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Abstract

Flood-induced out-of-plane collapse of masonry walls is a recurrent cause of severe building damage and loss dur-
ing flood events, particularly in low-rise residential construction. Assessing this failure mode at scale remains chal-
lenging: simplified fragility models are fast but often lack physical transparency, while mechanics-based analyses

are interpretable but computationally expensive. This study develops a mechanics-informed surrogate modelling
framework that bridges this gap. Machine-learning surrogates, including linear sparse regressions, kernel-based
methods, and ensemble models, are trained on a constrained synthetic dataset generated from a mechanics-based
wall collapse formulation. This enables fragility parameters to be predicted with accuracy comparable to the refer-
ence simulator while retaining a direct link to the governing structural mechanisms within the adopted modelling
domain. A central contribution of the work is the explicit integration of explainable artificial intelligence, allow-

ing the role of geometry, openings, vertical connectivity, and boundary restraint to be quantified and interpreted

in physically meaningful terms. The results reveal stable and intuitive collapse drivers across boundary configurations,
with the upper-floor contribution, thickness-related descriptors, and boundary restraint forming the dominant sen-
sitivity group, while masonry density and opening-related variables have secondary or model-dependent influence.
The consistency of these trends across linear and nonlinear surrogate models demonstrates that the framework cap-
tures not only fragility estimates but also mechanically consistent sensitivity patterns of wall overturning. By combin-
ing mechanics-based simulations with surrogate modelling, the proposed approach enables efficient and physically
interpretable assessment of masonry wall fragility.
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1 Introduction et al,, 2025). While advances in hydrodynamic model-

Flooding is among the most frequent and damaging
natural hazards worldwide, with impacts exacerbated by
climate change, urbanisation, and the ageing of the build-
ing stock (Wing et al., 2020; Wang et al., 2024; Yarveysi
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ling now allow increasingly detailed representation of
flood hazards, the structural vulnerability of buildings
remains a dominant source of uncertainty in flood-risk
assessment (Huizinga et al., 2017; Nasiri et al., 2019;
Russo et al., 2020). In particular, unreinforced masonry
(URM) buildings are widely exposed and exhibit pro-
nounced vulnerability to out-of-plane wall failure under
flood loading, motivating the development of reliable
and physically meaningful fragility models. Large-scale
flood loss assessments are mainly based on empirical
depth—damage relationships derived from post-event
observations or insurance records (Huizinga et al., 2017;
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FEMA factsheet, 2022). These models offer simplicity
and scalability but remain specific to each region and are
also weakly sensitive to structural configuration, bound-
ary conditions, and failure mechanisms. Indicator-based
approaches attempt to extend empirical models by incor-
porating multiple vulnerability drivers, such as construc-
tion quality or building age (Nasiri et al., 2019; Nur and
Shrestha, 2017). However, indicator weighting is often
subjective and rarely validated against physical collapse
or structural response. As a result, both empirical and
indicator-based models provide limited insight into the
mechanisms governing flood-induced structural failure.
Mechanics-based models represent the balance between
destabilising actions caused by flooding and stabilising
structural strength, allowing for direct interpretation of
collapse mechanisms. Experimental investigations have
demonstrated the critical role of hydrostatic pressure
distribution, boundary constraints, and wall geometry
in the instability of masonry walls under flood loading
(Jansen et al., 2020). Building on these observations, sim-
plified analytical frameworks have been proposed to esti-
mate collapse conditions and derive fragility functions
for masonry walls subjected to flood actions (Milanesi
et al,, 2018; Korswagen et al., 2025). Probabilistic exten-
sions of these formulations have further incorporated
material and geometric uncertainty, improving realism
while preserving physical transparency (Jalayer et al,
2016; Nale et al., 2023; Bodda et al., 2021). Despite their
interpretability and mechanical basis, repeated simula-
tions of mechanics-based fragility models remain com-
putationally demanding, particularly within Monte Carlo
simulations or regional-scale vulnerability assessments
(Dong and Frangopol, 2017). This computational load
limits their direct applicability in large-scale flood-risk
analyses and motivates the use of surrogate modelling
approaches. Surrogate models are simplified approxi-
mations of more complex, higher-order models. They
are used to map input data to outputs when the actual
relationship between the two is unknown or computa-
tionally expensive to evaluate (Williams and Cremaschi,
2019). Machine-learning (ML) surrogate models provide
an alternative solution for emulating mechanics-based
simulators, enabling faster evaluation of nonlinear struc-
tural behavior after training. Surrogate modelling has
been widely applied in hazard and fragility analysis using
approaches such as kernel methods, ensemble learning,
and sparse regression (Alizadeh et al., 2020; Garzén et al.,
2022; Tsokanas et al., 2022; Kim and Boukouvala, 2020;
Hwang and Martins, 2018). In the field of flood risk,
data-driven and hybrid approaches have been proposed
to estimate fragility parameters and determine the uncer-
tainty of parameters that measure vulnerability or risk
(Nofal and van de Lindt, 2020; Nofal et al., 2020; Refadah,
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2025; Yarveysi et al,, 2025; Shrestha and Chini, 2025).
However, many ML-based fragility models face physi-
cal improbability problems. Without constraints from
known laws, models may produce results that violate
conservation principles or other scientific truths. They
also struggle with interpretability. The lack of mechanis-
tic grounding makes it difficult to explain or trust model
behavior, especially in domains subject to high-risk deci-
sions (Holzinger et al., 2026), such as the vulnerability
of buildings to flooding. Recent advances in explainable
artificial intelligence (XAI) have highlighted the impor-
tance of combining predictive accuracy with transparent
and physically interpretable model behavior (Wang et al.,
2024; Besarra et al., 2025; Bhattarai et al., 2025). Within
flood-induced masonry fragility analysis, the system-
atic integration of XAI concepts with mechanics-based
surrogate modelling remains limited. Recent studies
have further advanced mechanics-based and surrogate-
assisted vulnerability assessment for masonry structures
under flood-related actions. Capparelli et al. (2023) pro-
posed a rapid numerical-based vulnerability assess-
ment method for masonry buildings subjected to flood
actions, while (Asad et al, 2024) investigated out-of-
plane masonry-wall failure under hydrostatic and hydro-
dynamic flash-flood loading. (Mendoza Cabanzo et al.,
2022) used surrogate modelling techniques to derive
flood fragility curves for masonry arch bridges exposed
to local scour, highlighting the growing role of computa-
tionally efficient surrogate approaches in masonry flood-
risk analysis. Compared with these studies, the present
work focuses on predicting and interpreting probabilistic
flood fragility parameters of masonry walls using ML sur-
rogates trained on mechanics-based synthetic data, with
XAI tools used to verify the consistency of the learned
trends with structural mechanics.

1.1 Knowledge gap and contributions

The review above highlights a gap between physically
transparent but computationally intensive mechanics-
based fragility models and efficient but often opaque
ML surrogates. While analytical formulations provide
direct insight into collapse mechanisms (Milanesi et al.,
2018; Jansen et al., 2020; Jalayer et al., 2016), data-driven
approaches increasingly offer scalability at the expense
of interpretability (Nofal and van de Lindt, 2020; Nofal
et al.,, 2020; Rocchi et al., 2022; Tsokanas et al., 2022).
This motivates the development of modelling approaches
that retain the accuracy of mechanics-based simulations
while allowing efficient prediction and physically mean-
ingful interpretation of flood-induced wall collapse (Kar-
niadakis et al., 2021; Willard et al., 2022).
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To address this gap, this study develops a mechanics-
informed surrogate modelling framework for predicting
the fragility parameters—median p and dispersion f—of
masonry walls exposed to flood loading. In this study,
the term mechanics-informed denotes that the ML surro-
gates are trained and interpreted using reference outputs
generated by a mechanics-based limit-analysis simula-
tor. It does not imply a physics-informed neural-network
formulation in which residuals of governing differential
equations are directly embedded in the loss function or
network constraints (Raissi et al.,, 2019; Cuomo et al.,
2022). Recent structural-mechanics examples explicitly
encode geometric, constitutive, and equilibrium relations
through loss terms derived from the governing differen-
tial equations (He et al., 2024). In contrast, the mechani-
cal information in the present framework enters through
the simulator-generated training database, mechanism-
based input features, and the subsequent interpretation
of surrogate responses using sensitivity and partial-
dependence analyses. The resulting synthetic dataset is
used to train surrogate models, including Support Vector
Regression, Random Forests, and sparse linear regres-
sions. A central objective of the study is the application of
XAI techniques, including sensitivity analysis and partial
dependence diagnostics, to ensure that surrogate predic-
tions remain consistent with structural mechanics.

The main contributions of this work are threefold. First,
a mechanics-informed surrogate modelling framework

Mechanics-based collapse
modelling

Engineering Sensitivity analysis

interpretation and XAl

Synthetic dataset
generation
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is developed to predict the flood fragility parameters of
masonry walls across multiple boundary conditions,
combining simulator-level accuracy with computational
efficiency. Second, linear and nonlinear surrogate mod-
els are systematically compared to assess predictive
performance and physical consistency under different
geometric and mechanical configurations. Third, XAI
techniques are used to ensure that surrogate predictions
remain interpretable and aligned with the mechanics of
out-of-plane wall instability. Building on these results,
compact guideline representations are derived to support
engineering interpretation and preliminary vulnerability
assessment.

1.2 Paper organisation

The remainder of the paper is organised as follows. Sec-
tion 2 presents the methodology; Sect. 3 reports the main
results and interpretability analyses; Sect. 4 discusses
implications and limitations; and Sect. 5 summarises the
key findings and outlines future research directions.

2 Methodology

Figure 1 provides an overview of the proposed mechan-
ics-informed surrogate modelling framework. A mechan-
ics-based collapse model is first used to generate fragility
parameters for masonry walls under flood loading, which
are used as reference simulator outputs, across a broad
range of geometric, material, opening, and boundary

Fragility curve

construction

Model evaluation and Machine-learning

validation surrogate modelling

Global sensitivity analysis
Nonlinear effects
Key collapse drivers

Accuracy metrics
Parameter & curve level
Boundary-wise evaluation

Fig. 1 Overview of the proposed mechanics-informed surrogate modelling framework. A mechanics-based collapse model is used to generate
synthetic fragility data, which are approximated by ML surrogates. Model evaluation and sensitivity analysis are subsequently employed to interpret
the learned sensitivity trends and derive compact guideline representations for preliminary engineering risk assessment
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conditions. Next, these simulator outputs are estimated
by ML surrogates, which are evaluated through cross-val-
idation and curve-level diagnostics. Finally, complemen-
tary interpretability tools are applied to verify physical
consistency and to derive compact, boundary-specific
surrogate relations suitable for engineering applications.

2.1 Mechanics-based simulator

A simplified limit-analysis model originally proposed by
(Milanesi et al., 2018) is adopted to simulate the out-of-
plane collapse of masonry walls subjected to flood load-
ing. The wall is idealised as an assembly of rigid blocks
separated by planar cracks, and collapse is identified
through the principle of virtual work, following the clas-
sical limit-analysis framework for masonry structures
(Heyman, 1999). Within this framework, the masonry
is assumed to exhibit unlimited compressive strength
and stiffness, no tensile resistance, and no relative slip
between adjacent blocks, and is treated as homogeneous
at the panel scale. Scour effects and foundation erosion
are neglected, and the wall is assumed to remain fully
supported at the base throughout the loading process.
The model offers a balance between analytical tracta-
bility and physical realism and has been widely used in
flood fragility analyses (Jalayer et al., 2016; Nofal and van
de Lindt, 2020; Jansen et al.,, 2020), enabling systematic
evaluations without computationally expensive finite-ele-
ment simulations (Alizadeh et al., 2020; Tsokanas et al.,
2022; Besarra et al., 2025; Shrestha and Chini, 2025).

A wall of height Z, thickness ¢, and effective width
£e = £(1 — o), where o denotes the opening ratio, is
exposed to floodwater of density ps. A schematic repre-
sentation of the wall geometry, coordinate system, and
flood loading configuration is provided in Fig. 3. Defin-
ingk = pg with g = 9.81 m s72, the hydrostatic pressure
distribution associated with a local flood depth # < Z is

p2) =k(h—2), O0=<z=<h (1)

Following (Milanesi et al., 2018), the adopted hydro-
static representation is intended to capture the peak
flood action associated with the maximum run-up at the
wall and is assumed to govern the initiation of overturn-
ing mechanisms.

Four idealised restraint configurations are consid-
ered, denoted P1-P4, representing increasing levels
of edge support and defining the corresponding kin-
ematic collapse mechanisms. A schematic overview of
the geometry and boundary conditions is provided in
Figs. 2 and 3. Mechanisms P3 and P4 include two lat-
eral wedges defined by an inclination angle «, while P4
additionally includes a horizontal hinge at height z,
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separating the wall into lower and upper central blocks.
The wedge angle « is selected from tabulated values as a
function of the dimensionless geometry and load ratios

Le n
X1=— 3= ——r0m,
Z Pm&Lt

’ (2)
where p,, is the masonry density and # is the vertical
line load per unit out-of-plane length. In the present
implementation, intermediate values of X; and, where
required, X3 are obtained by linear interpolation.

Virtual-work collapse condition. Collapse is ruled
by a balance between destabilising work due to hydro-
static pressure and stabilising work due to the wall self-
weight and vertical loads. In general form,

L™ (h) =L", 3)

where L™ (h) is the external work of hydrostatic pressure
up to depth % and L denotes the stabilising work for
the assumed kinematic mechanism. Since internal dis-
sipation along fracture lines is neglected, collapse begins
when

L~(h) =L . (4)

Both L™ (k) and L* depend on the selected mechanism
(P1-P4) through the associated rigid-body rotations and
virtual displacement fields.

Stabilising actions. The stabilising actions comprise
(i) the self-weight of the wall and (ii) vertical loads
associated with upper floors. The wall self-weight is

W =pugtl.Z, (5)

and the vertical line load is given by # (units N/m). In
the synthetic dataset generation, the total vertical load is
parameterised as

n = nup Pmfg tZ, (6)

where 7, is an integer representing the number of upper
floors contributing to vertical load. With this defini-
tion, the dimensionless load ratio in Eq. (2) reduces to
X3 = Nuyp.

For a generic kinematic mechanism, the stabilising
work is obtained as the sum of the work contributions
of the individual rigid components,

L+=ZM§Z+ZM§NI’ (7)
i j

where W; and N; denote the weights of the individual
blocks and the vertical loads acting on them, respec-
tively, and §; and é; are the corresponding virtual verti-
cal displacements dictated by the assumed mechanism.
For instance, for P1 (one-edge restraint), the mechanism
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(a)

(b)

(c)
Fig. 2 Schematic representation of the masonry wall and the four idealised boundary restraint conditions considered in the limit-analysis model.
Panels (a—d) correspond to boundary conditions P1-P4, respectively. P1 (one-edge restraint), P2 (two-edge restraint), P3 (three-edge restraint),
and P4 (four-edge restraint)

reduces to a single rigid rotation about the base, leading
to the compact expression

4 t
Lpy = (W +nte) 2, (8)

where nl, is the resultant vertical load acting over the
effective wall length. For P2, P3, and P4, the calculation
of the stabilizing work is more complex due to the geom-
etry of these cases, applying Eq. (7) to the correspond-
ing multi-block mechanisms, following the kinematic
descriptions in (Milanesi et al., 2018).

Destabilising flood action. The destabilising work is
computed by integrating the hydrostatic pressure distri-
bution multiplied by the mechanism-dependent width-
integrated virtual out-of-plane displacement field §(z)
along the wetted wall height,

h
L™ (h) = /0 p(z) 8(z) dz, 9)

(d)

where §(z) = foe u(s,z)ds is the width-integrated vir-
tual displacement (m?), with s the horizontal coordinate
and u(s,z) the local virtual out-of-plane displacement
for the selected mechanism. For P1, this reduces to a
closed-form expression equivalent to the work of a trian-
gular hydrostatic load acting through its resultant lever
arm. For P3, the integration is performed on the central
region and the two lateral wedges; if the wedge inter-
section occurs within the wall height, the integration
is evaluated in parts on two vertical zones separated at
zi = £o/(2tan ) (truncated to # and Z), consistent with
(Milanesi et al,, 2018). For P4, the destabilising work
includes contributions from the lower and upper central
blocks and the two lateral wedges. Kinematic compatibil-
ity between wedge rotations is enforced through

zZ
tan By = Z I tan o,

~ (10)
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Fig. 3 Schematic representation of a masonry wall subjected

to flood loading. (a) Three-dimensional view of the wall geometry
and loading, showing the wall height Z, thickness ¢, length ¢,

and flood depth h. (b) Idealised boundary conditions (P1, P2, P3,
P4) considered in the limit-analysis model: red dashed lines show
restrained edges and blue dashed lines display the corresponding
kinematic mechanisms

where By indicates the wedge inclination in the upper
region.

For four-edge restraint (P4), the hinge location zj is
not known a priori. Here z, denotes the hinge eleva-
tion, while h, denotes the collapse flood depth. The
admissible hinge positions are explored and the mech-
anism is identified as the configuration that minimises
the safety margin (equivalently the ratio L™ /L") for a
given flood depth.

For each wall configuration, the critical collapse
depth is defined as the smallest flood depth satisfying
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Table 1 Input variables and constrained sampling ranges used
to generate the synthetic dataset

Variable Symbol  Unit Sampling Range/
Levels

Wall thickness t m 0.20-0.50

Floor height Z m 24-40

Number of upper floors  nyp - 0-2 (integer)

Masonry density Om kg m—3 1200-2200

Opening ratio 0 - 0.10-0.40

Wall length 14 m 3.0-120

Boundary condition BC categorical P1,P2,P3,P4

Eq. (4) for the respective mechanism. The treatment of
material and geometric variability and the estimation
of fragility parameters from repeated simulations are
described in Sect. 2.2.

2.2 Synthetic dataset and input ranges

For the purposes of the current methodology, it was
essential to create a synthetic dataset using the limit-
analysis simulator described in Sect. 2.1. Each entry in
the dataset represents a masonry wall defined by geo-
metric, material, opening, and boundary parameters.
The dataset was generated using independent random
sampling of nominal wall configurations, followed
by rejection of candidates that violated prescribed
model-domain or typological constraints. Continuous
variables were sampled within the bounds reported in
Table 1, ny, was sampled as an integer variable over
{0,1,2}, and the boundary condition was sampled from
the four mechanisms P1-P4. For P1 configurations,
nyp = 0 was imposed to satisfy the assumptions of the
corresponding one-edge overturning mechanism.

This type of simulation-based sampling strategy
is commonly adopted in surrogate-assisted reliabil-
ity and fragility analyses, where a synthetic database
generated from a reference mechanical or numerical
model is used to train a computationally efficient emu-
lator (Lieu et al., 2022; Banik and Hong, 2023). In the
present study, the sampling strategy defines a broad and
typologically plausible simulator-domain dataset for
surrogate training, model comparison, and sensitivity
interpretation. For each sampled wall configuration, the
flood collapse depth %, was calculated from the collapse
condition in Eq. (4), and the resulting collapse-depth
distribution was used to estimate the corresponding
fragility parameters. This synthetic strategy enables
systematic exploration of the mechanics-based model
while remaining suitable for cases where observational
flood-damage data are limited (Huizinga et al., 2017;
Nofal and van de Lindt, 2020).
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The independent variables were selected to reflect
the main factors affecting out-of-plane collapse under
flood loading: (i) wall thickness ¢, (ii) floor height Z,
(iii) number of upper floors nyp, (iv) masonry den-
sity pm, (v) opening ratio o, (vi) wall length ¢, and (vii)
boundary condition (P1-P4). These parameters are
consistent with the assumptions of the analytical model
of (Milanesi et al., 2018) and with previous flood vul-
nerability studies on masonry structures (Jalayer et al.,
2016; Nofal et al., 2020). They also correspond to archi-
tectural and typological descriptors commonly used in
masonry vulnerability and exposure-assessment frame-
works (Zuccaro et al., 2023; Tosto et al., 2023; Colajanni
et al., 2023). The resulting input vector for each realiza-
tion is therefore

X = [t, Z, nup, Pm» 0, L, BC}, (11)

where BC denotes the categorical boundary condition.

The sampling ranges were selected to represent typi-
cal low-rise masonry walls in flood-prone European
and Mediterranean contexts while ensuring suffi-
cient variability for surrogate learning. Wall thickness
t =0.20-0.50m, floor height Z =24—4.0m, and
masonry density p,;, = 1200—2200 kgm~2 cover com-
mon low-rise masonry-wall configurations from rela-
tively lightweight masonry units to dense brick or stone
masonry. The number of upper floors n,, = 0—2 repre-
sents the vertical load contribution in Eq. (6) while main-
taining a conservative low-rise typological envelope. The
opening ratio o = 0.10—0.40 spans lightly perforated to
highly perforated wall elevations and is consistent with
vulnerability and facade-level masonry studies where
openings are treated as important structural descrip-
tors (Del Zoppo et al., 2022; Liberatore et al., 2020; Tosto
et al, 2023). The wall length range ¢ = 3—12 m covers
short wall panels, intermediate facade bays, and longer
exterior wall portions. Thus, the adopted ranges define
a mechanics-based modelling envelope rather than an
inventory-calibrated frequency distribution for a specific
regional building stock.

The constrained sampling rules were applied after the
initial random draw. All accepted configurations were
required to satisfy 0.05 < ¢/Z < 0.35, consistent with the
dimensionless thickness-ratio range of the adopted limit-
analysis model. Additional gross aspect-ratio limits were
imposed for restrained mechanisms, with ¢/Z < 4.0 for
P3 and ¢/Z < 2.75 for P4. Further typological restric-
tions were used to avoid unlikely combinations of very
thin walls, long spans, large openings, and multiple upper
floors. In particular, configurations with n,p, = 2 required
¢t > 0.24 m, long walls required increased wall thickness,
and highly perforated walls were not combined with the
thinnest wall sections.
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The constrained sampling procedure was verified
through a plausibility audit, which confirmed that no
generated nominal wall configuration violated the
imposed model-domain or typological constraints. The
audit considered both dimensional variables and the
governing dimensionless quantities X g = £(1 —0)/Z,
Xy =t/Z, X3 = nyp, and X5 = 0f / pm- During sampling,
the gross aspect ratio £/Z was used to enforce the P3 and
P4 rejection rules, whereas the mechanics-based simu-
lator evaluates the effective aspect ratio Xj g because
openings reduce the effective wall length.

To account for material and geometric uncertainty
around each nominal wall configuration, random pertur-
bations were applied to selected parameters using nor-
mally distributed perturbations centred on the sampled
nominal values and bounded within physically admissi-
ble ranges. This choice reflects the assumption that, for a
given nominal wall case, construction tolerances, meas-
urement uncertainty, and local material variability are
most likely to remain close to the nominal value, while
larger deviations are progressively less likely. Normal-
type perturbations are commonly adopted in structural
reliability and fragility analyses to propagate uncertainty
in geometric and material properties through Monte
Carlo-type simulations (JCSS, 2001; Silva et al.,, 2023;
Jalayer et al., 2016).

Specifically, wall thickness, masonry density, and
opening ratio were perturbed using standard devia-
tions oy =0.05m, o,, =50kg m—3, and o, = 0.05,
respectively, while openings reduce the effective width
£, multiplicatively. Values falling outside the admissi-
ble modelling range were clipped to prevent nonphysi-
cal realizations. For each configuration, the simulator
incrementally increases the flood depth until the collapse
condition in Eq. (4) is met, yielding a sample of collapse
depths {hgi) ).

A total of 10,000 nominal wall configurations were gen-
erated, providing a statistically rich dataset spanning the
relevant combinations of geometry, material properties,
openings, and boundary restraints. For each configura-
tion, the distribution of collapse depths is summarized by
the median u and the logarithmic standard deviation g,
which define the two fragility parameters used as learning
targets for the surrogate models introduced in Sect. 2.3.

2.3 Model choice and learning setup

This subsection describes the surrogate models used
in this study, the definition of the learning targets, the
feature representations supplied to the models, and the
training and validation pipeline. The goal is to determine
the ML surrogate model that achieves the best possible
fit of the mechanics-based simulator under all boundary
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conditions, while ensuring that the model is capable of
adapting to as wide a range of wall cases as possible.

2.3.1 Targets and problem formulation

For each wall configuration, the limit-analysis simulator
returns a distribution of collapse flood depths 4, result-
ing from Monte Carlo perturbations of material and
geometric properties. From this distribution, the fragil-
ity parameters are defined as

ﬁ:wn(H

where 1 is the median collapse capacity, 8 the logarith-
mic dispersion of a lognormal fragility model, Var(h) the
variance of the collapse depth distribution, and E(/,) its
expected value.

Surrogate learning is formulated as two supervised
regression problems with shared inputs x and distinct
outputs:

A=fu0,  B=fp0.

To enforce positivity and improve numerical stability, the
natural logarithm of B is used as the learning target, with
back-transformation applied at inference. All models are
trained using a mean squared error loss on standardized
targets.

Predictive performance is also quantified using the
coefficient of determination R? and the mean absolute
error (MAE),

w = M(he),

Var(hc)> (12)

E(hc)?

(13)

22
R 20
Zi()’i—)’)z

; ) (14)
MAE = ﬁ zl: b’i —yi’,

where y € {1, B} as appropriate and y denotes the sample
mean.

2.3.2 Curve-level evaluation of surrogate performance

In addition to parameter-level accuracy, surrogate
models are evaluated on their ability to reproduce the
full fragility curves implied by (i, 8). In the present
study, the intensity measure is the flood water depth /4,
evaluated at the wall. For each configuration, the fragil-
ity function is expressed using the standard lognormal
formulation,

(15)

Fih) = ¢<ln<h>—1“(“)),

B
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where @ (-) denotes the standard normal cumulative dis-
tribution function.

Predicted curves Fpeq(h) are compared directly to
the reference curves Fiye (1) generated by the simulator.
Two global curve-level error metrics are employed: the
root-mean-square error,

N

1 2
RMSE = | ; [Bp(hi) — Fe(hyp)] 7, (16)
and the normalised area between curves,
1
ABC= L / [Ep(h) — E(h)| dh, (17)

where Al = hpax — Bmin is the evaluated water-depth
range, F(h) and Fi(h) are the predicted and reference
fragility curves, and the integral is evaluated numerically
over the considered interval.

To link surrogate accuracy to engineering-relevant per-
formance points, additional errors are computed for the
flood depths associated with selected exceedance prob-
abilities g,

hg = wexp (ﬁ dfl(q)>, (18)

with relative errors evaluated at ¢ = 0.10, 0.50, and 0.90.

2.3.3 Feature engineering and representations

The base predictors correspond to the simulator inputs
described in Sect. 2.2: wall thickness ¢, floor height Z,
number of upper floors ryp, masonry density p;,, opening
ratio o, wall length ¢, and boundary condition (categori-
cal). Continuous features are standardized to zero mean
and unit variance, while boundary conditions (P1-P4)
are encoded using one-hot indicators.

To integrate engineering knowledge into the learning
process, a limited set of composite features is introduced.
These include ¢Z as a slenderness-related measure, the
quadratic wall-span descriptor A = ¢2, a surrogate geo-
metric scale measure, reflecting the quadratic scaling of
wedge-controlled collapse mechanisms with wall span
under increasing boundary restraint, and of as an approx-
imation of the total opening width. For linear and sparse
models, polynomial expansions up to second order are
generated, including terms such as ¢2, Z?%, and ¢Z, while
higher-order monomials are excluded to preserve inter-
pretability and avoid overfitting.

2.3.4 Surrogate models and training procedure

A representative set of regression models including lin-
ear, kernel-based, and ensemble families is adopted. Lin-
ear baselines include ridge and lasso regression, which
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provide transparent parametric relations and enable coef-
ficient regularization. Ridge regression minimizes

1 N

Eridge = N Z (yi _5’1')2 + /L”W”%,
i=1

(19)

while lasso regression replaces the £; penalty with an ¢;
term to promote sparsity.

Support Vector Regression (SVR) with a Radial Basis
Function (RBF) kernel is employed to capture smooth
nonlinear dependencies. The SVR predictor takes the
form

Nsv

500 = > asexp(—y Ix = xil*) + b, (20)
i=1

with hyperparameters optimized via grid search.

Ensemble tree-based models are represented by Ran-
dom Forests and Gradient Boosting methods. Random
Forest predictions are obtained as

N trees

. 1
JrE(X) = > Tux),
Ntrees m=1

(21)

while Gradient Boosting constructs an additive model,

Fn(x) = F1(X) + v hy (%), (22)

where £,,(x) denotes the regression tree fitted at iteration
m and v is the learning rate.

All models are trained using stratified 5-fold cross-
validation with respect to boundary condition to ensure
consistent representation of P1-P4 configurations.
Hyperparameters are optimized within the cross-valida-
tion loop, and final models are retrained on the full train-
ing set before evaluation on a 20% hold-out test set.

2.4 Explainable Al and sensitivity analysis framework

A key objective of this study is the interpretability of
the results. To this end, a generalized sensitivity analy-
sis framework is used to interpret the predictions of the
surrogates and test their consistency with the physics
mechanisms leading to wall overturning under flooding.
The objective is to quantify and visualize how geomet-
ric, material, and boundary-condition variables influence
the fragility parameters and to identify stable, physically
meaningful trends across different surrogate families.

(1) Linear and sparse—polynomial sensitivities. For
linear and sparse polynomial surrogates (OLS, Ridge,
Lasso), the learned model can be expressed in the general
form
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5/ =B+ Z wjxj + Z WikXjXk (23)
]

j<k

where 7 € {u,log B} and «x; denote the standardized fea-
tures. The coefficients w; and wj; provide direct estimates
of first-order and interaction effects in standardized
units.

For discrete predictors such as the number of upper
floors nyp, the surrogate response can be summarized
using a low-order polynomial,

IS 2
V(nup) = ao + arnup + dzny,

and the stepwise effect of adding one upper floor is evalu-
ated through finite increments,

A =y(k) —yk — 1).

These increments quantify the change in the predicted
fragility parameter between successive upper-floor levels
while keeping all other variables unchanged.

(2) Permutation-based global importance. Permu-
tation importance is used as a model-agnostic meas-
ure of global sensitivity. For each feature, its values are
randomly permuted while all others are held fixed, and
the resulting degradation in predictive performance is
recorded. Features causing the largest performance loss
are interpreted as the most influential. This method ena-
bles direct comparison of importance rankings across
surrogate families and boundary conditions.

(3) Partial dependence (PD). To characterize nonlin-
ear marginal effects, partial dependence (PD) functions
are computed for selected predictors,

y(x) = Ex_[7(x),x)]
1 (k)
= 5 2 5xY)
k=1

where x_; are all features except x;. PD curves reveal
monotonic trends, curvature, and saturation effects that
cannot be captured by linear coefficients.

(24)

3 Results

This section presents the predictive performance of the
ML surrogates for the two fragility parameters—the
median collapse depth @ and the lognormal dispersion
p—followed by a sensitivity analysis aimed at interpret-
ing the learned relationships. The focus is on quantify-
ing how well the different regression algorithms (linear,
kernel-based, and ensemble models) approximate the
mechanics-based simulator, and on assessing whether the
resulting surrogates behave consistently with the under-
lying mechanics of wall collapse under flood loading.
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Table 2 Cross-validated performance of the main ML models
for predicting the fragility median w. Both models with updated
mechanics-based features and feature-based models are
evaluated

Model RZ, MAEcy [m]
Ridge Regression (baseline) 0.936 0.125
Lasso Regression (baseline) 0.936 0.124
Gradient Boosting (GBR) 0.994 0.033
Random Forest (RF) 0.995 0.032
Hist. Grad. Boosting (HGB) 0.997 0.024
SVR (RBF kernel, base) 0.998 0.024
SVR (RBF kernel, mech) 0.998 0.023

Unless otherwise specified, all metrics are reported from
stratified k-fold cross-validation with respect to bound-
ary condition (P1-P4), and test scores refer to a 20 %
hold-out set that was not used during training or hyper-
parameter tuning. The surrogate models, evaluation met-
rics, and sensitivity diagnostics discussed in this section
are defined in Sects. 2.3-2.4.

3.1 Model performance and comparison

Table 2 summarises the cross-validated performance of
the core surrogate families considered in this work for
predicting the fragility median p. Linear baseline models
(Ridge and Lasso) already achieve reasonably high accu-
racy, with R%V =~ 0.94 and MAEcy ~ 0.12 m. These find-
ings suggest that linear models, despite achieving reliable
performance, cannot capture the full performance of
the simulator. This confirms that nonlinear relationships
dominate the simulator’s calculations. Nevertheless,
tree-based ensemble methods yield a marked improve-
ment in predictive performance. Gradient Boosting,
Random Forests, and Histogram Gradient Boosting all
exceed R%V = 0.99, with mean absolute errors reduced
to the range 0.02—0.03 m. The SVR models provide simi-
larly high accuracy, confirming that the median collapse-
depth response can be emulated very accurately over the
constrained sampling domain.

The SVRygr model augmented with mechanics-based
features was retained as the final surrogate for x because
it combines near-optimal predictive accuracy with the
same mechanics-informed feature representation used
for interpretation. This model achieves R%V = 0.998 and
MAEcy = 0.023 m, indicating an almost exact reproduc-
tion of the mechanics-based simulator, which was the
desired outcome. These performance metrics quantify
the ability of the surrogate models to reproduce the out-
puts of the adopted mechanics-based simulator. There-
fore, the reported accuracy demonstrates simulator-level
emulation accuracy, while the external validity of the
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Table 3 Cross-validated performance of the main models for
predicting the fragility dispersion 8

Model Rév MAEcy
Ridge Regression (baseline) 0.698 0.013
Lasso Regression (baseline) 0.698 0013
Gradient Boosting (GBR) 0.920 0.007
Random Forest (RF) 0.945 0.006
Hist. Grad. Boosting (HGB) 0.943 0.007
SVR (RBF kernel, base) 0.702 0.015
SVR (RBF kernel, mech) 0.724 0.014

predictions remains bounded by the assumptions of the
reference analytical model. These assumptions and their
implications are discussed further in Sect. 4.

Figure 4 presents the learning curve of the best-per-
forming SVR model. The cross-validation score increases
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steadily and does not saturate, indicating that the surro-
gate remains data-limited rather than model-limited. The
residual distribution in Fig. 5 shows an approximately
Gaussian centered pattern, with slightly heavier tails for
higher fragility medians, reflecting the heteroskedastic
response of the ML surrogate model.

Table 3 reports the corresponding results for the fra-
gility dispersion parameter §. In contrast to the median,
prediction of B proves substantially more challenging,
with systematically lower coefficients of determination
across all models. Linear baselines achieve RZ, ~ 0.70
and MAEcy = 0.013, highlighting the limited ability of
purely linear mappings to capture the complex interac-
tions governing dispersion in the collapse response.

Ensemble methods provide a significant improvement
for B. Gradient Boosting, Random Forests, and Histo-
gram Gradient Boosting all reach RZ, ~ 0.92-0.95,
with MAEcy values close to 0.006—0.007. Among these,
Random Forests deliver the best overall performance
in terms of mean absolute error, achieving Rév = 0.945
and MAEcy = 0.006. The relatively lower performance
of SVR for $, with R%V values around 0.70—0.72, implies
that the dispersion parameter is influenced by different
physical drivers than the fragility median p.

The learning and residual curves for the selected f
-surrogate exhibit similar qualitative behavior to those
for u: cross-validation scores improve with increasing
sample size, and residuals remain centred with modest
dispersion. However, the lower R?> compared with the
surrogate indicates that B carries additional variability
that is not fully explained by the current input set. This
is expected because S describes the spread of collapse
depths generated by the Monte Carlo perturbations
around each nominal wall configuration, whereas u pri-
marily represents the central collapse capacity. The cur-
rent input features describe the nominal wall geometry,
material density, opening ratio, and boundary condition,
but they do not explicitly encode uncertainty descriptors
such as coefficients of variation, correlation structure,

Table 4 Curve-level and parameter-level evaluation metrics for
the surrogate fragility model

Metric Value Interpretation

Mean curve RMSE 0.018 Excellent curve agreement
Std. curve RMSE 0.015 Low variability

Mean ABC 0.008 Very small curve mismatch
Std. ABC 0.005 Low variability

Rel. error ho 10 0.017 ~1.7% quantile error

Rel. error hg 5o 0.013 ~1.3% quantile error

Rel. error hggo 0.015 ~1.5% quantile error
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local material heterogeneity, or boundary-restraint
uncertainty. Therefore, part of the variability controlling
B remains implicit in the simulator-generated response
and is less directly observable from the current macro-
scopic input features.

The curve-level metrics summarised in Table 4 confirm
that the surrogate models accurately reproduce the full
fragility behavior of the numerical simulator. The mean
curve RMSE is 0.018, with a corresponding mean area-
between-curves (ABC) of 0.008, indicating that the pre-
dicted fragility curves deviate from the true curves by
only about 1-2% across the intensity measure domain.
This level of agreement is consistent across the test set,
as reflected by the low standard deviations. Parameter-
level errors corroborate this performance. Importantly,
engineering-relevant performance points are reproduced
with similar accuracy, with relative errors of 1.7, 1.3,
and 1.5% for the 10th, 50th, and 90th percentile inten-
sity levels, respectively. These results demonstrate that
the combined SVR-RF surrogate framework provides a
valid approximation of the simulator-generated fragility
curves.

3.2 Feature importance and sensitivity analysis

The relative influence of geometric, material, and
boundary-related variables on the fragility median u is
examined across surrogate models and boundary con-
figurations (P1-P4). The input features correspond to
the variables defined in Eq. (11) and summarised in
Table 1. Because the surrogate is trained on the con-
strained simulator-domain dataset described in Sect. 2.2,
the feature-importance results quantify sensitivity trends
within this modelling envelope. This interpretation is
consistent with model-agnostic interpretability studies
showing that permutation feature importance and par-
tial-dependence estimates depend on the data distribu-
tion, feature dependencies, and the sampled region of the
input space (Molnar et al., 2023). Within this envelope,
consistent importance patterns are observed across the
model families, indicating stable rankings of the domi-
nant predictors.

The overall feature-importance ranking indicates that
the fragility median is primarily controlled by variables
associated with vertical load contribution, wall sectional
resistance, and boundary restraint. The number of upper
floors nyp, is the leading global predictor, followed by wall
thickness ¢ and the boundary condition. Floor height Z
and masonry density p,, form a secondary group, while
the quadratic wall-span descriptor and opening ratio
have substantially smaller first-order contributions. This
pattern is consistent with the mechanics-based formula-
tion, in which collapse resistance depends on the balance
between destabilising hydrostatic actions and stabilising
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effects associated with wall section, self-weight, vertical
load, and restraint.

The boundary-resolved feature-importance results pro-
vide further insight into these mechanisms. For the base-
only configuration (P1), where ny, = 0 by definition, the
response is governed mainly by thickness-related and
geometric descriptors, especially the coupled descriptor
tZ, wall thickness ¢, masonry density p,,, and wall-scale
variables such as £ or A. For the restrained configurations
(P2—P4), nyp becomes the dominant predictor, followed
by thickness-related descriptors ¢ and ¢Z. Masonry den-
sity remains stabilising but secondary, while geometric
variables such as Z, A, and ¢ have lower or boundary-
dependent influence.

Opening-related variables display consistently low first-
order importance within the explored parameter space.

tZ (m?)

£ (m)

A (m?)
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This reflects the effective-width representation adopted
in the analytical model, where openings enter through
£e = £(1 —o0). The composite opening-length term o/
also remains generally secondary, although it can partly
reflect wall-scale geometry in the P1 configuration. A
more detailed interpretation is provided in Sect. 4.1.

Taken together, the feature-importance results support
the following qualitative grouping of influence for the fra-
gility median:

(nup, £, BC) > (tZ, pm, Z) > (A, ¢, 0, 0f). (25)

This expression provides a compact summary of the
dominant sensitivity groups within the adopted simu-
lator-domain dataset. In the boundary-resolved analy-
sis, the grouping changes slightly because the boundary
condition is fixed within each subset: P1 is dominated

Fig. 6 Permutation-based feature importance for the fragility median u, resolved by boundary condition. Feature importances are shown in a polar
representation, with colours indicating the four boundary conditions P1-P4. Thickness-related descriptors and ny,, for the restrained cases form
the leading sensitivity group; boundary condition is important in the global ranking, while density and geometric descriptors are secondary

and opening-related variables are generally low or boundary-dependent
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Fig. 7 Risk heatmap of the predicted median collapse depth

as a function of boundary condition (P1-P4) and wall-case index.
Each index corresponds to a predefined discrete triplet of opening
ratio o, masonry density pm, and wall thickness ¢, as listed in Table 5.
P1is evaluated with nyp = 0, while P2-P4 are evaluated with nyp = 2.
Red colours indicate lower values of u (higher collapse risk),

while green colours correspond to increased collapse resistance. The
orderingP1 < P3 < P2 < P4is preserved across the representative
wall cases

Table 5 Representative wall-case indices used in the risk map.
Each index is a predefined discrete triplet of opening ratio o,
masonry density pm, and wall thickness t

Index o om (kg/m3) t (m)
1 0.29 1600 0.24
2 0.27 1620 0.26
3 0.25 1650 0.28
4 0.24 1675 0.30
5 023 1700 0.32
6 0.22 1750 0.34
7 0.22 1800 0.36
8 0.21 1850 0.38
9 0.21 1900 0.40
10 0.20 2000 042

by tZ, ¢, and wall-scale descriptors, whereas P2—P4 are
dominated by nyp, £, and tZ. The findings are visualized
in Fig. 6, which presents the permutation-based feature
importance resolved by boundary condition.

To provide a synthesis view of how boundary restraint
and wall characteristics jointly affect collapse capacity,
Fig. 7 shows a risk heatmap of the median collapse flood
depth u as a function of boundary condition (P1-P4)
and wall-case index. Each wall-case index corresponds
to a predefined discrete triplet of opening ratio, masonry
density, and wall thickness, as summarised in Table 5.
The revised indices were selected so that all heatmap
cells satisfy the constrained sampling rules. To isolate
the effects of boundary condition and representative wall
case, the remaining parameters are held constant across
all heatmap cells (Z =3 m, £ =5 m). The number of
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upper floors is fixed to nyp, = 2 for P2—P4, while ny, =0
for P1 by definition. For the restrained configurations
with nyp = 2, the wall thickness satisfies £ > 0.24 m. The
heatmap is therefore interpreted as a scenario-based
visualization of the combined influence of opening ratio,
density, thickness, and boundary condition.

The heatmap reveals a consistent ordering of collapse
capacity across boundary conditions, with configurations
featuring increased restraint exhibiting higher values of
the fragility median p for all wall cases defined in Table 5.
Increasing the wall-case index systematically shifts the
collapse capacity toward larger flood depths, while the
boundary condition controls the overall capacity level
at which this shift occurs. In particular, the constrained
heatmap preserves the ordering P1 < P3 < P2 < P4.
Boundary conditions with top restraint (P2 and P4) form
a higher-capacity group compared with those without
top restraint (P1 and P3), highlighting the role of bound-
ary restraint and upper-diaphragm action in the flood
vulnerability of walls with comparable representative
configurations.

3.3 Partial dependence analysis

Partial dependence results are used to examine the func-
tional relationship between key predictors and the fra-
gility median p under different boundary conditions.
Figures 8 and 9 illustrate representative PD profiles for
the one-edge (P1) and four-edge (P4) configurations,
respectively. The plotted predictors are ryp, wall thick-
ness ¢, masonry density p,,, opening ratio o, wall length
¢, and floor height Z. These profiles complement the
feature-importance analysis by showing how the selected
surrogate responds to controlled variations of individual
inputs over the sampled modelling envelope.

Across the considered boundary conditions, wall thick-
ness ¢ exhibits a clear monotonic positive effect on u. As
shown in Figs. 8 and 9, increasing ¢ consistently shifts the
predicted collapse capacity toward larger flood depths.
The response span is moderate for P1 and larger for P4,
indicating that the influence of thickness becomes more
pronounced under stronger boundary restraint. The
same positive trend is observed in Fig. 10, where the
response is expressed as the normalized median collapse
depth u/Z.

The influence of the number of upper floors ny, is
positive and concave for the restrained configurations.
Because nyp, is an integer variable, the plotted response
is interpreted through changes between successive floor
levels. The PD curves for restrained cases, represented by
the P4 response in Fig. 9, indicate that the increase in p
from zero to one upper floor is larger than the additional
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Fig. 8 Partial dependence responses for the fragility median under the P1 (one-edge) boundary condition

increase from one to two upper floors. This pattern indi-
cates diminishing marginal gains from additional vertical
load and restraint. For P1, ny, = 0 is imposed by defi-
nition, so upper-floor effects are not evaluated for this
mechanism. The normalized responses in Fig. 10 show
the same qualitative behaviour for P2-P4.

The masonry density p,, also has a positive influence
on the fragility median p, although its response span
remains smaller than those of wall thickness and upper-
floor contribution. The opening ratio o and wall length ¢
show lower-magnitude and boundary-dependent effects:
under P1 their responses are mildly non-monotonic,
whereas under P4 the opening-ratio response is small
and positive and the wall-length response remains weak
over the plotted range. The normalized responses in
Fig. 10 lead to the same overall interpretation, with den-
sity remaining positive and opening-related and wall-
scale geometric effects remaining secondary.

The floor height Z shows a weak or boundary-
dependent response in the absolute-depth PD curves.
Under P1, the response is nearly flat, while under P4 it
is mildly non-monotonic. Fig. 10 provides the corre-
sponding normalized response u/Z, which decreases
with increasing Z across the plotted boundary condi-
tions. Thus, the absolute-depth and normalized-depth

profiles provide complementary information: the former
describes changes in predicted collapse depth, while the
latter describes the corresponding depth-to-height trend
within the adopted modelling domain.

4 Discussion

This section synthesizes the results presented in Sect. 3
and interprets them in light of the mechanics governing
flood-induced out-of-plane collapse of masonry walls.
The discussion focuses on (i) the mechanistic interpre-
tation of the dominant sensitivity trends, (ii) the predic-
tion of fragility dispersion and the role of uncertainty
descriptors, (iii) the influence of boundary restraint
and interaction effects, and (iv) the consistency of sur-
rogate interpretations with the adopted limit-analysis
formulation. The computational efficiency of the pro-
posed framework, together with its validation scope,
applicability boundaries, and future extensions, is also
addressed.

4.1 Mechanistic interpretation of dominant sensitivity
trends

The sensitivity results presented in Sect. 3 indicate

that the fragility median u is governed by a group of
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Fig. 9 Partial dependence responses for the fragility median under the P4 (four-edge) boundary condition

mechanically related variables associated with vertical
load contribution, wall sectional resistance, and bound-
ary restraint. In particular, r,p, wall thickness £, boundary
condition, and the coupled thickness—height descrip-
tor tZ emerge as the dominant sensitivity group, while
masonry density p,, provides a secondary stabilising con-
tribution. This finding is mechanically consistent with
limit-analysis principles: increasing thickness enhances
both sectional capacity and the stabilising moment resist-
ing flood-induced overturning (Milani et al., 2007).

The dependence of the fragility median on wall thick-
ness can be summarized by a compact low-order
approximation,

w(t) ~ by + byt + by t? (26)

with

3
b +2byt >0 fort € [0.20,0.50] m.

ot (27)

Eq(27) states the condition that the predicted collapse
capacity increase with the thickness over the considered
range. This interpretation is consistent with prior stud-
ies showing that boundary restraint limits rigid-body
rotation and promotes geometry-dependent resisting

mechanisms in out-of-plane wall response (Destro Bisol
et al., 2024).

Furthermore, in the corresponding analysis with the
upper floors as input feature, the relationship between u
and nyp shows a clear concave trend. Both feature-impor-
tance rankings and PD profiles show that the first attached
floor produces the largest increase in u, while additional
floors yield diminishing marginal gains. This behaviour can
be approximated by

~ 2
p(nup) ~ ag + arngp + axny, 28)

ﬂ1>0, a2<0.

which captures the saturation of stabilising effects as ver-
tical connectivity increases.

Since nyp is an integer variable, the marginal contri-
bution of additional upper floors is more appropriately
described through finite increments rather than through
a continuous derivative. The incremental contribution
can therefore be written as

Ap = p(k) — p(k — 1),

where the PD profiles indicate A; > Ay > 0. This behav-
iour reflects the progressive restraint of wall rotation,

k=12, (29)
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Fig. 10 Partial-dependence-style responses of the normalized fragility median /2 for boundary conditions P1-P4. The panels show the effects
of nyp, wall thickness t, masonry density pm, opening ratio o, wall length £, and floor height Z

for which additional vertical load provides a positive but
diminishing stabilising contribution.

Geometric parameters related to wall extent, such as
plan dimensions and floor height, influence collapse
capacity through their effect on overturning lever arms
and the geometry of admissible failure mechanisms. The
plotted wall-length variable £ shows a boundary-depend-
ent response and remains less influential than wall thick-
ness, upper-floor contribution, and masonry density in
the selected partial-dependence profiles. Changes in ¢
affect collapse capacity through the mechanism geometry
and, for laterally restrained configurations, through the
effective contribution of cross-wall restraint. Similarly,
the influence of floor height Z is weaker and less system-
atic than that of thickness, upper-floor contribution, or
density. Under the absolute-depth formulation used here,
changes in Z affect both the mechanism geometry and
the conversion from dimensionless capacity to absolute
flood depth. Therefore, the normalized response u/Z,
shown in Fig. 10 provides a complementary depth-to-
height interpretation of the same surrogate predictions.
Larger walls may be more prone to geometry-dependent
mechanisms when their edges are restrained, because

the failure shape is then controlled more by admissible
mechanism geometry than by simple rocking.

The opening ratio, by comparison, plays a secondary
and low-magnitude role, primarily modulating effective
resisting width and local lever arms rather than altering
the collapse mechanism. These interpretations are con-
sistent with prior limit-analysis and numerical studies
showing that boundary restraint promotes geometry-
dependent wedge mechanisms in masonry walls (Asad
et al., 2024; Noor-E-Khuda and Thambiratnam, 2024).
This interpretation is specific to the adopted effective-
width representation of openings. In more detailed
masonry models, openings may also affect local stress
redistribution, pier and spandrel behaviour, lintel action,
and crack patterns. These mechanisms provide a clear
direction for future extensions using richer geometric
descriptors.

Overall, the marginal relations for (£) and i (nyp) pro-
vide compact, physically interpretable summaries of the
dominant trends observed in the surrogate predictions.

4.2 Prediction of dispersion and uncertainty descriptors
The comparatively lower predictive performance
observed for the dispersion parameter g, relative to the
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fragility median u, reflects the different physical mean-
ing of the two targets. The median p represents the
central collapse capacity and is mainly controlled by
nominal wall-scale descriptors such as ¢, Z, py;, nyp, 0, £,
and boundary condition. These quantities are explicitly
included in the surrogate input vector, which explains the
very high accuracy achieved for u.

By contrast, 8 describes the spread of collapse depths
generated by Monte Carlo perturbations around each
nominal wall configuration. It is therefore more closely
related to uncertainty propagation than to nominal col-
lapse capacity alone. In the present framework, the sur-
rogate inputs describe the nominal wall configuration,
while descriptors of the uncertainty model itself, such
as coefficients of variation, parameter standard devia-
tions, correlation structure, spatial material heterogene-
ity, or boundary-restraint uncertainty, are not varied as
independent inputs. Quantities such as oy, 0,,, and o,
are used internally to perturb the simulator inputs, but
they remain fixed across the dataset. The surrogate there-
fore learns the response under a prescribed uncertainty
model, which explains why § is more difficult to predict
than u, even though the selected ensemble model still
provides good accuracy.

The lower coefficient of determination for § may also
reflect local nonlinear amplification of uncertainty. Near
mechanism transitions, strongly restrained configura-
tions, or regions where small perturbations modify the
admissible collapse mechanism, similar nominal wall
configurations can produce different levels of dispersion
in collapse depth. Future extensions could improve dis-
persion prediction by augmenting the input space with
uncertainty descriptors such as CoV;, CoV,,,, CoV,, or
corresponding standard deviations (JCSS, 2001; Silva
et al.,, 2023; Nale et al., 2023); explicit opening descrip-
tors such as opening width, height, position, pier width,
and spandrel height (Liberatore et al., 2020); and mate-
rial or interface descriptors such as tensile strength,
mortar cohesion, friction coefficient, or degradation
indicators (JCSS, 2001; Silva et al., 2023). Including such
variables would help distinguish nominal capacity trends
from the uncertainty mechanisms that control fragility
dispersion.

4.3 Role of boundary restraint and interaction effects

Boundary conditions play a central role in modulating
both the magnitude and structure of fragility sensitiv-
ity. For the base-only configuration (P1), wall response
is governed mainly by sectional properties, and upper
floors have no influence by definition because ry, = 0 is
imposed for this mechanism. As restraint is introduced
through either top or lateral connectivity (P2 and P3),
vertical loads, wall thickness, and geometric descriptors
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act jointly, and interaction effects become non-negli-
gible. Under full restraint (P4), the response becomes
more sensitive to combined geometric and bound-
ary effects. Parameters such as wall span and open-
ing ratio may therefore contribute through mechanism
geometry, although their influence remains secondary
compared with vertical load contribution and thickness-
related resistance. This behaviour is consistent with
statically redundant configurations, in which local geo-
metric discontinuities can alter load paths and collapse
mechanisms.

The ordering of collapse capacity observed in the heat-
map in Fig. 7 can be interpreted in terms of wall connec-
tivity. Configurations without top restraint (P1 and P3)
form the lower-capacity group, whereas configurations
with top restraint (P2 and P4) form the higher-capac-
ity group. This highlights the stabilising role of upper
restraint and vertical load contribution in the adopted
model, while also confirming that the absolute level of
collapse capacity remains strongly dependent on the
assigned boundary condition.

Guideline curves for engineering interpretation. To
complement the boundary-specific interaction effects
discussed in Sects. 3.2 and 4.3, Fig. 11 presents a set of
guideline curves of the fragility median px intended to
support engineering interpretation and preliminary
screening. These curves do not introduce additional
results but represent controlled evaluations of the surro-
gate models under fixed, physically consistent conditions,
translating the learned relationships into a compact and
design-oriented form.

Figure 11 shows the predicted fragility median p as a
function of masonry density p;,, parameterized by wall
thickness ¢ and resolved by boundary condition (P1-P4).
To isolate the combined effects of density, thickness,
and boundary restraint, the remaining inputs are fixed
to representative values (0 =0.25, =5 m, Z=3 m,
with nyp = 0 for P1 and ny, = 2 for P2-P4), consistent
with the constrained low-rise masonry-wall domain and
with the heatmap analysis presented earlier in Sect. 3.2.
For consistency with the constrained sampling rules,
the lowest displayed thickness is boundary-depend-
ent: £ = 0.20 m is used for P1, where ny, = 0, whereas
t = 0.24 m is used as the lowest strictly valid thickness
for P2—P4, where ny, = 2.

These guideline curves are intended for prelimi-
nary screening and engineering interpretation under
the assumptions of the adopted hydrostatic, non-slid-
ing, no-scour limit-analysis model. Within this scope,
they provide a compact visualization of the dominant
mechanisms governing flood-induced out-of-plane wall
instability and support transparent comparison of wall
configurations. Detailed assessment remains necessary
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Fig. 11 Guideline curves of the predicted fragility median p as a function of masonry density pp,, parameterized by wall thickness ¢, for the four
boundary conditions considered. Panels (a)-(d) correspond to boundary conditions P1-P4, respectively. The remaining parameters are held
constant (0 = 0.25,£ = 5m, Z = 3 m), withnyp, = Ofor P1 and nyp = 2 for P2-P4. The curves are intended for preliminary interpretation

only and are valid within the idealized hydrostatic, non-sliding, no-scour assumptions of the adopted analytical model

for dynamic flood environments, debris-impact scenar-
ios, or cases where sliding, local damage, or foundation
degradation may control the response. They help answer
practical questions such as: “Given an existing wall with
known thickness, density, and boundary condition, what
collapse depth can be expected relative to another wall?”
For example, under full restraint (P4), a wall with
thickness ¢ = 0.32 m and density 1800 kg/m? exhibits a
median collapse depth approximately 0.5 m higher than
a thinner wall with £ = 0.24 m at the same density. Con-
versely two walls with the same thickness ¢ = 0.26 m
but densities of 1600 and 2000 kg/m?, respectively, dif-
fer in collapse capacity by roughly 0.20 m. This compari-
son illustrates that, for otherwise similar existing walls,

differences in thickness typically lead to larger changes
in collapse capacity than differences in density, while
the absolute values remain strongly dependent on the
boundary configuration that shifts collapse to greater
flood depths.

4.4 Computational efficiency and scalability

Surrogate modelling is widely used to approximate
expensive simulation outputs at substantially lower
computational cost, enabling large-scale evaluation
and uncertainty analysis (Shirzadi et al., 2025). Simi-
lar motivations have been reported in structural reli-
ability and fragility applications, where repeated Monte
Carlo or nonlinear structural simulations can become
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computationally demanding and surrogate models are
used to reduce the cost of reliability evaluation (Skan-
dalos et al.,, 2022). Beyond predictive accuracy, a key
advantage of the proposed framework is its computa-
tional efficiency relative to direct mechanics-based sim-
ulation. The reference approach requires Monte Carlo
evaluation of collapse mechanisms through incremen-
tal flood-depth analysis and stability checks, and for
some boundary conditions also requires internal opti-
mization such as hinge-position search.

Once trained, the surrogate predicts the fragility
parameters (u, ) through algebraic feature trans-
formations and regression model evaluations. If fgm
denotes the average time required for one mechanics-
based evaluation and ¢, the corresponding surrogate
inference time, the single-instance speedup is

Lsim

S§1 = ,
Lml

Iml K Lsim- (30)
For N independent wall configurations, the total runtime
scales approximately as

Tsim(N) ~ N &sim, Tini(N) =~ N tmi, (31)

so that the absolute time savings increase with the num-
ber of evaluated wall instances.

In the present study, the computational advantage
was quantified by comparing boundary-weighted
mechanics-based runtimes with measured post-train-
ing surrogate inference times. The total simulator time
was estimated as

4
Tim(N) =Y Nptp,, (32)
i=1

where Np, is the number of walls with boundary condition
P;, and tp, is the corresponding mean mechanics-based
evaluation time per wall. The measured mean simulator
times were 0.0086 s for P1, 2.6250 s for P2, 0.0267 s for P3,
and 3.3795 s for P4. All timings were measured on a Win-
dows 10 workstation with 8 logical CPUs, using Python
3.11.9 and scikit-learn 1.2.0 in CPU-only mode. Similar
computational gains have been reported in seismic fragil-
ity applications; for example, (He et al.,, 2024) reported
that a GRU-based surrogate completed 6,100 structural
response evaluations in a few seconds, compared with
approximately 5 h using the reference Bouc—Wen model.

Using the boundary-weighted estimate, the mechan-
ics-based runtimes for N e {102,103, 10*} were approx-
imately 135.20 s, 22.53 min, and 3.76 h, respectively.
The corresponding surrogate runtimes were 0.0398 s,
0.1688 s, and 1.3543 s, giving speedups of approxi-
mately 3.39 x 103, 8.01 x 103, and 9.98 x 103. For the
largest case, the trained surrogate models predicted
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both fragility parameters for 10,000 wall configura-
tions in 1.35 s, compared with an estimated 3.76 h for
the corresponding mechanics-based evaluations.

These results demonstrate a substantial reduction
in computational cost after training. This scalability
is particularly relevant for regional risk assessments,
parametric studies, uncertainty propagation, and rapid
scenario screening, where thousands of wall configura-
tions may need to be evaluated repeatedly.

4.5 Validation scope, applicability boundaries, and future
extensions

The preceding sections show that the proposed sur-
rogates can reproduce the reference mechanics-based
simulator with high accuracy and provide physically
interpretable sensitivity trends. The practical use of these
predictions depends on the scope and assumptions of
the simulator used to generate the training data. This
subsection therefore clarifies the validation level of the
surrogate framework, the potential bias associated with
the adopted limit-analysis assumptions, the intended
engineering use of the wall-level fragility estimates, and
the future extensions required for broader flood-risk
applications.

Validation scope, simulator assumptions, and bias

The high predictive accuracy reported in Sect. 3.1 dem-
onstrates that the proposed surrogates accurately emu-
late the adopted mechanics-based simulator. The physical
validation level of the framework is therefore governed
by the validation scope of the reference limit-analysis
model. Quantifying physical model bias would require
comparison with independent reference values from
experiments, post-event observations, or higher-fidelity
numerical simulations that explicitly include mechanisms
outside the simplified formulation.

The reference formulation of (Milanesi et al., 2018)
assumes rigid-block mechanisms, unlimited compressive
strength and stiffness, no tensile resistance, no relative
slip between adjacent blocks, homogeneous wall behav-
iour, and full foundation support without scour. That
study partly examined the influence of these idealizations
through nonlinear finite-element comparisons, showing
good agreement for the benchmark mechanisms consid-
ered. It also noted that finite compressive strength would
shift the pivoting hinges inward and increase vulnerabil-
ity, although this effect was limited for the tested configu-
rations; variations in compressive strength and stiffness
had marginal influence, while tensile strength produced
larger but still limited variations. Other assumptions,
such as no sliding and no scour, were acknowledged
as part of the simplified model scope rather than fully
quantified.
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Consequently, the direction of potential bias is mecha-
nism-dependent. The surrogate predictions may become
unconservative when the real response is governed by
mechanisms outside the adopted simulator, such as
mortar-joint sliding, interface cracking, local crushing,
foundation degradation, or support loss before the ideal-
ized overturning mechanism develops. This interpreta-
tion is consistent with interface-based masonry models,
which show that cohesive—frictional joint behaviour is
important for reproducing cracking and sliding mecha-
nisms (Serpieri et al., 2017), and with flood-scour studies
showing that foundation exposure and stiffness degra-
dation can increase structural vulnerability (Dong et al.,
2022). Thus, ignoring sliding or scour may lead to over-
estimation of collapse capacity when those mechanisms
govern the actual response. This limitation does not
affect the surrogate’s ability to emulate the adopted simu-
lator, but it defines the physical applicability domain of
the present framework.

Engineering applicability and vulnerability-model-
ling scope

Within this applicability domain, the proposed frame-
work should be viewed as a mechanics-informed com-
plement to empirical depth—damage and indicator-based
vulnerability models. Empirical functions remain useful
for large-scale loss estimation, but they aggregate differ-
ent structural behaviours into simplified relationships and
cannot explicitly represent boundary restraint, vertical
connectivity, wall thickness, or collapse mechanism. Indi-
cator-based models include multiple vulnerability attrib-
utes, but their weighting may remain qualitative and may
not capture the nonlinear interaction between geometry,
material properties, and restraint conditions. By contrast,
the present surrogate framework retains a direct link to
a mechanics-based collapse model while providing the
computational efficiency required for large-scale use.

The proposed framework is primarily intended for
rapid screening, regional-scale vulnerability assessment,
and preliminary engineering evaluation of masonry wall
fragility under flood loading. The outputs of the frame-
work are wall-level fragility parameters for individual
exposed masonry wall units under specified boundary
conditions. For building-level applications, these wall-
level predictions can be embedded within a broader
system-level assessment that accounts for diaphragm
action, wall-to-floor and wall-to-wall connections, cross-
wall interaction, load redistribution, structural redun-
dancy, and possible progressive collapse. This distinction
is important because ignoring system-level interaction
may either overestimate risk, by neglecting redundancy
and alternative load paths, or underestimate risk, by
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neglecting progressive collapse triggered by the failure of
a critical wall.

The applicability of the framework is also bounded by
the hydrostatic loading assumption of the reference sim-
ulator. Therefore, the present formulation is most appro-
priate for quasi-static or hydrostatic-equivalent flood
actions, where the peak demand can be represented by
a pressure distribution associated with flood depth or
maximum run-up. However, the present analysis does
not consider more complex scenarios such as those
including high-velocity floods, debris-impact scenarios,
or rapidly varying hydraulic conditions, where hydrody-
namic demand, impulsive loading, and transient damage
mechanisms may control the response.

Future extensions using richer simulators and addi-
tional input features

Future extensions of the framework should therefore
focus on enriching the mechanics-based data-generation
stage rather than only modifying the ML algorithms. The
same surrogate methodology could be applied to train-
ing datasets generated from higher-fidelity numerical
models or enriched analytical formulations that explicitly
include joint sliding, cohesive—frictional interface behav-
iour, finite compressive strength, local crushing, founda-
tion degradation, and scour. Similarly, the hydraulic input
space could be expanded to include flow velocity, Froude
number, hydrodynamic pressure coefficients, debris-
impact demand, flood duration, and rate of water-level
rise, allowing the surrogate to move beyond hydrostatic
or hydrostatic-equivalent loading assumptions. At the
building scale, future work should couple wall-level fra-
gility predictions with system-level models that account
for diaphragm action, cross-wall interaction, load redis-
tribution, redundancy, and progressive collapse. For
inventory-specific applications, the sampling strategy
should also be calibrated to regional exposure data, so
that input ranges and correlations among wall geom-
etry, openings, material properties, and construction
typology reflect the target building stock. This is impor-
tant because model-agnostic feature-importance and
partial-dependence measures depend on the data distri-
bution and sampled input domain (Molnar et al., 2023).
Finally, inventory-informed uncertainty models could
be introduced by varying not only nominal wall proper-
ties and sampling rules but also uncertainty descriptors,
such as coefficients of variation, material-strength vari-
ability, boundary-restraint uncertainty, and foundation-
condition indicators. These extensions would preserve
the computational advantages of the proposed surrogate
approach while broadening its applicability to more real-
istic flood-damage scenarios.
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5 Conclusion

This study proposed and evaluated a mechanics-
informed surrogate modelling framework for predict-
ing and interpreting the flood fragility parameters of
masonry walls subjected to out-of-plane loading. By
combining a mechanics-based collapse simulator with
complementary ML surrogates, the framework achieves
near-simulator accuracy for the fragility median u while
maintaining physical transparency across the constrained
low-rise masonry-wall domain considered in this study.
The approach bridges the gap between detailed analytical
modelling and scalable flood-risk assessment, enabling
efficient fragility estimation while retaining consistency
with the adopted mechanics-based simulator.

The results demonstrate that surrogate models can
reliably reproduce full fragility curves when the median
capacity is accurately captured. Although the dispersion
parameter B exhibits greater variability and compara-
tively lower predictability than p, this behaviour reflects
its dependence on uncertainty propagation around each
nominal wall configuration, which is not fully described
by the current macroscopic input features. Nevertheless,
curve-level evaluation confirms that focusing sensitivity
and interpretability analysis on j preserves probabilistic
collapse behaviour relevant for engineering decision-
making. Unified sensitivity diagnostics revealed stable
and low-dimensional response structures, with upper-
floor contribution, wall thickness, boundary restraint,
and the coupled thickness—height descriptor emerging
as the dominant sensitivity group, while masonry den-
sity remained secondary and opening-related variables
showed low first-order influence within the adopted
model formulation. The feature-importance analysis,
partial-dependence profiles, risk heatmap, and guide-
line curves provide complementary levels of interpreta-
tion, linking the surrogate predictions to the governing
mechanics of wall overturning and restraint. The sign-
level consistency between sparse interpretable surrogates
and nonlinear models further supports the robustness
and physical interpretability of the proposed framework.

Future research can build on the present framework
by enriching both the simulator and the input space
while preserving the same surrogate-modelling work-
flow. Additional loading and failure mechanisms, such as
hydrodynamic forces, impact actions, sliding and contact
behaviour, local crushing, foundation degradation, scour,
and soil-structure interaction effects, could be incorpo-
rated through higher-fidelity simulators or extended ana-
lytical formulations. Coupling wall-level surrogates with
simplified building-scale models will enable assessment
of system-level collapse and damage propagation. Further
work should also explore enriched input spaces includ-
ing uncertainty descriptors, explicit opening geometry,
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boundary-restraint stiffness, and foundation-condition
indicators, as well as inventory-informed sampling strat-
egies calibrated to regional exposure data, so that input
ranges and correlations better reflect target building
stocks. Hybrid calibration strategies that integrate post-
event damage observations with mechanics-based syn-
thetic data could further improve transferability across
regions and construction practices.

Overall, the proposed surrogate modelling approach
combines computational efficiency, simulator-level accu-
racy, and physical interpretability. It provides a practi-
cal route for rapid flood fragility assessment of masonry
walls, supports transparent engineering interpretation of
the dominant collapse drivers, and offers a transferable
methodology for analogous problems in structural and
hazard risk modelling.
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