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Abstract
Shark incidents are rare and graphic events, and their
consequences can influence the behavior of beach users,
including bathers, to a great extent. These incidents can
be thought of as a fearsome risk that may lead decision
makers to overreact or respond with inaction. This paper
examines the reaction of recreational beach users, includ-
ing bathers, to changes in the risk of shark incidents. In
addition to valuing recreational visits to Durban Beach,
South Africa, we study the reaction of beach visitors to a
hypothetical scenario in which protective shark nets,
deployed in coastal waters to protect bathers, are to be
removed. To examine potential heterogeneity of the treat-
ment effect in a travel cost-contingent behavior model, we
develop a semiparametric multivariate Poisson lognormal
(MPLN) model to jointly analyze observed and stated visit
counts. Results show that removing protective shark nets
at Durban beach would decrease recreational visits by
more than 20%. Applying the semiparametric MPLN
model we further find that both the value of a recreational
visit and the predicted change in visitation rates vary as a
function of whether recreationists usually enter the water,
whether they have heard of previous shark incidents, and
their general risk attitude.
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1 | INTRODUCTION

Coastal recreation such as beach visits and bathing activities is an important source of tourism
revenue and human wellbeing (Ghermandi & Nunes, 2013; MacKerron & Mourato, 2013). Using
beaches for recreation, including physical and social activities, is highly valued, and different conse-
quences of recreational beach use, such as economic development (Ghermandi & Nunes, 2013) and
individual health benefits (Elliott et al., 2018), have been examined. However, beaches and coastal
waters are a type of natural environment that also entail risks in the form of environmental hazards,
such as rip currents, lightning, high winds, pollution, or encounters with potentially dangerous
marine fauna. The latter category includes jellyfish or sea urchin stings and encounters with marine
megafauna like sharks. Oftentimes, the institutions in charge of popular beaches and adjacent coastal
waters provide protective services to reduce the chances of shark incidents and thereby protect
bathers. In the case of sharks, such protection includes the use of shark spotters or shark-safety gears,
such as large mesh-size gillnets or baited drumlines, deployed to minimize the likelihood of human–
shark encounters (Dudley, 1997; Engelbrecht et al., 2017; Gibbs et al., 2020; Tate et al., 2021).

Shark incidents1 are very rare but graphic events, more easily envisioned than actually witnessed.
An average of approximately 75–100 shark incidents world wide are reported annually, of which
only 1.3%–6% are fatal, whereas the rest are nonfatal ranging from minor lacerations to severe inju-
ries (Midway et al., 2019). Yet, thanks to global research interest, documentary and fictional films
and media coverage, these events are easy to understand and envisage by beach users. It has also
been shown that shark-related media coverage often stresses the risk of these animals to people
(Muter et al., 2013; Sabatier & Huveneers, 2018). Consequently, human–shark interactions evoke
strong emotional reactions, such as fear, panic, and horror as often sensationalized in fictional films
and media reporting. As such, the risk of being involved in a shark incident when recreating at a
beach or other coastline (either actively in the water or passively as a bystander on land) constitutes
what Sunstein and Zeckhauser (2011) term a fearsome risk. This type of risk may lead individuals to
either overreact or push them toward inaction due to probability neglect, a cognitive bias by which
individuals fail to adequately assess the low probability of the actual hazard occurring. The result of
such probability neglect is a change of behavior either too drastic or insufficient in relation to the
expected damage caused by the hazard. Translated to the case of recreational use of the coastal envi-
ronment, this would mean that in the presence of a sudden increase in the probability of a fearsome
hazard, such as a shark incident, individuals can be expected to either overly curtail or leave
unchanged the number of recreational visits they make to that location.

The present paper examines the reaction of recreational users of the coastal environment to
changes in the risk of shark incidents. We apply the travel cost-contingent behavior (TC-CB)
method to study the impact of a change in the protection against shark incidents in coastal waters
on recreational visits to a beach in Durban, South Africa. Specifically, we study the reaction of visit
behavior to a hypothetical scenario in which protective shark nets, deployed in coastal waters to pro-
tect beach recreationists, are to be removed. Protective nets in coastal waters are a potentially lethal
form of shark hazard mitigation strategy, the aim of which is localized fishing of potentially danger-
ous sharks in the vicinity of bathing areas (Gibbs et al., 2020). For the case of Durban (and other
beaches off the coastline of KwaZulu-Natal Province), a shark control program involving net deploy-
ment has been in place since 1952 after a series of fatal shark incidents in the late 1940s and early
1950s. No fatal shark incidents have been recorded in KwaZulu-Natal since that time. However, this
long-running program has been criticized in South Africa as having negative ecological conse-
quences.2 The use of gillnets as protective gear in the nearshore environment may lead to an increase

1We refer to any kind of human–shark encounter as shark incident. This includes what may commonly be referred to as “shark attack.”
However, because the term “attack” suggests intent to harm on the part of the animal, which may not always be warranted, we prefer the more
neutral term “incident.”
2There is also criticism of similar, long-running shark net programs in Australia (Gibbs et al., 2020) and Brazil (Hazin et al., 2013).
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in shark mortality but also the incidental catch (and resulting death) of nontargeted marine species,
such as dolphins, turtles, and rays (Dudley & Cliff, 1993, 2010; Reid et al., 2011; Hazin et al., 2013).

So in a situation where (ecological and economic) costs of shark control measures, and the
deployment of protective nets in particular, are emphasized in the public debate, the natural conse-
quence is to wonder about the extent of the benefits of this protection program. The present study
therefore sought to assess (one aspect of) the social benefit of the presence of shark nets in coastal
waters around the city of Durban: the contribution that shark nets make to the recreational value of
beaches.

The TC-CB method has been used to assess the value of recreational nature visits and predict
changes in visitation rates (and the associated recreational value) resulting from changes in site con-
ditions (Parsons, 2017). A big and growing literature has sought to assess the value of, for instance,
recreational visits to beaches (Bell & Leeworthy, 1990; Pascoe, 2019; Zhang et al., 2015) and other
coastal locations (Czajkowski et al., 2015) as well as other activities, such as recreational diving
(Du Preez et al., 2012; Zimmerhackel et al., 2018), whale and marine species watching (Farr
et al., 2014; Loomis et al., 2000), or shark diving in marine waters (Pasos-Acuña et al., 2020).
Whereas such applications of the travel cost method value recreation at the site under current condi-
tions, the contingent behavior method is employed to assess changes in recreational values of out-
door locations when conditions at the site in question change. Looking specifically at beaches,
researchers have studied the effect on recreational demand from changes in, for instance, beach
width (Parsons et al., 2013), water quality (Bertram et al., 2020; Hanley et al., 2003), the occurrence
of shark sightings (Zemah Shamir et al., 2019), the construction of a coastal path (Hynes &
Greene, 2013), or an offshore windfarm (Parsons et al., 2020; Voltaire & Koutchade, 2020). The pre-
sent study contributes to this literature on beach recreation valuation by exploring the impact of nat-
ural hazards, namely the risk of shark incidents, controlled by protective submerged nets, at Durban
beachfront. The majority of valuation studies emphasize the benefit-generating characteristics of out-
door environments and recreational activities (including wildlife watching or other types of interac-
tion) at these sites without acknowledging the risk to site users from possible hazardous wildlife
encounters in certain locations. There is only a limited literature assessing recreational values of out-
door environments in the face of on-site environmental hazards examining effect of fire risk
(Hesseln et al., 2003; Nobel et al., 2020; Starbuck et al., 2006), health emergencies (Landry
et al., 2021), and oil spills (Egan et al., 2022; English et al., 2018; Lopes & Whitehead, 2023) and
harmful algal blooms (Boudreaux et al., 2023). We are not aware of any study considering hazards
from human–wildlife interactions.

Although the policy context of removing shark nets is provided by the concerns about shark and
other marine wildlife mortality, the focus of this study is the response of the individual beach users
to changes in on-site risk. From a behavioral perspective, reactions to changes in the risk of a shark
incident may be moderated by certain factors that have a bearing on the occurrence of probability
neglect (Sunstein & Zeckhauser, 2011). Therefore, the analysis examines the role of recreational
activity (whether visitors enter the water), information on previous shark incidents and general risk
attitudes using a semiparametric econometric framework to fit count data models used for TC-CB
data collected on site. Semiparametric models allow for the estimation of smooth functions of
parameter estimates (Fan et al., 1995; Racine, 2007; Racine & Li, 2004). In conjunction with the type
of count data modeling used in TC-CB studies, these models make possible the exploration of sys-
tematic heterogeneity of visit predictions (including changes in visitation rates) and recreational
values. The only study we are aware of and that employs this approach is Liu and Egan (2019), who
adopt the use of a semiparametric approach to TC-CB data in an application to value visits to a lake
in Ohio. These authors estimate smooth coefficient functions in a multivariate Poisson lognormal
(MPLN) model (Egan & Herriges, 2006). Their model produces respondent-specific estimates of, for
instance, the travel cost parameter as a function of a set of sociodemographic variables. It is possible
to then plot variations in the value of a lake visit as a function of any of these sociodemographic vari-
ables without having to assume a functional form ex ante. Beyond that, the use of semiparametric
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estimation in environmental valuation is still quite limited, despite the approach’s appeal in explor-
ing observed heterogeneity of estimates. Dekker et al. (2014) use semiparametric estimation of the
multinomial logit model in a study of preference formation in the context of the management of
flood risks. Similar applications in the field of travel time valuation include Fosgerau (2007) and
Koster and Koster (2015).

Specifically in the present study, we use the semiparametric MPLN model to obtain distributions
of estimates in a count data model as functions of the three variables of interest (whether respon-
dents enter the water, whether they have heard of previous shark incidents, and their risk attitude).
This demonstrates how nonlinear effects and multi-part interaction effects of certain variables on
recreational values and predictions of changes in visit counts can be detected in the data. As such,
the present study differs from the approach in Liu and Egan (2019) in that we include a set of stan-
dard (i.e., sociodemographic) demand shifters directly in the count data equation and model these as
a function of three variables specific to the behavioral research question of this study. Results show
that removing protective shark nets at Durban beach would decrease recreational visits by more than
20% on average. Applying the semiparametric MPLN model to explore systematic variation of this
average treatment effect, we further find limited variation of both the value of a recreational visit and
the predicted reaction in visitation rates as a function of whether recreationists usually enter the
water, whether they have heard of previous incidents, and of their general risk attitude.

The remainder of the paper is structured as follows. Section 2 reviews the literature on shark pro-
tection and human reactions of environmental hazards. Section 3 introduces the methods and data
before Section 4 presents the results. Section 5 provides some discussion and concludes.

2 | SHARKS, SHARK INCIDENCES, AND REACTIONS TO
ENVIRONMENTAL HAZARDS

Human–shark interactions are naturally low-probability, high-consequences incidents. Although the
likelihood of such in situ interactions is very low, their consequences do not only include fatalities or
heavy injuries but also economic impacts such as reductions of tourism revenues (Midway
et al., 2019). Such economic effects may even be more devastating in developing countries and tour-
ist destination islands such as the Bahamas, Seychelles, Reunion, and South Africa (Chapman &
McPhee, 2016). In South Africa, Durban beachfront became a focal point for shark attacks between
1942 and 1951 when a series of 21 shark incidents (7 fatal) sparked public fear and threatened eco-
nomic collapse in tourism revenue (Dudley et al., 2010). Subsequently, in 1952 the city authorities
officially decided to adopt a system that by then had proved effective in Australia since 1937 to safe-
guard bathers through deployment of the large mesh-size gillnets and drumlines (Dudley, 1997; Reid
et al., 2011). The latter have baited hooks attached to a line vertically suspended from a floating
device (formerly a drum). At the time of study, approximately 5.2 km of sandy beaches in Durban
were protected with 17 nets, and no serious shark incident had been reported at this beach since
1964, attesting to the success of this shark-control program in curtailing human–shark incidents
(Cliff, 1991; Dudley et al., 2010).

Although shark nets (and drumlines when deployed) do not provide full protection against shark
encounters, they still minimize the likelihood of human–shark interaction in the water (Cliff &
Dudley, 2011; Dudley et al., 2010). Nevertheless, this type of environmental risk is also influenced by
other contextual factors. The likelihood of a human–shark encounter is naturally higher in the pres-
ence of large crowds of bathers, for instance during festive seasons when there are hundreds of
bathers in the water at any given time. Furthermore, ongoing global climate change,3 increasing

3Chapman and MacPhee (2016) review the literature on factors contributing to the occurrence of shark incidents. They state that climate
variability affects a number of determinants of the presence of sharks, such as ocean circulation patterns, turbidity, and availability and
distribution of nutrients and prey.
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human population and the type of water-based recreational activities could possibly exacerbate
future risks of human–shark incidents (Bradshaw et al., 2021; McPhee, 2014). Therefore, the likeli-
hood or repetition of similar historical shark incidents coupled with subsequent economic impact on
beach tourism at Durban and adjacent popular swimming beaches cannot be completely ruled out
despite the effectiveness of shark nets. Yet so far, although the incidence of human–shark encounters
has been rising globally, the number of incidents in South Africa buck this trend (Chapman &
McPhee, 2016).

When shark incidents do happen, provoked or unprovoked, they typically receive strong media
attention and specific coverage. For instance, Reid and Medvecky (2021) find for the case of
New Zealand that media reporting about sharks uses more emotive terms than descriptive terms.
Neff (2015) studies how narratives supported by fictional films (in particular the 1975 film Jaws)
shape policies of shark management in Australia. One aspect is the emphasis on the purported inten-
tion of sharks to kill. All this points toward the idea that, against the backdrop of the social construct
of “shark attacks,” information on shark incidents leads individuals to overreact to the chances of
such an event. This conforms to the availability heuristic (Tversky & Kahneman, 1973) that may lead
to probability neglect, a decision bias explaining stark changes in thought and behavior, which are
not justified by the small to modest changes in statistical risk that cause them (Sunstein &
Zeckhauser, 2011). For the case of beach visits, a drastic reduction in site visits could potentially
reduce welfare derived from recreation more than the increase in welfare due to safety by keeping
away from the beach. Such beach visitors would “give up too much to avoid the risk” (Sunstein &
Zeckhauser, 2011, p. 436). If public information on previous shark incidents invokes this type of
decision bias, a very pronounced reaction in terms of reductions of beach visits can be expected.
However, actual shark incidents may not always have negative effects on the public perception of
shark populations. Neff and Yang (2013) find that self-reported pride in local shark populations
among visitors to a beach in Cape Town, South Africa, did not change after an actual shark incident
at that location. Consequently, we do not form any specific expectation of how the knowledge of a
previous shark incidence, as an indicator of the cognitive availability of such information, will affect
the change in beach visits resulting from the change in the risk of a shark encounter.

In terms of responding to an increase in the likelihood of a shark incident, the individual’s atti-
tude toward accepting and taking risks may play a role for any behavioral reaction. Risk attitudes
have traditionally been used to classify decision makers as risk loving, risk neutral or risk averse.
With respect to the specific application in this study, the expectation is that reductions in visit fre-
quency following a removal of protective shark nets are less pronounced for less risk averse beach
users. In other words, we expect that beach recreationists who are (extremely) risk averse will adjust
their beach visits the most, whereas risk-loving individuals may not alter their beach use (very much)
when shark nets are removed. Empirically, risk attitudes have been assessed by means of incentivized
lotteries (Holt & Laury, 2002), whereas other researchers have employed self-stated survey items.
The latter have been shown to capture interindividual differences in risk attitudes and thereby be a
behaviorally valid way to assess individual risk attitudes (Dohmen et al., 2011). Building on this
research, the present study employs a self-stated measure of the willingness to take risks incorpo-
rated in a TC-CB questionnaire.

Finally, beach visitors outside of the water are naturally not directly at risk of encounters with
sharks, so the protective function of shark nets plays a role merely for those who go into the water.
Yet even respondents who do not enter the water may be affected by the higher chances of a shark
incident because witnessing such an event as a bystander may be quite gruesome. However, this
impact may be smaller than the one on swimmers and people who usually enter the water. We there-
fore expect that, ceteris paribus, respondents who usually enter the water reduce their visits more
when shark nets are removed than those who frequent the beach but stay on land.

The effect (and interplay) of these three aspects, the availability of information on previous shark
incidents, individual risk attitude, and beach use on the valuation and predicted changes of beach
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visits will be assessed in a semiparametric MPLN model. The model as well as the variables to
operationalize these three aspects are introduced in Sections 3.2 and 3.3.

3 | METHODS AND DATA

3.1 | Contingent behavior scenario

The individual travel cost method collects data on the number of recreational visits of users of an
environmental resource and their respective travel costs. It is then possible to estimate a demand
curve for recreational visits and infer the value of such a visit (Ward & Beal, 2000). The contingent
behavior method augments the simple travel cost analysis by showing respondents one (or more)
scenarios of changing conditions at the site and asking them how often they would visit the site
under these circumstances (Englin & Cameron, 1996). This allows for predictions of changes in site
visitation and consequently the effects on the value of recreational visits.

The scenario to assess contingent behavior in the present study involved a removal of the protec-
tive shark nets positioned in the coastal waters. These nets and their function were introduced
toward the end of the first part of the questionnaire (Figure 1). The scenario specified that approxi-
mately 40 sharks are caught in these nets per year. However, no further information was given to
respondents as to what happens to these animals. Nor did the scenario allude to concerns about the
potentially detrimental impact of nets on shark populations because the aim of the survey was to
elicit the reaction of beach visits only to an increase in the probability of a shark incident separately
from any ecological concerns. The scenario exposition was followed by a few questions as to whether
respondents had heard of the presence of the nets or any historical shark incidents, and how they
would rate the importance of the nets. Subsequently, they were asked: “Now suppose it was decided
to remove the shark nets and leave the beaches unprotected, how would this affect the number of
visits you make to the beach in the next 3 months?” Follow-up questions asked exactly how many
visits respondents would take under these circumstances. Using these responses, two visit counts per
respondents are recorded; one concerning the previous 3 months with the nets present and a second
for the subsequent 3 months without the protective nets in place.

Durban has the longest history of netting than any other beach along the KwaZulu-Natal coast-
line. The net installations at Durban beaches first started in 1952 after a series of 21 shark attacks
(seven fatal) between 1943 and 1951, and this had a devastating impact on beach tourism in the city.
The shark nets are deployed approximately 400 m offshore, and each net is approximately 300 m
long and 6 m deep. To date, Durban is the most netted beach with 17 nets of approximately 5.2 km
length from the uShaka Marine World to the end of Umgeni River mouth. On average, these nets
catch about 40 sharks per year, including all three species of most dangerous sharks: great white,
tiger, and Zambezi.

Durban has the longest history of netting than any other beach along the KwaZulu-Natal coastline. 

The net installations at Durban beaches first started in 1952 after a series of 21 shark attacks (seven 

fatal) between 1943 and 1951 and this had a devastating impact on beach tourism in the city. The 

shark nets are deployed approximately 400 m offshore, and each net is approximately 300 m long 

and 6 m deep. To date, Durban is the most netted beach with 17 nets of approximately 5.2 km length 

from the uShaka Marine World to the end of Umgeni River mouth. On average, these nets catch 

about 40 sharks per year, including all three species of most dangerous sharks, great white, tiger 

and Zambezi.

F I G U R E 1 Introduction of shark nets in the questionnaire.
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3.2 | A semiparametric MPLN model

In the following we introduce the multivariate Poisson lognormal (MPLN) model (Egan &
Herriges, 2006). Respondents to our survey report beach visit counts in the past 3 months and state
how often they would visit the beach in the subsequent 3 months if protective shark nets were to be
removed. To accommodate seasonal effects, sampling took place at different times throughout the
year.4 Past TC-CB studies have employed fixed (Englin & Cameron, 1996) and random effects
Poisson and negative binomial models (Bertram et al., 2020) to accommodate the quasipanel struc-
ture of these data. However, these single-equation models do not allow for a correction of on-site
sampling, whereby the past visit count is subject to zero truncation and endogenous stratification,
but the future (hypothetical) counts may well include zero. These can only be incorporated in multi-
variate models, which operate with correlated equations, such as the MPLN model or the seemingly
unrelated negative binomial (SUNB) model (Egan & Herriges, 2006), which hark back to the correc-
tion for univariate count data models in Shaw (1988).5,6

We consider respondent i who reports on J visits to a recreational site, yi ¼ yi1,yi2,…,yiJ
� �

.
j¼ 1,2,…, J indicates the scenario, with j¼ 1 typically denoting the observed number of (past) visits
and j¼ 2,…, J indicating (future) contingent behavior visits. Because the number of visits to a site is
a non-negative integer, an appropriate distribution, such as the Poisson distribution is applied
whereby the probability of respondent i to report yij visits in scenario j is

Pr Y ¼ yijjλij
� �

¼ e�λijλ
yij
ij

yij!
, j¼ 1,2,…, J ð1Þ

The expected number of visits by respondent i in scenario j, λij, can be parameterized as a func-
tion of respondent and site characteristics: λij ¼ exp ϕjþβjxijþ εij

� �
. xij is a vector of respondent-

specific variables, and βj is a conforming parameter vector to be estimated alongside a set of
scenario-specific constants, ϕj. Correlation between visit counts reported by the same individual is
captured by means of a scenario-specific error term εij following a multivariate normal distribution
with mean zero, that is, εij �N 0,Σð Þ. With J ¼ 2 equations in the present application, whereby j¼ 1
denotes the observed visit counts and j¼ 2 the contingent counts, the elements of the variance–
covariance matrix Σ are given by

Σ¼ σ21 σ12

σ12 σ22

" #
: ð2Þ

The joint probability of a series of J trip counts yi is

Pr yijλi
� �¼YJ

j¼1
Pr Y ¼ yijjλij
� �

¼
ð ð

…

ðYJ

j¼1

e�λijλ
yij
ij

yij!
exp �0:5ε0iΣ�1εið Þffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

2πð ÞJ Σj j
q dε, ð3Þ

4On-site interviewing in Wave 1 took place in December 2018 and January 2019 to cover the midsummer festive season around Christmas and
New Year. Wave 2 extended from August to November 2019, covering winter, spring and early summer.
5Among the few applications of the MPLN model in the recreation valuation literature are Awondo et al. (2011), Voltaire and Koutchade
(2020), and Börger et al., (2021).
6Alternative approaches are the multivariate Poisson Gamma (Beaumais & Appéré, 2010) and the generalized negative binomial discrete factor
model (Landry & Liu, 2009; Nobel et al., 2020).
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where εi ¼ εi1,εi2,…,εiJ½ �. The estimation of ϕj and βj is possible by means of simulated maximum
likelihood because the J-dimensional integral in (3) does not have a closed-form solution. Through-
out the analysis, modified Latin hypercube sampling with 1000 random draws per individual is used
to simulate the likelihood.

Because travel cost surveys are typically conducted on site and therefore systematically exclude
nonvisitors (referred to as zero truncation), whereas oversampling site users with an increasing num-
ber of visits (referred to as endogenous stratification or size-based sampling), past research has pro-
posed solutions to correct for the ensuing bias. For the univariate case and the Poisson distribution,
Shaw (1988) showed that both zero truncation and endogenous stratification resulting from on-site

data collection can be corrected by specifying Pr Y ¼ yijjλij
� �

¼ e�λij λ
yij�1

ij

yij�1ð Þ! , so simply replacing yij by

yij�1. For the multivariate case, Egan and Herriges (2006) argue that the bias introduced by on-site
sampling applies directly to the observed visit counts (i.e. j¼ 1) and only incidentally to all stated fre-
quencies (i.e. for j¼ 2,…, J). They propose weighting the joint probability of yi of J observed and
stated visit counts in (3) as follows to correct for both endogenous stratification and zero-truncation
of observed visit counts.

Pr yijλi
� �¼ ~yi1

E yi1jxi
� �ð ð…ðYJ

j¼1

e�λijλ
yij
ij

yij!
exp �0:5ε0iΣ�1εið Þffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

2πð ÞJ Σj j
q dε, ð4Þ

where ~yi1 is the observed trip count as recorded on site, that is the zero-truncated form of the under-
lying yi1, which includes yi1 ¼ 0.

In the above model, it is assumed that, although this is generally possible, the effects of xi on
Pr yijλi
� �

do not vary across scenarios, that is, βj ¼ β 8j¼ 1,…, J (following e.g. Voltaire &
Koutchade, 2020). This is justified because both observed past and stated future visit counts are
assessed at the same time during the on-site survey. It is also unlikely that sociodemographic charac-
teristics, such as age, gender, and income change during the reporting period. However, the models
do estimate separate constants ϕj for each scenario.

Travel cost is one of the elements of xij, so the cost coefficient βc is one of the elements of β. Due
to the semilog specification of the expected trip count λij the consumer surplus of an average visit is
�βc

�1. Confidence intervals can be computed by means of simulation (Krinsky & Robb, 1986).
To explore the potential effect of risk perceptions and other visit-related variables on beach visit valu-

ation and predicted changes in visit counts following shark net removal we employ a semiparametric ver-
sion of the MPLN model. In this specification, each element of the parameter vector β is a function of
another set of respondent-specific variables z (which are different from those in x) as in

β¼ β zð Þ: ð5Þ

This model allows the elements of β to vary around the respective estimates in the parametric
model in (4) without having to specify the functional form of β �ð Þ. This is achieved by estimating a
set of local likelihood models in which respondents are weighted according to a multidimensional
kernel density function. This specification of the model is in the spirit of the semiparametric MPLN
model suggested by Liu and Egan (2019). The kernel density function, however, is specified more
explicitly following Racine and Li (2004) and Fröhlich (2006), and in applications by Dekker et al.
(2014) and Koster and Koster (2015). The degree of smoothing of the function β �ð Þ is controlled by
a vector of bandwidth parameters δ the elements of which enter the kernel density function wi z;δð Þ
as follows

8 HAZARDOUS HUMAN–WILDLIFE ENCOUNTERS
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wi z;δð Þ¼
Yq2
q¼q1

δ
Z
i,q
�zq

			 			
ind

YQ
q¼q2þ1

δ
1 Z

i,q
≠ zq

� �
dum : ð6Þ

Zi,q and zq are the qth element of Zi, a matrix of all possible combinations of values of the ele-
ments of z, and the qth element of z itself, respectively. 1 �ð Þ is the indicator function, which is equal
to 1 if Zq,i ≠ zq and 0 otherwise. The kernel weights in (6) reflect the multidimensional distance of
an individual from a reference individual i according to Q characteristics (the elements of z). z may
contain q2 indicator variables (i.e., continuous or discrete with natural ordering) and Q�q2 dummy
(i.e., binary) variables. Fröhlich (2006) suggests using potentially different bandwidth parameters for
each category of indicator variables and to employ a cross-validation approach to identify the best
set of parameters.7 As a result, the present study employs δdum ¼ 0:7 for the dummy variables and
δind ¼ 0:5 for the indicator variable in z.

The local log-likelihood function is weighted by a kernel density weight wi z;δð Þ

LLi ¼
XN
i¼1

wi z;δð Þ log Pr yijλi
� �� �

: ð7Þ

The number of local models is equal to the number of elements in Zi. This produces a set of esti-
mates of ϕj and βj for each possible combination of values of the elements of z. As elements of z we
employ the three variables expected to affect the valuation of a beach visit and, importantly, the
change in beach visits after a removal of protective shark nets as discussed in Section 2. Although
these variables may exert these effects independently, it is likely that they exhibit important interac-
tion effects. For this reason, they are used as indicator variables in the semiparametric MPLN model.
The dummy variable usually. enter captures whether a respondent usually goes into the water when
visiting the beach. This variable indicates the direct exposure to a potential human–shark encounter.
The dummy variable heard indicates whether a respondent has ever heard of a shark incident at
Durban beach. This variable serves as an indicator of whether details of a human–shark encounter
may be present in a respondent’s mind, whether there is a chance that there is a vivid picture of such
an event. Finally, the self-stated risk attitude (risk) captures the extent to which respondents are
willing to take risks in a general context (Dohmen et al., 2011).

3.3 | Data collection and variable specification

The data were collected in an in-person survey on the beachfront in Durban,8 South Africa in two
waves, between December 2018 and January 2019, and August and November 2019 to capture sea-
sonal variation in beach use. Visitors to the beach were approached randomly and interviewed by a
group of trained enumerators from the KwaZulu-Natal Sharks Board. Two types of respondents
were encountered: (1) respondents who visit the beach on a one-day trip; (2) respondents who go to
the beach as part of a multiday holiday. A sample of n = 400 responses was collected. For the pre-
sent analysis, only 1-day visitors are retained in the dataset (n = 220). Removing further cases for

7The cross-validation mechanism applied here follows Sipotpongstorn et al. (2021). For a specific set of bandwith parameters, all local models
are estimated, each based on all but the respondents in the respective cell (cf. Figure 2), that is, except the respondents who match the reference
respondent of the respective local model. We then use the estimated parameters to compute the sum of the individual log-likelihood
contributions of only those respondents in the respective cell, and sum this over all local models. This is an indicator of how well the
parameters estimated based on the (weighted) information of respondents outside of that cell explain the data of respondents in that cell. This
procedure is repeated for different sets of bandwidth parameters and the set that produces the best log-likelihood is selected.
8This included the following stretches of beach: uShaka, Addington, South Beach, Wedge Beach, North Beach, Bay Beach, and Battery Beach.

BÖRGER ET AL. 9
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which travel distance could not be calculated or which had other missing values for visit frequency
resulted in a dataset of n = 176 respondents for analysis.

For 1-day trip respondents the distance between their stated home address and the beach and
vehicle-specific travel time was extracted from Google Maps. Travel cost was calculated contingent
on travel mode. For private and hired vehicles travel, a per-km running cost of ZAR 1.767
(USD 0.12) for a mid-value car was used and divided by the reported number of passengers in the
vehicle. This figure from the South African Revenue Service (RSA, 2018) includes fuel and mainte-
nance costs. For trips undertaken by public transport, publicly available return fares from the respec-
tive locations were used. The opportunity cost of travel was calculated as 1/3 of the individual-
specific hourly income (assuming 2200 annual work hours) multiplied with the round-trip travel
time specific to the travel mode (motorized or walking). Average round-trip travel cost was at USD
9.39 (ZAR 135.50), yet there is substantial variation (Table 1).9

Notably among the sample characteristics, 68% of respondents state they usually enter the water
in some form when visiting the beach (usually. enter). Respondents were also asked about details of
the next best alternative beach to visit. As this set of variables (name of the beach and distance from
home) had numerous missing values, a dummy variable was created indicating if a respondent pro-
vided any information on a substitute beach or not (info.substitute). This variable is used as an indi-
cator for whether a substitute site was available from the perspective of the respondent. For 42% of
respondents this was the case.

Risk attitude (risk) was assessed on an 11-point scale as the respondent’s willingness to take risks
in a general context: “How do you see yourself: Are you generally a person who is fully prepared to
take risks or do you try to avoid taking risks? Please tick a box on the scale, where the value 0 means:
‘not at all willing to take risks’ and the value 10 means: ‘very willing to take risks.’” The response
scale ranged from 0 = not at all to 10 = very. This follows state of the art assessment of risk attitudes
(Dohmen et al., 2011). These authors also show that such stated risk questions are behaviorally valid

T A B L E 1 Sample characteristics.

Variable Description Mean Std. dev. Min. Max.

travel. cost Round-trip cost in USD incl. time cost 9.39 24.61 0.01 148.39

second. wave Survey wave (1 - Jul-Nov19,
0 - Dec18-Jan19)

0.49 0.50 0.00 1.00

male Respondent gender (1 - male, 0 - female) 0.56 0.50 0.00 1.00

age Age in years/10 3.57 1.34 1.80 8.30

black. african Respondent ethnicity (1 - black
African, 0 - other)

0.63 0.48 0.00 1.00

ln.hh.income log of household income in ZAR 1.60 1.31 0.00 3.69

info. substitute Respondent provided information on
substitute site (1 - Yes, 0 - No)

0.42 0.50 0.00 1.00

usually. enter Respondent usually enters the water
(1 - Yes, 0 - No)

0.68 0.47 0.00 1.00

heard Respondent has heard of a shark
incident in the past (1 - Yes, 0 - No)

0.24 0.43 0.00 1.00

risk Risk attitude, assessed on a scale from
0 to 10

4.64 3.50 0.00 10.00

Note: n = 176. Upper section of the table shows elements of x, the lower section shows elements of z. Travel costs are converted using an
exchange rate of ZAR14.43/USD.

9Because the beach under study is directly adjacent to Durban city center, travel cost for some respondents was as low as USD 0.01. These are
individuals who only live a few meters away from the site and access it on foot.

10 HAZARDOUS HUMAN–WILDLIFE ENCOUNTERS
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in that they predict risk-taking behavior in incentivized experiments. Further, an ordinary least
squares regression model shows (Table A.1 in Data S1) that male respondents report higher willing-
ness to take risks, whereas this willingness decreases with age conforming to pervious findings
(Dohmen et al., 2011). In sum, the self-stated risk variable appears to be a valid indicator of risk-
taking behavior and can therefore be used to explain variations of welfare estimates and (changes in)
trip counts.

Looking at descriptive statistics of visit counts (Table 2), respondents made on average 10.02
visits to the beach over the previous 3 months (13.17 in the first survey wave, 6.80 in the second
wave). For the scenario of removing the shark nets, they report an anticipated mean visit frequency
over the subsequent 3 months of 8.59 visits (11.08 in the first wave, 6.05 in the second wave). The
share of respondents who state a different count of anticipated visits as a consequence of the sce-
nario is 61%.

4 | RESULTS

4.1 | The recreational values of beach visits and shark nets

Model 1 in Table 3 is the baseline MPLN count data model. The coefficients of most variables in the
trip frequency equation are significant. As expected, the effect of travel cost (travel.cost) on expected

T A B L E 2 Descriptive statistics of visit counts.

Metric N Mean Std. dev. 95% Conf. int.

Visits (observed) 176 10.02 17.78 [7.65–12.95]

Visits (stated) 176 8.59 17.52 [6.10–11.45]

Share (No change) 176 0.39 0.49 [0.32–0.47]

Share (Change) 176 0.61 0.49 [0.53–0.68]

Note: Confidence intervals are simulated by taking 1000 draws with replacement from the empirical trip frequency distribution and reporting
the 2.5th and 97.5th percentiles of these draws.

T A B L E 3 Baseline multivariate Poisson lognormal (MPLN) model.

Metric

MPLN model

Coeff. s.e.

constant 0.610*** (0.187)

const_CB �0.445*** (0.096)

travel.cost �0.237*** (0.050)

second.wave �0.120 (0.077)

age �0.167*** (0.037)

male 1.276*** (0.092)

black.african �0.607*** (0.125)

ln.hh.income 0.239*** (0.036)

info.substitute �0.100 (0.093)

Log-likelihood �1003

Observations 176

Note: *** indicate the 1% level of significance, respectively. Likelihood simulated with 1000 random draws using modified Latin hypercube
sampling.

BÖRGER ET AL. 11
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visits is negative and significant. Male respondents (male) make more visits, so do younger respon-
dents as indicated by the negative coefficient of age. Black Africans make fewer visits than other eth-
nic groups (black.african), whereas respondents with higher household income (ln.hh.income) visit
the beach more often. The fact that respondents were able to provide information on a substitute
beach (name or distance from home or both) has a negative effect on visit counts (info.substitute),
albeit not significant. Based on the travel cost parameter, the average value of a recreational visit to
Durban beachfront can be calculated as USD 29.26 [95% confidence interval: 20.80–49.91], equiva-
lent to ZAR 422.24 [300.17–718.83].

The estimates in Table 3 can further be used to predict visit counts and changes thereof
between the observed and contingent behavior scenarios (Table 4).10 Past visits are predicted at
3.73 whereas only 2.93 visits on average are predicted in case the protective shark nets are removed.
This is a change of 0.80 visits over the period of 3 months, which is equivalent to a 21.51% reduction
relative to the past visit count. Note that the predictions of observed and stated visit counts are well
below the average visit counts recorded in the survey (Table 2). This reflects the fact that the MPLN
model accommodates the effects of on-site sampling, namely zero truncation of past visit counts and
endogenous stratification, such that these estimates and predicted visit frequencies reflect those of the
underlying population of interest. We estimate an annual welfare loss for the individual beach user
resulting from net removal equivalent to USD 93.63 [14.66–236.16] (ZAR 1351 [212–3408]). This fig-
ure is the product of [0.80 � 4 =] 3.20 lost visits per year and the average value of a visit (USD 29.26).

4.2 | The role of usage patterns, information on past shark incidents, and
risk attitudes

To test whether usually. enter, heard, and risk affect predictions of stated and observed site visits,
one could simply include them in xi and rerun the model in Table 3. However, to examine whether
these variables influence the predicted change in visits in the contingent scenario and the value a vis-
itor derives from a trip to the beach, interaction terms with the contingent behavior dummy (con-
st_CB) and the travel cost variable would be necessary. The inclusion and interpretation of a total of
six interaction terms in the model would be practically challenging, a point also noted by Koster and
Koster (2015). Furthermore, the power of the estimation would be low because the interactions

T A B L E 4 Predictions of visit frequencies and changes between the OB and CB scenarios (over 3 months).

Variable Mean 95% CI

Predicted visit count/3 months (OB) 3.73 [3.28–4.28]

Predicted visit count/3 months (CB) 2.93 [2.55–3.46]

Change (CB prediction–OB prediction) �0.80 [�1.15 - �0.45]

Percentage change (CB prediction–OB prediction) �21.51 [�29.73 - �12.38]

Note: Confidence intervals are obtained by simulating the likelihood model 1000 times using the estimates and the variance–covariance matrix.
Abbreviations: CB, contingent behavior; OB, observed behavior.

10These predictions are based on the Poisson distribution given in Eq. (1). The necessary λij to predict the probability of visit frequency Y of
respondent i in scenario j (with j¼ 1 being past visits and j¼ 2 referring to the net removal scenario) is given by the estimated parameters bϕj

and bβj , as well as the covariates xij and the error term εij according to λij ¼ exp bϕjþbβjxijþ εij
� �

. Probabilities for Y � 0,1,…,150f g are
evaluated and multiplied by their respective visit count. For εij , we take 1000 random draws using modified Latin hypercube sampling to
generate as many realizations of Σ according to eq. (2). This procedure yields 1000 predicted trip counts per scenario j per individual, which
can be averaged across random draws and individuals, and changes in mean visit frequencies can be calculated. In the simulation, to derive
confidence intervals of predicted visit counts (or consumer surplus estimates), we take 1000 draws from a multivariate normal distribution
described by the parameter vector bβ (of the baseline model or any one of the local models in the semi-parametric approach) and the
corresponding variance–covariance matrix to simulate the respective likelihood model. We then perform the above prediction (or extract the
consumer surplus estimate) for each simulated model and report the 2.5th and 97.5th percentiles of the resulting empirical distribution.

12 HAZARDOUS HUMAN–WILDLIFE ENCOUNTERS
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would split the (already small) sample into even smaller subgroups of respondents. Also, nonlinear
effects of any of these variables could not be detected even with such an interaction model. To avoid
these complications, we ran a semiparametric MPLN model using usually.enter, heard, and risk as
indicator variables in Zi. Given the number of possible combinations of the value of these variables
(2 �2 �11¼ 44), there are 44 local models (Figure 2). For each of these, the predicted change in visits

F I G U R E 3 Predictions of relative changes in visit counts for a period of 3 months. Each point represents the predicted
change in visits based on one of the 44 local models. Gray horizontal lines indicate the sample mean of �21.51%. Vertical
lines indicate 95% confidence intervals.

F I G U R E 2 Number of respondents in each of the 44 subgroups.

BÖRGER ET AL. 13
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following the removal of the shark nets (Figure 3) and the estimated value of a beach visit (Figure 4)
can be computed. Note that each of the 44 local models is estimated using the full sample (n= 176)
such that estimates like those in Table 3 can be extracted. The difference to the baseline model is that
in the local models respondents are weighted according to the kernel weights depending how “simi-
lar” they are to the reference respondent of each model. For instance, in the first local model, respon-
dents who do not enter the water (usually.enter= 0), had not heard about past incidents (heard= 0),
and state 0 on the risk scale are the reference and obtain a kernel weight of 1. Other respondents
receive a weight > 0 and < 1 in the estimation depending how dissimilar they are to this reference
on those three dimensions.

Before looking at the results, it is interesting to study the distribution of respondents across these
44 subgroups (Figure 2). Although most subgroups have between 1 and 5 respondents, only five sub-
groups are empty, whereas one has more than 20 respondents (n = 26). The figure also illustrates
clearly that the sample contains respondents with each possible risk score; even extremely risk-averse
(score of 0) and risk-loving individuals (score of 10) are represented in the sample. This insight is
important when it comes to the interpretation of the variations in visit count changes and valuations
across subgroups.

Figures 3 and 4 summarize the results of the 44 local models. Systematic variations across the
44 subgroups can be detected for the reaction to the removal of shark nets as indicated by the
predicted relative change in beach visits (Figure 3). We report relative changes because the predic-
tions of the absolute numbers of visits is not constant across risk categories and variations of the

F I G U R E 4 Value (consumer surplus–CS) of a recreational beach visit. Each point represents the value visit of a beach
visit estimated in one of the 44 local models. Gray horizontal lines indicate sample mean value of USD 29.26. Vertical lines
indicate 95% confidence intervals.

14 HAZARDOUS HUMAN–WILDLIFE ENCOUNTERS
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variable usually.enter and heard. In fact, there is generally a positive association between risk attitude
on observed and stated visits as indicated in the predictions of visits in the 44 subgroups
(Figures A.1 and A.2 in Data S1). Regardless of whether they enter the water or are aware of previous
shark accidents, more risk-loving recreationists make more visits to the beach. Among those who
enter the water and have heard of previous shark incidents, for instance, this positive relationship is
particularly pronounced, with stated trips predicted for those with a risk score of 10 standing out at
4.38 but only being 3.22 for those with a risk score of 0. Consequently, one needs to look at relative
instead of absolute changes in beach visits.

Looking at the percentage changes of beach visits resulting from the removal of the nets
(Figure 3), we see variation around the sample mean in all four subgroups. For those who do not
usually enter the water (the two left-most plots in Figure 3), most local models predict below-average
reductions in visits. For those who do go into the water (the two right-most plots in Figure 3), a
number of local models at the risk-averse end of the scale predict well above-average reductions in
visit frequencies. This shows that routinely going into the water or not is the more decisive of the
two binary variables when predicting changes to site visits. Figure 3 also displays 95% confidence
intervals that are well clear of zero in the subgroups with usually.enter = 1 but much closer to (and
in one case including) zero if respondents keep out of the water. It is also in this latter group that
predictions exhibit the largest degree of uncertainty.

Among the group who enter the water but are unaware of past shark incidents, we see a positive
association throughout between risk attitude and recreational behavior. As these recreationists
become more willing to take risks, the percentage reduction in beach visits declines. Extremely risk-
averse beach users in this category would reduce their visits by 25.81%, whereas very risk-loving rec-
reationists would only show a reduction of 19.42%. In the subgroup who usually go into the water
and are aware of previous incidents (right-hand side of Figure 3), this positive association is only vis-
ible among risk-averse recreationists. For very risk-loving individuals, the relationship is reversed,
which may simply be a result of the high number of predicted visits of this group (cf. Table A.1
Data S1).

In the remaining two subgroups, the profile exhibits a flatter inverse u-shape, that is, the differ-
ence in relative changes is smaller between very risk-averse and very risk-loving beach users. We can
conclude that no relationship between risk attitude and behavior reaction to shark net removal exists
for such beach-goers. In these two subgroups, very risk-averse individuals react less strongly than
equally risk-averse beach visitors who routinely enter the water.

Systematic variations between subgroups can also be explored for the value of a recreational visit
to Durban beachfront. Although the average value of a beach visit was estimated at USD 29.26, this
mean value varies between 19.06 and 41.08 across the different subgroups of respondents described
by combinations of usually.enter, heard, and risk. A number of patterns emerge (Figure 4). Overall,
there is a downward trend of the value of a beach visit with increasing willingness to take risks for all
four subgroups. Unlike for the case of predicted changes in visit frequency, this pattern of consumer
surplus does not differ across subgroups. The level of precision of these estimates, however, does
vary with the risk score. The slightly higher value estimates of risk-averse individuals come with
much larger confidence intervals compared to the smaller estimates of the more risk-loving beach
users. This level of precision among risk-loving individuals is also higher when they usually enter the
water compared to those not doing that. This indicates a relationship between travel cost and visit
counts, which is much closer for the former group, hence consumer surplus can be estimated more
precisely.

5 | DISCUSSION AND CONCLUSIONS

This paper provides valuations of recreational visits to Durban beachfront, South Africa, as well as
predictions of changes in the number of such visits for a hypothetical scenario in which protective
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shark nets in the coastal waters would be removed. At the sample average level, results show that
age, gender, ethnic group, and household income affect visit counts, whereas the effect of an indica-
tor of the availability of a substitute beach destination is insignificant. Although a clear income effect,
indicating that higher income households frequent the beach more often, is not always found in the
international travel cost literature, it appears to be consistent in studies conducted in South Africa
(Du Preez et al., 2012; Du Preez & Lee, 2016; Nahman & Rigby, 2008).

On average, a recreational visit to Durban beach has a value to 1-day visitors of USD 29.26 (ZAR
422.22). Such visits would decrease by 21.51% if the authority in charge of the protective shark nets
were to remove these devices from the coastal waters. This constitutes a substantial loss in recrea-
tional visits and the associated welfare effects, and may thereby justify the current nature of the
sharks control program. We further speculate that the estimated decrease of recreational value in the
absence of shark nets could even be more pronounced if the count data had also been collected from
multiday beach recreationists. In addition, the reported welfare estimates need to be interpreted as
lower bounds with respect to all users of the beach. The latter also includes multiday visitors, yet
despite recent advances in modeling holiday visits as multidestination trips (Parsons et al., 2021)
these were not included in the analysis. On the other hand, the count data model used in this study
is not capable of explicitly modeling substitution effects between sites. It may therefore be possible
that respondents would not simply reduce their beach days under the net-removal scenario but plan
on visiting another beach where nets are kept.

Specific information on the reliance of local tourist operators on beach recreation is hard to come
by, but it is possible to collate some ballpark figures to gauge the economic impact of a 21.51%
reduction in beach visits. KwaZulu-Natal Province attracted around 6.2 m domestic visitors in 2019
(Tourism KZN 2020), whereby approximately half of these visitors are reported to interact with the
coastal environment in some way (Tourism KZN 2016). Considering an average spend per domestic
visitor in 2018 of USD 76 (ZAR 1105) (Tourism KZN 2016) gives a total spend of USD 257.3 m
(ZAR 3.7b) of all domestic beach-related visits. Although it is not possible to extrapolate estimates of
reduced beach visits to Durban beaches to the province as a whole, the above figures still demon-
strate the potential loss of revenue from domestic tourists alone with every percentage reductions in
beach visitors. Given that protective nets are installed along many of KwaZulu-Natal’s beaches, a
removal of these and a failure to use alternative nonlethal bather protection techniques (McPhee
et al., 2021) highlight the potential scale of impact on the tourism industry in the province.

Another caveat applies with respect to the estimated welfare change from a removal of the shark
nets. Results of the semiparametric model indicate that risk-averse respondents who usually enter
the water will reduce beach visits more when nets are removed (Figure 3). It may, however, be the
case that (some of) these respondents would still come to the beach the same number of times but
now avoid going into the water. This means that the actual loss in recreational value for these
respondents is bigger than indicated by the reduced predicted visit frequency because the effect of
merely losing the chance to bath goes unnoticed by the model (which only examines beach visits).
However, the questionnaire did not assess this type of behavior change, so we are not able to indicate
its extent. If such behavior exists, the estimated 21% reduction in beach visits would underestimate
the real welfare loss from forgone recreation because some of the visits still taking place will be on
land only instead of engaging in some form of water-based activity.

The exploration of variations in changes of visit counts according to the 44 subgroups by means
of the semiparametric model sheds some light on the influence of natural hazards on recreational
visits to nature. The analysis confirms that reductions in recreational visits as a reaction to the
increase of a hazard, such as a shark incident, are most pronounced for highly risk-averse beach
goers. However, this finding comes with some qualifications, as we only find this clear effect for
those who usually go into the water.

Nevertheless, this confirms the expectation that swimmers and individuals who enter the sea
would adjust their beach visits more. Looking at predictions of percentage changes in visits, the two
subgroups who enter the water show the most pronounced reductions for risk-averse individuals.
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For risk-loving recreationists, one of the two groups (those who have not heard of previous shark
incidents) reduces their predicted visits less strongly.

However, the analysis remains ambiguous when it comes to the influence of information on past
shark incidents, a variable that we have interpreted as an indicator of the availability of graphical
information of such events. For this variable, the expectation of a potential effect on anticipated
changes in beach use given the deliberations around probability neglect as a result of a fearsome risk
in Sunstein and Zeckhauser (2011) could not be detected in the data. The inability to confirm an
effect into either direction supports the idea that probability neglect may either lead to action bias
(Patt & Zeckhauser, 2000) or overly inaction, yet no effect appears to prevail. A potential reason for
this null result is that another moderating effect is not controlled for, such as the type of information
respondents have about previous incidents. If these are, in fact, rather positive in the sense that they
emphasize the minor consequences, or low probability, of an incident in a nonsensational way, this
would not bring into focus the large adverse consequence of the event happening and therefore not
trigger probability neglect. Of course, another potential reason for the failure to find an effect is that
the indicator variable for the cognitive availability of a shark incident as an adverse risk used in this
study does not validly capture this effect. Although the current dataset does not allow for a further
test of the validity of this indicator, future research on the influence of risk perception on demand
for nature recreation needs to develop an indicator that conforms more closely with theory.

As a note of caution, it should be remarked that none of the differences between visit count pre-
dictions (Figures 3, A.1 and A.2 in Data S1) and recreational values (Figure 4) are significantly differ-
ent between subgroups because simulated confidence intervals overlap. This may well be due to the
small sample size collected in the beach survey (and consequently in the individual local models).
However, the semiparametric models still indicate patterns and trends of variation in the consumer
surplus estimates and visit count predictions.

In the wider policy context, results from this study may have value to inform the trade off
between increased bather protection through nets (and drumlines) and mitigation of ecological
impacts of these devices in the form of shark mortatility and bycatch of other species (Gibbs
et al., 2020). Whereas this study presented a clear binary choice between presence and removal of
protective shark nets, different intermediate combinations of measures have been proposed
(e.g. McPhee et al., 2021; Tate et al., 2021). If such alternative strategies are perceived by recreation-
ists as sufficiently safe and simultaneously alleviate the ecological toll shark nets are taking, this may
soften the trade off between safety (and thus recreational value) and ecological damage. To the extent
this trade- off cannot be fully dissolved, however, estimates of the reaction of beach visits and resul-
tant welfare losses are important to guide policy choices.

On a methodological level, this paper showcases the use of a semiparametric count data model in
recreation demand analysis. It thereby combines the state of the art modeling of a panel of count
data (i.e., accommodating incidental truncation of zero trips and endogenous stratification) with a
semiparametric approach based on local likelihood estimation. Although the use of local maximum
likelihood models has been used in other fields in non-market valuation, such as transport mode
choice and travel time valuation (Fosgerau, 2007; Koster & Koster, 2015), and stated preference envi-
ronmental valuation (Dekker et al., 2014), we know of only Liu and Egan (2019) who apply this type
of model in a travel cost context. Yet although the latter explore the effect of standard
sociodemographic variables on recreational values, the present application goes beyond this by
studying systematic variations in the recreational use of a coastal location in the face of an increased
environmental hazard. It is by means of the flexibility of this semiparametric modeling approach that
differences in treatment effects can be explored and depicted, even with a comparably small sample.
Such heterogeneous treatment effects could potentially also be studied using random parameters and
latent class specifications of count data models (Hynes & Greene, 2013, 2016). There may also be a
possibility to study these through rather complex use of interaction effects in parametric count data
models. However, the strength of the approach put forward in this paper is that no functional form
of the indicator variables and/or the potential interaction among them needs to be specified ex ante.
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The detection of a risk effect on changes in beach visits in only one out of four possible subgroups in
this study would have been substantially more cumbersome (and may potentially have gone
unnoticed) with conventional, that is, parametric count data models. To do that, at least a four-way
interaction term consisting of the dummy indicating stated visits (const_CB), usually.enter, heard,
and risk would have had to be included in the MPLN model, which would pose a considerable inter-
pretation challenge.

A point for further methodological research is the selection of the bandwidth parameters. The
present analysis follows Fröhlich (2006) in using separate bandwidth parameters for sets of indicator
and dummy variables. The set of best parameters is then identified by means of a cross-valuation
procedure (Fröhlich, 2006; Sipotpongstorn et al., 2021). Although this procedure is more transparent
than an approach that simply selects bandwidth parameters to maximize interpretability of results
(a procedure Koster and Koster (2015) call “eye-balling”), yet further improved selection mecha-
nisms are conceivable. Dekker et al. (2014), for instance, use a grid search algorithm in conjunction
with an indicator of model fit (the corrected Akaike information criterion) to determine appropriate
values for the bandwidth parameters. As the use of semiparametric count data models in TC-CB
application becomes more mainstream, we would expect to see more studies to explore the effect of
different bandwidth parameters on the stability and interpretability of results. We leave this aspect
for future research.
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