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Abstract: How just are risk responses that worsen vulnerability in the long term? Should the urban
poor be left with self‑reliance when facing hazards in the Anthropocene? This research investigates
urban development and vulnerability in the Anthropocene. While it is known that informal settle‑
ments face greater hazards than most urbanized areas, there are different landscapes of risk. The
analysis explores divergent risk‑response strategies among households according to their residents’
risk perception and response capacity in two different landscapes of an urban delta using logit re‑
gression models. These models evaluate the associations between 14 response options to floods and
control for factors of income, age, number of residents in the household, location, access to vehicles,
and self‑identified ethnicity. This study uses data from the Living with Floods Survey by the World
Bank to investigate risk responses to the 2015 flood in the Jacuí River delta. The analysis considers
a large sample of households (n = 1451) in informal settlements. The results show the intense influ‑
ence of income on location choice and response capacity. We also found that income is a more robust
social descriptor of response capacity than age or ethnicity. Risk perception proved limited in deter‑
mining response strategies and can be associated with resignation to losses from floods. We argue
that these results suggest trade‑offs between short‑ and long‑term responses to hazards in informal
settlements in coastal and delta regions, which link adaptive behavior to environmental justice.

Keywords: risk response; flooding; informal settlements

1. Introduction
Responses to risk events often require decisions under conditions of high uncertainty.

Responses are limited by the capacity to understand risks, assess potential damages, and
implement adaptation or coping strategies to prevent losses. Urban poor communities fre‑
quently face difficult decisions during these crises, such as relocating to avoid harm, creat‑
ing potential opportunities for theft in vacated households, or failing to prevent losses of
immovable assets (e.g., their houses) located in risk‑prone areas. The increasingmagnitude
of hazard events, the limited support capacity from authorities, and failures in distributing
support provision (e.g., duringHurricaneKatrina, mostly Black poorwere left unattended)
raise questions of fairness in pushing the urban poor toward self‑reliance during environ‑
mental crises, such as coastal or riverine floods [1]. They also present trade‑offs between
responding to short‑term weather shocks and adapting to long‑term climate change [2].
These issues demonstrate a research gap in the poverty–vulnerability traps fostered by un‑
equal development. To address this gap, this research seeks to unravel some of the connec‑
tions between vulnerability [3–5] and urban development [6,7] in the Anthropocene [8,9].

The concept of the Anthropocene helps bring to the foreground the degree to which
human transformations have altered natural systems on a global scale [10]. It is telling that
these changes ushered in a series of impacts that are significantly detrimental to cities, such
as rising sea levels and increased frequency of extreme weather events, demonstrating the
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face of the climate crisis [11]. Cities are a nexus of multiple problems in the climate crisis.
On the one hand, urban areas are responsible for most energy consumption and global
CO2 emissions (ca. 70%). On the other hand, urban areas are also dangerously exposed to
sea‑level rise and coastal storms [12]. This paper explores the potential losses and damages
for coastal and deltaic cities in the Anthropocene, their connections to environmental jus‑
tice [13,14], and risk–risk trade‑offs (i.e., when there are no risk‑safe choices available) [15].
It does so by analyzing flood hazard responses in the delta region of the Jacuí River in
Porto Alegre (Brazil). We present this case as an example of the combination of exposure
and low coping capacity that is present in many urban deltas globally, but more acutely
so in the Global South [16–18]. We analyze flood responses to understand the role of risk
information and response capacity based on a large sample of households in informal set‑
tlements of the delta (n = 1451). Our findings show that structural inequality is the most
significant risk differentiator, notably through spatial location and response capacity.

1.1. Urban Development and Compound Effects of Hazards
Global urban growth is marked by unequal patterns of development that lead to dif‑

ferential levels of vulnerability to the impacts of climate change [19]. While cities in de‑
veloped countries have some measures of risk‑management policies and infrastructure
in place, many cities in the Global South lack financial resources or coordination for cli‑
mate adaptation while facing rapid growth and unequal spatial development patterns [20].
Power asymmetries, social norms, and political relations skew infrastructure distribution
(e.g., when caste systems or political clout influence the distribution of infrastructure), re‑
sulting in the unequal provision of adaptation measures [2,21]. More urbanization does
not always result in increased vulnerability [19]; more unequal urban development does,
though. More affluent households buy access to safe locations, increasing demand and
pushing up prices which excludes the socially vulnerable to exposed areas [22].

Considering the predicted changes in rainfall and extremeweather events, highly vul‑
nerable areas in coastal or deltaic regions will be increasingly challenged [16,23]. In these
areas, increased rainfall variability, extreme weather events, and rising sea levels can pro‑
duce large‑scale damage and loss of life [24,25]. Cities in the urban deltas of developing
countries face the compounding effects of high exposure and low resistive or responsive ca‑
pacities [17,26]. Furthermore, urban development patterns in these cities often concentrate
on infrastructure and services in small upper‑class sectors, leading to increased overall vul‑
nerability.

Unequal urban development is cyclic in nature [27]. Areas with better environmental
conditions attract residential demand. This increased demand leads to investment by the
market supply sectors (e.g., real estate developers) and higher prices. Investment leads to
renewed demand, especially among affluent households, which leads to new investments,
and so forth. One of the results of these valuation cycles is the exclusion of low‑income
households from areas with good environmental quality [22]. The Latin American urban
development model [28] exemplifies this process—with preferential investment in areas
where the rich, and often powerful, are located to the detriment of the poorer segments
of the population [29]—but similar examples may be found in Africa and Southeast Asia
(e.g., Lagos and Jakarta) [4].

Public housing and risk‑prevention policies often seek to contain or mitigate the risk
distribution thus generated but are often insufficient for current or historical demand [30,
31]. These development processes effectively excludemany of the urban poor from the for‑
mal landmarket, and environmentally fragile areas become a de facto solution for housing
and access to opportunities [32,33]. This condition connects hazards to other social differen‑
tiators, such as poverty and ethnicity, since informal, low‑income settlements (ILISs) often
concentrate poor households from underprivileged ethnicities and are more vulnerable
to hazards [14,34,35]. ILISs in urban deltas combine high exposure with other aspects of
vulnerability, such as social or ethnic exclusion, low‑quality or non‑existent infrastructure,
little tenure security, and restricted access to resources and services.
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Given this setting, this paper considers the following research questions: How do
inhabitants of ILISs in delta regions respond to extreme flooding events? What are the
factors that condition these responses? This paper presents two possible perspectives, one
related to risk perception and the other based on response capacity. The following sec‑
tions explore response motivation and capacity, the risk–vulnerability relationship, and
the empirical research context.

1.2. Risk Response Motivation and Capacity
Behavioral research on risk response often assumes a centrality of risk perception [36].

Many risk models also assume a certain homogeneity of response and rationality among
risk‑prone actors [37,38]. These assumptions contradict the empirical evidence frequently
found in ILISs, where residents invest time, effort, and resources despite looming disaster
risks [39]. An argument could be made that risk is one factor considered, along with acces‑
sibility to economic opportunities, relative tenure stability, and strong social and family
ties. A similar reasoning is found in protection motivation theory (PMT), which decouples
risk appraisal from coping appraisal, highlighting the differences between acknowledging
a risk and assessing one’s own capacity to withstand it [36].

Furthermore, without the financial possibilities of buying access to land [40], the ur‑
ban poor have historically developed land occupation and acquisition methods that cir‑
cumvent formal land markets [29,30,32,41,42]. Location choice for urban families means a
risk–risk trade‑off: either accept risk to improve access to jobs and services, or seek loca‑
tions far enough to be cheap but risk social exclusion [27,43,44]. This trade‑off establishes a
contradiction around risk perception: Some families choose to expose themselves. To test
this contradiction, we propose a hypothesis aligned with behavioral risk response theory:
(H1) The higher the risk perception, the higher the probability of a response to this risk.

Finally, risk response capacity is often missing where it is most needed [45]. Tradi‑
tional approaches in risk modeling often assume that risk perception is necessary for an
adequate risk response [38], meaning that policies addressing the risk information deficit
increase resilience. Contrary to this simplicity, individual agency in hazard response is
heterogeneous, given the differences between the perceived efficacy of response against
the impacts, individual response implementation capacity, and the cost assessment be‑
tween responses and potential negative consequences from inaction [46]. These factors
are often mediated through social capital [38] or political bias at the individual, family, or
community scales [4]. Financial constraints may severely limit response capacity (e.g., not
affording transportation costs for evacuation) and increase damages and losses (e.g., when
households accumulate their investment in physical, immovable, but fragile assets) [3].
Consequently, the alternative hypothesis (H2) is that the higher the response capacity, the
higher the probability of responding to risk.

1.3. Poverty–Vulnerability Traps
Considering the families that somehow choose to settle in risk‑prone areas, careful

examination of the deciding factors may provide nuanced considerations of behavior that
is often described as reckless [47]. One critical factor is possessing some form of tenure
(e.g., from legal certificates to collective or ethnic land rights or tolerated, albeit irregular,
occupancy) [31]. Another factor is kin relations that allow access to land, supporting so‑
cial networks, and familiarity with the context [39,48]. Furthermore, the poor may depend
on access to more affluent neighborhoods for many economic activities (e.g., service sec‑
tor jobs or daily work) and opportunities for upward socioeconomic mobility (i.e., for one
family generation to ascend to a better socioeconomic condition than the previous genera‑
tions) [49,50].

The price of land is also a determinant. When urban planning enforcement has little
efficacy, risk‑prone areas enter the urban land market through informality (i.e., land sold,
ceded, or rented, despite having no official approval or certification) [31,41]. The land or
buildings available for low‑income families often present discounted prices due to low
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accessibility (e.g., settlements at the edges of urbanization in rural or natural areas), tenure
insecurity (e.g., derelict central buildings or unused peripheral plots), hazard incidence
(e.g., the flood‑prone areas frequent in deltas and coastal regions), or absence of credit for
their purchase (e.g., when tenure cannot be proved, or legislation forbids occupation). The
discounts thus obtained lower the acquisition threshold, often allowing families to access
locations that benefit from market integration and service provision [22]. However, this
accessibility is a short‑term gain, and hazard incidence or tenure insecurity may lead to
unforeseen or variable losses in the long run [23].

Evolving city risk profiles in the Anthropocene mean that risks considered unlikely
one or two generations ago are more tangible to the current inhabitants. However, sup‑
pose a low‑income family has achieved a semblance of stability in a given location, profit‑
ing from the investments of previous generations. In that case, the new, higher risk profile
presents an unfair trade‑off: assume the potential risk of significant losses in the current
location from hazards, or absorb certain, albeit limited, losses from starting anew some‑
where else. Additionally, some increased vulnerability may be attributed to the settlers in
these areas; for example, alterations to the terrain contour at the microscale that increase
the risk of flooding or mass movements. This notwithstanding, the overall risk profile has
a more significant contribution from technological interventions in other locations, such as
altering a river course and reducing floodwater retention areas in the watershed, expand‑
ing urbanization, and reducing permeability at the city or regional scale.

Ultimately, low‑income families’ location choices occur under pressure from market
and political forces, the need to access services, and the evolving risk profiles of infor‑
mal urban areas. This far‑from‑trivial decision‑making process leads many low‑income
families to settle into different risk landscapes where they face increased exposure and
decreased response capacity and resilience. Over time, repeated hazard impacts on espe‑
cially vulnerable households establish a cycle in which poverty leads to exposure, which
results in losses that increase poverty [22,23]. Cycles such as these can effectively lock spe‑
cific populations into vulnerable conditions, eliminating conditions for resilience or social
mobility. This is a complex process involving different individual and community factors
(e.g., family composition and social capital distribution) that may lead to a variety of out‑
comes, even among the poor. Scholarly research has defined similar conditions as cycles
of dispossession [21], climate gentrification [22], or vulnerability traps [4,23].

This context demonstrates the complex relationship between response capabilities
and risk perception. This research seeks to investigate whether risk perception or response
capacity is the primary driver of response. We are aware that this complexity may not be
fully explained by two simple independent and mutually exclusive arguments, as tested
in this paper. Furthermore, both statements are possibly related beyond simple contra‑
diction (i.e., the inclusion of one begets the exclusion of the other), may be determined
by similar factors, and may not exclude one another. Notwithstanding these limitations,
framing a contradiction between risk perception and response capacity allows us to con‑
trast these elements of risk response using a sizable empirical dataset. This design also lays
the groundwork for more complex research setups in future work, focusing, for example,
on the interrelationships between response capacity and risk perception.

1.4. Urban Floods in Informal Settlements: Components of Anthropogenic and Natural Hazard
Exposure in the Jacuí River Delta

This research focuses on the Jacuí River delta in southern Brazil. This region’s climate
is temperate, with no dry season and hot summers [51]. The Jacuí River flows 710 km
from the highlands in the northwest of the Rio Grande do Sul state into the Guaíba Lake,
forming a delta some 110 km from the Atlantic Ocean with marshes, swamps, inlets, and
30 islands (Figure 1). Climate change will impact the Jacuí delta in the coming century. Ro‑
bust evidence shows increased flow trends in the Patos Lagoon basin (where the delta is lo‑
cated) and southeastern South America. Future predictions indicate that extreme weather
events that lead to floods will be more frequent, including extreme rainfall and tropical
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cyclones [10,52]. Rising sea levels and southern winds may induce more frequent surges
at the Patos Lagoon, damming the Guaíba Lake and resulting in significant flooding when
combined with heavy rainfall [53].
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The Jacuí River delta occupies 22,836 hectares of the Pampa and Atlantic Rainforest
biomes. Land use in the delta includes agriculture, fishing, mining, shipping, and urban‑
ization [54]. The cities of Porto Alegre, Canoas, Nova Santa Rita, Triunfo, Charqueadas,
and Eldorado do Sul lie at its margins, housing 1,971,299 inhabitants [55]. Porto Alegre is
the capital of Rio Grande do Sul state and the largest city in the delta, with 13.2% of the
state population distributed in 471.85 km2 [55].

Two regions in PortoAlegre are among themost affected byfluvial or pluvial flooding:
Arquipélago and Humaitá‑Navegantes. These regions present different risk landscapes
associated with exposure to flooding, built environments, and the socioeconomic compo‑
sition of their populations. The Arquipélago region has 44.2 km2 of islands integrated into
the delta water regime and exposed to riverine flooding [56]. The Arquipélago region also
presents a Human Development Index of 0.659, the second lowest in the city [57], and
faces critical public security issues (e.g., drug trafficking and organized crime) [58]. The
Humaitá‑Navegantes region has 15.11 km2 in the “continental” section of the city. In the
past, the area had a similar exposure to flooding as the Arquipélago region. To remedy ex‑
posure, the city implemented a flood protection system in 1974 with 68 km of walls, levees,
and 18 water pump stations [56]. Today, instead of riverine floods, it faces pluvial flood‑
ing in the form of chronic stormwater overflow caused partly by the river flood protection
system that does not pump water out effectively [59].

Historical records of the water level at Guaíba Lake present major flood events in the
delta in 1873, 1928, 1936, 1941, and 1967. The national disaster records database includes
additional disasters from 1972–1973, 1988, and 2015. The flood event on 10 October 2015, is
considered the most recent large‑scale flood event and is the reference for the World Bank
investigation analyzed here [58]. The 2015 flood developed after several days of intense
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rainfall in the Jacuí, Caí, and Gravataí watersheds and an intense southern wind‑induced
surge from the Patos Lagoon. The water level reached 2.94 m above sea level (2.5 m above
its average level). Civil Defence reports indicate the displacement of over 8,300 people in
Porto Alegre, an estimated USD 6,369,836 in public service losses, and USD 23,382,041 in
housing and infrastructure damages (BRL 19,858,602 and BRL 72,895,850, respectively),
equivalent to 13.6% of the city’s yearly GDP [58].

2. Materials and Methods
This research was centered on the primary data from the Living with Floods survey,

as presented below. It also employed secondary data (e.g., census and physical datasets)
for supporting analysis (e.g., low‑income hot spots).

2.1. Survey Structure and Methodological Considerations
The household survey that was the focus of this paper was part of a broader investi‑

gation by the World Bank and the Porto Alegre municipal government. The World Bank
investigated the legal, financial, and local governance structures related to flood risk man‑
agement using secondary data, and implemented a survey to collect primary data and
examine the direct and indirect social impacts of flooding. The survey offered a struc‑
tured questionnaire to residents in theArquipélago andHumaitá‑Navegantes regions. The
World Bank published survey methods [60] and a report [58] in their channels. For this pa‑
per, we independently accessed and analyzed the microdata from the household survey
to present it for the first time in a peer‑reviewed format.

The survey examined the perceived risks and impacts of the October 2015 flood and
investigated four types of vulnerabilities—physical (households and their immediate sur‑
roundings), socioeconomic, institutional, and community‑related—and vulnerability from
risk perception (or lack thereof). Toward this aim, the survey presented 161 questions or‑
ganized into four groups: risk perception and willingness to adapt, social and economic
impacts of floods, response measures adopted after the 2015 event, and the socioeconomic
characteristics of the residents [58].

2.2. Data Collection, Correction, and Validation
The World Bank wanted to improve the accuracy of information about flooded areas,

because there were no previous studies exclusively on them in this region [58]. Previously
available information on floods came from impact estimations (e.g., physical modeling of
flood surfaces), Civil Defence reports, and the national population census. The latest Brazil‑
ian census occurred in 2010 and presented two problems. One is that the World Bank in‑
vestigation was already in the late stage of the 10‑year census wave; the survey took place
seven years after the census. Second, the smallest census spatial unit was the “tract,” which
did not separate flooded and non‑flooded areas. These problems add bias to the data in the
form of outdated population estimates and homogeneous demographics about different
population groups. The areas present fluctuation in the resident population that height‑
ens the impact of outdated data. Furthermore, data in these areas are difficult to collect, as
organized crime often restricts access to outside surveyors (including those of the census).

The World Bank local survey team collected household data for two months, in June
and July 2017, following a sampling proportion of flood‑prone households in each census
tract of the areas of interest. The areas of interest included the Arquipélago and Humaitá‑
Navegantes administrative regions of Porto Alegre. Figure 2 presents the urban landscape
of the research sites: the more intense urbanization in the flood‑protected region in Hu‑
maitá‑Navegantes and the peri‑urban, informal, and risk‑prone setting of Arquipélago,
respectively. Figure 1 shows the locations of the areas of interest.
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(b) urban pattern in the Arquipélago region. Source: TheWorld Bank (2017), used under permission.

The survey teamwas composed of theWorld Bank staff, responsible for management,
methods, and supervision, and a local professional surveyor team. The surveyors inter‑
viewed residents in Portuguese for about 40 min during household visits, and the resi‑
dents provided information on all the answers. The team designed the sample around the
ca. 8500 households in flood‑prone areas of the Arquipélago and Humaitá‑Navegantes
regions [58]. The sample’s most prominent criterion was spatial distribution (i.e., being
affected by flooding), adopting sampling quotas proportional to the census tract popula‑
tion of approximately 17% of the total population in each tract of the flooded regions. The
team did not consider other sample distribution criteria (e.g., gender, age, or other) be‑
cause of high population fluctuation, outdated census data, and security concerns. Public
safety played a significant part in the survey implementation, and local power structures
and organized crime limited access to the population. Notwithstanding these limitations,
the high sample proportion limits sampling bias and provides sufficient response variety
among the selected population. Furthermore, the World Bank dataset is the first to specifi‑
cally investigate these flooded areas, improving the outdated and imprecise previous data
and providing a benchmark for future studies.

2.3. Data Analysis
The authors of this investigation received, from theWorld Bank, a sample of 5474 indi‑

vidual anonymized answers from 1484 households as a spreadsheet (i.e., an Excel XLS file).
From these households, we discarded 33 responses, as they contained incomplete data,
leaving 1451 households for analysis. The data identified the regions where households
were located (e.g., Arquipélago, Humaitá‑Navegantes), but no disaggregationwithin these
regions. We prepared and recoded the data as necessary for analysis, identifying the data
type (e.g., categorial, continuous), correcting punctuation and data format, and simplify‑
ing data units (e.g., converting all temporal data into hours). We recoded the variables
into numerical keys (i.e., dummy variables) to process the data in the regression models.
After preparation, we implemented regressionmodels and generated descriptive statistics.
The Supplementary Material includes the Python (data preparation) and Stata (regression
models) codes, and the data used in the analyses.

The analyses included an initial, global, and exploratory association analysis of the
dataset, which indicated a set of variables representing risk perception and risk response
with more frequent associations. To test the hypothesis that risk perception is a critical re‑
sponse driver (H1), we used regressionmodels, with risk perception as the dependent vari‑
able and risk responses as the independent variables. To test the hypothesis that response
capacity (i.e., capacity to respond by short‑term coping or long‑term adapting) explains
risk response (H2), we added the control variables of income, age, self‑identified ethnicity,
access to cargo vehicles, and the number of residents per household. The assumption was
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that having more significant income and access to transportation means increased capac‑
ity. At the same time, older residents living in more populous households and of Black or
Pardo ethnicities would have lower capacity.

We also tested for additional variables (e.g., education, employment, and gender),
but the results were not statistically significant or suffered from collinearity. The analysis’s
primary purpose was tomeasure the influence of risk perception and capacity variables on
effective risk response, mainly looking for alternative or complementary explanations. We
opted for a logistic regression specification due to the binary character of our dependent
variable (risk response), and we decided on the well‑known logit method [61].

We additionally performed a hot spot analysis of poverty in the areas of interest. The
research used the Getis‑Ord Gi* [62,63] statistic to identify the region’s significant con‑
centrations of poverty. This study implements the optimized hot spot analysis in ArcGIS
Pro, which automatically adjusts model parameters for multiple testing and spatial depen‑
dence. The input data for the hot‑spot analysis were point features derived from census
information [64] at the tract scale (finer scale available).

3. Results
3.1. Characteristics of the Sample

The sample included all residents from the surveyed households, and the information
came from self‑identification. Most residents were young (32.28 mean, 21.73 S.D.), had a
low level of education, and had a low monthly income (USD 390.06 mean, 430.18 S.D.),
with many family members sharing the same household (4.58 mean persons per house,
2.27 S.D.). Precarious employment or unemployment was frequent among active working‑
age residents (42.23% of households).

There was a substantial difference between the neighborhoods within the city’s flood
protection system and those on the delta islands, describing the two risk landscapes seen
in Figure 3. The hot spot analysis shows that all areas in the Arquipélago region were
poverty hot spots with a 99% confidence level. A similar pattern was present in three
areas of the Humaitá‑Navegantes region, notably in the Humaitá neighborhood and Vila
Dique. The data for the surveyed households are presented in Table 1. Those on the islands
had a lower percentage of non‑white ethnicities and were younger. The most significant
disparity, though, was in risk perception, which was much more prevalent among those
living on the islands, suggesting an association with frequent past‑hazard experience.
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The sampled households resided in areas affected by the 2015 floods, albeit to different
degrees depending on the risk landscape they are located in. Most households (79%) had
single‑story houses. Stiltswere part of the building tradition of theArquipélago region, but
residents had recently replaced themwith stonemasonry foundations, perceiving the latter
as more modern, even if more exposed. Exposed brick masonry was the most common
building standard, but 11% of households were composed of reused wood and were very
vulnerable. Many houses presented open‑air sewage (24%) and deposits of garbage or
construction debris (30%) in their immediate environments. Most residents in the sample
(80.4%) declared that they owned their houses. Still, tenure security is a persistent issue in
the area [58], and further information is necessary to determine its degree of formality.

3.2. Risk Perception
Risk perceptionwas low among residents, as reported in the form of knowledge about

potential exposure, as presented in Table 2. The survey structure established that only
households affected by the 2015 floods (826, 56.93% of the total) answered the question
about potential exposure. About 19.92% of these households knew about their exposure
(n = 289), and 246 were located outside the flood protection system. Only 5.51% of house‑
holds estimated that water could reach the levels of the 2015 flood. Most of these were
outside the flood‑protected areas. Despite the low previous risk perception, future risk
expectations were high, as presented in Table 3. Most households expected their house to
flood in the next ten years, as 69.75% thought it was inevitable or probable (n = 1012).

3.3. Risk Response
Table 4 shows that the most frequent risk response was to adapt the household’s inte‑

rior by lifting furniture or objects (52.38%, n = 760). The secondmost frequent responsewas
preparation before the flood (31.08%, n = 451). Turning off the power was third (30.05%,
n = 436), followed by household evacuation (26.26%, n = 381). Less frequent responses
included passive coping mechanisms in the form of prayer (23.57%, n = 342), modifying
the house’s exterior to prevent damage (moving vehicles, animals, and objects to higher
places, 22.47%, n = 326), or placing obstacles around the house to prevent interior flooding
(12.06%, n = 175). Responses based on community reliance, social capital, or support from
authorities account for smaller proportions. Only 8.75% (n = 127) of households sought
help from the authorities or community leaders, 8.27% (n = 120) provided other family and
community members with information, and fewer still sought information or participated
in support groups (n = 49 and 30, respectively).

Response strategies varied greatly depending on the location of the household, as
expected. Of the 14 possible responses, the families outside the flood protection system
adopted risk responses (n = 8) much more frequently than those inside the protection sys‑
tem. The distribution of answers stating that they evacuated and stocked food reserveswas
the most dissimilar between the protected and unprotected regions. Of the total house‑
holds adopting these risk responses, 90% were in unprotected areas. The second group
of responses followed, with roughly 80% concentration among those unprotected: asking
for help, adjusting the interior, turning off power, seeking and providing information on
responses, and joining a community group.
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Table 1. Identification of variables for the study in the original database.

Variable Description

Risk response

Categorical scale, non‑ordered. RP1 = Evacuate, RP2 = Turn off power, RP3 = Place obstacles to block water entry, RP4 = Adjust house’s interior: move
objects higher, RP5 = Adjust house’s exterior: move objects higher, RP6 = Stock up food, RP7 = Seek information, RP8 = Join a community alert group,

RP9 = Ask for help from leader or Civil Defence, RP10 = Provide information about what to do, RP11 = Pray, RP12 = Other, RP13 = Nothing, there was no
time, RP14 = Adapt the household to flooding before the event.

Ethnicity Categorical scale, non‑ordered. ETC = White, ETB = Black, ETN = Native, ETP = “Pardo”

Variable Description
(range) Flood protection status Households by flood protection

status Households total

Flood protection status 1 = inside flood‑protected areas,
2 = outside flood‑protected areas

1 = protected 592 (40.80%) 1451 (100%)2 = unprotected 859 (59.20%)

Variable Description
(range) Flood protection status Mean by status of households

(S.D.) Mean in all households (S.D.)

Risk perception (RPC) 1 = NA, 2 = Knew household could
be flooded, 3 = Did not know (1–3)

1 = protected 1.53 (0.84) 1.9 (0.89)2 = unprotected 2.17 (0.84)

Gender (GEN) 1 = NA, 2 = Female, 3 = Male
(1–3)

1 = protected 2.46 (0.53) 2.48 (0.50)2 = unprotected 2.50 (0.54)

Cargo capacity (CCA) 1 = NA, 2 = Small capacity only,
3 = Large capacity (1–3)

1 = protected 2.72 (0) 2.74 (0.50)2 = unprotected 2.77 (0.47)

Number of residents in household
(NRS)

Numerical
(1–19)

1 = protected 4.74 (2.32) 4.58 (2.27)2 = unprotected 4.47 (2.26)

Monthly income (INC) Numerical, USD
(00.00–4811.40)

1 = protected 425.90 (439.22) 390.06 (430.18)2 = unprotected 370.19 (422.33)

Age (AGE) Numerical, years
(0–120)

1 = protected 33.50 (22.72) 32.28 (21.73)2 = unprotected 31.40 (20.99)



Urban Sci. 2022, 6, 76 11 of 20

Table 2. Flood risk perception among households.

Variable Description Flood
Protection Status

1 = Yes
2 = No 3 = No Answer TotalBy Household

Status
In All

Households

Flood
impact in 2015

Was this house/building flooded in
October 2015?

1 = protected 173 (11.92%) 826 (56.93%) 574 (39.56%) 51 (3.51%) 1451 (100%)2 = unprotected 653 (45.00%)

Previous knowledge
about risk exposure

Did you already know this house or
building could be flooded?

1 = protected 43 (2.96%) 289 (19.92%) 498 (34.32%) 664 (45.76%) 1451 (100%)2 = unprotected 246 (16.95%)

Hazard impact
estimation

Did you imagine the water could reach
that level when you built or moved here?

1 = protected 15 (1.03%) 80 (5.51%) 707 (48.73%) 664 (45.76%) 1451 (100%)2 = unprotected 65 (4.48%)

Table 3. Future flood risk assessment among households.

Flood
Protection Status

1 = Certainly or Probably 2 = Not Likely or Not at All 3 = No
Answer TotalBy Household

Status
In All

Households
By Household

Status
In All

Households

Future risk
expectation

Do you believe your home may
be flooded in the next ten years?

1 = protected 362 (24.95%) 1,012 (69.75%) 196 (13.51%) 359 (24.74%) 80 (5.51%) 1451 (100%)2 = unprotected 650 (44.80%) 163 (11.23%)
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Table 4. Bivariate analysis of risk response options against household location.

At This Point [When the Water Reached the
House], What Have You Done to Protect

Yourself and the House?
Flood Protection Status

Risk Response Option Frequency among
Households

By Household Status In All Households

Evacuate (RP1) 1 = protected 35 (2.41%) 381 (26.26%)2 = unprotected 346 (23.85%)

Turn off power (RP2) 1 = protected 106 (7.31%) 436 (30.05%)2 = unprotected 330 (22.74%)

Place obstacles to block water entry (RP3) 1 = protected 82 (5.65%) 175 (12.06%)2 = unprotected 93 (6.41%)

Adjust interior (RP4) 1 = protected 168 (11.58%) 760 (52.38%)2 = unprotected 592 (40.80%)

Adjust exterior (RP5) 1 = protected 61 (4.20%) 326 (22.47%)2 = unprotected 265 (18.26%)

Stock food reserves (RP6) 1 = protected 16 (1.10%) 177 (12.20%)2 = unprotected 161 (11.10%)

Seek information (RP7) 1 = protected 12 (0.83%) 49 (3.38%)2 = unprotected 37 (2.55%)

Join a community alert group (RP8) 1 = protected 7 (0.48%) 30 (2.07%)2 = unprotected 23 (1.59%)

Ask for help (RP9) 1 = protected 19 (1.31%) 127 (8.75%)2 = unprotected 108 (7.44%)

Provide information (RP10) 1 = protected 27 (1.86%) 120 (8.27%)2 = unprotected 93 (6.41%)

Pray (RP11) 1 = protected 98 (6.75%) 342 (23.57%)2 = unprotected 244 (16.82%)

Other (RP12) 1 = protected 221 (15.23%) 274 (18.88%)2 = unprotected 53 (3.65%)

Nothing. There was no time (RP13) 1 = protected 74 (5.10%) 128 (8.82%)2 = unprotected 54 (3.72%)

Prepare before the flood (RP14) 1 = protected 120 (8.27%) 451 (31.08%)2 = unprotected 331 (22.81%)

3.4. Association between Variables under the Logistic Regression Approach
We analyzed the data with logistic regression models, where risk response was the

dependent variable. We regressed each response option separately on risk perception (in
the form of previous knowledge of exposure) and residents’ socioeconomic and location
characteristics. While Table 1 presents the descriptive statistics for these variables, Table 4
presents an example of the six models run for each risk‑response option (RP1–RP14). In
these models, we added the control variables stepwise to test the robustness of the main ef‑
fect (risk perception, [RPC]) and alternative explanations. Model 85 thus tests only against
the main effect, model 86 tests for RPC and adds income (INC), and so on until model
90, which includes RPC, INC, age (AGE), ethnicity (ETC, ETN, ETP, and ETB), number
of residents (NRS), and limited transportation capacity (CCA). For the models, we used
individual‑level survey data to account for different ethnicities, ages, and incomes within
each household. We ran these model combinations and response options, grouping res‑
idents into sets: (a) with residents located in all areas (n = 5291 residents, models 1–84),
and two sets classified according to their location, (b) with residents in the flood‑protected
risk landscape of Humaitá‑Navegantes (n = 2194 residents, models 85–168) and (c) with
residents in the unprotected risk landscape of Arquipélago (n = 3097 residents, models
169–252). The 252 models thus generated feature in the Supplementary Materials.
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Table 5 presents the logit regression results for the “evacuate the area” risk response
for set (b). Significant factors include risk perception, income, and the number of peo‑
ple in the household (negative association), as well as age and “Pardo” ethnicity (positive
association). We checked the specifications of models 85–90 with the chi‑squared test of
each model. The results varied between 22.36 (0.00) and 53.46 (0.00) for models 85 and 90,
respectively. We report R2 as usual in logistic regressions [61].

Table 6 presents the results for set (c). Significant variables are income, Black eth‑
nicity, and the number of people in the household (negative association). We tested the
specifications of the models using the chi‑squared method. In the logistic regressions, the
chi‑squared test generated values between 0.05 (0.83) and 66.11 (0.00) for models 169 and
174, respectively. This test evaluated whether all variables were significant, rejecting this
hypothesis with at least a 5% probability, as usual. Ultimately, this model accepts the test
as valid because at least one of the explanatory variables affected the response “evacuate
the area” and explains whether the residents evacuate or not. We report the R2 to describe
the model’s explanatory power, but it should be interpreted cautiously as recommended
by the literature because logistic regressions present considerable uncertainty in this mea‑
sure [61].

Table 7 compares the models with all dependent variables (e.g., models 90 and 174,
above) for each risk‑response option for the three sets of residents: (a), (b), and (c). In this
table, we present only the significant associations between variables graphically coded for
positive (■ and□, at 0.01 or 0.05 significance levels, respectively) or negative associations
( and #, similar significance levels).

As expected, the results suggest divergent strategies between locations. The results
show a general agreement between the responses of set (a) and those of set (c), which
is intuitive, as the residents in the latter consisted of 58.53% of the former. Sets (a) and
(c) had more frequent significant associations than set (b), which can be explained by the
lower number of observations in the latter (mean 585 observations in [b], 2089 in [c], and
2772 in [a]).

The commonality between all sets is the influence of income, which is the most fre‑
quently associated factor. Income was negatively associated with evacuations and was
positively associated with preparation before floods. One substantial difference between
the sets is risk perception. First, it is mainly associated with variables within sets (a) and
(c). In set (a), it is positively associated with RP1, evacuation, while in both sets, it is neg‑
atively associated with strategies connected to staying in the household during the flood:
RP2, powering off, and RP3, placing obstacles to prevent flooding of the house. It is also
negatively associated with responses connected with social capital—RP7, seek informa‑
tion, RP8, join community group, and RP9, ask for help from the authorities—in both sets.
These results contradict hypothesis H1 in favor of H2, as discussed below.

Concerning response strategies, the most frequent association among all sets is RP1,
evacuation. Counterintuitively, it has more significant associations within set (b), where
fewer evacuations took place (2.41% of households). It is positively associated with Cau‑
casian, Pardo, and Black self‑perceived ethnicities, and negatively with risk perception, in‑
come, and the NRS. In set (c), families evacuated more frequently (23.85% of households);
the associations were negative to income and Black self‑perceived ethnicity, and positive
to the NRS. RP1 has opposing associations with the NRS in each household: negative for
set (b) and positive for (c). Social capital responses (RP 7–10) mainly had negative associa‑
tions in all sample sets. Reliance on public authorities is reported by RP9, which presents
negative associations with income, age, and risk perception.
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Table 5. Logit regression analysis for set (b): residents inside the flood protection system for risk‑response alternative RP1: evacuate the area. Acronyms follow
the definitions in Table 1.

Variable Model 85 Model 86 Model 87 Model 88 Model 89 Model 90

Did you know about flooding? Yes (RPC) −1.074 ** (0.0) −0.8814 ** (0.0) −0.8829** (0.0) −0.7441 ** (0.003) −0.8952 ** (0.0) −0.8524 ** (0.001)
Monthly income (INC) −0.0007 ** (0.0) −0.0007** (0.0) −0.0007 ** (0.0) −0.0007 ** (0.0) −0.0008 ** (0.0)

Age (AGE) 0.0006 (0.911) −0.0063 (0.319) 0.001 (0.86) −0.0062 (0.335)
Caucasian (ETC) −0.1462 * (0.013) 12.9931 (0.99) 18.7544 ** (0.0)
Native (ETN) 13.8464 (0.989) 19.7517 (.)
Pardo (ETP) 13.0029 (0.99) 18.9396 ** (0.0)
Black (ETB) 12.6047 (0.99) 18.5492 ** (0.0)

How many people live in this household now? (NRS) −0.1442 * (0.02)
Small cargo capacity transportation mode only (CCA) 0.5754 (0.118)

Number of observations 672 614 614 614 614 614
chi2 22.3588 39.2620 39.2745 46.5209 44.0775 53.4634

Prob > chi2 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Pseudo R2 0.0395 0.0767 0.0767 0.0909 0.0861 0.1045

Dependent variable: Risk perception. ** and * denote significance at the 0.01 and 0.05 levels, respectively.

Table 6. Logit regression analysis for set (c): residents outside the flood protection system for risk‑response alternative RP1: evacuate the area. Acronyms follow
the definitions in Table 1.

Variable Model 169 Model 170 Model 171 Model 172 Model 173 Model 174

Did you know about flooding? Yes (RPC) 0.0182 (0.832) 0.0494 (0.585) 0.042 (0.643) 0.0263 (0.774) 0.0058 (0.949) −0.0129 (0.89)
Monthly income (INC) −0.0001 ** (0.003) −0.0001 ** (0.008) −0.0001 ** (0.006) −0.0001 * (0.027) −0.0001 ** (0.007)

Age (AGE) −0.0074 ** (0.001) −0.0043 (0.065) −0.0076 ** (0.001) −0.0045 (0.055)
Caucasian (ETC) 0.0944 ** (0.0) −0.574 (0.072) −0.5439 (0.091)
Native (ETN) −0.2606 (0.564) −0.1484 (0.744)
Pardo (ETP) −0.013 (0.969) 0.028 (0.933)
Black (ETB) −0.7101 * (0.047) −0.7537 * (0.037)

How many people live in this household now? (NRS) 0.1034 ** (0.0)
Small cargo capacity transportation mode only (CCA) 0.2008 (0.101)

Number of observations 2.277 2.065 2.065 2.049 2.065 2.049
Chi2 0.0450 10.1098 21.7742 33.8552 49.6160 66.1073

Prob > chi2 0.8319 0.0064 0.0001 0.0000 0.0000 0.0000
Pseudo R2 0.0000 0.0035 0.0076 0.0119 0.0174 0.0233

Dependent variable: Risk perception. ** and * denote significance at the 0.01 and 0.05 levels, respectively.
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Table 7. Synthesis of regression models for risk response and risk perception for sets: (a) all
residents (risk landscapes 1 and 2), (b) residents in flood‑protected areas (risk landscape 1, Hu‑
maitá‑Navegantes), and (c) residents outside flood‑protected areas (risk landscape 2, Arquipélago).
Acronyms follow the definitions in Table 1.

Set (a) all households (risk landscapes 1 and 2)
RP1 RP2 RP3 RP4 RP5 RP6 RP7 RP8 RP9 RP10 RP11 RP12 RP13 RP14

RPC ■   #   
INC  ■    ■ □
AGE   □
ETC # □ □  
ETN # ■ #
ETP □ □   
ETB  # #  
NRS ■ # □  
CCA ■ □  

Set (b) households in flood‑protected areas (risk landscape 1,
Humaitá‑Navegantes)

Set (c) households outside flood‑protected areas (risk landscape 2,
Arquipélago)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 1 2 3 4 5 6 7 8 9 10 11 12 13 14

RPC ■ #  RPC   #    
INC  ■ ■  □ INC  ■   #  ■ ■ □
AGE □ ■ □ AGE  
ETC ■ ETC □  
ETN ETN #
ETP ■ ETP □  #  
ETB ■ ETB #
NRS#  □ ■  NRS■ ■ ■ □ # #
CCA  □ □ CCA □ ■ ■ # □  

Colors represent location. Black = all areas, blue = protected areas, and red = unprotected areas.  and # =
denotes a negative association with significance at the 0.01 and 0.05 levels, respectively. ■ and □ = denotes a
positive association with significance at the 0.01 and 0.05 levels, respectively.

4. Discussion
The literature on resilient and adaptive behavior has gradually shifted fromperfect ra‑

tionality toward models based on social capital, cognition, and community influence [38].
Social motivation theories (e.g., PMT) place distinctions between response efficacy, the ca‑
pacity to implement responses, and the cost assessment between responses and potential
impacts [36]. These shifts acknowledge the complexity of making decisions in uncertain,
dangerous situations such as flood events [46]. Approaches that consider entitlements, as‑
sets, and livelihoods have increased this complexity [19]. These approaches pose frequent
trade‑offs in avoiding short‑term environmental hazards that may lead to exposure to new
or increased economic, political, or social risks in the long run [3,4]. On the individual level,
psychological factors such as attachment to place, belief in change, and feeling of control
inform decisions critically, as do capacities based on mobility, employability, and social
networking [65]. Consequently, risk‑response decisions are anything but trivial and war‑
rant investigation that considers social response patterns from the bottom up.

This study investigated individual and household responses with statistically signif‑
icant empirical data from socially vulnerable, low‑income communities in the Jacuí River
delta. Our study focused on risk perception and risk‑response capacity in flood‑prone re‑
gions, considering the two competing hypotheses that risk perception is the critical driver
of response (H1) or that risk‑response capacity drives responses (H2). The results from
logit regression models run for 14 risk‑response options allow us to reject H1 in favor of
H2, as presented in Table 7, exemplified in Tables 5 and 6, and discussed below.

On the first level, these models indicate that location and income are the principal
factors in risk response. The location’s role is clear, as responses were more intense in the
areas exposed to riverine floods, demonstrated by the number of households affected by
the floods in theArquipélago region. Incomeplays a double role in defining the landscapes
of risk: it influences location choice toward risk‑prone areas [14,22,35] and limits response
capacity [4,36] for poorer families. The robust negative association between risk perception
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and income across sets (a), (b), and (c) signals that the poorest in the sample have had direct
experiencewith flooding in the past. This pattern represents the association between social
and environmental injustices by excluding the urban poor from hazard‑free areas. This
exclusion pattern is evident when one considers that these flood‑prone areas had some of
the lowest income andHuman Development Index levels in the city [56–58] and presented
high‑confidence poverty hot spots in the Getis‑Ord* analysis.

On the second level, the association of income is more robust than other social de‑
scriptors, such as age or self‑perceived ethnicity. Considering that the analyzed sample
was more exposed than most other families in the city [58], this demonstrates income’s
persistent differentiating effect, even within exceptionally vulnerable groups. This further
presents income as a significant factor in coupling the social and environmental factors in
the landscapes of riskwhere the households settled. Coupling takes place, as household in‑
come was significant in determining their social vulnerability while also influencing their
access to environmentally safe areas. Affluent households secure access to safe areas (i.e.,
coupling low social and environmental vulnerability factors), while poor households are
priced out of them (i.e., coupling high social and environmental vulnerability factors). This
differentiation of risk landscapes may also be perceived among the urban poor in this anal‑
ysis. Table 1 shows that the poorest households in this sample were in the unprotected
areas (i.e., high‑risk landscape), while the households in the protected areas (i.e., low‑risk
landscape) were poor, but less so (ca. 13% higher income). Recent findings present simi‑
lar evidence for the COVID‑19 pandemic [66,67], suggesting a further negative association
between vulnerability and social justice.

Third, risk perception was negatively associated with most strategies among the ex‑
posed Arquipélago households. This fact evidences some degree of normalization of haz‑
ards and resignation to the impacts. This is evident when considering the negative as‑
sociation of risk perception with the strategy of preparing the household before floods
(RP14, see Table 6); families living in the most exposed areas faced frequent, low‑level
damages and losses to which they hadminimal capacity to respond appropriately. This ar‑
gument aligns with previous research indicating that perceived response efficacy is critical
in decision‑making during flooding events [46]. The low reliance on public agents among
these families (reported by RP9) may also indicate risk‑warning fatigue [39]. On the one
hand, authorities are responsible for issuingwarnings, evenwhenweather patterns are un‑
certain. On the other hand, exposed families become used to flood risk and may discredit
future warnings if past ones did not lead to substantial damage. Moreover, repeated risk
experiences can lead to resignation (i.e., acceptance that damages are inevitable), irrespec‑
tive of new warnings [39]. These considerations reinforce the rejection of H1.

The negative association pattern between social justice and vulnerability is further
perceived when considering response capacity. At the city level, there is low reliance on
public agents by affected families, as reported by the World Bank [58] and evidenced by
the negative associations of the “seek help” strategy. At the community level, there was
evidence of low influence from social capital in the responses, given that most residents
did not engage in collaborative strategies (e.g., RP7, “seek information” or RP9, “provide
information”). It is also noticeable that the association of these strategies to risk perception
is predominantly negative, signaling that more vulnerable families are less reliant on com‑
munity help. This limited role of social capital eliminates alternative explanations for H2.

The low financial capacity of the exposed families was a bottleneck to the response
options available to them. The evacuationwas not possible or not effective in the absence of
means of transportation and a workforce sufficient to move assets, documents, and goods
out of residences in time. This is apparent by the negative association between evacuation
strategy (RP1) and income. The positive association of this strategywith the NRS indicates
that it is a last resort, in line with previous research [39]. Families evacuated to preserve
the health of household members, even if incurring further losses when abandoning the
household (they may be looted during the absence of their residents, for example) [58].
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5. Conclusions and Outlook
The urban poor constantly face unfair trade‑offs in their location choices, often as‑

suming high exposure to risk, job loss, and deficient services. This problem presents a re‑
search gap, despite recent advances in the topic of poverty traps. This research addressed
this gap by investigating poverty–vulnerability traps fostered by unequal development.
We implemented spatial and statistical analyses of empirical data in an urban delta of the
Global South in two different landscapes. The relevance of this approach is to shed light
on risk‑response decision‑making across different risk landscapes. The approach further
explores the connections between unequal development and climate change in the An‑
thropocene, providing evidence of the persistent role played by income (and inequality)
in vulnerability.

This paper assessedpoverty concentrations throughhot spot analysis, presenting clear
spatial exclusion patterns among the urban poor. These patterns allowed nuanced analysis
of the landscapes of risk towhich twogroups of urbanpoor households are exposed: the ur‑
banized, less poor (but far from affluent), and flood‑protectedHumaitá‑Navegantes region
(landscape 1), versus the high social vulnerability, exposed, and infrastructure‑lacking Ar‑
quipélago (landscape 2).

We implemented an in‑depth analysis of risk responses through 252 logit regression
models. Thesemodels evaluated the association between risk perception, income, age, eth‑
nicity, and other characteristics in 14 responses to a large‑scale flood event in 2015. The
results show the distinct impact of the event across the two risk landscapes of the Humaitá‑
Navegantes and Arquipélago regions. These models also present low influence from risk
perception, which is associated with resignation to losses from flooding (that is, the nor‑
malization of hazard impacts). Finally, the results indicate the persistent role of income as
the most robust factor influencing risk responses. These observations allowed us to reject
the hypothesis that risk perception is the key factor in risk response. Instead, they support
the competing hypothesis that risk‑response capacity is a determinant, especially in ILISs.

This investigation presented a limited sample, with little explanatory power regard‑
ing the behavior of non‑exposed households (see Section 2.2), and new surveys in areas
frequently affected by floods could provide new insights. This limitation does not, how‑
ever, hinder the analyses we present here, but rather provides generalizing potential to
these findings. This is relevant, as the changing risk profiles of the Anthropocene may
expand exposure to the regions adjacent to those customarily flooded. Further surveys
could also identify additional factors behind each risk‑response decision‑making process.
For example, what is the influence of attachment to a place in evacuation decisions? It is
also crucial to understand the rationality of settling and remaining in exposed areas after
repeated floods, and cognition studies would be welcome to explain behavior and vulner‑
ability.

As a concluding observation, we highlight the self‑reinforcing connection between so‑
cial exclusion and flood vulnerability. As reported previously in the literature [4,21], low‑
income families are often pushed into exposed situations to which they are not equipped
to resist or adapt. Over time, repeated hazards erode savings and assets, which are usually
physical investments in the exposed residence itself. With worsening risks from climate
change [10] and anthropogenic intervention in riverine systems, the risk profiles of these
families evolve, increasing their vulnerability. The current attachment to exposed places
(e.g., family, social ties, livelihoods, and immovable assets) puts these families in a position
where a cruel trade‑off must be made between risking losses in the short‑term and accept‑
ing further social exclusion in the long run by relocating. We argue that this condition is
an example of a poverty–vulnerability trap, as previously reported [3,4], with profound
implications for social and environmental justice [13,14,21].

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/urbansci6040076/s1, Table S1: Individual scale dataset for the set (a);
Table S2: Individual scale dataset for the set (b); Table S3: Individual scale dataset for the set (c);
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including question dictionary; Tables S4–S17: Logit models results for the set (a), with all residents
in the sample; Tables S18–S32: Logit models results for the set (b), with residents located inside
the flood protection system (risk landscape 1); Tables S33–S47: Logit models results for the set (c),
with residents located outside the flood protection system (risk landscape 2); Table S48: Variables
dictionary.
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