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ABSTRACT

Conventional earthquake impact assessments often rely on broad assumptions and simplified models, which intro-

duce significant uncertainty into building damage predictions. Although recent advances in machine learning,

detailed building inventories, and low-cost sensors have created opportunities for more refined analyses, these tools

have not yet been comprehensively evaluated at the portfolio scale. To address this gap, this study presents a digital

twin framework validated through comprehensive virtual experiments. The proposed system is designed to integrate

ML-based damage data with real-time sensor data, thereby reducing the bias and uncertainty inherent in traditional

methods. The approach is demonstrated through the development of a detailed digital twin of the Alvalade parish in

Lisbon, Portugal, where advanced simulations were used to evaluate building responses under earthquake scenarios.

Sensor placement strategies were also examined to further minimize uncertainty. Results from this computational

validation demonstrate the theoretical potential for digital twins to substantially improve damage assessment

accuracy, providing a framework for future real-world implementation and operational deployment.

1 | Introduction

The increasing number of people and assets in urban areas worldwide, together with the growing severity and impact of
natural hazards, underscores a vital and increasing need for advanced and precise methods to evaluate and manage urban
seismic risk. As of 2025, approximately 56% of the global population resides in urban areas, a figure projected to rise to
68% by 2050, adding around 2.5 billion people to urban centers, predominantly in Asia and Africa (He et al. 2021). This
rapid urban growth often results in the spread of informal settlements and the construction of buildings that may not
meet seismic safety standards, which increases their vulnerability to earthquakes (Giordano et al. 2023; Ozsarac et al.
2025).

Conventional seismic risk assessment methods largely rely on regional ground motion data and generalized building
vulnerability models. While these approaches provide essential inputs for risk management, the broad assumptions
required for generalized application introduce significant uncertainty, sometimes resulting in biased risk estimates
(Erdik 2017; Zhao et al. 2023). However, recent advances signal a paradigm shift from reactive to proactive disaster man-
agement through the use of digital twins. A digital twin is a high-fidelity virtual replica of a physical system that remains
continuously synchronized with its real-world counterpart via real-time data streams (Mohammadi and Taylor
2017, 2021). Unlike static models, digital twins enable dynamic simulations, predictive analytics, and informed
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decision-making, offering an evolving representation of complex systems. These capabilities are increasingly powered by
machine learning (ML) and the widespread availability of low-cost sensors, making it possible to predict and monitor the
seismic response of individual buildings with unprecedented precision (Li and Brennan 2024). To date, digital twins
applications have been most successful at the scale of single structures, particularly for critical infrastructure like bridges
(Ye et al. 2019). However, a major gap remains: the absence of scalable frameworks that integrate real-time sensor data
and ML-based predictions to support portfolio-level seismic risk assessment and rapid earthquake impact evaluation.
Bridging this gap is essential for advancing city-scale seismic vulnerability analysis and enabling more effective disaster
response and long-term resilience planning.

To address this research gap, this study proposes an urban area digital twin for rapid earthquake impact assessment. This
research is guided by three primary objectives: (1) to develop a robust digital twin framework capable of simulating
detailed, building-specific seismic responses via comprehensive benchmark analyses applied to a real urban context,
specifically the Alvalade district of Lisbon; (2) to evaluate the influence of alternative sensor deployment strategies
and data integration methodologies on the accuracy and potential bias in earthquake impact estimates; and (3) to quantify
the extent to which real-time sensor data usage can reduce uncertainty in portfolio-level seismic risk assessment relative
to conventional approaches. Through these objectives, this study contributes to advancing digital twinmethodologies and
provides valuable insights for their application to support portfolio risk analysis.

2 | Review of Past Studies on Digital Twins

Smart City Digital Twins (SCDTs) represent a transformative tool for disaster management, linking physical and digital
environments through real-time data exchange. The UK’s National Digital Twin Program defines them as “realistic digital
representations of assets, processes, and systems” with continuous data connectivity (Bolton et al. 2018). Lu et al. (2020)
describe digital twins as “living digital simulation models that are able to learn and update from multiple sources,”
while Mikell and Mikell (2018) highlight their life-cycle adaptability for decision-making through real-time calibration.
The foundational model by Grieves (2002) identifies three essential elements: physical entities, virtual entities, and bidi-
rectional communication links. This synchronization, governed by the “twinning rate” (Pregnolato et al. 2022), has been
further enhanced by Brucherseifer et al. (2025), who proposed a disaster-specific data taxonomy and similarity function,
addressing data scarcity during emergencies through alternative data source identification. Other interesting frameworks
for the development of digital twins have been proposed by Lu et al. (2020) and Yu et al. (2023).

One of the first implementations of a real digital twin is the Flood Alert System (FAS) at Houston’s Texas Medical Center.
This system accurately predicted peak flow and timing during a 2015 flood, with a 0.83% margin of error and a 35 min
deviation, offering 2–3 h of lead time for flood defenses (Ford and Wolf 2020).

In the seismic domain, applications range from UAV-based postearthquake damage imagery (Hoskere et al. 2022), high-
fidelity simulations (Kusakabe et al. 2021), bridge collapse risk estimation (Lin et al. 2021), and postearthquake structural
tagging (Levine and Spencer 2022), to automated finite element modeling using imagery (Pantoja-Rosero et al. 2023).
Emerging systems like those proposed by Habib et al. (2025) and Yu et al. (2023) combine real-time monitoring with
urban resilience frameworks. Dal Zilio et al. (2023) present a future vision where earthquake digital twins provide after-
shock forecasting, rapid ground shaking maps, and fault rupture modeling, potentially offering time-critical updates for
early warning systems. Yet, despite such progress, comprehensive city-scale seismic digital twins remain conceptual.
Major gaps persist in city-scale seismic digital twins, including portfolio-level structural response prediction with
real-time sensor integration, infrastructure network interdependencies, population mobility dynamics, and emergency
service coordination. While comprehensive urban resilience assessment requires addressing all these components, this
study specifically focuses on the first gap: developing a sensor-informed framework for building portfolio response
prediction.

Parallel advances in artificial intelligence (AI), AI of things (AIoT) and edge computing have accelerated SCDT capabili-
ties (Dogan et al. 2021; Li 2022). For example, AIoT-enabled fire systems can forecast ignitions within 60 s when coupled
with spatiotemporal temperature models (Xie et al. 2025). These technologies collectively transition static models into
dynamic, evolving systems (Lu et al. 2020; Mohammadi and Taylor 2017), capable of operating on multiple temporal
scales: from rapid earthquakes to slow climate events, tackling what Mohammadi and Taylor (2017) describe as the
“thinking fast and slow” challenge (Ford and Wolf 2020).

While literature demonstrates significant advances in digital twins for disaster management, this study narrows its focus
to a critical yet underexplored component: real-time structural response prediction for building portfolios during seismic
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events. From the review of these existing studies, we propose a structured, multilayered digital twin framework tailored
specifically for seismic impact assessment at the building portfolio scale, as illustrated in Figure 1. The framework
comprises:

1. Physical layer: Detailed characterization of exposed assets, including building attributes such as structural typology,
height, primary construction material, and construction period;

2. Sensor layer: Deployment of real-time monitoring equipment (e.g., accelerometers) between and within represen-
tative structures.

3. Data processing layer: ML and surrogate models coupling real-time sensor data with nonlinear time-history analyses
(NLTHA) to predict building-level damage states (DSs).

4. Digital twin layer: Continuous updating of virtual entities to reflect the actual structural condition detected across
the investigated portfolio of exposed assets.

5. Decision support layer: Production of actionable outputs or real-time impact estimation, prioritization of inspec-
tions, and emergency planning.

By integrating the digital twin across all five layers, this framework provides a scalable (i.e., computationally efficient for
large building portfolios and extensible from neighborhood to regional scales) and operational pathway for dynamic
seismic risk management at the urban scale.

3 | Methodology

The proposed digital twin framework leverages the principle that seismic responses from a strategically instrumented
subset of buildings can be extrapolated to improve predictions for the entire portfolio, avoiding the impracticality of full-
scale sensor deployment. The approach assumes that buildings with similar structural characteristics exhibit comparable
seismic behavior. However, the validation of the proposed framework is challenged by the scarcity of real earthquake
data, which rarely captures diverse ground motions with sufficient instrumentation to assess building-specific responses
at scale. To address this, large synthetic datasets of ground motion records and structural response histories are generated
using stochastic simulations and NLTHA, respectively. Subsequently, the datasets are divided into two subsets: a training

FIGURE 1 | Multilayered digital twin framework for portfolio-scale seismic loss assessment, integrating building inventory, sensor
data, computational models, virtual representations, and decision-support tools for real-time earthquake risk management.
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set for the development of an ML model to predict the structural response of the building portfolio following earthquake
ground shaking, and a testing set to evaluate the predictive performance of the MLmodel. The methodology, summarized
in Figure 2, consists of seven steps:

• Step 1 – Structural Capacity Definition: Each building in the investigated portfolio is assigned a capacity model
(i.e., force–deformation relationship) using the vulnerability model from Martins and Silva (2021) and based on
key structural characteristics following the GEM Taxonomy (Silva et al. 2022);

• Step 2 – Generation of Synthetic Ground Motion Records: A large dataset of seismic events is simulated using the
hazard model for Portugal, and for each event, several synthetic ground motion records are generated using sto-
chastic simulations; the dataset is then split into Subset 1 and Subset 2;

• Step 3 – Development of the ML Model: NLTHA is performed using Subset 1 on all modeled buildings of the inves-
tigated portfolio. These NLTHA results are then used to calibrate anMLmodel to predict building response based on
a set of intensity measures (IMs).

• Step 4 – Benchmark Results Production (Method A): The structural response and portfolio losses are evaluated based
on NLTHA results using Subset 2 of synthetic records. These results represent the “ground truth”.

• Step 5 – Loss Estimation with ML Model Only (Method B): Portfolio losses for each event in Subset 2 are evaluated
via the trained ML model, without considering sensor data.

• Step 6 – Loss Estimation Using the Digital Twin (Method C): Portfolio losses for each event in Subset 2 are evaluated
by combining ML model predictions with data from hypothetical sensors located on a set of representative building
classes. Additionally, the optimal number of sensors per building class is investigated.

FIGURE 2 | Flowchart illustrating the methodology for the development and testing of the digital twin.
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• Step 7 – Digital Twin Performance Evaluation: Portfolio losses from Methods B (ML only) and C (digital twin) are
compared against Method A (benchmark) to quantify improvements in prediction accuracy and reduction of bias
and uncertainty.

Each step is described in detail in the following subsections.

3.1 | Step 1 – Capacity Definition for the Building Portfolio

The Alvalade parish building inventory, comprising 2457 structures, was sourced from Silva et al. (2024) and classified
according to the GEM Taxonomy (Silva et al. 2022) into 66 unique building classes (see Figure 3). Reinforced concrete
(CR) buildings (1187) are mainly concentrated in the central and eastern areas in organized grid patterns, while unrein-
forced masonry (MUR) buildings (1265) are dispersed across the district with clusters in the western and northern sec-
tions reflecting earlier construction periods. As shown in Figure 4, only two MUR classes (MUR/LWAL +CDL/H2 and
MUR/LWAL + CDL/H4) encompass over 1200 structures, highlighting substantial structural clustering that may produce
correlated seismic response patterns during earthquake events, making this inventory particularly valuable for testing
digital twin frameworks.

To create a realistic case study for the digital twin, the structural capacity of Alvalade’s building portfolio was character-
ized using simplified capacity models, which describe the relationship between equivalent lateral seismic force demand
and displacement response for a building. These models provide essential information on how buildings yield, deform,
and ultimately fail when subjected to earthquake shaking. The capacity curves of Martins and Silva (2021) were adopted
as the median curve for each building class. To capture variability in geometric, material, and mechanical properties
within each class, individual building capacity curves were sampled around the median, assuming a lognormal distri-
bution for yielding and ultimate points. A standard deviation of β= 0.3 was applied to both points, consistent with previ-
ous studies (Silva et al. 2014; FEMA 2020). Figure 5 illustrates this process for the most common building class, showing
the median curve alongside the sampled variations, expressed in terms of spectral acceleration and spectral displacement.

FIGURE 3 | Building stock distribution in Alvalade parish (district of Lisbon) classified according to the GEM taxonomy:
CR - reinforced concrete, MUR - unreinforced masonry, S - steel, and W - wood.
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Using the sampled capacity curves, each building was represented as an idealized “stick-and-mass” multidegree-of-
freedom (MDOF) system (Khaloo and Khosravi 2013), where the global capacity curves serve as calibration targets
for distributing story-level force–displacement relationships through mode shape analysis. Each floor is modeled as a
lumped mass connected with zero-length elements coupled with Pinching4 hysteretic material models to capture
story-based strength and stiffness degradation under cyclic loading. Fundamental mode shapes were obtained via eigen-
value analysis, accounting for different building typologies and potential soft-story irregularities. Rayleigh damping was
applied using the first and third modes with a 5% damping ratio, and Newmark integration with adaptive time-stepping
was used to ensure numerical convergence. This process produces a virtual representation of the Alvalade parish,
enabling millions of NLTHA using synthetic ground motion records generated for the region as illustrated in Figure 6.

While the stick-and-mass modeling framework was originally developed for moment-resisting frames (Khaloo and
Khosravi 2013), the capacity curves themselves are derived from Martins and Silva (2021), which provide class-specific

FIGURE 4 | Distribution of building classes (top 10 building classes which cover 85% of the entire portfolio) based on the GEM
taxonomy classification. Building class codes represent structural material types: MUR - Unreinforced masonry, CR - Reinforced con-
crete; lateral load-resisting systems: LWAL - Wall, LFINF - Infilled frame; code levels: CDL - low code, CDM - moderate code; ductility
levels: DUL - low ductility; and height categories: H followed by number indicates building stories (e.g., H2 - 2 stories).

FIGURE 5 | Generated capacity curves for MUR/LWAL+CDL/H2 building type showing the 16th percentile, median, and 84th
percentile responses in acceleration-displacement space.
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curves defined based on experimental data, observed damage, numerical analysis, and expert judgment for diverse typol-
ogies including URM structures. These curves inherently capture the aggregate effects of URM-specific behavior (lower
ductility, reduced postyield stiffness) through their characteristic shape, though detailed failure mechanisms (diagonal
cracking, in-plane/out-of-plane interaction, rocking) are not explicitly modeled at the element level. This simplification is
consistent with portfolio-scale vulnerability assessment practice, where detailed micromodeling is computationally pro-
hibitive for large building populations.

3.2 | Step 2 – Generation of Synthetic Ground Motion Records

A large stochastic event set comprising 14,000 rupture scenarios for the Western Iberian Peninsula was generated using
the European seismic hazard model (Danciu et al. 2021). This catalog was subsequently filtered to retain only magnitude-
distance combinations producing peak ground acceleration (PGA) exceeding 0.05 g, ensuring computational efficiency
while preserving all scenarios with significant damage potential. After filtering, 2000 rupture scenarios were selected for
detailed analysis. The resulting catalog provides comprehensive coverage of the magnitude-distance space relevant for
seismic risk assessment in the region, as illustrated in Figure 7. The distance distribution over magnitude bins captures
both near-field scenarios from moderate inland earthquakes (M6.0-7.5) and far-field scenarios dominated by larger off-
shore events (M7.5-9.0) capable of generating long-period ground motions despite greater source distances. While the
stated ranges represent the bulk of filtered events (1st–99th percentile), the catalog includes a small number of lower and
higher magnitude events that produce significant ground motion (PGA> 0.05 g) in the study area.

Stress drop parameters were calibrated for the Western Iberian Peninsula following Taherian et al. (2024). The resulting
frequency distribution confirms the physical realism of the rupture scenarios; inland events exhibit stress drops concen-
trated around 50bars, whereas offshore events display higher stress drops centered on 140 bars with broader variability,
reflecting the complex tectonic environments and deeper seismogenic zones characteristic of oceanic transform
boundaries.

For each rupture scenario, acceleration time histories were generated using a stochastic finite-fault methodology (Boore
2003). Site amplification effects were incorporated using a representative VS30 value of 300 m/s, derived from the median
of three available site measurements in Alvalade (ranging from 272.5 to 351.5 m/s). The amplification model of Stewart
et al. (2020), originally developed for Central and Eastern North America, was adopted due to the comparable seismo-
tectonic setting. Both Lisbon and CENA regions are characterized by stable continental interiors with high-
impedance bedrock (VS30 > 800m/s in many locations) overlain by softer sedimentary deposits, producing similar site
amplification characteristics that make this model more appropriate than those calibrated to active tectonic regions.
Further details on stochastic ground motion generation for Western Iberia are provided in Taherian et al. (2024).
Synthetic accelerograms were generated at 20 locations uniformly distributed across Alvalade. These locations represent
hypothetical seismic stations that could be integrated into the proposed digital twin, ensuring comprehensive spatial
coverage of ground motion variability. Figure 8 presents the pseudo spectral acceleration (PSA) distributions across vibra-
tion periods (T) relevant to the local building classes.

The final catalog of 2000 rupture scenarios was divided into two subsets. A training subset of 1400 events (70%) was used
for ML model development and calibration, while the remaining 600 events (30%) were reserved as an independent
testing subset to evaluate the performance of the digital twin.

FIGURE 6 | Numerical representation of the Alvalade civil parish in Lisbon via idealized stick-and-mass MDOF systems used for
city-scale NLTHA.
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3.3 | Step 3 – ML Model for the Prediction of Structural Response

To enable rapid structural response prediction without the computational burden of repeated NLTHA, artificial neural
network (ANN) models were developed to learn the complex mapping between ground motion characteristics and build-
ing response. To this end, NLTHA were performed for each building in the region using synthetic ground motion records
from Subset 1 and the OpenQuake Vulnerability Modelers Toolkit1 (Nafeh et al. 2025), resulting in nearly five million
individual analyses. The maximum roof displacement was extracted from each analysis as the primary engineering
demand parameter (EDP), chosen for its simplicity, compatibility with available damage-to-loss models, and measurabil-
ity with low-cost sensors.

An ANN was trained to instantly predict structural response based on a set of IMs, including PGA, spectral acceleration
(Sa(T)), and average apectral acceleration (AvgSA), defined as the geometric mean of spectral accelerations over the
period range 0.2–1.5 s around the conditioning period T= 0.6 s. A feed-forward architecture with multiple hidden layers
was employed, incorporating dense layers with ReLU activations, batch normalization, dropout, and L2 regularization to
enhance stability, prevent overfitting, and ensure high predictive accuracy (Kalakonas and Silva 2022). The natural loga-
rithm of maximum roof displacement was used as the target output. A fivefold cross-validation strategy (Farrar and
Worden 2012) with early stopping and model checkpointing was applied to ensure robust performance, allowing the
ANN to reliably predict responses for previously unseen earthquake scenarios. Model evaluation demonstrated satisfac-
tory predictive capability across the building portfolio. For example, for the CR/LFINF+ CDL+DUL/H6 building class,
predicted versus “true” values showed strong linear correlation, with R2 values of 0.901 for training and 0.897 for testing,
indicating that the model successfully captures the underlying relationships between IMs and structural response
(Figure 9). The model captures 99% of responses with high accuracy, with apparent saturation at extreme displacement
values (>1.1 m) affecting less than 1% of the data, which are outliers from numerical instabilities rather than typical
structural behavior. It is important to note that while the global R2 values indicate strong overall performance, propor-
tionally larger relative errors can occur in the low-displacement range where DS transitions occur, as the high R2 is
influenced by variance across the full dataset and may mask errors at these critical thresholds that primarily affect

FIGURE 7 | (a) Distance distribution over magnitude bins of the filtered event set` and (b) frequency distribution of stress drop
showing inland events concentrated around 50 bars and offshore events around 140 bars with broader variability.
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moderate-intensity events. The ANN model is available to the scientific community in a public repository: https://github.
com/amirt1994/Alvalade-seismic-digital-twin.

3.4 | Step 4 – Generation of the Benchmark Results (Method A)

To generate the benchmark results that are used to evaluate the proposed digital twin, NLTHA were carried out on each
building using the synthetic ground motion records from Subset 2. To this end, DS were assigned directly by comparing
the maximum roof displacement obtained from the NLTHA results against the DS thresholds established by Martins and
Silva (2021). Each building was categorized into one of five discrete DSs (DS0: no damage, DS1: slight, DS2: moderate,
DS3: extensive, and DS4: complete) based on whether its peak roof displacement exceeds the corresponding threshold
values. For each earthquake scenario, the full distribution of DSs was computed, providing the baseline structural
response patterns that the digital twin must reproduce, as shown in Figure 10.

The spatial earthquake impact footprint for rupture scenario #950, shown in Figure 11, illustrates how small variations in
ground motion intensity can produce diverse damage outcomes due to differences in building capacity. For this scenario,
PGA values at the 20 synthetic station locations across the district ranged from 0.45 to 0.55 g. A total of 1515 buildings
remained undamaged, primarily in areas of slightly lower shaking, while 319 buildings reached complete DS (i.e., DS4),
concentrated in zones of peak intensity. Additionally, 117 buildings were classified as extensively damaged and 265 as
moderately damaged. These spatial patterns reflect both the distribution of seismic demand and the variability in struc-
tural capacity caused by the sampled capacity curves within each building class.

For the estimation of the economic losses, each DS is associated with a loss ratio (i.e., 5% 20%, 60%, and 100% for slight,
moderate, extensive and complete damage, respectively). For each building i, the expected loss is computed determinis-
tically by identifying its DS dsi from the peak roof displacement obtained in the NLTHA and then applying the following
equation:

FIGURE 8 | (a) PSA Distributions of PGA and spectral acceleration for (b) T= 0.1 s, (c) T= 0.5 s, and (d) T= 1.0 s.
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Li = Vi ×DLR dsið Þ (1)

where Vi denotes the building’s replacement value, dsi is the assigned DS, and DLR(dsi) is the damage loss ratio cor-
responding to that state. The total portfolio loss is simply the sum of the individual building losses: Lportfolio =

P
N
i= 1 Li.

This process is repeated for all events within Subset 2. We assumed these losses to be the “true” direct economic impact for
each event.

3.5 | Step 5 – Estimation of Losses Using the ML Model (Method B)

Portfolio losses for the Subset 2 events were computed using the ML model, assuming that only sensors on the ground
exist, reflecting current rapid impact assessment practice in which recorded or estimated shaking is combined with fra-
gility/vulnerability functions or ML models (e.g., Kalakonas and Silva 2022). For each event, the class-specific ML model
was used to predict the expected maximum roof displacement for every building, which was then converted to an eco-
nomic loss following the same procedure as Method A. It was assumed that seismic stations are installed within the study
area, allowing IMs to be derived from records rather than ground motion models (GMMs). The implications of using
GMMs with regard to the increase in bias and uncertainty are discussed later in this study.

3.6 | Step 6 – Estimation of Losses Using the Digital Twin (Method C)

This step introduces the theoretical framework underpinning the development of the proposed digital twin. For each
building class c in our portfolio, a dedicated ANN model was developed, providing baseline ML predictions that form

FIGURE 9 | ML model performance analysis for CR/LFINF+CDL+DUL/H6: (a) Predicted versus true values showing strong
correlation (R2= 0.907 training, 0.917 testing), (b) residuals versus predicted values demonstrating model accuracy, and (c) distribution
of test residuals with performance summary statistics including RMSE= 0.042 and cross-validation results.
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the foundation of the correlation-based conditioning framework. When an earthquake occurs and sensor measurements
from instrumented buildings are available, prediction residuals are calculated as:

ri = yobsi − byci (2)

where yobsi is the observed response and byci is the ML-predicted response. These residuals encode information on system-
atic model bias and can be exploited to improve predictions for noninstrumented buildings through a building-to-building
correlation model.

Operationalizing this approach requires the quantification of building-response uncertainties, the establishment of
portfolio-wide correlation structures, and the development of a mathematical framework for propagating information
from instrumented to noninstrumented buildings. To this end, a mixed-effects model was adopted to decompose the total
uncertainty in building response as:

Y = μðIMsÞ + εE + εB (3)

where Y is the natural logarithm of maximum roof displacement, μ(IMs) is the median prediction for a given set of IMs, εE
is the between event variability with variance σ2E, and εB is the building-to-building variability with variance σ2B. Assuming
that both sources of uncertainty are independent, the total variance in building response is expressed as:

σ2 = σ2E + σ2B (4)

The between event variability reflects aleatory uncertainty between different events (i.e., earthquakes with similar inten-
sity can cause different structural responses due to differences in frequency content, duration, and other factors that affect

FIGURE 10 | Earthquake-induced building DS distributions: Comparison between (a,c) Inland earthquakes (Magnitude 5.5 and
7.5) and (b,d) offshore earthquakes (Magnitude 5.5 and 7.5), showing systematic differences in destructive potential with offshore
events producing more severe damage distributions due to higher stress drops.
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all buildings within the same building class), while building-to-building variability arises from construction-related differ-
ences within a class (e.g., geometry, material properties).

A critical aspect of portfolio seismic risk analysis is recognizing that building responses are not independent but exhibit
spatial and typological correlations (DeBock et al. 2014; Mejia and O’Reilly 2025). Buildings of the same building class
tend to respond similarly to seismic excitation due to shared design principles, construction practices, and material prop-
erties. The correlation between the seismic responses of two buildings i and j is defined as:

ρij =
Cov Y i, Yj

� �
σi × σj

(5)

with typical values between 0.5 and 0.8 for buildings of the same class (DeBock et al. 2014; You and Tesfamariam 2024).
The covariance structure is modeled as:

Σ = σ2B ×R+ σ2E × I (6)

where R is the correlation matrix with off-diagonal elements ρij for same-class buildings and zero otherwise, assuming
there are no interclass response correlations, and I is the identity matrix. This formulation captures both the correlated
component of response (through the building-to-building variability) and the independent component (through the
record-to-record variability). Given the importance of this aspect for our study, mixed-effects analysis was applied to
decompose the NLTHA-based response variability into σB and σE, and to estimate intraclass correlations.

The conditioning framework leverages the variance decomposition and correlation structure to update predictions for
noninstrumented buildings based on sensor-informed residuals. This method explicitly separates the event-specific bias
from building-specific deviations. This framework builds upon established methodologies in earthquake engineering for
partitioning uncertainties in GMM, where different types of uncertainty components are properly separated and condi-
tioned upon observational data (e.g., Engler et al. 2022; Silva et al. 2025). The event-specific bias, representing the sys-
tematic deviation of the actual ground motion effects from the predicted values, can be estimated as:

FIGURE 11 | Earthquake impact footprint - Alvalade parish, Lisbon: Building DS distribution showing spatial clustering of damage
patterns with 1515 undamaged buildings, 265 moderate damage, 117 extensive damage, and 319 complete damage buildings.
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εE =
ETΣ− 1

B1B1
y − μ IMsð Þð Þ

1 + ETΣ− 1
B1B1

E
(7)

where E is a vector of ones, y is the vector of observed responses at instrumented buildings, μ(IMs) is the vector of prior
predictions (which can be estimated using the ML models), and ΣB1B1

is the covariance matrix between instrumented
buildings. This formulation represents a weighted average of the residuals at instrumented buildings, with weights deter-
mined by the inverse of the covariance matrix. The denominator acts as a shrinkage factor, preventing overconfidence
when limited observations are available. The updated prediction for any noninstrumented building is then given by:

Y conditionedð Þ = μ IMsð Þ+ εE E + σB12BΣ− 1
B11Bw (8)

where σB1B2 is the vector of covariances between instrumented buildings and any noninstrumented building of the same
class, and w is the bias-corrected building residual calculated as:

w = y − μ IMsð Þ− εE E (9)

This approach effectively decomposes the observed residuals into a common event component (which affects all build-
ings) and building-specific components (which are correlated only among similar structures). The updating process nat-
urally accounts for the reliability of observations through the covariance structure, giving more weight to observations
from highly correlated buildings.

Unlike Methods A and B, the estimation of the economic losses using the digital twin is informed by the measurements of
sensors, and thus the conditioned economic loss can be expressed by the following equation:

Lconditionedi = Vi × DLR dsconditionedi

� �
(10)

The variable Lconditionedi represents the structural loss after applying conditioning corrections, demonstrating how response
prediction improvements translate into more reliable loss estimates. Bias correction effectiveness can be quantified by
comparing metrics before and after conditioning, with successful conditioning reducing both event-level and aggregate
portfolio biases, as further explained in the following step.

3.7 | Step 7 – Evaluation of the Performance of the Digital Twin

The performance of the proposed digital twinwas evaluated against both the benchmark results (Method A) and the state-
of-practice approach (Method B). Since event-specific “true” losses have been derived directly from NLTHA simulations,
the bias in portfolio economic loss for each seismic event p is computed as:

Biasevent,p =
Lpredictedportfolio,p − Ltrueportfolio,p

���
���

Ltrueportfolio,p

× 100 (11)

In addition to event-level comparisons, the overall accuracy of each method was evaluated through the computation of
the total portfolio loss bias across all (N) events in the testing database. This aggregate metric captures systematic devia-
tions in prediction performance and is defined as:

Biastotal =

P
N
p= 1f g Lportfolio, ppredicted −

P
N
p= 1f g Lportfolio, p

true
���

���
P

N
p= 1f g Lportfolio, p

true × 100 (12)

These metrics provide a robust basis for evaluating how conditioning strategies improve loss prediction across a wide
range of earthquake scenarios and intensity levels. In the subsequent analysis, variations in performance under different
sensor deployment configurations across selected buildings are examined.

4 | Results

In this section, the results of the mixed-effects analysis and correlation model are presented, along with the performance
of the digital twin under various sensor deployment configurations.
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4.1 | Mixed-Effect Analysis and Correlation Estimation

The between-event and building-to-building variability in structural response residuals was quantified using a mixed-
effects analysis (e.g., Stafford 2014), recognizing that prediction errors are not randomly distributed but exhibit correlation
patterns reflecting both the physics of earthquake ground motion propagation and the spatial clustering of similar build-
ing types. In the mixed-effects approach, earthquake events are treated as random effects while systematic relationships
between ground motion IMs and structural response are modeled, enabling the separation of variance components aris-
ing from event-to-event variability (σE) and building-to-building variability (σB) within the same seismic event. The anal-
ysis was implemented using the statsmodels python package (Seabold and Perktold 2010) with Powell optimization for
numerical stability. Residuals from the ML predictions are used as the dependent variable, and earthquake rupture sce-
narios define the grouping structure. The model decomposes the total residual variance (σtotal) into its constituent com-
ponents and calculates the intraevent correlation coefficient (ρ= σ2E=σ

2
total), quantifying the degree to which buildings

experience correlated response during the same earthquake.

Previous studies have examined spatial correlations in building seismic response parameters to improve regional loss
assessment accuracy. DeBock et al. (2014) demonstrated significant spatial correlations in EDPs for closely spaced build-
ings (up to 25–65 km depending on earthquake magnitude), with stronger correlations observed between buildings hav-
ing similar first-mode periods and structural characteristics. You and Tesfamariam (2024) investigated spatial correlations
using a Gaussian random field approach but reported relatively weak cross-correlations between structurally dissimilar
buildings, with correlations decaying rapidly with distance (approaching zero at �10 km for some events). A key limita-
tion acknowledged in both studies is the assumption that all buildings within the same structural class at different loca-
tions share identical capacity curves and structural properties. This simplification, while computationally necessary for
regional assessments, may overestimate spatial correlations by assuming identical structural behavior among buildings of
the same nominal class, potentially affecting the accuracy of regional loss estimates. Our study addresses this limitation
by incorporating aleatory variability within each building class, as described in Step 1.

In addition to the mixed-effect analysis, pairwise correlation coefficients were calculated for each building class between
all building pairs experiencing the same earthquake event, resulting in correlation matrices that capture how structural
response varies across the portfolio under identical ground motion scenarios. This pairwise analysis highlights the corre-
lated response patterns exhibited by buildings of similar construction types and spatial proximity.

The mixed-effects analysis results for the ten most prevalent building classes are summarized in Table 1, including the
correlation parameters and variance decomposition components. Results presented in Figure 12 further indicate substan-
tial variability in correlation patterns across building classes, with the overall distribution of correlation coefficients
revealing a mean correlation of approximately 0.6 for the entire portfolio. The tabulated results show that the ML model
performance (R2 scores ranging from 0.84 to 0.90) aligns with residual correlation characteristics, as building classes with
higher prediction accuracy tend to display more consistent correlation patterns. For the conditioning framework, a uni-
form correlation coefficient of ρ= 0.6 was applied across all building classes for simplicity and practical applicability, as in
real world scenarios, the exact correlation structure for each class would not be known a priori without extensive cali-
bration. Similarly, the variance decomposition revealed mean values of σ2_E= 0.6σ2_total and σ2_B= 0.4σ2_total across

TABLE 1 | Mixed-effects analysis results and correlation parameters by building class.

GEM taxonomy N samples R2 score RMSE ρ σE σB σtotal

MUR_LWAL + CDL_H2 694 260 0.835 0.017 0.53 0.012 0.011 0.017

MUR_LWAL + CDL_H4 570 024 0.905 0.023 0.60 0.017 0.016 0.023

CR_LFINF +CDL+DUL_H4 203 580 0.90 0.054 0.71 0.045 0.033 0.054

CR_LFINF +CDM+DUM_H2 199 404 0.841 0.028 0.62 0.022 0.020 0.028

CR_LFINF +CDL+DUL_H5 84 564 0.899 0.059 0.77 0.052 0.031 0.059

CR_LFINF +CDM+DUM_H4 58 464 0.909 0.042 0.61 0.033 0.028 0.042

CR_LFINF +CDL+DUL_H6 53 244 0.899 0.065 0.63 0.051 0.030 0.064

CR_LFINF +CDM+DUM_H10 49 068 0.897 0.080 0.73 0.068 0.047 0.080

CR_LFINF +CDL+DUL_H10 44 892 0.886 0.089 0.80 0.080 0.044 0.089

CR_LFINF +CDL+DUL_H2 41 760 0.876 0.033 0.52 0.024 0.025 0.033
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classes, which were applied uniformly in the conditioning algorithm. These representative parameters serve as prior
distributions that guide the updating of damage predictions for unmonitored structures using sensor data.

These simulation-derived correlations are supported by empirical evidence of spatially correlated damage patterns
observed in past earthquakes, where buildings of similar typology within localized areas experienced similar damage
levels (e.g., 2009 M6.3 L’Aquila earthquake, Del Gaudio et al. 2017). That said, developing such correlation models empir-
ically will become feasible once large-scale sensor networks are deployed and sufficient earthquake data are collected.

4.2 | Evaluation of the Performance of the Proposed Digital Twin

For the implementation of the proposed digital twin, sensors were assumed to be installed on the roofs of buildings
belonging to the ten most common classes in the case study region, representing 85% of the total building stock in
the Alvalade parish. Sensor configurations were designed to vary from 1 to 20 sensors per building class. For each con-
figuration with n sensors per class, buildings were randomly sampled from their respective classes, and the conditioning
analysis was repeated across multiple realizations to ensure results were representative rather than configuration specific.
For a scenario with n sensors per class, the total number of instrumented buildings was 10n, resulting in instrumentation
densities ranging from 10 total sensors (minimal monitoring) to 200 total sensors (comprehensive monitoring) across the
district.

The conditioning framework followed the theoretical approach described in Step 6 and utilized the uncertainty and
correlation parameters presented in the previous subsection (σE2 = 0.6σtotal2, σB2 = 0.4σtotal2, ρ= 0.6) to construct spatial
correlation matrices representing expected relationships between building responses during the same earthquake event.
When observations from instrumented buildings became available, the conditioning equations were applied to propagate
this information to noninstrumented buildings based on their expected correlation strengths, thereby correcting both
systematic bias (epistemic uncertainty) and the random variability (aleatory uncertainty) in the original ML predictions.

Figure 13 presents the distributions of event-wise economic loss bias (Equation (11)) and the total bias across all events
(Equation (12)). The results demonstrate substantial improvements in loss estimation when sensor observations were
incorporated, with effectiveness increasing as more sensors were deployed. ML predictions exhibited a median

FIGURE 12 | Residual correlation analysis: (a) Mean pairwise correlation by building class, (b) correlation variability by building
class, (c) valid pairs by building class, (d) combined distribution of all correlation coefficients showing mean correlation �0.6, and
(e) model performance versus residual correlation relationships across building classes.
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event-wise percentage bias of 48.6% relative to benchmark structural losses, reflecting the challenges of predicting non-
linear structural responses. However, the use of sensor-informed conditioning substantially reduced these prediction
errors, with systematic improvements observed as the number of instrumented buildings increased.

These results indicate that optimal instrumentation strategies benefit significantly from increased sensor network density,
with the correlation-based approach producing consistent improvements in both event-wise and aggregate loss prediction
metrics. Performance curves show that even moderate sensor deployments (S= 2) could yield significant gains, while
comprehensive monitoring provides near-optimal accuracy for critical infrastructure applications, where precise damage
assessment is essential for emergency response and recovery planning.

The correlation-based conditioning approach demonstrates systematic bias reduction that scales predictably with sensor
density. With minimal instrumentation (S= 1, representing 1 sensor per class with 10 total sensors), the median event-
wise percentage bias reduces significantly to 33.8%, representing a 30.3% improvement over the unconditioned baseline.
This improvement becomes progressively more pronounced as sensor density increases, achieving median event-wise
percentage biases of 10.0% with S= 2 (20 sensors), 8.0% with S= 3 (30 sensors), and continuing to improve through
the higher sensor densities. The most comprehensive instrumentation scenario (S= 20, representing 20 sensors per class
with 200 total sensors) achieves a median event-wise bias of only 6.0%, representing an 87.7% improvement compared to
the unconditioned ML baseline. This systematic improvement illustrates how the physics-based correlation structure
enables effective information propagation across the building network, with each additional sensor contributing

FIGURE 13 | Sensor deployment performance analysis: (a) Event-wise bias distribution showing systematic reduction from base-
line ML (48.6%) through increasing sensor density per building class (S= 1 to S= 20), demonstrating optimal performance around
S= 3–5 sensors per class. (b) Total loss bias comparison showing progressive improvement from 39.0% (ML baseline) to 3.4% (S= 20),
with diminishing returns beyond moderate sensor deployment.
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incrementally to overall prediction accuracy. The total loss prediction accuracy analysis provides complementary insights
into the aggregate performance of the conditioning approach across the entire building portfolio.

Analysis of bias characteristics across a large sample of events reveals systematic patterns. The ML model overestimates
losses in 66% of events, with mean bias strongly dependent on intensity: high bias at low PGA (69% for PGA 0.1-0.2 g)
decreasing to near-optimal performance at high PGA (9% for PGA> 0.5 g). Similarly, bias is highest for low-loss events
(82% for losses < 50) and lowest for severe events (4% for losses> 500). This intensity-dependent bias pattern explains why
aggregate portfolio bias (39%) is lower than median event-wise bias (48.6%), which means large damaging events that
dominate total losses exhibit lower prediction errors.

It is important to note that this study assumes sensor measurements are exact and free from measurement error, instru-
mentation noise, or placement uncertainties. This represents an idealized scenario that establishes an upper bound on the
potential benefits of sensor integration. The quantified improvements in this study therefore represent a best-case sce-
nario. Future work should investigate the robustness of the correlation-based conditioning framework to various levels of
sensor noise and the trade-offs between sensor accuracy and deployment density.

Moreover, the current analysis assumes ground motion IMs are directly measured at the 20 seismic stations distributed
across Alvalade. In practice, if GMMs were used instead of direct measurements, additional epistemic uncertainty would
propagate through the conditioning framework. Studies have shown that GMM-based ground motion estimates can
exhibit biases of 30%–50% (Silva et al. 2025), which would increase both the baseline ML prediction bias and reduce
the effectiveness of sensor conditioning. This represents an important limitation that future operational systems must
address through denser station networks or improved ground motion interpolation methods.

5 | Conclusions

A numerical framework for the testing and design of a digital twin for rapid earthquake impact assessment was proposed
in this study, using a building portfolio of 2457 structures in the Alvalade civil parish of Lisbon (Portugal) as a case study.
This virtual experiment uses synthetic earthquake scenarios and simulated building responses to validate the methodol-
ogy and establish performance benchmarks for future operational deployment. The digital twin comprises an idealized
numerical representation of each building using MDOF stick-and-mass models, a ML model that predicts roof displace-
ment for each building class, and a network of sensors both at the ground (to capture spatial variations in ground shaking)
and on the roofs of selected buildings from the ten most common building classes.

It was observed that even a minimal sensor deployment can substantially improve the estimation of economic losses.
With just 20 sensors (two per building class), correlation-based conditioning reduced prediction bias by 38.6%. This
improvement arises from the spatial correlation of building responses to earthquakes, whereby data from one represen-
tative building provides insights into others of the same type. The results demonstrate that seismic patterns enable the
generalization of structural behavior across similar buildings.

The correlation-based conditioning approach was found to excel in overall loss estimation and to scale effectively with
increasing sensor density, as it adjusts for both event- and building-specific biases. These findings highlight that moderate,
strategically placed sensor networks are more cost-effective than widespread deployments, offering significant benefits for
emergency responses where rapid loss estimates are critical. Compared to conventional loss estimation tools, which often
exhibit biases exceeding 50% and lack real-time adaptation, the proposed digital twin framework provides substantially
improved prediction accuracy by integrating real-time observations with physics-informed models.

While promising, this study was based on simulations, meaning real-world uncertainties related to seismic wave propa-
gation or sensor anomalies are not fully captured. Additionally, the use of a single correlation coefficient for all buildings
may oversimplify the true complexity of seismic response patterns. Furthermore, the limited spatial extent of the study
area (building distances ≤ 5 km) restricts correlation estimates primarily to event-related response coherence, excluding
distance-dependent correlation reductions observed in larger regional analyses, potentially leading to overestimated cor-
relations unsuitable for broader applications. Furthermore, it was assumed that ground shaking was accurately measured
at the 20 sensor locations; had GMMs been used instead, prediction bias and uncertainty would likely have been higher
(Silva et al. 2025). Future work should validate these findings through real-world sensor deployments in seismic regions.
More advanced correlation models are needed to account for variations in earthquake behavior and building proximity.
Expanding analyses to larger geographic regions is essential to incorporate spatial decay effects and to develop distance-
dependent correlation models, enabling more generalizable results for regional seismic loss assessments.
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