimating accurate EDPs. Advances in
computational resources have also enabled physics-based ground motion simulations incorporating
wave propagation through finite element analysis [10, 11]. However, applying such simulations at
a regional scale, involving tens of thousands of structures, remains computationally prohibitive for
individual researchers. Consequently, this study adopts the conventional GMPE-based approach to
estimate seismic demand across structural locations, using peak ground acceleration (PGA) as the
demand measure.

The ground motion IM at site i under earthquake scenario j is typically modeled as

ln (IMij) = ln
(
IM ij

)
+ σεij + τηj (1)

where IMij denotes the IM at site i due to earthquake j, and IM ij is the median IM predicted by
a GMPE, which depends on earthquake characteristics such as magnitude, distance, spectral period,
and local site conditions. The terms εij and ηj represent the normalized intra-event and inter-event
residuals, respectively, and are both assumed to follow standard normal distributions with zero mean
and unit standard deviation. The corresponding standard deviation terms, σ and τ , quantify the vari-
ability within and between events, respectively. These coefficients typically depend on the spectral
period and may also vary with earthquake magnitude and the distance from the rupture to the site.
The term σεij is known as the intra-event residual, while τηj represents the inter-event residual. As
indicated by the absence of the site index i, the inter-event residual ηj is constant across all sites sub-
jected to the same earthquake scenario. In addition, to account for the correlation between the IMs
across different sites, the correlation between the intra-event residuals, ρεi1jεi2j , is calculated as

ρεi1jεi2j(h) = exp (−3h/R) (2)

as proposed by Jayaram and Baker (2009) [5], where h denotes the distance in kilometers between
sites i1 and i2, and R is a parameter that controls the rate at which spatial correlation decays with
distance, for which a value of R = 8.5 is adopted in this study based on PGA.

The GMPE proposed by Atkinson and Boore (1995) [12] is adopted in this study to estimate the
median IM values, IM ij , at different sites. The model takes the following form:

log
(
IM ij

)
= c1 + c2 (Mw − 6) + c3 (Mw − 6)2 − logR− c4R (3)
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where Mw is the earthquake moment magnitude, R denotes the hypocentral distance, and c1 through
c4 are empirically determined regression coefficients. The model also provides recommended values
for the inter-event and intra-event standard deviations, τ and σ, which depend on the specific IM of
interest. In this study, the values c1 = 3.79, c2 = 0.298, c3 = −0.0536, c4 = 0.00135, τ = 0.18,
and σ = 0.20 are adopted, corresponding to PGA. The soil amplification factor of 2 is also adopted
to account for site effects associated with the soil conditions of the target region, which is detailed in
Section 3.

2.2 Capacity modeling

For structural capacity, the nominal values specified in design codes or guidelines are typically
used. These values are derived through a combination of empirical data, analytical modeling, and
expert judgment [13, 14, 15]. In many cases, such codes and guidelines also provide fragility curves
for different structural types, which effectively represent the distribution of structural capacity around
the nominal value. These curves estimate the probability of failure, or the exceeding probability for
a specified damage state, for a given IM or EDP. Specifically, a fragility curve is commonly modeled
using a lognormal distribution as follows:

P (DS ≥ dsi | D = d) = Φ

(
ln d− ln θi

βi

)
(4)

where dsi denotes the i-th damage state, D is the seismic demand at the location of the structure, Φ(·)
is the standard normal cumulative distribution function, θi is the median demand causing damage
state dsi or greater, and βi is the logarithmic standard deviation representing the uncertainty in that
threshold. Note that the fragility expression in Eq. (4) can be equivalently interpreted in terms of
structural capacity as [16]

P (DS ≥ dsi | D = d) = P (Ci < D) (5)

where Ci represents the structural capacity associated with the i-th damage state and is assumed
to follow a lognormal distribution with median θi and logarithmic standard deviation βi, i.e., Ci ∼
LN (θi, βi). In case when only the binary states of a structure, i.e., failure and non-failure, are of
interest rather than detailed performance states, we may exclude the subscript i, leading to

C ∼ LN (θ, β) , (6)

where the definition of failure depends on a particular damage state of interest.
While fragility curves for individual structures have been extensively developed over decades of

research, relatively fewer studies have explored the extension of fragility curve-based approaches to
groups of structures or investigated the correlation of structural capacities [1, 17]. Building on the
framework proposed by Baker et al. (2024), which decomposes variability in structural component-
level capacity into multiple sources and models correlation arising from common source effects by
assigning weights to each source [18], this study proposes to decompose the structure-level capacity
as follows:

lnC = ln θ + β
(√

wdep · εdep +
√
windεind

)
(7)

where wdep is a weight vector associated with sources of correlation, √wdep denotes the vector whose
components are the element-wise square roots of the entries in wdep, and εdep is a multivariate stan-
dard normal random vector. Their dot product, √wdep · εdep, captures the correlated component of
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structural capacities. The second term inside parentheses,
√
windεind, represents the structure-specific

variability, quantifying how independent a structural capacity is relative to others. Here, wind is the
weight assigned to the independent source, and εind is a standard normal random variable. Note that
the sum of the elements in wdep and wind should equal one to ensure that the total standard deviation
of lnC remains β, as specified in Eq. (6).

For the sake of illustrating its use, we present the application of the correlation model for building
portfolios. Considering the accessible building inventory information, this study adopts the following
sources of uncertainty: design code level wcode, structural properties (including structural material and
structural type) wstr, occupancy class wocc, and number of stories wnum. The corresponding weights
are defined as

wdep = [wcode, wstr, wocc, wnum, wind]
T = [0.15, 0.3, 0.05, 0.35, 0.15]T. (8)

During capacities’ sampling, each simulation shares the same εdep values across all structures influ-
enced by the same uncertainty sources; additionally, independent values εind are sampled individually
for each structure. For example, if two structures share the same design code level and structural
properties but differ in occupancy class and number of stories, they will share the same εcode and εstr

values in each simulation. This approach introduces correlation among the capacities by linking them
through the shared components.

2.3 Framework formulation considering uncertainty

As described in Sections 2.1 to 2.2, this study adopts a GMPE-based approach to estimate seismic
demand and a fragility curve-based approach to simulate structural capacity. Since both approaches
assume that the logarithmic values of demand and capacity follow Gaussian distributions, the safety
margin, defined as X = lnC − lnD, also follows a Gaussian distribution:

X ∼ N (µX , ΣX) (9)

where µX and ΣX denote the mean vector and covariance matrix of X , respectively. These can be
expressed in terms of the statistics of the logarithmic capacity lnC and demand lnD as

µX = µC − µD, ΣX = ΣC +ΣD, (10)

assuming that C and D are independent. Here, µC and ΣC represent the mean vector and the covari-
ance matrix of the logarithmic capacity, respectively, and are obtained from Eq. (7), while µD and
ΣD denote the corresponding statistics of logarithmic demand, computed using Eq. (1). While the
Gaussian distribution in Eq. (9) arises directly from the normality assumptions made for capacity and
demand modeling approaches adopted, the assumption remains reasonable in most practical applica-
tions. This is because the Gaussian distribution is the least biased distribution when prior knowledge
is limited to the second-order central moments, i.e., the mean vector and the covariance matrix [19].

Although the realism of the overall framework represented by Eq. (9) can be improved by con-
ducting a detailed examination of both capacity and demand models and refining their associated
statistics, it still possesses inherent incompleteness. For instance, when fragility curves derived from
HAZUS-MH 5.1 are used, the statistical properties embedded in those curves are limited to the struc-
tural characteristics (e.g., material, structural type, design code level, number of stories) considered
during their development, which may not fully represent all factors influencing the behavior of real
structures. Similarly, when seismic demand is estimated using a GMPE, the prediction is based
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on the seismological parameters incorporated in the GMPE (e.g., magnitude, hypocentral distance,
soil type), which often fail to capture the full complexity of ground motion. Moreover, these two
submodels are integrated for regional analysis, creating complex interactions of the modeling uncer-
tainties [6].

To account for the inherent incompleteness of the modeling framework, an additional uncertainty
term is introduced into the safety margin as follows:

X ∼ N
(
µX , ΣX + σ2

0I
)
, (11)

where σ0 represents the level of uncertainty arising from the incompleteness of the modeling frame-
work, and I is the identity matrix, reflecting the lack of information about potential correlations in
this uncertainty across different components. This additive term collectively captures the limitations
of both the demand and capacity models. Incorporating broader structural and seismological charac-
teristics may help reduce σ0 by improving the completeness of the overall model. Notably, the case
of σ0 = 0 implies that the framework fully accounts for all relevant aspects of the problem, thereby
enabling the recovery of the ground truth through the reduction of epistemic uncertainty within it.
The regional-scale seismic simulation can then be performed by generating the safety margin vector
and assigning binary damage states based on its values: failure if Xi < 0 and non-failure if Xi > 0,
where i denotes the index of structures. Section 3 shows how this framework is applied to simulate
regional-scale seismic responses and to discover collective behavior emerging from them.

3 COLLECTIVE BEHAVIOR OBSERVED IN REGIONAL SEISMIC RESPONSES

This section applies the framework illustrated in Section 2 to Milpitas, California. This city is
predominantly a residential area in the southern part of the San Francisco Bay Area (Figure 1). A
total of 13,049 residential buildings are selected from 14,280 buildings in the city to demonstrate how
the residential buildings respond to earthquakes in a collective sense.

Figure 1: Target region: Milpitas, California. A total of 13,049 residential buildings are selected from
14,280 buildings in the city to demonstrate collective behavior in a residential area.

The building inventory data is retrieved from the DesignSafe Data Depot [20]. This dataset in-
cludes information such as geographical location, number of stories, year built, occupancy class,
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structural type, and repair cost. A PGA-based fragility curve for the moderate damage state is used,
with parameters adopted from HAZUS-MH 5.1 [13], which categorizes buildings based on structural
type, number of stories (low-, mid-, and high-rise), and year built (pre-, low-, moderate-, and high-
code). The GMPE parameters are adopted from the literature [5, 12], as described in Section 2.1.
The earthquake is assumed to originate from a point source with an epicenter located on the Hayward
Fault (see the left plot in Figure 1) at a depth of 10 km.

To quantify regional risk for each simulation, two global metrics are used: the failure fraction and
the total repair cost. The failure fraction is defined as the proportion of buildings reaching or exceed-
ing the moderate damage state, while the total repair cost is calculated as the sum of the repair costs
of the failed buildings, assuming that the repair costs retrieved from the DesignSafe Data Depot [20]
correspond to the moderate damage state. The following sections explore two distinct types of col-
lective behavior by varying the earthquake magnitude Mw and the uncertainty level of the analysis
framework σ0. For each (Mw, σ0) analysis scenario, a total of 10,000 simulations are conducted.

3.1 Collective behavior across earthquake magnitudes

To investigate how the residential building portfolio in the target region behaves under different
earthquake magnitudes, simulations are conducted across 51 different Mw values, ranging from 3.0
to 8.0 in increments of 0.1. No additional uncertainty is considered in this demonstration (i.e., σ0 =
0), under the assumption that the current modeling framework sufficiently accounts for the relevant
factors governing regional seismic responses.

Figure 2 illustrates the collective behavior exhibited by the target region under varying earthquake
magnitudes. The color indicates the maximum-normalized number of simulations. Each plot can be
effectively interpreted as an aggregation of histograms at different magnitude values. Notably, two
isolated red islands in the lower left and upper right of both plots, Figures 2a and 2b, signify an abrupt
transition from a collective safe state to a collective failure state. This abrupt transition is due to the
correlation between the damage states of buildings, as confirmed by comparison with the independent
case shown in Figure 2c. Figure 2c is obtained following the same procedures as for Figure 2a, but
under the independence assumption between building damage states (i.e., ΣX is a diagonal matrix),
where the transition from a collective safe state to a collective failure state occurs smoothly without
discontinuity.

(a) (b) (c)

Figure 2: Collective behavior exhibited in (a) the failure fraction and (b) the total repair cost under
varying earthquake magnitudes. The case of independent damage states is shown in (c) for compari-
son.
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3.2 Collective behavior across uncertainty levels

This section explores the collective behavior associated with the uncertainty inherent in the analysis
framework by varying σ0 from 0.0 to 5.0 in increments of 0.1, while keeping Mw fixed. Although any
earthquake magnitude could be used, Mw = 5.36 is chosen as it marks the transition from a collective
safe state to a collective failure state (see Figure 2). All other experimental settings are identical to
those described in Section 3.1.

The outcomes under varying uncertainty levels are illustrated in Figure 3. To improve visualiza-
tion, only the σ0 range of [0.0, 3.0] is shown, extracted from the full range of [0.0, 5.0]. Notably, in
Figure 3a, the failure fraction exhibits two peaks at the extremes (0.0 and 1.0) at low uncertainty,
indicating a bimodal distribution under low uncertainty levels, which then smoothly transitions to a
unimodal distribution as uncertainty increases. A similar trend is observed in the total repair cost
(Figure 3b), although it appears weaker due to additional incoherency across building repair costs.
The polarization of the failure fraction at low uncertainty is attributed to the correlation between the
damage states, which causes the portfolio to be collectively safe or failed. At a certain magnitude
(around Mw = 5.36 in this example), seismic demands and capacities balance, thus the probabilities
of a collective safe state and a collective failure state become comparable.

The emergence of a unimodal distribution can be explained by the Central Limit Theorem (CLT);
as uncertainty increases, the safety margins (and thus the corresponding damage states) become in-
creasingly independent (see Eq. (9)), and the CLT applies to the failure fraction that essentially rep-
resents the normalized sum of the damage states. Indeed, when damage states are assumed to be
independent, as shown in Figure 3c, the CLT holds across all uncertainty levels, and the distribution
remains effectively constant as a Gaussian distribution centered at a failure fraction equals 0.5.

(a) (b) (c)

Figure 3: Collective behavior exhibited in (a) the failure fraction and (b) the total repair cost under
varying uncertainty. The case of independent damage states is shown in (c) for comparison.

3.3 Phase diagram for the target region

Building on the collective behaviors described in the previous sections, this section introduces a
phase diagram for the target region under seismic hazards. For each (Mw, σ0) pair, where Mw ∈
[3.0, 8.0] and σ0 ∈ [0.0, 5.0], 10,000 simulations are conducted, resulting in a total of 51 × 51 ×
10,000 = 26,010,000 simulations. To enhance visualization, only the peak values from the heat maps
(e.g., Figures 2a and 3a) are extracted and stacked to construct the phase diagram. In other words,
each point in the diagram represents the mode (i.e., the most probable value) of the 10,000 simulations
under a given (Mw, σ0) scenario.
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The phase diagram is shown in three dimensions in Figure 4a and summarized in two dimensions
in Figure 4b. Note that the cross-sections of Figure 4a along the planes σ0 = 0 and Mw = 5.36
effectively represent Figures 2a and 3a, respectively. In the phase diagrams, redder areas denote
scenarios closer to a collective failure state, while bluer areas correspond to collective safe states. The
white area separating the red and blue areas along σ0 ∈ [0, 0.5] in Figure 4b represents the phase
boundary between the two states.

(a) (b)

Figure 4: Phase diagram illustrating the seismic response of residential buildings in Milpitas, Califor-
nia, shown in (a) three dimensions and (b) two dimensions.

This phase diagram suggests valuable insights into regional-scale seismic responses. First, corre-
lation makes the system brittle; while it buffers against small hazards, it can trigger a system-wide
failure under large hazards. Second, improving the reliability of individual buildings does not nec-
essarily enhance overall system ductility. Instead, increasing heterogeneity among structures (e.g.,
diverse structural types, occupancy classes, and construction practices) can mitigate the effects of
correlated damage states and support more resilient community design. Finally, a narrow modeling
framework that incorporates only limited information on hazard and structural performance may lead
to significant misrepresentation of seismic risk. It is therefore important to maintain uncertainty below
a certain threshold, beyond which the statistical properties of global resilience metrics may change
fundamentally. In particular, the transition magnitude separating the collective safe and failure states
is critical for seismic risk evaluation, but large uncertainty can obscure its identification.

4 STATISTICAL PHYSICS INTERPRETATION OF THE COLLECTIVE BEHAVIOR

This section interprets the collective behaviors observed in Section 3 through the lens of statistical
physics. While the Ising model, a seminal framework for studying critical phenomena and phase
transitions, is adopted here, the insights are not limited to this specific model. The Ising model was
originally conceived to explain ferromagnetism using binary spins (up and down) [3], and its phase
diagram is shown in Figure 5. At low temperatures, magnetization, a global metric of the model,
increases abruptly as the external magnetic field crosses zero, while at high temperatures, it increases
gradually. This behavior is known as a discontinuous phase transition, reflecting the discontinuity
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at the transition point. More interestingly, when the external magnetic field is zero, magnetization
remains zero at high temperatures but spontaneously shifts to either +1 or −1 as the temperature
drops below a critical value. This phenomenon, called spontaneous symmetry breaking, indicates
that the system’s inherent symmetry under zero magnetic field is broken due to thermal fluctuations.
The associated transition is a continuous phase transition, where no abrupt jump in the global metric
occurs, but the fundamental nature of the system changes.

(a) (b)

Figure 5: Phase diagram of the Ising model shown in (a) three and (b) two dimensions. The black dot
denotes the critical point at which a continuous phase transition occurs with respect to temperature,
beyond which a discontinuous phase transition no longer occurs with respect to magnetic field.

Remarkably, the phase diagram of the Ising model shows both visual and conceptual similarities
to that of the residential buildings in Milpitas (Figure 4). This correspondence suggests that the
collective behaviors identified in Section 3 are indeed phase transitions that occur under varying
earthquake magnitudes and uncertainty levels. The analogy between portfolios and systems studied in
statistical physics offers significant insights into the understanding of regional seismic risk, including:

• At the critical point, a system exhibits scale invariance [3]; viewing the system at different
scales yields statistically identical results. In the context of regional seismic risk analysis, this
scale invariance may suggest the potential effectiveness of uniform risk management strategies
across decision-making entities of different sizes.

• The critical temperature where the system reaches the critical point can be approximately cal-
culated using a statistical physics method known as the Landau free energy approximation [3].
Applying this method to regional seismic risk analysis enables quantification of the critical un-
certainty level, providing a clearer understanding of how to assess regional seismic risk within
a reliable range and avoid fundamental misrepresentation.

• At the discontinuous phase transition, the susceptibility, defined as the sensitivity of the sys-
tem’s response to changes in external excitation, diverges [3]. This phenomenon may imply a
sharp decline in a global resilience metric resulting from a slight increase in earthquake inten-
sity, manifesting the abrupt safe-to-failure collective transition in Figures 2a and 2b.
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5 CONCLUSIONS

This study demonstrates that regional seismic responses exhibit coherent macroscopic patterns
and distinct phase transitions, which are not apparent in bottom-up, component- and scenario-specific
simulations. By augmenting a probabilistic regional-scale framework with an epistemic-uncertainty
term that reflects model incompleteness, we showed that two control variables, i.e., earthquake mag-
nitude and uncertainty, drive discontinuous and continuous transitions in system-level risk metrics.
The discontinuous transition manifests as an abrupt shift from a collective safe state to a collective
failure state, whereas the continuous transition emerges as progressive, yet fundamental, changes in
the underlying statistics of global performance measures as uncertainty grows. The resulting phase
diagram summarizes these phenomena in a compact, intuitive map in hazard–uncertainty space.

Interpreting these phenomena through the lens of the Ising model clarifies the roles of correlation,
heterogeneity, and epistemic uncertainty in shaping systemic fragility. Correlation between building
capacities and demands is a double-edged sword: it buffers losses under weak hazard intensity yet
triggers brittle, system-wide failure once a critical magnitude is surpassed. Increasing the diversity
of the building portfolio, and thereby reducing the correlation of damage states, may be more ef-
fective in preventing brittle, system-wide failure than incrementally upgrading individual buildings.
Moreover, increasing epistemic uncertainty blurs the phase boundary between collective safe and col-
lective failure states, underscoring the importance of a comprehensive modeling framework to prevent
misrepresentation of regional risk.

Beyond the specific case study, our findings highlight the value of incorporating statistical-physics
concepts, such as phase diagrams and critical phenomena, into performance-based earthquake en-
gineering. These tools provide rapid, top-down insights into how local details scale up to regional
consequences, complementing detailed simulations. Future work will (1) incorporate physics-based
ground-motion and structural simulations to examine the generality of the observed collective behav-
iors and (2) explore renormalization group techniques, methods from statistical physics conceived
to uncover universal patterns from microscopic details across scales, to identify scale-invariant mit-
igation strategies that are effective across diverse decision-making entities. Integrating a top-down
statistical-physics perspective with conventional agent-based simulations offers a complementary and
comprehensive pathway toward enhancing the seismic resilience of communities.
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