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vulnerability assessment
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Coastal communities in various regions of the world are exposed to risk from tsunami inundation,
requiring reliable modeling tools for implementing effective disaster preparedness and management
strategies. This study advocates for comprehensive multi-variable models and emphasizes the
limitations of traditional univariate fragility functions by leveraging a large, detailed dataset of ex-post
damage surveys for the 2011 Great East Japan tsunami, hydrodynamic modeling of the event, and
advanced machine learning techniques. It investigates the complex interplay of factors influencing
building vulnerability to tsunami, with a specific focus on the hydrodynamic effects associated to
tsunami propagation on land. Novel synthetic variables representing shielding and debris impact
mechanisms prove to be suitable proxies for water velocity, offering a practical solution for rapid
damage assessments, especially in post-event scenarios or large-scale analyses. Machine learning
then emerges as a promising approach to tackle the complexities of vulnerability assessment, while
providing valuable and interpretable insights.

Tsunamis, as devastating natural phenomena, present challenging threats to
coastal communities across the globe. As such, gaining a profound under-
standing of their behavior and potential impacts stands as an essential
requirement for effective disaster preparedness and mitigation.

However, attaining this objective remains a complex task, given the
multifaceted interplay of factors influencing assets’ vulnerability to tsuna-
mis. If focusing on buildings, these factors encompass their shape, structural
features, construction material, foundation type and the characteristics of
the surrounding environment1–3. From a modeling perspective, fragility
functions serve as the standard tool for quantitatively assessing the prob-
ability of a building to reach or exceed a certain damage state based on a
tsunami intensity measure, under the simplifying assumption that a single
hazard variable alone determines the level of damage4,5.

The development of fragility functions relies on three essential com-
ponents: tsunami inundation data, damage data and a model linking the
two. The method for damage data collection distinguishes them into:
empirical functions, deriving data from ex-post tsunami surveys or physical
experiments; synthetic functions, relying on expert damage elicitation;
analytical functions, based on numerical simulations of structural damage;
and hybrid functions based on a combination of these techniques. In the
literature, empirical fragility functions are the most prevalent among the
available options, with inundation depth primarily used as the key intensity

measure, due to its ease of measurement in post-tsunami surveys of water
marks1,3,5.

However, it is widely acknowledged that relying solely on maximum
water depth does not fully capture the complex damagemechanisms during
tsunami inundation. As a result, various studies have highlighted the
importance of expressing fragility functions in terms of additional tsunami
intensitymeasures, such asflow velocity,momentumflux or hydrodynamic
force to enhance the accuracy of damage estimations4,6–13. Nevertheless,
estimating velocity still remains a challenge in the field of tsunami research,
particularly when considering its importance for enhancing damage pre-
dictions.While numerical simulations can be employed, they often demand
extensive computational resources and may not consistently yield accurate
results relative to the complexity of the task. In light of these challenges,
many researchers have proposed practical methods to estimate tsunami
flow velocities (vc) from inundation depth (h) based on Bernoulli’s theorem
and field or experimental data, which have resulted in identified relation-
ships ranging between 0:7
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and 2:0
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p
11,14–16; where g is the gravita-

tional acceleration.
Furthermore,whenconsidering a specific intensitymeasure, thedegree

of variability introduced by interconnected factors cannot be treated in
isolation through the development of separate fragility functions for each
variable. Neglecting these interdependencies can indeed lead to inaccurate
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assessments of structural vulnerability and associated risk. Consequently,
researchers are increasingly adoptingmulti-variablemodels to address these
mutual interactions among the variables at stake and to account for the
uncertainty arising from the combined effects of the different damage-
influencing variables in the modeling process.

In recent years, as emerged for other natural hazards17–20, advance-
ments inmachine learninghave shownpromise in addressing the challenges
posed by the multi-dimensionality of tsunami damage mechanisms21–23.

In this context,DiBacco et al.23 implementeddifferentmachine learning
algorithms on an enhanced version of the building damage dataset compiled
by the MLIT (Ministry of Land, Infrastructure, Transport and Tourism of
Japan) for the 2011 Great East Japan event24,25. The aim was to capture
nonlinear interactions among descriptive variables and analyze the relative
importance of the different features on modeling accuracy. In addition to
traditional vulnerability factors, the study considered several building- and
site-related features that are often regarded as important in the literature but
are practically overlooked in existing damagemodels. These factors, assessed
by using a buffer-based approach, includedproxies for the potential shielding
effect occurring between interacting buildings or seawalls, as well as for the
impact of collapsed buildings acting as a source of debris8,9,26–29. From a
physical point of view, obstructions can be seen as barriers reducing water
velocity and impact forces on other structures, while debris from collapsed
buildings can negatively amplify the damaging effects of the tsunami.
Therefore, the global variables introduced by Di Bacco et al.23 may be theo-
retically deemed as proxies for flow velocity, capturing the hydrodynamic
effects associated with tsunami propagation. This potential would allow for
their practical application in rapid tsunami damage assessments, particularly
when direct water velocity data are unavailable (e.g., in the aftermath of an
event or for large-scale analysis). Thefirst results fromref. 23 revealed that the
new factors describing the mutual interaction between inundated buildings
played a critical role in tsunami damage modeling, even surpassing the
importance of typical vulnerability features used in fragility functions, such as
the structural type and the number of floors (NF) of the buildings.

Based on these considerations, the present study employs a machine
learning approach on the extended MLIT dataset to assess the relative
importance of various features in driving tsunami damage, with a specific
focus on the influence of variables directly or indirectly linked to water
velocity. Specifically, we examine the effect on predictive model accuracy of
three different approaches for representing hydrodynamic impacts on
buildings, as follows:
1. Direct velocity estimation: this approach involves utilizing water

velocity data at the building’s location, acquired through a detailed
hydrodynamic model of the event (vsim);

2. Indirect velocity estimation: water velocity is assessed by leveraging
established empirical relationships as a function of inundation
depth (vc);

3. Synthetic buffer-related proxies: these variables, introduced by Di
Bacco et al.23, are employed to represent the possible reduction or
amplification of the hydrodynamic effects on impacted buildings
generated by shielding and debris impact mechanisms.

Moreover, our analysis extends beyond the initial findings to achieve a
comprehensive understanding of the intricate relationships among the
variables that influence tsunami damage mechanisms. This approach aims
at addressing a conventional critique tomachine learning, which often faces
concerns due to its perceived black-box nature30–32. We then proceed to
demonstrate that explicit and informative insights can be still derived also
from such data-driven approaches. This will be achieved by representing
modeling outcomes using traditional fragility functions with the indication
of confidence intervals, which can provide valuable information about the
inherent complexity stemming from the multi-variable nature of tsunami
damage, thus serving as ameans to highlight potential limitations associated
with current standard approaches employed for tsunami vulnerability
assessment.

Results and discussion
Synthetic variables for shielding mechanism and debris impact
as proxies for water velocity
To comprehensively analyze the individual contributions of the three
approaches for accounting for water velocity, we systematically trained
different eXtra Trees (XT) models33, each featuring a unique combina-
tion of input variables. The reference scenario (ID0) serves as both the
initial benchmark and foundational baseline, encompassing the mini-
mum set of variables retained across all subsequent scenarios. This
baseline incorporates only basic input variables sourced from the ori-
ginal MLIT database, further enriched with some of the geospatial
variables introduced by Di Bacco et al. characterized by the most
straightforward computation23. Subsequently, the additional models are
generated by iteratively introducing velocity-related (directly or indir-
ectly) features into themodel. This stepwise approach allows us to isolate
the incremental improvements in predictive accuracy attributed to each
individual component under consideration. Table 1 in “Methods” offers
a concise overview of all tested variables, with those included in the
reference scenario highlighted in italics.

The core results of the analysis aimed at assessing the predictive per-
formance variability among the various trained models are summarized in
Fig. 1, which illustrates the global average accuracy (expressed in terms of hit
rate (HR) on the test set) achieved by each model across ten training ses-
sions. In the figure, each column represents a specific combination of input
features, with x markers indicating excluded variables during each model
training. Insights into the importance of individual input features on the
models’predictive performance are providedby the circles, the size ofwhich

Fig. 1 | Summary of predictive performance
variability: global average accuracy (hit rate) of
various models across ten training iterations
using different input features combinations (ID).
Circle size reflects the mean decrease in accuracy
(mda) when individual variables are shuffled and x
markers indicate excluded variables in model
training.
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corresponds to the mean decrease in accuracy (mda) when each single
variable is randomly shuffled.

The pair plot in Fig. 2, illustrating the correlations and distributions
among considered velocity-related variables as well as Distance across the
sevendamage classes in theMLITdataset, has been generated to support the
interpretation of the results and enrich the discussion. This graphical
representation employs scatter plots to display the relationships between
each pair of variables, while the diagonal axis represents kernel density plots
for the individual features.

Thebaselinemodel (ID0), established as a referencedue to its exclusion
of any velocity information, attains an average accuracy of 0.836. In ID1, the
model exclusively incorporates the direct contribution of vsim, resulting in a
modest improvement,with accuracy reaching0.848.The subsequentmodel,
ID2, closely resembling ID1 but replacing vsim with vc, demonstrates a
decline in performance, with an accuracy value of 0.828. This decrease is
attributed to the redundancy between vc and inundation depth (h), both in
their shared importance as variables and in the decrease of h’s importance
compared to the previous case. Essentially, when both variables are

included, the model might become confused because h, which could have
been a relevant variable when introduced alone, may now appear less
important due to the addition of vc, which basically provides the same
information in a different format.

The analysis proceeds with the introduction of buffer-related
proxies to account for possible dynamic water effects on damage.
Initially, we isolate the effect of the two considered mechanisms: the
shielding (ID3) exerted by structures within the buffers (NShArea and
NSW) and the debris impact (NDIArea, ID4). In both instances, we
observe an enhancement in accuracy, with values reaching 0.877 and
0.865, respectively. Their combined effect is considered in model ID5,
yielding only a marginal overall performance improvement (0.878), due
to the noticeable correlation between NShArea and NDIArea, especially
for the more severe damage levels (Fig. 2), with the two variables sharing
their overall importance. Combination ID6, with the addition of vc, does
not exhibit an increase in accuracy compared to the previous model
(0.871), thus confirming the redundant contribution of a variable
directly derived from another.

Fig. 2 | Pairwise relationships between the main intensity measures and proxy
variables in the extended MLIT dataset considered in the study, covering the
coastal areas of Miyako, Rikuzentakata, Minami-Sanriku, Kesennuma, Ishino-
maki, Sendai Port and Sendai Airport. The pie chart summarizes the distribution

of the various damage states within the dataset (shades from light pink to violet). The
pair plot displays the relationships between each pair of variables, while the diagonal
axis represents kernel density plots for the individual features.
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In the subsequent three input feature combinations, we explore the
possible improvements in accuracy through the inclusion of vsim in con-
junction with the considered proxies. In the case of ID7, where vsim is
combined solely with shielding effect, no enhancement is observed (0.870)
compared to the corresponding simple ID3. Similarly, when replacing
shielding with the debris proxy (ID8), an overall accuracy of 0.867 is
achieved, closely resembling the performance of ID4, lacking direct velocity
input. The highest accuracy (0.889) is instead obtained when all three
contributions are included simultaneously. Hence, the inclusion of vsim
appears to result only in a marginal enhancement of model performance,
with also an overall lower importance compared to the considered two
proxies. From a physical perspective, albeit without a noticeable correlation
between the data points of vsim and NShArea (Fig. 2), this result can be
explained by recognizing that flow velocity indirectly encapsulates the
shielding effect arising from the presence of buildings, which are typically
represented in hydrodynamic models as obstructions to wave propagation
or through an increase in bottom friction for urban areas8,34–36. Since this
alteration induced by the presence of buildings directly influences the
hydrodynamic characteristics of the tsunami on land, the resulting values of
vsim offer limited additional improvement to the model’s predictive ability
compared to what is already provided by h and NShArea. Moreover, the
very weak correlation of the considered proxies with the primary response
variableh (Fig. 2) reinforces their importance in the frameworkof amachine
learning approach, since they provide distinct input information compared
to flow velocity, which, instead, is directly related to h, as discussed for vc.
Such observations then support the idea of regarding these proxies as sui-
table variables for capturing dynamic water effects on buildings.

In all previous combinations, observed field values (hMLIT) served as
the primary data source for inundation depth information. However, for a
more comprehensive analysis, we also introduced feature combination
ID10, similar to ID9 but employing simulated inundation depths (hsim) in
place of hMLIT. This model achieves accuracy levels comparable to its
counterparts and exhibits a consistent feature importance pattern, albeit
with a slight increase in the importance of the Distance variable.

For completeness, normalized confusion matrices, describing hit and
misclassification rates among the different damage classes, are reported in
Supplementary Fig. S1. These matrices reveal uniform error patterns across
allmodels,withClass 5 consistently exhibitinghighermisclassification rates,
as a result of its underrepresentation in the dataset, as illustrated in Fig. 2.
Concerning the potential influence of such dataset imbalance on the results,
it is worth noting that, for the primary aim of this study, it does not alter the
overall outcomes in terms of relative importance of the various features on
damage predictions, as affecting all trained models in the same way.

Explainablemachine learning:model’soutcomesrepresentedas
traditional fragility functions with confidence intervals
Delving further into the analysis of the results, the objective shifts toward
gaining a thoroughunderstanding of the relationships between the variables
influencing the damagemechanisms. Indeed, while we have shown that the
inclusion of water velocity components or the adoption of a more com-
prehensive multi-variable approach enhances tsunami damage predictions,
machine learning algorithms have often been criticized for their inherent
black-box nature30–32.

To address this challenge, we have chosen to embrace the concept of
“explanation through visualization” by illustrating how it remains possible
to derive explicit and informative insights from theoutcomes derived froma
machine learning approach, all while embracing the inherent complexity
arising from the multi-variable nature of the problem at hand.

The results of trained models are then translated into the form of
traditional fragility functions, expressing the probability of exceeding a
certaindamage state as a functionof inundationdepth, forfixedvalues of the
feature under investigation, distinguished for velocity-related (Fig. 3), site-
dependent (Fig. 4) and structural building attributes (Fig. 5). In addition to
the central value, the derived functions incorporate the 10th–90th

confidence intervals to provide a comprehensive representation of pre-
dictive uncertainty associated with them.

Starting with the analysis of the fragility functions obtained for fixed
values of velocity-related variables (Fig. 3), it is possible to observe the
substantial impact of the hydrodynamic effects, especially in more severe
inundation scenarios. Notably, differences in the median fragility functions
for the more damaging states (DS ≥ 5) are only evident when velocity
reaches high values (around 10m/s), while those for 0.1 and 2m/s are
practically overlapping, albeit featuring a wide uncertainty band, demon-
strating how the several additional explicative variables included into the
model affect the damage process. More pronounced differences in the fra-
gilities become apparent for lower damage states, under shallower water
depths (h < 2m) and slowerflowvelocities, althougha substantial portionof
the predictive power in non-structural damage scenarios predominantly
relies on the inundation depth8,11,13. The velocity proxy accounting for the
shielding effect (NShArea) mirrors the behavior observed for vsim, but with
greater variability for DS7.

For instance, the probability of reachingDS7with an inundation depth
of 4m drops from ~70% for an isolated building (NShArea = 0) to roughly
40% for one located in a densely populated area (NShArea = 0.5). This
substantial variation not only highlights the influence of this variable for
describing the damagemechanism, but also explains its profound impact on
the models’ predictive performance shown in Fig. 1. Conversely, for less
severe DS, the central values of the three considered fragility functions tend
to converge onto a single line, indicating that the shielding mechanism
primarily influences the process leading to the total destruction of buildings.
Distinct patterns emerge for the velocity proxy related to debris impact
(NDIArea), particularly for DS ≥ 5, emphasizing its crucial role in pre-
dicting relevant structural damages.

For example, at an inundationdepth of 4m, the probability of reaching
DS7 is 40%whenNDIArea = 0 (i.e., nowashed-away structures in the buffer
area for the considered building), but it rises to ~90% when NDIArea = 0.3
(i.e., 30% of the buffer area with washed-away buildings). Moreover, simi-
larly to NshArea, the width of the uncertainty band generally narrows with
decreasing damage state, thus suggesting that inundation depth acts as the
main predictor for low entity damages. These results represent an
advancement beyond the work of Reese et al.26, who first attempted to
incorporate information on shielding and debris mechanisms into fragility
functions basedon a limitednumber offield observations for the 2009South
Pacific tsunami, and Charvet et al.8, who investigated the possible effect of
debris impacts (through theuseof abinaryvariable) ondamage levels for the
2011 Great East Japan event.

Concerning morphological variables, Fig. 4 well represents the
amplification effect induced by ria-type coasts, especially for the higher
damage states, consistently with prior literature8,11,13,37,38. However, above
6m, themedian fragility curve for the plain coastal areas exceeds that of the
ria-type region, in linewithfindingsbySuppasri et al.37,38, whoalsodescribed
a similar trendpattern.Nevertheless, it isworthobserving that the variability
introduced by other contributing features muddles the differences between
the two coastal types, with the magnitude of the uncertainty band almost
eclipsing the noticeable distinctions in the central values. This observation
highlights the imperative need to move beyond the use of traditional uni-
variate fragility functions, in favor of multi-variable models, intrinsically
capable of taking these complex interactions into account.Distance fromthe
coast has emerged as apivotal factor inpredictive accuracy (Fig. 1) and this is
also evident in the corresponding fragility functions computed for Distance
values of 170, 950 and 2600m (Fig. 4). Obviously, a clear negative corre-
lation exists betweenDistance and inundationdepth (Fig. 2),with structures
closer to the coast being more susceptible to damage, especially in case of
structural damages. In detail, more pronounced differences in the fragility
patterns are observed for DS5 and DS6, where the probability of exceeding
these damage states with a 2m depth is almost null for buildings located
within a distance of 1 km from the coast, while it increases to over 80% for
those in close proximity to the coastline. This mirrors the observations
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resulting for NDIArea (Fig. 3), where greater distances result in less damage
potential from washed-away buildings.

Figure 5 illustrates the fragility functions categorizedby structural types
(BS) and building characteristics represented in terms of NF. Overall, the
observed patterns align with the findings discussed in the preceding figures.
When focusing on themedian curves, it becomes evident that these features
exert minimal influence on the occurrence of non-structural damages, with

overlapping curves and relatively narrow uncertainty bands for DS ≤ 5,
owing to the mentioned dominance of inundation depth as main damage
predictive variable in such cases.

However, for themore severe damage states, distinctions becomemore
marked. Reinforced-concrete (RC) buildings exhibit lower vulnerability,
followed by steel,masonry andwood structures, with the latter two showing
only minor differences among them. A similar trend is also evident for NF,

Fig. 3 | XT-derived fragility functions with 10th–90th confidence intervals for
velocity-related variables. Fragility functions for fixed values of a direct velocity
information (vsim), b proxy for shielding effect (NShArea) and c proxy for debris

impact (NDIArea). Themedian fragility function is represented as a solid line, while
the shaded area represents the 10th–90th confidence interval.
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with taller buildings being less vulnerable than shorter ones under severe
damage scenarios. Themost relevant differences emergewhen transitioning
from single or two-story buildings to multi-story dwellings. However, once
again, it is worth noting that, beyond these general patterns, also highlighted
in previous studies1,5,8,11,26,34,37, the influence of other factors tends to blur the
distinctions among the central values of the different typologies, as visible,
for instance, for the confidence interval for steel buildings, which encom-
passes both median fragility functions for wood and masonry structures.

Conclusions
Employing a data-driven approach, the present study has focused on the
complex multi-variable nature of tsunami vulnerability and on the

significance of incorporating into the modeling variables that directly or
indirectly reflect the hydrodynamic impact of water on buildings, spanning
various levels of detail, ranging from point information on tsunami velocity
to synthetic indicators that consider the effects induced by interacting
structures within the inundated area.

A pivotal finding from this study was the crucial role played by syn-
thetic buffer-related proxies for predicting tsunami damage. These proxies,
representing potential shielding and debris impact mechanisms in tsunami
propagation on land, demonstrated a remarkable ability to match the per-
formance of models relying on direct velocity measurements, thereby
underscoring their capacity to encapsulate critical information essential for
representing tsunami damage mechanisms on buildings.

Fig. 4 | XT-derived fragility functions with
10th–90th confidence intervals for morphological
variables. Fragility functions for fixed values of
a coastal typology (CoastType) and b distance from
the coastline (Distance). The median fragility func-
tion is represented as a solid line, while the shaded
area represents the 10th–90th confidence interval.
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These results contributeapractical dimension to thedomainofdisaster
response, highlighting the value of straightforward and versatile modeling
approaches. The proposed proxy variables can indeed prove valuable in
rapid damage assessment scenarios where acquiring extensive velocity data
may be challenging or time-sensitive, such as in post-event situations or
large-scale assessments, thus potentially leading to more efficient allocation
of resources for damage assessment.

Finally, this study emphasized not only the significance of embracing
comprehensive multi-variable tsunami vulnerability models, but also the
inherent limitations of conventional approaches centered on simplistic
univariate fragility functions when tackling intricate processes like tsunami
inundations. The adoption ofmachine learning approaches then emerges as

a viable solution in navigating the complexities of tsunami vulnerability
assessment, with the potential to yield valuable and interpretable insights
when employed thoughtfully. In this context, while the presentedmodeling
framework holds considerable promise for replication across diverse geo-
graphical regions and contexts, a primary barrier to its widespread appli-
cation lies in the scarcity of comprehensive ex-post damage datasets for both
model training (in case of new models) and validation (in case of a spatial
transfer of models developed across diverse regions). This challenge high-
lights not only the critical need for the establishment of standardized pro-
cedures for collecting damage and ancillary data in the aftermath of tsunami
events, but also the importance of an open distribution of resulting datasets
within the research community.

Fig. 5 | XT-derived fragility functions with
10th–90th confidence intervals for different
building features. Fragility functions for fixed
values of a structural type (BS) and b number of
floors (NF). The median fragility function is repre-
sented as a solid line, while the shaded area repre-
sents the 10th–90th confidence interval.
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Methods
The extended MLIT dataset
In its original form, the MLIT dataset consisted of a polygon shapefile
containing building scale information on observed damage (Damage,
categorized into seven damage classes: no damage (DS1), minor, moderate,
major and complete damage (respectively, from DS 2 to 5), collapse (DS6)
and washed away (DS7)) and on other associated damage explicative
factors24,39. Alongside inundation depth at the building location (hMLIT), this
dataset included structural type (BS), number of floors (NF) and the
intended use (Use) of the building. In the present study, we included an
indirect estimation of tsunami velocity (vc) by employing the established
relationship rooted in Bernoulli’s theorem, expressing it as a function of
inundation depth, vc ¼ c

ffiffiffiffiffiffiffiffiffiffiffiffiffi
ghMLIT

p
15; in this study, the value of 0.7 has been

considered merely as a reference for c (which typically ranges between 0.7
and 2), given that, in a machine learning framework, the specific value of a
constant has no impact on the results. To enhance the dataset’s compre-
hensiveness, Di Bacco et al.23 introduced several other possible damage
explicative factors, compiling an extended version of the database25. These
supplementary variables encompassed building geometry, including the
building’s footprint area (FA), as well as various coast-related parameters
such as the distance between each building and the coastline (Distance), the
building’s orientation (BOrient), the direction of tsunami wave approach
(WDir) and a binary factor (CoastType) used to distinguish between plain
and ria coastal types within the impacted region. The dataset was also
enriched with synthetic variables serving as proxies for the hydrodynamic
effects of the tsunami in terms of potential shielding and debris impact
mechanisms. In detail, NShArea and NSW denote the fraction of the area
spanning from each considered building to the coastline (with a predefined
buffer geometry) that is occupied by structures and seawalls, as follows:

NShArea ¼
PN tot

i¼1Ai

Ab
and NSW ¼

PNsw
i¼1Lihi
Ab

ð1Þ

whereNtot andNSW are the total number of buildings and seawalls within a
buffer area Ab, with Ai, Li and hi, respectively, indicating the FA of the i-th
building in the buffer, the length and the height of the i-th seawall element.

Di Bacco et al.23 established a criterion for the definition of the buffer
geometry drawing inspiration from the work of Naito et al.27, who assumed
debris propagation from dispersed vessels toward a direction perpendicular
to the coast, with a 45° spread angle that could increase in areas near the
coast due to drawdown. In detail, these polygons are characterized by
extremepoints representedby the centroidof the examinedbuilding and the
nearest point on the coastline. Di Bacco et al.23 tested two different shapes,
finding no substantial effects of buffer geometry on the accuracy of devel-
oped damagemodels. In the present study, we then opted for their proposed
narrower geometry, as exemplified in Fig. 6.

A similar approach was also adopted for the debris impact proxy,
NDIArea, which accounted for only washed-away buildings (Nwa) in the
buffer area (Fig. 6):

NDIArea ¼
PNwa

i¼1Ai

Ab

ð2Þ

Hydrodynamic model of the 2011 Great East Japan tsunami
Hydrodynamic data for the 2011 event were derived from a two-
dimensional nonlinear shallow water model, coupled with a sediment
transport model, TUNAMI-STM40–42. In the TUNAMI model, the gov-
erning shallow water equations are discretized by finite difference method
on staggered leap-frog structured grids. By coupling with the STM, the
simulation can resolve tsunami-induced morphological change and
resulting variation in the flow field, by yielding a better match to the
observed tsunami inundation43. Accuracy and reliability of both hydro-
dynamic and sediment transport model components have been previously
validated and documented in referenced studies40–42,44–47.

The computational domain was subdivided into multiple layered
domains (R1–R6), each characterized by distinct spatial resolutions and
extents, using a nesting grid system to optimize computational efficiency
and resolution. Domain R1 covered the entire interplate tsunami source
region along the Japan Trench, featuring a spatial resolution of 1215m.
Domains R2–R6 exhibited varying spatial resolutions, ranging from 405 to
5m, with a constant ratio of 1/345. The digital elevation model for the
domains R5 and R6 was generated using the pre-2011 tsunami, LIDAR- or
photogrammetry-based high-resolution data provided by the Geospatial
Information Authority of Japan. To enhance the accuracy of velocity esti-
mations and reduce associated uncertainties stemming from coarser grid
sizes, our analysis exclusively considered buildings located within Region
R6, for a total of 97,852 impacted elements in the coastal areas of Miyako,
Rikuzentakata, Minami-Sanriku, Kesennuma, Ishinomaki, Sendai Port and
Sendai Airport (Fig. 2).

The simulations reproduced tsunami propagation and inundation for
3 h from the earthquake, then captured the effects of both the primary wave
and the subsequent backwash. Inundation depth (hsim) and velocity (vsim)
values sampled at the buildings’ location represent themaximum simulated
values for the event; this approach is based on the assumption that observed
damage is triggered by overall maximum demands, despite the potential
variation in the timing of occurrence for themaximumdepth and velocity at
a given location.

The tsunami sourcemodel, developed by tsunami waveform inversion
considering temporal and spatial evolutionof the fault rupture48, was used to
derive initial tsunamiwaveform in the source region. The transport formula
proposed by Takahashi et al.49 was used for sediment transport modeling,
adopting a uniform value of grain size of 0.267mm for all calculations.

Damage model development and assessment of the feature
importance
Multi-variable XT models were trained for damage level prediction using
the input features listed in Table 1, under different combinations identified
to highlight the marginal gain in accuracy attributed to velocity-related
variables (Fig. 1). Themodels were implemented in Python using the scikit-

Fig. 6 | Example of buffer geometry for an impacted building (highlighted by a
blue star) used for calculating shielding and debris impact proxies.
a Identification of the buildings considered for the calculation of NShArea (i.e., all
buildings in the buffer). b Identification of the buildings considered for the calcu-
lation of NDIArea (i.e., only washed-away buildings in the buffer).
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learn library50. Model learning was based on the following procedure: a
portion (5%) of the observed data were holdout as a validation set for
hyperparameter tuning and the remaining data were then divided into
training (95%) and test (5%) sets. The metric chosen to evaluate models’
accuracy was the relative HR, which quantifies the ratio of correct predic-
tions to the total number of predictions. In addition to this global metric,
normalized confusion matrices, describing hit and misclassification rates
across the various damage classes, were computed for eachmodel to provide
more comprehensive insights on the observed accuracy.

For each model, an initial random search was conducted to fine-tune
hyperparameters and assess validation accuracy. In line with Di Bacco
et al.23, we fixed the number of trees at 130 and performed the splitting
process by evaluating the decrease in Gini impurity on random subsets
containing 60% of the training data.

Finally, feature importance for each model was assessed using the
relative mean decrease in accuracy (mda) as a measure. This involved sys-
tematically shuffling individual features51 and quantifying the resulting
change in accuracy (accs) in comparison to its original value (acc0):

mda ¼ acc0 � accs
acc0

ð3Þ

Representation of model outcomes through tsunami fragility
functions
Themethodology for generating tsunami fragility functions with 10th–90th
confidence intervals across various key features (categorized as velocity-
related (vsim, NShArea, NDIArea), site-dependent (CoastType, Distance),
and structural building attributes (BS, NF), indicated in the following as
“Investigated Feature” (IF)) initiates with the training of an XT model
employing the full set of input features, as in model ID9 (Fig. 1); only for
velocity-related attributes, to discern the singular contribution of each of
them into the fragilities, homologous features are sequentially excluded
during model training (i.e., the following feature combinations are con-
sidered: ID1, ID3 and ID4 (Fig. 1), respectively for vsim, NShArea,
NDIArea).

Then, a dataset for plotting the fragility functions is constructed by
sampling data points from the extended MLIT dataset, ensuring a robust

representationwhile avoiding theneed to assumeany correlation among the
input features.

In linewith conventional practices in tsunami literature1,3,5, inundation
depth is adopted as the primary intensity measure for constructing the
fragility functions. Percentiles of hMLIT are computed at 5% intervals,
resulting in 21 distinct values including also the minimum and maximum
hMLIT values, totaling 20 values by averaging interval extremes. For each
hMLIT interval, 20 buildings are sampled with replacement and desired
values for the IF (such as BS = “RC”, “Wood”, “Steel”, or “Masonry”), are
assigned. This process yields a structured dataset consisting of 20 inputs · 20
intervals · n values for investigation. For each (hMLIT, IF) pair, 20 damage
state predictions are generated. To create the fragility functions, the prob-
abilities of reaching eachdamage state are calculated by counting the relative
number of times a specific damage state is reached or exceeded across the 20
predictions.

This procedure is iterated 100 times for each (hMLIT, IF) combination,
resulting in 100 values for each point along the fragility curves. Finally, for
each (hMLIT, IF) pairing, values representing the 10th percentile, median,
and 90th percentile are computed and incorporated into monotonically
increasing functions as confidence intervals, providing a comprehensive
representation of predictive uncertainty.

Data availability
The extendedMLITdataset used in this study is accessible inMendeley data
(Scorzini et al. 2024, “ExtendedMLIT dataset for the 2011 Great East Japan
tsunami with the inclusion of velocity information”. doi: 10.17632/
5m3n2hjwkh.1).
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