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Abstract. Numerous scholars have unravelled the complexities and underlying uncertainties of coupled human and water
systems in various fields and disciplines. These complexities, however, are not always reflected in the way in which the
dynamics of human-water systems are modelled. One reason is the lack of social data times series, which may be provided by
longitudinal surveys. Here, we show the value of collecting longitudinal survey data to enrich sociohydrological modelling of
flood risk. To illustrate, we compare and contrast two different approaches (repeated cross-sectional and panel) for collecting
longitudinal data, and explore changes in flood risk awareness and preparedness in a municipality hit by a flash flood in 2018.
We found that risk awareness has not changed significantly in the timeframe under study (one year). Perceived preparedness

s-increased only

among those respondents who suffered low damages during the flood event. We also found gender differences across both
approaches for most of the variables explored. Lastly, we argue that results that are consistent across the two approaches
censtituterobust-data-that-can be used for the parametrisation of sociohydrological models. We posit that there is a need to

improve socio-demographic heterogeneity in modelling human-water systems in order to better support risk management.

1 Introduction

Over the past decades, numerous scholars have engaged with the study of coupled human and water systems in various research
fields and disciplines, including e.g. environmental history, sociology and philosophy, as well as ecological economics,
philosophy of science, social-ecological systems and sociohydrology (e.g. Aldrete, 2007; Di Baldassarre et al., 2019; Folke et
al., 2005; Hoffmann et al., 2020; Kallis & Norgaard, 2010; Liu et al., 2007; Ostrom, 2009; Schliiter et al., 2012; Sivapalan et
al., 2012). Many of these studies adopt a system thinking approach to embrace the complexities and underlying uncertainties
of natural systems and the way in which human systems affect and are affected by them (Checkland, 2000; Checkland &
Poulter, 2006).

Falling under the bigger umbrella of socio-ecological systems (SES, Redman et al., 2004), sociohydrology also proposes

soctohydrological systems-are-alse-theresult-ef-a system thinking approach aimed-atfor explaining risk, opportunities and
phenomena generated by unraveling-the complex interactions between peeple-and-water and socicty;speeifiealtly. Recently,
sociohydrological models have emerged as useful tools to explain risks generated by feedback mechanisms between seeiat
human and hydrelegieal-water systems and thus aim-at-supporting-hydrologieal+isk the policy-making processes (Blair &
Buytaert, 2016). Many scholars have developed sociohydrological models of flood risk, using either-system dynamics ef
lumped-seciety-(e.g. Barendrecht et al., 2019; G. Di Baldassarre et al., 2013; Liu et al., 2017; Viglione et al., 2014) or agent-
based appreaches-(e.g. Haer et al., 2019; Michaelis et al., 2020) approaches. The former often schematizes human systems as

lumped by using average values to describesimulate the way in which individuals act, think, and perceive risk (e.g. Barendrecht

et al., 2019: G. Di Baldassarre et al., 2013; Liu et al., 2017; Viglione et al., 2014). Instead, the latter explicitly considers the

heterogeneity of human systems-as by using multiple agents (e.g. Haer et al., 2019; Michaelis et al., 2020). These models
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include social parameters describing for example attitudes and behaviours towards risk. Yet, the inclusion of complex social
dynamics may increase structural uncertainty and open up questions about the reliability of modelling (De Marchi, 2020;

Saltelli & Funtowicz, 2015).

Fhe-One of the IPCC reports (Metz et al., 2007) argueds that structural uncertainty is reduced when a) convergent results are

obtained using different methods, and b) results rely on empirical data rather than calculations. Hence, to make sure that
sociohydrological models serve their purpose, they must employ different types of data. Mereoverthese datashould-berebust:
While time series concerning physical aspects, such as precipitation, runoff, and flood water levels are often available, data
availability is limited when it comes to time series concerning social parameters, such as changes in flood risk awareness and
preparedness over time (Barendrecht et al., 2019; Mondino et al., 2020a). Sociohydrological models of flood risk use changes
in awareness as primary mechanisms explaining the emergence of unintended consequences, such as the safe-development
paradox (e.g. Barendrecht et al., 2019; G. Di Baldassarre et al., 2013; Liu et al., 2017; Viglione et al., 2014). Thus, the empirical
social data with the greatest contribution potential are longitudinal survey data (Bubeck et al., 2020; Hudson et al., 2020;
Siegrist, 2013, 2014; Sivapalan, 2015). Indeed, the availability and use of longitudinal psychological and behavioural data is

key to reduce structural uncertainty within sociohydrological modelling (Di Baldassarre et al., 2016).

Specifically, longitudinal survey data on risk awareness and preparedness are required to explore how a seciehydrelogical
human-water system evolves over time in the presence or absence of hydrological extremes (e.g. floods or droughts), as such
data represent potential drivers of behavioural change. Knowing if and how people’s awareness of risk changes over time and
how people may or may not be prepared for a disastrous event, e.g. by adopting private protection measures or by supporting
the implementation of structural or non-structural risk reduction measures, is fundamental to better understand human impacts

on the water system. Moreover, and most importantly, a better understanding of preparedness dynamics can save lives. In fact,

this knowledge may, among others, uncover potentially heterogeneous adaptation trajectories and —When+obust-and-reliable;
this—knewledge—may—alse—contribute to identifying social data proxies that—may—behelpful-to evaluate the long-term

effectiveness of risk awareness and communication campaigns.; In turn, henee-helpingtothis can help overcominge the over-

simplified representation of 2 community as a s ttylumped system;-where-every-individualacts;reaets;

longitudinal survey-data—Barendrecht et al. (2019) used empirical data to estimate the parameters of a sociohydrological flood
risk model by means of Bayesian inference. The longitudinal survey data was collected in Dresden, Germany after the flood
events of 2002, 2006, and 2013 (more information in Kreibich et al., 2005; Kreibich & Thieken, 2009; Thieken et al., 2016).
They argue that, while both sociohydrological models and empirical studies have their own limitations, the combination of the
two may help bring out their pros while mitigating their cons. In their study, they conducted a sensitivity analysis to unravel

the influence of a number of variables on a simple sociohydrological model. They found that when risk awareness data are
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absent, most of the parameters estimations are biased and, even more worrying, the modelled dynamics between the water and
the human system over time are wrong. Concerning preparedness, their analysis shows that a lack of preparedness data does
not have an impact as serious as the lack of awareness data, because it does not influence the estimation of other parameters.
They also add that in absence of such data the dynamics of preparedness itself may be biased. On one hand, this may be due
to how preparedness was defined in their model (a ratio of protection measures taken by a household versus the total amount
of protection measures available). On the other, this undoubtedly shows the paramount importance of collecting longitudinal
data on risk awareness and preparedness, especially within the field of flood risk, to avoid modelling errors and biases that
would be otherwise difficult to identify. An effort in this direction was recently made by Ridolfi et al. (2020), who explored
the influence of collective flood memory on flood losses, even though the empirical data consisted in proxy information about
flood memory, i.e. archaeological data about the average vertical distance of human settlements from the river, rather than

longitudinal surveys.

Moreover, despite the need for empirical longitudinal data per se (Siegrist, 2013), there is a need for reliable and robust data
on attitude and behavioural dynamics, such as how risk awareness and preparedness change over time. The general assumption
in the literature is that, after the occurrence of a flood and in absence of consequent flood events, risk awareness decreases
over time. This assumption finds its roots in the fact that sociohydrological models of flood risk often use memory as a proxy
for risk awareness (Di Baldassarre et al., 2013; Viglione et al., 2014). Besides the fading of memory itself, the use of memory
is inevitably connected to cognitive processes (e.g. the availability heuristic, Tversky & Kahneman, 1973) asserting that people
tend to judge the probability and consequences of an event based on the ease with which it comes to mind. Following this
reasoning, after the occurrence of a flood and in absence of consequent flood events, risk awareness should decrease. Recently,
Bubeck et al. (2020) and Mondino et al. (2020a) provided evidence on the decreasing rate of risk awareness and perceived
preparedness in the aftermath of a flood event with empirical survey data. However, these studies are just one step forward,

and more evidence is needed in terms of attitude and behavioural dynamics. For instance, risk awareness may even take

different trajectories over time depending on certain characteristics of the individual, such as gender or severity of the

experience with the hazard. These two factors have previously been shown to greatly influence our perception of risk. Women

in general tend to be more concerned than men not only when it comes to floods (Cvetkovi¢ et al., 2018), but also for other

hazards such as e.g. road accidents (Cordellieri et al., 2016), or health risks (Galasso et al., 2020; Kim et al., 2018). In literature,

this has been described as the white male effect (Finucane et al., 2010). In this sense, differences are not biological (or at least

not entirely) but may lay on socio-political factors such as power and status. Previous experience with the hazard influences

our perception of risk positively or negatively depending on its severity, with people more harshly affected showing a higher

risk awareness (Mondino et al., 2020; Wachinger et al., 2013). The effect of experience can also be counterintuitive and result

in the risk perception paradox, whereby people who experienced the hazard with negligible consequences show a lower risk

awareness (Wachinger et al. 2013). We thus hypothesise that these individual characteristics not only play a role in the
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perception of risk itself, but also on how it evolves over time. Indeed;-the-meorerobustissuch-data;the-easierand-mere preeise
i< thei sation in sociohvdrolosicalmodels.

This paper therefore aims at providing a methodological contribution to the literature by As-mentioned-above a-way-toreduee

study—we-presenting and comparinge two methods to collect longitudinal data:

i repeated cross-sectional approach, consisting of conducting cross-sectional surveys two (or more) times over the

years in the same area;

ii.  panel approach, consisting in surveying exactly the same individuals two (or more) times over the years.

This procedure allows to stress-test the variables of interest using different methodologies, with the goal of reducing structural

uncertainty. We argue that consistent results about the change (or lack thereof) in risk awareness and perceived preparedness
will not only provide rebust-data—and-additional evidence to be employed in sociohydrology, but also inform disaster risk

communication strategies and policies. We also argue that human-water system models benefit either from one or the other

approach depending on the purpose of the model itself. We illustrate the two approaches with a case study of a village in

North-eastern Italy that was hit by a flash flood in 2018. Two survey rounds were conducted. The first one in February 2019

and the second one in February 2020, 6 and 18 months after the flood event, respectively.

2 Background

Depending on the information we are interested in, survey data can be collected in two different ways: via a cross-sectional
approach or via a longitudinal approach. A cross-sectional design can be defined as a picture, a snapshot, which provides us
with information about a certain variable at a specific point in time and space, and thus consists of just one sample surveyed
at one point in time. Cross-sectional studies are optimal when the researcher is not interested in detecting a change. However,
the snapshot approach is not always informative of a process that is ongoing and constantly changing. Things that happened
in the past shape current behaviours, and they must be taken into account. To this end, it would be optimal to have a research
approach that provides us with a ‘video’ of the process, but since this is obviously not feasible, the best option is to take
multiple pictures over time and detect potential differences. This is what a longitudinal design does (Payne & Payne, 2011).
Longitudinal studies consist in surveying either two or more different samples collected at two or more points in time (repeated
cross-sectional) or the same sample at two or more points in time (panel). Therefore, a longitudinal design helps not only spot
changes in comparison to previously recorded perceptions and behaviours, but also recognise any correlation between
variables, as well as to avoid misleading conclusions (Siegrist, 2013). In fact, potentially misleading results from cross-
sectional studies could end up in wrong policy recommendations. In light of these characteristics, the need for longitudinal

data has been highlighted by a number of scholars in the natural hazards field (Babcicky & Seebauer, 2017; Di Baldassarre et
5
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al., 2018; Fielding, 2012; Lindell & Perry, 2000; Spence et al., 2011; Terpstra, 2011; van Duinen et al., 2015). However,
despite a large majority of scholars within sociohydrology acknowledges this lack of longitudinal data, the majority of
empirical studies within the flood risk domain adopt a cross-sectional approach (a review in Kellens et al., 2013), and empirical

studies that adopt a longitudinal approach are still rather scarce (Barendrecht et al., 2019; Hudson et al., 2020).

The following sections will go through the two main types of longitudinal studies, repeated cross-sectional and panel studies.
The difference between the two lays mostly in the sampling procedure and the individuals who are sampled, but this
significantly influences the type of statistical analysis that can be conducted on the respective data and the pros and cons of

each approach.

2.1 Repeated cross-sectional studies

A repeated cross-sectional study (RCS) consists in repeating the same survey over time without necessarily involving the same
respondents. This is similar to a cohort study, which consists in sampling individuals with a shared characteristic, which makes
them part of a “cohort”, e.g. being born in the same year, living in the same town, having experienced a certain event, and so
forth. Therefore, the two (or more) samples taken over time contain different individuals at different points in time. There are
studies adopting a mixed sampling, i.e. the two samples may contain some of the same individuals, but not all (Kienzler et al.,
2015). However, if not properly accounted for, this may lead to issues in the statistical analysis. If we sample inhabitants of a
town in 2019 and then we sample other inhabitants of the same town in 2020, then we are adopting a repeated cross-sectional
approach. This approach allows the sample to keep its size over time, as there is no need to recruit the same individuals in the
consecutive survey rounds. This makes the approach rather resource friendly. As a consequence, by adopting this approach,
the possibility of following the evolution of an individual over time is lost, and comparisons can only be made between clusters
of individuals. Thus, changes can only be analysed at the societal level. An example of this approach is presented in Mondino
et al. (2020a), who studied changes in risk awareness and preparedness in two municipalities in the North-eastern Italian Alps.
Salvati et al. (2014), conducted a similar study in Italy, but at the national level, where they explored risk perception for a
number of natural and technological hazards (among which floods). They conducted two rounds of surveys in 2012 and 2013
and found a slight decrease in the percentage of respondents with a high flood risk perception, but no statistical significance
was reported. RCS studies are also often conducted at the international level, to assess differences among countries regarding
certain indicators. An example is the Labour Force Survey (Eurostat), which is conducted in various countries and aims at

collecting data on the labour market, such as e.g. the unemployment rate.

2.2 Panel studies

A panel study investigates a sample composed of the same individuals over time, e.g. 100 people who agree to take part in a

certain research and be assayed multiple times in a 15-year time span. If we want to adopt a longitudinal approach, following
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the previous example we must interview in 2020 the same individuals whom we interviewed in 2019, provided that they accept
to partake in the survey again. This approach is optimal when we are interested in following the evolution of an individual
over time. It also allows for more in depth statistical analyses, as it is possible to introduce the random effect of the individual
into regression models. On the other hand, maintaining a longitudinal panel is resource-intense, as the panellists’ interest
declines over time, especially when it comes to flood risk. This is because the initial sample is smaller than in other cases,
given that floods are usually locally confined (Hudson et al., 2020). The loss of panellists over time is known as attrition rate.
If the panellists drop out non-randomly, i.e. they share certain characteristics, then we incur into attrition bias (however, there
is little evidence of that in the flood risk domain, Hudson et al., 2020). When the attrition rate is considerably high, we incur

into retention bias, i.e. the number of observations is tee-so small that any statistical analysis loses significance.

Hudson et al. (2020) discussed the challenges of longitudinal surveys in the flood risk domain. In their review, they collected
all studies that adopted a panel approach within the flood risk domain, and then explored the potential for attrition rate, bias,
and retention bias. They then explored the same in a panel study conducted in Germany after the flood event in 2013. They
found little evidence for attrition bias. As for the attrition rate, this varies greatly among studies. The average in their literature
review was 38%, while in their panel study in Germany it had an average per wave of 60%. In general, they found that studies
using pre-existing panels (e.g. the Swiss Household Panel Study, FORS) have a much lower attrition rate compared to panels

specifically developed to investigate a flood-affected population.

In their review, Hudson et al. (2020) found only seven empirical studies that followed a panel approach within the flood risk
domain up to 2018, in addition to their own (Calvo et al., 2015; Fay-Ramirez et al., 2015; Fothergill, 2003; Ginexi et al., 2000;
Kaniasty & Norris, 2008; Lin et al., 2017; Osberghaus, 2017). Since 2018, we found four other studies that adopted such
approach in the flood risk domain. Bodoque et al. (2019) investigated changes in risk perception after introducing a risk
communication strategy 8 months after the first survey round in a municipality hit by a flash flood in Spain. After conducting
a second survey round one month after the implementation of the strategy, they found that those respondents who were exposed
to risk communication activities had a slightly higher risk awareness, but only when thinking about the town as a whole. The
effect of risk communication strategies in promoting mitigation behaviour was also explored by Osberghaus and Hinrichs
(2020), but they did not investigate changes in risk awareness itself. Bubeck et al. (2020), using the same dataset employed in
Hudson et al. (2020), investigated dynamics of human behaviour in response to flooding, following individuals over three
survey rounds 9, 18, and 45 months after the 2013 flood in Germany. They only detected a decrease in risk perception in terms
of perceived probability between the second and third wave. Seebauer and Babcicky (2020) explored causal relationships
within the Protection Motivation Theory in Austria, but they did not detect any statistically significant difference in risk

perception between the two survey rounds (15 months apart).
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Following the effort of Hudson et al. (2020), we here explore the differences in results yielded by panel and repeated cross-
sectional data, collected with the same survey in a single study area. No study so far has investigated this difference on the

basis of empirical data within the flood risk domain. The next section will describe in detail the sampling procedures.

3 Methods

3.1 Study area

The municipality of Negrar, located in the Veneto Prealps north of Verona, served as a case study. The administrative area
ranges from 70 to 860m a.s.l. Three main streams (locally known as progni) flow through the municipality and merge with the
Adige river downstream. Negrar is further divided into smaller urban conglomerates, mainly located in the floodplains in the

southern part of the municipality. Its population steadily increased in the last years and reached 16.850 units as of 2020.

On September 1st, 2018, one of the small urban conglomerates (Arbizzano-Santa Maria) was hit by a flash flood. Heavy
rainfall accumulated more than 180mm in less than three hours and the progno di Novare overflowed, flooding the nearby
buildings with a peak discharge that reached 20m?/s. Because of its intensity, this flash flood — characterised by a 100-year
return period — caused severe economic damages (~10 million Euros) and affected more than 3000 people (although no

casualties were reported). The Civil Protection did not have a preeminent role during the unfolding of the event but was rather

involved in the recovery phase, especially when it came to the distribution of funds for reconstruction and cleaning activities.

Data collection was thus focused on Arbizzano-Santa Maria (4000 inhabitants). Previously, the only other flood event that

caused extensive damage occurred in 1935. The Piano di Assetto Idrogeologico dell’Adige, which contains flood risk maps

used to evaluate the potential for flood risk in the Adige basin, does not identify any flood risk in the area. However, such

maps have a rather low resolution, not sufficient to capture flood risk in small river basins (such as the Novare one, ~2km?,

Weyrich et al. 2020). New maps that will be able to capture the risk in smaller basins are currently being developed. Further

information on the hydrology of the area are presented in Weyrich et al. (2020) and Mondino et al. (2020c), while
comprehensive hydrological data and their collection are presented in Amponsah et al. (2018) and Borga et al. (2019).

3.2 Data collection

Data collection was based on a questionnaire survey carried out twice face-to-face in February 2019 and February 2020.
Between the two surveys, the local administration organised a number of events to inform the residents on various aspects of
the 2018 flood. In one event, a local meteorological association explained the potential causes that led to the flooding. In
another event, the municipality hosted one of the authors of this paper to present the results following the first round of
interviews (presented in Weyrich et al., 2020 and Mondino et al., 2020c). In addition to increasing the maintenance of the
smaller streams running through the town (which overflowed causing the 2018 flooding), the municipality also undertook the

construction of a flood diversion channel to redirect the water coming from the streams towards a larger stream that eventually
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flows into the Adige river. This way, the amount of water in the smaller streams is reduced and so is the probability of overflow

during heavy rain periods.

In the first survey round, we favoured a stratified sample of residents based on quotas (Stockemer, 2019) over a random sample,
which might have resulted in the exclusion or underrepresentation of those residents living in the most risky areas and the
households most affected by the 2018 flood. The sample was stratified according to age and gender (based on Italian National
Census data). Each interviewer (six in total) was provided with a grid containing the target distribution of interviewees, to
respect the statistical distribution of these variables in the local population. The demographic data were provided by the Civil
Registry of Negrar, and the administration also provided a list of residents that were affected by the flash flood who agreed to
be interviewed. The interviewers were then instructed to first contact the people on the list via phone calls to set appointments
for the interviews, a fundamental preliminary step to establish trust in the local community. In turn, the residents who were
interviewed first helped the interviewers establish trust with neighbours in order to facilitate the interviewing process in
households affected by the 2018 flood and avoid unnecessary nuisance. In addition, the interviewers received a map of the
study area and were instructed to contact each household in each and every street, to maximise randomisation and, at the same
time, fill in the quotas that were required for age and gender. The unit of analysis was the individual, and interviewees were
instructed to interview only one person per household. The restriction to one person per household was due to the presence of
questions relating to the adoption of protection measures within the household, which are not discussed in the present paper
but are extensively presented in Weyrich et al. (2020). Thus, interviewing more than one person per household would have led

to duplicates for the questions about the adoption of protection measures.

Data in the first survey round were collected between February 18" and March 1%, 2019, approximately six months after the
flood event. Local authorities approved the survey. Participants received no incentive to complete the survey, which took them
on average 30 minutes to complete. At the end of the interview, respondents were asked whether they agreed on being contacted
again a year later to fill in the same questionnaire. If they agreed, they were asked to provide a contact (phone number or email

address), so that they could be contacted again.

Data in the second survey round were collected between February 17 and March 1%, 2020. Here, we drew two samples. The
first sample was drawn in the same way as the original sample, e.g. stratified sample based on quotas and representative of the
local population in terms of age and gender. Interviewers were instructed not to include in this sample those respondents who
completed the survey in the first round. This sample, together with the original, constitutes the RCS dataset. The second sample
consisted exclusively of individuals who participated in the first survey round and who accepted to participate again. This

second sample, together with the original one, constitutes the panel dataset.

Summary statistics for all three samples are presented in Table 1. In all of them, the majority of respondents holds a high-

school diploma or higher (Round 1: 44.5% high-school diploma, 29.5% university degree or higher; Round 2 — RCS: 40.7%,
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36.9%: Round 2 — Panel: 47.6%, 36.9%) and perceive their household income to be enough to satisfy their family’s needs (i.e.
answered 3 or above on the 1, min to 5, max scale; Round 1: 86%, Round 2 — RCS: 89%, Round 2 — Panel: 93%).

3.3 Variables assayed

While this paper does not aim to test a specific theory, our survey questions are partly based on the Protection Motivation

Theory (PMT, Rogers & Prentice-Dunn, 1997), in an effort to improve comparability with previous (and future) studiesThe

variables-selected-to-explore floodriskawareness-. The PMT distinguishes between two different perceptual processes, threat

appraisal (i.e. risk perception) and coping appraisal (i.e. the individual’s perceived ability to cope with the hazard)(Grothmann

& Reusswig, 2006). Here, two variables were used as a proxy for threat appraisal, perceived threat posed by floods and

expected future damage, while perceived preparedness was used as a proxy for coping appraisal. Perceived preparedness here

is meant as a general self-assessment of one’s own preparedness to face a potential future flood event. In addition, the survey
explored fallunderfive—eategoriesi—the general feeling of safety, floed-threat—severity of the experience with the flood
(specifically, flood damage suffered during the 2018 event), knowledge about the hazard, and trust in authorities. Fhe-variables

d—to—exptore—prepared rvesttgatea—tne—p vea—marviatar—preparee —the—aaopton—otpriv pro S

reasturesand-the-stipulationof afloed-insuranee: In round 2 only, respondents were also asked whether they adopted any

structural protection measures and an insurance (specifying whether they did this before or after the event), to potentially

justify changes in perceived preparedness. Because the municipality undertook the construction of structural protection works,

in round 2 respondents were also asked to what extent they agreed with the following statements: a) ‘“Protection works

eliminate the possibility of severe damage”: b) “Protection works are too costly compared to their benefits”; and ¢) “Protection

works give a feeling of safety to people living in the town” (on a scale from 1, not at all to 5, completely agree). The survey

also included the collection of socio-demographic indicators such as age, gender, education, and income. The variables, the

related questions, and available answers are listed in Table 2, and the complete survey questionnaire can be found in the

supplementary materials.

Regarding the damage suffered during the 2018 flood, to facilitate the analysis respondents were divided into three groups:
those who did not experience any damage (i.e. 1 on the 1, min to 5, max scale), those who experienced low damage (i.e. 2-3

on the scale), and those who experienced high damage (i.e. 4-5 on the scale). This also allowed to investigate the potential

presence of the risk perception paradox mentioned earlier.

The statistical analysis conducted on the RCS dataset consisted of single regressions using cumulative link models (clm).
Because the panel approach consists in following the individual respondent over time, giving us an insight into how differently
or similarly the same person replied to the same questions posed to them, the statistical analysis conducted on the panel dataset

consists of single regressions using cumulative link mixed models (clmm), which allow for the introduction of random effects

10
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(in this case, the individual respondent). Both analyses were conducted with the software for statistical computing R (version

3.5.2), using the package “ordinal” (Christensen, 2019). We adopted a 90% confidence interval.

Before presenting the results of the twe-—analysis concerning changes in risk awareness (4-1)-and ehanges—in—perceived

preparedness-4-23, the following section will discuss the potential for attrition bias and retention bias in the panel dataset.

3.4 Attrition bias and retention bias

In the first survey round, 86% of the respondents (N = 125) agreed to be contacted again, but only 58% of them (N = 84)
actually repeated the survey in the second round, leading to a 42% attrition rate. This is in line with the average 40% attrition
rate reported in other studies using specifically developed surveys (Hudson et al., 2020). While this percentage is not
particularly high per se, when considering the relatively small size of the first sample it may create some issues regarding the
statistical significance of the analysis conducted, i.e. there is potential for retention bias and this must be taken into account

when interpreting the results. Table 3 reports summary statistics for the group of respondents who dropped out.

In addition, we ran an ordinal logistic regression to assess the probability of a respondent moving from survey round 1 to round
2 depending on the main variables connected to our research question (changes in flood risk awareness and perceived
preparedness). This alloweds for exposing any potential attrition bias due to data missing at random (MAR, van Buuren, 2018),
i.e. when missing data (respondents who drop-out) are connected to observed factors. This is just one of the ways in which to
test for attrition bias. Other methods are used in the econometric literature (see e.g. Alderman et al., 2001; Little & Rubin,

2019).

Table 3-4 shows that only few of the variables that are important for our research question affect the probability of a respondent
to move to the next survey round. The variables age and age squared show a non-linear relationship, meaning that as the age
increases participation in the next round tends to increase, but at a decreasing rate. The same result was also reported by
Hudson et al. (2020). Concerning the perceived threat posed to the town by floods, participants who replied on the higher end
of the scale in the first round are more likely to participate in the second. Perceived frdividnel-preparedness, on the other
hand, has the opposite effect: respondents who reported low levels of perceived individual-preparedness in the first round are

more likely to participate again in the second.

In order to correct for the potential bias due to attrition, we conducted an Inversed Probability of Attrition Weighing (IPAW,
Hernan & Robins, 2020). This procedure assigns weights to respondents depending on their probability of moving to the next
survey round on the basis of the main variables of interest (those showed in Table 34). Respondents who share similar
characteristics with those who dropped out after the first survey round are assigned a heavier weight, thus compensating for
the loss of respondents. The weights are assigned only to respondents in round 2, as respondents in round 1 all have the same

weight.
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3.5 Limitations

Limitations of this study are mainly related to sherttime frame efanalbysis—sample size and data collection. Due to attrition
rate, the sample size of the panel study at round 2 is rather small. While surveying residents face-to-face is a way of establishing
trust and it is essential (considering Data Privacy regulations) for targeting households on the basis of hazard assessment/risk
exposure, it is highly resource- and time-consuming. One way to minimise these issues is to conduct computer-assisted
telephone interviews (CATI) or online surveys repeated over time. fe-g—every1+-5-vearr--Among others, this can help

attrition/retention bias by starting off with much larger sample sizes and to collect reliable data about temporal dynamics of

risk awareness and preparedness.

reduce

4 Results

A comparison of the panel analysis with and without IPAWSs showed that the differences in results were negligible. Hence, the
following section reports the results following the analysis without IPAWSs, to reduce post hoc data manipulation to the

minimum. The analysis conducted using IPAWs is reported in the supplementary material (Table S1).

Figure 1 shows the different effect of time on the variables of interest, as resulted from the clms and clmms.

A e e ess

The RCS approach shows that the general feeling of safety about living in the area decreased, but only for women (Odd Ratio
= .61, Confidence Intervalooy = .38—.99). The panel approach shows no change over time. Respondents feel safe living in the
area, with 72% of them replying 4 or above on the 1 min 5 max scale in round 1, 67% in round 2 — RCS, and 76% in round 2

— Panel.

4.1-1 Perceived threat posed by floods

The perceived threat posed by floods to oneself, one’s home, and the town as a whole, show inconsistent changes over time

across the two approaches.

When it comes to the perceived threat posed by floods to oneself, both approaches show no change over time. However, when
breaking down the sample, the RCS shows that it actually significantly increased for those respondents who suffered high
damage during the 2018 flood (OR = 5.23, Cloo% = 1.99-13.9), but it decreased for those who did not suffer any damage (OR
= .46; Cloo% = .27-.77). This difference was not found in the panel study. As for the perceived threat to the home, in round 2

—RCS less women are concerned compared to round 1 (OR =.61, Cloo% = .38-.99), while the panel approach shows no change
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over time. The threat to the town as a whole did not seem to change over the entire sample in both approaches, but when
breaking down the sample, the panel shows that it actually decreased for women (OR = .50, Cloo% = .27—.93). The panel also
shows that women were more concerned than men in round 1 (OR = 2.61, Clooy, = 1.57—4.38), but this difference is lost in
round 2 due to the decrease in perceived threat for women. Respondents with a higher income are also less concerned for
themselves in both years (RCS: OR = .69, Cloox = .55—.86; Panel: OR = Cloo» = .62, .45—.84). Age was not found to affect any
of the threat variables neither in the RCS nor in the panel approach. Education was found to play a role only in the RCS dataset,
with more educated respondents showing a lower perceived threat to themselves and the town (self: OR = .22, Cloo% = .65—

.73; town: OR = .17, Cloow = .03—.65).

Concerning the expected future damage caused by floods, results are inconsistent too. The RCS approach show a decrease
over time (RCS: OR = .65, Cloo% = .46—.91), while the panel does not show any change. In both rounds, respondents who
experienced some sort of damage during the 2018 flood were more likely to report a higher expected future damage compared

to those who did not experience any damage (Panel: OR = 10.30, Cloo» = 5.53—19.21, RCS: OR =4.86, Cloo% = 2.94-8.11).

4.1:2 Knowledge and trust

Results about changes in knowledge are somewhat inconsistent across the two approaches. In round 2, the RCS shows that
more male respondents feel like local knowledge (i.e. knowledge and information coming from relatives or friends) contributed
to their knowledge of floods, compared to round 1 (OR = 1.86, Cloo% = 1.11-3.14), while the panel approach shows no
difference over time. When it comes to knowledge deriving from official information, the RCS shows that it did not change
over time, and this could be due to the fact that only a small fraction of respondents in the second round (9%) took part in the
informative events hosted by the municipality. A possible explanation of such a low turnout is that the respondents in the
second round had not been interviewed the year before, and thus may have been less aware of the municipality’s activities in
relation to the flood event. On the other hand, the panel approach shows that respondents’ knowledge of floods thanks to
information received from official sources increased in the second round (OR = 2.78, Cloo% = 1.73—4.46). This may explain
the lack of changes in perceived threat posed by floods in the panel dataset, and two factors support this hypothesis. First,
respondents who participated in the informative events organised by the local administration (24%) are more likely to report
higher levels of knowledge because of having received official information (OR = 9.18, Cloo% = 3.93-22.44). Second, panel
respondents in the second round tend to trust the local administration more. Panel respondents’ trust in terms of the
administration’s risk communication is higher in the second round (OR = 2.34, Clo» = 1.48-3.68). In particular, a) respondents
who suffered low damage, and b) older respondents show an increase in trust in the administration’s risk communication (a:
OR =3.54, Cloo% = 1.22-10.23, b: OR = 1.03, Cloo, = 1.00—1.06). In the second round, panel respondents who participated in
the informative events organised by the local administration show a higher trust than those who did not (OR = 3.02, Cloy =

1.37-6.83). No age differences were found in the panel dataset in terms of knowledge.
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Contrary to knowledge, trust shows consistent trends over time across the two approaches. Panel respondents’ trust in the local
administration concerning flood protection also increased (OR = 3.77, Cloo% = 2.27-6.26). It increased especially for those
who suffered low damage during the 2018 flood (OR = 3.5.94, Cloow = 2.73—12.94), and more in women, compared to men
(OR =3.12, Cloo% = 1.15-8.48). However, because in the first round they had a lower trust than men in the local administration
concerning flood protection (OR = .58, Cloo% =.35-.96), we can say that it now is almost equally high for men and women.
Similarly to the panel, The RCS approach also shows that women’s and respondents who suffered low damage’s trust in the
local administration when it comes to flood protection increased, compared to round 1 (women: OR = 1.81, Cloo% = 1.12—
2.92, low damage: OR = 2.00, Cloo», = 1.13-3.58). RCS respondents’ trust in the local administration’s risk communication
does not seem to change over time, but if we break the sample down according to damage suffered during the 2018 flood, we
notice that it actually increased, but only for those who suffered low damage (OR = 1.81, Cloo% = 1.04-3.15). RCS respondents
who experienced high damage during the 2018 flood (4 or 5 on the 1 min 5 max scale) were more likely to participate in the
informative events (OR = 8.38, Cloos = 2.50-32.28). They were also more likely to report a higher perceived threat to their
house, in both years (OR = 23.02, Cloo% = 10.30-55.27), which may indicate why they participated in the informative events.

4.2-3 Perceived preparedness

At a first glance, changes in perceived preparedness seem to be inconsistent across the two different longitudinal approaches.
In the RCS, no changes in perceived preparedness were detected over time, while the panel results show a general increase in
perceived ndividual-preparedness (OR= 3.48, Cloo% = 2.09-5.80). However, if we interact time and elustertherespendents
depending-on-the-amount of damage suffered in the 2018 flood in the ordinal logistic regression, we see that in the RCS

perceived preparedness actually increased only for those who experienced low damage (OR=2.50, Cloo% = 1.40—4.54), and in
the panel for those who experience no and low damage (no damage: OR = 2.64, Cloo% = 1.23-5.67; low damage: OR = 5.73,
Cloo% = 2.42—13.61). This common result brings further evidence to the fact that experiencing a flood with a low impact may
promote a (sometimes false) sense of preparedness in the individual. We then tested whether the panel respondents who
experienced no or low damage were overrepresented in the group of respondents who adopted structural protection measures
or an insurance, as this could partly explain why they now feel more prepared (see Figure 3). Given the categorical nature of
the two variables, we ran Chi-squared tests to check for statistically significant differences between groups. Respondents who
experienced high damage replied differently when asked about the adoption of structural protection measures compared to
those who did not experience damage (X* = 20.95, p < .001) and to those who experienced low damage (X =9.60, p <.01).

i.e. significantly more of them adopted protection measures after the event, compared to the other two groups. Similarly,

respondents who experienced high damage replied differently when asked about the stipulation of an insurance compared to

those who did not experience damage (X* = 11.33, p < .01), i.e. significantly more of them adopted an insurance after the

event. Panel respondents who adopted private structural protection measures before or after the event report a higher individual
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preparedness than those who did not (Panel: OR = .32, Cloos = .15-.64; RCS: OR = .25, Cloo% = .14—.43), but no such effect

was found for those who stipulated an insurance.

To further explore changes in awareness from round 1 to round 2, we analysed respondents’ knowledge and attitudes towards

the structural protection works undertaken by the municipality.

The panel results show that the majority of respondents (60%) knows about their existence, while this is true for only close to
half of en-the respondents in the RCS (48%). In both, the majority found out about them on their own, e.g. driving by on their
way to work (49% in the panel and 74% in the RCS). In the panel, an additional 29% found out through the local administration,
while only 8% in the RCS. This difference may be due to the low participation rate to informative events of respondents in the
RCS. Despite this, both RCS and panel respondents in round 2 show a positive attitude towards public structural flood

protection, as shown in Figure 2. This may additionally explain why respondents’ risk awareness did not change significantly

compared to the first round.
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4.34 Self-assessing changes in risk awareness and perceived preparedness

In the second round, respondents were asked to self-assess how their risk awareness changed compared to the year before. In
the panel dataset, half of respondents indicated an increase (49%) and the other half indicated no change (48%), while only
3% indicated a decrease. However, the self-assessment does not always match with the actual registered change in the answer
given (see Figure 53). This often-sharp contrast may be due to the respondents not remembering their answer in the first round,
and potentially interpreting the scale differently in the second round. However, with no evidence in this regard, it is nearly

impossible to determine the exact reason.

Concerning the self-assessed change in individual-perceived preparedness, in the panel 51% of respondents report an increase,
3% reports a decrease, and 46% reports no changes. This is the variable with the smaller gap between actual and self-assessed
change, and it may be due to the ease with which one can assess their own preparedness, compared to a more abstract concept

such as awareness.

In the RCS, the majority (66%) indicates an increase in their risk awareness, 33% indicates no change, and only 1% indicates
a decrease. As for perceived preparedness, the majority (59%) indicates no change, 37% think their preparedness increase, and
4% think it decreased. However, being-the respondents in the two rounds being different, it is not possible here to confront

this result with any actual change in responses concerning risk awareness or perceived preparedness.
5 Discussion

In the previous sections, we presented two methods to collect longitudinal data, i.e. with an RCS approach and with a panel
approach, and the respective results. Here we argue that consistent results about the change (or lack thereof) in risk awareness
and perceived preparedness provide robust data to be employed in human-water systems modelling as well as in policy decision

support.
5.1 Temporal dynamics comparison

Table 5 shows a summarised comparison of the two methods in terms of results. It is particularly relevant that both approaches

show that, in the first survey round, women are more concerned than men when it comes to perceived threat to self and town.
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This is in line with previous studies on risk awareness and risk perception, where women were found in general to be more

concerned than men not only when it comes to floods (Cvetkovi¢ et al., 2018), but also for other hazards (see, e.g. Cordellieri

et al., 2016: Galasso et al., 2020; Kim et al., 2018), here too confirming the presence of a white male effect (Finucane et al.,

2010). Results on the expected future damage are not consistent across the two methods, but the panel approach provides

useful insights in the matter. While in the first round there were statistically significant differences between those who

experienced damage and those who did not in how they perceived potential future damage, these differences disappeared in

the second round. This shows that risk awareness might change differently depending on damage suffered. When it comes to

knowledge, results are not consistent across the two methods either. However, concerning trust, both approaches show that, in

the second round, women seem to trust the local administration more, compared to the first round, and the same is valid for

respondents who suffered low damages. When it comes to perceived preparedness, a first general glance at the two samples

shows inconsistent results across the two methods. However, if we break down the respondents according to the severity of

damage suffered, both approaches show that the perceived preparedness of respondents who experienced low damage in the

2018 increased in the second round.

On-averageln general, risk awareness does not show significant changes over time, and this result is generallyrather consistent
across the two methods. However, when breaking down the sample to account for differences in terms of e.g. gender, or
damage suffered, we see that certain variables evolve differently for different groups of individuals. For instance, women tend
to have a higher perceived threat compared to men few months after the event, in round 1, but then their threat perception
decreases over time, while men remain rather stable. Decreasing awareness in women is associated with their increasing trust
in the local administration and flood protection works. This was previously hypothesised by Viglione et al. (2014). In general,
the lack of changes in risk awareness can be explained by three aspects: a) the majority of respondents in the panel dataset
participated in informative events organised by the municipality; b) respondents in both the panel and the RCS dataset show
positive attitudes towards the public structural flood protection undertaken by the municipality; and c) relatively short time

elapsed between the two survey rounds (i.e. 12 months).

The first point, besides shedding light on why risk awareness did not change, brings evidence in favour of effective risk
communication strategies and community engagement, as was previously shown by Bodoque et al. (2019). They too found
that respondents who were exposed to risk communication activities maintained a rather stable level of risk awareness. An
effective risk communication strategy may provide a realistic view on the risk, where the awareness does not decrease because
the person is kept aware of the potential threat in terms of magnitude and likelihood, and it does not increase because the

person is provided with tools to deal with it in the future.

The second point touches upon the feeling of safety derived from the presence of public structural flood protection. This theme
has been widely discussed in the literature (Burby, 2006; De Marchi & Scolobig, 2012; Di Baldassarre, et al., 2018; Ludy &
Kondolf, 2012; Scolobig & De Marchi, 2009; Tobin, 1995; White, 1945), and is commonly referred to as safe-development
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paradox (Kates et al., 2006). The presence of public structural flood protection may give the residents a false sense of security,
and often promotes urban development in areas at risk. In this instance, 73% of respondents in the panel and 68% in the RCS
dataset either agree or strongly agree with the statement “Public structural flood protection eliminates the possibility of severe
damage”. Such positive attitude towards the newly built public structural flood protection may further explain why in the

panel study awareness did not decrease, but perceived preparedness increased.

The third and last point provides additional insights into the time factor when it comes to risk awareness decay. Previous
studies adopting a longitudinal approach with longer time spans between survey rounds (e.g. Bubeck et al., 2020) could capture
more changes in awareness than our study. Moreover, other research results suggest that the decay of flood risk awareness
over time may range between a few years (Di Baldassarre et al., 2017) and a couple of generations (Fanta et al., 2019). These
results are, however, based on proxy data. Di Baldassarre et al. (2017) used flood insurance coverage in California (Hanak et
al., 2011), peaking after the 1997 Central Valley flooding, while Fanta et al. (2019) used archaeological information about
human settlements in Cheekthe Czech Republic and changes in their vertical distance from the river before and after major

flood events.

Finally, our analysis shows a stable awareness and an increase in perceived preparedness (which can be interpreted as an

increase in the PMT"’s coping appraisal) in respondents who experienced low damage during the 2018 flood, both in the panel
and in the RCS. This result indirectly supports the risk perception paradox, described by Wachinger et al. (2013). The paradox,

as briefly reported in the introduction, lays in the fact that people who experienced a flood event with httle-negligible

consequences tend to have a lower risk awareness than those who did not experience an event or experienced it with severe
consequences, and was previously reported in a number of other studies (Deeming, 2008; Green et al., 1991; Mileti & O’Brien,
1993; Wachinger & Renn, 2010). Here, while awareness did not decrease, perceived preparedness did increase, thus showing

that the paradox concept is still valid.

5.2 Methodological comparison
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The results from the two longitudinal approaches should be additionally discussed in light of the intrinsic differences between

the two methods and their respective strengths and weaknesses. Six main areas are here identified as being worthy of attention

when selecting a particular longitudinal technique: nature of the studied population, attrition rate, time between survey rounds,

theory-testing, statistical power, and time- and cost-effectiveness. While populations change to some extent everywhere,

populations in certain areas are rather static, meaning that they change at a lower rate compare to other, more dynamics

populations (Yee & Niemeier, 1996). For instance, the population composition of smaller, provincial areas tends to be more

static than bigger urban conglomerates, which see a regular reshuffle of residents. In this sense, an RCS approach would be

better fitted to explore changes in areas where the population is more dynamic, as the independent samples created at each

survey round would be an updated version of the current population composition. When adopting a panel approach, on the

contrary, the study is stuck with the same initial sample. This may not be an issue for static populations, but it can quickly turn

into one for dynamic ones, as it would lose representativeness. By including the individuals sampled initially only, the study

may incur in high attrition rates, resulting in the attrition bias and retention bias previously discussed. Thus, an RCS approach

— which does not have attrition issues — may also be more appropriate when a lot of time passes between survey rounds, as the

risk of people dropping out is higher over time (Hudson et al. 2020), while a panel approach has higher chances of performing

better over shorter time spans. For instance, Econsidering all-these results of the panel study presented here, we can assert that

an optimal time frame for conducting lengitadinalpanel studies to explore changes in flood risk awareness would be up to one

year after the flood event for the first survey round, and at least two years between consecutive survey rounds. In absence of
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consequent flood events, this set-up allows for capturing changes over time by avoiding to excessively zoom in or out. A

similar time frame was also recently proposed by Seebauer and Babcicky (2020), who argue for at least 1.5 years between

survey rounds. However, these are just indicative time frames, and the specific context of the study area should always be

considered. If a risk communication strategy is implemented, or another event occurs, the time frame should be adjusted
accordingly. An RCS approach may also be more reasonable when the initial sample is small, as the loss of respondents that

may happen with a panel approach may hinder the reliability of the analysis.

The selection of one longitudinal approach over the other depends on the purpose. For instance, if the aim of the study is to

test a theory, choosing a panel approach is preferable in that it allows to investigate the influence of individual characteristics

on the variables of interest. An RCS approach does not allow for such an analysis and is instead more appropriate if the

investigator is more interested in general trends or trends tied to demographic characteristics (such as age, or gender). Indeed,

the statistical power of the analyses that can be conducted with the two approaches also differs. Panel datasets allow for lower

standard errors than RCS ones, hence their better suitability for theory-testing, which often requires a more in-depth and refined

analysis of the data.

Concretely, the choice to adopt a certain longitudinal approach is not exclusively based on which one is the best approach from

a theoretical point of view, but it is also often constrained by available resources. In this sense, RCS is a more cost-effective

alternative to a panel approach, as there is no need for time and monetary resources to keep respondents in the panel, and no

need to take care of storing sensitive data (such as respondents’ telephone numbers or address) as they will not be needed in

the following survey rounds.

The arguments presented above have implications in terms of transferability of results as well as their use and integration into

human-water system models. Results from RCS studies are more likely to be transferable to other areas with similar socio-

economic, socio-cultural, and demographic contexts, as they are not relating to specific individuals. This makes RCS results

better suited for models aimed at generalising human-water systems dynamics. Panel studies, on the contrary, being limited to

specific respondents are generally less transferable, as certain emerging dynamics could be specific for those individuals.

However, the resulting datasets are much better suited for testing theories (e.g. PMT) where there are hypothesised connections

between variables relating to a single individual. If, however, both an RCS and a panel study are conducted in the same area,

as presented in this paper, converging results can be used to develop ad-hoc models (i.e. models developed for a specific area)

that can support risk communication strategies for instance by showing how different risk attitudes would influence different

risk scenarios. Longitudinal survey data such as those presented here can be used to evaluate the explanatory value of the

model by comparing the model outcomes with the results of the survey, e.g. in terms of risk awareness.

Additionally, Fthese-findings longitudinal data presented in this study point us in the direction of improving the representation

of socio-demographic heterogeneity in sociohydrological flood risk models. The longitudinal data presented here shows that
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perceptions change differently over time not only in men and women, but also depending on the severity of damage suffered
in the past. Grouping individuals in sociohydrological models depending on certain characteristics, such as gender or previous
experiences, constitutes a middle ground between a system dynamics (c.g. Liu et al., 2017; Viglione et al., 2014) and an agent-
based-medeling {ABM}) approach_(c.g. Haer et al., 2019; Michaelis et al., 2020). Indeed, it allows for embracing — at least
partially — social diversity, while not completely losing the lumped approach which makes models generalizable and user-
friendly. In fact, such compromise would make sociohydrological models appealing for policymakers because it would point
out macro-scale differences within the community, thus highlighting potential weak links of existing risk communication
strategies. While in general an RCS approach provides data that can be employed in the classical system dynamics modelling
using a lumped society, a panel approach yields valuable data to be employed in more case-specific modelling techniques,
such as ABMs. However, if results from the two approaches are consistent, they can be employed for a more robust parameter

estimation in both modelling techniques.

6 Conclusions

Over the past decades, the study of coupled human and water systems in various research fields and disciplines adopted a
“system thinking” approach to embrace the complexities and underlying uncertainties of natural systems. Nonetheless, this is
not always reflected in the way in which these systems are modelled. In system dynamics models of flood risk, for instance,
society is often represented as a homogeneous group of individuals who act, react, and think in the same way. In absence of
empirical longitudinal survey data, modelled dynamics of societal aspects such as risk awareness and preparedness may be
flawed. As a result, models may lose their purpose of theorizing human-water interactions, as well as informing decision-

makers in flood risk management.

This study provides insights not only in terms of attitude and behavioural change over time, but also on how these data should

be employed in sociohydrological flood risk models.

N o h d
s o o1 O O O T ¢

offloedrisk-awareness-and-preparedness—Our analysis shows a limited change in case of short analytical time frames and in
the absence of events. Risk awareness remained stable for men but tended to decrease for women. Perceived preparedness, on

the other hand, only increased for those respondents who suffered low damage in the 2018 flood. In terms of methodological

comparison, this study shows a)Fhe-stadyalse-shews the need to enhance the representation of social diversity and processes

in modelling human-water systems in general; and b) different types of longitudinal data should be used as model outcomes’

benchmark depending on the model’s purpose.
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Future research employing the data presented in this paper could concretely evaluate the performance of human-water systems

models with different purposes (e.g. exploration of general trends vs case-specific). This would provide additional evidence

on how both longitudinal approaches can benefit the modelling of human-water systems and disaster risk reduction alike.
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Figure 2. Survey results from the second round on public structural flood protection undertaken by the municipality.
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900 Table 1. Summary statistics of the three samples collected.

Experienced Participated in

Gender Age damage due to informative
Samples N Males Females min max M SD the 2018 flood events*
Round 1 146 47.3% 52.7% 20 89 53.38 17.99 56% -
Round 2 — 150  50.0% 50.0% 19 88 52.00 18.64 53% 9%
RCS
Round 2 — 84  50.0% 50.0% 23 82 53.86 15.74 63% 24%
Panel
* This question was not asked in the first survey round

Table 2. Main variables employed in the analysis.
Variable Question Available answers*
General safety To what extend does living here in this town make you On a scale from 1, “Minimal safety” to
feel safe? 5, “Maximum safety”,
or “I don’t know”

awareness

Perceived threat to self ~ Considering floods, to what extent do you think they

represent a threat to yourself personally?

Perceived threat to Considering floods, to what extent do you think they

home represent a threat to your home?

Perceived threat to town  Considering floods, to what extent do you think they

On a scale from 1, “Not at all a threat”
to 5, “Serious threat”,

or “I don’t know”
On a scale from 1, “Not at all a threat”
to 5, “Serious threat”,

or “I don’t know”

On a scale from 1, “Not at all a threat”

as a whole represent a threat to the town as a whole? to 5, “Serious threat”,
or “I don’t know”
Flood damage
Damage experienced How severe was the damage you experienced during On a scale from 1, “No damage” to 5,
the 2018 flood? “Serious damage”,

32

or “I don’t know”



Expected future damage

Knowledge

How much damage do you think a potential future flood

could cause to your home?

On a scale from 1, “No damage” to 5,
“Serious damage”,

or “I don’t know”

From local sources

From official

information

About structural flood

protection

To what extent did knowledge from relatives and

friends contribute to your knowledge about floods?

To what extent did official information contribute to

your knowledge about floods?

Do you know of any structural flood protection in this

area?

Trust in local administration

On a scale from 1, “No contribution” to
5, “Great contribution”,

or “I don’t know”

On a scale from 1, “No contribution” to
5, “Great contribution”,

or “I don’t know”

1, Yes
2, No
Or “I don’t know”

On risk communication

On structural flood

Should flood risk change in my area, the administration

would inform me.

1 trust the local administration when it comes to

On a scale from 1, “Completely
disagree” to 5, “Completely agree”,

or “I don’t know”

On a scale from 1, “Completely

protection structural flood protection. disagree” to 5, “Completely agree”,
or “I don’t know”
Preparedness
Perceived Individual How prepared do you think you are to face a flood, in On a scale from 1, “Not at all prepared”
preparedness case it would occur? to 5, “Highly prepared”,
or “I don’t know”
measures
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* “I don’t know” answers were categorized as N4 and excluded from the analysis

Table 3. Summary statistics for the res

ondents who dro

Experienced

ed out between round 1 and round 2.

Gender Age damage
during the
N Males Females min max M SD 2018 flood Education Income
o 76.8% answered 3 or
65.30% with high-school
72 40.27%  59.73% 20 89 53.19 20.22 51.4% above on the 1-5

diploma or higher

Table 34. Logit regression model of the probability of a respondent moving from round 1 to round 2

scale

Coefficients Marginal effects
Age 0,204%** 0,049***
(0,064) (0,014)
Age squared -0,002%* -0,000%**
(0,000) (0,000)
Female 0,245 0,059
(0,410) (0,101)
Suffered high damage -0,123 -0,030
(0,176) (0,042)
Experienced flooding before 0,282 0,069
(0,458) (0,122)
Threat to self -0,237 -0,055
(0,174) (0,045)
Threat to house 0,209 0,057
(0,238) (0,045)
Threat to town -0,428%** -0,104*
(0,219) (0,058)
Perceived ndividualpreparedness 0,318* 0,077*
(0,179) (0,045)
Expected future damage -0,042 -0,010
(0,260) (0,065)
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N =146
Robust standard errors in brackets
*¥** p<0.01, ** p<0.05, * p<0.1

Table 45. Summary of the main results. The column “Entire sample” shows the results from the linear regressions without
interactions. The column “Significant interactions” shows the results from the linear regressions with interaction terms (gender or
910 damage suffered).

Variable Repeated Cross-Sectional Panel
Entire sample Significant interactions Entire sample Significant interactions |
d sed i
General feeling of safety No change Gender (decreased in No change =
women)
Damage (increased only for
respondents who suffered
Threat to self No change high damage, decreased for | No change -
those who suffered no
damage)
d sed
Threat to home Decreased Gender (decreased for No change =
women)
d sed
Threat to town as a whole No change - No change Gender (decreased for
women)
Expected future damage Decreased - No change -
Gender (increased only for
Local knowledge No change No change -
men)
Official information No change = Increased =
Damage (increased for
i those who suffered I
. .. . Damage (increased for ose who suffered low
Trust in administration for , damage)
. .. No change those who suffered low Increased
risk communication damage)
& Age (increased for older
respondents)
Gender (increased only for Gender (increased more for
women) women)
Trust in administration for
. No change . . Increased . .
protection works Damage (increased for Damage (increased for
respondents who suffered respondents who suffered
low damage) low damage)
Perceived Individus Damage (incr-eased only for Damage (incr-eased only for
. No change those who suffered low Increased those who suffered no or
preparedness
damage) low damage)
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