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ARTICLE INFO ABSTRACT

Keywords: Diverse structures serve protective functions against floods, yet they remain constantly exposed to water cur-
Flood physical vulnerability rents, which increase their physical vulnerability. Thus, identifying key factors can be complex given the in-
Key factor ) terrelationships and interactions among hydrological, hydraulic, geomorphological, and many other variables.
iﬁg;ﬁ\rgs exposed to flooding This study analyzes 13 factors related to the physical vulnerability of structures exposed to flooding from experts'
PCA judgment judgment-based approach byCross-Impact Matrix Multiplication Applied to Classification (MICMAC)
CATPCA and multivariate statistics using Principal Components Analysis PCA, and Categorical Principal Component

Analysis CATPCA, to highlight the identification of key factors. Subsequently, Spearman's rank correlation co-
efficient was used to establish metric comparisons between methods. The study evaluated 22 structures along a
20 km stretch of the main channel of the Combeima River in Colombia, using hydrological and hydraulic
modeling over a 54-year period (1971-2024), under land-use change scenarios. Results indicate that factors
related to the type of cover and the infiltration were highly influential on the level of physical vulnerability.
Therefore, the proposed methodology and results can provide elements of judgment for planners in formulating

and implementing flood risk management practices.

1. Introduction

Floods have the potential to lead to severe consequences for people,
infrastructure, and the economy in most mountainous regions world-
wide, and the increase in the frequency and intensity of heavy precipi-
tation is expected to worsen local rain-induced flooding [1]. In this
sense, over the years 1970 to 2021, 943 disasters attributed to extreme
weather events were reported in South America, and of these, 61 % were
floods [2]. These disasters resulted in 58,484 deaths and US$115.2
billion in economic losses [3]. In Colombia, between 2000 and 2023, 76
flood disasters were recorded, causing damages estimated at more than
US$4.7 billion [4]. Consequently, multiple studies have been carried out
to evaluate the capacity of hydraulic structures under non-stationary
conditions associated with climate change and land- use change [5],
physical flood vulnerability [6], and, more recently, flood vulnerability
assessment [7], among many others.

Physical flood vulnerability usually refers to the assessment of flood
damage to physical structures [8], that is, the degree of loss of a given

* Corresponding authors.

element at risk whose characteristics and properties increase its sus-
ceptibility to flooding [9]. Additionally, physical vulnerability is directly
connected to monetary losses and functional interruptions until the
original functionality of affected structures is restored [10]. Thus, it is
complex to assess the physical vulnerability of structures given the
nonlinear dynamics that emerge between damage and the intensity of
the flood event [11].

Various methodologies for estimating the physical vulnerability of
structures have been proposed (e.g., [6,12,13]), which incorporate key
factors that are weighted within multi-criterion-based analytical hier-
archical processes [14], or thematic layers within geographic informa-
tion systems [15]. However, to the best of the authors' knowledge, few
investigations have compared the degree of influence or dependence of
these factors on the physical vulnerability processes in structures [16] to
determine key factors related to physical vulnerability in structures
exposed to flooding. In this sense, approximately 25 % of the surface of
the planet is mountainous, where around 12 % of the population lives
[17]. Urbanization in the mountains accounts for 66 % of the total, with
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Fig. 1. Combeima River catchment: a) Location of the study area; b) Hydraulic modeling cross sections; and c) Land use changes during the 1976-2022 period.

35 % living in cities, while the lowlands are occupied by 78 % of the
population [18]. Structures exposed to flooding are very vulnerable,
especially in mountain areas, due to the high energy of streams, which
are susceptible to land-use and climate changes, depending on their
magnitude [19]. Therefore, mountain basins and streams show marked
differences compared to lowland basins in factors that determine
flooding, such as higher rainfall patterns, slopes, and flow velocities
[20,21]. Thus, studies report factors influencing the physical vulnera-
bility of structures exposed to flooding, such as construction materials,
previous soil moisture, and soil roughness [9], as well as the natural
stability of the streambed [22]. In this sense, there is academic
consensus that urbanization is the most determining factor in flood
magnitude [23].

In this context, some studies have reported results on the most
important factors related to the processes that generate floods. For
example, Ariyani et al. [24], using expert judgment and a Cross-Impact
Matrix Multiplication Applied to Classification (MICMAC) structural
analysis, found that the most influential factors causing flood disasters
were land cover/use, slope, population density, and river waste. Simi-
larly, Sharma and Sharma [25] identified rainfall and land use as the
flood-generating factors.

On the other hand, the implementation of multivariate techniques
using Categorical Principal Components Analysis (CATPCA) has been
reported to identify the primary factors associated with the perception of
flash flood risk [26]. Likewise, principal components analysis (PCA) has
been used to assess the social vulnerability of the Ganga River in India
[27] and to deepen understanding of underlying patterns among the
main socioeconomic and demographic factors that identify vulnerable
populations to urban flooding [28]. Similarly, studies report analyses of
factors influencing vulnerability to flooding in mountainous areas of

Europe [9,29], Africa [30], where the type of construction material,

maximum flow depth, stream width, bed slope, channel slope, maximum

flow discharge, flow velocity, concentration time, infiltration, type of
vegetation cover, among others, were considered, and very few incor-

porate multivariate or structural analyses (e.g., [31,32]). Accordingly,

the aim of this study is to evaluate the degree of influence of 13 factors
related to the physical dimension of flood vulnerability of 22 structures,

including bridges and retaining walls exposed to flooding, located along
a 20-km stretch of the main stream of the Combeima Catchment, a
mountain stream located in the Andes mountain range of Colombia. To
this end, the MICMAC, PCA, and CATPCA methods were implemented.
In this regard, recent studies have demonstrated the use of MICMAC to
identify key factors influencing a hydrological system [33,34]. However,
to the best of the authors' knowledge, few studies contrast that type of
structural analysis with a statistical analysis. This approach can be
useful for developing policies for the protection of life in population
centers near streams, which minimize the impact of flooding on the
territory [35], especially when damage to bridges and retaining walls is
relevant in terms of absolute total costs [36], in addition to the losses
caused by interruptions in the development of economic activities that
depend on land transportation and the provision of basic services such as
drinking water supply.

2. Material and methods
2.1. Study area
The analysis was conducted in the Combeima River catchment,

located in the Colombian Andes, with elevations ranging from 700.6 to
5150.0 m a.s.l., with a mean elevation of 2360.3 m a.s.l., and a surface
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Table 1
Hydroclimatological events recorded in the Combeima River catchment from
1945 to 2025.

Date Event type Event effects Source
DD/
MM/

YY

Landslides and Some.damage to hous‘es,
1945 covering part of the village
floods .
center of Villa Restrepo.
120 deaths, 350 homeless
victims, damage to houses

(Espejo-Alfonso,
2021)

25/06/ Landslides and and bridges in Juntas, Villa
1959 floods .
Restrepo, and the city of
Ibagué.
22/05/ More t_han 100 One death, loss of crops and
1967 landslides and livestock.
flash floods '
Damage to houses,
21/06/ Landslides and obstruction, and damage to
1974 floods bridges in the Llanitos and
Pastales sectors.
Damage to the water supply
25/05/ Floods structure of the Cay Sector
1975 of the city of Ibagué, loss of
crops. . .
Houses destroyed and (Consejo 1\,Ia.c10nal
9/06/ .. . de Politica
Flash floods flooded, 4 injured in the .
1977 Economica y
creek sector of La Plata. Social., 2009)
01/06/ Flash floods 8 houses destroyed in the v
1980 sector of La Victoria.
05/11/ 18 houses destroyed in the
1981 Flash floods sector of Chapetén.
08/06/ .
1984 Flood Crop loss at La Maria farm.
Landslides, Hou?es destroyed and crops
31/07/ Combeima River lost in the sectors of Juntas
1985 . and Pastales of the Guamal
damming
event.
15 dead, 2300 affected,
houses and bridges
04/07/ Landslides and destroyed, damage to crops,
1987 floods damage to the water supply
structure of the city of
Ibagué.
24/06/ 5300 dead, damage to houses (Espejo-Alfonso,
Flash flood in the sector of Juntas and
1989 . . 2021)
the city of Ibagué.
1990 mudflows < v
Ibagué.
04/06/ Flash flood 20 houses .destroyed, 3
1991 dead, 6 injured. (Consejo Nacional
05/05/ Combeima River  Increase of erosion J s
X s de Politica
1993 damming processes on hillsides. Econémica y
13/04/ Landslides One house destroyed, one Social., 2009)

1994 family affected.

14/04/ Landslides 4 dead, one house
1994 destroyed.
20/05/ Torrential Evacuation of families due
1994 rainfalls to house damage.
2 fatalities, destruction of (Espejo-Alfonso
1998 Rock slides housing, and impacts on the 2021) ’
tourist complex.
10/09/ Landslides 14 people affected, 2 (Espejo-Alfonso,

2000 families affected. 2021)
10 people affected, 2

27/05/ . i (Espejo-Alfonso,
2002 Landslides families, and 2 houses 2021)
destroyed.
4 injured, 120 people .
18/11/ Floods affected, 24 families, and (Espejo-Alfonso,
2004 2021)
damaged houses.
7/03/ Landslides ?:msiﬁz:pli:fé:ctde:;nzged (Espejo-Alfonso,
2005 : 8 2021)

houses.
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Table 1 (continued)

Date Event type Event effects Source
DD/
MM/
YY
1 17 chil,
24/06/ 55 adul t§ and 17 children (Olaya-Marin,
Floods affected in the sector of
2006 . 2022)
Villa Restrepo.
22/08/ Damage to road (Espejo-Alfonso,

Fl
2008 oods infrastructure. 2021)

170 people affected,
damages in more than 40
houses. Damage to the

Olz/ggg Flash floods water supply structure of Comgici:adezlo 21)
the city of Ibagué for 4 days. ’
Gorges El Salto, Guamal and
La seca sectors.
12 houses damaged in the

14/05/ Flash flood ;cht;:z f;;fril;;céstaorlie (Ecos del

2012 Combeima, 2012)

water supply structure of
the city of Ibagué.
Damage to the water supply

04/06/ Flood structure of the city of (Alerta Tolima,

2018 Ibagué. An event in the 2018)
sector of Llanitos.
175 houses damaged, 200

23/11/ Flood families affected, 5 villages (Tryjillo, 2021)
2021
cut off due to road damage.
12/08/ Dama.ge to th‘e bridge and (Redaccion Ibagué,
Flood road in the Villa Restrepo
2024 . 2024)
sector, Bellavista stream.
B2 i e et bt (Beoe del
2024 . Combeima, 2024)
sector, Bellavista stream.
06/04/ Damage to houses, damage
2025 Flood to roads, and mobility in the (Canal PyC, 2025)
Villa Restrepo sector.
Damage to the bridge in the
28/06/ Villa Restrepf) sector, - )
2025 Flash floods damage and interruption of (Montiel, 2025)

the water supply in the city
of Ibagué.

area of 273.0 km?, where the average daily and annual precipitations are
4.9 mm and 1768.6 mm, respectively. The catchment has an average
gradient of 53.9 %, a drainage density of 1.94 km/km?, and a concen-
tration time of 4.1 h. The main channel is 57.4 km long, with an average
gradient of 35.3 %, and a sinuosity of 1.2 km/km. The towns of Vil-
laRestrepo, Pastales, and Llanitos, as well as a water intake structure for
the water supply of the city of Ibagué, which has a population of over
546,003 inhabitants, are located along the Combeima River (Fig. 1).
Therefore, flooding causes a higher amount of damage and loss of lives,
as presented in Table 1. The stream has an average daily flow of 5.7 m3/
s, and the maximum annual flow is 77.5 m3/s, according to the Mon-
tezuma Hydrometric Station records for the 1971 to 2024 period
(Fig. 1a). For the hydraulic analysis, 150 cross sections were used in a
20.0 km stretch between VillaRestrepo and Ibagué (Fig. 1b), where 22
structures are exposed to flooding, of which 13 correspond to bridges
and 9 to retaining walls. Finally, vegetation cover maps that record land
use changes (LUC) during the years 1976, 1987, 1991, 2000, 2007,
2017, and 2022 were employed (Fig. 1¢). Therefore, the definition of the
river reach analyzed considered the existence of structures for the pro-
tection of human settlements located in the riparian zone, road infra-
structure, drinking water supply structures, and agricultural areas that
are related to the criteria and goals established in the Framework for
Disaster Risk Reduction 2015-2030 [37].
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the structure.

2.2. Influencing factors

This study reviewed factors generating flooding in watersheds,
which are dependent on climate and hydrology [38], such as rainfall
characteristics, watershed morphology [39], land-use changes, and
climate change [40,41], among others. Likewise, factors influencing the
physical vulnerability of structures were defined as those that can in-
crease damage to a structure [42] or its susceptibility [43,44], such as:
type of structure, location, exposure, as well as construction materials
and condition of the structure [45], as well as the horizontal and vertical
distance to the stream [46,47]. On this basis, a review of the academic
literature was conducted,and 13 factors were selected through expert
judgment [48] to assess their level of influence on the physical vulner-
ability of structures exposed to flooding. These factors were chosen
based on their relationship with the physical vulnerability of structures
and flood propagation. The experts included professors from Uni-
versidad Cooperativa de Colombia, Universidad de Ibagué, Universidad
del Tolima, and government officials specialized in flood risk manage-
ment in the study area. These factors are classified into three groups,
based on their relationship with catchment variables, structures, and the
current. In this sense, recent studies recognize the capacity of expert
judgment in the selection processes of variables that influence the
response of hydrological systems (e.g., [33,34,49,50]). Therefore, the
experts' criteria were complemented by a review of relevant academic
literature, which provides justification for selecting 13 influential fac-
tors affecting the physical vulnerability of structures exposed to flooding
(Section 2.2). These factors allow identifying the effects of floods on the
vulnerability and potential damage to vital infrastructure, such as roads
and water supply systems of population centers in the area analyzed in
this study, which is consistent with the goals defined in the Sendai
Framework for Disaster Risk Reduction 2015-2030 [37]. Thus, in this
study, the 13 factors selected were classified into three categories: i)

catchment; ii) stream; and iii) structure-related factors, similar to the
source-pathway-receptor framework widely used in flood vulnerability
[33]. Furthermore, the proposed methodology requires knowledge of
the variable values for each structure in each simulated land-use change
scenario; therefore, some variables were adapted or discarded based on
their availability. Finally, there is no widely accepted paradigm for
identifying the most appropriate factors; therefore, a small set of well-
chosen factors provides results without unnecessary complications [50].

2.2.1. Catchment-related factors

Multiple studies describe the importance of precipitation (P) in
producing surface runoff, and particularly extreme rainfall converges
with multiple drivers that exacerbate flooding [51]. Thus, increases in
peak flow magnitude are driven primarily by changes in extreme pre-
cipitation [52]. Likewise, discharge (Q) is the reference variable in flood
analysis with exposed structures, and is related to peak flow and the
return period [53]. Besides, it is highly dependent on rainfall [54]. The
curve number (CN) was also considered because of its high relationship
with LUC and land cover in surface runoff production processes, and has
been used for flood susceptibility mapping [55], due to its relationship
with extreme rainfall [56]. Therefore, the CN has been considered as one
of the main drivers of flood generation in LUC scenarios [57]. In this
study, LUC and land cover factors were represented through the curve
number proposed by the Natural Resources Conservation Service
(NRCS), previously known as the SCS-CN [58]. Similarly, other studies
have used the CN to obtain flood depths [59].

To relate the edaphology of the catchment within the runoff gener-
ation process, the soil water storage in the root zone (H,), also known as
static storage, was considered, and is represented in this study according
to the conceptualization of Francés et al. [60] as follows (Eq. 1).
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Hy =Y WAW;+ o + A €h)
i

where the difference between the field capacity and wilting point cor-
responds to the depth h;(mm) of the available water AW;(mm) in each
soil horizon, so the sum is carried out until the minimum value between
the soil depth and the effective root depth is reached. Then, I, repre-
sents the maximum interception of the canopy (mm), and A; is the
maximum surface depression storage (mm). Studies have reported that
H, varies due to changes in soil permeability, affecting the production of
surface runoff [61,62], which influences the level of vulnerability of
structures exposed to flooding, especially when soil permeability is low
[56]. Likewise, static storage in watersheds has been reported as perhaps
the most influential variable in flood analysis in changing land use en-
vironments [63].

On the other hand, during the occurrence of floods, water depth, flow
velocity, and shear stress in the current increase, generating sediment
removal and transport in the channel [64], and can cause destabilization
of structures exposed to flooding due to scour around them [65]. Thus,
variations in the cross-section shape contribute to the increased sus-
ceptibility of structures exposed to flooding [53]. In this study, to
represent these effects, the potential erosion factor (Pe) was defined,
which corresponds to the unitary flow of sediments g; (t/m*s) generated
in the catchment with a closure point in the cross section where the
structure S; is located in a stream of water Q per unit of width W, and
according to Julien [66], it is represented as Eq. 2.

Q 2.035 K
_ 4366 [ &
q: = 25500 5, <w> 0.15

CP (2)
where K, C,and P correspond respectively to the soil erosibility, culti-
vation, and conservation practices, factors of the Universal Soil Loss
Equation USLE [67].

2.2.2. Structure-related factors

Structure proximity to the water stream (Px) corresponds to the
distance from the stream to the exposed structure (Fig. 2), which is a
counting factor in flood risk models [68] and is influential on the effects
on exposed structures (e.g., [24,68]). Likewise, material type (MT) was
considered because it is one of the factors that control the failure of
structures during large floods [65,69]. Structure height (Hest) is related
in the vulnerability analysis to the level of hazard (e.g., floodwater
depth) on the structures exposed to flood conditions (Fig. 2). In this
sense, the height of the exposed structure can determine its potential
disruption in a flood event [70].

2.2.3. Stream-related factors

The flood area (A) has been used in various studies as a measure of
flood vulnerability assessment [71], and in some studies, it is incorpo-
rated as a factor of flooded area in the vulnerability analysis of structures
[56]. Likewise, shear stress (T) was considered since currents subject
exposed structures to significant shear forces that can lead to their
failure [68] and, therefore, influence their stability [64]. In this sense,
flood depth (H) has been included because floodwater height determines
the severity of the impact on structures exposed to flooding [65], so
physical vulnerability is highly related to flood depth [36]. For bridges
in flood zones, they are considered vulnerable when the flood depth is
equal to or exceeds the lower deck height [52]. Flow velocity (V) was
included because structures exposed to flooding can suffer significant
damage when faced with high velocity flows [65], especially to the scour
around its foundation [53], which can also alter the geometry of the
cross section and the riverbed (S), which influences the spread of floods
[72]. In some cases, even with normal rainfall, the riverbed may tend to
rise its level, causing widespread flooding [73]. In other cases, sediment
is extracted to restrict flood depth and thus minimize flooding potential
[74]. Therefore, morphological variations in the riverbed near an

Table 2
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Methodologies implemented for the assessment of the physical vulnerability of
structures to flooding in LUC scenarios.

Methodology  Descriptionand  Equation Variables Variables
approach description
Assessment of
physical
vulnerability Here, variable I
based ?

VFVCN cl?::x eosnin Vi = I = Sj = is the intensity
runofgf E*S v CN of the event, S
. corresponds to
infiltration, and susceptibili
flow velocity in w}IlJile v v,
he ch: 1.
the channe indicates the
Assessment of maximum flow
physical . velocity in the
vulnerability cross section
based on and Hu ’
changes in soil Vi = I = Sy = represents

VVHu water storage v 1
in th I;*S; v = water storage
in'the root zone Hu in the soil in the
due to changes oot Zone
in land use and ’
flow velocity in
the channel.

E represents
exposure, Px is

Assessment of the distance
physical from the stream
vulnerability to the exposed

MFLUP based on the Vi = Ej= Si= structure, S is
measurement E;*S;; 1 hy susceptibility, h
and mapping of P Hesty is water depth,
land use and the height
patterns. of

the exposed
structure is Heg;.
St is soil type of
basin area, A,
represents
Assessment of basin area, Sc is
hysical the slope of the
Py e Vi = basin within
vulnerability in i = the ar
land use change  a(Sty) + corre: e:)r‘?:in

VLUCS scenarios based b(Ay) + to the ixposei
03 Mgrlth_ | c(Scy) + structure, LUC
Edaphologica d(LUC) is land use
Attributes of change, and
the basin. coefficients a, b,

¢,y d are the
weights of each
variable.

exposed structure can significantly alter its stability and physical
vulnerability [75].

2.3. Hydrological and hydraulic modeling

To describe runoff behavior, a physically based tank conceptualiza-
tion was implemented, incorporating the spatially distributed hydro-
logical model TETIS [60], which also allows modeling sediment yield
[76], in changing land use scenarios [62]. Thus, LUC were modeled from
the land use maps in the Combeima River catchment corresponding to
the years 1976, 1987, 1991, 2000, 2007, 2017, and 2022 (Fig. 1a-c), and
hydroclimatological information from the catchment recorded during
the 1971-2024 period with daily temporal resolution, which allowed
obtaining the maximum flows and sediment concentrations in each
scenario. To evaluate the descriptive capacity of the model, acceptable
calibration was defined as Nash-Sutcliffe objective function values
higher than 5.0 [77].

The hydraulics of the Combeima River over a 20 km stretch between
the towns of Villa Restrepo and Ibagué were represented through the
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implementation of HEC-RASv6.6 [78]. The system schematization
consists of 150 cross sections containing 13 bridges and 9 retaining walls
(Fig. 1a-b). The boundary conditions correspond to the maximum flows
for a 100-year return period during the years with recorded land-use
changes, i.e., 1976, 1987, 1991, 2000, 2007, 2017, and 2022. The fre-
quency analysis was performed with the General Extreme Values func-
tion, which has been widely used in the study area (e.g., [63]). The
model was considered calibrated for percent bias (PBIAS) in water depth
values below 20.0 % by adjusting the roughness coefficient in each cross
section [79]. Thus, negative values indicate that the simulated value is
higher than the observed value; positive values indicate that the simu-
lated water depth is lower than the observed value [80].

2.4. Physical vulnerability methods and data

In general vulnerability has been defined as propensity or predis-
position to be adversely affected, which includes the concept of sensi-
tivity or susceptibility to damage [81]. In this sense, the Sendai
Framework states the need to improve understanding of disaster risk
from dimensions such as exposure, vulnerability, and hazard charac-
teristics [37]. Herefore, in this study, physical vulnerability is consid-
ered as a function of exposure (E) and susceptibility (S), where a
structure has a pre-existing condition of exposure to flooding, which,
according to its physical characteristics, interacts with the dynamics of a
stream in a changing land use environment, which could increase its
susceptibility. Likewise, this study focused on analyzing the physical
vulnerability of structures exposed to flooding, such as retaining walls
and bridges located on the Combeima River, without considering social,
cultural, economic, legal, or institutional dimensions, similar to the
approach proposed by Papathoma-Kohle et al. [9] for the assessment of
alpine hazards. Therefore, based on the hydrological and hydraulic
modeling results, four methods were implemented to estimate physical
vulnerability to flooding: i) Vulnerability Based on Flow Velocity and
Curve Number (VFVCN); ii) Vulnerability Based on Soil Water Storage
Variation (VVHu), both proposed by Hernandez-Atencia et al. [6]; iii)
Vulnerability and Mapping of Floods Based on Land-Use Patterns
(MFLUP) [13]; and Vulnerability in Land-Use Change Scenarios
(VLUCS) based on morpho-edaphological attributes constructed by
Caldas et al. [12].

Therefore, Table 2 presents a description of the implemented
methodologies, where the term Vj; corresponds to the physical vulner-
ability of structure i, located in cross-section j of the channel, exposed to
flooding. Furthermore, in this study, the physical vulnerability levels of
structures in each method were determined based on water depth using
the total height of the exposed structure. Thus, a low level of physical
vulnerability indicates a water depth of less than 33 % of the height of
the exposed structure, while medium vulnerability occurs when water
depth ranges from 33 to 66 % of the height of the structure, and a water
depth greater than 66 % determines a high level of vulnerability.

2.5. Cross-impact matrix multiplication applied to classification
(MICMAC)

To analyze the influence and dependence of the factors selected in
this study on the physical vulnerability of structures exposed to flooding,
the MICMAC (for its French acronym) structural analysis [82] was
implemented. The method allowed identifying key factors that drive the
system [83], based on the matrix multiplication properties; the analysis
results classify the factors into four categories: autonomous, linkage,
dependent, and independent factors [84]. In this study, six experts
participated in the process without communicating with one another,
thereby reducing bias during the evaluation. The group included uni-
versity professors and government officials involved in disaster risk
management, familiar with flood analysis in mountain basins. The
MICMAC software was used to process the ratings [85], facilitating the
response analysis. Therefore, expert judgment defined the degree of
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influence that a factor has on other factors; that is, 169 pairs of pairwise
factors were described in a structural analysis matrix called the direct
influence matrix. In this sense, a value of 0 means no influence between
factors; values of 1 and 2 represent weak and moderate influence,
respectively; and a value of 3 means a strong influence [49]. Therefore, a
MICMAC structural analysis was conducted to identify the most
important factors related to physical vulnerability in structures exposed
to flooding, similar to that carried out by Ariyani et al. [24] and Sharma
and Sharma [25].

Ratings made using expert judgment involve a subjective comparison
process. Therefore, the uncertainty of the Direct Influence Matrix (DIM)
(Table 4) was evaluated, where non-diagonal elements were treated as
random variables bounded by their minimum, maximum, and most
probable values. Each DIM rating was approximated by using the beta-
PERT distribution via pseudo-random number generation in Python,
yielding 100,000 samples to model expert judgment through Monte
Carlo simulations [86]. This approach has been used in risk analysis
studies due to its accuracy in estimating the most probable values (e.g.,

[87D.
2.6. Principal components analysis (PCA)

A principal components analysis (PCA) allows to reduce the dimen-
sionality between intercorrelated numerical variables [55], and applies
an orthogonal transformation to convert a data set into uncorrelated
variables called principal components [88], where the eigenvalues are
the explained variance, and the highest weighted components of the
data set can be identified [73]. In that sense, a PCA approach with 12 of
the factors described in section 2.2. (excluding the categorical variable
material type because it cannot be transformed into an equivalent
numeric value by this method) and each method for estimating physical
vulnerability in structures was performed to identify the most significant
variable in the processes of physical vulnerability in structures exposed
to floods, similar to the approach taken by Langlois et al. [71] and
Narendra et al. [55]. However, it should be noted that the method has
limitations, as it assumes linear relationships between variables [65],
whereas hydrological processes exhibit nonlinear behavior [89].

2.7. Categorical principal components analysis (CATPCA)

Categorical variables that define levels of physical vulnerability were
included in the analysis, so it was necessary to use categorical principal
components analysis (CATPCA), which reduces the dimensionality of
intercorrelated categorical and numerical variables. This method is the
nonlinear equivalent of a conventional PCA and reduces observed var-
iables to uncorrelated principal components [90]. That is, it does not
assume linear relationships between categorical and numerical data in a
normalized data set [26]. In that sense, a CATPCA approach with the 13
factors described in section 2.2, and each of the methods to estimate the
physical vulnerability in structures, was carried out to identify the most
significant variable in the processes of physical vulnerability in struc-
tures exposed to floods, similar to that reported by Martins and Nunes
[26]. The PCA and CATPCA were performed in the program IBM SPSS
Statistics for Windows, Version 25.0.

2.8. Validation of influential factors

To contrast the results of the influence analysis obtained using
MICMAC, PCA, and CATPCA, influential factors were defined as those
with the four highest positive driver values and the lowest dependence
in the case of MICMAC [84]. Results from PCA and CATPCA were
analyzed using a vulnerability correlation matrix, and the factors with
the four highest positive and negative correlations were selected as
influential. That is, correlations (r) with values r > 0 are directly pro-
portional; r < 0 is inversely proportional; r = 0 indicates that the var-
iable is independent [91]. Therefore, in this study, PCA results with
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Fig. 3. Process applied to identify key factors in the evaluation of the physical vulnerability of structures exposed to flooding.
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Fig. 4. a) Hydrological model calibration/validation; b) Sediment submodel calibration; and ¢) Hydraulic model calibration.

correlations of r > 0.50 and r < —0.50 are considered as driving vari-
ables or key factors, and for CATPCA, correlations of r > 0.255 and r <
—0.25. Furthermore, given this analysis of the findings is presented in a
hybrid framework integrating structural analysis (MICMAC) with data
dimensionality reduction techniques such as PCA and CATPCA, a
quantitative assessment of convergence or divergence is required,
highlighting a gap in the literature due to the lack of a standardized
protocol for statistically comparing the results of expert-based and data-
based models. Therefore, we performed a comprehensive derivation of
Spearman's Rank Correlation Coefficient (p) [92] to establish compari-
sons using metrics among the three methods used in this study. To this
end, the convergence levels (R) reported by Caruso and Clieff [93] were
used, where: Very strong Ry,s = {p € R|0.80 < |p| < 1.0}, Strong R; =
{p € R|0.60 < |p| < 0.79 }, Moderate R,, = {p € R|0.40 < |p| <0.59},
Weak Ry, = {pcR|0.20<[p|<0.39}, Very weak R, =

{p € R|0.00 < |p| < 0.19 }, where p-values <0.05 were considered sta-
tistically significant. This scale has been successfully applied in flood
studies (e.g., [94]).

Finally, Fig. 3 summarizes the methodological process applied in this
study.

3. Results
3.1. Hydrologic and hydraulic modeling of the system

During the hydrological model calibration process, the Nash-
Sutcliffe index values were 0.61 for calibration and 0.56 for valida-
tion, corresponding to the years 2017 and 1991, respectively. The hy-
draulic model also obtained a PBIAS of 11.0 % (Fig. 4). Therefore, since
the implemented models are mostly physically based and adequately
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Fig. 5. Annual maxima in LUC scenarios.

Table 3
Land use/cover changes during the 1976-2022 period.

Land use /cover  Land-use change per year (km?)

1976 1987 1991 2000 2007 2017 2022

Forest 73.7 136.4 138.4 100.9  201.4 172.4 170.4
Crops 162.5 60.3 32.5 8.7 27.7 55.4 45.4
Grassland 18.6 32.8 90.6 150.6 27.4 24.3 37.1
Impervious 18.2 43.4 11.4 12.8 16.5 20.9 20.1
H, (mm) 63.7 88.0 86.5 86.5 86.5 86.5 66.3
CN 58.2 57.9 57.4 58.3 49.3 40.4 37.6
Qmax (m®/s) 49.5 68.5 66.4 69.6 56.8 52.6 47.4

describe water behavior in the catchment, their results were useful for
analyzing the influence and interaction of the 13 factors selected in this
study in the assessment of the physical vulnerability of structures
exposed to flooding.

From the hydrological modeling, the annual maximums corre-
sponding to the land-use change maps of the years 1976, 1987, 1991,
2000, 2007, 2017, and 2022 were obtained. During the 1987-1991-
2000 period, areas with grassland cover increased, also increasing
maximum flows. Notably, 1976 had the smallest forest area and the
lowest soil water storage during the entire modeled period. In contrast,
during the 2007-2017-2022 period, an increase in forest areas was
recorded, along with decreases in grassland areas and in the CN from
49.3 to 37.6, which led to reduced runoff and maximum flows in the
river (Figs. 1 and 5, Table 3). This confirms that the trend towards basin
impermeability from deforestation or urbanization contributes to
increased peak flows by reducing infiltration [95]. Thus, the transition
from grassland to forest contributes to the attenuation of peak flows and
reduces the risk of flooding [96].

3.2. Change in physical vulnerability due to LUC during 1976-2022

Since alterations in infiltration in watersheds influence runoff gen-
eration in LUC scenarios [95], the resulting water depth in a cross-
section interacts with stream structures, determining their level of
vulnerability. Therefore, the physical vulnerability of structures exposed
to flooding was evaluated using four conceptualizations (Table 2).
Changes in the level of vulnerability were found in structures such as
bridges and retaining walls, as presented in Fig. 6, where MFLUP pre-
sents high levels of physical vulnerability in the lower part of the

analyzed river reach (sections S#52B-S#15B) during 2017, represented
in red, even though during the 2007-2022 period the largest forest area,
the highest soil water storage capacity (H,), and the lowest runoff
generation were recorded, corresponding to low CN values (Table 3 and
Fig. 5). Subsequently, VLUCS defines high vulnerability in 2017 for
structures located between S#52B and S#15B (Fig. 6), when the largest
forest area is found. The lowest peak flows were obtained through hy-
drological modeling (Figs. 5 and 6), indicating a poor representation of
vulnerability based on land-use changes. However, VLUCS successfully
represents the transition from high to medium physical vulnerability,
depicted in yellow for the same river reach in 2007 and 2022, consistent
with the increase in forest and crop cover (Table 3).

On the other hand, the physical vulnerability levels of structures
obtained with VFVCN provide a better approximation of changes in the
CN during the modeled years. However, between S#120B-S#119B and
S#52B-S#42B, low vulnerability levels (in green) are present in the
2000 scenario, where the highest peak flow in the modeled series occurs
(69.6 m%/s). High physical vulnerability is observed in the 2017-2022
period across the same river reaches, despite the lowest peak flows of
52.6 and 47.4 m®/s, respectively (Fig. 5 and Table 3).

Finally, VVHu represents physical vulnerability consistently in land-
use change scenarios compared to the other methods. In this sense, be-
tween S#42B and S#15B, a transition from medium physical vulnera-
bility in 2017 to high in 2022 is observed (Fig. 6), when crop areas
decrease by 20 % and grassland areas increase by 35 % in the middle and
lower part of the basin (Fig. 1 and Table 3), influencing the increase in
flow velocity in the channel, which incorporates the equation that de-
scribes the method (Table 2).

3.3. MICMAC analysis of direct and indirect interactions

From the direct influence matrix generated through expert judgment
[48] (Table 4), the influence of the first factor (1Q list of rows) is
observed over the second factor (2Px list of columns) with a value of zero
(0), which indicates the absence of influence. Therefore, values of 1 and
2 indicate weak and moderate influence, respectively, while 3 indicates
strong influence. Likewise, the indirect influence matrix (Table 5) cor-
responds to the fifth power of the influence matrix, where the hierarchy
of dependence and influence was stabilized, as proposed by Godet [84].

According to Godet [84], the factors were classified based on their
influence and dependence. Thus, the analyzed factors were placed in
four quadrants: i) in the upper left quadrant are the independent factors
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Table 4
Direct Influence Matrix (MDI).
Factor 1Q 2Px 3CN 4H, SPe 6A 7H 8V 9T 108 11MT 12Hest 13P Driver Power
1Q 0 2 0 0 3 3 2 3 2 1 2 3 0 21
2Px 0 0 0 0 2 2 2 2 2 1 3 3 0 17
3CN 3 1 0 0 2 2 3 2 2 1 2 2 0 20
4H, 3 1 2 0 1 3 3 3 2 0 1 2 0 21
SPe 0 1 0 0 0 1 1 1 2 2 3 1 0 12
6A 0 3 1 0 2 0 3 2 2 1 2 3 0 19
7H 0 3 1 0 3 3 0 3 3 1 3 3 0 23
8V 0 3 0 0 3 3 2 0 3 2 3 2 0 21
or 0 3 0 0 3 2 0 0 0 1 3 1 0 13
108 0 1 0 0 2 2 3 3 2 0 2 2 2 19
11MT 0 3 0 0 0 0 0 0 0 0 0 3 0 6
12Hest 0 0 0 0 0 3 0 0 0 0 3 0 0 6
13P 3 1 0 0 2 1 2 1 1 1 2 1 0 15
Dependence Power 9 22 4 0 23 25 21 20 21 11 29 26 2

Q: Discharge, Px: Structure proximity to water stream, CN: Curve number, H,;: Soil water storage in the root zone, Pe: Potential erotion, A: Flood area, H: Flood depth, V:
Flow velocity, T: Shear stress, S: Riverbed, MT: Material type, Hest: Structure Height, and P: Precipitation.

with high influence and low dependence or driving factors; ii) in the
upper right quadrant are the linkage factors with high influence and
high dependence or linkage factors; iii) in the lower right quadrant are
the variables called dependent factors with low influence and high
dependence; and iv) in the lower left quadrant are the independent

factors with low influence and low dependence. Likewise, the variables
that are moderately motor, dependent, or both, are located in the gray
zone, for which there is no analyzable result. In this sense, the results
obtained with MICMAC indicated that the key factors or driving factors
in the physical vulnerability of structures exposed to floods were: soil
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Material type, Hest: Structure Height, and P: Precipitation.
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Fig. 7. Influence-dependence relationship of physical vulnerability factors in
structures exposed to flooding conditions.

water storage in the root zone (Hy), curve number (CN), discharge (Q),
and riverbed (S). The following linkage factors were then obtained: flow
velocity (V), flood depth (H), and flood area (A). Finally, the dependent
factors were material type (MT), structure height (Hest), potential
erosion (Pe), and shear stress (T) (Fig. 7).

From a Bayesian perspective, expert judgment introduces subjec-
tivity because their ratings correspond to prior distributions. Therefore,
a calibration was performed in which 100,000 DIMs were generated
using a Monte Carlo simulation. This revealed an overestimation in the
experts' ratings (Fig. 8) that was not apparent in the initial analysis
(Fig. 7), thus highlighting the importance of considering this subprocess.
In this regard, the consistency of the pairwise evaluation was deter-
mined using the consistency ratio (CR). This is CR = CI/RI; where the
random index RI depends on the size of the pairwise comparison matrix
and was 1.8749, and a value of 0.0729 was obtained for the consistency
index calculated as CI = (A, —n)/(n— 1), where A, is the eigenvalue
obtained from the sum of products between each element of the vector of
eigenvalues and the sum of the column of the direct influence matrix,
which has a size of n = 13 (Tables 4 and 5). Thus, the results are
considered valid when CR < 0.1 [97]. In this study, CR = 0.0467 was
obtained, and therefore MICMAC results are highly consistent with the
Driver and Dependence value vectors obtained through the Monte Carlo
simulation, and the variations were marginal (Fig. 8).

3.4. Correlation analysis with PCA

In this study, four physical vulnerability methods were implemented
to analyze 22 structures exposed to flooding: VFVCN, VVHu, MFLUP,
and VLUCS. Dimensionality reduction was performed by selecting the
first two principal components (PC1 and PC2) using PCA [50]. In Fig. 9a,
the first component is highly correlated with curve number (CN),
VFVCN, and discharge (Q), and the second component is strongly
correlated with flood extension (A), flow velocity (V), and flood depth
(H). For Fig. 9b, PCl1 is strongly correlated with VVHU, discharge (Q),
and curve number (CN), and PC2 is highly correlated with flood
extension (A) and flood depth (H). Similarly, in Fig. 9c, PC1 is mainly
correlated with flood velocity (V) and flood extension (A), and PC2 is
mainly correlated with curve number (CN) and discharge (Q). Finally,
Fig. 9d shows that PC1 is correlated with curve number (CN) and
VLUCS, and PC2 is correlated with flow velocity (V) and flood extension
(A).
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a) Driver Power Sensitivity

b) Dependence Power Sensitivity
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c) Consistency Ratio (CR)
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Fig. 8. Evaluation of expert judgment uncertainty using a Monte Carlo simulation. a) Driver values; b) Dependency values; ¢) Consistency ratio histogram.
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Fig. 9. Principal Components Analysis for vulnerability factors according to the following methods: (a) VFVCN; (b) VVHu; (c) MFLUP; (d) VLUCS.
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Fig. 10. Retaining Walls PCA for vulnerability methods and factors: (a) VFVCN; (b) VVHu; (¢) MFLUP; (d) VLUCS.

The correlations results between the vulnerability methods and
factors selected in this study indicated that VFVCN had a positive cor-
relation with values ranging from 0.67 to 0.78 for the following factors:
discharge (Q), curve number (CN), and flow velocity (V), indicating that
physical vulnerability increases with increasing magnitude of these
factors (Fig. 9a). Similarly, the VVHu method showed a positive corre-
lation with flow velocity (V), discharge (Q), and curve number (CN),
with values ranging from 0.56 to 0.62 (Fig. 9b). In turn, MFLUP has a
positive correlation with structure height (Hest) with a value of 0.41,
that is, the vulnerability according to this method increases when the
structure is submerged by water, or is close to being so (Fig. 9¢). Finally,
VLUCS had a positive correlation of 0.77 with curve number (CN), that
is, the vulnerability increases when the soil cover increases its imper-
meability (Fig. 9d).

Furthermore, the VFVCN, VVHu, and VLUCS methods exhibited the
strongest negative correlation with soil water storage in the root zone
(H,) factor with values of —0.42, —0.62, and — 0.61, respectively, and a
positive relationship with curve number of 0.70, 0.63, and 0.78,
respectively. That is, physical vulnerability decreases as soil storage and
infiltration capacity increase. In addition the analysis was performed
considering the type of structure, which were 9 retaining walls, and 13

12

bridges (Fig. 10 and Fig. 11, respectively), finding that the vulnerability
in retaining walls presents a positive correlation with discharge (Q), and
curve number (CN), and a negative relationship with soil water storage
in the root zone (H,,), according to the results obtained with the VFVCN
(Fig. 10a) and VVHu (Fig. 10b) methods. In this sense, correlations with
MFLUP were not very significant (Fig. 7c), while with VLUCS, a positive
correlation was identified with curve number (CN), and a negative one
was registered with soil water storage in the root zone (H,) (Fig. 10d).
Likewise, vulnerability in bridges showed a positive correlation with
flow velocity (V), discharge (Q), and curve number (CN), according to
the results obtained with VFVCN (Fig. 11a) and VVHu (Fig. 11b). Results
obtained with MFLUP showed a positive correlation with shear stress (T)
and proximity (Px) (Fig. 11c), while physical vulnerability obtained
with VLUCS had a positive correlation with discharge (Q) and curve
number (CN) (Fig. 11d).

3.5. Correlation analysis with CATPCA

For this analysis, the physical vulnerability values obtained using
each of the methods described in section 2.4 were reclassified into three
categorical variables: low, medium, and high. Dimensionality reduction
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Fig. 11. Bridges PCA for vulnerability methods and factors: (a) VFVCN; (b) VVHu; (¢) MFLUP; (d) VLUCS.

with numerical and categorical factors was performed by selecting the
first two principal components (PC1 and PC2) using CATPCA [26]. In
Fig. 12a, the first component is highly correlated with flood extension
(A), flow velocity (V), and flood depth (H), and the second component is
strongly correlated with curve number (CN) and discharge (Q). For
Fig. 10b, PC1 is strongly correlated with flood extension (A) and flood
depth (H), and PC2 is highly correlated with discharge (Q) and curve
number (CN). Likewise, in Fig. 12¢c, PC1 is mainly correlated with flood
extension (A), flood depth (H), and flow velocity (V), and PC2 is mostly
correlated with discharge (Q) and potential erosion (Ep). Finally,
Fig. 12d shows that PC1 is correlated with flood extension (A), flood
velocity (V), and flood depth (H), and PC2 is correlated with curve
number (CN) and discharge (Q). On the other hand, the material type
(MT) factor showed low component loading for PC1 and PC2 and weak
correlation among vulnerability methods (Fig. 12). The correlation re-
sults between the vulnerability methods and factors selected in this
study revealed that, for the VFVCN method, high vulnerability corre-
lates with flow velocity (V), discharge (Q), and curve number (CN). Low
vulnerability was positively related to soil water storage in the root zone
(H,). That is, low vulnerability is associated with high static storage and
infiltration capacity (Fig. 10a). The same is true for physical
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vulnerability obtained with VVHu (Fig. 12b).

Results obtained with MFLUP allowed identifying a relationship
between high physical vulnerability and discharge (Q), while low
vulnerability presented a negative correlation with proximity (Px).
Therefore, shorter distances between the structure and the water table
are associated with greater physical vulnerability of the exposed struc-
tures (Fig. 12c¢).

Finally, the vulnerability assessed with VLUCS showed a positive
relationship between curve number (CN) and discharge (Q) with high
vulnerability. In contrast, a low vulnerability was related to soil water
storage in the root zone (H,) (Fig. 12d). Likewise, depending on the type
of structure, high vulnerability in retaining walls was mainly related to
discharge, according to the results obtained with VFVCN (Fig. 13a),
VVHu (Fig. 13b), and MFLUP (Fig. 13c). Furthermore, the curve number
(CN) was a relevant factor when vulnerability was assessed with VLUCS
(Fig. 13d).

At the same time, low vulnerability was positively related to soil
water storage in the root zone, according to results obtained with
VFVCN (Fig. 13a), VVHu (Fig. 13b), and VLUCS (Fig. 13d). In turn, a
positive correlation was found between high vulnerability in bridges,
mainly with the curve number (CN) variable, according to the VFVCN
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Fig. 12. CATPCA for vulnerability methods and factors: (a) VFVCN; (b) VVHu; (c) MFLUP; (d) VLUCS.

(Fig. 14a), VVHu (Fig. 14b), and VLUCS (Fig. 14d) methods. In this
study, no bridge obtained a high vulnerability when evaluated with
MFLUP (Fig. 14c). Thus, low vulnerability in bridges was related to the
soil water storage in the root zone variable, when estimated with the
VEVCN (Fig. 14a), VVHu (Fig. 14b), and VLUCS (Fig. 14d) methods. At
the same time, with MFLUP, this relationship was registered with the
material type (Fig. 14c).

3.6. Comparative synthesis through spearman's rank correlation

Results obtained with MICMAC are based on influence scores or
expert intuition, while PCA and CATPCA produce component loadings
through statistical analysis, which involves analyzing non-commutative
values on different scales. However, it was possible to convert the results
into ordinal ranges using Spearman's rank correlation coefficient (p)
analysis to determine the level of monotony between the methods used
to identify key factors. Based on the results reported in Table 6, the
values of p were estimated in pairs: i) for MICMAC vs. PCA (Structural
analysis vs. Linear variance) was p = 0.599, and the p-value was 0.031;
ii) MICMAC vs. CATPCA (Structural analysis vs. Non-linear variance) p
= 0.604 with a p-value of 0.029, and iii) PCA vs. CATPCA (Linear vs.
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Non-linear data structure) comparison was p = 0.764 and p = 0.002.
This indicates moderate convergence among the key factors obtained
with MICMAC in comparison with PCA, and CATPCA, while strong
convergence was identified between PCA and CATPCA, where p-values
<0.05 were considered statistically significant. This statistical conver-
gence validates the selection of the key factors 4H,, 3CN, 1Q, and 8V
(Table 6) identified between PCA and CATPCA, indicating that they
correspond to statistically robust variables, such the MICMAC confirms
these variables causally through expert evaluation, even though the
driver values show low variance compared to the dataset used for the
PCA.

4. Discussion

Table 6 contains the summary of the main results obtained through
MICMAC, PCA, and CATPCA. Further, the four variables identified as
most influential in the expert judgment align closely with the results
obtained with PCA and CATPCA. Based on the above, the most relevant
factors associated with the physical vulnerability of structures exposed
to flooding were soil water storage in the root zone, curve number,
discharge and flow velocity, all of which are highly related to
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Fig. 13. Retaining Walls CATPCA for vulnerability methods and factors: (a) VFVCN; (b) VVHu; (c¢) MFLUP; (d) VLUCS.

precipitation. In this sense, soil water storage in the root zone reflects a
characteristic of the hydraulic properties of the soil; the curve number
represents the permeability characteristics of the soil cover; and
discharge and flow velocity represent the drainage network or the
evacuation of surface runoff. Thus, according to the MICMAC results,
these factors showed less dependence and greater influence, and
therefore, the highest magnitude of the drive values classify them as
driving factors. In turn, although the flood depth factor has a drive value
of 0.811, it shows a positive dependence and is not considered a key
factor (Fig. 7); it is represented in green shading in Table 6. In turn,
based on the correlation values obtained from the PCA for each factor in
the correlation matrix, it can be observed that the physical vulnerability
of structures exposed to flooding is positively correlated with the
discharge and curve number factors. Likewise, the correlation matrix
indicates that the factors soil water storage in the root zone, curve
number, discharge, and flow velocity show correlations of r > 0.5 and r
< —0.5, and therefore, are considered key factors in the evaluation of the
physical vulnerability of structures exposed to flooding with the VFVCN,
VVHu, and VLUCS methods. In contrast, the correlations obtained with
the MFLUP method are inconclusive. This is probably because its
formulation focuses primarily on the geometry of the exposed structures
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and does not include variables associated with land-use change. More-
over, results obtained with CATPCA were considered to be correlations
with r > 0.25 or r < —0.25, and a coincidence was found between the
results obtained with MICMAC and PCA. So, the high physical vulner-
ability of structures exposed to flooding is usually associated with high
curve number and discharge values, while low physical vulnerability
tends to be associated with increased soil infiltration capacity. This
result is consistent with that reported by Nkeki et al. [59], who found
that factors such as land use, runoff, and soil type exacerbate flood
hazards by influencing soil infiltration capacity, thereby altering the rate
of water infiltration into the soil and increasing surface runoff. Similarly,
Narendra et al. [55] reported that geomorphometric variables, soil
permeability, and infiltration capacity are inversely related to runoff
production and the capacity to generate floods in watersheds. According
to the expert judgment analysis using MICMAC, coincidences in the
determination of those factors were identified with a high index of
motricity in vulnerability. Thus, vulnerability calculated with VFVCN
and VVHu showed a significant positive relationship with the velocity
factor, consistent with that reported by Deschamps et al. [98], who
found that a group of experts ranked flow velocity as the second most
influential factor in flood damage. It has also been reported that flood
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Fig. 14. Bridges CATPCA for vulnerability methods and factors: (a) VFVCN; (b) VVHu; (c) MFLUP; (d) VLUCS.

depth is the factor that contributes most to the degree of loss due to
flooding [36] and the second factor contributing most to determining
the flood hazard level [54].

On the other hand, the vulnerability correlation matrix values ob-
tained with the MFLUP method did not obtain conclusive correlations in
this analysis that would allow finding coincidence of key factors deter-
mined with MICMAC, PCA and CATPCA (Table 6), which can be
attributed to the fact that the variables that define the method focus on
the geometry of structures, their proximity to the stream and do not
incorporate processes related to land use or its hydraulic properties.

Studies on flood drivers and vulnerability in mountain basins classify
exposure and susceptibility of structures as key factors (e.g., [99]).
However, in this study, land use change, infiltration capacity, and soil
hydraulic properties have been evaluated as determining factors, given
their high influence on runoff generation, as reported by Hyder Soomro
et al. [50], Gebremichael et al. [100] and Xu et al. [101], as well as flow
velocity and discharge due to their interaction with structures. This
contrasts with studies conducted in urban areas, which emphasize fac-
tors such as rainfall and the physical characteristics of structures [10],
such as height and building location, design specifications, surrounding
vegetation cover [102], and water table depth [103].

Finally, research reports that land-use change can increase or
attenuate peak flows as a non-structural measure to address the effects of
flooding (e.g., [104,105]). Likewise, vegetation cover distribution is
crucial for soil water retention, flood formation [30,106], and the
aggravation of flood hazard [107,108]. Afforestation, in particular,
contributes to reducing flood risk and brings ecological and socioeco-
nomic benefits to mountain watersheds, thus aligning with the concept
of nature-based solutions [18]. This can be integrated with land-use
planning and policies to improve the resilience of structures exposed
to flooding [109]. The results of this study indicate a high degree of
influence of soil water infiltration and storage capacity on the physical
vulnerability of structures exposed to flooding. This is consistent with
the findings of Lopez and Francés [110] and Visessri and Ekkawatpanit
[111] in their assessments of the effects of LUC and climate change on
hydrological systems. Therefore, the key factors identified in this study
may be useful for land-use planning and the implementation of non-
structural flood-control measures.

5. Limitations and scope

The proposed methodology was designed to identify key factors for
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Table 6
Results obtained from MICMAC, PCA, and CATPCA.
MIC MAC Results Vulnerabigslzﬁ'ejsrgon Matrix Vulnera?);?ifyPgtﬁ'zf:rig; Matrix
51
Variable Description § E _E 2 6 ) § 2 6 5] %
3 > >
aH, f(‘)’[il'ew‘“e‘ SR st 1.375 1368 [-0.622 -0418 -0.609 -0.090 [-0.252 -0.333 0509 -0.118
3CN  Curve number 0.857 -1.115 0627 0704 0780 0046 | 0.034 0539 -0721 0.013
7H  Flood depth 0.811 0.058 0053 -0.070 0432 0073 [-0215 -0.185 -0.416 0.041
19 Discharge 0.704 -1.280 0615 0672 0244 -0231 | 0.061 0434 -0.315  0.288
8V Flow velocity 0.550 -0.001 0559 0777 -0059 -0.091 | 0290 0618 0026 0346
10S  Riverbed 0.529 -0.327 0064 0175 -0.133 0167 | 0006 0.144 0121 -0325
64  Flood area 0388 0.717 0011 -0203 0410 0291 [-0300 -0312 -0402 -0352
13P  Precipitation 0.013 -1.216 0.180 -0.071 -0202 -0.076 | 0.168 -0264 0212  0.032
2Px  Proximity -0.137 0.945 0064 -0.108 -0.045 0228 |-0.019 -0.026 0.060 -0.670
5Ep  Erosion -0.773 0.469 0267 0429 0266 -0.166 |-0.177 0389 -0.349  0.282
9T Shear stress -0.778 0.345 0.195 0421 -0.181 -0.221 | 0205 0.400  0.144  0.087
12Hest  Structure height -1.724 1.195 0222 -0.133 -0.078 0414 |-0.078 -0.087 0.063  -0.400
11TM  Material type -1.815 1.577 0.164 0109 0008  0.081

The key factors identified by each method are highlighted in green.

assessing the physical vulnerability of structures exposed to flooding at
the basin scale in non-urban areas under changing land-use scenarios.
Therefore, the vulnerability of structures such as bridges and retaining
walls located along the analyzed river reach was analyzed. These
structures serve to protect and stabilize road infrastructure, human
settlements in riparian zones, drinking water supply structures, and
agricultural areas. This is aligned with the goals established in the
Framework for Disaster Risk Reduction 2015-2030 [37].

In this sense, the availability of information may limit the imple-
mentation of the proposed methodology. Therefore, identifying key
factors in assessing physical vulnerability can be highly valuable, as it
helps prioritize resources for flood studies in areas with limited infor-
mation and resources.

In this context, the reported results correspond to the analysis con-
ducted in the Combeima River basin, located in the Andes mountain
range in Colombia, where system modeling was conducted using
hydroclimatological series and land use maps, allowing for the analysis
of the hydrological cycle in the study area over a 53-year period with
daily temporal resolution and a grid resolution of 90 x 90 m. The hy-
draulic model described the channel geometry using 150 cross sections
measured along the analyzed river reach. In this sense, the availability of
information may limit the implementation of the proposed methodol-
ogy. Thus, identifying key factors in assessing physical vulnerability can
be invaluable, as it can help prioritize resources for flood studies in areas
with limited information and resources [112]. Therefore, the proposed
methodology could be implemented under equivalent morphological
and climatological conditions. In this sense, other researchers are
encouraged to conduct similar studies in watersheds with diverse relief
and latitude, which could lead to the establishment of criteria for the
broad transferability of the methodology. Likewise, research evaluating
the contributions of runoff in shaping land-use and climate change en-
vironments is necessary to establish structures that protect people and
their livelihoods, contributing to community resilience.

According to Rangasamy and Yang [34], stakeholder representation
imbalance might not fully represent the phenomenon; likewise,
MICMAC analyses are based on perceptions and interpretations that may
have inherent constraints in capturing the complexity of factor in-
teractions. Therefore, in this study, the combined application of
MICMAC, PCA, and CATPCA offers a complementary approach to
analyzing results across different dimensions, which can complicate
their statistical comparison. In this sense, the need to develop research

17

aimed at establishing the convergence or divergence between statistical
and subjective methods is identified.

Finally, discharge and flow velocity have been widely used in the
design of early warning systems for floods. Thus, this study identified a
strong influence of variables related to land-use change, which could be
relevant for the design of prediction and early warning systems that
involve monitoring soil moisture and water storage at the watershed
scale.

6. Conclusions

In this study, through distributed hydrological and hydraulic
modeling and the implementation of MICMAC, APC, and CATPCA, it
was possible to identify the most influential factors affecting the phys-
ical vulnerability of structures exposed to flooding along the Combeima
River. The results demonstrated that soil water storage in the root zone
and curve number are the crucial factors that determine the level of
physical vulnerability to flooding in the analyzed structures. A high
infiltration capacity in the root zone is associated with low levels of
physical vulnerability of structures exposed to flooding, whereas soil
cover configurations with greater impermeability tend to produce high
levels of vulnerability in the analyzed structures. Likewise, the MICMAC
analysis showed that factors such as discharge, riverbed, flood depth,
and flow velocity have a high motricity index, leading to higher levels of
physical vulnerability of structures. Similarly, results from PCA and
CATPCA indicate that the flow velocity factor shows a strong positive
correlation with the physical vulnerability of structures exposed to
flooding.

This study combined expert judgment with multivariate statistical
analysis, finding moderate to strong convergence between methods.
This approach facilitated the identification of key factors that determine
the level of physical vulnerability of structures exposed to flooding,
which can be useful for planning and flood risk management. Therefore,
the complementarity identified between methods reinforces the need to
implement the hybrid approach proposed in this study. In this case, PCA
and CATPCA evaluated the central characteristics of the data structure
to identify the variance of nonlinear processes, while their causes can be
incorporated using MICMAC.
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