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Abstract

This study addresses the development of machine learning models for predicting the post-seismic buildings
usability within regions prone to frequent earthquakes. The analysis leverages on field data from 2016-
2017 Central Italy earthquakes. Several machine learning techniques are employed for this task, namely
K-nearest neighbors, linear support vector machine, radial basis function support vector machine, decision
tree, random forest, neural network, adaptive boosting, naive Bayes, quadratic discriminant analysis, logis-
tic regression, and linear discriminant analysis. The input variables include both building attributes and
seismic intensity measures. Since the database turns out to be strongly imbalanced, the potential influence
of two preprocessing techniques is examined, namely principal component analysis and synthetic minority
oversampling technique. Several metrics are considered to evaluate the performance of the resulting pre-
dictive machine learning models. Moreover, this study investigates the optimal machine learning model’s
robustness against uncertainties, quantifies the importance of its features, and investigates how usability
classes clustering can impact its performance. Every step of the implemented procedure is deeply explained

and discussed to provide useful guidelines for similar applications.

Keywords: Building, Classification, Earthquake, Feature importance, Machine learning, Usability

1. Introduction

The goals of damage and usability assessment at territorial scale of buildings exposed to seismic hazard

are twofold. In fact, they are essential for a rational elaboration of regional or national seismic risk mitigation
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plans through scenario simulations and cost-benefit evaluations. Furthermore, damage and usability assess-
ment are also among the priority tasks in the aftermath of an earthquake. In such case, they support the
rapid losses quantification as well as the definition of the actions needed to facilitate the return of residents
to their homes and the recovery of socio-economical activities whenever possible, or the establishment of the
necessary repair interventions and temporary housing otherwise. Different approaches have been adopted
in the past years to cope with damage and usability assessment of buildings at territorial scale. They can
be broadly classified into mechanics-based, data-driven, or hybrid methods. Several studies have offered a
thorough overview of the current approaches along with their advantages and disadvantages [e.g., 1-3].

Mechanics-based approaches are especially attractive because they rely on structural models to predict
buildings damage and usability [e.g., 4-13]. The major concern is related to synthetic data generation,
which requires a good knowledge about the buildings within the study area in order to prepare structural
models able to simulate their expected behaviors. The availability of more and more field data collected from
past earthquakes is promoting the development of data-driven approaches for seismic damage and usability
assessment. The main advantage of this approach relies on the use of field data that virtually reflect actual
building performance. Existing studies about data-driven approaches for damage and usability assessment
implement deterministic, statistical, or machine learning (ML) methods.

As far as the post-seismic building usability prediction is concerned, Zucconi et al. [14] illustrate a
predictive model for unreinforced masonry buildings that was calibrated on the basis of post-seismic surveys
data collected in the aftermath of the 2009 1’Aquila earthquake. A linear regression analysis has been
performed to develop the predictive model. The regressions yield a coefficient ranging from zero (indicating
full usability) to one (denoting complete unusability). This index is generated by weighting the usability
coefficients derived from a principal component analysis. The model performance is assessed in terms
of accuracy only: to this end, the average model usability index is compared with the observed buildings
usability, taking into account different levels of macroseismic intensity through the Mercalli-Cancani-Sieberg
scale. This approach has been further refined and validated recently [15, 16]. Bertelli et al. [17] calculated
the empirical fragility curves for residential buildings based on data gathered from structures affected by
the 2009 L’Aquila earthquake. The main innovation of this study lies in adopting a nonlinear regression
approach to derive fragility functions. The shift in focus from damage to usability represents a significant
methodological change compared to past research. In this context, the fragility provides the probability of
having a usability class higher than a given one as a function of the intensity measure.

Lately, the use of ML algorithms has been also considered. Beyond the applications to buildings, the
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work by Kameshwar et al. [18] stands as one of the first efforts to delve into this approach. Specifically,
a decision-trees-based model has been developed to predict both duration and type of traffic restrictions
following extreme events on bridges. Such research relies on empirical data and insights gathered through
expert opinion surveys. The predictive model for bridges functionality involves three decision trees, each
one devoted to identify a different type of traffic restriction, such as bridge or lane closures and speed or
load limitations. Tocchi et al. [19] apply a few ML techniques to predict the usability of both masonry
and reinforced concrete buildings. Once again, data from 2009 L’Aquila earthquake have been employed.
Indeed, a growing mass of research is demonstrating that ML techniques are especially promising to support
seismic risk assessment and mitigation tasks [e.g., 20-27].

It is worth noting that all the available data-driven usability predictive models for buildings under
earthquake have been developed by means of field data gathered from the 2009 L’Aquila earthquake [14—
17, 19]. As a matter of fact, considering the effects due to a single seismic event is beneficial to enhance
data-driven damage and usability assessment. Nevertheless, several active seismic regions can be struck by
multiple earthquakes over time. This is a significant challenge when predicting the post-seismic usability
of existing structures because the effects of multiple earthquakes can accumulate and amplify, especially in
those constructions that do not comply with modern technical codes and good construction practices.

Hence, the present work aims at tackling the problem of predicting the post-seismic usability of buildings
at regional scale through a data-driven approach. In particular, the main goal of the present research is
to explore the effectiveness of ML methods in predicting the usability of buildings after the occurrence
of multiple earthquakes over time and across a large area. The overall workflow is illustrated in Fig. 1
and the selected case study deals with the 2016-2017 Central Italy earthquakes. Data about buildings and
seismic ground motion are presented in Sec. 2. The calculation of the seismic intensity measures over
the study area is discussed in Sec. 3. The development of machine learning models is presented in Sec.
4. Such presentation encompasses the implemented algorithms and data preprocessing techniques as well
as the considered performance metrics and hyperparameters optimization. Next, impact of the involved
uncertainties and features importance are quantified. Ultimately, this study would like to propose some
guidelines about the implementation of ML algorithms and the critical examination of the corresponding

results in the attempt to secure their proper application in similar contexts.
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Figure 1: Flowchart of the implemented data-driven approach for predicting the post-seismic usability of buildings at regional
scale.
2. Field data

2.1. 2016-2017 Central Italy earthquakes

65 The data employed in the present study refers to the 2016-2017 Central Italy earthquakes. Compared
to recent Italian earthquakes, the 2016-2017 Central Italy seismic events stand out due to the significant
number of high-intensity earthquakes distributed over two years, affecting a large area that encompasses
four regions. (namely Abruzzo, Lazio, Marche and Umbria). The main seismic events are listed hereafter,

see also Fig. 2.

70 o A first major earthquake with M, 6.0 and epicentre close to Accumoli (Lazio) hit the centre of Italy
on 2016-08-24 at 01:36:32 UTC. This event resulted in approximately 300 casualties (mostly in the

regions of Lazio and Marche).

e On 2016-10-26, two further seismic events occurred with M,, 5.4 and M,, 5.9 at 17:10:36 UTC and
4
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Figure 2: Epicentre of the most significant seismic events of the 2016-2017 Central Italy earthquakes. The legend shows the
name of the municipality where the epicenter is located, together with magnitude and date of the seismic event.
19:18:06 UTC, respectively. Another seismic event with M,, 6.5 occurred four days later on 2016-10-30

at 06:40:18 UTC, with epicentre close to the Sibillini mountains (Marche and Umbria).

e A short sequence of four seismic events with M, larger than 5 struck 25 km northwest of L’Aquila

(Abruzzo) on 2017-01-18.

The seismogenetic characteristics of the 2016-2017 Central Italy earthquakes have been deeply analyzed
in previous researches. The active faults and their segmentation are described by Galadini et al. [28].
Barchi et al. [29] studied the influence of subsurface geology while Chiarabba et al. [30] highlighted the
role of the pore pressure in the footwall. Calderoni et al. [31] and Grelle et al. [32] investigated rupture
directivity effects and topographic effects, respectively. A comprehensive suite of earthquake catalogues for
the 2016-2017 Central Italy seismic sequence has been presented recently by Chiaraluce et al. [33].

The seismic events of the 2016-2017 Central Italy earthquakes have somehow interacted to produce the
observed damage. However, diffuse building collapses in the municipalities of Arquata del Tronto (Marche),
Amatrice and Accumoli (Lazio) are mainly attributable to the first seismic sequence. The second seismic
sequence mostly involved the area close to the Sibillini mountains, thereby determining significant damage
in several cities in Marche and Umbria. The third seismic sequence mostly impacted Abruzzo, especially
the northern part of the L’Aquila province. Several researches analyzed the seismic demand of the 2016-
2017 Central Italy earthquakes [34] as well as the performance of buildings [35], schools [36], churches [37],

healthcare facilities [38], and bridges [39].
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Figure 3: Number of available AeDES forms within the considered study area.

2.2. Survey data about seismic damage on buildings

Data from 12,662 buildings located in Abruzzo and collected after the third seismic sequence are processed
in the present study. Indeed, most of the major damage in Abruzzo were observed in the aftermath of the
third sequence. It is evident from Fig. 3 that buildings data are distributed over a large area that encompasses
several municipalities. Particularly, the study area includes a total of 11 municipalities and extend over an
area of 4,513 km? (about 42% of Abruzzo’s total area). Hence, it is expected a significant scattering about
the observed damage even for buildings having a fairly similar features because of the diverse construction
practices and quality level of the construction materials in use within different zones and at different times,
especially for old and non-code-conforming buildings.

Buildings data for the present study have been retrieved from so-called AeDES forms that were filled
during post-earthquake surveys. AeDES forms are the main information source for post-seismic assessment
of buildings in Italy [40]. They have been filled for the buildings within the area struck by the 2016-2017
Central Ttaly earthquakes (as identified by the Italian Department of Civil Protection) in order to address
two specific needs: i) to provide information about the post-earthquake usability of the buildings, and ii)

to assess expediently and qualitatively the severity of the seismic damage, in such a way to quantify the
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maximum refund for post-earthquakes interventions.

The AeDES form consists of nine sections splitted into four pages. While Sections 1-3 and Section 7 collect
variables about the buildings and their site, the evidence of the post-seismic damage survey are included
into Sections 4-6 and Section 9. The outcome of the survey process is available in Section 8. Particularly,
Section 1 provides general information on the building position. Section 2 presents essential data about
geometry, age and use of the structure. Section 3 includes the characteristics of the structure (although
masonry, reinforced concrete, steel and timber constructions are considered, minimum data are collected
for masonry structures only). Section 4 and Section 5 contain information about the observed damage
in structural and non-structural components, respectively. The damage levels for structural components
range from no damage total collapse according to EMS-98 [41]. Section 6 highlights dangerous situations
attributable to adjacent constructions, pipelines or landslides. Section 7 describes the site morphology and
possible damage to the foundation. Based on all these information, one of the following consequence classes

(and the corresponding label) is assigned to the building within Section 8:

accessible building (A);

o temporarily unusable building or building usable after emergency interventions (B);
o partially unusable building (C)

o building to be reviewed, but temporarily unusable (D);

o unusable building (E);

 unusable building due to external causes only (F).

Attachments and notes (including relevant information and recommendations about post-seismic emergency
interventions), if any, are collected into Section 9.

Fig. 4 shows the set of the variables retrieved from Sections 1-3 and Section 7 through the AeDES
form. In detail, the main variables into Section 1 and Section 2 are the geographic coordinates, the position
within the buildings aggregate (i.e., isolated building, building inside the aggregate or building at either
one edge or one corner of the aggregate), the number of floors, the average inter-storey height, the average
floor area, age, occupancy rate and use of the building. Section 3 deals with the typology of the structural
system, namely masonry, reinforced concrete, steel or timber structure. As far as masonry constructions
are concerned, information regarding horizontal structure, masonry texture, curbs/chains, isolated pillars,

and mixed/reinforced masonry are specified. Three cases are considered for mixed masonry structures,

7
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Figure 4: List of explanatory variables available from Sections 1-3 and Section 7 of the AeDES form.

namely reinforced concrete or other framed structures on a masonry structure (G1), masonry structure on
reinforced concrete or other framed structures (G2), masonry structure mixed at the same floor in parallel
with reinforced concrete or other framed structures (G3). Three cases are considered for reinforced masonry
structures, namely masonry reinforced with injections or non-reinforced plasters (H1), reinforced masonry
or masonry with reinforced plaster (H2), masonry with other or unidentified reinforcement (H3). Roof
characteristics (i.e., pushing or non-pushing roof, heavy or light roof) are also available from Section 3.
Information about the site in Section 7 are limited to its morphology (i.e., ridge, strong slope, light slope,
or plain site).

The distribution of the variables within the considered database is detailed into Tab. 1 and Tab. 2.
Particularly, Tab. 1 shows the data taken from Sections 1-2 of the AeDES form while Tab. 2 illustrates
those extracted from Section 3 and Section 7 (for a more effective and compact presentation of the data,
the variables into Tab. 1 and Tab. 2 do not follow the layout reported in Fig. 4). The percentage value into
Tab. 1 and Tab. 2 is the ratio between the number of buildings belonging to the specified category and the

total number of buildings, except for the hybrid masonry buildings and reinforced masonry buildings into

8



Tab. 2, where the percentage value is obtained by divining by the number of masonry buildings.

Table 1: Distribution of the explanatory variables within the available database retrieved from Sections 1-2 of the AeDES

forms.

150

Variable Category Number  Percentage { Variable Category Number  Percentage
1 1,030 8.57% A (<50) 2,342 18.53%
2 3,637 30.26% B (50-69) 2,181 17.25%
3 5,211 43.35% C (70-99) 2,599 20.56%
4 2,125 17.68% D (100-129) 2,107 16.67%
5 446 3.71% E (130-169) 1,459 11.54%
6 164 1.36% F (170-229) 882 6.98%
No. of floors 7 73 0.61% G (230-299) 500 3.96%
8 27 0.22% H (300-399) 296 2.34%
9 17 0.14% Average floor T (400-499) 134 1.06%
10 3 0.02% area [m?] L (500-649) 71 0.56%
11 3 0.02% M (650-899) 45 0.36%
Total 12,736 98.29% N (900-1199) 16 0.13%
1 (<1919) 1,582 12.66% O (1200-1599) 6 0.05%
2 (19-45) 1,712 13.70% P (1600-2199) 2 0.02%
3 (46-61) 2,436 19.50% Q (2200-3000) 1 0.01%
4 (62-71) 2,387 19.11% R (>3000) 1 0.01%
5 (72-75) 1,422 11.38% Total 12,642 97.57%
6 (76-81) 957 7.66% Corner 1,347 11.21%
7 (82-86) 745 5.96% Edge 3,875 32.24%
Age 8 (87-91) 384 3.07% Building Internal 2,132 17.74%
9 (92-96) 304 2.43% position Isolated 4,667 38.82%
10 (97-01) 200 1.60% Total 12,021 92.78%
11 (02-08) 245 1.96% 1 (<2.50) 1,225 9.81%
12 (09-11) 69 0.55% 2 (2.50-3.49) 10,749 86.04%
13 (>2011) 51 0.41% Inter-storey 3 (3.50-5.00) 459 3.67%
Total 12,494 96.43% height [m] 4 (>5.00) 60 0.48%
Total 12,493 96.42%

The following considerations can be drawn from the analysis of Tab. 1 and Tab. 2.

e Some data are missing for all the variables. Moreover, the database is strongly imbalanced. In fact,

certain records or categories of variables are over-represented compared to others.

o The considered database mostly includes low-rise buildings (about 30% and 40% of the surveyed
buildings have two and three floors, respectively). Many buildings (nearly 76% of the buildings stock)
were built before 1975. The number of new buildings in the study area has decreased steadily since
the 80ies. The average floor area generally spans from 50 m? to 200 m? (almost 91% of the buildings
stock lies within this range). Most buildings are isolated (about 38% of the buildings stock) and have

an average inter-storey height between 2.50 m and 3.49 m (about 86% of the buildings stock).

o Most buildings are made of masonry (nearly 80% of the surveyed buildings). A smaller, yet significant,

fraction of buildings has a concrete structure (nearly 20% of the buildings stock). Most of the buildings
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Table 2: Distribution of the explanatory variables within the available database retrieved from Section 3 and Section 7 of the

AeDES forms.

Variable Category Number  Percentage { Variable Category Number Percentage
Concrete 2,545 19.65% Irregular 3,913 41.65%
Masonry 10,296 79.49% Masonry texture Regular 5,483 58.35%
Timber 81 0.63% Total 9,396 91.26%
Typology
Steel 31 0.24% No 3,105 31.20%
Total 12,953 99.97% . Yes 6,848 68.80%
Chains/curbs
Pushing and heavy 1,622 13.29% ‘ Total 9,953 96.67%
Non-pushing and heavy 4,835 39.62% No 8,764 91.37%
Roof Pushing a.nd light . 2,169 17.77% Isolated pillars Yes 828 8.63%
Non-pushing and light 3,578 29.32% Total 9,592 93.16%
Total 12,204 94.19% ‘ H1 210 20.04%
Ridge 573 4.52% Hybrid H2 123 11.74%
Strong slope 4,390 34.65% ybrid masonry H3 715 68.23%
Site Light slope 5,879 46.40% Total 1,048 10.18%
morphology 5 1,827 14.42% Gl 14 8.86%
Total 12,669 97.78% G2 76 48.10%
Reinforced masonry Q3 68 43.04%
Total 158 1.53%

have a heavy or light non-pushing roof (almost 40% and 30% of the buildings, respectively), but the

number of buildings with pushing roof is not negligible.

e Most of the masonry buildings have a regular texture, but those with irregular texture are many. The

number of masonry buildings with chains or curbs is more than two times that of those with neither

chains nor curbs. The number of masonry buildings with isolated pillars is negligible (only 8% of the

buildings stock). There are a few cases of hybrid and reinforced masonry buildings.

e A plane site is not a common condition, which means that most of the buildings is in mountain zones

(a strong or slight slope has been detected for more than 80% of the buildings).

Fig. 5 illustrates the number of buildings as function of the minimum distance from the earthquakes

epicentre. It can be inferred from Fig. 5 that more than 80% of the buildings is located within 40 km

from the epicentre. A summary of the consequence class assignment to the buildings surveyed through

AeDES form is also provided in Fig. 5. Fig. 6 shows the consequence classes distribution over the study

area (for buildings belonging to classes A, B, C or E). The colormap reflects the dominant consequence class

within each municipality (i.e., green, blue, orange or red are adopted when the prevalent outcome in each

municipality is A, B, C or E, respectively).

Fig. 5 and Fig. 6 highlight once again that the available database is strongly imbalanced since the

buildings are not fairly distributed among the consequence classes.

10

On the one hand, more than one
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Figure 6: Consequence classes distribution over the study are (for buildings belonging to classes A, B, C or E).
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half of the surveyed building was accessible after the earthquake (class A was assigned to about 60% of
the buildings). On the other hand, almost an equal number of buildings resulted either temporarily or
permanently unusable (class B or class E was assigned to about 20% of the buildings). The number of
buildings that was assigned to the intermediate consequence class is low (class C was assigned to about 4%
of the buildings), while a negligible number of not conclusive outcomes has been reported at the end of the
surveys (class D was assigned to a few buildings only).

The degree of interdependency among the variables is also investigated [42—44]. To this end, the cate-
gorical explanatory variables in Fig. 4 are further divided according to their typology. Specifically, number
of floors, inter-storey height, average floor surface, and age are polytomous ordinal categorical variables,
whereas the remaining variables are nominal ones [42, 43]. The ordered categorical variables have been
represented in Fig. 7 using a correlations graphs matrix, mapping with different colors the possible building
usability outputs herein considered. The subplots along the main diagonal illustrate non-parametric kernel
density estimation diagrams and they show the distribution of the variable. It is worth noting in Fig. 7
that the majority of unusable buildings (i.e., classes B, C, and E) were built before 1975, and are charac-
terized by an average floor area below 229 m? and an inter-storey height within the range 2.50-3.49 m.
Contingency tables have been computed to explore the degree of interdependency of nominal categorical
variables, thereby providing cross-tabulation of feature pairs, and they have been finally depicted through
mosaic graphs as shown in Fig. 8. Although most of the data refers to masonry buildings, it is evident from

Fig. 8 that relevant crucial structural details about masonry texture and curbs or chains are often missing.

3. Seismic intensity assessment

3.1. Selected intensity measures

The prediction of the buildings usability is sometimes performed by neglecting the spatial variation of
the seismic intensity [e.g., 19]. However, while it might be reasonable to neglect the spatial variability of the
seismic intensity when predicting the buildings usability within a limited area, such an assumption can be
unsuitable when the study area scales up. In light of this complication, the present study accounts for the
spatial variation of the seismic intensity, since it might be correlated with the observed damage at territorial
scale.

Several measures have been proposed in the past years to quantify the intensity of the seismic ground
motion. They can be broadly classified into structure- and non-structure-specific intensity measures as well

as into acceleration, velocity, displacement or energy-based intensity measures. Both scalar and vector-

12
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Figure 7: Correlations graphs matrix for ordinal categorical explanatory variables.
valued intensity measures have been proposed. A comprehensive list of common intensity measures for
20 seismic assessment of buildings has been reported among the others by Fiore et al. [20].

Apart from buildings data collected through AeDES forms, the following set of seismic intensity measures

is thus considered in the present study:
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Figure 8: Mosaic graphs for nominal categorical explanatory variables.

horizontal and vertical peak ground acceleration;

horizontal pseudo-spectral acceleration;

Arias intensity;

Housner intensity;

earthquake duration.

They are selected among the most common ones, and often result among those that relevant agencies provide
automatically after an earthquake. Additionally, there are well-established empirical laws that can be applied
over the considered study area in order to estimate the attenuation of these seismic intensity measures from
the causative fault given the epicentral distance, the earthquake magnitude and the soil characteristics.
The attenuation laws for the horizontal and vertical peak ground acceleration adopted in the present

study were calibrated by Sabetta and Pugliese [45] using the Italian earthquakes catalogue. They read as
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follows:

log PGA}, = —1.845+0.363M —log [(d* +5%)%%] +0.195s, (1)
logPGA, = —2.637+0.443M —log [(d? +4.1%)°%] +0.209s, (2)

where PGAj, and PGA,, are the peak ground accelerations in [g] for the horizontal and vertical directions,
respectively, M is the (surface-wave/local) magnitude, d is the epicentral distance in [km]. Moreover, s is a
coeflicient equal to 0 or 1 for stiff and soft soil, respectively.

Given the fundamental period of the building T in [s], it is possible to estimate the psuedo-spectral
velocity in the horizontal or vertical direction by means of the following attenuation law derived by Sabetta

and Pugliese [45] for Italian earthquakes:
log Spy = a+bM —log [(d* +h*)°®] +e15+e2s, (3)

where S, is the pseudo-spectral velocity in [cm/s] whereas the coefficients a, b, h, e; and ez have been
tabulated by Sabetta and Pugliese [45] individually for the horizontal and the vertical direction as function
of the fundamental period for a 5% damped elastic pseudo-spectrums, see Tab. 3. The pseudo-spectral
acceleration in the horizontal direction Sy j is obtained by multiplying the result of Eq. (3) for the natural
pulsation corresponding to the fundamental vibration mode T'.

Table 3: Numerical values for the coefficients involved in the attenuation law of the pseudo-spectral velocity.

0.2 0.222 0.31 0.16
0.1 -0.02 0.3 0.16
0.1 -0.31 0.3 0.16

0 -0.82 0.33 0.16

T [s] Coefficient for Spy
a b e1 e2 h

4 -2.5 0.73 0 0.1 3
3 -2.25 0.72 0 0.11 3
2 -1.9 0.69 0 0.15 4
1.5 -1.65 0.66 0.01 0.18 4
1.0 -1.28 0.61 0.05 0.21 4
0.8 -1 0.57 0.12 0.19 5
0.5 -0.6 0.5 0.23 0.12 5
0.4 -0.28 0.45 0.22 0.08 5
0.3 0.1 0.38 0.19 0.02 5
0.2 0.296 0.32 0.16 0 6
6

6

6

5

(el en el en]

The attenuation laws for Arias intensity I,, Housner intensity I, and earthquake duration D employed
in the present study were derived for Italian earthquakes by Pacor et al. [46]. Their general form is the
following:

log(Y)261+FD(R,M)+FM(M)+F5+FSOJ¢, (4)
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FD(R7M) = [01 +02(M—Mref)]log |: R?]B++h2/Rref:| —c3 (\/R33++h2_Rref) , (5)

b1 (M — Mp,) +bo(M — Mp)? if M < My,
bs(M — Mpy) otherwise

where Y is I, I, or D while M is the (moment) magnitude and R is the Joyner-Boore distance in [km]
when available, otherwise the epicentral distance d in [km] is assumed. The term Fg in Eq. (4) represents
the site amplification. It is given by Fg = s;C; for i =1,...,5, where s; are coefficients while C; are dummy
variables that denote the considered site classes according to EC8 [47]. The term Fs, ¢ in Eq. (4) represents
the style of faulting correction, and it is given by Fyop = f;jE; for j =1,...,4, where f; are coefficients and
E; are dummy variables that denote the different fault mechanisms. The variables M,.¢, My, Ry.y are
equal to 5.0, 6.75 and 1 km, respectively. Tables 4 displays the numerical values of the coefficients involved
in the attenuation laws of Arias intensity I,, Housner intensity I and earthquake duration D.

Table 4: Numerical values for the coefficients involved in the attenuation laws of Arias intensity, Housner intensity and
earthquake duration.

Coefficient Iy I, D

e1 2.6712 3.9337 0.6976
by 0.352 0.1322 0.7775
bo -0.0233 -0.0539 0.075

b3 0 0 0

c1 -1.3519 -3.1615 0.8685
co 0.2845 0.6484 -0.2975
h 8.7497 10.8563 10.1238
c3 0 0 0

f1 0.0573 0.0492 0.1262
fa 0.1589 0.271 -0.0149
f3 0.064 0.0752 0.1728
fa 0 0 0

S1 0 0 0

S2 0.2393 0.4049 0.0418
s3 0.3345 0.5926 0.0563
S4 0.535 0.4451 0.2034
S5 0.2543 1.1316 -0.1012

The use of the attenuation laws for the selected seismic intensity measures requires information about
the soil type and the fundamental period of the structure. As far as the soil type is concerned, it is obtained
from the seismic soil classification of Italy carried out by Forte et al. [48] using information about surface
geology and shear-wave velocity measurements. The fundamental building period T in [s] is estimated by

means of the following empirical relationship:
T =aHP, (7)
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where H is the building height in [m] (which is obtained by multiplying the average inter-storey height and the
number of floors as reported into the AeDES forms, excluding underground floors). For unreinforced masonry
buildings and reinforced concrete buildings, the numerical value of the coefficients o and 8 recommended by
Gallipoli et al. [49] are adopted. Based on ambient vibration data from European buildings, Gallipoli et al.
[49] proposed a =0.0212 and 3 = 0.887 for unreinforced masonry buildings while o = 0.0243 and 5 = 0.864 are
suggested for reinforced concrete buildings. Given the lack of proposals for other building typologies, code
confirming values included within NTC2008 [50] are adopted otherwise. Accordingly, 8 = 3/4 is assumed

whereas a = 0.085 and a = 0.05 is considered for steel structures and other structures, respectively.
3.2. Estimation of the seismic intensity

The prevailing soil type according to EC8 within the study area is B. There are a few cases close to the
Adriatic coast where the soil type according to EC8 is C. For some areas of the Apennines, the buildings are
built on outcropping bedrock, and the soil class according to EC8 is A. More details about soil classification
are reported into Tab. 5.

Table 5: Distribution of the soil types within the study area.

Soil class  Number  Percentage

A 147 1.13%
B 11,414 88.11%
C 1,393 10.75%
Total 12,954

The maximum estimated fundamental period T of the buildings is about 1 s. Fig. 9 shows that most of
the buildings’ fundamental periods are between 0.2 s and 0.3 s, which fairly corresponds to the region of the
acceleration spectra where the maximum amplifications of the seismic ground motion occur.

The reliability of the selected attenuation laws is evaluated by comparing predicted and actual values
of the selected seismic intensity measures. To this end, it is considered the strongest seismic event with its
epicenter closest to the study area. It is the M, 5.5 Capitignano earthquake, which occurred on 2017-01-18.
Hence, all accelerograms recorded at a distance of no more than 200 km from the epicenter of this seismic
event are examined. A direct comparison between predicted and actual values is straightforward for all
selected intensity measures, except for the horizontal pseudo-spectral acceleration. In such a case, predicted
and actual values of the pseudo-spectral acceleration have been determined for the fundamental periods
range relevant for the buildings in the study area.

Fig. 10 illustrates actual and predicted value of horizontal peak ground acceleration PGAy,, horizontal

pseudo-spectral acceleration Sp, p, Arias intensity I,, and Housner intensity Ij,. Moreover, Fig. 11 shows
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Figure 9: Histogram of the buildings’ fundamental period values togheter with the 5% damped acceleration elastic spectra for
the M, 5.5 Capitignano earthquake occurred on 2017-01-18.

the histograms corresponding to the estimated values of horizontal peak ground acceleration PGAj, vertical
peak ground acceleration PGA,, and horizontal pseudo-spectral acceleration Sy .

The analysis of Fig. 10 substantiates a general very good accuracy of the considered attenuation laws
for the present study area. There is a systematic underestimation of all seismic intensity measures in the
neighbourhood of the epicentre. As soon as the distance of the buildings from the epicentre is larger than
a few kilometers, Fig. 10 confirms that considered attenuation laws provide a satisfactory prediction of the
selected seismic intensity measures. In this regard, although the attenuation law by Sabetta and Puglisi
[45] is not very recent, it was calibrated by using data from Italian earthquakes mostly occurred in the
Appennines. Therefore, it is especially suitable for the considered study area, as confirmed by Fig. 10.

Figures 12-14 provide a more comprehensive overview about the seismic intensity measures over the study
area and how they correlate with the observed damage. Particularly, the spatial distribution of horizontal
peak ground acceleration PGAj, horizontal pseudo-spectral acceleration Sp, ; and Arias intensity I, are

shown in Fig. 12, Fig. 13 and Fig. 14, respectively.

4. Machine learning models

4.1. Definition of input explanatory variables and outcome

The main goal of the current study is to investigate the suitability of ML techniques in developing a
predictive model able to foresee the expected post-seismic building usability starting from a set of input
explanatory variables related to the constructions and their site (as reported within AeDES form) together
with some information related to the intensity of the seismic ground motion.
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Figure 10: Comparison between actual and predicted values for some selected seismic intensity measures: horizontal peak
ground acceleration PGA}, (a), horizontal pseudo-spectral acceleration Spq 1 (b), Arias intensity I, (c), and Housner intensity

I (d).
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Figure 11: Histograms for some selected seismic intensity measures: horizontal peak ground acceleration PGAy (a), vertical
peak ground acceleration PGA, (b), and horizontal pseudo-spectral acceleration Spq p ().
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Figure 14: Contour density plots of the Arias intensity I, over the study area: general view (a) and close-up view on the
outlined area (b).
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To this end, a database including relevant data from buildings within the study area has been prepared.
The set of input explanatory variables within such database includes 13 variables related to the buildings
and their site as reported within the AeDES form, and 9 variables derived from the assessment of the seismic
intensity. All the input explanatory variables and the target outcome are listed into Tab. 6.

The outcome is the post-seismic usability building class, which is defined through a rational elaboration
of the consequence classes reported within the AeDES forms. From the full dataset including a total of
12,662 buildings, those that belong to class D (inconclusive survey) and class F' (unusable building because
of external causes only) have been initially removed. Buildings with missing data have been also removed
from the dataset delivering a final size of 12,063 data. Then, class A and class B are merged into a single
seismic building class AB (total number of samples equal to 9,361), which collects buildings that can be
used immediately or after emergency interventions because they experienced no or light damage. This is
motivated by the fact that the assignment of a surveyed building to class A or class B is affected by large
uncertainties and subjectivity since the proper assessment of both extent and intensity of light damage, if
any, was not always straightforward [27]. Additionally, the assignment of a surveyed building to class A
or class B was also influenced, to a significant extent, by social and economical factors. Actually, in case
of ambiguous assignment to class A or class B, the latter was sometimes selected because it allowed the
building owner to receive refunds for emergency interventions. The former was selected instead when the
building owner was available to bear the economic costs in such a way to carry out minor repairs in a short
time, without waiting for the approval of refund request. Finally, class C and class E are also merged into
a single seismic building class CE (total number of samples equal to 2,702), which collects buildings that
are partially or totally unusable because they experienced severe damage. It is highlighted that considering
two classes only (namely AB and CE) is also beneficial to improve the reliability of the classification. It is
worth stressing that, when dealing with binary classification problems for imbalanced datasets, the positive
class is commonly associated with the minority one [51]. In this case, the minority class is CE, representing

about 22.40% of the entire available dataset.
4.2. Data preparation and machine learning techniques

All categorical variables underwent label encoding to transform them into numerical information. A min-
max scaling is performed afterward the label encoding in order to normalize their value within a common
range and avoid a possible biased learning [52, 53]. Two distinct normalization approaches are employed
for continuous numerical variables. While epicentral distance values are standardized in such a way that

mean and standard deviation are equal to zero and one, respectively, min-max scaling is applied to other
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Table 6: Input explanatory variables and target outcome.

No. Variable Type [ No. Variable Type

1 Building position Categorical 14 Soil category Categorical

2 No. of floors Discrete numerical | 15 Epicentral distance Continuous numerical
3 Inter-storey height Discrete numerical | 16 Fundamental period Continuous numerical
4 Average floor surface  Discrete numerical | 17 Horiz. peak ground acceleration Continuous numerical
5 Age Discrete numerical | 18 Vert. peak ground acceleration Continuous numerical
6 Typology Categorical 19 Horiz. pseudo-spectral acceleration  Continuous numerical
7 Roof Categorical 20 Arias Intensity Continuous numerical
8 Masonry texture Categorical 21 Housner Intensity Continuous numerical
9 Curbs/chains Categorical 22 Duration Continuous numerical
10 Isolated column Categorical 23 Post-seismic usability class Categorical

11 Hybrid masonry Categorical Building and site data
12 Reinforced masonry Categorical Legend Seismic intensity data
13 Site morphology Categorical Outcome

continuous numerical variables. The pre-processed database has been divided into a training set and a
validation set with 85% and 15% relative proportions (10,253 and 1,810 instances, respectively).

A suite of 11 different ML techniques has been implemented using the Python Scikit-learn library [54] in
the attempt to find the best classifier for the present study. The motivation behind this extensive comparative
assessment stems from the recognition that every ML algorithm comes with its own set of advantages and

disadvantages, and it is not possible to know a priori how it will perform. The adopted ML techniques are

listed hereafter.

o K-nearest neighbors (KNN) [55, 56]: it is a supervised ML algorithm that classifies data points based

on the majority class among their K-nearest neighbours.

o Linear support vector machine (Linear SVM) [57]: it is a classification algorithm that finds a hyper-

plane that separates data into different classes. It is especially effective for linearly separable datasets.

» Radial basis function support vector machine (RBF SVM) [58]: it is a variant of the corresponding
linear version that implements a radial basis function kernel to handle non-linearly separable data. It

maps data to a higher-dimensional space in such a way to improve the separation among the classes.

o Decision tree (DT) [59]: it is a supervised algorithm in which the learning process implements a divide-
and-conquer strategy by conducting a greedy search that identifies the optimal split points within a

tree.

o Random forest (RF) [60]: it is an ensemble learning method that combines multiple decision trees to

improve predictive accuracy and to reduce overfitting.

o Neural network (Neural Net) [61, 62]: it consists of layers of interconnected nodes (neurons) that mimic
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how the human brain works. The standard feedforward neural network is considered in the present
work, also denoted in literature as multi-layer perceptron (MLP). Specifically, the default shallow MLP

architecture was adopted with one hidden layer composed of 100 neuron units [54].

Adaptive boosting (AdaBoost) [63]: it is an ensemble learning method that combines weak classifiers

to create a strong classifier. It focuses on improving the classification of difficult-to-classify examples.

Naive Bayes [64]: it is a probabilistic classification algorithm based on Bayes’ theorem where the

features are assumed to be conditionally independent each other.

Quadratic discriminant analysis (QDA) [65]: it is a classification method that models the distribution
of each class as a quadratic shape. It’s a more flexible variant of the corresponding linear version and

is especially suitable when the classes have different covariance matrices.

Logistic regression (LR) [65, 66]: it is a supervised statistical-based method in which the posterior
probability of one class is formulated as a logistic sigmoid function taking as argument a linear function
of the features. Contrary to its name, the LR is a classification model born for binary classification

tasks.

Linear discriminant analysis (LDA) [67]: it is an analytical closed-form classifier that does not require
any hyperparameter tuning. It represents a generalization of Fisher’s linear discriminant method [65],
and it aims to find a linear combination of features to linearly separate classes in a classification

scheme.

Generally, ML classifiers should be trained using as much as possible of the available training data.
Nevertheless, if a validation set extracted from the training data is small, then this can provide a noisy and
non-representative estimate of the predictive performance of a ML model [65]. Accordingly, the training
dataset is divided into a number k of equally sized folds. Each fold then serves as training set and validation
set throughout a process known as k-fold cross-validation [68]. It has been demonstrated in previous studies
that the stratified cross-validation with 10 folds delivers smaller bias whilst limiting the variance even when
computational capabilities virtually permits for more folds [69]. Therefore, the dataset has been split into
k =10 equal subsets, and each fold was used for training and validation. Specifically, one fold is chosen
as validation set while the remaining k& — 1 folds are used for training. This process leads to k different
models, and each one is trained on a distinct subset of data. Classification metrics across the various folds

are then collected and averaged to enable a fair comparison of such different ML models. In practice, the
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cross-validation procedure offers a means to compare entirely distinct ML models, thereby pinpointing the
predictors that consistently deliver the best performance on average and exhibit robust responses across
different segments of the training set [70]. Initially, all ML algorithms have been applied by adopting
their default hyperparameters provided by SciKit-learn [54], and the corresponding performances are then
compared to deduce which one is the most appropriate for the present case study. Next, the predictive
capacity of such subset of ML algorithms will be further enhanced by optimizing their hyperparameters.

It is worth pointing out that the use of the stratified cross-validation scheme in the present work differs
from some previous studies that opted for a repeated scheme when using ML algorithms for buildings
usability assessment [e.g., 19]. Actually, a repeated cross-validation scheme does not account for the
relative proportion of every class. Moreover, it has been shown that multiple repetitions may introduce
a significant bias, thereby masking the real performance of the trained classifier [71]. This motivated the
implementation of the stratified cross-validation scheme in the present study.

Several well-known classification metrics are computed, including those specialized for handling with

imbalanced datasets [51, 72]. The considered metrics are listed and discussed hereafter.

e Accuracy: out of the total classifications, accuracy reflects what percentage is truly positive. Accuracy
has some well-known limitations when dealing with imbalanced datasets. This is because high accuracy

values are achieved when the classifier is completely biased toward the majority class.
e Precision: out of all the positive classifications, precision reflects what percentage is truly positive.

e Recall: out of the total positive classifications, recall gives the true positive rate. This is typically used

to measure the coverage of the minority class of major interest in imbalanced learning problems.

e Balanced accuracy: it computes the average of the percentage of positive and negative class instances
correctly classified, i.e. the average of the recall of the majority and minority classes. This is commonly
recognized as one of best metrics to synthesize the classification performance over both classes in terms

of recall values.

e Fl-score: it is the harmonic mean of precision and recall. Its generalization is also known as F/3-score

or F-measure.

o AUC-ROC: it is the area under the receiver operating characteristic (ROC) curve. It is based on
evaluating the models at different error rates, delivering the proportions of instances correctly classified

for a given false positive rate (FPR).
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Accuracy, balanced accuracy, precision on the minority class, recall on the minority class, Fl-score and
AUC-ROC are thus monitored during the cross-validation procedure. Additionally, after retraining the ML
model on the entire dataset, hold-out test set performance metrics have been finally computed from the
confusion matrix [73].

The importance of examining alternative classification metrics should not be overlooked. Indeed, the
considered metrics are not all equally important. In fact, it is widely recognized that that accuracy is a poor
metric when dealing with imbalanced datasets. Although AUC-ROC has been combined with the accuracy
into previous studies to cope with such limitation in buildings usability assessment via ML models [e.g.,
19], recent studies [74] have demonstrated that it can be an overly optimistic and extremely volatile metric.
This is especially relevant for the considered class of applications, since it would imply an uneven response
of the classifier that reflects into too many non-conservative assignments. Several studies recommended
to replace the AUC-ROC with the precision-recall curve and the area beneath [75]. Therefore, while all
classification metrics are examined in the present study, recall and balanced accuracy will deserve more
consideration following well-established recommendations available in the existing literature for strongly
imbalanced datasets [51].

Data preprocessing techniques can play a somewhat important role when handling with imbalanced
data. This usually depends on the specific application and the implemented algorithm. Although such task
is often skipped in the pertinent literature, the explicit quantification of the impact of data preprocessing
techniques is a good practice because their potential beneficial effects is not known a priori. Hence, two
different preprocessing techniques are taken into account in the attempt to alleviate possible detrimental
effects due to the lack of uniform distribution of data, namely the principal component analysis (PCA) and
the synthetic minority over-sampling technique (SMOTE). PCA is a dimensionality reduction method that
aims at reducing the number of feature dimensions while preserving as much valuable information as possible
while still able to describe the dataset with a controlled information loss [56, 76, 77]. Since the entropy is a
measure of the information content, the basic assumption of PCA is that the total variance of the dataset
is not explained equally by all dimensions of the dataset. Thus, through a singular value decomposition
(SVD) of the dataset matrix, this latter is projected with a linear transformation onto the eigenvector space
[76-78]. If some components have low variance, it is possible to truncate the SVD at a lower dimension
delivering a projection onto a reduced subspace without a detrimental information loss. In order to contain
the information loss associated with the dimensionality reduction, it is advisable to select a proper number

of components providing a sufficient explained variance ratio (EVR). The EVR is the ratio of the variance
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Figure 15: Pareto chart of the PCA for dimensionality reduction.

explained by the single component over the total variance [76]. It is shown in Fig. 15 that, by retaining an
intrinsic dimension of 9 out of 22, it is possible to provide a dimensionality reduction whilst limiting the
information loss within the 5% of the EVR.

The second preprocessing technique herein employed to cope with imbalanced data is the SMOTE.
Although alternative variants have been proposed [79-82], the core of this method is based on the generation
of synthetic instances for the minority class, thereby fostering a more balanced dataset [79]. Moreover, it
is recognized to be more stable than naive oversampling methods that relies on randomly chosen replicates
of the minority class samples because this can induce possible overfitting issues [51, 79]. The new instances
are denoted as synthetic because, once a minority instance is picked up randomly, the SMOTE attempts to
find the nearest samples based on their similarity within the feature space, and then it extrapolates a new
instance by a convex combination of the selected ones.

4.8. Machine learning models based on default hyperparameters

Initially, each candidate ML algorithm was implemented using the default hyperparameters from SciKit-
learn [54]. Their performances were then compared to determine the most suitable one for this specific case
study. In this regard, Fig. 16 confirms that accuracy is not a reliable performance metric for imbalanced
datasets. Indeed, it is observed that ML models having the highest accuracy often display the lowest balanced
accuracy score, which more faithfully reflects the model’s performance on both minority and majority classes.

After the training phase, the hold-out test confusion matrix and the related metrics have been computed
for all the 11 ML models taking also into account the effect of the preprocessing techniques (viz., PCA and

SMOTE). The results are reported in Tab. 7.
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Figure 16: Cross-validation average results in terms of accuracy (a) and balanced accuracy (b) for the considered ML models.

Table 7: Comparison of hold-out test metrics for different ML algorithms and preprocessing techniques.

Preprocessing technique

No PCA No PCA PCA PCA
Algorithm Metric No SMOTE SMOTE No SMOTE SMOTE
Class AB Class CE Class AB Class CE  Class AB  Class CE  Class AB  Class CE
KNN Acc. 75.03 67.24 76.24 66.46
Bal. acc. 54.58 60.41 57.02 59.74
Precision 79.35 37.77 82.89 33.80 80.32 44.12 82.58 32.88
Recall 91.67 17.49 72.79 48.03 91.88 22.17 71.94 47.54
F1-score 85.06 23.91 77.51 39.67 85.71 29.51 76.89 38.87
ROC AUC 65.57 66.01 64.40 65.62
Linear SVM  Acc. 62.32 64.81 62.04 64.42
Bal. acc. 65.91 65.32 65.90 64.20
Precision 88.16 34.03 86.84 34.98 88.26 33.91 86.05 34.26
Recall 59.40 72.41 64.39 66.26 58.90 72.91 64.60 63.79
F1-score 70.98 46.30 73.95 45.79 70.65 46.29 73.80 44.58
ROC AUC 71.29 70.95 69.55 68.88
RBF SVM Acc. 67.29 68.62 65.30 68.01
Bal. acc. 61.58 61.21 63.28 63.27
Precision 83.61 34.55 83.17 35.27 85.14 34.28 84.58 35.98
Recall 71.94 51.23 74.64 47.78 66.95 59.61 71.87 54.68
F1-score 77.34 41.27 78.68 40.59 74.96 43.53 77.71 43.40
ROC AUC 67.48 67.46 67.57 67.95
DT Acc. 60.94 64.42 63.70 63.09
Bal. acc. 64.84 64.90 61.72 61.07
Precision 87.68 32.99 86.61 34.59 84.36 32.64 84.01 32.01
Recall 57.76 71.92 64.03 65.76 65.31 58.13 64.74 57.39
F1-score 69.64 45.24 73.63 45.33 73.63 41.81 73.13 41.09
ROC AUC 70.01 69.05 67.04 66.10
RF Acc. 64.14 67.68 65.03 69.61
Bal. acc. 65.77 64.72 64.94 61.59
Precision 87.41 34.83 85.64 36.46 86.47 34.93 83.26 36.31
Recall 62.82 68.72 70.09 59.36 65.10 64.78 76.14 47.04
F1-score 73.10 46.23 77.09 45.17 74.28 45.38 79.54 40.99
ROC AUC 72.60 72.39 69.92 69.24
Neural Net Acc. 76.35 69.17 77.46 66.35
Bal. acc. 53.86 63.06 51.42 61.94
Precision 79.01 41.41 84.22 36.76 78.07 47.22 84.00 34.17
Recall 94.66 13.05 74.15 51.97 98.65 4.19 69.94 53.94
F1-score 86.13 19.85 78.86 43.06 87.16 7.69 76.33 41.83
ROC AUC 71.50 70.68 70.76 69.03
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Table 7: (continued from previous page)

preprocessing techqniue

No PCA No PCA PCA PCA
Method Metric No SMOTE SMOTE No SMOTE SMOTE
Class AB  Class CE  Class AB Class CE Class AB  Class CE  Class AB  Class CE
AdaBoost Acc. 78.01 68.01 76.57 66.85
Bal. acc. 54.84 64.15 51.81 63.49
Precision 79.35 54.17 85.17 36.42 78.23 37.84 84.96 35.30
Recall 96.87 12.81 71.15 57.14 96.72 6.90 69.59 57.39
Fl-score 87.24 20.72 77.53 44.49 86.50 11.67 76.51 43.71
ROC AUC 72.69 70.77 69.01 68.94
Naive Bayes  Acc. 64.42 52.71 76.69 61.27
Bal. acc. 63.85 62.34 52.49 62.43
Precision 85.78 34.09 88.48 29.51 78.48 40.70 85.47 31.99
Recall 64.89 62.81 44.87 79.80 96.37 8.62 60.33 64.53
F1-score 73.88 44.19 59.55 43.09 86.51 14.23 70.73 42.78
ROC AUC 68.35 67.38 68.17 65.51
QDA Acc. 70.50 58.84 73.70 61.05
Bal. acc. 59.54 65.68 54.86 62.99
Precision 81.99 35.78 89.37 32.58 79.52 35.29 85.99 32.18
Recall 79.42 39.66 53.28 78.08 89.03 20.69 59.47 66.50
F1l-score 80.68 37.62 66.76 45.98 84.01 26.09 70.32 43.37
ROC AUC 69.99 69.06 69.21 66.98
LR Acc. 77.57 66.35 77.51 65.19
Bal. acc. 52.28 64.83 50.66 64.17
Precision 78.38 50.00 86.04 35.64 77.80 47.06 85.83 34.66
Recall 98.15 6.40 67.59 62.07 99.36 1.97 66.03 62.32
Fl-score 87.16 11.35 75.71 45.28 87.27 3.78 74.64 44.54
ROC AUC 71.47 71.10 69.59 68.83
LDA Acc. 77.40 65.97 77.57 64.36
Bal. acc. 51.82 66.07 50.70 64.16
Precision 78.22 46.81 87.10 35.96 77.81 50.00 86.04 34.21
Recall 98.22 5.42 65.88 66.26 99.43 1.97 64.53 63.79
F1-score 87.09 9.71 75.02 46.62 87.30 3.79 73.75 44.54
ROC AUC 71.13 71.08 69.56 68.97

High precision scores for class AB suggest that all ML models are able to identify accurately those
buildings that will experience no or minimal damage after the earthquake. Precision scores for class CE
are lower than those for class AB, thus indicating a high incidence of false positives in the classification
of the buildings that will experience a severe seismic damage. The impact of preprocessing techniques
on precision scores seems somehow limited. The recall value, which quantify the model’s ability to capture
positive instances, is high for class AB. This further confirms that ML models are able to recognize effectively
those buildings that will result either undamaged or slightly damaged after the earthquake. While precision
scores are comparable across ML models for class AB, recall scores are largely different. Additionally, it
is noted that preprocessing techniques have significant influence the recall values. On the one hand, the
Linear SVM stands out with the highest recall value (equal to 72.91%) for class CE when it is applied with
PCA dimensionality reduction. However, the RF algorithm demonstrates the most consistent recall scores
between class AB and class CE (recall values equal to 62.82% and 68.72%, respectively). Tab. 7 suggests

that preprocessing is especially beneficial for those ML models that exhibit a substantial difference in terms
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Figure 17: Comparisons of ROC curves (a) and precision-recall curves (b) for the considered ML models.

of Fl-scores between class AB and class CE, while a moderate influence is observed otherwise.

The ROC curves and the precision-recall curves have been reported in Fig. 17. The ROC curves in
Fig. 17a are almost overlapped and tend to be quite optimistic since all the ML models display virtually the
same behavior and a performance better than that of the no-skill learner, which is represented by a diagonal
dashed line [74]. The precision-recall curve in Fig. 17b is useful to further discriminate the ML models [75].
It demonstrates that the RF algorithm exhibits the highest value of the area enclosed by this curve. In such
a case, the no-skill learner is represented by the horizontal dashed line corresponding to the minority class
proportion (i.e., 22.40%).

Balanced accuracy is shown in Fig. 18 and is a key metric to guide the selection of ML algorithms and
preprocessing techniques when handling imbalanced datasets. It can be deduced from Fig. 18 that LDA
method achieved the highest balanced accuracy (equal to 66.07%) when SMOTE is applied. However, LDA
also shows inconsistent results since its performance drops to about 50% (akin to a no-skill learner) when
no preprocessing or PCA only is employed. The Linear SVM demonstrates good robustness (achieving a
balanced accuracy of 65.91%) without any preprocessing technique, and similar scores are obtained with
PCA and/or SMOTE. The RF algorithm was already found able to provide satisfactory and closely matched
recall values without the application of any preprocessing technique, and Fig. 18 confirms a consistent good
performance also in terms of balanced accuracy (which results about 65% regardless of the implemented
preprocessing technique).

It is not straightforward to decide which ML model is the best since different goals, metrics, and pre-
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Figure 18: Comparisons of balanced accuracy metric values for different ML models considering alternative preprocessing
methods.

processing techniques can lead to somewhat different conclusions. For the goals of the present study, it is
advisable to choose the ML model that ensures the most stable performance and the optimal balance among
various criteria, rather than the best classifier based on a single criterion.

Taking all into account, the present comparative assessment among alternative ML techniques has demon-
strated that the implementation of Linear SVM and RF without the preliminary application of preprocessing
techniques is most appropriate for the goals of the present research. Ultimately, they represent the opti-
mal trade-off over all classification metrics for both seismic classes with minimum computational effort.

Therefore, these two ML models only will be considered henceforth for the hyperparameter tuning process.
4.4. Optimal machine learning model

The ML-based approaches that resulted in the most suitable classifiers, namely the Linear SVM and the
RF without data preprocessing, are now optimized by means of hyperparameters fine-tuning.

Only the regularization parameter C can be optimized in the Linear SVM. It basically controls the
balance between model complexity and the misclassification tolerance, thus controlling the occurrence of
overfitting phenomena. However, Linear SVM is quite sensitive to class imbalance issues, and it might
result in a skewed behavior toward the minority class [51]. For small C values, Linear SVM applies a
low regularization penalty to misclassified data points delivering a soft margin. This indicates a higher
tolerance for classification errors, which turns out into a less flexible decision boundary with a broader
margin between classes. Small C values can lead to better performance for the minority class in imbalanced

datasets by reducing the risk of overfitting for the majority class. In contrast, large C values impose a
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Table 8: Mean and standard deviation of the classification metrics for the Linear SVM corresponding to different values of the
regularization parameter C.

Accuracy Balanced acc. Precision Recall Fl-score AUC-ROC
Linear SVM  Mean Std. Mean Std. Mean Std. Mean Std. Mean Std. Mean  Std.
C' =0.001 55.37 1.59 61.76 1.99 29.82  1.29 73.35 3.27 4240 1.79 66.31 2.31
C =0.01 58.80 1.09 64.94 1.38 3222 088 76.06 2.82 4525 1.26 70.30 1.53
C=0.1 61.91 1.18 65.93 1.22 33.83 0.93 73.22 2.37  46.27 1.17 71.22 1.74
Cc=1 62.53 1.38 66.22 1.41 34.22 1.16 7291 227 46.57 1.39 71.38 1.83
c=10 62.22 1.40 66.10 1.49 34.03 1.17 73.13 2.43 46.44 1.45 71.49 1.91
C =100 62.12 1.35 66.02 1.39 3396 1.11 73.09 2.23 46.36 1.35 71.50 1.95
C =1000 62.29 1.29 66.21 1.29 34.11 1.04 73.30 2.15 46.55 1.26 71.50 1.96

C = 10000 62.14 1.37 66.25 1.43 34.06 1.11 73.70 242 46.58 1.38 71.51 1.98

stronger regularization penalty on misclassified data, in such a way as to achieve a high precision and an
accurate classification for all training data. This implies a hard and narrower margin between classes, thus
resulting in a more complex decision boundary. In this case, there is a heightened risk of overfitting, as the
model may perform exceptionally well on the training dataset but struggle when faced with new, unseen
data, owing to its diminished generalization capacity.

Tab. 8 displays mean and standard deviation of the classification metrics (i.e., accuracy, balanced
accuracy, precision, recall, F1-score, and AUC-ROC) for the grid-search stratified cross-validation procedure
of the Linear SVM for different values of the regularization parameter C (it is noted that the default value
is C = 10). Precision, recall, Fl-score refers to the minority class only. Tab. 8 demonstrates that the impact
of the regularization parameter is almost negligible for C > 1.

Furthermore, Fig. 19 illustrates the balanced accuracy for different values of C, together with the training
computational time (expressed in seconds). In summary, intermediate values of C should be preferred to
avoid both underfitting and overfitting phenomena while saving computational time. Indeed, the optimal
value of C =1 has been selected for the optimized Linear SVM model.

As far as the hyperparameters tuning of the RF algorithm is concerned, it is worth reminding that it
is an ensemble ML algorithm based on multiple weak classifiers decision trees and whose final prediction is
governed by a majority voting scheme [60, 83]. This working mechanism makes the RF algorithm very robust
against possible overfitting issues, reducing both bias and variance, and it sometimes does not even require
dedicated hyperparameters tuning [83]. Nonetheless, several hyperparameters can be possibly optimized.
They deal with the single DT (e.g., the number of learners, how to control the DT growth, information gain
splitting criterion, etc.) and the bagging scheme (bootstrap aggregation) [83, 84]. In agreement with the
most common recommendations [85], the following hyperparameters have been selected for the grid-search

cross-validation procedure of the RF algorithm.

o Criterion: it defines the objective function adopted to assess the information gain (IG) at each leaf
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Figure 19: Average balanced accuracy and training elapsed time during grid-search cross-validation for hyperparameter tuning
of the Linear SVM by varying the regularization factor C.

node. Three possible definitions have been considered, i.e. the entropy, the Gini impurity index

(default criterion), and the cross entropy (or Log Loss) [83, 84, 86].

Max depth: it establishes the maximum number of splits of every DT in the forest. By default, no
constraints are fixed on the DT’s depth, thus achieving pure terminal leaf nodes [83, 84]. In the

grid-search scheme, this hyperparameter was set equal to 5, 10, 20, 50, and 100.

Max leaf nodes: it governs the maximum number of splits by constraining the total number of leaf
nodes, both intermediate and terminal ones [83, 84]. Besides the default value outlining no constraints
applied on this hyperparameter, a maximum number of splits equal to 5, 10, 20, 50, and 100 has been

considered.

Min samples leaf: it defines the minimum number of samples that have to remain in a leaf node [83, 84].

Besides the default value of 1, a minimum number of samples equal to 2 and 4 has been investigated.

Min samples split: it defines the minimum number of instances necessary to split an internal node

[83, 84]. The values of 2 (default value), 5, and 10 have been considered.

Number of estimators: it defines the number of trees to consider in the forest [83, 84]. Since it should
be large enough [85], six possible values have been explored, i.e. 100 (default value), 200, 300, 400,
500, and 1000.
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Figure 20: Parallel coordinates graph that illustrates the grid-search cross-validation performed for hyperparameters tuning of
the RF algorithm (the blue line indicates the best hyperparameters delivering the highest balanced accuracy).

Table 9: Hold-out test set performances of the optimized Linear SVM and RF models.

Optimal ML model (No PCA/No SMOTE)

Metric Linear SVM RF
Class AB  Class CE  Class AB  Class CE

Accuracy 62.32 67.73
Balanced accuracy 65.91 65.72
Precision 88.16 34.03 86.35 36.95
Recall 59.40 72.41 69.37 62.07
F1-score 70.98 46.30 76.94 46.32
AUC-ROC 71.29 74.33

The bagging procedure is maintained with the default arguments, thus adopting the classic randomly drawing
with replacement scheme that accounts for a subset of features to train each DT with dimension equal to
the square root of the number of features [83-85]. Globally, 5,832 different combinations of hyperparameters
have been explored for the RF algorithm with the grid-search method and, considering a stratified 10-folds
cross-validation scheme, about 58,320 RF models have been actually trained. In order to select the best
combination of the hyperparameters for the RF algorithm, the average of balanced accuracy among the
folds has been monitored during the grid-search cross-validation procedure. All the inspected solutions
are reported as grey lines within the parallel coordinate plot in Fig. 20, whereas the best combination
is highlighted with a blue line. The following optimal hyperparameters for the RF algorithm have been
obtained: Criterion — Gini impurity index, Max depth — 20, Max leaf nodes — 100, Min samples leaf — 4,
Min samples split — 10, Number of estimators — 200.

Once the optimal hyperparameters based on the grid-search cross-validation scheme are obtained, the
optimized ML models have been trained on the entire training set and the final performance metrics on

the hold-out test set are listed in Tab. 9. Both models exhibit a similar balanced accuracy value almost

equal to 66%. The Linear SVM still exhibits a slightly better recall value for the minority class than the
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Figure 21: Comparisons of ROC curves (a) and precision-recall curves (b) for Linear SVM and RF models after hyperparameters
tuning.
RF algorithm, which instead learned equally from both classes. Nevertheless, small differences between the
two optimized classifiers are discernible from Fig. 21. Indeed, RF manifests slightly higher generalization
capabilities both in terms of ROC curve and precision-recall curve.

In conclusion, a slightly evident superiority of the optimized RF algorithm emerges with respect to the
optimized Linear SVM model. Therefore, the optimized RF model is designated as the best ML tool for

addressing the current classification problem.
4.5. Uncertainty quantification based on Monte Carlo simulations

A comprehensive evaluation of the optimized RF model also requires proper consideration of the involved
uncertainties. A notable concern for real-word applications is the extent to which the predictive model can
effectively handle uncertainties and errors that affect both input explanatory variables and assigned classes.
All sources of uncertainties are likely to affect the available database, including human errors (such as errors
in data transcription, whether during the transition from in-situ observations to digital records or within
paper-based documentation). It should be stressed that looking for a good classifier is as important as
searching for a robust classifier. Thus, it is of utmost importance to also evaluate the robustness of the ML
model against uncertainties. Nonetheless, robustness against the uncertainties has never investigated in the
current studies about buildings usability prediction.

There exists some probability-based metrics that allow to evaluate the uncertainty level for general ML
classifiers, for instance the cross-entropy loss or the Brier score [87]. Regrettably, these metrics do not
facilitate an engineering interpretation of the effects due to uncertainties. Therefore, a Monte Carlo based
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procedure is proposed to quantify the impact of uncertainties on the final building seismic class predicted
through the optimized RF model. This is accomplished by means of a mutation probability that defines the

probability of transitioning from state S; to state S; as follows:
Pij ZP(Si—>Sj) for i # 7, (8)

under the condition | —j| =1 in order to ensure the transition between two adjacent states only. This
condition serves at considering uncertainties and/or errors with moderate magnitude only. Tab. 10 has
been compiled accordingly through personal communications with those who managed AeDES forms within
the ITtalian Department of Civil Protection. This survey suggested that a reasonable value for the mutation
probability P lies between 0.05 and 0.1. A mutation probability of P =10% is finally selected for a conser-
vative estimation of the model robustness. When an input variable in Tab. 10 is labelled as “Not defined”,
it means that no mutation occurs. This label applies to all variables that can exhibit a mutation, with the

exception of the seismic class because it is always defined.

Table 10: Numerical values of the mutation probability p.

No. Variable States (see Fig. 4) Probability of transition

1 Building position {1,2,3,4, Not defined} P = P for {1,7} € {3,4}; P;;=0 for i € {1,2}
2 No. of floors {1,2,..,13, Not defined} Pij:If’ for {¢,5} € {1,...,13}
3 Inter-storey height {1,2,3,4, Not defined} PZ'J':I3 for {¢,5} € {1,...,4}
4 Average floor surface {A,B..S, Not defined} Pi;j=P for {i,7} €{A,..,S}

5 Age {1,2,..13, Not defined}  P;;=P for {i,5} € {1,...,13}
6 Typology {1,2,3,4, Not defined}  P;;=P for {i,j} € {1,2}; P;;=0 {4,5} € {3,4}
7 Roof {1,2,3,4, Not defined}  Pi;=P for {i,5} € {1,...,4}
8 Masonry texture {1,2, Not defined} P;; =P for {i,j} € {1,2}

9 Curbs/chains {1,2, Not defined} Pi;j=P for {i,5} € {1,2}

10 Tsolated pillar {1,2, Not defined} Pi;=P for {i,5} € {1,2}

11 Hybrid masonry {1,2,3, Not defined} Pij:P for {¢,5} € {1,...,3}
12 Reinforced masonry {1,2,3, Not defined} Pij:]f’ for {¢,5} € {1,...,3}
13 Site morphology {1,2,3,4, Not defined} Pij:I3 for {¢,5} € {1,...,3}
14 Soil category {1,2,3, Not defined} Pij:P for {¢,5} € {1,...,3}
15 Epicentral distance

16 Fundamental period

17 Horiz. peak ground acceleration

18 Vert. peak ground acceleration

19 Horiz. pseudo-spectral acceleration Deterministic

20 Arias Intensity

21 Housner Intensity

22 Duration

23 Seismic class {AB, CE} Pi;j=P for {i,5} € {AB,CD}

Besides balanced accuracy, precision and recall, a new metric is introduced to quantify the robustness
against the misclassification. It is the False Negative Rate (FNR), which is the conditional probability of a

negative result given that the condition being looked for is present. Monte Carlo simulations are stopped once
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Figure 22: Coefficient of variation of the FNR (orange solid line) and its relative variation (blue solid line) (a). Effects of the
uncertainties on the seismic class assignment in terms of balanced accuracy (b), precision and recall (c), and FNR (d).

the coefficient of variation (COV) of the FNR is lower than 1%. The acceptable shifting convergence band
rule (ASCBR) [88, 89] determines the termination point of the Monte Carlo simulations. More precisely, it
discerns the point at which the COV of the FNR stabilizes, meeting the convergence criterion and persisting
for a minimum of 50 simulations.

A total of 161 simulations was completed to achieve the convergence. The main outcomes of the Monte
Carlo simulations are provided in Fig. 22. The COV of the FNR is about 0.032 at the end of the Monte Carlo
simulations. The average value of the balanced accuracy over all Monte Carlo simulations is 64.52%, and it
is very close to the reference value of 65.72% corresponding to the actual database (i.e., without mutation).
It is interesting to note in Fig. 22 that the uncertainties have slight influence on the precision, whereas their

impact on the recall of the minority class is rather large. In particular, the mean value of the recall over
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the Monte Carlo simulation is 56.87% and results lower than the actual value of 62.07% corresponding to
the original database. The FNR shows moderate fluctuations due to the uncertainties around its average
value, which is equal to 43.13%. This Monte Carlo simulations-based assessment of the optimized RF model
highlights a significant robustness against the uncertainties since most of the classification metrics do not
deteriorate drastically for a reasonable, yet conservative, uncertain level. However, these results also indicate

that the accurate assignment to the minority class may be further compromised by the uncertainties.
4.6. Features importance

Understanding the relevance of the input variables involved in the classification process is crucial because
such information can assist the optimization of the survey forms in order to achieve a high confidence on
the class assignment while reducing time and cost of the examination process. Furthermore, it is useful to
assist model’s interpretation [90, 91].

The following three methods are herein adopted to assess the importance of the features involved within

the optimized RF model:
o feature importance scores from the optimal RF model [59];
o permutation feature importance [60];
o+ Shapley additive explanations (SHAP) method [92].

The inherent implementation of the RF algorithm allows to compute automatically the feature impor-
tance scores by employing the impurity criterion. This provides a way to rank input features according to
their relative significance in affecting the outcomes of the RF algorithm [90]. The Gini impurity scores are
computed for each feature based on the average of the error function decrease at each split node. Therefore,
those features exhibiting the most significant average decrease are the ones that exert a strong influence on
the overall predictions of the RF model. Fig. 23a outlines the RF feature importance scores, demonstrat-
ing that the current classification problem is mainly governed by the age of the buildings, the presence of
curbs/chains, the roof typology, and the masonry texture. Several seismic intensity measures — especially the
vertical peak ground acceleration and the horizontal spectral acceleration — ranks among the most important
explanatory variables and are more relevant than several building features. Although this scoring method
is common when using a RF algorithm, some studies have emphasized that it may be biased when dealing
with mixed features (i.e., both continuous and categorical) [91]. Alternative model-agnostic explainability

schemes have been thus proposed in the recent years.
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Figure 23: Feature importance scores for RF model based on Gini impurity decrease (a) and permutation feature importance
for balanced accuracy decrease (b).

The permutation feature importance method was originally proposed by Breiman et al. [59, 60] and is
a model-agnostic explainability method based on decoupling the relationship established between a feature
column and their outcome label by means of a random shuffling of the entire feature column. This process
is carried out individually for each feature column by monitoring the variation of a certain control metric
with respect to its baseline value without any shuffling. This process is repeated several times, and the
average decrease in the control metric for each feature is computed. Those features characterized by the
highest decrease values of the control metric represent the most relevant ones. Since this study deals with
a strongly imbalanced database, the balanced accuracy is selected as control metric. A total number of 100
repetitions is considered [90]. The feature ranking according to the permutation method for the hold-out
test set is reported in Fig. 23b. This model-agnostic approach confirms that building age, curbs/chains and
masonry texture are the most important building features whereas the vertical peak ground acceleration
emerges once again as an important seismic intensity measure for the present case study. It is worth noting
that permutation is still a global approach because the feature column shuffling affects the entire dataset.

A rigorous model-agnostic explainability approach is represented by the SHAP method [92]. It is a local
explanation tool with a mathematical basis grounded in the cooperative game theory [90, 92]. Basically,
the method uses an interpretable approximation of the original model to explain the expected prediction of
every single input (local property), thereby retrieving the importance of each feature, which is assumed inde-
pendent, according to the additive feature attribution principle [92]. The results of the SHAP interpretation

are depicted in Fig. 24. Specifically, Fig. 24 provides a global summary of the mean SHAP values in order to
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Figure 24: SHAP interpretability method for the optimized RF classifier: SHAP values summary graph (a) and beeswarm
SHAP values plot for the minority class (b).

evaluate the average impact on the RF model of every feature affecting the predictions for both classes. The
outcomes of this plot are somehow consistent with those in Fig. 23. In fact, the presence of curbs/chains,
roof topology, masonry texture and age emerges as the most important building features. Among the seis-
e0 Mic intensity measures, the vertical peak ground acceleration and horizontal pseudo-acceleration rank once
again among the most important features. Furthermore, Fig. 24 shows the SHAP values for the minor-
ity class only in the format of a beeswarm graph. It illustrates how the values of each individual feature
either positively or negatively contribute to the prediction of the minority class assignment, respectively.
Fig. 24 corroborates the physical consistency of the classifier. For instance, it can be noted in Fig. 24 that
es the lack of curbs/chains, pushing and heavy roofs, and non-regular masonry textures are detrimental for
post-earthquake buildings usability. Since old buildings are typically designed and built without fulfilling
stringent requirements and specific prescriptions about seismic loads, they are also likely to be unusable in
the aftermath of an earthquake. It is also evident from Fig. 24 that large values of vertical peak ground
acceleration and horizontal pseudo-acceleration lower the chance of post-earthquake buildings usability.

670 There is a general agreement among all these results plotted in Figs. 23-24 about the most important
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building features. They are mainly associated to masonry buildings, also because they are by far the
most representative construction system in the database. The most important masonry building features
according to the ML model align well with the observed performance. Extensive technical reports based on
field surveys within the municipalities of Norcia and Amatrice confirm that the main causes of the observed
damage for masonry buildings are the poor masonry texture, the lack of proper connections between walls
and/or with slabs, the presence of heavy roofs or concrete curbs, missing of adequate retrofitting systems
such as tie rods and chains. All these factors have prompted buildings unusability and structural failures,
especially due to out-of-plane mechanisms [34, 93, 94]. Figures 23-24 also confirm that some features of
the seismic ground motion are more important than several buildings’ attributes. This emphasizes the
need of taking into account the seismic intensity when predicting the post-earthquake usability of buildings.
Particularly, the vertical component of the earthquake seems somehow important to predict the buildings
usability for the considered earthquake-prone region. This is in agreement with existing studies, which have
highlighted an exceptional vertical seismic ground motion during the 2016-2017 Central Italy earthquakes

and its damaging effect on buildings [95].
4.7. Final remarks

The analysis carried out so far rests on a specific clustering of the consequence classes into the AeDES

form. Although suitable motivations support the adopted clustering, a different criterion can lead to a
diverse grouping strategy. In order to provide some insights about this aspect, an alternative clustering
strategy for the consequence classes into the AeDES form is now considered. It results into a cascade binary
classification, where class E is first recognized within the database (the remaining classes are then collected
into a single class ABC), and class A is next recognized from the remaining classes (which are merged into
a single class BC) [19]. All ML techniques have been employed for this task. Neither PCA nor SMOTE are
applied, whereas the stratified cross-validation scheme is implemented.
Tab. 11 and Fig. 25 show that, even after changing the classification strategy, the best models are once
again Linear SVM, RF and DT. The results related to the first step of this alternative classification approach
(i.e., class E versus class ABC) are similar to those obtained previously. Fairly better results are obtained
in the second step (i.e., class A versus class BC). These results also confirm the robustness of the obtained
findings against variations in the adopted clustering approach and classification strategy.

Table 11: Comparisons of hold-out test metrics using a cascade binary classification scheme.

Method Metric E vs ABC A vs BC
Class E  Class ABC Class A Class BC
KNN Acc. 79.72 69.06
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Table 11: (continued from previous page)

Method Metric E vs ABC A vs BC
Class E  Class ABC Class A Class BC
Bal. acc. 55.04 55.51
Precision 83.08 38.69 73.91 43.10
Recall 94.30 15.77 87.43 23.58
Fl-score 88.34 22.41 80.10 30.49
ROC AUC 65.68 60.11
Linear SVM Acc. 62.43 59.63
Bal. acc. 67.28 60.91
Precision 91.27 29.72 79.89 38.01
Recall 59.57 75.00 57.90 63.92
F1-score 72.09 42.57 67.15 47.67
ROC AUC 73.00 64.66
RBF SVM Acc. 70.44 59.91
Bal. acc. 62.55 57.30
Precision 86.82 31.40 76.29 36.11
Recall 75.10 50.00 63.43 51.18
F1-score 80.54 38.58 69.27 42.34
ROC AUC 69.74 62.38
DT Acc. 66.80 57.19
Bal. acc. 66.75 58.98
Precision 89.79 31.42 78.66 36.07
Recall 66.82 66.67 54.76 63.21
Fl-score 76.62 42.71 64.57 45.93
ROC AUC 71.61 62.04
RF Acc. 66.57 60.79
Bal. acc. 67.07 60.24
Precision 90.05 31.45 78.78 38.23
Recall 66.28 67.86 61.52 58.96
F1-score 76.36 42.98 69.09 46.38
ROC AUC 74.39 64.87
Neural Net Acc. 81.10 70.90
Bal. acc. 52.90 52.71
Precision 82.34 45.00 72.42 47.19
Recall 97.76 8.04 95.52 9.91
F1-score 89.39 13.64 82.38 16.37
ROC AUC 74.36 65.50
AdaBoost Acc. 81.66 71.57
Bal. acc. 54.50 53.26
Precision 82.85 52.78 72.65 53.09
Recall 97.69 11.31 96.38 10.14
Fl-score 89.66 18.63 82.85 17.03
ROC AUC 74.16 66.54
Naive Bayes Acc. 66.02 64.99
Bal. acc. 65.01 58.34
Precision 88.87 30.21 76.18 39.87
Recall 66.62 63.39 74.00 42.69
Fl-score 76.15 40.92 75.07 41.23
ROC AUC 70.88 60.45
QDA Acc. 74.59 66.69
Bal. acc. 59.01 59.82
Precision 84.82 32.49 76.95 42.33
Recall 83.79 34.23 76.00 43.63
F1-score 84.30 33.33 76.47 42.97
ROC AUC 71.19 64.07
LR Acc. 81.60 71.30
Bal. acc. 51.60 52.02
Precision 81.93 56.52 72.09 50.91
Recall 99.32 3.87 97.43 6.60
F1-score 89.79 7.24 82.87 11.69
ROC AUC 73.20 65.08
LDA Acc. 81.60 71.10
Bal. acc. 51.48 52.30
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Figure 25: Comparisons of balanced accuracy metrics using a cascade binary classification scheme.

Table 11: (continued from previous page)

Method Metric E vs ABC A vs BC
Class E  Class ABC Class A Class BC
Precision 81.89 57.14 72.22 48.57
Recall 99.39 3.57 96.57 8.02
F1-score 89.79 6.72 82.64 13.77
ROC AUC 72.65 64.71

The last remark is about the suitability of the ML model to predict the post-seismic building usability,
which performance in terms of balanced accuracy is close to about 70%.

Fig. 26 provides a comprehensive view at territorial scale of actual usability data and the predictions
obtained by means of the optimized RF algorithm. This way of presenting the results flattens the degree of
information provided by the confusion matrices and thus should be not considered to assess the classification.
Nonetheless, it is a valuable output for the estimation of the economic resources needed to enhance the
preparedness of the communities against future earthquakes through seismic retrofitting intervetions as well
as for immediate losses quantification in the aftermath of an earthquake. Despite the different grouping
strategies of usability data, Fig. 26 highlights a generalized conservative behavior of the optimized RF
algorithm, since it tends to more safely estimate the minority unusable class.

Taking every aspect into careful consideration, the selected ML model is deemed adequate for the targeted
applications, such as the rapid estimation of the consequences due to an earthquake at territorial scale (e.g.,
number of displaced people and unusable buildings, number of buildings that require emergency interventions
and corresponding repair costs) as well as the preliminary planning of seismic risk mitigation policies (e.g.,

technical and economical analysis of measures to boost seismic retrofitting of buildings).
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Figure 26: Comparison between actual usability data and the predictions made by the optimized RF algorithm considering the
g(fjer(ecr)lf:e binary classification strategy AB vs CE (a) or the alternative cascade classification strategy E vs ABC (b) and A vs

For the sake of completeness, the main issues and limitations about the use of ML techniques for post-
seismic usability assessment deserve further considerations. The main concerns deal with the reliability and
applicability of the final ML models as well as the transferability of their performances to future seismic
events. It is too evident that the validity of all supervised ML methods depends on the trustworthiness of the
labeled dataset used in the training phase, which also bounds the application domain. The careful analysis of
buildings and earthquakes data as well as the comprehensive assessment of different preprocessing techniques,
algorithms, and metrics play a pivotal role in securing the generalization capability of the predictive models
for future applications, while uncertainty quantification, models interpretation, and sensitivity analysis for

data labeling serve at determining the corresponding confidence level. The use of building data spread over
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a very large area is useful, to some extent, for ensuring sufficient diversity throughout the training stage
and for widening the application range. However, unsatisfactory results are likely to be obtained when
predictive data-driven models are applied to areas where building characteristics are largely different from
those considered for training. In particular, the correctness of the post-seismic building usability will reduce
for areas with a dissimilar distribution of the buildings typology. The rate of non-conservative predictions
is also expected to grow when such data-driven models are applied to areas where the attributes of weak
buildings significantly diverge from those adopted for training, since they are an underrepresented group

within the full dataset.
5. Conclusions

This study has tackled the challenge of forecasting the post-seismic usability of buildings at regional
scale by means of machine learning (ML) models, with focus on areas prone to frequent earthquakes. The
case study of the 2016-2017 Central Italy earthquakes has been considered. A comparative evaluations
among various ML algorthms and preprocessing techniques based on a large suite of classification metrics
has been performed. Suitable tools to quantify the features importance and to interpret the predictive
models are also considered. Results reported in the present study confirm that ML methods can be a viable
decision-making support to enhance the preparedness of the built environment against earthquakes and to
speed up post-seismic recovery. However, the appropriate development of ML models is crucial for obtaining
proper results, and their unbiased examination from different standpoints is of utmost importance to secure
a correct implementation in real-word applications. In this perspective, the detailed presentation of the
adopted workflow also served at outlining useful guidelines.

It has been pointed out in the present study that the accuracy is not the most appropriate performance
metric for such kind of applications because of the availability of imbalanced datasets. Instead, the number of
false positives and negatives should be equally distributed and minimized across the post-seismic usability
classes. Taking this into account, it has been found that Linear Support Vector Machine and Random
Forest yield satisfactory outcomes while exhibiting good robustness against errors in the training dataset
and clustering strategy. Random Forest was designated as the most suitable classifier, and the corresponding

value of the balanced accuracy value after hyperparameters fine-tuning was found close to 70%.
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