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The seismic vulnerability assessment of masonry buildings in aggregate, typical of historical centers, remains a
critical and widely debated topic. The complexity of this issue, driven by numerous parameters and uncertainties,
has left many challenges unresolved by traditional analysis methods. This study addresses the problem through
an innovative approach, leveraging state-of-the-art Machine Learning (ML) techniques to analyze the small
historical center of Casentino (AQ), significantly affected by the 2009 L'Aquila earthquake. The availability of
highly detailed data on structural characteristics and damage enables the identification of correlations between
multiple vulnerability parameters and in plane and out-of-plane damage mechanisms. From these correlations, a
subset of key factors was identified as most relevant for interpreting seismic vulnerability while being easily
obtainable through in-situ surveys, offering an efficient basis for large-scale risk assessments. The robustness of
this subset was validated on a second case study, Visso (MC), by comparing ML-predicted damage to observed
damage following the 2016-2017 Central Italy earthquake. The results highlight the potential of ML techniques

to enhance seismic risk evaluation and streamline data collection processes for broader applications.

1. Introduction

Artificial intelligence (Al) is proving to be an efficient support to
classical modeling techniques also in engineering applications.
Compared to traditional methods, Al offers advantages to deal with
complex problems in which many (eventually correlated) variables are
involved, becoming less straighthood the physical interpretation. Ma-
chine Learning (ML) is a major subfield of Al and refers to the capability
of computers to learn without being explicitly programmed. The first
uses of ML programs in civil engineering date back to the late 1980s
| 1-6]. However, as | 7| indicate, there are also numerous applications of
ML techniques in the field of earthquake engineering. The main topic
areas are: Seismic hazard analysis [8-10], Identification of the Struc-
tural System, Monitoring and Characterization of Exposure [11-18],
Damage Detection [19-25] and Seismic Fragility Assessment [26-28].
The use of ML to support decision-making in post-earthquake scenarios
has been the most common so far. Convolutional Neural Networks
(CNNs) have often been used for earthquake damage classification due
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to their effectiveness in image recognition and classification [22 29 30].
Several studies indeed rely on visual data such as satellite images,
earthquake damage images, and radar data to train and test ML models.
In general, classification algorithms such as Random Forest Classifica-
tion (RFC), Gradient Boosting Classification (GBC) and Extreme
Gradient Boosting Classification (XGBC) have generally shown better
performance compared to regression methods [51]. Many studies aim at
classifying seismic damage (into categories such as no damage, slight
damage, moderate damage, severe damage and collapse [19], or using
traffic-light-based systems, i.e., no damage, medium damage, severe
damage [ 32| and predicting building usability to also improve decisions
during the emergency phase [15,21]. However these objectives some-
times face challenges related to data quality and regional variability,
making adaptations necessary for application in different contexts. So
far, an analysis of the literature shows that damage detection using ML
techniques has been developed mainly by referring to portfolios con-
sisting primarily of isolated buildings [23,24 32] or by considering only
a limited number of basic building features such as the number of floors,
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Fig. 1. Example of the historical evolution of a Building in Aggregate (BA).

construction period, height and floor area [25,32.33]. In this paper, the
study focuses on the application of ML techniques for seismic damage
assessment by referring to the typical built environment of small his-
torical centers where masonry buildings are in aggregate configuration.
Building in aggregate (BA) refers to a non-homogeneous set of structural
units (SUs) interconnected with varying degrees of effectiveness deter-
mined by their evolutionary history, which may interact under seismic
or dynamic actions [34], Fig. 1.

Assessing the seismic vulnerability of this type of building is very
complex because, due to the historical evolution, it is characterized by a
great variability in terms of materials, geometries, construction tech-
niques, state of preservation, and types of connections between one SU
and another [35]. As also discussed in [36], the seismic vulnerability of
masonry aggregates is strongly influenced by the specific characteristics
and historical development of the urban context in which they are
located. Each historical center presents unique features in terms of urban
morphology, construction practices, and transformation dynamics over
time, which affect both the physical configuration of the aggregates and
their structural behavior under seismic actions. These aspects are critical
for understanding the vulnerability of such systems which led to adopt
context-sensitive approaches in their assessment. An analysis of the state
of the art reveals a lack of systematic and parametric analyses capable of
addressing all the uncertainties and open issues that characterize this
topic [37]. To date, numerous efforts and studies have been conducted
in the literature to understand and investigate the seismic vulnerability
of masonry buildings in aggregates, employing a wide range of methods,
from mechanical models [38-41] to typological-heuristic approaches
42-45]1. Notably, recent works have also focused on enhancing the
automation of the assessment process [46,47]|. However, given the
complexity of the problem, many parameters come into play in assessing
the seismic vulnerability of existing masonry BAs, and it is still unclear
which of these are more important and what the correlations are among
them.

For this purpose, the present work aims to determine a subset of
parameters that best characterize the seismic vulnerability of BAs
regarding both In-Plane (IP) and Out-Of-Plane (OOP) mechanisms,
validating this subset of parameters on an additional case study. The
ultimate goal is to establish a dedicated taxonomy for describing and
characterizing the vulnerability of masonry BAs. This taxonomy is
intended to serve as a systematic framework to identify and classify the
parameters that most significantly influence the seismic response,
enabling a more robust understanding of the interactions among them
and providing a structured approach for future analyses based on either
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mechanical-analytical and mechanical-numerical approaches [37].

The structure of the paper consists of four main sections: a descrip-
tion of the methodology utilized, a presentation of the datasets used for
training and validating the model, an explanation of the ML technique
employed, and finally, a presentation of the results.

2. Methodological approach

The objectives of this work are to define a ML model with a good
level of damage predictability and to determine and validate a subset of
vulnerability parameters that are effective for damage prediction, while
also being easily obtainable. This will allow for large-scale data collec-
tion in seismic risk policies during peacetime in future applications.

In many cases, especially in small historical centers, BAs have
evolved spontaneously over the centuries without following specific
rules or orders. This building process has resulted in a situation where,
within this type of aggregates, it is often difficult to distinguish one 5U
from the adjacent ones, as they have a structural system that is strongly
dependent on the rest of the aggregate, despite being legally considered
independent SUs [37]. To address this difficulty, it was decided to
operate by referring to three different scales, Fig. 2: the scale of the
structural aggregate, the scale of the SU, and the scale of the single front.
The problem of predicting seismic failure mechanisms in masonry ag-
gregates was approached as a binary classification task using machine
learning. Different feature sets describing building characteristics served
as inputs to classify whether Out-Of-Plane or In-Plane mechanisms were
activated. Several algorithms were tested, with XGBoost selected for its
superior performance. The model was trained and validated through
multiple scenarios to assess its ability to generalize to unseen data,
including cross-site validation between different historical centers.
Hyperparameter tuning and feature importance analysis ensured
optimal and interpretable results. This approach provided a systematic
and data-driven method to support seismic vulnerability assessment.

In the model’s training phase, an initial dataset from the historical
center of Casentino (AQ), affected by L'Aquila earthquake on April 6,
2009 (Mw=6.3), was considered to identify the correlations between
damage mechanisms and vulnerability factors. The extensive data from
this historical center was made available through site surveys conducted
by the research units from the University of Genoa, the University of
Catania, and the CNR-ITC of L’Aquila [48]. Using the ML technique the
importance of features in relation to the considered damage mechanism
was evaluated through the Mean Decrease Accuracy (MDA). Damage
mechanisms were classified into I[P and OOP modes. Specifically, the IP
mechanisms Fig. 3(a) affect the response of walls when subjected to
horizontal seismic actions oriented within their own plane, causing
damage through flexure and shear [49 50]. The activation and propa-
gation of cracks occurs when the ultimate material strength is exceeded.
OOP mechanisms Fig. 3(b) instead involve rocking and bending phe-
nomena that lead to structural collapse due to loss of equilibrium [51,
52] when walls are mainly subjected to horizontal seismic actions
orthogonal to their main plan. These kinematic mechanisms can occur in
buildings where the absence or ineffectiveness of connections between
walls and floors, as well as between intersecting walls, does not ensure

Fig. 2. Analysis scales referred to: a) aggregate scale, b) 5U scale, ¢) front scale.
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(a)

Fig. 3. Types of damage mechanisms:

(b)

(c)

a) IP damage, b) OOP damage, ¢) damage from interaction between SUs.
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Fig. 4. Flowchart of the adopted methodology.

the development of an integrated structural behavior. In addition to IP
and OOP damage modes, also pounding effect Fig. 3(c) may occur when
adjacent SUs, due to their different oscillations during an earthquake,
collide with each other [53.54].

Once the ranking of parameters based on their importance regarding
the activation of both IP and OOP mechanisms was determined, the top
12 most important and easily obtainable parameters for IP and OOP
were selected, and a merge of these was performed, resulting in a single
subset of 15 parameters, that was then validated by referring to a second
dataset from the historical center of Visso (MC). The Visso’ municipality
was subjected to the Central Italy 2016/2017 seismic sequence, where a
damage prediction was made using ML. This prediction was subse-
quently compared with the actual recorded post-earthquake damage for
the validation purpose, Fig. 4.

3. Dataset for training and validation of the model

In the context of seismic vulnerability assessment and damage

prediction for historical BAs using ML techniques, the model’s training
and validation phases are crucial. To build a ML model it is essential to
rely on a broad and representative dataset.

In this study, the historic center of Casentino (AQ) was used as the
training model. The Casentino dataset includes detailed information on
vulnerability parameters and structural characteristics of the buildings,
collected through direct post-seismic inspections. This data is used to
train the model, enabling the system to learn the relationship between
structural features and observed damage.

Subsequently, to ensure that the trained model is robust and gener-
alizable, it must be tested on independent data. For this purpose, the
historic center of Visso (MC) was chosen as the validation model. Visso
has similar architectural characteristics but with a distinct dataset
compared to Casentino. Using this second model for validation tests the
accuracy and reliability of the predictive model on new data, ensuring

that the model’'s predictions are valid even in similar but not identical
contexts.
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Fig. 5. Planimetric layout of the historic center of Visso. The numbers indicate the reference aggregate, the SUs that compose it, and the corresponding front.

3.1. Tools adopted for data collection

A crucial component of this study is the comprehensive data
collection process, which forms the foundation for subsequent analysis
and interpretation. The data necessary to train and validate the ML
model can be categorized into two main groups: data related to struc-
tural and architectural details, which represent the input data in the
analysis, and data related to damage, which represent the output data.
This data were collected and classified with reference to the scale of the
front Fig. 2. Starting from the base cartographic documentation
(regional CTR 1:5000) integrated with data acquired from available
aerial surveys, individual BAs, the SUs constituting them, and the fronts
of each individual SU were identified and systematically classified to
accurately map the association of each front with its respective SU and
BA, Fig. 5. However, since the cartographic sources generally only
outline the external boundaries of the aggregates, the identification of
SUs required a more detailed operational approach. This process was
carried out through extensive fieldwork conducted by a working group
of researchers and students from the Universities of Genoa and Catania
and researchers from ITC-CNR. The methodology included:

— Identification of the positions of walls orthogonal to the facades to
reconstruct the internal planimetric configuration of the aggregate
and to delineate the individual masonry cells;

— Survey of the number of floors along each facade to define the ver-
tical consistency of the BA;

— Schematic documentation of all street-facing facades, highlighting
cracks, collapses, tie rods, and other seismic protection elements, in
order to capture the post-earthquake condition;

— Identification and classification of each SU based on construction
techniques, damage patterns, and structural continuity.

The identification of BAs and their constituent SUs was thus the
result of a mixed approach that combined cartographic analysis, sys-
tematic technological and structural surveys, and field experience. This
integrated methodology was essential to understand the construction
phases of the aggregates and to build a reliable and operationally useful
dataset.

The identification of the SUs is a fundamental step not only to enable
systematic data acquisition but also for a coherent interpretation of the
damage. After this preliminary phase, it is important to highlight that
the data collection process differed between the two historic centers.
The data collection in the historic center of Casentino was carried out
through post-earthquake field inspections conducted by a working

Fig. 6. Examples of damage in the historic center of Visso. Cracks IP are
marked with X, while OOP activations are circled.

group consisting of researchers and students from the Universities of
Genoa and Catania and the researchers from ITC-CNR. These inspections
carried out in the historic center of Casentino provided detailed infor-
mation on the structural conditions and damage concerning 32 BAs,
comprising a total of 256 SUs. Among these, 475 fronts were analyzed,
resulting in a substantial amount of data. During these in-situ surveys,
specific collection data forms were outlined and then compiled to ac-
count for the unique construction characteristics of Casentino [48,55].
This expedited data sheet for the survey of SUs within buildings in
aggregate is provided in the supplementary material [56]. The form
consists of two main sections. The first section includes information
related to the general consistency of the SU, such as the position of the
SU within the topographical context and the aggregate it belongs to, the
general maintenance status, the total number of floors, etc., as well as
more specific information on the construction survey of the individual
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Fig. 7. (a) Planimetric layout of the historic center of Casentino. A typical aggregate is highlighted. (b) and (c¢) Diagram of the elevation of the aggregate highlighted.

fronts providing data on horizontal and vertical structures. This section
provides information on a total of 41 input parameters for each front. A
more detailed overview of this information is provided in the supple

mentary material. The second section of the survey form is dedicated to
damage assessment and the identification of mechanisms activated on
each front. The form provides a detailed classification of the types of
damage observed, which is outlined in the supplementary material. This
study considers only the damage related to IP, OOP mechanisms, and
interaction mechanisms Fig. 6. The damage was also classified based on
the activation level (no activation, low damage after activation, severe
damage after activation). For IP damage mechanisms, the assignment of
“low damage after activation™ was applied in cases where the damage
was localized to single panels of the analyzed front. Conversely, the
assignment of “severe damage after activation” was given when shear of
flexural damage to piers or spandrels was systematically distributed
across at least one level of the building, Fig. 6. This approach reflects the
equivalent frame model approach, where the wall is conceptualized as a
system of piers and spandrels (deformable element where the non-linear
response is concentrated) connected by rigid nodes which are not sub-
jected to damage. In such systems, the distribution of damage in the
masonry panels can activate different IP mechanisms, such as
weak-story mechanisms (localized concentration of damage in a single
story) or uniform mechanisms (damage distributed more evenly across
multiple piers and spandrels).

These behaviors influence the residual properties of the structure,
particularly its residual strength and displacement capacity, weak-story
mechanisms, for example, tend to reduce the wall’s overall displacement
capacity due to the concentration of deformations, whereas uniform
mechanisms often preserve a greater portion of both strength and
ductility thanks to the more balanced distribution of damage. Similarly,
the activation level was assigned for mechanisms related to OOP
behavior. However, assigning a damage level to OOP mechanisms is
complex because the observable damage often does not clearly or pro-
gressively reflect the severity of the phenomenon. Initial signs, such as
microcracks or slight rotations, can be difficult to detect, especially if
masked by plaster or hidden in hard-to-access areas. Unlike the
distributed damage typical of [P mechanisms, OOP damage is often
localized, such as edge overturning or the expulsion of limited portions
of the wall, making it challenging to identify intermediate levels of
deterioration. In summary, the observed damage can be subtle, local-
ized, or difficult to interpret without an in-depth understanding of the
structural context and support from more detailed analyses. In both

cases, this study references only cases with “no activation” and “severe
damage after activation”. Cases classified as “low damage after activa-
tion” were summed with those classified as “no activation™ to enhance
the robustmess of the damage database. A graphical representation of the
activation of each mechanism will be presented in Section 3.3, in Fig. 13,
showing that, in both analyzed historic centers, the damage mechanism
of pounding did not occur with significant statistical relevance. This
result is notable as, despite the literature identifying pounding as a key
focus and challenge, observed evidence suggests it is neither frequent
nor decisive, with its impact limited to localized masonry effects rather
than the overall structural damage [57-59]. The data collected are
derived not only from the notes on the survey forms but also from
graphic sketches, annotations, and photographic documentation, Fig. 7.

This systematic data collection, useful for the purpose of this study,
was originally carried out with the aim of acquiring elements for
drafting a “Code of Practice” for repair interventions, seismic improve-
ment, and reconstruction that could also support the municipal admin-
istration in making operational choices for reconstruction. While the
data collected for the historic center of Casentino are extensive and
detailed, those for the historic center of Visso were unfortunately ob-
tained in a more expedited manner and partly through remote analysis.
Specifically, 14 BAs were analyzed, comprising a total of 93 SUs, with
114 fronts examined. Information on structural parameters and damage
was gathered by retrospectively analyzing photographs taken during
post-earthquake field inspections conducted by the research team from
the University of Genoa during the 2016-2017 earthquake sequence.
This dataset included over 350 images of damage. The photographic
material was further integrated with a detailed analysis of structural
characteristics and damage using resources such as Google Street View,
Google Earth, pre-earthquake YouTube videos, and videos recorded by
firefighters immediately after the seismic event [60]. However, since the
historic center of Visso is the case study used to validate the subset of
parameters derived from the Casentino analysis, the number of param-
eters assigned to each front of the SUs of each BA is considerably lower
than the number of parameters considered in Casentino. As one of the
fundamental criteria for determining the subset of parameters is the ease
of information retrieval, the attribution of parameters to the BAs of Visso
was possible indirectly, without being on-site.

3.2. Historic center of Casentino (AQ)

The dataset used for ML training focuses on the historical center of
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Fig. 8. Location of the historical centers under study and the earthquakes that
affected them, https://www.earth.google.com.

Casentino (AQ), which was severely affected by the April 6, 2009,
earthquake in L’Aquila. This earthquake occurred 2 km southwest of
L'Aquila at a depth of 8.3 km, with a magnitude Mw= 6.3, Fig. 8. The
epicenter was approximately 21 km from the historical center of Case-
ntino, where the maximum PGA (Peak Ground Acceleration) experi-
enced was estimated to be approximately 0.27 g, according to Shake
Maps provided by the DaDo platform.

This case study was chosen because it is highly representative of the
typical building fabric of small historical Italian centers and because a
large amount of data is available for this area. Most of the buildings in
the historic center of Casentino are in aggregate that have evolved over
the centuries.

Despite the considerable variability in terms of materials, geome-
tries, conservation status, and connections between adjacent SUs, it is
possible to delineate some common characteristics across the entire
building fabric. The buildings are primarily constructed from local
sandstone, which is roughly shaped and bonded with sand-based mortar.
Often, the mortar serves not only as a binder but also as a filling mate-
rial. On average, the stone elements that comprise the structure are
relatively small, with dimensions ranging from 15 to 30 cm. Vertical
joints staggering is not consistently adhered to; however, there is a
notable horizontal alignment of the courses. The floors are mainly made
of wood, supported on a main beam perpendicular to the facade. Oc-
casionally, steel floors and small vaults are present, particularly in
buildings that have replaced existing floors or vaults. A recurring
element in the building fabric of Casentino is the arch, which can be
constructed from either local stone or brick. Arches are commonly found
in openings and are also used as seismic reinforcement; numerous
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shoring arches are present throughout the area. Most SUs have two or
three stories, and more than 60 % of the SUs lack any seismic protection
devices, Fig. 9 and Fig. 10.

3.3. Historic center of Visso (MC)

The historic center of Visso (MC) was selected as a reference to
validate the results obtained from the ML model, Fig. 11. Visso was
significantly affected by the seismic sequence that struck Central Italy
between 2016 and 2017. The main events of this seismic sequence that
affected the area under examination are shown in Fig. 8. The most im-
pactful event occurred on 30 October 2016, with an epicenter located
4 km north-west of Norcia (PG), at a depth of 10 km and a magnitude of
6.5. This earthquake was strongly felt in the historic center of Visso,
located approximately 11 km from the epicenter, where the recorded
PGA reached 0.39 g. This center was chosen due to its well-
representative construction styles typical of central Italy. It primarily
consists of masonry buildings (85 %), with the vast majority of these
structures being in aggregate (93 %). The buildings in the historical
center of Visso date back to the Middle Ages, with their construction
periods primarily falling into two categories: pre 1919 and 1919-1945.
The load-bearing walls of these structures are predominantly two-leaf
stone masonry, featuring rough stones approximately 90-120 mm in
height and 360-400 mm in length. The thickness of the external walls is
around 70-80 cm on the ground floor and 55-60 cm on the upper floors.
Internal walls tend to be somewhat thinner, typically 5 cm less than the
perimeter walls on each floor.

There is a notable difference in the ratio of the total resistant wall
section to the total surface when comparing the longitudinal and
transversal directions. The transversal direction, often with side walls,
exhibits a higher ratio, whereas fronts are oriented along the longitu-
dinal direction, which runs parallel to the main axis of the BA. In
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Fig. 10. Graphical representation of the damage mechanisms activated in the
historic center of Casentino.

One story (16.4%)
e Two storeys (44.9%)
Bl Three storeys (35.2%)
Bl Four storeys (3.5%)
Not detected

Bl With tie rods (34.4%)

B With RC tie beams (4.7%)
Without anti-seismic devices (60.9%)
Not detected

(b)

Fig. 9. Graphical representation of some building features in the historic center of Casentino: a) number of floors, b) anti-seismic measures.
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Fig. 11. Planimetric and photographic representation of the damage of the historic center of Visso.

contrast, fronts oriented along the longitudinal direction are charac-
terized by quite large openings at ground level. Floor diaphragms are
predominantly made of brick and timber, though some cases include
very thin, unreinforced concrete slabs, approximately 15 cm thick. The
diaphragms are generally oriented perpendicular to the transversal di-
rection [60].

A brief graphical summary of some of the collected data is presented
Fig. 12 which also includes a comparison of the same parameters related
to the historic center of Casentino.

Fig. 12 highlights the main structural differences and similarities
between the two historical centers under study. In Casentino, buildings
predominantly have three floors (46 %), though there is also a signifi-
cant presence of two stories (31 %) and single-story buildings (18 %). In
conftrast, most SUs in Visso consist of two floors (65 %). In terms of
topographic conditions, buildings in Casentino are mainly located on
sloped ground (89 %), while in Visso, they are positioned on the flat
terrain, indicating a notable difference in geographical setting between
the two historical centers. In both villages, roofs are primarily con-
structed from wood, and SUs generally do not tower above their adja-
cent units. The arrangement of openings is predominantly regular, with
69 % of buildings in Casentino and 61 % in Visso featuring a regular
pattern. The quality of wall interlocking, which is essential for structural
cohesion, is better in Visso, where 61 % of buildings exhibit good
interlocking, compared to only 29 % in Casentino. Finally, tie-rods are
more frequently found in Visso (50 %) than in Casentino, where they are
present in only 30 % of cases. For further information, please refer to
Fig. 12. The summary of the different feature sets to predict the IP and

OOP activations is reported Table 1. The feature sets (FS) analyzed in
this study are three, differing based on the number of factors included
within each set. These subsets were defined with the specific goal of
reducing the number of parameters required for the field surveys, while
ensuring that the analysis relies on features that are easily obtainable in
real-word conditions and strongly correlated with the interpretation of
the seismic response. The first feature set (FS1) includes all the infor-
mation extracted from the survey forms presented in the supplementary
material, summarized into 38 parameters. It represents the most
comprehensive dataset. The second feature set (F52) is composed of 15
of the 38 parameters in FS1. These parameters were selected following
the analyses conducted on Section 4, focusing on those most strongly
correlated with damage mechanisms and easily measurable on-site.
Specifically, the parameters most correlated with damage, 12 for IP
mechanisms and 12 for OOP mechanisms, were combined into a single
subset by considering the overlapping factors, resulting in FS2. The third
feature set (FS3) was derived from FS2 by removing two parameters for
which sufficient and reliable data were unavailable for the historical
center of Visso. The comparison of damage mechanisms, including IP
(In-Plane), OOP (Out-of-Plane), and pounding, observed in the two
historic centers is illustrated in Fig. 13. From the analysis of these charts,
it becomes evident that pounding is not statistically significant
compared to the other mechanisms. This observation contrasts with
findings in the state-of-the-art literature [61] which often emphasize
pounding as one of the most studied and debated issues, possibly due to
its complexity and the fact that it remains an unresolved aspect in many
cases. Despite this, the evidence from the damage analysis suggests that
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Fig. 12. Graphical summary of the structural features characterizing the historic centers of Visso and Casentino.

pounding is not among the most recurrent mechanisms. Furthermore, in
the cases where pounding was observed, the analysis indicates that this
type of damage does not appear to dominate the overall damage
assessment of the structure. While pounding may have a localized effect
on the response of specific masonry portions, it does not seem to be the
decisive factor governing the overall response of the building unit.

4. Machine learning algorithm-based methodology

The problem described in Section 3 of predicting when an OOP or IP
mechanism is activated based on the different feature set (FS1, FS2, and

FS3) reported in Table 1, leveraging the data described in the very same
section, can be mapped to a typical binary classification problem of ML
62]. In particular, in binary classification an input space # (i.e., the
features sets of Table 1) and an output space (i.e., OOP or IP mechanism
activation) % € { —1,+1} are available together with and unknown
distribution P{Y | X} where X € # and Y € %.

The only knowledge about the P{Y | X} is a dataset of n observations
Z, ={(X, Y1), ..(X, Y.}, whereX;ec ¥and Y;e # vie{l, -,
n}. Analgorithm .+ # : %, » % —fcharacterized by its hyperparameters
# selects a model inside a set of possible ones . based on .

Two main types of algorithms exist (see Fig. 2). The error of f =
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Table 1
Feature Sets.

Input/ Features Set Description

Output

Historical Centre
Aggregate
Structural Unit
- - - Front
Input F51 FS2  F83  Number of levels possibly subjected to OOP
mechanisms
SU position - flat area
Grounding of the front in flat or slope area
Position of the front in the aggregate (header,
corner, internal)
Front raised above a volume
Position of the aggregate (aligned,
encompassed, false, soaring)
State of maintenance of vertical structures
Roof warping parallel or perpendicular to the
front
Pushing or non-pushing roofing
Roofing material (timber or reinforced
concrete)
Regular layout of openings
Percentage of openings in the front
Presence of tie-rods
- State of maintenance of the roof
- Interlocking quality corners
- Offset of diaphragms levels between adjacent
SUs
- Front position in edge area
- Front position in subsidence area
- Levels number differentiated on adjacent
fronts
- SU position - slope area
- Front advancement
- Presence of added volumes to the front
- Presence of raised-up portions
- Floor warping parallel or perpendicular to the
front
- Presence of vaults
- Type of covering (flat/shallow)
- Presence of top ring-beam
- Maximum number of openings between two
internal walls
- Presence of structural lintel
- Presence of wall thickening
- Presence of buttresses
- Presence of arches connecting two SUs
- Presence of ring-beams
- Connection with roofing elements
- Presence of adjacent but not interlocked walls
- Presence of infilled openings
- Presence of chimneys
- Presence of masonry portions inserted after
previous collapses
IP Activation ()
O0OP Activation ()

Mone - - -

Output - - -

W %,) € 7 Iin approximating P{Y | X} is measured by a prescribed
metric M. For what concerns the M many different metrics are available
in literature [63]. In this work the percentage of balanced accuracy
(PBACC), true positive (PTP), and true negative (PTN) are exploited. To
tune the performance of the % 3, namely, to select the best set of
hyperparameters, and to estimate the performance of the final model
according to the desired metrics, a Model Selection (MS) and Error
Estimation (EE) phase are performed [64]. The no-free-lunch theorem
|65] ensures that to find the best algorithm and associated hyper-
parameters v » for a particular application, it is necessary to test mul-
tiple algorithms. In this case, four state-of-the-art algorithms for tabular
data are tested [66,67 |: Random Forests (RF) [68], XGBoost [69], Kernel
Ridge Regression (KRR) [70], and the Extreme Learning Machine (ELM)
|71 ] namely a Single Layered Neural Network |72 ] where the weights of
the first layers have been randomly set reducing the computational
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burden of the training phase with minimal, if not absent, effect on ac-
curacy. For space constraints, we will report just the results of the best
performing algorithm: XGBoost. XGBoost [69] is a powerful supervised
ML algorithm that excels in regression, classification, and ranking tasks.
It is based on the boosting framework, where models are built sequen-
tially to correct the errors of prior models, combining weak learners
(typically decision trees) into a strong model. Using gradient descent
optimization, it minimizes errors by focusing on residuals at each step.
XGBoost incorporates regularization (L1 and L2) to prevent overfitting,
efficiently handles missing values, and improves training speed with
column subsampling and parallel processing. It assigns weights to
harder or misclassified samples to refine predictions and uses tree
pruning to limit model complexity. Supporting customizable loss func-
tions and leveraging both first- and second-order derivatives, XGBoost is
versatile, fast, and well-suited for structured,/tabular data. For XGBoost,
several key hyperparameters are tuned, including the learning rate of
the gradient

l;, the maximum depth of each tree ny, the minimum loss reduction
required for further partitioning

my, the number of training samples randomly selected for each tree’s
construction

ny, and the number of features randomly sampled at each node ny.
Additionally, XGBoost effectively addresses class imbalance [72] in the
data by adjusting the classification threshold ¢, and the sampling per-
centage for each class p.. A complete list of the hyperparameters tuned
for XGBoost is provided in Table 2. The selection of the best hyper-
parameters depends on the specific scenario under consideration and on
the metric exploited. It is possible to guantify and rank XGBoost's
feature importance with a permutation test [ 74| that measures the mean
decrease in accuracy: after the model is trained, you iterate through the
columns of a held-out validation set, randomly shuffling one feature ata
time while leaving the others intact; you then re-evaluate the model’s
accuracy (or any appropriate scoring function) on this permuted data.
The drop in accuracy relative to the original baseline reflects how much
the model relied on that feature: larger drops indicate more influential
variables. Repeating the shuffle several times and averaging the losses
yields a stable Mean Decrease in Accuracy score, which can be sorted to
produce a feature-importance ranking that is model-agnostic, immune
to internal tree heuristics, and directly tied to predictive performance.

Considering a single historical center (Casentino, which is the one
with which we have enough data to train a model), three different and
increasingly challenging extrapolating scenarios are studied, derived
from the characteristics of the problem at hand. This approach allows an

understanding of the extrapolation ability and robustness of the ML
model:

e Leave one Front Out (LOFO): In this scenario, one Front is removed
from the training set and kept it in the test set. The purpose of this
scenario is to test the extrapolation ability of the model in terms of
Fronts, namely, to estimate the model’s ability to predict the URM
damage of a Front never seen before;

e Leave one Structural Unit Out (LOUQ): In this case, all the fronts of a
SU are removed from the training set and kept in the test set. The
purpose of this scenario is to test the extrapolation ability of the
model in terms of SU, namely, to estimate the ability of the model to
predict the URM damage of all the fronts of an SU never seen before;

e Leave one Aggregate Out (LOAQO): Here, all the fronts of all the SUs of
an Aggregate are removed from the training set and kept in the test
set. The purpose of this scenario is to test the extrapolation ability of
the model in terms of aggregate, namely, to estimate the ability of the
model to predict the URM damage of all the fronts of an SU never
seen before.

Additionally, another scenario, Leave One Historical Center Out
(LOHCO), is considered, where the model is trained on the data from the
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Fig. 13. Graphical representation of damage activations for IP, OOP and pounding in the historic centers of Visso and Casentino.

Table 2

Hyperparameters.
Algorithm Hyperparameters
XGBoost l: {0.01, 0.02, ..., 0.005}

ng {3, 5, 10}
mye {0, 0.1, 0.2}

ng: {0.6, 0.8, 1}*n°samples
ng: {0.5, 0.8, 1}"n"samples
ty: {0.3, 0.35, ..., 0.5}

pe {0.95, 0.9, 0.85, 0.80}

Casentino historical center and then tested the model on Visso, another
historical center. This scenario enables an assessment of how to tune the
hyperparameters of the RF algorithm to generate the surrogate and
evaluate its final performance [64].

For what concerns the last point, the answer is straightforward.
Based on the different scenarios (LOFO, LOUQ, and LOAQ), we have to
split the data in Training %, and Test ., sets using the principle of the
different extrapolating scenarios. For instance, in the LOUO scenario, all
the fronts of a SU are placed in .~ ,while the remaining ones are kept in
the % ,. The model is then trained on %, the best hyperparameters are
selected, and the performance of the final model is assessed using .7 ,.
Repeating this procedure multiple times provides the average perfor-
mance across different scenarios.

To tune the hyperparameters of the different ML algorithms, the
following procedure is applied. First, %, is split into Learning ¥, and
Validation /', sets, considering the same extrapolating scenario used
for assessing the final performance. Then, each model is trained with -~
using various hyperparameter configurations, and its performance is
measured on / , according to the metric of interest. The experiment is
repeated multiple times, and the hyperparameters configuration that
yields the best PBACC on the validation sets is selected. Finally, the
model is retrained with the selected best hyperparameters configuration
on the entire %, resulting in the model used for testing purposes (see
the previous paragraph).

5. Results

In this section we will report the results of applying the methodology
described in Section 4 on the data described in Section 3.

Section 5.1 considers the Casentino historical center in the different
scenarios (LOFO, LOUO, and LOAOQO) for both IP and OOP activations
using the different feature set of Table 1 (F51, FS2, and FS3). Section 5.2
considers the Visso historical center in the LOHCO scenario for both the
IP and OOP activations using the different feature set of Table 1 (just F52
and FS3 as FS1 is not available for Visso).

10

5.1. Outcomes from the algorithm trained on Casentino Historical Center

The data analysis reveals that the accuracy moving from the LOFO
scenario to the LOAO scenario, considering all 38 input parameters
(FS1), worsens but not significantly, for both IP and OOP mechanisms,
as shown in Table 4. The values obtained indicate that the model’'s
predictive capability is satisfactory. This demonstrates that the model is
able to generalize well across different scenarios, maintaining robust-
ness even when faced with increasingly challenging extrapolation sce-
narios. In Table 3, a list of input parameters is presented where the most
important features in terms of the average accuracy of the expected
result are displayed on the ordinate, from top to bottom. To further
enhance the practical applicability of the model, a subset of parameters
that are easily obtainable in the field during peacetime or post-
earthquake assessments was selected (F52, F53). The top 12 parame-
ters selected from the IP and OOP response lists are highlighted in blue.
Among these, the parameters that are common to both lists are marked
in bold blue, representing the shared factors that significantly influence
both the IP and OOP behavior of the analyzed buildings, Table 3. A
merge of these two sets was then performed, resulting in a refined subset
of 15 input parameters. These parameters represent the most relevant
structural characteristics for evaluating the vulnerability of BAs, offering
a streamlined vet effective approach to damage prediction.

Importantly, the model’s predictive accuracy, even with this reduced
set of parameters, decreased by only 1 %, which is a negligible differ-
ence. The accuracy remains almost unchanged (reduction of less than
1 %) even when moving from F52 to FS§3, maintaining a good PBACC of
around 71.9 + 1.4 % for IP and 73.7 = 2.2 % for OOP, Table 4. This
minor drop in accuracy further underscores the efficiency and reliability
of this reduced parameter selection for both IP and OOP mechanisms.
The advantage of these subsets of parameters lies in its practicality: these
parameters are not only sufficient to maintain high predictive accuracy
but also easily accessible in field surveys, making them highly useful for
future assessments and practical applications. This means that engineers
and researchers can reliably use this smaller set of inputs to assess
structural vulnerabilities without compromising the accuracy of their
field surveys, leading to more efficient and faster evaluations, especially
in post-disaster scenarios.

Regarding the interaction mechanisms between SUs, since the acti-
vation of these mechanisms was statistically underrepresented with the
database, the ML model was unable to establish any meaningful corre-
lation between this type of damage mechanism and structural features.
This result highlights a potential area for future research, where
increased data collection and more detailed analysis of SU interaction
mechanisms could improve the model’s ability to predict these types of
damage more accurately. Therefore, the subset of selected parameters
and the model’s predictive accuracy are not only highly effective but
also practical for future use, offering a balanced trade-off between
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Table 3
Graphical representation of the vulnerability features ranked by importance from top to bottom according to the mean decrease accuracy for both IP and OOP
mechanisms.
0oP \ IP
State of maintenance of roof / State of maintenance of vertical structures
State of maintenance of vertical structures State of maintenance of roof
Interlocking quality on comers Presence of tie-rods
Pushing or non-pushing roofing Number of levels possibly subjected to OOP
US position - flat area Regular layout of openings
Grounding of the front in flat or slope area Maximum number of openings between two internal
I'loor warping parallel or perpendicular to the front walls
Number of levels possibly subjected to OOP Pushing or non-pushing roofing
Percentage of openings in the front -» Percentage of openings in the front
Roof warping parallel or perpendicular to the front S US position - flat area
Position of the front in the aggregate (header, comner, é Front raised above a volume
internal) (o Roofing matenal (timber or reinforced concrete)
Front raised above a volume ﬁ Position of the front in the aggregate (Aligned,
US position - slope area ﬁ encompassed, false, soaring)
Presence of tie-rods ﬁ Presence of raised-up portions
Levels number differentiated on adjacent fronts 5 Offset of diaphragms levels between adjacent USs
Position of the front in the aggregate (Aligned, EJ Presence of structural lintel
encompassed, false, soaring) 7 Levels number differentiated on adjacent fronts
Presence of raised-up portions E Presence of top ring-beam
Presence of structural lintel = Presence of chimneys
Presence of mfilled openings Roof warping parallel or perpendicular to the front
Regular layout of openings Presence of added volumes to the front
Presence of wall thickening Front advancement
Presence of vaults Grounding of the [ront 1n flat or slope area
Presence of added volumes to the front US position - slope area
Presence of masonry portions inserted after previous Presence of vaults
collapses Presence of masonry portions inserted after previous
Connection with roofing elements collapses
Roofing material (timber or reinforced concrete) Presence of adjacent but not interlocked walls
Presence of buttresses Front position in subsidence area
Presence of adjacent but not interlocked walls Presence of infilled openings
Front position in subsidence area Type of covering (flat/shallow)
gt accuracy and field applicability. This makes the approach particularly
able

suitable for real-time applications in both pre- and post-earthquake

Casentino Historical Center: ACC, FP, and FN for the LOFO, LOUO, and LOAO .
SCenarios.

scenarios for both IP and OOP activations using the different feature set of
Table 1 (FS1, FS2 and FS3).

Activation Scenario PBACC PTP PTN 5.2. Validation results on the Visso historical center
Fs1
IP LOFO 729+ 1.4 723+ 0.1 73.5+27 To validate the obtained subset of parameters and assess its predic-
LA 720 = 1.8 fallcy &7 Pt L tive capability on a case study not included in the training set, the
LOAO 71.8 + 1.7 71.2 + 3.0 72.3 £ 0.4 Bt £ th del and its abilitv t I dictions b d
—_— LOEG - ex g g v E robustness of the model and its abi ity o generalize predictions beyon
LOUO 3.3 + 0.5 724 + 0.4 74.2 + 0.6 the specific scenarios on which it was trained were analyzed. The results
LOAD 73.2+ 21 73.0 £ 3.0 73.4 + 1.2 show that the model’s ability to predict damage decreases by approxi-
F52 mately 5 % for both subsets FS2 and FS3, reaching approximately 66.9
P LOFO 723+1.2 71.3+0.3 73.3+22
LOUD 71.6 + 2.4 70.8+ 1.7 72.4 + 3.1
LOAO 71.2+ 2.8 70.9 + 2.1 71.6 + 3.4 Table 5
OO0P LOFO 74.2 + 2.1 74.2+ 1.3 74.2 + 3.0 Visso Historical Center: ACC, FP, and FN for the LOHCO scenario for both IP and
LOUO 732+ 1.3 728+ 1.3 73.5+ 1.2 OOP activations using the different feature sets FS2 and FS3 (as FS1 is not
LOAO 729+ 29 719+ 28 74.0 + 2.9 available for "iui"issu}_
FS3
P LOFO 71.9 + 1.4 71.6 + 2.2 72.3 + 0.6 Activation Scenario PBACC PTP PTN
LOUD 709+ 1.3 70.9 £ 2.6 70.8 £ 0.1 FSo
HOF LEED S Ikt 733 =34 OOP LOHCO 68.6 + 1.7 68.5+ 1.7 68.7 £ 1.7
LOUO 73.1 1+ 2.4 726+ 24 736 2.4 Fg3
OOP LOHCO 4.2 + 2.1 69.1 + 3.0 69.0 £ 2.2

11
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Table 6
Legend of Table 7.

Structures 80 (2025) 109773

LEGEND

Parameter whose definition fully matches the one in the database and has been identified by the ML as important

Parameter whose definition fully matches the one in the database and has been identified by the ML as not important,

Parameter whose definition partially matches the one in the database, and for that match, the ML has identified it as important.

Parameter whose definition partially matches the one in the database, and for that match, the ML has identified it as not important.

Parameter not included in the database, for which the ML was therefore unable to provide an assessment.

+ 1.3 % for IP mechanisms and 68.6 + 1.7 % for OOP mechanisms in
the case of F52, and reaching approximately 67.3 = 1.6 % for IP
mechanisms and 69.1 + 2.6 9 % for OOP mechanisms in the case of FS3,
Table 5. This highlights the robustness of the model and its ability to
generalize predictions beyond the specific training scenarios. These re-
sults are particularly noteworthy given the complexity of the topic and
the fact that the model is predicting damage for a historical center,
Visso, that was not used in the training process. This ability to generalize
represents an excellent starting point, especially considering that the
two feature sets, FS2 and FS3, are based on a limited number of pa-
rameters that are easily obtainable in the field, an element that enhances
their practical applicability. A fundamental aspect to consider is that the
damage observed in the historical centers of Casentino and Visso origi-
nated from different seismic events. During the damage assessment, the
different seismic intensity levels affecting the two historical centers were
considered, and in this case, no data re-centering operations were
necessary. In Casentino, where the maximum recorded PGA was lower
than in Visso, damage mechanisms were considered not activated only
when the observed damage was DLO (no damage). Conversely, in Visso,
the not activated category also included cases with low levels of activa-
tion, while mechanisms were classified as activated only when the dis-
tribution or severity of damage was substantial (Fig. 6). This distinction
reflects the fact that, although the vulnerability class was similar in both
case studies, higher mean damage levels are associated with increasing
intensity measure levels. According to this criterion, the damage clas-
sification adopted in the output database was solely based on the acti-
vation/not activated condition, ensuring consistency and robustness
across both case studies. This approach allowed the model to maintain
consistency and validity without introducing additional manipulations
to the original data.

In the future, to further expand the applicability of the ML model and
FS3, it will be necessary to systematically consider these aspects by
integrating the initial database with new data from historical centers
affected by varying seismic intensities. Such an expansion would allow
the model to further improve its generalization capabilities and refine its
predictions, making it an even more robust and effective tool for damage
assessment in complex historical contexts.

5.3. Comparison of seismic vulnerability parameters ML-selected vs.
score-based methods

To further validate the results obtained through ML, a comparison
was carried out with vulnerability parameters proposed in score-based
methods available in literature. Table 7 presents a comparison be-
tween the most significant parameters identified through ML analysis
and those proposed by various Authors [43,44,75,76] for the application
of score-based seismic vulnerability assessment methods. Parameters
highlighted in dark green indicate a perfect match between those pro-
posed by the Authors and those available in the analyzed database,
which ML identified as particularly relevant for assessing the seismic
vulnerability of buildings. Parameters highlighted in dark red indicate

12

parameters whose definition fully matches that of the parameter
analyzed in the database, but which the ML has identified as not
essential for assessing seismic vulnerability. Conversely, parameters
highlighted in light green represent only a partial match: in these cases,
the definitions proposed by the authors encompass a broader and more
detailed range of aspects compared to the individual parameters
analyzed by ML. A significant example is parameter P1 from Formisano
(Organization of vertical structures) and parameters P1 and P1.1 from
Vicente and Stefanini (Type of resisting system), as well as parameters
P1 and P3 from Brando (1st mode mechanism and 2nd mode mecha-
nism), which, through their definitions, consider multiple specific as-
pects that characterize the building’s resisting system as a whole, taking
into account different possible sources of in-plane and out-of-plane
fragility such as the presence of buttresses and/or iron ties, the quality
of the connections with the transverse walls, or reinforced concrete ring
beams with a transverse rigid diaphragm. In our database, however, the
only available information was the presence or absence of tie rods,
which was found to be highly relevant in the ML analyses. Therefore, to
indicate the importance of the analyzed parameter while also high-
lighting its incomplete correspondence with the definitions provided by
other Authors, it was decided to highlight the cell with a lighter shade of
green. Another significant example is parameter P2 from Formisano
(Nature of vertical distribution) and parameters P2 and P1.2 from
Vicente and Stefanini (Quality of the resisting system), which include
aspects such as masonry quality, considering material (size, shape, and
type of stone), masonry texture, and quality of wall connections. How-
ever, due to the lack of information in the database, it was only possible
to analyze the quality of connections, which ML identified as a highly
significant parameter. For this reason, the Authors’ parameters, which
cover broader concepts, have been highlighted in light green, indicating
a partial correspondence with those identified by ML. Another example
includes parameters P3 from Formisano (Location of the building and
type of foundation), P6 from Vicente (Location and soil condition), P13
from Brando (Site effects), and P3.1 from Stefanini (Building location
and foundations). These definitions also account for the slope of the
ground, a parameter that ML identified as important, but they addi-
tionally include information about the type of soil and foundations,
which were not available in the analyzed database and, therefore, were
not considered by ML. Finally, the cells highlighted in gray correspond
to parameters that ML could not evaluate, not because they are irrele-
vant, but simply because they were not present in the database. This may
be due to their absence in the survey form used, the difficulty in
detecting them, or the fact that they were not relevant to the specific
context of the analyzed historic center. In these cases, ML was unable to
provide a judgment on their significance in the assessment of seismic
vulnerability.

Conversely, the parameters proposed by the Authors whose defini-
tions only partially match those of the parameters in the database and
which the ML has identified as not important have been highlighted in
light red. A significant example includes parameter P7 from Formisano
(Type of floor), P11 from Vicente and P2.1 from Stefanini (Horizontal
diaphragms), and finally P7 from Brando (Slabs). The definitions of
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Table 7
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Comparison between the parameters proposed in the literature for the application of score-based methods and the taxonomy derived from the ML analyses.

FORMISANO ET AL. VICENTE ET AL. BRANDO ET AL. STEFANINIET AL. Machine Learning
st mode
Organization of vertical Type of resisting k4 mechanism Type of resisting
Pl ganiz Pl e P1.1 s Presence of tie-rods
structures system P3 2nd mode system
' mechanism
P2 Nature nl"v_i.:m::a] pa Qlflﬁ]lﬂ:,f of the P12 Quality of the resisting Interlocking quality corners
structures resisting system system
STRUCTURAL R : - o
BulLDING | pa | Pistribution ofplan .| Conventional
SYSTEM resisting elements strength
Maximum distance Maximum distance
P4 5. [
between walls between walls
P5 Arches P3.4 Portico surfaces
P6 Vaults
Pl.4 | Maximum slenderness
_ : . Number of levels possibly
P5 | Numbers of floors | P2 | Number of stories | P1.3 Numbers of floors : :
subjected to OOP mechanisms
Horzontal : .
7 Type of floor P11 I — P7 Slabs P2.1 | Horizontal diaphragms
Eiﬁgﬁg’;ﬁ = Pushing or non-pushing roofing |
Roof warping parallel or
PR Roofing P12| Roofing system |P®| Thrusting forces | P2.2 Roofing system perpendicular to the front
Roofing material {timber or
reinforeced conerete)
Percentage difference of
OPENINGS  |P15| opening areas among
adjacent facade
Wall facade . Percentage of openings in the
P10 openings and P3.5 A ﬂf.‘ Opetimg & front
; alignments ;
alignments Regular lavout of openings
P Plan regularity P8 | Plan configuration
IRREGULARITIE o P33 Plan configuration
o . . o P11 Irregularities
* P6 Height regularity P9 |Regularity in height
P3.7 Turrets
Position of the buildin Agpgregate position Position in the e - w—
PIX - T & | py | AEETEERIE POS Pl 3 P16 | Planimetric interaction| aggregate (header, corner,
in the aggregate and interaction cluster SR
internal)
Effect of either structural
or typological Typological and
P14 : P4.3 : ;S
heterogeneity among structural discontinuity
adjacent structural unit
Position of the aggregate
INTERACTION Presence of adjacent (aligned, encompassed, false,
P11] buildings with different P4.1 | Altimetric interaction soaring)
height
i Front raised above a volume
Presence and number of Presence of staggered
P13 P3.6
staggered floors floors
Non seismie
g external hazard
: i : ; e : SU position -flat are:
cockron [p3 Location of the building PG Location and soil P13 Site effects P31 Building location and posTon A
o | and type of foundation conditions I He ELEES o foundations Grounding of the front in flat or
slope area
e I ¢ State of maintenance of vertical
P10| Physical conditions [p13| regtities and psa|  Honem stteg structures
conservabion slale conservation : . ;
MAINTENANCE State of maintenance of the root
STATUS .
Interventions and
P5.2 | changes to the onginal
system
N ctural P12 Non-structural
NON- P9 Details P14 S AN elements P5.1 [Non-structural elements
N elements T
STRUCTURAL P10 Stairs
ELEMENTS .
Presence of added ;
Py I P32 Foreparts
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these parameters encompass a much broader range of aspects than those
analyzed in the database, such as floor stiffness, the connections be-
tween the floor and the vertical seismic-resisting systems, the type of
floor, the direction of the floor joists, deformations and support fragility.
Among these, the only parameters recorded in the database and for
which we had available information were the presence of vaults, the
presence of tie beams, and floor warping relative to the main facade.
However, these parameters were not found to be relevant in the ML
analyses. It should be noted that some parameters, such as masonry
quality and the type of floors, did not emerge as relevant in this study.
This is because the two analyzed databases are relatively homogeneous
in terms of masonry type and floor systems, resulting in a low data
dispersion. Consequently, these parameters are less influential
compared to others in assessing seismic vulnerability. However, the lack
of relevance of these parameters does not undermine their well-
established importance in the existing literature on masonry in gen-
eral. The primary goal of this work was not to identify the key param-
eters for masonry buildings but to focus on BAs. The study highlighted
the ability of ML to identify correlations between multiple vulnerability
parameters and damage mechanisms, demonstrating excellent predic-
tive capabilities. However, it is important to note that the analysis
conducted cannot be considered conclusive for all vulnerability pa-
rameters, as some were not included in the analysis due to their absence
or incompleteness in the survey sheets. In this study, the survey data
were not altered; the decision was made to report and process the data
without modifications to avoid the difficulty of reconstructing certain
data and to prevent introducing an element of conventionality into the
survey. Therefore, the parameters not analyzed, marked in gray in the
survey sheets, represent an interesting area for future investigation. It is
worth noting that, from a posteriori comparison, the parameters located
in the cells colored in red, those identified as less influential by the ML,
were found, in most cases, to have a lower weight in scoring methods,
demonstrating a certain consistency between ML and scoring methods.

6. Conclusions

The integration of ML into civil engineering, particularly in the field
of seismic damage assessment, has proven to be a transformative
approach, providing valuable support to traditional methods. This study
has demonstrated how ML can effectively address the complexities
associated with assessing the seismic vulnerability of masonry buildings
in historical centers, a task challenging by uncertainties related to var-
iations in material, construction techniques, and the historical evolution
of these structures. The application of ML techniques enabled the
identification of subsets of parameters that better characterize building
vulnerability with respect to both IP and OOP damage mechanisms.
Through a rigorous methodology involving the comprehensive F51
dataset from the historical center of Casentino, this research not only
established a predictive model with satisfactory accuracy (approxi-
mately 72.9 + 1.4 % for IP and 74.6 + 2.8 % for OOP) but also high-
lighted the importance of parameter selection (FS2 and FS3). The
identification of a refined subset of 12 parameters (FS3), which are both
relevant and easily obtainable in the field, allows for a simplified
approach to damage prediction, enhancing the practical applicability of
the model in real-world scenarios. Results indicate that even with a
reduced parameter set, the model’s predictive accuracy experienced
only a negligible decline, less than 1 % for FS2 and 1 % for FS3. This
finding underscores the effectiveness of the parameter selection process,
demonstrating that professionals can rely on the 12 input parameters of
FS3 to maintain high accuracy in wvulnerability assessments while
significantly improving field survey efficiency. Validation of the model
using a separate dataset from the historical center of Visso confirmed the
robustness of the selected parameters (FS3). The model's ability to
predict actual damage with an accuracy of 67.3 £ 1.6 % for IP and 69.1
+ 2.6 % for OOP reflects its capacity to generalize beyond the training
set. This result is particularly significant given the inherent complexities
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associated with the data and the subjective nature of parameter attri-
bution. The model’s performance, therefore, is commendable, suggest-
ing that it has effectively learned the underlying patterns associated with
structural vulnerabilities despite the challenges posed by variability in
data quality. To further validate the results obtained through ML, a
comparison was carried out with vulnerability parameters proposed in
score-based methods available in the literature. The analysis showed a
strong correspondence between the most relevant parameters identified
by ML and those traditionally considered significant in seismic vulner-
ability assessments. Moreover, the parameters identified as less influ-
ential by ML were generally found to have lower weights in traditional
scoring methods, demonstrating a strong consistency between ML-based
and conventional vulnerability assessment approaches. In summary, the
findings of this study not only validate the applicability of the selected
parameter subset but also reinforce the potential of ML models in
enhancing real-time decision-making processes in both pre- and post-
earthquake scenarios. By offering a balance between accuracy and
field applicability, this approach can significantly improve seismic risk
assessments in historical built environments. Future research could
focus on expanding the dataset to include a greater number of param-
eters focused on interactions between SUs and analyzing how these in-
teractions influence damage predictions. A deeper investigation of these
parameters, considering boundary conditions such as the stiffness and
resistance of adjacent SUs, could further improve ML models and
enhance our understanding of seismic vulnerability in aggregated
buildings. Such advancements would further enhance the model’s pre-
dictive capabilities, providing even greater value in safeguarding these
critical historical assets against seismic risks.
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