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Abstract

This thesis consists of three essays that improgegéneral understanding of the
public demand for safety programmes in the condéxtatural hazards. With the
growing importance of this topic around the wotlds study provides a practical
and methodological contribution to the literature Bnvironmental Economics
and Policy, especially local policy.

In particular, this research examines people’s epegices and their
willingness-to-pay for landslide mitigation prograres. The primary aim is to
assess how the residents of and visitors to a rmaounélley in the Alps value and
trade off the multiple attributes of protection grammes for landslide risk
reduction by applying Discrete Choice Modelling hwtology. To address the
current needs of local decision-makers, the ingaton of the determinants of
preference heterogeneity is the central theme eird¢search. The study is based
on a panel choice dataset created from a Discrbt@c€ Experiment, based on
full ranking, administered in person by the auttto250 respondents in the Boite
Valley, Italy.

The first essay examines the stability of prefeesnmvestigating to what
extent additional information has an impact onneated values. Specifically, it
studies whether respondents adjust their prefesenoased on scientific
information provided on one specific attribute. Aixed logit model in
willingness-to-pay space is implemented to accdonpreference heterogeneity.
The findings suggest that respondents perceivexisting protection measures as
insufficient. The provision of information affectsly the attribute subject to
additional information and the consideration of therent status of protection.
Preferences for the other attributes remained estaPteliminary evidence of
spatial heterogeneity is also detected.

The second essay addresses the issue of the tgtadiiliparameter
estimates obtained through simulation using chaicelels with latent variables.
Specifically, it analyses the stability of the doménts to the number of
simulation draws and the increasing number of tatemiables. Three Random
Parameter logit models with respectively one, twd ¢hree latent variables are
fitted with six sets of increased numbers of draWse landslide risk perceptions

of respondents are modelled as latent sourcestefdgeneity in the consideration



of the riskiest scenario. Overall, the results shaxy stable estimates for the
attributes’ coefficients but not for the latent redtes. Thus, increasing the
complexity by adding more latent factors into thedal implies the necessity of
additional draws in the simulation process to em&mpirical identification. The

results also show how preferences are stronglytegkldo the underlying

perceptions of own mortality risk due to landsliéesl risk severity.

The third essay explores multiple sources of pegfee heterogeneity,
accounting for its spatial determinants. It emergest the inclusion of more
observables allows for a better segmentation ofptiiey based on respondents’
and municipalities’ characteristics. The findindg®w the importance of distinct
spatial effects, such as geographical charactsjssipatial error components for
road tracts and site-specific choice-sets, witbuaht insights into the priority of
intervention. In addition, residual unobserved fageneity is analysed at a higher
hierarchical scale using spatial models at the mpaility level.

Overall, the empirical results of this thesis pd®viimportant policy
implications for local decision-makers in charge miblic safety, given the
relevant information on the distributional effeas protection across different

groups of beneficiaries.
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Chapter 1

Introduction

1.1 Overview of the problem

Landslides are among the most important naturabrdszin mountain areas,
causing thousands of fatalities and massive dareage/ year, worldwide. Like
most other natural hazards, landslides are chaiseteby low probabilities of
occurrence and high impacts. Given the complex raabf the phenomena,
accurate predictions of occurrence are not possible

Such natural disasters can cause widespread daimgugople, property
and the environment. The World Bank Report (Dilltyal., 2005) stated that
globally the land area prone to landslides is axprately 3.7 million square
kilometres. Almost 5% of the world’s populatiore(i300 million people) lives in
landslide hazard areas. Unfortunately, we can dxtfégs number to grow in
coming years due to population growth and the sifmation of extreme weather
events. With regard to historical data, Petley @0eported the occurrence of
2,620 landslides around the globe from 2004 to 20dth a death toll of 32,322
victims. Of the 8,733 fatalities in 2016 resultiiigm natural disasters, 361 were
attributed to landslides (Guha-Sapir, Hoyois, Wakeq, & Below, 2016). Asia
has seen the majority of human losses, specificallype Himalayan Mountains
and China (Petley, 2012). Europe is the secondtvemrgtinent in the world for
fatalities and the worst for landslide-related ewraic losses. According to Klose
(2015), Munich Re’s dataset of natural disastea{CatSERVICE”) reported a
global economic loss for landslide damage to bagdi and infrastructure of
approximately $US20 billion per year, averaged dherperiod 1980-2013. This
amount is almost 17% of the annual global lossesnédural disasters, which
totalled $US121 billion (Klose, 2015).

Along with this worrisome data, researchers haviced that landslide
occurrence is increasing over time (e.g. Gobiatlet2014; Haque et al., 2016).
Human factors, such as deforestation and inap@tgpriand use, contribute
substantially to its intensification. Deforestatiand infrastructure construction

impact heavily on the soil’s ability to retain wagteeducing natural protection
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against landslides. This is especially true in sal@eeloping countries that have
been greatly affected (e.g. China, India, Ethigmd Uganda). However, the main
triggers of landslides are extreme weather evamtsal climate change, especially
high precipitation over a relatively short periofitime. EEA (2017) reports a
significant increase in the frequency of extremather events such as rainstorms
in recent years, which is consistent with the iasezl number of landslide events.

In Europe, a significant upward trend in landsleleents has also been
reported by Haque et al. (2016). Over the twentrygeriod from 1995-2014,
they reported a total of 476 fatal landslides aqagidi370 deaths. This means that,
on average, 69 people are victims of landslidesh eggar. Because of the
difficulty in obtaining accurate data on causesnuoirtality, it is plausible that the
number of landslide-related fatalities officiallgported is underestimated. In
comparison to death tolls from other natural haggmslich as earthquakes and
floods), the victims of landslides are relativebyv, probably because of the local
scale of the calamities. However, a lower boundtion true economic loss in
Europe is estimated at about €4.7 billion per ygtaque et al., 2016), when
based only on the payout by private insurance comepaGiven country-specific
morphology, Italy, Turkey, Switzerland and Norwaye aamong those most
affected. It has been calculated that around 173a3illion Europeans live in
highly susceptible areas (17,000-84,000°kmwhile between 8,000 and 20,000
kilometres of transport network are exposed to $lidd hazards (Jaedicke et al.,
2014).

Italy is the European country most susceptible tardgeological
disasters, with approximately 75% of the total Kt areas (Van Den Eeckhaut,
Hervas, & Montanarella, 2013). A national classifion of landslides was
conducted in the Project “IFFI” (“Inventario dei€@meni Franosi in Italia”). It
accounts for 614,799 landslides over an area d(@2square kilometres, i.e.
approximately the 7.5% of the land surface of I@8PRA, 2016). Between 1990
and late 1999, 263 deaths were reported, with arage of 26 people killed each
year (Guzzetti, 2000). Salvati, Bianchi, Rossi &wzetti (2010) reported a total
of 3,139 landslide events in the forty-year perfomin 1968 to 2008. From an
economic perspective, the total landslide lossey@a amount to $US3.9 billion
(Klose, 2015). Globally, Italy is the country withe largest economic impact
from landslides, in relation to its gross domegtroduct (0.2% of the national
GDP) (Trezzini, Giannella, & Guida, 2013; Klose 130).
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Italians mostly rely on the provision of public pgotion programmes as
the most efficient way to mitigate the impact afdalide events. The adoption of
private protection measures is very limited duetitie high costs and the
magnitude of the threat. Unlike other European tes) insurance mechanisms
against natural hazards are not compulsory in.l@@lyers for landslide hazard
are not (yet) available for private citizens, anel tew exceptions are very costly.

Therefore, local authorities and decision-makersehdo invest a
significant amount of public money in safety measusince mitigation devices
are expensive. The cost of installation of a pa&ssevice that provides physical
protection is roughly €1-2 million, while early waing devices could cost under
€1 million (C. Gregoretti, personal communicati@ecember 2017). The lifespan
of the devices is difficult to predict since it dggls on many factors, such as
landslide damage and technological obsolescencmait be assumed that 50
years could be a reasonable lifetime for a pas$exece, but this is reduced for
active devices (approximately 10-20 years). Manigtayg protection measures
from the 19" or early 28 centuries now need to be replaced (FOEN, 2016).
Maintenance costs for existing protection measaresanother item of public
expenditure that varies considerably with devigeetgnd hazard location.

Given the high number of locations under landstideat, the estimated
public expenditure for protection would be sigraftly high. Therefore, it is
often the case that public funds for landslide msitigation are allocated only
after major landslide events. In 2014, the Italimvernment enacted a decree for
the institution of a national project, called “l&Bicura”, to accelerate the
realisation of mitigation programmes against natumazards. Despite the
legislative effort, the lack of public money im@i¢hat protection funds are partial
and not immediately available.

In addition to the well-known direct impacts, lahdiss create indirect
social, economic and environmental effects on humelirbeing that are difficult
to quantify. Damaging landslides can considerabippdct population
development in mountain areas. For example, pubtincern over indirect
economic losses is still rising in the mountainexd of the Alps, especially with
regard to road closures. Such secondary effecttaradslides are frequently
underestimated, given that road interruptions dgnificantly compromise the
quality of life of people living in mountain regisnGiven the living conditions
and the harsh geography, a “landslide domino-éffechy result. This can
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contribute to the process of social and economicgmalisation of mountain
regions. The phenomenon of progressive mountainopméation, due to
opportunities of wealth enhancement in urban arkas, been well known for
decades (Toniolo, 1937) and afflicts more and nfmne areas. If protection
and road access are not guaranteed, the futureeahobuntain population can be
further compromised, and more people will be fortmdhove, leading to further
geographical and economic deterioration of thesasar

So, policies for landslide mitigation are of fundamtal importance not just
for increasing public safety but also for contribgtto the maintenance of the

natural and historical heritage of mountain areas.

1.2 Background

1.2.1 Theoretical background

For an optimal allocation of resources from theiaowelfare perspective, one
must consider not only the deployment costs ofgaiton programmes but also
the public demand for protection against landslidés®vernment and local
authorities in charge of protection of their citizehave to calibrate the funding
for landslide mitigation programmes to the publearaéind for safety. In practical
terms, this takes the form of an on-going debatsvéen local authorities in
charge of securing protection and the populatioraftécted residents. This is
particularly important in those locations where tluerent level of protection does
not meet the desired safety levels.

For an adequate level of expenditure to be rea¢hedthe social costs)
government authorities need to evaluate the bendfdat can be obtained with
alternative programmes for landslide mitigation. aleconomic efficiency is a
goal of policymaking, a formal Cost-Benefit Analys(CBA) is required to
compare policy outcomes. While market prices cavide an evaluation of the
cost of protection measures, the quantificatiothefsocial benefits (protection of
human health, environmental quality, etc.) in manetterms poses some
challenges due to their nonmarket nature. Howetier; cannot be inferred from
the market given that safety of settlements andigdaave clear public good
characteristics. Here, public safety is considee=d a public non-tangible
commodity (Spiegel, 2002). Following Samuelson @9%public safety has the
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characteristics of being non-excludable and noahmus (in consumption).
Protection from natural hazards is provided to pwatizen in the form of a
common amount by the local authorities and the gowent. So, all citizens as a
group are affected equally with a share in consionptut each of them can
value safety in different ways (Varian, 2006). Neheless, the social benefits
provided by a protection programme can be calcdla® the area under the
marginal value function of a landslide managemeolicp. This, in turn, is
obtained from the vertical sum of all the marginalue functions of the
beneficiaries. As a characteristic of public godtis, sum of the marginal rates of
substitution must equal the marginal social costhatoptimal amount of good
(Samuelson & Nordhaus, 2005).

Mitigation policies are designed to reduce the iotpaf landslides and,
therefore, to prevent direct and indirect damagedople, properties, and the
environment. The tangible benefits of policy acti@m to reduce the number of
fatalities and injuries, and the damage to houdms]dings, and public
infrastructures. Furthermore, landslide protectngrammes generate a wide
range of intangible benefits and associated vahetsare not directly represented
by market prices. Those benefits involve nonmadaeids and services such as
the prevention of negative physical and mental equences of landslide
disasters, social disruptions, visual amenity, tgafand related environmental
issues (ecosystem degradation) (Gibson et al.,)2®eéhce, much attention has
been given to assessing the monetary values ot thwserial and immaterial
benefits so as to account for all the policy berefi a CBA.

As a consequence, in the last fifty years, nonntarkkiation techniques
have been largely used in environmental econonftemrce, 2002). Essentially,
the nonmarket valuation techniques that can be irs¢dde context of landslide
mitigation policies are grouped into two categariesvealed preference (RP) and
stated preference (SP) methods.

The first group (RP methods) considers the reabwielr of people and
their expenditure to determine indirectly the valbat people place on a good or
service (Bateman et al.,, 2002). Within this grothgg Hedonic Pricing method
relies on choices made by people in real marketstuties the link between the
characteristics of the environmental goods or sesriprovided and the price of
marketed goods. However, this technique is notiegqiple to the study areas
given that it has the disadvantage of not reflgctime total economic value of
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landslide protection programmes. In fact, the hogisharket in mountain areas
has never been stable and well-functioning, givext supply and demand rarely
matched. Another applicable RP method is the DefenBehaviour method,
which estimates the value of avoiding landslideseguences by studying how
much people invest in actions aimed at preventarglslide-related outcomes.
However, this technique is not ideal for the préstady, due to the fact that the
safety of the population is mainly a collective cem, and individual actions are
therefore uncommon.

The second group (SP methods) elicits the valubefjood or service by
asking people directly about their willingness-tosp (WTP) for a given
improvement in the good or service or their willwegs-to-accept (WTA)
compensation for a reduction of the good or ser{lBaeman et al., 2002). These
methods rely on hypothetical scenarios, among wiielrespondents are asked to
choose.

The first method in this group is the Contingentiasion Method (CVM),
which enables the researcher to evaluate the anafumoney that people are
willing to pay for enjoying benefits derived by aligy aiming at providing a
certain amount of public good or service. It pusstleat by asking respondents to
indicate their WTP for the specific policy compayiit to the status quo The
second method is the Discrete Choice Experiment H)DGvhich provides
respondents with a set of alternative policy sdesdp evaluate and choose from.
Each alternative is described by several charatiesj known as attributes, and
the quantitative or qualitative levels that thegket (Bennett & Blamey, 2001).
Respondents make trade-offs among the attributesaling the extent to which
they are willing to pay for an improvement in thgesific commodity. Hence,
choices are used to infer the marginal value plamedach attribute. Usually,
people are presented with a series of choice satd) containing two or more
alternatives from which respondents choose theeped one (Louviere &
Woodworth, 1983; HanleyWright, & Adamowicz, 1998a). Other elicitation
formats exist, such as full or partial ranking dfematives, or their rating
according to some rating scale, or the simplesedatomparison.

Both the two groups of nonmarket valuation techegjyRP and SP
methods) are relevant for decision-makers sincg ¢the provide estimates of the
welfare impacts of specific changes in landslidécgoln addition to being able
to capture both use and non-use values, SP medlfi@dsnore flexibility than RP
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methods primarily because of their capacity toneste values for situations
beyond those that are currently observable. Them@&thods fit well with the
purpose of covering a more extensive range ofbattes when revealed data do
not encompass all the proposed changes in attsblgeels. Nevertheless, they
are vulnerable to a number of biases. The Nati@wanic and Atmospheric
Administration (NOAA) Blue Ribbon Panel providedsat of guidelines for
avoiding the most common biases of CVM, pointing the need of future
investigations into embedding bias and “yea-sayibigls (Arrow et al., 1993).
The embedding bias implies that people fail to prbp value the scenario
provided because they confuse the specific goodésewith a more general
concept; “yea-saying” bias implies that people egémate their WTPs because
they feel good about the good/service itself ebhemugh the declared amount does
not reflect the real value to them. In their reqamblication, Johnston et al. (2017)
offer a more comprehensive set of guidelines fois&idies that includes the two
decades of research since the NOAA panel.

The DCE method provides more information about pEsprade-offs
among alternatives’ attributes in comparison witilMC Also, it allows the
valuing of single attribute and situation chandg@sowing the marginal value of
changing certain attributes of an environmentaldganstead of only the total
value of environmental change, is more useful f@icgmakers especially for a
benefits transfer perspective (Hanley et al., 199Btoreover, DCE reduces the
strategic behaviours of respondents and some gpdtential bias of CVM (e.g.
“yea-saying”) (Bateman et al., 2002; Birol, Karokis& Koundouri, 2006). On
the other hand, DCE may raise some issues of caitpldt can require a
considerable effort from the respondent in makingdé-offs among many
attributes and alternatives in repeated choice @¢dsley, Mourato & Wright,
2001; DeShazo & Fermo, 2002), and from the reseailichdesigning appropriate

scenarios using realistic attributes.

1.2.1.1 Literature on public preferences for ndthezard mitigation

Natural hazards have been studied extensively nogeuand in other countries
around the world, mainly with a focus on the preiwmnof human and economic
losses. However, public preferences in the coméxtatural hazards mitigation
have been investigated in a limited number of eirgdistudies using both RP and
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SP approaches. Gibson et al. (2016) offer a rewiethie existing literature. With
regard to SP studies, CVM and DCE studies wereegppi the context of inland
water-related hazards, such as floods and landshdéh some differences. Those
natural threats present distinctive features duelifferent spatial scale and
dynamics of hazards. Floods are perhaps the masimom natural hazard
globally that can affect vast areas and a largetiqrorof the population.
Landslides, instead, are point events in spaced har predict and with a
potentially higher destructive power compared twodls. Also, the majority of
landslides fatalities occurred inside, while floddtalities tend to happen
frequently outside. Therefore, the vulnerability tbeé population to floods and
landslides varies among and within countries basethe specific study context.

Few studies employed nonmarket valuation techniqespecially SP
techniques, to estimate the value of landslide neskictions programmes. Among
them, Ahlheim et al. (2009) carried out a CV stuwdyinvestigate householders’
WTP for supporting the implementation of protectrarasures against landslides
in Northern Vietnam. Again in a DCE, Mori et al0(6) conducted a study on the
economic evaluation of landslide mitigation in tbemmunity for three pilot
development projects in Armenia. Rheinberger (20bYgstigated how much
society is willing to pay for reducing the mortgliisk on Swiss alpine roads due
to avalanches and rock falls. Once again, in Norwéiygel, Rizzi, Veisten, Elvik
and Ortuzar (2015) investigated the WTP of caratgvfor different landslide
protection programmes using DCE. Vlaeminck et @016) conducted an
investigation in Uganda on resettlement strateggntiigate landslide risk using
the same approach. In a DCE, Thiene, Shaw and &¢3016) investigated the
public perceptions of risk for landslides and retbévents in Italy.

With regard to floods, Brouwer and Bateman (200Bplgsed the
economic value that society puts on flood controkasures in wetland
conservation in the Netherlands using the CVM. Ailsir study on flood control
for wetland protection was conducted by Ragkos,chRsydakis, Christofi and
Theodoridis (2006) in Greece. Birol, Koundouri, &#ntouris (2008) carried out
a DCE survey in Poland with the purpose of inveding flood risk reduction
policy. Zhai, Sato, Fukuzono, lkeda and YoshidaO@and Zhai, Fukuzono and
Ikeda (2007) studied public preferences for floamhtool measures for risk
reduction in Japan using CVM and DCE approachesailAgn a CV study,
Brouwer, Akter, Brander and Haque (2009) pointetl tbe strong relationship
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between annual flood damage and household incorttetire estimates of WTP
for flood risk reduction in Bangladesh. Reynaud &lgadiyen (2013) implemented
a DCE to explore households’ WTP for flood risk uetion interventions in
Vietnam. Brouwer and Schaafsma (2013) investigdtedseholder behaviour
under different flood risk scenarios. The econowatue of risk reduction was
derived by analysing WTP estimates for insuranckcips in the Netherlands.
Another DCE study was conducted in the NetherldndBekker, Hess, Brouwer
and Hofkes (2016) on decision uncertainty for flaggk reduction. Recently,
Johnston and Abdulrahman (2017) elicited preferenioe policy actions to
protect the coastal areas of Connecticut, USA rsgéliooding and erosion.
However, none of those previous studies lookeduhtip preferences for
engineering solutions for natural hazards’ mitigatidespite the general lack of
effective protection systems in many countries dwitle. This opens up the
opportunity for contribution, especially given thmited literature on the topic of

nonmarket valuation of landslide protection.

1.2.2 Methodological background

To provide an adequate background for readers,esgmt a review of the
development of choice behaviour modelling.

The theoretical foundations of choice modelling eveprovided by
Thurstone (1927) and Luce (1959) in their pionegrimorks. Later, choice
modelling methods for the analysis of discrete cb®i were developed by
McFadden (1974). In that research, he proposed dification of the logistic
regression model for multinomial discrete choicesjginally called the
Conditional Logit model. The model relates the chei made by people to the
attributes of the alternatives in the choice skiswas originally contrasted with
the Multinomial Logit (MNL) model, which related olte probabilities to the
characteristics of the decision-maker. In laterccfica, the MNL model has been
extended to include mixtures of both. Under thedcen utility maximisation
(RUM) paradigm, the probability of choosing a sfiecialternative is the
probability that the utility associated with thdteanative is higher than those of
any other available alternative. Hence, people assumed to choose the

alternative that maximises their utility (welfafejm the options presented.



The MNL model is commonly used as a base modettioice modelling
analysis due to its convenience in estimation. Despis advantage, the model is
often an unrealistic representation of the emgirdata given the presence of
some restrictive assumptions. Firstly, the erramge are independently and
identically distributed (IID) Type | Extreme valu¢gV1) (McFadden, 2001),
implying uncorrelated unobservable factors ovefed#nt alternatives. Secondly,
the logit specification assumes that choice prditigsi must satisfy the
independence from irrelevant alternatives (I1A) pedy (Luce, 1959). It states
that the probability of choosing one alternativeeroanother does not depend on
other alternatives. Lastly, the key behaviouralrietson of the MNL model is the
assumption of preference homogeneity across inaiasdl

A rich set of choice models was developed in aengtt to relax or
partially relax the limitations of the MNL modelh& Nested Logit model is one
of the early extensions of the MNL model (Willian977; McFadden, 1978;
Ortluzar, 2001) where the set of alternatives igdéi into subsets called nests. In
this way, the IIA property holds within each nest hot between different nests
(Koppelman & Sethi, 2000). Generalisations of tHerbodels exist, and fall into
the Generalised Extreme Value models family. Howewéhile GEV models
relax some of the limitations of the MNL model, thgsumption of homogeneity
across respondents still holds (Train, 2009).

A flexible family of models is the mixed logit (MXYLmodels, initially
developed in the 1980s but which underwent rapavgr later, in the middle of
the 1990s, due to advances in simulation methodsglR& Train, 1998; Hensher
& Greene, 2003). This group of models allows thehservable factors to follow
any distribution; hence they potentially approxienany choice model under
certain conditions (McFadden & Train, 2000). In gamson to the standard
choice specification, the MXL models do not exhiart 1IA property and can
identify heterogeneity in preferences since paramestimates are allowed to
vary across the population. Their choice probaéditare the integrals of logit
probabilities over a density of parameters (Tr&f09). The MXL family of
models comprises two specifications that are idahtirom a mathematical
viewpoint but differ in the interpretation of theitputs: the Random Parameter
Logit (RPL) and the Error Component (EC) logit misddhe RPL model allows
preferences to be heterogeneous across individamats with a continuous
distribution (typically assumed to be normal orriognal) over the population.
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The EC model accommodates correlation across thigiest of different
alternatives (i.e. flexible substitution patternBjough the use of shared error
components. Scarpa, Ferrini and Willis (2005) satggethe use of this model in
choice experiments when respondents are likelytwider thestatus quaoption
differently from the other alternatives.

Different approaches have been developed over ¢hesyto estimate the
distribution of marginal willingness-to-pay (mWTH)he classical approach, also
called model in preference spaceequires first specifying the coefficients’
distributions and then deriving the distributionWfTP. Then, the WTP estimate
for a specific attribute is given by the ratio dfetattribute coefficient to an
estimate of the marginal utility of money (cost f@eent). Given that the cost
coefficient enters the denominator, the choicasdistribution is important when
deriving WTP values. To overcome the issue of aodenator close to zero
(resulting in large WTP), a solution is to speaffixed cost coefficient. The fixed
cost restriction avoids complications associateth veistimating the WTP as a
ratio of two distributions and facilitates estineaiti However, this assumption may
not always be realistic and may lead to heteroggeas (i.e. fail to account for
heterogeneity in the cost coefficient). Daly, Hessl Train (2012) pointed out
alternative paths to assure WTP distributions viitie moments (e.g. models in
WTP space, latent class models, and appropriatebdisons for the random cost
coefficient). Among those, an alternative approacbffered bymodels in WTP
space(Train & Weeks, 2005). First, the analyst spesifiee distribution of WTP
and then derives the distribution of the coeffitserin comparison to preference
space, the parameters in WTP space directly deheteWWTPs of the individuals
(implicit prices) rather than the estimated coédfits of the utility function
(marginal utilities). Among the advantages, thiprapch seems to produce more
realistic WTP values and provides more freedomhe specification of the
distribution of WTP (Scarpa, Thiene, & Train, 2008)

Another option for investigating preference heterogty is the Latent
Class (LC) model, popular in marketing and psycgloThe model identifies
latent groups of respondents with homogeneous neretes within each group
and heterogeneous preferences across groups tfadneacross individuals (Train,
2009). The outputs generated from the model arssddpecific parameter
estimates and membership probabilities for eactsdldensher & Greene, 2003).
The model specification provides powerful insigihtoi the segmentation of
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individuals with different preferences and is pararly useful for policy
decisions (Scarpa & Thiene, 2005).

Choice models with mixtures of modelling approachese also been
proposed in the literature. Latent Class-RandomarRater Logit (LC-RPL)
models combine discrete and continuous descriptioh preferences,
accommodating heterogeneity in tastes across rdspts by using separate
classes with different values for the taste comffits (Bujosa, Riera, & Hicks,
2010).

Other discrete choice models have been proposestent decades (Ben-
Akiva et al.,, 1999; Ben-Akiva et al., 2002). Amotigem, the Hybrid Choice
models, also called Integrated Choice and Latentia\dee (ICLV) models,
represent an increasingly popular extension ofaghoiodels with latent variables
in the utility function. Behavioural researchersvéastressed the importance of
accounting for the cognitive process underlying iohoformation. Therefore,
perceptions, attitudes and beliefs are more frefpuencluded in the model
specification as latent psychological factors tplax underlying determinants of
choices. However, given that latent variables cabedirectly observed, they are
identified through attitudinal indicators and texhtas explanatory variables in the
utility function. The model structure integratedfelient specifications into a
single one that is simultaneously estimated.

As indicated by the literature, the most commordgdichoice models are
mainly extensions of logit models. Another groupnaddels is the probit models
(Thurstone, 1927), which are less in use in thecehmodelling field. The probit
specification assumes that unobservable factodewokh normal distribution,
allowing for correlations over alternatives and icke (Daganzo, 2014). Despite
the flexibility of the probit, the normal distribah may be not appropriate in
specific circumstances, especially with regardhi honetary coefficient. Given
that the integral of the choice probability doest n@ave a closed form,
optimisation problems are another concern in thepadn of this specification,
especially in the frequentist approach. In appiocet, probit models can incur
identification problems that are difficult to detéDow & Endersby, 2004).

An alternative way to estimate discrete choice mimdeis by the use of
the Bayesian approach (Allenby & Lenk, 1994; Allgn® Rossi, 2003). Given
the data and a statistical model, Bayesian inferessigns "prior distributions" to
the unknown parameters of the model, which are aosabwith the likelihood
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function derived from the statistical model accoglio Bayes’ theorem (Train,
2009). Bayesian estimation procedures can be fasdtan their classical
counterpart and can overcome the difficulties assed with the maximisation of
the simulated likelihood function since they do metuire its maximisation
(Train, 2009). The fact that the Bayesian appraashprovide individual-specific
WTP estimates is particularly appealing as anradire to the standard approach
that derives the mean conditional estimates foh easpondent. Despite the clear
advantages, applications are still uncommon sinckctiioners are not yet
familiar with these techniques.

In choice data analysis, various forms of heteredgrhave been largely
considered with regard to preferences, choiceegfieé and model structures.
Heterogeneity in preferences among respondents Niegadden & Train, 2000)
can be captured by RPL models, LC models or migtafethose. In the former
case, the taste variation is among individuals evhil the latter case preferences
are allowed to vary between different latent group®ther type of heterogeneity
can be found in the error variance when the erasiamnce is not constant across
individuals and their choices. Then, there is la oisconfounding heterogeneity in
preferences with heterogeneity in error varian@gding to incorrect utility
estimates (Louviere & Eagle, 2006; Hess & Rose 22010 remove the possible
confusion between these two types of heterogeneigdels such as
Heteroscedastic Conditional Logit models (Hensheyviere, & Swait, 1999),
Generalised-MNL models (Fiebig, Keane, Louviere Wasi, 2010; Greene &
Hensher, 2010), Scale-Adjusted Latent Class mo(Misgidson & Vermunt,
2007) and LC-RPL models with specific scale-clastues (Thiene, Scarpa,
Longo, & Hutchinson, 2017) have received attentldowever, problems with the
interpretation of their results are still presdmcause scale variations (Swait &
Louviere, 1993) may exist among respondents, ate@s, choice sets, survey
instruments (e.g. RP and SP dataset), and sunaoegses (e.g. the effects of
fatigue and learning effects). Therefore, a scalepeter is introduced into the
model for scaling utility to reflect the variancktbe unobserved utility. The scale
factor is inversely related to the error variantein, 2009).

A significant part of choice modelling research herently been dedicated
to the study of respondents’ decision processesr dllan the classical RUM rule.
The actual behavioural process or decision rulel irsenaking a choice may, in
fact, vary between respondents. Some models asthamehe decision rule is
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intrinsically probabilistic, while others considirat the individual's decision rule
is deterministic (Ben-Akiva & Bierlaire, 1999). komplex or uncertain choice
situations, individuals frequently use heuristitesuto reduce the complexity of
the decision task. From a psychological point efwidifferent decision processes
can exist or coexist. Respondents may rank thivatitss and choose the favourite
alternative accordingly (Lexicographic decision qass; Tversky, 1969); they
may focus on a few selected attributes to acceptiminate alternatives from the
choice set until they are left with the best (Ehation By Aspects decision
process; Tversky, 1972); or they may even use auneof decision rules (Hess,
Stathopoulos, & Daly, 2012). Choice models with eottparadigms such as
Random Regret Minimization have been applied ieméstudies (Chorus, 2010;
Boeri, Longo, Doherty, & Hynes, 2012; Thiene, Bo&i Chorus, 2012). This
operates on the assumption that people choosdtéraative that provides them
with minimum regret instead of maximum utility. Morecently, mixtures of
behavioural choice models have been put forwarallow for decision rule
heterogeneity (Chorus, 2014; Boeri, Scarpa, & Cs02014).

Related topics that have attracted the attentiorreskarchers ar€)
attribute non-attendance (i.e. ignoring some attab) (Hensher, Rose, & Greene,
2005; Scarpa, Thiene, & Hensher, 2010),the increasing selection of thatus
quo option (i.e.status qudias) (Scarpa et al. , 2005; Marsh, Mkwara, & Baar
2011), (iii) ordering effects due to fatigue or learning (Gaots Mgarkbak, &
Olsen, 2012; Czajkowski, Giergiczny, & Greene, 201dnd iv) choice set
formation and antecedent volition (Swait & Marl@@13; Swait & Adamowicz,
2014).

1.3 Study context

Given the significance of the landslide problenthe Alps, an Italian mountain
valley, called the Boite Valley, was selected @&ase study. This mountain valley
is located in the Dolomites (Eastern Italian Alpa), area frequently affected by
destructive landslide events (Sterlacchini, FrigeiGiacomelli, & Brambilla,
2007; Salvati et al., 2010). Just recently, in AstgR017, a massive landslide
killed people and essentially destroyed a hamietil&ly, in 2015, three tourists
died trapped in their cars, while road interrupsiosolated a settlement for days.
Two other people died in 2009 due to an error iotgotion system planning.
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Many other events have occurred over time, withiigant damage and fatalities
at times.

The geological composition of the mountains arotmel valley makes
them particularly susceptible to erosion processm®$ consequently subject to
landslides. In this alpine environment, the moshewn type of landslide is better
known as a debris flow. These are particularly @aogs because of their high
speed (5-20m/s) and destructive impact. Thesealdtazards are generated when
three trigger factors coexidii) availability of materials such as rocks and trees;
(if) strong declivity; andiii) heavy rainstorms that generate a significant gtyant
of water (Gregoretti, 2000). The solid-liquid mixts of water, mud, sediment
and woody debris can reach settlements and roagisa@dly, without providing
much escape time for people living in the arearotransit on the roads. The
speed and the volume of materials transported bgethlandslides at the valley
floor are remarkable. It was estimated that thedsdde of 2016 in the
municipality of San Vito deposited about 100,00®icumetres of rocks and
debris.

A large part of the valley is vulnerable to landslhazards. More than 350
potential or active landslides have been identif@sl potential hazards to
settlements and roads (Bossi, Deganutti, Pasutbe&a, 2011). This number is
extremely high considering the 35 kilometre lengththe valley, with a total
population of 11,707 inhabitants occupying the dts of the mountains (Istat,
2017). The situation gets even worse considerieghigh level of danger of the
detected landslides and the short return period-8fyears for some of them
(Gregoretti & Dalla Fontana, 2008).

As mentioned earlier, concerns for the future @ thountain population
are rising. Residents rely heavily on the road oetwto move and work.
Therefore, road interruptions represent an issu¢h® mobility of locals as well
as visitors. The strong repercussions of landsio®irrences are of interest in the
tourism economy. The frequent landslide eventsoémt years could encourage
visitors to choose other locations for recreati@sulting in a significant monetary
loss for the entire mountain economy. Tourism hasnbthe primary economic
sector in this area since the Winter Olympics irb@%nd inclusion in the
UNESCO World Heritage List in 2009. A total of 3860 arrivals were registered
in the year 2016 (Regione Veneto - U.O. Sistemasit Regionale, 2017).
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Given the critical situation, the implementationroitigation policies for
landslides is currently being discussed by locatisien-makers in the Boite
Valley. However, the high costs of mitigation measuand inadequate public
budgets have caused serious delays in securingaldiesievels of public safety.
Additionally, a suitable agreement on actions totddeen has not been reached
(yet) and the negotiation process continues betwleeision-makers and the local
population.

The cost of the installation and maintenance ofgutoon devices is very
high; in the order of millions of Euros per yearr@ugh estimate of the total cost
of landslide protection for the entire Boite Vallisyat least €60 million, of which
€20 million is for one specific location (Cancid)o give an idea of the costs
involved, a diverging channel to deviate the debdsld cost between €100,000
and €600,000, while a basin for collecting landslidaterials costs even more
(€1-2 million). With regard to the early warningssgms, such as video cameras
and sensors, the installation cost could be ard&8a0,000 in a high-risk area.
The maintenance costs are also significant, amoginto €80,000/year. In
contrast, the cost of smaller systems drops to €000 and the related
maintenance costs also fall (€7,000/year).

Even more expensive are the restoration costs aftEndslide event,
which amount to millions of Euros per event. Fag tecent landslide of 2017, a
preliminary valuation of the damage to the hamieAlvera was estimated at
about €17.5 million, subdivided into 12 million fpublic property, 2.5 million for
private property and 3 million for productive land. another event that caused
repeated road interruptions near Acquabona duri@g62 the public funds
provided were €6.5 million during the emergencygeha

The Belluno Province is in charge of the hydroggimal protection of the
Boite Valley, in accordance with the law (L.R. 8 gust 2014, n. 25) for
administrative decentralisation with regard to si@fence. The Province receives
around €15 million every year from concessionstiiermanagement of integrated
water services that are supposed to be used fauciregl hydrogeological
instability. Following landslide disasters, all tigpverning bodies at different
hierarchical levels (Province, Region and central&@nment) provide economic

support to the affected regions.
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1.3.1 The survey instrument

A DCE method was adopted here as an appropriatdaloaonmarket valuation
in the context of landslide hazard mitigation. Thsnmarket valuation method
was chosen over other methods for its previousigtineed advantages.

For the purpose of this research, | used the DCth whe ranking
elicitation format, also called Contingent Rankibgperiment. This format
provides a full ranking of alternatives that is ealent to a sequence of discrete
choices but with more information on the underlyipigferences. The specific
approach adopted was the Best-Worst (B-W) ranlengriique, which means that
respondents sequentially choose the best and higewdrst scenario among a set
of alternatives and then the second best and ttendeworst options and so on
(e.g. Louviere et al., 2008; Scarpa, Notaro, Lotev& Raffaelli, 2011).

Although ranking acquires more preference infororatn a limited set of
observations, the computational time for the comptedels can become very
demanding.Therefore, this research also used the recodedngrata in the
DCE format that considers only the first rank as dption chosen. Despite some
criticisms raised by Boyle, Holmes, Teisl, and R2@01) regarding the different
cognitive process, Caparros, Oviedo and Campos8f2@tund that welfare
estimates derived from first choice elicitation aggrh are not significantly
different from those obtained from first rankingfter accounting for differences
in scale and experimental design. Specifically,fitst paper used the full dataset
accommodating pre- and post-treatment with only fivet rank (3,000
observations). Instead, the second paper used¢hegatment choices with only
the first rank (1,500 observations). Like the sektdhe third paper used the pre-
treatment choices but with the full ranking dat48¢@00 observations).

1.3.1.1 What attributes matter in protection?

The attribute selection was conducted with the leélpcientists who provided a
list of devices that can potentially reduce the usmnce and impacts of
landslides. Some devices were excluded due to @sophfamiliarity with those
protection measures. The final selection of attebuwas made based on two
categories of protection systems: traditional orrenmnovative technological
devices.
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The traditional devices are passive systems thatagiee mechanical
protection, reducing the impact of a landslide. §&hare the diverging channel (a
channel built to carry off the water in a differatitection from sediments and
rocks) and the retaining basin (a dam that colldegebris).

Among the more innovative technological deviceghtivision video
cameras (which detect soil movement) and acoustis®s (which capture soil
vibrations) were selected. These are active messofeprotection that warn
residents or travellers subject to the risk of imemit landslide hazard. In case of a
landslide event, these active devices can actafaiens and traffic lights on the
roads to stop the traffic flow.

A monetary attribute was included in the form giravisional road toll to
be paid for supporting the construction/installataf the protection systems. The
length of the toll period was eight months (fromriApo November of a specific
year). This length was determined based on theosehly of landslide events.
Other payment vehicles were initially considerag;hsas a tax. However, the toll
was judged the best payment mechanism since ittaffesidents and visitors
based on their travels in the valley. In this wiayyas possible to investigate the
preferences of residents and visitors using theesgnestionnaire. The inclusion
of visitors in this research was important, giveattthey would also benefit from
the implementation of protection programmes. Itrige that some beneficiaries,
who do not travel by car, are excluded from malpagment. However, these are
a minority because the car is the transport moae us the majority of trips in

mountain areas.

1.3.1.2 Pretesting

| conducted a qualitative and a quantitative ptetgs One-on-one interviews
were carried out among locals with different lamtisknowledge levels to ensure
appropriate comprehension of the survey questiornt ta select a restricted
number of attributes easily understood by lay peophen, | tested an initial
version of the questionnaire, including the DCEthwa pilot sample of 30
respondents, residents and visitors to the Boitéey.aTlhe pilot survey provided
insight into whether respondents understood dtetus quoand the attributes

presented in the scenarios, including the paymehicie. It allowed me to refine
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the language of the questionnaire and addresssangs before starting the data

collection.

1.4 Motivations

The motivations for this research project were fald- From a practical point of
view, the SP literature is missing studies aimethastigating public opinion on
decisions related to protection from landslide hdzaAdditionally, local
authorities and decision-makers need informatiorgamding the social
acceptability of proposed mitigation measures aedebciaries’ willingness-to-
pay to support the realisation of the policy actiolm the Boite Valley, the public
sector (Belluno Province, Veneto Region and Govemtinspends an enormous
amount of money, at least €12 million per yearreure the safety of settlements
and road networks from landslides. However, suobndimg programmes are
mainly focused on assessing the efficiency of ptaie measures with regard to
the cost component. In other words, attention isxanly focused on aspects of
the provision of services (i.e. people safety dr@raintenance of environmental
services), while ignoring the characteristics ainded (i.e. the preferences of the
beneficiaries of such services). Given that prateciprogrammes are mostly
funded with public money, the acquisition of infation regarding beneficiaries’
profiles is of fundamental importance for an e#id allocation of public
resources.

From a methodological viewpoint, the study conti@suby responding to
open research questions in the SP literature. Thram research gaps were
detected with regard to the specific method in €s&jsed on the central idea of
addressing preference heterogeneity and its detantd. Accounting for
preference heterogeneity in public policy for lditks mitigation is important for
outlining the characteristics of the social dembmdsafety against landslides.

This is relevant especially in the presence ofed#ht categories of
beneficiaries with different characteristics. Irctfathe social acceptability of the
implementation of new policy actions may vary basmd (i) the type of
respondents (residents or visitors) and their ggagcal contextii) people’s risk
perception;(iii) the value attributed to the environment and tlss lof benefits
and services provided by environmental godolg;individual financial ability to
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support the realization of the mitigation policiesid (v) personal knowledge of
the issue and the level of information providedtoatopic.

A concern is that econometric models that ignorgces/determinants of
preference heterogeneity may introduce bias inrparars and WTP estimates
and, as a consequence, wrongly evaluate diffefféextte of policy actions. This
can generate negative repercussions, affectinggabhsensus around decisions
taken by local authorities. This is particularlygrin mountain areas, where wrong
decisions can compromise the future development quality of life of the
population.

A lack of internal and external validity is a magncern for SP studies,
especially those aiming at informing policy. Deepihe widespread use of this
method, debate is still ongoing about some validggects (Bateman et al., 2002;
Bishop, 2003; McFadden & Train, 2017). Along witlipbthetical bias, which
may arise when stated preferences differ from tbeiah behaviour of the
respondents (Hausman, 2012), other criticisms Hseen offered. In a recent
work, McFadden and Train (2017) pointed out theeliability of CVM in the
context of environmental policy. They stressed C¥Nhadequate response to
scope; i.e. whether the estimates account foradbpesof the environmental good
or just for the concept of improvement. With regegdDCE, Lancsar and Swait
(2014) claimed that external validity is an undesearched topic when dealing
with policy recommendations. In assessing intermalidity, the statistical
significance of results and their economic sigaifice should be taken more
seriously into account (Rakotonarivo, Schaafsmélo&kley, 2016).

A better understanding of preference heterogereityits determinants is
essential for providing policymakers with credibkesults. An important
assumption behind this research is that by accogifiir preference heterogeneity
and related preference dynamics, the validity aodsistency of the WTP
estimates for landslide mitigation programmes mayimproved. A series of
research questions result from the need to conduptorative research into

preference heterogeneity and its sources.
1.5 Research questions
| present my work in the form of three papers inice modelling, each of which

is presented in line with an identified researcp igethe SP literature.
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The papers focus respectively on:

1) an investigation of preference heterogeneity fotigaiion devices and
the effect of visual science-based information mefgrence stability;

2) a study of the stability of parameter estimatesaisimulation-based
estimation procedure in the presence of an inargasumber of latent
variables revealing underlying risk perceptions gassible drivers of
preference heterogeneity);

3) an exploration of individual and spatial sources pfeference
heterogeneity through the use of geographical ohetents, spatial error
components and site-specific chioice sets.

In more detail, the specific sets of research qumest(RQ) addressed by each

paper are as follows:

RQ1. Research questions addressed in Paper 1.:

a) Do people perceive the current level of protectivbom landslide
hazard as inadequate?

b) Does the provision of scientifically based inforioatfor an attribute
have an impact on people’s preferences?

c) Are the distributions of the willingness-to-payiresttes and the effect
of information provision spatially heterogeneous?

Given recent landslide events, | question whetler ¢urrent level of

protection is perceived as sufficient by the pedplieg in or visiting the

Boite Valley. Preference heterogeneity for différarntigation measures is

also investigated as well as spatial heterogen€lig.next research question

looks at the effect of visual information, in therrh of simulations of

potential landslide events, on preference stability

RQ2. Research questions addressed in Paper 2:

d) How stable are the simulated parameter estimatesnfintegrated
Choice and Latent Variable models when the numbé&atent variables
is increased?

e) Is heterogeneity in preference across respondemierd by underlying
psychological factors such as perceptions of laddslisk?

f) If so, may strong risk perceptions related to ldi#s have a positive
impact on the aversion to status quo conditiores {he riskiest option)?
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The first research question is motivated by corsewner the stability of the
parameter estimates to the number of draws in thailation-based
estimation procedure for choice models with lateariables. A concurrent
hypothesis is that latent risk perceptions can bees of preference
heterogeneity in the context of natural disastemsch as landslides.
Additionally, | investigate whether strong risk peptions may result in an

aversion to the current level and/or type of priotec

RQ3. Research questions addressed in Paper 3:

g) Do spatial determinants contribute to explaininge tipatterns of
preference heterogeneity for landslide protection?

h) Do spatial choice models at the municipality lew#ér a useful tool for
understanding the spatial dimensions of preferdreterogeneity?

Given the local nature of landslide protection bgsel explore individual

and spatial sources of taste variations for laddgtiolicy actions. A related

research question assesses the importance of Ispaeterminants and

dimensions of preference heterogeneity. Specificdllquestion whether

spatial choice models, at the municipality levegynprovide an alternative

approach for policy decisions taken at the munlitypacale.

1.6 Outline of the thesis

To address the research questions in a structuage tive thesis consists of five
chapters. The central body of this work consistshoée peer-reviewed papers
that, at the time of thesis submission, have eitlesn submitted to a journal
(Chapters 3 and 4) or published in a scientifieali(Chapter 2).

. Paper 1 (Chapter 2)“Valuing landslide risk reduction programs in the
Italian Alps: The effect of visual information oreference stability”
This paper traces the impact of the provision cfusl science-based
information on WTP estimates for protection devi@minst landslides
(directionality effect). The information is providen the form of landslide
event simulations with and without a specific potittn measure. The
specification search suggests a Mixed Logit modiéh wandom utility in
the WTP space inclusive of interaction effects las best model. This

22



provides relevant indications on the directionaéffect of information that
only affects the mWTP of the specific protectionasigre and not those of
the other attributes. Geographical representatiohsaveraged mWTP
estimates for each sampled municipality are als@ioéd to denote the
spatial heterogeneity of the geographical distrdsutof WTP estimates.
This paper is policy-orientated since it offersigplrecommendations for
local decision-makers on the implementation of megigation strategies,
along with insight into spatial heterogeneity. Tdaper has been published,
after peer review, iLand Use Policy(Mattea, Franceschinis, Scarpa, &
Thiene, 2016).

Paper 2 (Chapter 3)“Exploring the stability of parameter estimatestte
number of draws in choice models with latent vagaab

Given the relevance of psychological factors thaynmfluence the choice
process, the second paper considers underlyingpeskeptions as latent
drivers of preference heterogeneity. An integratecice and latent variable
framework is used to control for the stability dietsimulated parameter
estimates when more complexity, in the form of lateariables, is added
into the model specification. One to three latematriables related to
landslide risk perceptions are included. Estimaies evaluated across six
sets of progressively higher numbers of draws i $imulation of the
sample log-likelihood. The estimate precision isegsed progressively at
each step. Results show that increasing the compleX the model
specification requires a higher number of drawsedoure that the model is
empirically identified. This paper makes a methodadal contribution to
the debate on the questionable value of this mgetification for deriving
policy implications. The paper has been submittedat peer-reviewed

journal.

Paper 3 (Chapter 4) -“Exploring spatial sources of preference
heterogeneity for landslide protection”

In this paper, | investigate multiple sources oéfprence heterogeneity
including spatial determinants. It was possiblecéanbine observables in
terms of conventional individual socio-economic refeéeristics as well as

geographical information relating to road segmesmsl municipality of
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residence. The findings show the importance oirdisspatial effects, such
as geographical characteristics, spatial error @yapts for road tracts and
site-specific choice-sets. It reveals richnesshim structure of preferences,
with relevant insights into the priority of interv@on in different landslide

sites. The importance of accounting for spatiattegeneity is stated, given
that taste variations are present at both individua municipality levels.

This paper is policy and methodologically-orienthtgiven that it provides

relevant insights into the preference structure twedspatial dimensions of
heterogeneity together with a contribution to sgathoice models. The
paper has been submitted to a peer-reviewed joutniads been reviewed
and revised and is awaiting a further decision friv@ editorial officeof

Land Economics

Overall, this thesis is expected to make methodo&a@nd policy contributions
to the literature on nonmarket valuation of natinatard mitigation in the field of

environmental economics.
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Chapter 2

Valuing landslide risk reduction programs in thediin Alps:

The effect of visual information on preference giigb

Abstract

Climate change has increased the frequency andsityeof weather-related
natural hazards everywhere. In particular, mounti@as with dense human
settlements, such as the ltalian Alps, stand téesulhe costliest consequences
from landslides. Options for risk management pescare currently being debated
among residents and decision-makers. Preferendgsenaf residents for risk
reduction programs is hence needed to inform thieypdebate. We use discrete
choice experiments to investigate the social demfamdlandslide protection
projects. Given the importance of information inbpei good valuation via
surveys, we explore the effect of specific visudbimation on the stability of
preference estimates. In our survey, we elicit gmerices before and after
providing respondents with scientific-based infotiora based on visual
simulations of possible events. This enables uméasure information effects.
Choice data are used to estimate a Mixed Logit (MKlodel in WTP space to
obtain robust estimates of marginal willingnesp&y (MWTP) values and
control for the effect of information. Mapping pesor individual specific mMWTP
estimates provide additional policy implicationsvetall, we found the mWTP

estimates to be dependent on information.

Keywords:
Landslides; information effect; MXL model in WTP a&m®; geographical

representation; discrete choice experiments.
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2.1 Introduction

Climate change has increased the frequency of gdmbeological calamities,
over both time and space. Worldwide a growing nunalbg@eople are affected by
such natural phenomena. This study specificallyeskis landslides in the Italian
Alps, an area where landslides are an increasicgtynon major natural hazard.
They are complex events for which current data ngcqrovide no precise
estimations of risk; scientists are hence unableréwide accurate predictions of
the probability of occurrence. In the engineeritgyature, there have been several
proposals of technical solutions aimed to redueeithpacts of landslide events
(Berti, Genevois, Simoni & Tecca, 1999; GregoréttiDalla Fontana, 2008;
D’Agostino, Cesca & Marchi, 2010). Most solutionsnsist of specific safety
devices to mitigate the risk in pre-existing lamis$’ trajectories. However, few
studies address individuals’ preferences for tlop@sed solutions.

Landslides have been studied extensively in Eureppegcially in Italy,
Norway, Switzerland and the UK, mainly with a focus their economic impact.
From the analysis of previous literature on thigi¢pit emerges that few studies
employed nonmarket valuation techniques, and ealbecstated preference
techniques, to estimate the value of landslide meskuctions programs (Ahlheim
et al., 2008; Mori et al., 2006; Flugel, Rizzi, ¥&n, Elvik & Ortazar, 2015;
Thiene, Shaw & Scarpa, 2016; Vlaeminck et al., 20H®dwever, there is still
limited work carried out in the investigation ofettsocial acceptability of risk
mitigation programs, and on their specific demand.

This study reports the results of a Discrete Ch&gperiment (hereafter
DCE) for the evaluation of landslide protection ideg. This approach is well
suited for such analysis as it allows researchemitit individuals’ preferences
for alternative policy measures. The present ingason contributes to the small
literature on people’s preferences for landslidégaiion programs. Specifically,
we estimate the implied willingness-to-pay (WTP) tbe local population of
visitors and residents of the Boite Valley (Belludtaly) inferring it from a
sample. The WTP estimates concern different engimgeolutions designed to
increase safety from potential landslides. To dgvepreferences over the
alternative solutions, the population during thébate should be exposed to
scientific-based information such as hydro-geolalgisimulations of possible
events. So, we also test whether the provisionisial information affects the
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stability of our estimates of respondents’ prefeesn In particular, we focus on
detecting whether information about a safety deunceeases individuals’ WTP
for that specific device. This is particularly nedat from a policy perspective, as
it may help policymakers to evaluate whether itajgpropriate to allocate
resources in promoting information campaigns. Tamalysis is grounded on
previous literature that showed that WTP estimaresimpacted by the type of
information provided to respondents (Munro & Hanlg@02;Chanel, Cleary &
Luchini, 2006; MacMillan, Hanley & Lienhoop, 2000ppewal, Morrison, Wang
& Waller, 2010). Furthermore, uninformed respondembay underestimate
benefits of protection projects for the communHynally, to explore the validity
of our results, we map the mean values of margiWdlP estimates at the
individual level within each municipality. To oun&wledge, the analysis of how
the sample estimates of marginal WTP are distribateer space has not been
previously employed to evaluate alternative riskhagement policies.

The remainder of this paper is organized into feections. Section 2.2
presents the case study by giving the reader arvieweof the landslide hazard,
the policy context of the study and presentinghiyigotheses to be tested. Section
2.3 describes the survey design and the modellppyoach used for the data
analysis and the hypotheses’ tests. In section2.dliscuss the results, including
the geographical representations of the resporsjmuific marginal WTP
estimates. Finally, our conclusions are reportedention 2.5 along with the

policy implications for landslide risk mitigation the Boite Valley.

2.2 The case study

2.2.1 The case study and policy debate

In the steep mountain areas of the Dolomites (NBehkt of Italy), there is
substantial evidence of recent and past landslideurcences. The high
vulnerability of this area to landslides, espewialebris flows, is likely to be
exacerbated by future climate change. The localiladipn are exposed to the risk
of serious socio-economic consequences from thesgrah events. Historical
records show that they often resulted in fatalitie®@melessness, damaged
buildings and interrupted road traffic (Sterlacchifrigerio, Giacomelli &
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Brambilla, 2007; Salvati, Bianchi, Rossi & GuzzeD10). These occurrences
harshly affect the main local industry, which iséd on tourism.

Due to high hydrogeological risk levels, severaldslides occurred in the
Boite Valley — the specific location of our studyrd caused deaths and damage
to houses and other property. In 1814, a massidslale destroyed two villages,
killing 257 people. The biggest events happenel®P2b, causing 288 victims and
53 people went missing. In the last decade, thesa asuffered a series of
devastating landslides. Recently, in summer 20dt&nse rainfall over a short
period of time triggered eight events, causing ifitant damage to public
infrastructure and three victims among visitorsol@gists believe that there are
approximately 350 potential and active landslides tan be highly dangerous for
the population living in the valley (Guidoboni & Wasise, 2014).

Local authorities are still debating with the coomty what possible
landslide risk mitigating options to undertake. #&de-scale evaluation of both
public support and acceptability for alternativesksreducing programs is
underway. This is becausé) realisation costs are high and many roads and
municipalities are at riskji) protection devices could have major environmental

impacts; andiii) major changes of the municipalities’ planning expected.

2.2.2 Hypotheses

This paper specifically investigates the followthgee hypotheses:

H1: People perceive the current level of protectipom landslide hazard as
inadequate.
Because of recent landslide events, it is clear tis& mitigation is still a
major safety issue for local authorities in the tBolMalley. However,
interventions to mitigate the risk are expensiventplement. A unanimous
decision about the measures to be adopted in theyuvaas not yet been
reached. Therefore, there is a need for better retateling public
acceptability of landslide risk management for dficient use of public
funds. For this reason, it seems useful to accadiditional information on
preferences of residents and visitors, given thal twould be the main
beneficiaries, but also they would be the mainraial contributors. The
inclusion of social preferences in the public deballows policymakers to
take into account the economic dimension (expregsédrms of WTP), in
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H2:

addition to the other dimensions that feed intohsdebate. Specifically,
preferences regard the use of a range of mitigatiemices to increase
protection. No previous studies have investigateshbondents’ preferences
among a variety of safety devices against natwaahtds.

The provision of specific scientific-based mfiation will shift the WTP for
the specific attribute for which the information svarovided as well as for
the other attributes.

Many stated preference researchers had investightedmpact of various
types of graphical and non-graphical informationstated preference values,
starting from the seminal work of Bergstrom, Stalld Randall (1989).
Findings from previous studies in the context ofiemmental goods showed
controversial results. The majority of the studfesand that provision of
information about a good leads to changes in WTinates. Among them,
Munro and Hanley (2002) showed that an individuANd P increased if
positive information about the good was providetie Tinformation effect
was also investigated by O’Brien and Teisl (2062Qarding environmental
certification and labelling. Their results suggdsit additional information
considerably altered estimates of mMWTP for spedaificbutes. Instead, the
results of a study conducted by Oppewal et al. (2@Lggest that providing
explanatory information about an unfamiliar atttdunot only results in
parameter shifts for the particular attribute Habaffects the estimates of the
remaining attributes and the scale unit of theitytifunction. The study
conducted by Czajkowski and Hanley (2012) suggesiarespondents were
more deterministic in their choices when providedthwadditional
information. In a contingent valuation study, Chaeteal. (2006) showed that
scientific information could have a positive impact the respondents’ WTP,
but not so for public opinion. Other studies foalsen the effect of
information provision for goods that differ in terof familiarity. Among
them, MacMillan et al. (2006) found that half ofetlhespondents changed
their WTP over successive rounds of informationvmion, especially for the
less familiar good.

In our case, people might value more those prateatieasures offering the
highest level of safety, such as passive devi¢es) those offering a lower

safety level, such as active devices.
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H3: There is spatial heterogeneity in the distribatof the WTP estimates and in
the effect of information provision.
Residents in the Boite Valley can, in fact, benefitore for the
implementation of landslide mitigation programs nthasitors. Therefore,
there could be evidence of a distance decay efietpondents’ familiarity
with the problem and exposure to it can lead ttedéht impacts of additional
information across the region.

It is an empirically well-founded expectation thaelfare changes
display spatial heterogeneity, and that this heggemeity can be policy
relevant. An expanding literature of stated prafeeestudies addresses the
relevance of spatial factors for the estimation\6FP. Particularly relevant
for this study is the contingent valuation studynadacted by Johnston,
Swallow and Bauer (2002), which found a significamipact of spatial
attributes on WTP estimates in surveys providingoggaphic details. Spatial
distributions of WTP estimates from DCE surveyseh@een investigated in
several studies, starting from the seminal worksCaynpbell, Scarpa and
Hutchinson (2008) and Campbell, Hutchinson and @&c#42009) in which
WTP estimates for rural landscape features werepath@across the Irish
landscape. They revealed that WTP is positivelytialya autocorrelated in
relation to non-site specific landscape improveme&imilarly, the spatial
heterogeneity in WTP for environmental attributessvalso investigated by
Abildtrup, Garcia, Olsen and Stenger (2013), Brdstrange, Jacobsen and
Wilson (2013) and Termansen, Zandersen and Mc([2a@8). Yao et al.
(2014) used data on forest distance from respofsdeaimes found evidence
of a significant distance-decay effect, which metia respondents tend to
have a higher WTP if living closer to the enviromta good evaluated.
Furthermore, Czajkowski, Budzinski, Campbell, Giezgy and Hanley
(2017) found that respondents’ WTP was higher thset was their place of
residence to the nearest forest, and the scanast$owere in the surrounding
area. They also found that respondents from difteregions had different
WTP for each attribute. Among others, limitatiorighee traditional distance-
decay method were pointed out by Meyerhoff (2013t tshowed the
existence of local clusters with similar WTP forndi power generation.
Following this line of thought, Johnston and Ranaaxira (2014) used local
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indicator of spatial association to explore hottspm stated preference

welfare estimates.

2.3 Survey design and data

2.3.1 Discrete choice experiment attributes

We developed a five attributes DCE, described iblda2.1. Four attributes
represent devices to protect against landslides: gassive devices (diverging
channel and retaining basin) and two active onéde@vcameras and acoustic
sensors). We identified the four technical attdsutfollowing the advice of
geologists and engineers with the purpose of mattiegscenarios as realistic as
possible. The fifth attribute is a hypotheticalddall to transit in the valley for a
one-time period of approximately eight months toaficially support the
implementation of the mitigation programs. All ditrte levels are dummy-coded
(presence of the safety device = 1, else = 0) exitepmonetary attribute that

takes four numeric values.

Attributes Acronym Description Levels

Channel CHAN The diverging channel is a man-me 1 if present
channel built to redirect water. The wate 0 otherwise
carried off in a different way that tt
sediment and rocks, mitigating the imp
of the landslides.

Basin BAS The retaining basin is a dam where 1 if present
solid and liquid mass is collected prior O otherwise
damage roads and villages.

Video cameras VIDEO Video cameras monitor the landslic 1 if present
during the night and, in case of emerger 0 otherwise
they will activate the alarm system and
traffic lights on the road.

Acoustic sensors SENS Acoustic sensors detect soil movemen 1 if present
slopes prior to landslides. The sens O otherwise
consist of pipes inserted vertically in t
flank of a landslide slope. They provi
with acoustic emissions used to give e:
warnings of landslide occurrence as wel
activated the traffic lights.

Road toll TOLL A road toll to pay for eight months (fro €1
April to November of a specific year) dai €2
for transit in the valley by car for resider €3
and visitors. €4

Table 2.1 — Attributes and levels of the DCE.
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2.3.2 Experimental design and questionnaire dewvedoy

The generic DCE used an optimised orthogonal exyrial design (Ferrini &
Scarpa, 2007; Scarpa & Rose, 2008; Rose & Bliei2@09; Bliemer & Rose,
2010; Bliemer & Rose, 2011). The unlabelled chaets design was carried out

using the software Ngene (ChoiceMetrics, 2012).u factorial experimental

design for four 2-level attributes and one 4-lemétibute provided %4=64

combinations of alternatives. A full factorial dgisipermits to identify both the

main effect of each attribute and the effect of thieractions between them.

However, as the focus of the study was on the reffect of each attribute, a

fraction of the full factorial design was adopt@tie fractional design consisted of

60 choice sets that were blocked into 10 groupsixfeach. Each respondent

could reply to six choice sets from one of the 16cks to which s/he was

randomly assigned. The issue of ordering effectadakessed by randomising the

choice sets order for half of the sample (Day et 2012). Each choice set

comprised seven alternatives among which to chtwsereferred option (Figure

2.1). Among them, the seventh alternative represerhe status quo(S.Q.)

option, i.e. the hypothesis of maintaining the eantr situation without any

additional costs and no safety improvement.

Site 1 - CANCIA

Alternatives A B C D E F Status quo
Channel - - - channel channgl channel -
Basin - basin basin Basin - - insuff. ba
Video cameras video - video - - vide -
Acoustic sensor - - sSensors - Sensors  sensors -
Road toll €3 €4 €1 €1 €3 €3 €0

Sin

Your choice

Figure 2.1 — An example of a choice set for a djpesite.

Six locations were selected on the valley, eachthein with a high

landslide risk. Each choice set presented to resgae explicitly referred to one

of these six sites. Therefore, a differstdtus quooption was included for each

site. The choice sets have been considered aseandept and not additive

choices. In some locations, respondents were irddrraf the existence of

insufficient or under-dimensioned safety devicesewlhthese were unable to

provide reasonable protection against landslidesaté protection devices were
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treated as absent in the data analysis, becausievenfor protection. To facilitate
space awareness, we gave respondents maps oflléye wdah marked locations
of each site. Table 2.2 reports the actual sitnatd safety devices in each

location.
Sites Passive devices Active devices
Channel Basin Video cameras Sensors
1. Cancia absent insufficient absent absent
2. Chiapuzza insufficient  insufficient absent alisen
3. Acquabona absent present absent absent
4. Fiames Km 106 present absent absent absent
5. Fiames Km 108 absent absent absent absent
6. Fiames Km 109 present insufficient absent absent

Table 2.2 -Status quan each site.

The survey consisted of seven sections: the finstuded warm-up
guestions followed by questions about attitudesatdwisk and knowledge about
landslide hazard. The second section asked questiorrecreational behaviour.
The questionnaire was designed to include a DCEhan third part and a
“repeated” DCE in the fifth. A fourth section proed respondents with the
information treatment, which consisted of visuapresentations of hydro-
geological simulations of landslides, the effectwdfich was at the core of our
investigation. Debriefing questions were askedh@ s$ixth section investigating
preference over payment vehicles and the feelingrgéncy of such protective
policy measures. The final section of the questamenconsisted of demographic
guestions.

The two DCEs before and after the information tresit were identical.
Specifically, the additional information was prosdin the form of two hydro-
geological simulations of possible landslides. Tinst simulation (Figure 2.2)
referred to three sites in the upper part of tHeeyand showed all the possible
trajectories of the landslides. The second sinmatimodelled landslide
trajectories in a specific site with and withousafety device, the channel. This
simulation is reported in Figure 2.3. The yellowdagreen areas describe all
possible landslide trajectories without the chanAdiernatively, after building
the channel, the yellow areas do not constitutsipteslandslide trajectories.
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Figure 2.2 — First simulation: possible landsligerds in the upper part of the Boite
Valley (C. Gregoretti, personal communication, 20.4).

Figure 2.3 — Second simulation: a possible landskith (only yellow area) and without
channel (yellow and green areas) in site 2 — Clzizgp(C. Gregoretti, personal
communication, July 2014).

2.3.3 Sampling procedure

Given the specificity of the study, scientists’ a#vwas used for identifying the
most important safety devices for landslide pratecin the specific locations.
Then, interviews were carried out among locals wifferent knowledge levels to
select a restricted number of attributes easilyeustdod by lay peopléin initial

version of the questionnaire was tested on a samipdé¢ of 30 respondents,
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residents and visitors to the Boite Valley. Theopproceeded smoothly, which
led to minor changes in the survey instrument.

After the necessary amendments, the full-scale ctaltaction was carried
out in September-October 2014 by in-person surv@$f respondents were
randomly sampled on-site among the residents amdiffitors of the valley. The
two identical repetitions of the DCE per responderdduced a total of 3,000
choice observations.

Regarding socio-economic characteristics, the sangphsisted of 133
men (53.2%) and 117 women (46.8%). The responaesrs all aged between 18
and 92 years. The average age was 47.7 yearsctigshe49.5 for men and 45.8
for women. Almost half of the sample was residenthe valley (43.2%, 108
respondents out of 250) and the other half was oseg of different types of
visitors (56.8%, 142 respondents). However, aln®@8b of the respondents are
residents in the Belluno province. The local sadl¢he investigation appears to
be necessary because residents and people than likke nearby valleys are the
main beneficiaries of the policy implementation. shmmary of the socio-
demographic and economic characteristics of thepkars presented in Table 2.3.
More information regarding the geographical distibn of the sample is

provided in section 2.4.2.

Variable Description Frequency %
Age Less than 30 years 29 11.6
30-39 years 46 18.4
40-49 years 64 25.6
50-59 years 55 22.0
60 or more 56 22.4
Gender Male 133 53.2
Female 117 46.8
Family members Single 45 18.0
Couple 68 27.2
Three members 68 27.2
Four members 56 22.4
More than four members 13 5.2
Minor family members No minor members 191 76.4
One minor member 39 15.6
Two minor members 17 6.8
Three minor members 1 0.4
More than three minor members 2 0.8

Continued on next page
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Table 2.3 — continued from previous page

Variable Description Frequency %
Education Primary school 8 3.2
Intermediate school 61 24.4
High school 118 47.2
Bachelor degree 15 6.0
Master degree 43 17.2
Post-graduate degree 5 2.0
Job position Self-employed 42 16.8
Employee 114 45.6
Professional 18 7.2
Businessman 12 4.8
Student 11 4.4
Housewife/retired/unemployed 53 21.2
Family net income Less than €15,000 69 27.6
€15,000-€30,000 102 40.8
€30,000-€45,000 55 22.0
€45,000-€60,000 16 6.4
More than €60,000 8 3.2
Respondent type Residents 108 43.2
Second-house owner 12 4.8
Daily visitor 92 36.8
Overnight visitor 3 1.2
Other (work, study, transit) 35 14.0

Table 2.3 — Socio-economic characteristics of #rage (N=250).

2.3.4 Econometric model

In our DCE respondents are presented with two sefesix choice sets, each
containing various landslide protection scenarfos,a panel of 12 choice sets.
Although respondents were asked to rank the sa@naom best to worst using a
reiterated best-worst approach, in the analysisrteg here we only use data on
the most favourite alternative. Each choice in seguence is modelled as a
function of the attributes using Random Ultility Ding (or RUT, see for example
Luce, 1959; McFadden, 1974; Train, 2003).

Several RUT models have been proposed in the tlileraand most
recently focus has been placed on those able tax rdle independence of
irrelevant alternative assumption, such as Mixedjit.anodels (Train, 1998;

Revelt & Train, 1998). In this paper, we adopt axdl Logit specification in
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WTP space (Train & Weeks, 2005; Scarpa, Thiene &infr2008). The utility
function for choice occasians specified as:

Unit = An(@nXnie — Dit) + €nit (Eqg. 2.1)

whereX,,;; is a vector of non-monetary attributpg, is the cost attribute anal,

is a conformable vector of marginal WTPs for eaoh-monetary attribute and
respondenn. 1;, is defined ad,6,,, where,, is the scale of the i.i.d. Gumbel
errorenir. and &, is the realization of the cost coefficient forpeadentn.

To test the first hypothesidil) that visitors and residents perceive the
current level of protection from landslide hazasdreadequate, we included in our
model the alternative specific constant (ASC) foe $tatus quoalternative. A
negative sign of the ASC would support our hypathes

To further investigate variations in estimated pssters across
individuals, a covariance structure was estimabealctount for correlation across

the elements of the vector, :

[Ob,b
g, g,
A= ¢b cc
lo-s,b as,c as,s
Uv,b Uv,c Uv,s Uv,v

(Eq. 2.2)

L —

wheres are standard deviations of random parametersienotes basing
denotes channed,denotes sensor andlenotes video camera.

One of our main hypotheses was that a protectierceavould be valued
more after respondents received detailed informadimout it (hypothesikl2). To
test such hypothesis, we estimated a utility fumcton the pooled choice data
(pooling before and after information provision)damclude one interaction
variable between each attribute and a dummy variafiolr the information effect.
The generic linear utility function for the altetive i in the pooled data can be

expressed as:

Vi = a)n'Xi + An,(Xi X I) (Eq 23)
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whereX; is the vector of attributes. A statistically sifyrant element,, will
support the hypothesis of an information treatnedfetct on value.

To test the hypothesis of spatial heterogeneitpesfefits associated with
safety measuresH@), we represented the geographical distributiormWTP
across the region. We first simulated mWTPopulation distributions by
generating 10,000 pseudo-random draws from the nditonal distribution of
the estimated parameters and calculating individpatific estimates for each
draw (Train, 1998; von Haefen, 2003; Scarpa & Teje2005). We then sorted
the values by municipality and computed the respecmeans. Finally, we
mapped mean values with ArcGIS to obtain the gegwgcadistribution of

estimates in each municipality.

2.4 Results and discussion

2.4.1 Model estimation

The Mixed Logit (MXL) model in WTP space has beetireated by simulated
maximum likelihood using Biogeme software (Biemair2003). The choice
probabilities are simulated in the sample log-iikebd with 500 pseudo-random
draws of the modified Latin hypercube sampling (MiHype (Hess, Train &
Polak, 2006). All the attributes’ coefficients, a®ll as the alternative specific
constant (ASC) for thestatus quooption, are assumed to have a normal
distribution. The specification includes interaatiterms between each attribute
and the perception of information, coded as a dunvagyable (0 = before
receiving the information, 1=after receiving th&mmation).

For comparison, a Multinomial Logit (MNL) model arkde counterpart
Mixed Logit model in preference space have alsol@mstimated. The information
criteria for the three models are presented indabl. All information criteria are
concordant to indicate that the specification in M\@pace outperforms the others
in terms of goodness-of-fit, suggesting that thisdel is better suited to explain
the observed dependent variable and to capturbetezogeneity of respondents’

tastes.

52



N =250 MNL MXL in preference space MXL in WTP spac

InL -3041 -2459 -2403
AlC 6106 4870 4758
BIC 6148 5051 4939
AlCc 6107 4850 4738

Table 2.4 — Models comparison.

The estimated parameters of the MXL model in WT&cspare shown in
Table 2.5. The estimated mean/median value for dbefficient alternative
specific constant for thetatus quas negative (-1.98+1.9), which suggests that
respondents generally consider the current leveratection differently from the
proposed alternatives. The construction of a chasressociated with the highest
mean WTP value (€2.12+0.92) followed by the cordiom of a basin
(€1.83£0.7). Respondents seem therefore to prefsiye devices. However, the
construction of active devices is perceived as fi@akas well, as both devices of
this kind are associated with positive WTP valwesh sensors slightly preferred
to video cameras (€1.26+0.42 and €1.19+0.57). Bo¢hnegative perception of
status quoand the positive WTP values for implementation nefv devices
support our first hypothesis. The mMWTP values, irigndrom €1.19 to €2.12 per
day per attribute, seem to be reasonable giventhleapayment vehicle is in the
form of a provisional road toll for a maximum offdays.

We investigated the effect of the information pded by simulation
scenarios by means of interaction terms between a#igbute and post-treatment
indicator variable. The coefficients of the intdra terms with the attributes are
all insignificant, except the interaction term fdne attribute channel. This
suggests that the information treatment led to angh of the perceived benefit
from improvement only for this attribute. This réisis consistent with the fact
that one of the landslide simulations provided veasised on a possible building
of a channel in one of the areas under study. ppsus our hypothesis of an
information effect on the perceived safety measiréhose alternatives singled
out for information provision. Specifically, the gitve sign of the significant
interaction coefficient suggests that after theiimfation provision, respondents
valued the benefit derived from the channel 42 canbre. We did not find
evidence, instead, of information effect for dewicér which additional
information was not provided. Therefore, hypothdd is partially rejected.

Finally, it is interesting to note that the intdran term between the ASC for the
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status quoand the dummy variable for the information treaitnés also
significant p-value 0.03), which suggests that after receivimfprimation
respondents changed their perception of currertegiion measure. In particular,
the negative sign of the coefficient associatech white interaction term (-0.15)

suggests that respondents value even less thentacenario.

Value Std. Err.  p-value

Mean parameters

Hu BAS 1.83 0.36 <0.001
n CHAN 2.12 0.47 <0.001
H SENS 1.26 0.21 <0.001
u VIDEO 1.19 0.29 <0.001
H ASC_SQ -1.98 0.97 <0.001
HIn@) -2.05 1.12 <0.001
Interaction parameters

Info x BAS 0.13 0.16 0.24
Info x CHAN 0.42 0.20 <0.001
Info x SENS 0.34 0.31 0.19
Info x VIDEO 0.08 0.14 0.56
Info x TOLL 0.04 0.24 0.81
Info x ASC_SQ -0.15 0.09 0.03
Standard deviation parameters

c BAS 1.21 0.35 <0.001
o CHAN 1.36 0.38 <0.001
o SENS 0.99 0.41 <0.001
o VIDEO 1.01 0.58 <0.001
o ASC_SQ 0.87 0.63 <0.001
o In(2) 1.81 0.95 <0.001
Log-likelihood -2402.88

Table 2.5 — Estimates of the MXL model in WTP space

Table 2.6 reports the estimated correlation ternmsorsy random
coefficients associated with non-monetary attrisubdost of the correlation terms
(four out of six) are statistically significant, darall of them are positive. This
suggests that tastes for different devices do rasy Windependently but are
positively correlated across different individualge note that the highest degree
of correlation is found to be between protectiowickes of the same class, in

particular between channel and basin (0.68).
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BAS CHAN SENS VIDEO
BAS 1.00

CHAN 0.68 1.00
(0.18)
SENS 0.12 0.08 1.00
(0.13) (0.02)
VIDEO 0.02 0.06 0.29 1.00
(0.01) (0.09) (0.11)
Note: Bolded values are statistically significan®8%. Standard errors are reported in brackets

Table 2.6 — Correlation among the random coeffisiefi non-monetary attributes.

2.4.2 Geographical representations

This section explores the geographical distributdrbenefits that would derive
from policy measures aimed at increasing landgird¢ection in the Boite Valley.

The sample covered 31 out of 67 villages on a 3J@n8 surface of Belluno

province (209,430 inhabitants). From the total 288pondents, almost 90%
(89.6%; 224 out of 250) were resident in the proginThe other 26 came from
other parts of Italy, but mostly within the sameamaaistrative region (Veneto

Region). Due to the low number of respondents frother provinces, we

considered only the municipalities in the Bellunmpnce. Moreover, people
living in or close to the valley are more likely tbe affected by the

implementation of future mitigation projects.

The average WTP value for each municipality wasmated by averaging
the respondent-specific estimates across residerach municipality. We used
ArcGIS 10.3 (ESRI, 2010) to create the maps.

Figure 2.4 illustrates the average WTP for the trantion of a channel,
before and after information provision. We focustbis attribute as it was the
only one affected by the information treatment. i on the left illustrates the
geographical distribution of mean WTP before reiogyvthe information
treatment, whereas the one on the right showsdhes after such treatment.
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Figure 2.4 — Mean WTP for the attribute “chann&eéfpre on the left, after on the right).

The maps provide some evidence of spatial hetesityeof the estimates,
as values change in different areas of the regibns supporting our third
hypothesis. However, there does not seem to beoagsevidence of a distance-
decay effect on the estimates, as high WTP valuese wetrieved also in
municipalities located far from the Boite Valley.oWever, most of the
municipalities that show a high marginal WTP vadwe located in mountain areas
and in the province where there is a real riskaoidslide. We notice a general
increase in the post-information mean value of WiTRImost all municipalities,
which is consistent with population estimates. Befmformation provision in
most of the municipalities the average WTP values lzetween €1 and €2,
followed by values between €2 and €3. Only one wipality exhibits WTP
values higher than €3. After information provisiomstead, most of the
municipalities have values within €2 and €3. Aduhally, there is also an
increase in the number of municipalities with WTRIues higher than €3.
Information seems to affect residents of Boite ®glland those living in
municipalities on the East border. An increase he perceived value after
information provision is also detected in some roialities in the southern part

of the province, which is far from the valley. Iadiuals living in this area are
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likely to have lesser knowledge of the landslidetem of the Boite Valley,

which may explain the strong effect of the inforroattreatment among them.

2.5 Conclusions

In this study, we presented the results of a dasdyais from a DCE designed to
evaluate alternative protection actions in the exntf landslide risk reduction.
The study provides salient indications regardinghbthe effect of additional
information and geographical distribution of WTPtimsates. Our study was
motived by three hypotheseg) current safety measures are perceived as
inadequate;(ii) information provision affects individuals’ mWTP rfesafety
measures(iii) there exists spatial heterogeneity of both mWT® iaformation
provision effect.

In support of our first hypothesis, we found thatveyed residents and
visitors perceive negatively treatus quoand have positive WTP valuations for
the proposed improvements of the existing protacsystems. In particular,
passive devices (channel and basin) are prefevradtive ones (video camera and
Sensors).

In partial support of our second hypothesis, wentbstrong evidence of a
positive treatment effect linked to the provisidrvisual information regarding a
specific policy action. Differently from other stied, the information does not
have additional effects (positive or negative) ae fttributes about which no
additional information was provided. However, ara@in the perception of the
status quowas also detected since respondents appear to valuent safety
measures less after receiving information.

As far as it concerns our third hypothesis, the pnagp of the geographical
distribution of WTP estimates provides some evideoicspatial heterogeneity of
WTP values, although there are no immediately ristishable spatial patterns.
This suggests that the benefits associated witlcoimstruction of a channel are
perceived differently by people living in differeateas. The comparison of the
geographical distribution of values before and raftdormation shows which
municipalities benefit most from increased awarsneterestingly, the
information effect appears to be substantial in es@reas located far from the
Boite Valley, in which respondents are more likedybe least familiar with the

landslide issue.
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With regard to policy implications, the estimatedan values of marginal
WTPs offer insight on the relative importance otleg@rotection device n each
municipality. Having information about individualrgferences of residents is
important to public decision-makers to avoid comirsies. The results of this
study suggest that policymaker should focus on ithelementation of plans
which include the construction of passive deviessresidents and visitors of the
Boite Valley are willing to contribute more to theealisation. In particular, it
seems appropriate to promote the construction aihmdls as this device is
associated with the highest WTP values, even bafdoenation provision. With
regard to the effect of information, it appearst thatter-informed respondents
make choices consistent with higher willingnesg#y-which are specific to the
policy measure for which the information is provdde

This unsurprising result suggests that investmaneducation may be
appropriate to increase people’s inclination totdgbate to the implementation of
specific actions. In particular, it may be usefulfdocus such campaigns on civil
engineering measures that policymakers plan to tadbipe analysis of the
geographical distribution of the benefits may hamportant repercussions on the
scheme to be adopted to apportion protection céstally. Specifically,
accounting for the spatial heterogeneity of indial$’ preferences might induce a
broader acceptance of public intervention and sdpfe. cost-sharing) over a
larger geographical area. Despite these interestimglusions, these estimates
should be used with caution. These results shoalidtegrated with a cost-benefit

analysis for an efficient decision-making tool iskrmanagement policy.
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Chapter 3

Exploring the stability of parameter estimatestte humber

of draws in choice models with latent variables

Abstract

The paper explores the stability of parameter es#s) in simulation-based
estimation for models integrating latent variakiteghoice analysis. The purpose
of the study is to assess the consistency of stioalaesults while increasing the
number of latent variables and gradually increadimg number of simulation

draws. Specifically, we consider three Random PatamLogit models with

Latent Variables, which incorporate respectivelye,onwo and three latent
constructs. Since the optimum number of draws reduio obtain a stable set of
estimates is not pre-determined, we use six sepsagfressively larger draws to
assess estimates’ sensitivity, always using theessahof starting values. We use
data from a survey on landslide mitigation prefees) taking into account
psychological and unobservable sources of hetesityeim people’s preferences
for alternative risk prevention policies. Overalhe results suggest that an
unusually large number of draws was needed to cloeakmpirical identification,

much larger than what is conventionally adoptedmost of the published

literature. Different degrees of instability aresebved when more latent variables
are incorporated. Although it is difficult to geabse, using a conventional
number of draws appears to fail to detect heter@iggem the sample with regard
to key latent variables. Since little systematiteaion has been paid to the
consequences of unstable results when derivingcyolmplications, the

conclusions report some general recommendations pfactitioners when

adopting this analytical framework.

Keywords:
Parameter stability; empirical identification; eséition by simulation; draws;
Integrated Choice and Latent Variable model; riskcpptions.
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3.1 Introduction

In the field of choice modelling, the issue of sliapof parameters’ estimates has
not gained enough attention when estimation isedhout by simulation methods.
To date, studies discussing this important issaestlt limited (e.g. Walker, 2001;
Hensher & Greene, 2003; Walker, Ben-Akiva, & Boldd807; Chiou & Walker,
2007). They mostly focus on Mixed Logit models,Hlighting the need to verify
the stability of the estimates with a “sufficientlgrge” number of draws.
Experience suggests that the required number efsdfar obtaining a stable set
of parameter estimates increases with model contpléklensher & Greene,
2003). Also, the size and quality of the datasay @ key role. Since there is no
objective criterion regarding the precise numbedmaiws to use, the routine is to
estimate the model over an incremental range ofvglr@lthough it is not an
exhaustive criterion, relatively stable estimate®ag consecutive draws could be
considered an indicator of satisfactory stabiligyny reached.

Assessing the consistency of the simulation reswith an increased
number of draws has gained renewed importance wiéh advent of more
complex models, such as the Integrated Choice aaténk Variable (ICLV)
models. These models provide a flexible framewarknmiodelling choice data in
the presence of latent constructs related to husehaviour not directly observed
by the analyst. ICLV models were first proposedvgFadden (1986) and further
developed over the last two decades (Ben-Akival.et1899; Ben-Akiva et al.,
2002; Bolduc, Ben-Akiva, Walker, & Michaud, 200%apid improvements in
estimation software have contributed to a significacrease in the number of
studies that have adopted this model frameworkchviis used mainly in the
transportation field. However, some applicationgehalso appeared in the field of
environmental studies in recent years, startindy Wie contributions of Alvarez-
Daziano and Bolduc (2009) and Hess and Beharry-BR042).

This family of models offers a framework to enritte understanding of
preference heterogeneity, providing insights intffecent potential sources of
taste heterogeneity. Moreover, they provide a hegplanatory power for the
models’ results (Bolduc et al.,, 2005), allowing fone identification of
relationships between observable and latent vasabbiimprovement in model fit
(Ashok, Dillon, & Yuan, 2002; Raveau, Alvarez-Damia Yafiez, Bolduc, &

Ortuzar, 2010) and correction for omitted varialdbéss and measurement error
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are other advantages being claimed by the propsnéwcounting for latent
constructs in the estimation process may lead twher understanding of the
respondents’ choice behaviour. In practical tertimss means more reliable
findings for the decision-makers (Ben-Akiva et 4/999) and a tool to support
policy decisions applying complex behavioural thesr

Despite the previously mentioned benefits, theseealsohave also been
criticised as having weak points. High estimatioffore and complex
interpretation of the model outputs are criticismmaised recently by
econometricians. Following this line of thought, d@is and Kroesen (2014)
expressed concerns regarding the value of the Wwankewith regard to the
derivation of policy implications. They stated thlaése models could not support
travel demand policies aimed at changing travelabeur through changes in
latent variables because @f the non-trivial endogeneity of the latent variable
and (ii) the cross-sectional nature of the latent variablee issue of over-
parameterised choice models with latent variablag arise because of the large
number of parameters involved for each single tataniable (Rungie, Coote, &
Louviere, 2012). Vij and Walker (2014) concentrated the problem of
theoretical and empirical identification of the netdpointing that the number of
draws also plays a major role in masking identifara issues. Again, Vij and
Walker (2016) compared an ICLV model with a redudedn choice model
without latent variables, assessing the gains ef fdtrmer specification. They
found that in some cases the simplest model couttid data at least as well as
the ICLV model. The inclusion of this group of mé¢glen the routine suite of
models used in environmental science was disculsgedariel and Meyerhoff
(2016).

This paper investigates the stability of the sirtedaparameter estimates
for a different number of latent variables andrareased number of draws, under
the ICLV framework. The purpose is to test for emgpl identification.
Specifically, we fit three latent variable-randoargmeter logit (LV-RPL) models
using six sets of draws (100, 1000, 2000, 5000,08&dd 10,000). Then, we
compare the results from the same model specticab verify the precision of
the parameter estimates over the draws, as sudgbgtédensher and Greene
(2003). However, the range of draws adopted inptlewiously-mentioned paper

was limited to 2,000. Here we significantly extehd number of draws to 10,000.
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The application is a nonmarket valuation study e tcontext of
environmental risk, where respondents were askechtmse among protection
programmes against landslide damage. The case samtl the model
specifications allow us to investigate potential oloservable preference
heterogeneity that is modelled in two different wjaysing random parameters
and latent variables. We assume that people’s eba@ce not only dependent on
the attributes of the Discrete Choice ExperimenCH) but also on some
psychological factors that influence the choicecpss. Therefore, we suppose
that the heterogeneity in preference across regmsds driven by underlying
perceptions of mortality risk, risk severity, arahdislide fear. Since perceptions
are not directly measurable, they are consider&zhtiaconstructs that can be
inferred from survey questions, which work as psyobtric indicators. These
latent factors are considered to be a function lé socio-demographic
characteristics of the respondents, and they ased to play a role in people’s
answers to the survey questions.

In the context of risk behaviour, socio-psycholafji@pproaches have
been successfully applied in studies of risk betavio explore the processes that
lead to the perception of risk and the factors gnamote risk-reducing reactions.
Among them, the Protection Motivation Theory (PMTitially proposed by
Rogers (1975), offers a valid approach for undeditay the landslide protective
behaviour of respondents and consequently theilcebpalong with the costs of
the proposed measures and their social benefissindusion of PMT constructs,
through the use of latent variables, may add ahéurtdimension to the
interpretation of people’s choices in the contekthealth and environmental
threats.

The rest of the paper is structured as follows. &t section illustrates
the theoretical framework adopted. Section 3.3 gniss the case study and
describes the survey questions and the DCE, wathbparagraph on the specific
model structure. Section 3.4 then reports the tesidlthe three LV-RPL models.
A comparison of model results is discussed, togettith the stability of the
estimates (to the number of draws) within each rhobee last section, section
3.5, presents a set of conclusions on the consigtaiithe results as related to the
number of draws when estimation by simulation métigused. We conclude
with a discussion of the “good practices” behind #doption of this framework
when the results are used for policy decisions.
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3.2 Theoretical framework

A number of approaches have been used to intetatdpt constructs into an
ICLV framework (Ben-Akiva et al., 1999). In the pemt paper, the incorporation
of latent variables is done by treating the obsgnwelicators, i.e. responses to
survey questions that aim to capture the lateribfacas endogenous. In contrast,
other studies have directly incorporated the indicaas explanatory variables in
the utility function (i.e. Morey, 1981; Harris & lkee, 1998). As pointed out by
Ben-Akiva et al. (1999), Ben-Akiva et al. (2002)daBolduc et al. (2005), this
specification may suffer from measurement error andogeneity bias, since
responses to survey questions are indicators artd ditect measures of
perceptions. Especially when the question requaa®gorical responses, the
measurement scale appears to be arbitrary. Thumrporating the latent
constructs through the use of indicators rathemn tdaectly as explanatory
variables is an additional justification that suggpahe choice of this framework.

The following sections describe the ICLV model, @®posing it into its
components: the latent variable model and the ehwiodel.

3.2.1 The latent variable model

The approach used to specify the latent variabdates the demographic
characteristics of respondents to latent constraists makes use of indicators to
reflect the latter. In econometric terms, the lateariable model is composed of
two parts: a structural component and a measurecoemponent.

For respondenh and alternativa, the structural equation explains the

latent variablex) using respondents’ characteristi€s (Ve define it below as:
Niin = Z YiqiSign T Win (Eq. 3.1)
q

where | denotes the specific latent variabbp,is the specific socio-economic
characteristic of the respondents anéfers to the vector of unknown parameters
that represent the effect of the explanatory véemlbn the latent constructs. The
random disturbance term captures remaining variation in the latent cortisiu

which cannot co-vary with observables.
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The measurement equations connect the latent \@artabthe indicator
through a vector of unknown parametets , defining how the latent
psychological aspects explain the responses toeguquestions. Where the
indicators are categorical variables, as here, nieasurement equation is
modelled like an ordered logit model as done byyDHless, Patruni, Potoglou,
and Rohr (2012):

(1 if =0 <My < Tar)
2 if Ta1 < Nin < Taz
3 if Taz < Niun < Ta3
Lg, = . Eq. 3.2
tdn < 4 if Taz < Nin < Taa (Eq )
\ m if Ta(m-1) <N < +0 )

wherel;,, represents a vector of indicators for the latemtabdes,d denotes the
dth indicator among alD indicators,t; is a vector of estimated threshold
parameters. In this cas®;1thresholds parameters are identified. The respdnden
selects a specific category that follows betweeamttwesholds.

Therefore, the likelihood of observing a specifeply to the indicatol is as

follows:

1
Pralm, Aa) = laz=1) [1 + exp(Aqn; — Tq1)
N — )
=21 + exp(Agm — Taz) 1+ exp(Aan; — Ta1)
P - )
(a=3) 1 4 exp(Aam — Tq3) 1+ exp(Agm — Ta2)

1 1
1+exp(Agm — Tqs) 1+ exp(Agn — Tds)]

+ 1(1d=4) [

1
+ "'+[(Id=M) [1 :|

1+ exp(AaM — Tam-1)) (Eq. 3.3)

3.2.2 The choice model

According to the Random Utility Theory (McFadde®74), it is assumed that
respondents are rational decision-makers who magithieir perceived utiliti;,
over all the available alternatives. The utilityabfoosing alternativeamong a set

of J alternatives, denoted by1,...,J, for respondenh is a function of theK
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attributes of the alternativie The utility function (Equation 3.4) is composetho
deterministic parV;, and an unobserved stochastic tepn assumed to follow an

Ii.d. Type 1 Extreme Value distribution:
Uin = Vin + &in (Eq 34)

The termVi, in the utility function is modelled as a linean@ion of the
vector of the explanatory variablés,, and associated paramet@s, which
measure the marginal utility associated with edtiibate. When latent variables
are incorporated, they may be modelled in diffekeays. We consider the case in
which the latent variableg;,,, together with the related parametérsare added
to the utility function. Therefore, the utility fation can be rewritten in the form

given in Equation 3.5:

Uin = X19Mim + 2k BeXikn + Ein (Eqg. 3.5)

The choicey;,, of the individualn according to the available alternatives in

the choice set, is defined as:

_ {1'ifUin> an

0, otherwise V€ Cn,t#] (Eg. 3.6)

Yin

Thus, the conditional probability of respondenthoosing alternative out of J

alternatives can be defined as a logit:

exp( Hl,niln + .BI,cXikn)
Y1 exp(ONjtn + BiXjen )

Pr(Yin|Xikens Mitns Br» 61) = (Eq. 3.7)

Over theT choice sets, the probability of the sequence dépendent choiceg,

by respondem is a product of logits:

T
exp(0Mun + BrXikn)
Pr(Yin| Xitens Nitns Br» 61) = 1_[ Llin Tk ten (Eq. 3.8)

t=1 Z§=1 exp(0ijin + BiXjin )
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3.2.3 Maximum simulated likelihood estimation

In order to fit the model to the empirical choicgesthe sample, the software
simultaneously estimates the distributional featuserandom utility parameters
and the coefficients of the latent variables by imésing the joint likelihood of
the observed responses to the survey questiontharskquence of choices in the
DCE. The log-likelihood (LL) function is given bygHation 3.9:

D
[PT(Yin|Xikn: Nitns Br» 01) 1_[ Pr(Ialm, Ad)l g(w)dw (EQ. 3.9)
d=1

N
LL (Yin, Ia) = Z logf

n=1 @

where Pr (Vi | Xikn Nimo Br, 6;) denotes the probability of the choice model
(defined in Eq. 3.7), an@®r(l;4|n;, A4) denotes the probability of the latent
variable model (defined in Eq. 3.3). The two modwglks linked byg (w), whichis
the density of the distribution of over the population. Sinee is unobserved due
to its latent nature, the error terms of the stradtequation are integrated out
over their distributions.

When the integral in the Equation 3.9 for the Lindtion does not have a
closed form, an approximation is obtained by ussilgulation methods. After
taking R draws ofw® from the population density(w), the Pr(I4|n, A4) is
calculated for each draw. Consecutively, the sitedlgrobability for the latent
variable model is given by the averagePefl;|n;, 1;) over R draws (Equation
3.10).

R

— 1

Prlalnu Aq) = Ez Pr(laln, Ad) (Eq. 3.10)
r=1

Therefore, the simulated log-likelihood (SLL) fuioet includes the simulated
probability for the latent model as presented ind&opn 3.11:

Pr(Yin | Xikens N> Brr 61 1_[ P?(Idlnl'ld)l g(w)f(ﬁ)dwdﬁl
d=1

SLL (Yin, 1a) = zNzlog [fﬁ f
n=1 @

(Eq. 3.11)
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In the case of random heterogeneity in the atteutoefficientss,, a
layer of integration has to be added to the eqoati@ddition to the integration

over the unobservable components of the latenabksw.

3.3 Application to landslide hazard

3.3.1 Case study

With the purpose of exploring the role of psychatady factors in people’s
decision processes, we investigated the impacis&f perceptions on people’s
preferences. The specific application was a DCHystagarding the preferences
of people for mitigation programmes for landslidemrts.

We administered a structured questionnaire to gkaai respondents in a
mountain valley of the Italian Alps. The first past the questionnaire asked
respondents’ risk perception questions. Then, med@ats took part in the DCE.
Data was gathered from 250 individuals using factate interviews, obtaining a
total of 1,500 observations. We report the summafythe demographic
information from the sample in Appendix 3.7 (TaBI&).

To collect information about the latent construcisset of questions
elicited information on the perception of the rasgents for natural hazards’ risk
with a specific focus on landslides. The surveystjoes were developed based
on the area of investigation and designed to mttehcognitive process of the
respondents, as proposed by the protection magivatheory (PMT). This
psychological theory is well established in the teah of health and
environmental risk (e.g. Floyd et al., 2000; Gro#mm & Reusswig, 2006). The
two components of the PMT are the threat appragsatess and the coping
appraisal process (Rogers, 1975). The first eleragns$ to interpret the mental
processes of people in assessing threats; the d@rmnpresents the components
that are relevant to evaluate the coping altereati(Floyd, Prentice-Dunn, &
Rogers, 2000). The threat appraisal is composéared parts(i) perceived threat
vulnerability, which establishes the respondent®osure to the threafii)
perceived threat severity, which indicates the siz¢he threat; andiii) fear,
which denotes the degree of fear experienced bye$gondent. We exclusively
address the threat appraisal of the PMT, as weasgpip may have an impact on
choice behaviour in the context of safety prograsimi® be consistent with the
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PMT, we selected three questions as indicatorthfere different latent variables.
These questions were assumed to be the most refatge of the unstated choice
behaviour.

Specifically, the first question asked respondéinésr perception of their
own mortality risk with regard to landslides. Weedsa direct risk elicitation
technique (e.g. Viscusi, 1990), asking the respotsi® state the probability that
the given outcome (i.e. being a victim of a laraisjiwould occur during the next
year. Respondents indicated their annual chanadyiofy using a marking on a
continuous risk ladder from 0 to 100%. The inclasaj a visual linear scale was
adopted to reduce the otherwise excessively fraqt@fb0 replies, which are
much more common when using an open-ended formsthoff & Bruine de
Bruin, 1999). This elicitation technique is commponlised to investigate
subjective probabilities in DCE studies. Specifigathis scale of concern was
adopted by Thiene, Shaw, and Scarpa (2016) in #alrest work on landslide
risk perceptions. We were aware of the possibls ini&liciting perceptions in the
form of numerical probabilities since direct eladibon methods are more
challenging for respondents to process (Zimmer3198owever, in their recent
work, Bruine de Bruin and Fischhoff (2017) reportkdt the use of probabilistic
guestions is preferable to verbal quantifiers. Thmginted out that verbal
quantifiers are vague, leading to responses tleahair comparable with observed
probabilities. Alternative elicitation approachesych as lotteries (Bartczak,
Chilton, & Meyerhoff, 2015), were also discardedisat we could take advantage
of existing data on scientific measures of thestiaal probability of dying due to
landslides.

The other two questions were rating responses. akkgd respondents to
state their perceptions of the degree of risk, giginfive-point Likert response
format (from 1="very low” to 5="very high”). Specdally, the second question
concerned the perception of risk severity at trellscale for different natural
disasters: landslide, avalanche, earthquake aond.flbhe correlation coefficients
for natural hazards are reported in Appendix 3.@b(& 3.8). Finally, the third
question aimed to work as an indicator of the degrfefear of landslides. On a 1
(“very low”) to 5 (“very high”) scale, respondentsad to rate their fear of
landslide occurrence. Table 3.1 provides the detbes statistics for the survey

guestions used as psychometric indicators in outelso
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Questions Mean St.dv.

1. On a scale from 0% (=cannot happen) to 100%fiFtkdy
will happen), what do you believe is the chance yoa 11.35 16.53
might be killed by a landslide in the coming year?

2. On a scale from 1 (=very low) to 5 (=very higithat do think
is the severity of risk for the following naturalemts?

a. Landslide 4.34 0.88
b. Avalanche 3.06 1.32
c. Earthquake 2.80 1.34
d. Flood 3.01 1.32

3. On a scale from 1 (=very low) to 5 (=very highhat is your

fear of a landslide event? 3.46 1.28

Table 3.1 — Descriptive statistics of the survegsjions.

The DCE elicits the willingness-to-pay (WTP) of thespondents to
support the implementation of public mitigation gr@mmes for landslides, aimed
at protecting people’s health and avoiding damageroperty. Each hypothetical
scenario was described by four protection devicesamonetary attribute. The
four protection devices are all engineering sohgidhat reduce the impact of
future landslide events, such as basilBAS), channels (CHAN’), sensors
(“SENY%), and video cameras VIDEQO’). There are two levels for these
attributes: the device is either present or abSdm. monetary attribute TOLL”)
was expressed in the form of a provisional road fal travel in the mountain
valley (from €1 to €4 daily) (Appendix 3.7 — Tald®).

The experimental design adopted was an optimiséaogonal design
(Ferrini & Scarpa, 2007; Scarpa & Rose, 2008; Rodliemer, 2007) and was
generated using the software Ngene (ChoiceMet#%2). The final fractional
design involved 60 choice sets that were blockéal 19 groups. Each respondent
was randomly assigned to one of the blocks anateeldhe preferred alternative
in six choice sets. Each choice set contained siabelled alternatives and a
status quooption. The respondent ranked the alternativesguaireiterated best-

worst approach. For the purpose of this study, mg vsed the first best.

3.3.2 Estimation

We fitted a set of LV-RPL models that account farltiple sources of preference
heterogeneity in two ways¢i) by including latent variables as a function ofisec
economic characteristics of the respondents (tieataariable model), an@) by
considering continuous taste variation among resggots (the random parameter
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choice model). Furthermore, we allowed the margieiect of the latent
variable/s to vary among individuals, as done byié&z Raveau and Ortuzar
(2010). In our models, all the random paramefers?)were assumed to be
normally distributed. Note that the same model$iied latent variable/s were
fitted but not included since they provided lowerfprmances than the models
with random latent variable/s. Three different modgecifications were
considered; each of them was estimated with sxa&etiraw sizes (R=100, 1000,
2000, 5000, 8000 and 10,000). The model structdifésred with regard to the
number of latent variables, from the simplest, vaitty one latent variable, to the
most complex model with three.

In the following section, we describe the most ctaxp model
specification adopted, the LV-RPL with three randt@atent variables. All the
other specifications can be considered as redumaasfof this model. The three
latent variables incorporated into the model arem amortality risk due to
landslide (MOR,”), severity of natural hazardsSE\;,”), and fear of landslide
(“FEAy"). Six ordinal indicators captured the effectslodse latent variables.

The structural equations for the three latent \dem are given in Equations 3.12,
3.13 and 3.14:

MOR;, = YfempyorFemaley + wyor,in (Eg. 3.12)
SEVin = Yremes, Femaley, + wsgy in (Eg. 3.13)
FEAin = Yiempp,Femaley + Wppain (Eg. 3.14)

wherey;., represents the effect of the explanatory varidiflemale” on the

latent construct andFemale” indicates the gender. The error terms of the
structural equations, denoted dyare i.i.d. standard normally distributed.
Gender was the only explanatory variable includedthe structural
equation for all latent variables. No other soaoremic variables seemed to be
good predictors of the latent variables under itigaion. The fact that this
family of models often suffer from weak structuegjuations is in line with our
findings. As noticed by Vij and Walker (2016), tlubservable explanatory
variables are sometimes poor predictors of thenlatariables. Therefore, the
inclusion of measurement indicators leads to dieidy significant
improvements in fit, in comparison to the reducestlel without latent variables.
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The measurement equations use the indicators andept variables to
represent the latent variables. Table 3.2 desctibedatent variables and their

ordinal indicators.

Variables Description of the variables Description of the indicators
MOR nmor= OWN mortality risk d;= mortality risk for landslide
SEV nsev= severity of natural disaster: d,= severity of landslide

ds= severity of avalanche
d,= severity of earthquake
ds= severity of flood

FEA neea= fear of landslide de= fear of landslide
Table 3.2 — Description of the latent variables dradr indicators.

The first latent variable MOR,” has one ordinal indicatord{). The
original variable measures the perception of owmntatity risk in conjunction
with landslide using a percentage scale from 00@%d. However, we discretised
this variable, taking advantage of the fact thathad an objective measure of risk
(<0.1% annually). So, the transformed variable bex®an ordinary variable that
takes the value 1 if the perception matches orcpmates the scientific measure
(0-5%), 2 if the perception is double (6-10%), 3tifs three times higher (11-
15%), 4 if it is four times higher (16-20%) and f5itiis more than four times
higher than the real measure of risk (>20%). Weewaware of the fact that the
objective measure of risk is not necessarily thmesdor every respondent.
However, since the objective measure was a veryl simaber that approximated
zero we assumed a tolerance level of 5% could peesentative of the entire
sample. This transformation offers an easier im&tgpion of the results as well as
the possibility of smoothing unrealistic repliesedto overestimation of low
probability risks such as landslide mortality estigs.

The second latent variabl&EV,” has four ordinal indicatorsdf, ds, d,
ds) that measure the perceived severity of the caresemps of natural disasters.
Landslides, avalanches, earthquakes and floodstheremain natural hazards
affecting the area of the study.

The third latent variableFEA;,” has one ordinal indicatod{) that refers
to the self-reported fear of landslides.

The utility functions for thestatus quoand nonstatus quooptions are
reported below (Eqg. 3.15a and 3.15b):
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Uson = ASCsq + OmornMOR iy + Osgy nSEVin + OppanFEA;,
+ BerannCHAN
+ BeasnBASin + BsensnSENSin
+ BvipeonVIDEOi + Brop TOLLy + €1 (Eg. 3.15a)

Ussomn = BcuannCHANy, + BpasnBASin + BsensnSENSi
+ BvipeonVIDEO;n + Bro . TOLLy, + €5 (Eq. 3.15b)

whereUs, , is the utility function of thestatus quooption, which is the riskiest
option, andU., , is the utility function of the proposed mitigatisnenarios. The
latent variables were entered only in the utilijmdtion of the current scenario
since we aimed to investigate the marginal effedétshe latent factors on the
utility of the riskiest choiceASGq is an alternative specific constant that is
present only in thestatus quoalternative. All the attributes’ coefficients were
assumed to have a normal distribution, exceptHerfixed cost attributeftoy),
This is because we assumed that the marginalyutifiincome is constant and
equal for all individuals given that cost is a shfi@ction of individual incomes.
The subscriph indicates that the marginal effects could varyasmrespondents.
All the models’ coefficients were estimated by siated maximum
likelihood using PythonBiogeme software (Bierlair@016). The choice
probabilities were simulated using Monte Carlo gnédion. Halton draws were
taken from the distribution of the random variakd¢sntegration (Halton, 1960).
We also considered alternative types of draws thitHalton draws were chosen
because they provide better coverage over the aoofahe mixing distribution
than random draws (Train, 2000; Bhat, 2001). Thaiaehof this specific set of
draws was made with the purpose of covering thenmt between 100 and
10,000 draws. As far as we know, recent publicationthe literature of choice
modelling have adopted up to 10,000 draws, withi@mum of 100. As pointed
out in previous studies on this topic (e.g. Benwvak& Bolduc, 1996; Walker,
2001; Choi & Walker, 2007), a low number of draw®.(under 1,000) can
provide estimates that are apparently identified,tbey could be unidentified by
either the model or the data. Therefore, verifyihg stability of the parameter
estimates for an increased number of draws (i.epirezal identification) is

paramount to every econometric analysis.
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As done by Hole and Yoo (2017) in their recent gtude tried various
sets of starting points to avoid convergence ahfamior optimum and to increase
the chances of reaching the global maximum. Howeegreatedly obtaining the
same results using different starting points isprobf of having found the global
maxima. To compare the estimates, we kept thargjgrbints constant among the
set of draws. The estimation time reported for eawdel refers to the time
required for the computation of simulated estimat@sied out on an Asus Intel
Core i7 1.90GHz 2.40GHz PC with an Ubuntu 14.04aijeg system.

3.4 Results and discussion

In the following section, we provide a comparis@ivieen a random parameter
logit (RPL) model and the three variants of the R¥L model with random latent
variable/s. Then, we present the results with kgar the stability of the
parameters to an increased number of draws. Fopletemess, we report the
results of the RPL model (Appendix 3.7 — Table B.iftat was used as a
benchmark for testing the empirical identificatias we added more latent
constructs into the model. See Appendix 3.7 fordbmplete table (Table 3.11)
with the results of the eighteen LV-RPL models thate fitted.

3.4.1 Comparison of models’ results

Table 3.3 shows the comparison of the models @000draws. We report the
derived standard errors of the parameters in sdularackets. We consider the
parameters as statistically significant at the 58gel. The performance of
different models is not taken into account as theu$ is on the empirical
identification of the models.

In the RPL model, the coefficients for the attrdmutire all significant, with
the expected sign and magnitude. Among the safetjces, the channel is the
attribute with the highest estimates, followed hg basin, video cameras, and
sensors. The estimated standard deviations of esedom coefficient are highly
significant, indicating that there is a high hetgoeity of preference, as the
coefficients do vary in the population. The constarm of thestatus quaption
captures the effect of the unobservable factorghen utility of the status quo

option relative to the alternatives with a highegree of safety. Here theSGq

79



has a very small magnitude and is insignificantanieg that the respondents did
not consider the riskiest option differently to tbéher alternative scenarios.
However, the LV-RPL models tell a different stohy.all the LV-RPL models,
the fact that the constaAGGgis negative and significant means that respondents
in the sample did consider the actual scenaricemwifitly from the proposed
alternatives. They preferred to avoid the actuabsion (i.e. the riskiest option) in
favour of new mitigation programmes. Since addaiomformation can be
derived from the latent variable component, inftiikowing sections we describe
the results from the three LV-RPL models in detail.

The first LV-RPL model has one latent variablMOR,", i.e. own
mortality risk due to a landslide. Its coefficidms a negative sign as expected,
adding a large negative value of the latent vaeig¢bt.25) to the already negative
ASGq (-1.35). The respondents with a high risk percgptiexceeding the
objective measure of risk, were those willing toy paost for improving the
current protection systems. The standard deviatfoiine latent variableyor is
4.57, which is large in comparison to the estimgtachmeter MOR,,”, showing
that there was a significant psychological hetenegg among the respondents
with regard to the latent construct. Additionaltiiere is a positive association

between the latent variable and the indicgtgy, since the coefficiemwor_iskin

the measurement equation is positive and signifitai8). The estimates for the
threshold parametersvior risk1,?MOR risk2,TMOR_risk3,TMOR _riskg are in the expected
order. The coefficient of the socio-economic vaedbemale (yremale mon IN the
structural equation is significant and positive,md@strating that female
respondents had a higher own mortality risk peroapthan males. Conversely,
males had a weaker desire for new interventionsmagndslides.

In the second LV-RPL model, in which a new lateatiable is added, the
latent factor SE\,” provides information on the perception of thees#ty of four
natural hazards, in terms of their consequencethaninvestigated areas. The
coefficients of both latent variables are negaéind large in magnitude (-3.72 and
-1.58, respectively). An extreme aversion towaslldvel of protection in place is
also shown by the negativeSGq (-1.60). In contrast to the previous model, here
the coefficientivor riskin the measurement equation is insignificant. Hoevethe
four coefficients for each natural hazafde( jangAsev avaldsev eandsev flood have
all a positive and significant impact on the latemtriable ‘SEV,”. The two

coefficients of the socio-economic varialflemale(yremale MorANA Yremate, sey are
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both positive and significant. Females had a highertality risk perception as
well as a higher perception of the severity of retavents.

The third LV-RPL model with three latent variabieshe most complex,
adding a third source of psychological heteroggndibe latent variableFEA,”
indicates the degree of fear of landslides. In m@mt with what we were
expecting, the coefficient of this latent variableas the only one to be
insignificant. Basically, the fear of landslide didt act as a latent driver for the
rejection of the riskiest scenario as the othexnavvariables did. This is perhaps
because the own mortality risk and the severitgarfsequences evoke unpleasant
emotional feelings. Instead, fear of a natural év&an abstract concept that does
not necessarily bring to mind a tragic situatioheTcoefficients of the first two
latent variables are negative and different in ntage (-4.15 and -1.65,
respectively). It appears that the latent varidtOR,” outweighs the other
latent variables. The negative sign confirms thevimus tendency of disapproval
of the baseline scenario, supported initially bynegative ASGg (-1.46).
Heterogeneity of taste and psychological heteragemesre both present in the
sample, and with large magnitudes. Nevertheledy, tbe standard deviation of
the latent variableMOR,,” is significant. Since the coefficient of the ttilatent
variable is insignificant, we observe no major eli#nces in comparison to the
previous model with two latent variables. We ndtattthere is no impact of the
indicator Arga ON the associated latent variable and the differdmtween men

and women for this latent variable is insignificant
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Variables Coefficient estimates

RPL LV-RPL
1LV 2LV 3LV
Mean parameters
Behan 2.96*** 3.12%** 3.10%** 3.12%**
[0.203] [0.183] [0.196] [0.202]
Beas 2.70*** 2.66*** 2.66*** 2.67***
[0.200] [0.185] [0.196] [0.201]
Bvibeo 2.26%** 2.04%** 2.05%** 2.05%**
[0.204] [0.156] [0.165] [0.168]
Bsens 1.88*** 1.82%** 1.82%** 1.83***
[0.190] [0.138] [0.145] [0.148]
BroLL -1.53*** -1.49%** -1.49%** -1.50%**
[0.051] [0.056] [0.059] [0.060]
ASCsc -0.07 -1.35%* -1.60** -1.46%**
[0.168] [0.507] [0.593] [0.639]
Omor - -4.25%%* -3.72%** -4.15%**
- [0.844] [0.817] [0.911]
Osev - - -1.58** -1.65**
- - [0.683] [0.707]
OFEA = = = 070
- - - [1.070]
St.dv. parameters
OCHAN 1.89%** 1.62%** 1.63*** 1.63***
[0.225] [0.215] [0.224] [0.229]
OBAS 2.08*** 1.85%** 1.84*** 1.85%**
[0.215] [0.221] [0.226] [0.229]
OvVIDEO 1.92%** 1.16%** 1.15%** 1.15%**
[0.194] [0.184] [0.194] [0.203]
OSENS 1.48*** 0.73*** 0.73*** 0.74%**
[0.180] [0.192] [0.195] [0.201]
OMOR - 4.57%** 3.77*** 3.95%**
- [0.827] [0.905] [0.833]
OsEv - - 1.54* 0.99
- - [0.905] [1.230]
OFEA - - - 0.30
- - - [1.790]
Model fit
LL -1522.57 -1691.89 -3090.80 -3471.49
AIC 3065.28 3420.24 6265.96 7044.36
BIC 3118.26 3515.42 6481.44 7301.33
cAIC 3065.29 3420.27 6266.02 7044.43
est. time 01h42'57" 10h45'52" 21h26'05" 24h13'41"

Significance at: ***1% level, **5% level,*10% levebtd.err. in [.]
Table 3.3a — Models’ results at 10,000 draws.
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Variables

Coefficient estimates

RPL LV-RPL
1LV 2LV 3LV
Structural equations
YFemale,MOF - 0.84*** 0.75** 0.90**
i [0.272] [0.299] [0.425]
YFemale,SE' - - 0.49** 0.47**
. i [0.176] [0.194]
YFemale,FE/ - - - 0.76
. : . [0.860]
Measurement equations
AMOR risk - 1.18** 0.94* 0.90*
i [0.600] [0.495] [0.527]
TMOR risk1 - 1.04** 0.85*** 0.92***
i [0.374] [0.301] [0.314]
TMOR riskz - 1.88*** 1.62%+* 1.69***
i [0.514] [0.396] [0.402]
TMOR _risk? - 2.17%* 1.89*** 1.95%**
; [0.555] [0.421] [0.427]
TMOR risk? - 2.49%** 2.19%** 2.25%**
; [0.599] [0.454] [0.457]
7\'SEV lanc - - 0.74*** 0.74***
i i [0.225] [0.228]
TSEV land: - - -4,52%** -4 52%**
: i [0.645] [0.671]
TSEV land: - - -3.26%** -3.27***
i i [0.376] [0.409]
TSEV land: - - -1.67%** -1.67***
i i [0.220] [0.234]
TSEV._land: - - -0.07 -0.08
i i [0.174] [0.191]
)\SEvfava = = 1 . 15*** 1 . 15***
i i [0.221] [0.224]
TSEV aval: - - -1.97*** -1.91***
i i [0.256] [0.264]
TSEV aval. - - -0.58** -0.59**
i i [0.216] [0.224]
TSEV aval: - - 0.87*** 0.87***
i i [0.225] [0.235]
TSEV aval - - 2.08*** 2.08***
i i [0.293] [0.300]
AseV ear - - 1.31%** 1.30***
i i [0.228] [0.232]
TSEV _eart - - -1.65*** -1.65%**
i i [0.259] [0.270]
TSEV eart; - - 0.17 0.16
i i [0.224] [0.231]
TSEV eart: - - 1.28*** 1.27%**
i i [0.248] [0.257]
TSEV eart: - - 2.48*** 2.47***
i i [0.330] [0.337]
7\'SEV flooc - - 1.97*** 2.00***
i i [0.496] [0.504]
TSEV_flood! - - -2.17%%* -2.20%**
: . [0.435] [0.450]

Continued on next page
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Table 3.3b — continued from previous page

Variables Coefficient estimates
RPL LV-RPL
1LV 2LV 3LV
TSEV flood: - - -0.65** -0.66**
- - [0.306] [0.322]
TSEV flood: - - 1.10*** 1.10***
- - [0.336] [0.353]
TSEV flood: - - 2.83%** 2.84**
- - [0.531] [0.554]
7\‘FEA lanc - - - 1.09
- - - [1.670]
TFEA land: - - - -2.52**
- - - [1.160]
TFEA land: - - - -1.01*
- - - [0.564]
TFEA land: - - - 0.27
- - - [0.276]
TFEA land: - - - 1.59*
N - - [0.834]

Significance at: ***1% level, **5% level,*10% levebtd.err. in [.]

Table 3.3b — Models’ results at 10,000 draws.

3.4.2 Stability of the results

In this section, we focus on testing the stabiityhe estimates when the number
of draws is increased in each of the six steps (R=1000, 2000, 5000, 8000 and
10,000). The stability of the parameter estimasesxplored mainly for the latent
variable/s, mostly because the other estimatesaajppéde already stable at a low
number of draws. We make a distinction between rnsoddth consistent
conclusions across draw sizes and those with csiocls subject to change across
draw sizes.

There is no consensus definition of stability te ttumber of draws in the
literature. Hence, we adopted a rule of thumb abdrarily defined an estimated
parameter as “stable” when the results lay witme etandard error of each other
over consecutive runs with an increased numberaisl (Walker, 2001; Vij &
Walker, 2014). Specifically, the subjective critariadopted by Walker (2001)
distinguishes between “very stable” estimates (wittne standard error), “fairly
stable” estimates (within two standard errors) anstable estimates (larger than
two standard errors). In the following tables, ttaérly stable and unstable
estimates are shown in bold, with the unstable rpatars highlighted with a

square.
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3.4.2.1 LV-RPL model with one random latent varéabl

Table 3.4 reports the results of the LV-RPL modéhveone latent variable. All
the estimated parameters are stable when the nuwhbeaws increases from 100
to 1,000, 2,000 and then 5,000. However, some bilgyain the latent variable
model is shown when the model is fitted with 8,0/@ws. In contrast, the
attributes’ parameters are all stable through esxed numbers of draws, as is the
constant termASGyo The coefficient §uor) of the latent constructMOR,” is
negative and significant for the six sets of draldewever, its magnitude varies
from -5.38 to -4.25 from the first to the last st@fhe standard deviation of the
latent variable duwor) becomes significant just by using a large nundfedraws
(e.g. 8,000) and is the only parameter presentirang instability using a low
number of draws. A minor instability is presenttire structural equation and in
the measurement equation. Looking at the stabiith 10,000 draws, the last
parameter estimates are all within one standaror e the model fitted with
8,000 draws. Therefore, we may consider the fistihmtes at 10,000 draws as
stable. Furthermore, we observe a slight increasgmost all standard errors as
the draws increase in number. Similar results weperted by Train (2000) and
Bhat (2001) with regard to the simulation variaaoel simulation error in mixed
logit models. However, it seems that the standamt®become steady when the
parameter estimates can be identified.

The precision of the model fitted with a large n@mbf draws leads to
consistent conclusions that identify the heterodggnef a latent variable not
previously detected using a conventional numbedmiws (such as those in
Hensher & Greene, 2003). The changes in the maigmitd the latent variable
coefficient do not have a substantial impact oncgatlecisions. This is because
its magnitude is high to overcome the estimatesttélations using different

numbers of draws.
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LV-RPL with one latent variable

100 1,000 2,000 5,000 8,000 10,000
Mean parameters
Beran 2.90%*  3.02%**  3.09***  3.08**  3.13%*  3.12%**
[0.148] [0.169] [0.178] [0.178] [0.184] [0.183]
Beas 2.48x*  2.565%*  2.61%*  259%* 268  2.66***
[0.156] [0.175] [0.177] [0.182] [0.186] [0.185]
Bvibeo 1.92%  1.98%*  2.01¥*  2.02%*  2.07%*  2.04**
[0.132] [0.146] [0.147] [0.151] [0.157] [0.156]
Bsens 1.73%* 178  1.80**  1.80*** 1.83*** 1.82%*
[0.131] [0.132] [0.135] [0.134] [0.144] [0.138]
BroLL -1.44%*  J1.46%r 1,48 -1.49% J1.650%*  -1.49%%*
[0.053] [0.055] [0.056] [0.056] [0.056] [0.056]
ASCqq -1.98%* 217 177 -1.88%*  -1.37**  -135*
[0.594] [0.775] [0.719] [0.779] [0.513] [0.507]
Omor -5.38%* 5247 522%*%  540%*  -4.06*** -4.25%*
[0.492] [0.574] [0.560] [0.623] [0.815] [0.844]
St.dv. parameters
OCHAN 1.40***  1.53**  1.59**  158%*  1.63%*  1.62*%**
[0.181] [0.208] [0.211] [0.210] [0.216] [0.215]
OBAs 1.73%*  1.81**  1.82**  1.83%* 1.86**  1.85%*
[0.186] [0.210] [0.220] [0.214] [0.225] [0.221]
OVIDEO 1.06***  1.08***  1.09***  1.13%*  1.19**  1.16***
[0.163] [0.184] [0.181] [0.187] [0.183] [0.184]
OSENS 0.63***  0.62***  0.69*** 0.67** 0.81*** 0.73**
[0.192] [0.204] [0.192] [0.200] [0.182] [0.192]
OMOR <0.001 <0.001 <0.001 <0.001 4.41*** | 4.57**
[a] [a] [<0.001] [a] [0.723] [0.827]
Model fit
LL -1712.98 -1699.11 -1699.19 -1696.71 -1691.48 91189
AIC 3462.42 3434.68 3434.84 3429.88 3419.42 3420.24
BIC 3557.60 3529.86 3530.02 3525.06 3514.60 3515.42
cAIC 3462.45 343471 3434.87 342991 3419.45 3420.2
est. time 00h05'17"01h16'12" 02h12'00" 04h51'02" 08h44'15" 10h45'52"
draws 100 1,000 2,000 5,000 8,000 10,000
Significance at: **1% level, **5% level,*10% levebtd.err. in [.]. [a]=1.8e+308.
Table 3.4a — Results of the model LV-RPL with caiet variable.
LV-RPL with one latent variable
100 1,000 2,000 5,000 8,000 10,000
Structural equation
YFemale,MO¥ 0.48***  0.42**  0.56*** 0.49** 0.80***  0.84***
[0.122] [0.164] [0.185] [0.188] [0.259] [0.272]
Measurement equation
AMOR risk 0.58***  0.60***  0.62***  0.62*** 1.22* 1.18*
[0.191] [0.200] [0.206] [0.209] [0.626] [0.600]
TMOR riskl 0.60***  0.58***  0.63***  0.63*** 1.04** 1.04**
[0.157] [0.157] [0.165] [0.164] [0.373] [0.374]
TMOR risk 1.30%*  1.28%*  1.34%* 133 1.89%**  1.88***
[0.183] [0.181] [0.191] [0.191] [0.519] [0.514]
TMOR risk: 1.54%  1.652%*  1.68%*  1.57** 2.18*** 2. 17***
[0.196] [0.196] [0.205] [0.205] [0.563] [0.555]
TMOR risks 1.81%  1.79%*  1.86**  1.85%* 2.50***  2.49%**
[0.204] [0.204] [0.214] [0.214] [0.610Q] [0.599]

Table 3.4b — Results of the model LV-RPL with oateht variable.
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3.4.2.2 LV-RPL model with two random latent varizbl

The estimates of the LV-RPL model with two randa@teht variables are shown
in Table 3.5. The results with 10,000 and 8,00@Qvdraeem to be “very stable”;
however, instability was detected in earlier stefise estimates at 1,000 draws
appear to be fairly stable, not just for the lateatiables but also for the
attributes’ coefficients. The results at 2,000 dsaseem to be stable, but then
some instability is noted in the latent variabledslowith 5,000 draws. Similarly,
the coefficients of the structural and the measergnequations show instability
only when using 5,000 draws for the first latentiadale. Even if the coefficients
of the latent variable are quite stable in this eladructure, the fact that there is
an apparent stability in the model that is not soméd in subsequent steps using
higher draws is a significant finding. This suggetbiat the definition of stability
of parameter estimates should be expanded to iedie concept of stability
within sequential steps of draws.

A different degree of instability is present in #tandard deviations of the
latent variables ouor and osgy), which are within two standard errors of the
estimates of the previous model up to 5,000 drallsese two results are
considered as special cases because they wergmmaipaately calculated with
100 and 2,000 draws. This implies that the hetareigye connected with the latent
components may be hidden if a conventional numbeiraws is used. As stated
in the discussion of the previous model, here thadard errors also seem to be
slightly higher at each step, but then they apgeabe stabilised when the
coefficients are identified. Also, the model wittat latent variables is empirically
identified at a very large number of draws, sucB,a80.

Consistent conclusions can be drawn about the wesfleach latent
factor. The coefficient of the latent variable egenting mortality risk decreases
in magnitude as draw sizes increase. On the othed,hthe perception of the
severity of consequences increases. In practigahsteusing a conventional
number of draws could have led to underestimatiregg latent importance that
people place on the seriousness of the consequehlzexislide events.
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LV-RPL with two latent variables

100 1,000 2,000 5,000 8,000 10,000
Mean parameters
Beran 2.86**  3.02%** 3.09%** 3.09%** 3.15%*  3.10***
[0.146] [0.177] [0.187] [0.191] [0.196] [0.196]
Beas 2.40*** 2.55%** 2.60*** 2.62%** 2.63***  2.66***
[0.150] [0.189] [0.191] [0.196] [0.196] [0.196]
Bvibeo 1.81%** 2.00*** 2.00%** 2.03*** 2.05%*  2.05%**
[0.126] [0.157] [0.158] [0.166] [0.166] [0.165]
Bsens 1.66*** 1.80%** 1.79%** 1.81%** 1.82%x*  1.82%**
[0.134] [0.147] [0.138] [0.141] [0.148] [0.145]
BroLL -1.39%%*%  -1.47*** -1.48%**  -1.49%*  1.50%*  -1.49%*
[0.053] [0.057] [0.058] [0.057] [0.058] [0.059]
ASCsc -2.38*** -1.22* -1.75%* -1.68** -1.62** -1.60**
[0.661] [0.632] [0.784] [0.633] [0.609] [0.593]
Ovor -5.54%*  5,04%* 543 -3.90%** 423 3 72%**
[0.532] [0.657] [0.624] [0.864] [0.899] [0.817]
Osev -0.33** -0.81** -0.85* -1.47** -1.32** -1.58**
[0.206] [0.349] [0.479] [0.626] [0.542] [0.683]
St.dv. parameters
OCHAN 1.22%% 1.54*** 1.61%* 1.59%** 1.63%*  1.63%*
[0.172] [0.208] [0.219] [0.221] [0.229] [0.224]
OBAs 1.63*** 1.81%** 1.84*** 1.82%** 1.88***  1.84***
[0.177] [0.211] [0.228] [0.214] [0.230] [0.226]
OVIDEO 0.90*** 1.10*** 1.10%** 1.16%** 1.13%* 1, 15%*
[0.175] [0.197] [0.190] [0.195] [0.193] [0.194]
OSENS 0.53*** 0.76*** 0.63*** 0.68*** 0.76**  0.73***
[0.189] [0.191] [0.199] [0.195] [0.189] [0.195]
OMOR <0.001 2.22%* <0.001 3.90*** 3.84%* 377
[<0.001] | [0.885] [a] [0.864] [1.050] [0.905]
Osev <0.001 0.08 <0.001 | 1.44** 0.85 1.54*
[<0.001] [0.782] [<0.001]| [0.611] [1.040] [0.905]
Model fit
LL -3131.61  -3099.33  -3100.82  -3090.49 -3090.69 9880
AIC 6347.58 6283.02 6286.00 6265.34 6265.74  6265.96
BIC 6563.06 6498.50 6501.48 6480.82 6481.22  6481.44
cAIC 6347.64 6283.08 6286.06 6265.40 6265.80 62656.0
est. time 00h15'30" 03h26'45" 06h26'46" 16h09'55" 19h45'34921h26'05"
draws 100 1,000 2,000 5,000 8,000 10,000
Significance at: **1% level, **5% level,*10% levebtd.err. in [.]. [a]=1.8e+308.
Table 3.5a — Results of the model LV-RPL with tateht variables.
LV-RPL with two latent variables
100 1,000 2,000 5,000 8,000 10,000
Structural equations
YFemale,MO¥ 0.28*** 0.60*** 0.48** 0.80** 0.63** 0.75**
[0.113] [0.197] [0.204] [0.293] [0.271] [0.299]
YFemale, SE' 0.50%** 0.49** 0.51%** 0.47** 0.44** 0.49**
[0.149] [0.180] [0.167] [0.176] [0.174] [0.176]
Measurement equations
AMOR risk 0.54*** 0.51** 0.52** 1.11* 0.89* 0.94*
[0.193] [0.223] [0.218] [0.575] [0.462] [0.495]
TMOR riskl 0.56*** 0.61%** 0.59%** 0.98*** 0.79%** 0.85***
[0.164] [0.185] [0.175] [0.339] [0.276] [0.301]

Continued on next page
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Table 3.5b — continued from the previous page

LV-RPL with two latent variables

100 1,000 2,000 5,000 8,000 10,000
TMOR riske 1.25%  1.30%*  1.28%%  180*** 1550k 1 2w
[0.188]  [0.213]  [0.200]  [0.465]  [0.360]  [0.396]
TMOR riske 1.49%% 1530 ] BIwk 2 0gkxx ]8Ik ] gOw
[0.200] [0.225]  [0.210] [0502]  [0.393]  [0.421]
TMOR riske 1.76%%  1.80%*  1.78%%  23g6x 210N 210w
[0.211]  [0.236]  [0.219]  [0546]  [0.423]  [0.454]
ASEV lan 0.68%%%  Q.70%*  0.72%%  0.72%% Q.73 0.74%
[0.237]  [0.223]  [0.233] [0.221]  [0.222]  [0.225]
Tsev fand AB0M A4S LA AQMF 4 BOR* L4 B2Rk L4 Bk
[0.633] [0.644]  [0.641] [0.654]  [0.644]  [0.645]
TSV land: S3.25%kk 323wk 34wk 3 Ewk 3 QTR 3 DGRk
[0.379] [0.372]  [0.370] [0.373]  [0.374]  [0.376]
TsEv fand: SLBTHE SLBSRY J1BEMY SLBTR L1.68R 167
[0.210]  [0.218]  [0.215] [0.217]  [0.219]  [0.220]
TSV fand. -0.10 -0.07 -0.07 -0.09 -0.10 -0.07
[0.159]  [0.170]  [0.169] [0.169]  [0.171]  [0.174]
ASEV ava 1079 1.24%%  1A6%* 1130 118 1 15w
[0.222]  [0.238]  [0.231] [0.218]  [0.228]  [0.221]
Tsev aval S1.91%0  1.93% 1.8OF ] Q1R L] O5Rkk .1 Q1%
[0.236]  [0.272]  [0.254] [0.252]  [0.262]  [0.256]
Tsev aval -0.60%* 057 057  -0.60*  -0.62%*  -0.58*
[0.192]  [0.229]  [0.211] [0.214]  [0.219]  [0.216]
TSV aval 0.83%*  0.93%*  0.88%*  0.84%*%  (.84%*  0.87%*
[0.199]  [0.238]  [0.222] [0.223]  [0.228]  [0.225]
Tsev aval 2.01%% 218  2.08%*  D.04%% 207 2.08%
[0.268]  [0.311]  [0.294] [0.287]  [0.295]  [0.293]
ASEV ear 1.24%0% 134w 1.32%% ]8R ] 3]we ] 3 e
[0.239]  [0.243]  [0.236] [0.223]  [0.229]  [0.228]
Tsev eart SLBTHE SLBAMY 13 1 BBR* -1.68%% o165
[0.234]  [0.263]  [0.252] [0.251]  [0.258]  [0.259]
Tsev eart 0.14 0.20% 0.18 0.14 0.13 0.17
[0.201]  [0.231]  [0.218] [0.218]  [0.222]  [0.224]
Tsev eart 12400 1.32%0 1 28F ] 24Rek 124wk ] D8Rk
[0.231]  [0.260]  [0.246] [0.244]  [0.248]  [0.248]
Tsev eart DA1%* QBB D AGR D ARk D ABKK D Ak
[0.327]  [0.346]  [0.333] [0.325]  [0.329]  [0.330]
ASEV flooc 1567 1.BO** 2028 D14k Q7w ] Q7R
[0.329] [0.389]  [0.498] [0.564]  [0.481]  [0.496]
TSEV flood: 22,0200 20LRE QIEMY 2.2QFk L Dwkk D 7wk
[0.298]  [0.366]  [0.426] [0.489]  [0.434]  [0.435]
TSEV flood: -0.66**  -0.60%*  -0.64*  -0.70%*  -0.70%  -0.G**
[0.230]  [0.274]  [0.301] [0.332]  [0.309]  [0.306]
TSEV flood: 0.01%% 10T+ 1.12%% 1140 1040  1.10%*
[0.246]  [0.294]  [0.338] [0.359]  [0.329]  [0.336]
TSEV flood: DALRK QK D GTRK D QGRkk  DTwek D gk
[0.374] [0.440]  [0.539] [0577] [0.512]  [0.531]

Significance at: ***1% level, **5% level,*10% levebtd.err. in [.]. [a]=1.8e+308.

Table 3.5b — Results of the model LV-RPL with twabeht variables.
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3.4.2.3 LV-RPL model with three random latent viales

Table 3.6 summarises the results obtained fromLih&RPL model with three
random latent variables. Some instability is préserthe estimates with 1,000
draws, not just for the latent variables but aleo the attributes’ coefficients.
Instability in only the latent variables’ coefficies is detected using an
intermediate number of draws, such as 1,000, 289 8,000 draws. The
estimated value of the first latent variaBlgr, own mortality risk, appears to be
quite accurate even though it fluctuates betweed7-and -3.27. However, its
stability becomes questionable using 8,000 drawsowering a minor instability.
There is a different tendency for the second latemtable’s coefficientfsgy
which varies from -0.92 to -2.06, showing stabléneates after 5,000 draws. This
is reinforced by the fact that the severity of lslitks’ consequences is the only
latent factor to have stable structural and measené equations through the set
of draws. The third latent variable indicating fedrandslides is insignificant in
all runs. The mortality risk variable has a sigrafit mean as well as a significant
standard deviation almost for all the draws, witB0BD draws representing the
only exception. Here, the standard deviation drfops1 4.01 to 1.59, becoming
insignificant. The psychological heterogeneity wiglgard to mortality risk cannot
be entirely confirmed. Instead, the latent varidld&\,” shows a reduction in the
significance of its standard deviation, which varieonsiderably between
successive steps. As previously stated, the varidBEA,” is insignificant in
mean, and it shows a reduction in the significantdhe standard deviation
through the draws, leading to an insignificant pzeter.

The model fitted with 10,000 draws seems to providere stable
estimates than the previous ones. However, notthal parameters can be
identified, as shown by the standard deviation lid second latent variable.
Overall, this model follows the trend of showinggtmer standard errors when
more draws are used. As noticed in the previousem@bme standard errors
seem to settle using a very large number of draws.

We conclude that this model is not identified af0D0 draws because one
coefficient (of the latent variable) is not stabonsistent conclusions cannot be
derived at this stage. As initially pointed outetimore latent variables are
included in the model structure, the more drawsreeded for the simulation
procedure to discover if a coefficient can be id@dt. However, the increased
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computation cost for a Monte Carlo simulation prhae has to be considered
before using a number of draws larger than 10,00s result is in line with
previous studies that pointed out the difficultyestimate several latent variables

and having them all significant.

LV-RPL with three latent variables

100 1,000 2,000 5,000 8,000 10,000
Mean parameters
BcHan 2.88*** 3.03*** 3.10*** 3.10%**  3.14%* 3. 12%**
[0.153] [0.188] [0.196] [0.193] [0.205] [0.202]
Beas 2.33*** 2.58*** 2.61%** 2.65%**  2.65%*  2.67**
[0.144] [0.201] [0.199] [0.201] [0.200] [0.201]
Bvibeo 1.83*** 1.99*** 2.01%** 2.04%**  2.04*%*  2.05***
[0.133] [0.156] [0.162] [0.165] [0.166] [0.168]
Bsens 1.69*** 1.80*** 1.81%** 1.80**  1.82%*  1.83**
[0.139] [0.143] [0.148] [0.148] [0.151] [0.148]
BroLL -1.39%** -1.48*** -1.49%*  J1.49%* ] 50%**  -1.50***
[0.055] [0.059] [0.061] [0.058] [0.059] [0.060]
ASCsc -1.29** -1.72** -2.49** -2.05%*  -2.08***  -1.46**
[0.593] [0.698] [0.894] [0.725] [0.675] [0.639]
Omor -4.88*** -5.37%** -4.66%*  -4.14%* 327 ** 4150
[0.520] [0.896] [0.853] [0.887] [0.830Q] [0.911]
Osev -1.64%+* -0.92** -2.06* ** -1.99** -1.67** -1.65**
[0.209] [0.361] [0.641] [0.718] [0.625] [0.707]
Oren -0.58 112 1.72 1.00 0.24 0.70

[0.424] [0.718] [1.060]  [0.759] [0.725]  [1.070]

St.dv. parameters

OCHAN 1.26*** 1.57*** 1.64%** 1.60***  1.63***  1.63***
[0.182] [0.188] [0.231] [0.224] [0.230] [0.229]
OBAS 1.53*** 1.86%** 1.86*** 1.82***  1.86***  1.85***
[0.176] [0.218] [0.233] [0.218] [0.228] [0.229]
GVIDEO 0.98*** 1.08*** 1.10%** 1.14%*  1.12%* 1 ,15%**
[0.177] [0.185] [0.197] [0.197] [0.197] [0.203]
OSENS 0.55*** 0.66*** 0.66*** 0.69***  Q.75***  (.74***
[0.196] [0.206] [0.201] [0.190] [0.200] [0.201]
OMOR <0.001 4,01x** 1.59 4.14%** | 4.11***  3.95%**
[a] [0.923] [1.210] [0.887] [0.806] [0.833]
Osev 1.26*** 0.04 1.79* 1.40** 2.27** 0.99
[0.300] [0.934] [0.952] [0.565] [0.767] [1.230]
OFEA 1.06** <0.001 1.31 0.97* 0.97 0.30
[0.423] [a] [0.800] [1.450] [1.290] [1.790]
Model fit
LL -3512.04 -3476.67 -3475.13 -3470.68 -3470.13 71349
AIC 7125.46 7054.72 7051.64 7042.74 7041.64 7044.36
BIC 7382.43 7311.69 7308.61 7299.71 7298.61 7301.33
cAIC 7125.53 7054.79 7051.71 7042.81 7041.71 T7®44.4
est. time 00h43'01" 04h44'07" 08h35'37" 11h39'5[8h46'18" 24h13'41"
draws 100 1,000 2,000 5,000 8,000 10,000

Significance at: **1% level, **5% level,*10% levebtd.err. in [.]. [a]=1.8e+308.
Table 3.6a — Results of the model LV-RPL with thiagent variables.
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LV-RPL with three latent variables

100 1,000 2,000 5,000 8,000 10,000
Structural equations
YFemale, MOF 0.41* 1.11%** 1.01* 0.72** 0.61** 0.90**
[0.181] [0.253] [0.528] [0.272] [0.252] [0.425]
YFemale, SE' 0.68*** 0.50** 0.50** 0.47** 0.47** 0.47**
[0.154] [0.187] [0.188] [0.185] [0.185] [0.194]
YFemale,FE, 0.69 2.30 1.81 0.54 0.63 0.76
[0.484] [1.680] [1.26] [0.343] [0.587] [0.860]
Measurement equations
AMOR risk 0.43** 0.66** 0.63** 1.22* 1.40 0.90*
[0.204] [0.279] [0.291] [0.725] [0.899] [0.527]
TMOR riskl 0.57%** 0.84*** 0.77*** 0.98** 1.02**  0.92***
[0.179] [0.260] [0.253] [0.392] [0.461] [0.314]
TMOR risk: 1.24%%* 1.56*** 1.49%%* 1.83%* 1.92** 1.69%**
[0.201] [0.309] [0.291] [0.557] [0.692] [0.402]
TMOR risk: 1.48%** 1.81*%** 1.73%* 2.12%*  2.22%* 1,95
[0.210] [0.323] [0.303] [0.607] [0.795] [0.427]
TMOR riske 1.74%* 2.09*** 2.01%x* 2.44%* 2 BE***F 2.25%**
[0.222] [0.343] [0.320] [0.665] [0.837] [0.457]
AsSEV lanc 0.66** 0.73%** 0.74%** 0.75%**  0.71%*  (Q.74%**
[0.244] [0.226] [0.241] [0.246] [0.238] [0.228]
TSEV land: -4.42%** -4.49%** -4.50%* 4 B1FR L4 4Orx 4 Bk
[0.653] [0.664] [0.672] [0.677] [0.674] [0.671]
TSEV land: -3.17%** -3.23%** -3.25%%*% 327 3247 3.27%*
[0.394] [0.407] [0.405] [0.412] [0.409] [0.409]
TSEV Jand: -1.60%*** -1.64%** -1.66***  -1.68***  -1.66***  -1.67***
[0.217] [0.233] [0.230] [0.231] [0.226] [0.234]
TSEV Jand: -0.03 -0.06 -0.07 -0.09 -0.08 -0.08
[0.173] [0.184] [0.186] [0.183] [0.181] [0.191]
ASEV ava 1.05*** 1.27%** 1.14%** 1.11%*  1.17%*  1.15%**
[0.219] [0.252] [0.222] [0.217] [0.222] [0.224]
TSEV aval -1.78%+* -1.93%** -1.89%*  -1.90%**  -1.91%*  -1.91%**
[0.230] [0.272] [0.252] [0.252] [0.259] [0.264]
TSEV aval: -0.48** -0.57** -0.57** -0.60**  -0.59**  -059**
[0.196] [0.235] [0.215] [0.214] [0.221] [0.224]
TSEV aval: 0.94*** 0.94*** 0.88*** 0.83***  0.88***  0.87***
[0.218] [0.248] [0.230] [0.226] [0.232] [0.235]
TSEV aval 2.09%** 2.20%** 2.08*** 2.02%%* 2. 10%*  2.08***
[0.286] [0.319] [0.296] [0.286] [0.297] [0.300]
ASEV ear 1.21%** 1.34%** 1.28%** 1.29%*  1.32%*  1.30**
[0.249] [0.249] [0.231] [0.235] [0.235] [0.232]
TSEV eart -1.53*** -1.63*** -1.62%*  -1.66***  -1.65**  -1.65***
[0.220] [0.273] [0.264] [0.263] [0.263] [0.270]
TSEV eart 0.26 0.20 0.17 0.14 0.17 0.16
[0.206] [0.238] [0.229] [0.224] [0.226] [0.231]
TSEV eart 1.35%** 1.32%* 1.27%* 1.24%*  1.28%*  1.27**
[0.241] [0.268] [0.260] [0.251] [0.257] [0.257]
TSEV eart 2.50%** 2.54%** 2.46%** 2.43%*  2.49%* 2 47
[0.342] [0.351] [0.342] [0.332] [0.337] [0.337]
ASEV flooc 1.63*** 1.66*** 2.02%** 2.12%*  1.96**  2.00%**
[0.349] [0.389] [0.501] [0.546] [0.477] [0.504]
TSEV flood! -1.89*** -1.98%** 2. A7 2.28% 207 2. 20%*
[0.298] [0.357] [0.444] [0.476] [0.424] [0.450]

Continued on next page



Table 3.6b — continued from previous page

LV-RPL with three latent variables

100 1,000 2,000 5,000 8,000 10,000
TSEV flood: -0.49% -0.60%*  -0.64*  -0.70% -0.65" -0.6**
[0.232] [0.274] [0.317]  [0.327] [0.309]  [0.322]
TSEV flood: L1199 1.00%*  1.13%% 112% 1008 1. 10%*
[0.262] [0.299] [0.348]  [0.359] [0.332]  [0.353]
TSEV flood: 2.66%%% 258 g8k QIR D gDk | D 8/
[0.409] [0.443] [0.543]  [0.577] [0.518]  [0.554]
A anc 0.76* 0.27 0.62 1.64 1.42 1.09
[0.368] [0.224] [0.340]  [1.560] [2.040] [1.670]
TrEA land: 2308 D A7Fkx 2GR 208%  273% 2 5om
[0.338] [0.272] [0.293]  [1.440] [1.620]  [1.160]
Tren land: 1.02%%  -0.86%*  -0.83%*  -122*  -1.09 -1.0%
[0.236] [0.197] [0.208]  [0.644] [0.747]  [0.564]
Tren land: 0.13 0.20 0.27 0.30 0.33 0.27
[0.209] [0.193] [0.203]  [0.337] [0.325]  [0.276]
Tren land: 1.33%% 128+ 138"+ 1.86* 1.78 1.59+

[0.260] [0.224] [0.252]  [0.968] [1.150]  [0.834]

Significance at: ***1% level, **5% level,*10% levebtd.err. in [.].

Table 3.6b — Results of the model LV-RPL with thisent variables.

3.5 Conclusions

This study explored the stability of maximum sintath likelihood estimates of
parameters for three LV-RPL models when the nundfedraws is gradually
increased in estimation. The importance of testorgempirical identification is
clearly supported by the findings of this study.féwt, some coefficients can be
identified only when using a very large number cfvas.

All the LV-RPL models provide very stable resultsthvregard to the
attributes’ coefficients. However, some degreesnefability are present in the
estimated coefficients of the latent variables ahdir estimated standard
deviations. Overall, the LV-RPL model with one ldtevariable presents stable
parameter estimates across draws. Using 10,00Gdcansistent conclusions can
be drawn with regard to the presence of psychoddgicurces of heterogeneity in
the latent variable, previously undetected at aventional number of draws.
Stability discontinuity is observed when initialpgpent stability is not confirmed
at higher draws (as high as 8,000), suggesting tthetdefinition of stability
should be further expanded. The estimates from ntloelel with two latent
variables are quite stable when using more thadOsddaws. Additionally, results
suggest that using a low number of draws could teachisinterpretation of the

relative dominance of latent variables. Lastly luding a third latent variable in
93



the model creates more instability in the resltthough the estimates appear to
become more stable using a large number of drdwestesults show that not all
the parameters are indeed identified, leading texain conclusions.

On the one hand, these findings stress the neetkdting for empirical
identification with a progressively larger set aads. On the other hand, it is
necessary to reflect on the fact that 8,000 an®0D0draws are very large
numbers of draws for this model structure, cerjamgher than what is routinely
used in the literature. Using more draws substiytiacreases estimation run
time and the time for specification search.

Supplementary to the goal of exploring stabjlityis study was designed
to model individuals’ risk perceptions as latenhstoucts and to determine the
impact of these psychological sources of heteragenegogether with
unobservable sources, on the baseline scenate icantext of landslide hazards.

The model specification selected provides new htsigompared to the
reduced version without latent variables. The tesshow the importance that
people in mountainous areas place on reducing lidedsazards and how this is
strongly connected to their underlying perceptiofsisk. We formulated the
hypothesis that strong risk perceptions may hapesiive impact on aversion to
the riskiest option. It is now possible to statatttihe parameter estimates for the
latent variables confirm our expectation. Respotslevith negative values of
latent variables were less likely to choose #i@tus quooption in favour of
policies delivering lower landslide risks. The lteconstruct referring to the
perception of own mortality risk has the largestgmtude, followed by the risk
severity. The degree of fear of landslide is thly amsignificant latent variable. It
appears that the inclusion of latent variablescé$feespondents’ utility for the
riskiest scenario, a result that seems to be ademsis/ith the PMT, with the only
exception being the variable measuring landslide. f8uch fear could be seen as
a general concept in the respondents’ minds, wisiaiot necessarily associated
with tangible consequences of landslides. Othaemtatactors investigated here
motivate respondents to increase safety as theg mioectly evoke dangerous
scenarios. According to our results, there is ewideof the existence of multiple
sources of heterogeneity in people’s preferencemitigation programmes based
on risk perceptions. The models’ specificationshwliatent constructs add a
psychological dimension to taste variation. Gemgradpeaking, people’s
perceptions of natural hazards are complex andwdéalpsychological and social
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aspects linked to the policy decisions. Thus, mubpliotection policies play a
major role in shaping the risk perception of theydation and their protective
behaviours. A model without the latent variables ba sensitive to policies that
modify the availability of protection devices agstitandslides. However, a model
with latent variables can, in addition, be sensitiv changes in perceptions due to
different factors such as education campaigns aAadges in the current scenatrio.
All of these changes can have repercussions ofatéet variables and therefore
affect people’s choices. Having said that, the eomg raised by Chorus and
Kroesen (2014) are particularly salient in the eahof protection behaviour. The
issue of endogeneity of the latent variable, togettith its cross-sectional nature,
discourage the derivation of a policy aiming atraiag the latent variable and
the consequent choice behaviour. An example of ithihe implementation of
communication strategies that take into accouniestilie risk perceptions as a
fundamental determinant in making people more mgllto support mitigation
programmes initially not perceived as necessarthérpresent context of study, a
landslide event may modify individuals’ risk pertieps. Therefore, policy
decisions may benefit from the additional inforroatbbtained from the adoption
of the latent variable framework in conjunction withoice modelling, but this
information should be used with caution. Cautiooudti be used in assessing the
consistency of the estimated latent variables coefits.

Specific tried and tested guidance aiming at gowattges is not yet
available to persuade hesitant practitioners toptadlois model structure. That
said, some recommendations can be derived fromatidsprevious studies on the
topic. First, the main goal of the policy of intstreshould be a driver in choosing
the proper model specification, and the data qualitd sample size have to be
large enough to support complex modelling. Secandlysts should be careful in
selecting the survey questions to include in thedehdhrough measurement
equations. The questionnaires should be desigmenbm@, taking into account the
specific investigation being performed. The forntivka of the survey questions
has to be clear and defined on an appropriate .staltly, analysts should
carefully consider the adoption of this model spe&iion considering(i) the
stability of parameter estimates (with respectitougation starting points, number
of draws, old-out samples, resampling techniquesnpbral and spatial
transferability);(ii) the sensitivity to the number of latent variabl@sg; the issue
of multicollinearity, when explanatory variableseacorrelated; andiv) the
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computational complexity of the model structurgenms of estimation time and
interpretation of the results. In our case, theuced form (i.e. RPL model)
provided very stable estimates, but it failed tocamt for psychological sources
of heterogeneity. In contrast, the LV-RPL modelsuited in more informative
although less precise models. Moreover, as the momlaplexity increases so
does the number of draws needed for tes@ngpirical identification. In fact,
using a low number of draws can obscure importanplications in the
interpretation of the estimated parameters. Whesrantion terms between latent
variables and attributes are significant, and haubstantial magnitude, this
instability may be reflected in changes in WTP raates. Another important
factor for practitioners to consider is the difigrestimation time of these models
as implied by the number of draws. In our studgfrl00 to 10,000 draws, it
increased from a few minutes to 10 hours when atent variable was used.
Adding more latent variables to the model resuiitedn extended estimation time
of one or two days. In general, computational caxipy and challenging
interpretation of outputs are common weak pointdhi§ group of models. A
simplification of the model specification may becessary to make estimation
feasible when the multi-dimensional integral becsto® complex.

We believe that the investigation conducted calsd®n as a contribution
to the topic of estimates stability to an incregsmumber of draws and latent
variables. Furthermore, the findings provide ingsgimto respondents’ decision
processes in the context of risk and threats ¢o lif

However, the study has some limitations such agliffieulty in defining
suitable indicators for the latent constructs aralesof measure. Other limitations
also exist, such as the measurement bias becamendents tended to engage in
typically superstitious behaviour when replyingth@ question on perception of
their own mortality risk. The difficulties in colléing completed questionnaires,
together with the seasonality of tourism in theaardid not allow for a larger
sample size. However, the sampled portion of ressgdevas almost 1% of the
whole population living in the area of study. Moveg we are aware of the fact
that other psychological theories than PMT couldehlaeen tested in the context
of safety choices. Lastly, we acknowledge a linotain the model structure that
did not allow the latent constructs to affect iropliprices for policy attributes.
This was because exploring the empirical identifccawith a large number of
draws would have increased significantly the exéehehodel computational time.
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Further studies are still required on the issueestimate stability for
choice models with latent variables. Future and research can be conducted on
the stability of the latent variables’ indicatoise( risk perceptions) over time,

such as after a landslide event.
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3.7 Appendix
Variables Description Mean Stdv. Min  Max
Age Age of the respondent 48 15 18 92
Gender Dummy (O=male; 1=female) 0.47 0.50 0 1
Family members Number of family members 2.72 1.23 1 9
Minor family member Number of minor members 0.34 0.75 0 6
Residents Dummy (O=visitor; 1=resident 0.43 0.5 0 1

Table 3.7 — Demographic characteristics of the $amp
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Correlations Landslide Avalanche Earthquake Flood
Landslide 1

Avalanche 0.24 1

Earthquake 0.06 0.34 1

Flood 0.26 0.30 0.39 1

Table 3.8 — Correlation coefficients between natoezards.

Attributes Acronym Levels
Diverging channel CHAN [0,1]
Retaining basin BAS [0,1]

Video cameras VIDEO [0,1]
Acoustic sensors SENS [0,1]

Road toll TOLL €1,€2,€3,€4

Table 3.9 — Attributes and attribute levels in @te.

RPL
100 1,000 2,000 5,000 8,000 10,000
Mean parameters
BcHan 2.66***  2.95%* 2. 97x¥*  206**  2.96%*  2.96%**
[0.172] [0.199] [0.200] [0.202] [0.204] [0.203]
Beas 2.39%*  2.64***  2.67**  2.677*  2.70%*  2.70***
[0.155] [0.195] [0.197] [0.197] [0.197] [0.200]
Bvibeo 2.01%*  227**  224%x% D Q4¥kx D QBFRx D DE*F*
[0.171] [0.202] [0.205] [0.205] [0.203] [0.204]
Bsene 1.72%*  1.87** 1.86** 1.86*** 1.88*** 1.88***
[0.158] [0.187] [0.188] [0.189] [0.189] [0.190]
BroLL -1.46%**  -1.563***  -1.53*** -1.63%* -1.63%* -1.53%*
[0.049] [0.051] [0.051] [0.051] [0.051] [0.051]
ASCsc 0.05 -0.06 -0.08 -0.08 -0.07 -0.07
[0.155] [0.168] [0.167] [0.167] [0.166] [0.168]
St.dv. parameters
OCHAN 1.86***  1.89*** 1.92%* 189 1.90*** 1.89***
[0.200] [0.214] [0.209] [0.226] [0.220] [0.225]
OBAs 1.96***  2.04***  2.09%** 2.07** 2.03*** 2.08***
[0.173] [0.202] [0.215] [0.212] [0.212] [0.215]
OVIDEO 1.84%*  1.93%*  1.97%*  1.93%*  1.04¥*  1.02%*
[0.163] [0.193] [0.195] [0.192] [0.192] [0.194]
OSENS 1.42%%*  1.650%**  1.47**  1.49%*  1.47%*  1.48**
[0.154] [0.176] [0.175] [0.179] [0.177] [0.180]
Model fit
LL -1552.4  -1522.17 -1523.73 -1524.82 -1522.34 2152
AIC 312495 3064.49 3067.61 3069.79 3064.83 3065.28
BIC 3177.93 3117.47 3120.59 312277 3117.81 3118.26
cAIC 312496 3064.50 3067.62 3069.80 3064.84 3@®5.2
est. time 00h01'18'00h09'44" 00h38'07" 00h59'29" 01h21'43" 01h42'57"
draws 100 1,000 2,000 5,000 8,000 10,000

Significance at: ***1% level, **5% level,*10% levebtd.err. in [.]
Table 3.10 — RPL model results.
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Variables

Coefficient estimates

LV-RPL with one latent variable

LV-RPL with two it variables

LV-RPL with three latent variables

100 1,000 2,000 5,000 8,000 10,000 100 1,000 02,00 5,000 8,000 10,000 100 1,000 2,000 5,000 8,000 ,0000
Mean parameters
Beran 2.90%*  3.02%*  3.09%*  3.08%* 313+  3.12%* |2, 86**  3.02¥*  3.09**  3.09**  3.15%*  3.10** |2.88* **  3.03**  3.10**  3.10%*  3.14%* 3 12%*
[0.148] [0.169] [0.178] [0.178] [0.184] [0.183] 0[i46] [0.177] [0.187] [0.191] [0.196] [0.196] [®3] [0.188] [0.196] [0.193] [0.205] [0.202]
Beas 2.48%* 255k 2 G1%r  250%*  2.68%*  2.66%* |2, 40%* 255 2.60%* 2,62  2.63**  2.66™* |2.33* ** 258*** 261 2.65%*  2.65%* 2,67
[0.156] [0.175] [0.177] [0.182] [0.186] [0.185] 0[150] [0.189] [0.191] [0.196] [0.196] [0.196] [@4] [0.201] [0.199] [0.201] [0.200] [0.201]
Bvibeo 1.92%  1.98%* 201  2,02%*  2.07¥*  2.04%* |1, 81+ 2.00%**  2.00%* 2,03+  205¥*  205%* |1.83%* 199%* 20 1 2.04¥*  2.04%* 2,05
[0.132] [0.146] [0.147] [0.151] [0.157] [0.156] O0[126] [0.157] [0.158] [0.166] [0.166] [0.165] [0.133] [0.156] [62] [0.165] [0.166] [0.168]
Bsens 1.73%+  1.78¥*  1.80**  1.80%*  1.83¥*  182%* |1 66%* 1.80%* 1.79¥*  181%*  1.82%¥*  1.82** 1.69* *  1.80%* 1.81¥*  1.80**  1.82%* 183
[0.131] [0.132] [0.135] [0.134] [0.144] [0.138] 0[134] [0.147] [0.138] [0.141] [0.148] [0.145] [Cra] [0.143] [0.148] [0.148] [0.151] [0.148]
BroLL S1.44% 1 46T S1A4A8M S 49 ] B0MR S 4Qrk | L] 3O% T ATRRR 1480 ] 400 1 0™ 1490 | L1390 1A48FFF S149% L] 40 ] BOM -1 O
[0.053] [0.055] [0.056] [0.056] [0.056] [0.056] 053] [0.057] [0.058] [0.057] [0.058] [0.059] [0.055] [0.059] [0.061] [0.058] [0.059] [0.060]
ASCsc -1.98%* 2. 17* -1.77* -1.88** -1.37* -135% | -2.38*** -1.22% -1.75** -1.68** -1.62** -1.60** -1.29* -1.72* -2.49% 2,05 2,08 -1.46%
[0.594] [0.775] [0.719] [0.779] [0.513] [0.507] 0p61] [0.632] [0.784] [0.633] [0.609] [0.593] [0.593] [0.698] go4] [0.725] [0.675] [0.639]
Omor -5.38rF 5 24%x 5%k G AQY -4.06% %% -4.25%% | 554%x 5 Q4% 5 A3 3 Q90*F* -4.23%r ZT72%kk | 4 88%* 537 4.66%  -4.14%r 327xxx 4 150
[0.492] [0.574] [0.560] [0.623] [0.815] [0.844] [0.532] [0.657] [0.624] [0.864] [0.899] [0.817] [0.520] [0.896] [0.853] [0.887] [0.830] [0.911]
Osev - - - - - - -0.33**  -0.81** -0.85*% -1.47* -1.32** -1.58% | -1.64**  -0.92** -206***  -1.99* -1.67** -1.65**
- - - - - - [0.206] [0.349] [0.479] [0.626] [0.542] [0.683] [0.209] [0.361] [0.641] [0.718] [0.625] [0.707]
Oren - - - - - - - - - - - - -0.58 112 1.72 1.00 0.24 0.70
- - - - - - - - - - - - [0.424]] [0.718] [1.060] [0.759]  [0.725] [1.070]
St.dv. parameters
GCHAN 1.40%*  153%*  159¥* ] 5@k ]G3 1.62%r |1, 22%+* 154***  1.61%¥*  159%* 163+ 1637 | 1.26%* 157***  1.64**  1.60**  1.63%*  1.63**
[0.181] [0.208] [0.211] [0.210] [0.216] [0.215] 0[f72] [0.208] [0.219] [0.221] [0.229] [0.224] [0.182] [0.188] [0.231] [0.224] [0.230] [0.229]
OBAs 1.73%*  1.81%*  1.82%* 183  1.86%*  1.85%* |1, 63**  1.81%*  1.84%*  182%* 188+  1.84%* |]53% ** 1.86***  1.86%*  1.82**  1.86%*  1.85%*
[0.186] [0.210] [0.220] [0.214] [0.225] [0.221] 0p77] [0.211] [0.228] [0.214] [0.230] [0.226] [aa] [0.218] [0.233] [0.218] [0.228] [0.229]
OviDEO 1.06*%*  1.08%*  1.09**  1.13**  1.19**  1.16** |0. 90*** 1.10%**  1.10**  1.16**  1.13%*  1.15%* |0.98¥*  1.08** 1.1 O**  1.14%*  112%* ] 15%*
[0.163] [0.184] [0.181] [0.187] [0.183] [0.184] O0[75] [0.191] [0.190] [0.195] [0.193] [0.194] [0.177] [0.185] 7] [0.197] [0.197] [0.203]
OSENS 0.63**  0.62**  0.69**  0.67**  0.81**  (0.73** |0. 53*** 0.76***  0.63**  0.68***  0.76** 0.73*** |0.55** 0.66** 0.6 6** 0.69**  0.75%*  (0.74%*
[0.192] [0.204] [0.192] [0.200] [0.182] [0.192] 0[89] [0.191] [0.199] [0.195] [0.189] [0.195] [0.196] [0.206 1] [0.190] [0.200] [0.201]
OMOR <0.001 <0.001 <0.001 <0.00] 4.41*** | 4.57%* <0.001 2.22%* <0.001 | 3.90*** | 3.84**  3.77%* <0.001 | 4.01*** 1.59 4.14%** | 4.11%*  3.95%*
[a] [a] [<0.001] | [a] [0.723] [0.827] | [<0.001]| [0.885] [a] [0.864] [1.050] [0.905] [a] [0.923] [1.210] [0.887] [0.806] [0.833]
Osev - - - - - - <0.001 0.08 <0.001 1.44** 0.85 1.54* 1.26%* 0.04 1.79* 1.40** 2.27%* 0.99
- - - - - - [<0.001] [0.782] [<0.001} [0.611] [1.040] [0.905] [0.300] [0.934] [0.952] [0.565] [0.767] [1.230]
OFEA - - - - - - - - - - - - 1.06**| <0.001 131 0.97* 0.97 0.30
- - - - - - - - - - - - [0.423] [a] [0.800] [1.450] [1.290] [1.790]

Continued on next page
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Table 3.11 — continued from previous page

Variables

Coefficient estimates

LV-RPL with one latent variable

LV-RPL with two Eit variables

LV-RPL with three latent variables

100 1,000 2,000 5,000 8,000 10,000 100 1,000 02,00 5,000 8,000 10,000 100 1,000 2,000 5,000 8,000 ,0000
Structural equations
YFemale,MOI 0.48%** 0.42** 0.56%** 0.49** 0.80***  0.84** | (0.28*** 0.60*** 0.48** 0.80** 0.63** 0.75* 0.41* 1.11%** 1.01* 0.72** 0.61** 0.90**
[0.122] [0.164] [0.185] [0.188] [0.259] [0.272] [0.113] [0.197] [0.204] [0.293] [0.271] [0.299] [0.181] | [0.253] [0.528] [0.272] [0.252] [0.425]
YFemale, SE - - - - - - 0.50%** 0.49** 0.51%+* 0.47* 044** 0.49** 0.68*** 0.50** 0.50** 0.47** 0.47** 0.47**
- - - - - - [0.149] [0.180] [0.167] [0.176] [0.174] [0.176] [0.154] [0.187] [0.188] [0.185 [85] [0.194]
YFemale,FE/ - - - - - - - - - - - - 0.69 2.30 1.81 0.54 0.63 0.76
- - - - - - - - - - - - [0.484] [1.68 [1.26] [0.343] [0.587] [0.860]
Measurement equations
AMOR _risk 0.58**  0.60***  0.62***  0.62*** 1.22* 1.18** 0.54* ** 0.51** 0.52** 1.11* 0.89* 0.94* 0.43* 0.66** 0.63** 1.22* 1.40 0.90*
[0.191] [0.200] [0.206] [0.209] [0.626] [0.600] 0.[193] [0.223] [0.218] [0.575] [0.462] [0.495] [0.204] [0.279] [0.291] [0.725] BR9] [0.527]
TMOR _risk 0.60***  0.58**  0.63***  0.63*** 1.04** 1.04** 0.56**  0.61**  0.59*** 0.98***  0.79**  (0.85%* | 0.57*** 0.84***  0.77*** 0.98** 1.02** 0.92%**
[0.157] [0.157] [0.165] [0.164] [0.373] [0.374] [0.164] [0.185] [0.175] [0.339] [0.276] [0.301] [0.179] [0.260] [0.253] [0.392] [0.461] [0.314]
TMOR _risk: 1.30%**  1.28***  1.34%* ] 33%+* 1.89%** 1.88*** | 1.25%*  1.30%*  1.28%* 1.80%** 1.55%*  1.62%* | 1.24%** 1.56%**  1.49*%*  1.83** 1.92** 1.69***
[0.183] [0.181] [0.191] [0.191] [0.519] [0.514] [0.188] [0.213] [0.200] [0.465] [0.360] [0.396] [0.201] [0.309] [0.291] [0.557] [0.692] [0.402]
TMOR_riské 1.54%*  152%* ] 58rrx ] G7rk* 218%**  2.17%* | 1.49%** 1.53*** 1 51%* 2.08*** 1.81%*  1.89%* | 1.48%** 1.81%**  1.73%*  2.12%x 2%k ] Qhkkx
[0.196] [0.196] [0.205] [0.205] [0.563] [0.555] [0.200] [0.225] [0.210] [0.502] [0.393] [0.421] [0.210] [0.323] [0.303] [0.607] [0.795] [0.427]
TMOR _risk¢ 1.81%*  1.79%*  1.86**  1.85%* 250%**  2.49%* | 1. 76%*  1.80%*  1.78%* 239x*x  2.10%*  2,19%* | 1. 74%%* 2.09%**  2,01%*  2.44%* D GEr* 2 DGk
[0.204] [0.204] [0.214] [0.214] [0.610Q] [0.599] [0.211] [0.236] [0.219] [0.546] [0.423] [0.454] [0.222] [0.343] [0.320] [0.665] [0.837] [0.457]
AseV_janc - - - - - - 0.68**  0.70**  0.72%*  0.72%*  0.73%*  0.74** 0.66** 0.73**  0.74%*  0.75%* Q.71 **  0.74***
- - - - - - [0.237] [0.223] [0.233] [0.221] [0.222] [0.225] [0.244] [0.226] [0.241] [0.246] B8] [0.228]
TSEV_land - - - - - - -4.50%*  -4.48%* -4 49%* A B0 4 52%x A BRRx | LA QDR 4 AQFF 4 BO¥* -4 51, 4 49%* 4 52R*
- - - - - - [0.633] [0.644] [0.641] [0.654] [0.644] [0.645] [0.653] [0.664] [0.672] [0.677] 4] [0.671]
TSEV_land: - - - - - - -3.25%*  .3.23%F% 3. 24% 325wk 3 27wkx 3 26%* | -3.17%*% -3.23%% -3, 25%% 3.27%% 3.24% 3 27%
- - - - - - [0.379] [0.372] [0.370] [0.373] [0.374] [0.376] [0.394] [0.407] [0.405] [0.412] J09] [0.409]
TSEV._land: - - - - - - -1.67*%*  -1.65%* -1.65** -1.67%* -1.68*** -1.67** |-1.60*** -1.64** -1 .66*** -1.68*** -1.66*** -1.67***
- - - - - - [0.210] [0.218] [0.215] [0.217] [0.219] [0.220] [0.217] [0.233] [0.230] [0.231] Jp6] [0.234]
TSEV._land. - - - - - - -0.10 -0.07 -0.07 -0.09 -0.10 .0D -0.03 -0.06 -0.07 -0.09 -0.08 -0.08
- - - - - - [0.159] [0.170] [0.169] [0.169] [0.171] [0.174] [0.173] [0.184] [0.186] [0.183] [81] [0.191]
AsEv_ave - - - - - - 1.07**  1.24*%*  1.16%** 113  1.18%*  1.15%* | 1.05%* @ 1.27¥* 1. 14% 1 11%* 1.1 7+ 1. 15%
- - - - - - [0.222] [0.238] [0.231] [0.218] [0.228] [0.221] [0.219] [0.252] [0.222] [0.217] Br2] [0.224]
TSEV_aval - - - - - - -1.91%x ] Q3%kk ] 8O** _1Q91%k ] Q5% ] Q1R | ] 78% ] Q3% ], 8Orr ] Q0% -1.91%* -1 9l
- - - - - - [0.236] [0.272] [0.254] [0.252] [0.262] [0.256] [0.230] [0.272] [0.252] [0.252] JFB9] [0.264]

Continued on next page
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Table 3.11 — continued from previous page

Variables Coefficient estimates
LV-RPL with one latent variable LV-RPL with two Eit variables LV-RPL with three latent variables
100 1,000 2,000 5,000 8,000 10,00 100 1,000 02,00 5,000 8,000 10,000 100 1,000 2,000 5,000 8,000 ,0000
TSEV_aval: - - - - - - -0.60%** -0.57* -0.57* -0B0** -0.62%* -0.58** -0.48** -0.57** -0.57* -0.60** -0.59** -0.59*
- - - - - - [0.192] [0.229] [0.211]  [0.214] [0.219] [0.216] | [0.196]  [0.235]  [0.215]  [0.214] [RER1]  [0.224]
TSEV_avad - - - - - - 0.83**  0.93**  (0.88**  0.84**  0.84**  0.87** | 0.94%*  0.94**  0.88*** 0.83** (0.8 8 (.87
- - - - - - [0.199] [0.238] [0.222] [0.223] [0.228] [0.225] [0.218] [0.248] [0.230] [0.226] EB2] [0.235]
TSEV_aval: - - - - - - 2.01%*  2.18%*  2.08%*  2,04%*  2.07** 2,08 | 2.09%*  220%* 2,08  2,02%* 2.1 O**  2.08%*
- - - - - - [0.268] [0.311] [0.294] [0.287] [0.295] [0.293] [0.286] [0.319] [0.296] [0.286] BB7] [0.300]
AseV_ear - - - - - - 1.24%% 1 34%x  1.32%  1.28%*  1.31%% 1. 31%* | 1.2]%* 1.34% 128%x  120%*% 1.3 2% ].30%*
- - - - - - [0.239] [0.243] [0.236] [0.223] [0.229] [0.228] [0.249] [0.249] [0.231] [0.235] EB5] [0.232]
TSEV_eart - - - - - - S167%* 164 J1.63%r 1.65%F -1.68%*  -1.65%* | -1.53%* -] 63%* -1 62%*  -1.66%* -1.65%* -1.65%*
- - - - - - [0.234] [0.263] [0.252] [0.251] [0.258] [0.259] [0.220] [0.273] [0.264] [0.263] BB3] [0.270]
TSEV_eart - - - - - - 0.14 0.20** 0.18 0.14 0.13 0.17| 0.26 0.20 0.17 0.14 0.17 0.16
- - - - - - [0.201] [0.231] [0.218] [0.218] [0.222] [0.224] [0.206] [0.238] [0.229] [0.224] EP6] [0.231]
TSEV_eart - - - - - - 1.24%% 1. 32%x  128%*  1.24%*  124%% ] 28%* | ] 35%x ] 32%% 127 1.24%% 12 8k ] 27%
- - - - - - [0.231] [0.260] [0.246]  [0.244] [0.248]  [0.248] | [0.241] [0.268]  [0.260]  [0.251] [®B7]  [0.257]
TSEV_eart - - - - - - 2.41%** 2.55%** 2.48*** 2.43*** 2.45%** 2.48%** 2.50%** 2.54%** 2.46%** 2.43%** 2.4 9rr* 2.47%**
- - - - - - [0.327] [0.346]  [0.333]  [0.325] [0.329] [0.330] | [0.342] [0.351] [0.342] [0.332] [RB7]  [0.337]
AsEV._flooc - - - - - - 1.56%** 1.69%** 2.02%** 2.14%** 1.97%+* 1.97%+* 1.63*** 1.66*** 2.02%** 2.12%** 1.9 6*** 2.00%**
- - - - - - [0.329] [0.389] [0.498] [0.564] [0.481] [0.496] | [0.349] [0.389] [0.501] [0.546] V7]  [0.504]
TSEV._flood! - - - - - - -2.02%*  2.01%* -2, 16%%*  2.209%* 2 22%%k Q17 | J1.80%F  _].98% 2 1T7F 2. 28%% 217 2. 20%*
- - - - - - [0.298] [0.366] [0.426]  [0.489] [0.434] [0.435] | [0.298] [0.357] [0.444] [0.476] HR4]  [0.450]
TSEV._flood: - - - - - - -0.66** -0.60** -0.64** -0.0** -0.70** -0.65** -0.49** -0.60** -0.64** -0.70** -0.65** -0.66**
- - - - - - [0.230] [0.274] [0.301]  [0.332] [0.309] [0.306] | [0.232] [0.274] [0.317] [0.327] @D9]  [0.322]
TSEV._flood: - - - - - - 0.91*** 1.01%** 1.12%* 1.14%x* 1.04%* 1.10%** 1.10%x* 1.00*** 1.13%+* 1.12%** 1.0 9*** 1.10%**
- - - - - - [0.246] [0.294] [0.338] [0.359] [0.329] [0.336] | [0.262] [0.299] [0.348] [0.359] [@B2]  [0.353]
TSEV._flood: - - - - - - 2.44%** 2.62%** 2.87** 2.95%** 2.77** 2.83%** 2.66%** 2.58%** 2.88%** 2.91%** 2.8 2% 2.84%**
- - - - - - [0.374] [0.440] [0.539] [0.577] [0.512] [0.531] [0.409] [0.443] [0.543] [0.577] B8] [0.554]
AFEA_lanc - - - - - - - - - - - - 0.76**| 027 0.62 1.64 1.42 1.09
- - - - - - - - - - - - [0.368]] [0.224] [0.340] [1.560] [2.040] [1.670]
TFEA_land: - - - - - - - - - - - - -2.39%* 2 17x*x 2 15%F* -2.98** -2.73* -2.52%
- - - - - - - - - - - - [0.338] [0.272] [0.293] [1.440] [1.620] [1.160]
TFEA_land: - - - - - - - - - - - - -1.02%*  -@6***  -0.83*** -1.22* -1.09 -1.01*
- - - - - - - - - - - - [0.236] [0.79 [0.208] [0.644] [0.747]  [0.564]

Continued on next page
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Table 3.11 — continued from previous page

Variables Coefficient estimates
LV-RPL with one latent variable LV-RPL with two Eit variables LV-RPL with three latent variables
100 1,000 2,000 5,000 8,000 10,000 100 1,000 02,00 5,000 8,000 10,000 100 1,000 2,000 5,000 8,000 ,0000

TFEA_land: - - - - - - - - - - - - 0.13 0.20 0.27 0.30 0.33 0.27

- - - - - - - - - - - - [0.209] [0.B9p [0.203] [0.337] [0.325]  [0.276]
TEEA Jand: - - - - - - - - - - - - 1.33%*  1.28%  1.38%* 1.86* 1.78 1.59*

- - - - - - - - - - - - [0.260] [0.2P [0.252] [0.968] [1.150] [0.834]
Model fit
LL -1712.98 -1699.11 -1699.19 -1696.71 -1691.48 91189 | -3131.61 -3099.33 -3100.82 -3090.49 -3090.68090.80| -3512.04 -3476.67 -3475.13 -3470.68 -34x0.-3471.49
AIC 3462.42  3434.68 3434.84 3429.88 3419.42  342(0.26347.58 6283.02 6286.00 6265.34 6265.74 6269.96 2526 7054.72 7051.64 7042.74 7041.64 7044
BIC 3557.60 3529.86 3530.02 3525.06 3514.60 3515.48563.06 6498.50 6501.48 6480.82 6481.22 6481448233 7311.69 7308.61 7299.71 7298.61 7301
cAlC 3462.45 343471 343487 342991 3419.45 3420.26347.64 6283.08 6286.06 6265.40 6265.80 6266.02125.33  7054.79  7051.71 7042.81 7041.71 7044
est. time 00h05'17"01h16'12" 02h12'00" 04h51'02" 08h44'15" 10h45'52"| 00h15'30" 03h26'45" 06h26'46" 16h09'55" 19h45'34" 21h26'05"| 00h43'01" 04h44'07" 08h35'37" 11h39'57" 19h46'18" 24h13'41"
draws 100 1,000 2,000 5,000 8,000 10,000 100 1,000 2,000 5,000 8,000 10,000 100 1,000 2,000 5,000 08,00 10,000

Significance at: ***1% level, **5% level,*10% leveBtd.err. in [.]. [a]=1.8e+308.

Table 3.11 — LV-RPL models results.
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Chapter 4

Exploring spatial sources of preference heterodgnter

landslide protection

Abstract

This paper explores the sources of preference dgdaeity for landslide
protection, with a special focus on spatial deteants. The data was collected
using a stated preference survey of landslide dazar an Italian mountain
valley, using a Best-Worst ranking approach, irsper interviews and site-
specific choice sets. Preference heterogeneityn&ysed using individual and
spatial variables with a focus on the importancg@bgraphical characteristics,
spatial error components and landslide locatiorfidces. Results from spatial
choice models reveal the importance of accountorgspatial heterogeneity at
different levels given that taste variations werespnt at both individual and

municipality levels.

Keywords:
Spatial choice models, site-specific choice sqtatial error components, best-

worst ranking, landslide hazard.
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4.1 Introduction

Landslide protection is considered to be an enwremtal service, whose benefits
affect only individuals that live in a specific ggaphic area. The local nature of
these benefits emphasises the importance of candudpatial analysis,
specifically when dealing with public preferenceslindslide protection.

In recent years, spatial dimensions of preferenegerbgeneity for
environmental goods have been the focus of a mgzunt of published research,
especially in surveys using discrete choice expamis (DCE).During the last
decade, an increasing number of studies have @déx-postthe relevance of
spatial effects on willingness to pay (WTP) estiesabr environmental outcomes.
Investigating the spatial distribution of WTP esties has been achieved by
calculating individual-specific mean coefficientsr frespondents and then by
mapping their locally averaged values to accounmttli@ spatial allocation of
benefits. A two-stage modelling process was use@doypbell (2007), Campbell,
Scarpa and Hutchinson (2008) and Campbell, Hutohirexd Scarpa (2009) to
capture spatial determinants of marginal WTP (mWEBjimates for rural
landscape features in Ireland. They provided ewideri spatial autocorrelation of
the WTP estimates as well as a significant efféd¢he respondent’s location on
the values. In this regard, several research pdmems suggested the presence of
spatial heterogeneity or a sensitivity of the eat@s to spatial factors. Recently,
in a two-stage model, Johnston and Abdulrahman7R8&counted for response
propensity linked to geographical indicators ok rexposure for coastal flooding.
They reported that the characteristics relatecespaondents’ flood risk exposure
systematically affected WTP estimates for mitigatations.

In a parametric analysis, Yao et al. (2014) ingsded the determinants of
MWTP estimates for enhancement of biodiversity ewNZealand forests. The
values held by respondents were assumed to decséthstneir distance from the
biodiversity source. Their findings showed evidemfesuch a distance-decay
effect, with respondents living closer to the forgsesenting higher WTP
estimates. Similarly, Abildtrup, Garcia, Olsen &ténger (2013) pointed out that
unobserved spatial factors have an impact on Wikhates for forest features.
They stressed the importance of considering thetisdpheterogeneity of
preferences when dealing with spatially delineateavironmental goods.
Czajkowski, Budzinski, Campbell, Giergiczny and Hgn (2017) further
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extended the two-stage approach with the introdoctf a spatial latent class
model to identify groups of respondents with simif@eferences for forest
conservation in Poland. Termansen, Zandersen an@lddn (2008) studied
alternative substitution patterns through MXL witpatially defined error
components.

Another way to explore spatial effects is to in@utie spatial variables as
covariates in a choice model to estimate their otgpaln a study in Denmark,
Broch, Strange, Jacobsen and Wilson (2013) idedtspatial patterns for farmers
willing to accept compensation for afforestationogmammes to provide
ecosystem services. Schaafsma, Brouwer and Rod4®2)(2hd Jgrgensen et al.
(2013) found evidence in support of the directioefi¢cts of distance decay on
WTP values related to differences in the availgbiif substitutes. Bateman, Day,
Georgiou and Lake (2006) asserted that distancaydémctions can reflect
spatial preference heterogeneity. However, Meyér{2913) and Johnston and
Ramachandran (2014) pointed out limits in this itradal method based on
distance-decay for investigating spatial heteroggn8ince distance-decay is not
automatically associated with spatial heterogendiiyy proposed the use of local
indicators of spatial association to identify wedfgatchiness and to explore WTP
hot spots when distance decay does not apply. i$has approach that | pursue
further here. Continuing with this line of resegrdbhnston, Jarvis, Wallmo and
Lew (2015) presented a set of methods to accounhidtiscale heterogeneity in
stated preference (SP) studies. They pointed dfitudiies faced in identifying
the appropriate scale of welfare evaluation. Hallaand Johnston (2017)
implemented a quantity-within-distance model fag #ystematic identification of
spatial heterogeneity. The model considered theceffof the area of affected
public good at a certain distance buffer or radarseach respondent. Recently,
Campbell, Budziski, Czajkowski and Hanley (2017) proposed a ndenkaclass
framework, in which spatial dependence enters tjindhe membership function
errors. The inclusion of site-specific attributesthhe choice experiments design
(e.g. Horne, Boxall & Adamowicz, 2005) representsother route for
investigating spatial effects.

| argue in this paper that spatial dimensions asiqularly important
when considering preferences for protection fronurs hazards. This DCE

study is one of the few contributions to the litara on preferences for landslide
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protection in mountain regions. It is an attemptapture and disentangle spatial
patterns in the distribution of WTP estimates.

The first objectiveof this paper is to improve our understanding had t
individual and spatial sources of preference hegmeity in relation to landslide
protection systems for roads and settlements, uBiegt-Worst (B-W) rank
ordered choice datd his is motivated by the fact that, for spatiallglideated
goods (such as landslide protection), the omissibspatial factors may have
serious repercussions on the policy outcomes. febkshed by previous studies
(Johnston & Duke, 2009; Martin-Ortega, Brouwer, ®§ Berbel, 2012), spatial
heterogeneity is likely to be relevant for policgctsions, particularly in benefit
transfer estimates. Given that mountain areas lameyen natural boundaries,
every municipality presents unique spatial charasttes, inclusive of the degree
of landslide hazard. These locational effects gige to choice behaviour with
spatial heterogeneity, as individual preferenceangk across space. This is
especially true for this study that aims to estanthie effects of locating specific
interventions for landslide safety measures atsswgth differing degrees of
vulnerability.

The second objectiveoncerns the spatial scale of investigation. Esss
whether spatial choice models at the municipaldyel provide an improved
approach for policy decisions taken at the munitypacale, such as landslide
protection. Here the availability of ranking datasfead of first choice data) is
crucial for allowing a sufficient number of choiadbservations within each
municipality. To the author’s best knowledge, pmpablications using DCE have
failed to adequately account for spatial hierarglgenerating common preference
heterogeneity within the model structure. With & fexceptions (Morrison &
Bennett, 2004; Van Bueren & Bennett, 2004; Johngtdduke, 2009; Brouwer,
Martin-Ortega & Berbel, 2010), most studies havalideith the potential errors
in a benefit transfer context, leading to overeation or underestimation of the
transferred values. Morrison and Bennett (2004 )evediie to show that estimates
for improvements in rivers’ health differ acrosdotanents in a study in New
South Wales, Australia. Similarly, in a survey and and water degradation, Van
Bueren and Bennett (2004) argued that values waglelyndependent on the
geographical context of analysis. Moreover, WTPinestes for farmland
preservation in Johnston and Duke (2009) varietl thié¢ scale of the jurisdiction.

In other environmental studies, spatial heterodgres been explored by fitting
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separate models for different locations. Among th@&rouwer et al. (2010)
accounted for spatial preference heterogeneityour friver districts, finding
significantly different estimates for water qualitygprovements between locations.

The specific context of my application is a mountaalley (the Boite
Valley) in the Dolomites, a mountain range locatethe north-eastern section of
the ltalian Alps. It hosts more than 350 potentaldslide sites that threaten
inhabited areas and the main road network. In ds¢ 100 years, 64 landslide
events were reported, with a recent major episodAugust 2017 that caused
casualties and totally destroyed a hamlet. This sasdy is quite unusual in that it
offers the possibility to combine observables inmie of both conventional
individual socio-economic covariates as well asggaphical information relating
to road segments travelled and the municipalitsesidence (i.e. a town or district
that has local government). In this study, suchabées are identified in separate
effects via interaction factors with tletatus quoalternative and with common
spatial error components, which introduce sharedatran (i.e. correlation).
Interactions between landslide locations and theyoost are also included.

| end this introduction with an overview of whatlléevs. Section 2
presents the model specifications aiming to expleoeirces of preference
heterogeneity and their spatial distribution. Tlhievey design and the data are
described in Section 3. Section 4 reports the tesnilthe spatial models at the
individual and municipality levels and discussesfihdings with a comparison of
policy scenarios. Geographical representationfi®fesstimates are also included.
Finally, Section 5 concludes with policy implicatm

4.2 Research questions and models

4.2.1 Research questions

In this study | address the following two reseagolestions:

RQ4.1: Do spatial determinants contribute to expilag the patterns of
preference heterogeneity for landslide protection?
| employ a choice model that examines the factaoas influence whether
or not an individual (resident or visitor) is invtaur of the deployment of
new safety devices against landslides at eithervangroad segment

and/or residential site. People were expected tluevalternative
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RQ4.2:

protection programmes differently depending on rttsgicio-economic
characteristics as well as the geographical festurfe the place of
residence. So, this model specification was dewslo identify and
incorporate the separate effects of selected smmoomic and
geographical variables, such as the specific latelshreat.

In order to explore the spatial determinants of fggence
heterogeneity, | identified three separate geogcapleffects. First, |
included geographical variables that demonstrated significant
interaction with thestatus quaintercept, in the utility of thetatus quo
options. This because | wanted to investigate itiygact of geographical
variables on the aversion $tatus quaconditions (i.e. the riskiest option).
| expected people living in municipalities with sian geographical
characteristics to be more likely to exhibit simifmeferences, perhaps
motivated by neighbourhood effects. Secondly, drgables representing
six selected hazard sites were interacted withntbeetary attribute to
gain information on site-specific preferences. Tigidecause taste can
vary locally depending on the specific landslidecalon. | also
investigated substitution patterns among status quaalternatives that
implied a higher degree of protection than thaoraféd in the current
situation. Lastly, | re-specified the model by oducing shared error
terms for the nomstatus quoalternatives (Herriges & Phaneuf, 2002;
Greene & Hensher, 2007; Scarpa, Willis & Acutt, 200hiene & Scarpa,
2008) to allow correlations among their utilitiesseographical
correlation in the error terms of different roagsents was investigated
using the three error components (EC). This wag daohe for visitors,
based on the supposition that they may have wepieferences for
safety devices than residents.

Do spatial choice models at the municigdkvel offer a useful tool for
understanding the spatial dimensions of preferdreterogeneity?

Given the geographical scale of this type of poligcision, a spatial
model at the municipality level provided an altdéivea way of getting
insights into preference heterogeneity. This moddlowed the
geographical distribution of preferences and thestemce of spatial
heterogeneity among sampled municipalities to beestigated. The
motivation behind the use of a spatial model was the distribution of
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preferences is likely to be spatially heterogenemm®ng municipalities
given the geographical distribution of landslidems. As pointed out by
Campbell (2007), the inclusion of locational vales) as dummies, was
unsuitable for making comparisons among many mpaiities. Nor was
it feasible to fit separate models for each locgtioecause of the large
number of municipalities and the uneven samplessiaeross them.
Preliminary results on spatial heterogeneity fois tbase study were
shown in Mattea, Franceschinis, Scarpa and Thi20is).

| pursued this by extending the conventional mddamnework
based on individual heterogeneity to accommodattiadheterogeneity
among municipalities directly in the model struetuFollowing Revelt
and Train (1998), | defined tastes in a random mpatar logit model to
allow variation across individuals and to remaimstant across choices
by the same individual. But | went further and addpthis to my spatial
model, bringing it to a higher hierarchical leval which tastes varied
across municipalities of residence, but remainedstamt across all
choice observations by respondents from the sammicipality. This
implied a strong assumption of homogeneity of perfee within the
same municipality. | brought together the repeatbdices made by
respondents from the same municipalities, consigehie municipalities
as the units of observation. Since some municipalithad few
respondents, the use of the rank dataset was ydartic helpful to
increase the number of pseudo-choice observatfooms (1,500 to 9,000).
Therefore, the number of observational units in #gpatial model
decreased from 250 (the number of those surveged {the number of

sampled municipalities), and the panel was unbaldnc

4.2.2 Theoretical framework of the “exploded” logibdel

To investigate the multiple sources of preferenteterogeneity, | used a set of

“rank-exploded” conditional and mixed logit moddis relax the underlying

assumption of homogeneity of the baseline multirdhoigit model.

In a repeated B-W ranking framework (Louviere et 2008; Louviere &

Islam, 2008; Scarpa, Notaro, Louviere & Raffagld11; Marley & Flynn, 2015),
the respondent repeatedly chooses the best andhewvorst option among a set
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of alternatives. | denote the respondentsdy,...,250; the chosen alternativeiby
the generic alternatives Q¢A,...,G; the ranking of choices bg=1,...,7; the
ranking choice set bi#1,...,6; the number of available alternatives in theice
set byg=2,...,7; the specific attributes bl and the particular respondents’
characteristics bg.

The utility function Uing) of each alternative can be represented as the
sum of a systematic componenti,(;) and a stochastic component.§), all

multiplied by an alternative-availability coefficie(dq) (Equation 4.1).
Uintq = 5q(Vintq + Eintq) (Eq. 4.1)

wheres,=1 when the alternative is available in the chaietg, and hence it was
not previously chosen, 0 otherwisg;,, refers to the error term and represents
the unobservable component of utility; the obsederaportion of utility is
embodied by, that depends on the characteristics of the aliees i.e.
observable attributeX{,;), and the respondent’s characteristis).

Generally, the systematic component of the utifityepresented by the following

linear function (Equation 4.2):

Vintq = Z BiXink + Z NMnsXins (Eq. 4.2)
k s

where)., BiXinx represents the sum of the coefficients associatiéid the k
attributesthat define the choice alternatives, 0, X;,s represents the sum of
the coefficients related to tisandividual’s socio-economic characteristics.

In this specific case, | assume a Random Parantgter Component
Logit model (RPL-EC) specification with covariateé®mitting the alternative-
availability coefficient, the utility of the nostatus qualternatives (Equation 4.3)

and of thestatus qualternative (Equation 4.4) are as follows:

U:tSQ,n = Z BriXink + Z KirXinr + Ein (Eq 4,3)
k r

USQ,n = Z BrxXink + Z NMnsXins + Z AmgXimg + & (Eq. 4.4)
k N g
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whereu;,- are individual-specific error components, normdlilstributed with zero
mean and variance. They allow for correlation patterns between thelsastic
portions of the nomstatus qualternatives for the three road segmeits, ro, r3).

In other words, respondents sharing road segmewts ¢orrelated nostatus quo
utilities. Along with the attributes and the so@ocenomic characteristics of the
respondents, | include the tergy A, X;ng that represents the sum of the
coefficients associated with the interaction tetrasveen the socio-demographic
variables and theg geographical characteristicef the m municipalities
(m=1,...,48).

Since the residual unobserved utility tesjp is assumed to follow an i.i.d.
extreme value type | distribution, the unconditiopr@bability that the respondent
n chooses the alternativeas the “best” alternative is denoted by the Random
Parameters Logit (RPL) model (Hensher & Greene,320Drain, 2009) in
Equation 4.5:

Pr(Usp, > Up,) = ffzf exp( V, ]n) £(B18)g(ulr)dBdu (Eq. 4.5)

However, the probability of observing the full ramy of seven
alternatives is a product of six RPL probabilitias,shown in Equation 4.6 using

some approximation in the notation:

Pr(Uinl > Uin3 > UinS > Uin7 > Uin6 > Uin4- > Uinz)

ffz exp(le) eXp(VinZ) exp(Vi‘rB) eXp(Vin4) exp(VLnS) exp( in6) f(ﬁlg)g(ﬂlf)dﬁdﬂ

T exp(Vint) X123 exp(Ving) X125 exp(Ving) 202, exp(Vina) T1=7 exp(Vins) T27 exp(Vine)
(Eq. 4.6)
where the respondent chooses 1 as the “first basswer from the entire
alternative set {1, ..., 7}, then chooses 2 as thest‘fivorst” alternative from the
set {2,...,7} from which the best alternative has bexcluded. The process is

then iterated till the final choice is between thsidual two alternatives.
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4.3 Survey and data

4.3.1 Survey design and data collection

| collected the data for this study by using anpémson questionnaire
administration technique. A sample of 250 peopls werviewed on-site in the
Boite Valley. Respondents were selected from thmufadion of residents (1% of
those were sampled) and visitors to the valleyobtain high-quality data, door-
to-door in-person interviews were also carried cemabling elimination of
missing data. Difficulties in data collection wdezed due to the typical climate
conditions prevailing in late summer and autumrthviiequent rainstorms, and
due to the sensitivity of people to the specifigitpas many had been affected by
previous landslide events.

| interviewed respondents using a structured gomséire, which included
a series of socio-economic questions and othertignesrelated to landslide
hazard. The main component of the questionnairsistad of an experiment in
which respondents were asked to rank hypothetaraldlide protection scenarios
with different combinations of safety devices tauee the landslide risk in
specific locations. Each respondent was presentéld seven experimentally
designed scenarios based on five attributes, wtnciterned a set of four safety
devices and a payment vehicle. Expert hydrologstiped me to select the
devices to be included in the experimental desgataibutes.

The four safety devices tested were the divergihgnoel (CHAN),
which is a passive device built to divide water amecks to diminish the impact of
the landslide. The retaining basirB&S) is a dam that collects the debris. Video
cameras (VIDEQO") with night-vision allow the potential area ohidslides to be
under surveillance at all times; acoustic senstB&RNS) consist of a system of
special pipes that captures the vibrations of tleing debris. These last two
measures of protection immediately activate thenadaand/or traffic lights. The
monetary attribute FTOLL") is a provisional payment in the form of a roadl to
transit in the valley to pay for the cost of impkmation of the protection
programmes. The length of the toll period was eigianths (from April to
November of a specific year) determined based enstasonality of landslide
events. Each attribute has two levels (indicatimgsence or absence of the
device), except the monetary attribute, which loas Fevels (1€, 2€, 3€ and 4€).
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The optimised orthogonal fractional factorial desid@-errini & Scarpa,
2007; Rose & Bliemer, 2007; Scarpa & Rose, 2008paetl was fully balanced,
so each level appeared the same number of timessatire full dataset. The full
factorial structure was*24 and provided 64 choice sets with six alternatieach.
Then, the design was blocked into 10 blocks of dioice sets each. The
remaining four choice sets were used to replacealistic combinations. The
unlabelled experimental design was constructedgudigene (ChoiceMetrics,
2012).

To make the hypothetical scenarios more realisich choice set referred
to one of six selected landslide sites (site-specHoice sets) (Figure 4.1). Then,
a site-specifistatus quaalternative was added for each of them, leadirgy timtal
of seven options per choice set. Each respondentavaomly assigned to one of
the 10 blocks and evaluated one choice set perfeita total of six choice sets
per respondent. The selected sites, within the denies of the Boite Valley, are
Cancia (hamlet of Borca), Chiapuzza (hamlet of $&m), Acquabona (hamlet of
Cortina), and three other locations in Fiames (leawfl Cortina) at kilometre 106,
108 and 109 on highway SS51. All of these sitesl meatinuous monitoring and
prompt interventions. Decision-makers are curyeaéifining the best strategy for

risk mitigation in each of the six locations.

Site 5 — FIAMES km 108

Alternatives A B C D E F Status quo
Channel channe - - channel channel - -
Basin basin - basin - basin - -
Video cameras - - video videg video videp -
Acoustic sensors sensors| Sensors  Sensars - - sensors -
Road toll €1 €2 €3 €1 €1 €2 €0
Rankfrom1to?q [] N N N N N M

Figure 4.1 — An example of a choice set for a $jpeleindslide site.

As previously mentioned, the seven alternativeganh choice set were
ranked by means of the repeated B-W ranking approathe sequential choice
process. For each choice set, respondents prothéad'best” alternative (i.e. the
one with the highest utility) out of seven optiotise “worst” alternative (i.e. the
one with the lowest utility) out of six, then thee€tond best” out of five, the
“second worst” out of four, then the “third bestitoof the remaining three, the

“third worst” of the last remaining two and thetlase.
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To provide site-specific information to respondenmds facilitate their
scenario evaluations, | gave them pictures of presiandslides and of the set of
safety devices together with maps of the policessitThe maps illustrated the
position of the affected locations in the valley éonjunction with the road
network and the residential areas. The maps wodsed tool for allowing
respondents to locate their own position in retatm the landslide hazards for the
purpose of obtaining well-informed preference &itton (Johnston, Holland, &
Yao, 2016).

4.3.2 Data description

In the following subsections, | discuss the resgotsl characteristics as well as

geographical and socio-demographic characterisfitise municipalities in which
they live.

4.3.2.1 Socio-economic variables of the respondents

The sample’s descriptive statistics are reportethinle 4.1.

Variable Description Freq %
Gender Male 133 53.2
Female 117 46.8
Age 18-30 years 29 11.6
31-40 years 46 18.4
41-50 years 64 25.6
51-60 years 55 22.0
+ 60 years 56 22.4
Education Primary/Intermediate school 69 27.6
High school 118 47.2
University 63 25.2
Job Currently working 186 74.4
Not actively working 64 25.6
Kids With minor members 59 23.6
No minor members 191 76.4
Family income €0 - €15,000 69 27.6
€15,000 - €30,000 102 40.8
€30,000 - €45,000 55 22.0
€45,000 - €60,000 16 6.4
+ €60,000 8 3.2

Table 4.1 — Descriptive statistics of the respotglen
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Respondents replied to several questions on seoeenic characteristics
through the interviews, including: gender, age, cation level, occupation,
municipality in which they live, number of individils in the household, number
of minors in the household, family income. Alsoe tiuestionnaire included a set
of introductory questions assessing respondentaravess of landslide hazard.
Specifically, they stated their knowledge of premcevents in the valley, their
experience of landslide events, and their parttmpan hazardous activities (e.g.
climbing, off-piste skiing, etc.). Respondents gtsovided additional information

with regards to their recreational behaviour.

4.3.2.2 Geographical variables of the municipaitie

| sampled respondents from 48 municipalities. Sixhmse were in the Boite

Valley; the reminders were in the Belluno provinamging in distance from 30

km to 100 km from the landslide sites. Socio-derapfic variables (population

size and density, mean income level, and meanagkyeographical variables of
the municipalities were obtained from the Italiaatidnal Institute of Statistics

(Istituto Nazionale di Statistica). Geographic abtes tested were altitude, land
area, distance from the Boite Valley, and landshdeards.

The construction of the variable for landslide hdzéLandslide hazard;
required a detailed analysis of the landslides rlaye a GIS map for each
municipality. Each landslide was coded accordingthie level of danger as
assessed by the hydrogeological service (from 14amdislide hazard to 4=very
high hazard). The overall landslide hazard assigiwegéach municipality was
based on the highest danger of landslides thatategaon a road or a residential

area within the municipality borders.

4.4 Results

The conventional individual level model specificati (Model 1) and the
corresponding spatial model at the municipalityelgodel 2) are discussed and
presented in this section (see Table 4.2).

The RPL-EC model at the individual level (Modelidgludes the socio-
economic characteristics of the respondents andiaipality characteristics as

covariates in the utility of thetatus quooption, with the purpose of capturing
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heterogeneity in preferences towards the currdetysaituation. Considering just
the individuals’ characteristics, it emerges thavihg children in the household
(“Kids”), being retired (Retired”), having experienced previous landslides
(“Experienced) and participating in certain types of recreatlomativities
(“Hiking” and “Ferrata’) are determinants of observed preference hetesie
A geographical dummy variable is included in thedelo“*High_hazard, which
denotes a municipality with a high landslide thyedhe model specification is
chosen after considering the degree of correlaifdhe covariates (Appendix 4.7
— Figure 4.8). Some geographical variables are lyighrrelated due to their
spatial nature. For example, living in mountainaarsuch as the Boite Valley is
positively correlated with a high landslide hazafieh further investigate the
spatial dimension, error components for road se¢snare added to account for
possible correlations among utilities of the retatus quacalternatives. The road
network was divided into three segmentsi,(“r,, r3”). The road segments
correspond approximately to natural borders, sschauntain valleys or plains.
Specifically,r; refers to the road segment connecting to the mastenicipalities,
r, is the segment that links with the northern araad r; includes all roads
coming from the southern plains. Space heterogenet shared across
respondents transiting the above-mentioned roacheets when travelling to and
from the Boite Valley. Given that every choice aers to a particular location in
the Boite Valley, the model examines site-specfiieference heterogeneity
allowing for interactions with the attributd OLL" and each of the five locations,
where site 5 is taken as a baseline. Interactiongdetween safety devices and
spatial variables were also tested but resulteal lmwer fit in comparison to the
proposed model. The model superimposes unobsemtedolyeneity in the form
of random taste across respondents to the setsefhadbles and error components.
| assume that the preferences for the four randtnbwes follow a normal
distribution (Train & Sonnier, 2005). Preferencewards the monetary attribute
are considered homogeneous assuming that the rahngfitity of income is
constant and equal for all individuals given thatstcis a small fraction of
individual incomes.

The RPL-EC model at the municipality level (Modgli the counterpart

which, instead, allows for random taste across pipaiities.
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Model 1 Model 2
individual level municipality level
Mean Std.err. Mean Std.err.

Parameters

Beran 2.21%x* 0.079 1.95%** 0.088
Beas 1.84%x* 0.088 1.79%** 0.082
Bvioeo 1.41%** 0.074 1.43%** 0.070
Bsens 1.41%x* 0.068 1.27%** 0.063
BroLL -0.51%** 0.025 -0.49***  0.024
ASC_SQ 1.38*** 0.134 1.28*** 0.141
Standard deviations

OCHAN 1.10%** 0.058 0.90*** 0.058
OBAs 1.15%** 0.062 0.91*** 0.062
OVIDEO 0.88*** 0.058 0.76*** 0.054
OSENS 0.71%** 0.056 0.58*** 0.059
Interactions with sites

TOLL* Cancia -0.38*** 0.034 -0.34***  0.034
TOLL * Chiapuzza -0.43*** 0.038 -0.38***  0.035
TOLL * Acquabona -0.14%** 0.039 -0.12***  0.040
TOLL * Fiames_km106 -0.12%** 0.038 -0.11*** 0.036
TOLL * Fiames_km109 -0.36*** 0.037 -0.32***  0.037
Respondent characteristics

ASC_SQ * Kids -0.30%*** 0.074 -0.24**  0.069
ASC_SQ * Retired -0.51x** 0.077 -0.49*** 0.074
ASC_SQ * Experienced -0.56*** 0.082 -0.56*** 0.080
ASC_SQ * Hiking -0.59%** 0.070 -0.43***  0.059
ASC_SQ * Ferrata 0.48*** 0.130 0.41%** 0.095
Municipality characteristics

ASC_SQ * High_hazard -0.29** 0.127 -0.31* 0.136
Error components (Std.)

r 1.26%*** 0.12 0.99%*** 0.10
r 0.94 0.82 0.89 0.72
r 0.70%*** 0.18 0.55** 0.25
Model fit

LL -8915.06 -9155.24

AlC 17878.25 18358.61

BIC 18048.64 18529.00

cAIC 17878.26 18358.62

Table 4.2 — Models at individual and municipaligyéls.
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In estimation, the choice probabilities are apprated by simulating the
sample log-likelihood with 1,000 Halton draws (Ha&f 1960), using the
PythonBiogeme software (Bierlaire, 2016).

4.4.1 Results from Model 1: individual level

It emerges that the estimated attribute parameteidodel 1 are all significant
and with the expected sign. The coefficient estawaif attributes related to safety
devices are all positively signed, with the highesignitude for the diverging
channel, followed by the basin. Video cameras aedsars show the same
estimated value. The cost attribute is negativeexgsected. Additionally, the
significance of standard deviation estimates ofrmelom parameters reveals that
there is still a high unobservable heterogeneithesystematic part of the utility,
even after adding several sources of observables. pbsitive and significant
alternative-specific constant (ASC) for the currsmtiation represents a potential
status quceffect (Scarpa, Ferrini & Willis, 2005). The signggests thateteris
paribus there is a preference for the current situatidrenvfaced with a costly
increase in safety against landslides. This, howeseonfounded by the ranking
nature of the data. The estimated interaction coeffts between the attribute
“TOLL" and each of the five sites are all negative, espondents are willing to
pay more for increased protection at the referesite than for others. This is
unsurprising as the reference site (site 5, i.amés km 108) is the only site
without any device in place. Respondents seem twibbeg to pay for some
protection at a site which has none, even wherh#izard is lower than at other
locations. It is plausible that respondents aremama of the degree of landslide
hazard of each site since Cancia (site 1), Chiap(sate 2) and Acquabona (site 3)
are considered to be the most dangerous sites ibgtists, but display lower
coefficient estimates than other locations accaydinthe observed choices.

The sign and significance of socio-economic vadabteveal whether
respondents are likely to choose thatus quoalternative. Model estimates
suggest that having childrenK({ts") in the household has a negative impact on
the ASC of thestatus quooption. Respondents with children are more willing
pay for increasing landslide protection levels,atoly feeling protective of their
children and of themselves as caregivers. A negatoefficient is also found for
retired respondents Retired), who are often a high proportion of residents of
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mountain areas. Similarly, people that had preVowesxperienced landslide
events (Experiencet) favour more protection, and are more willingpay for it
than others. The same is true for respondents whbilgng (“Hiking”). Those
who are likely to be more aware of mountain hazargsmore willing to pay for
new safety measures. People that climb protectetbitlg routes called ferrata
(“Ferrata”) seem to be less keen on new safety measuregpsebecause they
are less risk-averse than other groups of recr@at® People living in
settlements with high landslide riskHigh_hazard® are in favour of safety
investments, as expected.

The correlation between natatus quo alternatives is revealed by
significant estimates of the standard deviatiomdv@ of the three common error
components. The high and positive correlation dmrates the existence of a
substitution pattern among the utilities of the 1status quaptions (i.e. a nesting
structure among those alternatives) shared acrsgsrs of the Alpine valley that
transit on the easterm(ror southern roadssjt These road segments are mainly
located in flat areas, where the landslide hazatdw and respondents are likely
to be less familiar with such threats. No significaestimate was found for the
error component of the northern road netwoel (eople living in that area are
perhaps more concerned about safety improvemerttseimoite Valley because
many of them transit those road segments on a thasys for either family or

work commitments.

4.4.2 Results from Model 2: municipality level

The same patterns are repeated for the spatiallmbtiee municipality level. All
the random parameters are significant and withettpgected sign. The results of
Model 2 further highlight the presence of high hegeneity in preferences, not
only across respondents but also across municgmlithe fact that preferences
for safety measures vary across both suggests dievance of spatial
heterogeneity for policy actions, as discussetiénnext section.

| find no significant difference between the coates of the two models.
Both models show significant interactions of thedslide sites with the monetary
attribute. Also the socio-economic and geograplowagdates are significant

determinants of preference for the proposed priotestcenario.
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The high significance of the standard deviationnestes of most of the
random error component coefficients provides ewidenf correlation between the
stochastic portions of the utility of the netatus quaalternatives for the visitors
to the valley. The two error components with sigaifit standard deviation
estimates are those for road segments in the egsteor the southern partss)r
of the region.

The model with the best fit is the one in whicimd¢luded multiple sources
of heterogeneity fitted at the individual level (M@ 1). Even though, in this
specific case, the spatial model at the municiypdbvel has slightly inferior
performance, the empirical results validate theotbical expectation about the
importance of analysing unobserved heterogeneitiiigtter hierarchical scale
using spatial models. The fact that Models 1 arsth@v insignificant differences
in results is encouraging for the adoption of tpatsl approach when this is
required to uncover the presence of additionalrbgeneity at hierarchical levels
higher than the individual.

4.4.3 Policy scenarios

In this section | compare alternative policy scemusing individual-specific
means of mMWTP estimates. | illustrate the diffeemncacross the sample
distributions of welfare estimates by means of &kpiots of these means. Four
policy actions of potential interest for local d@on-makers in the mountain
valley are discussed, with a specific focus ondhe associated with the highest
estimated benefit (i.e. the construction of thencied).

The estimates of individual-specific means of randgarameters
conditional on observed choices (von Haefen, 2@&ene, Hensher & Rose,
2005; Scarpa et al., 2005; Train, 2009) were netdeusing the estimates of the
RPL-EC model at the individual level (Model 1). Themputation was done
using Nlogit 5 with 10,000 draws, providing theiesttes as starting values and
setting the iterations to zero. Given that conditig can be only on the observed
choices for each respondent, | use the mean estiimathe sub-sample that made
the same set of choices in the panel (Revelt &nlrabD00; Hensher, Greene &
Rose, 2006; Train, 2009). This is because condgitioestimates for each
respondent follow a random distribution, so onlg thoments of this distribution
can be obtained. The calculation of individual-sfpecposterior distribution
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parameters provides information about the mostyigesition of a respondent on
the distributions of MWTP. The estimates of indiatispecific means of random
MmWTP for each safety device are computed as raifosnarginal rates of
substitution in the indirect utility function. Défa for the derivation of the
individual-specific mean estimates can be foun@iieene et al. (2005).

To compare policy scenarios, the distributions heff individual-specific
means of MWTP estimates for each of the four saletyices are described in
Figure 4.2. These kernel densities describe hiffequencies of means of mMWTP
for video cameras and sensors, which also showrleagance and thin upper
tails. The densities for channel and basin argeshto the right and show thicker
upper tails. While mWTP for basin has a mode clwse¢hat of cameras and
sensors, the distribution for the channel is binhodiéh the highest mode to the
left of these values. Channel and basin, have h kigndard deviation of the
means of the mWTP distribution, implying heterogjgn in the amount that
sample respondents are willing to spend to supih@te mitigation policies. |
conclude that respondents gain the highest leveleakfit from safety measures
that include construction of diverging channels;whweer, this benefit is

distributed heterogeneously including the presefitemodality.

— channel
Py - basin
= T video cameras

""" sensors

Kernel density distribution

0.00 0.05 0.10 0.15 020 025 030 0.35

Individual-specific MWTP estimates in Euro

Figure 4.2 — Kernel distributions of individusppecific means of mWTP estimates for the
safety devices.

Given that the channel is the attribute with thegdat benefit, it is the
most plausible target for policy interventions. figfere, policy actions aiming at

implementing the construction of channels are dised in the following
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subsection. A special focus is given to two detaemis:(i) personal experience
of previous landslides; ar(d) the landslide threat in the municipality of reside.
The kernel distributions of individual means for MW across sample
respondents who had previously experienced larelghents are contrasted with
those who had not (Figure 4.3). From this analyisiappears that respondents
who had never experienced a landslide event shawntadal values, with the
highest frequencies in this range. Instead, thoke had experienced such a
traumatic event present a curve shifted slightlgheoright with higher frequencies
at higher mWTP values. Although differences are sighificant, they suggest
that respondents are more in favour of the impleatem of this specific policy
action. Figure 4.4 illustrates the kernel distribn$ for those respondents living
in municipalities with different hazard levels irorgunction with landslides.
Similar modal values are shown for the two distiitns. The distribution for
respondents living in municipalities with high latde risk is shifted more to the
right side (i.e. more in favour of the implementatof the policy action) than that
of other respondents. These results are in keepiith my theoretical
expectations and results from previous models, ighoy some degree of

theoretical validity to the method.

— notexperienced
- experienced

0.20
|

Kernel density distribution
0.10
|

0.05
|

0.00
|

Individual-specific mMWTP estimates for the channel (in Euro)

Figure 4.3 — Kernel distributions of individusphecific means of mMWTP estimates for the
construction of a channel by experience of previandslides.
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Individual-specific mMWTP estimates for the channel (in Euro)

Figure 4.4 — Kernel distributions of individusppecific means of mWTP estimates for the
construction of a channel by landslide hazard.

Here | discuss the differences between the digtabs of means of
MWTP estimates for respondents living in selectedsfrequently damaged by
landslides as opposed to those living in other wipalities. Hence, the kernel
density distributions of means of MWTP values abtaimed conditional on
respondents’ residency in three municipalities viidph-risk exposure in the area
of investigation: Cortina, San Vito, and Borca,wat fourth group with residency
in other municipalities with lower risk exposure.

Figure 4.5 shows the kernel distribution of meahs1\@/TP values for the
four groups for each policy action. Overall, sigzaht differences are found
between the three municipalities with high landslicck and other municipalities.
As expected, the group of other municipalitiesOt{fers) show higher
frequencies for lower mMWTP values for all the prega policy actions. This is in
accordance with the “beneficiary-pays principle’high says that the beneficiary
of a good or service should be more willing to supphe costs of its provision
than others. Visitors to the valley do not benfbin risk mitigation in the same
way as residents.

With regard to the construction of a channel (tefh)| the plot shows a
high variation of individual means of the mWTP dlmitions across all
municipalities. This implies heterogeneity in theaunt respondents are willing
to spend to support this mitigation programme sitiee benefit is distributed
differently among the population from different ncipalities. The highest modal

value is shown for San Vito, followed by Borca dbaktina.
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Instead, for the basin (top right), the distribngoof individual means of
MWTP present a higher modal value for the muniaipaf Borca, which was the
scene of a deadly landslide event in 2009 thatezhuilse breakage of the pre-
existing basin. The fact that the distribution tlee other municipalities is bimodal
can be interpreted as very heterogeneous mearrgmeés for this device across
municipalities with different landslide risk. Thévee, the skewness and kurtosis
differ given the local modal values.

At the bottom left of Figure 4.5, similar kernelsttibutions among
municipalities are observed for the video cameFagre are no major differences
among municipalities with regard to the implementabf this policy.

The last policy scenario discussed is the installabf acoustic sensors
(bottom right). For this device, Cortina shows thghest modal values, even if
bimodality is present. The kernel density distribatfor this location is almost
symmetric to the municipalities classified &@tHhers, which have a lower mWTP

value.
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Figure 4.5 — Kernel distributions of individusppecific mMWTP estimates for the four
safety devices by selected municipalities.
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4.4.3.1 Maps of the mean WTP values at municipé&divg!

After examining the distributions of preferencesrogs municipalities, the
respondent-specific mean value estimates were geerat the municipality level
and then mapped across the Belluno province. Figueshows the maps of the
mean MWTP values for the four safety devices ing@mpled municipalities.
Each polygon represents a municipality within tloeders of the province, and
each colour reflects the average mWTP value in Bdunicipalities outside the
sample are in white.

The benefits are heterogeneously distributed wittia province and
among the different systems of protection. Witharelgo the Boite Valley, the six
municipalities within its borders do not show arsiigantly higher average of
mWTP value for the four devices than the munictgdiin the north of the region.
The highest benefit seems to be shown by the npalittes located in the north-
east of the region. In fact, these municipalities cated in a mountain area,
similar to the Boite Valley, and are therefore symible to landslides. This
finding is more evident for video cameras (bott@ft)land sensors (bottom right)
than for channel (top left) and basin (top rigi3pecially for channel and basin,
lower mMWTP values are shown for municipalities he tentral part, a flat area
with low landslide hazard. The range of positiveam&alues covers the majority
of municipalities. Only one municipality (Feltre) the south of the region shows
a negative average estimated value for the at&ibbainnel that is close to zero,
but for this location the sample count was low.

Important policy implications can be drawn from fireferences for safety
devices in the three municipalities under investiga(Figure 4.7). Despite the
fact that some passive devices are already in placeost of the landslide
locations, respondents tend to prefer them to actieasures. The municipality of
Borca shows the highest mean mWTP values for alfdr protection measures
with a preference for channel. Channel construasaaiso preferred in San Vito.
However, respondents living in Cortina slightly ferebasin, followed by channel
and video cameras, and seem not to like sensorexplanation can be found in
the type of landslide threat in Cortina, which affethe road network more than

the settlement.
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Figure 4.7 — Mean WTP values for the three munittipa of study.
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4.5 Conclusions and policy implications

The main objective of this study was to explorevittial and spatial sources of
heterogeneity in preferences for landslide safegasures. The study explored
how the inclusion of less conventional categoriélaservable heterogeneity,
could provide insights into spatial determinantspogference heterogeneity. To
do so, | augmented choice models with individual arunicipality characteristics.
| extended the traditional set of socio-economigaldes, including geographical
variables related to the municipality of residenmeprovide further information
on preferences towards the current lewvahtus qud of landslide protection.
These variables supplemented the logit specifinatio a way that improved
model-fit and interpretation of results. Furthermordding shared random
components into the model revealed the presenpesifive substitution patterns
among the nomtatus quoalternatives for visitors driving through specificad
segments. The inclusion of interaction terms betwibe monetary attribute and
the site-specific choice sets showed that peoplerifised interventions in
locations without any device in place, despite ¢hiegations being at lower risk
than others.

The second objective was to further investigatercasuof heterogeneity
through the use of a spatial model at the muniitip&dvel. In this paper, local
clusters of WTP (corresponding to municipalities¢ @entified, in line with
previous works of Meyerhoff (2013), Johnston andnBehandran (2014), and
Johnston et al. (2015). Application of the spatraddel, in which tastes vary
across municipalities and remain constant acrossiced within the same
municipality, revealed the importance of accountiog spatial heterogeneity
given that taste variations were present at badtvidual and municipality levels.
The spatial model at the individual level (ModelsBemed to fit the data better
than the municipal level model (Model 2) in thisesplic case. However, this
result is not conclusive and further investigatmithe performance of spatial
models at different hierarchical levels is required

Failing to take account of spatial heterogeneityyntaave serious
consequences on the selection of policy actiorseaslly in terms of cost and
benefit distribution across the population of bénafies. This conclusion is in
line with previous SP studies (Bateman et al. 2Q@#inston & Ramachandran,
2014; Johnston et al., 2015) that pointed the piaiebias of individual and
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aggregate welfare measures when spatial pattemnsigaored. The practical
implications of this study may be of interest faffetent agents such as residents
of the Boite Valley, visitors, policy makers ancetAlpine mountain community

overall.

Implications for beneficiaries

From a practical viewpoint, the analysis of therdisition of preferences among
specific municipalities could help to prioritiseligy interventions that match the
preference of the public living or recreating ircdtions under landslide threat.
Thus, policy decisions can be viewed over the systé spatial units, where the
decision-makers decide in accordance with the prat®s prevailing in specific
locations. For spatially delineated environmentabdg, different goals can be
defined for each site, providing greater benefitsita uniform solution.

No substantial differences in preferences was fduwgtd/een residents and
visitors to the valley, even though, residents Gemeore than visitors from the
implementation of mitigation programmes. Landsiuletection measures provide
respondents living in the Boite Valley with greasafety, higher house values and
higher levels of income from tourism. This unexpectesult could be partially
explained by the fact that visitor preferences legterogeneous. Visitors located
in southern municipalities in the region are laksly to financially support the
implementation of protection programmes for laraksdi, probably because they
are less familiar with these hazards living in areéth a lower landslide risk. On
the contrary, visitors coming from the northerntpalr the region show similar
mean mMWTP values to the residents of the vallegolme cases, they are willing
to pay even more than the locals for the implententaf safety measures, given
that most of them travel every day along the valleyd are therefore more
exposed than others.

The spatial information provided by this study vallow decision-makers
to implement policy measures aimed at raising tharaness of natural hazards

among different groups of visitors.

Implications for policymakers

Since public expenditure decisions for landslidetgetion are taken across
multiple municipalities, these results could be grkat practical interest for
decision-makers. They can benefit from knowing \wHarations derive relatively
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higher values from the increase in specific safetgasures for landslide
protection. As an example, the municipality of Boshowed a strong preference
for construction of a diverging channel, while @Quathad no clear preference but
did not like sensors.

An improved understanding of the sources of hetmedy leads to further
insights into how the benefits and costs of poti@ee distributed across residents
and visitors. This information can be of great fegsdocal authorities interested in
maintaining public support and in implementing $af@olicy for a broad
audience. However, high preference heterogeneity i@ problematic for
decision-makers who have to deal with widely dgferviews. Therefore, local
authorities may opt for a policy that combines mpigt safety measures to

minimise disagreement.

Implications for the Alpine mountain community

The relevance of this study for the Alpine mount@ommunity is further
demonstrated by the recent increase in public congleout the consequences of
natural hazards on people and property, givenrtbeeased incidence of extreme
weather events. Fear of natural disasters has aegmons for where people
choose to live, work, travel and recreate. Thignsmportant consideration in the
present case study, given that people in Alpine nteon valleys rely mainly on
income from tourism. Generalization of these fiino other landslide contexts
is unfeasible given the local geographical scal¢hefinvestigation. However, it
should be noted that municipalities with high ldie¥srisk are likely to present a
stronger aversion to their current protection situlacompared to municipalities
with lower landslide risk. Overall, spatial prefece heterogeneity matters in the

consideration of landslide protection measuressiiodild be taken into account.

This paper represents an advance over previousirofseéhrough an in-depth
exploration of the spatial sources of preferencerbgeneity in the context of
landslide hazard. The main findings illustrate haaorporating spatial variables
into the model allows for better segmentation ofigyopreferences based on
respondent and municipality characteristics. Actiogn for multiple spatial

dimensions in the model significantly enhances understanding of the sources
of taste variation and reveals richness in thectire of preferences, with relevant
insights into the priority of intervention. Furtineore, this paper contributes to the
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existing literature on the implementation of sdatidels that use B-W rank
ordered choice data at the municipality level. Tihdings are of direct practical
relevance and suggest that this approach couldkssimtegrated into a benefit
transfer framework due to its policy focus. The lagportant consideration is the
observation that capturing multiple sources of gm&ice heterogeneity is possible
in the presence of good data. So, | argue thategredfort has to be devoted to
collecting rich, high-quality data, since this isecessity for better models.

Some limitations should be noted. The complexitytted B-W ranking
posed some cognitive difficulties for the resporideghat were asked to compare
and rank a large number of alternatives, as prevatudies have shown (Bradley
& Daly, 1994; Scarpa et al., 2011; Marsh & Phillii2912). However, this was
judged to be the best way of gathering the inforomathat was necessary for the
implementation of the spatial model. Another lirtiga of the study was the fact
that the spatial model assumed homogeneity of mmedées within each
municipality. Future research may relax this stroagsumption, allowing
unobserved heterogeneity to vary over individuadd aver municipalities, and
further investigate hierarchical spatial models aatfiner spatial resolution.
Additionally, a social component may be included d@ocount for spatial
interdependencies between individuals since chaarde socially influenced by

spatial variables.
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Chapter 5

Conclusions

This thesis presents nonmarket valuation researcleandslide protection and
contributes to the field of public and environmérgaonomics. It addresses an
important issue faced by mountain areas worldwigleich causes significant
human and economic losses. The global impact afslates is clearly evidenced
by the numbers. Around 5% of the world populatiees in areas under landslide
threat. Over the period 2004-2010, the average eumifatalities was more than
3,000 people per year. This estimate is certairipwaer bound on the real value
since it does not include landslide fatalities daling other natural events. A
conservative estimate of the global economic lassléndslide damage was
calculated at approximately $US20 billion per y€Ktose, 2015). Given the
increasing number of natural disasters around thidwthis estimate is expected
to rise.

Therefore, landslide risk management policies arfe imcreasing
importance for the economics of adaptation to déenzhange. Additionally, an
increase in soil fragility associated with urbatima processes and tourism
growth poses future challenges for public decisitakers in charge of landslide
management. To respond to this problem, tools f@uating efficient public
expenditure targeted to social benefit are nee8agh(elson, 1954; Atkinson &
Stiglitz, 2015). However, what is problematic i® thuantification of intangible
losses following a catastrophic event. Therefordlip economists have engaged
in the analysis of social benefits and costs oflipupoods and services, not
necessarily reflected by the market.

Landslide protection is a local public service, Gfie to a geographic
location. It differs from a pure public good/semvigiven its excludability due to
distance. The fact that benefits of local publiod® affect only individuals that
belong to a particular community emphasises theortapce of spatial analysis
for this specific group of goods. As Samuelson @)3%ated, it is unlikely that the
optimal level of a pure public good can be provided decentralised market
systems. Nevertheless, Tiebout (1956) argued thateeentralised market

mechanism can work for local public goods giverl&sorting mechanism based
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on preference heterogeneity. Following works (8\jliams, 1966) pointed out
that Tiebout’s hypothesis is not accurate to réflee real world, especially when
governments act passively in providing local pugliods. An inefficient level of
provision may also result from local policies thklat not represent the interests of
the local population. As shown elsewhere (Stiglit®77; Stiglitz, 1982), the
Fundamental Theorems of Welfare Economics do nobrapass economies with
local public goods, unless under a restrictiveadedassumptions. Given that the
equilibrium will not be Pareto optimal, regulatiamm benefit taxation can be
necessary to an efficient allocation of public teses (Stiglitz, 1982).

Starting with an application in the Italian Alpsapplied random utility
theory to investigate stated preferences for hygiathl landslide protection
programmes. Specifically, the study adopted a DC&hod to explore the
associated nonmarket benefits and to test sevegpalimeses related to preference
heterogeneity and its determinants. The study s the implementation of
choice models that accounted for different aspetizeference heterogeneity as
well as for preference stability after additionaformation was provided, latent
constructs and spatial sources of heterogenejyaference.

This chapter summarises the main outcomes of #stand draws final
conclusions. Section 5.1 offers an overview of gaaber and the type of answers
produced in the study for each of the researchtmunsspresented in Section 1.5.
The contributions to the ex-ante literature froncreaf the papers that make up
this thesis are discussed in Section 5.2. Impbaoatifor researchers and decision-
makers are discussed in Section 5.3. Section §Hligints some limitations of the
study while Section 5.5 presents possible direstiand recommendations for

future research. The last part, Section 5.6, ptedaral remarks.

5.1 Summary of results

The first paper (Chapter 2) focused on heteroggraitl stability of preferences
when scientifically-based information was providedrespondents. The second
paper (Chapter 3) discussed the issue of the ezapidentification of simulated

coefficient estimates obtained by integrating chaémd latent variable models,
focusing on the effect of increasing the numbelatédnt variables on the stability
of results. The third paper (Chapter 4) offeredomprehensive treatment of

sources of preference heterogeneity, accounting@patial determinants.

146



The following paragraphs discuss the answers toetbearch questions.

RQ1. Do people perceive the current level of ptadaecfrom landslide hazard as
inadequate? Does the provision of scientificallyséx information for an
attribute have an impact on people’s preferencee® the distributions of
the willingness-to-pay estimates and the effecintdrmation provision
spatially heterogeneous?

In the first paper, it was possible to derive thenetary value due to
changes in attributes through the respondentsétodis for specific policy
actions aimed at reducing landslide hazards. The aaalysis showed that
current safety measures were perceived as inadedpyatespondents. In
fact, the ASC for thestatus quooption was significant and negative,
pointing out respondents’ aversion to the currextels of protection.
Additionally, passive devices, such as channelslmsuins, were preferred
to active devices (video cameras and acoustic sg€ndde specific mMWTP
estimates for these engineering solutions showatltiie channel had the
highest value of €2.12, followed by the basin (8L.8Vith regard to early
warning systems, the respondents slightly prefeaedustic sensors to
video cameras (€1.26 and €1.19 respectively). A MXaddel in WTP space
was adopted to account for preference heterogendityis model
specification outperformed the MNL and MXL in prefgace space models
and accommodated the direct derivation of populatidVTP values. The
results from the data analysis showed that hetemte of preference
existed for all protection devices. So, it shouls taken into account for
outlining the characteristics of the social demaliod safety against
landslides and for assisting policymakers in thplementation of effective
mitigation policies. In the analysis reported inisthpaper, | further
investigated the stability of preferences after estfically-based
information was provided to respondents, who wetows visual
simulations of landslide events.

The information effect had a significant impactyah preference estimates
for the device for which information was providdde( channelA€0.42).
Preference estimates were found to be stable ésetldevices for which no
information was provided. The provision of informost also affected the
status quosince the current mitigation measures were vakigdificantly
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less A€-0.15) after information exposure. The geographicstribution of
WTP estimates was also investigated by mappingntkans of mWTP
estimates at the municipality level. For landslmietection by means of a
channel, the results suggested that before thenmafiton provision most
municipalities had values between €1 and €2. Howewdter the
information, values between €2 and €3 were morencom Evidence of
spatial heterogeneity of WTP values was detectatl] lsould identify no

distinctive spatial patterns across the sampledicipatities.

RQ2. How stable are the simulated parameter esémfbm Integrated Choice
and Latent Variable models when the number of tatesriables is
increased? Is heterogeneity in preference acrospaedents driven by
underlying psychological factors such as perceion landslide risk? If
S0, may strong risk perceptions related to landsdittave a positive impact
on the aversion to status quo conditions (i.e.ribldest option)?

The second paper investigated the importance tihgefor the empirical
identification of ICLV models. It analysed the gtap of parameter
estimates to the number of simulation draws arehtatariables. Three LV-
RPL models with respectively one, two and threeriavariables were fitted
using six sets of increasingly larger quasi-randdraws to approximate
unconditional choice probabilities. The resultanfreach set of draws were
compared within each model. Overall, the LV-RPL msdprovided very
stable results with regard to the attributes’ doadhts, but not for the
estimated coefficients of latent variables andrtis¢andard deviations. It
was expected that increasing the complexity of rmegecification (e.g. by
adding more latent variables) required additionawd in the simulation
process to ensure empirical identification.

| found that, with three latent variables, an uraliguarge number of draws
(10,000 draws) was needed to discover if the aoeffts can be identified.
This number is much larger than what is conventlgraopted in most of
the published literature (i.e. 1,000 draws). Howetlee number of draws is
data-driven. Other papers can found different nusbed it is impossible
to generalise. Using such a high number of dravesvad the detection of
the presence of psychological sources of heterdatyetoavards the latent
variable, which went undetected when using a lawenber of draws. The
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inclusion of more latent variables introduced ibgity in the order of
relative magnitude across latent variables in ed@#s obtained at
conventional draw sizes. Such instability ceasednthe size of the draws
was extended to these much higher than usual leViis suggests that
relative dominance among latent variables couldehasen misinterpreted
in estimations via simulation if using a conventibnumber of draws.

The results also showed how preferences for theerwutevel of protection
were strongly related to the underlying perceptiohsandslide risk. Such
individuals’ perceptions were modelled as latentcpslogical sources of
heterogeneity that, together with unobservable ®mjrhad a significant
impact on the consideration of the baseline scer{ad. the riskiest option).
The findings showed that two of the three latentaldes were significant.
The perception of own mortality risk was the lateanstruct with the
largest marginal effect on tilstatus quq-4.15), followed by risk severity (-
1.65). In contrast, the variable representing fedr landslides was
insignificant.  Taken together these results implympaortant
recommendations to practitioners for the necessamyputational time of
ICLV models when testing for empirical identifiaati. With an increased
number of latent variables and a large number afvdr obtaining model
estimates took a significant amount of time; ugwo days with standard
computer power (Asus Intel Core i7 1.90GHz 2.40@H@buntu 14.04).

RQ3. Do spatial determinants contribute to explainthe patterns of preference
heterogeneity for landslide protectiori?o spatial choice models at the
municipality level offer a useful tool for undensténg the spatial
dimensions of preference heterogeneity?

The third paper explored individual and spatial reea of preference
heterogeneity of residents and visitors with redarchitigation programmes
for landslides. Spatial effects were investigatadthree different ways
through the use of geographical characteristicsted| to landslide hazard,
spatial error components and site-specific chomts.sin the “exploded”
logit models, the inclusion of an extended set ofiseconomic and
geographical variables related to the respondemdstizeir municipality of
residence provided extra information on prefererioeshe current level of
landslide safety. Furthermore, positive substitufatterns among the non-
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status quo alternatives emerged for visitors driving througbecific

segments of the road network. The site-specificiaghcsets allowed
investigation of the priority of interventions ixdifferent locations in the
valley under investigation. It emerged that resmmtsl prioritised

interventions to a location without any device ilage, despite this area
being at lower risk than others. The sources oérogeneity were also
analysed at a higher hierarchical level throughuse of a spatial model at
the municipality level, which found the presencespftial heterogeneity
among administrative units. Exploring multiple sphtdimensions of

preference heterogeneity, as done in this papknwed the gathering of
information on the distributional effects of incs@ay protection, which is of

great value for policy decisions.

5.2 Contributions of the study

Overall, the thesis contributed to the existing dintited literature on public
preferences for natural hazard protection polichetditionally, the results of this
research informed the contemporary debate betweeisidn-makers and local
populations on the efficiency of public spending.

The methodological and practical contributionshaf thesis are listed below:

For paper 1:

1. Preferences for landslide protectiothe paper contributed to knowledge
about the value of protection against landslidea imountain valley of the
Italian Alps. This work is located in a limited diature on nonmarket
valuation of natural hazards, which is of particukagnificance for the
economies of many countries in mountain areas.

2. Information effectthe paper provided insights into the stabilitypoéference
estimates in the presence of additional informatiegarding one specific
attribute. In accordance with Munro and Hanley @0the individual's WTP
increased after positive information about the devivas provided. In
contrast to other studies (e.g. Oppewal et al.0p0Othe information effect
was only significant for the attribute for whichntislide simulations were
provided. The additional information did not affélse estimates of the other
attributes. Also, information provision had a neégaeffect on the propensity

to choose the current level of protection.
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Preference heterogeneity and representations of &Vif¢ paper found the
existence of preference heterogeneity among regmsdor all the attributes
and made a first attempt to uncover the presencspafial heterogeneity
among municipalities, which is fleshed out in Papein addition to previous
studies (e.g. Campbell et al., 2008 and 2009), mgpposterior individual
specific mMWTP estimates provided a visual comparisiothe distribution of
benefits from alternative defensive devices, befanel after information

provision.

For paper 2:

4.

Stability of simulated parameter estimates to thmber of draws and latent
variables the paper highlighted an issue regarding thegmated choice and
latent variable models that had been largely unepresd, i.e. the
identification problem when including a progresshigher number of latent
variables. This work advanced on that of Vij andIk¥a (2014) on the
identification issue in ICLV models in conjunctienth the number of draws.
Given the lack of guidelines and the increasingutemity of this group of
models, this paper presented a series of goodiggadhat can be of help to
practitioners when using this model framework. didition to the critique by
Chorus and Kroesen (2014), the study stressed that empirical
identification of ICLV models has to be systemdticéested, especially for
policy implications.

Latent psychological sources of heterogenettgspite the downside of
instability, the ICLV models provided insights intanobservable
psychological sources of heterogeneity. Latentabdess, such as mortality
risk perception and perception of local risk seyefor natural hazards,
impacted the respondents’ preferences for the iufeand riskiest) scenario.
In line with the economic theory of risk and uneerty (e.g. Machina &
Viscusi, 2014), those with higher risk perceptiovexe keener on increasing
the safety level by mitigating the impact of landiss. A third latent
construct, related to fear of landslide events hott to risk, emerged as
insignificant.

Psychological theory of protectiothe results of this study appeared to be
fairly consistent with the threat appraisal procesthe PMT (Rogers, 1975).
This behavioural theory allowed for a better untéerding of how people
deal with protection choices under threats. Itreffiethe opportunity to derive
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three psychological constructs related to the memacesses of assessing
threats. Perceived threat vulnerability, perceitredat severity and fear were
included in the model with the result that two otithe three latent constructs
were significant. Other studies used PMT in thetexinof natural hazards
(e.g. Grothmann & Reusswig, 2006; Reynauld et2811,3) proving that this
psychological theory is well established in the teah of health and

environmental risk.

For paper 3:

7.

Spatial preference heterogeneityhe work responded to a call for more
studies into the relevance and complexity of spatimensions in stated
preference analysis. This paper recognised the riiapee of distinct spatial
effects, such as geographical characteristics,japatror components and
site-specific choice sets. An unusual set of ggqugcal observables was
tested. Those connected with landslide risk toleseéints and roads were
found to be significant. Another important findingas that residents and
visitors slightly differed in their consideratiorf alternative scenarios of
protection. Thanks to the inclusion of spatial exomponents in the model,
substitution patterns for nastatus quaalternatives were detected for visitors
driving on specific road segments. As far as | kntve use of site-specific
choice sets referring to particular locations re fia the DCE literature.

Spatial models the paper contributed to the existing literatwe the
implementation of spatial choice models (e.g. Caslit al., 2009; Johnston
& Ramachandran, 2014; Czajkowski et al., 2017). the best of my
knowledge, the adoption of a B-W rank-ordered ohalataset for spatial
modelling was a totally new contribution, as was éxploration of multiple
sources of preference heterogeneity in the coméxtatural hazards risk
management using spatial models with hierarchaadls (i.e. individual and

municipality levels).

5.3 Policy implications

This research is of particular relevance to locdicggmakers who are expected to
take actions to lower the risk of current landslisgzards in the area under

investigation. | argue that the inclusion of pubpceferences for protection
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programmes in the valuation of mitigation stratege pivotal for an integrated
approach that considers both the technical anddb®-economic dimensions.

Several policy implications can be derived fronstresearch. With regard
to the first paper, respondents were willing to gayincrease the level of
protection against landslides. The mMWTP estimates guide decision-makers
regarding the relative importance of each protectievice for the public. For
local policymakers, mitigation policies should fscon the implementation of
passive measures, such as channels and basing, tgatethe beneficiaries are
willing to contribute more to their realisation th&éo active devices. The channel
was the attribute associated with the highest m\Wai®und €2.1), followed
closely by the basin (around €1.8), then acoustinsars (around €1.3) and lastly
video cameras (around €1.2). | found that the dv&vaP equalled the value of
€6.4 for a protection policy aiming to provide thighest safety (i.e. deployment
of all four devices). This value seems to be aat@ptas an averaged road toll to
be paid for a limited time by residents and vigt@assing through the Boite
Valley. Also, educational campaigns can have atpesimpact on the public
awareness of the landslide issues, leading to aderosupport for landslide
mitigation programmes from better-informed respansle The encouraging
findings on the spatial heterogeneity of individiglreferences have important
practical consequences for policymakers. This eeslly true in such a highly
geographically differentiated context as Alpine mi@in valleys.

The second paper pointed out the potential vulnigsalof conclusions
drawn from unstable estimated latent variablesffements. It was clear that a
conventional number of draws in the simulation pssccan lead to unstable and
misleading results, especially for the latent \a@ga’ coefficients. Therefore, the
inclusion of more latent variables in a model poseme uncertainty for the
derivation of policy implications. As the literatursuggests, it is difficult to
estimate several latent variables and having thiémsignificant. The additional
information provided by this group of models may beneficial for local
decision-makers aiming at increasing the publieptance of the proposed policy
actions. However, the concerns raised by Choruskandsen (2014) regarding
the endogeneity of the latent variable and itssigectional nature are plausible in
this context. Therefore, communication campaignsiedi at increasing the
awareness of landslide hazards through the motidicaf risk perceptions (i.e.
latent variables) are discouraged. Another poiat gractitioners should consider
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carefully is the complexity of the model. More literariables inevitably require
more draws for the simulation process to obtaiblst@stimates (up to 10,000
draws), which lead to extended computational tiday¢ with a standard
processor).

The third paper stressed the importance of acaoginfor spatial
dimensions of preference heterogeneity for spgtidlineated environmental
goods. This is especially true for local decisigesy. taken at the municipality
level) regarding public safety. The fact that st considered alternatives
differently from residents is relevant for strategblicy decisions. It highlighted a
general need by visitors for increased protectigihwvieak preferences for specific
devices. In fact, the exploration of spatial andh-spatial sources of preference
heterogeneity can provide local decision-makerd witbetter understanding of
how costs and benefits of policies are distributetoss beneficiaries (i.e.
residents and visitors), and hence across the amefeelectorate. A way of
recovering the cost of provision of landslide safstby taxing those who receive
the benefits (“beneficiary-pays principle”). Thiseans that residents would pay
more than visitors given that they receive the &gghbenefit from the
implementation of protection policies, while visgowvould contribute less based
on the “use” of the protection service (e.g. thfoagoad toll or tourism tax). This
means that local policymakers can target specifidicies based on the
distribution of preferences among selected muniitips. Moreover, the research
pointed out that failure to explore spatial heterogity in a land management
context can potentially have severe repercussionsndividual and aggregate
welfare estimates (Bateman et al., 2006; Campltekle 2009; Johnston &
Ramachandran, 2014).

5.4 Limitations of the study

Some limitations of this thesis must be reportedpfows:

= Limitations in the data collectiorgiven the sampling technique, the sample
did not cover some of the municipalities in thelB®b province with a very
high landslide hazard. In addition, the number e$pondents for each
municipality was uneven. As a consequence, the m@AfTP estimates for

some towns were based on relatively few respondents
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Limitations of the survey instrumetihe respondents might not have had the
same familiarity with the selected attributes. Ae@el explanation of each
device, together with pictures, was provided beftire ranking exercise.
Also, the number of attributes and their levelsevexduced to facilitate the
trade-off among alternatives. The complexity of BV ranking exercise
posed some cognitive difficulties, especially tdesl respondents. This is a
common limitation of the methodology adopted, inickhrespondents are
asked to rank many alternatives (Hanley et al.,12@@eShazo & Fermo,
2002). However, the repeated B-W approach allegisite cognitive effort
(Scarpa et al.,, 2011). The number of alternativegach choice set was
judged suitable for a ranking exercise even thotlggre are no general
suggestions in this regard (Johnston et al.,, 20Giyen the time and
resources available, it was impossible to obtabigger sample. Therefore,
the ranking format was necessary to generate #eeddi sample choices for
the implementation of spatial models. The use obalme survey in which
the alternatives already chosen were removed cbalkk simplified the
exercise but was not applicable to the present casgy. The issue of
complexity and fatigue effects that can appeaanking exercises (Scarpa et
al., 2011) was addressed by randomising the clsaiterder.

Limitations of the first paperthe difficulties in collecting completed
questionnaires, together with the touristic sea#gnaf the area and the
length of the questionnaire, did not allow scopeédacontrol group for the
information effect. Additionally, the informationrgvided in the form of
simulations of events was technical, so in somesasspondents may have
incorrectly interpreted it.

Limitations of the second pape®ther psychological theories could have
been tested in the second paper. However, the PS judged the most
appropriate for representing the protection behaviof the respondents.
Furthermore, it was difficult to define a propet e€indicators for the latent
constructs and their scale of measure. Respondeigist also have had
distorted perceptions of their risk exposure. Tifueee measurement bias
cannot be ruled out, given that some respondentsrlgl displayed
superstitious behaviour while replying to questiongisk perception of their
own mortality. The measurement scale of the maytgerception could be
criticised, as it has been shown that respondeats Hifficulties in dealing
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with probabilities (Manski, 2004). Nevertheless,e thmost significant

limitation faced in the second paper was the coatmirtal time for complex

integrated choice and latent variable models. Aaldtlly, | analysed the

stability of the coefficients to the number of deaused in simulation-based
estimation. However, stability of parameters carabalysed with respect to
simulation starting points, old-out samples, redargptechniques, temporal
and spatial transferability.

» Limitations of the third papethe specification of the spatial models implied
a strong assumption of preference homogeneity midach municipality,
which might be unwarranted. Even though a largebermof spatial variables
were tested, only a few of these emerged as begmifisant. Since socio-
economic effects were over-represented comparg@dgraphical ones, this
result might have penalised the performance of g¢patial models in
comparison to the conventional models. Also, theblegm of defining
jurisdictional optimality (Rubinfeld, 1987) is pes#t, given the uncertainty
over the proper geographical scale to adopt (fang{e neighbourhood,

hamlet, municipality, high hazard settlements).

5.5 Directions for future research

The results from this investigation suggest a nurebéuture research avenues.
From the practical point of view, future researchild go in the direction
of integrating the approach adopted in this thesib a cost-benefit analysis for
an effective decision-making tool for a compreheagisk management policy.
Given the local scale of the policy actions, th@kmag approach could be
integrated into a benefit transfer framework temthe values for municipalities
not covered by the sampling. Geographical benediemninants, such as the
landslide risk of the municipality, could act a®gictors of welfare estimates in
the benefit functions of non-sampled municipalitielowever, the influence of
policy scale on transfer validity has to be addrdgdohnston & Duke, 2009).
From a methodological point of view, future reséamould include a
simulation study for investigating the causes atability in the estimates of the
integrated choice and latent variable models wherermomplexity is added into
the model. In the field of humerical analysis amgreemetrics, other aspects of

the simulation process could be investigated raie@n the minimum number of
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draws for empirical identification. For examplegtprogressive order in which
latent variables are included in the model may p®vadditional insights

regarding their relative importance. Further reseacould also compare the
performance of conventional and hierarchical spatiadels with a finer spatial

resolution, such as the neighbourhood. The inalusiba social component to
account for spatial interdependencies between idhaials is also suggested as
choices can be socially influenced. Future reseeotid benefit from the results
of a Bayesian study that accounts for landslide perceptions as latent variables.
The investigation could provide a methodologicahtabution to enrich choice

modelling and an alternative way to avoid the emtegy issue present in the
conventional choice models with latent variables,saggested by Bolduc and
Alvarez-Daziano (2010). In order to validate theules of the present study, an
ex-postinvestigation could be conducted to test whether tleployment of

landslide mitigation devices is perceived as sigdfit by the population. Another
ex-postanalysis could validate the results in similar gyephical contexts or

where there are similarities in explanatory vaeablsuch as individuals’ risk
perception. Finally, other psychological theorie&l approaches to incorporate

spatial considerations into choice modelling camk@ored for future research.

5.6 Final remarks

Thefirst lesson from this study is that addressing everycgoaf heterogeneity is
unfeasible, but outlining the heterogeneous charatics of social demand can
increase public acceptability and public supportitigation actions. Theecond
lesson is related to spatial aspects. Controllimgspatial heterogeneity across
respondents and municipalities can provide useffrination for decision-
makers and politicians who are interested in thkctorate pool. However, how
to convert results from complex models exploringehegeneity into simple
words understandable by local authorities is ameighat has yet to be addressed.
Finally, this research showed that nonmarket valnatechniques are
under-used in the context of natural hazards. Giierhigh demand for tools for
determining efficient public expenditure, the udestated preferences for the
assessment of the social demand for safety is &gbég gain much attention in
future. In fact, efficiency of public expenditure @ssential when public money is

considered a “scarce resource”.
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Appendices

Appendix A — Landslide hazards in the Boite Valley

This appendix contains the chronology of landsédents since 1729 in the Boite
Valley. In the last 300 years, there have beene¢drded major landslides in the
Boite Valley. However, just in the last 100 yedtere have been 64 landslides.
The current study is of particular relevance beeais events occurred in 2015,
three events in 2016 and five events in 2017 indtea under study, causing

fatalities and widespread damage to roads anceswitits. Table A.1 reports the

most important landslide events in the historyha Boite Valley, together with

the recorded consequences when available. The wasaretrieved from an

inventory of the areas affected by landslides (AMbject - Inventory of
information on sites historically affected by lahdiss and floods) kept by the

Italian National Research Council (CNR - Considliazionale delle Ricerche).

Date Location Consequences

5 Aug 2017 Cimabanche (Cortina) Road interruption

4 Aug 2017 Rio Gere (Cortina) Road interruption

4 Aug 2017 Alvera (Cortina) 1 victim, evacuated plation, damage to houses
14 Aug 2016  Acquabona (Cortina) Road interruption

16 Jun 2016 Acquabona (Cortina) Road interruption

15 Jun 2016 Acquabona (Cortina) Road interruption

14 Sept 2015
14 Sept 2015

Acquabona (Cortina)
Peaio (Vodo)

Road interruption

Evacuated population

8 Aug 2015 Acquabona (Cortina) Road interruption

4 Aug 2015 Peaio (Vodo) Cycle path interruption

4 Aug 2015 San Vito (San Vito) 3 victims

23 Jul 2015 Cancia (Borca) Road interruption

7 Jul 2015 Acquabona (Cortina) Road interruption

22 Jun 2015 Acquabona (Cortina) Road interruption

30 Sept 2013  Cortina (Cortina) I

18 Jul 2009 Cancia (Borca) 2 victims, damage tcshsproad interruption
5 Jul 2006 Fiames (Cortina) Damage to roads

Continued on next page
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Table A.1 — continued from previous page

Date Location Consequences

7 Oct1998 Passo (Cibiana) Damage to roads

7 Oct 1998 Cortina (Cortina) Damage to roads

6 Oct 1998 Fiames (Cortina) Damage to roads

5 Sept 1998 Fiames (Cortina) Damage to roads

31 Jul 1998 Cortina (Cortina) Damage to roads

3 Jul 1998 Cortina (Cortina) Damage to roads

4 Jul 1997 Fiames (Cortina) 3 evacuated peopleadarto roads
4 Jul 1997 Passo Tre Croci (Cortina) 1 victim, dgento bridges

14 Jun 1997 Cancia (Borca) I

8 Aug 1996 Cancia (Borca) 35 evacuated people, darmmhouses and roads
14 Jul 1995 Chiapuzza (San Vito) Damage to roads

1995 Acquabona (Cortina) Damage to roads

14 Sept 1994

Passo Tre Croci (Cortina) Damageaddsro

14 Sept 1994  Acquabona (Cortina)
14 Sept 1994  Chiapuzza (San Vito)

2 Jul 1994

2 Jul 1994

2 Nov 1993
Jul 1992

4 Sept 1987
20 Jul 1987
1987

Jul 1977

5 Nov 1976
16 Sept 1976
24 Jul 1972
12 Jun 1972
17 Sept 1968
11 Apr 1967
24 Nov 1966
4 Nov 1966
21 Jul 1964
5 Jun 1962

6 Nov 1961

Vallesina (Valle)
Cancia (Borca)
Masarie (Cibiana)
Fiames (Cortina)
Acquabona (Cortina)
Acquabona (Cortina)
Chiapuzza (San Vito)
Cortina (Cortina)
Acquabona (Cortina)
Cinque Torri (Cortina)
Chiapuzza (San Vito)
Cortina (Cortina)
Masarie (Cibiana)
Passo (Cibiana)
San Martino (Valle)
Chiapuzza (San Vito)
Acquabona (Cortina)
Acquabona (Cortina)
Zuel (Cortina)

Damage to roads

Damage to roads
Damage to houses aads

100 evacuated peopleadano houses and roads
Damage to houses @andbr
I

Damage to roads

Damage to roads

Damage to roads
Damage to roads

Damage to roads

Damage to figres

Damage to roads

Damage to roads

Damage to houses

Damage to roads
Damage to housksrah and roads
Damage to roads

Damage to railway

Damage to roads

Damage to roads

Continued on next page
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Table A.1 — continued from previous page

Date Location Consequences

17 Feb 1960  Chiapuzza (San Vito) Damage to forests

3 Aug 1958 Acquabona (Cortina) Damage to roads

14 Nov 1951  Pecol (Cortina) Damage to communitydings

9 Nov 1951 Cancia (Borca) Damage to the railway

9 Nov 1951 Chiapuzza (San Vito) Damage to roads

16 Jul 1950 Acquabona (Cortina) Damage to roads

15 Jul 1950 Chiapuzza (San Vito) Damage to roads

1946 Cancia (Borca) I

8 Jun 1935 Alvera (Cortina) Damage to roads ansldbggricultural land

18 Feb 1925  Passo (Cibiana) Damage to roads

18 Feb 1925  Chiapuzza (San Vito) Damage to roads

17 Feb 1925  Cancia (Borca) 288 victims, 44 injysedple, 53 missing people,
damage to houses and buildings, death of farm
animals

1924 Alvera (Cortina) Damage to roads

14 Mar 1913  Masarié (Cibiana) Damage to houses

1882 Alvera (Cortina) Damage to roads

27 Jul 1868 Cancia (Borca) 1

1864 Cancia (Borca) 18 victims, damage to commusuiidings

1 Nov 1841 Pecol (Cortina) 30 evacuated people ag@no community
buildings

21 Apr 1814  Marceana, Toluen (Borc&®57 victims, damage to houses and community
buildings, damage to agriculture and forests

7 Jul 1737 Chiapuzza (San Vito) Damage to roadsagridultural land

1736 Cancia (Borca) Damage to community buildings laistorical
buildings

27 Oct 1729 Borca (Borca) Damage to community lngjsl

24 Nov 1729  Borca (Borca) Damage to community tge

Table A.1 — Major landslide events in the Boite lgal(CNR, 2017).

Table A.2 shows the number of events that haveroedun each town.

Cortina d’Ampezzo had 59.4% of the events becabsentunicipality has an
extended land area (254.5 ¥n%6.5% of the total land area of the valley). The
second municipality is San Vito di Cadore, with édents (15.6%), followed by
Borca di Cadore with eight (12.5%). Cibiana di GQadbad five events (7.8%),
Valle di Cadore had two events (3.1%) and Vodo dd@e only one (1.6%).
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These records further support the selection okikaites for the ranking exercise:

three of them in Cortina, one in San Vito and anBarca.

Town Freq %
Cortina d'Ampezzo 38 59.4
San Vito di Cadore 10 15.6
Borca di Cadore 8 12.5
Cibiana di Cadore 5 7.8
Valle di Cadore 2 3.1
Vodo di Cadore 1 1.6
Total 64 100.0

Table A.2 — Landslide events by municipality in Baite Valley.

Figure A.1 reports the frequency of landslide esentthe last 100 years,
taking into account only the year of occurrenceah be seen that 2015 registered
the highest number of landslides (6 events), fodldvby 2017 and 1998, each
with 5 events. Despite the adoption of some mitgatmeasures after previous
landslide events these have increased in numberegent years, which

underscores the relevance of the present study.
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Figure A.1 — Landslide events in the Boite Valley pear (last 100 years).

Only partial historical data are available regagdihe number of fatalities
in the Boite Valley in the last 300 years (Tabl&)Alt is difficult to track fatal
landslide events that happened long ago. It apgkatsn the last 300 years there
were 623 reported victims from landslides in thdeya Most of the fatalities

occurred in Borca di Cadore (99.2%).
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Municipality Freq %

Borca di Cadore 618 99.2
San Vito di Cadore 3 0.5
Cortina d'Ampezzo 2 0.3
Vodo di Cadore 0 0.0
Cibiana di Cadore 0 0.0
Valle di Cadore 0 0.0

Total 623 100.0
Table A.3 — Number of fatalities in each municipadf the Boite Valley (1717-2017).

Regarding the year with the highest number of wisti 1925 registered
341 fatalities (54.7%), while in 1814 there werd 2leaths (41.3%) (Table A.4).
A few major events caused the deaths of hundredseople in a single town
(Borca di Cadore). Considering the small number imfabitants in this
municipality (varying between 550 and 1300 peopbenfthe first census in 1871),
the number of victims represent a large portiothef population that was living
there. In 1925, almost 50% of the population died.

On average, approximately two people per year hize@ from landslide
events in the Boite Valley over the last 300 yedmsa total population that
fluctuated between approximately 9,900 and 14,860@bitants (Istat, 2017) over
that period, the probability of being the victim aflandslide is minimal and
approximates zero. However, the findings dependiilyean the municipality,
given that some towns have faced events of mucitgrenagnitude than others.
Nevertheless, this value is in line with those glted from the data reported by
Salvati, Bianchi, Rossi and Guzzetti (2010) forthk inhabitants of the Veneto
region, which is 0.0009% calculated over a 50-yegiod from 1960 to 2010.

Year Freq %
1925 341 54.7
1814 257 41.3
1864 18 2.9
2015 3 0.5
2009 2 0.3
1997 1 0.2
2017 1 0.2
Total 623 100.0

Table A.4 — Victims of landslides per year (1717-2pD
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Appendix B — Survey questionnaire

SURVEY on LANDSLIDE MITIGATION in theBOITE VALLEY

The University of Padua and The University of WaikéNew Zealand) would
like to invite you to take part in this survey. Qaurpose is to collect information
on preferences for landslide risk reduction progre® among residents and
visitors of the Boite Valley. The information yoarc contribute by completing
this survey is important for us and for the Boitallgy. Your participation will
help in developing landslide mitigation policiesitheflect the population’s needs.
Who isthe researcher?

Stefania Mattea, a PhD student in the Departmeficohomics at the University
of Waikato, supervised by Professor Riccardo Scafjp@ team leader for the
project is Assistant Professor Mara Thiene, altheversity of Padua.

What are we asking you to do?

The survey will require approximately 30-40 minutdsyour time. You will be
asked some general questions about you, your @steptions, and the activities
you undertake in the Boite Valley. There will besalquestions regarding
landslide events and your preferences for diffel@rbinations of protection
devices. During the survey, a map of the valleyl W& provided to display
specific landslide locations.

What will happen to the data?

Your participation in this study is entirelyoluntary. You have the right to
decline to answer any patrticular questions andfaskny clarification about the
study. The information you provide will be treate@ith confidentially, and your
identity will not be required. The data will be @aked only in aggregate form.
The results will be collated into a thesis and gat it will be published in

academic journals. Completion of the survey is debio mean consent.

This research is supported by the project: "Stutiyjew early warning systems
against hydrogeological risk and their social pgstien in a high valuable area
for tourism and environment", funded by the Uniitgrsf Padova (CPDA119318).
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SECTION I: Landslide and risk perception questions

Landslides, also called debris flows, are compageaimixture of fine and coarse

rock materials, water and often vegetal debris,ctvhinove towards the valley

floor at high speed. These natural events represesk to people’s safety as well

as a cause of damage to private properties andicpafshstructures.

Q1.

Q2.

Q3.

Q4.

Do you know of previous landslide events theehhappened in the Boite
Valley?

'l Yes [ No

If you replied_yes to question Q1, in whichdbons did the landslides
happen?

] Cancia (Borca di Cadore)

1 Chiapuzza (San Vito di Cadore)
1 Acquabona (Cortina)

] Fiames (Cortina)

] Other, please specify

What do you think are the triggers of landsitle

1 Human activities (for example: land use change)
1 Climate change (for example: heavy rainstorms)
1 No triggers, just natural processes

] Other, please specify

On a scale from 1 (=very low) to 5 (=very highpw much do you worry
about the following consequences of landslides?

Very low Medium Very high
1 2 3 4 5
Road interruption N N N N N
People’s safety O O O O O
Environmental damage O O O O O
Property damage O O O O O
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Q5. On a scale from 1 (=very low) to 5 (=very higihat is your fear of the

following negative events?

Very low Medium Very high
1 3 5

Car accident
Theft/robbery
Serious illness
Accident at work
Home fire
Landslide
Avalanche
Earthquake
Flood

O0O0oOoooooogagano
N Y I Y B A AR O Y N}
O0O0oOoooooogagao
O 0Odooo-goo-ggrs
O 0OdoOoo-ogooOo-gi-™

Q6. Have you ever been involved in past landslicants?
1 Yes [ No

Q7. On a scale from 1 (=very low) to 5 (=very higlhat do think is the severity

of risk in the Boite Valley for the following natirevents?

Very low Medium Very high
1 2 3 4 5
Landslide d 0 d d d
Avalanche O 0 N N N
Earthquake N 0 O O O
Flood a O a d d

Q8. How many people in this region, out of abouti8ion who live here, do you
believe will be killed by a landslide event oveethext year? (The number

you choose can also include people who visit here)

10 7116-20
11-2 1121-30
135 1131-40
71 6-10 71 41-50
1111-15 "1 More than 50
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Q9. On a scale from 0% (=cannot happen) to 100%f{aitely will happen),

what do you believe is the chance that you mighkibed by a landslide in
the coming year, assuming that it is a typical yg@&lease put a cross on the
below line)

cannot happen definitelyll happen
0% 10% 20% 30% 40% 50% 60%  70%  80%  90%  100%

EEENENEE EREE NN RN EE SRR EREN NN RS ER RN A
25 3 45 55 85

5% 15 5 65 75 95%

SECTION I1: Recreated behaviour questions

Q10.

Q11.

Q12.

What is the reason for your presence in theeBtalley today?
"1l am a resident

1 I have a vacation home

1 I am a one-day visitor

1 'am an overnight visitor

"1 'work here

1 Other, please specify

How many days, on average, do you spend par igethe Boite Valley?
Days

What outdoor recreational activities do yowally practice in the Boite
Valley?

1 Climbing

1 Hiking

1 Picnic

) Mountain biking

1 Via ferratas (hiking routes with cables)

] Nature photography
1 Mushroom picking

] Other, please specify

171



Q13.

Q14.

Q15.

Q16.

Do you frequently engage in activities thagimibe considered hazardous to
your health?
1 Yes [ No

If you replied yes to question Q13, which\atiés do you practice?
1 Mountain climbing

1 Off-piste skiing

] Fast car driving

1 Motorcycling

] Other, please specify

Suppose that you would like to visit the Baftley but it is not accessible
due to a landslide. What would you do?

[ 1 would visit other valleys nearby

1 I would prefer to stay at home

If you replied that you would prefer to visither valleys in Q15, please
specify which valleys you would consider (more tloze reply is allowed).

1 Centro Cadore

1 Comelico Valley

] Zoldo Valley

[ Pusteria Valley

[ Fassa Valley

1 Belluno and Feltrino Valley

] Other, please specify
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SECTION I11: Ranking exercise (before information)

This section is a ranking exercise. You will be gaeted with 12 questions

(choice sets) asking you to rank hypothetical liddsmanagement options

(alternatives). After the first six questions, infation about landslides will be

provided to you, and it will be followed by a repesh ranking exercise with the

remaining six choice sets. Please consider thecelssts asdependent and not

additive choices.

The management options are described in term dégron devices that can be

deployed, such as:

1. Diverging channd: a man-made channel built to redirect water. Tla¢ewis

carried off in a different direction than the sedimhand rocks, mitigating the

impact of the landslide;

2. Retaining basin: a dam where the solid and liquid mass is colletifore it

can damage roads and settlements;

3. Video camera: monitors for landslides during the night and, iase of

emergency, it will activate an alarm system anffitrights on the road;

4. Acoustic sensor: detects soil movement in slopes prior to landslidEhe

sensor consists of pipes inserted vertically inftaek of a landslide slope. It

provides acoustic emissions used to give early wgrmof landslides and

activates the traffic lights;

5. Road tall: is a cost to residents and visitors to the Boidley to be paid daily

for driving in the valley over a period of eight nths (April to November of

one specific year).

Each choice set will refer to a specific landslideation in the Boite Valley. The

current protection devices in place in each ofsilkdocations are:

Sites Passive devices Active devices
Channel Basin Video camera  Acoustic sensor

Cancia absent insufficient absent absent
Chiapuzza insufficient insufficient absent absent
Acquabona absent present absent absent
Fiames Km 106 present absent absent absent
Fiames Km 108 absent absent absent absent
Fiames Km 109 present insufficient absent absent
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Please keep in mind that even though these aretligtizal scenarios, there could

be real implications for your family’s spendingclianges in management happen.

Also, please take into consideration that scientsgree with regard to the

reduction in landslide risk after devices suchlassé presented are deployed in

known hazard areas.

Please, rank the management optionsin each choice set in the following order:

(1) the first best alternative;

(2) the first worst alternative;

(3) the second best among the remaining five ateses;
(4) the second worst among the remaining four radii@res;
(5) the third best among the remaining three &ditevas;
(6) the third worst among the remaining two alténes;

(7) the last alternative.

Q17. SCENARIO 1 of 12

Site 1 -CANCIA

Alternatives A B C D E F Status quo
Channel - - - channel channel channel -
Basin - basin basin basin - - insuf.basirn
Video camera video - video - - video -
Sensor - - sensor - sensor sensor -
Road toll €3 €4 €1 €1 €3 €3 €0
Rank from 1 to 7 [] [] [] [] [] [] []

Q18. SCENARIO 2 of 12

Site 2 -CHIAPUZZA

Alternatives A B C D E F Status quo
Channel - channel - channel channe channgel insuf. channel
Basin - - basin basin basin basin insuf. bas|n
Video camera video - - - - - -

Sensor sensor sensor sensor - sensd - -
Road toll €1 €4 €2 €1 €3 €4 €0
Rank from 1 to 7 [] [] [] [] [] [] []
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Q19. SCENARIO 3 of 12

Site 3 -ACQUABONA

Alternatives A B C D E F Status quo
Channel - channel - - channel - -
Basin basin - - basin - basin basin
Video camera - video video - video video -
Sensor - - - - sensor sensor -
Road toll €3 €3 €3 €4 €1 €1 €0
Rank from 1 to 7 [] [] [] [] [] [ ] [ ]
Q20. SCENARIO 4 of 12

Site 4 -FIAMESkm 106

Alternatives A B C D E F Status quo
Channel - - channel channel - channel channel
Basin - - basin - basin basin -
Video camera - video - - - - -
Sensor sensor sensor sSensor| sensa - sensor -
Road toll €1 €2 €2 €2 €4 €1 €0
Rank from 1 to 7 [] [] [] [] [] [] ]
Q21. SCENARIO 5 of 12

Site 5 -FIAMESkm 108

Alternatives A B C D E F Status quo
Channel channel - - channel channe - -
Basin basin - basin - basin - -
Video camera - - video video video video -
Sensor sensor sensor Sensor| - - sensor -
Road toll €1 €2 €3 €1 €1 €2 €0
Rank from 1 to 7 [] [] [] [] [] [ ] [ ]
Q22. SCENARIO 6 of 12

Site 6 -FIAMESkm 109

Alternatives A B C D E F Status quo
Channel - - - channel - - channel
Basin basin - basin - basin basin insuf. bas
Video camera video - - - video - -
Sensor - sensor - sensor - - -
Road toll €2 €2 €3 €3 €4 €1 €0
Rank from 1 to 7 [] [] [] [] [] [] []
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SECTION VI: Ranking exercise (after information)

This section provides you with information about thndslide issue in the Boite
Valley. Scientists have identified more than 35@eptal landslide sites in this
region that can threaten settlements and road mietwd/isual science-based
information in the form of hydro-geological simutats of landslide events is

available for selected locations at high risk.

Fiames (km 106, km 108, km 109)

In Fiames, at least 12 landslide trajectories Haaen detected by scientists. The
sliding debris may potentially reach the road amches private properties (houses,
hotel and a factory). This has happened severalstim the past, involving road
interruptions and cycle path closures. The follayvmap represents simulated
trajectories of landslides and their associatel fism km 106 to km 109 in
Fiames. The main road is represented by a blue \Whéde the cycle path is the
white line above it. The different colours of thetgntial trajectories reveal the
hazard class related to the magnitude of the ladtedsgreen (lowest hazard),
yellow, orange and red (highest hazard). Not alksgue trajectories were

included, only the most dangerous ones.
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Chiapuzza

Two simulations of a landslide event in Chiapuzma@ovided here, respectively
before and after the implementation of a mitigatio@asure. The pre-intervention
situation dates back to October 2013, before tiptoginent of a new diverging
channel (channel 5bis). The settlement of Chiapizaituated at the bottom left
of the landslide simulation area, while the maiadds above it, crossing the maps

diagonally.

Simulation pre-intervention in Simulation post-intervention in
Chiapuzza_(with the channel):

Chiapuzza_(without the channel):

o

A

Please carefully consider the above information seply to the following six

guestiong anking the alternativesin the following order:
(1) the first best alternative;

(2) the first worst alternative;

(3) the second best among the remaining five alteres;
(4) the second worst among the remaining four radtieres;
(5) the third best among the remaining three adigvas;
(6) the third worst among the remaining two altéixes;

(7) the last alternative.
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Q23. SCENARIO 7 of 12

Site 1 -CANCIA

Alternatives A B C D E F Status quo
Channel - - - channel channel channel -
Basin - basin basin basin - - insuf.basirn
Video camera video - video - - video -
Sensor - - sensor - sensor sensor -
Road toll €3 €4 €1 €1 €3 €3 €0
Rank from 1 to 7 ] ] ] [] [] ] []

Q24. SCENARIO 8 of 12

Site 2 -CHIAPUZZA

Alternatives A B C D E F Status quo
Channel - channel - channel channe channgel insuf. channel
Basin - - basin basin basin basin insuf. bas|n
Video camera video - - - - - -
Sensor sensor sensor sensor - sensd - -
Road toll €1 €4 €2 €1 €3 €4 €0
Rank from 1 to 7 [] [] [] [] [] [] ]

Q25. SCENARIO 9 of 12

Site 3 -ACQUABONA

Alternatives A B C D E F Status quo
Channel - channel - - channel - -
Basin basin - - basin - basin basin
Video camera - video video - video video -
Sensor - - - - sensor sensor -
Road toll €3 €3 €3 €4 €1 €1 €0
Rank from 1 to 7 [] [] [] [] [] [] []

Q26. SCENARIO 10 of 12

Site 4 -FIAMES km 106

Alternatives A B C D E F Status quo
Channel - - channel channel - channel channel
Basin - - basin - basin basin -
Video camera - video - - - - -
Sensor sensor sensor sensor sensa - sensor -
Road toll €1 €2 €2 €2 €4 €1 €0
Rank from 1 to 7 [] [] [] [] [] [] ]
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Q27. SCENARIO 11 of 12

Site 5 -FIAMESkm 108

Alternatives A B C D E F Status quo
Channel channel - - channel channe - -
Basin basin - basin - basin - -
Video camera - - video video video video -
Sensor sensor sensor Sensor| - - sensor -
Road toll €1 €2 €3 €1 €1 €2 €0
Rank from 1 to 7 [] [] [] [] [] [] []
Q28. SCENARIO 12 of 12

Site 6 -FIAMESkm 109

Alternatives A B C D E F Status quo
Channel - - - channel - - channel
Basin basin - basin - basin basin insuf. bas
Video camera video - - - video - -
Sensor - sensor - sensor - - -
Road toll €2 €2 €3 €3 €4 €1 €0
Rank from 1 to 7 [] [] [] [] [] [] ]

SECTION V: Follow-up questions

Q29. Which payment methods do you prefer for pnmgdyour support for the

realisation of landslide mitigation measures inBoge Valley?

"1 Road toll
1 Municipal tax

[] Tourism tax

] Increase in price of tourist activities

[1 Donation

] Other, please specify
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Q30. On a scale from 1 (=very low) to 5 (=very higlvhich level of security do

Q31.

Q32.

you think will result from the following protectiosystems?

Very low Medium Very high
1 2 3 4 5
Channel O O O O O
Basin O O O O O
Video camera O O O O O
Acoustic sensor O O O O O

On a scale from 1 (=very unimportant) to 5efyvimportant), how do you

rate the realisation of safety interventions inftiewing locations?

Very unimportant Medium Very important
1 2 3 4 5
Cancia O O O O O
Chiapuzza N 0 O 0 N
Acquabona N 0 N 0 N
Fiames a 0 a 0 a

Based on the additional information provided,ask you to reply again to the

following question (as in question Q8). How manyjple in this region, out

of about 5 million who live here, do you believdivae killed by a landslide

event over the next year? (The number you chooseals® include people

who visit here)
10

11-2

135

716-10
[111-15
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SECTION VI: Socio-economic questions

To conclude, we would like to ask you a few quesi@bout yourself. These
questions allow us to check that we have a reptasesm sample of people living

in or visiting the Boite Valley.

Q33. What is your gender?
1 Male

[1 Female

Q34. Which age group do you belong to?
[118-29 [130-39 []40-49 [150-59
[160-69 [170-79 [180 orover

Q35. What is the highest level of schooling yolereed?
1 Primary school diploma
] Intermediate school diploma
1 High school diploma
[l Bachelor’s degree
[ Master’s degree
71 PhD degree

Q36. What is your occupation?
1 Employee
] Self-employed
1 Professional
] Businessman
] Student
1 Retired

[ Housewife/Unemployed

Q37. Where do you live? Municipality

Province
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Q38. How many people usually live with you?

0 1 2 3 4 or more

Adults 18 years and over O O O O O
Children under the age of 18 [J O O O O

Q39. What is your annual household income, afte(€4year)?
71 Up to €15,000
1 €15,000 to €30,000
1 €30,000 to €45,000
1 €45,000 to €60,000
'] Over €60,000

Thank you for your time and help to make this regepossible!
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Map of the Boite Valley with selected landslide sites

' Fiames Km 106 H'%
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Explanation of sources of simulation figures (maluded in the questionnaire):

The simulations of landslide events in the Boitdl&awere made using the
model developed by Gregoretti, Degetto and Bore(R)d6).

The first block of information, showing the potettitrajectories of
landslides in three locations in Fiames (km 106,108 and km 109), was from
the unpublished (at the time of the survey) workBafreggio, Gregoretti and
Degetto (2015) and was included in the survey withauthors’ permission.

The second block of information, which compared twandslide
simulations with and without a specific protectidevice in Chiapuzza, was
retrieved from the unpublished (at the time of thevey) work of Degetto,
Gregoretti, Mezzomo and Soppelsa (2014) and wdsadad in the survey with
the authors’ permission.

The maps of the Boite Valley were retrieved and ifiedl from Google
Earth® (2014).
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Appendix C — Derivation of individual-specific WNRlues

Model estimates can be conditioned on the obseolaices made by each
respondent to obtain conditional individual-specifiarameter estimates. Using
Bayes’ rule, the parameter estimates for each rekgun can be simulated from
the individual’s conditional distribution of the mel estimates, based on observed
responses (Greene, Hensher, & Rose, 2005; Camphaithinson, & Scarpa,
2009; Train, 2009). The estimator for the paramgtas the following:

S B Pr(ymlBy) Pr(By) dBy,
E(ﬁnl yn) = Bn Pr(ﬁnlyn)dlgn = — (Eq. C.1)
Bn Jg Pr(yalBn) Pr(By) dBy

wheref,, is the vector of estimated random coefficientamnfrthe model and
Pr(B,ly,) is the marginal density ¢f,. The observed sequence of choiggd
made by each respondentis used for conditioning the individual-specific
parameter estimates.

Since the integrals in Equation C.1 do not havlwsed form, it cannot be
computed analytically. Therefore, the conditionalam forg,, for individualn can

be simulated as in Equation C.2:

ETR Bur LBarlyn)
%276:1 L(Brrlyn)

E(Bnln) = (Eq. C.2)

whereR is the number of draws to be used in the simulapoocess, and
L(Bnrlyyn) is the likelihood of an individual's sequence bbies computed at the
r™ draw.

However, as stated by Hensher, Rose and Green8)(a20@ Train (2009),
the conditional parameter estimates are not indalidpecific but more generally
are same-choice-specific parameters. This meahghaonditional estimates are
more correctly the means of the parameters of whepspulation of respondents
who made the same choices when facing the sameecheis.

Despite the recent interest in obtaining individestimates, little software

is currently available. The software Nlogit (Ecoreint Software, 2007) gives
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the possibility of obtaining conditional paramegstimates, providing the starting
values and setting the iteration equal to zero. aliernative approach is the
software developed by Hess (2010).

The individual-specific marginal WTP (mWTP) values an attributek
are calculated as the negative ratio of the estichgiarameter for the specific
attributeg,,, and the cost parameter estimate for the monetaiyude 5.5, as in

Equation C.3:

Bk )

WTPyy = — ( 2
cost

(Eg. C.3)
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Appendix D — Codes for choice models

Code - paper 1

The following code exemplified for the MXL model WWTP space in Chapter 2
was programmed in Biogeme 2.0 (Bierlaire, 2003)télied the 14/12/2014;
http://biogeme.epfl.ch/install.htinl The data processor used was an Asus Intel
Core i7 1.90GHz 2.40GHz with a Windows 8.1 opeasgstem.

/l Model: MXL model in WTP space (interaction effec
I/l Report file: MXL_WTPspace.mod
/I Sample file: Data_FirstChoice_BeforeAfter_Lands

[Choice]
/I Define dependent variable
Choice

[PanelData]

//'1d is the identifier for respondents

/I List of random parameters, constant for all obse
individual

Id
B SB
B_BA_S BA
B_CH_S CH
B_VI_S VI
B_SE_S SE

[Beta]

/I Each line corresponds to a parameter of the util

//IName Value LowerBound UpperBound status(0=
ASC_SQ -0.016 -10 10 0
B_BA 1.59 -10 10 0 // Basi
B_CH 1.89 -10 10 0 // Chann
B_VI 1.46 -10 10 0 /IVi
B_SE 1.21 -10 10 0 // Senso
B_CO -1 -10 0 1 // Cost
S SQ -0.152 0 10 0
S_BA -0.81 0 10 0
S CH 0.752 0 10 0
S Vi 0.086 0 10 0
S SE -0.92 0 10 0
D_SQ -0.052 -10 10 0
D _BA 0.15 -10 10 0
D_CH 0.52 -10 10 0
D_ViI 0.04 -10 10 0
D_SE 0.123 -10 10 0
D _CO 0.022 -10 10 0
B -0.121 -10 10 0
S B -0.204 0 10 0
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[Utilities]

// Each row corresponds to an alternative. There ar
//'1d: as defined in the choice variable

/I Name: alternative's name

/I Avail: indicates if the alternative is available

//'ld Name  Avail linear-in-parameter express
altl one $NONE // NONE because spe
alt2  one $NONE

alt3 one $NONE

alt4 one $NONE

alts one $NONE

alt6 one $NONE

alt7 one $NONE

~NOoO O~ WNERE

[GeneralizedUstilities]
/I Utility function for each alternative specified
nonlinear
1 exp(B[S_B])*(B_BA[S_BA]*basl+B_CH

B_SE[S_SE]*senl+B_VI[S_VI]*vidl + B_CO
* dbasl + D_CH * dchal + D_SE * dsenl + D_VI * dvid

dcosl)

2 exp(B[S_B])*(B_BA[S_BA]*bas2+B_CH

B_SE[S_SE]*sen2+B_VI[S_VI]*vid2 + B_CO
* dbas2 + D_CH * dcha2 + D_SE * dsen2 + D_VI * dvid

dcos2)

3 exp(B[S_B])*(B_BA[S_BA]*bas3+B_CH

B_SE[S_SE]*sen3+B_VI[S_VI]*vid3 +B_CO
* dbas3 + D_CH * dcha3 + D_SE * dsen3 + D_VI * dvid

dcos3)

4 exp(B[S_B])*(B_BA[S_BA]*bas4 +B_CH

B_SE[S_SE]*send4 + B_VI[S_VI]*vid4 + B_CO
* dbas4 + D_CH * dcha4 + D_SE * dsen4 + D_VI * dvid

dcos4)

5 exp(B[S_B])*(B_BA[S_BA]*bas5+B_CH

B_SE[S_SE]*sen5+B_VI[S_VI]*vid5 + B_CO
* dbas5 + D_CH * dcha5 + D_SE * dsen5 + D_VI * dvid

dcos5)

6 exp(B[S_B])*(B_BA[S_BA]*bas6+B_CH

B_SE[S_SE]*sen6+B_VI[S_VI]*vidé + B_CO
* dbas6é + D_CH * dcha6 + D_SE * dsen6 + D_VI * dvid

dcos6)

7 expB[S_B])*(ASC_SQ[S_SQ]*one+B_B

e seven alternatives

or not
ion
cified as non-linear

in the WTP space, so

[S_CH]*chal +
*cosl + D_BA
1+D_CO*

[S_CH]*cha2 +
*cos2 + D_BA
2+DCO*

[S_CH]*cha3 +
*cos3 + D_BA
3+DCO*

[S_CH]*cha4d +
*cos4 + D_BA
4 +D_CO *

[S_CH]*cha5 +
* cos5 + D_BA
5+ D _CO*

[S_CH]*cha6 +
* cos6 + D_BA
6 + D_CO *

A[S_BA]*bas7

+B CH[S_CH]*cha7 + B_SE[S SE]*sen7 + B_V I[S_VI]*
vid7 + B_CO * cos7 + D_SQ * dsq + D_BA * dbas7 + D_ CH * dcha7 +
D_SE *dsen7 + D_VI * dvid7 + D_CO * dcos7 )
[ParameterCovariances]
// Elements of Cholesky
1 Par_i Par_ j  Value LowerBound  UpperBound s tatus
B_BA S BA B_CH_S _CH 0 -10 10 0
B_BA_S_BA B_SE_S SE 0 -10 10 0
B_BA S BA B_VI_S VI 0 -10 10 0
B_CH_S_CH B_SE_S_SE 0 -10 10 0
B_CH_S CH B_VIL_S VI 0 -10 10 0
B_SE_S_SE B_VI_S VI 0 -10 10 0

[Expressions]

/I Define arithmetic expressions for name that are
from the data
one=1
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I Interactions

dbasl = ( basl * aft)
dbas2 = ( bas2 * aft)
dbas3 = ( bas3 * aft)
dbas4 = ( bas4 * aft)
dbas5 = ( bas5 * aft)
dbas6 = ( bas6 * aft)
dbas7 = ( bas7 * aft)
dchal = (chal * aft)
dcha2 = (cha2 * aft)
dcha3 = (cha3 * aft)
dcha4 = (cha4 * aft)
dcha5 = (cha5 * aft)
dcha6 = (chab * aft)
dcha7 = (cha7 * aft)
dsenl = (senl * aft)
dsen2 = (sen2 * aft)
dsen3 = (sen3 * aft)
dsen4 = (sen4 * aft)
dsen5 = (sen5 * aft)
dsen6 = ('senb6 * aft)
dsen7 = (sen7 * aft)
dvidl = (vidl * aft)
dvid2 = (vid2 * aft)
dvid3 = (vid3 * aft)
dvid4 = (vid4 * aft)
dvid5 = (vid5 * aft)
dvid6 = (vid6 * aft )
dvid7 = (vid7 * aft)
dcosl = (cosl * aft)
dcos2 = (cos2 * aft)
dcos3 = (cos3 * aft)
dcos4 = (cos4 * aft)
dcos5 = (cosb * aft)
dcos6 = ( cos6 * aft)
dcos7 = (cos7 * aft)
dsg = (one * aft)

[Model]
/I Specified which model is to be used
$MNL

[Draws]

/I Specified the number of draws
500
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Code — paper 2

The following code exemplified for the LV-RPL modeith three latent variables
in Chapter 3 was programmed in PythonBiogeme 2i8ri@re, 2016)(installed
the 10/05/2015http://biogeme.epfl.ch/install.htnlThe data processor used was
an Asus Intel Core i7 1.90GHz 2.40GHz with an Ulbui4.04 operating system.

FHB T T R R R T

# Model: LV-RPL with three random latent variables (10,000 draws)

# LVs: perception of risk mortality (MOR),

# perception of natural hazards’ severity (SEV) and fear of landslides
(FEA)

# Report file: LV-RPL_3LVrandom_10000.html

# Sample file: Data_FirstChoice_Before_Landslide.d at

HHHHHHHH

from biogeme import *
from headers import *
from distributions import *
from loglikelihood import *
from statistics import *

H#HitH

# A. LATENT VARIABLE MODEL
#

#it#

# Al. Structural model

#it#

#Define variables:
female = DefineVariable (‘female’, sex==1)

# Coefficients of the socio-economics characteristi cs
b_fem_MOR = Beta('b_fem_MOR',0.347,-10000,10000,0)

b_fem_SEV = Beta('b_fem_SEV',0.614,-10000,10000,0)

b_fem_FEA = Beta('b_fem_FEA',-0.0473,-10000,10000,0 )

# Error term of the structural model

omega_MOR = bioNormalDraws('omega_MOR','ld")
omega_SEV = bioNormalDraws(‘'omega_SEV','ld")
omega_FEA = bioNormalDraws('omega_FEA','ld")

# Latent variable (Z=risk perception) is modelled a s follows
MOR =b_fem_MOR * female + omega_MOR

SEV =b_fem_SEV * female + omega_SEV

FEA = b_fem_FEA * female + omega_FEA

HH#
# A2. Measurement model: ordered logit
HH#

# Measurement equations:
# For the latent variable MOR:

#1_MOR_risk (CL_PR_MORTI) represents the mortality risk estimate stated

# by each respondent. The ordinal variable takes th e following values:

# 1=0-5% (correct measure), 2=6-10% double the corr ect measure, 3=11-15%
# three times, 4=16-20% four times, 5 >20% more than four time the

# objective measure of risk.
# For the latent variable SEV:

#1_SEV_land (B_FRANA) represents the estimate of s everity of landslide
# severity) to 5(high severity) in the Boite Valley . The ordinal
# variable takes values from 1(low # |_SEV_aval (B_ VALAN) represents the
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# estimate of severity of avalanche in the Boite Va lley. The ordinal

# variable takes values from 1(low severity) to 5(h igh severity).
#|_SEV_eart (B_TERR) represents the estimate of se verity of earthquake
# in the Boite Valley. The ordinal variable takes v alues from 1(low

# severity) to 5(high severity).

#1_SEV_flood (B_ALLUV) represents the estimate of severity of flood in

# the Boite Valley.

# The ordinal variable takes values from 1(low seve

# severity).

# For the latent variable FEA:

#1_FEA frana (FRANA) represents the estimate of re
# landslide. The ordinal variable takes values from

# 5(very high fear).

rity) to 5(high

spondent’s fear of
1(very low fear) to

#MOR

lambda_risk = Beta('lambda_risk’, 0.654, -10000,100 00, 0)
tau_riskl = Beta ('tau_risk1', 0.603, -10000, 10000 ,0)
tau_risk2 = Beta ('tau_risk2', 1.31, -10000, 10000, 0)
tau_risk3 = Beta ('tau_risk3', 1.55, -10000, 10000, 0)
tau_risk4 = Beta ('tau_risk4', 1.83, -10000, 10000, 0)

ME_MOR_RISK = {

1: 1/ (1+exp(MOR * lambda_risk - tau_risk1)),

2: 1/ (1+exp(MOR * lambda_risk - tau_risk2)) - 1/ (
lambda_risk - tau_risk1)),

3: 1/ (1+exp(MOR * lambda_risk - tau_risk3)) - 1/ (
lambda_risk - tau_risk2)),

1+exp(MOR *

1+exp(MOR *

4: 1/ (1+exp(MOR * lambda_risk - tau_risk4)) - 1/ ( 1+exp(MOR *
lambda_risk - tau_risk3)),

5:1-1/ (1+exp(MOR * lambda_risk - tau_risk4))}

#SEV

lambda_land = Beta('lambda_land', 0.748, -10000, 10 000, 0)
tau_landl = Beta (‘tau_landl', -4.42, -10000, 10000 ,0)
tau_land2 = Beta (‘tau_land2', -3.17, -10000, 10000 ,0)
tau_land3 = Beta (‘tau_land3', -1.59, -10000, 10000 ,0)
tau_land4 = Beta (‘tau_land4', -0.0119, -10000, 100 00, 0)
ME_SEV_LAND = {

1: 1/ (1+exp(SEV * lambda_land - tau_land1)),

2: 1/ (1+exp(SEV * lambda_land - tau_land2)) - 1/ ( 1+exp(SEV *
lambda_land - tau_land1)),

3: 1/ (1+exp(SEV * lambda_land - tau_land3)) - 1/ ( 1+exp(SEV *
lambda_land - tau_land?2)),

4: 1/ (1+exp(SEV * lambda_land - tau_land4)) - 1/ ( 1+exp(SEV *
lambda_land - tau_land3)),

5:1- 1/ (1+exp(SEV * lambda_land - tau_land4))}

lambda_aval = Beta('lambda_aval', 1.09, -10000, 100 00, 0)
tau_avall = Beta (‘tau_avall', -1.75, -10000, 10000 ,0)
tau_aval2 = Beta (‘tau_aval2', -0.481, -10000, 1000 0, 0)
tau_aval3 = Beta (‘tau_aval3', 0.914, -10000, 10000 ,0)
tau_aval4 = Beta (‘tau_aval4', 2.09, -10000, 10000, 0)
ME_SEV_AVAL ={

1: 1/ (1+exp(SEV * lambda_aval - tau_avall)),

2: 1/ (1+exp(SEV * lambda_aval - tau_aval2)) - 1/ ( 1+exp(SEV *
lambda_aval - tau_avall)),

3: 1/ (1+exp(SEV * lambda_aval - tau_aval3)) - 1/ ( 1+exp(SEV *
lambda_aval - tau_aval2)),

4: 1/ (1+exp(SEV * lambda_aval - tau_aval4)) - 1/ ( 1+exp(SEV *
lambda_aval - tau_aval3)),

5:1- 1/ (1+exp(SEV * lambda_aval - tau_aval4))}

lambda_eart = Beta('lambda_eart', 1.24, -10000, 100 00, 0)
tau_eartl = Beta (‘tau_eart1’, -1.48, -10000, 10000 ,0)
tau_eart2 = Beta (‘tau_eart2', 0.267, -10000, 10000 ,0)
tau_eart3 = Beta (‘tau_eart3', 1.33, -10000, 10000, 0)

tau_eart4 = Beta (‘tau_eart4', 2.47, -10000, 10000, 0)
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ME_SEV_EART = {

1: 1/ (1+exp(SEV * lambda_eart - tau_eartl)),

2: 1/ (1+exp(SEV * lambhda_eart - tau_eart2)) - 1/ (
lambda_eart - tau_eartl)),

3: 1/ (1+exp(SEV * lamhda_eart - tau_eart3)) - 1/ (
lambda_eart - tau_eart2)),

4: 1/ (1+exp(SEV * lambda_eart - tau_eart4)) - 1/ (
lambda_eart - tau_eart3)),

5:1-1/ (1+exp(SEV * lambda_eart - tau_eart4))}

lambda_flood = Beta('lambda_flood', 1.91, -10000, 1
tau_floodl = Beta (‘tau_flood1', -1.90, -10000, 100
tau_flood2 = Beta (‘tau_flood2', -0.468, -10000, 10
tau_flood3 = Beta (‘tau_flood3', 1.21, -10000, 1000
tau_flood4 = Beta (‘tau_flood4', 2.87, -10000, 1000

ME_SEV_FLOOD = {

1: 1/ (1+exp(SEV*lambda_flood - tau_flood1)),

2: 1/ (1+exp(SEV*lambda_flood - tau_flood2))- 1/(1+
- tau_flood1)),

3: 1/ (1+exp(SEV*lambda_flood - tau_flood3))- 1/(1+
- tau_flood2)),

4: 1/ (1+exp(SEV*lambda_flood - tau_flood4))- 1/(1+
- tau_flood3)),

5:1- 1/ (1+exp(SEV*lambda_flood - tau_flood4))}

#FEA

lambda_frana = Beta('lambda_frana', -1.59, -10000,
tau_franal = Beta (‘tau_franal', -4.33, -10000, 100
tau_frana2 = Beta (‘tau_frana2', -3.55, -10000, 100
tau_frana3 = Beta (‘tau_frana3', -2.05, -10000, 100
tau_frana4 = Beta (‘tau_frana4', -0.219, -10000, 10

ME_FEA_FRANA = {

1: 1/ (1+exp(FEA*lambda_frana - tau_franal)),

2: 1/ (1+exp(FEA*lambda_frana - tau_frana2))- 1/(1+
- tau_franal)),

3: 1/ (1+exp(FEA*lambda_frana - tau_frana3))- 1/(1+
- tau_frana2)),

4: 1/ (1+exp(FEA*lambda_frana - tau_frana4))- 1/(1+
- tau_frana3)),

5:1- 1/ (1+exp(FEA*lambda_frana - tau_frana4))}

HH#H
# B. CHOICE MODEL
HH#H

# Parameters of the choice model to be estimated
ASC_SQ = Beta('ASC_SQ',-2.03,-10,10,0)
B_CH = Beta('B_CH',2.73,-1000,1000,0 )
B_BA = Beta('B_BA',2.35,-1000,1000,0 )

B_VI = Beta('B_VI',1.90,-1000,1000,0 )

B_SE = Beta('B_SE',1.62,-1000,1000,0)
B_CO = Beta('B_CO',-1.37,-1000,1000,0 )
B_MOR = Beta('B_MOR',-5.58,-1000,1000,0 )
B_SEV = Beta('B_SEV',-0.0855,-1000,1000,0 )
B_FEA = Beta('B_FEA',-0.615,-1000,1000,0 )
S_CH = Beta('S_CH',1.28,0,10,0)

S_BA = Beta('S_BA',1.58,0,10,0)

S_VI = Beta('S_VI'1.03,0,10,0)

S_SE = Beta('S_SE',0.317,0,10,0)

S_MOR = Beta('S_MOR',0.1,0,10,0)

S _SEV = Beta('S_SEV',0.1,0,10,0)

S_FEA = Beta('S_FEA',0.1,0,10,0)
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# Define random parameters, normally distributed.
# Note that the draws are generated for individuals

# and they are the same for all observations of the same individual.
B_R_CH=B_CH+ S_CH * bioNormalDraws('B_R_CH','ld' )# random parameters
B_R_BA =B_BA +S_BA * bioNormalDraws('B_R_BA','ld' )

B_R_VI=B_VI+ S_VI*bioNormalDraws('B_R_VI','ld' )

B_R_SE =B_SE + S_SE * hioNormalDraws('B_R_SE','ld' )

B_R_MOR =B_MOR + S_MOR * bioNormalDraws('B_R_MOR', ‘Id")

B_R_SEV =B_SEV + S_SEV * bioNormalDraws('B_R_SEV", Id")

B_R_FEA =B_FEA + S_FEA * bioNormalDraws('B_R_FEA', ‘Id")

# Utility functions for choice model

# The utilities depend on the attributes: channel ( CH), basin (BA),

# video cameras (VI), sensors (SE), and cost (CO). The latent variables

# are MOR, SEV and SAF.

V1=B_R_CH*chal +B_R_BA*basl+B_R_VI*vidl +B_R_SE *senl +B_CO
* cosl
V2=B_R_CH*cha2 + B_R_BA *bhas2 + B_R_VI *vid2 +B_R_SE *sen2 + B_CO
* cos2
V3=B_R_CH*cha3 + B_R_BA *bas3 + B_R_VI *vid3 +B_R_SE *sen3 +B_CO
* cos3
V4=B_R_CH *cha4 + B_R_BA *bas4 + B_R_VI * vid4 +B_R_SE *send4 + B_CO
* cos4
V5=B_R_CH *cha5 + B_R_BA *bas5 + B_R_VI * vid5 +B_R_SE *sen5+B_CO
* cos5
V6 =B_R_CH *cha6 + B_R_BA *bas6 + B_R_VI * vid6 + B_R_SE *sen6 + B_CO
* Ccos6
V7 =ASC_SQ*one+B_R_MOR *MOR +B_R_SEV * SEV + B_R_FEA* FEA +
B_R_CH*cha7 +B_R_BA*bas7 +B_R_VI*vid7 + B_R _SE*sen7 +B_CO
* cos7
# Associate utility functions with the numbering of alternatives
V ={1: V1,
2:V2,
3:V3,
4: V4,
5: V5,
6: V6,
7:V7}
# Associate the availability conditions with the al ternatives
av ={1: one,
2:0ne,
3: one,
4: one,
5: one,
6: one,
7: one}
# Iterator on individuals, that is on groups of row S
metalterator('personlter’,’ __dataFile__','panelObsl ter','ld")
# For each item of personlter, iterates on the rows of the group

rowlterator('panelObslter’,'personlter’)

# lterator on draws for Monte-Carlo simulation
drawlterator(‘drawlter’)

# The choice model is a logit, with availability co nditions
prob = bioLogit(V,av,Choice)

# Conditional probability for the sequence of choic es of an individual
indivCondProb = Prod(prob,'panelObsilter’)
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# Conditional likelihood

condLikelihoodOneObs = (indivCondProb *
Sum(Elem(ME_MOR_RISK,cl_Pr_mort),'panelObslter’)/ S
Sum(Elem(ME_SEV_LAND,B_frana),'panelObsilter’) / Sum
Sum(Elem(ME_SEV_AVAL,B_valan),'panelObsilter’) / Sum
Sum(Elem(ME_SEV_EART,B_terr),'panelObsilter") / Sum(
Sum(Elem(ME_SEV_FLOOD,B_alluv),'panelObsilter") / Su
Sum(Elem(ME_FEA _frana,frana),' panelObsilter') / Sum(

# The sample likelihood function for estimation
likelihoodOneObs = Sum(condLikelihoodOneObs,'drawlt

BIOGEME_OBJECT.ESTIMATE = Sum(log(likelihoodOneObs)
BIOGEME_OBJECT.PARAMETERS['optimizationAlgorithm']
BIOGEME_OBJECT.PARAMETERS['numberOfThreads'] = "4"
BIOGEME_OBJECT.PARAMETERS['RandomDistribution’] ="
BIOGEME_OBJECT.PARAMETERS['NbrOfDraws'] = "10000"
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Code — paper 3

The following code exemplified for the RPL-EC modBlodel 6) in Chapter 4
was programmed in PythonBiogeme 2.3 (Bierlaire, &0Xinstalled the
10/05/2015;http://biogeme.epfl.ch/install.htinl The data processor used is an
Asus Intel Core i7 1.90GHz 2.40GHz with an Ubundu0# operating system.

HHHH R R
# Model: RPL-EC with covariates at individual level

# (observed and unobserved heterogeneity) (1,000 dr aws)
# Report file: RPL-EC-cov_heter_mod6_1000.html
# Sample file: Data_Rank_Before_Landslide_Spatial. dat

HHHHHHHHH A

from biogeme import *
from headers import *
from distributions import *
from loglikelihood import *
from statistics import *

# Create additional variables
kids = n_min>0

coinvol_land = (eventi==6)
retired = profes>5
high_hazard = geohazard>3

# Parameters of the choice model to be estimated

ASC_SQ = Beta('ASC_SQ',1.18,-10,10,0)

ASC_coinvol_land = Beta('ASC_coinvol_land',-0.477,- 10,10,0)
ASC_kids = Beta('ASC_kids',-0.225,-10,10,0)

ASC_esc = Beta('ASC_esc',-0.408,-10,10,0)

ASC_ferr = Beta('ASC_ferr',0.290,-10,10,0)

ASC _retired = Beta('ASC_retired',-0.345,-10,10,0)

ASC_high_hazard = Beta('ASC_high_hazard',-0.309,-10 ,10,0)
#ASC_dang_road = Beta('ASC_dang_road',-0.278,-10,10 ,0)
B_CH = Beta('B_CH',1.60,-1000,1000,0) # betas

B_BA = Beta('B_BA',1.41,-1000,1000,0)

B_VI = Beta('B_VI',1.10,-1000,1000,0)

B_SE = Beta('B_SE',1.04,-1000,1000,0)

B_CO = Beta('B_CO',-0.392,-1000,1000,0)

S_CH = Beta('S_CH',0.2,0,10,0) # sigma
S_BA = Beta('S_BA',0.2,0,10,0)

S_VI = Beta('S_VI',0.2,0,10,0)

S_SE = Beta('S_SE',0.2,0,10,0)

|_cost_sitel = Beta('l_cost_site1',-0.341,-1000,100 0,0) # sites
|_cost_site2 = Beta('l_cost_site2',-0.347,-1000,100 0,0)
|_cost_site3 = Beta('l_cost_site3',-0.130,-1000,100 0,0)
|_cost_site4 = Beta('l_cost_site4',-0.131,-1000,100 0,0)
#|_cost_site5 = Beta('l_cost_site5',-0.302,-1000,10 00,0)
|_cost_site6 = Beta('l_cost_site6',-0.302,-1000,100 0,0)

S _T1 =Beta('S_T1',0,0,10,0) # sigma ec

S_T2 = Beta('s_T2',0,0,10,0)
S_T3 = Beta('S_T3',0.2,0,10,0)

# Define random parameters and error components, no rmally distributed.

# Note that the draws are generated for individuals ,

# and they are the same for all observations of the same individual.
B_R_CH=B_CH+ S_CH * bioNormalDraws('B_R_CH','ld' )# random parameters
B_R_BA=B_BA +S_BA * bioNormalDraws('B_R_BA','ld' )

B_R_VI=B_VI+ S_VI* bioNormalDraws('B_R_VI','ld' )

B_R_SE =B_SE + S_SE * bioNormalDraws('B_R_SE','ld' )
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S_T1 * bioNormalDraws('B_R_T1','ld")
S_T2 * bioNormalDraws('B_R_T2','ld")

B R T1
B_R T2
B_R _T3=S_T3*bhioNormalDraws('B_R_T3','Id")

# Utility functions
# The utilities depend on the attributes: channel (
# video cameras (VI), sensors (SE), and cost (CO).

V1=B_R_CH *chal + B_R_BA * basl + B_R_VI * vidl
* cosl + |_cost_sitel * cosl * sitel + |_cost_site2
|_cost_site3 * cosl * site3 + |_cost_site4 * cosl *

* cosl *site6 + B_R_T1 *segl + B_R_T2 *seg2 + B_

V2=B_R_CH*cha2 + B_R_BA *bas2 + B_R_VI * vid2
* cos2 + |_cost_sitel * cos2 * sitel + |_cost_site2
|_cost_site3 * cos2 * site3 + |_cost_site4 * cos2 *
*cos2 *site6 +B_R_T1*segl+B R _T2*seg2 +B_

V3 =B_R_CH *cha3 + B_R_BA * bas3 + B_R_VI * vid3
* cos3 + |_cost_sitel * cos3 * sitel + |_cost_site2
|_cost_site3 * cos3 * site3 + |_cost_site4 * cos3 *

* cos3 *site6 + B_R_T1 *segl + B_R_T2 *seg2 + B_

V4 =B_R_CH *cha4 + B_R_BA * bas4 + B_R_VI * vid4
* cosd4 + |_cost_sitel * cos4 * sitel + |_cost_site2
|_cost_site3 * cos4 * site3 + |_cost_site4 * cos4 *

* cos4 *site6 + B_R_T1 *segl + B_R_T2 *seg2 + B_

V5 =B_R_CH *cha5 + B_R_BA * bas5 + B_R_VI * vid5
* cosb + |_cost_sitel * cos5 * sitel + |_cost_site2
|_cost_site3 * cos5 * site3 + |_cost_site4 * cos5 *
*cosh *site6 +B_R_T1*segl+B R _T2*seg2 +B_

V6 =B_R_CH * cha6 + B_R_BA * bas6 + B_R_VI * vid6
* cos6 + |_cost_sitel * cos6 * sitel + |_cost_site2
|_cost_site3 * cos6 * site3 + |_cost_site4 * cos6 *

* cos6 * site6 + B_R_T1 *segl + B_R_T2 *seg2 + B_

V7 = ASC_SQ * one + B_R_CH * cha7 + B_R_BA * bas7 +
B_ R SE * sen7 + B_CO * cos7 + ASC_kids * kids + ASC

coinvol_land + ASC_retired * retired + ASC_esc * es
ASC_high_hazard * high_hazard

# Associate utility functions with the numbering of
V ={1: V1,

2:V2,

3:V3,

4:V4,

5: V5,

6: V6,

7:V7}

# Associate the availability conditions with the al
# Important for ranked data

av ={1: avl,

save,

av3,

av4,

avb,

ave,

Tav7}

Nouahkwh

# The choice model is a logit, with availability co
prob = bioLogit(V,av,Choice)

# Iterator on individuals, that is on groups of row
metalterator('personlter’,’ __dataFile__','panelObsl

# For each item of personlter, iterates on the rows
rowlterator('panelObslter’,'personlter’)
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#E

Cs road segments

CH), basin (BA),

+B_R_SE *senl + B_CO
* cosl * site2 +
site4 + |_cost_site6
R_T3 * seg3

+B_R_SE *sen2 + B_CO
* €coS2 * site2 +
site4 + |_cost_site6
R_T3 * seg3

+B_R_SE *sen3 +B_CO
* cos3 * site2 +
site4 + |_cost_site6
R_T3 * seg3

+B_R_SE *sen4 + B_CO
* cos4 * site2 +
site4 + |_cost_site6
R_T3 * seg3

+B_R_SE *sen5 + B_CO
* cosb * site2 +
site4 + |_cost_site6
R_T3 * seg3

+B_R_SE *sen6 + B_CO
* cos6 * site2 +
site4 + |_cost_site6
R_T3 * seg3
B_R_VI * vid7 +

_coinvol_land *
c + ASC_ferr * ferr +

alternatives

ternatives

nditions

s
ter','ld")

of the group



#lterator on draws for Monte-Carlo simulation
drawlterator(‘drawlter’)

#Conditional probability for the sequence of choice s of an individual
condProblindiv = Prod(prob,'panelObsilter’)

# Integration by simulation
probindiv = Sum(condProblindiv,'drawlter")

# Sample Log-Likelihood function
loglikelihood = Sum(log(problindiv),'personiter")

BIOGEME_OBJECT.ESTIMATE = loglikelihood
BIOGEME_OBJECT.PARAMETERS['numberOfThreads'] = "4"
BIOGEME_OBJECT.PARAMETERS['NbrOfDraws'] = "1000"

BIOGEME_OBJECT.PARAMETERS['RandomDistribution’] =" HALTON"
BIOGEME_OBJECT.PARAMETERS[ optimizationAlgorithm'] = "CFSQP"
# Statistics

nullLoglikelihood(av,'panelObsiter)

choiceSet =[1,2,3,4,5,6,7]
cteLoglikelihood(choiceSet,Choice,'panelObsilter’)
availabilityStatistics(av,'panelObsiter")
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